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Buggy File Identification Based on Recommendation Lists

WANG Zhaodan,ZOU Weiqin and LIU Wenjie
College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China
Abstract Bug localization is a key step for bug fixing but also a tedious software activity. Existing static defect location tech-
niques typically treat defect location as a search task, generating a list of recommended documents for each defect report in de-
scending order of program entity relevance to the defect. However,developers still need to manually review each file to find the
ones that are actually defective, which increases the time and cost of locating them. To solve this problem, this paper proposes a
solution. Firstly. running state-of-the-art information-retrieval-based (IR-based) bug localization techniques to obtain an initial
buggy files recommendation list. Then, three domain characteristics are proposed according to the characteristics of the problem,
and a machine learning model is built based on these three characteristics, trying to identify the truly buggy files from the list.
Preliminary experiments verify that the proposed approach is reasonable and actionable in practice. Experiments are carried out on
four open source projects with 2558 bugs(ZooKeeper, Open]JPA, Tomcat, Aspect]) and the results show that it could obtain
72.6% ~80.7% prediction accuracy initially recommending the buggy code files in the list, At the same time, we explore the
three feature subsets and the importance of each feature in predicting the truly buggy files,and find that the feature of the rela-
tionship between the bug report and the source code is more important.
Keywords Bug Report.Bug localization, Machine learning . Information retrieval, Buggy files
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Table 1

Instance features for identifying truly buggy file

(s)

% HAE 4

ik
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Keyword Completeness

hasCodeSamples

Bug & # 2 & & & ¥ &
B EREFTRE AL bugEF KRBT bug MEN T EM
Bug & # & & 4 4 K &
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W3k 4 A3 3 b B IEA BRI ST
3.1 BUEEMIE

ARICEEET 6 AN FF T E ST L L, 50 & Tomeat,
Aspect] , Lucene, ZooKeeper, Open]PA , Hibernate-ORM, X
6 A~ H ok [ A [ i AT A /N R T . X TR IE
TFER TN bug SHIRAY bug AU SC4EHE A Xk
BTG EEARF S, 23X 6 D31 H . Tomcat Fl Aspect]
K H A= EIEE . X T ZooKeeper fil OpenJPA,
PR T HE 2018 4 11 H ZET BT F bug e, I i@ i
F A Hrdesc HERS G &M bug 5 buggy B
Wi . 0T KB X AT H 0T kN B TR

32 H & il ProjectName-BuglD # bug &5 #3885 4 5|
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bug B E-AE) . TEE IE 5 1= 14 32 28 18 Bl i AU RS 31 Bk
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Table 2 Basic data of experimental project

Project Time Range % Linked Bugs Loc
ZooKeeper 2008-06-09—2018-11-12 470 140175
Open]JPA 2006-08-11—2018-11-16 533 723284

Tomcat 2002-07-06—2014-01-18 992 573208

Aspect] 2002-03-13—2014-01-10 563 690560
Hibernate 2004-08-22—2018-11-16 1285 1068498

Lucene 2007-07-12—2018-11-14 1454 1762563

3.2 ZWHER

ST BB T B O v BE A A AN b T B E AT e R 1 AR A S
HF4EHET 3B,
3.2.1 RQIl: A& X7 ke & A BR A K IEA £ T 69 K T

7

XF T A S RS L 1817 BugLocator 48 45 Git B (19 46
Al BE SO HEFE HI 2 . BugLocator J& 3 5 B8R &R 19 Bk 4 2
PEE AR — A5k J7 0 B Le L I B A Tl v 2 A sy .
FEAS LS 5 A, H R T Buglocator, 4% Buglocator 7E N
i3RI FEBRRENEARNAGWAET —L R TA/E D
R . AR B2 1 FE 1 BugLocator A9 #kiA 1K
B, T4 DA 25584 bug BIFIREI H (B ZooKeeper, Open-
JPA, Tomcat Fll Aspect]) b i 52 56 32 W], WA f 900 B4 7T € SC A4
e FF B 2= v T B OE AT SR A SO T LR AR 72, 696 ~
80. 7% My HER

2 3N T HR IO IE A B B 0 SO A5 R, R ] L
R AR SC AL T BT D) S B — AN A A BR 0 TR B RN L O A
BRFAM SO SR IR, 4 DS B R P A B RLER AR AR T AN
75% ~80% MYKERE . K 4 BN T B A T AR B A A A M
HSHRE .

£ 3 BIEIEA bug B ST AT

Table 3 Prediction accuracy of identifying truly buggy file sets

(ZD)
o Projects
Classifier
Zookeeper OpenJPA Tomecat Aspect]
RF 78.1 80.0 80.7 76.8
SVM 75.6 78.7 76.7 74.3
DT 72.6 76.0 73.1 73.1

F 4 AT BT B AEERE M S HOR E
Table 4 Parameter settings for each prediction model to achieve

the best performance

Classifier Parameter
RF # Trees=100
Classification Technique=SVMRadial
SVM Sigma=0. 9
Cost=0.5

. Classification Technique=LMT
Decision Tree X
# Iterations=21
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FER A PERE L 4R 5 89 AUC J2& 5 38 X8 iE 38 17 19 P 418 .
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AT EME BRI AUC 47 HUE .

225 B T P I A B 0 AR SO DR AE 4R A
BB R AR (g T3 AUC 255, 5 56T 55— 2k S AF b 2
4 T 0 A LA H B BT A R E A HE 1 B PIL AR AR B ST T
R AUC . % EE A R IE 74, AUC H 8 R #R R
KL EET 3 A2 B FRAE A H 00 T AR B A B, 3 F TR 4R AE
a1 BE DL AR R AT T T A A P RE . kL 45 A 3 4
JE R AT A I T 5 1 B IR AR TR (9 A A

F 5 AT R T 4 AR 0BG BLAR M BUR A AUC (A

Table 5 AUCs of random forest models based on individual features

subsets
%
Projects
Classifier

Zookeeper Open]JPA Tomcat Aspect]

All 69. 6 72.9 75.6 68.8

Bug Reports 54.0 63.1 61.7 60. 4

Source Files 64.5 65.4 55.5 61.6

Bug Reports &.
66.9 67.3 69.7 64.2

Source Files

3.2.3 RQ3:YRib 4 fE£TAM AL EAH B TG0y P 2 LY
R 7y 7

S 22 R 3R] B <3 5 ) T B OF A BB ) TR AR A S
PEAE B SR R T g L H Al I R A e ), R A AF 5
[a] g, AR SCIH A T AR X e &K,

Bl HLARARAE RQL H T 4 TF B 76 TR 35 B SC 14 14 0 1
R A, Wt A ST HBIESE % IR BE L AR bR AL Y fx T
Y HRAE

1 M. RN RIS TR
(] A DG 19 43 R BENE L 1% 43 BT FE 44 28 Hmise 19 R A 8298,
TEST ZEMENE A SRR B o A B T 2R A M . e BROE T
BT AT Y R T HE B A O R AE—— B WL 3 B — R
TE I RFAE AR S PE R F 0.7 1Y F )2 W45 14 v i 5 L A AR 4iF
TEIX — 25 AT, o 4y 28 S HEAE .

2 JURT. A AR A BT R AR R AR 22 R] A S 2k
PG L TR AR B A R AR B A AR S S TR R . R
LY e (Y TUAY DR 38 5 R BT 400 i L T R 3R R ) AR e
ARSI SE 2R, RSO rms R AL HAY redun PREICK #E 47 7T
ROPALRAE X — DA R I ICAR , AN 75 2N B A o
FRAE

83 RBIEBERE, EMBRITRRHEE & F 28 4

P A REAE LSR5 (8 bigrf R A BN AR MBS, Ry T3Pk
AL Y B P ORI A A L 10 9 38 U IE Y T
IR it B b, AT A bigel £ (4 varimp R 30K T8 —
AHE M EE M, %M F T OOB AL i{H., OOB J2 Kl 7
RG34 10 P T 158 22 A T, B AR AR A A 2 R AE B B
HLHES B, OOB i T B & 75 23 & Wi/ . 1 3k b S 36 vh (1)
BEMLME , 5 52 20 3R 100 Kk, K, FATTH @ IF2 47 T 1000
WA, 76 BRI UE s 17 v, 3 25 0 B AR IR 348 — A4~
FEEMEAH N ScottKnott ESD M, i FI>k 1 T 45 1000
YIS AT 1Y B A 2k W o X A B 4R e T R RRAE . %
TRORE — 4120 AR CREAN R AF A8 856 B — AN 40 D) /B i AL IR IR
ARG A I S S ON [R AR A

$AN BBEARERMREW, T TR SRR AE Y 5
W Wilcoxon k#1861 #1 Bonferroni B¢ 1F ) 3k 43 Hr ik
PR S 5 AR BB IR S 25 R A Gt WM T CLff s delta
A PR 20 22 B) 25 5 B R e RN

F6—FK 9 4HIH T EIE HREE SOOI AE 4 AT H &
FIHT 5 MR EEMAE, fEXERD, HREEEALRIT L
13 A 6] T HA R AR 20 A AR TR AR AR 28 CHD, prvalue << 0.05),
G —F 0 B/R p-value Fl Cliff” s delta, W H pvalue <
0.01H [6] > 0. 147, M E D HA /NG N EIGEITREFES,
W d5 J5 — 3 1 SCA LUHL AR B

F6 W5 AN B A FRE (Zookeeper)

Table 6 Top 5 most important features(Zookeeper)

Feature )

—0. 393 (medium) **
—0. 346 (medium) **
—0.293(small) **
—0. 139(small) **
—0. 075(negligible) *

Surface Lexical Similarity
Semantic Similarity
Topic Similarity
Bug fix dependencies

Class Name Similarity

F£ 7 OHT5 A EEEMFEE (Open]PA)

Table 7 Top 5 most important features(OpenJPA)

Feature )

—0.297 (medium) **

—0.205(medium) **

—0. 189 (medium) **
—0. 177 (small) **

—0. 083 (negligible) *

Surface Lexical Similarity
Topic Similarity
Semantic Similarity
Collaborative Filtering Score

Class Name Similarity

8 il 5 A EAYFFAE (Tomeat)

Table 8 Top 5 most important features( Tomcat)

Feature )

—0. 385 (medium) **
—0. 357 (medium) **
—0.295(small) **
—0. 184 (small) **
-0. 067 (negligible) *

Surface Lexical Similarity
Semantic Similarity
Topic Similarity
Bug fix dependencies

Bug-Fixing Recency

9 T 5 A E A EEE (Aspect])

Table 9 Top 5 most important features( Aspect])

Feature 0

—0. 373 (medium) **

—0. 258 (medium) **
—0. 166 (small) **
—0.058(small) **

—0. 031 (negligible) *

Surface Lexical Similarity
Semantic Similarity
Topic Similarity
Bug fix dependencies

Class Name Similarity

TEIX 4 AWE LA 7 ADFEEE T T 5 A 2B RHE

Bl Surface Lexical Similarity,Semantic Similarity, Topic Simi-
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larity, Bug fix dependencies,Class Name Similarity, Collabora-
tive Filtering Score,Bug-Fixing Recenc, A] DA & # 4 3 N 4F1E
(Surface Lexical Similarity,Semantic Similarity #1 Topic Simi-
larity) 76 4 35 HAE P E A I,

13X 8 45 MF A, Surface Lexical Similarity, B ia] 17 45 {2
JE R 52 B AL AR AR BLAE BT A 4 A 300 H X 43 B B SC A A
AP fife B ST 9 doe T L ARRAE . B8 TH K 3R BT, X T R A G
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AR A7 7E (19 18 SC05 78 [

4 tEXIE

AR S B A Bl S AL AP 9T TR AY — 26 T3 7 1 2 IRBL
(EFEERRMBEE D . 2S5 2 O AR 1B 58 9 B
BLLT 4 A0 A

DEHKGRER, BIE 2010 4FLIFT . 15 B R AR R R
ke o7 FH 3] f5ie B s o 4503 F 9T 3 0 0F 9 A S 3 A AR )
) {5 B K& (Information Retrieval, IR) #% B %f H [ & {5/ 1T 55
PEATE B, 78 IRBL 45 0 BLAT 9 05 ik o, 1) B s () A 2500
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B, 2009 4F, Gay %502V 48 H — AN il I AH ¢ = 1% (Relevance
Feedbaclo) MLl A J7 2 0 48 TH 48 4 78 07 A9 45 5% L 2 T 04 O ik
T e WA VSM B R AT A R . 2012 4F, Zhou
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