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Abstract

Most fault prediction models have class imbalance problems because training data usually contains

much more non—fault class modules than fault class ones. This imbalanced distribution makes it

difficult for the models to learn the minor class module data. Data imbalance is much higher when

severity—based fault prediction is used. This is because high severity fault modules is a smaller

subset of the fault modules. In this paper, we propose severity—based models to solve these

problems using the three sampling methods, Resample, SpreadSubSample and SMOTE. Empirical

results show that Resample method has typical over—fit problems, and SpreadSubSample method

cannot enhance the prediction performance of the models. Unlike two methods, SMOTE method shows

good performance in terms of AUC and FNR values. Especially J48 decision tree model using SMOTE

outperforms other prediction models.
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[1l. The Proposed Model
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Table 2. Extended results of the previous study
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2. Sampling Model
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V. Experiments

1. Data Set and Performance Measures
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Table 4. Input metrics for prediction model
Attribute Input metrics
Selection P

LOC_BLANK, LOC_CODE_AND_COMMENT,

CFS LOC_COMMENTS, CYCLOMATIC_COMPLEXITY,
DESIGN_COMPLEXITY, ESSENTIAL_COMPLEXITY,
HALSTEAD_CONTENT, LOC_TOTAL

Al BRANCH_COUNT,LOC_EXECUTABLE,

HALSTEAD_DIFFICULTY, HALSTEAD_EFFORT
HALSTEAD_ERROR_EST, HALSTEAD_LENGTH
HALSTEAD_LEVEL,HALSTEAD_PROG_TIME
HALSTEAD_VOLUME,NUM_OPERANDS, NUM_OPERATORS
NUM_UNIQUE_OPERANDS, NUM_UNIQUE_OPERATORS

Table 5. Confusion matrix based on HSF

Predicted Class

HSF LSF [ NF

Actuall " "HSF | True Positive(TP) |False Negative(FN)

Class LNSFF False Positive(FP) | True Negative(TN)
O TP+ TN vpe N

TP+ FP+ FN+ TN TP+ FN
2. Size of Sampling results
AEDE Bdl g5 Ao vlolHo] % 2
AER el o3 diold el A7t oAl AARHUE
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AER HEY AR doj dlolE [gke] A7]elth
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Table 6. Sampling Size

Data Sampling Exp.id | #HSF | #LSF #NF
Non—-sampling 343 1759 8776
Resample ® 1813 | 1813 | 1813

@ 3626 | 3626 | 3626

SEVE ® 343 343 343

RITY1 | SpreadSubSample| ® 343 686 686

® 343 | 1715 | 1715

® 686 | 1759 | 8776

SMOTE ) 1029 | 1759 | 8776
Non—-sampling 506 1596 8776
Resample ® 1813 | 1813 | 1813

@ 3626 | 3626 | 3626

SEVE ® 506 506 506
RITY2 | SpreadSubSample| @ 506 | 1012 | 1012
® 506 | 2530 | 2530

® 1012 1596 8776

SMOTE ) 1518 | 1596 | 8776
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343/686/686, 343/1715/17150]aL, SEVERITY2S AF&3 A ¢kl An2 Bty ACC A3 Resample HolE Ho]
-2 506/506/506, 506/1012/1012, 506/2530/25300] €t T4 dolE #ES Bo| XY glora NB, MLP 22 4%
SMOTE 7I"HellA& LSFeF NF 258 g2 & Al 25 2 3k s A3 o 22 295 73t o|f2 #4149t
Zl~~¢] HSF &9 $X2 xd3gt) o] , HSF 255 21 g Egs 34 dolgrt A4 2 EgE A4sts 49
Q2 EAlske Ao] ofyel F BES HFEAE MEZE BE 2 FdSd ug fHd EA FGA mAva deA
Ho]E & THEo] Wi}, 712 HSF BEe & 747} 24), 3ul=  [17]. < oF 20:d7te] 23 oS 2oke] 71 Fadk AT
¥ 48 @3 @ 7SI SEVERITY1S AR 28 & AR [2]9 ¥4 435 B 488 AFE3E AF49 8
9] dlolE A7|E= 686/1759/8776, 1029/1759/87760]x, AT BP9l AUC Zhe]l HA 0.78, Hu 0.93, Hit 0.83
SEVERITY2E ARge Ade] 9= 1012/1596/8776, = EF ¥ 23 ZAvuc} of$ v} =3k M1S o83 =4
1518/1596/8776°] Ht}. 5 5P & A4S He dY TYUAEE Hit 0.747
AUC # A% wglr) ulehs 48 nde] #ust A% 25
3_ Experimenta| Resu|ts % THEr anﬂ EHEH %% E] ]E']'é‘ ] —Ev: i}-ﬂoﬂ/ﬂ “’]’ZJTSL%
7} Aae] ALee s mElw) &4 N w29 ga AXE Helth A= Resample 7] NBeF MLP K 9ol A
o We % 7e) ol A SEVERITY1, SEVERITY2E  HEBS AHESH] @2 Rng $4) &2 4343 Helnz
A8 ASL BE Taple 22 Anz dojul M) aAgte] o  A¥ AT FAE sidshks PdE 7ol & 5 jlth
3 8 A9 A9sk QAR 7 wdle] prel 27 A4z SpreadSubSampleS ARSe B A mrlel MISH oS
& WEKAS] 7123k8 o 833ith. Age] Aowg ojy] o WA SR A A7l e vlats) v 4w wr
ACCE - o Folxlom, AUCE J484F 2F7t Folx| 1 YA &=
Table 7. Results when SEVERITY1 data is used
J48 NB MLP
Attribute Sampl id | acc | auc | NR | Acc | Auc | FNR | AcC | AuC | FNR
Selection ampling Exp.id
Resamole ® 078 | 096| 003| 041 | 072 | 0.86| 0.49| 0.74| 0.49
P ® 086| 098] 001 | 041 | 072| 086 | 050| 0.75| 0.49
® 044 | 061| 053 042| 071 | 081 | 045]| 0.71| 0.57
All SpreadSubSample ® 0.49 0.60 0.69 0.48 0.71 0.81 0.49 0.71 0.82
® 0.56 0.59 0.84 0.51 0.71 0.86 0.56 0.71 0.91
SMOTE ® 0.76 0.65 0.51 0.77 0.76 0.86 0.78 0.77 0.91
©) 0.76 0.72 0.55 0.75 0.76 0.84 0.77 0.77 0.87
Resamole ® 0.77 0.96 0.03 0.42 0.70 0.83 0.48 0.73 0.52
P ® 0.84 0.98 0.01 0.42 0.71 0.84 0.49 0.73 0.52
® 0.48 0.63 0.52 0.46 0.71 0.79 0.48 0.72 0.61
CFS SpreadSubSample ® 0.48 0.61 0.75 0.47 0.69 0.81 0.49 0.69 0.78
® 0.58 0.62 0.86 0.51 0.71 0.86 0.56 0.69 0.92
SMOTE ® 0.77 0.73 0.58 0.75 0.74 0.85 0.78 0.76 0.96
©) 0.78 0.64 0.57 0.77 0.74 0.86 0.76 0.76 0.87
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Table 8. Results when SEVERITY2 data is used
J48 NB MLP
Attribute samplin Exp.id | ACC | AUC | FNR | AcC | Auc | FNR | Acc | AuC | FNR
Selection ping Pl
Resambole ® 0.77 | 0.94 | 0.07 0.42 | 0.65 | 0.84 0.46 | 0.65 | 0.74
P ® 0.86 | 0.98 | 0.01 0.41 0.63 | 0.85 0.46 | 0.65 | 0.71
® 0.46 | 0.62 | 0.54 0.41 0.63 | 0.84 0.44 | 0.62 | 0.69
All SpreadSubSample @ 0.48 | 0.61 0.70 0.45 | 0.63 | 0.86 0.49 | 0.61 0.88
® 0.78 | 0.55| 0.87 0.79 | 0.68 | 0.87 0.81 0.68 | 0.97
SMOTE ® 0.76 | 0.66 | 0.65 0.76 | 0.67 | 0.86 0.77 | 0.69 | 0.82
©) 0.76 | 0.76 | 0.47 0.73 | 0.67 | 0.86 0.75 | 0.69 | 0.87
Resamble ® 0.76 | 0.94 | 0.07 0.42 | 0.65 | 0.83 0.46 | 0.65 | 0.69
P @ 0.85 | 0.98 | 0.01 0.41 0.64 | 0.84 0.47 | 0.64 | 0.69
® 0.49 | 0.65 | 0.59 0.42 | 0.64 | 0.81 0.43 | 0.63 | 0.68
CFS SpreadSubSample @ 0.51 0.61 0.77 0.47 | 0.64 | 0.85 0.49 | 0.62 | 0.88
® 0.59 | 0.59 | 0.83 0.59 | 0.65 | 0.86 0.60 | 0.64 | 0.92
SMOTE ® 0.77 | 0.67 | 0.68 0.76 | 0.68 | 0.85 0.77 | 0.69 | 0.80
©) 0.76 | 0.74 | 0.54 0.73 | 0.68 | 0.84 0.75 | 0.69 | 0.84
ol om, FNRS ozt FolAirh. Xtk FNRE tif-o] o] melo|q 6% 4zke 24P} k. oyl 147 2
0.65 4 & 0.8°]1} 0.99] A& HJOZH HSF 5S¢ dolele A% dolgel Hla] o F450]7] wjoltt. o]}
o5 sk R ARESH] offiT) Wb SpreadSubSample & wAIHE AR V|wE B AR, 2o A A
18 A mael A% el A B FA Rarh el AN B3 BAT 4964 Selshl ek
SMOTE /& AH 3 49 Al A1) wesol e 458 1 wRaAs deojy 28 £A8 dasas dadel
B A 2 25 ACCY 49+ 0.7~0.82 A s AEY WHEQ Resample, SpreadSubSample, SMOTE 7%
9131, AUCE J481TH /) F HalGo] nh$ Dashll & 52 AMgstel 7% /10 2% o naES A%y 45
H5e BROL FOIR Joliz oh]BE AR A5 AT S WrksTh 4F Ak, o] 2o /1% oTHE Resample
g = itk AN HSF RES oS 83 Q78 FNRS 7|He #A8te 432 B 91l SpreadSubSampleS AMg-3F
Bl A ol S $As S, sise  mase 4 bl 4, dledes Ay 9449
SEVERITYZ2¢] 23 @A 0.6U19] d5S B UHAE 5 Z3E Holgg) o)4dst SMOTE 7]\He] AAA o= £& A
050 AT By FE INR A9 myd E uslem 1% F wE £l GmeFe 8 weel 49
SpreadSubSample} SMOTEE Wlwshy A @9] 4% FNRo] £ 235 B3Irh J48-SMOTE =2 A8 -9} wsedd
SMOTE ZA¥}utt 2461 £& 497 JAT AAFezsE ACCE HIoy, ¢ vy 0.7 AEo AUCS AR kit
23hA F F9kaL, AUC 94 J Zg— o ACCE wIl§- Yotth.  FNR A%E HozZH A AT TAHES 4T & 3
SMOTE 7%¥& AH8-3 A3+ A7-ob Hlusl B J48L  AsSith &5 A= SMOTE 71¥& S4ste] wlojAeh &
ACCE TasHA gojxovt v/\} } AUCE ) o5, FNR - A3} AAY 2do] As fousiA A7+ Aol
£ dAsH| Zolxtk NB 94 ACCE T48H "o o AUC

¢} FNRS 7o) 29kt). MLPE ACCE 4381 Woixl i FNRS
A<l ZA e AUCTE 5 Zolth. wheha] SMOTE 7]WHo] &

% wase] A5S felvla PN RAAT J48
mao] 5L uje e

V. Conclusions

T dlole [k Abgete A dF Rde v AT Hlo|
Elol H&) g do|E 7} Agolng Sy Rl stog v
g ElolelE o & Sk5abAl ahe dlolE v d EAZE LA
gt} ol A3s uAlza AR ks AzE 7Nt
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