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An Improved Borderline-SMOTE Oversampling Method

Based on Local Resultant Gravitation

Lv Feng,Song Mei,Zhao Li,Zhu Yi,Li Henan

(School of Computer Science and Technology, Jiangsu Normal University, Jiangsu Provincial Key Laboratory of
Intelligent Education Technology, Xuzhou 221116, China)

Abstract: Data classification is a key process to ensure the effectiveness of big data analysis, and addressing class
imbalance in data classification has become a major focus of current research. Oversampling techniques, due to their
simplicity and effectiveness, have become one of the primary approaches for handling class imbalance. However, existing
oversampling techniques lack rational sampling strategies when dealing with class overlap in imbalanced data,leading to
overfitting in machine learning model predictions. Therefore, this study proposes an improved Borderline-SMOTE
oversampling method based on local resultant gravitation (IBSLG). Firstly, the boundary region is constructed based on
the nearest neighbour distribution of minority samples ;secondly,samples in this region are classified into low-probability
and high-probability boundary samples using a concentration measure derived from local resultant gravitation ;then a new
boundary region is constructed by calculating scaling factor based on these boundary samples distributions ; finally, new
samples are adaptively generated for this new region based on the class imbalance ratio. Comparative experiments
between IBSLG and six other sampling methods on four classifiers and eight imbalanced datasets show that IBSLG
achieves optimal F1,G-mean,AUC, and Friedman rankings on most datasets,as well as the highest average suboptimal
ratio on most classifiers, demonstrating its effectiveness.

Key words :imbalanced data, overfitting, class overlap , oversampling, Borderline-SMOTE , local resultant gravitation
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Fig. 4 Distribution of data after sampling on moons dataset with different sampling methods



PSR 4R (AR R 55 48 B4 5 191 (2025 4F)

FIE 4(d) & 5(d) AT, Borderline-SMOTE F1 ADASYN 18 3o 76 TR 1) i 30 3 X sl A il B REAS D2 1 4328
T DB PR AT 3G SR, TERE AR 1) i1 B IR A= B T KA A BRHEAS , S AT B iz X
BWNMRES L RE IR IR AT IS, R 4(0) B 5(6) FIE 4(g) (& 5(g) 1T%1, BA-SMOTE
H1IBSM 2 1 i FAL T R EE AT IS  (AAE 208 5 D HCREAR IS SUB AR I X IR SR AEAE R o B
FEA BN IMER A BT 205 5 1 G BUREASHE | 23 2 SRIR R 1 A i 28 5 IR A HU G |
Bl 4(h) B 5(h) AL AR SCHE A 7 AT AT 25000/ A BB AR I i, i o 2 v i S i i L 65
AT AR SRR B2 B | NS A 2Rt 1 A BEAR AL 1

-15 . -15 A

1 1 1 1 1 1 1 1 1 1 1 1 1 1
-1.5-1.0-050 05 1.0 1.5 -1.5-1.0-0.50 0.5 1.0 1.5 -1.5-1.0-0.50 0.5 1.0 1.5 -1.5-1.0-050 0.5 1.0 1.5
X X X X
(a) Original (b) SMOTE (c) Borderline-SMOTE (d) ADASYN

1 1 1 1 1 1
~15-1.0-05 0 0.5 1.0 1.5 -15-1.0-05 0 0.5 1.0 1.5 ~15-1.0-05 0 0.5 1.0 1.5 -15-1.0-05 0 0.5 1.0 1.5
X X X X
(¢) RSMOTE (f) BA-SMOTE (2) IBSM (h) IBSLG

o A o MEUIEA < HHFEA
B 5 ANEREEFETE circes HiEE FREFHNEESHE

Fig. 5 Distribution of data after sampling on circles dataset with different sampling methods

3.5.2 AFHEREREHH

AR AE I 7 23 04 LU 3 B S S IR A A | A, Sy 1l G S A ALY , DA S50 AR
JEHET 5 YT A SR (- G5 RAE A BLAR bR i) e 244573 3 3 1853 T IBSLG MIHAW 6 FRFETs 4
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FHEUALAEIN T R L b
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Table 3 Number of datasets for which all algorithms take the optimal value

LD AR SMO BOR ADA RSM BAS IBS IBSLG
DT 2 2 3 1 1 1 4
ot Ran 3 2 1 1 1 2 4
“meat Ada 1 3 1 1 1 2 5
XGB 4 3 2 0 2 1 4
DT 2 3 2 1 1 1 4
Ran 3 2 1 0 1 2 5
AUC Ada 1 2 1 2 1 2 5
XGB 4 3 2 0 2 1 4

£ 4 HEEH G-mean AUC BFEHIRME

Table 4 The average suboptimal ratios of G-mean,AUC for each algorithm

et SMO BOR ADA RSM BAS IBS IBSLG
DT 50% 8% 18% 7% 14% 0% 50%
Ran 0% 0% 14% 33% 29% 17% 2%
Ada 14% 27% 0% 23% 0% 17% 100%
XGB 0% 20% 17% 25% 50% 0% 25%
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Table 5 Comparison of F1 values for each method

g e SMO BOR ADA RSM BAS IBS IBSLG
DT 0.754 5 0.800 6 0.717 9 0.826 0 0.778 5 0.814 8 0.749 5

bl Ran 0.846 1 0.767 5 0.679 7 0.872 3 0.754 3 0.871 8 0.775 3
Ada 0.813 3 0.762 8 0.623 1 0.875 6 0.746 4 0.867 8 0.763 6

XGB 0.839 0 0.851 2 0.743 6 0.879 0 0.833 5 0.877 1 0.8325

DT 0.604 1 0.635 1 0.641 7 0.651 6 0.662 8 0.603 0 0.614 1

- Ran 0.667 8 0.650 4 0.650 9 0.690 0 0.654 6 0.674 4 0.696 8
Ada 0.640 3 0.656 3 0.637 8 0.662 5 0.627 1 0.626 4 0.665 9

XGB 0.679 2 0.669 1 0.648 5 0.684 2 0.690 8 0.683 7 0.707 4

DT 0.950 1 0.950 1 0.950 1 0.921 8 0.817 6 0.897 3 0.941 8

D3 Ran 0.933 1 0.990 5 0.964 6 0.961 8 0.909 4 1.000 0 1.000 0
Ada 0.939 0 0.939 0 0.939 0 0.977 1 0.873 8 0.939 0 0.949 4

XGB 0.950 1 0.950 1 0.950 1 0.936 8 0.913 1 0.940 6 0.950 1

DT 0.971 1 0.974 8 0.965 3 0.966 5 0.953 6 0.962 4 0.975 1

4 Ran 0.971 2 0.980 0 0.975 0 0.958 1 0.960 2 0.982 0 0.984 9
Ada 0.986 1 0.985 1 0.986 1 0.985 9 0.978 2 0.984 0 0.987 1

XGB 0.978 1 0.978 0 0.978 0 0.976 1 0.977 3 0.979 9 0.981 0

DT 0.922 8 0.916 0 0.916 5 0.923 5 0.903 2 0.913 0 0.923 6

DS Ran 0.942 3 0.941 4 0.940 8 0.952 5 0.936 4 0.938 9 0.965 6
Ada 0.951 6 0.960 9 0.956 5 0.957 8 0.948 4 0.964 4 09711

XGB 0.9750 0.969 2 0.969 5 0.975 2 0.969 3 0.969 6 0.968 9

DT 0.892 3 0.905 8 0.899 7 0.879 3 0.883 8 0.884 3 0.883 8

D6 Ran 0.969 3 0.974 7 0.974 7 0.969 3 0.9750 0.963 6 0.980 4
Ada 0.928 7 0.948 9 0.944 3 0.948 9 0.932 8 0.955 0 0.960 0

XGB 0.957 5 0.936 2 0.931 4 0.938 2 0.928 3 0.930 9 0.936 7

DT 0.720 2 0.710 2 0.719 7 0.701 8 0.660 0 0.751 6 0.769 1

b7 Ran 0.779 1 0.753 6 0.746 5 0.811 7 0.739 0 0.770 2 0.822 0
Ada 0.765 6 0.770 3 0.751 9 0.775 2 0.750 0 0.782 0 0.796 3

XGB 0.752 9 0.786 1 0.764 5 0.775 2 0.743 9 0.752'5 0.769 0

DT 1.000 0 1.000 0 1.000 0 0.967 1 0.989 5 1.000 0 1.000 0

DS Ran 1.000 0 1.000 0 1.000 0 0.983 8 1.000 0 1.000 0 1.000 0
Ada 1.000 0 1.000 0 1.000 0 0.983 8 1.000 0 1.000 0 1.000 0

XGB 0.980 6 0.980 6 0.980 6 0.945 5 0.980 6 0.980 6 0.980 6

126 3.5 I, 7E 8 B SE b AN SCH 1 IBSLG 5 HA 6 FREE DAL, (8 FHEEHLARAK . AdaBoost .
XGBoost FIPEFMAE R orZeaait 75 F1 _F o nBUE T 7.6.4 1 4 DEALE ; 7F G-mean AT 5IEE T 4.5 .4
4 D FfE 7 AUC _BArRllUs T 5.5 .4 F14 DN EUE. SRRSO IR R /-8 de_FIUS T /& pum)
gEIL BRI FE— S BARAE | DL D1 BAEEE A6, IBSLG {3 PR ED T HA SR AR J7 ik | X 2 th T RIR A B iy
B2 AR OB R S ECRFE T A B B REAR JC A S R AL, e e FL ok
IREAR. BEAR, 3R 4(4X(10) (11) TH5AS) ATAAE LI 4 N2  ARSCR AR 3 254 B3 IUs
T HPE BRI R, B, SR A SO EEAR S AR S LT ORI SR 0 R T . Oy T i
— 35 WA ST v S A T B RE 25 57, AN SC LA IBSLG A 357 v, 5 HARAE T VM Friedman #5561
ARSCR PR SCHR 2 AR B 53, BT AN T s AR IR FE A b AT 34 Bk (BRSO NE R PR s ) | e 45
FIEARFEN AR, T 0 2eis L AR BRI ME , SEgi g SR LA 6.

67 OFI4k% Ogmeantls B AUCHES _

1+
0 1 1 1 1 1 1 J
BAS IBS

SMO BOR ADA RSM IBSLG
R
6 #&Ei%H Friedman HEZ XLk

Fig. 6 Comparison of Friedman rankings by all algorithms
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