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Abstract: Classification in imbalanced datasets poses a great challenge to machine learning region, where the synthetic mi-
nority over-sampling technique( SMOTE ) has become a powerful means and widely adopted as an effective method. But in generat-
ing new instances, SMOTE uses all instances in minority class such that it takes with over-generalization. To better solve the prob-
lem,a data mining method for imbalanced datasets based on one-sided link and distribution density of the minority ( OSLDD-
SMOTE)is proposed in this paper. OSLDD-SMOTE firstly selects the minority near the classification boundary using the one-sided
link, then generates new instances with SMOTE based on the dynamic distribution density of these instances. Effects of synthetic de-
gree on new generated instances and accuracy of the minority are respectively compared with the OSLDD-SMOTE, SMOTE, Bor-
derline SMOTE and Surrounding-SMOTE method. Furthermore, from the simulation results with 8 UCI datasets, our proposed
method has the most accurate and robust performance on the G-mean, F-measure and AUC metrics.
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T SR B R AR ) I AR AR AR 19 3 25 23 A %
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EX1 K Q(X,Y, A, D) A EdE s, H,
Q RARBEARES, XU Y =0, Hd, X,V 733205
RHEAREMEZEREAE, I X < 1YL HBE XN Y=
XY € X(i=1,2,-+, m ) B 5 IEFEZR (Positive In-
stance) , Y yje Y(j =1,2,-, n)ﬁ(ﬂﬂﬁﬁzli(Negative In-
stance). A ‘AR B EEE, A = (ay, ay, -+, a"),,ﬂ\:':':', n
A YA . D 2 Q AR #E, D= 1Y1/1 X1
AL R TAEARSE O WAEPERRES : D MO FEAR SR
Q AR, R Z IRR . — LT, D > 1.

NP R R AR I JEUAS S O T S TR
ARAT AT AR A RE A L 2530k 3 0ok 22 Bk
REAR 3 A AR v B IO E A 3, Hly TR AR e A T Al
LR R D BB AR P AR M E.
R i DR B 4 432 [ L, Chawla $2 T 80K

AT RAEF A (Synthetic Minority Over-sampling Technique,
SMOTE) , ;X M T EAE DB 5 kA de il 48 i 1%
2 bR BUBTREAS RN E

Synthetic[ [ 1] atir] = instancel i ][ atir ] + gap * dif (1)
Forbr, dif 955 i A DRERFEA 5 j IR A8 ) 25 s
PEAEZ 225 gap S — P BENLEL, gap € [0,1].

SMOTE AJ ¢ 53288 %) T BEEHEA BAT R iz
A A5, FRvF o0 S A S0 b F00I0 A Jo1 A B R AR A, i T
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BHTREAS I R P SR B T T A DB R AR 1 AR —
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1t SMOTE £ AR N L3I/ B AR A i, LLHA B8 7y
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Jii 3 (Large Margin Principle) A A SRAE T E N TR
EMZA UCLERAE IR B i PERE .
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DBBEARG I kA AR A BB RE AR, DA ST R AR
25 [) , SEERKICH A 2 10 S (RS, SR % A B R A
PRI A0 2 M B, WIS (H R 23 18 JRE 2 26 IOREAR
R 2R o 2deds , JEmBRAR L 2O B &l 1 R,
A X, S EUE X)X A UE BREA XX XX, AR
B aw DR AR 2 0], N oy A PR T 2 Y 4 2%
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3.2 EBEHEEMK

EA HFFEIE 2, 23 28 100 A R AR o 0 20 8
B 2 G AR, T 25 30 5 S A R A X 70 2B kG
RS LA BT, O T A AR R R A S A
ASFEMA Sy SORE BE R B T, FRATTHE H R 0 e B BE T Tk
(One-sided Link, OSL) , 77 148 2| 53T 43 2800 B0 Bk
FEAS ARG R SMOTE J5 i i 4730 SR A, 38 B B 96 2 )
AR IR = Ay S REZ H

ENX 2 MWAEBDEEEA «, B RE NB, =
neigbour ( x;) Je:Ho 57 B L 48, 1 NBy, = neigbour (x;) A
FIREEAE. dy = || w, NBy | R w5 NB, K IE
M AEA Y 5 { x;, NBiy, NByy, -+, NBy | Lh S B2 )7 51
Uiy diy ooy dy 38 SUR IS BE FR R 20 B FE AR B 30
Prat .
OSL Sl R 4T

k1.

WMAMAREQ //XUY=0,XNY=@, Hi, X 57 5RhlExRD
HORREA 5 Z R A SR

ik DRI RS O

Algorithm: OSL

FOR(i=1,i<n,i+ +)
Findlink (x;)

ENDFOR

Algorithm: Findlink ( x;)

(DFIRAE: Ly = 25 //XUY =0, XN Y =5, b, y ;, € X 5y y,€

Y S FOR DB A S SR EA

() KE] x; BRI AP neigbour (x;)

(3)y, +; = neigbour(x;)

DL, =y

(5)#:3] ¥ Y 5 2 I 4h n/zigbour(yj)

(0)x,

(DL, yw=m

(8)FEHE (2) - (7), HF neigbour (x;) = neigbour ( x; _,)

DBRBEATEREE T &y LAAREIG T HER , K UE T, BT 6 R I

AR o HIR T DBH FBERE Q.

/7% 7 X P REA

; = neigbour (y;)
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PEAAR 22, U HL J] BRI AR 11 43 A 28 T A58 R X DR S A
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REAR AN B . T I, AR SCFI AT OSL A B pE AR
37 % BE R 5 R SMOTE J5 325 77 A BRe A B0 1) 7
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M5 @ ANEER < i< b, ITH « 5H kAT
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R TEARFHEFS L P, fR K SMOTE 572,
Xty x € L, 253 SMOTE A= ST FEA AL (1 — density
(x;)) * k1 B I ABEC WIHE L rh pir i HEA S A
BT FEAAN BN

T T
Total = ZL(] — density(x;)) * k| < k * Z} (1 = densi-
i=1 i=1

w(x))<k* (T=1)<k* T.iFE.
OSLDD-SMOTE 311 F
=)

BN R FDBEREARSE Q IEARECE &
A U D BEEA

BRI AP AEL density

FIH cosine R ARREIREA « 15 y 1

sim(x,y) = - = - (2)
\/2 (0, + 25 o,
dy = dist(x,y) =1 = sim(x, y) (3)
Soobt LR AL 0, o, SEHVRREA < ALy %81 R 2
AT o B AR '

F$E2  FI SDL-SMOTE 4= gk A

FA SDLRIE L, il 4B %K &

B A A

LR BANREAR B density («;)

2015 L R SMOTE 7, BIZE BB R AR S H
SMOTEfactor (x;) = | (1 = density(x;)) * k|

3. WHILE SMOTEfactor ( x;) 0

FOR attr<—1 to numattrs

Compute: dif = Instance nnarray[ nn ][ attr ] = Instance[ i ][ attr ]

Compute: gap = random number between 0 and 1

Synthetic[ newindex 1[ attr | = Instance[ i ][ atr 1 + gap * dif

ENDFOR

nn +

O 00 N N W A

10. newindex + +
11.  SMOTEfactor ( x;) = SMOTEfactor (x;) — 1
12. ENDWHILE

3.4 OSLDD-SMOTE %5

5 SMOTE & H — & %1 8 #F 5 7% 48 kb, OSLDD-
SMOTE F 4 i = 2R INAE -

(1) M 5 T Ak B 7 G AN T) . AN S0 ] B A AR —
HEMM R , 72 DX AR , 5t S5 0 0 DR SR AL % P S
AT AL

(2) T RAFAEAS BE £ 7 AR ] R X A Bk
FEAFIH] SMOTE J5 ¥ G BUBT AR A, A SCR FH B3l e 4%
BE OSL et 1 F 43 28 AL A BB AR SR 5 AL
SMOTE & BHTFEAS 12K B BE 32 =5 T SMOTE o 2 (%) Bif
W%, WA PRLERE T SMOTE X4, AT F 5 F4 T+ 17
Z M DRCRFEAR I FRFE T

(3)SMOTE #38 HL | AS 7] . A7k SMOTE i3 #2 )5 , &
Y BUREAS 2% P B, (A5 AR 20 A1 %% B B AT Bl 8
PR 0T b R e T /D B AR AR SE I 3 A R B, AT
SMOTE s S i A 11 34

(4) B REA A BB AS TR] AR BB A 43 A1 2% i e 5
SMOTE 3 2 1 AR B R AR R B5CiE , R AR 43 A 9 JE K
A BUBTREAR D [ Z I8

H1(2)(3) (4) T B RE A A BORLEE 38 2F S5 0, BE 72
SYFIAT SMOTE $ AR AR BE i /D B AR A, iR AR 28
[0 T, % R 3] T /DB R FEAS ) 4 2
FRAE , T B KRR BE 3t A T o 4806, 365 T 40 2R a8 iz
1k

4 SLIGTEIIE

4.1 HIEE

SEAS SC 5 15 A S8 A, BT T
JEPEYERE WA KR R AR 18 22 S BOR ) 8 1> UCT#X
PR, L3 1. H A, Auributes J& #E A& A4 B K 28
T Size FEAS (4 6 K0 5 Concept S22 H AR DB, HiRk
FEA S IH 0 28035 ; Positive instances F1 Negative instances
I3l B 2R A 2 B AR 1Y B, Imbalance ratio 4
FEPH L SCRG Y 25 4e T AR EROME RAVREAR .
4.2 TEREEIRIR

AR s A P oy S )L e, o3 SRS B T BE 4 A
TEA

TP-rate = Recall = 7 s (4)
FP-rate = F%V (5)

TN - rate = TNZNFP (6)
G-mean =~/ TP-rate * TN-rate (7)
Precision = % (8)

P _ k » Precision * Recall 9)
MEASUTe =" Precision + Recall

FHorbr, TP ATV 535310 A T 1 6 ) TEAREAS F SRR AS Y
i, FP R JFAS IR T 07 2 A RE A B 5% 1 T O 1 28
HIREASE, FN 7R 5B T 1528 B RE AR B 1 30 0 oy
UESINEZN

—FRAFOLT W TR RIS AR M o R AR O R BE
BAEPH RO 3 A PR N AL SR HET R 48 br © AN
FH, L) Balance U4 25 2 3], 40 488 it A7 FE A 25 4] Sy 22880
 UERGR N 92.16% , [H BL IS Xt /D B R FEAR T 55 2 T8
B, HEER EEE TP — rate I FP — rate, R %
R PAE HAE (Receiver Operating Characteristic, ROC ) Fll
AUC™ W g ik 20 B REAR 43 2KG BE 146 . ROC 1l
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LS TR SR S IR AS S A, % Bl 46 1 IR IR
ARG et BB mT IR P A 5000 4 4 2 8%
PEREVEAN . ROC M Sl 1 2 43 2R a8 S 8B (LI, IE
(TP - rate) GHIEZR(FP - rate) Z A Z& . AUC &
ROC i & Jy I T AR, 38 4, AUC I E A F 0.5 3
1.0 Z 8], 8RB AUC A3 7845 1Y performance, T 1
UEBAAE R A B 2 vh , FILR AUC B2 B A 300 kb Al 1 43
KR vEgE>).
F1 EWAHTH UCLEIRSE

FEA IEREAS | kA | 4R
AR | B | ot IEREARSS /BRI [ e
Abalone 171\::’ 4177 | Class 10/ Remainder | 634 3543 | 5.59

Balance | 4 C | 625
Car 6N | 1728

Class 2/Remainder 49 576
Acc/Remainder 384 1344 | 3.50

11.75

Glass | 10 C | 214 Class 1/ Class 0 51 163 | 3.19
Prima | 8 C | 768 Class 1/ Class 0 268 500 1.86
Satimage | 36 C | 6435 4/Remainder 626 5809 | 9.28
Spect | 23 N | 267 Class 0/ Class 1 55 212 | 3.85

Vehicle | 18 C | 946
4.3 EHiEMHRETEM
SEIG 32 4T BC B W0 R : Intel Pentium 2. 4GHz CPU,

2.0GBN £, 500GB #ifl %%, # 1 & 4t & Windows 2000
(Server) , 25 en R C4.5, R+ 238 LB E T . R ot

Van/Remainder 226 720 3.18

5% OSLDD-SMOTE 7E A [R]BE A 43 A & 132 17 I 7], 78
4.1 AR 8 ANEAEE L2 A T (N% ) 43 31 A
£4E 150% , 100% , 200% , 300% , 400% , 500% , 600% ,
700% ,800% ,900% ,1000% | B , #4738 LR E T
FOEIE, S5 R a3k 2 Bin . Hop, RANK(ORIGINAL)
Fh A F 0 50% B 4 32 17 B[R] HE A7 A7 2, RANK
(TERMINAL) A &4 BLH F 4 10009% b 45 ] 42 2% 2
HIfi R, RANK(AVG) R 17 B [ A I HEO AR

322 3R, BE A DR AR RRAE B AR AR A (1) 3
Ji, OSLDD-SMOTE i 17 Bif 5] A W7 $2 &, LRI &, %
L = ANRRE

%5 — , OSLDD-SMOTE (132 17 B [ Fifi 75 i P 7~ 38 K
TN 2 44 8§24 50% i, OSLDD-SMOTE [z 17 i
[ TEAS R AR L3 e/, 246 U 2 1000% B
AT RITE AN B A B AR

%5 ., OSLDD-SMOTE [132 17 B} 5] B BE A8 47 1 55
RGN 245 W F R 50% B}, 7E Glass i1 Spect %%
PRtE LB T a] 4351 02 1.96s 1 1.58s, {HH T Spect £
PAE B REARRAE B 35 T Glass BU¥i 42 , MU %5 A %
JEA K2 7, OSLDD-SMOTE 7£ Spect 3545 4 1932 47 Bif [7]
Pl AR B TR, A B 2 1000% B, 7E Spect F
Glass B4 5 1217 8] 73 3 & 5. 4s F1 8.55s.

%5 =, OSLDD-SMOTE 32 17 s} [a] 15 Ff A< B A% [] (5] 334
T ST E A HUBRR K 38 AT e )R

%2 IE1THFIE (Seconds)
Abalone Balance Car Glass Prima Satimage Spect Vehicle
50% 54.72 3.83 8.51 1.96 4.14 305.28 1.58 9.36
100% 61.74 4.41 9.05 2.03 4.73 315.99 2.66 11.75
200% 62.95 4.59 10.26 2.12 5.67 325.62 3.65 12.92
300% 64.22 5.4 11.30 2.52 6.975 343.40 3.83 13.46
400% 71.01 5.8l 12.96 3.15 8.37 360.86 4.05 14.45
500% 71.96 6.35 13.86 3.69 8.96 381.02 4.28 15.62
600% 76.55 7.16 14.86 3.96 10.17 401.85 4.41 16.11
700% 80.82 7.65 15.75 4.32 11.52 443.30 4.73 16.29
800% 86.81 8.06 16.56 4.73 12.51 482.85 6.39 17.42
900% 108.05 8.46 18.99 5.04 13.32 540.09 7.43 17.96
1000% 116.87 8.69 20.03 5.4 14.76 604.35 8.55 20.75
AVG 77.76 6.39 13.82 3.51 9.18 409.50 4.68 15.08
RANK(ORIGINAL) 7 3 5 2 4 8 1 6
RANK(TERMINAL) 7 3 5 1 4 8 2 6
RANK(AVG) 7 3 5 1 4 8 2 6

4.4 BHARGHRETFZIM
R 7R AN]SR A 60 43 8 7 A 1 R B H R

TP YEREFR AR YRR, FATHE Satimage B4 5 L 7E (R FF
JEREASE 73 AT AN AL FiT 32 T FEHCT 5000 MEEA ZRA L
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7 OSLDD-SMOTE 5 SMOTE™’ |, Borderline-SMOTE!") J%
Surrounding-SMOTE( S-SM OTE) 2 X H S R 4.5
YA AE AR E Ak A I 1,3,5,7,9. FIH 38 X
BE Tk B A 4 B0, e o R o I 25
1B, EHEAT 10 YK 10 28 B TESR A5 290, 1
FRNG RE Al E, 25 3 a1l 3 Rl 4 FR .
—e—Borderline-SMOTE
—=— SMOTE

240 4 OSLDD-SMOTE
—*—S-SMOTE

160

0 160 2(|)0 3(|)0 4(|)O 560 6(I)0 7(|)0 860 900
HEAREBRE (TN)%
B3 BARERENTAHERH

951

g 90|
M’ 85.—
8

80
JA_
it 75l
§ —+—OSLDD-SMOTE
2 70 —e—Borderline-SMOTE
S 65 —=—SMOTE

| —+—S-SMOTE

60 1 1 1 1 1 1 1 1

0 100 200 300 400 500 600 700 800 900

HAABE (TN)%

B4 FeA & RBER D HARNE B

F L 3 RN, B 5 D BOR AR A R AWTHE Z2,
Iy A Y RURCH B AE AN BT 2 5 OSLDD-SMOTE

TEDUFR Iy 2 o = A 37 A58 H e, ok T gk e 1o
PG, R A JEAR Iz AL RE T . [ 4 P YRR AR bR
0 I, FOR A A BEEA , 210 DU Ay A5 2 A [R) 25

Bl G REAS A R 1S K, SMOTE J7 57— E FRF Bt
TDREREARERE (B PEBE B 2 5 Borderline-SMOTE 5 S-
SMOTE P RE B A 45 , B A& T SMOTE J5 7% ; OSLDD-
SMOTE WU {5 /B SR ARG B B 2 G R A 1 22 AN 7 42
T+, HERERAL .

4.5 EEELEER

gtk — i B OSLDD-SMOTE ¥ fE , Fo i 176 % 1
PR T HASEHE L @ OSLDD-SMOTE 5 Bfi#L it %4 (Ran-
dom  Oversampling, ROSMP ) . SMOTE®! |
SMOTE!' | S-SMOTE™ | MSYN'™! | ADASYN'®! 1 D-
SMOTE! 125 — Z | i R bE L 7E 8 AN B s 4 1 X G-
mean ., F-measure #1 AUC 25 2 MERESEAT T ELER, 45 5840
3 ~5 PR, R P AR AT R 2 LB
1A .

F3~5%, HAITHEAE R FIH Wilcoxon 1§45 55
oK B bR RS OSLDD-SMOTE 45 HoB 77 v A ML g oA 4
S, FE A T R AR, 278 OSLDD-SMOTE J7 i
PEF %A X Ry s an SR R R S bR, ROoR
OSLDD-SMOTE J7 ¥ T 32 A6 X R 14 77 5 5 0 {8 1E %
PR, Z R R IE Wilcoxon £F 5 25 % K 10 B i OSLDD-
SMOTE 7545 5 i (8 % N i 5 v5 A L, JE W I 2200 . W/
D/LATXF RAE N 2675 OSLDD-SMOTE J7 %41 T /% T /b
FH E 45 Fp o7 ik gk i BL B 43 A ] 0, OSLDD-
SMOTE J7 B 4E 22 08048 42 L ELAE Balance , Prima #1 Ve-
hicle JLANBMESN 2K 4 17 0 ] i

Borderline-

R3I BEMAEESNEIEELM G-mean R

Data set OSLDD-SMOTE Borderline-SMOTE D-SMOTE S-SMOTE MSYN ROSMP SMOTE ADASYN
Abalone 0.7408 0.7416 0.7323 0.7544 = 0.7412 0.3763 0.7207 0.7529"
Balance 0.5845 0.5370 0.5165 0.5501 0.5619 0.2236 0.4219 0.5417
Car 0.9519 0.9452 0.9132 0.9263 0.9743" 0.6999 0.9255 0.9280
Glass 0.7319 0.7047 0.7204 0.7255 0.7429 * 0.3873 0.6908 0.7003
Prima 0.7221 0.6933 0.6875 0.6937 0.7003 0.3873 0.6671 0.6809
Satimage 0.7419 0.7547" 0.7514" 0.7555 % 0.7528" 0.3873 0.7208 0.7434
Spect 0.7083 0.7068 0.7053 0.6760 0.7091 0.3937 0.7068 0.7049
Vehicle 0.7749 0.7270 0.7219 0.7470 0.7344 0.6481 0.7239 0.7332
W/D/L N/A 5/2/1 6/1/1 6/0/2 3/2/3 8/0/0 7/1/0 5/2/1
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Data set OSLDD-SMOTE Borderline-SMOTE D-SMOTE S-SMOTE MSYN ROSMP SMOTE ADASYN
Abalone 0.3820 0.3774 0.3756 0.3817 0.3823 0.2540 0.3790 0.3810
Balance 0.2101 0.1611 0.1509 0.1701 0.1523 0.0017 0.1569 0.1498
Car 0.9210 0.9110 0.9109 0.9101 0.9130 0.5010 0.9057 0.9198
Glass 0.8090 0.7802 0.7900 0.7960 0.8006 0.6709 0.7450 0.7520
Prima 0.6501 0.6302 0.6400 0.6460 0.6516 0.5009 0.6245 0.6320
Satimage 0.8090 0.8142 * 0.8150 * 0.8156 * 0.8144 * 0.6709 0.7450 0.7520
Spect 0.4802 0.4568 0.4689 0.4757 0.4750 0.4445 0.4365 0.4556
Vehicle 0.6307 0.6205 0.6063 0.6257 0.6301 0.5547 0.6110 0.6166
W/D/L N/A 7/0/1 7/0/1 6/1/1 4/3/1 8/0/0 7/1/0 6/2/0

K5 BEMAEESIHIESR LM AUCER

Data set OSLDD-SMOTE Borderline-SMOTE D-SMOTE S-SMOTE MSYN ROSMP SMOTE ADASYN

Abalone 0.8091 0.7806 0.7904 0.7968 0.8193 * 0.6710 0.7450 0.8155 *
Balance 0.6210 0.5717 0.5719 0.5500 0.5777 0.4392 0.5487 0.5543
Car 0.9916 0.9914 0.9909 0.9920 0.9913 0.7149 0.9750 0.9917
Glass 0.8100 0.8126 0.8237 * 0.8006 0.8224 * 0.7298 0.7630 0.8114
Prima 0.7558 0.7581 0.7428 0.7432 0.7500 0.7208 0.744 0.7555
Satimage 0.8901 0.8679 0.8880 0.8910 0.9108 * 0.7380 0.8970 * 0.8649
Spect 0.7526 0.7481 0.7225 0.7500 0.7430 0.6885 0.7531 0.7229
Vehicle 0.8670 0.8634 0.8634 0.8616 0.8601 0.8224 0.8561 0.8610
W/D/L N/A 4/4/0 5/2/1 5/3/0 4/1/3 8/0/0 6/1/1 4/3/1

5 B ARG A 8 F R AT 5 A 8 o R AT R O)

FEF- 1 B30 42 4 A AL 2 20 4 Y A AR
LG TR 2 2 R 5. R iR
TEREA G 2o 7 3 — A Y- Fc8s 4 288 v 1% 3 350 ) A
FEFRATTHE 1) B 0 8 % I RE AR 43 A1 8 Stk I, AR
SCHE R T e E SMOTE HE ~F- £ %5 45 42 $8 77 i OSLDD-
SMOTE . OSLDD-SMOTE 3& F /D U A AR 25 (8] 43 A R L
A2 AR HE A3 ST AL Ny %85 B A7 25 (8] 1 0 R B0
ARG W HAEAE B AR A o A0 T RV AE A (HLBE)
RO M i AD B SR I SMOTE 7 A (1) [ A5 REAS e %
77 %8 \SMOTE JeSRAILH T T 48 i 2k 1 1 - 1 45 0
OIAREREE T Y 3 AL, T 2 AR T T 4 E R
FEJT L Gl AT 2 PR AR 48 Bn 10 I i B 5 H B R R X b s
6, Lt HA HEAE A 3 3 AL S A0 A 3 R A B 3R P A 8
PEFZ a7 v 2, A MR DR B R IE AR 2 RS B [R) A
RS ARAF ISR FRATTIN N, T B A R A

MR SERG IS RS AL 1 5 A 7 01 T HL, [R) s %o = SF 5 4%
PEZ IR FE AT 50 B 2 S, A v e — U E
SRBERE AR ) K i 3 F B A HE s

A ) TAEAL$5 33— 5E OSLDD-SMOTE 7£ = 2
RIS R 427287 b ] 5 A 20030 A ke s A i) A1 P
AETHFE 1R L0 ) 850 5 AR SCAF ST 32 2L 36 IR F 1 43 2 ) A
AR SEUR R 2 08 2 28500, el DL dse /MR AN HEAC
T IE BB 25y BB S oy R R w2 by
5F5% .
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