Proceedings of KFIS Fall Conference, 2003. 5. 3

Ciole| BX& 128t A= gt K42 o[zt

Discretization of continuous-valued attributes considering data
distribution

Sanghoon Lee, Jung—eun Park and Kyung—whan Oh
Department of Computer Science, Sogang University

E—mail : {sadclan@ailab, fayemint@ailab, kwoh@ccs}.sogang.ac.kr
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DENDIS algorithm
For each continuous attribute a {
For each target class ¢ {
calculate_each_density d(c,a);
} Fdensity of each class
total_den(a):_TOTAL(d(c a));
} frotal dersity of all olass
For each continuous att{
cut_point set(a)
:=LOCAL_MIN(total _ den(a))'
Astenl: ereate inttial cut poing sot
For each cut_point set(a){
ADD(set(a),CROSS(d(c,a));
1} fstep 2 add g pedids
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