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Anneal (93 items, 812 examples, 45% density)
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name #sample  #feature  #target
(not bi-  class
narized)
“Banknote Authentication 1372 5 T
Breast Tissue 106 10 6
Glass Identification 214 10 6
i 150 4 3
Wireless Indoor Localization (Wifi) 2000 7 4
Yeast 1484 8 9
)
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banknote-class-1 0.998 0.992 0.989 0.99T 0.997
Breast-tissue-class-adi 1.000 1.000  0.935 0.93T 0.97T
breast-tissue-class-car ~ 0.937  0.863 0.891 0.894 0.931
- 1.000 1.000  0.891 0.740 0.900
0.806  0.722 0.599 0.673 0.535
0.881  0.881  0.771 0.700 0.727
0.882 _ 0.770 0.523 0.482 0.474
0.802 0.800 0.733 0.716 0.880
0.867  0.863 0.777 0.599 0.799
glass-class-3 0.697  0.625 0.558 0.231 0.371
glass-class-5 0.920 0.960  0.777 0.658 0.865
1 1.000 1.000  0.960 0.920 1.000
0.942 0.966 _ 0.900 0.915 0.915
1.000 1.000 1.000  1.000  1.000
0.962  0.916 0.948 0.730 0.949
0.949 0.943 0.952 0.971 _ 0.952
0.993 0.993 0.980 0.989 0.997
0.982  0.961 0.979 0.977 0.978
0.974 0.943 0.953 0.598 0.975
0.995  0.956 0.991 0.994 0.995
0.632 0.604 0.604 0.606 0.650
yeast-class-ERL. 1.000 1.000  0.647 0.867 0.167
yeast-class-EXC 0.661  0.536 0.589 0.530 0.654
yeast-class-ME1 0.785  0.734 0.761 0.641 0.779
-M 0.591  0.420 0.485 0.430 0.483
0.823  0.810 0.793 0.768 0.811
0.634 0.589 0.614 0.590 0.645
0.630 0.545 0.605 0.590 0.634
0.628  0.614 0.614 0.614 0.560
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1) hteps:/dtai.cs.kuleuven.be/ CP4IM/datasets/

2)  http://research.nii.ac.jp/~uno/codes.htm T & 1
% LCM /= 3> 53 Z2 i Lfe.

3)  http://archive.ics.uci.edu/ml/datasets.php

4)  htps://optuna.org

BE
(1] KRIEFEARES (2019) , 2019 T ERF 7L FER
R I F—D RN TRIVGADEAZ N

Vol. 28 No. 4, March 2020

Y B HTx ALl BB 7 + —F L, Vol. 28,
No. 2, September.

[2] Dong, G., and Li, J., “Efficient mining of emerging
patterns: Discovering trends and differences,” In
Proc, KDD, 1999.

[3] Uno, T., Asai, T., Uchida, Y., and Arimura, H,
“LCM: An efficient algorithm for enumerating fre-
quent closed item sets,” In Proc. FIMI '03, IEEE,
2003.

[4] Fan, H., and Ramamohanarao, K., “Fast discovery
and the generalization of strong jumping emerging
patterns for building compact and accurate clas-
sifiers,” JEEE TKDE, Vol. 18, No. 06, 2006, pp.
721-737.

BREE
BEEN (TES FWII)

2014 4R (W) ELEMIIr AL, T -2 A= 7L
P2 77 L ) X L ORFFERRFEICIES. it ().

257



