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Abstract Researchers predict software defects based on software networks modeled from code dependencies, revision
history, and collaborative development. Recently, network embedding techniques have been widely used for software net-
work analysis, significantly improving the defect prediction performance. Our study reveals that different combinations of
software associated networks and network embeddings will produce diverse prediction performance. Concretely, this work
constructs three kinds of software associated networks (i.e., Class Dependency Network, Change Coupling Network, and
Developer Contribution Network), analyzes the software structure preserved by 6 kinds of network embedding methods,
and compares their performance in defect prediction. The results on 12 open-source Java systems indicate that, on Class
Dependency Network and Change Coupling Network, after the traditional features combined with network embedding
features, the defect prediction performance is enhanced significantly; DeepWalk, Grarep and Node2vec are better at learn-
ing network homophily, thus producing better prediction performance; the structure features learned by network embed-
ding and their prediction performance by them are sensitive to embedding parameter settings. These results provide guid-
ance in the selection of software associated networks and network embedding techniques for defect prediction.
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SERESVE N B %8 R L. SDNE [ EZE vk T
BT MR ER R IR, 455 S
T ARALRE PR R, TR I I 2% 1) S T 4 A Je
FN4 ey 45 40 J 1k

6) LINE. 11 Tang 25 APWE 2015 4E42 H, %07
VRG] 4 REVEAR G, BE A D M 0] KA (94 24 HEAT Hk
NI HLRERE RIS R B R A4 Jm g5 i fs . el
o SCPAS B R TR U IR AN &, 2 T
— A ARARLRE AN B A AL RE R TE B, g M X A
PRE A S . BT AHLBE I R ER AL T GF 5%, A
h B AT B A R ARE AR B AN B 4 J5 0 R ) SRR
o ANFIWZ, GF ik HE 5 /ME P #1027k A
F3X— s, 10 LINE FHAIFH B A HE B 43 il X
TR AU AN RS MR A0, AR5 B MGIX
AT Kullback-Leibler(KL)HEE o X PN 7047 il
TR

Pvv) = 1
S Teexp(~(XLY))
B,V il
ViV ) =S 4,
Z(i,j)eEWij

SR H AR A R P
O, =KL(B, p))

Horfrv, v, AR WA, VLY, 5, v, 1Rk
NI, Wy it v,, v, ERAE ., (E#ROE LT
XTI ARARLRE IR 2 20 AT R H AR R B %SRS
TR RGBS, JHae g E

AN R
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AN 7 Lucene BOPE 0 3 Rl 45 106 o9 44 1%
A 45t NG R

4 AIAALHY 3 R OCHR R 2% A T A
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W& 4(a); FT Git log FICAFRISLRME SO R, I
SRS S M4 CON, JLE 4(b); 42T K
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LB BT AU A A W] A

TEHL Grarep F1 LINE M 4%k N S5K Lucene %K
(%) CDN B3 mi e R I R 7R o A 1 S ) &
IR TR 288 715 2 TR G 2R, 5 SCHR[ 16128181, FRATD
18] k 18 28 25459254 (k-means clustering algorithm)
FETARN G 1 ) B AT RO 286 45 i BEAT 2K, ik
P AHE 1R[] A Kl 23 3 [F) AN 1% (cluster) T, AN [AJ %
AT B EE R, 45K WE 5 Pis, B 5@)h
Grarep FFIEMEREL R, Kl 5(b)>h LINE FHIERIRE
gh 8L, ATLAME%E R, Grarep B2 A1 LINE HiE A G
()15 A ) 8 SRR A B 1) 45 RAFAEAR K22 3, W10
13 HE A 7] D99 248 ik N3 1R 19 29 5 R AR A1 T BEAN [

(a)

(b (©

&l 4 Lucene A9%305 <BE W 4%

Figure 4 Software Associated Network of Lucene

@

(b

El5 Lucene 5014 CDN B & NFIERI BB LR AR

Figure 5 Clusters of Class Dependency Network Embedding Features for Lucene

4 BT 3RH RBR P 45 R N B R e T

ARSCBEE T PP A SQIR P90 288 4k AR 14
ST 75, %5 ER T A A B AN 2% )5

@ https://lucene.apache.org/
@ https://scitools.com/

TPV AIE, A T AR DI I 28 ik NAREAIE o« AR
WANAF TR, TrEAN AP R,
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HENM). 28 NFFAE(NE). b CM FI NM & T
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3) MY, KRR A SMOTUNED
SOEVTEAT AP A B (AL B, B BB R R 3
T AiE XS I (1) e S s 2 i N B ATLAR AR SR 1) o
Bl AMZR DU R 22 2 AN 2 AT AR AR 1 25 910K,

TS A5 AFAE BB o

WA 2 AHESEI
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TR ll ll L
v N 12 i
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ST (CCN)
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SMOT'UNED
P
A 4
S
A 4

R TN 2 2R

B 6 E-TEH KB L HR N\ ISR PG T 75 3% A2
Figure 6 Defect Prediction Based on Network Embedding

4.2 FFIERE

AT TEGR A 25 UG ACHE T A DG 19 4% 15 21 (1)
JEE R

(1) S EEEHFE

AR SO T T U5 A R (1) 2 B 45 AR 4 AURH B2 R
Ik, ST T &M B bR, A T
W 1) C&K(Chidamber-Kemerer) 3545, McCabe
(T (Max_CC, Avg CC)& 3Lt 20 MRS i 4R
Fro IXEEFEFRIEE S0 CM(Code Metrics), KT
NSFFR I tera-PROMISE dfa /5, 3 2 & R HRH511

Fz2 REBEZCMFALEH

A FRANDEE

(2) W% EERE

AT 59 LT ML 1R brR, XLE4RFREE
EICAE M4 B NM(Network Metrics), fLFGX) H 3
HL M 4 (Ego Network) (1) B 5 R4 )=y 9 24 (Global
Network) )& 5 o IXLEFFR T WL Zimmermann 241
Ma ZEUOHESY TR, ok 16 ANEAR 1 L&
3. NM $845 1] LL# F Ucinet k3142, Ucinet 1 LA
Aok 2R o A ) 0 85 5 R B I 1Y % 4 R 1)
B B AR o

Table 2 Code Metrics and Descriptions

TEbR A K L] TEbR A K ]
AMC Average Method Complexity LCOM Lack of Cohesion in Methods
AVG _CC Average McCabe LCOM3 Lack of Cohesion in Methods 3
Ca Afferent Couplings LOC LINEs of Code
CAM Cohesion Among Methods of Class Max CC Maximum McCabe
CBM Coupling Between Methods MFA Measure of Function Abstraction
CBO Coupling Between Object Classes MOA Measure of Aggregation
Ce Efferent Couplings NOC Number of Children
DAM Data Access Metric NPM Number of Public Methods
DIT Depth of Inheritance Tree RFC Response for a Class
1C Inheritance Coupling WMC Weighed Methods per Class

@ www.analytictech.com/ucinet/
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*3 MBEENMFAILLA
Table 3 Network Metrics and Descriptions

EiE YN Bt EiE YN Al
Size Size of ego network Broker Number of pairs not directly connected
Ties Number of directed ties nBroker Broker normalized by the number of pairs
Pairs Number of ordered pairs ReachEffic Two Step Reach divided Size
Density Ties divided by pairs EgoBetweenness Betweenness of ego in own network
Degree Degree centralization nWeakComp Number of weak components
AvgDist Average geodesic distance pWeakComp NweakComp divided by Size
Diameter Longest distance in egonet InCloseness Centrality Countdown of the in-distances

Two_Step Reach Number of nodes within 2 links

OutCloseness Centrality

Countdown of the out-distances

(3) MR NFRFE

A 255 10k N I S I B S R 190 4% ) &5 R A IS
A5y 34EH DeepWalk. Node2vec. Grarep. Graph
Factorization. SDNE Al LINE £.72:, B 8 I Y 4%
FR RIS R IR by B W 9 2% ke £ R T

944 | org.apache.lucene.search.spans.SpanNotQuery.java

il [14 3--1.2857 0 -0 1 0.6418, —0.5451 ---0.0389]

It ~ J
FURE L o 2% 1 ik ZESTIN
7 3 FFIES FEHEHER 25

Figure 7 The Feature Vector with 3 Features

H 1% 1) 12 L5 T SRR 8 A Y 2% Rl
FFIG )L MOGS DY FR R o A 8 (9 s R . PR 288/ 3
P FUR TR AAAE SR DA E D B N o B A - 2
K7 firz, 61 Lucene A% A )17 55 org.apache.
lucene.search.spans.SpanNotQuery.java, f§H DeepWalk
Sk, SRS IR JE B 1) O 6T R AR
JE b W24 5 3T DeepWalk 75 21 1K1 551 7] F 1)
“ o
4.3 1EEI%

FERI YN ot R ry, R A A 1 S8 000 B 5k B b
RN AL A B R R I = A SRR
Y B PRI TR o K 22 B R v e e A AR i
Bt EE B AN P4, PR 5 P I 2Bk, RS
W\ BBEHURAR . Z RGNS SRR R AL, AbER
DUH-HTRE 4 By 2Ras h AT I 2R
43.1 APERIEELLE

MR HLE7 2 FEA BB ZR B 4R 2 ¥4 %) 73
AT, A EIX LR E AN T, K2 HE O Gk
A FRAR R 45 TR, 32 DR A S B BB AR A 70 A RO AR
AR, AFERRRIS: BIEE T SRR
BRI T2 MG T, fRahlds: >l

@ https:/scikit-learn.org/stable/

SR Rn] Re st n) T2 8028, 0T/ DEEE I T
PERESRZE . N T MRS T 0T i B, He 25 AP,
Zhang %5 N"VRT Lopez % NSO 1 b B A1 4
PR, EFG: A Eh S (Ensemble) /772, AR
J& 43y 2K (Cost-sensitive) /7 ¥4, & T &% 1 & 7%
(Kernel-based)fll 3 5/ 2% 3] (Active Learning) 57555

AAFH Agrawal 2 NUTIE 2018 4E4R 1)
SMOTUNED(Autotuning Version of SMOTE)#.%k
Xof S 6 KA AT P AL B . SMOTUNED 592 42 %o
Chawala 2 ABUZE 2002 4£4 (1) SMOTE(Synthetic
Minority Over-sampling Technique) 5. 12 ff) ot 1F .
SMOTE i 3 5% D BERREASHEAT 73 At MUBEAUL, R BT AE:
AT B A v R el D B R AR B . T EEM
DFE RN FEAR x 1 kAN (K R 25) B AL
PRk N DFEARIATREN LG, i 5k
FEA, FRRHRE AN G 5 & i As 28T I 2548 . &
AT BRI R — R oed 77 %, 2 H kb2 gk
SR ECRE 1R H B . (R, SMOTE S R
228, ZHNBEATM T A&, AL
WFFUAE ] T S ERA S 5T, SR B E IR
REARLF 1F3E N T A3 #0448 - SMOTUNED i FH 2 4y 13k
1k #4535 (Differential Evolution), BEHLA:E SMOTE 4.
B SHIYME, WA X A R
BL B NS SRS s U -
4.3.2  BEHLARHM

BEHL AR (Random Forest)™ & | F 22 A4 % K
AHEAT N ZR I FI0M ) —Fh 4y 2845, w] DU TR UL
B STHES scikit-learn”SZIR, JFIH scikit-learn 1
X % 8 2 (grid-search) D BE A FE B AL AR AR I 2 5. Bl
FLARPR CLBEATL R 7 20 S A 5 2 BRI AR AR,
FRAE TR S 1) 73 S8 285 R0 A I s AT B R e ik
SE S5 28 BEHLARAR W] F T4 B 23 SR [R] U i)
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o BEHLARAR I BEHLE AT LA s i i 065155 0
R B, (AN 22 ARk S G 5 T AL K2 Ak fig
43.3 ZREBME

Z |2 B 4% (Multi-Layer Perception, MLP) /& —
PhE TR 22 BN T M4, H—NMmAE —
MR AN ZE . MLP flZe 25 AN
7] J22 22 TR 2 A 1Y) o I 50 R 4 1 ) 0 s 1) PR
R RE o 72 1E AL R R A 205 2521, 75
) AL FR L B R AT IR, AR % 2 0 R R A S
LTG5 280 HH 45 AR 2 K
4.3.4 ZRERENL

2 FF ) FEAHL(Support Vector Machine, SVM) &
AR A B2 2] D7 i B AT — o0 RIT X
LIPS SVM YA AR JE 71 7328 ) J KAk
REE 1A 4 43 I SRt 2R 5T HL AT T) B 5 K 11 e~
[ilo SR AT 73 1) Il i P DA e A% e 250 8 S
RS vh iy B e, R ISR RO S
BRAL. Sigmoid A% R HUF 2 A% s A, A H N
FRAELR AN TT 23, DR 8 o A pR
4.3.5 AhE M-

A3 DU T (Naive Bayesian, NB)&5ET DU
JE B RFAE A AR W (1) 73 2K 07k o il DU
A AT LU AR e I MM S, HESH S
B NEZE P(B|A). TN 38 DU SR 2 AR 2 23 A i
ST R R, IR TR B, S5 S L
e BRI 30 40 2R A5 . bR DU = AN
FBRS: w200, fA%5R), ] DU S Brs ol
EFEA R A . 22 RN 28 DL SR 2R 8 ] T3
PN~ 1 P S B RS S (TS s AR B N R B2 1 TR/
B A PR IR SIS A B, WAL B (P44
N, A MR E A, A RS 2R DL R
AT R NRRE Y B S &, Rk 8
Jr b3 DU s

5 SKIG

AE G oo A A B £ KL TAL B, AR5
ZARiE S R PN ERUES S VNI F N TR VIR A S 25
H5 53 W 9 288 N AR FRF T ) 6% 8 ) AR I LB S5k 8 T
PEREZE S (0 L I, g5 Ja 20 W AN [R) 2 e B 10 R 4%
TR AARFALE XS e B TUU P FE 14 52 o

@ http://openscience.us/repo/
@ http://bug.inf.usi.ch/index.php

51 HUEREALE
51.1 SERXHR

RS T 1245 AR B TR Java B0PF R 48
YERSEER X 5o 1KLL R SR 1) sk bk 1 T A FF AT
I tera-PROMISE #{41i Z:"Fll D’ Ambros 25 N3
2010 4FRATIEEEARE . 3X 12 MR RS
Ant & H T B 3 A0 AT R gk B i A A AT TR
Camel s2£ERHESY; Tvy A& A% B MR BE 4% ; Lucene /&
TR ZRAEZLFNEY; Poi 4 H R ALHE Microsoft Office 3
(%) ; Synapse S HRL T e 1k BE A b ik 45 4R
(ESB); Tomcat J& web x%5+#5, Servlet fil ISP %545,
Velocity ;i 514, H T35 H Java fURH e R
%:; Xalan T 42 xml SC#Y4; Equinox Framework /&
OSGi 1Z/CHEZE L SE I, DT Core & Eclipse IDE
1404114, PDE UI 2 Eclipse 4114, $efit 7—%&
AT T BRI R AR Eclipse 4 {4 R A ™ o

XL R G LA R M 25 it Bk 4
o e K SLOC 1| 3R 7 B A (1) U5 AR5 AT 44
| Cop N Copy 18K T BEH LA CDN H A BB Ks
PSR ER; | Cpp N Cooy [MUR T REHILAE
CCN f 375 ik Bey £ 48 45 b 19 S 44 1 40 &
| Crp N Cpey | 1T T BEHILAE DCN H SR BRRE H s
P SEAR B, Pepnpefee #2718 CDN HHEFRIC A
i B IR SR BT 5 B 93 B, Pecnpeee 3678 CCN H A
s i by Bk B B SEAR BT o I E 2 B, Poovpeee: 7
DCN H g baac Ay it B 1R SEAA B o 1R 93 L o
512 SHERE

(1) FRAFCER M 25 Fy i 38 B E

WITTSCHTA, #4% CCNRIDCN I 75 2 1% B i
PR, I KB /N 1 I 8 e AR AN B AT 25 R
fEE e ASLERLL CCN I, fEHIM 15 2 35, [H]
A 5 HASRNS S8BT TAL BE S5, X AN
B IEEE (B IR BIE A )BT LR, H 2%
TEA (1) 3k 908 ] 70 %o af o Tl = 36 R SR (R s e, [] B
I H i T e o U0 RS 28 ) 3 D 1 A 1 R K
PEORIRMN Lo SLUEBIEN n RUWRAE A 2 9 4% I 220086
W RS EGRE n I B SR AT id sk . RS
N TR JE M N CON IIGEHE ., NeayfRETT
RUECT SRR AR — B R PSR S ), Econ
RA&BHL.
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x4 THRMIRFHER
Table 4 Dataset Summary

B R A SLOC [Cro N Cepy | Pcpnpefect (Y0) [Crp N Cecn | Pecnpegect (Y0) [Crp N Cpen | Ppcnpeect (Y0)
Ant 1.7.0 93520 729 238 690 23.6 712 23.0
Ivy 2.0 36636 349 11.5 296 13.5 303 132
Camel 1.6.0 98962 902 20.8 871 20.7 880 21.0
Lucene 24.0 35984 337 60.2 272 67.2 262 67.6
Poi 3.0 53097 439 64 273 61.5 301 62.5
Synapse 12 46060 250 34 237 354 238 353
Tomcat 6.0.38 166396 744 102 466 15.0 490 14.7
Velocity 1.6.1 26636 228 342 218 353 224 34.8
Xalan 2.6.0 155067 860 455 614 50.2 627 50.4
IDT Core 34 311316 719 26.7 720 26.7 720 26.7
PDE Ul 34.1 234608 1101 17.3 1122 17.1 1122 17.1
Fi‘i‘;:“;’;‘rk 34 64301 181 56.4 182 56.0 182 56.0
*5 ARFESET CCN ZiHER
Table 5 CCN Information under Different Thresholds
WO BUE Dy 15 BUE ) 20 MU 25 Wi 30 M 35 I
Neev  Ecey Neev  Eeen Neey Ecey Neew Ecev Neey Ecey Neey Ecen
Ffaif:‘:’;k 319 2130 325 2383 341 3293 346 3673 361 5054 469 40305
IDT Core 1145 9629 1192 12959 1224 15537 1255 18644 1281 21457 1635 604221
Lucene 649 3589 668 4892 718 6574 730 7159 809 10197 969 110930
PDE Ul 1813 13344 1940 18041 2025 23119 2089 28461 2128 31778 2650 1062128

ATLUE Y, BB I D8 BB TR 9K, CON IR IE T
BRI 8 43 AT P it 1 IRF TR R 20 ) 485t i oK o ot
JEBIE A o RSO B T B B 584 ) CCN, 4
JEBIEA 20 DL B, nTLUE fkE I 70%I1 75 s, P
DL KT 20 (193 8 BIAE

T J5 SR BRRE PO S 58 v, 44 8 CCN A DCN I
WCE NI IR EEIA N 25, 1S HCLA KT S FE T
PEREMIEMAREAE 5.4.1 75525 4T

(2) MEHAEESH

AN [R] 9 8% ik N B DR RE TR 1Y 4% 25 K 45 R AN [+,
HARREANE], W RIS EAAAE 2. AN 6
T Y 28 iR NSRE TR IR E S

7E DeepWalk Fl1 Node2vec H 1) R] i 15 S48,
number-walks 2 MRS ri A 1R Bl AL A £,
walk-length & & A B HLUTE A RE o Btk 2 5,
Node2vec 1] LLFEHIBEMLIE AL 7 10, WIS EN py g
ZAG R PE 3 48 i IR A A 2 o 8 LINE Hp ) 32 %
5 S 504 epochs F1 order, 7 epochs AJ LA
ZRIEARIREL, T order W] LAFA IR T R 20 R AH A

@ hittps:/github.com/thunlp/OpenNE

BB % GraRep ") kstep 2% n] LR >k 5 oo 5.9
(1) k AR IR, FRORRERIZ R & BAHA,
B . GF FEA 0 R Zn] #2500 epochs, HIK#%
HINZRIEARIREL. SDNE H1 1 encoder-list & —
Yyt b oS YE T g A 2 A 2 n R,
55 T YE TR R 4R

A 3L R T S e v % i N BV i B
OpenNE"SZHL, B4 HIERIA IS H B . AR S50k
BT BT SRR I 248 Fik N7 AE LA A S g 9 00 280 R 11 5%
Wi L3 7E 5.4.2 /N SER T o
5.2 RFEFIMEE RS

AT RIS T HE AL 48 B R A R T 2% iR
TR AIE PR R B T 5 IR, R B T I AN R 4 RN
REAEAS 2 St B T 5 5
5.2.1 CDN [HBRIETIMIZ R

% 6 B T RS ERFFEA Grarep HIE1S 21
LR NRFIESE CDN L3l i BEALARAR 2> 2528 0) 12
AN EHE R BBE TIM AUC(Area Under Curve)fH .
AUC fabrH TP 20 R A8 VERE, 2 IhaBUlT T 7028
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S5 R RE i A [ 2

TR, R 6 TR TR =X
AET RN P AUC {H, JETAESE MRS AR
(PP 25 SR W, CM Al BE T4 e v I 2 i s R ik 1)
TR R NM F1); ARHE 5 5 ) 5% 3 o 401 5 1) S
IR LI, CMANM %1); T Grarep S 1SR T
gh W DL K B AL 40 B B 214 T TR i B TR0 25 S WL NE
%], CM+NE 41 fil CM+NM+NE %1,

% 6 CDN BYERFAETN AUC &

Table 6 AUC Value of Defect Prediction on CDN
. CM+NM
y
R CM NM  CM#NM  NE  CM#NE (o

Ant 0.820 0.689 0.809  0.691 0.822 0.816
Ivy 0.790 0.695 0.758 0.751 0.806  0.798
Camel 0.693 0.747 0.772  0.770  0.781 0.803
Lucene 0.744  0.632 0.729  0.762  0.798 0.802
Poi 0.867 0.849 0.872 0.861 0.894  0.895
Synapse  0.774 0.698 0.777 0.757  0.802 0.795
Tomcat 0.826 0.740  0.805 0.718 0.834  0.827
Velocity ~ 0.752 0.755 0.793 0.715 0.770  0.795
Xalan 0.826 0.796  0.829  0.819 0.860  0.858
JDT Core  0.809 0.735 0.794  0.790  0.843 0.838
PDE UI 0.715 0.660  0.717 0.744  0.773 0.770

Equinox

0.625 0.681 0.691 0.801 0.799 0.771
Framework

R 6 IR A BT K AE,  BIREANR
A P AN [ SR A A A T 0 o N0 T 45 28] 14 e DAL Tt
MER . WRFFATLUEH, 5 KE2AifE CMANE.,
CM+NM+NE Wi31). B AL Rk, S i b g
SRR R 2% i NI T S S5 NN 28 S PR AL o

Kl 8 75 T4E CDN ARG L L K7 il 6 Ff
W 28 4R N SRR 45 5 J T I BT AR PR 73 218 2 15 31 1 ik
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Fg5R, MTRZEELE A, 455HT DeepWalk.
Node2vec. Grarep 53245 2| FIRFE 0] AR FHAEREAL
ARAR (Pl B I 25 L, X AR ] DA i AR 1
S Ay AL SN &7 SRRy € S Zep v =
A3, {& CDN _F43 5l 45 5 BRI 45 1k N R AIE i () i
B3 T £ 1 e (AUC) LAY 7% 6 A% 42 52 1R Ak 1) F0 0
PERE, PERRSR ARSI B N(E 2 14.6%, ~FIEZ
3.6%-.

5 Rk, B9, B 1o, B 11 EEoR THE
CDN A FHARZE DU 7y SRR ) S LN 22 22 I N i adk
AT SRR AUC{EL. 7T LU 531, 4545 DeepWalk.
Node2vec. Grarep K AFFIEJG W RARTE T AEX =
oy R BT AR, X5 AEBENLAR R 7 2B 4%
R T R L 8)— 3, i v A 4
G LS BRNRAE S5, A AN 3 DU 0 v e 42 T Bk
T4 15.7%, “PIME N 3.3%; A F SR ) bl A 4
THRAE R 9.6%, 3TN 2.5%; fiH 2 /240
28, MERBIR TR AN 14%, “PIME N 3.4%. 1 F B
BLARARER e FREI 1) 25 5 LA 28 DU H07 o SO [ s L
2 RGN IRCREES, VEREF I i 2% 10%. 9%

AT 10 7E CDN 454 DeepWalk. Grarep-
Node2vec HFFAEJi, &b I E(AUC) I T4 7% 1&
fE 48 5 SRR AR (R U MR e, B BEHLAR AR 2 K45 LE
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Figure 8 AUC Value of Defect Prediction on CDN (by Random Forest)
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Figure 9 AUC Value of Defect Prediction on CDN (by Naive Bayesian)
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Figure 10 AUC Value of Defect Prediction on CDN (by Support Vector Machine)
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Figure 11 AUC Value of Defect Prediction on CDN (by Multi-Layer Perception)

5.2.2 CCN HyBRPETIMSS R CM+NM-HNE 4 &5 & W 281 NFAE R T 45 3. % 7

B 7 BN TGS RIS Grarep HEA RN I AR T AT BRI . IR -4 11
Hé%ﬁ%)\ﬁﬁf CCN B3l BENLARAR A 2575 30 A LURIR, 5 CCN 1, ] Grarep 5543 KM
SR RRBIRR A UFIE 6 AHIA], CMUNM. S8 NBRE 45 A A G i bn T LUIA 30 58 4 F) B e T
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%7 CCN BIERFETIN AUC &

Table 7 AUC Value of Defect Prediction on CCN
R cM NM CM+NM NE CM+NE Cl\f;I;M

Ant 0.810 0.728 0.810 0.706 0.824 0.818
Ivy 0.778  0.751  0.766  0.785  0.804  0.802
Camel 0.681 0730 0.740  0.825 0.837 0.825
Lucene 0721 0679 0712 0714 0776  0.752
Poi 0.864 0.684 0863 0759 0.875 0872
Synapse  0.774 0702  0.755  0.687  0.767  0.763
Tomcat  0.766  0.743  0.768  0.732  0.777  0.770
Velocity 0.745 0.714 0.743 0.745 0.786 0.779
Xalan 0.769 0.710 0.771 0.736 0.805 0.790
JDT Core 0813  0.816 0.834 0.821 0849  0.853
PDEUI 0708 0.704 0.725 0.747  0.766  0.765
Ffa‘j:::‘f;k 0.623 0749 0738 0794 0.787  0.794
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Figure 12 AUC Value of Defect Prediction on CCN (by Random Forest)
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Figure 13 AUC Value of Defect Prediction on CCN (by Naive Bayesian)
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Figure 14 AUC Value of Defect Prediction on CCN (by Support Vector Machine)
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Figure 15 AUC Value of Defect Prediction on CCN (by Multi-Layer Perception)
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Figure 16 AUC Value of Defect Prediction on DCN (by Random Forest)

# 8 DCN HIERFAETM AUC B
Table 8 AUC Value of Defect Prediction on DCN

T
E3N CM NM CM+NM NE CM+NE CTNI;M
Ant 0.816 0.752  0.822  0.744 0.829 0.822
Ivy 0.784  0.750  0.791  0.742  0.783  0.791

Camel 0.695  0.639 0.707  0.670  0.721 0.714
Lucene 0.752  0.690 0.722  0.602  0.764  0.735
Poi 0869 0.734 0.874 0.717 0.876  0.869
Synapse 0.789  0.645  0.763 0.615  0.770  0.748
Tomcat 0.767 0.748  0.809 0.726  0.797  0.821
Velocity 0.741 0.676  0.729  0.682  0.749  0.753
Xalan 0.763  0.640  0.767 0.606  0.745  0.747
JDT Core  0.806  0.755 0.824 0.745  0.813 0.815

PDEUI 0707 0678 0712 0677 0705  0.702
Equinox o 3 0567 0643 0590 0661  0.663
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Figure 17 AUC Value of Defect Prediction on DCN (by Naive Bayesian)
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Figure 18 AUC Value of Defect Prediction on DCN (by Support Vector Machine)
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Figure 19 AUC Value of Defect Prediction on DCN (by Multi-Layer Perception)

WRAE PN IY e 1 R O BE B ARE, AN 420 31—k
H, B 21 €78 T Lucene SRUE M 2% (1715 5 73 Il kT
6 Bl L 1R NFFIE SRR AR

ME 21 FTUUAEL, AR B2 N (075 5 (R 2R
ZERA o AT B PSRBT s K o0 A, s

BT S, 40t DeepWalk. Node2vec 1 Grarep 574
SRR, 1X 3 **méﬁﬁ%]\ﬁ&‘i@%ﬁﬁﬁ
W 23 S5 ) T I R BB )Y R 3K, A B
W AERAHEEAR T . 10 LINE A1 GF 577200 I 50 9 4%
SRV E R (RS A IO Nt i e A B E A T = rul 11 I



46 Journal of Cyber Security {5 B2 A%k, 2021 /£ 5 H, #i6 4, 53

MR i, R RE IR A W 4% 50 W A 14
R, M SDNE SAMN Y i 2RS4 R K
21 T80 )T i IR N R EAY K)o RAR RIS
(K] 11 AN AT I RESR AL SR 2R S R

& 20 Lucene 312K ™ £&(CDN)
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Lucene
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Figure 21 Clusters of Class Dependency Network for Lucene
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Table 9 MoJoFM between Communities and Clusters for Lucene (%)

DeepWalk GF Grarep LINE Node2vec SDNE

Ant 67.60 32.96 60.45 27.77 74.19 66.48
Ivy 45.05 20.72 38.44 14.11 45.35 56.80
Camel 48.76 23.25 39.39 26.75 53.61 40.97
Lucene 47.98 28.66 52.65 23.05 52.96 63.61
Poi 63.53 30.26 62.88 41.13 50.35 53.02
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Table 10 MoJoFM between Different Network
Embedding Clusters for Lucene (%)

DeepWalk  GF Grarep  LINE Node2vec SDNE
DeepWalk 100
GF 35.20 100
Grarep 70.22 33.06 100
LINE 26.13 18.72 28.27 100
Node2vec  67.56 36.54 61.97 28.27 100
SDNE 39.55 31.95 41.10 36.65 38.43 100

F 11 Lucene FHE T A [E) M 2% 3 N\ B B Fa T
AUC £&
Table 11 AUC Difference Based on Different Network
Embedding Algorithms for Lucene
DeepWalk GF  Grarep LINE Node2vec SDNE

DeepWalk 0
GF 0.11 0
Grarep 0.03 0.14 0
LINE 0.10 0.01 0.13 0
Node2vec 0.01 0.10  0.03 0.09 0
SDNE 0.02 0.09  0.05 0.08 0.02 0
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Different Thesholds on CCN
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Table 12 AUC Value of Defect Prediction Based on Network Embedding

DeepWalk GF_ Grarep_ LINE Node2vec SDNE
walklength=80 epochs=5 kstep=4 epochs=5 p=1 g=1 encoder-list=[1000,32]
Ant 0.70 0.53 0.69 0.59 0.66 0.70
Ivy 0.63 0.53 0.75 0.46 0.59 0.67
Camel 0.74 0.58 0.77 0.64 0.71 0.69
Lucene 0.73 0.62 0.76 0.64 0.73 0.71
Poi 0.84 0.69 0.86 0.74 0.83 0.83
* 13 ETRERABIRBETN AUC &
Table 13 AUC Value of Defect Prediction Based on Network Embedding
DeepWalk _ GF_ Grarep_ LINE_ Node2vec_ SDNE _
walklength=40 epochs=100 kstep=8 epochs=100 p=1_¢=0.5 encoder-1ist=[500,32]
Ant 0.68 0.60 0.71 0.67 0.67 0.69
Ivy 0.64 0.58 0.75 0.60 0.65 0.67
Camel 0.73 0.66 0.76 0.71 0.72 0.73
Lucene 0.75 0.70 0.77 0.72 0.75 0.74
Poi 0.83 0.81 0.86 0.84 0.82 0.84
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Table 14 Summary for Defect Prediction Based on

Network Embedding
N %x] AR ) 2 U INLE
AT %‘Sﬁiiﬁl? % IHEJCNH 5 ﬁk%:)égkﬂi?}
DeepWalk Vgt Vigehf X%
GF <L E < E < 7E
Grarep Vigght Vi Lf —
LINE <7 < s xR FE
Node2vec Vi It B XK 22
SDNE % Vi Lf —K

EATE: 1) BT IFRETTHERMEZ DCN 2 4h,
TEIEMAB 2% CDN FISCAFRE & P 4% CCN E, AL 48
(1) B BERFAE b 255 P23 iR N AR AIE i, R s 00 12k e
132 W38T 2) M HIBEL/r S8 2 I A R SE LA 3R D
M SCRE R RN 23 KA ) R A
3) DeepWalk. Grarep Fll Node2vec iX 3 Ff 4 £ 4k A5
TEARHE 1) 9 6% 5 R o P 2SR, R o 0 25 SR A 3
4) 5 LINE # GF 5iEAR, DeepWalk, Grarep Al
Node2vec Sk 2 2] W 45 (1) [R] Bk, DRI 7EAH
[F AT DG IR 1A 2% L () ke B FO0 25 SR B4 5) I 4k
NGEEARANF )2 BB DR A 1R 194 % 5 A R 1k A
1028 7, R B TO0IN A e 0T 9 5% ik N B0 2 B0,
SEIG AR SR A R B IE I S 2L

6 RLEFAKREIE

AR RIS I ) A S o T ) 194 4 i AR
fiE, Bt TR T A O IE  £3% HiR N TR 5t B U
T3k, AT T AR ORI 2% . AS[R] I Z5 ik A\
B AR S HORE T 09 45 1 AN RFAE S Bk i
DR RE o TS50 5B, R IO 14 4 R0 S A
R X 285 LU T R 3 o R X 495 B 3 Ik 3 B e o Yl
R, DeepWalk, Grarep 1 Node2vec #.y% Lt LINE
A GF Bk K AR M 2 S50 1 (R, PR 3

49

TR I (R ol B FO0IU 0 R B o B, SR B YT T A
RN FIES BRI B2, RIS 45
VA Bl T T B TOTINE 3 G ey e 5 B4 S IBR KA
286 M1 I 28 4k N SRR LIRS R VE g

RRAFRE— 2P AR TAE, G DA
R IS 19X 2 2 At 0T T [l 6 S e 1, S8 P IR S 56 )
St Java SEBLIRAE R G . e N H T HALGFEE S
U1 C/C++. Python 5B RGN, 244 R MM
WA 2%, DL S AE A 10 Rl R BT 99 2% 45 0, FRATTA KK
X IX—EB o HEAT IR R o« 2) A SCIR ST T 0 AR [ R A ]
AN TR] 9 28 i NSRG4 280 1 S8 8¢ P 2080 SR 11 22 e i it
BRI, 0 0 5% B AN [R] A1 b 1Ry dfe g S0 280 R A7 A —
Zegt o AR 2 B AN R AT ZR e b IOl 2 R 7
SRR 3R T AT AUC b, ity HoAhvF
Yoy PR RE R, A1 WnE T AN i £ s 45 16 PRAG
AEH A R MCC(Matthews Correlation Coefficient)
FEFR o ARAG AL HI B2 (1 AH OCHR bR dE 2 B8 ik A S
SR B T A5CR

B AR TRIOLT. REFBRF
Fo 2 R R B AT F AT A, JF A
RE &AL R TR B (No.2018YFB1004500),
7 B R A F A 4 No0.61632015, No.61772408,
No.U1766215, No.61721002, No.61833015,
No0.62002280, No0.61902306, No.61602369), & F [k
%G 4 W, 1 3] AR B (No.5226SX1800FC), # 7 f
4] #7 B PA(No.IRT_17R86)Fe ¥ B A2 A3 4n iR 47 0
WA, FEEEE KRB No.2019TQ0251,
No.2020M673439) 84 84

S22 3R

[1] Wang Q, Wu S J, Li M S. Software Defect Prediction[J]. Journal
of Software, 2008, 19(7): 1565-1580.

CETT, ARA58, 0. BB IIIEIAR ). HAF5#77, 2008,
19(7): 1565-1580.)

[2] Martino S, Ferrucci F, Gravino C, et al. A genetic algorithm to
configure support vector machines for predicting fault-prone
components[C]. [International conference on product focused
software process improvement. 2011: 247-261.

[3] Nguyen T H D, Adams B, Hassan A E. Studying the Impact of
Dependency Network Measures on Software Quality[C]. 2010
IEEE International Conference on Software Maintenance, 2010:
1-10.

[4] Zimmermann T, Nagappan N. Predicting Defects Using Network
Analysis on Dependency Graphs[C]. 2008 ACM/IEEE 30th Inter-



50

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Journal of Cyber Security 15 F\V& 4244, 2021 5 H, F o &, FH3 M

national Conference on Software Engineering, 2008: 531-540.

NASA V&V Facility Metrics Data Program.
http://mdp.ivv.nasa.gov, 2010.

M. H. Halstead. Elements of Software Science[M]. (Operating and
Programming Systems Series),” Elsevier Science Inc, 1977.
McCabe T J. A Complexity Measure[J]. IEEE Transactions on
Software Engineering, 1976, SE-2(4): 308-320.

Chidamber S R, Kemerer C F. A Metrics Suite for Object Oriented
Design[J]. IEEE Transactions on Software Engineering, 1994,
20(6): 476-493.

Chen L, Ma W, Zhou Y M, et al. Empirical Analysis of Network
Measures for Predicting High Severity Software Faults[J]. Science
China Information Sciences, 2016, 59(12): 1-18.

Ma W, Chen L, Yang Y B, et al. Empirical Analysis of Network
Measures for Effort-Aware Fault-Proneness Prediction[J]. Infor-
mation and Software Technology, 2016, 69: 50-70.

Jin W X, Cai Y F, Kazman R, et al. ENRE: A Tool Framework for
Extensible eNtity Relation Extraction[C]. 2019 IEEE/ACM 41st
International Conference on Software Engineering: Companion
Proceedings, 2019: 67-70.

Goyal P, Ferrara E. Graph Embedding Techniques, Applications,
and Performance: A Survey[J]. Knowledge-Based Systems, 2018,
151: 78-94.

Cao S S, Lu W, Xu Q K. GraRep: Learning Graph Representations

with Global Structural Information[C]. CIKM '15: Proceedings of

the 24th ACM International on Conference on Information and
Knowledge Management. 2015: 891-900.

Ahmed A, Shervashidze N, Narayanamurthy S, et al. Distributed
Large-Scale Natural Graph Factorization[C]. The 22nd interna-
tional conference on World Wide Web - WWW '13,2013: 37-48.
Perozzi B, Al-Rfou R, Skiena S. DeepWalk: Online Learning of
Social Representations[C]. KDD 'I4: Proceedings of the 20th
ACM SIGKDD international conference on Knowledge discovery
and data mining. 2014: 701-710.

Grover A, Leskovec J. Node2vec: Scalable Feature Learning for
Networks[C]. The 22nd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining, 2016: 855-864.

Wang D X, Cui P, Zhu W W. Structural Deep Network Embed-
ding[C]. The 22nd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, 2016: 1225-1234.

Feder T, Motwani R. Clique Partitions, Graph Compression and
Speeding-up Algorithms[J]. Journal of Computer and System Sci-
ences, 1995, 51(2): 261-272.

Tian Y Y, Hankins R A, Patel J M. Efficient Aggregation for Graph
Summarization[C]. The 2008 ACM SIGMOD international con-

ference on Management of data - SIGMOD 08, 2008: 567-580.

Navlakha S, Rastogi R, Shrivastava N. Graph Summarization with

(21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

Bounded Error[C]. The 2008 ACM SIGMOD international confer-
ence on Management of data - SIGMOD '08, 2008: 419-432.

D. Jungnickel and T. Schade. Graphs, networks and algorithms[M].
Springer, 2005.

Battista G D, Eades P, Tamassia R, et al. Algorithms for Drawing
Graphs: An Annotated Bibliography[J]. Computational Geometry,
1994, 4(5): 235-282.

Eades P, Lin X M. How to Draw a Directed Graph[C]. /989 IEEE
Workshop on Visual Languages, 1989: 13-17.

White S, Smyth P. A Spectral Clustering Approach to Finding
Communities in Graphs[C]. The 2005 SIAM International Confer-
ence on Data Mining, 2005: 274-285.

Liben-Nowell D, Kleinberg J. The Link-Prediction Problem for
Social Networks[J]. Journal of the American Society for Informa-
tion Science and Technology, 2007, 58(7): 1019-1031.

Lii L, Zhou T. Link Prediction in Complex Networks: A Survey[J].
Physica A: Statistical Mechanics and Its Applications, 2011,
390(6): 1150-1170.

Hasan M A, Zaki M J. A Survey of Link Prediction in Social Net-
works[M]. Social Network Data Analytics. Boston, MA: Springer
US, 2011: 243-275.

Bhagat S, Cormode G, Muthukrishnan S. Node Classification in
Social Networks[M]. Social Network Data Analytics. Boston, MA:
Springer US, 2011: 115-148.

Tang J, Qu M, Wang M Z, et al. LINE: Large-Scale Information
Network Embedding[C]. The 24th International Conference on
World Wide Web, 2015: 1067-1077.

Chen X, Gu Q, Liu W S, et al. Survey of Static Software Defect
Prediction[J]. Journal of Software, 2016, 27(1): 1-25.

(5, BUR, XA, 5. Ha&RA B AR D). #
178, 2016, 27(1): 1-25.)

Elish K O, Elish M O. Predicting Defect-Prone Software Modules
Using Support Vector Machines[J]. Journal of Systems and Sofi-
ware, 2008, 81(5): 649-660.

Catal C, Diri B N. Investigating the Effect of Dataset Size, Metrics
Sets, and Feature Selection Techniques on Software Fault Predic-
tion Problem[J]. Information Sciences, 2009, 179(8): 1040-1058.
Kim S, Zimmermann T, Whitehead E J Jr, et al. Predicting Faults
from Cached History[C]. 29th International Conference on Soft-
ware Engineering (ICSE'07), 2007: 489-498.

Rahman F, Posnett D, Hindle A, et al. BugCache for Inspections:
Hit or Miss?[C]. The 19th ACM SIGSOFT symposium and the 13th
European conference on Foundations of software engineering -
SIGSOFT/FSE '11,2011: 322-331.

Rahman F, Posnett D, Herraiz I, et al. Sample Size Vs. Bias in De-
fect Prediction[C]. The 2013 9th Joint Meeting on Foundations of
Software Engineering - ESEC/FSE 2013, 2013: 147-157.



ST SE A5 T [ B AR B TN T 190 3% R AR AT 5T

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Shatnawi R. Improving Software Fault-Prediction for Imbalanced
Data[C]. 2012 International Conference on Innovations in Infor-
mation Technology, 2012: 54-59.

Pelayo L, Dick S. Applying Novel Resampling Strategies to Soft-
ware Defect Prediction[C]. NAFIPS 2007 - 2007 Annual Meeting

of the North American Fuzzy Information Processing Society, 2007:

69-72.

Liu Y B, Li Y H, Guo J B, et al. Connecting Software Metrics
across Versions to Predict Defects[C]. 2018 IEEE 25th Interna-
tional Conference on Software Analysis, Evolution and Reengi-
neering, 2018: 232-243.

Herzig K, Just S, Rau A, et al. Predicting Defects Using Change
Genealogies[C]. 2013 IEEE 24th International Symposium on
Software Reliability Engineering, 2013: 118-127.

Nagappan N, Ball T. Use of Relative Code Churn Measures to Pre-
dict System Defect Density[C]. 27th International Conference on
Software Engineering, 2005. ICSE 2005, 2005: 284-292.

Moser R, Pedrycz W, Succi G. A Comparative Analysis of the Effi-
ciency of Change Metrics and Static Code Attributes for Defect
Prediction[C]. 2008 ACM/IEEE 30th International Conference on
Software Engineering, 2008: 181-190.

Hassan A E. Predicting Faults Using the Complexity of Code
Changes[C]. 2009 IEEE 31st International Conference on Sofiware
Engineering, 2009: 78-88.

Pinzger M, Nagappan N, Murphy B. Can Developer-Module Net-
works Predict Failures[C]. The 16th ACM SIGSOFT International
Symposium on Foundations of software engineering - SIGSOFT
'08/FSE-16,2008: 2-12.

Meneely A, Williams L, Snipes W, et al. Predicting Failures with
Developer Networks and Social Network Analysis[C]. The 16th
ACM SIGSOFT International Symposium on Foundations of sofi-
ware engineering - SIGSOFT '08/FSE-16,2008: 13-23.

Jiang T, Tan L, Kim S. Personalized Defect Prediction[C]. 2073
28th IEEE/ACM International Conference on Automated Software
Engineering ,2013: 279-289.

Bird C, Nagappan N, Gall H, et al. Putting it all Together: Using
Socio-Technical Networks to Predict Failures[C]. 2009 20th Inter-
national Symposium on Software Reliability Engineering, 2009:
109-119.

Nagappan N, Murphy B, Basili V. The Influence of Organizational
Structure on Software Quality: An Empirical Case Study[C]. The
13th international conference on Software engineering - ICSE '08,
2008: 521-530.

Mockus A. Organizational Volatility and Its Effects on Software
Defects[C]. The eighteenth ACM SIGSOFT international sympo-
sium on Foundations of software engineering - FSE '10, 2010:
117-126.

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

51

Bird C, Nagappan N, Devanbu P, et al. Does Distributed Develop-
ment Affect Software Quality? an Empirical Case Study of Win-
dows Vista[C]. 2009 IEEE 31st International Conference on Soft-
ware Engineering, 2009: 518-528.

Barabasi, Albert. Emergence of Scaling in Random Networks[J].
Science, 1999, 286(5439): 509-512.

Watts D J, Strogatz S H. Collective Dynamics of ‘Small-World’
Networks[J]. Nature, 1998, 393(6684): 440-442.

Myers C R. Software Systems as Complex Networks: Structure,
Function, and Evolvability of Software Collaboration Graphs[J].
Physical Review E, Statistical, Nonlinear, and Soft Matter Physics,
2003, 68(4 pt 2): 046116.

Concas G, Marchesi M, Pinna S, et al. Power-Laws in a Large Ob-
ject-Oriented Software System[J]. IEEE Transactions on Software
Engineering, 2007, 33(10): 687-708.

Louridas P, Spinellis D, Vlachos V. Power Laws in Software[J].
ACM Transactions on Software Engineering and Methodology,
2008, 18(1): 1-26.

Li H, Zhao H, Cai W, et al. A Modular Attachment Mechanism for
Software Network Evolution[J]. Physica A: Statistical Mechanics
and Its Applications, 2013, 392(9): 2025-2037.

Turnu I, Concas G, Marchesi M, et al. A Modified Yule Process to
Model the Evolution of some Object-Oriented System Proper-
ties[J]. Information Sciences, 2011, 181(4): 883-902.

Bhattacharya P, Iliofotou M, Neamtiu I, et al. Graph-Based Analy-
sis and Prediction for Software Evolution[C]. 2012 34th Interna-
tional Conference on Software Engineering, 2012: 419-429.

Cai K'Y, Yin B B. Software Execution Processes as an Evolving
Complex Network[J]. Information Sciences, 2009, 179(12):
1903-1928.

Concas G, Marchesi M, Monni C, et al. Software Quality and
Community Structure in Java Software Networks[J]. International
Journal of Software Engineering and Knowledge Engineering,
2017, 27(7): 1063-1096.

Pan W F, Chai C L. Measuring Software Stability Based on Com-
plex Networks in Software[J]. Cluster Computing, 2019, 22(2):
2589-2598.

Fan M, Liu J, Luo X P, et al. Android Malware Familial Classifica-
tion and Representative Sample Selection via Frequent Subgraph
Analysis[J]. IEEE Transactions on Information Forensics and Se-
curity, 2018, 13(8): 1890-1905.

Fan M, Wei WY, Xie X F, et al. Can we Trust your Explanations?
Sanity Checks for Interpreters in Android Malware Analysis[J].
IEEE Transactions on Information Forensics and Security, 2021,
16: 838-853.

Fan M, Liu J, Wang W, et al. DAPASA: Detecting Android Piggy-
backed Apps through Sensitive Subgraph Analysis[J]. /EEE



52

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

Journal of Cyber Security 15 F\V& 4244, 2021 5 H, F o &, FH3 M

Transactions on Information Forensics and Security, 2017, 12(8):
1772-1785.

Subelj L, Bajec M. Community Structure of Complex Software
Systems: Analysis and Applications[J]. Physica A: Statistical Me-
chanics and Its Applications, 2011, 390(16): 2968-2975.

Qu Y, Guan X H, Zheng Q H, et al. Exploring Community Struc-
ture of Software Call Graph and Its Applications in Class Cohesion
Measurement[J]. Journal of Systems and Software, 2015, 108:
193-210.

Pan W F, Li B, Liu J, et al. Analyzing the Structure of Java Soft-
ware Systems by Weighted K-Core Decomposition[J]. Future
Generation Computer Systems, 2018, 83: 431-444.

Belkin M, Niyogi P. Laplacian eigenmaps and spectral techniques
for embedding and clustering[C]. Advances in neural information
processing systems. 2002: 585-591.

Roweis S T. Nonlinear Dimensionality Reduction by Locally Lin-
ear Embedding[J]. Science, 2000, 290(5500): 2323-2326.

Fan M, Luo X P, Liu J, et al. Graph Embedding Based Familial
Analysis of Android Malware Using Unsupervised Learning[C].
2019 IEEE/ACM 41st International Conference on Software Engi-
neering, 2019: 771-782.

Ribeiro L F R, Saverese P H P, Figueiredo D R. Struc2vec: Learn-
ing Node Representations from Structural Identity[C]. The 23rd
ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining, 2017: 385-394.

Qu Y, Liu T, Chi J L, et al. Node2defect: Using Network Embed-
ding to Improve Software Defect Prediction[C]. The 33rd
ACM/IEEE International Conference on Automated Software En-
gineering, 2018: 844-849.

Liu C B, Zheng W, Fan X, et al. Hybrid Defect Prediction Model
Based on Network Representation Learning[J]. Journal of Com-
puter Applications, 2019, 39(12): 3633-3638.

CRIROR, A, B, & LT WS RAEE 5T MR A B B Fi0
WERID). 2L, 2019, 39(12): 3633-3638.)

LingCY, ZouY Z, Lin Z Q, et al. Approach to Searching Software
Source Code with Graph Embedding[J]. Journal of Software, 2019,
30(5): 1481-1497.

(R, 4842, MaEs, & LT BRI H I8
XIEE T 2019 ALV AT R A B
AV FRAFF AT o DUAE P 2 A0 K 4%
HlRb 2 5 TR s i L2247 . HIFFE 4
Sl A R B T o B TR 04 RS
K)o Email: 1jw934058229@stu.xjtu.edu.cn

[74]

[75]

[76]

[77]

(78]

[79]

[80]

[81]

(82]

[83]

(84]

[85]

KR ITVE[T]. #1547, 2019, 30(5): 1481-1497.)

Kurimoto S, Hayase Y, Yonai H, et al. Class Name Recommenda-
tion Based on Graph Embedding of Program Elements[C]. 2079
26th Asia-Pacific Software Engineering Conference, 2019:
498-505.

Yonai H, Hayase Y, Kitagawa H. Mercem: Method Name Recom-
mendation Based on Call Graph Embedding[C]. 2019 26th
Asia-Pacific Software Engineering Conference,2019: 134-141.
Wheeldon R, Counsell S. Power Law Distributions in Class Rela-
tionships[C]. The Third IEEE International Workshop on Source
Code Analysis and Manipulation, 2003: 45-54.

Agrawal A, Menzies T. Is “Better Data” Better Than “Better Data
Miners”?[C] 2018 IEEE/ACM 40th International Conference on
Software Engineering. 2018: 1050-1061.

He H B, Garcia E A. Learning from Imbalanced Data[J]. /EEE
Transactions on Knowledge and Data Engineering, 2009, 21(9):
1263-1284.

Zhang X, Li Y. An empirical study of learning from imbalanced
data[C].
ence-Volume 115.2011: 85-94.

The Twenty-Second Australasian Database Confer-

Lopez V, Fernandez A, Garcia S, et al. An Insight into Classifica-
tion with Imbalanced Data: Empirical Results and Current Trends
on Using Data Intrinsic Characteristics[J]. Information Sciences,
2013,250: 113-141.

Chawla N V, Bowyer K W, Hall L O, et al. SMOTE: Synthetic
Minority Over-Sampling Technique[J]. Journal of Artificial Intel-
ligence Research, 2002, 16: 321-357.

Breiman L. Random Forests[J]. Machine Learning, 2001, 45(1):
5-32.

D'Ambros M, Lanza M, Robbes R. An Extensive Comparison of
Bug Prediction Approaches[C]. 2010 7th IEEE Working Confer-
ence on Mining Software Repositories, 2010: 31-41.

MacQueen J. Some methods for classification and analysis of mul-
tivariate observations[C]. The fifth Berkeley symposium on
mathematical statistics and probability. 1967, 1(14): 281-297.

Wen Z H, Tzerpos V. An Effectiveness Measure for Software Clus-
tering Algorithms[C]. The 12th IEEE International Workshop on
Program Comprehension, 2004, 2004: 194-203.

BRIR T 2020 4FAEPY AT KA
R G EAREM ARG 220 IUAE P %
AT KA AR B PR . ST
AU AR AR SR AR T

AR5 . Email: jinwuxia@mail.xjtu.edu.cn



KSESE S T i B Ak g TN 14T 199 5 HEk N AL B 9

BF T 2015 F5AF7 LAWY REE L
TR LD 2, I A 56 [ o MK 223 3
SR HHEES TRAM LE. B
BONEAR A W BIUGR A E

O RIESES] BLERSAS) . RRPILEAE . Email:

yu.qu@ucr.edu.

B8R T 20194 1 AT 8K
HUEAPSRAF I L2247, IR 2019 4F 6 JI7E
iy B My o = | R T R A R v
(WA o BT PH 22 A8 308 O 2% LA 2 8 I 8%
A A B B BB o WU B AT
whA AL LA, BTN AT AL AR
43 #1. Email: mingfan@mail.xjtu.edu.cn

53

EFE T 2019 ARV LATE R
HURE 5HEAR VAR L2247 o BT
BAT AT ORI TR EZRTST
R ROE TR /S L B4R P TINEIE R /S
Email: jinyx7261@mail.notes.bank-of-china.
com



