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Predicting a combination of the key attributes using
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Abstract

Feature selection is the one of important issues in the field of machine learning and pattern recognition.
It is the technique to find a subset from the source data and can give the best classification performance.
Ie, it is the technique to extract the subset closely related to the purpose of the classification. In this
paper, we experimented to select the best feature subset for improving classification accuracy when
classify success and failure factors in software reuse. And we compared with existing studies. As a
result, we found that a feature subset was selected in this study showed the better classification
accuracy.
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<Table 1> Experiment | & o] 7+ wr|elEo] Fe|AE | 7|oE= JE
CfsSubsetEval 24414 T Agrolth
Greedy|BestFir|LinearF
= Stepwi|st orwardS
2] =
Classi T e'st [ se 3.8,9,11election = HaELE:
! option |A1# [Bttribute o i
fier ©v) |erst 8,9,11,].13,14,1(3.8,9,11, (0.61) (0.39)
T 13,14,1(6,17.18,|13,14,16 I —
6,17,19(19.24 |.17.19.2 e 5.5951 5.4016
24 4 proc 2.0007 1.9993
3 [ 83.00%] 1005 100%] 100% = i
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RBFN |3 91.67%| 100%|95.83%| 95.83% = 10127 1.s883
et 5 95.83%| 100%| 100%| 95.83% e -SSR REe
work (10 91.67%| 100%| 100%| 100% ves 1s.5157 2.4283
Bayes |2 95.83%| 100%| 100%| 100% ook Senpard it e
Not |9 100%| 100%| 100%| 100% Domain Analysis . i
10 100%| 100%| 100%| 100% e  ein:
Naive 12 95.83%| 100%| 100%| 100% na 10117 1.9883
el 95.83%| 100%| 100%| 100% PR N He Az
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N}; 1.-’:‘1;'? 1.;;33
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<Table 2> Experiment I verification process
Classifier
attribute SVM RBFNetwork BayesNet NaiveBayes
Cross-validation Cross-validation Cross-validation Cross-validation
3 5 10 3 5 10 3 5 10 3 5 10
9.14,16,19,24 95.65%| 100%| 100%| 100%]| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%
570 %4 - 09 A7 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%
570 %4 - 14 A7 | 9565%| 95.65%| 9565%| 100%| 100%| 95.65%| 100%| 100%| 100%| 100%| 100%| 100%
57 %4 - 16 Al | 9565%| 91.30%| 82.61%| 9565%| 100%| 100%| 9565%| 95.65%| 95.65%| 95.65%| 95.65%| 9565%
570 %4 - 19 Al | 9565%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%| 100%
57) %4 - 24 Al | 9565%| 95.65%| 9565%| 100%| 100%| 9565%| 100%| 100%| 100%| 100%| 100%| 100%
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<Table 3> Key attributes

14 Non-Reuse Processes Modified

16 Human Factors

19 Domain Analysis

24 Configuration Management

<Table 4> Experiment |, Il II
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<Table 5> Comparison of the results

. . |[Menziep: =i

attribute Morisio s et i

etal ) 11 I
Application Domain n/a x o xo
Size of Baseline n/a V4 V kK
Production Type V4 x X x o |x
Top Management v/ v/ v/ kK
Commitment
Reuse Approach x V4 Vox
Domain Analysis x V4 V V¥V WV
SP maturity X x x x  |x
Software Staff X X x x o |x
Overall Staff x x X x|x
Staff Experience x X x x|x
Type of Software x x x x|x
Development Approach x x vV VK
Software and Product x x x x|x
Origin x x x x |x
# assests X X x x o |x
Qualification X x x x|k
Rewards Policy x x x x o |x
Work Products X X x x|x
Independent Team x X x o x
When Assests Built x x x x|x
Configuration Management [x x vV vV vV
Key Reuse Roles " v R T
Introduced
Repository 4 4 (VAR VA V]
Human Factors NV 4 vV vV vV
Reuse Processes Introduced/ 4 (VAR S
Non-Reuse Processes
Modified v v v VoV
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