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Expanding and developing the use of bioenergy is one of the key strategies for 

Taiwan to achieve net-zero emissions. Further understanding the impact of global 

spatial planning and allocation. This study focused on Sapindus mukorossi, a potential 

biomass species, we applied the ensemble ecological niche model to simulate the 

species range dynamic under the shared socio-economic pathways (SSPs) warming 

scenario, spanning from the current time to the end of the 21st century (2071-2100). The 

results show that temperature-related climate variables are the primary drive shifts in 

habitat suitability for S. mukorossi. In a low emission scenario (SSP126), S. mukorossi 

under a high emission scenario (SSP585), the maintenance of suitable habitats on the 

southwestern is constricted. Although suitable habitat ranges may expand towards higher 

altitudes without reducing the overall habitat area, changes in habitat spatial patterns 

could potentially affect the availability of future resource utilization. We recommend 

early formulation or adjustment of planting plans to provide corresponding operational 

and management strategies for climate change.

shared socio-economic pathways, bioenergy resource, sustainability, eco-

logical niche model
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Geographical location of the study area and the species occurrence records (circular markers).
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Predictor variables used in ecological niche modeling.

Category  Variable Code 

Bioclimatic Annual mean temperature BIO1 
 Mean diurnal range (mean of monthly (max temp - min temp)) BIO2 
 Isothermality (BIO2/BIO7) (×100) BIO3 
 Temperature seasonality (standard deviation×100) BIO4 
 Maximum temperature of warmest month BIO5 
 Minimum temperature of coldest month BIO6 
 Temperature annual range (BIO5-BIO6) BIO7 
 Mean temperature of wettest quarter BIO8 
 Mean temperature of driest quarter BIO9 
 Mean temperature of warmest quarter BIO10 
 Mean temperature of coldest quarter BIO11 
 Annual precipitation BIO12 
 Precipitation of wettest month BIO13 
 Precipitation of driest month BIO14 
 Precipitation seasonality (coefficient of variation) BIO15 
 Precipitation of wettest quarter BIO16 
 Precipitation of driest quarter BIO17 
 Precipitation of warmest quarter BIO18 

 Precipitation of coldest quarter BIO19 

Soil Coarse fragments volumetric CRF 
 Soil texture fraction clay  CLY 
 Soil texture fraction sand SND 
 Soil texture fraction silt SLT 
 Soil pH x 10 in KCl pH 

 Cation exchange capacity CEC 

Topography Elevation ELEV 
 Slope Slope 

 Aspect  ASP 

Land-use/Land-cover Land-use/Land-cover LULC 
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2. (area under a ROC curve, AUC)
(true skill statistic, TSS)  

. The area under the receiver operating characteristic curve (AUC) and the true skill statistic (TSS) 
obtained by each algorithm for the model.

3. 
. Importance of each predictive variable to the ensemble model.
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(a) (b) (c) 
. Response curves for the topmost important variables in an ensemble model; (a) annual mean 
temperature; (b) mean diurnal range, and (c) slope.
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(a) SSP126 (b) SSP585
Climate-related range shift of Sapindus mukorossi under future climatic scenarios. (a) SSP126, (b) 

SSP585.

Scenarios 
Area (km2) Species range change (%) 

Absence Stable Gain Loss Percent gain Percent loss Range change  

SSP126 25,681 6,875 2,529 789 33.00 10.29 22.70 

SSP585 25,107 4,698 3,103 2,966 40.49 38.70 1.79 

. Summary of the range change statistics for Sapindus mukorossi under future climatic scenarios 
compared to current climatic conditions.
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