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Comment
Robert E. Fay

Meng’s paper usefully addresses one of the limita-
tions of multiple imputation that I raised a few years
ago. The author has introduced the term congenial
to characterize a set of analyses for which the mul-
tiple imputation analysis is most appropriate and
has discussed some of the implications of unconge-
nial analysis.

My own work on missing data has two primary
objectives: A
1. to identify and encourage analysis of the limita-

tions of multiple imputation;

2. to develop better or more appropriate theory.

The papers I have written and those that I plan often
attempt to address both objectives at once, although
over time I anticipate a focus on the second goal.

Meng’s paper and Rubin (1995) serve the first pur- -

pose by acknowledging one of the difficulties that I
pointed out. .

Does Meng’s complex argument lead us to a con-
clusion that, if multiple-imputation variances are in-
consistent, consistent variance estimates are inap-
propriate? I do not think so. Subsequent analyses of
the data, such as hierarchical Bayes models, meta-
analysis and small-domain models, often depend on
good variance estimates.

Robert E. Fay is Senior Mathematical Statistician,
U.S. Bureau of the Census, Washington, D.C. 20233-
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author and do not necessarily reflect the views of the
Census Bureau.
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As I have attempted to indicate elsewhere, how-
ever, the problem addressed by the author is only one
of the deficiencies of multiple imputation. Another
arises in the context of complex samples, central to
survey research generally and the Census Bureau
specifically. Features of complex designs have effects
on the validity of multiple imputation, generally of
the opposite sort than addressed in the paper. In
other words, the paper celebrates the finding that
multiple imputation intervals are too long when the
multiple imputation variance is inconsistent, but, in
application to complex designs, many multiple impu-
tation intervals are instead too short.

As an example of the current level of misunder-
standing of the implications of complex design, in
discussing their variance estimation for missing data
in the 1990 Post Enumeration Survey (PES), Belin
et al. (1993, page 1153) justify the omission of com-
plex sample considerations from the highly clustered
PES sample. Little’s (1993) questioning of this argu-
ment did not shake the authors’ conviction (Belin et
al., 1993, page 1165). Yet simple Monte Carlo evalua-
tion of the performance of multiple imputation shows
the argument in Belin et al. (1993) to be wrong, ex-
cept under special conditions not clearly stated nor
validated by the authors.

I will continue to await a systematic treatment of
the joint effect of uncongenial estimators and com-
plex samples in the multiple imputation literature.
(I will comment below on how these issues affect the
analysis of public use data specifically.)
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