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TABLE 1

OVERVIEW OF THE STUDIED CLASSIFICATION TECHNIQUES.

Family Technique Abbreviation
Statistical Naive Bayes NB
Techniques Simple Logistic SL
Clustering K-meansl K-means
Techniques Expgﬂti}tlﬂlsl =M

Maximization
Repeated Ripper
Incremental
Rule-Based £ UG 0
Techniques Produc?: L
Reduction
Ripple Down | Ridor
Rules
Neural Networks | Radial Basis | RBFs
Functions
Nearest K-Nearest KNN
Neighbour Neighbour
Support  Vector | Sequential Mini- | SMO
Machines mal Optimization
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J48 J48
Logistic LMT
Decision Trees Model Tree
using  Logistic
Regression
Bagging Bag+LMT,
Bag+NB,
Bag+SL,
Bag+SMO
and Bag+J48
Adaboost Ad+LMT,
Ad+NB, Ad+SL,
Ensemble Ad+SMO  and
Methods using Ad+J48
LMT, NB, SL, Rotation Forest RF+LMT,
SMO, and J48 RF+NB, RF+SL,

RF+SMO, and
RF+J48

Random
Subspace

Rsub+LMT,
Rsub+NB,
Rsub+SL,
Rsub+SMO,
and Rsub+J48
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Fig. 1. An overview of our model construction and evaluation approach.
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AN OVERVIEW OF THE STUDIED CORPORA.

Corpus Dataset | No. of Modules | Defective | Defective (%)
& CM1 505 48 9.5
E JM1 10,878 2,102 19.3
A KCl1 2,107 325 15.4
b KC3 458 43 9.3
L KC4 125 61 48.8
< MW1 403 31 76
é PCl1 1,107 76 6.8
54 PC2 5,589 23 0.4
+§ PC3 1,563 160 10.2
Z PC4 1,458 178 12.2
. CM1 327 42 12.8
o IM1 1,120 1,612 20.8
& KCl1 1,162 294 25.3
o KC3 194 36 18.5
ﬁ MW1 250 25 10
z PCl1 679 55 8.1
E PC2 722 16 22
5 PC3 1,053 130 12.3

PC4 1,24 176 13.8

Ant 1.7 745 166 22.3

- Camel 1.6 965 188 19.5
3 Ivy 1.4 241 16 6.6
e Jedit 4 306 75 24.5
m Logdj 1 135 34 25.2
g Lucene 2.4 340 203 50.7
o Po1 3 442 281 63.6
e Tomcat 6 858 77 8.9
Xalan 2.6 885 441 46.4

Xerces 1.3 453 69 15.2
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Scott-Knott test
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Fig. 2. Our approach for ranking classification techniques using a double Scott-Knott test.
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