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A natural neighborhood hypersphere oversampling
method for imbalanced data sets
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Abstract; To address the issue of class imbalance in datasets, a natural neighborhood hypersphere oversampling
method (NNHOS) for high performance classification of imbalanced data sets is proposed in this paper. First, for
each sample point in the imbalanced data sets, its natural neighbors are searched until a stable natural
neighborhood is formed. Then, based on the label characteristics of the natural neighbors of each sample point, all
sample points are classified into five regions: outliers, noise points, safe points of the majority class, safe points of
the minority class, and boundary points of the minority class. Subsequently, a hypersphere is constructed for each
boundary point of the minority class. At the same time, the small hyperspheres that are completely within the large
hypersphere are merged to form a set of hyperspheres. Finally, to achieve a balanced data set, each hypersphere is
adaptively assigned a sampling ratio based on the hypersphere radius and a specified number of new sample points
are generated within each hypersphere. The results indicate that this method utilizes oversampling on synthetic and
real datasets to generate a new sample set. Experiments are conducted using the CART, SVM, and KNN
classifiers, and compared with eight other commonly used methods. Additionally, AUC, F,, and G, are used as
evaluation metrics to further demonstrate that this method can more effectively classify imbalanced datasets.
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Fig.1 Formation process of NSS on artificial data sets
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Tab.2 Artificial data sets
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Fig.7 Sampling effects of different methods on data set A
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Fig. 8 Sampling effects of different methods on data set B

R3 AIHIBEEL CART ASLEBHILTRER

Tab.3 Experimental results of artificial data sets based on CART classifier

R Eiztan NNHOS SMOTE Borderline-SMOTE ADASYN NaNSMOTE
AUC 98.94 95.25 99.13 96. 41 97.53
A F 99.86 96.13 99.56 96.86 97.49
G, 99.27 96. 34 99.24 96.77 97.52
AUC 98.55 98.20 95.49 95.12 97.19
B F, 98.46 98. 18 96.28 95.40 97.07
G, 98.71 98. 14 96.16 95.33 97.11

K4 ATHIEESVM A LB ER

Tab.4  Experimental results of artificial data sets based on SVM classifier

pIe/ e L7 NNHOS SMOTE Borderline-SMOTE ADASYN NaNSMOTE
AUC 95.85 91.54 82.62 79.64 91.42
A F, 95.62 92.31 84.31 81.31 93.33
G, 94.99 92.86 84.59 80.49 92.21
AUC 80.33 68. 43 55.73 59.11 65.54
B F, 81.29 69.94 54.72 59.67 65.19
G, 80.46 71.26 55.06 58.23 66.10

x5 AIHIEEL KNN A LB[OLHER

Tab.5 Experimental results of artificial data sets based on KNN classifier

AR LY NNHOS SMOTE Borderline-SMOTE ADASYN NaNSMOTE
AUC 1.00 95.69 1.00 95.49 89.36
A F, 1.00 95.73 1.00 96.13 88.54
G, 1.00 95.69 1.00 96.08 98. 60
AUC 98.52 97.69 93.57 96.57 98.61
B F, 98.63 98.73 93.69 96.69 98.55

G, 99.36 98.41 93.62 96. 62 98.47
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Tab.8 Experimental results of CART based classifiers
FICITES febs M1 M2 M3 M4 M5 M6 M7 M8 M9
AUC 91.22 91.43 91.38 91.36 91.55 91.23 90. 89 91.52 91.92
D1 F, 90. 16 88.95 89.56 89.53 89.33 92.03 89.31 89.71 93.01
G, 91.22 91.35 90. 62 91.17 91.09 90.52 91.43 91.63 91.91
AUC 64.94 68.53 67.96 64.86 66.77 64.48 70.13 69.44 70.33
D2 F, 55.24 57.69 58.63 56.02 57.42 54.79 60. 56 59.12 60.83
G, 63.95 68.46 67.58 65.14 65.99 64.83 69.94 68.32 69.00
AUC 97.22 97.43 98.38 97.36 97.55 98.23 98.89 97.52 97.92
D3 F, 86. 16 88.95 89.56 89.53 89.33 92.03 92.31 93.71 94.01
G, 91.22 93.35 92.62 92.17 91.09 92.52 93.43 93.63 95.57
AUC 99. 64 99. 80 99.84 99.86 99.60 99. 88 99. 64 99.92 99.89
D4 F, 91.37 94.95 95.86 94.55 95.36 94.32 97.65 99.63 99.80
G, 97.21 96. 85 97.26 96.79 98. 14 98.43 98.50 98.72 98.55
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K 8(4E)
g/ e S 2N Ml M2 M3 M4 M5 M6 M7 M8 M9
AUC 62.31 62.89 59.62 59.99 57.28 64.83 62.46 63.82 64.88
D5 F, 45.01 49.00 44.37 45.83 67.31 72.22 47.94 49.11 49.92
G, 61.11 61.43 58.35 59.16 56.17 64.53 62.01 61.88 62.42
AUC 95.43 95.74 97.13 97.21 96. 88 95.46 97.27 91.52 98.12
D6 F 95.86 96. 44 96.21 97.77 89.33 92.03 89.31 89.71 97.01
G, 97.13 96. 89 97.22 97.89 96. 11 96.52 96.95 95.81 97.61
AUC 86. 88 86.97 86.32 85.28 82.94 85.22 85.13 86.45 92.71
D7 F, 75.26 76. 14 72.41 73.25 70.49 64.61 73.87 79.19 85. 67
G, 85.12 86.44 86.43 84.19 82.51 84.47 84.54 87.11 92.55
AUC 83.37 83.76 85.48 83.52 83.15 83.55 82.22 83.93 85.21
D8 F, 67.71 68.19 69.16 69.50 68.43 67.87 65.84 72.61 76.75
G, 82.96 82.94 86.14 81.95 82.58 82.62 82.57 82.34 84.93
AUC 88.76 76.35 82.98 81.57 88.89 84.05 82.96 89. 11 98.26
D9 F, 75.82 54.85 64.11 66.46 72.88 53.41 64.87 73.99 76.34
G, 86. 84 63.99 81.23 79.03 86.98 82.43 82.05 86.38 98.13
AUC 74.86 69.13 68.46 67.12 75.87 74.34 80.93 77.02 79.17
D10 F, 39.44 39.45 34.72 37.28 54.99 20.13 55.84 58.77 69.92
G, 70.25 55.26 64.87 58.63 73.05 72.06 77.35 73.15 75.64
AUC 83.56 73.91 84.25 63.69 84.03 62.89 62.53 83.51 89. 67
D11 F, 49. 64 40.58 49.16 21.11 48. 46 13.88 22.01 61.23 72.26
G, 72.90 53.65 73.09 33.27 73.09 49.15 33.27 73.65 84.70
AUC 77.13 75.35 75.37 74.12 77.16 64.89 75.87 74.67 77.76
DI2 F, 36.84 45.12 35.43 38.34 49.01 11.25 43.26 50.66 53.21
G, 73.93 69.24 70.34 70.02 73.96 64.18 71.52 70.04 74.62
—p— M 1 M2 M3 M4 M5 M1 M5 M1 M2 M3 et M4 el M5
e MG e+ 000 M7= = o= M8 M9 ——— M6 e MG etseannns M7= = = M8 M9
Di12 2 D2
D11 D3 D11
D10 D4 D10
D9 D5
D8 o D6
(a) AUC ® G,

9 ZBFMEXL CART HHLEBHIBER

Fig.9 Radar chart of experimental results of various algorithms based on CART classifiers

R9 USVM AZERHIRER

Tab.9 Experimental results of SVM based classifiers

AR ity Ml M2 M3 M4 M5 M6 M7 M8 M9
AUC 91.12 91.56 91.25 91.98 92.18 89.86 91.46 92.03 91.85
D1 F, 81.95 82.01 81.96 82.55 81.94 84.77 81.91 81.85 93.25
G, 84.16 84.93 83.52 86. 06 86. 15 84.61 85.12 85.43 91.80
AUC 69.11 68. 44 67.03 69.51 68.42 66.49 67.05 70.10 72.54
D2 F 29.84 30.21 30. 11 35.43 42.66 56.03 30. 14 48.16 64.47

G, 43.52 44.79 42.94 47.80 54.81 59.72 43.31 40.31 72.47




<92 - L NS D /A N - 14 %56 45
F9(4)
K g Ei=2 1 Ml M2 M3 M4 M5 M6 M7 M8 M9
AUC 97.43 98.02 92.47 97.58 97.88 97.91 98.43 98.21 98. 62
D3 F 85.38 87.63 88. 14 88.06 89.23 87.19 90.27 92.35 93.80
G, 91.36 93.18 92.47 91.86 92.65 93.58 94.24 95.35 96.34
AUC 99.42 99.81 99. 81 99. 85 99. 62 99.73 99.91 99.86 99.88
D4 F 91.24 93.86 96. 62 96.57 95.34 95.85 97.31 97.64 97.09
G, 96. 54 95.38 96.25 96.17 96. 99 95.18 97.03 97.25 98.41
AUC 69. 85 69.79 70.21 67.51 60.76 70. 81 71.42 71.20 71.52
D5 F, 50. 06 49.35 48.55 45.32 70.02 71.53 51.16 47.61 56.77
G, 61.54 61.27 60. 84 58.73 57.35 65.86 63.42 59.88 69.00
AUC 90.35 91.26 93.11 90.53 91.27 92.42 93.74 92.56 97.39
D6 F, 75.26 76.81 77.64 76.49 77.58 76.43 80.25 83.62 95.50
G, 80.20 82.54 87.38 85.49 84.31 85.82 84.26 88.94 97.33
AUC 93.78 93.49 94.31 94.15 93.84 91.98 93.83 93.55 93.92
D7 F 72.56 73.99 68.42 69. 86 75.06 69. 14 71.26 75.38 76.64
G, 90. 84 87.53 88.41 90.01 92.32 86.75 90. 47 92.06 93. 61
AUC 94.87 94.53 94.85 95.72 95.64 93.78 95.47 93.29 91.23
D8 F 69.52 64.16 60.74 66. 13 68.51 70. 56 70.12 69.41 67.53
G, 89.38 87.25 84.87 86.09 86.95 87.34 89.53 82.60 91.07
AUC 99.05 99.12 97.89 98.73 99.46 99.88 98. 64 99.20 97.97
D9 F 78.53 80. 94 76.32 74.11 78.67 82.95 83.55 80.21 92.77
G, 90. 13 91.22 90. 05 93.18 91.34 94.28 91.74 91.61 97.93
AUC 80. 66 73.25 79.51 74.83 73.64 85.81 83.27 73.68 78.87
D10 F, 43.27 59.61 17.62 39.25 44.15 58.16 48.22 35.73 41.08
G, 70.31 71. 64 65.28 70. 14 70. 62 78.95 70.26 65.33 76.17
AUC 78.45 77.94 79.12 78.37 78.69 75.82 78.31 79.86 86.28
D11 F 14.62 0 12.34 0 14.33 11.81 15.96 16.17 77.34
G, 14.25 0 14.58 0 14.37 30.15 15.42 16.88 83.91
AUC 94. 61 93. 54 94.28 95.27 93.62 93.86 93.91 93.20 89.92
D12 F 30. 14 35.61 23.48 29.87 32.59 36.74 25.33 34.72 36.12
G, 87.69 83. 54 88.42 86.17 87.25 80.46 82.71 80. 98 89.51
—— M1 M2 M3 M4 M5 M1 M5 Ml M2 M3 =t M4 st M5
— e MG+ 4 e ene M7= = = M8 M9 — e M6 — MG e M7= = = M8 M9
Di12 = D2
D11 D3 D11
D10 D4 D10
D9 D5
D8 7 D6
(a) AUC ()G, (©)F,

10 HBFEELL SVM A4 EBRSLIBER

Fig. 10 Radar chart of experimental results of various algorithms based on SVM classifiers
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Tab. 10  Experimental results of KNN based classifier

AR eIzt Ml M2 M3 M4 M5 M6 M7 M8 M9
AUC 85.42 86. 83 87.35 87.14 87.26 85.71 87.86 86. 48 81.55
D1 F, 74.34 75.16 75.28 74.64 75.85 82.01 76.13 75.92 84.87
G, 79.13 78.22 79.57 79.85 80.20 78.71 79.36 79.52 81.41
AUC 74.22 75.15 74.38 75.64 75.99 74.37 75.60 75.71 68.09
D2 F, 60. 14 60. 03 58.39 59.67 62.58 59.11 58.74 61.25 59.34
G, 69.56 69.43 66.41 68.71 70.83 66.94 66. 81 69.78 71.89
AUC 90.32 89. 47 90. 54 93.21 86.59 89.76 87.55 90. 18 95.79
D3 F, 83.91 81.42 86.33 85.76 86.37 83.54 82.68 89.94 93.68
G, 89. 62 92.17 93.55 92.61 91.88 92.59 90.89 92.46 95.75
AUC 98.51 99.26 99.13 98.74 96.52 98.75 99.41 99.23 99.31
D4 F, 95.62 95.71 96.22 96.49 95.83 9. 16 97.83 97.18 96. 63
G, 98.99 98.16 98.25 99.10 98.73 95. 64 99.12 99.48 99.56
AUC 65.32 65.17 63.48 63.52 55.76 64.25 66.23 65.19 66. 62
D5 F 49.43 49.81 49.62 49.40 63.16 68.53 49.88 50. 67 52.23
G, 61.84 62.53 59.76 60.31 52.33 61.91 62.87 63.69 65.98
AUC 76.25 78.79 79.21 80.35 81.62 80. 59 80.36 82.17 82.52
D6 F 72.85 75.34 79.62 78.91 80. 36 79.14 75.12 79.68 80. 61
G, 79.16 80.20 81.45 81.06 80. 41 82.51 81.56 82.87 83.94
AUC 94.23 94.52 92.31 94.47 94.85 95. 66 93.71 94.58 95.19
D7 F 75.62 87.85 67.51 76.89 82.45 76.02 76.10 82.13 83.78
G, 90. 56 94.32 87.45 90. 89 93.46 90. 87 91.52 93.73 94.13
AUC 92.87 94.62 9. 11 91.93 93.26 93.95 92.47 90. 80 89.27
D8 F, 73.55 75.16 68.33 70.58 75.62 73.51 75.84 76.95 79.28
G, 89.67 85.49 90.32 90. 08 89.46 89.13 90.25 87.59 91.87
AUC 93.71 94.02 93.54 94.65 94.33 98.73 94.26 94.79 94.78
D9 F 74.26 65.10 71.53 74.88 80. 64 72.05 81.92 78.61 86.27
G, 90.20 79.65 89.74 90.28 90.96 94.03 91.44 90. 85 93.18
AUC 82.72 82.85 80.99 81.53 78.86 84.61 83.54 78.25 94.73
D10 F, 30. 11 58.35 26.32 40.19 27.51 62.34 39.26 58.78 88.52
G, 74.64 73.01 76.89 73.27 69.53 75.82 82.06 73.14 94.19
AUC 82.16 84.88 83.92 84.51 84.63 85.84 82.96 84.75 93.41
D11 F, 32.42 70.67 35.18 45.26 50.41 47.23 37.19 69. 84 77.57
G, 70.25 74.81 71.92 71.95 92.13 72.69 72.72 74.38 92.58
AUC 91.02 89.61 90. 54 91.12 91.31 87.65 84.37 90. 68 91.81
D12 F, 26.34 45.79 25.28 46.71 33.62 38.94 45.65 49.82 49.40
G, 83.66 85.97 83.62 82.94 84.25 76.97 83.48 84.13 84.67
M5 M1 M2 M3 =t M4 =it M5 e M 1 M2 M3t M4t M5
e MGr s esnee M7= = = M8 M9 — MG rasnene M7= = = M8 M9

D10

D7

(a) AUC )G, (©F,

11 FFEEL KNN ASEBRHTHRER

Fig. 11 Radar chart of experimental results of various algorithms based on KNN classifiers
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