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A B S T R A C T

Invasive weed species (IWS) threaten ecosystems, the distribution of specific plant species, as well as agricultural
productivity. Predicting the impact of climate change on the current and future distributions of these unwanted
species forms an important category of ecological research. Our study investigated 32 globally important IWS to
assess whether climate alteration may lead to spatial changes in the overlapping of specific IWS globally. We
utilized the versatile species distribution model MaxEnt, coupled with Geographic Information Systems, to
evaluate the potential alterations (gain/loss/static) in the number of potential ecoregion invasions by IWS, under
four Representative Concentration Pathways, which differ in terms of predicted year of peak greenhouse gas
emission. We based our projection on a forecast of climatic variables (extracted fromWorldClim) from two global
circulation models (CCSM4 and MIROC-ESM). Initially, we modeled current climatic suitability of habitat, in-
dividually for each of the 32 IWS, identifying those with a common spatial range of suitability. Thereafter, we
modeled the suitability of all 32 species under the projected climate for 2050, incorporating each of the four
Representative Concentration Pathways (2.6, 4.5, 6.0, and 8.5) in separate models, again examining the common
spatial overlaps. The discrimination capacity and accuracy of the model were assessed for all 32 IWS in-
dividually, using the area under the curve and true skill statistic rate, with results averaging 0.87 and 0.75
respectively, indicating a high level of accuracy. Our final methodological step compared the extent of the
overlaps and alterations under the current and future projected climates. Our results mainly predicted decrease
on a global scale, in areas of habitat suitable for most IWS, under future climatic conditions, excluding European
countries, northern Brazil, eastern US, and south-eastern Australia. The following should be considered when
interpreting these results: there are many inherent assumptions and limitations in presence-only data of this
type, as well as with the modeling techniques projecting climate conditions, and the envelopes themselves, such
as scale and resolution mismatches, dispersal barriers, lack of documentation on potential disturbances, and
unknown or unforeseen biotic interactions.

1. Introduction

Climate is a major determining factor for the range and distribution
of a plant species, and climate change accordingly influences species
(Box, 1995; Morueta-Holme et al., 2013; Peters et al., 2014; Shabani

et al., 2019; Ziska et al., 2011). Alterations to fundamental climatic
variables such as temperature and rainfall, as well as atmospheric fac-
tors such CO2 and UV radiation levels, have the potential to change the
existing distribution of a species (Garrett et al., 2006). With reference to
temperature alone, the Earth’s average surface temperature has risen
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progressively over each decade between 1983 and 2012, exceeding the
average temperature of any decade since 1850 (IPCC, 2014; Shukla and
Mintz, 1982). Floods, droughts, famine, crop disasters, patterns of
certain infectious diseases, and demographic displacements have also
been attributed to climate change (IPCC, 2014; Parmesan, 2006). The
predicted impacts of anthropogenic climate disruption on global bio-
diversity include shifts in the ranges of species (Bellard et al., 2012;
Parmesan and Yohe, 2003; Strona and Bradshaw, 2018; Urban, 2015).
This represents a growing threat to biodiversity and crop farming
(Paterson et al., 2017; Ramos et al., 2019a; Shabani and Kotey, 2015),
and creates a demand for data collection and analysis to predict future
changes in range and distribution based on future climatic scenarios, as
well as for identifying new regions of suitability (Ramirez-Cabral et al.,
2017; Ramos et al., 2018, 2019b).

Both indigenous and alien species have the capability of altering
habitat and ecological processes, which may lead to ecological and
economical damage (Fleming and Candau, 1998; Liebhold et al., 1995).
For example, partial or total forest mortality may follow an outbreak of
pests, destroying foliage, and consequently reducing the vitality of the
trees (Stadler et al., 2005; Volney and Fleming, 2000). Ecosystem
physiology is affected by invasive species and their transformative
impact (Castello et al., 1995; Liebhold et al., 1995). The ongoing biotic
invasion is modifying global natural communities and their ecological
characteristics at an unprecedented rate, and is considered a major
agent in human-driven change (e.g., atmospheric and land use
changes), worldwide (Mack et al., 2000). Disturbances to an ecosystem
enhance the diversity and distribution of non-native plants; however,
the strength of this enhancement relies on the type of disturbance,
especially on grazing and anthropogenic activities in terrestrial eco-
systems (Jauni et al., 2015). Invasive plants can, along with changes in
mineral and nutrient content in plant tissues, directly exert an influence
on the survival, productivity, and activity of native biota, and con-
tribute to species richness, diversity, and soil resources at the commu-
nity level, through the interaction between species traits and the in-
vaded biome (Pyšek et al., 2012). Additionally, the continuous changes
to land usage, spatial mosaic of the ecosystem, methods of environ-
mental management practices, as well as evolutionary development of
species, play an influential role (Parker et al., 1999).

Globally, the most threatening weed species are alien (Myers and
Cory, 2017), implying that biological invasions rank as a threat in en-
vironmental change, with the potential to cause ecological, as well as
economic losses (Bellard et al., 2013). The rate of invasion and occu-
pation of foreign territories appears to be on the rise, notwithstanding
the formation of biosecurity agencies to manage pathways, and the
development of an international unified phytosanitary legal framework
(Ricciardi, 2007). The increased trade and travel associated with glo-
balization has provided new pathways of IWS dispersal (Pimentel et al.,
2001). Thus, the combination of new invasion threats and host vul-
nerabilities present an unprecedented IWS risk profile (Brasier, 2008).

Climate change affects arable weeds in many ways. The persistence
of a species within a local habitat implies adaptation to the features of
the new environment (Woodward and Cramer, 1996). Thus, shifts occur
at particular scales, as explained below. In general, plant species exhibit
three categories of shift, namely, migration, acclimation, and/or adap-
tation, in order to avoid extinction (Lavorel and Garnier, 2002; Pautasso
et al., 2010).

Migrating to a suitable climate brings distribution changes - known
as range shifts - with weeds requiring the necessary mechanisms of
propagule dispersion. Range shifts occur at the landscape scale (Jump
and Penuelas, 2005).

Acclimatizing refers to responses within a phenotype plasticity dis-
tinct from evolutionary changes (Pearman et al., 2008) and either tol-
erates or avoids climatic changes, performing beyond the species’
known ecological optimum (Lavorel and Garnier, 2002). Hence, per-
formance as well as the ability to compete either increase or decrease
(Barrett and Wilson, 1981). The realized niche (as defined by the

interactions of the weed with other species) undergoes changes re-
presented by the shift. This occurs on a community scale and is notable
due to the changes in composition.

Adapting to climatic changes may be associated with the evolving of
new characteristics or with maximizing inherent properties (Tungate
et al., 2007). Natural selection drives individual plant adaptation and
the shift occurs on a population scale, enabled by the morphological,
physiological, and genetic alterations on an individual plant level.

Furthermore, since IWS are fundamentally opportunistic species
with a broad environmental tolerance (Pyšek et al. 2012), they cannot
be sought as indicators of the ecosystem’s health; rather, IWS hamper
the natural functioning and structure of ecosystems (McCary et al.,
2016; Vilà et al., 2011). Nevertheless, their establishment in invaded
areas is a warning to the wellbeing of native biodiversity (Ehrenfeld,
2010), and their presence can be indirectly used to indicate the safety of
ecosystems. Moreover, eradication efforts subsequent to the establish-
ment of an alien invasive species are costly and time-consuming
(Gallien et al., 2012; Genovesi, 2005). Predicting and preventing the
introduction of alien invasive species to a specific region is considered
as one of the most important cost-effective means of monitoring and
managing habitats and ecosystems (Broennimann and Guisan, 2008).

The aim of this study was to evaluate whether climate alteration
may lead to spatial changes in the distribution and overlap of specific
IWS, on a global scale. We utilized the versatile Species Distribution
Model (SDM) MaxEnt, coupled with Geographic Information Systems
(GIS), in order to evaluate the potential alterations (i.e., decreasing/
increasing/static) in the number of IWS potential invasions of ecor-
egions, under four IPCC5 Representative Concentration Pathways
(RCPs: 2.6, 4.5, 6.0, and 8.5) for the current time (average monthly
climate data for 1970–2000) and for 2050. Two Climate System Models
of CCSM4 and MIROC-ESM were used. We carried out three principal
modeling tasks on 32 individual IWS: 1) evaluating current climate
suitability (fundamental niche, sum of conditions essential for survival)
and identifying the number with common ranges of suitability spatially,
2) repeating task one through ensemble model outputs of the two global
circulation models under four different RCPs by 2050, and (3) exploring
the extent of alterations (gain/loss/static) and overlap compared to the
current time. The objective of this study was to understand which
species, as well as how the number of selected IWS changes under fu-
ture warming scenarios, will be affected, and to identify how the in-
vestigated IWS could impact ongoing conservation efforts, such as ex-
isting protected areas in the region.

2. Materials and methods

Non-native invasive species, including invasive weed species (IWS),
are environmental pests that threaten native species and habitats by
competing for critical and often limited resources such as sunlight,
water, nutrients, soil, and space. Moreover, native species suffering
from stress imposed by climate change will become more susceptible to
destruction or displacement by weeds. Most terrestrial animals depend
on plant production, and weed invasions can profoundly alter ecosys-
tems and ecological processes. Climatic similarity between native and
target areas has been identified as the most important prerequisite for
the successful biological invasion and establishment of an IWS (Thuiller
et al., 2005). Species climatic niche evolves very slowly due to the niche
conservatism (Wiens et al., 2009). This has been an origin to develop
species climatic niche based on the current distribution of the species
and project it to new areas or time slices to find suitable habitats for the
presence of the species (Guisan and Rahbek, 2011; Wiens et al., 2009).

In the present study, the concept of species distribution modeling
(SDM) using MaxEnt and focusing on climatic variables was performed,
in order to predict the present range and future distribution pattern of
32 IWS. Future projections were based on two global circulation models
and four different climate change scenarios (i.e. representative con-
centration pathways, RCPs). The projection maps on individual species
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and dynamics under the four RCPs in the supplied supplementary in-
formation provide a framework for planning weed management under
climate change.

2.1. Species & occurrence data

Thirty-two IWS, as listed in Table 1, were selected from IWS lit-
erature, based on their i) importance, ii) potential for spread, iii) en-
vironmental, social, and economic impacts, and iv) ability to be suc-
cessfully managed via the protocol documented in The Determination of
Weeds of National Significance (Thorp and Lynch, 2000, but see The
Global Invasive Species Database (iucngisd.org/gisd)). The criteria used
to select IWS were: to be robust, easily understood, relatively simple,
not require large amounts of data, be sufficiently objective as to be
clearly defensible, and be a threat to agriculture and forestry (Table S1,
for descriptions of the selected IWS).

Occurrence data on the global distribution of the 32 IWS was ob-
tained from the Global Biodiversity Information Facility (GBIF (2018)
and the Atlas of Living Australia (2018)ala.org.au). We obtained dis-
tribution records and excluded those that were (i) without specified
coordinates, (ii) duplicates, or (iii) suspected outliers (i.e., showing
coordinates out of the species’ range). The georeferenced occurrence
value of each grid cell was then set to 1 for each species individually, in
cases where at least one presence fell within the cell, as the association
of multiple records with a single grid cell has no bearing on projections
such as these, nor on their performance evaluation (Shabani et al.,
2016). The sp package in R v. 3.4.4 (R Development Core Team, 2017)
was used to process all georeferenced occurrence data.

2.2. Climatic data

Baseline climate was represented by the WorldClim current climate
dataset of BIOCLIM variables (www.worldclim.org). WorldClim is a

high-resolution climate average (2.5 min) for the period 1970–2000,
with global coverage and spanning the time period during which the
majority of occurrence records were collected. Possible future climates
on a global scale incorporated four IPCC5 greenhouse gas concentration
(GHC) trajectories, which differed in terms of GHC emission peaks. The
lower the number of the trajectory, the earlier in the century it should
peak. We chose RCP2.6, RCP4.5, RCP6.0 and RCP8.5 (Stocker et al.,
2013) for incorporation into the future climate scenarios in the model
projections. Each RCP had a different set of outputs based on different
GHC levels; for example, RCP 2.6 assumed that the global warming
would increase from 0.4 to 1.6 °C, and from 0.3 to 1.7 °C between the
years 2046 and 2064, and 2081 – 2100, respectively. RCP 2.6 also as-
sumed that the mean global sea level would increase from 0.17m to
0.32m, and from 0.26m to 0.55m, respectively, over the same periods
(Stocker et al. 2013).

RCP 4.5 assumed that the global warming would increase from 0.9
to 2.0 °C, and from 1.1 to 2.6 °C between the years 2046 and 2064, and
2081 – 2100, respectively. Mean global sea level will increase from
0.19m to 0.33m, and 0.32m to 0.63m, respectively, over the same
periods (Stocker et al. 2013).

RCP 6.0 assumed that the global warming would rise from 0.8 to
1.8 °C, and 1.4 to 3.1 °C between the years 2046 and 2064, and 2081 –
2100, respectively. Mean global sea level will increase from 0.18m to
0.32m, and 0.33m to 0.63m, respectively, over the same periods
(Stocker et al. 2013).

RCP 8.5 assumed that the global warming would rise from 1.4 to
2.6 °C, and 2.6 to 4.8 °C between the years 2046 and 2064, and 2081 –
2100, respectively. Mean global sea level will increase from 0.22m to
0.38m, and 0.45m to 0.82m, respectively, over the same periods
(Stocker et al. 2013).

Table 1
Scientific and common names of 32 IWS investigated in this study.

Species Common name

Acacia mearnsii Black wattle, acácia-negra, australian acacia, australische akazie, swartwattel, uwatela
Alternanthera philoxeroides Alligator weed
Andropogon gayanus Gamba grass
Annona glabra Pond apple, pond-apple tree, alligator apple, bullock's heart, cherimoya, monkey apple, bobwood, corkwood
Anredera cordifolia Madeira vine, jalap, lamb's-tail, mignonette vine, anredera, gulf madeiravine, heartleaf madeiravine, potato vine
Asparagus aethiopicus Asparagus fern, ground asparagus, basket fern, sprengi's fern, bushy asparagus, emerald asparagus
Asparagus africanus Climbing asparagus, climbing asparagus fern
Asparagus asparagoides Bridal creeper, bridal veil creeper, smilax, florist's smilax, smilax asparagus
Asparagus declinatus Bridal veil, bridal veil creeper, pale berry asparagus fern, asparagus fern, south african creeper
Asparagus plumosus Climbing asparagus-fern
Asparagus scandens Asparagus fern, climbing asparagus fern
Austrocylindropuntia spp Prickly pears
Cabomba caroliniana Cabomba, fanwort, carolina watershield, fish grass, washington grass, watershield, carolina fanwort, common cabomba
Chrysanthemoides monilifera Boneseed
Cryptostegia grandiflora Rubber vine, rubbervine, India rubber vine, India rubbervine, palay rubbervine, purple allamanda
Dittrichia viscosa False yellowhead
Gymnocoronis spilanthoides Senegal tea
Hieracium aurantiacum Orange hawkweed
Imperata cylindrica Cogon grass, kunai grass, blady grass, alang-alang, cotton wool grass, kura-kura
Koelreuteria elegans Chinese rain tree
Lantana camara Big-sage
Merremia peltata Akar sambang
Nassella neesiana Chilean needle grass
Nassella trichotoma Serrated tussock, yass river tussock, yass tussock, nassella tussock
Pelargonium alchemilloides Garden geranium
Pereskia aculeata Leaf cactus
Piptochaetium montevidense Uruguayan rice grass
Praxelis clematidea Praxelis
Pueraria montana Kudzu
Senecio madagascariensis Fireweed, Madagascar ragwort, Madagascar groundsel
Sphagneticola trilobata Bay biscayne creeping-oxeye, Singapore daisy, creeping-oxeye, trailing daisy, wedelia
Tipuana tipu Tipuana tipu
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2.3. Bioclim variables, background data, and the methods for providing
weights for species records

For each individual species model, the following variables were
selected: BIO1 [Annual mean temperature (°C)], BIO4 [Temperature
Seasonality (standard deviation *100)], BIO8 [Mean temperature of
wettest quarter (°C)], BIO12 [Annual precipitation (mm)], BIO14
[Precipitation of Driest Month], BIO15 [Precipitation seasonality (C of
V)], and BIO19 [Precipitation of Coldest Quarter]. The importance of
the variables, and thus their contribution to each model using the
BIOMOD modeling approach, were examined using the Pearson rank
correlation between standard predictions and those based on a per-
mutation; this process was randomized five times for each variable,
separately (Refer to Thuiller et al., 2009). The importance of variables
for each species is detailed in Table S2.

To achieve greater consistency of background data (see correlative
species distribution models), we assigned greater prominence to the
records representing less geographical proximity. However, it should be
noted that there is no method of separating unsuitable and under-
sampled areas without information on actual survey returns, and that
the weighting of prominence cannot overcome the fusion of these two
categories of data. For the background data, an essential assumption of
frequentist statistical methods is that recorded data are independent
(i.e., randomly allocated samples with independent distributions), re-
quiring that the entire area of interest has been randomly or system-
atically sampled. In practice, available data of the species’ locations are
spatially biased toward areas easily assessed and/or better surveyed
(Fig. S1) (Kramer‐Schadt et al., 2013). This phenomenon is even more
likely for data in global datasets (e.g., Global Biodiversity Information
Facility or Atlas of Living Australia) originating from different sources
with varying magnitude and extent of field sampling (Wisz et al., 2008).
Although some methods can perform better with spatially biased data
(e.g., MaxEnt, described below) than others, spatial autocorrelation
among locations can still result in biased parameter estimates and over-
representation of some regions (Dormann et al., 2007). Two strategies
were applied in order to reduce the influence of potential bias in the
occurrence points of the modeled species: spatial filtering (Kramer-
Schadt et al., 2013) and background weighting (Elith et al., 2010). For
spatial filtering, all the repeated points within a 5-km buffer radius
were removed. Because randomly selecting pseudo-absences can bias
model predictions (Renner and Warton, 2013; Sequeira et al., 2012),
background weighting was employed to remove some of this potential
bias. In the present study, models were provided with environmental
data that were as spatially biased as the occurrence data. The kernel
density surface of a species’ occurrence points was calculated for each
IWS, using 10,000 background points to derive the probability dis-
tribution of the density surface. We thus simulated species-specific ‘bias
files’ representing the relative sampling effort for each IWS.
Radosavljevic and Anderson (2014) presented further information on
selecting appropriate evaluation data, detecting overfitting, and tuning
program settings in order to approximate optimal model complexity.
However, the number of climate variables included in a model is an
important consideration because using too few or too many may result
in incorrect predictions (Beaumont et al., 2005).

2.4. Species distribution modeling (e.g., MaxEnt)

Correlative species distribution models (SDMs), such as MaxEnt,
rely on geographical data defined by the user (Guillera-Arroita et al.,
2014) to make a comparison of the sampled climatic variables of the
reference set of grid cells with those representing the observed presence
of the species. Background data composition has a substantial effect on
output (Elith et al., 2011); therefore, for a realistic result, the dataset
should be as accurately representative of the known distribution of the
species of the selected areas as possible (Elith et al., 2010). The program
algorithm then compares the interactions of presence and variable data

to those of the background locations, in order to estimate a probability
distribution of the largest permissible entropy approaching uniformity,
in terms of the spatially observed distribution and its variables. Mini-
mizing the relative entropy between known and background data op-
timizes the MaxEnt probability distribution (Phillips et al., 2006). The
use of MaxEnt as a SDM, together with GIS, provides a powerful method
for estimating distributions of species (Araújo et al., 2011; Mainali
et al., 2015) and guides IWS risk control strategies under climate
change (Thalmann et al., 2015). Workflow proposals for the risk as-
sessment of plant invasion using SDM–GIS coupling have been docu-
mented in previous studies (Jiménez-Valverde et al., 2011; Liang et al.,
2014).

Calibration of the MaxEnt model was based on 75% of the occur-
rence dataset (training data), with the remaining 25% reserved for
evaluating the performance of the models. Model predictive perfor-
mance was examined based on the area under the curve (AUC) of the
receiver operating characteristic (ROC) plot. Although AUC is a reliable
measure of discrimination ability, it presents limitations for ecological
realism in modeled distributions where estimations are based only on
presence data (Jiménez-Valverde, 2014; Lobo et al., 2008). In this
study, we applied True Skill Statistic (TSS) as a method of testing model
accuracy. TSS is unrelated to prevalence and equals −

+ +

ad bc
a c b d( )( )

, where a
denotes the number of correctly predicted presence cells, b is the
number of cells in which the species was not found but whose presence
was predicted, c is the number of cells in which the species was found
but whose absence was predicted, and d is the number of cells correctly
predicting absence. Allouche et al. (2006) demonstrated that TSS re-
presents an intuitive method to assess the predictive performance of
species distribution models transposed into presence-absence mapping.

From the relative suitability maps (see Guillera-Arroita et al., 2014),
we determined a fitness threshold, below which the species were con-
sidered as ‘absent’. This threshold method is commonly used to trans-
form continuous probabilities of presence to presence/absence data in
species distribution models (Nenzén and Araújo, 2011). The 10th- and
5th-percentile training presence are two commonly used thresholds in
ecology (Pearson et al., 2002). Other possible methods include estab-
lishing a specific sensitivity or specificity threshold (Cantor et al.,
1999), as well as maximizing sensitivity plus specificity, kappa (which
includes both sensitivity and specificity), the percent of points correctly
classified, and the agreement of predicted and observed distributions
(Guisan et al., 1998). We initially calculated the 10th percentile of the
suitability score at presence points, but in expanding the analysis, also
tested the 5th percentile threshold, as well as maximum sensitivity plus
specificity, in order to assess the performance. Based on the number of
pixels gaining or losing habitat suitability in the climatic projections,
we measured range shifts of the IWS over the current time and for 2050.

3. Results

3.1. Accuracy and variable contributions

Evaluation of the performance of the discrimination capacity and
accuracy of the model revealed that AUC and TSS rates for the 32 in-
dividual IWS averaged 0.87 and 0.75 respectively, indicating a high
level of accuracy (Table S3). In terms of average variable impact on
response surfaces for all species, precipitation, seasonality, maximum
temperature in the warmest month, mean annual temperature, annual
precipitation, and minimum temperature in the coldest month made the
strongest contributions. These variable climatic contributions differed
slightly among individual species (Table S1).

3.2. Current time

Results of climatic suitability for the current time showed that
eastern, southern, and southwestern coastal regions of Australia, South
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Africa, eastern Madagascar, western Portugal, northern Spain, northern
Morocco, Mexico, and vast areas in south America are highly suitable
for large numbers of IWS, and as such, are currently identified as hot-
spots (Fig. 1, red color; the maximum number of IWS that potentially
co-occur in regions is 28).

Our results showed that some regions in western and southern
Australia possess a suitable climate for up to 28 of the investigated
species. Fig. 1 shows that some regions of Brazil and eastern Australia
are highly suitable to be occupied by 20 to 23 of the selected IWS (with
a maximum of 28 in a few pixels). Our modeling also indicated that
large regions in central America and the Caribbean, Cerrado in the
south and east of the Amazon Basin, south of Africa and Madagascar,
and the entire eastern, southern, and southwestern Australia are highly
suitable for up to 17 of the study species. In general, currently half the
land of the planet is suitable for at least one of the investigated species
(Fig. 1, colored areas).

3.3. 2050

Globally, some regions exhibit suitability for 28 species by 2050
[Fig. 2, red colors; Fig. S1 (for projections on individual IWS by 2050
based on RCPs of 2.6, 4.5, 6.0, and 8.5)]. However, for many parts, up
to 10 species occur together (Fig. 2, cool colors; Fig. S1). Our projec-
tions also show that western and central Australia, northern Angola,
western Botswana, southern Iran, and northern Argentina will be free of
any risk from the investigated IWS by 2050 (Fig. 2, white color). By
contrast, all four RCPs indicated that large regions in South America
will become highly suitable for many of the IWS and thus will be at

great risk (Fig. 2). Furthermore, all four RCPs projected that large re-
gions in Africa will be at great risk (i.e., occupied by many IWS) by
2050 (Figs. 2 and 3, red color; Fig. S1 for individual IWS). The pro-
jections also indicated that most European countries, particularly Por-
tugal and western Spain, would be at great risk of being occupied by up
to 28 species, under all four RCPs.

3.4. Alterations on the number of range shift on the number of IWS

Comparing the modeled habitat suitability of the IWS under current
climatic conditions, with conditions for 2050 under RCP 4.5, many IWS
indicated increases in the quality of habitat suitability (i.e., became
potentially more suitable), some indicated no change (static and/or 0
value in Figs. 3and S3), and some revealed a decrease (i.e., loss) (Fig. 3;
Fig. S3 for alterations on the number of range shift by four RCPs; Fig. S1
for projections on individual IWS for the current time and for 2050),
compared to the current time. As shown in Fig. 3, New Zealand,
southeastern Australia, most of the European countries, northern Brazil,
southern Chile, and southern Uruguay are at greater risk of being in-
vaded by many IWS by 2050 than under the current climate (red colors
and/or positive values). By contrast, some regions will be at lower risk
(Fig. 3, cooler colors and/or negative values). Additionally, the highest
decreases in the number of IWS occurred in South America, with all
four RCPs showing agreement, but with some spatial differences. Fig. 5
shows the percentage of range (habitat) loss and gain of the selected
IWS by 2050, based on different RCPs (2.6, 4.5, 6.0, and 8.5) and the
two global CCSM4 and MIROC-ESM circulation models. We conclude
that results of different RCPs are generally consistent (Figs. 5, S1 and

Fig. 1. Spatial overlap of climate suitability on all 32 IWS for the current time; refer to Fig. S1 for projections on individual IWS for the current time and for 2050,
based on RCPs of 2.6, 4.5, 6.0, and 8.5.
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S2).

3.5. Alterations on the areas of range shift of IWS at the continental scale

Comparing the areas (log area km2) of the modeled habitat suit-
ability of IWS under current climatic conditions, with the conditions
predicted for 2050 (Fig. 4), only Europe indicated a greater gain (red
boxplot) than loss (green boxplot), which shows increases in areas of
habitat suitability in the future under all four RCPs (2.6, 4.5, 6.0, and
8.5). The static (stable, blue boxplot) condition in areas of unsuitable
and/or remain suitable were also found (Figs. 4, 2, and 1; Fig. S1 for
projections on individual IWS for the current time and for 2050). Al-
terations on the areas of range shift of IWS at the continental scale
(Fig. 4) were consistent with suitable regions for the 32 IWS, for the
current time (Figs. 1and 2, S1 and S2).

4. Discussion

As climate is a key limiting factor in the distribution and expansion
of plant species, climate change implies alterations to known distribu-
tions, and consequently changes to the distributions of plant species,
including IWS. Preventive management of future invasions by IWS,
under the current and future climate, can be enhanced by the outputs of
modeling practices such as the MaxEnt-GIS example used in this study.
Such models (Ward, 2007) can assist land and crop production man-
agement by providing a foundation for the allocation of funding to-
wards resources for curtailing costly IWS and other pest invasions,
protecting the economic value of a crop, as well as preserving its main

purpose as nutrition for humans.
Range shifts result from spatial changes to the physical distributions

of a species, and their occurrence manifest at a landscape scale, i.e., in
an area spanning a single field to a few hundred square kilometers
(Petit et al., 2011). Based on the most recent studies, plant species and
associated IWS are likely to track climates most favorable to their
survival (Jump and Penuelas, 2005). Such developments have been
adequately researched and documented for Europe (Cimalová and
Lososová, 2009; Hanzlik and Gerowitt, 2012; Walck et al., 2011). Our
results estimated relative habitat suitability based solely on global cli-
matic variables under the current and two future climate scenarios. In
practice, regions can be ranked according to the number of possible
invasive weed species threats (e.g., Figs. 1–3), in order to prioritize
particular species and regions requiring detailed risk assessments. As
our study was carried out at the global scale with a resolution of 2.5 min
(∼45 km2), we were unable to list the species identities occurring in
each grid cell, but have provided projection maps on individual species
and dynamics under 4 different RCPs, as supplementary information
(Fig. S1). Early intervention, based on the highest probability of risk,
whether during current or projected future climatic conditions, is the
foundation of effective practical strategies (Duursma et al., 2013).

Our results indicated that, on a global scale, some regions are pre-
dicted to decrease or maintain current levels of suitable habitat for
many IWS under projected future climatic conditions. Similar reduc-
tions have been documented in previous research studies on invasive
species (Bellard et al., 2013; Scott et al., 2008), which have also found
that habitat suitability is projected to increase for only a few of the
modeled species. In terms of the projected habitat suitability decline for

Fig. 2. Spatial overlap of climate suitability on all 32 IWS by 2050 and RCP 4.5; refer to Fig. S2 on spatial overlap of climate suitability on all 32 IWS by 2050, under
four RCPs (2.6, 4.5, 6.0, and 8.5).
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Fig. 3. Alterations on the number of range shifts by RCP 4.5 by 2050, compared to the current time; refer to Fig. S3 on alterations on the number of range shifts by
four RCPs (2.6, 4.5, 6.0, and 8.5) compared to the current time.

Fig. 4. Alterations on the areas (log area km2) of range shift by 2050, compared to the current time, based on RCPs of 2.6, 4.5, 6.0, and 8.5 at continental scale.
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the majority of the investigated IWS, it should be noted that a large
number of the group of species have yet to reach their full habitat
potential under the current climate (Roger et al., 2015). Therefore,
notwithstanding projected decreased suitability in the future, they still
possess the potential for greater abundance.

Invasive species pose a significant global problem by having a det-
rimental impact on all countries, specifically on their ecosystems and
diversity, and thus deserve a significant global response (McNeely,
2001b). The number of occurrences together at the global scale is a
comparatively less studied topic, while they are highly vulnerable to be
invaded. It should be noted that Funk et al. (2013) reported the impact
of invasive alien plant species on ecosystem services that directly hin-
ders the economic and ecological benefit to human beings. These effects
should be considered in an inter-governmental policy dialogue to en-
sure continuous and timely investment in control activities.

There are notable practical limitations to be considered for the re-
sults of this SDM-GIS exercise. The modeling was limited to current and
future climatic suitability and bore no account of the impact of invasion
pathways, disturbance regimes, and natural hazards, nor of changing
land-use factors. Such drivers of invasion are also likely to be affected
by the alterations of climatic factors, with consequences on IWS inva-
sion and control. Additional potential climate-related changes to the
distribution of a species can include the phenological acclimatization
and adaptation, as well as the potential in specific instances for ex-
tinction (Aitken et al., 2008; Lamsal et al., 2017; Shabani et al., 2017;
Valladares et al., 2014). Climatic factors, per se, may vary across the
global distribution of the species (HilleRisLambers et al., 2013; Shabani
et al., 2016). It is clearly impossible to predict the response to climate
change by measuring the response to one climate variable, such as
temperature, at one position, e.g., the upper distribution limit (Harsch
and HilleRisLambers, 2016). The rates of warming and land use char-
acteristics play a role (Buckley et al., 2013). Warming may deter the
species from following spatial shifts of habitat suitability that emerge
under a changing climate (Buckley et al., 2013). Unforeseen human
activity and associated changes in land use have the potential to frag-
ment projected habitat suitability (Mantyka-pringle et al., 2012).

We must consider the potential bias imposed by the undersampling
(Fourcade et al., 2014) inherent in large databases of herbarium sam-
ples (González-Orozco et al. (2014). There are also many inherent as-
sumptions and limitations in using presence-only data of this type

(Yackulic et al., 2013), as well as with the modeling techniques pro-
jecting climate conditions and the envelopes themselves, such as scale
and resolution mismatches (Wiens et al., 2009), dispersal barriers
(Haegeman and Loreau, 2008), lack of documentation on potential
disturbances, and unknown or unforeseen biotic interactions (Elith
et al., 2011). Thus, the following should be considered when inter-
preting the results (limitations): (i) the modeling is purely climate-
based and does not take into account non-climatic factors such as use of
land, type of soil, biotic interaction, competition, and diseases; (ii)
current broad-scale climatic data was employed and results present
purely the broad-scale shifts; (iii) results are subject to the uncertainties
surrounding future greenhouse gas emission levels; (iv) similar mod-
eling should be carried out using hosts and soil properties; and (v) in
the present study, carbon dioxide enrichment and the potential genetic
progress were not taken into account. To identify the mechanisms for
increasing/decreasing the habitat suitability for each IWS, future spe-
cies distribution modeling using mechanistic models is recommended
(Rougier et al., 2015; Sutherst et al., 2007) and necessary.

5. Conclusion

Although IWS have noticeably negative impacts on resident com-
munities, attempts to eradicate invasive populations are inadequate.
Recent reports highlight the urgent need to plan invasive species risk
assessments to contribute to the development of management strategies
and monitoring programs (Kettunen et al., 2008; McNeely, 2001a).
Similar to other invading species, IWS are highly vulnerable in the early
establishment stages when eradicative efforts are more efficient and
cost-effective. SDMs facilitate the identification of areas with high
susceptibility to invasion by harmful weeds, and their prevalence is
fundamental for sustainable weed management. Our SDM formed the
basis for relative habitat suitability of the selected IWS under current
and future climates. The present study revealed that IWS would most
likely develop alterations in their habitat suitability in most parts of the
world in the future. Our results mainly projected reductions in areas of
habitat suitability for the majority of IWS, under future climate con-
ditions and on a global scale, excluding European countries, northern
Brazil, eastern US and south eastern Australia. Though future projec-
tions indicate a decreasing rate in threats in extensive areas world-wide,
the current distributions of many species still have a potential for

Fig. 5. Percentage of range (habitat) loss and gain of the selected IWS by 2050, based on different RCPs (2.6, 4.5, 6.0, and 8.5) and on the two global circulation
models of CCSM4 and MIROC-ESM.
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expansion. Many of these IWS pose a threat in suitable habitats under
both current and future climate conditions. Understanding the causes of
niche shifts is likely to contribute to a greater prediction accuracy of
bioclimatic distribution models that currently incorporate only range
shift data. Further, species distribution pathways and patterns of ex-
pansion are difficult to predict, owing to their different modes of dis-
persal, as well as their sporadic an unsuspected introductions to new
habitats. Species distribution modeling through mechanistic models is
therefore recommended.
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