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Abstract: Dataset with missing values is quite common in real applications,and handling missing values has become a research
hot issue in the classification field.This paper analyzes and compares several popular missing values imputation algorithms,and
has proposed a novel imputation algorithm for missing values based on EM(Expectation Maximization) and Bayesian network.In
this algorithm,the Naive Bayesian is employed to estimate the initial values of EM algorithm,and the EM inspired approach for
filling up missing values is incorporated to Bayesian network learning with the objective of ensuring the ultimate updater.As a re—
sult,the complete dataset is got after imputation.Experiment results demonstrate that the proposed algorithm enables much higher
classification accuracy and lower cost when compared with other classical imputation algorithm.
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Pseudocode of EBN Imputation Algorithm

1:Input:D:The dataset within missing values

2:Initialization: Fill the missing values using RBE method

3: Compute P(AyIC))and P(Cj)according to Eqs.(3)(4),and regard them as
the initial

4: estimation value of EM algorithm

5:Process(E-step and M-step):

6: k=0;//the number of iterations

7:For attribute A; do

8: k=k+l;

9://E—step:

10: For attribute A; do

11:  Construct an updater U; for A;,according to Eq.(5)

12://M—step:

13: For attribute A; do

14:  Update missing values of attribute A; through updater Uj,according to
Eq.(6)

15:Repeat E-step and M-step until convergence

16: Output :

17:  The iteration times k,and the ultimate updaters for imputing missing
values of each

18: attribute A; in the dataset D
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1 Audiology 226(69) 2.02 0 69
2 Mushroom 8 124(22) 1.38 0 22
3 Vote 435(16) 0 0 16
4 Breast 699(10) 0.22 10 0
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12 Lymph 148(18) 0 3 15
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Percentage of Missing Values
Data
S 10% 30% 50%
1
o EBN  Mean NB. kNN  EBN  Mean NB. kNN  EBN  Mean N.B. kNN
Diabetes 78.04 71.52 75.36 71.44 76.79 70.73 73.62 68.53 72.97 69.04 71.84 66.36
Glass 69.21 61.73 57.89 65.53 64.33 58.79 56.48 59.92 58.27 52.36 52.49 54.57
Heart 85.19 77.48 83.70 76.32 82.46 78.22 80.87 71.14 77.36 75.54 75.93 67.11
Tonosphere 90.15 87.12 81.77 86.04 82.35 79.64 73.79 79.23 78.18 74.07 72.13 75.87
Iris 93.68 93.21 94.67 92.44 91.55 86.67 92.62 87.71 87.44 82.00 86.00 79.93
Lymph 83.61 79.74 81.08 78.69 80.76 72.24 78.70 72.94 76.35 73.75 73.57 70.08
Vehicle 71.17 68.19 56.68 65.11 67.04 62.59 56.93 60.72 62.42 57.26 53.14 57.09
Vote 93.21 91.34 88.97 93.42 91.77 89.75 88.96 88.74 87.57 89.41 88.27 86.44
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