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ABSTRACT

Spatial events are predictable using data mining classification algorithms. Decision
trees have been used as one of representative classification algorithms. And they were
normally used in the classification tasks that have label class values. However since
using rule ranking methods, spatial prediction have been applied in the spatial

201499 94 169 A4 Received on September 16, 2014 / 201449 1149 129 4 Revised on November 12, 2014 /
20149 114¥ 249 AALeEE Accepted on November 24, 2014

1 A AARD AL FEAAGFEIL Geoscience Research Division, Korea Institute of Geoscience
and Mineral Resources

% Corresponding Author E—mail : ykyeon@klgam.re.kr



102 Andlysis of Leaf Node Ranking Methods for Spatial Event Prediction

prediction problems. This paper compared rule ranking methods for the spatial

prediction application using a decision tree.

For the comparison experiment, C4.5

decision tree algorithm, and rule ranking methods such as Laplace, M—estimate and

m—branch were implemented. As a spatial prediction case study, landslide which is one

of representative spatial event occurs in the natural environment was applied. Among

the rule ranking methods, in the results of accuracy evaluation, m—branch showed the

better accuracy than other methods. However in case of m—brach and M-—estimate

required additional time—consuming procedure for searching optimal parameter values.

Thus according to the application areas, the methods can be selectively used. The
spatial prediction using a decision tree can be used not only for spatial predictions, but

also for causal analysis in the specific event occurrence location.

KEYWORDS : Decision Tree, Spatial Prediction, Leaf Node Ranking, Prediction Accuracy
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FIGURE 1. Spatial prediction using a decision tree(source : Yeon et a/., 2010)
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TABLE 1. Configuration of dataset

Map Source Thematic Layer Type Scale(resolution)
Airborne Image Landslide class 0.4m
Slope continuous
) Aspect discrete .
Topographic Map Curvature continuous 1:5,000
Ridge continuous
Texture discrete
) Drainage discrete
- 2
Soil map Material discrete 1:25,000
Thickness discrete
Type discrete
Diameter discrete
2
Forest Map Density discrete 1:25,000
Age discrete
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