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Defect Severity-based Dimension Reduction Model
using PCA
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Software dimension reduction identifies the commonality of elements and extracts important feature
elements. So it reduces complexity by simplify and solves multi-collinearity problems. And it reduces
redundancy by performing redundancy and noise detection. In this study, we proposed defect
severity-based dimension reduction model. Proposed model is applied defect severity-based NASA
dataset. And it is verified the number of dimensions in the column that affect the severity of the defect.
Then it is compares and analyzes the dimensions of the data before and after reduction. In this study
experiment result, the number of dimensions of PC4's dataset is 2 to 3. It was possible to reduce the

dimension.
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2.3 PCA(Principal Component Analysis)
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BRANCH_COUNT | CALL_PAIRS | LOC_CODE_AND_COMMENT | LOC_COMMENTS | CONDITION_COUNT | DESIGN_DENSITY
LOC_BLANK 30.11 15.06 39.28 33.09 56.57 —0.26
32.93 833 37.46 30.23 96.54 -1.00
8.53 11.22 6.69 10.16 16.12 0.22
3746 6.69 117.96 33.97 69.33 —0.49
A 30,23 10.16 33.97 52,38 58.20 -0.27
=] 96,54 16,12 69.33 58.20 181,79 =177
DESIGN_DENSITY -0.26 -1.00 0.22 —0.4% -0.27 ~-1,77 0.09
J3 1. S0 3™
Fig. 1. Covariance matrix
LOC _BLANK BRANCH_COUNT CALL PAIRS LOC_CODE_AND_COMMENT LOC_COMMENTS CONDITION_COUNT DESIGN_DENSITY
LOC BLANK 1,00 0.47 0.51 0,41 0.83 0,47 =010
0.47 100 0.35 0.47 0.57 0.98 =047
0.35 1.00 0.18 0.42 0.36 0,22
0.41 0.47 0,18 1,00 0.43 0.47 =0.15
0.83 0.57 042 0.43 Lod 0.60 —0.13
0,47 0,98 0.36 0,47 0,60 1,00 0,45
DESIGN_DENSITY -0.10 047 0.22 -0,15 0,13 -0,45 1,00
I 2 Az A 39y
Fig. 2. Correlation coefficient matrix
PC1 PC2 PC3 PC4 PCS PCO PCT
LOC_BLANK -0.4066146 0.31690616 -0.1492366 0.5027710 0.1507682 0.65996916 0.0299070324
BRANCH_COUNT -0.4617998 -0.25383097 0.2515251 -0.2468744 -0.2691835 0.17576561 -0.7032383713
CALL_PAIRS -0.2741205 0.52439089 0.4641940 -0.3014790 0.5467925 -0.21100665 0.0008197714
LOC_CODE_AND_COMMENT -0.3259281 -0.03676913 -0.7775110 -0.4712839 0.2499858 -0.05723919 0.0042195560
LOC_COMMENTS -0.4333919 0.21965842 -0.1486147 0.4406200 -0.3162725 -0.66732653 -0.0483351348
CONDITION_COUNT -0.4645515 -0.23674609 0,2481709 -0,240266> -0,3084613 0.10521017 0.7085131664
DESIGN_DENSITY 0.1907818 0.67416913 -0.1028958 -0. 3484282 -0.5895250 0.17132761 -0.0146865106
% 3. PCASl A1}
Fig. 3. PCA's result
$values
[1] 3.71088391 1.49518153 0.88917470 0.60081443 0.61400936 0.31312379 0.24775169
a2 4 O]k

Importance of components:

standard deviation
Proportion of variance 0.5252 0.
Cumulative Proportion 0.5252 0.

1.9174 1.

Fig. 4. Eigen value

PC1 PC2

a8l 5 7|dE

PC3
1928 0.8521
2032 0.1037
7285 0.8322

PC4 PC5

PC&

0.80796 0,60824 0.37011
0.09326 0.05285 0.01957
0.92544 0,97830 0.99786

Fig. 5. Cumulative proportion

PC7
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1.00000



<

(EigenValue)©] 1Xt} & ufj, 7]
proportion)©] 70780% %Y W], =32 1|3~ (Scree
plot)7}F Aol gl& we] A& Hdedr} 243
Az Age AA5E 29 49 afge] 18Y
Zujel 270, ¥ 59 7]olg&e] 70780 <l
27370, 29 69 A= 2 Es} Mo s
QA 272 A=t

Parallel analysis suggests that the mumber of factors = 2 and the number of components = 2

Parallel Analysis Scree Plots
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Fig. 6. Scree plot
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Factorl Facto
LOC_BLANK -0
BRANCH_COUNT
CALL_PAIRS
LOC_CODE_AND_COMMENT (0. 323 [&ﬁ
LOC_COMMENTS 0
CONDITION_COUNT 0.977
DESIGN_DENSITY -0.570
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Fig. 7. Results of dimension number 2

Factorl Factor? Factor3

LOC_BLANK -0.233 |1.156 ] -0.112
BRANCH_COUNT 1.033| -0.100
CALL_PAIRS 0.247 0.336 | 0.352

LOC_CODE_AND_COMMENT 0.220

LOC_COMMENTS

CONDITION_COUNT 1.058] -0.111

DESIGN_DENSITY ~0.136 -0.136
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Fig. 8. Results of dimension number 3
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