%2 I T Vol.49 No.2
2021 4E2 H ACTA ELECTRONICA SINICA Feb. 2021

B 2 PR A B B R 8 T A 5

OB, % B, mEHE, AL

(1. Rt RA R R AR B, TLIR A 2118155 2. iU A HLABE , BIdEEi 430072)

8 OE: RORBETUNG B TR S TR, A I B AR R, BT C 2 A D TR R AR AR Y B
FATTOMACAL. SR, BUA M0 BE AR AR F A TP RS I 2540 (5 8 L, BPE SUE B 5 B it il 2 -y
TSGR AT BT A5 S, EDHE A B N AE — @ R R S R T 115 U5 B, A B TR R T30 (R, oy
I3 G A R B X AP B T 40 2 M), A S Sk T 2 i A R P A B AR I, Bt T 9 MR R
PRRE AR bR 255 DA S5 6 2 160 (4 BE AR AR MR 1 5 R A ot o 00 B2 e AL, ) P weka PR 4RIE Y 13 Fhg FH 1Y
G35ds X8 AT TR IS R LA RE SR AR AR B8ORS R D0 AL B 5 R0 e B 00 22 ) 1) 56 AR AT T PR, T+
i 5 DP-CNN( Defect Prediction via Convolutional Neural Network ) fi BUE4T T X} b, SEEG 45 R0 g PR UUAL E 38 Fr %t
RA SR TN 79 4 [ 58 2 S 5 AR 52 4 o B i s ) Bty E 3 I i O AL BE B A, ] USRI A AR A R B
AR PERE , T 5L TI R B 2028 5% 5 56 TR /N D0 Ak B B A0 T MR BB W 0 A B & B 45 B IS R, DS AH
S50 T LATERR Al e F00 v gk A5 BE 4 1) 1 e

KR GiEUiils BPFEE R ARG T

FESES:  TP391 XERERIRAS: A XEHS: 03722112 (2021)02-0216-09
HFF3# URL: hitp://www. ejournal. org. cn DOI. 10. 12263/DZXB. 20200607

The Research of Compilation Optimization on
Software Defect Prediction

CHEN Yong' ,XU Chao' ,HE Yan-xiang’,SHEN Fan-fan'
(1. School of Information Engineering ,Nanjing Audit University , Nanjing , Jiangsu 211815, China;
2. School of Computer Science ,Wuhan University , Wuhan , Hubei 430072 , China )

Abstract: Software defect prediction helps improve software quality and allocate software test resources reasonably.
Many defect prediction models based on software metrics have been proposed. However, the existing software metrics are
mainly focused on structure information of source code,and the semantic information is lacking. Compilation optimization
is the result of deep analysis of program semantics,and intuitively we believe that it should reflect the semantic information
of the program in some ways to help defect prediction. Based on the optimization options widely used in the current com-
piler, this paper extracts 9 compilation optimization metrics, and proposes five types of metrics models that designed by
different metrics sets. The relationship between compilation optimization metrics and software defect predictions was eval-
uated by 13 commonly used classifiers in weka, and also compared with DP-CNN. Experimental results show ; Compilation
optimization metrics have a significant impact on the recall rate of software defect prediction ; Static code metrics combined
with compilation optimization metrics can improve the performance of software defect prediction in all classifiers, which
can improve the performance of prediction by about 5% ;Code size based optimization metrics and performance based op-
timization metrics have their characteristics,combined both of them can get better performance in software defect predic-
tion.
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1 int sumto N()
2

3 int sum =0;
4 for(i=03i1< =N;)
5 {
6 sum + =1i;
7 i+ =1;
RN 8 f
9 return sum;

10 |

11 int main()

12 |

13 int n=4;

14 printf( “%d” ,sumto N(n) ) ;
15 |

A B ALY
1 int sumto N()
2
3 int sum =0
4 for(i =03i< =N;)
5 |
6 sum + =1i;
7 i=1;
8 f
9 return sum;
10 |
11 int main( )
12§
13 int n=4;

14 printf( “%d” ,sumto N(n) ) ;
15 |
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#include < stdio. h >
#define RIO_FLAG_READ_ERROR (1 <<0)
#define RIO_FLAG_WRITE_ERROR (1 <<1)

typedef struct _rio |

1

2

3

4

5 int cksum, flags;

6 |rio;

7 static inline int rioGetReadError( rio * r) |

8 return (r —> flags & \
RIO_FLAG_READ_ERROR) ! =0;

9 |

. 10 static inline int rioGetWriteError(rio * r) {

2

11 return (r —> flags & \

RIO_FLAG_WRITE_ERROR) ! =0;

12}

13 int test(rio * al)

14 |

15 if(rioGetReadError(al ) )

16 printf("1" ) ;

17 else if (rioGetWriteError(al ) )
18 printf("2" ) ;

19 return al —> flags;

20 |

#include < stdio. h >
#define RIO_FLAG_READ_ERROR (1 <<0)
#define RIO_FLAG_WRITE_ERROR (1 <<1)

typedef struct _rio |

1

2

3

4

5 int cksum, flags;

6 |rio;

7 static inline int rioGetReadError(rio * r) {

8 return (r —> flags & \
RIO_FLAG_READ_ERROR) | =0;

9 |

10 static inline int rioGetWriteError(rio * r) {

11 return (r —> flags & \
RIO_FLAG_READ_ERROR)! =0;

12}

13 int test(rio * al)

14 |

15  if(rioGetReadError(al))

16 printf("1")

17 else if(rioGetWriteError(al ) )
18 printf("2" ) ;

19 return al —> flags;

20 |
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for f'in $(find ~/benchmark/<PROJECTNAME> -maxdepth 3
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echo -n ":" >> _/fixNum.txt
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BayesNet 0.03% 3. 80% 0.03% 0.03% 0.03% 5.77% 11.53% 6. 00% 5. 54% 3.53%
NaiveBayes 11. 60% 16.97% 11.37% 1.34% 7. 66% 5.52% 9. 12% 3. 60% 5.76% 3.711%
NaiveBayesUpdateable 11. 86% 17.24% 11.63% 1. 58% 9.09% 6. 69% 17. 50% 7.85% 4.37% 3.60%
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1Bk 9. 86% -8.05% 9.02% 8. 16% 8. 98% 5.32% —-9.79% 3.78% 6. 44% 3.30%
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J48 1.75% 42.97% 0.35% 2.76% 4.27% 10. 71% 17. 74% 11.21% 8. 70% 9.13%
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Tesseract-OCR Bitcoin
el Hiliion | Hiveiion | Himerion | Hooeon | Howeeon | Hoticion | Hiision | Hiedon | Hoveedon | Hibeeiom
BayesNet 1. 54% 1.17% 1. 17% 1.25% 1. 05% 0. 12% -10.27% -1.48% -3.59% 0. 80%
NaiveBayes 1.51% -1.06% -0.27% 0. 00% 1. 34% 3.24% -2.49% 1. 00% 0.75% 0.31%
NaiveBayesUpdateable L51% | -1.06% | -0.271% | 0.00% | 1.45% | 3.21% | 0.98% | 2.65% | 3.21% | 2.68%
MultilayerPerceptron 460% | 410% | 484% | 4.00% | T.03% | 295% | -4.85% | 2.43% | 2.25% | 3.15%
1Bk 9.07% 0.90% 6.98% 5.70% 6.50% 6. 66% 1.36% 5. 44% 5.98% 3.01%
KStar 17. 00% 6.73% 14.59% 10. 77% 9.89% 12.70% 9.17% 11.29% 11. 82% 9.15%
AdaBoostM1 3.04% | -17.66% | -1.42% | 3.12% | 0.09% | 2.49% | -2.49% | 2.11% | 1.00% | 4.11%
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RandomTree 402% | -434% | 58% | 0.88% | 1.25% | 1.30% | -2.96% | 130% | 500% | 578%
Average 4. 11% -2.63% 3.56% 2.38% 3. 42% 3.24% -2.35% 2.25% 1.91% 3.25%
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