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[ Abstract |  The nearest neighbor algorithm is one of the most classical pattern recognition algorithms, which classification
performance highly depends on the distance metric between samples. Appropriate distance metric can help improve the classification
performance of the algorithm. However, such algorithms mostly seek metrics to maximize classification effectiveness from the
perspective of discriminant models currently, ignoring the aggregation properties of various sample sets belonging to different classes. In
view of this, a nearest neighbor classification algorithm based on minimum component eigenvector subspace projection (NN_MCESP)
was proposed. This algorithm combined classic principal component analysis ( PCA) and nearest neighbor algorithm, which can
effectively implement aggregation properties analysis of various sample clusters based on minimum component eigenvector projection,
and complete classification based on subspace nearest neighbor voting criteria. The effectiveness and stability of NN_MCESP were
validated by comparing with other classification algorithms on multiple data sets.

[ Keywords] nearest neighbor( NN) ; principal component analysis( PCA) ; minimum component; subspace projection
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Table 2 Experimental data sets
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Table 3 Performance comparisons of NN_MCESP and other four classification algorithms
F5 B SVM NB LR NN NN_MCESP
1 Vote 93.83 £1.95 93.49 £2.59 93.90 £2.41 91.42 £2.33 94.15 0. 80
2 Monk-2 80.53 £3.96 91.74 £3.70 76.22 £4.05 75.81 £3.86 91.84 £4.73
3 ionosphere 83.79 +3. 61 81.93 +4. 12 84.34 £3.57 86.70 +4.03 87.15£1.22
4 Musk1 85.26 +4.96 73.15 £6.26 80.73 £5.89 87.96 +2.69 88.02 +3.09
5 Magic 79.12 £0.53 72.68 £0.49 79.10 £0. 51 81.79 +0. 51 82.82 £0.50
6 FeaSelData 89.89 +3.20 87.06 +3. 67 90.00 £3.21 89.89 +3.53 90.07 £1. 61
7 Musk 95.47 £0.49 83.70 £0.99 95.26 £0. 35 94.77 £0. 58 96. 91 +0. 46
8 parkinsons 85.38 +2.43 68.46 £6.40 83.58 +4.55 94.46 +1.30 94. 60 +0. 83
9 Iris 96.40 +2. 87 95.73 £2.96 97.86 £2.33 93.46 £3. 66 96.53 £2.44
10 movement_libras 79.75 £3.53 62.04 £5.10 51.67 £6.55 84.88 +4.27 85.89 +4.22
11 segment 94. 82 £0.96 79.83 £1.73 94.03 £1.17 96.31 £1.12 97.09 £0.79
12 Vowel 79.93 £1. 68 66.26 £3.35 67.95 +3.07 89.37 £0. 28 89.05 +0. 56
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Table 4 Significant analysis results of the algorithms
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Table 5 Classification results of NN_MCESP and NN under different nearest neighbor parameters
ik i Bl K=1 K=3 K=5 K=7
1 Vote 94.15 £0. 80 94.09 £0. 57 94.21 £0. 64 94.16 £0. 89
2 Monk-2 91.84 +4.73 96.76 +2. 17 96.23 +2.96 95.48 +3.09
3 ionosphere 87.15+1.22 81.93 £4.12 84.34 +3.57 86.70 £4.03
4 Muskl 88.02 +3.09 87.15 +£3.26 86.73 +2.89 87.01 +2.69
5 Magic 82.82 +0.50 83.97 £0. 50 84.30 +£0.52 84.25 +0.48
. 6 FeaSelData 90.07 £1.61 89.81 +£0. 68 87.97 £1.21 88.03 £0.98
NN_MCESP %3
7 Musk 96.91 0. 46 97.01 £0. 58 97.26 £0. 67 97.77 £0. 68
8 parkinsons 94.60 +0. 83 91.13 £1.36 90.56 +1.03 89.03 +1.83
9 Iris 96.53 +2.44 96.40 +£2.92 95.87 +£3.05 95.47 +£3.35
10 movement_libras 85.89 £4.22 82.50 £3.26 80.75 £5. 11 76.02 £4.32
11 segment 97.09 £0.79 96.38 +0. 82 95.58 £1.10 95.10 £0. 87
12 Vowel 89.05 £0. 56 86. 63 £0. 65 85.15 +0. 31 83.13 +1.92
1 Vote 91.42 +2.33 91. 66 +0. 60 93.15 +0.44 93.11 +0.43
2 Monk-2 75.81 £3.86 95.11 +1.88 92.82 £2.40 89.63 £3. 15
3 ionosphere 86.70 +4. 03 87.10 £4.98 87.11 +4.97 87.05 +£5.01
4 Musk1 87.96 £2. 69 86.31 £3.62 85.73 +3.68 85.26 £3. 16
5 Magic 81.79 £0.51 83.46 £0.51 83.77 £0.48 83.94 £0.49
NN B3 6 FeaSelData 89.89 +3.53 89.11 £0.71 87.15 +0.96 86.31 £1.05
7 Musk 94.77 £0. 58 96.74 £0. 18 96.61 £0. 14 96.45 £0. 11
8 parkinsons 94.46 +1.30 91.08 +1.00 90.82 +1.33 89.69 +1.24
9 Iris 93.46 +3. 66 94.40 +4.22 94.33 £3.82 95.20 £3.50
10 movement_libras 84.88 +4.27 80.82 +4.85 78.03 £4.41 72.08 £5.00
11 segment 96.31 £1.12 95.43 £0.97 94.59 £0. 82 93.94 £1.15
12 Vowel 89.37 £0.28 87.11 £0.52 83.82 +£0.65 78.98 +0. 83
12 = NN_MCESP&
= NN§k
10
e 8
2
W
3
= 6
EK
&
K
R 4
2
1.00 0.97
0
Himse
K1 NN_MCESP 5351 NN Bk AR T 82 RO BT /r KA R AL 57 AL
Fig. 1  Coefficient of variation of the classification results of NN_MCESP and NN under different nearest neighbor parameters
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Table 6 Classification results of NN_MCESP under different threshold parameters of the minimum

components cumulative contribution

Jr= e/ T=5 T=10 T=15 T=20
1 Vote 94.15 +0. 80 94. 60 +0.72 95.01 +0. 52 95.74 +0.75
2 Monk-2 91.84 £4.73 92.03 £2. 18 95.65 £3.20 95.93 £3.72
3 ionosphere 87.15+1.22 87.22 +1.31 87.53 +1.20 87.70 +1.04
4 Musk1 88.02 3. 09 86. 85 3. 03 86. 61 +2. 68 86. 09 2. 30
5 Magic 82.82 +0. 50 83.02 +0. 46 83.21 +0.45 83.75 +0. 64
6 FeaSelData 90.07 +1. 61 90. 23 0. 66 90. 65 +0. 80 90. 82 +0. 61
7 Musk 96.91 =0. 46 96.76 +0. 28 97.15 £0.38 96.76 +0. 18
8 parkinsons 94. 60 +0. 83 94.13 £1.38 94.88 +1.44 95.28 +2.08
9 Iris 96.53 +2. 44 96. 13 +2. 56 96.73 +2. 86 96. 80 +2. 68
10 movement_libras 85.89 +4.22 85.44 +3. 14 86.31 +3.07 86. 64 +3.07
11 segment 97.09 £0.79 96. 60 +0. 72 97.13 £0.91 97.22 £0. 89
12 Vowel 89.05 +0. 56 91.22 £0.52 95.75 0. 57 96.95 +0. 39
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Fig. 2 Cosine similarity of eigenvectors obtained through PCA on binary classification datasets
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