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PREDICTING SPECIES’ POTENTIAL DISTRIBUTION—SVM COMPARED WITH
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Abstract Aims The most common method to build a predictive model of species’ potential distribution is to
use environmental factors because they strongly affect species distribution. Unfortunately most predictive
models suffer from the’ high dimension small sample size” problem and cannot give satisfactory resulls in
many cases. Support vector machine SVM  which is based on structural risk minimization principle has
proven to be especially suitable for such data by both theory and abundant applications. Our objective was to
implement a new predictive system of species’ potential distribution based on the SVM method.

Methods We performed a country-scale case study using 20 Chinese endemic species of Rhododendron —em-
ploying herbarium specimen data and 11 layers of 1 km x 1 km digital environmental grid data. Through expert
evaluation and receiver operator characteristic ROC curve we compared SVM predictions with those of a
commonly used modeling method the genetic algorithm for rule-set prediction GARP .

Important findings Al scores of SVM’ s prediction are higher than GARP’s in expert evaluation. For the
statistical analysis of ROC curve almost all the area under the curve AUC  determinations of SVM are larger
than that of GARP. Furthermore SVM'’s prediction speed is much faster than GARP’s. Through our experi-
ment comprehensive evaluation proved that SVM is much better than GARP in terms of both performance and
accuracy on thé' high dimension small sample size” problem.

Key words predictive model of species distribution support vector machine SVM  genetic algorithm for
rule-set prediction GARP  receiver operator characteristic  ROC  curve Rhododendron potential distribu-
tion
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Table 1 ~ Confusion matrix

Actual negative

Predicted positive

Predicted negative

True positive TP

False negative FN

False positive

True negative

FP

™

2
2.1
GARP SVM 20
Rhododendron ovatum 3
3 GARP SVM
2.2
20
2 ANOVA SVM 20
2.5+1.1 p <0.000 1
GARP 0.2+0.5
2.3
GARP SVM ROC
4 AUC
20 AUCSVM AUC(}ARP 5
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2 20
Table 2 Expert’ s scores of the predicted potential distribution maps of 20

endemic species of Rhododendron in China

GARP SVM
Rhododendron aganniphum 0 3
Rhododendron brachyanthum 0.5 3
Rhododendron calophytum 0.5 3
Rhododendron davidii 0.5 3
Rhododendron decorum 0 2
Rhododendron dendrocharis 0.5 2.5
Rhododendron haematodes 0.5 0.5
Rhododendron heliolepis 0 2
Rhododendron irroratum 0.5 2.5
Rhododendron lutescens 0 3
Rhododendron nivale 0 3.5
Rhododendron ovatum 0 5
Rhododendron phaeochrysum 0 3.5
' Rhododendron protistum 0 15
var. giganteum
Rhododendron sanguineum 0 1.5
Rhododendron selense 0 0
Rhododendron simsii 0
Rhododendron strigillosum 0 1.5
Rhododendron warifolium 0 2.5
Rhododendron wardii 0 1.5

Algorithm for

Support vector machine

rule-set prediction
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