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Under NMAR missingness, the observed likelihood, without a missing-data
mechanism, leads to a biased MLE. In this research, we developed a new methodology to express the
bias of the MLE due to the missingness in closed form. Using the formula, we provided several
mathematical conditions under which inclusion of auxiliary variables reduces or inflates the bias.

The formula described above holds for any missing-data mechanism. This strong consequence can be
proved because a shared-parameter model is taken for missingness.

A final contribution of this research to be reported is to take a_semi-parametric way to relax the
strong condition required for the conventional missing-data analysis.
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Fig. 3. AR(1) model with one covariate.
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