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Abstract 

V. rossicum has become increasingly invasive in North America and is particularly difficult 

to eradicate once introduced. A suitability model that assessed the likelihood of new invasions 

through analysis of predictive variables was necessary to interpret how the invasive vine’s 

potential distribution might change over time. The aim of this research was to create a species 

distribution model using MaxEnt software to estimate current and future potential geographic 

distribution of V. rossicum using actual site-specific observations of the invasive plant and 

predictive variables. The purpose of this work was to provide support for early detection of V. 

rossicum to be able to help reduce the economic impact of new invasions.  

The results showed that the AUC values for each time-period asses were greater than 0.89 

when cross-validation was applied, and greater than 0.91 when bootstrapping was applied, 

indicating the results are accurate. The greatest area of relatively suitable habitat for the vine was 

found to be under current circumstances, and suitable habitat areas decreased under future 

climate change scenarios. The main environmental factors that affected the distribution of V. 

rossicum according to percent contribution and percent permutation importance were: BIO1 

(annual mean temperature), BIO8 (mean temperature of wettest quarter), BIO15 (precipitation 

seasonality), BIO18 (precipitation of warmest quarter), nightlights, and pH. The main 

environmental factors that affected the distribution of V. rossicum according to the Jackknife test 

were: BIO1 (annual mean temperature), BIO8 (mean temperature of wettest quarter), BIO15 

(precipitation seasonality), BIO18 (precipitation of coldest quarter), and pH. Future climate was 

predicted to be less ideal for the survival of V. rossicum, this maybe beneficial for invasive plant 

management. However, for local plants that share similar habitat distributions and characteristics 

as V. rossicum, this might indicate a future risk under climate change pressure and pressure from 

V. rossicum.  
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Chapter 1: Introduction 

1.1 Background 

Monitoring invasive plant species can minimize their threat and prevent their spread, which 

is essential to maintaining native ecosystems in North America. Uncontrolled biological 

invasions risk harm to natural environments and have the potential to influence biodiversity and 

threaten ecosystem functions (Van Kleunen, et al. 2010). The dog-strangling vine (Vincetoxicum 

rossicum) is an invasive perennial herbaceous plant that has dispersed across southern Ontario, 

southern Quebec, and the northeastern region of the United States (DiTommaso, Lawlor and 

Darbyshire 2005). This vine grows in thick stem networks that outcompete other native plant 

species and causes irreversible damage to its invaded environments (Miller, et al. 2008).  

Invasive species management often focuses on predicting and tracking species expansion to 

highlight target areas for management practices (Foster 2021). With accelerating climate change 

causing substantial shifts in the geographic distribution of many species, accurately forecasting 

invasive species distribution is crucial for aiding management practices. Species distribution 

modeling and geospatial methods can be used to develop decision support information tools that 

will help prioritize eradication efforts for invasive species. Considering climate change and 

human impacts on potential habits for invasive species can allows for more direct management 

and more efficient application of resources.  

1.2 Problem Statement 

V. rossicum is becoming increasingly invasive in North America, and considering this 

species is particularly difficult to eradicate once introduced, a suitability model that assesses the 

likelihood of new invasions through assessment of predictive variables is necessary for both 

early detections, and successful, cost-efficient management practices.  



1.3 Purpose and Research Objectives 

The aim of this research is to create a species distribution model using MaxEnt software to 

estimate current and future potential geographic distribution of V. rossicum using actual site-

specific observations of the invasive plant and predictive variables. The purpose of this work is 

to provide support for early detection of V. rossicum to be able to reduce the economic impact of 

new invasions.  

It is important to consider that invasive species may not have reached all suitable habitats, 

where naturalized species have likely reached a larger portion of their suitable habitat. 

Determining areas that are susceptible for invasions depends largely on establishing where 

potential habits exist. Geographic information system (GIS) technologies along with MaxEnt 

modeling will help make analysis of V. rossicum possible.  

The main objectives of this research are as follows: 

1. Determine which spatial factors, (i.e., climate, land cover, precipitation, soil type, etc.) 

are most critical to V. rossicum expansion based on the coincidence of these factors and 

the species current distribution. This will help assess which factors are relatively the most 

and the least crucial for vine expansion and control. 

2. Given V. rossicum’s current range in North America, determine current areas that are 

most susceptible to infestations through analysis of V. rossicum by creating maps of 

potential geographic distribution. This will be done by using the current species 

distribution and the predictive variables (spatial variables deemed critical to expansion 

according to the species-specific characteristics) investigated in the previous objective to 

rank invasion potential to new areas. 



3. To predict potentially suitable areas for future V. rossicum expansion according to 

climate change trajectories for the years 2050 and 2070.  

4.  To assess differences between the modelled current (2022) geographic distribution of V. 

rossicum and its potential distribution of the same as of 2050 and 2070 according to 

North American climate change trajectories.  

1.4 Anticipated Contributions  

The above information could be used to raise awareness regarding V. rossicum to promote 

community involvement in terms of prevention and control of this invasive species. Management 

of invasive species is important to sustain natural environments, habitats, and prevent disruption 

to fundamental ecosystems functions.   

Chapter 2: Literature Review  

2.1 Distribution 

Dog-strangling vine or pale swallow-wort (Vincetoxicum rossicum (Kleopow) Barbar.; 

syn. Cynanchum rossicum (Kleopow) Bohidi) is an invasive perennial herbaceous plant native to 

Ukraine and Southwestern Russia (Smith, et al. 2006). V. rossicum was first reported in Toronto, 

Canada in 1889 (Smith, et al. 2006). Since then, the vine has distributed itself throughout 

southwestern and eastern Ontario, southwestern Quebec, and the northeastern region of the 

United States (DiTommaso, Lawlor and Darbyshire 2005).  

 

 

 



 

Figure 1. Geographic observations of V. rossicum in North America. This dataset contains a total of 8,536 

observations from years 1899-2021. Each point on the map represents a sighting of V. rossicum. The 

above pictured occurrence records were obtained from the following open data sources: Early Detection 

Distribution Mapping Systems (EDDMapS 2021), and iNaturalist (iNaturalist 2022). 

 

2.2 Establishment Strategies 

Considering the increasing pace of global change, understanding how human activities 

reshape ecosystem functions and biodiversity has become more important than ever (Tylianakis, 

et al. 2008). A key factor of change is ecosystem invasions by non-native species, which in some 

cases, have the capacity to reach high abundance to influence biodiversity and threaten 

ecosystem functions (Van Kleunen, et al. 2010). Uncontrolled biological invasions risk harm to 

natural environments and have the potential to pose social or economic impacts (Pejchar and 

Mooney 2009). (Vilà, et al. 2011); (Gibbons, et al. 2017).  



V. rossicum has been seen to suppress native plant diversity and productivity by 

effectively competing for light and forming dense stem networks that climb over other native 

plant species. (Miller, et al. 2008). Environments where V. rossicum has established itself have 

observed a reduction in invertebrate and vertebrate biodiversity (DiTommaso, Lawlor and 

Darbyshire 2005). V. rossicum grows well in both disturbed and undisturbed areas, in open 

fields, at forest edges and understories, parks, road edges, and railway embankments (Sanderson 

and Antunes 2013). Well-drained calcareous soils are considered optimal for V. rossicum 

growth; however, the plant is tolerant of a wide range of environmental and soil conditions 

(DiTommaso, Lawlor and Darbyshire 2005). Reproduction of V. rossicum is by polyembtyonic, 

self-pollinated pods containing comose seeds that are wind dispersed (DiTommaso, Lawlor and 

Darbyshire 2005).  

2.3 Ecology 

V. rossicum grows in temperate climates within both its native and North American 

locations. In North America the species has established in areas with winter temperatures that 

range approximately from 0.7°C to -10.8°C and from 20.7°C to 26.4°C in the summer 

(DiTommaso, Lawlor and Darbyshire 2005). Areas where flooding from rivers and streams are 

experienced in the spring (i.e., along Lake Ontario and the Connecticut River) have been highly 

invaded (DiTommaso, Lawlor and Darbyshire 2005). V. rossicum is typically found in 

calcareous soils (Ontario and western Quebec), in areas with shallow soil over limestone 

bedrock, silty and sandy loams, glacial till, deep loams of upland woods, and rocky or clay loam-

based ravines (DiTommaso, Lawlor and Darbyshire 2005). This invasive plant has also been 

found to be tolerant of wide variations of moisture and exposure levels. In addition to climate, 

human activities also have an impact on the distribution and spread of invasive species. V. 



rossicum occurs commonly in disturbed areas or waste areas, such as, limestone quarries, 

abandoned pastures, old fields, Christmas tree plantations, or other perennial cropping systems 

(DiTommaso, Lawlor and Darbyshire 2005).  

    

Figure 2. V. rossicum invasion observed in Ontario, Canada. Left image taken by David Nisbet, Invasive 

Species Centre, Bugwood.org 2015. Right image retrieved from TorontoGradens.Org 2012. 

2.4 Control Methods  

Invasive plants, like V. rossicum can be managed through various control mechanisms, 

such as mechanical (e.g., mowing), chemical (e.g., herbicides), and biological (e.g., herbivorous 

natural enemy) (Foster 2021). V. rossicum has been observed to be a resilient vine that can 

regenerate following damage, making it extremely difficult to eliminate from invaded areas 

(DiTommaso, Lawlor and Darbyshire 2005). The most effective control mechanism for this 

invasive plant has been found to be primarily through herbicides (DiTommaso, Lawlor and 

Darbyshire 2005). Mechanical control has been proven to be challenging because V. rossicum is 

extremely resilient. In treated areas the invasive vine was found to be able to successfully flower 

and set viable seeds the following season after mechanical control measures were attempted 

(Miller, et al. 2008). No biological agents have yet been produced to limit V. rossicum spread.  



2.5 Species Distribution Models  

2.5.1 Overview 

A primary focus of invasive species management is to accurately predict potential areas 

for species expansion through investigating the current distribution to highlight target areas for 

management practices (Foster 2021). Using quantitative methods, species distribution models 

can infer species environmental requirements from occurrences to predict distributions (Merow, 

Smith and Silander Jr 2013). An important aspect in understanding a species ecological and 

geographical distribution is selecting a reliable statistical model and setting appropriate 

parameters (Merow, Smith and Silander Jr 2013). Building a model to predict potential 

expansion should be done with caution to avoid creating an inaccurate model that results in 

misleading conclusions, carrying costly consequences.  

Species distribution models (SDMs), also referred to as correlative or statistical models, 

habitat models, or ecological niche models (Srivastava, Lafond and Griess 2019), have 

commonly been used to identify the most important biotic and abiotic factors for predicting and 

mapping invasive species distribution (Lewis, et al. 2017). Correlative SDM approaches combine 

species occurrence data and environmental layers (predictive variables) for a defined study area 

to analyze the relative rate of occurrence and to create maps that highlight environmental 

suitability for a species of interest. For example, the use of SDMs has been successful in 

predicting potential distribution areas for the red imported fire ant in South Korea to help 

establish a management plan to minimize their adverse impacts (Sung, Kwon and Cho 2018). 

SDMs have also been used to predict how climate change and soil drainage will allow for 

potential future distribution of Lantana camara L. (lantana) in Queensland, Australia (Taylor and 



Kumar 2013). Additionally, SDMs have been used to predict the potential susceptibility of 

regions in the United States to invasions of zebra mussels (Drake and Bossenbroek 2004).  

2.5.2 Model Selection 

For the purposes of this study, it is important that the selected model is familiar, 

relatively simple, and accessible. Although there are several algorithms available amongst the 

correlative SDMs for predicting species’ distribution (Srivastava, Lafond and Griess 2019), 

MaxEnt is one of the preferred choices. MaxEnt, one of the mostly widely used niche models, 

has proved to be an appropriate model for estimating potential habitat suitability for invasive 

species, and was seen to outperform other models (i.e., generalized linear model (GLM)) based 

on predictive accuracy (Merow, Smith and Silander Jr 2013). Using the principle of maximum 

entropy, MaxEnt can relate presence-only observations to environmental variables to estimate a 

potential geographic distribution of a species (Kramer-Schadt, et al. 2013).  

MaxEnt works by finding the distribution that is the most spread out (maximum entropy) 

in a geographic dataset of species presences while considering selected ‘background’ 

environmental variables (Elith, et al. 2011). With presence-only data, MaxEnt compares 

locations where the species has been found to all available environments within the study area. 

From the landscape, samples of background points are extracted by MaxEnt to contrast with 

species presence points (Elith, et al. 2011). Since the total population size of a species is 

typically unknown, the model predicts the relative occurrence rate (ROR) in a cell. ROR 

corresponds to the raw output of MaxEnt (Merow, Smith and Silander Jr 2013). RORs are 

predicted by MaxEnt as a function of the environmental predictors at that specific location 

(Merow, Smith and Silander Jr 2013). These RORs (P*(z(xi))) take the form:  

 



 

where z is a vector of J environmental variables at location xi, and λ is a vector of regression 

coefficients, with z(xi) λ = z1(xi)* λ 1 + z2(xi)* λ 2 + … + zJ(xi)* λ J (Merow, Smith and Silander 

Jr 2013). 

When the model run is finished, MaxEnt generates a html file that summarizes model 

performance, the importance and  response curve for each predictor variable, documentation of 

the parameters applied to the model (i.e. number of replicates, run type, output type, etc.), and 

links to raw data files of predictions and model coefficients that can be analyzed elsewhere (i.e. 

R) (Merow, Smith and Silander Jr 2013). Given predictor variables, MaxEnt can produce 

predictive maps of species relative occurrences, both as image files and as raster output to be 

further manipulated in GIS software (Merow, Smith and Silander Jr 2013). 

MaxEnt modeling software is advantageous because presence-only data can be used 

(Kramer-Schadt, et al. 2013) and results are reliable even with small sample sizes (Çoban, Örücü 

and Arslan 2020). The area below receiver operating characteristic (ROC) curve, referred to as 

AUC, is used as method for assessment of the model’s performance. The AUC is threshold 

independent measure of overall accuracy of the model (Merow, Smith and Silander Jr 2013). The 

AUC measures the ability of the model to correctly classify a species as present (sensitivity) or 

absent (specificity) (Merow, Smith and Silander Jr 2013). MaxEnt creates AUC plots (ex. 

Figures 4 and 5) of sensitivity vs 1-specificity to show the measure of model performance. The 

red (training) line shows the model’s “fit” to the training data. The blue line (testing) is the real 

test of the models by showing the fit of the model to the testing data.  



The use of AUC has drawbacks, for example, it only measures how well presence 

locations can be discriminated from absences based on predictor variables but provides little 

information about how well the model predictions fit the species distributions (West, et al. 2016). 

Cross validation and bootstrapping are two examples of methods that can be used to estimate 

uncertainty in the evaluation of predictive power of the SDMs based on study objectives. One of 

the limitations associated with MaxEnt is that the outputs can be difficult to compare with other 

algorithms since it predicts relative occurrence rate rather than predicted probability of 

occurrence (Elith, et al. 2011).  

Chapter 3: Methodology 

3.1 Research Design 

Non-native invasive species, like V. rossicum threaten native habitats and have been 

observed to invade a wide variety of environments in North America. Once established, V. 

rossicum has the potential to displace native plants and habits, which negatively impacts local 

biodiversity by competing for resources with native species. The study area (Figure 3) for this 

work focuses on one of V. rossicum most highly invaded areas in North America. The overall 

aim of this research is to create a species distribution model using MaxEnt software to estimate 

current and future potential geographic distribution of V. rossicum using actual site-specific 

observations of the invasive plant and predictive variables. The goal is to provide support for 

early detection of V. rossicum to be able to reduce the economic impact of new invasions. 

Analysis of V. rossicum was largely achieved by using geographic information system (GIS) 

technologies (ArcMap 10.8) along with MaxEnt modeling software. 

The first objective was to determine which spatial factors, (i.e., climate, land cover, 

precipitation, soil type, etc.) are most critical to V. rossicum expansion based on the coincidence 



of these factors and the species current distribution. To help assess which factors are relatively 

the most and the least crucial for vine expansion and control. This was achieved with some of the 

built-in functions available in Maxent (i.e. percent contribution and jackknife test). The spatial 

resolution of these predictor variables, to be used in MaxEnt, have to be the same. Therefore, the 

spatial resolution of the predictor variable was matched to smallest resolution that was available 

across all the data (1 km2).  

The second objective was that given V. rossicum’s current range in North America, 

determine current areas that are most susceptible to infestations through analysis of V. rossicum 

by creating maps of potential geographic distribution. This was done by using the current species 

distribution (V. rossicum point observations) and the predictive variables (spatial variables 

deemed critical to expansion according to the species-specific characteristics). This objective 

was achieved in MaxEnt; the modeling software can analyse the data to create rasters that predict 

where there may be habitat within the study area that is potential suitable for V. rossicum 

invasions. The raster predictions from MaxEnt were then further analysed in ArcMap to create 

the relative habitat suitability maps seen in Figure 8 and 9. 

The third objective was to predict potentially suitable areas for future V. rossicum expansion 

according to climate change trajectories for the years 2050 and 2070. This was based on future 

climate change scenarios data that were available. This third objective was achieved with the 

same method as the second objective using MaxEnt first and then ArcMap for analysis, but 

instead variables that reflected different climate change trajectories (RCP4.5 and 8.5) average 

over two different time scenarios (2050 and 2070) were substituted into the models.  

The last objective was to assess differences between the modelled current (2022) geographic 

distribution of V. rossicum and its potential distribution of the same as of 2050 and 2070 



according to North American climate change trajectories. This was achieved through further 

analysis in ArcMap of the MaxEnt raster predictions. The raster subtract tool was used to 

subtract future predictions from the current potential predictions to assess where areas of habitat 

suitability change was predicted to occur. The overall goal of this work is to raise awareness 

regarding V. rossicum to promote community involvement in terms of prevention and control of 

this invasive species. Management of invasive species is important to sustain natural 

environments, habitats, and prevent disruption to fundamental ecosystems functions.   

3.2 Study Specie & Presence Records 

Non-native invasive species threaten native habitats by competing for critical and 

frequently limited resources, in addition, native species suffering from stress imposed by climate 

change will become more susceptible to damage or displacement by invaders (Shabani, et al. 

2020). V. rossicum has been observed to invade a wide variety of environments in North 

America. Once established, V. rossicum has the potential to displace native plants and habits, 

which impacts local biodiversity. This invasive species has been linked to reduced variability in 

soil bacteria and fungal communities and has shown to deter breeding grassland birds 

(DiTommaso, Lawlor and Darbyshire 2005). The impact that V. rossicum has on invaded 

habitats also has the potential to result in indirect negative consequences. For example, native 

plant species may be impacted by changes in microbial communities, or herbivores may graze 

more heavily on native plants to avoid toxic V. rossicum (DiTommaso, Lawlor and Darbyshire 

2005). In some invaded areas, a reduction in native plants has been observed to result in a 

reduction of associated insects (Foster 2021).  

In similar studies it has been common for occurrence records to be thinned to a defined 

grid to reduce sampling bias (Santos, Thorne and Moritz 2017). Sampling bias in statistics is a 



type of bias where some members of the population have a lower or higher sampling probability 

than others, resulting in a biased sample of the population where it is not equally likely for 

individuals to have been selected (Santos, Thorne and Moritz 2017). For the purposes of this 

study, this method of sample thinning was not performed because it has the potential to add 

unaccounted variability to the MaxEnt models. Specifically, consider that within a given 10 

 km 2 cell there are k occurrence points. These k points would likely coincide with a range of 

types of type of vegetation, soil, etc. An element of random chance would be introduced and 

affect the MaxEnt outputs if one of these k points were randomly selected within the cell. 

Outputs will be affected by this random component to the extent that (a) there are many cells 

where k>1, and perhaps also (b) to the extent that k is large. Instead, different thinning options 

(i.e. bootstrapping) were explored to test outputs for sensitivity. For example, bootstrapping, 

when applied to a model is repeated iteratively. This allows the above-mentioned ‘random 

element’ to be controlled and measured since multiple samples are taken of points. The 

incorporation of this ‘random element’ is advantageous because this approach approximates the 

diversity of the landscapes or outcomes that would be expected when extrapolating from this 

study region to another. Thus, with a ‘significant’ or meaningful result in the present study, that 

was measured against the ‘random element’ will likely prove significant in the next landscape, 

within reason.  

This study concentrated on the concept of SDM modeling using MaxEnt and focused on 

using climatic variables to predict the current range and future distribution pattern of V. 

rossicum. Occurrence records of V. rossicum were obtained from the following open data 

sources: Early Detection Distribution Mapping Systems (EDDMapS 2021), and iNaturalist 

(iNaturalist 2022). From the obtained occurrence records the following were omitted from 



analysis: those without specified coordinates, duplicates, or suspected outliers (i.e. single 

observations that were far outside of the study area were not included in this study). 

3.3 Study Area  

Since V. rossicum is largely concentrated in southern Ontario and the northeastern portion of 

North America, insofar as we know, this was the focus area for this study. At this scale, this 

research has the potential to provide insightful results. The study area extent was defined by 

ecoregions (Figure 3) that are presently inhabited by V. rossicum, as well as the ecoregions that 

are adjacent to the inhabited ecoregions. The United States Environmental Protection Agency 

has defined ecoregion information for North America (Agency 2021). For this research Level III 

Ecoregions of North America (Agency 2021) were used and all other variables will match this 

same extent. Ecoregions are areas grouped together based on similarity in characteristics, 

ecosystems, and environmental resources (Agency 2021). The Level III ecoregion divisions 

contain a total of 182 different ecological regions (Agency 2021). This study area was defined by 

ecoregions where the vine already exits because this indicates that these areas theoretically 

possess environmental conditions potentially suitable for the V. rossicum. Ecoregions adjacent to 

those currently inhabited by V. rossicum were also included to allow for the assessment of the 

vines invasion capability to near by areas that may have similar characterises to the ecoregions in 

which it is already inhabiting.  



 

Figure 3. The geographic scope that was used for this study, including level III ecoregions that contain 

and are adjacent to V. rossicum point observations. The Great Lakes were excluded from the study area 

since V. rossicum is a terrestrial plant. All additional variables that were used were projected to the same 

coordinate system, cell size, and extent as the selected ecoregions to ensure that each variable’s pixel 

placement was identical.  



3.4 Environmental Predictors 

3.4.1 V. rossicum Background and Biology  

  

Changes in temperature and precipitation affect habitat and plant distribution, which can 

influence plant productivity (Dobrowski 2011). In both North America and Eurasia, V. rossicum 

thrives in temperate climates. The invasive vine has been observed to grow and invade disturbed 

areas such as ravines, hillside, fence line, stream banks, roadsides, prairies, etc. (DiTommaso, 

Lawlor and Darbyshire 2005). This species is typically associated with calcareous soils, 

primarily shallow silty or sandy loam soil (Foster 2021). During its lifecycle, V. rossicum will 

first produce a rhizome (stems that are under the soil), the root crown then gives rise to 

perennating buds (DiTommaso, Lawlor and Darbyshire 2005). These buds have been observed 

assist perennation, but do not necessarily facilitate population spread. When the main stem is 

damaged, buds on the rhizome readily sprout and produce multiple axillary shoots. Their root 

system is extensive and tenacious, making it difficult to pull from the ground (DiTommaso, 

Lawlor and Darbyshire 2005). The plant has wind born, polyembryony seeds that facilitate long-

distance dispersal and seedling establishment (DiTommaso, Lawlor and Darbyshire 2005). 

Unwittingly. humans or off-leash dogs can spread seeds on their coats, shoes, clothing, bicycle 

tires, etc. (Dobrowski 2011). Regarding the biological preferences of the vine, the following 

environmental variables (Table 1) were used in MaxEnt for predicting V. rossicum species 

distribution: bioclimate, soil, elevation, landcover, and anthropogenic variables.    

3.4.2 Bioclimatic Predictor Variables 

 

Bioclimate variables from the WorldClim.org website of current climate data of 

BIOCLIM variables was used for modeling the potential distribution areas of V. rossicum 

(Hijmans, et al. 1965-1978). The current climate variables are interpolations of data observed 



from 1960-1990. WorldClim.org data contains high-resolution climate averages for 19 

bioclimate observations regarding annual temperatures and annual precipitation at a spatial 

resolution of 30 s (~1 km2; (Hijmans, et al. 1965-1978)). Environmental variables from 

WorldClim.org have been widely used for modeling potential species distributions to help 

explain annual trends and seasonality of species (Wei, et al. 2018).  

To account for potential future (re)distribution of V. rossicum due to climate change, 

datasets of future climate-change scenarios based on IPCC (Intergovernmental Panel on Climate 

Change) information was obtained from WorldClim.org (Hijmans, et al. 1965-1978). The 

bioclimate variable projections that were obtained are based on global climate models (GCMs) 

with four different representative concentration pathways (RCP) available. RCP is a greenhouse 

gas emission trajectory that was adopted from the IPCC and one of the most widely used models 

to simulate global climate response to increasing greenhouse gas concentrations (Zhang, et al. 

2018). The RCP pathways differ in terms of emission peaks. The following (RCPs) or 

greenhouse gas concentration trajectories averages were used: RCP 4.5 (intermediate greenhouse 

gas emission scenario) and RCP8.5 (maximum greenhouse gas emission scenario) to simulate 

habitat distribution of V. rossicum in 2050 (averages from 2041-2070) and 2070 (averages from 

2061-2080) (CCAFS 2016). RCP 4.5 is described as the most probable baseline emission 

scenarios and assumes that emissions will peak around 2040 and then decline (Zhang, et al. 

2018). RCP 8.5 assumes that emissions will continue to rise throughout the 21st century and is 

generally taken as the worst-case climate change scenario (Zhang, et al. 2018). RCP 8.5 assumes 

that the global warming would rise from 1.4 to 2.6 °C, and 2.6 to 4.8 °C between the years 2041 

and 2070, and 2061 – 2080, respectively (Zhang, et al. 2018). Mean global sea level will increase 



from 0.22 m to 0.38 m, and 0.45 m to 0.82 m, respectively, over the same periods (Zhang, et al. 

2018). 

Table 1. Original predictor variables: climatic (current and future), soil, elevation, landcover, and 

anthropogenic variables that were used for this study. 

Predictor Variables Source Description Spatial Resolution at 

Download and Year 

of Validity  

Climate Averages Used:  

 
Current: 

1960-1990 

 
Future:   

2041-2060 with RCP 4.5  

2041-2060 with RCP 8.5 
 

2061-2080 with RCP 4.5  

2061-2080 with RCP 8.5  
 

BIO1 Hijmans, et al. (1965-

1978)  

Annual Mean Temperature spatial resolution: 30 arc s 

(~1 km2)  
Date: 2020 

BIO2 Hijmans, et al. (1965-

1978) 

Mean Diurnal Range (Mean 

of monthly (max temp – min 

temp)) 

 

spatial resolution: 30 arc s 

(~1 km2) 

Date: 2020 

BIO3 Hijmans, et al. (1965-

1978) 

Isothermality 

(BIO2/BIO7)(x100) 

spatial resolution: 30 arc s 

(~1 km2) 
Date: 2020 

BIO4 Hijmans, et al. (1965-

1978) 

Temperature Seasonality 

(standard deviation x 100) 

spatial resolution: 30 arc s 

(~1 km2) 

Date: 2020 

BIO5 Hijmans, et al. (1965-
1978) 

Max Temperature of Warmest 
Month 

spatial resolution: 30 arc s 
(~1 km2) 

Date: 2020 

BIO6 Hijmans, et al. (1965-

1978) 

Min Temperature of Coldest 

Month 

spatial resolution: 30 arc s 

(~1 km2) 
Date: 2020 

BIO7 Hijmans, et al. (1965-

1978) 

Temperature Annual Range 

(BIO5-BIO6) 

spatial resolution: 30 arc s 

(~1 km2) 
Date: 2020 

BIO8 Hijmans, et al. (1965-

1978) 

Mean Temperature of Wettest 

Quarter 

spatial resolution: 30 arc s 

(~1 km2) 

Date: 2020 

BIO9 Hijmans, et al. (1965-
1978) 

Mean Temperature of Driest 
Quarter 

spatial resolution: 30 arc s 
(~1 km2) 

Date: 2020 

BIO10 Hijmans, et al. (1965-

1978) 

Mean Temperature of 

Warmest Quarter 

spatial resolution: 30 arc s 

(~1 km2) 
Date: 2020 

 BIO11 Hijmans, et al. (1965-

1978) 

Mean Temperature of Coldest 

Quarter 

spatial resolution: 30 arc s 

(~1 km2) 
Date: 2020 

 BIO12 Hijmans, et al. (1965-

1978) 

Annual Precipitation spatial resolution: 30 arc s 

(~1 km2) 

Date: 2020 

 BIO13 Hijmans, et al. (1965-
1978) 

Precipitation of Wettest 
Month 

spatial resolution: 30 arc s 
(~1 km2) 

Date: 2020 

 BIO14 Hijmans, et al. (1965-

1978) 

Precipitation of Driest Month spatial resolution: 30 arc s 

(~1 km2) 
Date: 2020 

 BIO15 Hijmans, et al. (1965-

1978) 

Precipitation Seasonality 

(Coefficient of Variation) 
 

spatial resolution: 30 arc s 

(~1 km2) 
Date: 2020 

 BIO16 Hijmans, et al. (1965-

1978) 

Precipitation of Wettest 

Quarter 

spatial resolution: 30 arc s 

(~1 km2) 

Date: 2020 

 BIO17 Hijmans, et al. (1965-
1978) 

Precipitation of Driest Quarter spatial resolution: 30 arc s 
(~1 km2) 

Date: 2020 



 BIO 18 Hijmans, et al. (1965-

1978) 

Precipitation of Warmest 

Quarter 

spatial resolution: 30 arc s 

(~1 km2) 

Date: 2020 

 BIO 19 Hijmans, et al. (1965-
1978) 

Precipitation of Coldest 
Quarter 

spatial resolution: 30 arc s (~1 
km2) 

Date: 2020 

Soil  % Clay 

content 
 

DAAC (2021) Percent clay content for 

topsoil layer-depth 30cm 

spatial resolution: 30 arc s (~1 

km2) 
Date: 2022 

 % Silt 

content 
 

DAAC (2021) Percent silt content for topsoil 

layer-depth 30cm 

spatial resolution: 30 arc s (~1 

km2) 
Date: 2022 

 % Sand 

content 

 

DAAC (2021) Percent sand content for 

topsoil layer-depth 30cm 

spatial resolution: 30 arc s (~1 

km2) 

Date: 2022 

 pH DAAC (2021) pH for topsoil layer-depth 

30cm, HWSD) 

spatial resolution: 30 arc s (~1 

km2) 

Date: 2022 

Elevation Slope 
 

DAAC (2021) Digital elevation model 
(DEM) with a horizontal grid 

spacing of 30 arc seconds 

spatial resolution: 30 arc s (~1 
km2) 

Date:2020 

Landcover Bare & 
Sparce 

Vegetation 

Centre (2020) 

 

Percentage of bare ad sparce 
vegetation landcover 

Spatial resolution (100m) 
Date: 2019 

 Built-Up Centre (2020) 

 

Percentage of built-up (i.e. 

buildings) landcover 

Spatial resolution (100m) 

Date: 2019 

 Cropland Centre (2020) 

 

Percentage of cropland 

landcover 

Spatial resolution (100m) 

Date: 2019 

 Forest Centre (2020) 

 

Percentage of forest landcover Spatial resolution (100m) 

Date: 2019 

 Herbaceous 
Vegetation 

Centre (2020) 

 

Percentage of herbaceous (i.e. 
grassland) landcover 

Spatial resolution (100m) 
Date: 2019 

 Permanent 
Land Water 

Centre (2020) 

 

Percentage of permanent land 
water landcover 

Spatial resolution (100m) 
Date: 2019 

 Seasonal 

Water 

Centre (2020) 

 

Percentage of cropland 

landcover 

Spatial resolution (100m) 

Date: 2019 

 Shrubland  Centre (2020 Percentage of shrubland 

landcover 

Spatial resolution (100m) 

Date: 2019 

Anthropogenic  Population 
Density 

 

Schiavian (2022)  Spatial raster depicts the 
distribution of population 

expresses as the number of 

people per cell.  

spatial resolution: 30 arc s (~1 
km2) 

Date:2022 

 Urban 
nightlights 

 

 
(Li, et al. (2017) 

Settlement distributions and 
settlement intensities in terms 

of brightness from 1992-2021 
at the global scale. Spatial 

resolution: 30 arc-seconds. 

spatial resolution: 30 arc s (~1 
km2) 

 
 

 Road Density 

 

Meijer and Schipper 

(2018) 

Road density distribution  Spatial Resolution: 1lm 

Date: 2019 

 Human 

Settlement 

Layer 

Schiavian (2022) Landsat-made Global Human 

Settlement Layer (GHSL) 

multitemporal information 
layer on built-up presence 

derived from Landsat image 

collections. 

spatial resolution: 30 arc s (~1 

km2) 

Date:2022 

  

 



3.4.3 Soil and Elevation Predictor Variables 

 

To characterize V. rossicum’s relationship between distribution and soil properties, 

information regarding soils characteristics were downloaded from Harmonized World Soil 

Database v1.2 (DAAC 2021) . V. rossicum survives in shallow soils and the bulk of its root mass 

has been found to occur in the top 15cm of soil ((DiTommaso, Lawlor and Darbyshire 2005) 

(Foster 2021)), in this study, soil variables were focused on the topsoil layer. The World Soils 

Database characterizes the topsoil layer as the top 30cm (DAAC 2021). Percent clay, silts, and 

sand content, and pH levels were included to characterize the topsoil texture preferences of V. 

rossicum. To understand V. rossicum’s ability to spread and its elevation range dynamics North 

America elevation data, derived from the GTOP30 elevation dataset produced by the U.S. 

geological survey was obtained for analysis (USGS 2007). 

3.4.4 Landcover Predictor Variables 

Landcover information has proven to be important in predicting the distribution of 

invasive species (Zhang, Wang and Wan 2022). Land cover data is able to represent spatial 

information on different types of physical coverage across the Earth’s surface (e.g. forest, 

grassland, cropland, wetlands). To account for this, land-use/ landcover data was downloaded 

from the Copernicus Global Land Service website (Centre 2020). Present (2019) fractional cover 

of each land-cover per pixel (e.g. percent forests, percent shrublands, percent croplands) at a 

100m resolution landcover rasters was download to be used for analysis.  

3.4.5 Anthropogenic Predictor Variables  

Human activities have proven to be one of the most important driving forces on 

landscape transformation (Goldewijk, Beusen and Doelman 2017). Many ecosystem processes 

are driven by climate and anthropogenic land cover modifications, together they can regulate 

how land surfaces will change over time (Goldewijk, Beusen and Doelman 2017). The 



geographic range of many invasive species are influenced by human assisted movement 

(Goldewijk, Beusen and Doelman 2017). V. rossicum is most commonly found close to human 

habitation in disturbed habitats (i.e., roadsides, pastures, old fields, railroad embankments, etc.) 

that are created and maintained by humans. The anthropogenic influence on V. rossicum was 

considered while modeling potential habitats.  

Urban night lights were used to analyze settlement distribution and intensities (in terms 

of brightness) (NOAA 2022). Human settlement layer of ‘built areas’ Landsat data and road 

densities were also used as an indicator of human presence and pressure (Martino, et al. 2016). 

For nightlights, human population, road density and settlements, the data was spatially smoothed 

over a large area before using them for analysis. This was done by using the Focal Statistics tool 

available in ArcMap 10.8.1 to apply a low pass 3 by 3 filter. A 3x3 filter spatially smooths in 

proportion to the pixel resolution of the data. The raw, untransformed anthropogenic data is 

spatially abrupt, by smoothing using the 3x3 filter, it generalizes the spatial pattern and extends 

the influence of the data onto the surrounding landscape (ESRI 2020). A low pass 3-by-3 filter 

over rasters is often recommended as the filter smooths the data by reducing local variation and 

removing noise (ESRI 2020). The Raster Reclassify Tool was also applied to the road density 

raster to change the ‘no data’ values where roads do not exist to a value that can be recognized 

by MaxEnt. The outputs from the ArcGIS Focal Statistics Tool and the Raster Reclassify Tool 

were used within the MaxEnt model.  

Spatial filters, like the low pass filter, are one of several methods for digital processing 

that can be used to smooth specific features based on their spatial frequency (ESRI 2020). Spatial 

frequency refers to the frequency of variation of the different pixels that appear in a raster image 

(ESRI 2020). Depending on the user’s research objective there could be several reasons why 



spatial smoothing might be appropriate. For the purposes of this study spatial smoothing was 

applied to all anthropogenic data to help extend the influence of these variables and make the 

information less abrupt across the study area. Human influence, for example, does not 

necessarily end or begin where a settlement or a road ends and begins but extends outwards some 

distance from these points. Smoothing was used as an attempt to capture the concept that “human 

influence” spreads outwards further from their observed instances (i.e. roads, settlements, 

nightlights, or population densities). A low pass filter is designed to adjust large and 

homogenous enough areas to have pixels of similar intensity (ESRI 2020). This reduces the 

smaller details of an images. The low pass filter calculates the average value for each 3x3 pixel 

neighborhood and replaces those pixels by the result obtained (ESRI 2020). The filter moves 

along columns and lines of the raster, one pixel at a time, repeating the calculation until the 

whole image has been filter (ESRI 2020).   

Since there is no future anthropogenic data, and it is difficult to project, this study 

assumed that human activity is constant from current to the future and applied the current 

anthropogenic data in the future projections. Soil conditions, landcover, and elevation parameters 

also remained unchanged following the analyses of SDM projections under future climate 

conditions. 

3.5 Modelling Procedure 

3.5.1 Establishing Significance of Spatial Factors 

 

MaxEnt software was used with the purpose of forecasting the current potential and 

future potential range distribution of V. rossicum. MaxEnt version 3.4.4 was used, where climatic 

variables were applied as hypothetical predictive variables and associated with geographical 

records of the species of interest (Merow, Smith and Silander Jr 2013). The precision of MaxEnt 



outputs is ultimately dependent on the precision and accuracy of the available spatial data 

(Phillips 2017). To produce realistic results, environmental predictors should be as representative 

as possible to the known distribution of the species of interest (Shabani, et al. 2020). 

Environmental variables for this study were selected based on the assumed relationship with V. 

rossicum. The future environmental variables were based on the global climate model CCSM4 

(community climate system model version 4) using two different climate change scenarios 

(RCP4.5 and RCP8.5) for averages of the years 2050 and 2070 to provide a framework for V. 

rossicum management planning. All variables that were used were projected to the same coordinate 

system, cell size, and spatial resolution (1-km) to ensure that each variable’s pixel placement was 

identical. 

SDMs, like MaxEnt, should be used with caution and tailored to the species of interest to 

produce credible information, and to avoid an underestimation or an overestimation of a species 

potential habitat (Rodriguez-Rey, Jimenez-Valverde and Acevedo 2013). Spatial autocorrelation, 

defined as the degree of dependency of variables in geographical space, is a complication that 

has been shown to occur in SDMs (Anselin and Moreno 2003). Additionally, multicollinearity, a 

statistical problem defined as a high degree of correlation among predictor variables, often 

naturally results when SDMs are obtained from a large dataset of associated environmental 

covariates (Moya, Jacome and Yoo 2017). 

 To overcome the concern for spatial autocorrelation and multicollinearity, a Pearson’s 

correlation between predictor variables evaluated using the Band Collection Statistics tool 

available in ArcMap 10.8.1 to examine the strength of association between  sets of 

environmental variables (e.g. climate variables, soil variables, and human variables) respectively 

to select a minimum set of meaningful variables that explains most of the variation from the 



complete dataset (van Breugel 2015). The correlation analysis was performed on sets of 

variables, so there may still be a correlation that exists between variables of different sets (i.e a 

correlation between cropland and population density) that was not accounted for in this study.  

The Band Collection Statistics tool can perform a multivariate analysis on a set of rasters 

to compute covariance and correlation matrices. The covariance matrix includes values of 

variance (measure showing variance from mean) and covariance. Covariance is calculated by the 

squares of the differences between each cell value and the mean value of all cells are averaged:  

 
where: 

Z - value of a cell 

i, j - are layers of a stack 

µ - is the mean of a layer 

N - is the number of cells 

k - denotes a particular cell 

The correlation matrix depicts the relationship between two datasets. For raster layers, the 

correlation matrix presents the cell values from one raster layer as they relate to the cell value of 

another layer. The correlation is a ratio of the covariance between two layers divided by the 

product of their standard deviation:  

 

 



From the original predictor variables (Table 1), the variable with a correlation 

coefficients >0.7 or <−0.7 were excluded. To be able to compare the vine distribution between 

the current, 2050, and 2070 a single set of predictor variables was selected that was common to 

all temporal and climate scenarios (Table 2). This correlation analysis was performed to reduce 

the number of variables that were highly correlated, instead of applying all the original 

environmental variables to the model where redundancy was found to be present. The same 

procedure was conducted to reduce redundancy amongst environmental layers among each time-

period being investigated to predict the potential distribution of V. rossicum (see appendix for 

correlation matrices).  

According to the correlation analysis that was performed on the four anthropogenic variables 

(human settlements, road density, urban nightlights, and population density) none of these 

variables were found to be highly correlated. It was expected that these anthropogenic variables 

would be highly correlated since they are meant to capture human presence across the study area. 

It was expected that these anthropogenic variables would contain very similar information, and 

thus result in high correlation results. However, it is possible that the variable smoothing that 

was performed could be one explanation for why they were not observed as highly correlated. 

Since correlation coefficients were within the threshold (correlation coefficients >0.7 or <−0) all 

four variables (human settlements, road density, urban nightlights, and population density were 

included within the models. There were seventeen final variables (5 bioclimatic variables, 2 soil 

variables, 1 elevation variables, 5 landcover variables, 4 anthropogenic variables) for each 

scenario (current, 2050 and 2070). 

 

 



Table 2.Variables input into Maxent. The variables in bold below were those that were selected as 

predictive variables to be input into Maxent for modeling based on the correlation analysis performed. 

The variables that are in grey are those that were excluded from model analysis (coefficients >0.7 or 

<−0.7 were excluded).  

Predictor Variables 

Climate Averages Used:  
 

Current: 

1960-1990 
 

Future:   

2041-2060 with RCP 4.5  
2041-2060 with RCP 8.5 

 

2061-2080 with RCP 4.5  
2061-2080 with RCP 8.5  

 

BIO1 

BIO2 

BIO3 

BIO4 

BIO5 

BIO6 

BIO7 

BIO8 

BIO9 

BIO10 

 BIO11 

 BIO12 

 BIO13 

 BIO14 

 BIO15 

 BIO16 

 BIO17 

 BIO 18 

 BIO 19 

Soil  % Clay content 



 

 % Silt content 

 

 % Sand content 

 

 pH 

Elevation Slope 

 

Landcover Bare & Sparce Vegetation 

 Built-Up 

 Cropland 

 Forest 

 Herbaceous Vegetation 

 Permanent Land Water 

 Seasonal Water 

 Shrubland  

Anthropogenic  Population Density 

 

 Urban Nightlights 

 

 Road Density 

 

 Human Settlement Layer 

  

The selected predictor variables for modeling were formatted in ArcMap to match the 

extent of the study area and to ensure that the cell size and coordinates of all chosen predictor 

variables remained the same. The predictor variable rasters were then converted to ASCII 

format, and input into MaxEnt to preform analysis on current and future distribution patterns of 

V. rossicum. As the MaxEnt model is trained, the predictor variables that are contributing to 

fitting the model are tracked. The MaxEnt algorithm increases the gain of the model by 

modifying the coefficient for a single feature, the model is then able to assign an increase in gain 

to the predictor variable(s) that the feature depends on (Merow, Smith and Silander Jr 2013). The 

increases in gain are converted to percentages to obtain percent predictor variable contribution. 

Percent contribution is only heuristically defined, meaning that it depends on the path that the 

MaxEnt code used to find the optimal solution for habitat suitability. A different algorithm could 

be used to achieve the same solution for habitat suitability but may result in different percent 

contributions (Pearson, et al. 2007). Permutation importance is also measured by MaxEnt, where 

the contribution for each predictor variables is determined by randomly permutating the values 



of that variable among the training points and measuring the resulting decrease in training AUC 

(Phillips 2017). Using these percent contributions or permutation importance alone for 

interpretation is not recommended, because often environmental variables are highly inter-

correlated, resulting in an overfit model that may express misleading variable importance 

(Pearson, et al. 2007).  

Since it is likely that predictor variables are be spatially correlated and have the potential 

to cause overfitting to the prediction of the model, the MaxEnt built-in Jackknife test was applied 

(for each analysis of years 2022, 2050, and 2070) to assess the relative contribution of 

environmental variables to the predicted potential distribution of V. rossicum (Alcala-Canto, et 

al. 2019). The jackknife analysis, when applied creates several versions of a given model, each 

systematically excluding a given predictor variable to evaluate the relative importance of 

predictor variables (Phillips 2017). Specifically, the Jackknife process entails firstly that one 

predictor variable is left out from the analysis. A model is constructed with the remaining 

predictor variables. This process is repeated so that each predictor variable is left out one time. 

(Phillips 2017) Then a model is created using each predictor variable in isolation as well as a 

model using all predictor variables. The results of the jackknife appear as a bar chart to 

demonstrate which of the input predictor variables (Table 2) are relatively the most important for 

forecasting the species potential distribution. Variable importance can be found when looking at 

the jackknife bar chart output (ex. Figures 6 and 7). The dark blue bar represents the AUC value 

with only that specific predictor variable, the higher the AUC value of predictor variable 

indicates greater importance to model predictions. The turquoise bar represents the AUC without 

the individual variable but with all others. If the turquoise bar decreases considerably compared 

to the red bar (with all variables) it indicates that a predictor variable contains useful information 

that is not already contained in the other predictor variables (Phillips 2017).    



3.5.2 Modeling Current and Future Potential Distribution  

MaxEnt relates species presences and pseudo-absences, within a defined area with 

selected predictor variables to model environmental suitability across space (Phillips 2017).  

MaxEnt supports four different model output value options: raw, logistic, cloglog, and 

cumulative. Each of the output metrics have a different scaling that will lead to different 

interpretation and visually different prediction maps (Phillips 2017). The raw output is 

interpreted as a relative occurrence rate (ROR), and according to Merow et al. (2013), should be 

used whenever possible because it is useful for comparing different models for the same species 

and therefore will be the method of output that will be used in this study.  

MaxEnt has some associated pitfalls that need to be addressed when modeling, for 

example the model may be: oversized (i.e. one or more predictors have little predictive power), 

over fitted (i.e. the number of predictors may be too high compared to the number of 

observations), or redundant (i.e. multicollinearity, some predictors my be correlated in a 

significant manner)  (Merckx, et al. 2011; (Parolo, Rossi and Ferrarini 2008)). Careful selection 

of predictor variables to minimise multicollinearity, as per Section 5.4.1, should reduce the 

potential for overfitting and multicollinearity. Cross validation and bootstrapping are built in 

functions in MaxEnt that were used as an attempt to estimate meaningful and unbiased predictive 

relationships which are then tested for reliability against the reality of autocorrelated data. These 

methods help test for how well the modelling relationships might hold true given another similar 

dataset outside of this study region.  For example, cross-validation has proven to be a preferable 

method for evaluating models (Merow, Smith and Silander Jr 2013). The cross-fold validation 

approach or “replicates” option was used to randomly split occurrence data of V. rossicum into k 

different parts (referred to as k-folds) of equal-sized groups or “folds”. 15 replicates were used 



for cross-validation and there were total of 8,536 occurrences of V. rossicum. Every datapoint is 

assigned once to each of the k datasets sets of ‘folds’.  Next, k-1 models are run on all possible k-

1 samples comprised of k-1 folds, each omitting one of the k folds in turn. Finally, each of these 

k-1 models based on k-1 folds is validated against the excluded data in the excluded fold 

(Phillips 2017). The predictive performance is recorded and averaged across the k-1 models.  

Using cross-validation over a single training/test split of the data is advantageous because all the 

data is used for model training and validation over the k-1 iterations of the cross-fold validation 

procedure (Phillips 2017). A cross-validation will help evaluate the MaxEnt models’ predictions 

for V. rossicum through a summary of statistical information, including ROC (receiver under the 

operator) curves with error bars, average AUCs (area under the ROC curve) across models, and 

summary response curves with one standard deviation error bars (Phillips 2017).  

In addition to cross-validation, a second method for estimating uncertainty and evaluating 

the predictive power of the MaxEnt model was applied using the bootstrap resampling algorithm 

of MaxEnt. Bootstrapping is a statistical technique whereby the precision of the MaxEnt model 

estimates can be evaluated empirically by simulating the process of iteratively sampling all 

occurrence data with replacement (Vinod and Lopez-de-Lacalle 2009). The maximum entropy 

bootstrap guarantees a more robust, accurate, and reliable results even for small samples (Vinod 

and Lopez-de-Lacalle 2009). The advantage of the bootstrap procedure is that the assumptions 

about the distribution of the population data (e.g., normality) are not required to make inferences 

about the parameter of interest (Vinod and Lopez-de-Lacalle 2009). The resampling process is 

repeated many times (e.g.1000) to simulate the process of repeated sample from the population 

(Vinod and Lopez-de-Lacalle 2009) and, thus, generate estimates of variability that allow for 



inference of model robustness assuming subtlest changes to the study region or indeed vine 

geography. 

 For investigating the potential distribution of V. rossicum, this study will average 

multiple predictions from bootstrap samples. 1000 bootstraps were used for analysis of each year 

(2022, 2050, and 2070) to evaluate the uncertainty of the model. Given a sample of k 

occurrences, bootstrapping sampled all k V. rossicum occurrences with replacement, over 1000 

iterations. Model results are presented in the form of ‘average’ relationship observed over all the 

1000 models that were run on the 1000 unique bootstrapped samples of size k. The main goal of 

bootstrapping will be to capture uncertainty of the MaxEnt predictions for the observed 

information.  

For the MaxEnt models, first the current defined climatic conditions were incorporated 

into the model to create a ‘present-day’ model. Then, in place of current environmental 

conditions, environmental conditions under two different climate change scenarios (RCP4.5 and 

RCP8.5) were applied in separate models for years 2050 and 2070 to allow for comparison of 

present-day distribution and future scenarios. Relative habitat suitability maps will be directly 

produced by the MaxEnt model from using (a) predictor variables (selected from the Pearson’s 

correlation analysis) and (b) V. rossicum observation data. Cross-validation and bootstrapping 

were applied as two different methods for model validation to all current and future model 

scenarios. (Çoban, Örücü and Arslan 2020). Maps will demonstrate area of high to low potential 

distribution (RORs) of V. rossicum from the MaxEnt raw outputs under current climate 

conditions (2022) and future climate change scenarios (for years 2050 and 2070).   



3.5.3 Analysis of Distribution Change Over Time  

This study does not investigate the temporal rate of spread V. rossicum (i.e. the 

mechanisms and speed of spreading), but instead given that climate change scenarios (RCP4.5 

and RCP8.5) occur with favorable environmental conidiations, it is possible for V. rossicum to 

spread across the study area. This study is assuming that overtime (2050 and 2070) spreading of 

V. rossicum will occur and where that spreading may occur is being investigated to predict 

differences in the extent of the vine’s geographic range. For further analysis, the outputs 

generated by MaxEnt were transformed into raster format using ArcGIS tools. The raster 

calculator tool was used calculate the areas (km2) of potential habitat predicted by MaxEnt 

across all models. Then, using the raster calculator tool the future rasters of potential habitat 

predicted by MaxEnt were subtracted from the current predictions to assess for any changes in 

habitat over the investigated time frames. The size of potential habitat area changes from present 

models to future models was measured in km2.  

Chapter 4: Results  

4.1 MaxEnt Model Performance  

For each time-period scenario, cross-validation and bootstrapping was applied separately 

to help assess the performance of the MaxEnt models. The models that were generated are 

evaluated by the AUC (area under the receiver-operator curve) (Table 3, Figure 4, and Figure 

5). The AUC measures performance on a scale between 0 and 1 based on the ability of the 

model to be able to discriminate V. rossicum presence from V. rossicum absence. The 

evaluation criteria for AUC performance is classified into five groups: poor (0.0-0.6), fair 

(0.6-0.7), good (0.7-0.8), very good (0.8-0.9), or excellent (0.9-1) (Swets 1988). The results 

from the MaxEnt predictions were greater than 0.8 for all models where cross-validation was 



applied, and greater than 0.9 for all models where bootstrapping was applied. This indicated 

that the Maxent’s performance was good for all models using cross-validation, and great for 

all models using bootstrapping, according to the AUC results.  

Table 3. Average AUC values and average standard deviation from model replicates ran in MaxEnt. For 

cross-validation method, 15 replicates were run within each scenario. For bootstrapping method, 1000 

replicates were performed with each scenario.  

Scenario  AUC from Cross Validation Method AUC from Bootstrapping Method 

Current 0.895 ± 0.005 0.911 ± 0.001 

2050 RCP 4.5 0.895 ± 0.006 0.912 ± 0.001 

2050 RCP8.5 0.895 ± 0.005 0.911 ± 0.001 

2070 RCP4.5 0.896 ± 0.005 0.912 ± 0.001 

2070 RCP 8.5 0.896 ± 0.005 0.912 ± 0.001 

 

Below, Figures 4 and 5 are Area under the Receiver Operating Characteristics (ROC) 

Curve or Area Under Curve (AUC) plots of sensitivity (representing how well the data can 

correctly predict V. rossicum presence) and 1-specficity (a measure of correctly predicted 

absences). MaxEnt creates AUC plots of sensitivity vs 1-specificity to describe the model 

performance. A greater sensitivity omission rate explains the performance of the model run 

towards goodness of fit. MaxEnt uses all possible thresholds in the construction of ROC curves, 

classifying each score into a confusion matrices (Phillips 2017). Then, finding sensitivity and 

specificity for each matrix and then plotting sensitivity against the corresponding proportion of 

false positives (1-specifciity) (Phillips 2017). The red (training) line shows the model’s “fit” to 

the training data. The blue line (testing) is the real test of the model’s performance by showing 

the fit of the model to the testing data. The ROC curve values vary from 0 to 1, values <6 

indicate that the model performance was poor, 0.6 -7.0 indicates good performance, 0.8-0.9 

indicate very good performance, and 0.9-1.0 indicate excellent performance (Swets 1988).    



 

Figure 4. Area under the ROC curve (AUC) values averaged over the replicate runs for the V. 

rossicum Maxent cross-validation models. 

  
 
  
 
  
  
  
 
  

 
  
  
 
 
  
 
  
 

                                       

                                                                    

                                                     

        
                
                

                                                                           



 

Figure 5. Area under the ROC curve (AUC) values averaged over the replicate runs for the V. rossicum 

Maxent bootstrapping models. 

 

4.2 Key Predictor Variables 

   

Table 4 and Table 5 below show the percent contribution of the predictor variables input into 

MaxEnt from Table 2. While the models ran, MaxEnt kept track of which environmental 

variables made the greatest contribution to the overall potential species distribution. The Maxent 

algorithm modifies the coefficient of a single predictor variable by increasing the gain of the 

variables that V. rossicum depends on. The values are converted to percentages in the end to have 

a final percent contribution value for each predictor variable within the model. Although MaxEnt 

may show that some variables have a higher percent contribution than others, this does not 

necessarily mean that those variables are more important to V. rossicum. For this reason, to 

  
 
  
 
  
  
  
 
  

 
  
  
 
 
  
 
  
 

                                       

                                                                 

                                                     

        
                
                

                                                                           



achieve an alternative estimate of variable importance, the built-in jackknife test was also applied 

to all the MaxEnt models (Figures 6 and 7).  

Tables 4 and 5 highlight some of the key predictor variability within the data. Based on 

percent contribution the top three predictor variables within each run are highlighted in grey. 

With cross validation applied almost all the same top three predictor variables were shown: pH, 

BIO2 (mean of monthly max temp – min temp), and nightlights. Except for the 2070 RCP8.5 

scenario, the top three predictor variables were BIO8 (mean temperature of wettest quarter), 

BIO15 (precipitation seasonality), and tied between pH and nightlights. Alternatively, when 

bootstrapping was applied the results were similar but with a bit more variability in the top three 

predictor variables with the highest percent contribution. Among the modelling scenario’s top 

three predictor variables for when bootstrapping was applied included: percent sand, pH, BIO2, 

BIO8, and nightlights.  

Figure 6 and 7 displays the results from the Jackknife test of variable importance. The 

screened predictive variables are on the vertical axis and the horizonal axis represent the AUC 

score of each predictive variable. The variables that are the most important can be found by 

looking at the dark blue bars, these represent the regularized training gain, which defines variable 

importance with only this specific variable run. This training gain is measured by MaxEnt by 

estimating which predictor variables increase or decrease potential species distribution from one 

iteration of the model’s algorithm to the next (Phillips 2017). The turquoise bars show the 

regularized training gain without the individual variable but with all other variables of the model 

(Table 2). The red bar represents the sum of all the variables scores. Table 6 highlights the top 

predictor variables from Figure 6 and 7 Jackknife results, among the top predictor variables 

found across the models include: BIO1 (annual mean temperature), BIO8 (mean temperature of 



wettest quarter), BIO15 (precipitation seasonality), BIO18 (precipitation of wettest quarter), and 

pH. 

It is important to note that an argument could be made that none of the variables are very 

important, or necessary for model accuracy. For example, when omitting any given predictor 

variable during the Jackknife test, all the turquoise bars in Figures 6 and 7 still achieve roughly 

the same respectable model AUC. In each case, the omitted predictor variable in question shows 

to have little effect on the final AUC, regardless of how much of this AUC this variable alone 

can capture (dark blue bars). Even when the seemingly most important predictor variable is 

omitted (greatest dark blue bar) in Figure 6 and 7, such as BIO1 or BIO18, the total AUC of the 

corresponding model (turquoise bar) remains no less than for other model versions in Figure 6 

and 7. 

Table 4. Percent contribution (PC) of environmental variables applied in Maxent models when cross-

validation was applied to models. 

 

 

Predictor Variables Current 2050 RCP 4.5 

 

2050 RCP 8.5 

 

2070 RCP 4.5 

 

2070 RCP 8.5 

 

Percent Sand 12.3 13.6 14.1 14.1 8.9 

pH 19.7 18.9 18.9 19.1 12.3* 

Cropland 0.9 0.4 0.4 0.4 0.3 

Built-Up Land 0.5 0.6 0.5 0.7 0.2 

Forest 0.3 0.5 0.1 0.6 0.4 

Shrubland 0 0 0 0 0 

Grassland 0 0 0 0 0 

BIO1 2.8 4.4 3.6 2.9 2.9 

BIO2 23.8 19.7 23.3 14.9 10.4 

BIO8 0.5 0.5 0.3 5.3 14.2 

BIO15 7 10.5 7 13.7 23.4 

BIO18 3.9 2.2 4 2.4 3.9 

Elevation 0.2 0.2 0.2 0.2 0.2 

Human Settlements 0.6 0.7 0.4 0.6 0.4 

Human Population 5.4 4.1 3.3 2.7 1.1 

Nightlights 15.9 16.2 16.4 16.7 12.3* 

Roads 6.4 7.5 7.3 5.6 8.9 



 

 

Table 5.  Percent contribution (PC) of environmental variables applied in Maxent models when 

bootstrapping was applied to models. 

Predictor Variables Current 2050 RCP 4.5 

 

2050 RCP 8.5 

 

2070 RCP 4.5 

 

2070 RCP 8.5 

 

Percent Sand 15 15.9 15.2 15.3 9.7 

pH 17.4 18.3 17.8 17.5 12.7 

Cropland 0.8 0.4 0.5 0.6 0.5 

Built-Up Land 0.7 0.5 0.6 0.5 0.3 

Forest 0.3 0.3 0.2 0.3 0.4 

Shrubland 0 0 0 0 0 

Grassland 0 0 0 0 0 

BIO1 3.5 5.1 3.2 2.4 2.9 

BIO2 22.2 18.2 23.5 17.6 8.9 

BIO8 0.6 0.4 2.8 3.8 14.2 

BIO15 7.3 10.7 6.9 3.1 26.5 

BIO18 4.1 3.2 2.8 0.3 2.1 

Elevation 0.2 0.2 0.1 0.3 0.1 

Human Settlements 0.6 0.4 0.6 0.4 0.4 

Human Population 4.9 5.1 5.3 5.3 3.6 

Nightlights 15.7 14.8 16.5 13 11.1 

Roads 6.7 6.5 6.3 5.6 6.6 



 

Figure 6.  Jackknife test for AUC of predictor variables for V. rossicum MaxEnt models with cross validation applied. 



 

Figure 7. Jackknife test for AUC of predictor variables for V. rossicum MaxEnt models with bootstrapping applied.



 Table 6. Summary of top predictor variables from Jackknife results (Figure 6 and 7) 

 

4.3 Geographic Distribution Predictions from MaxEnt 

   

The predicted species distribution map’s (Figure 8 and 9) displays the predicted relative 

habitat suitability for V. rossicum. MaxEnt produces relative habitat suitability raster estimates 

with values ranging from 0 (lowest) to 1 (highest). Areas that have a value closer to 0 are 

considered less suitable and those closer to 1 are considered more suitable. There are no set rules 

to establish thresholds for MaxEnt maps, but thresholds can depend on the data or research 

objectives, and therefore thresholds can vary among species and studies (Phillips 2017). For this 

analysis threshold values for Figure 8 and Figure 9 were based on statistical measures from the 

“maxentResults.csv” saved files. Some common thresholds that have been used include: a 

minimum training presence logistic threshold, 10th percentile training presence threshold, and 

equal training sensitivity and specificity logistic threshold (Phillips 2017). 

 For this study, the 10th percentile training presence threshold was used. The value in the 

last row of the “10th percentile training presence” in the “maxentResults.csv” represents the 

average 10% minimum threshold from all MaxEnt runs. The 10th percentile training presence 

assumes that the 10% of occurrence records in the least suitable habitats are not occurring in 

areas that are representative of the species overall habitat, and thus should be omitted (Phillips 

2017). The 10th percentile training presence value found in the maxentResults.csv was 0.3. This 

information was used to reclassify the map thresholds in ArcMap. The resulting maps had five 

 Cross-Validation Scenario Bootstrapping Scenario 

Rank Current  2050 RCP 4.5 2050 RCP 8.5 2070 RCP 4.5 2070 RCP 8.5 Current  2050 RCP 4.5 2050 RCP 8.5 2070 RCP 4.5 2070 RCP 8.5 

1 BIO18 BIO1 BIO1 BIO1 BIO8 BIO18 BIO1 BIO1 BIO1 BIO15 

2 BIO1 pH pH pH BIO15 BIO1 pH pH BIO18 BIO1 

3 pH BIO18 BIO8 BIO18 BIO1 pH BIO18 BIO18 BIO8 BIO8 



classification (Figures 8,9, and 10). Green (0.60 -1.0) areas represent areas with the highest 

relative habitat suitability for V. rossicum and areas with low suitability are shown in red (0.31 – 

0.40). Areas with moderate habitat suitability are shown in yellow (0.51 – 0.6) and orange (0.41 

– 0.50). Beige (>0.3) defines areas that are unsuitable for V. rossicum.  The maps below predict 

the regions for V. rossicum dispersal under current and future climate conditions using both 

bootstrapping and cross validation methods. The relative habitat suitability for the current 

predictions and with future climate change scenarios appear to have a similar amount of suitable 

habitat for V. rossicum.  

Figure 10 was taken from the cross validation relative habitat suitability maps (seen in 

Figure 8). This map is the present cross validation results overlayed with V. rossicum 

observations. This was done to highlight where the invasive vine has historically been observed 

and how the MaxEnt model predictions compare to these observations.  It is important to 

remember that the point observations of V. rossicum are bias, they are only where people have 

sampled and cannot be representative of the entire current population. 



Figure 8. Maps of the potential current and future habitat suitability under different climate scenarios using cross validation method for V. rossicum 

occurrence. Relative habitat suitability is ranked on a scale from 0 - 1, with 0 being the least suitable and 1 being the most suitable. 



 

Figure 9. Maps of the potential current and future habitat suitability under different climate scenarios using bootstrapping method of validation for V. rossicum 

occurrence. Relative habitat suitability is ranked on a scale from 0 - 1, with 0 being the least suitable and 1 being the most suitable. 

 



Figure 10. Map of the potential current habitat suitability using cross validation method for V. rossicum 

occurrence overlayed with V. rossicum observations. Relative habitat suitability is ranked on a scale from 0 - 

1, with 0 being the least suitable and 1 being the most suitable. 



Table 7 and Table 8 are calculations from the relative habitat suitability maps seen in Figure 8 

and Figure 9. The area for each classification was calculated in ArcMap using the raster 

calculator tool so that relative habitat suitability could be more easily interpreted. The area total 

area in km2 was calculated for each of the 5 classification areas (highly suitable, suitable, 

somewhat suitable, poorly suitable, and not suitable). For both the bootstrapping and cross 

validation methods, current prediction have the largest area of relative habitat suitability for V. 

rossicum predicted.  

Table 7. Measure of relative habitat suitability (in k𝑚2) and percentage of total study area) across time 

and differing future climate scenarios using cross validation. 

Cross Validation Scenario 

Relative Habitat 

Suitability  

Current  2050 RCP 4.5 2070 RCP 4.5 2050 RCP 8.5 2070 RCP 8.5 

Most suitable 

(0.6 -1.0) 

287,334.26 
(7.95%) 

278,435.99 
(7.70%) 

277,121.53 
(7.67%) 

278,397.8 

(7.49%) 

 

282,780.03 
(7.82%)) 

Moderately Suitable  

(0.5 - 0.6) 

67,172.97 
(1.86%) 

71,180.46 
(1.97%) 

62,957.83 
(1.74%) 

63,311.53 

(1.70%) 

 

60,001.90 
(1.70%) 

Somewhat Suitable 

(0.4 - 0.5) 

75,121.92 
(2.08%) 

66,855.47 
(1.85%) 

73,855.72 
(2.04%) 

78,727.46 
(2.12%) 

 

70,386.08 
(1.95%) 

Least Suitable  

(0.3 - 0.4) 

8,8045.46 
(2.44%) 

87,860.68 
(2.43%) 

83,507.11 
(2.31%) 

99,493.09 

(2.68%) 

 

81,353.18 
(2.25%) 

Not Suitable  

(<0.3) 

3,097,548.89 
(85.68%) 

3,110,321.94 

(86.05%) 

3,117,212.34 
(86.24%) 

3,193,724.59 

(85.99%) 

 

3,120,133.35 
(86.32%) 

Sum of Relatively 

Suitable Areas 

(Most - Least) 

(0.3 - 1.0) 

517,674.61 
(14.32%) 

 

504,332.60 
(13.95%) 

 

497,442.19 
(13.76%) 

 

 

512,929.97 
(14.00%) 

 

494,521.19 
(13.68%) 

 

 

 

 

 

 

 

 

 



Table 8. Measure of relative habitat suitability (in km2) and percentage of total study area) across time 

and differing future climate scenarios using bootstrapping. 

Bootstrapping Method 

Relative Habitat 

Suitability  

Current  2050 RCP 4.5 2070 RCP 4.5 2050 RCP 8.5 2070 RCP 8.5 

Most suitable 

(0.6 -1.0) 

268,543.94 

(7.30%) 

 

270,083.82 
(7.74%) 

262,383.79 
(7.26%) 

267,943.23 
(7.41%) 

269,966.98 
(7.47%) 

Moderately 

Suitable  

(0.5 - 0.6) 

64,154.81 

(1.74%) 

61,845.31 
(1.71%) 

55,675.00 
(1.54%) 

60,650.87 
(1.68%) 

58,909.70 
(1.63%) 

Somewhat Suitable 

(0.4 - 0.5) 

72,260.60 

(1.96%) 

72,011.04 
(1.99%) 

69,260.85 
(1.92%) 

76,490.98 
(2.12%) 

69,014.48 
(1.91%) 

Least Suitable  

(0.3 – 0.4) 

86,142.37 

(2.34%) 

84,658.36 
(2.34%) 

81,267.46 
(2.25%) 

93,249.93 
(2.58%) 

77,984.50 
(2.16%) 

Not Suitable  

(<0.3) 

3,124,121.79 

(84.91%) 

3,126,056.00 
(86.48%) 

3,146,067.43 
(87.04%) 

3,116,319.53 
(86.21%) 

3,138,778.89 
(86.83%) 

Sum of Relatively 

Suitable Areas 

(Most - Least) 

(0.3 - 1.0) 

555,256.53 
(15.09%) 

 

 

 

488,598.53 
(13.52%) 

 

 

468,587.10 
(12.96%) 

 

 

498,335.01 
(13.79%) 

 

475,875.66 
(13.17%) 

 

 

4.4 Predicted Habitat Suitability Change for V. rossicum Over Time 

 

Figure 11 and 12 is a series of maps that demonstrate the relative habitat suitability 

change over time. These maps were created by using the raster calculator tool in ArcMap to 

subtract the “present day” potential habitat rasters for V. rossicum from the future predicted 

potential habitat raster in Figure 8 and 9. Since the relative habitat suitability is ranked on a scale 

of 0 to 1, when the raster pixel values were subtracted, the relative habitat suitability change is 

ranked on a scale of -1 to 1, as seen below in Figure 11 and 12. The maps below do not indicate 

to what degree habitat change is improving or worsening for the invasive vine but indicates 

which areas where there has been a change in the overall habitat suitability based on the MaxEnt 

predictions.  

 



In figure 11 and 12, areas that resulted in a negative value from the raster subtraction 

indicate that these locations were more suitable under current conditions and less suitable under 

the future conditions for V. rossicum. Locations where the subtraction results were equal to 0 

indicates that there was no change in habitat suitability over time. The positive values from the 

relative habitat suitability change, indicates that these areas are becoming more suitable for V. 

rossicum. Area in dark brown (-1.0 to - 0.36), indicate areas with large changes that were more 

suitable under current conditions and less suitable for the future scenarios below. The light 

brown areas (-3.5 – 1.0) indicate locations where there were smaller changes in habitat 

suitability, and habitats were more suitable under current conditions. The beige classification 

with 0 values indicates that there were no changes here in habitat suitable over time. The light 

blue areas (0.01 – 0.35) was where small changes were observed in habitat becoming more 

suitable under future conditions. The dark green (0.36 -1.0) indicate larger changes where habitat 

has become more suitable under the future climate change conditions. 

Table 9 and Table 10 are calculations that were made in ArcMap 10.8.1 to determine 

either the total areas of increases, decreases, or no changes in predicted suitable habitat seen in 

Figure 11 and 12. This helps to generalize what is expected to happen if future climate 

conditions follow the environmental models that were used for analysis. Across all scenarios it is 

seen that there are only small shifts in the overall habitat suitability. We can also see that a lot of 

the areas that were previously suitable (light and dark brown) under current predictions have 

become less suitable under future conditions. There are some areas where the model predicts 

habitats will become more suitable (light blue and dark green) for V. rossicum, but these areas 

are small in comparison to the rest of the study area. Figure 12 displays the same information as 

Figure 11 but with the current V. rossicum observations overlayed on top to help visualize where 

the vine historically exists and how this compares to the estimated relative habitat suitability 

changes. 



 

Figure 11. Relative habitat suitability change for V. rossicum across the study area under different climate change scenarios.



 

Figure 12. Relative habitat suitability change for V. rossicum across the study area under different climate change scenarios with current V. 

rossicum observations.



 

Table 9. Measure future change (km2) calculated against the current habitat predictions from MaxEnt 

with cross-validation applied. 

Cross Validation Scenario 

Habitat Change (k𝐦2) 2050 RCP 4.5 2070 RCP 4.5 2050 RCP 8.5 2070 RCP 8.5 

Least Suitable 

(-1.0- -0.36)  

9,601.22 

(0.26 %) 

13,679.83 

(0.38 %) 

18,763.65 

(0.52 %) 

24,792.35 

(0.69 %) 

Somewhat Less Suitable 

(-0.35 – 0.01) 

360,086.36 

(9.96 %) 

367,367.92 

(10.13 %) 

344,696.47 

(9.54 %) 

332,543.18 

(9.20 %) 

No change 

(0) 

2,930,048.90 

(81.06 %) 

2,910,661.03 

(80.30 %) 

2,928,789.69 

(81.03 %) 

2,915,121.92 

(80.65%) 

Suitable 

(0.01-0.35) 

310,687.07 

(8.59 %) 

324,857.76 

(8.96 %) 

312,153.92 

(8.63 %) 

322,191.39 

(8.92 %) 

Most Suitable 

(0.36 – 1.0)  

4,231.01 

(0.12%) 

8,088.01 

(0.22%) 

10,250.83 

(0.28 %) 

20,005.72 

(0.55 %) 
 

Table 10. Measure future change (km^2) calculated against the current habitat predictions from MaxEnt 

with bootstrapping applied. 

Bootstrapping Scenario 

Habitat Change (k𝐦2) 2050 RCP 4.5 2070 RCP 4.5 2050 RCP 8.5 2070 RCP 8.5 

Least Suitable 

(-1.0- -0.36)  

8,550.29 

(0.24 %) 

12,206.62 

(0.34 %) 

18,042.93 

(0.50 %) 

21,158.88 

(0.59 %) 

Somewhat Less Suitable 

(-0.35 – 0.01) 

305,565.15 

(8.45%) 

278,611.2 

(7.71 %) 

320,572.77 

(8.87 %) 

305,775.34 

(8.46 %) 

No change 

(0) 

2,993,211.83 

(82.80 %) 

2,991,388.75 

(82.76 %) 

3,026,234.44 

(83.72 %) 

2,940,979.81 

(81.36 %) 

Suitable 

(0.01-0.35) 

300,181.61 

(8.30%) 

321,760.86 

(8.90 %) 

240,814.07 

(6.66 %) 

330,303.53 

(9.14 %) 

Most Suitable 

(0.36 – 1.0)  

7,145.67 

(0.20 %) 

10,687.07 

(0.30 %) 

8,990.34 

(0.25 %) 

16,437.01 

(0.45 %) 

 

Chapter 5: Discussion  

MaxEnt has been widely used by researchers for species distribution predictions and has 

proven to be a valuable tool (DiTommaso, Lawlor and Darbyshire 2005). Even when time and 

resources are limited in terms of data collection, MaxEnt can help determine a species potential 

habitat range with a high level of accuracy (Pearson, et al. 2007). For V. rossicum, inferences 

were made regarding the vine’s potential presence based on relative habitat suitability models 



using predictive variables (i.e., climate, soil, elevation, and anthropogenic data). This 

information could be useful to conservation managers that need to prioritize their time, effort, 

and resources. It is important to remember that with species distribution models like MaxEnt 

there are always uncertainties in model predictions. With uncertainties in mind, it is 

recommended that habitat managers do not solely make decisions based on model predictions, 

but instead use them as a guide to support management decisions.  

The Global Invasive Species Program (GISP) supports that preventing invasive species is 

more beneficial and economical than attempting to control outbreaks (Group 2009). Thus, it is 

important that climate-driven changes on potential distribution and range shift are understood so 

that planning and decision making is improved for management of invasive species. With 

available North American V. rossicum point data and reliable predictor variables, this project 

demonstrates the overall relative habitat suitability for V. rossicum under current and future 

RCP-4.5 (relative concentration pathway) and RCP-8.5 averages for years 2050 and 2070 

(Figure 8 and 9). The models suggest nearly the same relative habitat suitability for V. rossicum 

across climate change scenarios. In table 7, the sum of the relatively suitable areas for V. 

rossicum decreases slightly under different carbon emissions scenarios from the present model. 

And the “most suitable” (ROR 0.6-1.0) area within the study decreases very slightly from the 

current model (7.95% of the total study area) to future models (7.70%, 7.67%, 7.49%, and 7.82% 

of the total study area). Similar results are seen in Table 8 where the bootstrapping method was 

applied, under the sum of the total relative suitable habitat areas for V. rossicum the present 

period has the most potential suitable habitat. Under future climate change scenarios and with 

carbon emission concentrations these areas of potentially suitable habitat are smaller in size.  



Overall, under current and future conditions V. rossicum remains concentrated in the North 

American range that it already occupies. Figure 10 overlays the V. rossicum point observations 

on top of the Maxent model’s predictions. This map show that the west coast of Michigan, the 

coast of Ohio and Pennsylvania along Lake Erie, and up the east coast of Main and New 

Brunswick to Halifax are areas that historical have shown little to no presence of the vine but 

area showing high habitat suitability under predicted conditions. This indicates that the species 

has reached a good part of its potential range but there are still some new areas of potentially 

suitable habitat that could be invaded by the vine. Since the relative habitat suitability for the 

models do not vary greatly this may be indicating that suitable habitat is not increase or 

decreasing for this species but slightly shifting locations in relation to changes in carbon 

emissions (Figure 8 and 9). 

Across all models, according to the percent contribution and percent permutation importance 

(Table 4 and Table 5) the variables with the greatest contribution include: pH, mean of monthly 

temperature (BIO2), mean temperature of wettest quarter (BIO8), precipitation seasonality 

(BIO15), nightlights, and percent sand. Climate is known to be one of the main drivers that 

controls distribution of biological invader around the world (Group 2009). Among the top three 

ranking predictive variables for all the models included variables related to precipitation or 

temperature, which shows that the contribution rate of temperature and precipitation has a great 

influence on V. rossicum compared to other factors (i.e., soil content, human factors, etc.) This is 

consistent with literature reports and field investigations on V. rossicum. The vine is known grow 

in temperate climates where the mean coldest temperatures are around 0.7℃ to -10.8℃ and the 

mean warmest temperatures range from 20.7℃ to 26.4℃ (DiTommaso, Lawlor and Darbyshire 



2005). The average precipitation of habitats where V. rossicum has invaded ranges from 632mm 

to1206 mm (DiTommaso, Lawlor and Darbyshire 2005). 

 The invasive vine is typically associated with calcareous soils, primarily shallow silty or 

sandy loam soil (Foster 2021). Infestation in southern Ontario and Quebec, were found where 

soils were alkaline, dominated by limestone bedrock, or in igneous rock substrates, or sandy 

areas of low pH of 5.9to 8.0 (DiTommaso, Lawlor and Darbyshire 2005). The plant has wind 

born, polyembryony seeds that facilitate long-distance dispersal and seedling establishment 

(DiTommaso, Lawlor and Darbyshire 2005). It is known that the vine grows in various 

environments such as pastures, fields, flood plains, etc., and is known to be tolerant of 

environments with varying moisture levels (DiTommaso, Lawlor and Darbyshire 2005) 

Unwittingly, humans or off-leash dogs can spread seeds on their coats, shoes, clothing, bicycle 

tires, etc. Nightlights were also among the top 3 variables for many models indicating that 

human prevalence also has an impact on V. rossicum invasion. This may indicate that human 

presence may be a driver to V. rossicum’s dispersal. It is important to note that is because 

human-mediate processes can facilitate movement from one region to another. Human activities 

are increasingly recognized as strong factor for new invasions by invasive species. Regions with 

high biodiversity and relatively low levels are human disturbances, tend to be more resistant to 

established by invasive, non-native species (Shabani, et al. 2020). Often, less diverse, or more 

disturbed ecosystems are likely to have more vacant niches that non-native species can inhabitant 

(Van Kleunen, et al. 2010).   

The results from Table 4 and Table 5 are only a heuristic test of variable importance and do 

not make the distinction between variables independent from one another. Even though highly 

correlated variables were removed, it is possible that there is still and interaction between the 



variables that were used for modeling. Therefore, some of the variables may have a higher 

ranking in the heuristic test (percent contribution and permutation percent importance) than the 

Jackknife test because the model has chosen to accredit part of the correlated effect with another 

variable to that particular variable. It is also important to remember that distribution can be 

influenced by other intrinsic factors (i.e. dispersal and distance rate of the species, and generation 

time) and extrinsic factors (i.e. natural enemy) that were not explored in the models for this 

study.  

Figures 6 and 7, and Table 6 show the Jackknife test results for predictive variables for all 

MaxEnt models, and highlights which predictive variable independent of others has the most 

useful information. The variables that were ranked highest by the Jackknife test include: annual 

mean temperature (BIO1), mean temperature of wettest quarter (BIO8), precipitation seasonality 

(BIO15), precipitation of warmest quarter (BIO18), and pH. The top-ranking predictor variable 

for all the models again either related to precipitation or temperature, which shows that the 

contribution rate of temperature and precipitation have a great influence on V. rossicum as was 

observed in Tables 4 and 5. It is not surprising that climate, precipitation, and pH are among the 

top variables for vine growth because they are commonly known as the basic requirements for all 

plants growth and success. We do not see any anthropogenic variables as a one of the main 

predictor variables from the Jackknife results as we did with percent contribution and 

permutation importance. It is known that the plant has wind born, polyembryony seeds that 

facilitate long-distance dispersal and seedling establishment (DiTommaso, Lawlor and 

Darbyshire 2005). This might indicate that human mediated vine dispersal may not have a great 

impact on the vines ability to reach new locations, however, it should not be overlooked. 



All the landcover variables were measured by pixel. Unlike the anthropogenic variables that 

were smoothed by using a 3x3 low pass filter in ArcMap. If the landcover data was also 

smoothed using the same procedure to have a coarser resolution, some of these variables might 

have shown to be a better predictor for V. rossicum than they are now. A low pass filter would 

have smoothed the landcover data by reducing local variation. (Chaves, Ruokolainen and 

Tuomisto 2018). It has been shown that using 3x3 low-pass filters can further improve model 

performance (Chaves, Ruokolainen and Tuomisto 2018). 

From the predictions of MaxEnt models (Tables 7 and 8) there is an observed reduction in 

the relative potential geographic distribution under future condition averages, which may be due 

to the forecasted increase in global annual mean temperatures. However, according to Tables 9 

and 10 as we look into the future areas that are least suitable for the vine (-1.0- -0.36) and areas 

that are most suitable (0.36 – 1.0) increases. Temperature accounts for a high contribution of the 

environmental factors in the model and influences the growth of V. rossicum. Although the sum 

of suitable area for V. rossicum does not change drastically, under current conditions there was a 

greater area predicted to have suitable conditions under current models for both bootstrapping 

and cross validation (Table 7 and 8). Because large shifts in the total area of suitable habitat were 

not observed this might indicate that the predicted areas are found to be rather steady under 

future climate change scenarios.  

Some studies have estimated that there is the possibility of extreme range loss for invasive 

species and that there might be a northward shift of suitable habitat and climate during the next 

couple of decades given the projected precipitation and temperature changes in the future (Wang, 

et al. 2022). Some other research has predicted that range expansion by many invasive species 

will increase because predictive modelling does not account for the potential for evolutionary 



change and in some cases ongoing environmental change could dramatically increase the 

prevalence of some terrestrial invasive plants in north America (Dukes, et al. 2011). 

Recently, ROC curves analysis has become widely used for evaluation species potential 

distribution prediction models, and especially with invasive species (West, et al. 2016). With this 

work, the performance of the MaxEnt model was revealed by the ROC curves, where percent 

contribution and Jackknife tests were able to tell us which variables contributed most to the V. 

rossicum relative habitat distribution for current and future models. Cross-validation and 

bootstrapping was used to further test the accuracy of the model. The result from cross-validation 

and bootstrapping were similar, however in the case of bootstrapping, each replicate is a full 

random sample of N cases, notably sampled with replace from the original sample of N. Where 

in the case of cross validation, each training sample is <N, here N-(N/15). Bootstrapping not only 

has more replicates (1000), but presumably would capture a greater and fuller diversity of the 

original sample N, allowing for a more robust or accurate model when applied to other similar 

study areas or datasets. The results showed that the simulation effect of this model (Table 3) can 

successfully predict the distribution of V. rossicum over the study area.  

Invasive plants respond to changes in the climate such as, increases in CO2 levels, rising 

temperatures, or changes in precipitation (Group 2009). Although changes in sum of relatively 

suitable areas for V. rossicum were slight, it might indicate that changes in climate that are long 

term may have the power to influence the distribution of V. rossicum because of limited suitable 

habits and climate conditions. Presently it is advised to provide immediate management and 

control of V. rossicum, since it is a very invasive and tolerant vine, and the potential for spread 

was predicted to be the highest under these conditions. This study demonstrates that human 

activity and climates change can affect the potential distribution of invasive species, and this 



should be considered for long term effective management of this species. The results provide 

detailed information regarding relative habitat suitability for the V. rossicum under current and 

future conditions. This study calculates areas of relative habitat suitability for the invasive vine 

and recognizes the characteristics of invasion (precipitation, climate, soil characteristics, and 

human activity) which are important for supporting short- and long-term conservation strategies. 

This study has mapped out and calculated areas that have potential relative habitat suitability for 

V. rossicum, based on the North American study region under current and future climate 

conditions. Maps of relative habitat suitability change for V. rossicum under future climate 

change scenarios were also created. The maps created from this investigation could be used by 

conservation managers concerned with the spread of invasive species to help identify the areas 

that are high risk for invasion by V. rossicum, to prioritize conservation efforts in areas of 

concern, and to help with developing conservation and management strategies.    

5.1 Future Works  

This study indicates that the relative habitat suitability for V. rossicum decreased overtime 

under climate change. This might indicate that native plant species also within this study area 

may also be at risk under climate change and human influences. It may be worth investigating if 

other species might be at risk as well, especially those that are fundamental to upholding 

ecosystem functions, and may not be as resilient or adaptive as V. rossicum. It could be also 

useful to investigate if applying a low pass filters to spatially smooth landcover variables 

improves the model’s performance.  



Chapter 6: Conclusion  

The results show the AUC values for each time-period are greater than 0.89 when cross-

validation was applied, and greater than 0.91 when bootstrapping was applied, indicating the 

results are accurate. The change of relative habitat suitability was not obvious over time, but with 

area calculations, the greatest area of relatively suitable habitat for the vine was found to be 

under current circumstances and the suitable areas decreased under future climate change 

scenarios. The main environmental factors that are affecting the distribution of V. rossicum 

according to percent contribution and percent permutation importance are: BIO1 (annual mean 

temperature), BIO8 (mean temperature of wettest quarter), BIO15 (precipitation seasonality), 

BIO18 (precipitation of warmest quarter), nightlights, and pH. The main environmental factors 

that are affecting the distribution of V. rossicum according to the Jackknife test are: BIO1 

(annual mean temperature), BIO8 (mean temperature of wettest quarter), BIO15 (precipitation 

seasonality), BIO18 (precipitation of coldest quarter), and pH. Future climate is less ideal for the 

survival of V. rossicum, this maybe beneficial for invasive plant management. However, for 

those local plants that share similar habitat distributions and characteristics as V. rossicum, this 

might indicate a future risk under climate change pressure and pressure from V. rossicum.  
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Appendix  

The following figure are the correlation matrix as a result of the Band Collection Statistics tool 

applied in ArcGIS 10.8.1:  

Table A1. Present bio climate variables correlation matrix  

 

Table A2. R.C.P4.5, year 2050 bioclimate variables correlation matrix  

 

Table A3. R.C.P4.5, year 2070 bioclimate variables correlation matrix  

 

Table A4. R.C.P8.5, year 2050 bioclimate variables correlation matrix  

 

Table A5. R.C.P8.5, year 2070 bioclimate variables correlation matrix  



 

Table A6. Soil variables characteristics correlation matrix  

  

Table A7. Landcover variables correlation matrix  

 

Table A8. Anthropogenic variables correlation matrix  

 

 


