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K-Nearest Neighbor Classification Training Set Optimization Method Based on Genetic Instance
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Abstract The classification performance of K-Nearest Neighbor depends on the quality of training set. It is significant to design
an efficient training set optimization algorithm. Two major drawbacks of traditional evolutionary training set optimization algo-
rithm are low efficiency and removing the non-noise samples and features by mistake. To address these issues., this paper proposes
a genetic training set optimization algorithm. The algorithm uses the efficient genetic algorithm based on the maximum Hamming
distance. Each cross preserves the parent and generates two new children with the largest Hamming distance, which not only im-
proves the efficiency but also ensures the population diversity. In the proposed algorithm, the local noise sample deletion strategy
is combined with the feature selection strategy. Firstly, the decision tree is used to determine the range of noise samples. Then the
genetic algorithm is used to remove the noise samples in this range and select the features simultaneously. It reduces the risk of
mistaken and improves the efficiency. At last,the 1NN-based selection strategy of validation set is used to improve the instance
and feature selection accuracy of the genetic algorithm. Compared with co-evolutionary instance feature selection algorithm ( IFS-
CoCo) , weighted co-evolutionary instance feature selection algorithm (CIW-NN),evolutionary feature selection algorithm (EIS-
RFS,evolutionary instance selection algorithm (PS-NN) and traditional KNN, the average improvement of the proposed algo-
rithm in classification accuracy is 2. 18% ,2.06 % ,5.61% ,4. 06 % ,4. 00% ,respectively. The experiments results suggest that the
proposed method has higher classification accuracy and optimization efficiency.
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Table 1 Information of data sets
Dataset Examples Attributes Classes
glass 214 9 7
vowel 990 13 11
segment 2310 19 7
new-thyroid 215 5 3
automobie 150 25 6
hayes 160 4 3
contrace 1473 9 3
cleveland 297 13 5
breast 277 9 2
ionosphere 351 33 2
sonar 208 60 2
saheart 462 9 2
spectfheart 267 44 2
bupa 345 6 2
page 5472 10 5

AT A ML IE GIFS R e d A s, A 10 938
HGIF L SC R 45 T 3 W (3L 30 YO ST HIME . FE A I 4 4



182

Computer Science FHHLEIZ  Vol. 47,No. 8. Aug. 2020

S o IR 4 w1 T 7 A A et A5 LA I 36R 0k ) 3 388 A X A R 1
ke B PT LA /NI R A AR X KA 43 2R 5% i), DA AR AR AR 1Y
YRR R 7 AR EEIE Y k=7 GIFS [ «=0. 2; i 1%
A 50 ¥k, GIFS, IFS-CoCo, CIW-NN #l EIS-RFS #] # 1k 10
AR 7 PR 0 R SO A N BRIAE
4.2 EMIRE

AR SCR LR WA PE A 18 A R AT M S 25 R D 4 28K
EoeEf - B s R EREE ANERZ —;
2)Kappa RE B2 TIFN 5328 5 5% 2 BENL4F 28 L 43 28
BRI 1 E A

5 XBWHER

51 SXBEZERRSW
FE 4.1 TR SEI AR, 7 R TR Y 23 2R L X L 45 R
R 2O JERE I +An il 22 o e I 0 2R 08 T PR AR R )

FIE 6 P, B Sem g R nl .

1D GIFS 78 Fe 70 2805 B &5 b (10/15) RN 359 23 280G 1
T AR 5 T H A AR

2)GIFS 2 43 2 45 B T PS-NN 4. 6% , 45 =5 16 Fl by
0.75%~22.96%;

3)GIFS -2 43 2 K5 1 &5 F CIW-NN 2. 06 % , 4 5 75 [l
$50.12%~17.56% ;

D) GIFS 343285 1 7 F IFS-CoCo 2. 18% , 2 #5114 [l
H0.22%~12.34%;

5)GIFS 34 43 25 K5 2/ F EIS-RFS 5. 61% . $2 = 3
F0. 11% ~40.10% 5

6)GIFS ¥ 1/ KK EH T KNN 4. 00% . £ & Bl o~
0.16% ~26.66% ;

DGIFS 7 B 4E Py M B T % 1T AL 38
TR PHGA 3RS 1.33% ~2. 8804,

2T RIS SRS

Table 2 Classification accuracy of seven algorithms
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Alg GIFS PS-NN CIW-NN IFS-CoCo EIS-RFS PHGA KNN
glass 68.12+11.43 62.61+8.08 64.99+10.51 63.94+11.99 59.67+12.50 — 66.82+11.24
vowel 88.84+3.32 65.88+10.29 74.74+6.65 80.9045. 40 48.7444.69 - 88.68+2.58
segment 95.83+1.37 94.13+0. 81 93.31+1.97 94.97+1.54 92.75+1.46 — 94.76=+1.40
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Table 3 Wilconx signed-rank test for accruacy
Alg R+ R P-value
GIFS vs CIW-NN 95 25 0.0479
GIFS vs PS-NN 106 14 0.0067
GIFS vs IFS-Coo 106 14 0.0067
GIFS vs EIS-RFS 110 10 0.0004
GIFS vs KNN 120 0 0.00006

T LLVE L GIFS By RTEERZE K F R™{H . H P-value #B

D GIFS et Kappa %05t (8/15) Fl Kappa £ 303
{ELHR LG LA ST 141 5

2)GIFS 1y F-¥] Kappa % 8 T PS-NN 6. 88% , 4 = ¥
Bl R 2.01%~24.71%;

3)GIFS i9F 4 Kappa & $5 T CIW-NN 4. 66 % , & %
TLRE N 0.88% ~24.26% ;

4)GIFS ¥ Kappa &85 T IFS-CoCo 4. 12% , $& &
JEHE M 0.04% ~11.58%;

5)GIFS 1F-¥ Kappa &%= T EIS-RFS 13. 46 %, £ 75
0. 58% ~52.65% 3

6) GIFS [ Kappa R %= F KNN 6. 39 % , # = 10 [
HF1.16%~44.01%,

) GIFS 78 2 8dln 4 11973 Kappa REL T % 1140
RS PHGA, $2 S F 2 0. 36%~9.85% .
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Table 4 Kappa of seven algorithms
CRA 20
Alg GIFS PS-NN CIW-NN IFS-CoCo EIS-RFS PHGA KNN
glass 56.11%+18.04 47.1241.06 50.21+15.57 47.48+11.97 45,46+13.05 53.66+14.6
vowel 87.18+4.10 62.47+1.13 69.40+6.77 79.55+4.15 40.7344.59 87.54+2.84
segment 95.16 1. 41 93.15+0.95 92.09+2.66 93.79+2.00 91.55+1.82 93.88+1.63
new-thyroid 88.04+12.98 80.70+13.94 87.6349.41 77.42421.90 77.84£20. 46 82.72+16. 64
automobie 55.39+8.93 36.89+10.95 37.04+11.53 43.81+14.91 35.55+18.16 38.97+14.90
hayes 27.84+23.06 18.34421. 24 42.82+22. 41 38.64+18.75 26.74+20. 50 -16.17+19. 00
contrace 20.58=+5.80 17.20+2.71 16.414+5.13 17.8845. 84 16.0045.98 19.42410.47
cleveland 26.36+8.85 27.23+6.73 25.48+9.17 22.9949.32 25.67+6.03 27.78+4.97
breast 27.04+18.10 30.42+12.13 21.94418.52 24,66+16.21 26.46+17.83 35.69+%14.07 25.38+14.32
ionosphere 68.46+10. 34 63.79+11.71 85.07*+11.89 63.68+12.31 15.81+17. 60 73.98+10. 45 62.88+21.19
sonar 63.83+15.79 41.26=+12. 80 56.63420. 24 53.86+17.37 45.08+16.13 53.98+£16.85 57.31%7.60
saheart 24.78+12.26 27.43+1.30 21.18£15.22 20.574£16.02 29.41%+12.44 21.97+£10.62 22.33£7.60
spectfheart 24.26+19.85 28.22+22.34 0+8. 44 24,22+23.83 8.88+11.66 21.45+22.11 18.53+21.09
bupa 23.33+14.87 19.514+12.53 18.86414. 65 23.01419.50 13.38414. 26 22.97+15.94 22.09+13.41
page 76.42+4.21 67.80+4.66 70.08+6.28 71.37+6. 14 64.28+5.96 72.56+4.74
Avg. 50.98+11.95 44.10+9.07 46.32+11.85 46.86+13.35 37.52+12.43 44,59+11.95
i 520 5 T 75 L GIFS {1 EGA 347 95 ) 6 R A A
7 BB A 2 2SR B Tl A GA RN CHC k47 52 9] 36 % A
R N spe- o \ \ § .
37 IEZEPEMAr R BE . GA LERFF A Z A4 B A EGA A
N S T . s e
i CHC, 3 BUE A JF A7 55 1] 18 75 F0 4R A1 28 25 s 1) o 8 B2 TN AR 8
< 7 .
0 PERAR . AT CHC,EGA TE LR35 5l B 2 B2 P Y R B, 42 55
TS B B RN R A B B R L AR AR T IR R A R
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Fig. 7 Experiment results of average Kappa

GIFS 5 A 4 Fpx} L 5532 78 Kappa & 8% 1 A 9256 45 3
UK B v AR5 RRAS B0 45 R 5% 5 P51, GIFS 1Y P-value
N T8 A B K 0. 05), X B 1E Kappa 2 %% b . 4
X F HA A B L GIFS RELE AR 5

# 5 Kappa JBUR Bl 78 BR A5 B A 55
Table 5 Signed-rank test for kappa
Alg R* R P-value
GIFS vs CIW-NN 97 23 0.0353
GIFS vs PS-NN 105 15 0.0088
GIFS vs IFS-CoCo 106 14 0.0067
GIFS vs EIS-RFS 114 6 0.0008
GIFS vs KNN 114 6 0.0008
6 itit
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Fig. 8 Validity verification of EGA
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Fig. 9 Validity verification of select strategy
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Fr R g, i — 2048 5 T EGA 3 47 52 1] 326 5 A4 AIF 3 £ 19 A&
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