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Abstract

Background: High-throughput technologies enable the cost-effective collection and analysis of DNA
methylation data throughout the human genome. This naturally entails missing values management
that can complicate the analysis of the data. Several general and specific imputation methods are
suitable for DNA methylation data. However, there are no detailed studies of their performances
under different missing data mechanisms -(completely) at random or not- and different
representations of DNA methylation levels (B and M-value).

Results: We make an extensive analysis of the imputation performances of seven imputation methods
on simulated missing completely at random (MCAR), missing at random (MAR) and missing not at
random (MNAR) methylation data. We further consider imputation performances on the B- and M-
value popular representations of methylation levels. Overall, B -values enable better imputation
performances than M-values. Imputation accuracy is lower for mid-range B -values, while it is
generally more accurate for values at the extremes of the B -value range. The MAR values distribution
is on the average more dense in the mid-range in comparison to the expected B -value distribution. As
a consequence, MAR values are on average harder to impute.

Conclusions: The results of the analysis provide guidelines for the most suitable imputation
approaches for DNA methylation data under different representations of DNA methylation levels and

different missing data mechanisms.
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Figure 1
B-value distributions of different missingness mechanisms. Comparison of the B-value

distribution against the distribution of simulated MCAR, MAR and MNAR missing values.
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Figure 2
B-value distributions of CpGs with frequently missing values. Comparison of the B-value
distribution against the B-value distribution of CpGs with missing values on > 20%;> 25%;>

30% samples. MAR simulated distribution included.
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Figure 3
Healthy datasets. Average RMSE with respect to B-value range. Average RMSE for M-value
and B-value imputation with respect to different - value ranges and with respect to the

MCAR, MAR, MNAR (low, mid, high) missing data mechanisms.
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