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Spectrum-based Fault Localization(SFL)
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double Test{double a, double b, int c){

1 double sum = a + b; o | o oo 0|0 |0 0 e @
2 double div = 1; e | o | oo 0|0 |00 e 0@
3 double max = b; [ ] [ ] [ BN ] ] ] . [ B ]
4 if ({a > 0] &&(b:*ﬂ}] . | ® .| » e | e [ ] e |8 | @
5 div=al/b; a |8 L] ] B ]
6 if(a>Db) o | o | o0 | o 0|0 |00 e
T max=b; //Correct: max=a ® o | 0o o 0|0 0@ .
8 if (c == 0) e (o oo (o 0 0o 0|0 e
9 return sum; e | e
10 else ff{c ——— 1} ™ » s | e ™ ™ ™ .
11 return div; ™ ™
12 else return max;} e | o | oo | @ °

Verified test results F F |\ F|F|\F|P|\P|\P|P\P




NeuralCCD (IR EF %)

%“LE Ctraimng T

r———n,

NPT = - : N 7
1. ANRLYDBREEITRRET LT, o AN
-_— (== 2 test MY RIAY 1)
12578, cc. ERERK =  .[E = : o
fr— =/ v = etz(Crf) _’: : :—‘ Net(V)-— N
= = L 0
covclr;%c ]data passn&:’?%]cases Clif-ll‘st i :
—_— . il — il — N /: :
T T R —RD%E e | L T i .
D = suscl)"'lf{uts sf list A2 i J
Tp : é*ﬁj__x Fb-_Z@%é program P test Suite T 7" i infel'(;lsl;e
cc, T RTDEBRT R —RE0TIL = or

LN KETELROES[22]DEKT LT T
AT —ATETEINE-XDES

Source data collection CC detection features calculation CC test cases detection

Fig. 3. Overview architecture of NeuralCCD
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Program Description Versions LoC (k)  Test
Chart Java chart library 26 96 2205
Lang Apache commons-lang 65 22 2245
Math Apache commons-math 106 83 3602
Time Standard date and time library 27 28 4130
Mockito Mocking framework for Java 23 67 1075
total - 247 298 13257
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> Wilcoxon signed-rank tests(WSR)[41]
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Program Approach Recall Precision
Tech-1 96% 35% 52%
Tech-IT 98% 24% 38%
Chart RF 96% 13% 24%
CBCFL 58% 18% 28%
NeuralCCD 32% 67% 43%
Tech-1 T0% 38% 49%
Tech-IT T3% 34% 47%
Lang RF 89% 15% 26%
CBCFL 61% 20% 40%
NeuralCCD 19% 93% 32%
Tech-1 TT% 43% 55%
Tech-IT 68% 19% 30%
Math RF 95% 15% 26%
CBCFL 56% 23% 33%
NeuralCCD 16% 60% 25%
Tech-1 82% 34% 48%
Tech-11 81% 3% 51%
Mockito RF 994 32% 48%
CBCFL 86% 42% 57%
NeuralCCD 13% 471% 20%
Tech-1 90% 4% T%
Tech-11 86% 4% 8%
Time RF 994 3% 6%
CBCFL 84% 5% 10%
NeuralCCD 30% 5% 32%
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TABLE VII
WSR results on FL.
program Comparision 2-tailed | 1-tailed(right) | 1-tailed(left) | Conclusion

NeuralCCD vs Tech-1 | 3.51E-03 9.98E-01 1.76E-03 Better
NeuralCCD vs Tech-IT | 6.83E-02 9.66E-01 3.42E-02 Better

Chart NeuralCCD vs RF 7.63E-06 L.ODE+00 3.81E-06 Better
NeuralCCD vs CBCFL | 1.56E-02 9.5E-01 7.81E-02 Better
NeuralCCD vs Tech-1 1.59E-02 9.92E-01 7.93E-03 Better
NeuralCCD vs Tech-II | 2.16E-04 1.00E+00 1.08E-04 Better

Lang NeuralCCD vs RF 1.21E-04 [.00E+00 6.03E-05 Better
NeuralCCD vs CBCFL | 3.13E-02 1.00E+00 1.56E-02 Better
NeuralCCD vs Tech-I | 3.49E-03 9.98E-01 1.74E-03 Better
NeuralCCD vs Tech-11 | 3.49E-01 8.25E-01 1.75E-01 Similar

Math NeuralCCD vs RF 3.84E-04 1.00E+00 1.92E-04 Better
NeuralCCD vs CBCFL | 2.5E-01 L.ODE+00 1.25E-01 Similar
NeuralCCD vs Tech-I | 3.13E-03 9.98E-01 1.56E-03 Better
NeuralCCD vs Tech-I1 | 9.59E-01 5.21E-01 4.79E-01 Similar

Mockito NeuralCCD vs RF 6.16E-04 1.00E+00 3.08E-04 Better
NeuralCCD vs CBCFL | 2.29E-01 8.94E-01 1.14E-01 Similar
NeuralCCD vs Tech-1 1.32E-04 [.00E+00 6.59E-05 Better
NeuralCCD vs Tech-II | 1.55E-04 1.00E+00 7.75E-05 Better

Time NeuralCCD vs RF 1.91E-06 [.00E+00 9.54E-07 Better
NeuralCCD vs CBCFL | 7.63E-06 1.00E+00 3.81E-06 Better

program | Approach Top-1 Top-3 Top-5 MFR
Dstar Ochiai Barinel | Dstar Ochiai Barinel [ Dstar Ochiai Barinel| Dstar Ochiai Barinel
Tech-1 2 2 2 2 2 2 4 4 4 783.26  T725.68 469.11
Tech-11 2 2 1 2 2 2 3 3 4 878.84 B31.00 504.53
Chart RF 0 0 0 0 0 0 0 0 1 1032.53 1034.74 1529.47
CBCFL 1 1 1 1 1 1 2 3 3 467.60 455.40 258.27
NeuralCCD 2 2 2 5 5 3 7 7 4 344.53 284.58 300.05
Tech-1 1 1 0 7 7 1 13 13 6 78.35 75.48 77.93
Tech-11 2 2 0 10 10 3 13 13 8 82.65 82.17 82.46
Lang RF 0 0 0 1 1 1 3 3 1 182.87 213.80 330.24
CBCFL 0 1 2 0 1 2 1 4 5 77.08 77.00 55.96
NeuralCCD| 2 2 2 6 6 4 15 17 12 22,57 2243  37.39
Tech-1 5 5 3 8 8 3 9 9 6 237.99 250.71 253.58
Tech-11 3 3 2 6 6 4 8 8 6 220.39 22443 220.61
Math RF 2 2 0 3 3 0 4 4 0 267.36 267.88 391.50
CBCFL 1 2 6 1 2 6 1 2 6 227.73  226.51 168.37
NeuralCCD 8 8 7 18 17 9 19 19 12 114.95 127.30 157.50
Tech-1 0 0 0 1 1 2 1 1 2 481.73 47090 519.53
Tech-11 0 0 0 2 2 2 2 2 2 510.60 45577 421.53
Mockito RF 1 2 2 1 2 2 1 2 3 503.30 508.03 1044.40
CBCFL 1 1 0 2 2 2 2 2 3 312 302.84 143.24
NeuralCCD 3 3 2 5 5 5 6 6 5 282.53 209.57 1763
Tech-1 0 0 0 0 0 0 0 0 0 1802.05 1792.10 838.90
Tech-11 0 0 0 1 1 1 1 1 1 1779.70 1792.10 838.80
Time RF 0 0 0 0 0 0 0 0 0 1920.50 1928.10 1710.20
CBCFL 0 0 0 0 0 0 0 0 1 1090.18 1080.29 262.12
NeuralCCD 0 0 1 1 1 4 1 1 5 509.75 281.50 176.00
Tech-1 8 8 5 10 10 8 27 27 18 475.87 471.09 348.21
Tech-11 7 7 3 20 20 13 27 27 21 487.27 472.54 32295
Total RF 3 4 2 5 6 3 11 12 8 564.89 571.75 755,67
CBCFL 3 5 9 4 6 11 6 11 18 359.74 3545 166.85
NeuralCCD| 15 15 14 35 34 25 48 50 38 188.81 149.23 148.32
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Program Approach Recall Precision F1

NEH!‘&ICGD“I_ 17% 90% 29%

Chart NeuralCCD,_ §- 0% NaN NaN

NeuralCCD, ¢ 5% T1% 9%

NeuralCCD 2% 67% 43%

NeuralCCD, ;- 17% 2% 29%

4 S g sl N NeuralCCD,. . .— 27% 91% 42%
%q:#ﬁié%;hv%hﬁu&%L,ttiﬁ%'fT?T: Lang NEHT&EGGDL:;_ 764, 91% 13%
NeuralCCD 19% 93% 32%

NeuraiCl‘.?D“f_ 14% 59% 23%

Math Neuraz%cg;ﬂw ys 17% 62% 27%

N - NeuralCCD_ - 3% 65% 6%
.%gib\cc*ﬁ I':E' '“%5 LTL \é Neumxc(;'f; 16% 60% 25%
. NeuralCCD,_ ,— 3% 13% 6%
Ot EECCREHIZFERN Mockifo NeuraECUDii;_ 129% 46% 19%
NEHT&EGGDEI_ 1% 87% 2%

NeuralCCD 13% 47% 30%

NeuralCCD, g 11% 42% 17%

Time NeuraICC?Dm.f - 20% 42% 27%

NEHT&EI‘:CDE.{_ 3% 349% 6%

NeuralCCD 30% 35% 32%
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