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ABSTRACT 
 

 
Abstract  
Aims: This study aims to predict the future geographic distribution shift of invasive plant 
species Austroeupathorium inulifolium as the impact of global climate change. 
Study Design: The rising temperature and precipitation change lead to the geographic 
distribution shift of organisms. A. inulifolium belongs to invasive plant species that often 
causes a substantial economic loss and ecological degradation in the invaded areas. 
Modelling of species distribution using the climate-based model could be used to 
understand the geographic distribution shift of invasive species in the future scenario 
under global climate change. 
Place and Duration of Study: Center for Plant Conservation and Botanic Gardens – 
LIPI and 6 months. 
Methodology: The total 2228 of occurrence records were derived from the Global 
Biodiversity Information Facility (GBIF) database. The seven climatic variables were 
selected from 19 variables using a pairwise correlation test (vifcor) with a threshold >0.7. 
The ensemble model was used by combining Random Forest (RF) and Support Vector 
Machine (SVM). 
Results: Both two models are well-performed either using AUC or TSS evaluation 
methods. RF and SVM have AUC >0.95, and TSS >0.8, indicating. The predicted current 
distribution tends to have a wide distribution area compared to observed occurrence 
records. The predicted future distribution seems to be shifted in several parts of North 
America and Europe. 
Conclusion: The geographic distribution of invasive plant species A. inulifolium will be 
shifted to the Northern part of globe in 2090.  Mean temperature of driest quarter and 
precipitation of warmest quarter are the two most important variables that determine the 
distribution pattern of the A. inulifolium. The predictive distribution pattern of invasive 
plant A. inulifolium would be important to provide information about the impact of climate 
change to the geographic distribution shift of this species. 
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1. INTRODUCTION 
 
Invasive plant species often cause bad impacts on the environment, such as habitat 

degradation, ecosystem disruption, vegetation composition change, and the native plants 

growth suppression. Austroeupatorium inulifolium (Kunth) R.M.King & H.Rob. is known as 

salvia amarga that belongs to one of invasive plants and listed as agricultural and 

environmental weeds. It causes serious problems by invading many agricultural plantations, 

such as tea, rubber, rosella, and rice and dominates a cleared secondary forest [1]. It is a 

native plant to Panama to South tropical America, and Trinidad [POWO 2021]. It is also 

introduced in Indonesia [2]. It is herbaceous or shrub that can grow up to 5 m high. It can 

occupy a wide range of habitats such as savanna, swamp, forest border, disturbed areas, 

plantation and perennial crops, and roadsides [1]. 

According to the global distribution database, it is dominantly found in South America, 

Australia, Southeast Asia, and East Asia. The distribution of invasive species depends on 

many factors, mainly by climate factors. The surface temperature of the earth is increased 

around 0.9 o C since the late 19th century due to the increasing of carbon dioxide 

concentration and human - made emission into the atmosphere [3]. Most of the warming is 

recorded in the past 35 years, with the warmest year is happened since 2010 [4].  The 

change of temperature and precipitation make the distribution shifts of the species may be 

inevitable [5]. The geographic range of species is evidently shifted in longitude and latitude 

due to their responses to changing regional climates [6].  It remains a challenge to predict 

the shift of species range under climate change and human anthropogenic (habitat 

destruction and land use change) [7]. 

It is important to identify the regions that have similar climatic condition where the species 

occurred and the areas that might be invaded on the future time due to climate change. 

Furthermore, the information about how the species response to the climate alteration 

across the landscape would be useful in terms of management control. Currently, there are 

many species distribution modellings have been developed to investigate the impact of 

climate change to the distribution pattern of the plants. However, an effort for finding robust 

models to determine the distribution shift of invasive plants remains a challenge.  

The ensemble model combines several algorithms to predict a particular outcome [8]. 

Although the ensemble model is built from multiple base models within the model, it acts as 

a single model [9]. The advantages of using an ensemble model are to reduce 

the generalization error of the prediction, decrease the error of model prediction, and 

perform a more accurate projection than the single model [10], [11]. Previous study stated 

that  ensemble model outperform in predicting the spatial distribution of Bornean Ironwood 

(Eusideroxylon zwageri) [12]. A single model is more likely not well suited to provide 

accurate future projection. The ensemble model is relatively more effective in prediction of 

range shift [13], [14]. This study aims to predict future distribution of an invasive plant 

species A. inulifolium as the impact of climate change. 

 

2. METHODOLOGY  
 
2.1. Study Species 

Austroeupatorium inulifolium is an aggressive invasive species belongs to the Asteraceae 

[15] . It is native to Tropical South America and spreads to Southwest China, Indonesia 



 

 

(Java and Sumatra), Sri Lanka, and Taiwan [16]. It is a perennial plant, erect herb or shrub, 

and has a height up to 5 m (Figure 1a; 1b). Stem is rounded, covered with dense short hairs. 

Leaves are simple, ovate to narrowly oblong, 7-18 cm long, 2-8 cm wide, opposite in the 

lower part and sub opposite or alternate in the upper part. Inflorescences are corymbose 

panicles, arising from the end of branches or upper nodes. Flowers are white, bisexual, 

narrowly funnel form and ca. 4 mm long. Flowering period is between September and 

January. Fruits are achenes, elongate obconical, 5-ribbed and ca. 2 mm long. This species 

occurs at 100-2100 m altitudes in many type of habitats, such as savannas, swamps, 

disturbed forests, plantations and perennial crops, fallow fields, waste lands and roadsides 

[15], [17]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Austroeupatorium inulifolium. a. Herbarium specimen, b. Living specimen [18] 

 

2.2. Data mining 

All the occurrence records of A. inulifolium from the GBIF global database was extracted 

[19]. The 2230 presence points are recorded from all countries around the globe. All climatic 

variables that are provided by global climate data were downloaded [20]. These climatic 

variables are then selected using multicollinearity test [21]. The “usdm” threshold 0.7 was 

used to eliminate strong correlation among climate variables [22]. These selected climatic 

variables were then used as predictors of the model. All climatic variables were available 

with resolution 2.5 arc minutes (5 km). The future climatic scenario in 2090 was used as 

inputs to predict future distribution. The worst climate scenario with RCP 8.5 was used to 

understand how the distribution shifts in the future due to climate change.  

The ensemble model was used by combining multiple models, namely Random Forest (RF) 

and Support Vector Machine (SVM). These models were chosen because some previous 

study stated these models produced good results in model evaluation [23]. Furthermore, RF 

produced high accuracy model in forecasting the spatial distribution of invasive plant across 

landscape of Bali [24]. The “rgbif” package was used to load the occurrence records on the 

R programming [25].  We used both presence and absence (e.g. pseudo-absence) data 

records. The pseudo-absence data about 1000 points were randomly selected using those 

algorithms. We used “sdm” package to run the model distribution [26]. The outputs of the 



 

 

analysis were predicted current potential distribution, predicted future potential distribution, 

predicting map of future colonization and extinction, and the importance variables that 

affecting the distribution of A. inulifolium. Topography, soils and other parameters (dispersal, 

biotic interaction, land use change) were excluded in this model. 

 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   

 

 

 

 

 

 

 

 

 

Figure 2. Schematic diagram of species distribution modelling that used in predicting the 

distribution of A. inulifolium.  
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3. RESULTS AND DISCUSSION 
 

 
Figure 3. The occurrence records of A. inulifolium extracted from GBIF database [19]. The 

“mapview” package in R was used to produce the map of occurrence points across the 

globe.  

 

 
Figure 4. The occurrence records were overlaid to the world climatic variable.  

 

Seven climatic variables are selected from 19 climatic variables through a stepwise 

procedure. The test aims to know the multicollinearity problem when fitting the model. It 

excludes the strong correlated climatic variables. Multicollinearity problems arise in which 

the model has many predictors that are not independent of each other. It leads to biased 

estimation [27] and reduces the precision of the estimated coefficient [28]. The default 

threshold on the pairwise correlation provided by ‘usdm’ package was 0.9, but we use a 

threshold >0.7 and drop the highly correlated variables. The threshold between 0.7 and 0.9 

can be used in multicollinearity test, but the threshold affects the number of selected 

variables in the fitting model. Both predictive models (RF and SVM) show AUC value >0.90 

and TSS >0.80. The AUC and TSS are important evaluation metrics for checking any 

classification model’s performance. These are capable of distinguishing between two classes. 

RF and SVM are categorized to excellent predictive models in predicting the distribution of 



 

 

this species. Higher AUC and TSS, the better model distinguishes between the presence 

and absence of species. The RF and SVM model characterize the region where the A. 

inulifolium is present in every grid cell. Each grid cell contains 7 specific climatic variables 

overlaid on it. These algorithms try to classify those climatic variables in all occurrence 

records of species. The model also uses the pseudo-absence that is randomly collected in 

regions where this species is probably absent. After working on classifying and analyzing the 

all selected climatic variables both in presence and pseudo-absence points, the algorithm 

then predicts the other regions across the landscape that have a similar climatic condition in 

the area where this species is present and absent based on the occurrence data. The value 

from 0-1 represents the predicted distribution areas. The yellow to green color represents 

the predicted geographic distribution areas that most suitable for this species. It means 

those regions are highly predicted as geographic distribution of this species. Conversely, the 

red to white color indicates the predicted geographic regions that less suitable for this 

species. 

 

 
Figure 5. The predictive map of potential current distribution provided by ensemble model 

prediction.  

 

According to the recorded database, A.inulifolium is known to have widespread throughout 

the world. It is found in South America (Brazil, Paraguay, Uruguay, Chile, Bolivia, Peru, 

Ecuador, Colombia, Panama) and Southeast Asia (Indonesia and Timor Leste). Based on 

the presence records, it indicates that this species prefers to occupy in warmer areas 

(tropical areas) (Fig. 3). The predictive map of potential current distribution demonstrates the 

predicted geographic regions of this species in South America (Brazil, Paraguay, Uruguay, 

Chile, Bolivia, Peru, Ecuador, Colombia, Panama, Belize, Nicaragua, Mexico), Southern part 

of United States, Africa (Congo, Kenya, Cameroon, Tanzania, Togo, Liberia, South Africa, 

and Mauritius), Europe (France, Italia, Slovakia, Belgium), South Asia (Pakistan, Nepal, 

Small part of India, Sri Langka), Southeast Asia (Japan, Taiwan, Philippines, New Guinea, 

Thailand, Brunei, Malaysia, Indonesia), Australia, New Zealand, Fiji, and Vanuatu (Fig. 5). 

The predicted current distribution tends to have wide distribution area compared to observed 

presence records. It is probably caused the prediction models only use the climatic variables 

as inputs, it makes potential current distribution covers huge areas in the globe. There are 



 

 

many variables that perhaps affect the distribution, but we exclude those and focus on the 

climate only. The previous studies stated that this invasive species occurred in Taiwan [15] 

and Sri Lanka [29] Those two countries are similar to the result of predictive map of current 

potential distribution. It seems that the predictive map is relatively good in predicting the 

distribution of invasive species A. inulifolium. 

 

 
Figure 6. The predictive map of potential future distribution provided by ensemble model 

prediction. 

 

The predictive map of potential future distribution in 2090 with the worst-case scenario for 

global warming (RCP 8.5) shows that the geographic distribution tends to shift in different 

locations across the globe compared to predictive current distribution. The predictive future 

distribution map shows this species will expand its distribution to the Northern part of United 

States, Eastern part of Canada, North Europe (Norway and small part of Ireland), China and 

Japan (Fig. 6). The global annual temperature is arise at about 0.07oC (0.13oF) per decade 

since 1880 and it becomes twice (+0.18oC/ +0.32oF) since 1981 [3][30]. The region in 

Northern globe tends to be warmer and it is suitable for this species to occupy and grow. 

The shifting geographic range might be caused by the change of precipitation and 

temperature that affect the species response. The invasive plant is relatively more adaptable 

with the environmental change. They probably adapt with the initial distribution region or 

perhaps occupy a new area and dominate the vegetation. The predicted distribution of 

A.inulifolium is predicted in the areas where A.inulifolium has not previously been found such 

as in Northern America. This phenomenon indicates that the tropics becomes warmer, so 

that the distribution of A.inulifolium shifted to the regions in the north of the Equator 

(Northern Hemisphere). 

 

 

 



 

 

 
Figure 7. The change of the distribution of A. inulifolium by subtracting the predicted future 

distribution areas to current distribution areas.  

 

 

 
Figure 8. The predictive map of potential future distribution. The map consists of two 

different color, the red color represents the geographic distribution with suitability decrease 

and the green color represents the geographic distribution with suitability increase due to 

climate change 

 

Based on climate based model, some regions may decrease their suitability for this invasive 

species. Those regions are South America, Africa, Indonesia, and Australia (Fig. 8). 

However, this species may still occupy these regions because the invasive species tends to 

tolerant and adaptable to the environmental change. Whereas, the suitability increases in 

some regions in Northern Hemisphere.  According to the predictive map in above, the 

regions that have a suitability increase for this species are seen in South America (Chile and 



 

 

Falkland Island), Northern part of United States, Canada, Europe (France, Belgium), East 

Asia (China, Japan), Southern part of Australia, and New Zealand (Fig. 8). 

 

 
Figure 9. The importance variables that determine the geographic distribution of A. 

inulifolium.   

 
Figure 10. Response curve of this species to the seven selected climatic variables 

 

Both two algorithms also produce the important variables that affect the distribution pattern 

of this species. It turns out, mean temperature of driest quarter and precipitation of warmest 

quarter are the two most importance variables that essential in the shaping of distribution 

pattern (Fig. 9). Selecting the variables or parameters on the modelling is a crucial step in 

terms of creating a model prediction. Some less important variables may make some noises 

of prediction and decrease the accuracy of the model. The suggestions regarding the 

predictor selection from an expert on the field of research object will be quite useful. The 

response curve illustrates how the species response to the environmental change or 



 

 

gradient (Fig. 10). We could mark the curve that extremely changes from flat goes to steep, 

indicating the variables that very important in affecting the distribution of this species. 

4. CONCLUSION 
 
The geographic distribution of invasive species A. inulifolium will be shifted to the Northern 
Hemisphere in 2090.  Mean temperature of driest quarter and precipitation of warmest 
quarter are considered as the most two important factors that affecting the distribution of A.  
inulifolium.  
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