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Table 2. Methods to address missing data (in order of simplicity)
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A targeted literature review designed according to the
Preferred Reporting lItems for Systematic review and Meta-
Analysis Protocols (PRISMA-P) checklist was undertaken
to identify publications describing methods for handling "
missing data in health economic evaluations.?

Missing data in clinical trials can be classified into three

mechanisms: MI. multiple imputation, CCA: complete-case analysis, PS: propensity scoring, IPW: inverse probability weighting, LOCF: last observation carried forward; Sl: single imputation.

Missing completely at random (MCAR) -
not linked to the analysis question.

missing data is

However, any method to handle missing data under MNAR
will be associated with uncertainty and no single method was
found to be robust under the MNAR assumption.’:8

Conclusions

When data are MAR, M| and IPW is more precise than
CCA.

When data are MNAR, pattern-mixture models and
Bayesian approaches are the best methods to handle
missingness.>°

Electronic databases (Medline and Medline In-Process) >
were searched, according to a pre-defined search protocol,
from inception to October 2020.

Missing at random (MAR) - the probability of missing
data is dependent upon observed data and independent
of the true value.

Abstracts were initially reviewed, followed by full texts, to 3
determine study eligibility, based on predefined Population-

Robust handling of missing data is essential as the choice
of methods can have a direct impact on the conclusions

Missing not at random (MNAR) - the probability of
missing data is dependent on its true value.

Intervention-Comparators Outcomes-Study (PICOS) _ o A G K 2@\ drawn.
criteria, to include health economic evaluations of trial data Methods for handling missing data ! missingness w&

or any systematic literature review considering methods for
handling missing data.

Data from eligible studies were extracted and reported
methods for handling missing data were summarised.

Literature review

The review identified 44 publications meeting the eligibility
criteria (Figure 1).

Mechanisms of missing data

The nature of the missing data can determine the most
appropriate method for handling it.

The most common methods identified to address missing
data are described in Table 2.

Multiple imputation (Ml) with chained equations (MI-MICE)
was the most common approach when using Ml (Figure
2A), and complete-case analysis (CCA) was typically
compared against more robust methods in sensitivity
analysis.

Inverse probability weighting (IPW, Figure 2B) was used in
four studies but was found to be outperformed by Ml
methods due both to ease of implementation and inclusion
of variables which are predictive of missingness.

All approaches produced unbiased results when data are
MCAR.#
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Figure 2. Missing data methods: A) multiple imputation B)
inverse probability weighting
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There is little difference in results when using Ml or CCA
under MCAR data.

MI or IPW should be used where data are MAR and
compared with results under an assumption of missing not
at random, to evaluate the effect of differing assumptions
on cost-effectiveness conclusions.

Pattern-mixture models and Bayesian approaches can be
used when data is MNAR, however methods rely on
untestable assumptions, and often produce less precise
estimates with greater bias.
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