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DC-SMOTE oversampling method for an imbalanced dataset

JI Changpeng', SHANG Jiagi’, DAI Wei'

(1. School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China; 2. Graduate School,
Liaoning Technical University, Huludao 125105, China)

Abstract: Inspired by the poor performance of imbalanced datasets in classification tasks, an oversampling algorithm
based on local density and centrality is proposed. First, for all the minority sample points in the dataset, the Gaussian
kernel function and local gravity are used to calculate the local density and centrality, respectively. Furthermore, the first
type of new samples is synthesized for the portion with small local density to solve the imbalance problem within this
kind. According to the difference of centrality, the boundaries of minority samples are distinguished, and the second
kind of samples are specifically synthesized to strengthen the boundaries. Meanwhile, new samples are generated adapt-
ively, which solves the problem that most oversampling algorithms fail to clearly define the oversampling quantity or
blindly pursue the balance of the number of samples of two categories. Finally, experiments are conducted on 12 public

imbalanced datasets and results reveal that the algorithm has good performance in low- and high-imbalanced datasets.
Keywords: imbalanced dataset; oversampling; Gaussian kernel; local gravity; high-imbalanced data; SMOTE; imbal-

ance ratio; classification
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Table 3 IBR comparison before and after imbalance data
set processing

AP FE BT 96, 1R B I 9 U0 A A JRIfIBR  MAEIBR
BE# St S A IR M 5 18 R T S A A Feoli] 336 100
S 5 (9 A5 -5 K (B 5K . DC-SMOTE 8 155 Ecoli 2 5.46 1.00
BT AT B4 FLE M A 11 R eement ¥ o .
S AT 9 32 SRR D B RE A, {2 L A T A Feoli 046vs3 1 L0
=Y. yeast 1 vs 7 13.87 1.40
T 4 55 5 T LT H, AR SCHTER 9 0% Yeast2vs 210 L9
TEFFA BRI SE E #5673 T AR G-mean (HAN betier-A 243 233
AUC {8, [FI AT 345 BB (45 . L FC7E b 3 yeast 4 2841 >0l
= AN B0 £, U0 Yeast 4, Winequality 3vs7, Yeast 6 3913 13
Poker 8-9vs6 i, 7 LB 1 G-mean {1 H %5 5 % Winequality 3vs7 44.00 1.52
HE 19 T 2 R 570 44 B R AR T AR 5 8 Poker 8-vs6 2849 i
A A 7 2 R OV 0 S £ b P R Poker vs6 588 1ol
F4 BSHEEEHIESE L G-mean EXTLL
Table 4 Comparison of G-mean values of each algorithm on the data set
Hdli gk SMOTE ADASYN B-SMO CCR K-SMO KNNOR D-SMO
Ecoli 1 0.800 0.816 0.812 0.824 0.783 0.845 0.877
Ecoli 2 0.805 0.764 0.780 0.778 0.834 0.842 0.875
Segment 0 0.856 0.844 0.875 0.744 0.799 0.846 0.899
Ecoli 046vs5 0.783 0.808 0.828 0.850 0.796 0.855 0.869
yeast 1 vs 7 0.430 0.358 0.443 0.510 0.492 0.501 0.546
Yeast 2vs8 0.535 0.436 0.499 0.676 0.603 0.741 0.814
Letter-A 0.732 0.732 0.456 0.525 0.632 0.766 0.811
yeast 4 0.490 0.449 0.476 0.560 0.494 0.518 0.654
Yeast 6 0.512 0.504 0.589 0.640 0.588 0.625 0.665
Winequality 3vs7 0.215 0.235 0.230 0.409 0.295 0.380 0.602
Poker 8-9vs6 0.500 0.372 0.356 0.605 0.214 0.614 0.801
Poker 8vs6 0.703 0.661 0.385 0.762 0.400 0.382 0.799
®5 BEFEHESELAUCEXTE
Table 5 Comparison of AUC values of each algorithm on the data set
Y6/ S SMOTE  ADASYN B-SMO CCR K-SMO KNNOR D-SMO
Ecoli 1 0.813 0.860 0.810 0.836 0.807 0.844 0.914
Ecoli 2 0.852 0.824 0.830 0.869 0.867 0.862 0.873
Segment 0 0.724 0.734 0.814 0.822 0.733 0.823 0.853
Ecoli 046vs5 0.826 0.900 0.811 0.858 0.828 0.836 0.908
yeast 1 vs 7 0.632 0.575 0.627 0.663 0.646 0.635 0.709
Yeast 2vs8 0.746 0.699 0.659 0.737 0.715 0.786 0.864
Letter-A 0.734 0.747 0.788 0.715 0.805 0.822 0.854
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A S SMOTE ~ ADASYN  B-SMO CCR K-SMO KNNOR D-SMO
yeast 4 0.701 0.652 0.648 0.650 0.611 0.633 0.771
Yeast 6 0.779 0.779 0.732 0.707 0.745 0.760 0.828
Winequality 3vs7 0.555 0.579 0.564 0.644 0.612 0.615 0.835
Poker 8-9vs6 0.694 0.651 0.630 0.710 0.535 0.694 0.738
Poker 8vs6 0.723 0.722 0.662 0.773 0.695 0.654 0.798
DC-SMOTE S5 T LR R 5 e 528 3L
A T S S . S
'ﬁ': : E\ﬁ Qﬁﬁ;ﬁﬂ é\&% 1:%2"( l‘ﬁ/ﬂ &E ZE" iﬁ‘ X [1] LIULan, WANG Pengcheng, LIN Jun, et al. Intrusion de-
Pk st U‘ /J\ )LE E FEA &“L\ ’ /I:J‘ i HEEEE '% j\j Z G tection of imbalanced network traffic based on machine
B A AU DR T, (A A B — S DB R A learning and deep learning[J]. IEEE access, 2020, 9:
TR T AR E B A = CH A 7550-7563.
REME; FIEHE S E P ERIX AL E, £ [2]  AWOYEMIJ O, ADETUNMBI A O, OLUWADARE S
DR B B R B R A AR A A, T A. Credit card fraud detection using machine learning
133030 B BER B IER X 4 3 DB 42 7R B 1 techniques: a comparative analysis[C]//2017 Internation-
W%, B3SRBS AR A N B B o R AR D R, R al Conference on Computing Networking and Informat-
T EHHAEBRKEILE LD BERREAR , 2 FF ics (ICCNI). Lagos, Nigeria. IEEE, 2017: 1-9.
W R T G B A A 5 B R A M T [3] ZHANG Jue, CHEN Li. Clustering-based undersampling
o 3 SR RE B AR SR 9 G-mean i . AUC {8 with random over sampling examples and support vector
e N N machine for imbalanced classification of breast cancer
Wi, ROV RAERER diagnosis[J]. Computer assisted surgery, 2019, 24(sup2):
4 éé]: j{ —ng_ 62-72.
[4] FOTOUHI S, ASADI S, KATTAN M W. A comprehens-
TEIAN A By 432 nl b, R8s e s 1 ive data level analysis for cancer diagnosis on imbal-
PSS 25 4 22 SRR S T AN Pk . 1558 anced data[J]. Journal of biomedical informatics, 2019,
8 L A 435508 2 o L T — Oy R 90: 103089.
b 351 A B i D BRI R o DL, e A [5] MA Zhigiang, YAN Rui, YUAN Donghong, et al. An im-
B T AR M B REAS s 52— 5 T AS 6k 7 24 i 1y 2 balanced Spam mail filtering method[J]. International
B AR RO AT R AL 2 BB T 3 4 B A journal of multimedia and ubiquitous engineering, 2015,
ﬂ:%: H 1 %ﬂ%%xtﬁﬁ%ﬁ*ﬁﬂﬁ%fﬁ e T B%O (6] 2(1(12;191;1;6V, BOWYER K W, HALL L O, et al.
ARSCH ) DC-SMOTE 593578 78 0125 1 Jat i 2 SMOTE: synthetic minority over-sampling technique[J].
ﬁ&%‘éﬁzﬁ‘l‘i}jﬁ E/\Jﬁﬁ%%? ’ E L T/E\ﬁfﬁ%%‘l‘i 11 Journal of artificial intelligence research, 2002, 16:
RAE A, B MRS 5] FE SR B A A [R5 321-357.
PEEEEA a5 B, HIE N AR R R &0 /Y /> [7] HAN Hui, WANG Wenyuan, MAO Binghuan. Border-
BOEA R T A B D B R AR S R line-SMOTE: a new over-sampling method in imbal-
TG DECEEEA, IFUASH R ¥ EN e anced data sets learning[M]//Lecture Notes in Computer
Ao B SRR LLE AN S S SR AR Science. Berlin: Springer Berlin Heidelberg, 2005:
LA B B T AR R AT ELAT AR 378857
(BASCWAELE L L, — 7 A SCAUAL 56 1 — 4% [8] DOUZAS G, BACAO F, LAST F. Improving imbal-
K 9 B R SF 6 ) B 7 S B 6 25 3 5 anced learning through a heuristic oversampling method
PPN FETN N w e based on k-means and SMOTE[J]. Information sciences:
ﬁg?,gﬁ;*;méz;%ﬁﬁgﬁ/ﬁf;?fﬂfﬂ%ﬁf%i flIl intefnati(?r?al jourrfl, 20:8, f‘r65(C) :/ 1;20. ‘
(91 v, G, JRlmnte, 25, AP HrEdE i) EM R

MR, 22 4% R B MR R R T B 2R AR 2R
RORZME RN, 25 LTk, 7245 5 BHHsE
A RDRE A SO SR 22 22 0 28 09 [ ik m] L sl
JE s R 3l O MR s [ B A Tk — 25008

HRBER (0] LR SRR, 2023, 17(1):
228-237.
XIE Zipeng, BAO Chongming, ZHOU Lihua, et al. EM

clustering oversampling algorithm for class imbalanced


http://dx.doi.org/10.1080/24699322.2019.1649074
http://dx.doi.org/10.1016/j.jbi.2018.12.003
http://dx.doi.org/10.14257/ijmue.2015.10.3.12
http://dx.doi.org/10.14257/ijmue.2015.10.3.12
http://dx.doi.org/10.1613/jair.953

*533 -

BEMG, & AT B S () DC-SMOTE i

RAETT 5 3 40

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

data[J]. Journal of frontiers of computer science and tech-
nology, 2023, 17(1): 228-237.

T5E, 14k R 4 DBSCAN HIEtt SMOTE (#1:4 5k
FESE (7], THEHL TR S R, 2020, 56(18): 111-118.
WANG Liang, YE Jimin. Hybrid algorithm of DBSCAN
and improved SMOTE for oversampling[J]. Computer en-
gineering and applications, 2020, 56(18): 111-118.
ISLAM A, BELHAOUARI S B, REHMAN A U, et al.
KNNOR: an oversampling technique for imbalanced
datasets[J]. Applied soft computing, 2022, 115: 108288.
TSAI C F, LIN Weichao, HU Yahan, et al. Under-
sampling class imbalanced datasets by combining cluster-
ing analysis and instance selection[J]. Information sci-
ences, 2019, 477: 47-54.

FERE, BAT, B k. kT B fﬁ%%ﬁ’] F 3 N
RERFETT I 0], BEUIR B 5 N T4 88, 2020, 33(9):
811-819.

CUI Caixia, CAO Fuyuan, LIANG Jiye. Adaptive under-
sampling based on density peak clustering[J]. Pattern re-
cognition and artificial intelligence, 2020, 33(9):
811-819.

DAS B, KRISHNAN N C, COOK D J. RACOG and
wRACOG: two probabilistic oversampling techniques[J].
IEEE transactions on knowledge and data engineering,
2015, 27(1): 222-234.

YU Hualong, NI Jun, ZHAO Jing. ACOSampling: an ant
colony optimization-based undersampling method for
classifying imbalanced DNA microarray data[J]. Neuro-
computing, 2013, 101: 309-318.

TAO Xinmin, LI Qing, GUO Wenjie, et al. Self-adaptive
cost weights-based support vector machine cost-sensitive
ensemble for imbalanced data classification[J]. Informa-
tion sciences:an international journal, 2019, 487(C):
31-56.

HE Hongliang, ZHANG Wenyu, ZHANG Shuai. A nov-
el ensemble method for credit scoring: Adaption of differ-
ent imbalance ratios[J]. Expert systems with applications,
2018, 98(8): 105-117.

i, JEK Az, A4 R BEAN RO B AN SR BE L
B AERIE (3] BRI 5 LA g, 2020, 33(3):
249-257.

PING Rui, ZHOU Shuisheng, LI Dong. Cost sensitive
random forest classification algorithm for highly unbal-
anced data[J]. Pattern recognition and artificial intelli-
gence, 2020, 33(3): 249-257.

JO T, JAPKOWICZ N. Class imbalances versus small
disjuncts[J]. ACM SIGKDD explorations newsletter,
2004, 6(1): 40-49.

RODRIGUEZ A, LAIO A. Clustering by fast search and

[21]

[22]

(23]

[24]

[25]

[26]

find of density peaks[J]. Science, 2014, 344(6191):
1492-1496.

DU Mingjing, DING Shifei, JIA Hongjie. Study on dens-
ity peaks clustering based on k-nearest neighbors and
principal component analysis[J]. Knowledge-based sys-
tems, 2016, 99(9): 135-145.

WANG Zhiqiang, YU Zhiwen, CHEN C L P, et al. Clus-
tering by local gravitation[J]. IEEE transactions on cyber-
netics, 2018, 48(5): 1383-1396.

JIANG Jianhua, HAO Dehao, CHEN Yujun, et al. GDPC:
gravitation-based Density Peaks Clustering algorithm[J].
Physica A statistical mechanics and its applications, 2018,
502: 345-355.

HE Haibo, BAI Yang, GARCIA E A, et al. ADASYN:
adaptive synthetic sampling approach for imbalanced
learning[C]//2008 IEEE International Joint Conference on
Neural Networks (IEEE World Congress on Computa-
tional Intelligence). Hong Kong: IEEE, 2008: 1322—1328.
KOZIARSKI M, WOZNIAK M. CCR: a combined clean-
ing and resampling algorithm for imbalanced data classi-
fication[J]. International journal of applied mathematics
and computer science, 2017, 27(4): 727-736.
PIRYONESI S M, EL-DIRABY T E. Data analytics in
asset management: cost-effective prediction of the pave-
ment condition index[J]. Journal of infrastructure sys-
tems, 2020, 26(1): 4019036.

fEE®E I

BUHMNG, #¥%, EEMR T N
SR ST R e TR
Mﬁz — Ak | TE L 2 R 4 A AL
H, S 55%0AWIH 40 4%
Wi, AL TR L — 25 1 T
BT R 25— 542 3 T, 4%?%
2 Wi, ARAFE R LR 6 T, AT

FILH) 16 T, KFFEARIBL 100 5. E-mail: ccp@Intu.

edu.cn,

WA, WL OESE, FEEWRT
LPSLIE eI 5 € R ok 8
409516478@qq.com,

E-mail:

R, P, 14, FBFR AN
RIS E SR A5 AL EE, R E K
BEWIEAN 1 30, BRI 4 I, 3R
ARIEIC 10 %5 . E-mail: daiwei0084@
126.com,


http://dx.doi.org/10.3778/j.issn.1002-8331.1906-0441
http://dx.doi.org/10.3778/j.issn.1002-8331.1906-0441
http://dx.doi.org/10.3778/j.issn.1002-8331.1906-0441
http://dx.doi.org/10.3778/j.issn.1002-8331.1906-0441
http://dx.doi.org/10.1016/j.asoc.2021.108288
http://dx.doi.org/10.1016/j.ins.2018.10.029
http://dx.doi.org/10.1016/j.ins.2018.10.029
http://dx.doi.org/10.1016/j.ins.2018.10.029
http://dx.doi.org/10.1109/TKDE.2014.2324567
http://dx.doi.org/10.1016/j.neucom.2012.08.018
http://dx.doi.org/10.1016/j.neucom.2012.08.018
http://dx.doi.org/10.1145/1007730.1007737
http://dx.doi.org/10.1126/science.1242072
http://dx.doi.org/10.1109/TCYB.2017.2695218
http://dx.doi.org/10.1109/TCYB.2017.2695218
http://dx.doi.org/10.1109/TCYB.2017.2695218
http://dx.doi.org/10.1016/j.physa.2018.02.084
http://dx.doi.org/10.1515/amcs-2017-0050
http://dx.doi.org/10.1515/amcs-2017-0050
http://dx.doi.org/10.1061/(ASCE)IS.1943-555X.0000512
http://dx.doi.org/10.1061/(ASCE)IS.1943-555X.0000512
http://dx.doi.org/10.1061/(ASCE)IS.1943-555X.0000512

