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Abstract: With the gradual penetration of machine learning technology into various fields, software testing in the
software development process is very important. Software defect prediction faces class imbalance problem and
accuracy issue. This paper proposes a supervised learning-based software prediction method for solving these two
core problems. The method adopts sample balancing technique, combined with synthetic minority over-sampling
technique(SMOTE) and edited nearest neighbor(ENN) algorithm, to test local weight learning(LWL), J48, C4.8,
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random forest, Bayes net(BN), multilayer feedforward neural network(MFNN), supported vector machine(SVM),
and naive Bayes key(NB-K). These algorithms are applied to three different datasets (KK 1, KK3 and PK2) in the
NASA database and their effects are compared and analyzed in detail. The results show that the random forest
model combining SMOTE and ENN exhibits high efficiency and avoiding overfitting in dealing with class
imbalance problems, which provides an effective way to solve the problem in software defect prediction.
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Fig. 1 Structure diagram of software defect prediction research
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Fig. 2 Software defect prediction process
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Fig.3 Supervised learning based prediction model
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Table 2 Test datasets selected from the nasa database
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Table 3 Experimental results for different datasets (KK1)
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AGIE S
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A 0.593 1 0.599 2 0.5933 0.603 7 0.6323 0.612 6 0.611 8 0.6223
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HLB

KSR T KK A9 B2 AE B 1E (receiver operation creature, ROC) [tk , 7] LI 7& i} RandomForest.C4.5
DL S UL B A 4 I 4% BR vk i M e A T LA BTk o 27 B B 8 ROC [l 4k FILKS 1 % - [0l %8 (precision-recall
curve, PRC) Hi £ (UL 6) , v DLW %% 3] Random Forest 5.7 7 3¢ S8 8 vk v 2 30 50 4, 1 C4.5 F BBN &1k 19 P
AE 45 O H3i . HEF ROC 1 PRC i £ 19 73 Hr 45 2R S W], 76 KK RGP AG vh 24 88 B i A /0 T 52 01 5 22
RandomForest 5 1 (14 M BE 55 Jy H €51
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Table 4 Experimental results for different datasets (KK3)

Hk
LWL 148 C4.5 RF BBN MF SMO NB

A 0.648 1 0.738 5 0.601 8 0.639 6 0.766 70 0.621 1 0.656 5 0.744 2
T 0.648 1 0.7315 0.6158 0.614 6 0.715 70 0.6511 0.639 5 0.777 2
F 0.348 5 0.270 1 0.324 1 0.3923 0.223 04 0.296 2 0.401 8 0.296 1
P 0.693 9 0.7115 0.629 9 0.665 8 0.744 20 0.650 8 0.646 6 0.742 6
R 0.628 5 0.732°5 0.680 5 0.650 8 0.710 10 0.674 9 0.602 5 0.697 1
f 0.678 6 0.7215 0.676 8 0.642 1 0.722 20 0.6105 0.593 6 0.7329
M 0.419 6 0.447 4 0.256 0 0.247 2 0.514 30 0.396 1 0.3128 0.530 5
U 0.689 9 0.703 5 0.707 2 0.624 7 0.676 60 0.686 8 0.657 5 0.722 9
C 0.629 4 0.759 2 0.611 2 0.701 3 0.690 30 0.690 2 0.605 5 0.747 5
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Fig.7 Algorithm performance graph (KK3)
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Table 5 Experimental results for different datasets (PK2)
Ak
ISR
LWL J48 C4.5 RF BBN MF SMO NB
A 0.642 8 0.674 5 0.711 6 0.700 5 0.746 6 0.646 9 0.767 5 0.630 6
T 0.714 8 0.732'5 0.693 6 0.764 5 0.724 6 0.594 9 0.6815 0.711 6
F 0.361 4 0.3126 0.365 4 0.3349 0.3254 0.423 8 0.336 2 0.377 4
P 0.643 4 0.747 2 0.853 5 0.782 1 0.756 8 0.619 1 0.686 3 0.709 6
R 0.7354 0.6812 0.709 5 0.788 5 0.719 1 0.590 6 0.690 8 0.5923
f 0.705 8 0.6215 0.645 1 0.672 8 0.743 4 0.579 4 0.701 5 0.5863
M 0.370 2 0.409 4 0.490 6 0.520 1 0.460 5 0.306 5 0.429 1 0.276 5
U 0.770 7 0.633 8 0.774 4 0.781 5 0.723 8 0.641 8 0.725 6 0.808 5
C 0.670 5 0.5877 0.8154 0.8243 0.794 5 0.643 8 0.629 4 0.655 6
4 % it
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5 R AR INALF 2] 1 (748 . C4.8 DL HT [ 4% | 22 23 Fir 0 pf 28 W 2% S RE 1) i L DA S NB-K 333k

FESEAT S92 56 B, X 22 T B 1% 7E A 3 28 500 AS - B B A M BE AT T VR A T AN . BIF S O T X
FILTE R G R FF AR ROC IHE T I AL (AUC) S s MERB e A LR B, 38 L 27 & VP Al
4 AT A g o O 9k T Ah B R V- A 5l S O O AR R BR A o R T B S B b B AL AR MR BT 45 A SMOTE I
ENN 1 4 A R 3 300 o0 5 . SMOTE 4 A 3 2o & BB i) 20 B RE AR, A5 R0 fifk 5000 46 v 1 R SF- 15 )
1M ENN DU 388 35 2 5 2o A 2 — 20 3 o 500 4 0 o o 3o AR AR LR AU B 5 T A B ) TR 5 3 DR X 2 8K
e IR 0 Y i 3 % N R /25 ) i Y SR TR IR = L
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