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Many studies are affected by missing data, which takes different forms and complicates subsequent analyses for researchers. Here, we are concerned with missing outcomes generated
by a missingness mechanism that is informative. In this case, ad hoc approaches, such as
complete-case analysis, are not suitable as they lead to bias and loss of precision [1]. If we
wish to adequately model this type of missing data, we need to use ‘statistically principled’
methods which combine information in the observed data with assumptions about the missing
value mechanism, and account for the uncertainty introduced by the missing data. These methods include Bayesian full probability modelling, in which a joint model consisting of a model of
interest and a model for the missing data mechanism is specified, allowing realistic assumptions to be made about the missingness process, and sensitivity to these assumptions to be
tested.
Using simulated data, we demonstrate the well known deficiencies of complete-case analysis when the response has missing values which are missing not at random [2], and explore
the circumstances and the extent to which Bayesian methods can improve our parameter estimates. We find that the addition of a model of missingness to form a joint model generally
improves the overall fit of the model of interest leading to better prediction, but the estimates
of individual parameters can be adversely affected by skewness in the response variable. With
real datasets, when the form of the missingness is unknown, we would like to have a diagnostic
that indicates the amount of informativeness in the missing data given our assumptions about
the model of interest and the form of the missing data mechanism. pD is a measure of the
dimensionality of a Bayesian model [3], and we explore the use of the scaled pD of the model
of missingness in this context. We find that it is useful for indicating how far our missing data
departs from missing at random, but that it should not be used for choosing the ‘best’ model.
These points are illustrated with simulated data and for real examples of longitudinal data taken
from the British birth cohort studies and a clinical trial analysed by Diggle and Kenward [4].
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