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Bioclimatic variables (Environmental variables) 
Bioclimatic variables are derived from the monthly temperature and rainfall values in order to 
generate more biologically meaningful variables. These are often used in species distribution 
modeling and related ecological modeling techniques. The bioclimatic variables represent 
annual trends (e.g., mean annual temperature, annual precipitation) seasonality (e.g., annual 
range in temperature and precipitation) and extreme or limiting environmental factors (e.g., 
temperature of the coldest and warmest month, and precipitation of the wet and dry quarters). 
A quarter is a period of three months (1/4 of the year). 

They are coded as follows: 

BIO1 = Annual Mean Temperature 
BIO2 = Mean Diurnal Range (Mean of monthly (max temp - min temp)) 
BIO3 = Isothermality (BIO2/BIO7) (* 100) 
BIO4 = Temperature Seasonality (standard deviation *100) 
BIO5 = Max Temperature of Warmest Month 
BIO6 = Min Temperature of Coldest Month 
BIO7 = Temperature Annual Range (BIO5-BIO6) 
BIO8 = Mean Temperature of Wettest Quarter 
BIO9 = Mean Temperature of Driest Quarter 
BIO10 = Mean Temperature of Warmest Quarter 
BIO11 = Mean Temperature of Coldest Quarter 
BIO12 = Annual Precipitation 
BIO13 = Precipitation of Wettest Month 
BIO14 = Precipitation of Driest Month 
BIO15 = Precipitation Seasonality (Coefficient of Variation) 
BIO16 = Precipitation of Wettest Quarter 
BIO17 = Precipitation of Driest Quarter 
BIO18 = Precipitation of Warmest Quarter 
BIO19 = Precipitation of Coldest Quarter 

In this study, the predictors chosen for each species were: bio1 (annual mean temperature 
(°C)), bio4 (season of temperature (°C)),  bio12 (annual mean precipitation (mm)), and bio15 
(season of precipitation). 

Jackknife, Background data, Hawths Analysis Tool  
Through the jackknife analysis method avaiable in MaxEnt and the correlation of coefficient 
results by Pearson correlation technique for each species, the most important variables with 
low correlation (R2 < 0.5) were selected and used in modeling approaches.  
In order to create background data in terms of the possibility that there would be fewer records 
returned  from areas of more recent invasions and areas that were poorly sampled, we gave 
prominence to those having less geographical proximity to others. However we note that 
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without records on survey effort in terms of time, one cannot differentiate between  
environmentally unsuitable and under-sampled areas, and that these adjustments will 
unavoidably confuse the two categories. To calculate weighting surface, the number of 
weighted records (Gaussian kernel method with a standard deviation of the default values in 
ArcGIS) in a selected geographical environment for each cell was divided by the weighted 
number of terrestrial cells in the specific geographical environment (to avoid edge effects along 
coasts). The resulting grid was then scaled to give a maximum of 20 and a minimum of 1, to 
exclude extreme values. This method of weighting is advocated by Elith, Kearney [1] to 
minimize bias favouring records from densely sampled areas over those from sparsely sampled 
areas.  
Hawths Analysis Tool provides a suite of solutions for tasks common in spatial analysis. 
Specifically developed for ecological studies, these tools can be used in any application for 
analyzing spatial data. They extend (and in some cases simplify) core ArcGIS functionality 
that is not available out-of-the-box. The extension consists of more than fifty tools that cover 
a broad range of analysis types including analyzing, sampling, and editing vector as well as 
raster data, and tools for common operations in tables and CSV files. Some abilities of this tool 
is: 
• Create Random Selection tool for selecting specified number or percentage of random 
features (points, lines, or polygons) 
• Generate Random Points tool for generating a defined number of points over a specified area 
• Create Vector Grid for generating a grid over a specified area and of a defined grid cell size 
• Thematic Raster Summary for summarizing the frequency of cells of categories in a thematic 
raster layer by polygon 
• Sum Values for calculating the total value of all/selected rows in a numeric field 
• List Unique Values for listing all unique values in a selected field 
• Delete Multiple fields for removing multiple fields from a table all at once 
• Intersect Lines for generating point features at line intersections 
The kernel density layer of species and the Hawths Analysis Tools were used for generating 
background points to be used for training purposes.  

Modifications to settings: MaxEnt produces an index of suitability between 0 (unsuitable) to 
1 (most suitable). For finding an optimal model for both species, we adjusted different settings 
in MaxEnt since default settings are not always the best [2]. For that reason, we made 
adjustments of different combinations of feature types and regularization multiplier (RM). 
First, we combined different sets of MaxEnt features (i.e. linear [L], quadratic [Q], product [P], 
threshold [T], and hinge [H]) (Table 3 and 4) with RM. The RM is used to control the number 
of parameters and consequently the complexity of the model [3, 4]. Models are very restricted 
when is used RM below 1 which is not well appropriate for world predictions, when RM is 
higher than 1, it may generate models with a broader potential distribution [5]. The ‘fade-by-
clamping’ option in MaxEnt was selected to prevent extrapolations out of the environmental 
range [6]. The jackknife’ technique and the percent contribution were used to estimate the 
predictive contribution / importance of different environmental variable. Response curves are 
generated by MaxEnt and we used only the ones that shows the relationships between predicted 
probabilities of presence for each species separately, considering the variation in each 
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environmental predictors. All responses curves were evaluated in terms of making biological 
sense, models without biological sense were not considered for further evaluations. For ranking 
the models’ performance we evaluated the test sensitivity at 0% and 10% training Omission 
Rates (OR) [7, 8] and the AUCcv (area under the receiver operating characteristic [ROC] curve) 
[9]. For calculate AUCcv and OR, 10-fold cross-validation in MaxEnt were ran. To discriminate 
presence from background we used the AUCcv. When AUCcv value is 0.5 means that model 
predictions are not better than random; values below 0.5 are worse than random; between 0.5-
0.7 indicate poor performance; between 0.7-0.9 indicate reasonable or moderate performance; 
and values higher than 0.9 shows high performance [10]. For the OR, the expected value of 
test omission rate at 0% training OR is 0, whereas at 10% training OR threshold it is 0.10; 
models show poor performance when those number are higher than expected omission rates 
[11]. The models were ranked based on 10% training OR, 0% training OR, and AUCcv, 
respectively [4, 7, 12]. 
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