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Graph Neural Network Defect Prediction Method Combined with Developer Dependencies

QIAO Yu',XU Tao® ,ZHANG Ya' ,WEN Fengpeng' and LI Qiangwei"
1 Department of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China

2 Network Center,Zaozhuang University,Zaozhuang.,Shandong 277015, China

Abstract In the software development process,timely identification and handling of high-risk defect modules are crucial. Tradi-
tional software defect prediction methods primarily rely on code-related information but often overlook the impact of developers’
personal characteristics on software quality. To address this issue, this study proposes a novel software defect prediction model,
DCN4SDP., which incorporates a developer consistency dependency network. This model first constructs a developer consistency
dependency network using developer information and extracts code-related metrics as initial features for the network. It then em-
ploys a bidirectional gated graph neural network(BiGGNN) to learn the node features within the network structure. Experimental
results demonstrate that the DCN4SDP model significantly outperforms traditional machine learning classifiers and other deep
learning methods on multiple standard datasets. For instance, the DCN4SDP achieves an AUC value of 0. 91 and a F1 score of
0. 76 . both notably higher than those of other compared models. These advantages indicate that integrating the developer dimen-
sion into software defect prediction can effectively enhance the model’s predictive capabilities and practical value, providing new
insights and directions for future research in software defect prediction.

Keywords Software defect prediction. Bidirectional gated graph neural network, Developer information, Deep learning, Graph

neural network,Software engineering
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S BB 5T 8 UE S50 I 45 3 & T T LU i SDP AR
B HERES S . T K 2 BB 5 {0 T 20 A5 e il QR A A 0%
FAEAT BB T L G4k A5 =2 Dl i HRHE AR A AR
SRT o AN AR £ B2 i Iy 0 2% 5 4 22 W 1 S 2R Y L 22 N DL B
A R 3A TF J3d  vh HG Al B CIn T 2 2 A D A5 L S BR A
3 A A A A R 5 A AR BB R RE D . R IRAT T
L IF R AR P A GG I R B AT R H . TP RE ST
AN [FIASE e v 2 3 A1 A (] A 2t B XU 4 5 00 R R 2 B K-, 3
BO™ AR BB B il By R — I R S IR G B
BRI A AR AN B0 S B >3 8 U 25 T A2 o B AH ) 28 B i AR
T 5t 4 o 0B AL R R A A B 2 R Y e B Il . PRI O R
SN AR P 2 e T B e T B AR R B A B R L B .

WA ST I 538 S ) 4% 45 4 3 BT 1 B0 K 5 1) 4% 4
i BN T S AN BE 2 T4 Rg 3 35 T A A G B Ba A5
1 B 45 7 2% ( Graph Neural Network, GNNs) 0] D) j# i %
AR O R TN L5 4 A 2l 9 B 55 SRR AE D g — 4E T 1) L T
IRtk 2 1 BF 58 & A GNNs 42 = SDP A AU (1 7 1
PES TR AT ST B, X 28 R GNNs 19 5 R R £ H 2
T AR W P 1 1 25 4 ke 2 ) HC A R B 0 1% 8.5 T i B AR
KMHHE .

52 3RS T5 T IR A AR SCER YT — R 9 3 2
FF 0 3 — B K ) 255 114 Bk B T B (Developer Consis-
tency Dependency Network for Software Defect Prediction,
DCN4SDP) . H K 5, ¥ e i i 1 50 AQ RS A e 22 1] 1 IF %
H— B E B R — B0 R 35 W 2% (Developer Con-
sistency Dependency Network, DCN) , 3 H #4201 {5 & F1JF
RAHEAR BARBUT W45 25 5004 9 4 7 AE 05 5 SR 5 6 W n] 1]
¥R PP 4 W 4% (Bidirectional Gated Graph Neural Network,
BIGGNN) 27 5] (R Z5 4 b 5735 s AR AL L 42w 1T B8 [ 22 >
FURERAE ST . DCNASDP HL LM 55 — # fi Ak e Bk b 103000 17
(B R, M 20 5 JF R S B W 4 5 B B TS &
JERREE AR AT . LI 45 R R W), DCN4SDP 1 15l 1% B AH
WAL= T R M A MR ES I TR A B
#=7t,

ASCES 2 BAR T MO IAR 5 3 TR AN UL T AR SR
HU 77 & DCNASDP; 5% 4 BEHEIR T 9080 B85 55 5 BN T
SH AR R M eSO R R,

2 MXIE

2.1 XTHEEMREERBEENHFAR

BRSNS LR Rk S A R T ES i o= S (T 118
Zimmermann %57 3 588 AR K R @ T — A K 88
%%, LI4R S SDP (1B s Phan 5650 fff I 428 ) i ) DA AR08 o 42
B IR 2 038 SCRRAE . SR A AT A % 1 T DAAR A 400 1] 4y
[ 2%, g T IF R & AR 2 b Ry e, A T R Ry
60 £ 5 b 2 B N Ry A HE 0 BR ) L O BE 4 TR BE Hb o ST R AE .
5 ERIFEANE AR T BT IT R H — Sk ry R K
&, 97 B e 19 GNIN 2 80 P o HL 2 6 DA B i 2 o)
P SRR Z B C R

2.2 XF GNN 7 SDP 5 ) Rz I #ff 52

M1 GNN 7EJR B 7R w9 38 K BE . GNN JCH A {4
CZ Wl SDP Hig TR, ), 2 H Y BIF S % 1R
M & (Graph Convolutional Network, GCN)M! & 13 & 1 M
2% (Graph Attention Network, GAT) MV F1 [T 45 & ¢ 51 #f 28 )
#% (Gated Graph Sequence Neural Network, GGNN)MY i fj
TR B R I DR e AR . AR X L 5 {0 GNN
JSEFH T PR R P AR R PR A A A RO AT AL R SR GNN
B AR e A A e 1] [, 220 T Y 5 s B . PR 7E
HC A R P AN 18] 30 Sk b 8 3 B 9 BIGGNN R 27 ) 5 a5 ik
A LIS B4 O 4 T i PRLAE R .

3 AXFE
B 1451 T DCNASDP ()M Y , 32 B2 A0 16 F & 3% — 8otk
A4 85 TR 2% 4yl 7k RV SR %) L ] 1] 45 [T o 25 TR 4% T R

A [enorzs FRE B |
— e st e [0 At
P
I TEHCE A
Rz & P AT
(EET)

F3JE ez |
e [ | M4

% 1 DCN4SDP J7 12 i HE %
Fig.1 Overview of DCN4SDP

3.1 FEE-HHERBEMENBAE

HEST I R — SR 4% (DCND /Y 91 2 J& 0 T 08
AN TR) AR T A5 e 3B o) I R o ST R G R T R S B v IR
RN G Fiy B B IR B AF DG B RRAE o AR FAR AR AD 15 2 0
J5 i AR SO R B AE T — A G A AL Ol B iR AR b S AR B 2
[ f9 A HLAE

DCN it BRI FIF R & fH B, JFREFE BRI A K
e la] B IF K o 06 2 L B 30 SR AT 2 AN A e (AL A7 A 0T &
SR (AR R — A~ FF A& ), T 2 B T A A58 e 3 00 22 )
AR, WU, R A R — A FF & 3% 0l g, )
£ DCON HX WA 2 [ A 1 C R .

ML, DCN A —MFH M E G IR E XN G=(N.E), K
N R S ESLE RA ML ES IR A S
WH B Z [ AFHETT R 10 BB R 9F HAEL B i ] g A i)
BFRE AL AR A Xt B 1278 — A4 “IF & & — Bk
57,0 (A, B) EE, Btk A X B WYJT &% — AR ik &
Woen (ALB) I 5E L UF
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3.BHIFEHEE R 6, H AL BMEIEENE RN 3,0
FeZ7E DON W35 8 A X B J7 1 (304X E Hy 0. 33,

VB 45 ¥ # 0 I, SR A L5 S AR R IR AR AE . W LR 4
AE PRI B AR B (g AR A5 8, AL AR D i i T L i R RO R BT
ARERIT, BRI 3. 275,

3.2 WETEEWHE W%

GNN J&—Ff ] I BI04 2 45 R 53 A7 14 B 25 24 2] B A,
BLARBE, GNN 3 5o 3 1 3R & F 30307 17 R0 YRR AE 32K L fiff
PR e AR B R 5 rh i B 22 S R M2 R ME B T 7E
25 AT 55 v R B R K A B AN M RE . 7E GNIN A 2 il
-, Chen S B T — B 85 19 0L 1A 1] 45 P 4 48 ) 45 (BiG-
GNND 1 19 45 16 4b TR 1] 25 #49 i L 32 48 B9 7 XN f A R 4%
DNGEI T EBA

FEAR SCEE ST WY T B HR 5 A 22 ] A AR R Tl T L Ry G
B T 4 41 T B S S . 5 2 MG B AL %y 1 s AL A
i) B K 280 GNIN A8 (R AH L . BIGGNN A T 8 1% A fi %
A 18 32 B, 9 HOR T3 46 2R BT (gated recurrent
unit, GRU) E 2 55 3 oA B0 8 A 00 B2 0 5 AE 15 L 91 A 42 B
B2 TAH ME R 6

ARG 4@ — DA mE G=(V,E),BIGGNN ME Y
fle ARG A TJ5 Wl 2 S A . FRBIHL S S vEV
HIFIUEFR RN B € R Hop @ YEFE R . 5 GNN 258106
T4 B AL 2 bR R T e A s Bk, B K. 7R A Bk A
KX 75 45 v, B SRS & BB B0 — 4148 A (348 O H
AT A5 T AR AR IR ELR R 1 CEHT RD BRA R, T
BAL AT .

hy_ ., =SUMUR," VY ue N () })
(2)
Ry =SUMUHK, ',V u€ N= () })

Ho N BB 0 WABJE T R ER, </=R)5m M

HiT 1
IR R PIATT 10 B3 45 2 AR g e R R B I R0
B\, =FUSE(h_ ., sh\_ ) €3]

X LAY A R RSB T T h AS AY TTHEE R
FUSE(a.,b)=z0a+(1—2)©b
z=c(W.la;b;a®Obsa—b]+b.)

Hi, © K% & F ¥ (component-wise multiplication) , o &

sigmoid B .z B— 1M &, &h o8 R4 GRU,

W R A B R RIR,
¢t =GRURY ' Hy,)
2t K Bkmyit IS 3R A8 B & 1 s

3.3 %

ST BRI B 4 A RR AL L X SRR AR R S
]t . A Tk S g R AT A0 R S 3 i ¢ 1 2 O R R
KT —4Z 2L (Multi-layer perceptron, MLP) 7 h 43
%45, MLP J&—Fl i 24> 4 % £ 20 iU #4028 25 4 L 4
— JE AL — 5 B B4 0T, I 3 A SRR B AT AR R
B0, AT BE S Al 4R 40000 T B 22 BRI G R

R T ARAGIX — P2, E B AR SR (Focal Loss) VAt &
PRAIC, A8 AN 2R 2 28 UM 458 2 1 ol E RR A, B 3 5 O A A
AR 18 AL R i TR SIS ) R S g ), ELAROR U B O B R

4

PN

ABIAT —A T R T 53X A B B & B AR 11 8 23 28 B A
RGN TG . R TR A 5y o FE YRR A E AR AR
SR TTHR 22 U/ 5 T X0 3 L 232 B9 AR AR L ply 7 HC 45 2 5T B X
BOR B 2 U 25 TN O E AT

5 AR R I T3 A Ak IR 4 6 S AR R RS S A Y KOO 4
{51 40 7 88 53 B AR AR AR D B DT AR S8 B 5 B EORT
AE T BB T i 1] T 22 B0 T 280 90 A B2 iy B 204 . AR S
T A ) HOHE B Y BB AR /N T 2000, X SR AR A AR 7R Y
BoPE AN, J A AR AR L BB R Rl R N SR AR T
TIR 6 ¥ LA TE 4 3 288 By 20 B A, AT 42 v o A Y 23 2k B

4 RHEE

4.1 HESK

MG Yatish 2500 Ay 230, 85 T 6 A0 44 19 FF R 44 03
H .45 ActiveMQ, Camel, Derby, Groovy, Hive, JRuby, Lu-
cene Fll Wicket, iX 2850 H AR T —A4NHE 0 51 X0 09 5 i o5k 573 45
PRAETIFR i 16 A RRA MR R AL, XU B 2 W%
(stars>1. 0k) , Ifif HIF &K B R AC . R 1 30 T AR ST OF9Y
T BT . B AT Y AR AR A SO B B B B AR AT
I PN L & S NP - X VST B2
) B4 2 AL, 27 ) BB ) 2 09 e AR FRE S AT 4R R iz
AL BE 7 . 3 H 72 T % MR 7S AR A R S RN I R B AL 4R
THE A &

1 ARSI IR 4R R B

Table 1 Overview of the studied datasets in this paper
" N b "
5 B i WA XEE T s
5.0.0 1869 15.07 603
P 5.1.0 1943 7.56 287
»rH S
Active-MQ : 5.2.0 2011 10. 59 478
€
5.3.0 2011 10. 65 681
5.8.0 2339 5.88 346
1.4.0 1481 18. 46 430
N R HE A
&b RRAER, 2.9.0 7020 2.91 518
Camel BT R R 2.10.0 7805 2.13 581
L e L . . 7 3 .
RS E Y ? ?
2.11.0 8714 2,71 464
Groovy —FRAEEE 1.5.7 559 3. 44 111
AN 3
X # 1 £ Hadoop
Hive . | 0.9.0 1311 18. 85 377
Ty e ’
L 1.1 689 11.92 173
JVM k#
Rub . 1.4 915 18.75 376
JRuby by B ’ ’
1.5 1063 15.07 180
o 2.3.0 798 24,72 428
Lucene XA &5 & E
2.9.0 1363 20.03 540

4.2 MEHEMBFENSRNL

AR TR #E DCN AR 81 50 46 &1, I 4% 1 25 8 d 1RSS4
Ji 383 R WA ST 22 ) K # — R AR . T AT
AR5 4 22 0 e B 3 45 B S SR =2 TR A O S S K Bl S T AR
IR 2.1 W AR AT IR 48 I R A

B2 T ok AR BT X 7 00 e S v VR AR B L X R B S
e A5 A BB A4 F BLXE BT B SR SR T 54 AR E
IG5 ANt BB T 6 AN BT A AU 0. 4k 65 AN G AR
19 4% 65 B B) BB AE o X BB 5T A Y B RN AR R T B
Yatish 2 BFFE . 50X 3 MRS A R LA R A 2 4>
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FRE R SR AT A T B0 R AR B2 B, AR AR T S AR R . Xk sk
FEHEITHE TG A LEFL MEaRMNNIFLHE
AT I 265 o A8 75 AR SO R AT LA AR RS LI 5 7 A~ 40 £ 2 2
RIEFEE.

AR AR D 53 0 g it % T AT AR AL . HL AR
W 4 B T Y S BURS F] — RRAS T 1Y B i O A AT B AL
e FH 306 B8 ¥ Ak 1 98 A7 P A LTS S 0T IR R AR EAT 2

o G, TR AR SO Bt A v R ES d D IiH SOPE L 30 D SO
Z I8 TF & 34 0 AR 5 28, 719 A 00 4R AR Dy 32 M AR 1AL S 09
65 NMEERIT .
4.3 HESINFEBE

N ZRAE R A A AR Aok A 0 H B Rl — WA . A3
Bif AL 2 37 3 A TR — R A Hh e 8% 70 96,15 26 1 15 %6 1Y 5 SRR AR
PB4 (B uE 4R U4 . TN R AR I s AL 4 ) 36
TEAR IR MEA AL, I IR FRAE I IE 4R 1 3R R 47 A AL Y, e T 0 3
BT AL SR AR . SR B v, B AL H R ) 23 HodiE 4 50
UK 3K — 2o R T AT B 1% 25 1 B ML 25 2% oJ AL [ A 1 BEPL 1
IFH P4 S B &

AT 2 A ZHALERE T R AR 1B 1
235 0 25 A5 B A Sy A e o S R L Y, 8 ML AR 4 ) 26
7% 40 F Logistic regression ( LR)M* fI Random Forests
(RE)M X PIAN 43 JE 20 19 2 A R BL 27 2D 4 25488 . 2
BETTIZ R T BB U A D . 4 S A S DBNTY i
FIF AST $2HURAD (19 1 SCRRAE A3 T 58 3 1Y e B 1900 464 7
WS TR RCR . A SO PR T RSO 4 E RIS
AR B SR,
4.4 ELWIKH

Fg A Adam LRSS RRE R 0,001, i
K epoch WIEUE & B R 200, A B B 47 18 U1 2k o
22 45 1 B BCBE B R 2, batch size BB N 16, > B0 IS5 1
B SR BB 2 TR A L 7R B R P T de IR loss B
AR A ARAT R AR B SRR OF AT I TR 1 SE IR AE 2
B 80GB 1Y NVIDIA Tesla A800 [iz47,
4.5 HEETf

BT VAL S B RO AT T ROC AT 5
A A i BBl A9 T A2 ( Area Under the Receiver Operating Char-
acteristic Curve, AUC)™ [ F [ K (Recall)  fii B IR 73 50 (Brier
score) 2 IR AL # (the Probability of False Alarm,PF)
I F1 4340 (Fl-score) YE AT M8 br . 38 i X L8 46 4% , BE 42 1H
H VA 43 A5 A 1) 22 B L i DR AR B AE R [R] 194 oL FH 97 5% T 35 3
TR AR

A A H BUR B 5 2R A 5 B AR 5 (Wilcoxon-signed rank
test) " RI FL A K Delta 540 5 44 5 (CLiff s Delta effect size
test) PP AS R [ BT AL 2 () R AN DU B B SR 3 22 5
Wilcoxon-signed rank test i % F F {5t F 42, X & —FpdE &
B Ty 3k 0 T AL U T 4 A A R S B AR R 09 4 A
p BT LUT SR 6 2 WO 20 DR IS A AR Z B i e 122 22 S 2 6
LR p {H <<0.05,MAE 95% BFKF T AL WAk
ZEF (L), WA, T AT T 2 A BUXT LB, G A Bon-
ferroni K¢ 1E* )\ Wilcoxon £ 5 B A 56 vH 3R 15 AY p 18 LA #5461

WL, Clff”s Delta I FE T b4 7 20 B 0 2 [R) B 00 o 25 5%, 4
IR Cliff’s Delta = 0. 33, W P 4L A% Y 2 (8] 7E G2 i AR R K
ZR W),

5 RIEER

AT T DCNASDP 1 B AR (0 1 5 H b 30 4 5k
I T A5 Y 1) PR RE EAT T LR ER, PR A T HAR R T LR
2 3] 43 J8 F R M BE O 1T B4 O RO

* 2 5 T DCNASDP 5 %t 4 # #1 /£ AUC, Recall,
Brier, PF Al F1 J7 I (9 LB 4538 . XF 6 300 H 1 16 S IRA S
o AT T 50 WL TR, IF OV BME S8 5 K B AT B 19 45
R R BCOE B A R A RJE ST P WA B
i, Hoh AR A AR R LU AR AR, R 3T T
DCN4SDP FI:2k 2 5] 16 A~ WA iy B 4~ W & {4 19 F 1 15 2%
WK/, # Wilcoxon-signed rank test Fil Cliff”s Delta effect
size test P45 AT LG0T B BK 22 5 1 LUK AR .

%2 KOTET R R

Table 2 Average experimental results of various methods
T H 7k AUC  Recall  Brier PF F1
DCN4-SDP 0.91 0.70 0.05 0.02 0.74
DBN 0. 66 0.62 0.23 0.15 0.67
ActiveMQ

LR 0.68 0.21 0.08 0.02 0. 30
RF 0.88 0. 34 0.06 0.03 0.45
DCN4-SDP 0.98 0.88 0.01 0.01 0.90
DBN 0. 65 0.72 0.22 0.16 0.74

Camel
LR 0.53 0.11 0. 06 0.01 0.16
RF 0. 86 0.22 0. 04 0.01 0.33
DCN4-SDP 0.87 0.68 0.02 0.02 0.50
DBN 0.70 0.49 0.23 0.14 0.72

Groovy
LR 0.58 0. 30 0. 04 0.01 0. 34
RF 0.79 0.24 0.03 0.01 0.38
DCN4-SDP 0.91 0.70 0.08 0. 04 0. 86
DBN 0. 65 0.68 0.22 0. 20 0.72

Hive
LR 0.82 0.33 0.11 0.03 0.45
RF 0.91 0.59 0.08 0.06 0.67
DCN4-SDP 0.94 0.78 0.05 0. 04 0.84
DBN 0. 66 0.71 0.21 0.15 0.74

Jruby
LR 0.67 0. 36 0.13 0.04 0.45
RF 0. 89 0.51 0.08 0.03 0.61
DCN4-SDP 0.87 0.73 0.09 0.04 0.73
DBN 0.69 0.67 0.20 0.14 0. 66

Lucene
LR 0.68 0.25 0.17 0.07 0.33
RF 0.89 0.55 0.11 0. 10 0.61
DCN4-SDP 0.91 0.74 0.05 0.03 0.76
5 DBN 0.67 0.65 0.22 0.16 0.71

T
LR 0. 66 0.26 0.10 0.03 0.34
RF 0.87 0.41 0.07 0.04 0.51

M 2 AT LA H . DCN4SDP 78 fi & #6 45 L BUE T 1
HABBEAI T Lr 1 LS. BARTF , AUC fHIA 3] 0. 91, 46 Lk i
R RE BN 0. 87 A B B #4271, i i i DBN 9 0. 67 Fl
LR [ 0. 66,3 B DCN4SDP #£ X 4y IE A fEA 9 68 F1 - HA
WM, 75 A 9] & (Recall) J7 i , DCNASDP [7] £ 35 31 4
SR 0. 74, 2B A SR iR S 1Y, B L DBN Y 0. 65 B
FL.MM4S RE B9 0,41 A1 LR /9 0. 26 A1 Lo W45 0 A5 i, &
8] DCN4SDP 7 1E # 1R 51 1 45 77 1 5 A 24 . Brier 43 $01E Ky
500 A B 1k ) — S AR . DCNASDP f97843 K 0. 05 1% T DBN
i 0. 22, LR B 0. 10 #l RF 1y 0. 07, X — &5 B8 T
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DCN4SDP 7E #UMKS B % 5 2 R34 . IR 3 (PF) ML, 356
RS AL 7 GRE G B IR A IC B BG R B O TSR B AF
DCN4SDP /) PF {8} 0. 03, & F 5t A+ i A H: A 452 80, 41 4%
LR 0.03.DBN #Y 0. 16 & RF &Y 0. 04, gt —3E 0 7 HAE
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