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Abstract Nonresponse and missing values are caused by sample dropouts and avoidance of answers to surveys.
In this case, problems with the possibility of information loss and biased reasoning arise, and a replacement of
missing values with appropriate values is required. In this paper, as an alternative to missing values imputation,
we compare several replacement methods, which use mean, linear regression, random forest, K-nearest neighbor,
autoencoder and denoising autoencoder based on deep learning. These methods of imputing missing values are
explained, and each method is compared by using continuous simulation data and real data. The comparison
results confirm that in most cases, the performance of the random forest imputation method and the denoising
autoencoder imputation method are better than the others.

Key words : Mean Imputation, Random Forest Imputation, K-nearest Neighbor Imputation, Autoencoder
Imputation, Denoising Autoencoder Imputation
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Table 2. RMSE results of each imputation for user data
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