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A data extension technique to handle incomplete data
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Abstract This paper introduces an algorithm that compensates for missing values after converting them
into a format that can represent the probability for incomplete data including missing values in training
data. In the previous method using this data conversion, incomplete data was processed by allocating
missing values with an equal probability that missing variables can have. This method applied to many
problems and obtained good results, but it was pointed out that there is a loss of information in that
all information remaining in the missing variable is ignored and a new value is assigned. On the other
hand, in the new proposed method, only complete information not including missing values is input
into the well-known classification algorithm (C4.5), and the decision tree is constructed during learning.
Then, the probability of the missing value is obtained from this decision tree and assigned as an
estimated value of the missing variable. That is, some lost information is recovered using a lot of

information that has not been lost from incomplete learning data.
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Table 1. An example of learning data set

Event V1 V2 V3 Class
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Table 2. Data extention expression of Table 1.

V1 V2 V3 Class
W

1 2 3 1 2 1 2 3 1 2
111 0 0 1 0 1 1 0 0 1 0
2|1 1 0 0 0 1 0 0 1 0 1
311 0 0 1 1 0 0 1 0 0 1
4 110] 0 1 0 1 0 0 1 0 1 0
5|1 0 1 1 0 0 1 0
6 |1 1 0 0 0 0 1 0 1
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Fig. 1. Decision tree creation process as classification
progresses
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Fig. 3. Example of decision tree obtained through C4.5
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Table 3. Results of applying two probability values to
training data containing missing values
(White: Uniform, Gray: Proposed method)

5% 15% 30% 45%
Vi 86.017 85.110 83.331 79.635
87.352 86.829 87.388 87.015
o 87.343 86.430 84.161 84.006
87.586 86.819 86.771 86.379
86.817 87.331 84.452 80.583
v 87.681 88.427 85.593 85.859
va 87.139 86.201 84.450 80.098
88.134 87.645 88.811 88.546
Vs 85.843 85.147 82.829 81.001
88.872 88.180 87.296 87.113
6 87.417 86.393 83.670 79.332
87.162 87.477 87.237 85.653
V7 86.634 85.939 83.5697 83.063
88.066 88.758 87.237 85.549
V8 87.217 86.411 84.154 82.992
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87.794 87.792 85.966 87.309

85.687 84.805 82.697 78.779

Vo 87.279 87.795 87.611 87.376
V10 87.016 83.778 81.185 74.897
88.951 86.999 85.477 86.999

VT 87.101 84.560 82.567 79.352
89.979 89.072 87.908 88.104

Average 86.813 85.646 83.372 80.340
88.078 87.800 87.027 86.900

(a) Sleep Stage Scoring data

5% 15% 30% 45%

V1 88.947 87.764 85.584 83.633
89.893 87.366 87.543 84.731

V2 87.508 86.188 83.371 80.463
88.201 87.603 87.368 85.541

V3 88.053 87.341 87.032 83.255
89.127 87.965 88.763 86.139

V4 90.206 87.416 86.995 85.052
89.406 88.698 88.296 88.345

Vb5 90.328 88.5679 86.385 82.463
87.513 87.324 88.088 87.235

V6 88.807 86.025 86.461 80.301
88.199 85.643 83.229 84.241

Average 88.975 87.219 85.971 82.528
88.723 87.433 87.215 86.039

(b) Car evolution data

5% 15% 30% 45%

V1 91.168 91.209 88.780 88.583
90.684 91.701 89.143 84.036

V2 93.159 90.391 86.723 84.428
90.067 90.316 89.307 87.922

V3 92.533 90.138 90.038 88.807
91.556 91.695 87.420 82.799

Average 92.287 90.573 88.514 87.273
90.769 91.237 88.623 84.919

(c) Balance & Scale data

'\'\-—.

5% 15% 30% 45%

—o—Uniform —@—Probability

(a) Sleep Stage Scoring data

90
89
88
87
86
85
84
83
82
81
80

5% 15% 30% 45%

=—0=Uniform =@=Probability

(b) Car evolution data
93
92
91
90
89
88
87
86
85
84
83

5% 15% 30% 45%

—o=—Uniform =—@=Probability

(c) Balance & Scale data
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g. 4. Comparison of results in Table 3.
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