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Sample selection algorithm for SVM with minimum uncertainty in local density
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Abstract: To address the issue that support vector machines (SVM) frequently encompass a considerable number
of redundant samples during classification, which restricts the computational complexity of SVM when confronted
with large-scale datasets, a SVM sample selection algorithm based on local density minimum uncertainty is put
forward. This approach efficiently identifies influential boundary data points that significantly affect the decision
boundary, subsequently reducing computational costs by isolating potential support vectors from the training set,
thereby bolstering SVM’ s overall effectiveness. Firstly, the number of K nearest neighbors and Gaussian kernel
density estimation of the training samples are computed; Secondly, the sum of the number of K nearest neighbors
and Gaussian kernel density estimation is derived for each sample point to acquire the K local density and obtain the
density matrix; Subsequently, employing the local density uncertainty balancing optimization method, the density
matrix undergoes a triple-mapping process to minimize uncertainty changes, yielding the optimal threshold. This
threshold then partitions the density matrix into center data and boundary data. Finally, the boundary data are
extracted and utilized as training samples for the SVM, enabling the establishment of an effective classification
model. To experimentally evaluate the efficacy of our method, we compared it with six commonly utilized sample
selection techniques on UCI datasets, employing accuracy and preservation rate as key performance metrics. The
findings indicate that the method introduced in this paper significantly reduces the number of redundant training
samples, thereby effectively alleviating the training burden on SVM and enhancing its classification performance.
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Impact of different parameters on accuracy rate on UCI datasets
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Tab.4 Experimental results on UCI datasets
UCL #¥ladE 4845 Rand KNN SS DR ALL BPLSH A
C A 95.784 8 97.174 9 97.309 4 96.636 8 97.130 1 97.085 2 97.623 3
ancer
P 24.217 4 27.739 1 30.913 0 16.152 2 100. 000 0 38.043 5 24.217 4
A 74.244 6 76.223 0 75.143 9 72.474 8 77.122 3 77.482 0 78.093 5
Diabetes
P 28.102 0 63.857 1 34.755 1 29.326 6 100. 000 O 57.367 4 28.142 9
A 79.888 9 82.222 2 82.3332 75.777 8 83.000 1 83.444 5 83.888 9
Heartstatlog
P 40.611 1 51.1111 49.166 7 27.055 6 100. 000 0O 68.555 6 40.611 1
WEBC A 96.053 8 96.771 3 96.591 9 95.156 9 96.681 6 96.816 1 97.040 4
P 22.108 7 40.587 0 30.913 4 12.347 8 100. 000 O 38.587 0 22.108 7
B A 56.3810 60.285 7 57.999 9 57.904 8 60.000 0 61.809 5 65.714 2
upa
P 29.166 7 63.208 3 67.958 3 31.8750 100. 000 0 63.750 0 29.166 7
Blood A 75.480 0 75.560 0 76.840 0 76.600 0 76.526 1 76.080 0 78.440 0
ood
P 12.228 9 59.116 5 21.285 1 27.088 3 100. 000 0 48.393 6 12.148 6
A 73.431 4 72.058 8 73.137 3 74.117 7 74.656 9 71.470 6 74.804 0
Haberman
P 20.392 1 60.245 1 24.068 6 30.490 2 100. 000 O 45.098 0 20.3922
A 76.465 9 81.059 2 81.059 2 70.841 1 80.078 1 77.352 0 81.682 2
Mammographic
P 17.859 3 80.453 1 69.296 8 24.078 1 100. 000 0 60.875 0 17.859 3
A 97.142 8 97.542 9 97.460 5 96.171 4 97.614 2 97.428 6 98.171 4
WDBC
P 42.538 1 64.644 7 47.563 5 36.091 4 100. 000 0 59.010 1 42.538 1
A 78.766 0 78.305 0 81.096 0 80.594 0 80.558 0 80.5250 81.3590
Credit Card
P 20.681 5 40.736 0 22.087 0 17.229 0 100. 000 0 91.691 5 20.681 5
A 97.789 1 97.926 6 97.772 4 94.421 8 97.918 2 97.968 5 97.975 1
HTRU2
P 20.448 4 19.338 8 15.052 8 12.581 3 100. 000 0 29.656 4 20.448 4
Masi A 83.505 7 83.841 1 83.595 6 81.905 4 83.862 8 84.042 6 83.979 5
agic
P 72.007 1 76.134 9 76.791 8 31.958 2 100. 000 O 81.070 2 72.007 1
£S5 UCIHESEZRWIELER
Tab.5 Cross validation experiment results on UCI datasets
ES'EER7S
UCT %dide EiL Rand KNN SS DR ALL BPLSH
T7=0.25 T =1.00 T =1.15
Cancer A 96.7425 94.8429 94.6282 91.0875 96.8539 92.4643 96.6510 98.7976  98.308 3
I3 44.948 8 59.0040 57.8331 14.0556 100.0000 36.4568 90.4832 44.948 8 23.279 6
Diah A 72.8129 59.9978 69.8009 64.3441 77.1123 63.2876 77.0984 77.4567 76.298 5
1abetes
14 26.8229 55.9896 35.1562 29.0365 100.0000 53.1250 81.6406  26.8229 16.927 1
A 79.9213  67.5462 75.7930 68.1948 82.3704 78.2874 82.4036 83.1348 81.387 9
Heartstatlog
P 40.3704  51.8519 51.4815 31.1111 100.0000 81.1111 62.9630 40.3704  38.148 1
WEC A 94.714 1 91.2047 91.2516 89.4368 96.926 1 91.2316 95.7302 98.7536 98.4149
P 52.1739 40.4348 31.3043 15.2174 100.0000 37.8261 88.5798 42.4597 23.8653
B A 60.582 1 54.1175 63.4977 61.0859 64.1579 54.0084 69.1046 74.5787 74.267 6
upa
P 27.2464  59.710 1 70.7246  26.9565 100.0000 62.3188 86.0870 27.2464 14.203 0
Blood A 74.1233  64.2200 72.7198 74.2857 76.6200 59.908 8  78.3629 80.3318 86.178 6
00C
I3 15.508 0  56.417 1 17.7807  25.2674 100.0000 49.4652 58.689 8 15.508 0 10.561 5
A 70.8264 54.3497 63.0833 63.1825 72.6820 43.4200 71.9374 69.4952 73.8238
Haberman
P 21.8954 57.843 1 23.8562 26.470 6 100.0000 47.0588 61.1111 21.8954  20.582 0
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R 5(2k)
- ARSI
UCIT %l £ Rand KNN SS DR ALL BPLSH
r'=0.25 T =1.00 T =1.15
A 77.8899  74.6952 80.1940 70.5305 79.2958 69.3394 81.8831 80.3474 79.0576
Mammographic
P 19.3548 77.8356  69.4069 21.8522 100.0000 60.3538 76.8451 19.3548 16.208 4
WDBC A 96.0449 94.5885 96.2977 95.7452 97.0997 95.5274 96.2742 97.6068 97.398 5
P 31.4587 54.4815 47.1002 35.1494 100.0000 50.0879 83.7240 31.4587 27.4165
A 78.2827 56.5143 74.5535 63.4789 80.6720 76.3524 78.1816 74.6552 74.7758
Credit Card
P 21.5833 40.6133 22.0333 24.1500 100.0000 87.6667  71.7653 21.5833 14.146 7
HIRD A 97.490 8  88.4001 94.9228 89.0426 97.9350 91.5303 97.3523 96.5952  96.850 4
P 20.8403 19.1027 12.336 6 12.3980 100.0000 23.9300 77.8243 20.8403 14.1412
Vasi A 82.488 1 79.1603 82.5001 82.7497 84.1572 80.7508 82.4347 86.3742 88.9823
agic
P 19.7634  75.3260 77.6814 13.9590 100.0000 78.9169 71.6299 19.7634  14.8265
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