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Abstract: The classification result of classical support vector machine algorithm in the case of unbalanced data set is
not satisfactory. Therefore, a under-sampling algorithm based on sample properties is presented. According to sample
information in the kernel space, a certain percentage of majority instances located near the classification interface are
selected. Then according to the sample’s density, the representive majority samples in the selected samples are selected,
which can not only reduce the number of majority instances, but also make the SVM classification interface bias toward the
majority instances. The experimental results show that compared with other data-preprocess methods for unbalanced dataset

classification, the proposed method can improve the classification performance of SVM in the minority class data, the overall

classification performance and robustness.
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I3 RAE SVM SO E N R B T R 1
Ti FEHUCR 10, 1E 31 KT C = 1000, Smote. BSmote -
P T AR RVE SR kIR FE A 6, FLAR K IR AR
B 5 /D RSP AL H AR R 2 BER A, A U
SVM LV 1) 2 BER AR 5 D BRI AR LUAE 1 &

&3 10: 1 NHEEEEIE T EIEE F-measure. G-mean #1 AUC THEE LLER

Dataset Methods Specificity Sensitivity G-mean F-measure
SVM 1.0+0 0.0+0.0 0.0+0.0 0.0+0.0
SPU 0.823 £ 0.106 0.460 £ 0.073 0.612 + 0.061 0.599 +£ 0.069
RU 0.961 + 0.063 0.128 + 0.106 0.281 £ 0.211 0.207 £ 0.169
haberman Smote 0.769 £ 0.161 0.469 £ 0.082 0.588 £ 0.057 0.597 £ 0.061
BSmote 0.769 £ 0.171 0.469 + 0.092 0.590 £ 0.062 0.597 £ 0.071
Weight 0.777 £ 0.158 0.460 £ 0.109 0.586 £ 0.053 0.589 £ 0.082
RUS 0.645 £ 0.142 0.562 £ 0.052 0.599 £ 0.083 0.661 £+ 0.051
AdaSyn 0.750 £ 0.138 0.491 £ 0.093 0.599 £ 0.053 0.614 £ 0.071
SVM 0.998 + 0.004 0.035 £ 0.005 0.039 £ 0.046 0.007 £0.011
SPU 0.776 £ 0.98 0.604 +£0.092 0.679 £0.026 0.719 +0.024
RU 0.856 £ 0.037 0.482 £ 0.053 0.641 £ 0.034 0.630 £ 0.048
Smote 0.824 £ 0.029 0.481 £ 0.032 0.629 £ 0.024 0.626 £ 0.029
german BSmote 0.831 £ 0.036 0.472 £ 0.031 0.626 £ 0.025 0.619 £ 0.028
Weight 0.794 £ 0.058 0.555 + 0.054 0.662 + 0.030 0.568 5 £ 0.042
RUS 0.807 £0.0378 0.384 £ 0.045 0.555 £ 0.031 0.531 £ 0.046
AdaSyn 0.811 £ 0.029 0.486 £ 0.032 0.627 £ 0.025 0.629 £ 0.029
SVM 1.0 £ 0.0 0.0+0.0 0.0+0.0 0.0+0.0
SPU 0.718 = 0.134 0.767 £0.114 0.733 £ 0.043 0.833 £+ 0.068
RU 0.898 £+ 0.075 0.521 £ 0.046 0.682 + 0.038 0.673 £ 0.038
. Smote 0.768 £ 0.073 0.687 £ 0.045 0.725 £ 0.034 0.789 £ 0.029
prma BSmote 0.772 £ 0.076 0.685 £ 0.041 0.726 £ 0.035 0.788 £ 0.027
Weight 0.778 £ 0.064 0.697 £ 0.033 0.736 £ 0.036 0.797 £ 0.024
RUS 0.778 £ 0.058 0.611 £ 0.064 0.687 £ 0.025 0.733 £0.45
AdaSyn 0.76 £ 0.052 0.704 £ 0.039 0.730 £ 0.030 0.800 £ 0.027
SVM 1.0 +£0.0 0.019 + 0.027 0.086 £0.114 0.037 £ 0.051
SPU 0.717 £ 0.119 0.532 £0.117 0.612 £ 0.076  0.633 + 0.091
RU 0.824 £ 0.058 0.371 £ 0.138 0.543 £ 0.109 0.498 £ 0.144
wpbe Smote 0.811 £ 0.080 0.426 £+ 0.072 0.584 £ 0.044 0.559 £ 0.063
BSmote 0.825 £ 0.077 0.422 £ 0.089 0.586 £ 0.057 0.556 £ 0.081
Weight 0.831 £ 0.079 0.439 + 0.076 0.600 + 0.049 0.574 + 0.068
RUS 0.763 £ 0.073 0.451 £ 0.095 0.585 £ 0.072 0.573 £ 0.084
AdaSyn 0.804 £ 0.073 0.435 £ 0.079 0.589 £ 0.055 0.566 £ 0.072
SVM 1.0 £0.0 0.0+ 0.0 0.0+0.0 0.0+0.0
SPU 0.658 £ 0.047 0.606 £ 0.105 0.630 £ 0.189 0.740 £ 0.165
RU 0.966 + 0.047 0.112 £ 0.105 0.268 + 0.189 0.186 + 0.165
abalone Smote 0.630 £ 0.112 0.628 + 0.082 0.623 £ 0.035 0.753 £ 0.059
BS=mote 0.635 £ 0.118 0.629 £ 0.077 0.626 £ 0.046 0.754 £ 0.058
Weight 0.639 £0.110 0.620 £ 0.089 0.623 £ 0.029 0.747 £ 0.064
RUS 0.616 £ 0.063 0.580 £ 0.077 0.595 £ 0.041 0.716 £ 0.060
AdaSyn 0.593 £ 0.089 0.657 £ 0.074 0.620 £ 0.037 0.773 £ 0.055
SVM 1.0 +£0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0
SPU 0.749 £ 0.093 0.520 £ 0.089 0.618 £+ 0.033 0.667 £ 0.075
RU 0.963 £ 0.042 0.121 £ 0.088 0.297 £0.170 0.204 £+ 0.144
yeast Smote 0.719 £ 0.095 0.546 £ .065 0.623 £ 0.033 0.689 £ 0.052
BSMote 0.715 £ 0.094 0.547 £ 0.064 0.622 £ 0.029 0.690 £ 0.050
Weight 0.750 £ 0.102 0.504 £ 0.057 0.611 £ 0.028 0.656 + 0.046
RUS 0.671 £ 0.082 0.520 £ 0.033 0.590 £ 0.037 0.667 £ 0.028
AdaSyn 0.704 £ 0.095 0.560 £ 0.064 0.625 £ 0.036 0.700 £ 0.052
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2. 4 T e SVM HEAR I b il 5, A SCE L S 1
HBEE A5 SVM SR 56 A ).

Xt A R B s 2 1Y) F-measure Fil G-mean 1 BE 45 5
(RS2 560] L 25 SRk 3 P,

AEFRAR 24 1, Sensitivity VE REFRARFEA N %, 1My HiAth
AN B4 K o SR ELVAAE A dE b _EAAT W 4R
. o AR VL 1Y) G-mean PE R LE 5 AN B0 B2 0 26
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AR T At AN B 4 F s SVM 23 2R 50k T G-
mean ' EBE % I8 T 2 BRI A K MERE, L% &
T DB 43 ST RE, W LA SO AR A
PERE L. MBS — > F-measure P BEPFIF A5 7]
PLR IR, A SC 5N SVM-Weight 573578 %% fit 5 b
b AR IR, T IR S I HBORT: 5925 (1 Bl AL K HBORY: B
ERU, H T3 2R E H A2 52500 A
BIRH 3 R PE R SO AN A SR W

h 20 U A SRR S AR VE I LR 45 2R,
ASCREAT T T-AS 50, AR XA 24 0.05, JF %7 T win-
tie-loss R LLAR 45 1R (L3R 4 13k 5). Hiak 4 Fik 5 ] L
B, AR SRS A A LA BAT B R (R A

F4 10:1 AHEEIET F-measure BITERE T-1238 LEER

Dataset RU Smote BSmote Weight RUS AdaSyn avg.

haberman  win tie tie tie loss win 2-3-1
german win win win win win win 6-0-0
pima win tie tie tie win tie 2-4-0
wpbc win tie tie tie tie tie 1-5-0
abalone win tie tie tie tie win  2-4-0
yeast win tie tie tie tie loss 1-4-1
avg. 6-0-0 1-5-0 1-5-0 1-5-0  2-3-1  3-2-1

x5 1001 FEHIET G-mean BY1ERE T-4238 LI

Dataset RU Smote BSmote Weight RUS AdaSyn avg.

haberman tie tie tie tie tie tie 0-6-0
german tie win win tie win win  4-2-0
pima tie win win tie win tie 3-3-0
wpbc tie tie tie tie tie tie 0-6-0
abalone tie tie tie tie win tie 1-5-0
yeast tie tie tie tie win win 2-4-0
avg. 0-6-0 2-4-0 2-4-0 0-6-0 4-2-0 2-4-0
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