






















 

 

Edaphic variables 

Edaphic variables were used in the study as they have proven valuable for assessing the ecological 

niche requirements of tree species and comprehending the factors that influence their geographic 

distribution in numerous studies on host tree species distribution models (Maes et al., 2019; Pecchi 

et al., 2019; Pelletier et al., 2019). The behaviour of mopane worm larvae, specifically their 

burrowing into the ground and pupating during dry seasons, suggests their preference for 

favourable soil conditions (Shen et al., 2023). This behaviour indicates that the larvae actively 

seek out soil environments that are conducive to their pupation process, potentially characterised 

by specific moisture levels or other soil properties that support successful development (Styles and 

Skinner, 1996).  

Soil variables used in the study were downloaded from various sites, as shown in TABLE 

2 . These variables were also tested alongside other predictor variables and filtered according 

to the thresholds set for Pearson’s correlation and VIF. TABLE 2  gives a detailed account of 

the considerations for the soil variable for each host tree and mopane worm scenario model. These 

soil variables were resampled and projected to the same dimensions of Southern Africa in 

preparation for use in the models. 
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TABLE 2 Edaphic variables used in various models in this study. 

Soil Variable Source Resolution Time Modeled species 

OpenLandMap 

soil ph in H20 

Google Earth Engine catalogue 

(Hengl, 2018)

 

250 m NA All modelled species 

Soil subsurface 

moisture 

(susm) 

NASA-USDA Enhanced SMAP Global 

Soil Moisture Data 

https://earth.gsfc.nasa.gov/hydro/data/nasa-

usda-global-soil-moisture-data  

(Google Earth Engine catalogue) 

10 km Average of 

10 years 

C. mopane (Rains, 2017) 

J. globiflora (Gwate and Ndou, 

2022) 

T. sericea ‒ both subsurface 

and surface soil moisture can be 

used but susm was considered 

(Nakanyala and Hipondoka, 

2020) 

D. cinerea (Musimba, 2020) 

Soil surface 

moisture 

(ssm) 

NASA-USDA Enhanced SMAP Global 

Soil Moisture Data 

https://earth.gsfc.nasa.gov/hydro/data/nasa-

usda-global-soil-moisture-data 

(Google Earth Engine catalogue) 

10 km Average of 

10 years 

S. birrea (Dzikiti et al., 2022) 

Mopane worm ‒ after filtering 

D. mespiliformis (Wakawa et 

al., 2022) 

Africa Surface 

lithology 

RCMRD- Geoportal 

https://geoportal.rcmrd.org/layers/  

~95 m NA All modelled species 

NA = Not Applicable. 

 

It is important to acknowledge that the decision to consider between soil subsurface 

moisture and soil surface moisture for the various host trees was contingent upon the scholarly 

sources cited in Table 2. The various citations given, expound upon the distinct root systems 

associated with each tree species. 
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Topographic data 

The digital elevation model (DEM) utilised in this study was obtained from the Google Earth 

engine platform. The primary data source for the DEM was the shuttle radar topography mission 

(SRTM), which provides elevation data with a spatial resolution of 30 meters (Farr et al., 2007). 

The DEM data used in the study had gaps, and it was necessary to address these gaps by filling the 

‘NoData’ raster cells in the DEM file. In quantum GIS (QGIS Version 3.28, 2022), the 

‘FillNoData’ function within the GDAL plugin was employed, utilizing the nearest neighbour 

interpolation technique. This process allowed for the estimation of values in the missing areas in 

the DEM raster. The resampled and projected DEM raster, representing the general altitude of 

Southern Africa, was then aligned with the masking raster layer file for further analysis as a 

predictor variable.  

 

Land use/ land cover  

Land use and land cover (LULC) are essential factors in describing the ecological niche of mopane 

worm. Several studies have examined how LULC affects mopane worm distribution and 

highlighted the influence of human activities on the presence and abundance of mopane worm 

(Gondo et al., 2019; Ndlovu et al., 2019).  

Assessing the impact of LULC on the population of mopane worm is crucial, as it can result 

in both positive and negative consequences. Positively, LULC provides information about the 

various land cover types and uses, such as agricultural use, which has been noted to favour mopane 

worm populations. Conversely, the distribution of mopane worm can be indirectly affected by 

human activities associated with land use, such as habitat modification or landscape fragmentation 

and degradation (Mugari et al., 2019). 
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The LULC raster layer was utilised in all four case model scenarios presented in Figure 4. 

The LULC raster image employed in this study was clipped to the geographic extent of Southern 

Africa and was obtained at a spatial resolution of approximately 1 km × 1 km. The primary data 

source for the consensus global land cover dataset was the EarthEnv website, which is supported 

by the NCEAS (National Center for Ecological Analysis and Synthesis), NASA (National 

Aeronautics and Space Administration), NSF (National Science Foundation), and Yale University. 

The data source contains 12 distinct land cover classes such as open water, snow/ice, urban/built 

up, cultivated and managed vegetation, herbaceous vegetation, and shrubs among others. 

This dataset was selected due to its close alignment with the intended model resolution and 

its established importance in the context of monitoring and modelling biodiversity, ecosystems, 

and climate dynamics at a global scale (Tuanmu and Jetz, 2014). The LULC raster layer was later 

resampled and projected accurately to the dimensions of the mask file used (bioclim 4), in the R 

software. 

 

Variable selection and multicollinearity analysis  

Multicollinearity test for predictor variables  

In SDM, overfitting is a common issue that can arise due to multicollinearity between predictor 

variables. Overfitting occurs when a model performs well on the training data but fails to generalise 

to independent data (Zhang et al., 2019). To address this issue, one approach is to identify and 

eliminate the highly correlated variables from the models. Two common methods used for this 

purpose are the VIF and Pearson's correlation coefficient. The VIF assesses the extent to which 

multicollinearity raises the slope estimate variance (Liou and Mulualem, 2019). 
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