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The authors attempted to catalog the use of procedures to impute missing data in the epidemiologic literature
and to determine the degree to which imputed results differed in practice from unimputed results. The full text of
articles published in 2005 and 2006 in four leading epidemiologic journals was searched for the text imput.
Sixteen articles utilizing multiple imputation, inverse probability weighting, or the expectation-maximization algo-
rithm to impute missing data were found. The small number of relevant manuscripts and diversity of detail provided
precluded systematic analysis of the use of imputation procedures. To form a bridge between current and future
practice, the authors suggest details that should be included in articles that utilize these procedures.
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Missing data are ubiquitous in epidemiologic research;
the traditional approach to handling missing data has been
‘‘complete-case’’ analysis (1, 2). In brief, complete-case
analyses delete observations with missing information on
any studied covariate. Not only is the resultant precision
diminished (e.g., widened confidence intervals) because of
the reduction in sample size, but bias may be introduced if
the data are not missing completely at random. Simple ap-
proaches, such as including an indicator variable for miss-
ingness, do not in general correct this bias (1). Simple single
imputation (deterministic or stochastic) is appropriate in
rare cases when the between-imputation variance is vanish-
ing in relation to the within-imputation variance, as well as
in other specific situations (3). Methods such as multiple
imputation exist that are more generally appropriate and
allow asymptotically unbiased estimation under the weaker
assumption of missing at random conditional on measured
variables. These are now widely available in standard soft-
ware (e.g., SAS procedure MI (multiple imputation); SAS
Institute, Inc., Cary, North Carolina) (4).

Our goal was to catalog the use of multiple imputation in
the epidemiologic literature and to determine the degree to

which imputed results differed in practice from unimputed
results. We searched the full text of articles published over
2 years in the January 2005 to December 2006 issues of the
American Journal of Epidemiology, the Annals of Epidemi-
ology, Epidemiology, and the International Journal of Epi-
demiology for the text imput. All articles identified were
reviewed by the first author to determine whether multiple
imputation was used, considering only relevant articles, de-
fined as those presenting original research results, imputing
exposures, outcomes, or covariates, and not based on simu-
lated data. The number of eligible articles was derived from
the annual summary of articles (considering Original
Contributions and Practice of Epidemiology articles) for
the American Journal of Epidemiology (5, 6) and by manual
review of the table of contents for the other three journals.

Numerous articles used a variety of ad hoc methods to
impute missing data, such as imputing half the assay de-
tection limit for values below that limit. Several articles
studied had such ambiguous descriptions of the methods
used for missing data that we were unable to determine
the method used (7, 8). Among the 99 articles containing
the text imput we found 12 relevant articles that used
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multiple imputation (9–20). In addition, we also found
articles that used inverse probability weighting (7, 21, 22)
or the expectation-maximization (EM) algorithm (23) to
account for missing data. The degree of detail reported in
the 12 papers utilizing multiple imputation was highly vari-
able. Seven papers stated the variables used to impute miss-
ing data (9, 10, 13–16, 19). Five papers provided some
measure of how imputation changed the results (9, 10, 13,
16, 19); four presented only results obtained by imputed
data (12, 14, 15, 17), and three presented unimputed results
but stated that imputed results were similar (11, 18, 20).
Eight of the 12 papers utilizing multiple imputation stated
the number of data sets imputed (9, 10, 12, 13, 15–17, 19).
The 16 identified papers that used multiple imputation, in-
verse probability weighting, or the expectation-maximization
algorithm represented less than 2 percent of the 1,105 orig-
inal research articles published during these 2 calendar years
in these journals (i.e., 8/465 papers (1.7 percent) in the
American Journal of Epidemiology, 3/220 (1.4 percent)
in the Annals of Epidemiology, 1/172 (0.6 percent) in
Epidemiology, and 4/248 (1.6 percent) in the International
Journal of Epidemiology).

We were surprised at how infrequently multiple imputa-
tion appeared in published epidemiologic manuscripts given
the well-described shortcomings of simpler approaches
(1, 2) and relatively easy implementation with widely used
statistical software (4). We excluded specific types of papers
from the numerator but were unable to apply the same ex-
clusions to the denominator of all published papers; there-
fore, we have underestimated the use of imputation methods
in published papers. Moreover, papers using the methods
listed above may not have included the text imput.
Nevertheless, even if only half of papers published in the
epidemiologic literature are relevant by our definition and
only half of papers using the listed methods used the text
imput, the use of these methods is still quite rare. Perhaps
use of these methods is more common than our survey
found, but journal editors and reviewers are uncomfortable
with them, and manuscripts imputing data are less likely to
be accepted for publication.

The small number of relevant manuscripts and diversity
of detail provided precluded systematic analysis of the use
of multiple imputation procedures. To increase the field’s
comfort with the procedures, we suggest the following con-
siderations for future manuscripts using these methods.
Authors who utilize multiple imputation or a similar method
should state the fraction or number of observations deleted
from the unimputed analysis because of missing data and
the fraction or number recovered by imputation. The vari-
ables used to impute missing data should be stated. Revealing
the set of variables upon which the missing-at-random as-
sumption rests is akin to revealing the set of confounders
upon which the assumption of no unmeasured confounding
rests. We were surprised that eight of the 12 papers using
multiple imputation stated the number of data sets imputed,
while only seven stated the variables used to perform the
imputations. Finally, we suggest that authors provide pri-
mary results from their imputed and complete case analyses,
along with the corresponding confidence intervals. We un-
derstand that the few investigators routinely incorporating

these procedures might view this recommendation as a ‘‘step
backward’’ in methodological sophistication. However, we
see this suggestion as lending a bridge between current and
future practice.

The assumptions required by imputation methods are the
same as the assumptions of methods already routinely relied
upon by epidemiologists. For instance, survival analysis
generally requires the assumption that had they been fol-
lowed, individuals lost to follow-up would have had the
same outcome as those who remained under observation.
This missing-at-random assumption is enacted implicitly
and within levels of exposure in the estimation of Kaplan-
Meier curves or conditional on covariates for the estimation
of a proportional hazards model. Theory suggests that, if
correctly and thoughtfully applied, imputation methods
should reduce bias and increase precision in everyday use.
We were unable to assess the impact of these methods
in practice because of the rarity of use and lack of detail
in description. We remain hopeful that inclusion of our sug-
gested details in future publications will demonstrate to
the field at large how imputation can reduce bias and in-
crease precision in everyday use and that investigators will
become more likely to utilize these methods.
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