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A borderline sample synthesis oversampling method based on KNN and

random affine transformation
LENG Qiangkui, SUN Xuezi, MENG Xiangfu

(School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Oversampling is a proven strategy for addressing imbalanced data classification challenges. This paper intro-
duces a borderline sample synthesis oversampling method based on K-nearest neighbor (KNN) and random affine trans-
formation to improve both the seed sample selection stage and synthetic sample generation stages of existing over-
sampling methods. Initially, the three nearest neighbor theory is applied to establish an effective intrinsic neighborhood
relationship between samples and remove noise from the dataset. This step helps reduce the risk of overfitting by sub-
sequent classifiers. Next, the minority-class borderline samples that are difficult to learn but contain rich information are
accurately identified and treated as sampling seeds. Finally, the method replaces traditional linear interpolation with loc-
al random affine transformation, uniformly generating synthetic samples within the approximate manifold of the origin-
al data. Compared with traditional oversampling methods, the proposed method more effectively leverages important
borderline information within datasets, thereby enhancing classifier performance. Extensive comparative experiments
were conducted on 18 benchmark datasets, comparing the proposed method against 8 classic sampling methods, each
combined with 4 different classifiers. The results show that this method achieves higher F scores and geometric means
(G-mean), addressing the imbalanced data classification problem more effectively. Furthermore, statistical analysis con-
firms that the method has a higher Friedman ranking.

Keywords: K-nearest neighbor; linear interpolation; borderline sample; natural distribution; oversampling; three nearest

neighbor theory; random affine transformation; imbalanced classification
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Fig. 8 Comparative experiment on the 2D dataset
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(knowledge extraction based on evolutionary learning)=**!
#1 UCI(university of California Irvine machine learn-
ing repository)*”, MOCHI A WK 1. FELL
— RS B 5 R oy IR AR N AR, S
WA AR e 5 W E . sr 2R ARk Ada-
Boost!®!, SVM(support vector machine)*°!| Bal-
anceCascade®"! Fl C4.5M1, F3ZE 850 8 Flt HH >k Xt Lt
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FEA 2l B 5% F FEAEL S, =|F|; 1E 2850 A ) bn 1fE
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® 1 BEREHR
Table 1 Description of the datasets

VG AN RELES JE A% BEANEL DBCEREAR ZHCEHEAR i
spambase 1.54 57 4597 1812 2785 D1
ecoli-0 vs 1 1.86 7 220 77 143 D2
irisO 2.00 4 150 50 100 D3
german 2.33 24 1 000 300 700 D4
yeastl 2.46 8 1484 429 1055 D5
texture_6 2.67 40 5500 1500 4000 D6
glass-0-1-2-3_vs_4-5-6 3.20 9 214 51 163 D7
texture 13 4.50 40 5500 1000 4500 D8
new-thyroidl 5.14 5 215 35 180 D9
ecoli2 5.64 7 336 52 284 D10




336+ BOfiE R & ¥ i 20 %
gk
VG A S RELES JE A% BEANE DBCREEAR ZHCHEAR i
sgment0 6.02 19 2308 329 1979 D11
page-blocks0 8.79 10 5472 559 4913 D12
yeast-2 vs 4 9.08 8 514 51 463 D13
vowel0 9.98 13 988 90 898 D14
shuttle-c0-vs-c4 13.87 9 1829 123 1706 D15
glass-0-1-6_vs 5 19.44 9 184 9 175 D16
shuttle-c2-vs-c4 20.50 9 129 6 123 D17
yeast-2 vs 8 23.10 8 482 20 462 D18
322 WMAEAR F o= 2 X Precision X Recan
= S remen e

SEG SR FL 4388 (F, score)!' ) Fi L] #){H
(geometric mean, G-mean)? YE N PEA $E b, Hoit
R A R 2 P 09 IR W AR BE R A i R
(Precision=N1p/(Npp+Nrp)) « H [n] (Recar=N1p/(Nrpt

Nen))- i 5 i (Speciﬁcity:N v/ (N1ntNgp)) o

*2 RBEBERE
Table 2 Confusion matrix
A L 1E 2k HES
PRI TP=FL I3 FN = fifi2k
ENTNES FP = fRIE2% TN = K2

Table3 Comparison of the proposed method with the other 8 methods on F, (with Adaboost classifier)

Precision + Recall

Gmean = \Y Recall X S pecificity

A Fy R R A R A MO, PO
R A B X B AR I ) RE )RR R
Ginean A 0] 2 FVRR 52 B, S 38 19 LA 3,
BN 2 AR R E

323 FHI4ERHSH

3~ 1006 TA SO i 5 H oAl 8 FhRAETT

(G55 4 Fh 43 2548%) 76 18 M hn B bE 45 I IS
B F, il G-mean, = A (B AL IR

*3 AXFEEEHMSFAIEE F, EHXTEL (52251 Adaboost)

%

A  ADASYN SMOTE Borderline-SMOTE SMOTEWB  SMOTE-IPF RBU  LoRAS RBO A5k
D1 92.98 93.08 95.63 96.75 94.42 93.10 9584  94.55 94.71
D2 91.55 96.20 96.73 96.17 96.20 9491 9495 9438 97.98
D3 98.95 98.95 98.95 98.95 98.95 98.95 9895  98.95 98.95
D4 56.90 56.78 57.97 57.76 60.90 56.96  60.42  58.56 61.23
D5 55.78 53.56 54.67 57.39 56.97 597 5633 56.75 60.87
D6 85.94 85.67 81.34 84.40 8.02 7786 86.67  85.29 89.82
D7 83.05 85.14 83.84 85.98 85.08 83.73 8730  84.87 86.08
D8 71.35 75.65 73.96 75.82 73.66 73.02  76.18 7453 76.83
D9 87.84 87.07 89.25 91.72 88.60 9333  94.00 9248 90.94

D10 71.23 76.27 79.73 76.91 81.82 68.74  79.84  73.64 82.35
D11 97.91 97.92 98.35 96.90 97.88 9524 9787  98.17 98.20
D12 78.62 80.89 81.50 81.43 78.91 78.01  86.11  86.84 82.94
D13 67.81 69.56 74.53 75.34 70.95 68.85 7801  77.48 79.38
D14 91.25 90.68 91.42 92.38 88.45 70.07  93.08  91.40 92.51
D15 98.42 99.22 100.00 98.04 99.22 100.00  100.00  99.61  100.00
D16 68.86 63.33 69.33 83.05 66.10 59.69 8390  62.00 88.00
D17 96.00 90.00 100.00 91.43 90.00 86.67 100.00 100.00  100.00
D18 52.86 50.94 48.48 50.58 4771 2329 6262 5255 67.14
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Table 4 Comparison of the proposed method with the other 8 methods on G-mean (with Adaboost classifier) %
¥l  ADASYN SMOTE Borderline-SMOTE SMOTEWB SMOTE-IPF  RBU LoRAS RBO A3k
Dl 95.88 95.92 96.12 95.71 95.61 94.32 95.83 95.64 96.31
D2 94.36 97.22 97.62 97.61 97.22 96.17 96.54 96.18 98.31
D3 98.97 98.97 98.97 98.97 98.97 98.97 98.97 98.97 98.97
D4 67.78 67.46 66.55 68.43 67.42 66.23 69.17 66.85 70.68
D5 68.41 71.38 66.96 69.92 66.05 65.69 65.35 65.81 69.52
D6 93.16 89.49 87.55 88.50 83.82 82.16 90.56 89.37 91.28
D7 88.28 90.20 88.62 91.70 90.15 89.70 90.74 88.59 93.33
D8 83.71 87.40 88.48 87.07 86.49 84.23 87.90 87.05 89.15
D9 90.98 89.64 92.58 95.01 90.11 96.44 94.34 94.88 93.40
D10 85.20 87.92 87.99 88.22 91.95 84.51 88.48 85.97 91.74
D11 99.26 99.52 98.87 98.96 97.47 98.66 98.75 98.93 99.19
D12 88.86 89.23 90.13 91.26 89.44 90.02 92.68 90.97 90.70
D13 85.79 85.80 86.65 87.06 84.55 76.51 87.67 85.23 88.22
D14 95.05 92.47 95.21 98.66 97.19 95.12 96.62 95.43 96.06
D15 99.88 99.94 100.00 99.85 99.94 100.00 100.00 99.97 100.00
D16 97.38 91.78 79.13 96.59 97.09 88.07 95.62 83.36 99.14
D17 99.58 98.26 100.00 97.50 98.26 98.33  100.00 100.00 100.00
D18 68.14 71.79 68.74 73.84 67.98 74.56 72.65 71.58 77.33
RS5 AXFESHMSFFAEE F, LWL (5 £ [EH SVM)

Table S Comparison of the proposed method with the other 8 methods on F, (with SVM classifier) %
¥l ADASYN SMOTE  Borderline-SMOTE SMOTEWB SMOTE-IPF RBU  LoRAS RBO ATk
DI 87.83 87.17 86.96 90.03 89.15 83.80 90.35 88.29 90.52
D2 95.67 97.37 96.20 96.77 97.37 95.10 96.21 95.74 97.38
D3 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
D4 77.88 78.84 76.34 79.34 71.92 75.30 77.17 77.59 79.05
D5 58.54 58.15 58.07 59.26 58.57 57.11 60.15 58.66 59.50
D6 78.25 76.35 76.14 77.60 74.83 66.94 78.53 77.02 79.80
D7 87.44 90.85 88.83 90.68 88.65 85.19 89.39 86.74 88.85
D8 57.26 59.10 60.18 60.04 58.94 54.80 64.22 59.37 66.18
D9 88.45 84.32 95.80 92.58 91.10 90.67 94.46 93.72 93.30
D10 66.78 71.84 70.29 72.92 71.49 72.32 71.47 70.58 73.99
D11 93.36 94.96 95.56 95.25 94.78 97.67 95.06 94.12 95.57
D12 48.73 54.59 55.14 53.91 55.49 52.45 50.80 51.05 56.84
D13 53.93 68.73 67.75 66.82 68.73 64.99 69.24 67.76 68.41
D14 92.36 95.38 100.00 97.13 94.87 77.24  100.00 100.00 100.00
D15 88.68 97.07 95.28 94.14 97.07 90.15 96.84 95.30 97.92
D16 55.71 52.76 72.00 70.11 52.76 27.72 73.26 66.00 73.97
D17 43.33 54.67 53.33 57.45 54.67 23.64 59.10 52.18 60.52
D18 19.64 54.37 52.64 60.09 54.37 56.30 65.66 66.81 63.67
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Table 6 Comparison of the proposed method with the other 8 methods on G-mean (with SVM classifier) %

¥l  ADASYN SMOTE Borderline-SMOTE SMOTEWB SMOTE-IPF  RBU LoRAS RBO A3k
Dl 91.27 91.73 92.74 94.54 9291 91.05 94.10 93.48 94.19
D2 97.18 97.95 97.26 97.61 97.95 94.64 97.76 96.28 97.97
D3 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
D4 79.92 82.58 79.76 82.17 81.25 80.39 82.64 82.87 84.06
D5 70.48 70.53 70.45 71.56 70.78 69.45 71.41 67.98 70.96
D6 83.46 82.52 82.15 83.31 78.40 72.96 84.21 81.98 83.57
D7 93.43 95.47 94.08 92.38 93.39 91.39 93.62 92.13 93.46
D8 58.09 57.45 59.83 62.27 59.74 53.26 64.82 62.10 65.37
D9 96.28 94.01 97.96 96.31 96.82 94.88 96.05 97.68 97.39
D10 88.70 90.76 89.46 91.14 89.96 90.49 91.58 90.21 92.77
D11 95.42 95.68 95.78 95.96 95.39 94.45 95.78 96.20 96.91
D12 66.51 67.45 64.65 63.89 68.01 67.09 67.75 60.92 68.70
D13 87.63 89.41 85.87 88.16 89.41 89.93 88.04 87.38 88.56
D14 99.16 99.50 100.00 99.83 99.44 96.94 99.44  100.00 100.00
D15 98.68 97.48 95.42 97.34 97.48 99.18 98.30 95.43 97.75
D16 90.99 90.52 79.42 86.20 90.52 82.37 89.64 73.65 87.28
D17 53.44 71.99 54.14 72.18 71.99 74.93 71.60 70.28 75.85
D18 68.75 74.94 71.58 77.31 74.94 72.83 79.08 75.56 80.14

x7T AXHESHEHMS A EAE F, LHI3TLL (4 235/ A BalanceCascade)
Table 7 Comparison of the proposed method with the other 8 methods on F; (with BalanceCascade classifier) %

¥l ADASYN SMOTE  Borderline-SMOTE SMOTEWB SMOTE-IPF RBU  LoRAS RBO ATk
DI 90.96 91.82 91.30 90.11 86.70 82.98 92.00 91.53 92.91
D2 91.07 93.76 94.91 94.95 96.20 93.33 97.98 95.55 96.28
D3 98.95 98.95 98.95 98.95 98.95 97.90 98.95 98.95 98.95
D4 71.63 70.71 68.62 72.59 68.93 66.24 71.46 70.20 71.97
D5 42.82 49.92 52.23 57.96 52.78 43.64 56.14 51.46 63.09
D6 83.43 84.89 80.58 83.73 85.33 82.85 86.14 84.59 86.62
D7 84.60 86.25 84.88 85.83 87.72 79.44 88.80 87.92 91.23
D8 67.54 66.91 63.78 67.31 65.59 62.08 68.33 66.48 69.21
D9 89.48 88.83 85.71 91.27 84.94 91.31 87.50 93.81 90.95
D10 79.82 80.38 80.32 81.14 85.71 67.70 78.95 78.86 82.08
D11 97.02 98.80 97.74 98.97 96.88 96.31 97.71 97.89 98.33
D12 83.31 82.73 83.71 82.12 81.70 78.07 84.64 83.15 86.47
D13 71.64 63.91 72.16 72.57 63.03 69.15 74.28 71.33 73.23
D14 91.50 89.92 90.73 91.63 90.84 75.95 90.25 91.37 93.06
D15 98.42 99.22 100.00 99.61 98.48 100.00 100.00 99.61 100.00
D16 61.43 47.33 59.33 63.35 72.67 45.10 66.00 58.73 72.00
D17 100.00 96.00 100.00 93.33 91.43 80.00  100.00 100.00 100.00
D18 34.19 57.03 40.24 60.00 55.43 23.14 61.43 59.52 65.71
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Table 8 Comparison of the proposed method with the other 8 methods on G-mean (with BalanceCascade classifier) %

¥l  ADASYN SMOTE Borderline-SMOTE SMOTEWB SMOTE-IPF  RBU LoRAS RBO A3k
D1 97.14 97.00 96.90 97.10 96.54 93.83 97.11 96.32 97.36
D2 94.06 95.81 96.54 96.53 97.22 94.92 98.31 96.87 97.26
D3 98.97 98.97 98.97 98.97 98.97 97.95 98.97 98.97 98.97
D4 77.88 78.84 76.34 77.17 73.92 71.58 79.15 77.69 79.43
D5 55.61 61.85 63.86 67.79 65.83 56.92 61.50 63.83 70.41
D6 85.40 86.42 83.13 87.27 86.04 84.75 86.83 86.05 88.14
D7 90.62 91.23 90.25 90.08 92.50 86.09 92.09 91.20 94.40
D8 64.20 59.91 61.87 65.22 61.54 58.70 67.13 65.90 68.25
D9 91.29 89.97 91.29 93.68 95.11 89.97 91.63 95.16 93.42
D10 89.55 88.98 85.58 89.21 88.24 81.01 87.03 87.80 90.96
D11 98.73 99.67 98.86 99.03 97.32 97.28 98.83 98.21 99.09
D12 92.84 89.74 93.06 90.14 91.13 84.61 92.05 92.80 94.90
D13 84.62 79.51 84.93 85.54 83.84 78.46 85.45 81.49 86.96
D14 91.82 93.54 93.83 92.56 94.28 96.62 94.19 94.92 95.51
D15 99.88 99.94 100.00 99.97 99.88 100.00 100.00 99.97 100.00
D16 80.62 72.87 73.07 82.14 83.27 73.65 83.91 77.52 86.85
D17 100.00 99.58 100.00 98.94 98.71 80.00 100.00 100.00 100.00
D18 47.74 72.29 63.14 70.46 73.61 67.68 74.76 73.26 73.92

R9 AXFESHMSFAEE F, LHIXTLE (5 |[EM C4.5)
Table 9 Comparison of the proposed method with the other 8 methods on F, (with C4.5 classifier) %

WHEE  ADASYN SMOTE  Borderline-SMOTE SMOTEWB SMOTE-IPF RBU LoRAS RBO AUk
D1 94.19 92.07 92.73 93.07 92.67 90.14 94.52 92.11 94.63
D2 93.84 96.55 96.73 97.09 96.55 93.33 96.97 97.33 97.98
D3 98.95 98.95 98.95 98.95 98.95 98.95 98.95 98.95 98.95
D4 54.02 54.19 59.25 60.07 61.14 50.91 61.21 59.20 61.50
D5 57.25 58.72 58.36 58.13 56.20 57.68 61.91 58.22 60.82
D6 89.24 85.27 87.42 85.97 83.15 75.20 88.48 85.98 87.86
D7 80.28 81.40 79.42 84.67 81.40 84.59 84.45 83.76 87.72
D8 78.70 79.76 82.75 81.48 82.75 76.53 82.81 80.56 81.74
D9 85.34 87.60 92.83 89.72 87.14 91.81 88.71 91.29 92.31
D10 76.67 75.20 78.90 77.93 74.57 75.30 73.82 75.54 82.70
D11 95.81 97.30 97.09 95.63 97.60 92.36 98.04 97.89 97.74
D12 72.40 77.20 81.45 80.26 77.30 70.85 82.65 85.19 84.03
D13 65.56 68.64 75.47 76.92 66.77 66.01 69.90 65.32 74.76
D14 89.75 89.88 92.85 90.30 90.34 67.42 92.31 91.40 93.06
D15 98.42 99.22 100.00 94.63 99.22 100.00 100.00 99.61 100.00
D16 57.14 54.98 72.00 63.81 50.22 50.67 65.72 59.88 68.00
D17 93.33 96.00 100.00 98.75 96.00 86.67 100.00 100.00 100.00
D18 23.83 46.72 47.67 52.36 50.09 36.47 56.20 53.32 60.33
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Table 10 Comparison of the proposed method with the other 8 methods on G-mean (with C4.5 classifier) %
HHE%E  ADASYN SMOTE Borderline-SMOTE SMOTEWB  SMOTE-IPF RBU  LoRAS RBO  AJrik
DI 96.00 94.91 92.64 93.07 92.62 90.26 9459  93.83 96.02
D2 95.79 96.61 97.60 98.15 96.61 9493 9720  97.96 98.31
D3 98.97 98.97 98.97 98.97 98.97 98.97 9897  98.97 98.97
D4 64.54 64.49 68.12 69.16 67.70 63.51 6979  67.42 70.76
D5 69.20 70.71 70.36 70.28 68.81 69.70  72.02 7025 71.43
D6 90.68 90.36 90.10 91.00 85.13 8821  90.55  88.05 90.60
D7 88.18 87.99 86.20 90.75 87.99 90.00  88.68  89.72 92.39
D8 89.71 89.95 91.62 91.79 90.98 86.17 9053  89.20 90.85
D9 95.42 93.68 96.06 94.89 92.34 9597 9129  94.75 97.41
D10 90.16 89.20 88.66 90.38 89.05 84.45  87.09  86.22 92.59
D11 98.14 98.78 97.98 98.73 99.08 98.12  99.04  98.70 98.98
D12 91.77 91.61 92.37 90.13 91.51 89.30 92,65  93.13 93.23
DI13 86.17 89.26 83.99 87.85 82.51 81.79  85.07  82.52 86.63
D14 94.87 93.22 95.54 94.59 93.22 84.67 9536  95.00 96.11
DI15 99.88 99.94 100.00 99.59 99.94 100.00  100.00  99.97  100.00
D16 81.79 69.69 82.42 87.58 79.14 7495 8653  81.42 89.82
D17 99.60 99.58 100.00 99.12 99.58 9833  100.00 100.00  100.00
D18 5321 69.17 71.43 70.95 65.04 68.70 7245  69.29 77.65

M3~ 4 ATLLE ), 7EfHTH Adaboost 1F K )5
B AARES, AR SO IR 12 AN EEAE LIS T i
EHOF, E LB LIRS T REMN G-
mean, 7E5 8 FIS M ILMNLEA X L, F, F8
BT T 4.66 H 4> H, G-mean FHHTF T 2.30 H
Gy o TERUN HRA Y, AT A 5 HA 8 Fh 2
TR F, EW BT 17:0,17:0, 1312,
15:2,17:0,15:1,10:5, 14:2, £ G-mean F 1)1k
FEb A3l 15:2,15:2,15:0, 13:4,15:2,15:1,
12:3,14:2,

M5 ~6 AT LLE M, 7R H SVM AEN 5 &
OYAEERIS, AR OO EAE 11 A BUEE FIUS T RS
M Fy, 76 10 D5 5 FEUS T 5% & ) G-mean,
EH 8 MR IEMEgEa X b, F PR T
4.16 A4, G-mean FIRTF T 2.17 A 43 1E
BN B, AR SOy e oA 8 R 2 IR Uy VA AE
F, BRI 5 R 17:0,15:2,15:1,15:2,
16:1,16:1, 11:5, 14:2, 7€ G-mean I ¥ i 11 1 7>
A 15:2,14:3,14:2,15:2,15:2,15:2,12:5, 15:1,

MHE 7~ 8 A LIFEH, 7E4# ] BalanceCas-
cade 1E N J5 B3 JE AR, A SO ELE 11 DB
LHUS T BE I Py, 7R 13 B DS T s
# G-mean, 75 8 Fi S B ik s & X b,
FFEETH T 4.59 15 5, G-mean 42T+ T
318 H A Mo FERUN A, AR SO k5 HA

SHMS Mk P LSRN 16:0,
16:1,15:0, 14:3,15:2,16:1,13:2,15:1, £ G-
mean b BE G L2050 16:0, 16:1,15:0, 161,
16:1,16:1,13:2,15:1,

MK 9~ 10 AT LLE th, TEMEH C4.5 12k
AR, AR SO IRAE 10 B BB T Bl )
Fy, 78 13 8085 L BUS T & 1Y G-mean, fF
58S M EMLGEEX T, FEHERT T
4.16 H47 5L, G-mean YT T 2.74 A 40, 1E
B e, AR SOy S A 8 Fh 2 MR i AE
Fy B RER LS00 16:1,17:0,11:4,16:1,
16:1.16:0, 11:4., 14:2, 7£ G-mean [ 1 i 171 [ 43
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Fig. 9 Friedman ranking comparison of the proposed method with eight methods
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