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K-nearest neighbor classification algorithm
fusing neighborhood information

LIN Yaojin', LI Jinjin"*, CHEN Jinkun®, MA Zhouming’
(1. Department of Computer Science and Engineering, Zhangzhou 363000, China; 2. School of Mathematics and Statistics, Zhangzhou
363000, China)

Abstract ; Distance measurement is one of the important factors which affect the classification accuracy of the k nea-
rest neighbor (KNN) algorithm. In this paper, an improved k nearest neighbor algorithm fusing neighborhood infor-
mation is presented. Firstly, the concept of the instance neighborhood is defined and two criterions are presented
according to neighborhood influence; then, the influence of the instance neighborhood is comprehensively consid-
ered when the distance between the testing instances and the training instances is computed. This algorithm can
characterize the distance among instances more precisely, and enhance the stability of the KNN to some extent. This
presented method was tested on the UCI datasets, and the results showed that this proposed technique is better than
or equal to other classifiers, and it is more robust under the noise disturbance.
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Fig.2 Neighborhood of sample with smaller § Table 1 Data set description
J b ML LIRS Instances  HFFfIEAL 25
3 Hkif Heart 270 13 2
TEXAEA LRI Wi 23 B 1 Sl 1 A1 A R e Icu 200 20 3
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Table 2 The comparison of classification accuracy with different classifiers
B KNN NEC CART LSVM FK3N
Heart 82.59+6.06 80.00+6.10 74.07+6.30 83.33+5.31 84.44+6.00
ICU 92.61+2.25 86.29+17.85 79.40+31.64 92.56+4.27 93.61+3.12
Rice 81.69+10.30 83.07+10.96 82.07+11.70 78.16+8.10 82.98+10.90
Sonar 72.62+7.05 82.74+5.48 72.07+13.94 77.86+7.05 79.31+5.59
Wdbc 96.67+2.09 95.79+2.37 90.50+4.55 97.73+2.48 97.01+2.04
Wpbe 76.26+5.89 78.26+7.24 70.63+7.54 77.37+7.73 76.79+7.96
S 83.74 84.35 78.12 84.50 85.69
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Table 3 The comparison of classification accuracy with different classifiers under noisy data
AR S KNN NEC CART LSVM FK3N
Heart 82.22+6.49  80.37+4.96  77.78+7.61  83.33+6.11  82.96+5.30
ICU 92.61+2.25 87.29+18.03 84.19+£29.92 91.55:£5.44  92.61%2.24
Rice 81.80+6.61  81.78+7.96  77.05+10.69  77.05+3.84  81.98+8.96
Sonar 71.64+11.21  78.28+7.20 69.21+11.35 77.38+6.98  77.52+9.11
Wdbe 94.96+2.49  94.56+£3.35  93.16+3.74  97.03+2.01  94.68+2.89
Wpbe 73.29+7.42  74.66+11.25 71.11£9.89  76.32+5.61  74.79+8.51
- 82.71 82.82 78.75 83.78 84.09
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