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Bi-directional Oversampling Method Based on Sample Stratification
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Abstract Resampling technology has gradually become an important direction to solve the problem of classification for
imbalanced data because of its simplicity and intuition. However,in the case of small data sets,under-sampling in resam-
pling technology may lose important information of data sets,so oversampling is the focus of classification for imba-
lanced data. Although the existing oversampling methods effectively overcome the imbalance between classes,they may
cause dense areas of minority class to be denser,even lead to overlapping of samples. In addition.due to the noise of mi-
nority class,the existing oversampling methods may generate new samples around the noise, which makes the distribu-
tion of minority class more confusing. Aiming at these problems, this paper proposed a bi-directional oversampling
method based on sample stratification. It firstly divides the minority samples into dense area and sparse area based on
the highest density point and the intra-class average distance. And then the bi-directional oversampling is performed in
the boundary region of dense area and the sparse area. In order to verify the effectiveness of the proposed algorithm,
comprehensive experiments were conducted on 9 data sets of UCI database. The experimental results and Friedman test
results show the superiority of the proposed algorithm for the task of imbalanced data classification.
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Fig.1 Problems in SMOTE algorithm
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Fig. 2 Tllustration of proposed SBO algorithm
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Fig. 3 Bi-directional oversampling
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Table 2 Confusion matrix of two class problem
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AHEARNTT . HEREE Precision tLFK N E 3, H 1] % Recall
B g 40 HoE T .

TP

Precision= TP+ FP 9)
TP
RecallfTipJFFN (10)

F-measure 2 #E#i F Precision 1 H [1 # Recall 198 F1°F
¥, F-measure W{EHR & 23 2548 Pk RE At 47, Hose Uk«
(1+a”) X Recall X Precision

Fomeasure= a® X Recall+ Precision i
— 4 «=1,H I F-measure & XN .

_ 2XRecall X Precision
Fmeasure = Recall + Precision (az
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Table 3 Basic information of data sets
HER B ﬁj: ?#%z ?#iz 3%
HE OBHA¥RE HAHE
yeast3 9 1484 1321 163 8.1:1
ecolil 8 336 259 77 3.4:1
glass0 10 214 144 70 2.1:1
new_thyroid2 6 215 180 35 5.1:1
page_blocks0 11 5472 4913 559 8.8:1
yeast-2_vs_4 9 514 463 51 9.1:1
yeast05679vsd 9 528 477 51 9.4:1
ecoli4d 8 336 316 20 15.8:1
glassd 10 214 201 13 15.5+1
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AR VAL S 5 i i =2 7E Matlab R2016a 7523
K . SEEFR 5K Intel(R) Core(TM) i7-4790 CPU @ 3. 60 GHz
3.60GHz,8 GB WA, 64 i #:/E R4, Windows 7 Ll L,

S e R A BOE R AT I — AL AL B, SR S X AT
20 ¥ 5 4722 I AE (3 100 RS2 | deJm BT A 25 31y 7 1
ERAR M 22, A SCH BT IR 3k 5 & 1 SMOTE™ 559k |
Borderline-SMOTE" & 3 DL K — 1 3£ T k-means fil SMOTE
W e & 20 SRR O B R AT T AL il LibSVM AR O 3k
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Table 4 Comparison results of F-measure of 4 algorithms on 9 data sets

HEE SMOTE Borderline-SMOTE k-means-SMOTE SBO

yeast3 0.727240.0186(3) 0.661620.0118(4) 0.744340.0199(2) 0.758040.0026(1)

ecolil 0.8088+0.0302(2) 0.7687+0.0142(4) 0.808340.0269(3) 0.8249+0.0066(1)

glass0 0.715440.0208(3) 0.712940.0171(4) 0.717240.0246(2) 0.7248+0.0079(1)
new_thyroid2 0.962440.0224(2) 0.947620.0041(4) 0.955240.0285(3) 0.965940.0067(1)
page_blocks0 0.781240.0075(3) 0.703 6+0.0058(4) 0.802040.0060(2) 0.8025+0.0014(1)
yeast-2_vs_4 0.73264+0.0395(2) 0.6895+0.0175(4) 0.713740.0316(3) 0.733040.0074(1)
yeast05679vsd 0.512640.0433(2) 0.451240.0232(4) 0.464140.0386(3) 0.545040.0024(1)

ecolid 0.782940.0386(3) 0.7844+0.0033(2) 0.777240.0328(4) 0.8399+0.0139(1D

glassd 0.779540.0525(4) 0.7844+0.0216(3) 0.793740.0626(2) 0.7961+0.0201(1)

P 3 2.6667 3.6667 2.6667 1
S A FEELE 9 MR B9 G-mean AR
Table 5 Comparison results of G-mean of 4 algorithms on 9 data sets

WAEE SMOTE Borderline-SMOTE kmeans-SMOTE SBO

yeast3 0.788240.0139(3) 0.7263+0.0089(4) 0.821240.0272(2) 0.8674+0.0031(1)

ecolil 0.854140.0227(3) 0.7983+0.0105(4) 0.868040.0236(2) 0.897540.0024(1)

glass0 0.7566+0.0193(3) 0.7465+0.0156(4) 0.7579740.0213(2) 0.776640.0065(1)
new_thyroid2 0.96614+0.0167(2) 0.9620+0.0039(3) 0.958240.0219(4) 0.9792+0.0065(1)
page_blocks0 0.8183-£0.0065(3) 0.745840.0043(4) 0.9269-£0.0077(2) 0.9363+0.0008(1)
yeast-2_vs_4 0.807640.0305(2) 0.77514+0.0152(4) 0.801340.0287(3) 0.840340.0046(1)
yeast05679vsd 0.634340.0334(2) 0.5767+0.0188(4) 0.582540.0307(3) 0.8292+0.0056(1)

ecolid 0.882940.0376(3) 0.8895+0.0032(2) 0.877240.0376(4) 0.9568%0.0005(1)

glassd 0.831040.0415(4) 0.8620+0.0261(2) 0.841540.0557(3) 0.862540.0197(1)

A 2.7778 3. 4444 2.7778 1
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Table 6 R values of four algorithms

SMOTE
R 2.7223

Borderline-SMOTE
3.5556

k-means-SMOTE  SBO
2.7223 1

I A5 0 VA 2 5 T U I 2 A 258 1 D
ASC 4 AR R HEF ¥ 2.5, Friedman Ko % F o % 1
(000 S 7 W R IR O ELAE R T IR A A BE S 3 19
Ar 437, Friedman &8 01°F .

© 2B &, AAED?
Xr _A(AJrl)(_ElR’ .

_12X9
4X(4+D

4X (441)*
4

~18.7

[2.7223%+3.5556% +2.7223% +1° —

]
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£, R CHR[20], 2 a=0. 1 B} ¢, {H o~ 2. 128,115 HF
Y5708 22 00 1 I SR B an F .
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VBl 22 7% B ol B 3k A S 24 AL LA TR B o s 0 B AR BE R R I
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(a) F-measure

G-mean
SBO| =—t——

SMOTE ——

Borderline-SMOTE —_—
k-means-SMOTE —_—
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FHFE

(b) G-mean
I 4 Bonferroni-Dunn ¥ %
Fig. 4 Bonferroni-Dunn test
R TN A FEIEE 9 ADBURE LB iT A L,
T AFEIEAE 9 NBUE L E RIS AT ) H L

Table 7 Comparison results of running time of four algorithms on

9 data sets

CHLAY ;)
. . Borderline- kmeans- .
BER SMOTE SMOTE SMOTE SBO
yeast3 0.0891 1.3735 0.0924 0.0785
ecolil 0.0105 0.1260 0.0086 0.0233
glass0 0.0060 0.0511 0.0089 0.0195
new_thyroid2 0.0033 0.1022 0.0046 0.0051
page_blocks0 0.9769 5.5794 0.6409  0.6318
yeast-2_vs_4 0.0141 0.6570 0.0157 0.0140
yeast05679vsd 0.0303 0.2962 0.0332 0.0173
ecolid 0.0053 0.2003 0.0072 0.0052
glassd 0.0059 0.1329 0.0056 0.0032
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1 IXARR AR B2 I R AR 3E AT I 3 R AE . SBO S35 BE
AR AE T SMOTE 83k 51 i A 7R 8 2 1Y 7] 8, R < ff 25
AR I DX I8 PN 0 A A T % A IR 9% DX A A AR SR AR AR
SCEEGR T MR DL B B S, SEER A IR R W
Oy BEVERE RAF AR X FAETHERT 91 MBURE. A



88 B N N = R

2019 4F

UL F . E R i e B LU R A B B — 23 2R 1
RO B S A % P AR G [ R 22 2 22 00 S TR BE, R LT — 25
BEXS 2 00 2 IR HEAT B 5T

2 % x o

[1] HE H,GARCIA E A. Learning from imbalanced data [J]. IEEE
Transactions on Knowledge and Data Engineering,2009,21(9) :
1263-1284.

[2] ZHENG Z.,WU X,SRIHARI R, et al. Feature selection for text
categorization on imbalanced data [ J]. SIGKDD Explorations,
2004,6(1) :80-89.

[3] HUANG H,HE Q M,CHEN Q. et al. Rare category detection
algorithm based on weighted boundary degree [J]. Journal of
Software,2012,23(5):1195-1208. (in Chinese)

B TR BR AT S5 R TOIAG RS IR AT A ik ) .
AR ,2012,23(5) . 1195-1208.

[4] LOU X J,SUN Y X,LIU H T. Clustering boundary over-sam-
pling classification method for imbalanced data sets [ J]. Journal
of Zhejiang University (Engineering Science) ,2013,47(6) :944-
950. (in Chinese)

PRI AR . PIFRET X 45 . SRS 30 FL ok SR B AN - B B4R o0 28 07
LI, WK 2 4R (LA D 5 2013, 47(6) £ 944-950.

[5] WANG H.ZHOU Z M. An over sampling algorithm based on
clustering [ ] ]. Journal of Shandong University ( Engineering
Science) ,2018,48(3) :134-139. (in Chinese)

E#e, FSJE. AT R BN AR EL ] IR R ¥ 2R
(T2 /R ,2018,48(3) :134-139.

[6] WANG ] H.DUAN B Q. Research on the SMOTE method
based on density [J]. CAAI Transactions on Intelligent Sys-
tems,2017(6) :865-872. (in Chinese)

TARLL, Bk, — R 5 F % B 10 SMOTE Fik®rE[)]. FiE &R
Hi2F 4R ,2017(6) :865-872.

[7] ZHU Y Q.DENG W B. A method using clustering and sampling
approach for imbalance data [J]. Journal of Nanjing University
(Natural Sciences),2015,51(2) :421-429. (in Chinese)

ARG AT XL, — o He TN A R B R AR T B LT ). e
RAF2EARCARBLE D ,2015,51(2) :421-429.

[8] YU Q.JIANG S J,ZHANG Y M,et al. The impact study of
class imbalance on the performance of software defect prediction
models [J]. Chinese Journal of Computers, 2018, 41 (4): 809-
824. (in Chinese)

TIG 22U L o MG S5 3 AN 7 X A e o o A 2 1
B IR S [T, TS L2440, 2018, 41(4) - 809-824,
[9] LIXF,LIJ,DONG Y F,et al. A new learning algorithm for im-

balanced data—PCBoost [ J]. Chinese Journal of Computers.,
2012,35(2):202-209. (in Chinese)

2, T T Y, AL — ORI R Al RO 2 ) Bk PC-
Boost [J]. HH AL . 2012,35(2) :202-209.

[10] JIN X,WANG L,SUN G Z,et al. Under-sampling method for
unbalanced data based on centroid space [ J]. Computer Science.,
2019,46(2) :50-55. (in Chinese)

S0 EF L INERESE . — P T A5 ) YO B A A R A
Jrik [ B HLRRE,2019,46(2) :50-55.

[11] BARUA S,ISLAM M M, YAO X, et al. MWMOTE-majority
weighted minority oversampling technique for imbalanced data
set learning [ J]. IEEE Transactions on Knowledge and Data En-
gineering.2014,26(2) :405-425,

[12] HE H.BAI Y,GARCIA E A,et al. ADASYN:adaptive synthe-
tic sampling approach for imbalanced learning[ C]//IEEE Inter-
national Joint Conference on Neural Networks. IEEE Xplore,
2008:1322-1328.

[13] CHAWLA N V,BOWYER K W, HALL L O, et al. SMOTE:
synthetic minority over-sampling technique []]. Journal of Arti-
ficial Intelligence Research,2011,16(1):321-357.

[14] HAN H,WANG W Y,MAO B H. Borderline-SMOTE: A new
over-sampling method in imbalanced data sets learning [C] / In-
ternational Conference on Intelligent Computing, Springer-Ver-
lag Berlin Heidelberg,2005,3644(5) .878-887.

[15] GEORGIOS D,FERNANDO B,FELIX L.Improving imba-
lanced learning through a heuristic oversampling method based
on k-means and smote [ J]. Information Sciences, 2018,465:
1-20.

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

[17] XU Y.YANG Z,ZHANG Y,et al. A maximum margin and mi-
nimum volume hyper-spheres machine with pinball loss for
imbalanced data classification [ J]. Knowledge-Based Systems.,
2016,95:75-85.

[18] NEKOOEIMEHR I,LAI-YUEN S K. Adaptive semi-unsuper-
vised weighted oversampling (A-SUWO) for imbalanced data-
sets [ J]. Expert Systems with Applications,2016,46:405-416.

[19] ANWAR N,JONES G,GANESH S. Measurement of data com-
plexity for classification problems with unbalanced data [J].
Statistical Analysis and Data Mining,2014,7(3):194-211.

[20] DEMSAR ]. Statistical comparisons of classifiers over multiple
data sets [ J]. Journal of Machine Learning Research, 2006,
7(1):1-30.





