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Defect Severity—based Defect Prediction Model using CL
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Abstract

Software defect severity is very important in projects with limited historical data or new projects.

But general software defect prediction is very difficult to collect the label information of the training

set and cross—project defect prediction must have a lot of data. In this paper, an unclassified data set

with defect severity is clustered according to the distribution ratio. And defect severity—based

prediction model is proposed by way of labeling. Proposed model is applied CLAMI in JM1, PC4 with
the least ambiguity of defect severity—based NASA dataset. And it is evaluated the value of ACC
compared to original data. In this study experiment result, proposed model is improved JM1 0.15
(15%), PC4 0.12(12%) than existing defect severity—based prediction models.
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[I. Preliminaries

1. Existing Defect Prediction Process
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2. CLAMI Method
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Fig. 1. The Overview of CLA and CLAMI

2.1 Clustering Instances
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Table 1. Clustering Result
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2.2 Labeling
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Table 2. Labeling Result

Cluster(k) Inst. Label
0 a7 Clean
1 - Clean
2 a2,a4,ab Clean
3 atl,ab Buggy
4 a3 Buggy

2.3 Metric Selection
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Table 3. MVS's Result

Inst. x1 x2 x3 x4 x5 x6 X7
al 3 1 3 0 5 1 9
a2 1 1 2 0 7 3 8
a3 2 3 2 5 5 2 7
a4 0 0 8 1 0 1 9
ab 1 0 2 5 6 10 8
aé 1 4 1 1 7 1 1
a7 1 0 1 0 0 1 7
MVS 1/7 3/7 3/7 1/7 4/7 2/7 3/7

2.4 Instance Selection
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Table 4. Final Training Dataset's Selection
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[1l. The Proposed Scheme

1. Data Set
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2. Proposed Defect Prediction Model Structure
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2.1 Applications of Clustering Instances
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2.2 Applications of Labeling
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2.3 Applications of Metric Selection and Instance
Selection
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[V. Experiment Resulis

1. Experiment Results using CL Model
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MNo | LOC_BLANK LOC_CODE_AMD_COMMENT LOC_COMMENTS CYCLOMATIC_COMPLEXITY DESIGN_COMPLEXITY ESSEMTIAL_COMPLEXITY HALSTEAD_CONTEMT ~ LOC TOTAL ~ CLUSTER
1 1 o o 4 3 1 2505 14 1
2 E o 6 19 16 10 8119 98 7
3 2 0 0 1 1 1 56.44 14 1
4 16 0 0 1 1 1 168.57 70 3
5 o 0 0 4 2 3 1432 12 1
6 8 0 0 3 3 1 I 3385 42 4
7 1 o o 4 3 4 i 17.28 8 2
8 12 o 6 13 7 10 4565 131 7
9 12 o 9 7 T 6 49.5 78 7
10 3 0 19 10 6 6 2959 56 6

Fig. 2. JM1's Clustering Result

Mo | LOC_BLANK LOC_CODE_AND_COMMENT LOC_COMMENTS CYCLOMATIC_COMPLEXITY DESIGN_COMPLEXITY ESSENTIAL_COMPLEXITY HALSTEAD_CONTENT ~ LOC TOTAL = CLUSTER
1 7 2 8 6 4 1 37.84 24 7
2 2 0 1 5 3 4 125 g 4
3 2 1 1 3 2 3 15.99 18 4
4 4 o o 3 2 1 21.06 10 2
5 7 3 0 3 1 1 21.09 20 4
6 E o o 6 ] 1 27.56 13 ]
7 2 0 0 1 1 1 8.98 3 0
8 2 0 0 3 1 1 1272 9 0
9 36 18 43 1 3 1 15.88 69 6
10 1 0 0 5 5 1 31.67 18 4

|
>
)

Fig. 3. PC4's Clustering Result
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43} 231 PCAE eh8gst Ay 11 59 2. = HALSTEAD_CONTENT, LOC_TOTALZ A&z},
No | CLUSTER CLEAN/BUGGY Table 5. MVS's Value
1 1 CLEAM Column JM1 PC4
2 7 BUGGEY LOC_BLANK 0.1796 0.1866
LOC_CODE_AND_COMMENT 0.3484 0.1907
3 L CLEAN LOC_COMMENTS 0.2325 0.1934
4 3 CLEAM CYCLOMATIC_COMPLEXITY 0.1551 0.2174
5 ; CLEAN DESIGN_COMPLEXITY 0.1699 0.2572
ESSENTIAL_COMPLEXITY 0.2841 0.3251
& 4 BUGGY HALSTEAD_CONTENT 0.2174 0.1811
7 2 CLEAN LOC_TOTAL 0.0810 0.0802
8 7 BUGGEY
g 7 BUGGY AEE Columns 7HA L XANDEARS: E&f do|E S 214
T TR T T T sla 2E ™ tlolEANEE A HE b oln AAgH
ko3 Ex= 78 =3 7}
Fig. 4. JM1's Labeling Result R HOlEAES 29 6 29 T 2
ND‘ CLU STER CLEANfB UGGY V\;D CYCLOMATI?BCOMPLEX\TY LOC_;(;TAL CLU:TER CLE:E{,‘;EGL:IfGGY
1 7 BUGGY . I o
8 13 131 7 BUGGY
2 4 BUGGY 9 7 78 7 BUGGY
3 4 BUGGY 10 10 56 [ BUGGY
11 10 54 7 BUGGY
4 2 CLEAN 12 19 13 6 BUGGY
14 [ 193 7 BUGGY
5 4 BUGGY 16 5 30 4 BUGGY
& 5 BUGGY 21 14 94 8 BUGGY
22 5 38 5 BUGGY
T D CLEAN 23 1 64 7 BUGGY
8 0 CLEAN = [ = 4 BuUGEY
34 13 70 7 BUGGY
g G BUGEY 37 5 T 5 BUGGY
40 10 41 3 BUGGY
= - 42 14 109 8 BUGGY
Fig. 5. PC4's Labeling Result o T e ) e o S

Fig. 6. JM1's Final Training Dataset
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Mo HALSTEAD_COMNTENT LOC TOTAL CLUSTER  CLEAMN/BUGGY

3784 24 7 BUGGY
2 4 BUGGY
3 18 4 BUGGY
3 21.09 20 4 BUGGY
& 27.56 13 5 BUGGY
10 31.67 18 4 BUGGY
13 27.56 22 4 BUGGY
15 35.24 19 4 BUGGY
20 28.84 18 4 BUGGY
29 29.53 48 5 BUGGY
31 30.33 36 5] BUGGY
32 46.18 30 7 BUGGY
34 5 BUGGY
38 20 5 BUGGY
40 95.83 47 5 BUGGY
42 2748 23 7 BUGGY
43 51.72 24 7 BUGGY
s e g S i

Fig. 7. PC4's Final Training Dataset

=Rl A Al 2 2, 2¥ 3, 19 4, 19 5, 19 6,
a9 79 4] AL R|7|A E= VBA(Visual Basic for
Application)2 2Hdste] A E Azfo|t),

2. Performance Comparison with Existing Models

False Negative®™ Z%o| = B5& Ao §l= EE5=E
HE 5T SR 2/ 18 FolXE Type IE 97| gt
Type 119 o7+ 7N Z2A|20M Type [9] FHET T
Q8] wiiel V1€ Ry FelaHy ehi]
AHRRE o]g3to ACCE
o] uj, as 7Iret EsE
(Confusion Matrix) ¥ 6< KXW HSF(High Severity
Faultprone)© 2417}, LSF(Low Severity Faultprone)= #4]
Zt, NF(Not Faultprone)= H]Z3¥, Predicted Class
True(Clean) 9} False(Buggy)®] & R@elA F-¢F &5 o=
%k, Actual Classi= 24| tloE] 9] E57zke YERALL[10] 2
2L 2 29} o] At} oS5 ke] 27 Ture(Clean)Sl 73-5-
(TP)¢] &=, AANgte] Trueolil o5gke] False?l Z-5-(FN)¢]
47, A AFke] Falseolal ol &3Fke] Truel Z-(FP)<] =, AA|
kol Falseo]al ¢)Zgko] False?l A9(TN)9] 42 ACCE 7l
Abgkeh, Akl ACC] k2 AA oS5l A Truett Falseoll #

Aflel &2 59 HER H5& ¢ 5 e B7HH=eIh

Table 6. Defect Severity—based Result Table

Predicted Class

True(HSF) False(LSF/NF)
True . False
Actual (HSF) True Positive(TP) Negative(FN)
Cl
ase (Lgil/sﬁ,:) False Positive(FP) True Negative(TN)
TP+ TN
ACC(Accuracy) = 5 ppe vy @

Table 7. Performance comparison table by model

ACC
Existing JM1 0.542791
Model PC4 0.628938
cL M1 0.691211
Model PC4 0.749657

E 74 B Ay} o] 71E Agralz | FukelA] g
Tyl F2eY 2pAe 243 Az 7)dkel o]
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