
Dr Paul Clarke example project 2:  

Adjusting for non-ignorable non-response in complex longitudinal surveys using callback models 

Missing data affect almost all surveys and survey-response rates are continuing to fall.  Accurate inferences about 

the target population cannot be made from incomplete data unless the statistical analysis is suitably adjusted for the 

effects of the non-response mechanism through which the data came to be missing.  Standard methods assume that 

the data are ‘missing at random’ (MAR) in the sense that non-response for each individual is assumed to depend on 

only the observed variables (Rubin 1976).  However, the possibility that the data are ‘not missing at random’ (MNAR) 

- that non-response depends also on the missing variables - can never be discounted; MNAR data is also referred to 

as ‘non-ignorable’ because we must explicitly model the non-response mechanism. 

‘Paradata’ is the increasingly used term to describe auxiliary information about the fieldwork and data processing 

aspects of a survey (Kretuer et al 2010); for example, the number of calls made by an interviewer to a survey unit.  

Paradata are ideal for modelling the non-response mechanism because we have data for both respondents and non-

respondents, and the data contain information relating to the processes by which interviews are obtained (or not). 

Weighting adjustments for non-response based on the number of callbacks originally go back to the 1940s.  More 

recent work has been based on estimation of models for the survey variables and non-response (Wood et al 2006; 

Jackson et al 2010; Biemer et al 2012).  These are called ‘callback’ models because the number of calls is 

incorporated into the probability of responding, which can be allowed to vary between calls.  The most sophisticated 

of the recent approaches use Markov chain Monte Carlo estimation in a manner that can be viewed as multiple 

imputation for non-ignorable non-response (Schafer 1997).  

Your research will investigate extending these methods to complex surveys in which the data are not a simple 

random sample from the target population (for which we can assume i.i.d. random variables), but rather a stratified 

cluster random sample.  Cluster samples involve random samples of higher level units like postcode sectors and 

households, from which individuals are subsequently selected.  These designs often result in individuals having 

unequal selection probabilities, and have implications for the estimation of model parameters and standard errors.  

The way forward is open to you so that, for example, you may explore approaches based on extending the analysis 

model to include features of the sampling design, or approaches that incorporate the survey weights such as 

pseudolikelihood (see the overview by Pfeffermann (2011)).  

Another strand of your research will be to extend these models for longitudinal (or panel) surveys.  The impact of 

non-response on longitudinal surveys is called attrition.  Missing-value patterns in longitudinal surveys are 

traditionally taken to be ‘monotone’, where individuals drop-out and never return, but in practice missing-value 

patterns are often non-monotone because individuals return to the survey after dropping out, and ‘item non-

response’ where participating individuals do not answer specific survey questions.  You will develop callback models 

in which previous survey outcomes and missing-value patterns are included, and assess the benefits of using this 

extra information. 

You will formally assess your methodological developments using appropriately designed simulation studies, and by 

applications to rich longitudinal data from surveys like the European Social Survey (http://ess.nsd.uib.no/ess/).  As 

well as being comfortable with basic concepts of statistical inference, the successful applicant should also be 

comfortable with basic mathematical skills like algebraic manipulation and calculus, and happy to program using 

statistical software packages like R and Stata. 
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