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Research on the SMOTE method based on density

WANG Junhong, DUAN Binggian
(School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China)

Abstract: In recent years, over-sampling has been widely used in the field of classification of imbalanced classes. The

SMOTE(Synthetic Minority Oversampling Technique) algorithm, presented by Chawla, alleviates the degree of data im-

balance to a certain extent, but can lead to over-fitting. To solve this problem, this paper presents a new sampling meth-

od, DS-SMOTE, which identifies sparse samples based on their density and uses them as seed samples in the process of

sampling. The SMOTE algorithm is then adopted, and a synthetic sample is generated between the seed sample and its k

neighbor. The proposed algorithm showed great improvement in precision and G-mean compared with similar al-

gorithms, and it has advantage of treating imbalanced data classification.
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207 R SR ) Y B 2 Y O R
BN T HOR R SOR WX DA 1 it
RAEFINS ZHCRFEA Y KORFE

Vi S A J2 T ) A BT %, B R DT VA TR R
W, 52 AP AR BET, ZEaL R 5T, 2002
4E Chawla #2119 SMOTE """'(synthetic minority
over-sampling technique) 575 /& HoH i) — 2 LA
%, MR AR Z 50 R e M AL A At 4
SMOTE F: A DB AC S H K A48 Z A %
LA ALY B AR, 58 O D BERFEA Y i
RAE, f i T ADBCRAEARRCR, (17028 B A Hh 0]
RO B A AT T, A RO AR = T 42N
J# . B2, ¥ SMOTE S35 TC X 43 i /44
RREABEAT 1 RAT, 72D B BRI AR 25 5
WG o A TR — R, SCER[114R T
T SMOTE W J7#: (adaptive SMOTE, AS-
MOTE) J5 ", 05 AR A A P 3B 43 A
PE, R R AR AS A AR P R I AR R R
TR, WA TG T 2 TP AR AR A i B E A, SR
—ERE PR R T RER R MER R . 7ESTER[12)
$2H1 ) Borderline-SMOTE J5 71, U T 4448 1) 8
B, N TR BAT 2R R, g AR i
“SERFEAE R F2Ae 7 BT G R AS . TR B
fili I, Haibo He %5 I%f DU b B3k 4T T okt AR 45
FEA B SR L, it D BT 5 T i
MEZ R BE, R INAL A J7 vk, M3 S UREAS 1Y 23 A1
PRI, R E X LEREAR S BT REAS AR H o

FIRSTHER R I S SR AR R 2 O e T
FRES, A — 5 W R BRAE, B 52 H0Hl 4R th R A 43 A1 4
PRSI o ASCHR M T — Tl AR~ A S Ak 21
Jrik——IE T R EERERL DS-SMOTE, B1E
PUIMERIERIEE, IF B K SERAEA e L, %
B B TR AEA EA T HRAT:, I8 BNEE S 10116
FEAR LI, P T C4.5 BkAE M EEME KB,
C4.5 Tk A IR L Rk, 76028
Bl AFHE SO0 T 5 R 28 A L BT RAFRY
SYEVERE, BIERE C4.5 BRI R R TE

1 BT RE R R

T8 Rk Re e TR AR BB ARAE,
s LI R MEIRITESE U Ry T B i e S A
AR 3 A AT 20, 254 SMOTE RYJEAR, A
B PP T B I R A
1.1 SMOTE &%

SMOTE" &1t Rpf e h i e vk . Hige

RURHIET kAR, XD BERAEA o, WEY
k A ERAE B AP BENLE£E— DA a, 15 0 ~ a ZIAIHY
PR DRENL™ A B AR, — e, k=5 ",

SMOTE i A 75 ¥ i 0 Kot 4 g — >0
BEEREA B B & Dl &E, I D Bkt
A He A Bl 48 Z IR Y34 B BEAIL™ A iUk
A FEARR 1), 8 PRE A R AE LB LA DB
R B, 7 AR R RE AR s TR0 TR 2)~5)
B PR I B — A~ DB, SR & 328, IR
H kBRSO T8 nnarry H, VE86 BUB
FEAR IS BOERBCHT AR, 33X HL R BRI 840 &=5,
BT C RN RAE H R 300%, AR AR5 ZE MR
B 5 DO AR BEALIE IR 3 A, 1
B AR ZR AL ; Horh Populate J7 AT RN T
BB A . 7EAL TR 3) v, ARG DR R
AR SRR SHTREAS BB AT D, P58 5)
TORFEAR ARG R 722058 8) o, A,
PR DHCRHEA G HOT AR Z [ & A . BT AR
AREA AT 0 SRR BERE M5 > e A v 7= A TR Ty
SIS, A AT B 5 D SR 0 ARG T
IE ., AN RAS BE A A r 2R AR
SMOTE &%
SMOTE(T, N, K)
BN DUCREEARCE T; 5 R 10 HE N%; HEAS
UEABANEL ks
M (V100)*T DA EEE G AR

1) N=(int)(N/100);

2) for i=1:T

3) RS | DAY kA EBOEAR, H kTSR
R AT nnarry H;

4) Populate(d, i, nnarry);

5) endfor
Populate(N, i, nnarry) 737

1) While N~=0

2) WEHE 1 ~ k ZIE Y BEDLEEEL, 120 nno BEHL
WSS | AR kAR i) —AIE48

3) for attr=1:numattrs

4) (numattrs A B MDD

5) dif = sample[nnarry[nn][attr]] — sample
[i][attr];

6) (sample[ [0 4R D HERMEARLES)

7) gap=rand();

8) synthetic[newinder][attr] = sample[i][attr] +
gap*dif;

9) (newinder S5 UAEAR S, IURIEA 0)



5 6 1]

TR, 55 —MEL TN SMOTE JriEWi5R .+ 867 ¢

10) endfor

11) newindex-++;

12) N=N+1;

13) endwhile
1.2 Borderline-SMOTE &%

Borderline-SMOTE .74 7 SMOTE .7k i 5
fill EHEAT TG R F SMOTE 54:3%, Border-
line-SMOTE F. vk, 1 7 i RAE i FE P AR A e
MIBELYE, PR FAEA, VAR T AEA G OB
FEA , TEREARZS [, G — A ] R A < FE A AR
B2, WIXAMEAR BN, Wik R o 285k m
B AR S —— R 2, 5 G Y
AR, Fr DA AR A 5 HT 48 Z [ A s
fFEAS . Borderline-SMOTE #2418 % 76 U 45t
T rp U 22 ) T FURHE, A RREARTE 3 2R
LI B i BRI REAS B S WA oy, — NSRRI
FEAHE T 20005 5., XT3 288 S RE 0 - I8
A T UEHERER . I, 7F Borderline-SMOTE
Bk, AT PO RREA R i AR R
KREARY m AR, AL oy ZHEEREA, A
RIXAFEA 2 Ty W S W SRR AS 5 75 0 Ry 22 4
A, TEfERAEA 5 kAR Z 0] & BT HEAR, 5
B DB FEA B SR A, LU s/ 2R 1
PN, ARSI 7 28458
1.3 EFZERNEREEZE

WHRRMHEAE SR S={s, i=1,2, -, n}, Htp
s, WHEECH m PREA ] i, FEAS Y AR m 1%
IAEL. —ANEIIXTS o BB RIRAEIE XS o 1Y
PUE $6-5 o8

EX 1 ZHe(e>0) HXTE o BRI I )2
7, Bl o AUARIIEAR o T—XTE o 1Y e-RF B2 48
Lho ML DL e RERRYZS ], E LR

Y=1{g,012-D(s;,0) -cos 0 < &} )
2 D(s,, 0) AXTR o IAMIREAR s, EIXT 4L o WRE
B, R ARG B 0 Mo 5 s, ELE
IRV 8] ) S £ o

EX 2 X o ) - 4RI RN E o 7E
e- SR X R 8

EX 3 —DHEAE R m B RIER 12
H e W, BIPREAR R R L B (E Min Pts 2R PAEA
i 1 e- 4B L M, EE.

1m
MinPts = — > M, 2
inPts m; 2)

N T HER R o R NHRBLLL, RIXFEE 0 [ e-
BHIE ML, A IS EL Min Pts, /3%

DX A 25 BE A . AR — X R 0 1Y e- 4RI
M=Min Pts, W o Jp—"PFBRTE, WER—X5 0
1 e-2P 3% B M<Min Pts, W) o H— P HBgidi 4, —
A RIRBAT G U FREARLE S (seeds).

R4 SMOTE . B AH, DS-SMOTE H ki 45

K Q) TEMFHEA S HI P Z A5 BUFTFE A «

new = o+ D(seed; ,0) Xr 3)
A0 HEPRXTE, D(seed,, 0) W THEA seed, 5
HIEABFEA o Z M R BR GRS, » M REPLEL, H
re (0, 1),

DS-SMOTE B %0 B : 75 SMOTE .
AL b, 7RSS R P AR S 0
BEFTRERAE . FEF R b, AR DB i i o 4
HATHEAR G B — DA PR S, A T4
A I R A DB TP R AR Y R
TR B B R R AR R
Pl FREARSE . DS-SMOTE 83k 7= Ak (& REAS 43
AT T M 5 M R SR 2 0], e 2453 5 2506
AE ARSI DB S
DS-SMOTE &%

W WGE T, FIGHAES T ZHCEE S, =
X, X, 00 xmaj} DRSS 8= Wi Y2 s ViminS ~ Bl
WAEAR e % H{H Min Pts.

1) X TOBEES S, TERDUILGE T rhxt
Sy Y EE—DEAS p, TR HGE AR, A HAE /R 25
2B, WHAN y, e, AT T —
At

2) PR BERIES S,, PAAT 6= getE(S;) #4310
BARIR S &5

3) SRAGABIAEAE Ny & I, T DRCERREAR B

4) forj =1, |min|

5) %y, 1Y 4RI =15

6) forj =1, |min|

7) HHAHA DB GHEA y, BBGIE R D;

8) if D<=¢

9) y: I - 4P BE+1;

10) endfor

11) endfor

12) endfor

13) R4 (2), K159 L {H Min Pts;

14) forj =1, |min|

15) if y, 11 e-&B 3% FE <% BE B

16) y, IFREXTER, #F v, AR FHEALE S

17) endfor

18) endfor

19) PR A seed;
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20) 7L BEHLEL s

21) = (3) B HUHFEA, 1R BIFEASES new;

22) train = train U new;

DS-SMOTE $ikrh, f5 2 AR P A B &
T, LA e ZHABI AR e B FEIBI{H Min Pts, 1 /G5 7E
R 1) b, HEER DB e e A i D B
By Sy TP TR 2) v, SRR T D BORHEA S
Sy HATHRE, MR 25 B MEE: XA o 1Y - SR B%%
JERFEX R o TE e- 4PN X S50, T B0
BORMEACRAFIL e-SBIB BE, IFAEAP TR 3)~12)
D BRI AR BE I EAE R P W D HCR S G v ke
AR 1) 9% B I

W HEBR N TR i, BRI AR 2 4R
BRI BT B 1Y o R I — A AR Y
[, A SCIE AR V17 28 o e vh — RO B PEAG AR

#E: F-value DA & G-mean {HIEFTIPAY, 525604,
TE B2 PN RE AR 8] - 2 BE B AE AR AR, K1
538 2 Sr M REHLIE R 5 B S AT 5L g0 oy, 1B
BT AR FEAS W] B S e () — RIKR T
B e*0.3.e%0.5. 0.7 A M e'*1.3.¢'*1.5,
e 1.7 #ATIK . 2, 7EE 1 5 2 Al A
AR 2 I R - & (EIAS AR XA R )
AR AR, 76 e (555 T o sl 4B A
i} F-value VA & G-mean {H/K 551, bl & BUE W)
'L S, F-value LS G-mean {HERFFT-ER,
A PT TR RE BB IAEAR (87 HE B 1 48
WA B — o S, IF B 28 m o e
REA —E MR HR TR T TR &R
RVEE 7L, T DA R SRk A2 i 15 B i i
T DS-SMOTE J5 7 i il i o

£ 1 RESHEHERITH G-mean

Table 1 The G-mean under different neighborhood radius
RS0 R e £'*0.3 £*0.5 £'*0.7 &' &*1.3 g*1.5 e'*1.7
Germany 0.6419 0.647 4 0.6147 0.6710 0.665 8 0.6615 0.601 5
Tic 0.929 3 0.969 5 0.973 6 0.983 1 0.9759 0.968 2 0.963 1
diabetis 0.5125 0.669 8 0.695 5 0.804 7 0.644 6 0.623 6 0.5709
ionosphere 0.8390 0.8819 0.884 8 0.900 7 0.866 0 0.8575 0.8549
parkinsons 0.784 5 0.836 7 0.838 5 0.839 7 0.786 8 0.7211 0.658 3
x 2 AEBFHFEZEETH F-value E
Table 2 The F-value under different neighborhood radius
WAL £'*0.3 £*0.5 £'*0.7 ¢ e'*1.3 *1.5 e*1.7
Germany 0.578 0 0.5935 0.6132 0.645 2 0.597 1 0.5929 0.5316
Tic 0.888 5 0.9579 0.970 3 0.962 6 0.9420 09223 0.892 8
diabetis 0.5455 0.659 7 0.6850 0.745 6 0.627 7 0.5650 0.5850
ionosphere 0.786 9 0.7820 0.880 3 0.8956 0.850 6 0.845 1 0.8199
parkinsons 0.820 5 0.816 0 0.818 2 0.892 6 0.824 2 0.6857 0.6122
1.00 1.00
0.90 0.90
£0.80 2080
£ 070 7070
Che e
0.60 0.60
0.50 0.50 -
\*Qn" \*Q(? \*Q('\ © ‘*\7’ ‘*\5 ‘*\(-\
< o < © © ©
—&— Germany Tic —&— Germany Tic
—><— diabetis —k— ionosphere —>— diabetis —— ionosphere
—l— parkinsons —l— parkinsons

1 ARE4BEFZEE TE G-mean &
Fig.1 The G-mean under different neighborhood radius
TEA TR 14)~18) i, i G P38 7 1) 5 =X e
DB A B R, R A 5 A A T A 4

B2 FEPEFEZRETH F-value &
Fig.2 The F-value under different neighborhood radius

G VENTELTE 21) A BCTEEARINEM . 15453
21) 5T EW. Z#EER SMOTE 5.3k 1 B AR
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PG A, —E R bk T R R A TS
5 i U 3 SRR I AU TR, e AR 5 S
FOE AR Z 6] 5 BT REAS, A BB SRR A
TERCR ER—2

2 SLE 5 AR

2.1 iEMpERAE
— A IEEREEAE R PR RE A A el

PR VB REEARTTAR, 735K M52 53 0 TE2K (positive ) |

1125 (negative), W7 3 iRl TR AE MRS ok
FORBHY T ZE R, TR VEHFE AT R RIS 52
PR, o, TN (true negative) Fé/R 2 FEA
g ) o IE A AR AR B, B B4 28 TP(true posi-
tive) F&/R IEZRAEAS g 0] o3 IE B IR AR %R, BV ECIE
Z%; FN(false negative) F/R i FEA Rl ) 70 152
MIAEAER, R TS TR I RE A B 0] 43 TE 2R A
A%, BME 125 ; FP(flase positive) Z7R~ IEZSHEA
B ST FE R PR ACEL, R IE S AR A B ] 43
MRS, RIS IE2E
R3 ZHXETFHESRIER

Table3 The confusion matrix of 2-class problem

SRR B o AR, SCHRSR AT T 114 UCT £l
BEFATILIG AT, Qe 4 Fim . RS T i
ARV B 0 IR 5 SRR 2 b, S T i ik
B BAs £ 73 B B AR AR PR, TE2R A HE
I 0.097 ~ 0.629 A4, LR PRI R Z
EAE R P REA B, Horh, statimage 244k
AT 7 A2, S T AR AN AR A
TG, NI 4 AN D REEHEA, AR
ARG — M 2B, T 2 — ARy
£ 0.097 B PISBARHEA s thyroid Hdu s B
3 MR, TR 2 A 3 ARG —2, A
MAfAs T —H A 0.194 B PISSEIRFEAS
% 4[R2 e AR A TR B B A B
i IEJSREEAR RO | PORREAS RO DL OE TR A
By e —AR P
R4 ZWAHTA UCI BURE
Table 4 The UCI datasets for experiments

BEEA IEREA SRR AR

e T Sk 1IE2S TR 2
SERRIEZ TP FN
PRk FP TN

HERARR (Precision) FlIH AR (Recall) &40 251k
AR R LA AYFERRY . MERGZ (Precision) HUFR
FAFAERR, B A% (Recall) WAk 4%, BIIE2
(DB MR R . U

TP

Precision = 4
recision TP+ TP @)
TP
TPR = Recall =—— &)
TP+FN

F-value JZMERHZFN A B2 1 F1F-34, S8
A BAEN 1, B Ry R E SCANT : (S0 g ol
HEGR (Precision) fI7H [B12R (Recall) T fi LIS
B, — RS p=1) .
(1+8%) x Recall x Precision ©)
B*xRecall + Precision
TEARPHEE SRR, G-mean {B A & 43
B G I LY e O N S R G G AP D O = RE R
REMSMATEA
G-mean = VRecall x TNR @)

F-value =

A% A Recall(TPR), TNR, Precision, F-value .,

G-mean SF(EAE N H0 0 A2 TP A R REFR AR B B 1
2.2 SCIGHE
S T S S B RAE 7 i 5 W2 R R

HkE Pt B o Bod fE
statimage 36 4435 415 4020 0.097:1
Thoracic 17 470 70 400  0.175:1

thyroid 6 215 35 180  0.194:1

parkinsons 23 195 48 147  0.327:1
ILPD 11 583 167 416  0.401:1
Germany 25 1000 300 700  0.429:1
Echocardiogram 13 132 43 89 0.483:1
Tic 100 958 332 626  0.530:1
diabetis 9 768 268 500  0.536:1
ionosphere 35 351 126 225 0.560:1
votes 17 435 168 267 0.629:1

23 KWERS5HMH

N T HAIE DS-SMOTE Bk Ak BV i B s 4R
P RNE, C4.5 BRI B A RV SR B dE
2, TR BB AT RGO T 5 R 25 dAH L
BA RIFR 0 2E0ERE, SC R T C4.5 BIEAER
Ard8Ek, 315 SMOTE 5. . Borderline-SMOTE
AT TR ARSCRA T s URIE Ty
AT S, MR EE R 10 IREEIIE, FF4EXT
Recall(TPR). TNR , Precision, F-value, G-mean %548
P T oM o

TR R, K3 ~ 7 3 aeh] T 4
VL RMEAE 11 ANB0H 4 L ny s SR e Hath £ .
Horr, B AR 4 FhEEE RIS, AR IUETE 0 ~
1 2Z 1], 2 oA i 85l — R 508 i Bk
{H. IR EERA LA, T H] DS-SMOTE J7i2:
AT RAE, DR 2R A i
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C4.5 SMOTE  borderline DS _SMOTE
+C4.5 _SMOTE+C4.5 +C4.5
—e— statimage —m— Thoracic
—— thyroid —a— parkinsons
—x—ILPD —eo— Germany
—+— Echocardiogram Tic
diabetis —o—ionosphere
votes

B3 DEEREHBRTUHLE
Fig. 3 The variation curve for TPR of min
E 0.80

— e —k
0.75 V/\ %

0.70 C45 SMOTE  borderline DS _SMOTE

1.00
095
£0.90
50.85

+C4.5 _SMOTE+C45  +C4.5
—o— statimage —&— Thoracic
—»— thyroid —a— parkinsons
—x— ILPD —e— Germany
—+— Echocardiogram Tic
diabetis —a— ionosphere
votes

B4 ZHREHRELHELE

Fig. 4 The variation curve for TNR of major

o F—a \/’
N // >< ’74

1.0

¥ 0.6
&
04
0.2
0 ‘ ‘ — ‘
C4.5 SMOTE  borderline DS SMOTE
+C4.5 _SMOTE+C4.5 +C4.5
—e— statimage —a— Thoracic
—— thyroid —a— parkinsons
—x—ILPD —eo— Germany
—+— Echocardiogram Tic
diabetis —a—ionosphere
votes

5 EMETHHLE
Fig. 5 The variation curve of precision

1E3% 5, K B4R 78 DS-SMOTE 533k 4k
R 720 TNR (AT SMOTE %3545 Bor-
derline-SMOTE 3%, % T/ SO REA 4o iR
Y-l R R B R B B PR 4E statimage | thyroid Fl1 par-
kinsons JrAERCRAL 2, RUITEAL PR/ 2 07/
AR 43 25 R, DS-SMOTE 475 ek
s 3 6 P2 BIREAR B 7 IRG BRI, T AL
DS-SMOTE 8 3E1E PR UE 2 K08 70 JE v 2 1) i
IR BEE R I SRR A — R B ; TR

7 18 Fa] LIWEEE], DS-SMOTE B4 TR 7E 2
PR i AS ST ) % Precision ., F-value {H BRI ; G-
mean {EAE A AL PATEE B R 7 M RE I PPN T84T,
A REE R R — TR AR P A B A 1 o ek B
IR, 26 9 R DS-SMOTE &y 7 KR H %
£ 11 G-mean {HA 10 2 1 PL %, ULRAA SCHE 1 Y
AR SR AE A B AR e R

1.0 ~

0.8 OW" - —+
Bo6t »
g
o 0.4
0.2
0 ‘ ‘ ‘ ‘

C4.5 SMOTE  borderline DS_SMOTE

+C4.5 SMOTE+C4.5

—e— statimage
—»— thyroid

+C4.5

—&— Thoracic
—a— parkinsons

—x—ILPD —eo— Germany

—+— Echocardiogram Tic
diabetis —a— ionosphere
votes

Bl 6 F-value T HIZE

Fig. 6 The variation curve of F-value

1.0
P
0.9 - _—a
§0.7 ———

£0.6

S w
i

0.3 C4.5 SMOTE  borderline DS _SMOTE
+C4.5 _SMOTE+C45 +C4.5
—e— statimage —a— Thoracic
—<— thyroid —a— parkinsons
—x—ILPD —e— Germany
—+— Echocardiogram Tic
diabetis —eo— ionosphere
votes

7 G-mean T4k th £ &
Fig.7 The variation curve of G-mean
x5 DEKEBHE
Table 5 The TPR of min

SMOTE+ Borderline  DS-SMOTE+

PGS C4.5
C4.5 SMOTE+C4.5 C4.5

statimage  0.2514 0.248 0 0.2453 0.324 6
Thoracic  0.1436 0.2129 0.277 1 03231
thyroid 0.6132 0.8267 0.9857 0.9300
parkinsons  0.668 3 0.507 4 0.733 6 0.714 8
ILPD 04131 03488 0.403 3 04715
Germany  0.4313 0.3497 0.469 9 0.566 9
Echocardiogram 0.816 7 0.854 8 0.8525 0.866 9
Tic 0.723 6 0.5600 0.834 6 0.904 3
diabetis 0.6600 0.569 1 0.5470 0.7177
ionosphere  0.7814 0.610 6 0.805 2 0.834 8
votes 09501 0.8973 0.834 6 0.9657
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Table 6 The TNR of Major

#£ 9 G-mean
Table 9 G-mean

SMOTE+ Borderline  DS-SMOTE+

SMOTE+ Borderline  DS-SMOTE+

UG/ C4.5 Y6/ C4.5
C4.5 SMOTE+C4.5 C4.5 C4.5 SMOTE+C4.5 C4.5
statimage ~ 0.9241 09445  0.943 1 0.9329 statimage  0.4821 04840  0.4810 0.550 3
Thoracic  0.8503 08693~ 0.8806 08652 Thoracic ~ 0.3494 04302 04940 05287
thyroid 0.9875 09774 0.969 7 0.994 7 thyroid 0778 1 0.898 9 0.977 7 0.961 8
parkinsons  0.8589 0.9085  0.928 1 0.986 4 ' ' ' '
ILPD 0749 6 0.860 4 0.784 0 0.799 2 parkinsons  0.757 7 0.678 9 0.8251 0.8397
Germany  0.716 1 0.8161 0.773 7 0.836 1 ILPD 0.5565 0.547 8 0.562 3 0.6138
Echocardiogram 0.891 9 0.880 4 09174 0.9362 Germany  0.5557 0.5342 0.603 0 0.6710
Tic 08116 07754 0.8759 09942 Echocardiogram 0.853 5 0.8675  0.884 3 0.900 9
diabetis 0.7739 0.8116 0.789 4 0.902 2 - 0.766 3 0.6589 0.855 0 0.983 |
1C . . . .
ionosphere  0.878 7 0.829 8 0.9220 0.9717
votes 0.9557 0.945 6 0.8759 0.960 4 diabetis 0.7147 0.6796 0.657 1 0.804 7
T — ionosphere  0.828 6 0.711 8 0.861 6 0.900 7
7 BHBE
Table7 Precision votes 0.9529 09211 0.8550 0.963 0
g g5 SMOTE+ Borderline DS-SMOTE+ SIS A SCHR Y S DB B
~ C45 SMOTE+C45  C4.5 RRITEOLT, I RBCRA —E R Rt , RESTE
satimge 0271505230 05100031 LSRRI, ISR D
oracic . . . .
KPR R 5L 3E
‘I/ s N (e}
thyroid ~ 0.9600 0.9017  0.7900 0.9750 RGPV, IFFAT R
parkinsons  0.529 8 0.783 3 0.8145 0.9379 3 ééz: %i%
ILPD 0.3252 0.786 9 0.492 6 0.5124
Germany  0.1526 0.713 4 0.4757 0.966 2 %:‘Fiﬁ&ﬂ%%}ﬂéE@ﬁ{%%@&jkiﬁ@fﬁygﬁ;@ﬂ
peheclommm A TS ST T one W MR RIRA, AU SMOTE SR L,
1C . . . . —
4 O O, B T 3 ARG R O ik
. . Hm I h, NE 2P )3 BN I AN s
etoe 00973 0738 osers  ooms  DREIETREBEASMMENE ., SRR,
votes 09543 09225  0.7619 0.936 0 A EAEAL B P A S 43 25 ) - BAA AT
% MIBCR o T3 oh, TEAR SO T IS PO AEAS (8] P 24 B 5
8 F-value \ A2 N g \ - .
Table§ Foval VERABBEAR, 5 52 B0 UE W, 3 b HRU(E 5 1 ik A
able -value . . o
TN TIBUE MR, FATE il A ] e, o fid
+ i - + ~ N N P N
st cas o orD Borderline DSSMOTEY b aeat g A S PERRI BN T MRIE. {H,
. A3 SMYTBILAS S (A3 3o 13 7 0 2 A JRAS SO
statimage  0.4122 0.6350 0.6250 0.605 4 ﬁﬂ/‘]ﬁﬂ:%ﬁm ]
Thoracic 0.1944 03706 0.464 3 0.3554
= .
thyroid 0.9249 0.9245 0.869 6 0.980 6 Z %iﬁj}( -
parkinsons  0.6455 0.7629 0.844 3 0.892 6 [1] CHARTE F, RIVERA A J, JESUS M J D, et al. Addressing
ILPD 0.4384 0.6322 0.564 3 0.578 3 imbalance in multilabel classification: Measures and ran-
dom resampling algorithms[J]. Neurocomputing, 2015, 163:
Germany  0.2494 0.607 5 0.559 8 0.645 2
3-16.
Echocardiogram 0.810 1 0.801 2 0.8429 0.820 5 [2] RADIVOJAC P, CHAWLA N V, DUNKER A K, et al.
Tic 0.6986 0.63138 0.808 9 0.962 6 Classification and knowledge discovery in protein data-
diabetis 0.622 8 0.6975 0.663 8 0.745 6 bases[J]. Journal of biomedical informatics, 2004, 37(4):
ionosphere  0.8116 07265  0.8708 0.895 6 224-239.
[3]LIU Y, CHAWLA N V, HARPER M P, et al. A study in
votes 0.9313 09233 0.808 9 0.949 4

machine learning from imbalanced data for sentence bound-



© 872+ HOE R

g LERVE

ary detection in speech[J]. Computer speech and language,
2006, 20(4): 468—494.

[4] KUBAT M, HOLTE R C, MATWIN S. Machine learning
for the detection of oil spills in satellite radar images[J]. Ma-
chine learning, 1998, 30(2): 195-215.

[5]1 QIAN H, HE G. A survey of class-imbalanced data classi-
fication[J]. Computer engineering and science, 2010, 5: 025.

(6] Bz, ERIMG, D, 55 BT B30 e PR EE R A I3 1 %5 B

FlS LR B0 A B B2 4 O R (0. TR, 2014,
42(7): 1311-1319.
ZHAI Yun, WANG Shupeng, MA Nan, et al. A data min-
ing method for imbalanced datasets based on one-side link
and distribution density of instances[J]. Chinise journal of
electronics, 2014, 42(7): 1311-1319.

[7] CHARTE F, RIVERA A J, JESUS M J D, et al. Addressing
imbalance in multilabel classification: Measures and ran-
dom resampling algorithms[J]. Neurocomputing, 2015, 163:
3-16.

[8] GONG C, GU L. A novel smote-based classification ap-
proach to online data imbalance problem[J]. Mathematical
problems in engineering, 2016, 35: 1-14.

[9] BIAN J, PENG X G, WANG Y, et al. An efficient cost-
sensitive feature selection using chaos genetic algorithm for
class imbalance problem[J]. Mathematical problems in en-
gineering, 2016, 6: 1-9.

[I0]CHAWLA N V, BOWYER K W, HALL L O, et al.
SMOTE: synthetic minority over-sampling technique[J].
Journal of artificial intelligence research, 2002, 16(1):
321-357.

(L1 % W, TR, B8 00, STl SMOTE FA A 4L
PEAZIRITIEIFFE[I]. HF2#4R, 2007, 35(B12): 22-26.
YANG Zhimin, QIAO Liyan, PENG Xiyuan. Research on
datamining method for imbalanced dataset based on im-
proved SMOTE[J]. Chinese journal of electronics, 2007,
35(B12): 22-26.

[12]HAN H, WANG W Y, MAO B H. Borderline-SMOTE: a
new over-sampling method in imbalanced data sets learn-
ing[C]//International Conference on Intelligent Computing.
Springer Berlin Heidelberg, 2005, 3644(5): 878-887.

[13]HE H, BAT Y, GARCIA E A, et al. ADASYN: Adaptive
synthetic sampling approach for imbalanced learning[C]//
IEEE International Joint Conference on Neural Networks.
IEEE Xplore, 2008: 1322-1328.

[14] GRZYMALA-BUSSE J W, STEFANOWSKI J, WILK S.

A comparison of two approaches to data mining from im-
balanced data[J]. Journal of intelligent manufacturing,
2005, 16(6): 565-573.

[151EZ J, KRAWCZYK B, NIAK M. Analyzing the over-
sampling of different classes and types of examples in
multi-class imbalanced datasets[J]. Pattern recognition,
2016, 57(C): 164-178.

[I6] NANNI L, FANTOZZI C, LAZZARINI N. Coupling dif-
ferent methods for overcoming the class imbalance prob-
lem[J]. Neurocomputing, 2015, 158(C): 48-61.

[177NAGANJANEYULU S, KUPPA M R. A novel frame-
work for class imbalance learning using intelligent under-
sampling[J]. Progress in artificial intelligence, 2013, 2(1):
73-84.

[18] ZHANG X, SONG Q, WANG G, et al. A dissimilarity-
based imbalance data classification algorithm[J]. Applied
intelligence, 2015, 42(3): 544-565.

[19]1JIANG K, LU J, XIA K. A novel algorithm for imbalance
data classification based on genetic algorithm improved
SMOTE]J]. Arabian journal for science and engineering,
2016, 41(8): 3255-3266.

[20] XU Y, YANG Z, ZHANG Y, et al. A maximum margin
and minimum volume hyper-spheres machine with pinball
loss for imbalanced data classification[J]. Knowledge-
based systems, 2016, 95: 75-85.

[21TANWAR N, JONES G, GANESH S. Measurement of data
complexity for classification problems with unbalanced
data[J]. Statistical analysis and data mining the asa data
science journal, 2014, 7(3): 194-211.

{EEHA:

ERLL 4, 1979 44, BIHASZ, 1

&, FEWFIT 0 B A b

BESE SRR LSRR

Beukid, 2, 1991 4E4F, Wi-L0F5%
e, BB OB E




