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A Sparse Data Preprocessing Using Support Vector Regression
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Abstract

In various fields as web mining, bioinformatics, statistical data analysis, and so forth, very diversely missing values
are found. These values make training data to be sparse. Largely, the missing values are replaced by predicted values
using mean and mode. We can used the advanced missing value imputation methods as conditional mean, tree method,
and Markov Chain Monte Carlo algorithm. But general imputation models have the property that their predictive
accuracy is decreased according to increase the ratio of missing in training data. Moreover the number of available
imputations is limited by increasing missing ratio. To settle this problem, we proposed statistical learning theory to
preprocess for missing values. Our statistical learning theory is the support vector regression by Vapnik. The
proposed method can be applied to sparsely training data. We verified the performance of our model using the data
sets from UCI machine learning repository.
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Table 1. MSE among comparative models (Glass)

mssing rate tree. dist. huber SVR
5% 0.007 0.014 0.050 0.009
10% 0.013 0.015 0.072 0.012
20% 0.043 0.036 0.131 0.024
30% 0.042 0.078 0.152 0.019
40% 0.079 0.153 0.210 0.025
50% 0.142 0.252 0.321 0.031

X 2. E8E 7+¢ MSE (Iris)
Table 2. MSE among comparative models (Iris)

mssing rate tree. dist. huber SVR

5% 0.018 0.020 0.031 0.012
(0.155) | (0.231) | (0.203) (0.043)

10% 0.029 0.031 0.058 0.018
(0.236) | (0.369) | (0.308) (0.058)

20% 0.048 0.063 0.082 0.025
(0.298) | (0.431) | (0.455) (0.090)

309% 0.069 0.109 0.155 0.038
(0.339) | (0.498) | (0.534) (0.088)

40% 0.121 0.188 0.254 0.055
(0.501) | (0.668) | (0.703) (0.099)

50% 0.215 0.298 0.388 0.068
(0.785) | (0.831) | (0.990) (0.111)
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