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Particle swarm optimization based data imputation method for

mixed features

LIU Yi, QIN Wei, LI Gengsong, LIU Kun, WANG Qiang, ZHENG Qibin" , REN Xiaoguang
(Academy of Military Sciences, Beijing 100091, China)

Abstract; Aiming at the deficiency of traditional data imputation methods in effectively using the label information and random characteristics

of missing data, a particle swarm optimization based imputation method for mixed features was proposed. The value of continuous feature was

modeled as Gaussian distribution, and the mean and standard deviation were used as optimization parameters. The value probability of categorical

features was optimized as a parameter. The classification accuracy rate was used as the optimization target to make full use of random information of

label information and missing data. Four statistical methods and two evolutionary algorithm based imputation methods were used to compare the

results on six typical classification datasets. The results show that the proposed method significantly outperforms other comparison algorithms in

terms of classification accuracy indicator, and has better time overhead at the same time, which can effectively solve the data missing problems of

mixed features.
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Alg. 1 Pseudo-code of DIPSO

1. begin

2. VAR ARG A F AR50 N (.

3. while 5B iR R IEARIKEL

4. for H4-Hi T

5 3 3ok 2 2 e

6. T a2 2K 2 R RS ) B 4 o

7 BE TR T A 0 2R, T R T A R
W SR 7 A SECR ML A B

8. Wi sE B EAE AL B AR AL 3 281 AR

9. SR AN 4 R B A it

10. end for

11. end while

12. end
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Tab.1 Characteristics of experiment datasets
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Tab.2  Experimental results of accuracy indicator

%

Hynse Bede R MI KNN REM MICE EPF MOGATImp DIPSO
5 49.78 51.58 49.58 48.57 66.74 47.61 60. 49

10 48.66 47.92 53.13 48.00 63.33 49.96 65.82

20 53.30 55.00 42.17 48.57 71.88 48.26 68. 41

Bee 30 46.12 54.31 54.08 49.71 73.29 55.94 66.09
40 51.49 50. 56 45.04 49.71 68.35 54.89 71.85

50 52.75 46.47 51.20 48.57 76.44 56. 68 66.38

5 84.10 82.56 83.85 82.71 85.90 85.13 84.36

10 80. 00 84.36 82.82 84.75 87.82 84.36 87.18

20 80.77 86.92 82.31 84.07 89.10 80.51 87.95

Park 30 78.97 84.87 84. 10 77.97 89.62 88.46 90.26
40 77.95 80.77 82.05 79.32 88.72 80.77 89.23

50 81.28 81.79 80. 00 80. 68 87.82 83.33 90. 00

5 77.03 73.53 75.29 75.91 79.03 77.52 87.43

10 74.95 78.36 72.72 74.55 82.63 80.33 87.83

20 73.82 73.74 70. 95 73.64 79.69 77.49 88.20

Lymp 30 73.55 72.59 70.23 74.55 86.02 78.00 93.60
40 65.41 69. 83 74.68 64.09 83.71 79.39 92.57

50 67.24 66. 82 67.63 65.91 85.34 82.95 92.87

5 31.53 28.32 32.81 35.54 34.13 33.85 44.74

10 35.10 35.78 32.32 36.31 41.77 48.09 49.42

MONK 20 38.44 37.81 36.76 42.77 47.83 54.70 56.61
30 40.95 42.32 37.77 44.15 50.95 61.38 61.09

40 44.09 44.39 42.37 46.46 53.28 63.46 63.58

50 45.13 46.36 44.08 49.54 54.66 59.93 63.77

5 81.00 80.71 78.60 85.33 88.33 86.21 93.10

10 81.79 86. 60 83. 14 80. 00 89.90 87.21 97.00

20 80. 64 86.76 86.24 84.67 89.38 84. 14 97.52

Foo 30 80.52 80. 62 85.21 83.33 89.52 86.05 96. 07
40 77.33 78.00 82.50 84.67 88. 68 85.55 98.52

50 78.31 84. 60 81.62 54.67 88.06 86. 74 96. 07
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B B R MI KNN REM MICE EPF MOGAImp DIPSO
5 64.44 63.15 61.30 64.69 70.37 61.30 70.37

10 64.26 66.48 64.07 60.74 74.07 68.70 74.81

SiH 20 63.52 62.96 66.11 67.16 77.22 72.78 77.96
30 62.59 63.15 65.37 61.73 76.85 73.70 75.19

40 62.96 56.30 65.93 63.70 76.48 75.00 77.41

50 62.22 57.96 60.37 61.23 74.35 73.33 77.78
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