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Abstract. Pradhan P, Setyawan AD. 2021. Filtering multi-collinear predictor variables from multi-resolution rasters of WorldClim 2.1 
for Ecological Niche Modeling in Indonesian context. Asian J For 5: 111-122. WorldClim is one of the popular environmental datasets 
which hosts multi-resolution interpolated gridded climate raster surfaces and derived bioclimatic variables for both the immediate past, 
present and future scenarios. Bioclimatic variables along with other environmental factors like solar radiation, wind speed, water vapour 
pressure etc. have been used as primary set of explanatory variables for mapping and spatial modeling of many biological processes, 
including defining environmental niche of a species and identifying potential areas for its distribution through machine learning methods 
like Ecological Niche Modeling or Species Distribution Modeling or Habitat Suitability Modeling. However, the interpolated 
explanatory datasets are known to cause over-fitting of the models mainly due to multi-collinearity or redundancy within the variables. 
In the present study, 58 bioclimatic and environmental variables of Indonesian extent extracted from WorldClim 2.1 are screened to 

investigate the presence of multi-collinearity or redundancy. From the total 3364 variable pairs per raster resolution, 174 variable pairs 
were known to be affected by multicollinearity, from which temperature related bioclimatic variables, water vapour pressure and 
elevation associated variables were highly notable. For all the raster resolutions, bioclimatic variable 2, 3, 4, 15, 18 and 19, as well as 
slope, aspect, solar radiation for January, April, May, September, wind speed for August and November were found to be non-collinear. 
While, solar radiation for March and July were found to be non-collinear for 30s, 2.5m and 5m raster resolutions; Wind speed of July 
was non-collinear for 30s and 2.5m; Solar radiation for February and June were non-collinear for 10m; water vapour pressure for August 
for 2.5m and wind speed for January was non-collinear for 30s raster resolutions. The results of this study might serve as a convenient 
reference for investigators of the region for selection of bioclimatic and other environmental variables for conducting ecological niche 

modeling studies.  

Keywords: Bioclimatic variables, elevation, habitat suitability modeling, MaxEnt, R, raster resolution, solar radiation, species 
distribution modeling, variance inflation factor, water vapour pressure, wind speed 

INTRODUCTION 

Bioclimatic variables along with other environmental 

variables represent important explanatory/predictor 

variables to understand species distribution (Busby 1986; 
Nix 1986). Bioclimatic variables express spatial variation 

in annual means, seasonality and extreme or limiting 

climatic factors, and represent biologically meaningful 

parameters for characterizing species distributions (Saatchi 

et al. 2008; O’Donnell and Ignizio 2012; Pradhan 2015). 

The advent of machine learning based ecological niche 

modeling (ENM)/species distribution modeling 

(SDM)/habitat suitability modeling (HSM) – from now on 

in this paper it is called ecological niche modeling – has 

opened an array of utility of bioclimatic variables and other 

climatic surfaces.  

Among several climate and environmental databases, 
WorldClim is one of the popular environmental datasets 

used for mapping and spatial modeling of many biological 

processes due to availability of multi-resolution 

interpolated gridded climate raster surfaces and derived 

bioclimatic variables for both the immediate past, present 

and future scenarios. WorldClim version 1.4 was 

developed by Hijmans et al. (2005) with the present ‘year 
1960-1990’ and future climate surfaces based on Coupled 

Model Intercomparison Project Phase 5 (CMIP5). The 

updated and expanded WorldClim version 2 was released 

during 2017 by Fick and Hijmans (2017) and it was further 

upgraded to version 2.1 (released on January 2020) with 

the present ‘year 1970-2000’ and future climate surfaces 

based on CMIP6, as well as monthly environmental 

variables such as solar radiation, wind speed and water 

vapour pressure. However, one of the major drawback 

linked to such interpolation derived environmental datasets 

is reported to be redundancy or multicollinearity and 

overfitting of resultant models (Pradhan 2016). 
In machine learning process, optimal training by 

minimal set of explanatory variables (low training error) is 

very important for building optimal model, which could 

perform well against testing variables (low testing error). 
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However, training based on redundant, multicollinear, 

more than necessary and less relevant inputs may lead to 

learning of ‘noise’ of training data to the resultant model 

making it fit close to the training data (overfitted/low 

training error) and make it more complex and less sensitive 

to testing data (high testing error) (Anderson and Gonzales 

2011; van Gils et al. 2014). 

However, there are methods to counter such anomaly 

by selecting few non-collinear explanatory/predictor 

variables, making the resultant models less-overfitted and 
are simpler and parsimonius/based on minimally selected 

predictor variables. Variance Inflation Factor (VIF) 

analysis is a widely used method to identify problematic 

collinearity/redundancy among the variables. VIF is an 

indicator of the degree to which the standard errors are 

inflated due to the levels of multicollinearity (Montgomery 

and Peck 1992). In R, VIF can be calculated in packages 

like car (Fox and Weisberg 2019), faraway (Faraway 

2016), usdm (Naimi et al. 2014), vegan (Oksanen et al. 

2016), etc. However, these packages provide only 

individual VIFs per variable when the VIF itself being a 
derivative of correlation, pair-wise calculation of VIF 

would have provided more insight into which two variables 

are collinear and at which level of VIF. 

Ecological niche modeling has been increasingly 

employed in Indonesia for modeling present habitat 

suitability and in some cases future potential distribution. 

Some notable studies from the region employing ENM 

techniques using WorldClim data are: Proboscis Monkey 

(Nasalis larvatus) (Suwarto et al. 2016), Javan hawk-eagle 

Nisaetus bartelsi (Nursamsi et al. 2018), Zebra Wood 

(Guettarda speciosa) (Yudaputra et al. 2019), Baccaurea 
macrocarpa trees (Gunawan et al. 2021), Selaginella spp. 

(Setyawan et al. 2017, 2020a, 2020b, 2021) and so on. 

While such studies provide strong basis for the 

development of ecological niche modeling application in 

Indonesia, methodological improvements to minimize the 

presence of multicollinearity might be useful for future 

application of ENM. 

The current analysis aimed to investigate the presence 

of multicollinearity among 19 bioclimatic variables and 

monthly environmental variables of solar radiation, wind 

speed and water vapour pressure available in WorldClim 

version 2.1 in Indonesian context. In doing so, we 
undertake from the scratch approach in R for studying pair-

wise multicollinearity in terms of Variance Inflation Factor 

amongst such variables. This analysis suggests variable 

pairs which are not to be used in combination together and 

also to identify the purely non-collinear variables which 

may be used for easy reference for future studies applying 

ecological niche modeling in the region. 

MATERIALS AND METHODS 

Data requirements 

WorldClim version 2.1 website hosts multi-resolution 

continuous raster surfaces of monthly climate data of 
minimum, mean, and maximum temperature (°C), 

precipitation (mm), solar radiation (kJ m-2 day-1), wind 

speed (m s-1), water vapour pressure (kPa) for the 

‘current/present’ period of 1970-2000 in *.tiff (Geotiff) 

format, besides hosting rasters of 19 bioclimatic variables 

for the above-mentioned period. For the current study, 

rasters of bioclimatic variables, solar radiation, wind speed, 

water vapour pressure were downloaded from WorldClim 

version 2.1 website (Fick and Hijmans 2017) in four raster 

resolutions viz. 30 seconds, 2.5 minutes, 5 minutes and 10 

minutes. Raster resolution here is referred to the cell size/ 

spatial resolution which is the dimension of the area 
covered on the map and represented by a single pixel. 

Raster handling workflow in R 

By default, getData function of raster package still 

downloads obsolete WorldClim version 1.4. Hence, the 

updated 2.1 version raster files were downloaded, sorted 

resolution-wise, loaded in R, then resolution-wise raster 

stack was prepared with raster (Hijmans 2020) and rgdal 

(Bivand et al. 2020) packages, and projected to WGS84 

coordinate reference system. Rasters of slope and aspect 

were created from Digital Elevation Model (DEM) with 

terrain function of raster package. Shape file of the world 
in 1:1 million scale was downloaded from EUROSTAT 

(2020) and the rasters were cropped and masked to the 

extent of Indonesia. Rasters were renamed as Bio1-19 for 

bioclimatic variables, Elev for DEM raster, Srad1-12 

respectively for twelve monthly solar radiation rasters, 

Vapr1-12 respectively for twelve monthly water vapour 

pressure rasters, Wind1-12 respectively for monthly wind 

speed rasters, while names of slope and aspect rasters were 

kept unchanged. 

Statistical analysis 

The cropped rasters were converted to matrix through 
as.matrix function, and to obtain Pearson r value, pair-wise 

correlation of matrices (N) were conducted through cor 

function. After getting r value of the matrix, r2 was 

obtained by multiplying N with N. Pair-wise Variance 

Inflation Factor (VIF) was calculated through the formula 

VIF<-(1/(1-r2)). After VIF calculation, all cells with Inf 

values were replaced with 1 and the table values were 

formatted to one digit after zero through round function. 

Further, the VIF matrix was converted to dataframe, 

eliminating diagonal and duplicates to get pair-wise VIF. 

Shapiro test for assessing normality of data, Kruskal-Wallis 

and Friedman rank sum test, as well as post hoc Pair-wise 
Wilcox test were carried out in R with shapiro.test(), 

kruskal.test(), friedman.test() and pairwise.wilcox.test() 

functions respectively.  

Data visualization 

Density plot and Boxplot were prepared through 

ggplot2 library. Heatmap of the pair-wise VIF matrix (used 

only for comparison of result of usdm package) was created 

with heatmaply package (Galili 2017), the resultant plot 

was saved as webpage through htmlwidgets package 

(Vaidyanathan 2019), and the webpage was converted to 

jpeg through webshot2 package (Chang 2020). For visual 
comparison of four raster cell sizes with reference to 

zoomed inset of Gunung Leuser National Park region, 
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northern Sumatra, cropped and masked rasters of four 

resolutions of mean temperature of warmest quarter 

(Bio10) were visualized in R with plot function and 

exported as *.pdf. Four individual maps were compiled in 

Adobe Photoshop. 

RESULTS AND DISCUSSION 

In this study, gridded rasters of 58 explanatory variables 

available at WorldClim 2.1 were analyzed for presence of 

multicollinearity among them at the masked extent of 

Indonesia. The studied variables include 19 bioclimatic 
variables, elevation and its derivatives of slope and aspect, 

monthly variables of solar radiation (Srad), wind speed and 

water vapour pressure (Vapr). It was found that 174 pairs 

of above environmental variables had multicollinear 

relationship in one raster resolution or the other. The 

highest VIF for all raster resolutions belonged to the 

variable pair Bio1-Bio10 263±51.2 

The environmental variables which showed 

multicollinearity were Bio1 (annual mean temperature), 

Bio5 (max temperature of warmest month), Bio6 (min 

temperature of coldest month), Bio8 (mean temperature of 
wettest quarter), Bio9 (mean temperature of driest quarter), 

Bio10 (mean temperature of warmest quarter), Bio11 

(mean temperature of coldest quarter), Bio13 (precipitation 

of wettest month), Bio14 (precipitation of driest month), 

Bio16 (precipitation of wettest quarter), Bio17 

(precipitation of driest quarter), elev (elevation/altitude), 

solar radiation for October (Srad10) and November 

(Srad11), water vapour pressure for January-December 

(Vapr1-12), wind for January-July (Wind1-Wind7), wind 

for September, October and December (Wind9, Wind10 

and Wind 12). The detailed pair-wise comparison of 
multicollinear environmental variables are discussed 

below. 

VIF pairs corresponding to Bio 1 (Annual Mean 

Temperature) 

Bio 1 or annual mean temperature approximates the 

total energy inputs for an ecosystem. Results suggest that 

for four raster resolutions (30s, 2.5m, 5m and 10m), Bio1 is 

not to be used along with Bio10, Bio11, Bio5, Bio6, Bio8, 

Bio9, Elev, Vapr1, Vapr2, Vapr3, Vapr4, Vapr5, Vapr11, 

Vapr12. In addition, for 2.5m, 5m and 10m resolution 

rasters, Bio1 is not to be used along with Vapr10, and for 

10m resolution raster, Bio1 is to be avoided to be used 
together with Vapr6. 

VIF pairs corresponding to Bio 5 (Maximum 

Temperature of the Warmest Month) 
Bio5 or maximum temperature of warmest month indicates the 
maximum monthly temperature occurrence over a given year 

(time-series) or averaged span of years (normal). This information 
is useful when examining whether species distributions are 
affected by warm temperature anomalies throughout the year. 
Results suggest that for four raster resolutions (30s, 2.5m, 5m and 
10m) rasters, Bio5 is not to be used along with Bio1 (Table 1), 
Bio10, Bio11, Bio6, Bio8, Bio9, Elev, Vapr1, Vapr2, Vapr3, 
Vapr12 (Table 2). For 5m and 10m resolution rasters, Bio5 is not 

to be used along with Vapr11, while for 10m resolution raster, 
Bio5 is not to be used along with Vapr5. 

VIF pairs corresponding to Bio 6 (Minimum 

Temperature of the Coldest Month)  

Bio 6 or minimum temperature of coldest month takes 

account of the minimum temperature value across all 

months within a given year. This index is useful when 

examining whether species distributions are affected by 

cold temperature anomalies throughout the year. Results 

suggest that for four raster resolutions (30s, 2.5m, 5m and 

10m), Bio6 is not to be used along with Bio10, Bio11, 

Bio8, Bio9, Elev, Vapr1, Vapr2, Vapr3, Vapr4, Vapr5, 

Vapr6, Vapr10, Vapr11, Vapr12 (Table 3), Bio1 (Table 1), 

Bio5 (Table 2). For 10m resolution raster, Bio6 is not to be 
used along with Vapr7, Vapr8, Vapr9. 
 

 
Table 1. Distribution of VIF in variable pair of Bio1 (annual 
mean temperature) with other variables corresponding to 30 arc 
second, 2.5 minutes, 5 minutes and 10 minutes raster resolution. 
VIF values with (*) indicate values <10 

 

VarPair 30s 2.5m 5m 10m 

Bio1-Bio10 212.9 237.3 271.6 330.9 
Bio1-Bio11 94.5 102.6 112.6 130.2 
Bio1-Bio5 40.8 45.5 52.2 64 
Bio1-Bio6 41.8 46.5 51.3 58.3 
Bio1-Bio8 77.4 83.1 88.6 97.9 
Bio1-Bio9 55.3 60.3 65.8 75 
Bio1-Elev 28.9 30.5 31.4 32.2 
Bio1-Vapr1 17.2 19.5 21.8 26.4 
Bio1-Vapr10 9.5* 10.3 11.1 12.7 
Bio1-Vapr11 13.3 14.3 15.3 17.2 
Bio1-Vapr12 16.2 18.1 20.1 23.8 
Bio1- Vapr2 17.7 20.1 22.7 27.2 
Bio1-Vapr3 13.6 15 16.5 19.1 
Bio1-Vapr4 12.6 13.9 15.3 17.9 
Bio1-Vapr5 11.1 12.2 13.4 15.8 
Bio1-Vapr6 8* 8.7* 9.6* 11.3 

 
 

Table 2. Distribution of VIF in variable pair of Bio5 (maximum 

temperature of warmest month) with other variables 
corresponding to 30 arc second, 2.5 minutes, 5 minutes and 10 
minutes raster resolution. VIF values with (*) indicate values <10. 
Reverse variable pairs of Bio5 available in other tables are not 
mentioned here. 
 

VarPair 30s 2.5m 5m 10m 

Bio5-Bio10 57.3 64 71.3 84.2 
Bio5-Bio11 22.2 24.4 27.8 33.6 
Bio5-Bio6 11.8 13.1 14.8 17.4 
Bio5-Bio8 24.7 26.7 29.4 34.2 
Bio5-Bio9 22.1 24.8 28.5 34.6 
Bio5-Elev 14.9 16.2 17.4 19.1 
Bio5- Vapr1 12.1 13.9 15.8 19.6 
Bio5-Vapr12 10.7 12.1 13.6 16.6 
Bio5-Vapr2 12.5 14.5 16.6 20.5 
Bio5-Vapr3 10.3 11.6 13.1 15.9 
Bio5-Vapr11 8.5* 9.4* 10.3 12.1 
Bio5-Vapr4 8.6* 9.8* 11 13.4 
Bio5-Vapr5 7* 7.8* 8.9* 10.9 
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VIF pairs corresponding to Bio 8 (Mean Temperature 

of the Wettest Quarter)  

The quarterly index of Bio 8 or mean temperature of 

wettest quarter approximates average temperature for the 

three months with the highest cumulative precipitation. 

This index provides mean temperatures during the wettest 

three months of the year, which can be useful for 

examining how such environmental factors may affect 

species seasonal distributions. 

Results suggest that for four raster resolutions (30s, 
2.5m, 5m and 10m), Bio8 is not to be used along with 

Bio10, Bio11, Bio9, Elev, Vapr1, Vapr2, Vapr3, Vapr11, 

Vapr12 (Table 4), Bio1 (Table 1), Bio5 (Table 2), Bio6 

(Table 3). For 5m and 10m resolution rasters, Bio8 is not to 

be used along with Vapr4, while for 10m resolution raster, 

Bio8 is not to be used along with Vapr5. 

VIF pairs corresponding to Bio 9 (Mean Temperature 

of the Driest Quarter) 

This quarterly index of Bio 9 or mean temperature of 

driest quarter approximates mean temperature for three 

months of the year with the lowest cumulative precipitation, 
which can be useful for examining how such environmental 

factors may affect species seasonal distributions. Results 

suggest that for four raster resolutions (30s, 2.5m, 5m and 

10m), Bio9 is not to be used along with Bio10, Bio11, 

Elev, Vapr1, Vapr2, Vapr3, Vapr4, Vapr5, Vapr10, 

Vapr11, Vapr12 (Table 5), Bio1 (Table 1), Bio5 (Table 2), 

Bio6 (Table 3), Bio8 (Table 4). In addition, for 10m 

resolution raster, Bio9 is not to be used along with Vapr6. 

VIF pairs corresponding to Bio 10 (Mean Temperature 

of the Warmest Quarter) 

The quarterly index of Bio10 or mean temperature of 
warmest quarter approximates mean temperatures that 

prevail during the warmest three months of the year, which 

can be useful for examining how such environmental 

factors may affect species seasonal distributions. Results 

suggest that for four raster resolutions (30s, 2.5m, 5m and 

10m), Bio 10 or mean temperature of warmest quarter is 

not to be used along with Bio11, Elev, Vapr1, Vapr2, 

Vapr3, Vapr4, Vapr11, Vapr12, Bio1 (Table 1), Bio5 

(Table 2), Bio6 (Table 3), Bio8 (Table 4), Bio9 (Table 5). 

In addition, for 2.5m, 5m and 10m resolution rasters, Bio10 

is not to be used along with Vapr5. Further, for 10m 

resolution raster, Bio10 is to be avoided to be used together 
with Vapr6 and Vapr10. 

VIF pairs corresponding to Bio 11 (Mean Temperature 

of the Coldest Quarter) 

The index of Bio 11—mean temperature of coldest 

quarter provides mean temperatures during the coldest 

three months of the year, which can be useful for 

examining how such environmental factors may affect 

species seasonal distributions. Results suggest that for four 

raster resolutions (30s, 2.5m, 5m and 10m), Bio11 is not to 

be used along with Elev, Vapr1, Vapr10, Vapr11, Vapr12, 

Vapr2, Vapr3, Vapr4, Vapr5, Bio1 (Table 1), Bio10 (Table 
6), Bio5 (Table 2), Bio6 (Table 3), Bio8 (Table 4), Bio9 

(Table 5). In addition, for 5m and 10m resolution rasters, 

Bio10 is not to be used along with Vapr6. 

Table 3. Distribution of VIF in variable pair of Bio6 (min 
temperature of coldest month) with other variables corresponding 

to 30 arc second, 2.5 minutes, 5 minutes and 10 minutes raster 
resolution. VIF values with (*) indicate values <10. Reverse 
variable pairs of Bio6 available in other tables are not mentioned here 
 

VarPair 30s 2.5m 5m 10m 

Bio6-Bio10 26.1 29.3 33.2 39.5 
Bio6-Bio11 44 48.8 52.3 58.4 
Bio6-Bio8 24.7 27.4 30.2 33.9 
Bio6-Bio9 31.7 33.7 35.4 38.5 
Bio6-Elev 20 21.3 22.6 24.7 
Bio6-Vapr1 13.3 14.9 16.6 19.3 
Bio6-Vapr10 12.5 13.1 14 15.6 
Bio6-Vapr11 14.7 15.7 16.8 18.7 
Bio6-Vapr12 14.4 16.1 17.9 20.8 
Bio6-Vapr2 13.3 14.7 16.5 18.9 
Bio6-Vapr3 11.3 12.2 13.4 15 
Bio6-Vapr4 13.2 14.2 15.4 17.3 
Bio6-Vapr5 15.3 16.3 17.3 19.4 
Bio6-Vapr6 10.3 10.9 11.6 12.8 
Bio6-Vapr7 8.1* 8.6* 9.3* 10.9 
Bio6-Vapr8 7.6* 8.2* 8.9* 10.4 
Bio6-Vapr9 8.4* 8.8* 9.4* 10.6 
 
 
Table 4. Distribution of VIF in variable pair of Bio8 (mean 
temperature of wettest quarter) with other variables corresponding 
to 30 arc second, 2.5 minutes, 5 minutes and 10 minutes raster 
resolution. VIF values with (*) indicate values <10. Reverse 
variable pairs of Bio8 available in other tables are not mentioned here 
 

VarPair 30s 2.5m 5m 10m 

Bio8-Bio10 63.8 67.8 72 80.2 
Bio8-Bio11 33.6 36.5 39.7 44.4 
Bio8-Bio9 20.4 22.3 24.4 28.1 
Bio8-Elev 17.8 18.8 19.3 20 
Bio8-Vapr1 13.5 14.9 16.3 18.8 
Bio8-Vapr11 10 10.7 11.3 12.4 
Bio8-Vapr12 12.1 13.2 14.3 16.3 
Bio8-Vapr2 13.6 15.1 16.6 19 
Bio8-Vapr3 10.4 11.3 12.3 13.8 
Bio8-Vapr4 9.1* 9.9* 10.7 12.2 
Bio8-Vapr5 8* 8.7* 9.5* 11 
 

 
Table 5. Distribution of VIF of variable pair of Bio9 (mean 
temperature of driest quarter) with other variables corresponding 
to 30 arc second, 2.5 minutes, 5 minutes and 10 minutes raster 

resolution. VIF values with (*) indicate values <10. Reverse 
variable pairs of Bio9 available in other tables are not mentioned here. 

VarPair 30s 2.5m 5m 10m 

Bio9-Bio10 34.5 38.5 43.7 52.4 
Bio9-Bio11 56.5 59.1 61.1 65 
Bio9-Elev 19.8 20.8 21.8 23.3 
Bio9-Vapr1 12.7 14.2 15.9 19.3 
Bio9-Vapr10 10.4 11.1 12 13.7 
Bio9-Vapr11 12 13 14 15.9 
Bio9-Vapr12 13.1 14.6 16.2 19.4 
Bio9-Vapr2 12.6 14.2 15.9 19.1 
Bio9-Vapr3 11 12.1 13.3 15.5 
Bio9-Vapr4 12.1 13.2 14.3 16.5 
Bio9-Vapr5 13 13.9 14.9 17 
Bio9-Vapr6 9.5* 10.2 11 12.6 
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VIF pairing between Bio13-Bio16 and Bio14-Bio17 

Bio 13 or precipitation of wettest month identifies the 

total precipitation that prevails during the wettest month, 

which may be useful if extreme precipitation conditions 

during the month is known to influence potential range of a 

species. Bio 16 or precipitation of wettest quarter is 

quarterly index approximates total precipitation that 

prevails during the wettest three months of the year, which 

can be useful for examining how such environmental fac-

tors may affect species seasonal distributions.  
Bio 14 or precipitation of driest month identifies the 

total precipitation that prevails during the driest month, 

which may be useful if extreme precipitation conditions 

during the month is known to influence potential range of a 

species. The quarterly index of Bio 17 or precipitation of 

driest quarter approximates total precipitation that prevails 

during the driest three months of the year, which can be 

useful for examining how such environmental factors may 

affect species seasonal distributions. 

Results suggest that for four resolution (30s, 2.5m, 5m 

and 10m) rasters, Bio13 is not to be used along with Bio16, 
while Bio14 is not to be used along with Bio17 (Table 8). 

VIF pairs corresponding to Elevation (Elev) 

Digital Elevation Model is important raster variable 

used to make bioclimatic variables (Fick and Hijmans 

2017). Results suggest that for four raster resolutions (30s, 

2.5m, 5m and 10m), Elev is not to be used along with 

Vapr1, Vapr2, Vapr3, Vapr4, Vapr11, Vapr12 (Table 9), 

Bio1 (Table 1), Bio10 (Table 6), Bio11 (Table 3), Bio5 

(Table 2), Bio6 (Table 3), Bio8 (Table 4), Bio9 (Table 5). 

In addition, for 2.5m, 5m, 10m resolution rasters, Elev is 

not to be used along with Vapr5. Further, for 10m 
resolution raster, Elev is not to be used along with Vapr10. 

VIF pairs corresponding to Solar Radiation (Srad) 

Results suggest that for four raster resolutions (30s, 

2.5m, 5m and 10m), Srad10 is not to be used along with 

Srad11 and vice versa (Table 10). 

VIF pairs corresponding to Water Vapour Pressure (Vapr) 

Vapr1  

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr1 or water vapour pressure for the month of January 

has VIF values of >10 with Vapr2, Vapr3, Vapr4, Vapr5, 

Vapr6, Vapr10, Vapr11, Vapr12, Bio1 (Table 1), Bio10 

(Table 6), Bio11 (Table 7), Bio5 (Table 2), Bio6 (Table 3), 
Bio8 (Table 4), Bio9 (Table 5), and Elev (Table 9), hence 

Vapr1 is not to be used together with these variables. For 

10m raster resolution, Vapr1 is not to be used along with 

Vapr7 and Vapr9. 

Vapr2 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr2 or water vapour pressure for the month of February 

has VIF values of >10 with Vapr1, Vapr3, Vapr4, Vapr5, 

Vapr6, Vapr10, Vapr11, Vapr12, Bio1 (Table 1), Bio5 

(Table 2), Bio6 (Table 3), Bio8 (Table 4), Bio9 (Table 5), 

Bio10 (Table 6), Bio11 (Table 7) and Elev (Table 9), hence 
Vapr2 is not to be used together with these variables. For 

10m raster resolution, Vapr2 is not to be used along with 

Vapr7 and Vapr9. 

Vapr3 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr3 or water vapour pressure for the month of March has 

VIF values of >10 with Vapr1, Vapr2, Vapr4, Vapr5, 

Vapr6, Vapr10, Vapr11, Vapr12, Bio1 (Table 1), Bio5 

(Table 1), Bio6 (Table 3), Bio8 (Table 4), Bio9 (Table 5), 

Bio10 (Table 6), Bio11 (Table 7) and Elev (Table 9), hence 

Vapr3 is not to be used together with these variables. For 
10m raster resolution, Vapr3 is not to be used along with 

Vapr7 and Vapr9. 
 

 

Table 6. Distribution of VIF in variable pair of Bio10 (mean 
temperature of warmest quarter) with other variables 
corresponding to 30 arc second, 2.5 minutes, 5 minutes and 10 
minutes raster resolution. VIF values with (*) indicate values <10. 
Reverse variable pairs of Bio10 available in other tables are not 
mentioned here 
 

VarPair 30s 2.5m 5m 10m 

Bio10-Bio11 37.1 40.7 45.5 53.9 
Bio10-Elev 29.9 32.7 34.9 37.2 
Bio10-Vapr1 17.1 19 21.1 24.9 
Bio10-Vapr2 18.2 20.4 22.7 26.8 
Bio10-Vapr3 13.7 15 16.4 18.9 
Bio10-Vapr4 11.6 12.7 13.9 16.3 
Bio10-Vapr11 12.1 12.8 13.7 15.4 
Bio10-Vapr12 15.5 17 18.7 21.8 
Bio10-Vapr5 9.2* 10.1 11.1 13.2 
Bio10-Vapr6 6.9* 7.6* 8.4* 10.1 
Bio10-Vapr10 8.3* 8.9* 9.8* 11.3 
 

 
Table 7. Distribution of VIF in variable pair of Bio11 (mean 
temperature of coldest quarter) with other variables corresponding 

to 30 arc second, 2.5 minutes, 5 minutes and 10 minutes raster 
resolution. VIF values with (*) indicate values <10. Reverse 
variable pairs of Bio11 available in other tables are not mentioned 
here 
 

VarPair 30s 2.5m 5m 10m 

Bio11-Elev 20.2 21.1 21.7 22.6 
Bio11-Vapr1 13.4 15.4 17.5 21.9 
Bio11-Vapr10 10.2 11.1 12.1 14.2 
Bio11-Vapr11 12.7 14 15.5 18.5 
Bio11-Vapr12 13.6 15.6 17.7 22 
Bio11-Vapr2 13.3 15.2 17.3 21.4 
Bio11-Vapr3 11.1 12.4 13.8 16.4 
Bio11-Vapr4 12.3 13.8 15.5 18.7 
Bio11-Vapr5 13 14.5 16.1 19.5 
Bio11-Vapr6 8.7* 9.5* 10.3 11.9 
 
 
Table 8. Distribution of VIF in variable pair of Bio13-Bio16 and 
Bio14-Bio17 corresponding to 30 arc second, 2.5 minutes, 5 
minutes and 10 minutes raster resolution 
 

VarPair 30s 2.5m 5m 10m 

Bio13-Bio16 21 21.3 21.6 22 
Bio14-Bio17 78.7 77.9 77.4 78.5 
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Vapr4 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr4 or water vapour pressure for the month of April has 

VIF values of >10 with Vapr1, Vapr2, Vapr3, Vapr5, 

Vapr6, Vapr7, Vapr9, Vapr10, Vapr11, Vapr12, Bio1 

(Table 1), Bio6 (Table 3), Bio9 (Table 5), Bio10 (Table 6), 

Bio11 (Table 7) and Elev (Table 9), hence Vapr4 is not to 

be used together with these variables. For 5m and 10m 

raster resolutions, Vapr4 is not to be used along with 

Vapr8, Bio5 (Table 2) and Bio8 (Table 4). 

Vapr5 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr5 or water vapour pressure for the month of May has 

VIF values of >10 with Vapr1, Vapr2, Vapr3, Vapr4, 

Vapr6, Vapr7, Vapr8, Vapr9, Vapr10, Vapr11, Vapr12, 

Bio1 (Table 1), Bio11 (Table 7), Bio6 (Table 3) and Bio9 

(Table 5), hence Vapr5 is not to be used together with these 

variables. For 2.5m, 5m and 10m raster resolutions, Vapr5 

is not to be used along with Bio10 (Table 6) and Elev 

(Table 9). For 10m raster resolutions, Vapr5 is not to be 

used along with Bio5 (Table 2) and Bio8 (Table 4). 

Vapr6 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr6 or water vapour pressure for the month of June has 

VIF values of >10 with Vapr1, Vapr2, Vapr3, Vapr4, 

Vapr5, Vapr7, Vapr8, Vapr9, Vapr10, Vapr11, Vapr12 and 

Bio6 (Table 3), hence Vapr6 is not to be used together with 

these variables. For 2.5m, 5m and 10m raster resolutions, 

Vapr6 is not to be used along with Bio9. For 5m and 10m 

raster resolutions, Vapr6 is not to be used along with 

Bio11. For 10m raster resolution, Vapr6 is not to be used 

along with Bio1 and Bio10. 

Vapr7 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr7 or water vapour pressure for the month of July has 

VIF values of >10 with Vapr4, Vapr5, Vapr6, Vapr8, 

Vapr9, Vapr10 and Vapr11, hence Vapr7 is not to be used 

together with these variables. For 5m and 10m raster 

resolutions, Vapr7 is not to be used along with Vapr12. For 

10m raster resolution, Vapr7 is not to be used along with 

Bio6, Vapr1, Vapr2, Vapr3. 

Vapr8 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr8 or water vapour pressure for the month of August 
has VIF values of >10 with Vapr5, Vapr6, Vapr7, Vapr9, 

Vapr10 and Vapr11, hence Vapr8 is not to be used together 

with these variables. For 5m and 10m raster resolutions, 

Vapr8 is not to be used along with Vapr4. For 10m raster 

resolution, Vapr8 is not to be used along with Vapr12 and 

Bio6 (Table 3). 

Vapr9 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr9 or water vapour pressure for the month of 

September has VIF values of >=10 with Vapr4, Vapr5, 

Vapr6, Vapr7, Vapr8, Vapr10 and Vapr11, hence Vapr9 is 
not to be used together with these variables. For 2.5m, 5m 

and 10m raster resolutions, Vapr9 is not to be used along 

with Vapr12. For 10m raster resolution, Vapr9 is not to be 

used along with Bio6 (Table 3), Vapr1, Vapr2 and Vapr3. 

Vapr10 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr10 or water vapour pressure for the month of October 

has VIF values of >=10 with Vapr1, Vapr2, Vapr3, Vapr4, 

Vapr5, Vapr6, Vapr7, Vapr8, Vapr9, Vapr11, Vapr12, 

Bio11 (Table 7), Bio6 (Table 3) and Bio9 (Table 5), hence 

Vapr10 is not to be used together with these variables. For 

2.5m, 5m and 10m raster resolutions, Vapr10 is not to be 

used along with Bio1 (Table 1). For 10m raster resolution, 
Vapr10 is not to be used along with Elev (Table 9) and 

Bio10 (Table 6). 

Vapr11 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr11 or water vapour pressure for the month of 

November has VIF values of >=10 with Vapr12, Bio1 

(Table 1), Bio10 (Table 6), Bio11 (Table 7), Bio6 (Table 

3), Bio8 (Table 4), Bio9 (Table 5), Elev (Table 9), Vapr1, 

Vapr10, Vapr2, Vapr3, Vapr4, Vapr5, Vapr6, Vapr7, 

Vapr8 and Vapr9, hence Vapr11 is not to be used together 

with these variables. For 5m and 10m raster resolutions, 
Vapr11 is not to be used along with Bio5 (Table 2). 

Vapr12 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Vapr12 or water vapour pressure for the month of December 

has VIF values of >=10 with Bio1 (Table 1), Bio10 (Table 

6), Bio11 (Table 7), Bio5 (Table 2), Bio6 (Table 3), Bio8 

(Table 4), Bio9 (Table 5), Elev (Table 9), Vapr1, Vapr10, 

Vapr11, Vapr2, Vapr3, Vapr4, Vapr5 and Vapr6, hence 

Vapr12 is not to be used together with these variables. For 

2.5m, 5m and 10m raster resolutions, Vapr12 is not to be 

used along with Vapr9. For 5m and 10m raster resolutions, 
Vapr12 is not to be used along with Vapr7. For 10m raster 

resolutions, Vapr12 is not to be used along with Vapr8. 
 

Table 9. Distribution of VIF in variable pair of Elevation with 
other variables corresponding to 30 arc second, 2.5 minutes, 5 
minutes and 10 minutes raster resolution. VIF values with (*) 
indicate values <10. Reverse variable pairs of Elev available in 
other tables are not mentioned here 
 

VarPair 30s 2.5m 5m 10m 

Elev-Vapr1 14.6 15.6 16.5 18 
Elev-Vapr11 11.4 11.8 12.3 13.1 
Elev-Vapr12 14.2 15.2 16.1 17.7 
Elev-Vapr2 16.6 17.8 18.8 20.3 
Elev-Vapr3 13.7 14.5 15.4 16.7 
Elev-Vapr4 12.5 13.1 13.9 15.2 
Elev-Vapr5 9.5* 10 10.5 11.7 
Elev-Vapr10 8.4* 8.7* 9.1* 10 
 
 
Table 10. Distribution of VIF in variable pair of Srad10 and 
Srad11 corresponding to 30 arc second, 2.5 minutes, 5 minutes 
and 10 minutes raster resolution 
 

VarPair 30s 2.5m 5m 10m 

Srad10-Srad11 13.5 13 12.7 12.7 
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Table 11. Distribution of VIF among variable pair of water 
vapour pressure variables corresponding to 30 arc second, 2.5 
minutes, 5 minutes and 10 minutes raster resolution. VIF values 
with (*) indicate values <10. Reverse variable pairs of water 
vapour pressure available in other tables are not mentioned here. 
 

VarPair 30s 2.5m 5m 10m 

Vapr1-Vapr10 16.9 18.7 20.8 24.2 
Vapr1-Vapr11 38.6 40.5 42.6 45.7 
Vapr1-Vapr12 195.4 216.5 233.6 264.7 
Vapr1-Vapr2 186.2 201.5 221.8 250 
Vapr1-Vapr3 102 111.1 121.5 138.5 
Vapr1-Vapr4 40.8 45.7 50.8 61.5 
Vapr1-Vapr5 16.5 18.8 21.4 26.9 
Vapr1-Vapr6 11.4 13.4 15.6 20.3 
Vapr1-Vapr7 7* 8* 9.1* 11.6 
Vapr1-Vapr9 7.8* 8.6* 9.6* 11.3 
Vapr10-Vapr11 55.9 63.2 73 91.6 
Vapr10-Vapr12 25.7 28.8 32.5 38.7 
Vapr11-Vapr12 80.7 84.4 88.1 92.6 
Vapr2-Vapr10 14.4 15.6 17.1 19.4 
Vapr2-Vapr11 30.6 31.6 32.8 34.4 
Vapr2-Vapr12 93 101 111.4 126.2 
Vapr2-Vapr3 226.5 246.7 261.2 292.6 
Vapr2-Vapr4 48.5 53.2 57.8 66.8 
Vapr2-Vapr5 15.7 17.7 19.9 24.4 
Vapr2-Vapr6 11.2 13 15.2 19.7 
Vapr2-Vapr7 6.7* 7.5* 8.5* 10.6 
Vapr2-Vapr9 7.3* 8* 8.7* 10 
Vapr3-Vapr10 16.4 17.5 19 21.1 
Vapr3-Vapr11 33.3 33.8 34.6 35.1 
Vapr3-Vapr12 83.7 89.7 97.2 107 
Vapr3-Vapr4 78.1 83.6 88.3 95.4 
Vapr3-Vapr5 18.4 20.4 22.7 26.8 
Vapr3-Vapr6 13.9 16.3 19.3 25.3 
Vapr3-Vapr7 7.6* 8.5* 9.7* 11.9 
Vapr3-Vapr9 8* 8.7* 9.4* 10.6 
Vapr4-Vapr10 30.5 32.9 36.3 40.8 
Vapr4-Vapr11 65.9 71.8 79 91.2 
Vapr4-Vapr12 63.2 73 84.4 108.7 
Vapr4-Vapr5 47.3 53.9 61.9 78 
Vapr4-Vapr6 21.2 24.1 27.3 32.6 
Vapr4-Vapr7 11.4 12.8 14.4 17.7 
Vapr4-Vapr9 11.9 12.8 13.9 15.5 
Vapr4-Vapr8 8.7* 9.6* 10.7 12.5 
Vapr5-Vapr10 51.9 56 60.7 69.7 
Vapr5-Vapr11 42.1 50.5 60.4 83.8 
Vapr5-Vapr12 22.6 26.4 30.5 39.6 
Vapr5-Vapr6 43.9 44.5 44.3 42.9 
Vapr5-Vapr7 27.9 30.2 32.8 37.6 
Vapr5-Vapr8 18.3 20 21.8 24.9 
Vapr5-Vapr9 20.8 21.9 23.1 25.1 
Vapr6-Vapr10 28.4 30.9 33 36.2 
Vapr6-Vapr11 16.7 18.9 21 24.3 
Vapr6-Vapr12 13.5 15.9 18.6 24 
Vapr6-Vapr7 48.5 50.3 52.3 56 
Vapr6-Vapr8 16.5 16.9 17.2 17.4 
Vapr6-Vapr9 21.4 22.1 22.8 23.6 
Vapr7-Vapr10 23.4 26.5 30.1 38.1 
Vapr7-Vapr11 12 13.8 15.8 20.1 
Vapr7-Vapr8 49.9 51.1 52.2 53.7 
Vapr7-Vapr9 37 39.2 41.6 47 
Vapr7-Vapr12 8.3* 9.6* 11 14.1 
Vapr8-Vapr10 20.6 23.7 27 33.7 
Vapr8-Vapr11 10.1 11.7 13.5 17.4 
Vapr8-Vapr9 60 65.7 70.4 79.9 
Vapr8-Vapr12 6.8* 7.7* 8.7* 10.7 
Vapr9-Vapr10 45.3 50.8 57 67.3 
Vapr9-Vapr11 15.4 17.3 19.5 23.5 
Vapr9-Vapr12 9.7* 10.9 12.2 14.6 

VIF pairs corresponding to Wind Speed (Wind) 

For four raster resolutions (30s, 2.5m, 5m and 10m), 

Wind1 or wind speed for the month of January has VIF 

values of >=10 with Wind2, and conversely Wind2 (wind 

speed for the month of February) has VIF values of >=10 

with Wind1. Similarly, for all of these data resolutions, i) 

Wind2 has VIF values of >=10 with Wind3 (wind speed 

for the month of March) and vice versa, ii) Wind3 has VIF 

values of >=10 with Wind4 (wind speed for the month of 

April) and vice versa, iii) Wind4 has VIF values of >=10 
with Wind5 (wind speed for the month of May) and vice 

versa, iv) Wind5 has VIF values of >=10 with Wind6 

(wind speed for the month of June) and vice versa, hence 

these variable pair combinations should be avoided (Table 

11). 

For the raster resolutions (5m and 10m), i) Wind2 has 

VIF values of >=10 with Wind12 (wind speed of 

December) and vice versa, and ii) Wind4 has VIF values of 

>=10 with Wind10 (wind speed of October) and vice versa, 

hence these variable pair combinations should be avoided. 

For the 10m raster resolution, i) Wind3 has VIF values 
of >=10 with Wind5 and vice versa, and ii) Wind6 has VIF 

values of >=10 with Wind7 (wind speed of July) and vice 

versa, iii) Wind9 (wind speed of September) has VIF 

values of >=10 with Wind10 (wind speed of October) and 

vice versa, hence these variable pair combinations should 

be avoided. 

Comparison with VIF output by usdm package 

The VIF pairs identified for studied explanatory 

variables in Indonesian extent from present study was 

compared with the VIF of the said explanatory variables 

for the same extent derived from vifstep function of usdm 
package. The output of vifstep function provides total 

number along with names of variables from the input 

variables that have collinearity problem, but it doesn’t 

provide the variable pairs having the collinearity problem. 

After excluding the collinear variables, the function 

provides value for variable pair with minimum and 

maximum values of linear correlation coefficients. Next, it 

provides VIFs of the remained variables, but here VIF is 

associated with a particular variable, and not the variable 

pair (Table 12). 

The usdm package output enlisted 38 variables for 30s 

and 2.5m resolution and 39 variables for 5m and 10m 
resolution to have problematic collinearity (VIF>10) (Table 

13). The output also mentioned i) Bio7, Bio8, Srad8 and 

Srad 12 for all resolutions, ii) Srad2 and Srad6 for 30s, 

2.5m and 5m resolutions, and iii) Srad3 for 10m resolution 

to have VIF>10, but from the present study, said variables 

were found to have VIF<10 (Tables 13,14). 

Interestingly, there were disparity between the VIF 

status of some ‘non-collinear’ variables resulting from 

usdm and their collinearity indicated from present study. 

Viz. for 30s resolution rasters, usdm ascribed VIF of 3.46 

to Bio13 and VIF of 4.28 to Vapr8, indicating their non-
collinearity, but for the said resolution, present study found 

that Bio13 is linked to Bio16 with VIF 21, and Vapr8 is 

linked to Vapr9 (VIF 60), Vapr10 (VIF 20.6), Vapr11 (VIF 

10.1). Similarly, for 2.5m resolution rasters, usdm ascribed 
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VIF of 3.47 to Bio13 and VIF of 7.14 to Wind1, but for the 

said resolution, present study found that Bio13 is linked to 

Bio16 with VIF 21.3, and Wind1 is linked to Wind2 (VIF 

10.6). For 5m resolution rasters, usdm ascribed VIF of 3.53 

to Bio13, 4.83 to Vapr8 and 7.95 to Wind1, but the present 

study revealed for the said resolution, Bio13 to be linked to 

Bio16 with VIF 21.6, Vapr8 to be linked to Vapr9 (VIF 

70.4), Vapr10 (VIF 27), Vapr11 (VIF 13.5) and Wind1 to 

be linked to Wind2 with VIF 11.9. In case of 10m 

resolution rasters, usdm attributed VIF of 3.47 to Bio13, 
5.05 to Vapr8 and 9.96 to Wind1, but the present study 

revealed for the said resolution, Bio13 to be linked to 

Bio16 with VIF 22, Vapr8 to be linked to Vapr9 (VIF 

79.9), Vapr10 (VIF 33.7), Vapr11 (VIF 17.4) and Vapr12 

(VIF 10.7), while Wind1 was found to be associated with 

Wind2 with VIF 13.8. 

Effect of data (raster) resolution 

At equator (0° latitude), 30 arc-seconds (0.5-minute) 

spatial resolution corresponds to about 0.86 km2 cell size 

(commonly referred to as ‘1-km’ spatial resolution), 2.5 

minutes raster resolution is equivalent to around 21.44 km2 

cell size, 5 minutes raster resolution is equivalent to around 

85.75 km2 cell size and 10 minutes raster resolution is 

equivalent to around 342.99 km2 cell size. Species 

distribution are scale dependent hence it is pertinent to 

understand the changes in VIF values corresponding to data 

(raster) resolution.  
 

 
Table 12. Distribution of VIF among variable pair of wind 
variables corresponding to 30 arc second, 2.5 minutes, 5 minutes 

and 10 minutes raster resolution. VIF values with (*) indicate 
values <10 
 

VarPair 30s 2.5m 5m 10m 

Wind1-Wind2 8.6* 10.6 11.9 13.8 
Wind2-Wind3 8.9* 10.9 12.4 13.7 
Wind3-Wind4 8.8* 10.8 12.3 14.5 
Wind4-Wind5 8.4* 10.4 12.3 16.4 
Wind5-Wind6 8.3* 10.1 11.5 13.8 
Wind2-Wind12 7.7* 9.3* 10.3 11.9 
Wind4-Wind10 7.3* 9.2* 10.7 12.5 
Wind3-Wind5 5.9* 7.1* 8.4* 11.2 
Wind6-Wind7 7.7* 8.9* 9.6* 10.7 
Wind9-Wind10 6.9* 8.6* 9.6* 10.9 

 

Table 13. Variables with collinearity problem for Indonesian 
extent derived from vifstep function of usdm package. Variables 

which were found to have VIF>10 in usdm output but having 
VIF<10 in the present study are bold italicized and (*) marked 
 

30s 2.5m 5m 10m 

Bio1, 

Bio10, 

Bio11, 

Bio12*, 

Bio14, 

Bio16, 

Bio17, 

Bio5, 

Bio6, 

Bio7*, 

Bio8, 

Bio9, 

Elev, 

Srad10, 

Srad11, 

Srad12*, 

Srad2*, 

Srad6*, 

Srad8*, 

Vapr1, 

Vapr10, 

Vapr11, 

Vapr12, 

Vapr2, 

Vapr3, 

Vapr4, 

Vapr5, 

Vapr6, 

Vapr7, 

Vapr9, 

Wind10, 

Wind12, 

Wind2, 

Wind3, 

Wind4, 

Wind5, 

Wind6, 

Wind9  

Bio1, 

Bio10, 

Bio11, 

Bio12*, 

Bio14, 

Bio16, 

Bio17, 

Bio5, 

Bio6, 

Bio7*, 

Bio8, 

Bio9, 

Elev, 

Srad10, 

Srad11, 

Srad12*, 

Srad2*, 

Srad6*, 

Srad8*, 

Vapr1, 

Vapr10, 

Vapr11, 

Vapr12, 

Vapr2, 

Vapr3, 

Vapr4, 

Vapr5, 

Vapr6, 

Vapr7, 

Vapr9, 

Wind10, 

Wind12, 

Wind2, 

Wind3, 

Wind4, 

Wind5, 

Wind6, 

Wind9 

Bio1, 

Bio10, 

Bio11, 

Bio12*, 

Bio14, 

Bio16, 

Bio17, 

Bio5, 

Bio6, 

Bio7*, 

Bio8, 

Bio9, 

Elev, 

Srad10, 

Srad11, 

Srad12*, 

Srad2*, 

Srad6*, 

Srad8*, 

Vapr1, 

Vapr10, 

Vapr11, 

Vapr12, 

Vapr2, 

Vapr3, 

Vapr4, 

Vapr5, 

Vapr6, 

Vapr7, 

Vapr9, 

Wind10, 

Wind12, 

Wind2, 

Wind3, 

Wind4, 

Wind5, 

Wind6, 

Wind7, 

Wind9 

Bio1, 

Bio10, 

Bio11, 

Bio12*, 

Bio14, 

Bio16, 

Bio17, 

Bio5, 

Bio6, 

Bio7*, 

Bio8, 

Bio9, 
Elev, 

Srad10, 

Srad11, 

Srad12*, 

Srad3*, 

Srad7, 

Srad8*, 

Vapr1, 

Vapr10, 

Vapr11, 

Vapr12, 

Vapr2, 

Vapr3, 

Vapr4, 

Vapr5, 

Vapr6, 

Vapr7, 

Vapr9, 

Wind10, 

Wind12, 

Wind2, 

Wind3, 

Wind4, 

Wind5, 

Wind6, 

Wind7, 

Wind9 

 

 

 

Table 14. The highest VIF value of the variables for Indonesian extent taken as collinear by usdm package but found to be non-collinear 
in present study 
 

30s 2.5m 5m 10m 
VarPair VIF VarPair VIF VarPair VIF VarPair VIF 

        

Bio7-Bio2 1.8 Bio7-Bio2 1.8 Bio7-Bio2 1.9 Bio7 – Vapr8 1.3 
Bio12-Bio17 4.9 Bio12-Bio17 4.7 Bio12-Bio17 4.6 Bio12-Bio17 4.6 
Srad8-Srad7 3.3 Srad8-Srad7 3.3 Srad8-Srad7 3.4 Srad8-Srad7 3.6 
Srad6-Srad7 3.1 Srad6-Srad7 2.9 Srad6-Srad7 2.8   
Srad2-Srad3 7.7 Srad2-Srad3 8.1 Srad2-Srad3 8.6 Srad3-Srad2 9 
Srad12-Srad11 8.5 Srad12-Srad11 7.9 Srad12-Srad11 7.5 Srad12-Srad11 6.9 
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It was observed from the summary statistics (Table 15) 

that going from the gradient of fine resolution (30s) 

towards coarser data resolution (10 m), there was increase 

in variance, increase in large value VIFs (outliers), increase 

in median, mean and corresponding standard deviation of 

mean. Figure 1 depicts visual comparison of four raster cell 

sizes with example of mean temperature of warmest quarter 

(Bio10) map in Indonesia, with zoomed inset of Gunung 

Leuser National Park region, Northern Sumatra, which will 

be helpful to understand the grain size/ raster resolution at 
the scale of Indonesia and in preliminarily selection of 

preferred raster resolution as per study objective. 

To study the significance of pair-wise raster 

differences, firstly, data distribution (VIF) was assessed 

with Shapiro-Wilk normality test which resulted in W = 

0.54311, p-value < 2.2e-16, meaning that p-value <0.05 

showed strong evidence of the data being non-normal. It 

was further corroborated with the density distribution plot 

of raster resolution-wise VIF, which showed strong skewed 

values towards left side (Figure 2), with the presence of 

large value VIFs as outliers (Figure 3). 
As the distribution was found to be non-normal, 

Kruskal-Wallis rank sum test (non-parametric version of 

One-way ANOVA) and Friedman rank sum test (non-

parametric version of one-way repeated measures 

ANOVA) were carried out. 

Kruskal-Wallis rank sum test showed chi-squared = 

29.203, df = 3, p-value = 2.03e-06 and Friedman rank sum 

test showed chi-squared = 494.47, df = 3, p-value < 2.2e-

16. As both the results showed p-value <0.05, the null 

hypothesis was rejected and significant difference between 

VIF values of raster resolutions were considered. To 
understand particularly the pairs of different individual 

raster resolutions, post hoc Wilcoxon rank sum test with 

pair-wise comparisons with bonferroni continuity 

correction was conducted. It was observed that 30s 

resolution raster was significantly different (p-value <0.05) 

than 5m and 10m, while 2.5m resolution raster was 

significantly different (p-value <0.05) than 10m resolution 

raster (Table 16). 

 

 
Table 15. Summary statistics of resolution-wise variance inflation 
factor values 
 

Res Min. Max. Mean SD Median Variance 

30s 5.90 226.50 26.68 33.81 13.80 1142.95 
2.5m 7.10 246.70 29.16 36.90 15.60 1361.27 

5m 8.40 271.60 31.87 40.29 17.15 1623.43 
10m 10.00 330.90 36.68 46.36 19.85 2149.37 

 
 
Table 16. Post hoc Wilcoxon rank sum test with pair-wise 
comparisons of rasters with bonferroni continuity correction 
 

Resolution 30s 2.5m 5m 

2.5m 0.6588 - - 
5m 0.0155 0.7003 - 

10m 4.50E-06 0.0011 0.0917 
 
 

 
 

Figure 1. Visual comparison of four raster cell sizes with 
example of mean temperature of warmest quarter (Bio10) map in 
Indonesia, with zoomed inset of Gunung Leuser National Park 
region, northern Sumatra. 
 
 
 

 
 

Figure 2. Density distribution of VIF with respect to various 
raster resolution 
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Figure 3. Distribution of VIF with respect to various raster 
resolution 
 
 

Tentative list of non-collinear variables 

For all the raster resolutions, Bio2, Bio3, Bio4, Bio15, 

Bio18, Bio19, slope, aspect, Srad1, Srad4, Srad5, Srad9, 

Wind8, Wind11 were found to be non-collinear. While, 

Srad3 and Srad 7 were found to be non-collinear for 30s, 
2.5m and 5m raster resolutions; Wind 7 was non-collinear 

for 30s and 2.5m; Srad2 and Srad6 were non-collinear for 

10m; Vapr8 for 2.5m and Wind1 was non-collinear for 30s 

raster resolutions. 

Discussion  

From the analysis of 58 explanatory/predictor variables 

and their corresponding 3364 variable pairs, 174 resolution 

wise variable pairs were known to be affected by 

multicollinearity, out of which temperature related 

bioclimatic variables, water vapour pressure and elevation 

associated variables were highly notable. Resolution-wise, 

10m rasters had the highest variance, indicating more data 
noise and presence of greater number of collinear variables, 

while 30s rasters had the lowest variance, meaning these 

datasets deviate less significantly than mean, and have a 

smaller number of collinear variables. 

Regarding bioclimatic variables, temperature variables 

mainly affected by multicollinearity include mean 

temperatures of warmest (Bio10), wettest (Bio8), coldest 

(Bio11) and driest quarter (Bio9), annual mean temperature 

(Bio1), as well as limiting factors like maximum 

temperature of warmest month (Bio5) and minimum 

temperature of coldest month (Bio6). With respect to the 
precipitation related factors, precipitation of wettest month 

(Bio13) was found to be collinear with precipitation of 

wettest quarter (Bio16). Further, precipitation of driest 

month (Bio14) was found to be collinear with precipitation 

of driest quarter (Bio17). Water vapour pressure also had 

high multicollinearity among themselves, with elevation 

and temperature related bioclimatic variables as water 

vapour pressure itself is calculated from dew-point 

temperature/ mean relative humidity and mean temperature 

(Fick and Hijmans 2017). Higher multicollinearity of 

elevation with temperature related variables may be due to 

dependence of temperature with gradients of latitude and 

elevation, and less multicollinearity among precipitation 

related variables may be explained by the fact that 

precipitation can be highly variable in time and space and 

some regions have abrupt changes (Fick and Hijmans 

2017). Wind speed was found to be interesting in a sense 

that none of the 30 second rasters were multicollinear (VIF 

values <10), while gradually VIF values of concerned 

variable pairs increased with the increase in resolution. 
While selecting explanatory variables for ecological 

niche modeling, composite variables based on the 

precipitation of the coldest or warmest period or 

temperature of the driest or wettest period could be avoided 

as these datasets are hinted to be internally flawed. 

Therefore, limiting factors like the maximum temperature 

of the warmest month, minimum temperature of the coldest 

period, temperature variability, precipitation variability, 

precipitation of the wettest and driest periods and so on 

may be used in combination unless otherwise VIF values 

restrict them (Pradhan 2016). However, working only with 
non-redundant ones may not always yield good results as 

some of the redundant variables may act as good ecological 

descriptors, which could be used in ENM process without 

its corresponding variable pair (VIF>10). It should also be 

noted that sometimes overfitting may be the result of 

selecting too much aggregate sampling sites 

(sample/observation bias) which may be corrected 

(Pradhan 2016). 

After VIF screening, the variables may be preliminarily 

run in MaxEnt (minimum of triplicate runs), which may be 

helpful to identify the least significant variables based on 
jackknife test for evaluating relative importance of 

variables, % contribution to the model as well as individual 

response to the variable (Jueterbock et al. 2016; Gunawan 

et al. 2021). In case, multiple models are built for the same 

species utilizing multiple sets of non-collinear variables, 

the final model is suggested to selected based upon lowest 

AICc score, highest AUC value and incorporating lesser 

number of correlated variables (VIF <10) (Warren et al. 

2010). ENMeval (Muscarella et al. 2014; Kass et al. 2021) 

and Maxentvariableselection packages in R offer various 

evaluation metrics for selecting explanatory variables 

which may be consulted prior to model building 
(Jueterbock et al. 2016) and the overall workflow of 

ecological niche modeling may be conducted following 

Overview, Data, Model, Assessment and Prediction 

(ODMAP) protocol outlined by Zurell et al. (2020). 

Further, under current climatic conditions, performance 

and prediction likelihood of models based on CHELSA 

climatic database are reported to outperform than that of 

WorldClim climatic database, especially for high mountain 

regions (Bobrowski 2021). Besides, it may also be kept in 

mind that all temperature variables of WorldClim 2.1 are 

based upon the higher global correlation coefficient (𝜌) 
between estimated and observed values of 0.99, and 

similarly solar radiation and water vapour pressure both 

have correlation coefficients higher than 0.95; however, 

accuracy was lowest for wind speed (𝜌=0.76) and 

precipitation (𝜌=0.86) (Fick and Hijmans 2017), which is 
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important in understanding how realistic explanatory 

variables are we using for ENM studies as regional/ local 

scale (Pradhan 2019).  

In conclusion the study presented a primer for selection 

of various explanatory/predictor variables based upon 

WorldClim 2.1 datasets available in four raster resolutions. 

At the extent of Indonesia, out of 58 explanatory variables 

and their corresponding 3364 variable pairs, 174 variable 

pairs were known to be affected by multicollinearity, from 

which temperature related bioclimatic variables, water 
vapour pressure and elevation associated variables were 

highly notable. For all the raster resolutions, Bio2, Bio3, 

Bio4, Bio15, Bio18, Bio19, slope, aspect, Srad1, Srad4, 

Srad5, Srad9, Wind8, Wind11 were found to be non-

collinear. While, Srad3 and Srad 7 were found to be non-

collinear for 30s, 2.5m and 5m raster resolutions; Wind 7 

was non-collinear for 30s and 2.5m; Srad2 and Srad6 were 

non-collinear for 10m; Vapr8 for 2.5m and Wind1 was 

non-collinear for 30s raster resolutions. In a gradient 

smaller, resolution raster had smaller data variance e.g. 30s 

than the larger resolution raster e.g. 10m. VIF output of 
usdm package of R was compared with present study, and 

some disparities were noted, necessitating validation of 

VIF of screened variables who rely solely on such 

packages. Besides WorldClim, other climatic databases 

such as CHELSA is to be compared and explored for 

regional ENM studies. 
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