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Pa,, D; :Aa,, D,./( 1 + alog( Ta]) Di) ) p T 1, 2
A"p D; a, D, p T -1.
T, », a, D, o 3.2 BMF BMF +DSMF
2
4 ( BMF) :
’ ’ ( BMF + DSMF) . k-
. ) ) ’ 2 90% 10%
: . . . 0
- ( Default Ranking DR)
50 10
50 UCI .10
10 6 7
WEKA( 5.) 6 10 Spearman
5 Run DR BMF BMF + DSMF
1 0.551'5 0.780 4 0.956 0
Naive Bayes-Bayes Net 2 0.533 3 0.826 4 0.937 5
J48 . Random Forest 3 0.793 9 0.960 5 0.980 2
Decision Table. Jrip.PART 4 0.509 1 0.925 4 0.930 1
Logistic~SMO 5 0.609 1 0.843 1 0.966 6
IBK 6 0.672 7 0.717 6 0.952 0
7 0.472 7 0.976 5 0.861 7
8 0.509 1 0.844 7 0.938 9
10 WEKA 9 0.506 1 0.881 9 0.948 2
50 10 0.569 9 0.926 1 0.978 7
10 10 Avg 0.572 7 0.868 2 0.945 0
50 Std. 0.097 1 0.081 9 0.033 8
50 p 1.34063E-07  0.033 276
10 50 Avg.  Sid.
( ) 7 10 Kendall
Run DR BMF BMF + DSMF
1 0.4556 0.705 1 0.899 5
Spearman " Kendall 6 . 2 0.444 4 0.733 6 0.8217
T=1,T, T, P= P, P, = P, 3 0.622 2 0.9325 0.938 2
- 4 0.433 3 0.858 6 0.865 1
Spearman 5 0.511 1 0.741 2 0.898 8
; 6 0.533 3 0.643 8 0.881 2
p=1-6%d/(m(m-1)) 7 0.411 1 0.924 4 0.837 2
. o 8 0.4222 0.760 2 0.871 4
di =(T - P)". 9 0.433 3 0.787 1 0.863 8
Kendall 10 0.494 4 0.837 6 0.932 2
7=1-4d (T P)/(m(m-1)) Avg. 0.476 1 0.792 4 0.8809
d(T P) =#{(i)):i<j (T,-T) (P, -P) <0}. Std. 0.065 3 0.094 5 0.037 5
o T 11 2 p 4.3804E40 0.017 346
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The Extraction of Meta-Feature Based on Decision Stump

ZENG Zilin' CHEN Jianjun’
(1. Army Infantry College of People’s Liberation Army Nanchang Jiangxi 330103 China;
2. Shangrao Vocational and Technical College Shangrao Jiangxi 334109 China)

Abstract: The " No Free Lunch" theorem shows that there is no reason to think that one algorithm is superior to the
other one without any prior assumptions. The performance of algorithm is closely related to the meta-feature of prob—
lem. The current meta-feature extraction method is only concerned with extracting metaHeature from the data set
while ignoring the metafeature extraction of candidate algorithms. Therefore an extraction method based on decision
stump is proposed which can effectively reflect the information of candidate algorithms. Experiments show that the
new meta-feature sets significantly increase the prediction accuracy of algorithm ranking.

Key words: meta-feature; performance of algorithms; ranking of algorithms; decision stump



