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Abstract: With the development of computer technology ,computer software products have brought many convenience to individuals and
businesses,, but many software may have a variety of defects. In order to find and solve them, researchers have applied machine learning
and other methods in software default prediction,but they need to be improved on data preprocessing. In previous studies, the researchers
used Multi-Dimensional Scaling (MDS) to reduce the dimensionality of data samples. But the methods about how to use and improve
MDS are few. A method of Threshold Correlation on MDS ( TC_MDS) is proposed in this paper. Based on MDS, Symmetrical Uncer-
tainty (SU) is used to extract the features with high discriminatory and threshold correlation to remove the redundancy. The method
makes the data with high discriminatory , removing of redundancy ,improvement of forecasting efficiency. The results on NASA database

show it has very good defect prediction effect.

Key words: MDS ; symmetrical uncertainty ; threshold correlation ; software defect prediction

0 51 B BOPEBbE BB T 2 R 2T S L
P e T T LA TS0 e B A st ke T BT PR B0 BN KR O 2 (K
L e U AT LA 43 3h A5 B U P s e —Nearest Neighbor, KNN) | [ i C4. 5 7 ( Com-
BTN 2 SCrp ol 1 S b T pressed C4. 5, CC4. 5) " A3 DL i 7 462 £ ( Naive
EAEHR L CHRER I T B A BB B G Bayes,NB)™' 34§ [ f HLABL A ( Support Vector Ma-
WAL S, — RS IR R, R chine, SVM) P 28 W) 4% 4 B ( Neural Networks,

Y5 B #1:2017-01-20 &5 H#:2017-05-25 ) £& H ki Bt 18] :2017-09-27

EEUA : EK AR EEG R H (61272273)

EE R HEF(1991-) 2o WIHB5E A WHFE 7 ) R BB B B0 5 52 T DR B9 Il S LR 2 o) AR TR e, 32 WA
Ui, BF5% 7 I AR EUR S 550 B (5 B A HLaaE ) SEURZE .

[ £& ARk « http ; //kns. enki. net/kems/detail /61. 1450. TP. 20170927. 1000. 072. html



612

ST ST MDS B T -21-

NN) "4

BRI R R 5 B 5 A R DDA DG
P, FENTON 45V 500 B 43 SRy 7= it o o | 3ol R
IO PRIR A, SRR AR SR IR — DRI 45
ol Jeg P O A8 AR I A R B 28 TR 1 ST Y R
I LAIA S B A BRI, E T
M7 ( Principal Component Analysis, PCA) """ £k 1 % 5|
Z+#71 ( Linear Discriminant Analysis, LDA) , $.3% i 4%
HEW S} )7 5 ( Laplacian Eigenmaps, LE) " | £ 4k KB
434t ( Multi—Dimensional Scaling, MDS) ">~ Z5:#8 J 41
X B BT B AT B

FERFSE MDS J7 % i 56l b, 3¢ 4 X B AS
2P ( Symmetrical Uncertainty , SU) 7 i35 Hi i % 5l 1k
BYAFAE , IF R BRITUARRAE , B2 1 1 — Pk i £t Tt i 2
J7 vk BV T 9 AH DG 1) 22 4 RUBE 43 At ( Threshold
Correlation on Multi—Dimensional Scaling, TC_MDS)
FE NASA HEFE X% ik (A R AT T A

1 BHRESN

MDS J2&— Bl 4k E AR T5 35 , il ad 20 AR LR
RAZ B A OB A A (5 8 o R AR LR
RRECHI B %R, Bl ,MDS By H iy Je 78 2] fig
B RCE RS TR B0 A9 5 D0, 6 Bl R AS e 1) — 4>
e 1], DL R AR AR A RO 2 E

B —dNGEAR X = {x,, 0} ,i=1,2,,n, J
HIREAR x, e R, dJRREARYERL, 1, (1, € 1,2,
of ) FEARZEGBRAE . PSR A Z 8] B R TG R
TSN

d(x;,x,) = (%, —xj)T(xi - x;) (1)

XA A [ 14 B 5 2 S R B A SR R AL I

D= (d(x.%)"),, 2)

MDS i HARe 4 & D M EFEA Z = {z,,1,1 i =
1,2, ,n 15 || 2 -z || =d, JHd i jet1,2,-,
n o ALY MDS iR B AE— 0L i i e /ME
T AR R AL, AR

mmz (lz -zl -d,)’ (3)

10 n i mN o= [xlTxl ,xzxz,--- ,xIxn] D =¢
e, -2X'X +e,@" , v, e, AEUHIIN 1 1 n LEF1 1)
i, IS AFETERRE T 05 2

(I -ee)D(I -e.e)
2

L) SRR A% 7 A T YRR (TR AT
] T m(m < d) DERFFEME (A, ,A,,+,A )
Xof o AR AR o) £, U B SRARAERE AR

Z = diag( A2 A2, A V! (5)

T = =X'X (4)

2 ETHEHEXENSHERESHT
CHAE MDS Y 3 A B E AT ek 2, 51O JF iR
SU'™, SU RN ARZRM: B AR O B o, £ FH B9 238 0k
A5 B a0 . % 536 T DL R PPN RR AR A9 0 6
YT R X MY ,SURTEARXWT .
IG(X1Y)
H(X) + H(Y)

Ho, H(X) A2 X 9

B p(x) J& X BUERIMESR U H(X) 4.

H(X) =- ;z»<x> log,p(x) (7)

IG(X 1Y) K5 R, & L.

IG(X | Y)=H(X) —H(X| Y)=H(Y) —H(YI X)

(8)

SU(X,Y) = | BEWRAEEEE A48 5 1Y BUE R
SEATIM A —AF B AME; SUCX,Y) =0 WEW X 1Y
Z A E ST,

IR MDS J5 i 3545 B RE A TR B AT 53 5 2%
(A [RIEH  T R AT BE 2 1 AR AR B, (HUR 3% 7 R )
SRR BB AR D Tl SU 1 3 B S 28 51 AH
SRR 5 1A R AR T AR B RE AR I S B 53 4,
MDS Jovk 2R TUATEE | B4l o i RE AR AT e & & A
TUARFHE , X 23 FARTE IR 18038 e LA S e foff 1 10 £ AH
FNETT T L BRITUAYFAE .

H It , TC_MDS (St A BR AN F

(1) fi Fl MDS X} REA B FE 4

(2) il SU Jrik i H R RN RRAE S5 2 00 i A O
PR = S0 M A R AE

(3) fili F B A S 7 ik R BR TUARBHAE

FESEBRIR A B f rh  AEAEAE R R C R T LA SR
WARIERE SU K5 —XTRRAE ] A AR LR . SCHP Ay 1
(AR DG T B T 1 B A SRy AR DG 1 i 41, 7
R (2) A5 BN RHAE T, DS ] 1% A AR AR 247 A
SMESIHT T KT I A ) — Yo AR E 35k AR A £
FBRELJT ARRAE SRS DAL ISHE . 2 T LA 1) i ik
FFARSEHE AT, 2 B A 25 B (2) 45 21 (14 R7 1E DA 5 A Ji
LS PR A B 5, BT AN PR AT T AR OGP 43 0T, 24
8 FNHSCBE KT B (E A4 6 AR s, 36 mT LA Sl 25
S /N ARRAE DT O P R KRR

TC_MDS HiEHiR T .

BACNGREAREX = [X, X, X, ], HH X, =
(F,,F,,~ F L),i=12 - c XML ;

B REARAR Z

LN AT E AR Z BB, 75 2 B AR
M D;

2 MDS FE4E A3 R RS FEARSE X =

SU(X,Y) =2 x (6)



$22- THEHEAR S KR $27 485
(X, X, X, Hh X =(F, F,,~ F,,L) ,k <m, k3 FEBHLER
p=1,2,05 datasets  measure LE  PCA  MDS TC_MDS
L3 A i =1tok G
S ~SUCE L) Pd 0.44  0.26 0.15  0.66
SR 4% S, M IED N owi e S
ST S KPS P LR T 0 g R 1 B A frmeme 032 08020020
BORFAE, S REAR S X = [ X)X, X ] 0 X, = e heoam e am
(F\ Fy e FL) g < hii=1,2, Pd 0.49 020 0.21 0.6l
B 6 AHHFE IR SUBEEE o 0n 01s 0
3T, EBRRT B MR ERHE A th R A HEA Z F-measure  0.31  0.27  0.27  0.33
AUC 0.41 043 0.42 0.5
3 %X B Pd 0.66 0.338 0.5  0.70
3.1 HUEE Pf 0.10  0.09 0.17  0.22
] NASA O PR, T4 TR AR A NASA P e 035 03 03 053
By 355, A1 A R I 1 R BB i e os o os oo
LR T AA TRMBEGE R,
1 NASA BB Pd 0.65 0.34 0.64  0.65
P 0.23  0.09 0.19  0.25
B BRAREAR REARRAL  RRESL BRI e F-measure 0.35 0.29  0.28 0.38
Sl AUC 0.59 0.52 0.5  0.62
el 4 344 37 12.21
i ” 155 - 10,50 Pd 0.62  0.39  0.28  0.49
. o . 4 . s . P 0.31  0.13 0.09  0.08
s 134 Lo - bn F-measure  0.40  0.36  0.29  0.49
. 7 | 25 - 1374 AUC 0.49  0.45  0.45  0.54

3.2 MEEEMIERR
SEH S O AR I A 48 AR, 23 00 2 A 19 5 (Re-
call,Pd) 1K (Pf) \F—measure A1 ROC #HZk T A9 1
F(AUC) . PIZERIEE 2,
K2 wARIRm LR

Predict as defective Predict as defect—free

Defective modules A B
Defective—free modules C D
TR g H -
Pd=A/(A+B) (9)
Pf=C/(C+D) (10)

F-measure =2 * recall * precision/ ( recall +
precision ) (11)

Hrp precision=A/(A+C),

BEFHB R Pd, F-measure, AUC FIEALHY P,
— PR A R4, H F-measure Al AUC J2
PN RAR, Oy,
3.3 XWHERESMN

SCHR T MDS PCA (LE E R4 b7 i , i IR AL
FRARFE A 532585 £ CML MW1 | PC1 \PC3 . PC4 [ ik
TS0 4R 3,

SriaE 3 FIAL, 2 HH 9 7 i TC_MDS 7 44> Kl
JPE b FRy gt o T 28R A 3l G T AR vk U -
measure 1 AUC, %f 1, PCA \LE L) & MDS £t 3 &, 13t
BT 3% 5 A R B T P B e

4 LERIE

£ MDS FFERN L 8 SU J7 132 32 U 5 5000
AT, A P B A S 7 7 2 R TUAR AT, 3 — i
BRI 1 (TC_MDS) . %77 ¥ ) 19 5
Bl B AR 5 B 9T R0 T ICARHIE I T i
FUROR AR T S 2B, 1E NASA U b i 92 30 45
FFR], TC_MDS 5 BUA i 2 VE Bl b 000 7 4 1
P 3 725 T e T PR

Sk

(1] 2 55, BaGEk, B, 5 AU U ZE Y R B T
WIFE L] HERURR A 5152014 ,8(12) :1442-1451.

(2] £ & DAE, 20 R T AR ()], k2
#,2008,19(7) :1565-1580.

[3] WANG J,SHEN B J,CHEN Y T. Compressed C4.5 models
for software defect prediction [ C ]//International conference

(T#HF2T )



612 5%

SCAF - SDN i °F- 1fd Dy RERL R AL 5T 27 -

2 DR PR BT T I Y TR T Xﬁ’”’*ﬁﬁﬁﬁ&%tﬂ
9 SDN F il i iff £ 07 52 B DL R S 1 g 2240 4, Al
IR T —Fh SDN $a il 2 i) 0 AL ffk B 7 5 El]IjJFJM‘%
BeAL i T 2R AL, BT T SDN 42 il °F- T D) REASE
BeAC A BETT R, e rb 4 455 T REASE Bl f 42 ] o1 T 114 %
PRI 2 T 5 D9 T A5 980 2 2L, 2 ) 0 1A 990 15 0
R, LLBCR I R T A 42 ] 5 7 4 A [ 9 2
A4 BRI o i T A 1 A D PR 4 i e A T
o SRR A AR T A F 1 P 1 RE A5 X 19 2%

HEATAT B A TR) IR D REASE B ) 30 38 Al B 2R3 B
T R R AT R

SE Ik :

[1] Feamster N, Rexford J,Zegura E. The road to SDN:an intel-
lectual history of programmable networks[ J]. ACM SIGCOMM
Computer Communication Review,2014,44(2) .87-98.

[2] McKeown N, Anderson T, Balakrishnan H, et al. OpenFlow:
enabling innovation in campus networks[ J |]. ACM SIGCOMM
Computer Communication Review,2008,38(2) :69-74.

(3] SRR, 405 R e MBI esiR [ J]. 3+ AL
HF52,2013,30(8) :2246-2251.

[4] Gude N,Koponen T,Pettit J,et al. NOX :towards an operating
system for networks[ J]. ACM SIGCOMM Computer Communi-
cation Review,2008,38(3) :105-110.

[5] YLEJE. SDN #: il %% : Beacon # .OFE AR SH[1]. 12T
2014(2) :107-111.

[6] 2z, B, #AMW. 2T OpenFlow 1) SDN % i F Ifi
A RYEERIRLT]. i TRHE,2015,28(1) :171-175.

Em

(E#%F 22 W)
on quality software. [ s. 1. ] :IEEE,2012.

[4] TAO W,LI W H. Naive Bayes software defect prediction mod-
el[ C]//International conference on computational intelligence
and software engineering. Wuhan , China;IEEE,2010,1-4.

[5] ELISH K,ELISH M. Predicting defect—prone software modules
using support vector machines [ J]. Journal of Systems and
Software 2008 ,81(5) :649-660.

[6] SHEPPERD M,BOWES D,HALL T. Researcher bias;the use
of machine learning in software defect prediction[ J]. IEEE
Transactions on Software Engineering,2014,40(6) :603-616.

[7] QUAH T S,THWIN M M T. Application of neural networks for
software quality prediction using object — oriented metrics
[ C]//International conference on software maintenance. | s.
1. ] .IEEE,2003:589-590.

[8] ZHENG J. Cost—sensitive boosting neural networks for software
defect prediction[ J]. Expert Systems with Applications,2010,
37(6) :4537-4543.

[9] FENTON N E,NEIL M. Software metrics ; roadmap[ C ]//Pro-

[7]

(8]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

[13]

[15]

FRRE K WK B AF. JFIR SDN i 75 & e BUR B
FELJ]. MR BTHOAR ,2014(7) :29-36.

Dixit A,Hao F,Mukherjee S, et al. Towards an elastic distrib-
uted SDN controller[ J]. ACM SIGCOMM Computer Commu-
nication Review,2013,43(4) .7-12.

Jimenez Y, Cervello—Pastor C, Garcia A J. On the controller
placement for designing a distributed SDN control layer[ C]//
Networking conference. [ s. 1. ] :IEEE,2014:1-9.
Tootoonchian A, Ganjali Y. HyperFlow: a distributed control
plane for OpenFlow [ C]//Internet network management con-
ference on research on enterprise networking. [ s. 1. ] : USE-
NIX Association,2010 ;3.

Koponen T,Casado M,Gude N, et al. Onix:a distributed con-
trol platform for large —scale production networks[ C]//USE-
NIX symposium on operating systems design and implementa-
tion. Vancouver, BC, Canada; USENIX,2010:351-364.
Yeganeh S H,Ganjali Y. Kandoo ; a framework for efficient and
scalable offloading of control applications| C]//Workshop on
hot topics in software defined networks. [s. 1. ]; ACM,2012.
19-24.

i3 R fE, B I 58, BT SDN (4 245 il 25 35 28 e s
MBFFELI]. RAAEAR ,2016,40(6) :78-84.

Lin P,Bi J, Chen Z,et al. WE -bridge : west —east bridge for
SDN inter—domain network peering[ C]//IEEE conference on
computer communications workshops. [ s. 1. ]: IEEE, 2014,
111-112.

BT, EFE I, B FE, A5, SDN Z 45628 — 0k i 1k
WEFEL)]. WA5244,2016,37(6) :86-93.

S S S S G SO
ceedings of conference on the future of software engineering.
[s. 1 ]:[s.n.],2000:357-370.
X W BT LA ST AR P T
5 H,2006,42(28) :49-53.
BELKIN M,NIYOGI P. Laplacian eigenmaps for dimensionali-

WFFE[I]. WAL

ty reduction and data representation[ J]. Neural Computation,
2003,15(6) :1373-1396.

BRUCHER M,HEINRICH C,HEITZ F. A metric multidimen-
sional scaling—based nonlinear manifold learning approach for
unsupervised data reduction[ J]. Eurasip Journal on Advances
in Signal Processing,2008(1) :1-12.

LU H, CUKIC B, CULP M. A semi-supervised approach to
software defect prediction| C]//Computer software and appli-
cations conference. [ s. 1. ] :IEEE,2014:416-425.

MENZIES T, GREENWALD J, FRANK A. Data mining static
code attributes to learn defect predictors [ J]. IEEE Transac-
tions on Software Engineering,2007,33(1) :2-13.

WRZC R, BB T P B AL BEE R TFFE [ D). M AL
R R ,2014.



