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Background 

Missing data present a universal challenge in clinical research. In pragmatic clinical trials (PCTs), 
missing data can have an even bigger impact than usual, because patients taking part in PCTs are 
typically not followed as closely as in traditional clinical trials and may drop out of the study for 
various reasons, such as leaving the participating health plan or care facility. Moreover, in PCTs, 
outcome ascertainment and data collection are typically integrated with routine healthcare 
system data collection (e.g., electronic health records [EHRs]; administrative claims data) to 
reduce costs and provide access to large numbers of study participants.  

Use of EHR and claims data in PCTs 

Data gathered from EHRs and claims data are initially collected for non-research purposes and 
are therefore subject to various limitations. These include data lag, coding errors, and incomplete 
or inaccurate capture of healthcare conditions and medications. In addition, because the United 
States lacks a universal healthcare system and fully interoperable and interconnected medical 
record systems, a more dangerous type of missing data can occur when patients participating in 
a PCT receive care or medications from other facilities that are not participating in the trial. In 
such a scenario, missing data go undetected and are not accounted for in the statistical analysis.  

Cluster dropout in pair-matched studies 

In pair-matched cluster-randomized experiments, it is possible for an entire cluster to drop out 
of the study, potentially forcing analysts to discard information from the matched cluster and 
thus reducing the number of matched pairs by one [1]. Such an occurrence can have a large 
impact on effect estimation, especially in trials with a small number of large clusters. 

Missing data mechanisms 

There are three missing data mechanisms: 

1. Missing Completely At Random (MCAR) [2]. In the case of MCAR, the probability of 
missingness does not depend on any covariates or the outcome, and the complete cases 
(subjects with complete data) constitute a representative sample of the study population. 

https://www.nihcollaboratory.org/cores/Pages/biostats.aspx


 

Prepared by:  Elizabeth DeLong, Lingling Li, and Andrea Cook 

Reviewed by: NIH Collaboratory Biostatistics/Study Design Core 

Version: 1.0, last updated June 26, 2014 

Page | 2 

2. Missing At Random (MAR) [3]. In the case of MAR, the probability of missingness does 
not depend on unobserved elements, conditional on the observed data. 

3. Missing Not At Random (MNAR) or non-ignorable missing [4]. MNAR applies when 
neither MCAR nor MAR holds.   

Under MAR, the joint likelihood of measurement process and of missing data process factorizes 
into two separate likelihoods with variation-independent parameter sets [5]. Multiple statistical 
methods have been developed to account for MAR, including the popular multiple imputation 
approach [6], the likelihood-based parametric approaches [7,8], and the inverse-probability-
weighting and doubly-robust approaches [9-11].  

Under MNAR, the parameters of interest typically cannot be identified using observed data 
unless additional unverifiable parametric assumptions are imposed. Therefore, sensitivity 
analysis is usually conducted to assess the robustness of the inference to the imposed 
unverifiable assumptions [4,12,13]. Challenges remain with regard to adapting these methods 
into the analyses of cluster-randomized experiments in order to account for clustering, 
stratification/matching, and missing data in a unified manner. 

Next steps 

There is no single statistical technique that can address all missing data issues. It is important to 
assess the causes of missing data and their corresponding mechanisms and then select the 
appropriate statistical techniques to handle missing data.  More advanced methodological 
research is needed, especially in the case of the MNAR mechanism. 
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