Appendix
Proof of Theorem 1: Let 
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To simplify notation, assume the columns with partial deletions are 
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For the log-likelihood without data deletion we make the similar decomposition as
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Note that the same term 
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Also, let 
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Similarly to (A.1) we have, with 
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Consequently,
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note that the first term in the above bracket is asymptotically a 
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Proof of Theorem 2: i) Is from standard argument for the consistency of MLE.
ii) After deleting the irrelevant covariates, the model is
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By the standard result on regression parameter estimation (eg; Proposition 4.3.1 D and Example 4.3.1 in Bickel, et al.) [19], the efficient score for 
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