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Abstract: In order to improve the classification performance on the imbalanced data/anéw Particle Swarm Optimization

(PSO) based method was introduced. It optimized the re-sampling rate and selected ghefeature set simultaneously, with the

imbalanced data evaluation metric as objective function through parti%eﬁ\?(arm optimization, so as to achieve the best data

distribution. The proposed method was tested on a large numbe
/

methods. The experimental results show that the proposed met

simultaneously. %

datasets and compared with the state-of-the-art

0 \>/ ubsthptial advantages over other methods; moreover, it

proves that it can effectively improve the performance on th

ced/data by optimizing the re-sampling rate and feature set

Key words: Particle Swarm Optimization (P@éwaﬂn intelligence; imbalanced data classification; re-sampling;

feature selection =

Q)
0 3%

A EER L NP2 Rk L BN . B
A 3 AR 2R - A AR A K B i), il S 45 T R AR
L5 AR B2 L T R A o AR BE A R,
HAZABA R B E BRI ZRL FECR REA A
PSR E R E B AN EV R RS ERET
e R R AR HEA TIN5, BN 2 T SR/ N RS
B, TR 2R P EEDEEH G R BRE N EE, A
LR AR B RER, Weiss F R BRI HIR 1
AT TE RN T RN ST Z 0T, FER AR T
WAndE, X REA S A AT B, BIBERAEE —MERE
B FRA K MBI 2 KW T3, B EEN I GEHATHR
e, BUBEGRERA 1 , AR VAR B, AL BUS B A
RATHEI AR, AU A BEYLRE R 5 SMOTE FHRAEHISS
FRHERERERET RSN, R E RN GREAT
WEFREAMEZE R, T R KA BB A A 2 18]

BARERBE RS E— RS IS T AL
R HRX KT TEM A S8 B 7 2 B R AP — BB
W 1) REERE R IR LB RETRAEFEAZMEM
PRCRA B, T FF A BRI S AR RO B 200 , SRR SR

75 H 85 :2012-09-03 ; & B H #f :2012-10-08,,

FER OB K R S AN M2 ) (e 52 ) RSB vk %
P& T 23 [l A FPRE AR A 48, BE %5 FEARRAIE (L 3%, T 41 1
BT AT RRERERAREEEX . RAEMmRL
EBAERR, A LA BB M A E R 2R X
PSR R ASCRTF R BRI R RE . 1) Ay st
SRAE LU B FNARAE ZE B AT A 5 2) X R LA (e fH) AN
FRAE (B HUE) X PR A28 B B SRR AL B

KT, AR SCH B — B DB R RS B R VR AR v
(G-mean , AUC) 5 B 5 R, @ AR PRI E L, 3R
PR RAE B RAE AU SRR 4 A S5 A IR A T
PEAG AL , o4 Hh B A 9 SR ARE H 451 EL TR Bl 375 5 R 0 AR AIE
FEERAYERBEIR . AUBEE R —FH
(Wrapper) B3k W DA SR R BB AE N E 8, AL
fEH C4.5 JuRm B BT I
1 Eax#r

AT, T8 FREPLFE R SMOTE F-RAE R I,
KR FEME AL E SRR, 25,1 —FE TR ML
RIEE, LLAUC F G-mean 43 I4E N B8 sRE, AW ILTE
BrERAERN T RAE R R BER L BRI T8 , N R %
BB A0 o

ESTH: BRKAARFESFBIHE (61001047 ) ; b s A S AR 45 2% % 0 5% 5 ¥ 3 70 B (N110618001) ,
EEBN - HM(1982 - ), B T PN LA R A, EEBTR T - HL88 % S R RIEI; 181985 - ) B T IR MAA, ML R
A BRI E RS RSIEH;  RE1980 - ) B T TWRBA AT, EEIRIT I CAEW; BORE (1960 - ), 4, I T

N #, EEBTRIT I A LR BRI B R T



790 i SR A

533 %

1.1 EFHHERES SMOTE ARENAERERE

ETHRERENEAR AT ERENEZEEE AL
BLHE FERA WM RIEERSEEA, 818 m 52
(Minority Class ) Yl ZRREAHRY FHRAE FE 2 22 5028 (Majority
Class ) FEABGFERAE , (HA T4 I RE AR 43 11 2215 LU T4,
TR = S 2R D BRI B,

HPAEZEERATREEERFREAMAKBENEER
B, XTI E BT EE N AL R, B
XETCRFER ST BRI R A NG B BULERFRE
PLHBIE I — L S R AR Bk LR AR A ZHCE TR I, e T
VIR BEARE R T .

BB R EDLF R 2 B TR E SR A A,
Foe o XAl /D EE ST L B4, Chawla 21 38 H 1)
SMOTE S 2 — R E SR T REE T IS, B B BN E
AR B LB, 3F AR A gk
SRIEMIREAR R ELR DAV, A R EE MF DBt
P:

A3 {d P FEHLIE AL R SMOTE JH kR4S & SR E T 1,
MU DI REAR 2B R S, IR A il LAY R D B R AR i v
TES3 A0, TR B GREE HHEUE (1 3 7
1.2 RFEMEAEE

BT BELAL (Particle Swarm Optimization, PSO) B 32—
FRETF AR BB RS E T RO T, 5T
IR, BEARESEFTENE, REIHO LR FHY
LR = RE RNy e v Y =R

1 PSO 1, R AR E R B R R A g ) -
%o%Zﬁ%ﬁW%mmVo%ﬁ%ﬁ?%ﬁ#ﬁﬁ%%
%@ﬁ%ﬁ%ﬁﬁﬁ,ﬁﬁﬁ?ﬁﬁéﬁﬁgﬁ%gﬁ #
RO 1) RIS o SRR Tl A6 B 4 B A S DR P 1 2 )
&R, PSO Wikl —#EREN LR T AREEER DN
. HE—WERT B FET R I AECR TS B
O B EEN TR G IR R XA MRk
W AH pbest; 75— AE 2 B AP 8 H RU R B B AR, X4
WA 2 R A gbest BT M 5 0 BORSTAR AT

v = w x vl + ¢, x 1y x (phestt %N+

¢, X1, X (ghest” — x;) (1)
A (2)
Hrr: i ={1,2,-, SN}, SN R FREBIUE ;0 Rk AAREL
w AR R T, SRR Ie R0 iy B s, R DU R A
RE I & R B RE T RIVER sy FTr, 29 [0,1] WIBEHLERC,
RARUERLFHERI BN 50 Ml e, BFEI W T, RN TFAEH
BRIt REE.

1.3 ETRFHEALNTIHEREES

AR T AR DT AEAR I B, AR AR 1 43 A S
Yy, IR T A28 852 3 s R E AR MTEURE /- 250 R 1E
W AR B2 REENER, FMEL BRI R e
BERAR AT . BTG 4250 R 5 BB X 43
BRI BORHE , B ) TR B B R BR B DUARE SR B
X AP 5325 ) R R R BB Lo T HLARPIE R4
REEWA TN R FRIEEFEAM AT LI I SMOTE H2R
FER AR, I Bl LUEST O RRAE 725 7] F f# SMOTE FR
P A TR MR R AR TR B R RRFE AR A TR, S EOEE N
PR o BT LA B R A FURRAE [5] A 0 AT 3685, 7 fiBs
B SRR .. FACRE —ME TR FHEL, A
HrEHE B RFEZ IR AL R B AR AL, 8 AUC/ G-mean e RALHY

Ak B % (PSO-based Random under-sampling & SMOTE and
Feature Selection algorithm , PSO-RSFS) , 3k 12 T} B & A~ ¥ 445 %
ISR,

AT R AR TE AN E 1 BTR B4R TR FIRERAE 1Y
K A OsLevel F1 UsLevel , D B F51E [7] B feature_vector (f, ,
Sosa fi) o FERHIE R B2 ZRE R B K, 1 AR IR RRAE 2
H,0 RFERE

| OsLevel | UsLevel | h | 12 |

1 PSO gy RizIB

B TR REE R R S AT LG, O T R A AT
PAXHRHAE 1] B 59 — 7 B B AT IR L , {8 sigmoid RRIEL,
XF 2 (1) A BB o RN (3) FI(4) B SE(E o S5 Ny
BIHUE », B0 O F0 1, TS Fl AR SR Ik 4%

o' = sig(v}) = —L1— (3)
r, <o

1+e™
e [
- Lo, e
TER TR AL AR v R B B3 B R, S B T4
RAMERR IR AT . R R AR N 2SR E PR A,
FaR YSRGS R b BT AR TE A (1 B0 TR B Th BT i
R BRIE# UG- BRI SRR . ML BT XA
@%%5 HEAESE A BB A AT
Co( Redéiver Operating Characteristic) BHZE!"!, BEAE 4

[

(4)

@@#ﬁﬁ%ﬁ%ﬁﬁxﬁ#ﬂﬁ% BB I A PR BE , A A 4

AIIHRITH N, R ROC 1% F 8 AUC et
BRI OPEREIE TIPS

G-mean J—Fh B MR e A5 S RE BB R PP AN AR 1
5 U

Sensitivity = -
YT TP+ FN (s)

Specificity = _INV_

PECYLCEY = TN + FP
G-mean = ./Sensitivity * Specificity (6)

TR R AL, 2 HIRH AUC R G-mean 1 538 i &
R (BN HAR R0 , R BEAT AL, TR IR A, TER A
TR B AE 3 R G5 R A, SRR R A RN 4T &
Tre(70% ) FNBET4E Tro(30% ) o TN G145 Tre HEATRARFN
FHEERE  MEFTRBAE RS Ballre, SRRy RER, 251
BrEF4E Tro SEATINKAS B 0 2R E5R VR0 1 R 60 15 B E
{H . PSO-RSFS LA LT

BN B ¥R £ Dataset MCN,SN,metric M(AUC
G-mean) , REEHK step,

Hrih AUC 53245558,

1) RI3BAESE Dataset W4k TrDataset FIMIALE TeDataset ;

2) WREANE L = 1,2,, SN);
3) @RBAE BestM = 0;
fori = 1 to MCN
forj =1to SN
4) AT L FE ;oA FHRAE L) OsLevel , [ R K51

UsLevel F1¥HET-4 feature_vector
fork = 1 to NumFolds

5) TrDataset %153 NG F 5 Tre, MBIE T8 Try,

6) H4E OsLevel , UsLevel F1l feature_vector % Trt, SRAEH
FHESEERAE , 4 BT I 4T 5% Ballr,

7) 1E BalTre, #E53284% C,, FFTERUESE Troy, FEATI
43 M,



EMEF A TEFRALYRYERBEFT 791

%3H
end for
8) M; = average(M,) , BNER NumFolds 4~ M, W)X {EAE
St R A AR x; FESE | SRNE R (R
end for
9) RIER (1) (2) K step BFRTFHPEAMOLLE, X
EH & RRME BestM
end for

10) 783 BestM X} () OsLevel , UsLevel Fl feature_vector %13 25
& TrDataser BEATH G RFEFFRAE SR AR AR, £ LHT 09 U1 85

71, L AUC 1524 B R BT LR TH oy K iz AL BE 1, w2
OGN KA 0 Fa 45 — Bk, B RUERAG T i i o 2R
fiE. it PSO-RSFS AR5 ETERN I B BAR &2 T W S KA
582 T B AL B RE F SR FIE AR A LU 6], 208 T 808 43
A, AT i 1720 2SR BE ST, W IRIE 1 R AL RAE LB 0
FHIESRATEAR M 2 A b I M

%2 PSO-RSFS EiEmEiL g R

T4 BalTrDataset , R34 C g% WENIESR UsLevel OsLevel Feature subset size
11) FH4r2K% C FENREE TeDataser AT, HHE B A M AUC Abalone AUC 20 315 5
RGER G-mean 32 285 6
. AUC 8 260 5
2 SRR Class G ean 10 245 7
HFHER MY PERE , A SCHE % 10 4LRAT A RIS B S Geman  10C 2 ;
=) UCL RS . SRS s B £ 1, . A”(L;Zn 8 220 7
R KEHWERL Fme mean 8 210 6
Bt RS RN Kbl Spambase  UC¢ 14 OF 32
Abalone(18) 731 7 6 G-mean 12 195 29
Glass(5,6,7) 214 9 24 Waveform  2UC R X 16
German(1) 1000 20 30 G-mean 12 275 21
Pima(1) 768 8 35 Vehide AV O12 200 11
Spambase (2) 4601 57 40 Cagedt 16 225 11
Waveform(0) 5000 40 33 @er yoe - 24 645 1
Vehicle(1) 940 18 23 G-mean 30 585 10
Letter(4) 20000 16 4 <> pag s AUC 18 a8 7
Page(2,3,4,5) 5473 10 10 Gmean 26 400 7
Yeast(1) 1484 % Yeast ~ AUC § 210 ‘5‘

Y\
HEHREATRFN (n) FRET » REDERMES //

E¢iﬁ&%m%ﬁﬁ4A%ﬁﬂ%#£%%
5% MR E R 29 . ASCIRHESCRRT 15 )\t Pop T
Bk MBHREY C 2.8, C, = 1.3, w0 = 0.5,% TR
B SR T B 02 R UCH MO T AR SV,
T (6, TR f 5 R RO 77 2 A SV =
1.5 x BEARALESEAEMCN = 10 x SN EMS B 45
BASTAE LRSI

AN T BV M IR 4 Kok | LR
TS RABTH 10 $720 SURE o XOHL TR AL L 85— 4~
W CRRER RS F4) , 23 BOFLiE IR , FIRE Y T (RF
S TR AR TR 403 10 2 WL G 76 5 YR I iT
FHEEH 3 472 SLRTE (NumFolds = 3) , B3 I 24
AR

%2 9t T PSO-RSFS 2 3 48 K F 3 b (AUC 7
G-mean) HEAFULAIGA IR I Fh R R 1 RE S A
Mo T E R RECRF, BT f A O T it R — R, 8 51
TR BRI TARE MR, 08 0k R R 1 43 K
il R O Y L BEHLME b (RUS) SMOTE A%
SMOTEBoost £H & T R £t B 81 M SR & 2y K7
MetaCost!™ . HErh = FoRERE o ) AR A S 2 M PO 1
BV MotaCost 32K 10 8 510 6 5 BOAR 4R P 2R B 1.
PRI, M 3 i LRESE R AT A, PSO-RSFS 2 3 T
SRRHIVRS R R, Z RS T 550 I B IR T MR
Vehicle 22 5}, PSO-RSFS 754 9 M BCAE AL 453571 T 1 5 6
39519 PSO-RSFS B3k A My BRI LA A3 F 0 8 3
T, ETLILEER], B AUC 1 b S T
FAE R AUC {8, 5 J2 18 0 2556 AUC AT S 38 10741 88

G-mean 8 225

R3 FEFEHMILER (AUC)

SMOTE  Meta PSO-RSFS

ik RUS SMOTE Boost Cost m
Abalone 0.758 0.784 0.799 0.795 0.809 0.822
Glass 0.885 0.903 0.912 0.893 0.927 0.945
German  0.843 0.856 0.863 0.864 0.881 0.889
Pima 0.804 0.826 0.826 0.834 0.855 0.861
Spambase 0.814 0.825 0.818 0.823 0.876 0.855
Waveform 0.778 0.784 0.785 0.788 0.795 0.828
Vehicle 0.691 0.692 0.691 0.741 0.695 0.735
Letter 0.922 0.933 0.933 0.928 0.933 0.935
Page 0.915 0.944 0.989 0.950 0.976 0.989
Yeast 0.821 0.849 0.849 0.855 0.874 0.882
14 0.823 0.840 0.846 0.847 0.862 0.874

3 #£iE

AN RARAE L BRI I b T2 1, WA AL BEA 1Y
BrEAEW A BRI — BT . A SCIRE T —Fh 4
B RAEFURRL 3 85 1 R Y A 5008 23 28 B vk, R A 43 3 7
AUC 1 G-mean WARTEARE A2 T 1) FAR , AUAT LA A
BhaRAG B B RAE LU FIARRAE 748 , T L3R T+ T A8 i
Bor2EtERE, B TASCE R R — R (Wrapper) Bk, AT
HRAE 5 2 A AR B A R 8, N TE A 3 /B R e B
) F-measure, AT LURIEHERE B REFBAR M S RE L,
B e 3 UCT AR EEXT 7 ik g AT 1T B0ilE, 3¢ 5 H A A 5 2#
HEEFEAT B G RAEN T A SO BRI TR TEA Y
BRI BT RE , WIS E T SRAR R B AL AL B I B TE AR Y
BaRP I EEN, HRERM X PE ST B T4



792 it H AR A %33 %

Bk FUGERE B4, T SRR R BIR £ 2 2004,6(1): 80 -89,

KBB4, [10] CHAWLA NV, BOWYER KW, HALLL O, et al. SMOTE: syn-

52Tk thetic minority over-sampling technique [ J]. Journal of Artificial

[1] Wk, TSR, B APk Epistl)]. & Intelligence Research, 2002,16: 321 -357.

RS2, 2009,4(2): 148 - 156. [11] KENNEDY J , EBERHART R C . Particle swarm optimization

[2] YANG Q, WU X. 10 challenging problems in data mining research [ C]// Proceedings of IEEE International Conference on Neural
[J]. Intemational Journal of Information Technology & Decision Networks. Piscataway, NJ: IEEE Press, 1995, 4: 1942 ~1948.
Making, 2006, 5(4):597 —604. [12] HASSAN R, COHANIM R, de WECK O. A comparison of particle

[3] HE H B, GARCIA E A. Leaming from imbalanced data [ J]. TEEE swarm optimization and the genetic algorithm [ C]// Proceedings of
Transactions on Knowledge and Data Engineering, 2009, 21(9): the 46th ATAA/ASME/ASCE/AHS/ASC Structures, Structural
1263 — 1284. Dynamics and Materials Conference. [S. 1.]: AIAA, 2005:1 -

[4] WEISS G M, PROVOST F. Learning when training data are costly: 13.
the effect of class distribution on tree induction [ J]. Journal of Arti- [13] FAWCETT T. An introduction to ROC analysis [ J]. Pattern Rec-
ficial Intelligence Research, 2003, 19(1): 315 -354. ognition Letters, 2006, 27(8): 861 -874.

[S] CHENS, HE H B, GARCIA E A. RAMOboost: ranked minority  [14] THAI-NGHE N, GANTNER Z, SCHMIDT-THIEME L. Cost-sen-
oversampling in boosting [ J]. IEEE Transactions on Neural Net- sitive learning methods for imbalanced data [ C]// Proceedings of
works, 2010, 21(10): 1624 —1642. 2010 International Joint Conference on Neural Networks. Piscat-

[6] RAMENTOL E, CABALLERO Y , BELLO R, et ol . SMOTE - away, NJ: IEEE Press, 2010: 1 €3
RSB*: a hybrid preprocessing approach based on oversampling and [15] CARLISLE A, DOZIER G. An\off-the-shelf PSO [ C]// Proceed-
undersampling for high imbalanced data-sets using SMOTE and ings of the Particle SwarmfjOptimization Workshop. Indianapolis:
rough sets theory [ J]. Knowledge and Information Systems, 2012, 33 [s.n.], 2001:1 -6,

(2): 245 - 265. [16] CHAWLA N V, (PAZAREVIC A, HALL L O, e al. SMOTE-

[7] %P, 8, 3T, @i R S0R 4R 1 ISMOTE &5 [J]. \%ﬂ improvingyprediction of the minority class in boosting [ C]//
HEHUH, 2011, 31(9):2399 -2401. D 2003; Proceedings of the Seventh European Conference on

[8] WASIKOWSKI M, CHEN X W. Combating the small sample class Q& ipcipley and Practice of Knowledge Discovery in Databases,
imbalance problem using feature selection [J]. IEEE Transactions § LNC§ 2838. Berlin: Springer-Verlag, 2003: 107 -119.
on Knowledge and Data Engineering, 2010, 22(10): 1388 — 14 7] € DOMINGOS P. MetaCost: a general method for making classifiers

[9] ZHENG Z H, WU X Y, SRIHARI R. Feature selection for t Qﬁ:i& cost-sensitive [ C]// KDD "99: Proceedings of the Fifth ACM
egorization on imbalanced data [ J]. ACM SIGKDD Explgratio - SIGKDD International Conference on Knowledge Discovery and Da-
wsletter — Special Issue on Learning from Imbalan xtasets, ta Mining. New York: ACM Press, 1999: 155 -164.

e

(L5747 W)

[7] CHANG E C, XU J. Remote integrity check with dishonest storage IEEE Transactions on Parallel and Distributed Systems, 2011, 22
server] C]// ESORICS "08: Proceedings of the 13th Etropean Sym- (5): 847 -859.
posium on Research in Computer Security. Berliy Springer, 2008: [14] WANG Q, WANG C, KUIR, e al. Toward secure and dependa-
223 —237. ble storage services in cloud computing[ J]. IEEE Transactions on

[8] SHACHAM H, WATERS B. Compagi‘proofs of retrievability[ C]// Services Computing, 2012, 5(2): 220 -232.

ASIACRYPT 08: Proceedings offthé~d4th International Conference [15] ERA, 3K, ERG. KEWWIM]. 65t JETiRE K
on the Theory and Application ofyCryptology and Information Securi- S RREL, 2009. 129,
ty. Berlin: Springer, 2008: 90 - 107. [16] BAO F, DENG R, ZHU H. Variations of Diffie-Hellman problem

[9] WANG C, WANG Q, RENK, et al. Privacy-preserving public auditing [C]/7 ICICS "03: Proceedings of the 5th International Conference
for data storage security in cloud computing] C]// INFOCOM *10: Pro- on Information and Communications Security. Berlin: Springer,
ceedings of the 29th Conference on Computer Communications. Pis- 2003: 301 -312.
cataway, NJ: TEEE Press, 2010: 1 -9. [17] ERWAY C, ALPTEI?IN K, PAPAMANTHOU C, .et al. Dynamic

[10] GOHEL M, GOHIL B. A new data integrity checking protocol with provable data posscssion [ C] /7 CCS 109: P.roct.eedlngs of .the 16th

] o ACM Conference on Computer and Communications Security. New

public verifiability in cloud storage[ C]// IFIPTM 2012: Trust York: ACM Press, 2009: 213 —222.

Management VI, IFIP Advances in Information and Communication [18] BOWERS K D, JUELS A, OPREA A. Proofs of retrievability: the-

Technology, INCS 374. Berlin: Springer, 2012: 240 -246. ory and implementation[ C]// CCSW "09: Proceedings of 2009
[11]  HAO Z, ZHONG S, YU N H. A privacy-preserving remote data ACM Workshop on Cloud Computing Security. New York: ACM

integrity checking protocol with data dynamics and public verifiabil- Press, 2009: 43 —53.

ity[ J]. IEEE Transactions on Knowledge and Data Engineering, [19] BONEH D, LYNN B, SHACHAM H . Short signatures from the

2011, 23(9): 1432 -1437. Weil pairing[ C]// ASTACRYPT *01: Proceedings of the 7th Tnter-
[12] WANGQ, WANG C, LLJ, et al. Enabling public verifiability and national Conference on the Theory and Application of Cryptology

data dynamics for storage security in cloud computing[ C]// ESO- and Information Security. Berlin: Springer, 2001: 514 —532.

RICS 09: Proceedings of the 14th European Symposium on Re- [20] BONEH D, GENTRY C. Aggregate and verifiably encrypted signa-

search in Computer Security. Berlin: Springer, 2009: 355 -370. tures from bilinear maps[ C]// Eurocrypt "03: Proceedings of the

[13] QIAN W, CONG W, KUI R, e al. Enabling public auditability International Conference on the Theory and Applications of Crypto-

and data dynamics for storage security in cloud computing[ J].

graphic Techniques. Berlin: Springer, 2003: 416 —432.



