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Improvement of Classification Accuracy on Success and
Failure Factors in Software Reuse using Feature Selection

Young-0k Kim' - Ki-Tae Kwon™

ABSTRACT

Feature selection is the one of important issues in the field of machine leaming and pattern recognition. It is the technique to find a
subset from the source data and can give the best classification performance. le, 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 |

Accuracy(%) : Correctly Classified Instances
CfsSubsetEval
Greedy |BestFirst| LinearFor
Test | All | Stepwise |389,11,1| ward
Classifier | option | attribut {8,9,11,13,1(3,14,16,17| Selection
(CV) | es  |416,17,19,| 1819, |38911,13,
24 24 |14,16,17.19,
2

83.33% 100% | 100% 100%

SVM 5 |79.17% 100% |  100% 100%

10 | 87.5% 100% [  100% 100%

3 | 91.67% 100% | 95.83% | 95.83%

RBFNetwork 5 |95.83% 100% | 100% | 95.83%

10 | 91.67% 100% |  100% 100%
3 | 95.83% 100% | 100% 100%
BayesNet 5 100% 100% |  100% 100%
10 100% 100% |  100% 100%
3 |95.83% 100% | 100% 100%
NaiveBayes 5 |95.83% 100% |  100% 100%
10 | 95.83% 100% | 100% 100%

3 | B3%| 9167%| 9167%| 9167%
Bagging 5 | 875%| 9167%]| 9167%| 9167%
0 | B58%| B8%| B528%| BB%
“ 3 5% |  9167%| 8333%| 9167%
giﬁiﬂ 5 | 33%| 0167%]| 9167%| 9167%
10 | 875%|  100%| 100%|  100%
_ 3 | 9167%|  100%] 9167%| %.83%
“é}dt’qass 5 | 9167%|  100%]| 100%]  100%
assifier

10 | 0L67% | B8%| H0%| BB%
3 | 85%| 9167%| B&%|  &15%
RotationForest 5 95.83% 91.67% | 91.67% 95.83%
10 | &33%| 9%5%3%| 9167%| 9167%
3 | 9167%| 9167%] 9167%| 9167%
AD Tree | 5 |9167%| 9167%]| 9167%| 9167%
10 | 9167%| 9167%| 9167%| 9167%
3 | 815%| B&%| 815%| 9167%
RandomForest | 5 | OL67% | 96.83%| 875%| 96.83%
10 | %83%| 9167%| 9167%|  100%
3 | 3% BR%| B3%|  9167%
RendoniTree: ' 6 T%|  815%| 9167%| 9%
10 | 875%| 9167%| %&%| 9167%
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ojg | ztelzl & AT 9E AA JAFoE 3o A

oot e &3 & J¢e 92 A48 o F9 Bl
Table 2= 29 19 A& A58 98 94 A QAo
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e 2HY daFL AR 2d29] P& s

td 7bg Bel ASHE dngIen AEoz B of — -
olgl FA& FolFH 1 AW EFIIY dF7) =& (0.61) (0.39)
d ZH3g g =g A 5 213, Development Approach .
Fig. 1& 49 2 Euelgo] Fexeo 7lojale o % 25954 8.4046
REE UL Yok TAEs} 2xego] AALEel 4 R mvs I 1ios1a 1.a4e7
FEA) AAREA F A Folnz 4Ye Felz | [rota1) 176474 12.3526
Hon-R TroC 8
E ¥ o o] 9%% Y4 o Table 33 2o ¥4 et e sy i
® 43 BF71Y 282904 s failure’ 2 5730 ;: 1.724  7.276
reusearff HoJE] AolAE ‘success’'Z FA|Ho] iz 228 ol e e
A2PAE WA ‘success’ Se|2Ho| £3t2d o [rss. Ek-onis
BE A% o] Q3o ololok el 2 Asb2e m iian slses
7% 345920] 3L o] = 'failure’e] I3}, | [tetal] 16.6474 11.3526
" Domain Analysis
oA ozl 228 ALUAE ko|= o2 M UY ™ e —
oA ALIAZ] F oAl BFE skt eolzle] A% Nl 3 no 7.0332 8.9668 :
= Rk 2 NA 1.0117 1.9883
FET % 49 It 29 A28AE AdS ) A4 | Teocans e g d |
29} 5702 £A4& olfdle] {3 Fo|x, Table 42 & |Configuration Management ‘
3 49 08 A3 23 98 $4 AA A BF %= % gy
| - -
SA4YE G0 AW WelE ofF S 48 SAvo i ol ‘
25 A9 e o] Table 57 T8 £49 238 32 | fewall  17.6474 12,3526 |
4 %13 Table 60 ®ol= AHH 100%2] 7 AI=E Fig. 1. EM Clustering run information
B9l gelslsich (0 : success, 1 : failure)
Table 2. Experiment | verification process
Classifier
T SVM RBFNetwork BayesNet NaiveBayes
Cross-validation Cross-validation Cross-validation Cross-validation
3 5 10 3 5 10 3 5 10 3 5 10
89,11,131416,17,1924 | 100%| 100%| 100%| 100%| 100%| 100%| 1009%| 100%| 100%| 100%| 100%| 100%

without 8 100%

without 11 100%| 100%| 100%| 100%| 100%

without 13 100%| 100%| 100%| 100%| 100%

Table 3. Misclassified 22nd instance

Instance 9 14 16 19 24 27 Impact score Total
1 00 ves yes yes ves | success 85954 149117 15,5157 9.6025 149117 63.537
2 00 ves | ves | yes | yes | success 8594| 149117 155157 96025| 149117 63.537
3 00 no no no no failure 84046 7276 8.8683 8.9668 7.276 40.792
4 00 no no no no failure 8.4046 7.276 8.8683 8.9668 7.276 40.792
5 00 no no no no failure 84046 7.276 28683 8.9668 7.276 40.792
6 00 yes ves no ves | success 85954 149117 15.5157 70332 149117 60.968
7 00 yes ves no ves | success 8.5954 149117 155157 7.0332 149117 60.968
8 00 ves no no no failure 84046 3.0883 8.8683 B.9668 7.276 36.604
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00 yes no no no failure 84046 3.0883 8.8683 8.9668 7.276 36.604

proc yes yes yes | ves | success 80007 149117 165157 9.6025 149117 62.942

proc yes yes yes | ves | success 8.0007 149117 155157 9.6025 149117 62.942

proc ves ves ves yes | success 80007 14.9117 155157 9.6025 149117 62.942
13 proc yes yes ves | ves | success 8.0007 149117 155157 9.6025 149117 62.942

00

proc

proc

proc

no no no ves failure 8.4046 7.276 8.8683 8.9668 3.0883 36.604
ves ves yes yes | success 8.0007 149117 155157 96025 149117 62.942
ves ves ves ves | success 8.0007 14.9117 155157 9.6025 149117 62.942
ves no ves | success 8.0007 149117 15,5157 7.0332 149117 60.373
ves no ves | success 8.5954 149117 15,5157 7.0332 149117
no no ves failure 8.4046 7.276 8.8683 B8.9668 3.0883
yes no yes | success 8.5954 149117 15.5157 7.0332 149117
'Jl“ ves | no | ves |success | 85954| 149117| 155157| 70332 149117 i
| ves | ves | mo |success| 83964] 1724| 156157 70ae| 174 s4sm

no NA NA failure 1.9993 1.9883 8.8683 1.9383 1.9883
2 not_available | no ves no no failure 1.9487 7.276 24843 8.9668 7.276

Table 4. Experiment |l verification process

Classifier
SVM RBFNetwork BayesNet NaiveBayes
Attribute
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%| 1009%| 100%| 100%| 100%| 100%| 100%
T s Lo Ty, o = sl T, o [ T TR o g =
wiows | oo 0] i 6| 100%| 100 Lo
without 14 B60%| 95.65%| 95.65%| 100%| 100%| 95.65%| 100%| 100%| 100%| 100%| 1002  100%
without 16 95.66%| 91.30%| 8261%| 9565%| 100%| 100%| 95.65%| 95.65%| 95.65%| 95.65%| 95.65%| 95.65%
without 19 95.65% 100%)  100%| 100%| 100% 100% 100% 100% 100% 100% 100%% 1002
without 24 95.65%| 95.60%| 9B.65%| 100%| 100%| 95.65% 100% 10024 100% 100% 100% 100%
Table 5. Feature subset in Experiment II
Attribute Response Question
yes(16) >= 1 nonreuse processes modifi
14 Non-Reuse Processes Modified i i -
no(7) no nonreuse processes modified
ves(16) human factors handled; e.g. via awaness, training, and
16 Human Factors motivation program
no(8)
yes(9) domain analysi rformed
19 Domain Analysis o el e
no(14)
yes(16) configuration t
% ariion Nanagesnent nfiguration management used
no(7)
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Table 6. Experiment |, II, II' for finding the key attributes
Feature selection
without 22th
C}-f;ﬂ ogggtn att?i]éut gtsg\?:l afie:ﬁ;}_;fmzm s
V| e 1T 9,14.16,| 1416,
:19'24'(1) 9,14,16,19,24 1?ﬁ2)4 1(% ?;1

3 |8333%| 100%| % 101 |o566%| 100%

SVM| 5 |79.17%| 100%| 91.67% l‘llé 100%| 100%

10 | 875%| 100%| 9167%| 1114 | 100%| 100%

3 |9167%| 100%| 95.83% Igé 100%| 100%

RBF 41
95.83%| 100%| 95.83% 09 100%6| 100%
work

10 |9167%| 100%| %5&%| 108 | 100%| 100%

3 |9583%| 100%| 95.83% ‘gé} 100%| 100%

Bayes 14 1
Net 5 100%| 100%| 95.83% 09 100%| 100%

10 | 100%| 100%| 95%| 108 | 100%| 100%

3 |983%| 100%| %8| 144 | 100%) 100%

Naive 5

i 0683%| 100%| 95:8%| 108 | 100%| 100%

10 |9588%| 1009%| 968%| 10§ | 1009 100%

Table 72 YwA] 77152 ol&dta] 4% WA 3
L F8 &4 A8 AFH Ao, HA 43 A A=
28 RF o] &3] EFE Ao v, 29 ko]= UX
H28 AAS R F2 4 Ne o] &de £7¢ 49
el A#st 3,5 10-23 45 7 271 o8N 25 34
g B2E A g9t %= MultiClassClassifier, Rotation
Forest, AD Tree, RandomTree #5719 7% 3, 5, 10-3
A AF RFA 49 2AHE HASS FUAH.

4. E3H|u
Af 12 CfsSubsetEvaHGreedyStepwise &2 Adg7)of
o8 & %71 F 97l £Ao| MEEe] o] £4 zFPoT

2280 47 BF7] 2F 100%9 EF %E}EE Baioh
Ay 19 AE AZF57) Y& 9o £4& # A AA
ua A4 BEiol 4% F= oMo 4 AT
Table 6] A% I3} 1 Ae]o] ZFHAH EF7 Hbo] By

dojgx #EHo 1/ d2d2E FR EFFIe, o
Q2El~E 7] 918 EM F=HA 714 ﬂ%fsmtk
EM 2Y2HE 3 d& ARE o] &3led Table 35 2ol
ANe A 229 QaEAsl oz wFe] AY I,
oA o] QA2EAE AT SVMS CV-3% A9
B RE AN 100%¢] 5§ 452 o 57 £4
of i) AZE A3} Table 40] Hol= AAH 9 &4 A

STER0 H GHIOIH S5 M2 M4=(2013. 4)

Table 7. Experiment II" verification using others

Experiment

Classifier Test option | All attributes g
verification
83.33% 95.65%
Bagging 5 87.5% 95.65%
10 95.83% 91.30%
R 5% 69.57%
Cla(s:shlicm\ha 83.33% 95.65%
10 87.5% 95.60%
n 3 91.67% 100%
hé;’;;‘;g’:f 91.67% 100%
10 91.67% 100%
3 87.5% 100%
RotationForest 95.83% 100%
10 83.33% 100%
91.67% 95.65%
AD Tree 91.67% 95.65%
10 91.67% 95.65%
3 875% 95.65%
RandomForest 5 91.67% 95.65%
10 95.83% 95.65%
83.33% 95.65%
RandomTree 5 5% 95.65%
10 87.5% 95.65%

A Al BF A7} gEo] AF MollMe 98 $42
AAsI 47 At Agsied EF7] ZFNA 100%
o] Bf A¥EE nch z2a yvA 7715 o8
so] A8 'S AFE Aol Table 701 Y WAz BF
o) FAHASE FAe s

Table 8o A < HaxZI}7}F 3 'n/a’(not
analyzed) A= 3 $48 Aol At EAY
g, (119 d3eME g 49 =vgle]l WF @AY Y
L FHube o]lf-& 'Application Domain’, 'Size of Baseline’
&4 A9gort 2] A7 B dFoAE AYAZE of

F7h Qo WA 448 daom Adsdn E 4 &4
of ¥ftol 4L WINA Bshrke iR X' BAE, o]
9t e Fo: 9nz V' BAE AHEE

“Top Management Commitment’, ‘Repository’, ‘Human
Factors, ‘Reuse Processes Introduced’, ‘Non-Reuse
Processes Modified' 7} Al @7olA FF5HoE F2 £4
oz AYs 3t 53] ‘Repository’ 49 25 A4 &4
2 o|g3le] EFE A o] £4 FUE AAT Fo &
F A7 23tk & Bi0l A8 4FE VAR ¥g= &
A F shtol sig= A gt [1, pp.343, Table2]] 'Repository’
2o 3 AEH A7E B F U ZRAE F 237)
7} 'yes'2 @ate] AgA F8 £4 F R QA Al
AT BFA Y BEAE WTh



Table 8. Comparison of the results

. Morisio| Menzie|  this paper

Becikie etal |setal] 1 | 1 | I
Application Domain n/a x x x *
Size of Baseline na | v |V [ x| x
Production Type v * x x x
S /|
Reuse Approach X v A
Domain Analysis ® N | (VAT [
SP maturity x * x X %
Software Staff x % ® ® x
Overall Staff % X x [ x | x
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