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Chapter 1 - Introduction 

This thesis deals with the problem of missing data in randomized controlled trials 

(RCTs) and cluster randomized trials (CRTs). Before describing the procedure adopted for 

this investigation, we first introduce the notion of RCTs and CRTs. 

Randomized controlled trials (RCTs) are scientific experiments (as opposed to 

observational studies) conducted with the aim to reduce (if not completely remove) potential 

sources of bias or confounding when assessing the effect of new treatments (Chalmers et al. 

1981; Little et al. 2012). This is achieved by randomly allocating each individual participant 

to one of two or more treatment groups, and then comparing these groups on one or more 

measured responses (e.g., health related outcomes) after treatment. For simplicity, we here 

focus on randomized experiments with only two treatment groups. One group, the 

experimental group, receives the intervention being assessed, while the other, commonly 

called the control group, receives an alternative treatment, such as a placebo or treatment as 

usual, or no intervention. At some pre-specified point after treatment the outcomes are 

measured per participant, and at the end of the trial, when the data have been obtained from 

all participants, the effect of the experimental intervention on the outcomes is assessed in 

comparison to the control. Specifically, the outcome difference between the two treatment 

groups is the so-called treatment effect. There are various RCTs in the literature. Some 

examples of RCTs are the chronic low-bac pain (CLBP) trial conducted by Kole-Snijders et 

al. (1999), and the Chronic Obstructive Pulmonary Disease (COPD) trial conducted by 

Fastenau et al. (2020). As described in details later in this thesis, there are several statistical 

analysis models in the literature for analysing data from RCTs, which are mostly defined 

based on the type of outcome involved in the study. For example, linear regression models 
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are commonly used when the outcome of interest is continuous (Kayembe et al. 2020; 

Sullivan and al. 2016). 

Cluster randomized trials (CRTs) are experiments where groups (i.e., clusters) of 

individuals are randomized to different treatment conditions rather than the individuals 

themselves. CRTs are conducted in family medicine (patients within general practices, with 

randomization of practices), public health (citizens in communities, randomization of 

communities) and education (students in schools, randomization of schools), among others. 

CRTs are generally chosen to prevent treatment contamination arising from communication 

between treated and untreated participants, and because of logistic impossibility to randomly 

assign individuals, or to reduce cost compared to RCTs. Further details on the design and 

analysis of CRTs can be found, for example, in Hayes and Moulton (2009). Some examples 

of CRTs are the trial comparing a lifestyle education program with usual care for type 2 

diabetes patients in 20 family practices (Adachi et al. 2013), and the Learn Young, Learn Fair 

stress management program (SMP) trial assessing the effects of a stress management program 

on stress, coping, anxiety and depression in fifth and sixth grade children (Kraag et al. 2009). 

Individual observations within the same cluster in CRTs cannot be assumed to be 

independent; they are likely to be correlated because they share the same cluster 

effect. Hence, statistical analysis of data from CRTs needs to accommodate clustering (i.e., 

cluster effect) of the data. Failing to do so in the data analysis leads to underestimation of the 

sampling variance of the treatment effect, and failing to do so in the sample size calculation 

leads to underpowered trials (Fiero et al. 2016). 

Both RCTs and CRTs are often plagued by the problem of missing data. Statistical 

analyses with missing data in RCTs or CRTs should account for the missing data since failure 

to do so may lead to biased and/or inefficient results. This thesis investigates statistical 

methods for dealing with missing data in RCTs and CRTs by comparing the performance of 
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various missing data methods under various missingness scenarios. This is done with respect 

to estimation of the treatment effect and its standard error (SE), which are translated into 

various performance criteria, notably bias and precision of the treatment effect estimate and 

of its standard error (SE), coverage of the 95% confidence interval (CI), false positive rate 

(FPR) and power for testing the effect of treatment (Morris et al. 2019). The thesis is divided 

into four research articles, in addition to the current introduction, and the discussion and 

conclusions. The first article considers the case of RCTs with a continuous outcome and 

missingness in a single baseline covariate, and further gives some results for the situation 

with a time-to-event outcome. In the second article, the case of missingness in a single 

covariate is extended to the case of missingness in multiple covariates. The third article 

investigates the more general case of missingness in both the covariates and the outcome in 

RCTs with a continuous outcome. The fourth article is focused on the problem of missing 

data in CRTs with a baseline and post-test measurement of a quantitative outcome, both 

having missingness. Before presenting these articles, we first introduce a non-technical 

review about the statistical analysis models for RCTs and CRTs, missing data as well as the 

missing-data mechanisms, and various methods that can be used for handling missing data 

under various missingness mechanisms assumed in this thesis. A formal description of these 

(through mathematical formulas where necessary) is presented in the four articles in this 

thesis. 

1.1 Analysis models for randomized trials 

The statistical analysis models used in the literature as well as in this thesis vary 

depending on the study design (i.e., RCTs vs. CRTs), the type of outcome involved (e.g., a 

continuous outcome, binary, and time-to-event) and on the number of outcomes involved, 

e.g., a single outcome or multiple outcomes (including repeated measurements of the same 

outcome), as follows. 
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1.1.1 Analysis models for data in randomized controlled trials (RCTs) 

Various models have been used in the literature for analyzing data from randomized 

controlled trials (RCTs), which include among others, linear regression models for a 

continuous outcome (Jones 1996), logistic regression models for a binary outcome, Cox 

regression models for a time-to-event outcome (Gail et al. 1984; Lin et al. 2013; Schober and 

Vetter 2018) and linear mixed effects models (LMM) for multiple continuous outcomes or 

repeated measurement of a single outcome (Sullivan et al. 2016). Generalized linear 

regression models (e.g. logistic and Cox regressions) behave differently from linear 

regression models for a continuous outcome regarding estimation of treatment effects even 

for complete data. In particular, in generalized linear models, unlike in linear regression 

models, unconditional and conditional (on covariates) treatment effect estimates target 

different effects of treatment (Jiang et al. 2016). This thesis focusses on continuous outcomes 

and therefore only considers linear and mixed linear models, except for a small extension in 

chapter 2. Specifically, the data will be analyzed with a linear model in which the baseline 

measurement of the outcome acts as a covariate, and with a mixed linear model in which the 

baseline is a repeated measure just like the outcome measurement after treatment. The former 

and the latter models are respectively given by the following equations 1.1 and 1.2, where the 

subscript i indicates study participant nr i : 

�� = �� + ����� + 	 �
��
 + ��,    � = 1, … , �,
�


��
 (1.1) 

where �� (leaving out the index i for individuals for simplicity) is the treatment indicator and 

has no missing data; �� is the effect of interest, which is the effect of treatment on the post-

test outcome �; and ��, … , �� are baseline covariates that may have missing data, with �� 
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being the baseline outcome but treated here as covariate. Model (1.1) is otherwise called an 

analysis of covariance (ANCOVA) model. 

������ � |���, ���, … , ���~� ����� + ������ + ������ + ⋯ + ��������� + ������ + ������ + ⋯ + ������� , �  !"�  !"� !"�  �� #$ (1.2) 

where the repeated measures (�� and �) of the outcome are assumed to be bivariate normally 

distributed, adjusted for all other covariates including treatment (��, ��, … , ��). Set ��� = 0 

to constrain the baseline mean to be the same for both treatment groups owing to 

randomization. The coefficient ��� from model (1.2) is the treatment effect of interest and 

has been shown to equal  �� in equation (1.1) if ��� = 0 is assumed (see e.g., Van Breukelen, 

2013; Lu and Mehrotra, 2010). See details in articles 2 and 3 (i.e., chapters 3 and 4) of this 

thesis.  

1.1.2 Analysis models for data in cluster randomized trials (CRTs) 

Data from cluster randomized trials (CRTs) have a multilevel (nested) structure with 

data from individuals in the same cluster sharing the cluster effect. This should be 

accommodated in the statistical analysis model, as not doing so leads to underestimation of 

sampling variance of the treatment effect in the analysis, and to underpowered studies in 

sample size calculation in the design phase (Van Breukelen and Candel 2012). Mixed effects 

models with a random effect at each design level (here: the cluster level and the individual 

level) are commonly used to analyse CRTs. The cluster randomized trials involved in chapter 

5 of this thesis have a 3-level structure consisting of pre-test and post-test measurements of 

an outcome within individuals within clusters. The analysis model considered for such CRTs 

in this thesis is therefore a 3-level linear mixed effects model (LMM), with random effects at 

levels 1 (for the pre- and post-test measurements), 2 (for individuals) and 3 (for clusters), 

which is an extension of the model in equation 1.2 with a bivariate random cluster effect (one 

effect per time point). The performance of this model for treatment effect estimation is 
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compared to the performance of a 2-level analysis of covariance (ANCOVA) in which the 

pre-test measurement is a covariate, with random effects at levels 1 (person) and 2 (cluster), 

which is an extension of equation 1.1 with cluster effects. The 3-level LMM and its 2-level 

ANCOVA counterpart described above have been found to be nearly equivalent for complete 

multilevel data in the literature of non-randomized studies (see e.g. Shin and Raudenbush 

2010). Formally, the ANCOVA and LMM models for CRTs described in this section are 

respectively expressed by the ANCOVA and LMM models of section 1.1.1 extended with a 

random cluster effect to accommodate outcome difference between clusters. 

1.2 Missing-data mechanisms 

The method used to handle missing data in RCTs or CRTs, as in any study, should 

take into account the underlying causes of the missing data, as failure to do so may lead to 

bias and/or to inefficient results. The causes of missing data are otherwise known as the 

missingness mechanisms. These missingness mechanisms are commonly classified into three 

types, following Rubin (1976) and Little and Rubin (1989): Missing completely at random 

(MCAR), at random (MAR), and not at random (MNAR). Data are MCAR if the probability 

of missing data is independent of any observed or unobserved data (e.g. a corona test is 

missing for a patient because the nurse forgot to ask the patient to take the test), MAR if the 

probability of missing data is independent of any unobserved data conditional on the 

observed data (e.g. a corona test was performed when the patient showed symptoms related to 

corona such as high fever or severe flu), MNAR if the probability of missing data depends at 

least on unobserved data, even after conditioning on observed data (e.g. a patient was aware 

to be positive for corona but refused to let the nurse perform the test by fear of being forced 

to quarantine). These three missingness mechanisms are assumed throughout this thesis, as 

they can all occur in randomized controlled trials (RCTs) as well as in cluster randomized 

trials (CRTs). 
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1.3 Missing data methods 

There are various theoretically simple, as well as advanced, methods for dealing with 

missing data in the literature (see e.g. Bailey et al., 2020; Kayembe et al., 2020; Little and 

Rubin, 1989; Sullivan et al., 2016). Commonly used simple methods include unadjusted 

analysis (UA), complete case analysis (CCA), mean imputation (ME) and the missing-

indicator method (M), and advanced methods include multiple imputation (MI) and linear 

mixed effects models (LMM). 

1.3.1 Unadjusted analysis 

Unadjusted analysis (UA) estimates the treatment effect without adjusting for 

covariates other than the treatment indicator. This method is generally not advocated because 

it is inefficient in estimation of the treatment effect (Kayembe et al. 2020; Sullivan et al. 

2016), but may be useful in the presence of incomplete covariates with high proportions of 

missingness. 

1.3.2 Complete case analysis 

The most familiar method for handling missing data is complete case analysis (CCA), 

which excludes individuals with missing data from the analysis. While this method generally 

produces unbiased treatment effect estimates when missingness is MCAR or MAR 

(dependent on any variable other than the outcome), it is wasteful of data and suffers from 

substantially reduced efficiency when the percentage of missingness is high (Kayembe et al., 

2020). 

1.3.3 Mean imputation 

Mean imputation (ME) replaces the missing values on a variable with the overall 

mean of the observed values on that variable and then applies the standard analysis for 

complete data. This method is generally more efficient and more appropriate than CCA for 

handling missing covariates in RCTs, but not for a missing outcome (Kayembe et al., 2020; 
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Sullivan et al., 2016). Mean imputation may also be used per treatment (MET) by replacing 

missing values on a variable within a treatment group with the mean of the observed values 

on that variable within the same group. But MET is less efficient than ME because each 

imputed value is based on a smaller sample size compared to ME (Kayembe et al., 2020). For 

missing data in CRTs, mean imputation may be used per cluster (MEC), that is, by replacing 

the missing values on a variable within a cluster with the mean of the observed values on that 

variable within the same cluster. MEC has been found suitable for handling missingness of 

the outcome in CRTs, since it takes into account the between-cluster variation for the 

outcome (Taljaard et al. 2008). 

1.3.4 Missing-indicator method 

The missing-indicator method (M), which is applicable for covariate missingness, 

uses mean imputation (ME or MET) for the missing variable and adds to the analysis model 

an indicator of missingness for that incomplete variable. M generally performs similarly to 

mean imputation for dealing with covariate missingness in randomized trials (Kayembe et al., 

2020; Sullivan et al., 2016). 

1.3.5 Multiple imputation 

Multiple imputation (MI) fills in missing data multiple times (e.g., m) from a 

distribution of likely values, producing m completed datasets. The standard analysis for 

complete data is then performed on each of these datasets, and the results of those m analyses 

are combined into a kind of meta-analysis using Rubin’s rule to take into account the 

variability arising from missing data (Little and Rubin, 1989; Van Buuren, 2012), as mirrored 

by the between-imputation variance of the fixed effects’ estimates. A more detailed 

description of MI is presented in chapters 2-4. MI generally yields unbiased treatment effect 

estimates when missingness is MCAR or MAR. MI is preferred for handling missing 

outcome in RCTs, but not necessarily for missing covariates (Kayembe et al., 2021; Sullivan 
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et al., 2016). MI can appropriately handle missing data in CRTs, provided the cluster effect is 

accommodated in the imputation model (Bailey et al., 2020; Turner et al., 2020). 

1.3.6 Linear mixed effects models 

Linear mixed effects models (LMM) use likelihood-based treatment effect estimation 

based on the available data without imputation for missing repeated measures and without 

excluding incomplete cases from the analysis (except perhaps because of covariate 

missingness). LMM generally performs similarly to MI, since it is asymptotically equivalent 

to MI for treatment effect estimation in the presence of missing outcome data (Schafer and 

Graham 2002; Sullivan et al., 2016). A detailed discussion of LMM is provided in articles 2-4 

(i.e., chapters 3-5). 

1.4 Outline of (and the problem addressed in) this thesis 

The investigations conducted in this thesis were motivated by the need to provide to 

the scientific community primarily interested in statistical analysis of clinical trials a clear 

and practical guideline about how to appropriately handle missing data in statistical analysis 

of RCTs and CRTs, with respect to bias and efficiency in treatment effect estimation, taking 

into account simplicity of methods as an additional criterion. In this regard, we identified in 

the literature the scenarios that had not yet been investigated or needed further investigation, 

and some of those scenarios are the focus of this thesis. The identification of the scenarios to 

be investigated was done based on the study design (i.e. RCTs vs. CRTs), the type of 

outcome involved (i.e. a continuous outcome vs. time-to-event), the number of outcomes 

involved (i.e. a single outcome vs. multiple outcomes (including repeated measurements of 

the same outcome), and the location of missing data (i.e., missingness in one or more 

covariates, in the outcome (s), or in both the covariates and outcomes), combined with the 

missing data methods to be compared.  
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The four scenarios that we identified as deserving new or further investigations to be 

parts of this thesis are organized in terms of the four following chapters of this thesis. Chapter 

2 deals with the problem of missing data of a single baseline covariate in RCTs with a 

continuous outcome, and further extends to some results for the situation with a time-to-event 

outcome. Chapter 3 extends the problem of missingness in a single covariate to the problem 

of missingness in multiple covariates. In chapter 4, the more general problem of missingness 

in both the covariates and outcomes in RCTs with a continuous outcome is explored. Chapter 

5 deals with the problem of missing data in CRTs with a baseline and post-test measurement 

of a quantitative outcome, both having missingness. The discussion and conclusions of this 

thesis are presented in Chapter 6. 
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Chapter 2 - Imputation of missing covariate in randomized 

controlled trials with a continuous outcome: Scoping review 

and new results1 
 

Abstract 

In this article, we first review the literature on dealing with missing values on a 

covariate in randomized studies and summarize what has been done and what is lacking 

to date. We then investigate the situation with a continuous outcome and a missing 

binary covariate in more details through simulations, comparing the performance of 

multiple imputation (MI) with various simple alternative methods. This is finally 

extended to the case of time-to-event outcome. The simulations consider five different 

missingness scenarios: missing completely at random (MCAR), at random (MAR) with 

missingness depending only on the treatment, and missing not at random (MNAR) with 

missingness depending on the covariate itself (MNAR1), missingness depending on 

both the treatment and covariate (MNAR2), and missingness depending on the 

treatment, covariate and their interaction (MNAR3). Here, we distinguish two different 

cases: (1) when the covariate is measured before randomization (best practice), where 

only MCAR and MNAR1 are plausible, and (2) when it is measured after 

randomization but before treatment (which sometimes occurs in non-pharmaceutical 

research), where the other three missingness mechanisms can also occur. The proposed 

methods are compared based on the treatment effect estimate and its standard error. 

The simulation results suggest that the patterns of results are very similar for all 

missingness scenarios in case (1) and also in case (2) except for MNAR3. Further, in 

each scenario for continuous outcome, there is at least one simple method that performs 

at least as well as MI, while for time-to-event outcome MI is best. 

 

Keywords  

Review; Randomized studies; missing covariate; multiple imputation; mean 

imputation; missing-indicator method  

                                                           
1 This chapter has been published in Pharmaceutical statistics 19, no. 6 (2020): 840-86, with co-authors Shahab 

Jolani, Frans ES Tan, and Gerard JP van Breukelen. 
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2.1 Introduction 

Important prognostic factors, in epidemiological and clinical studies, are frequently 

included as covariates in the statistical model for analyzing the relationship between a 

treatment or exposure and some health outcomes. This is done either to improve the precision 

of the treatment effect estimate by reducing residual outcome variance (in clinical trials), or 

to adjust for confounding (in observational studies), or because of interest in the covariate 

effects themselves (all studies). This practice is commonly known as adjustment for 

covariates.1-3 However, it is often difficult to completely observe these covariates, especially 

in lengthy patient interviews. This results in occurrences of missing data in the covariates, 

which complicate the adjustment process.4,5 Complete case analysis (CCA), which omits all 

incomplete cases from the analysis, has been shown to often produce biased and/or less 

powerful results, though White and Carlin5 reported unbiasedness of CCA under some 

specific scenarios in the context of regression analysis. 

Missing covariate data raise different issues in randomized studies than in 

nonrandomized studies. In the former, unlike in the latter, the predictor of interest (treatment 

group) is independent of all baseline (pre-randomization) covariates (both observed and 

unobserved). Consequently, optimal (or suboptimal) methods for handling missing covariate 

data in nonrandomized studies cannot necessarily be expected to be optimal (or suboptimal) 

in randomized studies.4 Indeed, as an example, the missing-indicator method (described in 

section 2.2.2.3 of this study) has been shown to produce unbiased treatment effect estimates 

in randomized studies but can introduce bias in nonrandomized studies.6 We note that this 

finding was based on a scenario where the analysis of interest was linear regression, and 

missingness of the covariate was independent of treatment or any post-randomization 

variable. 
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To better understand the argument above, we need to distinguish the different 

missingness mechanisms that can occur. Data can be missing completely at random (MCAR), 

at random (MAR), or, not at random (MNAR). Data are MCAR if participants who have 

missing data are a random subset of the complete sample of participants, i.e., the missingness 

is totally unrelated to any observed or unobserved participant data. Under MCAR, even a 

missing data method as simple as CCA produces unbiased results. Data are MAR if the 

missingness depends only on observed data and not on unobserved data given the observed 

data, e.g. if missingness at a follow-up is related to the health status of the patient at some 

preceding time point, or to a baseline covariate. In the latter case, MAR is sometimes called 

stratified or covariate-dependent MCAR, depending on the author. In this paper, we call it 

MAR. Under MAR, sophisticated methods such as multiple imputation (MI) and maximum 

likelihood (ML)-based methods produce unbiased results under appropriate conditions.7-10 

Finally, data are MNAR if the missingness is (also) related to unobserved data, e.g. if the 

value of a participant characteristic is missing because of that value itself, such as when 

patients in a trial drop out because of sudden worsening of their health just before the planned 

next measurement. Under MNAR, none of the aforementioned missing data methods can 

universally guarantee unbiased results. 

Missingness types may have different implications in randomized than in 

nonrandomized studies. In the former, unlike in the latter, randomization ensures that the 

distribution of baseline covariates (both observed and unobserved) will be the same in both or 

all treatment groups, apart from chance differences. Indeed, this holds regardless of whether 

or not the covariates are complete or incomplete. Thus, in randomized studies, unlike in 

nonrandomized studies, patients with any combination of missing and observed baseline 

values must be equally likely in each treatment group, irrespective of the missingness 

mechanism if this does not depend on treatment group (as is often but not always the 
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case).11(p37) Consequently, for treatments comparison, missing data methods (whose 

performance depend on missingness types, as explained in the previous paragraph), may 

perform differently in randomized studies than in nonrandomized studies. Indeed, as an 

example, in a trial with linear regression as the analysis model of interest, CCA will certainly 

be unbiased (even if the variable predictive of missingness is not included in the analysis) if 

the trial is randomized, but not necessarily if it is not.11(p37) Note that the argument in this 

paragraph, about the implications of missingness types on the performance of missing data 

methods in randomized studies, is true for baseline covariates measured before 

randomization, but not necessarily for post-randomization covariates.   

Despite the preceding argument, most studies on how to appropriately handle missing 

covariate data have generally based their conclusions on nonrandomized studies, when 

suggesting that sophisticated methods such as MI and ML-based methods9,12,13 generally 

produce better results than simpler methods such as CCA and the missing-indicator method.4 

In this study, we investigate the problem of missing covariates in randomized controlled trials 

(RCTs). Those interested in the topic of missing covariates in observational studies, which is 

beyond the scope of the present thesis, are referred to the literature.5,14,15 In section 2.2, we 

conduct a scoping review to identify the missingness scenarios and missing data methods that 

have been explored to date in the literature and summarize the findings. In section 2.3, we fill 

some gaps in the literature by performing a simulation study with new combinations of 

missingness scenarios and missing data methods in the case of a continuous outcome. This is 

briefly extended to the case of a time-to-event outcome in section 2.4. We conclude with a 

discussion in section 2.5. 

2.2 Scoping review 

Scoping reviews are used to identify, retrieve, and summarize literature related to a 

particular (emerging) research topic in order to highlight research gaps and potential avenues 
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for future studies on that topic.16,17 Unlike systematic reviews, where quantitative analyses 

can be utilized to glean trends in literature, scoping reviews assess the qualitative content of 

literature through concept and thematic mapping.18,19 

2.2.1 Method 

The method we applied to scope review the literature involved: 1) specifying the 

criteria upon which papers should be included in the review; 2) searching for relevant papers 

based on the inclusion criteria; 3) classifying the studies found to highlight their differences 

in contents; and 4) identifying gaps in the literature. These four steps are described below. 

Inclusion criteria: 

- RCTs, as opposed to nonrandomized and cluster randomized studies;  

- Quantitative outcome (as opposed to categorical outcome); 

- Single outcome (as opposed to multiple outcomes); 

- Missingness in a covariate;  

- Simulation study (as opposed to application study), to ensure that a) the true 

parameter values, notably the treatment effect, are known, and b) complete data are 

available for comparison with the results of missing data methods applied to the data 

after missingness has been created, and c) sampling error can be assessed by having a 

large number of samples from the same distribution.    

Search method: 

- We used Google Scholar and Web of Science to search the relevant papers. Google 

Scholar is the best-known scientific search engine of articles from various disciplines. 

Web of Science contains bibliographic data of articles from about 9500 scientific 

journals. We utilized these two search tools to guarantee the comprehensiveness of 

our search. 
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- The precise keywords we utilized for our search were: missing (in the title), 

imputation (in the content), randomized trials (in the content), and simulation (in the 

content); 

- The period of search used was for all years, starting from 2017 backwards; 

- We screened the abstract and the methodology of the articles found, to retain only 

articles that satisfied the inclusion criteria. 

- To ensure that our systematic search was conducted efficiently, and that we did not 

miss (possibly due to our keywords) any relevant paper, we subsequently used a 

snowballing approach: we consulted the references of all the relevant papers found in 

our search, starting with the most recently published paper, assuming that all the 

authors would have consulted and included the relevant publications in their 

references. Each relevant paper found in the references was subsequently consulted 

following the same process, and the oldest relevant paper that we could find was 

published in 1990. 

Classification of studies found by: 

- Covariate types, with as types: i) baseline measurement of the outcome, ii) other 

continuous covariate, and iii) categorical covariate; 

- Missingness types (MCAR, MAR, and MNAR) studied; 

- Methods for handling missingness applied. 

Identification of gaps in the literature: 

- Firstly, based on all the dimensions of the classification stage above, we determined 

all possible study scenarios (i.e., scenarios that were investigated plus those that were 

not investigated), with a study scenario defined as the combination of the covariate 

type (e.g., categorical), missingness type (e.g., MCAR) and method to deal with 

missing data in the covariate (e.g. CCA); 



21 

 

- Secondly, we identified as gaps the scenarios that were not investigated in the 

reviewed papers. 

2.2.2 Results 

Only four papers4,6,20,21 were found to be relevant for this review based on the 

inclusion criteria. Table 2.1 gives more details of these studies. Clearly, there has not been 

intensive research on this review’s topic of interest. 

2.2.2.1 Covariate type 

With respect to whether or not the covariate used was a pre-measurement of the 

outcome (see Table 2.1), the covariate used in P1 was not a pre-measurement of the outcome 

and was categorical, while the covariate in P2, P3 and P4 was a pre-measurement of the 

outcome and continuous. All studies considered scenarios with only one covariate.  

2.2.2.2 Missingness types 

For the missingness mechanisms, Table 2.1 shows that every paper covered the 

MCAR and MNAR mechanisms.  MCAR was defined as the missingness being totally 

independent of treatment, pre-, and post-randomization variables. MNAR was defined as the 

missingness being dependent only on the value of the covariate itself. In addition to MCAR 

and MNAR, P1 analyzed a condition with missingness of the covariate being treatment-

dependent; which is sometimes called stratified MCAR,22 but falls under MAR in this review. 

We note that this scenario is possible only if the covariate is measured post-randomization, 

which might have been the case but was not explicitly stated in P1. MAR in the sense of 

covariate missingness depending on other covariates does not apply here since all papers in 

Table 2.1 used a model with only one covariate on top of the treatment itself. P2 and P4 used 

two variants of MNAR which were called informative missingness 1 and 2 (see P2 and P4 for 

details). 
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We emphasize that the missingness of the covariate may, or may not, depend on 

treatment, and that dependence can be prevented by measuring the covariate pre-

randomization, which is the dominant practice in pharmaceutical trials. However, measuring 

the covariate pre-randomization is unfortunately not always done in randomized trials in 

health research (e.g. in cluster randomized trials,23-24 and in mental and public health 

research25-27) where the covariate is measured post-randomization but before treatment. In 

such cases, we can have dependence of the missingness in covariate on treatment, even if the 

covariate itself is not related to treatment. As an example, gender as covariate can be 

measured post-randomization and still be independent of treatment, while its missingness 

may depend on treatment. This may happen, for instance, in an RCT of face-to-face versus 

online treatment of depression, where participants skip some items in the online questionnaire 

among others about their gender.   

2.2.2.3 Methods for handling missingness  

Methods for handling missing data utilized in every reviewed paper are summarized 

in Table 2.2. Unadjusted analysis (UA) omits the incomplete covariate from the analysis so 

that the treatment effect is not adjusted for that covariate. CCA removes all cases with a 

missing covariate value from the analysis.  The probability imputation technique (PIT) is the 

mean imputation of a binary covariate per treatment group, i.e. missing covariate values 

within a treatment group are replaced with the mean of the observed covariate values within 

that group.20  
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Unconditional mean imputation substitutes each missing value with the overall 

average of the observed values of the incomplete variable (covariate). By contrast, 

conditional mean imputation substitutes each missing value with the mean that is estimated 

conditional on the specific subgroup to which the individual with missing belongs. PIT is, in 

fact, conditional mean imputation for binary covariates. In the reviewed papers, unconditional 

mean imputation and conditional mean imputation were called overall mean imputation (I) 

and mean imputation by treatment group (IT), respectively. When a weighted analysis (with 

different weights for complete and incomplete cases) was performed after an imputation 

method, this method was referred to as weighted imputation, giving two new methods: 

weighted overall mean imputation (WI) and weighted mean imputation by treatment group 

(WIT). Weighting was performed as follows: Complete cases were given a weight *� = 1 

and cases with missing baseline were given a weight *� = 1 − ,�, where , is the correlation 

between the outcome and the baseline, and was estimated using only complete cases. The 

factor 1 − ,� is the ratio of unexplained outcome variance for the complete cases relative to 

the unexplained variance for the incomplete cases. So this weighting amounts to weighting 

each case by its inverse variance, which is known to be more efficient than unweighted 

analysis (see e.g. Searle and Pukelsheim28) and was indeed shown to be able to improve 

efficiency of the estimated treatment effect (especially for ρ ≥ 60%).4,21  

 The missing-indicator method replaces the missing values of a variable with a fixed 

value and adds a dummy indicator to the analysis model to indicate whether the value of that 

variable is missing and thus imputed (1) or not (0) for an individual. Given the addition of 

this missing-indicator, it does not matter which fixed value is used to impute, for instance 0 

value6 or the overall mean value.4,21 But it still matters (as shown in section 3.3 of this study) 

whether the same value is imputed for all individuals or a distinct value per treatment group. 
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The analysis could subsequently be either weighted (WM for weighted missing-indicator) or 

unweighted (M for missing-indicator). Weights in WM were the same as in WI and WIT 

above.  

MI proceeds in two stages: firstly, the imputation stage, and secondly, the analysis 

and pooling stage. In the imputation stage:  

1) the imputation model (with a set of parameters η) is defined as a conditional 

distribution of the incomplete variable (covariate in this paper), conditional on the 

complete variables (in this paper, treatment and also outcome), producing a set of 

parameter estimates -̂ based on complete cases only;  

2) a new set of parameter values -∗ is randomly drawn from the posterior predictive 

distribution of η (using the standard non-informative prior, such as a uniform 

distribution, which assigns equal a priori weight of 1 to every possible value of the 

parameters, as in section 6.7 of Enders9 and section 3.2.2 of Van Buuren13);  

3) -∗ is used with the imputation model to obtain the posterior predictive distribution of 

the incomplete variable;  

4) missing values in the incomplete variable are replaced with values randomly drawn 

(generated) from the posterior predictive distribution in step 3), producing one 

completed dataset; and  

5) steps 2) to 4) are repeated several times to obtain several completed datasets. Note 

that, as suggested previously,7,13 the random draws in step 2) and 4) are necessary to 

produce sufficient uncertainty (parameter uncertainty and inherent prediction error) 

in the imputed values.  

In the analysis and pooling stage, firstly, the analysis of interest (e.g. linear regression 

of the outcome on the covariate and the treatment in the complete dataset) is performed on 
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each completed datasets. Each analysis produces the estimate of interest with its variance, 

resulting in multiple estimates and respective variances, corresponding to the number of 

completed datasets. Secondly, these estimates and their variances are then pooled to produce 

the overall estimate and its variance. Consider �/�� as the estimate of �� from the ith completed 

datasets and 0� = 12�� its variance, with 12� its standard error. The pooled estimate of �� is 

calculated as �/� = 1 3⁄ ∑ �/��5�  with as total variance '678 = 0 + 9:1 + 1 3⁄ ; and standard 

error 12 = <'678; where 0 = 1 3⁄ ∑ 0�5� , 9 = :3 − 1;=� ∑ >�/�� − �/�?�5� , and m the total 

number of completed datasets. W is the average within-imputation variance, which measures 

the uncertainty in �/� that would have resulted had the data been complete. B is the between-

imputation variance, which measures the uncertainty due to the difference between the 

completed datasets.  

MI produces unbiased estimates and appropriate standard errors under MAR provided 

that the imputation model is correct and congenial with the analysis model. To be congenial, 

these two models need not be identical, but the imputation model must generate imputations 

that produce the major features of the data that are the focus of the analysis.29 For example, if 

the interest of the analysis is to estimate means, standard deviations, and the parameters of a 

linear regression model, then the imputation model needs only to preserve the means, 

variances, and covariances among the variables that will be analyzed.30 Thus, to ensure 

congeniality, it is recommended that the imputation model incorporates at least all variables 

(including the outcome) to be used in the analysis model. For example, if the analysis model 

contains interactions, the imputation model should also include them. This would mean 

creating the product variables before doing the imputation, and then imputing these along 

with the original variables.29 MI was performed overall (MIO) and separately by treatment 

group (MIT), with Groenwold et al6 using only overall MI and Sullivan et al21 using both 

approaches. For MIO, the imputation model was the distribution of the covariate conditional 
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on the outcome and the treatment. For MIT, the imputation model was the distribution of the 

covariate conditional on the outcome only, performed within each group.   

The likelihood-based estimation of a linear mixed model (LMM) is a common 

alternative to MI for handling missing data in a multivariate outcome or in a repeatedly 

measured single outcome, here: for handling missingness of the baseline outcome 

measurement. Based on the multivariate normal distribution, this approach incorporates all 

observed information on the multiple outcomes or the repeated measures of an outcome to 

produce estimates that are valid under a MAR assumption. No explicit imputation is 

involved. So if the covariate is a baseline recording of the outcome (as is the case in papers 

P2, P3, and P4) it can be treated as a repeated measure in a LMM (as is the case in papers P2 

and P4) under the assumption that the repeated measurements (i.e., the covariate and the 

outcome) are jointly bivariate normally distributed and allowing for fixed effects of time, 

treatment, and time-by-treatment interaction. Due to the randomization, the treatment effect is 

set at zero at baseline and the effect of interest is the time-by-treatment interaction effect. 

Within-subject correlation due to repeated measures is accounted for through the 

specification of a covariance structure. Several authors (including Sullivan et al21 in this 

review) have suggested the unstructured covariance matrix, which allows heterogeneity of 

variance over time and of correlation over pairs of time points. This covariance matrix can be 

easily pre-specified, involves minimal power loss compared with more parsimonious choices 

even with as many as 5 to 10 repeated measures, except in very small samples,11(pp53,54),31 and 

guarantees that estimates are approximately identical to and slightly more efficient than those 

produced by a comparable MI procedure.11 MI is comparable to LMM (in procedure) when, 

as LMM, MI also assumes multivariate normality and MAR data, and incorporates into the 

imputation model all the variables used by LMM (including all repeated measurements and 

other variables predictive of missingness if available).  Two LMM approaches were used in 
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P2 and one in P4: for P2, LMM with and without missing-indicator (LMMM and LMMS, 

respectively); and for P4, LMMS. For both approaches, missing values were not imputed; and 

LMMM only added an indicator of missingness to the model. Remember that the LMM 

approach is only feasible for missingness on the outcome, or on a baseline recording of the 

outcome, when the baseline is treated as a repeated outcome measure, not as a covariate. 

Except for LMM and UA, the analysis model used in all the papers in Tables 2.1 and 

2.2 was linear regression of the outcome on treatment and covariate without an interaction 

term.  

2.2.2.4 Comparison of methods for handling missingness 

Schemper and Smith20 compared PIT to UA and CCA, and found that PIT preserved 

the correct type I error rate, provided that the incomplete covariate was independent of 

treatment. In general, PIT yielded more power than UA and CCA. However, the power of 

PIT was lower than the power of UA for the scenarios with missingness rate of 60 percent; 

and hence, it was advised not to use PIT in such situations. PIT was shown to have more 

power for situations with the covariate missing under MAR (missingness dependent on 

treatment only) than for situations with the covariate missing under MNAR (missingness 

dependent on the covariate itself only), because in the latter situations, unlike in the former, 

PIT leads to biased estimates of the covariate effect.  Biased estimates of the covariate effect 

lead to increased residual variances, which reduce the power of all tests (for the treatment 

effect and covariate effect) in the model, even in randomized trials. PIT was said to produce 

unbiased treatment effect estimates when the covariate is uncorrelated with treatment (as in 

all randomized trials), regardless of the missingness types described above.  

White and Thompson4 compared UA, CCA, I, IT, WI, M, WM, LMMS and LMMM. 

They found that all the methods produced unbiased treatment effect estimates, irrespective of 

the missingness types. This was because the covariate was uncorrelated with treatment 
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(because of randomization) and missingness was also uncorrelated with treatment (under 

MCAR missingness was totally independent, and under MNAR missingness depended only 

on the covariate) and so the missingness could not bias the estimation of the treatment effect. 

Almost any method was more precise than CCA; and LMMM, followed by LMMS, were 

slightly better than other methods. CCA was more precise than UA only for scenarios where 

the baseline covariate was strongly correlated with the outcome. Imputation per treatment 

group was shown to underestimate standard errors and was therefore discouraged. Weighted 

approaches were shown to be more efficient than unweighted ones, and were advised, 

especially if the baseline covariate is correlated at least 0.6 with the outcome.  

Though White and Thompson4 did not implement MI, they, however, questioned its 

suitability in RCTs. They argued that the use of MI to impute a missing covariate would 

require the inclusion of the outcome in the imputation model, as commonly advised for 

general regression models. In a randomized trial, this would seem to compromise the 

principle that adjustment should be made only for pre-randomized covariates, as these 

covariates are unaffected by treatment. In other words, using an outcome that has already 

been affected by treatment to impute a covariate measured pre-treatment, would amount to 

transferring part of the treatment effect to the covariate; and adjusting for that covariate in the 

outcome analysis would then lead to underestimation of the treatment effect. For MI to 

produce unbiased results, the outcome and the treatment would have to be simultaneously 

included in the imputation model. However, this would still seem to violate the 

randomization procedure. As a solution, White and Thompson4 advocated the use of mean 

imputation and missing-indicator method for practical purposes. They argued that LMM and 

MI were unnecessarily complex, with little benefit in RCTs, when compared with simpler 

methods. 
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Groenwold et al6 analyzed the performance of the missing-indicator method (M) in 

randomized and nonrandomized trials. For this review, however, we only focus on the results 

drawn from randomized trials. The authors compared M with CCA and MI. For MI, 

imputation was performed overall (MIO), and the imputation model was a linear regression 

of the covariate (pre-randomization score) on the outcome (post-randomization score) and 

treatment. The authors, unlike White and Thompson,4 did not discuss the risk of breaching 

the randomization principle when the outcome and treatment are included in the imputation 

model of a pre-randomized covariate. They demonstrated that M, MIO and CCA produced 

unbiased treatment effect estimates with reasonable coverages. However, CCA generated 

wider confidence intervals, reflecting its loss of statistical power due to reduced sample size. 

They concluded, as the focus was on M, that M was appropriate to handle missing baseline 

covariates in randomized trials, regardless of the missingness type (note, however, that the 

authors only studied MCAR, where missingness was totally independent, and MNAR, where 

missingness was dependent only on the covariate itself). They noted that when the missing-

indicator method is used in the analysis model to adjust for an incomplete covariate, the 

estimated association between the outcome and treatment is a weighted average of two 

associations: 1) the association between the treatment and outcome, adjusted for all 

covariates, using only complete cases; 2) the association between the treatment and outcome, 

adjusted only for complete covariates, using only cases for which the incomplete covariate 

was missing. In randomized trials (with missingness as described above in this paragraph), 

these two associations are unbiased, because the complete and incomplete covariates, and the 

missingness of the incomplete covariate, are all uncorrelated with treatment. Since the two 

associations are unbiased, their weighted average is also unbiased.  

Sullivan et al21 analyzed all the missingness types and methods covered by White and 

Thompson.4 In addition, Sullivan et al21 evaluated the performance of MI, which was the 
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focus of their study; as in White and Thompson,4 they also highlighted the violation of the 

randomization principle when MI of a pre-randomization covariate uses the outcome and/or 

treatment in the imputation model. MI was performed overall (MIO) and per treatment group 

(MIT). For MIO, the imputation model included the outcome and treatment. For MIT, the 

imputation model included only the outcome. Sullivan et al21 found that MI produced 

unbiased treatment effect estimates and was more efficient than CCA and UA. MIO and MIT 

performed similarly, with the former being slightly more efficient than the latter. Since MI 

did not outperform the other methods studied as alternatives to CCA and UA, Sullivan et al21 

concluded that MI should not be considered as the gold standard method for handling missing 

baseline covariates in randomized trials. They, like White and Thompson,4 advocated the use 

of simpler methods such as mean imputation combined with a missingness indicator, 

especially if baselines are not MCAR; Under MCAR, mean imputation without missingness 

indicator was also said to be a good approach.  

2.2.3 Identifying gaps    

 Using Tables 2.1 and 2.2, gaps can be identified as those combinations of analysis 

model, missingness types and methods for handling missing data that were not explored in 

the reviewed papers. For instance, the first row of Tables 2.1 and 2.2 combined shows that 

the following scenario has not yet been investigated: an RCT with continuous outcome and 

binary baseline covariate, where missingness (defined separately as MCAR, MAR and 

MNAR) of the covariate is handled with any method (e.g., MI, missing-indicator, etc.) other 

than PIT, UA, CCA and LMM, since PIT, UA and CCA have already been studied in P1, and 

in practice, LMM is commonly fitted if the covariate is a baseline recording of the outcome 

variable (although an LMM can also be used for other continuous covariates, as long as the 

LMM model allows the covariate to have a very different mean and variance than the 

outcome (see e.g. Carpenter and Kenward11)).  
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2.3 Simulation study with a continuous outcome and missing binary 

covariate 

2.3.1 Introduction 

We studied a new scenario in RCT to fill some of the gaps identified in the reviewed 

papers. This scenario has in common with P1 the case of a binary covariate (so the analysis 

model is �� = �� + ��' + ��(� + � based on first row of Table 2.1). But, unlike P1, in our 

study 1) we consider a wider range of simulation scenarios as presented in section 2.3.2; 2) in 

addition to the methods used in P1 (i.e., PIT, UA and CCA), we evaluate all other methods 

(e.g. MI), except LMM, considered in P2, P3 and P4; and 3) the binary covariate is not 

necessarily measured pre-randomization: we consider both, and clearly distinguish, scenarios 

with a pre-randomization covariate and those with a post-randomization covariate so that in 

the latter, missingness on the covariate can be allowed to depend on treatment. We repeat 

here that the situation where the baseline covariate is measured after randomization (so that 

its missingness can depend on treatment) is unlikely in pharmaceutical trials, but is 

unfortunately sometimes encountered in RCTs in other domains, for instance in mental and 

public health (see Kole-Snijders et al,25 Brug et al,26 and Peters et al27), and in cluster 

randomized trials ( see Kraag et al,23 and Slok24). Henceforth, in this study, the linear 

regression model above is replaced with � = �� + ��' + ��( + � (note that Z0 and Y1 are 

replaced with Z and Y, respectively); where Y, T and ε are, respectively, the posttest outcome, 

treatment group, and standard normal error; and Z is a binary covariate which is measured 

pre- or post-randomization, according to the missingness mechanism under study, but is 

never itself affected by treatment. The effect of interest is β1, defined as treatment effect; β2 is 

the covariate effect and was not the concern of this study. We note that this analysis model 

may seem restrictive (i.e., with only one missing covariate) in practice. The use of this model 

is, however, motivated by the following: We are interested in the comparison of a wide range 

of methods that have been used and are still being used in literature, to find out which are 
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best and which break down as missingness increases or becomes MNAR. We use a simple 

model for this comparison to keep things clear and transparent, and select promising versus 

inferior methods based on this, to be studied further for more complex scenarios/models (with 

more than one covariate). 

2.3.2 Method 

We conducted a simulation study under various conditions. The basic steps of the 

simulation design were as follows. 

2.3.2.1 Generating complete data 

We first created complete data from a hypothetical RCT with 50:50 allocation to 

treatment (T=1) and control (T=0). Two total sample sizes were considered: small (n=100) 

and large (n=400). The covariate Z was Bernoulli distributed with P(Z=1) = P(Z=0). Four 

combinations of the treatment effect and covariate effect were considered, that is (β1, β2) = (1, 

1); (1, 2); (2, 1); and (2, 2). The intercept β0 was always set to 0. The error ε was standard 

normally distributed. 

2.3.2.2 Generating incomplete data 

We obtained incomplete data by creating missing values in Z from the complete data 

generated in the previous step. Missing values were created based on the missingness model 

@AB�CDEF:G = 1;H = I� + I�( + I�' + I�� + IJ('; where R = 1 if Z is observed, and R = 

0 if Z is missing. Five missingness mechanisms were considered, that is MCAR, MAR, 

MNAR1, MNAR2 and MNAR3, with their parameters as given in Table 2.3. For MCAR, the 

missingness was unrelated to all variables. For MAR, the missingness was related only to T. 

For MNAR1, the missingness was related only to Z. For MNAR2, the missingness was both 

related to Z and T. For MNAR3, the missingness was both related to Z, T, and ZT. For each 

missingness mechanism, α0 was calculated based on the missingness rates required. Three 

missingness rates were considered, that is 20%, 40%, and 60%. To obtain these rates, the 
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value of α0 was adjusted accordingly. For example, under MNAR1b (i.e., MNAR1 with α1 = 

2), setting α0 = 0.3862944, α0 = -0.5945349, and α0 = -1.405465, produced approximately 

20%, 40%, and 60% missingness rates, respectively. The missingness rates 40% and 60% 

may be unrealistic for a baseline covariate. We, nevertheless, include them in order to 

investigate what happens to the missing data methods in situations of substantial missingness 

rates. 

Table 2.3: An overview of the missingness mechanisms in this paper with their parameter values, 

based on the missingness model KLMNODPQ:R = S;H = TU + TSV + TWX + TYZ + T[VX; where R = 

1 if Z is observed, and R = 0 if Z is missing. 

Parameters MCAR MAR MNAR1 MNAR2 MNAR3 

- - - a b a b a b 

α0 (intercept) ≠ 0 ≠ 0 ≠ 0 ≠ 0 ≠ 0 ≠ 0 ≠ 0 ≠ 0 

α1 (coefficient of Z) 0 0 0.5 2 0.5 2 0.5 2 

α2 (coefficient of T) 0 0.5 0 0 0.5 0.5 0.5 0.5 

α3 (coefficient of Y) 0 0 0 0 0 0 0 0 

α4 (coefficient of 

ZT) 

0 0 0 0 0 0 1 1 

Note: (MCAR, MNAR1) apply when the covariate is measured before randomization and (MAR, MNAR2, MNAR3) when 

it is measured after randomization but before treatment. 
 

Note that α3 was set to 0 for all missingness mechanisms, so that missingness of Z is 

always independent of Y, as it is unlikely that missingness of the covariate, Z, which is 

measured before the outcome, Y, depends on this outcome. Where α2 ≠ 0, we assumed that the 

covariate was unrelated to treatment due to randomization, but its missingness depended 

only, or also, on treatment. This may happen if participants are first randomized to treatment 

groups, and the covariate, Z, is measured post-randomization (see section 2.2.2.2). Where α2 

= 0.5 (odds ratio 1.65), and α2 = 2 (odds ratio 7.39), missingness on the covariate is 

moderately and very strongly related to treatment, T, respectively. 

Note that of all missingness scenarios above, only MNAR2 and MNAR3 introduce 

weak respectively stronger (for the values of α1 and α2 as given in Table 2.3) confounding, as 

expressed by an odds ratio (OR) unequal to one, between the covariate (Z) and treatment (T) 
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within the complete cases (CC) sample, and likewise within the incomplete cases (IC) 

sample. In fact, it can be proven (see Table 2.4 in the supplements) that: 

1) OR for CC=OR for IC=1 if (α1=0 or α2=0) and α4=0 

2) OR for CC≠ 1 and OR for IC ≠1 if (α1≠0 and α2≠0) or if  α4≠0 

Thus, for MCAR (α1=0, α2=0, α3=0, α4=0), MAR (α1=0, α2≠0, α3=0, α4=0) and 

MNAR1 (α1≠0, α2=0, α3=0, α4=0), there is no confounding (i.e. OR for CC=OR for IC=1), 

but for MNAR2 (α1≠0, α2≠0, α3=0, α4=0) and MNAR3 (α1≠0, α2≠0, α3=0, α4≠0), there is 

confounding i.e. (OR for CC=OR for IC≠1), respectively (OR for CC≠OR for 

IC≠1).Consequently, this means that the treatment effect estimate under MCAR, MAR and 

MNAR1 should be unbiased (since Z is not a confounder), but can be biased (since Z is a 

confounder within the CC and within the IC subgroups) under MNAR2 and MNAR3 

depending on the methods and the value of α’s. For the ORs in each scenario under MNAR2 

and MNAR3 see Table 2.5 in the supplements.  

2.3.2.3 Imputing the missing data 

We imputed the missing values to produce the completed data to be used in the 

analysis, except for UA (remove Z) and CCA (remove incomplete cases) analysis. For each 

dataset, we implemented the following missing data methods: unadjusted analysis (UA); 

complete cases analysis (CCA); overall mean imputation (I); mean imputation per treatment 

group (IT); weighted overall mean imputation (WI); weighted mean imputation per treatment 

group (WIT); overall missing-indicator (M), missing-indicator per treatment group (MT); 

weighted overall missing-indicator (WM); weighted missing-indicator per treatment (WMT); 

MI overall (MIO); and MI per treatment group (MIT).  

For overall imputation (methods I, WI, M, WM and MIO), the values used to impute 

the missing values were calculated and imputed across treatment groups. For I, WI, M, and 
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WM, for example, the missing values were always replaced with the mean of all the observed 

covariate values, irrespective of treatment group. For imputation per treatment group 

(methods IT, WIT, MT, WMT and MIT), the values used to impute the missing values were 

calculated and imputed within each treatment group. For IT, WIT, MT, and WMT, for 

example, the missing values were always replaced with the mean of all observed covariate 

values within each treatment group.  

For MI overall, the imputation model included both Y and T. For MIT, the imputation 

model within each group included only Y. Within MI overall as well as within MIT, two MI 

approaches were used: 1) specifying logistic regression of Z on Y and T as imputation model 

and proceeding as described in section 2.2.2.3; and 2) imputing based on predictive mean 

matching (PMM), which is similar to 1) in the analysis and pooling stage, but slightly 

different in the imputation stage. The difference is that, for PMM: i) predicted values for Z 

are generated for all cases, both those with Z missing and those with Z observed; ii) for each 

case with missing Z, a set of cases is drawn from all cases with observed Z whose predicted 

values are close to the predicted value for the case with missing Z; and iii) from those drawn 

cases, one is randomly drawn and its observed value is used to replace the missing value. 

2.3.2.4 Analyzing the completed data 

We applied the analysis of interest (linear regression of Y on T and Z) on the 

completed data to produce the treatment effect estimate (�/�) and its standard error (SE), and 

95% confidence interval (CI). For each method, the analysis of interest was applied on each 

dataset, overall and not by treatment group. For UA, the analysis model included Y and T, but 

not Z. For all the other methods, the analysis model included Y, T and Z. The missing-

indicator method and weighting were as in White and Thompson.4  
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2.3.2.5 Compare the missing data methods performances 

We compared the performance of the methods using datasets generated under each of 

192 distinct scenarios, obtained by crossing the design factors (treatment and covariate 

effects, total sample size, missingness mechanisms, and missingness rates) defined in sections 

2.3.2.1 and 2.3.2.2.  

We generated 1500 different datasets (runs) for each scenario. For each dataset, 

estimates of the treatment effect, its standard error (SE) and 95% confidence interval (CI) 

were obtained with each missing data method, resulting in 1500 values of �/�, its SE and CI 

under each scenario condition and each missingness method. These values were subsequently 

used to compute the mean and standard deviation (SD) of �/� and of the estimated SE, as well 

as the coverage of the confidence interval. Note that the SD of �/� estimates the true SE of �/� 

against which the mean of the estimated SE can be compared to check bias in SE estimation. 

The results for each missing data method were compared to those from the complete data, 

which served as the gold standard or reference method (REF). Thus, five performance criteria 

were calculated as follows. Consider that the ith simulated dataset (� = 1 to \) produces a 

treatment effect estimate �/�� with 12]� and ^_�; and �̀ = 1 if ��� ^_� or �̀ = 0 otherwise. 

Compute �/�̅ = ∑ �/��b� /\; deF>�/�? = ∑ f�/�� − �/�̅g� /:\ − 1;b� ; 12]hhhh = ∑ 12]� b� /\; deF>12] ? =
∑ f12]� − 12]hhhhg� /:\ − 1;b� . The performance criteria were as follows: 

- Bias of �/�: 9�e\>�/�? = �/�̅ − ��;  

- Relative precision (RP) of �/� resulting from missingness method Meth (e.g., CCA) 

compared with REF: GE>�/�? = ideFjkl>�/�? deFmnop>�/�?q r × 100; 

- Coverage of  95% CI = ^AtuFeBu:95%^_; = :∑ �̀b��� /\; × 100; 

- Relative bias (RB) of 12]  of �/�: G9>12] ? = ��12]hhhh/ydeF>�/� ?# − 1$ × 100; 
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- Relative precision (RP) of 12]  of �/� from Meth compared with REF: GE>12] ? =
ideFjkl>12] ? deFmnop>12] ?q r × 100  

Simulations were conducted in R 3.3.3. MI was performed using the MICE package 

version 2.30. MI is commonly implemented according to the rule of thumb that the number of 

imputations (completed datasets based on one incomplete dataset), m, should at least be equal 

to the percentage of missingness.21 We used m = 100 in this study.  The computer processor 

used was Intel®Core™i5-6500 CPU@3.20GHz 3.20GHz. 

2.3.3 Results  

We compare the methods, first per performance criterion, and then summarize this 

comparison per missingness scenario. We start by presenting the results of sample size n = 

100 and the a-scenarios in Table 2.3. Subsequently, we discuss the effect of increasing the 

sample size from 100 to 400, and the difference between a- and b-scenarios in Table 2.3. In 

the sequel, the label non-MNAR3a will be used as an abbreviation for “all missingness 

mechanisms other than MNAR3a”. 

Concerning bias of the treatment effect estimates (Figure 2.1), all methods had no or 

negligible bias under all non-MNAR3a mechanisms. Under MNAR3a, only UA, CCA, and 

overall mean imputation (I and WI) had no bias; all other methods showed bias, but the bias 

of the missing-indicator methods (M, MT, WM, and WMT) was substantially larger than that 

of the other methods. 
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Figure 2.1. Bias of the treatment effect estimate (�/�) (Y-axis) as a function of missingness method 

(X-axis), for each scenario as defined by missingness rate (left/middle/right columns), missingness 

mechanism (curves), true treatment effect (β1) and covariate effect (β2) (rows), and sample size 100. 

Note that (MCAR, MNAR1a) can always apply and (MAR, MNAR2a, MNAR3a) can only apply 

when the covariate is measured after randomization (but before treatment). 

For coverage (Figure 2.2), there was no noticeable difference between all non-

MNAR3a mechanisms. Under non-MNAR3a, all methods except mean imputation per 

treatment (IT, WIT), and the missing-indicator method per treatment (MT, WMT), provided 

coverages close to 95% in all scenarios; methods (IT, WIT) and methods (MT, WMT) 

showed substantial undercoverage when the missingness rate was 60% combined with strong 

covariate effect (�� = 2;. Under MNAR3a, only mean imputation per treatment (IT, WIT) 

and all versions of the missing-indicator method (M, MT, WM, WMT) showed 
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undercoverage when missingness was at least 40%. This was worst for the missing-indicator 

methods, especially for strong covariate effect (�� = 2). 

Figure 2.2. Coverage (%) of the 95% CI for the treatment effect estimate (Y-axis) as a function of 

missingness method (X-axis), for each scenario as defined by missingness rate (left/middle/right 

columns), missingness mechanism (curves), true treatment effect (β1) and covariate effect (β2) (rows), 

and sample size 100. Note that (MCAR, MNAR1a) can always apply and (MAR, MNAR2a, 

MNAR3a) can only apply when the covariate is measured after randomization (but before treatment). 

With respect to relative precision (RP) of the treatment effect estimates (Figure 2.3), 

which is the variance of the estimated treatment effect for REF (complete data) divided by 

the variance of the estimated treatment effect for the missing data method at hand, there was 

no noticeable difference between the missingness mechanisms, only between the methods. 

More specifically, UA was the least precise method when the missingness rate was 20% or 

40% and the covariate effect was strong (�� = 2). CCA was the least precise method when 
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the missingness rate was 60%, or 40% and the covariate effect was modest (�� = 1). 

Imputations overall were more precise than imputations per treatment, although the 

difference was negligible for MI. Weighted methods were slightly more precise than methods 

without weights. Mean imputation overall (I, WI) and the missing-indicator method overall 

(M, WM) were most precise, in general. MI was as precise as the best methods only when the 

missingness rate was 20%. For all methods except UA, precision decreased with increased 

missingness rate; and for all methods except CCA, precision decreased with increased 

covariate effect. 

Figure 2.3. Relative precision (RP) of treatment effect estimate (�/�) (Y-axis) as a function of 

missingness method (X-axis), for each scenario as defined by missingness rate (left/middle/right 

columns), missingness mechanism (curves), true treatment effect (β1) and covariate effect (β2) (rows), 

and sample size 100. Note that (MCAR, MNAR1a) can always apply and (MAR, MNAR2a, 

MNAR3a) can only apply when the covariate is measured after randomization (but before treatment).     
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Regarding relative bias (RB) of the estimated SE (Figure 2.4), which for each method 

is the difference between the estimated SE (model-based SE) and the empirical SE divided by 

the empirical SE, there was no noticeable difference between the missingness mechanisms. 

Methods differed noticeably only for 60%, and for the combination of 40% missingness with 

strong covariate effect (�� = 2), as follows: IT, WIT, MT, and WMT produced almost equal 

downward biases, while their respective counterparts (I, WI, M, and WM) had almost no 

bias; MIT_l showed some upward bias; whilst all other methods showed almost no bias. For 

methods with bias, biases increased with missingness rate and with covariate effect. 

Figure 2.4. Relative bias (RB) of estimated standard error (12] ) (Y-axis) as a function of missingness 

method (X-axis), for each scenario as defined by missingness rate (left/middle/right columns), 

missingness mechanism (curves), true treatment effect (β1) and covariate effect (β2) (rows), and 

sample size 100. Note that (MCAR, MNAR1a) can always apply and (MAR, MNAR2a, MNAR3a) 

can only apply when the covariate is measured after randomization (but before treatment).  
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With respect to relative precision (RP) of the estimated SEs (Figure 2.5), which is the 

variance of the estimated SEs for REF (complete data) divided by the variance of the 

estimated SEs for the missingness method at hand, there was no substantial difference 

between the missingness mechanisms, except that MNAR3a showed slightly lower precisions 

compared to non-MNAR3a when missingness was 40% or 60%. Methods differed as follows. 

UA was almost as precise as the best methods (I, WI, M, and WM), especially when 

missingness was 40% or 60%. CCA was least precise in all scenarios.  Single imputations 

overall (I, WI, M, and WM) were more precise than their per treatment counterparts (IT, 

WIT, MT, and WMT): the differences were substantial when missingness was at least 40%. 

For MI, however, the differences between overall and per treatment versions were negligible. 

MI (all versions) was about as precise as the best methods (I, WI, M, and WM) only when 

missingness was 20%. For all methods except UA, precision decreased with increased 

missingness rate; and for all methods except CCA, precision decreased with increased 

covariate effect.  

The effect of sample size on each of the 5 criteria (discussed above) was tested by 

increasing the sample size from 100 to 400. The results (Figures 2.6-2.10 in the supplements) 

for each criterion were as follows. There was 1) little effect on bias of the treatment effect 

estimate; 2) negligible effect on coverage, apart from even lower coverages of the methods 

suffering from undercoverage in MNAR3a in Figure 2.2; 3) negligible effect on relative 

precision of the treatment effect estimate; 4) no noticeable effect on bias of the estimated SE 

of the treatment effect estimate, apart from the disappearance of the slight upward bias of 

MIT_l in Figure 2.4 (see panels with 60% missingness and covariate effect �� = 2); and 5) 

substantial effect on relative precision of the estimated SE, but only for mean imputation and 

the missing-indicator methods per treatment (IT, WIT, MT, WMT), which became almost as 

precise as their overall counterparts (I, WI, M, WM). 
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Increasing the effect of the covariate on its own missingness by increasing α1 from 0.5 

to 2, corresponding to a- and b-scenarios respectively, gave no substantial differences, apart 

from bias of the treatment effect estimate under MNAR2 (Figures 2.11-2.20 in the 

supplements), as follows. The mean imputation and MI methods showed a slight upward bias, 

and the missing-indicator methods across treatments gave a slight downward bias, but only 

when missingness was 60% combined with covariate effect �� = 2. 

Figure 2.5 Relative precision (RP) of estimated standard error (12] ) (Y-axis) as a function of 

missingness method (X-axis), for each scenario as defined by missingness rate (left/middle/right 

columns), missingness mechanism (curves), true treatment effect (β1) and covariate effect (β2) (rows), 

and sample size 100. Note that (MCAR, MNAR1a) can always apply and (MAR, MNAR2a, 

MNAR3a) can only apply when the covariate is measured after randomization (but before treatment). 

In summary, the pattern of results was nearly the same for all non-MNAR3a 

scenarios, but different for the MNAR3a case. Pursuant to this, the comparison of the 
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methods above is briefly done, first for non-MNAR3a scenarios, and then for the MNAR3a 

scenario, as follows.  

Under non-MNAR3a scenarios, all methods gave no or negligible bias of the 

treatment effect estimate (�/�) (Figure 2.1). Bias of the estimated SE, however, was 

substantial for mean imputation per treatment and the missing-indicator methods per 

treatment (IT, WIT, and MT, WMT) when missingness was at least 40%, and small or non-

existent for all other methods (Figure 2.4). Coverages (Figure 2.2) mirrored the pattern shown 

by bias of the estimated SE (Figure 2.4), being close to 95% wherever bias was negligible 

and lower wherever bias was substantial. Mean imputation and the missing-indicator methods 

overall (I, WI, and M, WM), generally gave better precisions of �/� (Figure 2.3) and estimated 

SE (Figure 2.5) than all other methods; moreover, the differences increased with the 

missingness rate and the covariate effect. The precisions of MI were lower than those of 

methods (I, WI, M, WM) when missingness was at least 40%. The precisions of UA were the 

lowest for 20% missingness combined with strong covariate effect (�� = 2); and the 

precisions of CCA were the lowest for at least 40% missingness. 

Under MNAR3a, the missing-indicator methods (M, MT, MW, WMT) gave 

substantial bias of �/�; and mean imputation per treatment (IT, WIT) and MI showed some 

bias when missingness was at least 40%. For bias of the estimated SE, however, the 

differences between methods were the same as under non-MNAR3a. Coverages for all 

methods except missing-indicator were similar to those shown under non-MNAR3a. The 

missing-indicator methods suffered from substantial undercoverage under MNAR3a. In terms 

of precisions (of �/� and the estimated SE), the differences between methods under MNAR3a 

were similar to those under non-MNAR3a. 
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2.4 Extension to time-to-event outcome 

We extended the simulation study to RCTs with a time-to-event outcome to evaluate 

the performance of all proposed missing data methods for such outcomes. This is important 

since nonlinear regression models (e.g. the Cox model for time-to-event outcome) behave 

differently from linear regression models for a continuous outcome concerning estimation of 

treatment effects even when there is no missingness.32-34 For example, in nonlinear (unlike in 

linear) regression models, unadjusted (unconditional) and adjusted (conditional) treatment 

effect estimates differ numerically and are interpreted differently.34 Here we are interested in 

the conditional treatment effect since all the missing data methods (except UA) are based on 

covariate adjustment in the analysis model. Because of this and for simplicity, unadjusted 

analysis (UA) is not considered in this extension. 

Except for the outcome, we used the same simulation setup (as in section 2.3) to 

generate complete data as well as missing data. Survival times (�) were generated from a 

Weibull distribution: ℎ!:|; = }!~|�=�exp :��' + ��(;, where }! and ~ are the scale and 

shape parameters, respectively. Random censoring times were generated from a Weibull 

distribution with the same shape parameter: ℎ�:|; = }�~|�=�. The parameter values used 

were }! = 0.002; ~ = 1 (as in White and Royston35); and }� = 0.0055 (corresponding to 

50%; 41%; 41%; 33% censoring if :��, ��; = :1,1;; :1,2;; :2,1;; :2,2;, respectively. The 

analysis model of interest used was the Cox proportional hazards (PH) regression model 

ℎ!:||', () = ℎ�(|)u|� (��' + ��() with ℎ�(|) as baseline hazard.35-36 Using this model, all 

the methods were implemented as described in section 2.3.2, except for MI. The imputation 

model for MI overall included ', � and 1 (event indicator: 1 for event, 0 for censored 

observations).35 For MI per treatment (MIT), the imputation model within each group 

included only � and 1. Using the five performance criteria described in section 2.3.2.5, all the 

methods were compared under all the missingness scenarios described in Table 2.3. Below 
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we only present the key results for scenarios with sample size 100 (Figures 2.21-2.25 in the 

supplements). The other results are provided in the supplements too (Figures 2.26-2.30). 

Like the case of a continuous outcome, the pattern of results under non-MNAR3a was 

different from that under MNAR3a. Also, there was no noticeable difference between non-

MNAR3a mechanisms, only between the methods, as discussed below.  

Under non-MNAR3a mechanisms, only CCA and MI per treatment (MIT_p, MIT_l) 

showed no or negligible bias for treatment effect estimates (Figure 2.21 in supplement). All 

other methods (I, IT, WI, WIT, M, MT, WM, WMT, MI_p, MI_l) had substantial downward 

bias, but only when the covariate effect was strong (�� = 2), or when there was 60% 

missingness. Under MNAR3a, this pattern was the same, but the bias was larger. These 

results differ a bit from those for continuous outcomes (Figure 2.1) with respect to the various 

simple imputation methods and overall MI, but confirm the unbiasedness of CCA and MI per 

treatment 

Only CCA and MI gave coverage close to 95% under non-MNAR3a (Figure 2.22 in 

supplement). Mean imputation and missing indicator methods generally showed acceptable 

coverage when �� = 1, but undercoverage when �� = 2. Under MNAR3a, coverage for CCA 

and MI was similar to the non-MNAR3a cases. The other methods showed even worse 

undercoverage under MNAR3a as compared to non-MNAR3a. These results differ from 

those for continuous outcomes in that serious undercoverage there only occurred under 

MNAR3. We get back to this difference in the discussion section. 

For relative precision (RP) of �/� (Figure 2.23 in supplement), only CCA behaved as 

in the case of continuous outcome (Figure 2.3) by having lower precision than REF in all 

scenarios. Generally, imputation methods were about as precise as REF, except for lower 

precision of imputation per treatment methods under 60% missingness. The relative bias 
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(RB) of the estimated SE (Figure 2.24 in supplement) for all methods was generally as in the 

case of a continuous outcome (Figure 2.4), except for slightly bigger upward bias of MI 

overall (MI_p, MI_l). With respect to relative precision (RP) of the estimated SE (Figure 2.25 

in supplement), only precision for CCA and MI was clearly at least 10% below that of REF in 

all scenarios. A difference with the case of a continuous outcome (Figure 2.5) is that the 

simple imputation methods now tend to have higher precision than REF in case of a strong 

covariate effect or a high missingness rate. This finding will also be discussed in the next 

section. 

2.5 Discussion 

In this article, we investigated the problem of missing covariates in RCTs. We first 

conducted a review of studies on methods to handle missing covariates in a RCT with a 

continuous outcome. The review revealed that the case with a covariate as a baseline 

measurement of the outcome had received considerable attention in the literature.4,6,21 

However, the situation with a binary covariate had received only scant attention. Schemper 

and Smith20 performed a limited simulation study comparing only three methods: UA, CCA 

and mean imputation by treatment. In the present study, we covered a wider range of 

simulation scenarios with more methods for handling missing data and more missingness 

mechanisms than in all the reviewed papers. 

Our simulations showed that the pattern of results was very similar for all non-

MNAR3 scenarios, but different for MNAR3. This underlines the importance of investigating 

whether the covariate (Z) is missing based on a MNAR3 mechanism, before prescribing a 

method to deal with missingness of Z. MNAR3 means that missingness of Z is a non-additive 

function of  Z and treatment (T), and can therefore be detected as follows: Randomization 

ensures the absence of a treatment group difference on Z, and this holds for complete data as 

well as for MCAR, MAR, MNAR1 and MNAR2 missingness where Z and T have no or only 
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additive effects on missingness. In contrast, it does not hold for MNAR3. So if CCA is 

performed with Z as outcome and T as predictor, ignoring the real outcome Y, then finding a 

treatment effect on Z indicates MNAR3.  

For non-MNAR3, the key finding is that all methods have no or negligible bias for the 

treatment effect estimate (�/�), but differ in other respects depending on the scenarios, as 

subsequently discussed. UA loses substantial precision when the covariate effect is strong. 

This makes sense because, when the covariate is strongly associated with the outcome, the 

residual outcome variance can be strongly reduced by adjusting for the covariate, thus also 

reducing the SE of the treatment effect. CCA loses substantial precision if the proportion of 

missingness is high (here at least 20%). This is also not surprising because the more cases are 

removed from the analysis, the more information and, hence, precision is lost. This agrees 

with all the reviewed papers.  

 Mean imputation overall (I, WI) and the missing-indicator method overall (M, WM) 

are superior to their by treatment counterparts (IT, WIT, and MT, WMT) and give acceptable 

results in all respects. The by treatment methods lose precision, produce biased SE estimates 

and undercoverage, depending on the scenarios. Weighted methods are slightly more precise 

than unweighted methods only if the covariate effect is strong. This agrees with White and 

Thompson4 and Sullivan et al21: when the covariate effect is strong, the difference in residual 

outcome variances between cases with and without missingness is likely to be substantial. 

Weighting takes that into account by giving more weight to complete cases than to 

incomplete cases, thereby improving precision.  

MI (all versions) performs roughly as well as mean imputation overall with or without 

missingness indicator: this holds in all respects except precision, which is noticeably lower 

for MI when missingness is very high. This is not surprising as MI, unlike single imputation 

methods, accounts for uncertainty due to imputation, resulting in increased variance. Single 
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imputation methods, on the other hand, in general results in underestimated variance 

(overestimated precision). Further, there is no substantial difference between MI overall and 

per treatment, although the former was slightly more precise in the majority of scenarios. 

This makes sense as long as the analysis model is correctly specified (as in this study). But if 

the analysis model were to be misspecified (as was the case in some scenarios studied by 

Sullivan et al21 for missingness on the outcome), MI per treatment might be beneficial. 

Finally, there is no noticeable difference between MI with logistic regression and MI with 

PMM either. 

For MNAR3, the key finding is that only UA, CCA and mean imputation overall give 

no or negligible bias for the treatment effect estimate, and that the missing-indicator method 

yields substantial bias and undercoverage depending on the scenarios. MI shows some bias 

only when the missingness proportion is high. In all other respects, results for all methods 

mirrored those produced under non-MNAR3. 

The bias of the missing-indicator method under MNAR3 (when missingness depends 

on treatment (T) and treatment-by-covariate interaction (T*Z)), can be understood as follows: 

As argued by Groenwold et al6, when the missing-indicator method is used in the analysis 

model to adjust for an incomplete covariate, the estimated association between the outcome 

and treatment is a weighted average of two associations: 1) the association between the 

treatment and outcome, adjusted for all covariates, using only complete cases (CC); 2) the 

association between the treatment and outcome, adjusted only for complete covariates, using 

only cases for which the incomplete covariate was missing (IC). Now, when missingness is 

driven by T*Z interaction, this induces an association between covariate (Z) and treatment (T) 

in both subgroups, the complete cases and the incomplete cases, making Z a confounder for 

estimating the treatment effect within each subgroup. In the subgroup of complete cases 

(CC), the bias due to confounding is removed, since the confounder Z is fully observed and is 
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included in the analysis model. However, in the subset of patients with missing covariate 

(IC), the estimate of the treatment effect is biased because the (unmeasured) confounder Z 

cannot be included in the model. Consequently, the weighted average of the treatment effect 

estimates from the CC and the IC subgroups is biased. 

However, this explanation raises a new question, namely why mean imputation gave 

much less bias than the missing-indicator method under MNAR3, even though both methods 

come down to a weighted mean of CC and IC analyses and the latter (IC) suffers from 

confounding. The explanation for the much smaller bias of mean imputation is that, in a 

linear covariate effect model (which is the only option for a 0/1 covariate Z), persons with 

missing and thus mean imputed Z get much less weight in the analyses than persons with 

observed Z=0 or Z=1 (cf. the linear contrast in polynomial trend analyses in regression). To 

test that explanation, we added as predictor to the analysis model the quadratic term Z2 after 

using mean imputation because, given that Z has 3 distinct values after mean imputation (0, 1, 

mean imputed), combining Z and Z2 gives a full account of possible effects of Z on Y, 

equivalently to using dummy coding of Z with 2 dummies, or to using the missing-indicator 

method (which also has two predictors to represent the covariate, namely Z itself and the 

missing indicator). Indeed, extending the analysis model after mean imputation with Z2 gave 

the same bias and coverage as the missing indicator method under MNAR3 (results not 

shown). 

Finally, concerning the bias of MI under MNAR3, that may be due to 

misspecification of the imputation model, which did not include the interaction (TZ). In fact, 

such inclusion is impossible if Z itself is missing. 

We acknowledge that covariate missingness dependent on treatment (i.e. our 

MNAR3, MNAR2 and MAR) can only occur if the baseline covariate is measured post-

randomization. This practice is not considered acceptable in drug trials, but is unfortunately 
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sometimes encountered in RCTs in other health domains, for instance in mental and public 

health (see Kole-Snijders et al,25 Brug et al,26 and Peters et al27), and in cluster randomized 

trials (see Kraag et al,23 and Slok24). We therefore included this type of missingness as a 

relevant extension of the papers found in the scoping review. The results, especially for 

MNAR3, are a clear warning against measuring covariates after randomization and thus 

further support for a dominant practice in drug trials. 

Regarding the choice of methods for handling missing data, the following 

recommendations can be given for the present case of a single binary covariate and a 

continuous outcome: UA  if the covariate effect is weak and missingness is at least 60%, and 

CCA if missingness is low (less than 20%). The advantage of both methods is the ease of 

performing the analysis. Mean imputation overall (I, WI) is a valid method in all respects and 

can be used under all missingness mechanisms. The missing-indicator method overall (M, 

WM) is also good in all respects, but only under non-MNAR3 mechanisms. Further, unless 

the covariate effect is very strong, imputation without weighting is preferable in practice for 

ease of implementation. Mean imputation per treatment with or without missing-indicator are 

not advised because they are inferior in many respects. MI (preferably overall) is acceptable 

under non-MNAR3, but not under MNAR3 because it shows some bias. MI per treatment is 

discouraged because it requires more work compared to MI overall. The choice between MI 

with logistic regression and MI with PMM should be a matter of convenience, as these 

methods provide similar results. 

When comparing the simulation results in the case of time-to-event outcome to the 

case of continuous outcome in the present article, all methods except CCA and MI per 

treatment performed differently from how they performed for continuous outcome under non-

MNAR3. Specifically, only CCA and MI per treatment give no or negligible bias with good 

coverage for the treatment effect estimate (�/�) in all scenarios as in the case of a continuous 
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outcome. MI overall performs similarly to their per treatment counterparts only for modest 

covariate effect. For strong covariate effect, they show some bias. This agrees with White and 

Royston.35   

Mean imputation and missing-indicator methods give substantial bias and 

undercoverage if the covariate effect (��) is strong. This can be understood as follows: For 

generalized linear regression models (at least the logistic and Cox models), the treatment 

effect estimate (�/�) conditional on a covariate is always moved away from zero compared 

with the unconditional one.32-33,37 As the correlation between the outcome and covariate (and 

so the covariate effect) is weakened by replacing a missing Z with the mean, the methods 

shift from estimating the conditional effect of treatment (��) to estimating the unconditional 

one (i.e., without covariate Z) and, thus, produce bias towards zero for �/� in generalized 

linear models.21 For the same reason, mean imputation and missing-indicator methods suffer 

from low coverage of the conditional treatment effect estimate wherever they have substantial 

downward bias. 

Comparison of precisions in the presence of bias is tricky. Nonetheless, unlike for a 

continuous outcome where simple imputation methods are less precise than the REF method, 

they are for a time-to-event outcome almost as precise as REF for modest covariate effect and 

more precise than REF for strong covariate effect. This also makes sense: Not conditioning 

on a (non-confounding) covariate in generalized linear models (at least logistic and Cox 

models) results in smaller SEs (and so higher precision) than conditioning.21,37 Simple 

imputation methods reduce the covariate-outcome correlation (and so the covariate effect) 

and thus have the same effect on SEs (precision) as when there is no conditioning on Z, but 

smaller. 
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Under MNAR3, all methods except simple imputation methods perform as under non-

MNAR3. Simple imputation methods give even worse bias and undercoverage under 

MNAR3 than under non-MNAR3.  

Regarding the choice of methods for dealing with missing data in a binary covariate 

for time-to-event outcome in the context of our simulation, the following recommendations 

can be given. CCA is a good method in terms of bias and coverage, but is acceptable in terms 

of precision only if missingness is low (less than 20%). Mean imputation overall (I, WI) and 

the missing-indicator method overall (M, WM) are preferable to their counterparts per 

treatment (IT, WIT) and (MT, WMT). They are acceptable in all respects, but only under 

non-MNAR3 if the covariate effect is modest (�� = 1). MI per treatment (MIT_p, MIT_l) are 

the best methods in all respects and all scenarios. MI overall (MI_p, MI_l) are suitable and 

perform like their per treatment counterparts if the covariate effect is modest (�� = 1). 

This article is, and so the findings thereof are, limited to RCTs. But things will be 

different in observational studies which are beyond the scope of this article. Readers 

interested in the topic of missing predictors/covariates in observational studies can see White 

and Carlin,5 Qu and Lipkovich,14 and Leyrat et al.15 Furthermore, this article is limited to 

RCTs with a continuous outcome and a missing binary covariate, with some results for time-

to-event outcomes. However, scenarios with more covariates are common in practice. For 

example, a trial with a binary covariate and a continuous outcome which is measured both 

pre- and post-randomization. A possible extension of the current study would then be to 

consider joint missingness of two or three of these variables, which would give rise to more 

missingness mechanisms to investigate. Another possible extension would be to consider 

binary instead of continuous outcomes, or to extend the present work on time-to-event data.     
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2.6 Data sharing 

The data (R-code) that support the findings of this study are in the supplementary 

materials available from the corresponding author (originally: 

mutamba.kayembe@maastrichtuniversity.nl; currently: tontonkayembe@yahoo.fr) upon 

request.   
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Chapter 3 - Imputation of missing covariates in randomized 

controlled trials with continuous outcomes: Simple, unbiased 

and efficient methods2 

Abstract 

The literature on dealing with missing covariates in nonrandomized studies 

advocates the use of sophisticated methods like multiple imputation (MI) and 

maximum likelihood (ML)-based approaches over simple methods. However, 

these methods are not necessarily optimal in terms of bias and efficiency of 

treatment effect estimation in randomized studies, where the covariate of 

interest (treatment group) is independent of all baseline (pre-randomization) 

covariates due to randomization. This has been shown in the literature, but only 

for missingness on a single baseline covariate. Here, we extend the situation to 

multiple baseline covariates with missingness and evaluate the performance of 

MI and ML compared with simple alternative methods under various 

missingness scenarios in RCTs with a quantitative outcome. We first derive 

asymptotic relative efficiencies of the simple methods under the missing 

completely at random (MCAR) scenario and then perform a simulation study 

for non-MCAR scenarios. Finally, a trial on chronic low back pain is used to 

illustrate the implementation of the methods. The results show that all simple 

methods give unbiased treatment effect estimation, but with increased mean 

squared residual. It also turns out that mean imputation and the missing-

indicator method are most efficient under all covariate missingness scenarios 

and perform at least as well as MI and LM in each scenario.  

Keywords 

Randomized trials; missing covariates; linear mixed model; multiple imputation; mean 

imputation; missing-indicator method.  

  

                                                           
2 This chapter has been re-submitted (after revision) for publication, with co-authors Shahab Jolani, Frans ES 

Tan, and Gerard JP van Breukelen. 
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3.1 Introduction 

In randomized clinical trials, baseline covariates are typically collected and included 

into the statistical analysis for several reasons. One important reason is to improve estimation 

efficiency for the treatment effect by reducing the residual outcome variance (Bartlett 2018; 

Pascoe et al. 2013). If the data on covariates are partly missing, which is often the case, the 

question is how to deal with missing data in the analysis such that the estimated treatment 

effect is as close as possible to the truth (low bias) and the loss of efficiency (due to increased 

standard error) compared to the full data is as small as possible. The case of linear regression 

with two covariates (including the treatment indicator), and missingness in a single covariate 

(not treatment), has received considerable attention in the literature (Groenwold et al. 2012; 

Kayembe et al. 2020; Sullivan et al. 2016; White and Thompson 2005).  For that case, the 

literature advocates the use of simple methods, such as mean imputation and the missing-

indicator method, over sophisticated methods, such as multiple imputation (MI) and 

maximum likelihood (ML)-based methods. The reason is that the former are easy to 

implement and perform at least as well as the latter in the case studied. 

However, randomized trials with missing observations in only one covariate are 

uncommon in practice. Most often, the analysis of interest includes multiple covariates, and 

missingness occurs in more than one of these (Fastenau et al. 2020; Kole-Snijders et al. 

1999). This complicates the handling of missing data by having at least two effects: an 

increased proportion of incomplete cases, and an increased number of missingness patterns in 

the data. The former will result in reduced precision in an analysis that uses only complete 

cases (i.e., complete-case analysis), and this analysis is even impossible if all cases are 

incomplete. The latter may lead to computational issues. For instance, a method that adds to 

the analysis model an indicator of missingness for each incomplete covariate will result in an 

increased number of covariates in the analysis. If the number of incomplete covariates (and 
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hence missingness patterns) is large, then the total number of covariates including the 

missingness indicators in the analysis model may become as large as to create collinearity 

(Montgomery, Peck, and Vining 2001, 117-119). In addition, an increased number of 

missingness indicators will make the method less tractable analytically.  

In general, the issue in handling missing data is the question which method is best in 

terms of unbiasedness and efficiency, and the answer to that depends at least partly on the 

missingness mechanism (Schafer and Graham 2002). In the case of covariate missingness in a 

randomized trial, however, the estimate of the treatment effect is always unbiased regardless 

of the missingness mechanism, at least for all the missing data methods discussed in this 

article. This is because the variable of interest (treatment) is independent of all pre-

randomization covariates (Kayembe et al. 2020; Sullivan et al. 2016; White and Thompson 

2005), and the missingness in covariates will be independent from the treatment indicator and 

from any post-randomization variable including the outcome variable, at least provided that 

all covariates are measured before randomization (which is assumed throughout this paper). 

If the covariates are measured after randomization, which is not advisable but sometimes 

done, missingness of these covariates may depend on treatment, and so the treatment effect 

estimate is not necessarily unbiased (Jolani and Safarkhani 2017; Kayembe et al. 2020). This 

however, is beyond the scope of this paper. In short, the main question in randomized studies 

is which missing data method is most efficient in estimating the treatment effect when several 

covariates have missing observations. 

Here, we evaluate and compare various methods for handling missing data in more 

than one covariate in randomized trials, as this, to the best of our knowledge, has not received 

attention in the literature. We note that we focus on missing covariates to find out which 

methods are best for dealing with covariate missingness in an RCT, and that the results of 

that can then be combined with a good method for handling outcome missingness such as MI 
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and LMM (Sullivan et al. 2016), which is a topic for a future article. The aim of this paper is 

four-fold. First, to mathematically describe and compare various methods for handling 

missing data, when missingness occurs in more than one covariate, over a range of missing 

data mechanisms. Second, to compare analytically the simple and thus analytically tractable 

methods with respect to the variance of the treatment effect estimator under missing 

completely at random (MCAR) mechanism. Third, to compare the performances of all the 

proposed methods via simulation in a range of missingness scenarios that may happen in 

practice, but are difficult to evaluate through mathematical derivations. Fourth, to illustrate 

the implementation of these methods on a real case study. 

This chapter is organized as follows. In section 3.2, we present the analysis model and 

describe the missingness mechanisms that may be plausible in randomized trials. In section 

3.3, we compare various methods for handling missingness with respect to bias and 

efficiency of the treatment effect estimator. In section 3.4, we 1) evaluate asymptotically the 

efficiency (i.e. variance) of the treatment effect estimator of those methods that allow 

analytical derivation under MCAR, and 2) compare via simulation all proposed methods for 

handling missing data across a range of missingness mechanisms. A real case study is 

presented in section 3.5 as illustration. In section 3.6, we discuss all the results (from 

simulation and application) and conclude this paper.      

3.2 Analysis model and missing-data mechanisms 

3.2.1 Analysis model 

In this study, we focus on the common case of an RCT with two treatment arms 

(50:50 randomization), a baseline and a post-treatment measurement of a quantitative 

outcome, and at least two further covariates, measured before randomization. Consider that 

the outcome of interest (��) for an individual (�) is measured both at baseline (���) and after 

treatment (���), with � = 1, … , �. In addition, a set of, say (� − 2), baseline covariates, which 
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are possibly associated with the outcome (��), are also measured, i.e. d��, … , d�(�=�), for that 

individual �. The Treatment group is indicated by '� = 0 for control and '� = 1 for treatment. 

We also assume that the analysis of interest is based on the linear regression  

��� = �� + ��'� + ����� + ��d�� + ⋯ + ��d�(�=�) + ��,   � = 1, … , � 

where the �� are (independent) error terms with mean zero and common variance  �, and 

where the � − 2 baseline covariates may be either binary, or continuous, or a mixture of 

binary and continuous covariates. Later in this paper, we will also consider the alternative of 

a mixed linear model for repeated measures ��� and ���. Because of randomization, the 

treatment group ('�) is independent of all other baseline covariates. The parameter of interest 

is ��, which is the effect of treatment on the outcome. In the presence of missing data, several 

methods are available in the literature for handling missing observations. Before we describe 

those of interest in this article, we will first introduce the missingness mechanisms that may 

be at work. For simplicity in what follows, let ���, '�, ���, d��, … , d�(�=�) be 

��, ���, ���, ���, … , ���, respectively and for  i= 1,…,n, . The regression model above is then  

 �� = �� + ����� + 	 �
��
 + ��,    � = 1, … , �,
�


��
 (3.1) 

 where �� (dropping the index i unless stated otherwise) is the treatment indicator and has no 

missing data; �� is the effect of interest, which is the effect of treatment on the outcome; and 

��, … , �� may have missing data. 

3.2.2 Missing-data mechanisms 

Let �� = >���, … , ���?�
 denote the full data of baseline covariates (including 

treatment) from individual �. In the presence of missing data, let G�
 indicate whether the jth 
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covariate is observed on individual i, that is G�
 = 1 if ��
 is observed, and G�
 = 0 if ��
 is 

missing. Therefore, R� = >G��, … , G��?�
 indicates the missing data pattern for individual i.  

Let also ����b and ��5�b denote the observed and missing components of ��, respectively. For 

example, if � = 5 and R� = (1,0,0,1,1)�, then ����b = (���, ��J, ���)� and ��5�b = (���, ���)�. 
We observe realizations of n independent and identically distributed random vectors 

i>R�, ��, ����b?: � = 1, … , �r; and we distinguish the following three missing-data mechanisms 

(Little and Rubin 1989; Rubin 1976). Data are missing completely at random (MCAR) if 

E(R� = Q|��, �� , �; = E:R� = Q|�; (3.2) 

that is, the random vector (R� = Q) is independent of the observed (��, ����b) and missing 

(��5�b) components for a set of unknown parameters � (which govern the distribution of R�); 
Q is any given vector of 0’s and 1’s. Data are missing at random (MAR) if  

 E:R� = Q|��, �� , �; = E>R� = Q|��, ����b, �? (3.3) 

that is, the random vector R� is independent of missing values (��5�b), but can depend on the 

observed values (��, ����b) . Data are missing not at random (MNAR) if  

E:R� = Q|��, ��, �; = E>R� = Q|�� , ����b, ��5�b�? ≠ E>R� = Q|�� , ����b, �? (3.4) 

that is, the random vector R� depends on the missing values (��5�b) even conditional on the 

observed values (��, ����b).  

For the purpose of this chapter, we assume that (a) the post-treatment outcome (�) 

and the treatment group (��) are always observed, and (b) at least two covariates (including 

the pre-treatment outcome) can be partially observed. As an example, for a trial with partially 

observed �� and ��, four patterns of missingness are possible: 1) no missing values, 2) 
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missing values on �� only, 3) missing values on �� only, and 4) missing values on both �� 

and ��. Unless stated otherwise, we assume that the missingness of baseline covariates 

cannot depend on the outcome (�) since the outcome is measured post-treatment and can 

therefore not cause missingness occurring prior to treatment. Thus, the missingness 

mechanisms in model (3.2), (3.3), and (3.4) result respectively in 

 E(R� = Q|��, ��, �; = E:R� = Q|�; for MCAR 

 E:R� = Q|��, �� , �; = E>R� = Q|����b, �? for MAR 

and   

 E:R� = Q|��, �� , �; = E>R� = Q|����b, ��5�b�? for MNAR 

 It also should be mentioned that what follows is valid under all three assumed 

missingness mechanisms, provided the missingness does not depend on treatment (��), which 

is a reasonable condition if covariates are measured before randomization.                         

3.3 Missing data methods 

3.3.1 Unadjusted analysis 

In unadjusted analysis (UA), the treatment effect is estimated without adjusting for 

covariates other than the treatment. This method is commonly not recommended because it is 

generally inefficient in estimation of the treatment effect (Sullivan et al. 2016), but may be 

useful in the presence of incomplete covariates with substantial proportions of missingness. 

Given the true model (3.1), the UA model is  

�� = I� + I���� + �� ,   � = 1, … , � (3.5) 
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where α1 is the treatment effect on Y. By lemma 3.1 of Jones (1996) corresponding to the 

omitted variables bias approach, and given that the treatment indicator (��) is independent of 

the other covariates, it follows that the ordinary least squares (OLS) estimator of the 

treatment effect in model (3.5) is unbiased, i.e. 2�I��� = ��. The variance of I�� is larger than 

the variance of �/� in model (3.1) due to larger residual outcome variance. Specifically, the 

sampling variance of the OLS slope coefficients is given by (Fox 1997, 338; Hsieh, Bloch, 

and Larsen 1998):  

 deF>�/
? = �
�=j�" × �"

(�=�)��" ;    � = 1, … , � (3.6) 

where G
� is the squared multiple correlation for the regression of �
 on the other �’s,  � the 

residual variance, and 1
� = ∑ >��
 − �h
?��� (� − 1)q  the (sample) variance of �
. The term 

1 >1 − G
�?⁄ , called the variance inflation factor (VIF), indicates the impact of collinearity on 

the precision of the estimate �/
. The variance of �/
 as given above always holds. However, 

 � needs to be estimated and this is done by the mean squared residuals (MSR) (Jones 1996; 

Seber 1977, 51). That MSR in turn is larger for UA than for adjusted analysis on the 

complete data (i.e. the case of no missing data) if the covariate effect is different from zero 

(see section A3 of the Supplement for proof). On the other hand, correlation between 

treatment indicator �� and the other covariates inflates the variance of �/� in the adjusted 

analysis (see the VIF). However, due to the randomization, that correlation is approximately 

equal to 0 (and hence the VIF is approximately equal to 1) for sufficiently large n. Then, the 

expected variance of the OLS estimator (I��) of the treatment effect for UA is larger than or 

equal to the sampling variance �/� in adjusted analysis model (3.1) for the case of complete 

data, if the covariate effect is different from or equal to zero. This implies that not adjusting 

for covariates that are predictive (i.e. with nonzero coefficients) of the outcome increases the 
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unexplained (i.e. residual) outcome variance and thereby reduces efficiency of estimating the 

treatment effect.  

3.3.2 Complete-case analysis 

If UA is ill-advised, which is when the covariates are strongly correlated with the 

outcome and do not suffer from substantial missingness, perhaps the simplest method is 

complete-case analysis (CCA), where only complete cases (i.e. individuals without missing 

data) are included into the analysis. Given the true model (3.1), let �� = 1 if the ith individual 

has complete data (i.e. if all >G��, … , G��? are equal to one) and �� = 0 otherwise (i.e. if at 

least one of >G��, … , G��? is equal to zero). The CCA model is 

���� = I��� + I������ + 	 I
��
��
�


��
+ ����,   � = 1, … , �, (3.7) 

where α1 is the treatment effect on Y. The OLS estimator for model (3.7) is given by theorem 

2.1 of Jones (1996). The assumption that the missingness (indicated by G�
) of the covariates 

is independent of the outcome entails that G�
 is also independent of the error. This in turn 

means that ��, which is a function of G�
, is also independent of the error. Then, conditional 

on ��, it follows that the OLS estimator of the treatment effect for CCA is unbiased, i.e. 

2�I��� = ��, and that the MSR (which is the estimator of the residual variance  �) is 

unbiased. A sketch of the proof is given in section A4 of the Supplement. According to the 

sampling variance as given by equation (3.6), and because of orthogonality between �� and 

the other covariates, the sampling variance of the OLS estimator (I��) for CCA is 

2�MSR� (�� − 1)1��,�⁄  (with 2�MSR� =  �, and 1��,�
 is the sample variance of �� for 

complete cases �� < �, which is equal to 1�� apart from sampling variance since missingness 

is independent of �� due to randomization. Note that 1�� = 0.25 since we have a 1:1 

randomization). This sampling variance (for CCA) is larger than that of �/� in model (3.1) for 
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the case of complete data, that is  � (� − 1)1��⁄ , simply because of lower � (i.e. because 

�� < �). In other words, CCA produces unbiased OLS estimates of the treatment effect and 

residual variance, regardless of the missingness mechanism. However, CCA loses 

information and thus efficiency by omitting cases with missing values.       

3.3.3 Mean imputation 

Another simple way for handling missing values on a covariate is to replace them 

with the mean of the observed values from that covariate. In randomized trials, it is preferable 

to use the overall mean and not the mean of the treatment group to which individuals belong, 

because the former is more precise and gives better coverage for the treatment effect in the 

subsequent analysis (White and Thompson 2005). Given the true model (3.1), the model for 

mean imputation is   

�� = I� + I���� + 	 I
(�

�


��
+ ��,   � = 1, … , �, (3.8) 

where α1 is the treatment effect on Y, (�
 = ��
G�
 + �h
�>1 − G�
?, e.g. (�� = ���G�� +
�h��(1 − G��), with �h�� the mean of observed values of ��. Under our assumption that 

missingness does not depend on the treatment indicator (��) (because covariates are 

measured before randomization), the orthogonality of �� to covariates is preserved after mean 

imputation too. It follows that the OLS estimator of the treatment effect from model (3.8) is 

unbiased, i.e. 2�I��� = ��, and that the expectation of the MSR (which is the estimator of the 

residual variance  �) is larger than or equal to that from model (3.1) on complete data if the 

covariate effect is larger than or equal to zero. A sketch of the proof is given in section A5 of 

the Supplement. Then, from the sampling variance as given by equation (3.6), and again due  

to the preserved orthogonality between treatment and covariates, the sampling variance of I�� 

for mean imputation (model (3.8)) is 2�MSR� (� − 1)1��⁄  (with 1�� the sample variance of 
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��), which is larger than the sampling variance of �/� in model (3.1) for the case of complete 

data, that is  � (� − 1)1��⁄ . Thus, mean imputation yields unbiased estimates of the treatment 

effect, but with decreased precision due to increased residual variance.      

3.3.4 Missing-indicator method 

The missing-indicator method modifies the true model by adding an indicator of 

whether a covariate is missing (G�
 = 1 if ��
 is observed, and G�
 = 0 if ��
 is missing), and 

an interaction between this indicator and the covariate. The missing values on this covariate 

are replaced with any fixed value (e.g. zero or the mean), provided the same value is used for 

all missingness on that covariate. Given the true model (3.1), the missing-indicator model is  

 �� = I� � G�

�


��
+ I���� + 	 I
��
G�


�


��
+ 	 I
��=�>1 − G�
?

�


��
+ ��;  � = 1, … , �, (3.9) 

where α1 is the treatment effect on Y. Note that model (3.9) is equivalent to the missing-

indicator method overall (not by treatment) used in Sullivan et al. (2016) and White and 

Thompson (2005) with the difference that, here, all the missing values are replaced with zero 

instead of the overall mean. As stated previously, this does not matter as long as the same 

value is used to replace all the missing values on a given covariate. In other words, Eq. (3.9) 

is equivalent to first doing mean imputation (or using 0 as imputation value) and then 

applying model (3.1) extended with a missingness indicator �
 for each covariate �
, coded 

as �
 = 1 if �
 is missing and �
 = 0 otherwise (so �
 = 1 − G
). Under our assumption of 

missingness as described in section 3.3.3, the orthogonality of ��to covariates (including the 

missingness indicators) is also preserved after mean imputation with missingness indicators. 

It follows that the OLS estimator of the treatment effect from model (3.9) is unbiased, i.e. 

2�I��� = ��, and that the expected MSR is larger than or equal to that from model (3.1) on 
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complete data, if the covariate effect is larger than or equal to zero. A sketch of the proof is 

given in section A6 of the Supplement. From the sampling variance as given by equation 

(3.6), and again due to the preserved orthogonality as described above, the sampling variance 

of I�� for the missing-indicator method is then 2�MSR� (� − 1)1��⁄ , which is larger than or 

equal to the sampling variance of �/� in model (3.1) for the case of no missing data, that is 

 � (� − 1)1��⁄ , if the covariate effect is larger than or equal to zero. Thus, the missing-

indicator method gives an unbiased estimator of the treatment effect, but with decreased 

precision due to increased residual variance.    

To gain an intuitive understanding of how the missing-indicator method works, and 

why it produces an unbiased estimator of �� in randomized trials, assume that � = 3 in model 

(3.9), which gives the following simplified model:  

�� = I�G��G�� + I���� + I����G�� + I����G�� + IJ(1 − G��) + I�(1 − G��) + �� (3.10) 

Writing out model (3.10) for each pattern of missingness on �� and �� gives the following 

four sub-models for, respectively, complete cases (i.e. G�� = G�� = 1), cases with missing 

data on �� only (i.e. G�� = 0 and G�� = 1), cases with missing data on �� only (i.e. G�� = 1 

and G�� = 0), and cases with �� and �� both missing (i.e. G�� = G�� = 0):  

�� = I� + I���� + I���� + I���� + �� (3.11) 

 

�� = I���� + I���� + IJ + �� (3.12) 

 

�� = I���� + I���� + I� + �� (3.13) 
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�� = I���� + I¡ + ��  (3.14) 

where α6 = α4 + α5. Models (3.11)-(3.14) are, respectively, equivalent to: CCA, mean 

imputation for missing ��, mean imputation for missing ��, and mean imputation for missing 

�� and missing ��. As treatment �� is independent of �� and ��, and as missingness on �� 

and/or �� is independent of �� and also of � (and hence on the error �), the four models give 

unbiased estimators of α1 (i.e., 2�I��� = ��) even though each is applied to a subset of the 

total sample. In other words, because of the independencies mentioned above, the treatment 

allocation ratio is the same in each of the four subgroups. And due to absence of treatment by 

covariate interaction in the model (3.1), each subgroup analysis then gives an unbiased 

treatment effect estimator of the same treatment effect, and so any weighted sum of those 

four estimators is also unbiased. 

3.3.5 Multiple imputation 

Multiple imputation (MI) is a more sophisticated approach for handling missing data, 

compared with the previously described methods. MI employs imputation models (i.e. 

models fitted to the observed data) to fill in the missing values m times, using the imputation 

values randomly drawn (generated) from the posterior predictive distributions of the 

incomplete variables. This incorporates the between-imputation uncertainty (i.e. uncertainty 

with respect to the values to impute) and produce m different completed (i.e. imputed) 

datasets. Each of these m completed datasets is then analyzed by standard complete data 

methods, and the results of those m analyses are finally combined into a kind of meta-analysis 

using Rubin’s rules to account for uncertainty introduced by missing data (Enders 2010; 

Kayembe et al. 2020; Rubin 1987; Van Buuren 2012), as reflected by between-imputation 

variance of the fixed effects estimates. For simplicity, let for instance the variable (X3) be 

incomplete. The general procedure for MI can be summarized in three stages as follows: 
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(1) Imputation stage: Fills in the missing values m times for X3, using an imputation 

model, to obtain m imputed datasets. The imputation model is defined, with a set of 

parameters (say *), as a conditional distribution of X3 given the remaining variables 

i¢>��|��, ��, �J, … , ��, �, *?r, yielding a set of parameter estimates (*£) using 

complete cases only. This imputation model will be the linear regression  �� = *�� +
*���� + *���� + *J��J + ⋯ + *���� + *��� if �� is continuous, respectively the 

logistic regression @AB�CiEF>�� = 1|��, ��, �J, … , ��, �?r = *�� + *���� +
*���� + *J��J + ⋯ + *���� + *��� if �� is binary. Also defined is the 

conventional (improper) prior ¢:*; for the parameters (*) to obtain a posterior 

predictive distribution of *. A new set of parameter values (say *∗) is sampled from 

this distribution for each of the m imputations. Each set of drawn values is then used 

in the imputation model to impute missing values of X3.  

(2) Analysis stage: Uses the analysis of interest in each of the m imputed datasets 

separately to obtain m results, that is, m OLS estimates of the regression weights in 

model (3.1), for instance. 

(3) Pooling stage: Uses Rubin’s rules to combine the m results for obtaining the final 

result. Let �/�� be the estimate of �� from the ith imputed dataset and 0� = 12�� its 

estimated variance (i.e. 12� its estimated standard error). The pooled estimate of �� is 

then �/� = �
5 ∑ �/��5�  , with estimated total variance '678 = 0 + 9 f1 + �

5g where 

0 = 1 3⁄ ∑ 0�5�  and 9 = :3 − 1;=� ∑ >�/�� − �/�?�5� are the average within-

imputation variance and the between-imputation variance, respectively. 

Because MI accounts for the between-imputation uncertainty, in contrast with single 

imputation, it results in a larger estimated variance of the estimator of interest (�� here).  
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In general, MI produces unbiased estimates under MCAR and MAR mechanisms, provided 

the imputation model is congenial with the analysis model, which loosely means that the 

imputation model must contain at least all the variables (including the outcome) of the 

analysis model to respect the relationships between these variables (Little and Rubin 2002). 

In general, a MAR-based MI is likely to produce biased estimates under MNAR, but not in 

randomized trials with a single baseline covariate whose missingness depends on the 

covariate itself (Sullivan et al. 2016). In this chapter, we will explore whether MI leads to 

unbiased estimates of �� when more than one covariate has missing observations.     

3.3.6 Maximum likelihood-based method 

Another approach (for handling missing data on the baseline outcome ��) is to 

assume that the repeated measures (�� and �) are bivariate normally distributed, adjusted for 

all other covariates including treatment (��, ��, … , ��). In absence of missing data, it can be 

expressed as:  

������ � |���, ���, … , ���~� ����� + ������ + ������ + ⋯ + ��������� + ������ + ������ + ⋯ + ������� , �  !"�  !"� !"�  �� #$  (3.15) 

Let ¤�¥ = 2¦��|�� = §, ��, … , ��¨ and ¤�© = 2¦��|�� = 9, ��, … , ��¨ be the 

baseline means in treatment group �� = 0 = § and group �� = 1 = 9, respectively. Let 

��� = 0 to constrain the baseline mean (say µ0) to be the same for both treatment groups due 

to randomization, that is ¤� = ¤�¥ = ¤�© = ��� + ����� + ⋯ + �����. It is clear from 

model (3.15) that ��� is the treatment effect of interest. The maximum likelihood (ML) 

estimator of ���, that is (�ª��) and its variance are asymptotically equivalent to the ML 

estimator and its variance from the analysis of covariance (ANCOVA) model (3.1) when 

there are no missing data (Carpenter and Kenward 2007, 60). The joint model (3.15) is 

equivalent to a linear mixed model (LMM) with fixed effects for treatment (set to zero at 
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baseline because of randomization), time, time-by-treatment interaction (which is the effect 

of interest), and other relevant covariates, and an unstructured covariance matrix for the 

repeated measures (Lu and Mehrotra 2010; Sullivan et al. 2016). See Liu et al. (2009) and 

Van Breukelen (2013) for a detailed analytical comparison of the joint modelling of 

outcomes (explicitly formulated as LMM) with the ANCOVA model, with respect to the 

estimated treatment effect and its variance. 

It is known that the ML estimator is consistent and asymptotically unbiased under 

MAR and MCAR. Further, missingness in baseline covariates or baseline outcome is 

unrelated to treatment (if baseline measures are taken before randomization) and also 

unrelated to post-test outcome, and therefore either MCAR or MNAR. So the observed 

baseline values will  have the same distribution in both treatment  groups, and excluding from 

the analysis subjects with missing baselines (as in CCA) or excluding missing baseline 

covariates (as in UA) will generally not cause any bias in the treatment effect estimator �ª��. 

The variance of �ª�� is, however, likely to increase because of loss of information (Carpenter, 

and Kenward 2007; Liu et al. 2009). It follows that, in the presence of missing baselines in an 

RCT, the unadjusted analysis (UA) LMM and the complete-case (CC) LMM, described next, 

may be justified and should yield unbiased treatment effect estimates.   

3.3.7 Unadjusted analysis LMM 

 This method involves LMM with no adjustment for those covariates that have 

missing values (LMMUA). If all covariates have missing values, then the corresponding 

model is 

 ������ � |���, G!«"~� ����� + ��������� + ������� , �  !"�  !"� !"�  �� #$  (3.16) 
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This model omits all baseline covariates except the pre-measurement (��) of the outcome. 

Randomization should ensure unbiasedness of �ª�� if missingness of the omitted covariates is 

unrelated with treatment �� and with post-test outcome �. The variance of �ª�� should be 

affected (increased) by excluding covariates (i.e. using UA) as compared with a model 

adjusting for these covariates (subsequent to appropriate imputation of the missing data); we 

will check this through simulation. Note that if some covariate has no missingness at all, it 

can be included into the analysis to have a partly (un) adjusted LMM, of which variance of 

�ª�� will be smaller than for unadjusted LMM, but larger than  � of LMM (model (3.15)) and 

of the reference model (3.1).  

3.3.8 Complete case-analysis LMM 

This method involves LMM using only complete cases on all the covariates 

(��, ��, … , ��) other than the baseline outcome (��); the corresponding model (LMMCCA) is  

������ � ��|>���, ���, … , ���?��~� ����� + ������ + ������ + ⋯ + ��������� + ������ + ������ + ⋯ + ������� �� , �  !"�  !"� !"�  �� #$  (3.17) 

with �� a function of the missingness indicator >G��, … , G��? as defined in section 3.3.2, i.e. 

�� = 1 for complete cases on (��, … , ��) and �� = 0 for incomplete cases on (��, … , ��), 

knowing that the treatment (��) is always observed. Since �� is now a repeated measure 

instead of a covariate, a person with missing �� can be included into the LMM analysis 

without imputation, and so “complete cases” here means cases with no missingness on other 

covariates than ��. This LMMCCA should yield unbiased �ª�� for the same reason as the 

CCA with the ANCOVA if missingness is independent of the post-treatment outcome (Y). 

The variance of �ª�� should increase (compared to the analysis with no missing data) because 

of loss of information; we will evaluate this through simulation.  
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Note that constraining ��� to zero (as a result of randomization) should improve the 

efficiency of both LMMUA and LMMCCA by decreasing their respective variances of �ª��, 

as compared to unconstrained analysis (where ��� is a free unknown parameter) (Liang and 

Zeger 2000; Liu et al. 2009; Lu 2010). Further note that, if model misspecification is not an 

issue, the LMM as described before may be extended by including all the incomplete 

covariates continuous or binary, on top of the baseline outcome ��, as part of the joint 

outcome (with their treatment effect parameters constrained to zero, as done for ���). For 

more details on this approach, see Carpenter and Kenward (2007).  

3.4 Evaluation of the methods  

3.4.1 Some asymptotic analytical results for simple methods under MCAR 

Table 1 shows the asymptotic variances of the treatment effect estimator (�/�) for the 

various simple methods (UA, CCA, mean imputation (ME) and the missing-indicator method 

(M)) under MCAR, for linear regression with two covariates (including treatment). These 

variances are relative to the variance of �/� for the case of no missing data (REF). The 

derivation of these results is given in section A7 of the Supplement. The case of linear 

regression with more covariates where missingness occurs in at least two covariates is only 

dealt with via simulation in section 3.4.2, because it is tedious to handle analytically. Because 

of their mathematical complexity, non-MCAR mechanisms, MI and LMM are also only 

considered through simulation in section 3.4.2. Note, however, that the derived asymptotic 

variances for UA and CCA also hold under non-MCAR mechanisms.  

These asymptotic variances (in Table 3.1) do not depend on the treatment effect (��); 

they depend only on the proportion of missingness (E5�b) and the conditional correlation of 

�� and � given �� (,�!".!¬) (and so on �� as given in footnote of Table 3.1).  Further, Table 

3.1 shows that: the asymptotic variance of the treatment effect obtained by mean imputation 

(ME) is equal to that obtained by the missing-indicator method (M); and the asymptotic 
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variance for ME varies between that of the REF method (absence of missingness) if E5�b = 0 

and UA if the proportion of missingness E5�b = 1, and these three methods are equivalent if 

,�!".!¬ = 0. Thus, ME is always more efficient than UA if E5�b ≠ 1 and ,�!".!¬ ≠ 0. ME is 

more efficient than CCA if <(1 + E5�b) 2⁄ > ,�!".!¬, as efficient as CCA if E5�b = 0 or 

<(1 + E5�b) 2⁄ = ,�!".!¬ and less efficient if <(1 + E5�b) 2⁄ < ,�!".!¬. The difference 

between CCA and UA depends on the trade-off between E5�b and ,�!".!¬: CCA is more 

efficient if ,�!".!¬ > <E5�b, less efficient if ,�!".!¬ < <E5�b, and as efficient as UA if 

,�!".!¬ = <E5�b.   

Table 3.1. Asymptotic variance of treatment effects (��) estimated by various methods, relative to the 

reference (REF) method (i.e., the case of no missing data), under MCAR. 

Method Variance 

Unadjusted analysis (UA) 11 − ,�!".!¬�  

Complete-case Analysis (CCA) 11 − E5�b 

Mean imputation (ME) 1 − ,�!".!¬� + E5�b,�!".!¬�
1 − ,�!".!¬�  

Missing indicator method (M) 1 − ,�!".!¬� + E5�b,�!".!¬�
1 − ,�!".!¬�  

†Note: E5�b: proportion of missingness; and  ,�!".!¬� = ��� !"� > � + ��� !"� ?q : conditional correlation between �� and � 

given ��, with �� the covariate effect,  !"�  the variance of ��, and  � the 

residual variance 

 

These asymptotic variances are depicted as functions of the partial or within-group 

correlation between outcome and covariate (,�!".!¬) in Figure 3.1 for a randomized trial with 

a balanced design (i.e. with 50:50 allocation to control (�� = 0) and treatment (�� = 1)) and 

with E5�b= (10%, 20%, 30%, 40%) on baseline ��. Figure 3.1 shows that the difference 

between the methods is consistent with that difference as described above. For all the 

scenarios, ME is more efficient than CCA. The variances of ME and UA relative to that of 

the REF method increase with increasing correlation; and the variance of CCA increases with 
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increasing missingness rate. The most important message from the analytical results derived 

in this section is that mean imputation (with or without missingness indicator) is the most 

efficient method among the simple methods in Table 3.1 to deal with missingness of 

covariates under MCAR in randomized trials, regardless of the missingness rate and the 

correlation between the outcome and the covariate. 

Figure 3.1. Asymptotic variance for the treatment effect estimators (Y-axis) as a function of baseline-

outcome correlation within treatment groups (,�!".!¬) (X-axis), for each scenario as defined by the 

missingness rate (E5�b) (columns), and for each missingness method (curves) under MCAR. 

3.4.2 Simulation study 

We conducted a simulation study to compare the finite-sample performances of the 

different methods for handling missing data in multiple covariates in terms of bias, efficiency 

and coverage for the treatment effect. We considered a randomized trial with a 50:50 

allocation to each treatment group (i.e., control (�� = 0) and intervention (�� = 1), and with 
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three additional baseline covariates: �� (baseline outcome, continuous), �� (binary) and �J 

(binary), where covariates �� and �� might have missing data, but �J was fully observed and 

introduced to create a MAR mechanism on �� and ��. The simulation setup involved the 

following steps. 

3.4.2.1 Generation of complete data 

We generated complete data of size n = 200 with 100 observations allocated to each 

group (i.e. each level of ��), thus reflecting a medium-sized trial. The baseline and follow-up 

outcomes (�� and �) were simulated from the following bivariate model: 

f��� g |��, ��, �J~� ®���� + ����� + ����� + �J��J��� + ����� + ����� + �J��J� , � �̄ ^At:°, d;^At:°, d;  ±�#² 

where ^At:°, d; = ,³´ ³ ´ is the residual covariance matrix of �� and �, given ��, ��, �J. 

The covariate �� was Bernoulli distributed with E:�� = 0; = E:�� = 1;, and �J followed 

the model Logit {P(X4 = 1|X3)} = θ04 + θ34X3. The coefficient values used in the models above 

for complete data are given in Table 3.2. We set  ³� =  �́ = 1 and ,³´ = 0.5 to reflect a case 

of homogeneous residual variances and medium correlation between the pre-and post-test 

outcomes (�� and Y); and θ34=0.5 so that X4 is also correlated with X3, as it is with X2 

through the bivariate normal model. For simplicity, the intercepts θ02 = θ04 = θ0Y = 0. The 

coefficient of X1 in predicting X2 was fixed at zero (i.e., θ12=0) due to randomization. This 

implies that θ1Y is the treatment effect �� in the ANCOVA approach which regresses � on 

��, ��, ��, �J (Liu et al. 2009; Lu 2010; Van Breukelen 2013). The coefficients (α1Y 

(treatment effect), θ3Y, θ4Y, θ32, θ42) were varied to assess whether methods performance was 

sensitive to treatment and/or covariate effects. They were chosen such as to have, 

respectively, no, small, medium and large effects of X1, X3, X4 on Y and X2, where effect size 

= Cohen’s d = regression coefficient divided by square root of residual variance (d = 0, 0.2, 
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0.5 and 0.8 is no, small, medium and large, respectively) (Cohen 1969; Rice and Harris 

2005). Twelve scenarios were considered for simulation of complete data using the following 

combinations of the coefficient (treatment and covariate effects) values: θ1Y = (0, 0.2, 0.5, 

0.8) and (θ32, θ3Y) = (θ42, θ4Y) = (0.2, 0.2); (0.5, 0.5); and (0.8, 0.8). Other coefficients were 

as previously described.  For each scenario, we generated 1500 data sets. 

3.4.2.2 Generation of incomplete data 

From each complete dataset we obtained one incomplete data set by generating 

missing values in X2 and X3. For X2 the missingness model was:  

Logit {P(R2 = 1|X1,X2,X3,X4,Y)} = φ02 + φ22X2 + φ42X4, 

where R2=1 if X2 is observed, and R2=0 if X2 is missing. Similarly, for X3 the missingness 

model was: 

Logit {P(R3 = 1|X1,X2,X3,X4,Y)} = φ03 + φ33X3 + φ43X4, 

where R3=1 if X3 is observed, and R3=0 if X3 is missing. Three missingness mechanisms were 

considered, that is MCAR, MAR and MNAR, with their parameters as given in Table 3.2. 

For MCAR, the missingness was unrelated to all variables. For MAR, the missingness was 

related only to X4. For MNAR, the missingness was related to X2 or X3 itself. The missingness 

model coefficients (φ22, φ42, φ33, φ43) were chosen to produce strong MAR (φ42 = φ43 = 1) and 

MNAR (φ22 = φ33 = 1), implying an odds ratio of 2.72 as association between missingness 

and the covariate on which it depended.  For each missingness mechanism, the intercepts 

(φ02, φ03) were computed such as to obtain the required overall missingness rate. Two 

missingness rates per covariate were considered, that is 1) 10% missing X2 and 10% missing 

X3 (realistic) and 2) 30% missing X2 and 30% missing X3 (large). 
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Table 3.2: The parameter values for complete data models and missingness models. 

Parameters for complete data models 

θ02 = θ04 = θ0Y = 0; θ34 = 0.5;  ³� =  �́ = 1 and ,³´ = 0.5 

θ12 = 0; θ1Y = (0, 0.2, 0.5, 0.8) 

(θ32, θ3Y)= (θ42, θ4Y) = (0.2, 0.2); (0.5, 0.5); and (0.8,0.8) 

 
 

Parameters for missingness models 

Missingness: X2 X3 

% mechanism φ02 φ22 φ42 φ03 φ33 φ43 

10 MCAR ≠ 0 0 0 ≠ 0 0 0 

30 

10 MAR ≠ 0 0 1 ≠ 0 0 1 

30 

10 MNAR ≠ 0 1 0 ≠ 0 1 0 

30 
 

  

3.4.2.3 Imputation and analysis 

We first imputed (where required, i.e. for mean imputation, missingness indicator 

method and multiple imputation) and then analyzed each incomplete dataset or completed 

(i.e. imputed) dataset by each of the methods described above. Specifically, we considered: 

unadjusted analysis (UA), complete case-analysis (CCA), mean imputation (ME), missing-

indicator method (M), multiple imputation (MI), UA with linear mixed model (LMM) 

(LMMUA) and CCA with LMM (LMMCCA). For reference (REF), we also analyzed each 

complete dataset (before creation of missingness): So in total, we analyzed 1500 complete 

datasets and 1500 incomplete or completed datasets for each of the 12 scenarios of α’s and 

each of the six missingness scenarios in Table 3.2. In the imputation and analysis stages, all 

the methods were performed as described in section 3.3. For MI, for instance, we used the 

fully conditional specification (FCS) approach, which specifies a conditional model for each 

of the partially observed variables given all the other variables (Seaman and Rachael 2018; 

Van Buuren 2012). The imputation models for X2 and X3 were, respectively, linear regression 

of X2 and logistic regression of X3 on all other variables using complete cases: �� = *�� +
*���� + *���� + *J��J + *��� + � and  @AB�CDEF(�� = 1|��, ��, �J, �;H = *�� +
*���� + *���� + *J��J + *���. Note that Y was included into the imputation models for 
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X2 and X3 because the imputation models must contain at least all the variables (including the 

outcome Y) of the analysis model to respect the relationship between these variables (Bartlett 

et al 2015; Choi et al. 2019; Kamat and Reiter 2020).  We took m = 50 imputations 

(completed datasets for each incomplete dataset) based on the rule of thumb that m should at 

least be equal to the missingness rate (Sullivan et al. 2016).  For UA, X4 was included 

because it had no missingness. For LMMUA, the LMM of section 3.4.2.1 was fitted on the 

available data, except that X3 was not included as a covariate because of missingness, 

whereas X4 was included because it had no missingness. For LMMCCA, cases with 

missingness on X3 were first omitted, and then LMM was fitted on the remaining cases, 

including cases with missingness on X2 but not on X3. For all the methods, except the two 

LMM methods, the analysis model was ordinary linear regression following equation (3.1) or 

its modification as given in sections 3.3.1 till 3.3.4. 

For clarity, we emphasize that for methods (REF, UA, CCA, ME, M, MI), the 

analysis of covariance (ANCOVA) model in Equation (3.1) was used to analyze the data, 

after imputation where appropriate. For methods (LMMUA, LMMCCA), the analysis model 

was the linear mixed model (LMM) in Equations (3.16) and (3.17), with the baseline mean 

constrained to be the same across treatment groups. So UA and CCA refer, respectively, to 

unadjusted analysis (UA) and complete-case analysis (CCA), both with ANCOVA; and 

LMMUA and LMMCCA are their respective counterparts with LMM. For UA and LMMUA, 

�J was adjusted for because it had no missingness. REF is the ANCOVA with no missing 

data, which is used as reference for all the methods.   

3.4.2.4 Methods comparison 

We compared the methods performances under each of the 72 scenarios (12 

combinations of the θ’s parameters (in Table 3.2) × 3 missingness mechanisms × 2 

missingness rates). Note that the treatment effect is θ1Y in terms of the data generating 
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bivariate model in section 3.4.2.1, which is equal to β1 in terms of the REF model in section 

3.2.1 Equation (3.1). We simulated 1500 different datasets for each scenario: 1500 complete 

datasets per scenario, and then one incomplete dataset per complete dataset per scenario. For 

each dataset, and for each method, we obtained the treatment effect estimate, its estimated 

standard error (SE), and the 95% confidence interval (CI) for the treatment effect. We 

subsequently computed for each scenario and each method: the mean and standard deviation 

(SD) of the treatment effect estimate, the mean and SD of the estimated SE, and the coverage 

of the CI. The results for each missing data method were compared to those from the 

complete data, which served as the reference method (REF). Five performance criteria were 

computed as follows. Let the ith simulated dataset (� = 1 to \) yield a treatment effect 

estimate �/�� with 12]� and ^_�; and �̀ = 1 if ��� ^_� or �̀ = 0 otherwise, remembering that 

�� is α1Y in the data generating model in section 3.4.2.1). Calculate �/�̅ = ∑ �/��b� /\; 

deF>�/�? = ∑ f�/�� − �/�̅g� /(\ − 1)b� ; 12]hhhh = ∑ 12]� b� /\; deF>12] ? = ∑ f12]� − 12]hhhhg� /(\ −b�
1). Using these we obtained the performance criteria:  

1. The bias of �/� = �/�̅ − ��, 

2. The relative efficiency (RE) of �/� resulting from a missingness method Meth (e.g., UA) 

compared with REF =  (deF>�/�? from REF/ deF>�/�? from Meth)×100. 

3. The coverage of the  95% CI = (∑ �̀b��� /\)×100, 

4. The relative bias (RB) of 12]  of �/� = ®�12]hhhh/ydeF>�/� ?# − 1²×100. This is called the 

relative difference between the model-based and empirical (Monte Carlo) standard errors by 

White and Thompson (2005). 

5. The relative efficiency (RE) of 12]  of �/� from Meth compared with REF = (deF>12] ? from 

REF/ deF>12] ? from Meth)×100 
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Simulations were conducted in R 3.5.1. MI was performed using the mice package version 

3.3.0. LMM was fitted using the nlme package version 3.1-137, with datasets transformed 

from short to long formats using the tidyr package version 0.8.1. The computer processor 

used was Intel®Core™i5-6500 CPU@3.20GHz 3.20GHz.    

3.4.2.5 Results 

The results of the simulation are presented here. The true treatment effect �� did not 

affect the performances of the methods, as expected because the sampling variances of fixed 

effects do not depend on the true effects in the (mixed) linear model, and covariate 

missingness in this paper does not depend on treatment because covariates are measured 

before randomization. We therefore leave out the results for ��= 0.2 and 0.8, and only show 

those for ��= 0 and 0.5, for simplicity. Overall, the results (Figures 3.2, 3.3, and 3.4 below) 

showed no substantial differences between the missingness mechanisms, only between the 

methods in some respects, as follows. With respect to bias of the treatment effect estimates 

(�/�) (results not shown)), all methods showed no or negligible bias under all scenarios (bias 

ranged from -0.01 to 0.01). With respect to coverage (Figure 3.2), all methods provided 

coverages close to 95% in all scenarios (range 93%, 96%). Note that a deviation up to 1% 

from the nominal coverage can occur due to sampling error, given our sample size of 1500 

data sets.  

With respect to relative efficiency (RE) of �/� (Figure 3.3), we first compare the RE’s 

between the ANCOVA-based methods, then between the LMM-based methods, and finally 

between the two groups of methods. For the ANCOVA-based methods (UA, CCA, ME, M, 

MI), UA was the least efficient method when the missingness rate was 10%; and CCA was 

the least efficient method when the missingness rate was 30%. Mean imputation (ME), 

missing-indicator method (M) and multiple imputation (MI) were best and, in general, 

equally efficient.  As expected, efficiency for all methods seemed insensitive to the treatment 
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effect (��). For all methods except UA, efficiency decreased with increased missingness rate. 

For UA, efficiency decreased somewhat with increased covariate effects; and for all other 

methods, the effect of covariate strength on efficiency is negligible. 

Figure 3.2. Coverage (%) of the 95% CI for the treatment effect estimate (Y-axis) as a function of 

missingness method (X-axis), for each scenario as defined by missingness rate (left/right half of 

figure), missingness type (curves), true treatment effect (β1 = θ1Y) (rows), and covariate effect (θ3Y, 

θ4Y) (columns). Lower and upper horizontal reference lines (93.9 and 96.1) correspond to 95 ∓2<95 × 5 1500⁄ , with 1500=the number of simulated datasets per scenario.  

For the LMM-based methods, LMMUA was more efficient than LMMCCA; and 

efficiency for both methods decreased with increased missingness rate, but this decrease was 

much larger for LMMCCA than for LMMUA. This makes sense because LMMUA loses 

efficiency due to the missingness of �� only, whereas LMMCCA does so due to the 

missingness of both �� and ��. So the increase of missingness on both covariates results in 
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more information loss for LMMCCA than for LMMUA. Efficiency for both methods seemed 

hardly affected by increased covariate effects. 

Comparison of RE’s of the ANCOVA-based methods to the RE’s of the LMM-based 

methods shows that UA and CCA are less efficient than LMMUA and LMMCCA (Figure 

3.3). This can be explained as follows. Unlike UA, LMMUA includes the covariate �� (as a 

repeated measure) while also including persons with a missing ��. Unlike CCA, LMMCCA 

includes cases with no missingness on other covariates than ��. More interestingly, LMMUA 

is also about as efficient as ANCOVA combined with any imputation method (ME, M, MI) in 

most scenarios.  

Figure 3.3. Relative efficiency (RE) for the treatment effect estimate (%) (Y-axis) as a function of 

missingness method (X-axis), for each scenario as defined by missingness rate (left/right half of 

figure), missingness type (curves), true treatment effect (β1 = θ1Y) (rows), and covariate effect (θ3Y, 

θ4Y) (columns). 



87 

 

 With respect to relative bias (RB) of the estimated SE (Figure 3.4), there were no 

substantial or consistent (across scenarios) differences between the missingness mechanisms, 

or between the methods. Specifically, bias of the estimated SE for all methods (under all 

missingness mechanisms) was less than 5% of the empirical SE in almost all scenarios. 

Figure 3.4. Relative bias (RB) for the estimated standard error (SE) (%) (Y-axis) as a function of 

missingness method (X-axis), for each scenario as defined by missingness rate (left/right half of 

figure), missingness type (curves), true treatment effect (β1 = θ1Y) (rows), and covariate effect (θ3Y, 

θ4Y) (columns). 

With respect to relative efficiency (RE) of the estimated SE (Figure 3.5), we first 

compare the RE’s between the ANCOVA-based methods, then between the LMM-based 

methods, and finally between the two groups of methods (similar to RE of �/� in Figure 3.3). 

For the ANCOVA-based methods (UA, CCA, ME, M, MI), CCA, followed by UA (in almost 

all scenarios), was the least efficient method in all scenarios (regardless of the missingness 
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rate). Mean imputation (ME), missing-indicator method (M) and multiple imputation (MI) 

were best and, about, equally efficient when the missingness rate was 10%, while ME and M 

were slightly more efficient than MI when the missingness rate was 30%.  Unsurprisingly, 

efficiency for all methods seemed barely affected by the treatment effect (��). For all 

methods except UA, efficiency decreased with increased missingness rate. For all methods, 

the effect of covariate strength on efficiency is small to negligible.  

For the LMM-based methods, LMMUA was more efficient than LMMCCA; and 

efficiency for both methods decreased with increased missingness rate, but this decrease was 

much larger for LMMCCA than for LMMUA. This makes sense because of the same reason 

we gave for RE’s of �/� in Figure 3.3. Comparison of RE’s of the ANCOVA-based methods 

to the RE’s of the LMM-based methods showed that UA and CCA were less efficient than 

LMMUA and LMMCCA (Figure 3.5). This also makes sense because of the same reason 

provided for RE’s of �/� (Figure 3.3). 

3.4.2.6 Some additional results 

This section extends the simulation study to RCTs with missingness of baseline 

covariates depending on some completely unobserved covariate that is associated with the 

outcome (Y), to evaluate the performance of all proposed missing data methods for this 

missingness mechanism.  

Specifically, the complete and incomplete data from the MAR scenario in Table 3.2 

were re-analyzed, but this time removing the covariate X4 from the analysis model (and the 

imputation models for MI). Note that the data generating model did include X4 (see section 

3.4.2.1). MAR missingness of the baselines X2 and X3 thus becomes MNAR missingness of 

X2 and X3 dependent on the unobserved X4, which is here called MNARa to differentiate it 

from the MNAR in Table 3.2. For simplicity, we only considered the complete data scenarios 

with treatment effect β1 = θ1Y = 0 or 0.5 and covariate effects (θ32, θ3Y) = (θ42, θ4Y) = (0.5, 
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0.5), as shown in Table 3.2. All the proposed missing data methods, without X4 in the 

imputation and the analysis models, were compared using the five performance criteria 

described in section 3.4.2.4. 

Figure 3.5. Relative efficiency (RE) for the estimated standard error (SE) (%) (Y-axis) as a function 

of missingness method (X-axis), for each scenario as defined by missingness rate (left/right half of 

figure), missingness type (curves), true treatment effect (β1 = θ1Y) (rows), and covariate effect (θ3Y, 

θ4Y) (columns). 

The simulation results (Figures 3.A1-3.A5 of the Supplements) show that all methods 

had no or negligible bias of the treatment effect estimate and generally performed similarly to 

the way they performed under MCAR, MAR and MNAR (Figures 3.1-3.5 of section 3.4.2.5).  

3.5 Case study: chronic low-back pain trial 

The chronic low-bac pain (CLBP) trial was a (three-arm) randomized clinical trial 

conducted to examine the supplemental value of a cognitive coping skills training when 
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added to an operant behavioral treatment for CLBP patients (Kole-Snijders et al. 1999). 

Participants were aged between 18 and 65 years with a (diagnosed) low-back pain (LBP) for 

at least 6 months, a discrepancy between objective findings and pain complaints, and had 

cooperation of the spouse (or in the absence of a spouse, a relative or close friend) to 

participate in a weekly spouse training program. Exclusion criteria for the study were, among 

others, illiteracy, pregnancy, alcohol abuse and serious psychopathology. Patients (n=149) 

were randomly allocated to three treatment arms: an operant behavioral treatment with 

cognitive coping skills training (OPCO; n=60) or an operant behavioral treatment with a 

group discussion program (OPDI; n=58) or a waiting-list control (WLC; n=31). 

Randomization was stratified by gender (male or female) and age (<40 or ≥40 years). This 

study hypothesized that OPCO would be more effective than OPDI, especially on measures 

of pain coping and control; and both treatments would reduce behavioral expression of pain 

in comparison with the WLC group.  

The trial included several self-reported and observational outcomes, each of which 

consisted of two measurements before treatment (Pre-treatment 1 and Pre-treatment 2, with a 

2-week interval), one during treatment, one after treatment (Post-treatment), and two follow-

up measurements, 6 (Follow-Up 1) and 12 months (Follow-Up 2) after termination of 

treatment. Three outcomes of interest (Motoric Behavior, Coping Control, and Negative 

Affect) were considered. The results of this trial have been published before (Kole-Snijders et 

al. 1999). 

Here, we ignore the WLC group for simplicity, resulting in a dataset with only two 

treatment groups OPCO (n=60) and OPDI (n=58). To focus on the problem of missing 

baseline data, we removed all cases with missing post-treatment outcome (n=27) from the 

118 cases of the two treatment groups. In fact, if the post-treatment outcome is MCAR or 

MAR, Sullivan et al. (2016) showed that, removing cases with missing post-treatment 
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outcome, CCA and MI should still produce unbiased treatment effect estimates, though with 

reduced efficiency. This should also hold for LMMUA and LMMCCA, which are MAR-

based, but not necessarily for UA, ME and M which are not MAR-based, except for UA if 

outcome missingness only depends on treatment. We chose patient post-test negative affect 

as outcome of interest. The final dataset consisted of 91 patients, with n=46 and 45 patients in 

the OPCO and OPDI groups, respectively. Besides the treatment group and the pre-treatment 

outcome (with 7% missingness), a number of other baseline covariates were available; of 

which we considered two, to be consistent with the number of covariates used in our 

simulation, i.e. four covariates in total including treatment. Those other two covariates are 

social security for working disabled (SSWD) and gender, with 8% and 0% missingness, 

respectively. 

Table 3.3. Comparison of baseline values between treatment groups OPCO (n=46) and OPDI (n=45). 

Covariates mean in 

OPCO 

mean in 

OPDI 

df t-statistic p-value 

Negative affect 

pre-test 

0.4592 -0.3323 83  0.6745 0.5019 

SSWD 0.6279  0.5854 82  0.3946 0.6941 

Gender 

 

1.6304 

 

 1.6889 
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-0.5829 

 

0.5615 

 

 

Baseline comparison (using the independent samples t-test with equal variances) 

showed no significant group differences for the selected covariates (Table 3.3, remember that 

27 of 118 cases were left out because of missing post-treatment outcome, making the present 

comparison non-trivial). Because the missingness mechanism of baseline variables hardly 

affects the performances of the methods with respect to the treatment effect estimate and its 

SE in randomized trials as shown by the simulation results in section 3.4.2.5, it was not 

necessary to further investigate the missingness mechanism of baseline negative affect as 

well as SSWD. Treatment effects were estimated using UA, CCA, ME, M, MI, LMMUA and 

LMMCCA, with m=50 imputations used (and all covariates as well as the outcome variable 
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included in the imputation models) for MI. For UA and LMMUA, gender was included in the 

analysis because it had no missingness. For all other methods, all covariates were included. 

Table 3.4 shows that all the methods gave a treatment effect estimate with confidence 

interval that included zero (at 95% confidence level), suggesting the absence of an outcome 

difference between OPCO and OPDI. Regarding the standard error (SE) as indicator of 

efficiency, UA had the largest SE (lowest efficiency) because it omitted two baseline 

variables (negative affect pre-test and SSWD) and the percentage of missingness was low. 

All other methods had about similar SEs because the percentage of missingness was low, and 

the covariate (SSWD) omitted by LMMUA was not strongly associated with the outcome. 

Table 3.4. Chronic Low-Back Pain (CLBP) trial results – Methods performances. 

Methods Estimate Std.Error lo.95 hi.95 

UA 0.3585 1.2477 -2.1211 2.8381 

CCA 0.9122 1.0194 -1.1190 2.9435 

ME 0.9886 0.9831 -0.9658 2.9429 

M 1.3102 0.9804 -0.6393 3.2598 

MI 1.0170 0.9563 -0.8573 2.8914 

LMMUA 0.7448 0.9361 -1.0898 2.5795 

LMMCCA 

 

0.3907 

 

0.9823 

 

-1.5346 

 

2.3160 

 

 

3.6 Discussion and conclusions 

In this article, we examined the problem of missing covariates in RCTs. We 

specifically focused on the case of missing data in more than one covariate, which, to the best 

of our knowledge, had not yet received attention in the literature. The objective was to 

compare the performance of different methods for handling missing data in the covariates 

under various missingness mechanisms in RCTs. The methodology we followed to reach this 

objective was four-fold. 

First, we analytically investigated the treatment effect estimators, the mean squared 

residuals (MSR’s) (as estimators of the residual variance), and the sampling variance of 
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treatment effect estimators under various conditions of missingness, but with missingness 

always independent of treatment and of any post-randomization variable (due to measuring 

covariates before randomization). This was done only for simple missing data methods, i.e. 

unadjusted analysis (UA), complete-case analysis (CCA), mean imputation (ME) and the 

missing-indicator method (M). It turned out that 1) all treatment effect estimators were 

unbiased, 2) all MSR's, except for CCA, are systematically larger than for the case of no 

missing data, and 3) all sampling variances including that of CCA are larger than for the case 

of no missing data. 

Second, we derived the asymptotic relative efficiencies (RE’s) of the simple 

missingness methods relative to the case of no missing data, and compared these RE’s for 

various scenarios (of missingness rates and covariate effects) for a model with two covariates 

(including the treatment group) under MCAR, leaving a full comparison of all methods and 

missingness mechanisms with more covariates until the simulation study. Under these 

conditions, ME and M have equal efficiencies and, generally, are more efficient than UA and 

CCA. Further, all RE's are independent of the treatment effect, which is not surprising 

because efficiency is a function of the MSR’s (the residual variances shown in sections 3.3.1-

3.3.4), which in turn are independent of the treatment effect. All RE's decreased with 

increased covariate effects (except for CCA), and with increased missingness rates (except 

for UA).   

Third, we compared all methods via simulation under both MCAR and non-MCAR 

mechanisms. The simulation results showed that the pattern of results were similar across all 

missingness mechanisms, implying that it is unnecessary to differentiate between missingness 

mechanisms when handling missing baseline covariates in RCTs. Moreover, the simulations 

showed that all methods produce unbiased treatment effect estimates, with good coverage, 

irrespective of the treatment and covariate effects. We emphasize that this was shown to be 
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true even under non-MCAR mechanisms, provided missingness is independent of treatment 

and of any post-randomization variable (which can be expected to hold if covariates are 

measured before randomization). This also agrees with findings in the literature (Kayembe et 

al. 2020; Sullivan et al. 2016; White and Thompson 2005) dealing with missingness on a 

single baseline covariate in RCTs.  

Regarding efficiency of the treatment effect estimates, efficiencies for all methods 

were insensitive to the size of the treatment effect confirming the asymptotic results 

described above. Of all methods, UA was least efficient when the missingness rate was small 

(10%); and CCA was least efficient when the missingness rate was high (30%).  

We also found that mean imputation (ME) and the missing-indicator method (M) have 

similar efficiencies and are more efficient than UA and CCA, which corroborates the results 

obtained in the case of missingness in a single covariate (Sullivan et al. 2016; White and 

Thompson 2005). MI is roughly as efficient as ME and M (despite the fact that MI accounts 

for uncertainty due to imputation). This suggests that the efficiency loss due to the between-

imputation uncertainty for MI was about the same as the efficiency loss due to the weakening 

of the covariate-outcome correlation for ME and M which results from using the same 

imputed value for all persons, irrespective of their outcome and other covariate values. 

Comparing the efficiencies of the two LMM methods, LMMUA was found to be 

more efficient than LMMCCA; and both methods were more efficient than their counterparts 

with ANCOVA (i.e. UA and CCA). This can be understood as follows: Unlike CCA, the two 

LMM methods include persons with a missing baseline outcome (��) into the analysis. 

Unlike UA, the two LMM methods adjust for the baseline outcome (��), since constraining 

the baseline outcome means to be the same across treatment groups makes LMM almost 

equivalent to adjusting for the baseline outcome as a covariate (Liang and Zeger 2000; Lu 

2010; Van Breukelen 2013). This is also reflected by LMMUA having almost the same 
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efficiency as the imputation methods with ANCOVA (i.e. ME, M and MI). In contrast, 

LMMCCA loses efficiency compared with the imputation methods especially in case of 30% 

missingness.  

Regarding bias of the estimated SE, bias for all methods was small (here less than 

5%), which suggests that model-based SE's are good reflection of the empirical SE's. 

Regarding efficiency of the estimated SE, the missingness mechanisms and the treatment and 

covariate effects hardly affected the efficiency of the SE estimation for any method. Further, 

CCA was least efficient under both missingness rates (10% and 30%).  

Fourth, we used a real-life example of a randomized trial data on chronic low-back 

pain to illustrate the implementation of the methods. All methods gave treatment effect 

estimates that were not significantly different from zero, but UA was the least efficient 

method, followed by CCA. This is not surprising because UA omitted two baseline covariates 

and CCA omitted all cases with a missing on any covariate. All other methods had better and 

almost equal efficiencies, which makes sense because the differences in efficiency are small 

when the missingness rate is low (less than 10% in this case). The results of the application 

study are consistent with the simulation results. 

Regarding the choice of methods for dealing with missing data in covariates in RCTs, 

the following recommendations can be given. As long as the covariates are measured before 

randomization, it is unnecessary to differentiate between missingness mechanisms, as all 

would lead to similar results, like in the present study. In terms of bias, all the methods are 

acceptable, because they all produce unbiased treatment effect estimates with good coverage, 

and all estimate the SE with negligible bias. We, therefore, advocate the use of the best 

methods in terms of efficiency. LMMUA and LMMCCA are more efficient than, and 

therefore preferable to UA and CCA if the baseline outcome (X2) has missing values (like in 

all the scenarios in this study), by including the baseline of the outcome (unlike UA) as well 
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as persons with a missing value on that baseline (unlike CCA). Mean imputation and 

missing-indicator method are appropriate methods in all respects (including efficiency), and 

can be used under all covariate missingness scenarios. However, mean imputation is easier to 

implement. MI is also acceptable under all missingness mechanisms, but it requires more 

work and time, and more advanced software, than mean imputation and the missing-indicator 

method. We emphasize that all results and present recommendations concern RCTs where the 

main (or sole) interest is in the treatment effect. Findings may change if we are interested in 

covariate effects or in treatment by covariate interaction. 

We note that the list of methods considered in the current chapter to deal with missing 

data in multiple covariates in RCTs is not exhaustive. For example, for this setting, White and 

Thompson (2005) suggested that mean imputation (ME) should be replaced by regression 

imputation, with missing values on baseline covariates being replaced by their predicted 

values conditional on other baseline covariates. However, in the current chapter, we 

considered ME rather than regression imputation because we wanted to know if ME would 

still adequately handle missingness in multiple covariates like it did for missingness in a 

single baseline covariate (Kayembe et al. 2020; White and Thompson 2005). Anyway, since 

the regression imputation suggested by White and Thompson (2005) is in-between ME and 

MI as implemented in the current study, and since ME performed similarly to MI, we can 

expect regression imputation to perform similarly to MI too for scenarios similar to those 

considered in this study.  

Other methods that could be considered are weighted mean imputation and missing-

indicator method, where individuals are weighted by their inverse residual variance. This is 

equivalent to giving individuals with missing data a weight of (1 –r*r), where r is the 

correlation of the baseline and outcome in the analysis, and complete cases a weight of 1. 

However, weighted methods can substantially improve efficiency compared to unweighted 
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methods only if the baseline-outcome correlation is at least 0.6 (Kayembe et al. 2020; White 

and Thompson 2005). Thus, for the setting considered in the current chapter, where this 

correlation is 0.5, the weighted methods would generally give similar efficiency to that of 

unweighted methods. Further, as suggested by Carpenter and Kenward (2007), the LMM 

method considered here may be extended by including all the incomplete covariates 

(continuous or binary), on top of the baseline outcome �2, as part of the joint outcome (with 

their treatment effect parameters constrained to zero, as done for �12). This approach may 

improve efficiency, since it includes into the analysis all the available data. 

The present chapter did not consider the case of RCTs with covariate-adaptive 

randomization, such as stratification and minimization (see Callegaro et al. 2021 for details). 

Note, however, that in any covariate-dependent assignment scheme, whether stratified 

randomization (with strata based on covariates) or minimization, the covariates must be 

measured to allow assignment at all. Persons with missing covariate are simply not eligible 

for assignment. One might of course still consider missingness on covariates that are not used 

in the covariate-dependent assignment procedure, but that is beyond the scope of this chapter 

and would deserve a separate study.  

This chapter is limited to RCTs with a continuous outcome, where missing data 

appear in the covariates (including the baseline outcome), but not in the post-treatment 

outcome. However, missing data in the covariates as well as in the post-treatment outcome is 

a more common case in practice. The Chronic Low back pain RCT (Kole-Snijders et al. 

1999) illustrated in this chapter is an example of such case where missing data are in both 

covariates and the post-treatment outcome. An extension of the current study would be to 

consider a joint missing data problem in both outcome and covariates (including baseline 

covariates and pre- and post-treatment outcome), which would give rise to more missingness 

mechanisms to investigate. However, we emphasize again that in the current chapter we 
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focused on missing covariates to find out which methods are best for dealing with covariate 

missingness in an RCT, so that the results of that can then be combined with a good method 

for handling outcome missingness such as MI and LMM (Sullivan et al. 2016), which is a 

topic for the next chapter. Although ME overall is suitable for dealing with missingness of 

the covariates, it will likely lead to bias in the treatment effect estimate and its standard error 

when applied to missingness of the outcome. To reduce bias in the effect estimate, one could 

replace the missing values of the outcome within a treatment group with the mean of the 

observed values on that outcome within the same group (which would still leave the problem 

of a biased standard error). Another extension of the current study would be RCTs with 

binary outcome, or with nesting (cluster randomized trials). 

3.7 Data sharing 

The data (R-code) that support the findings of this study are in the supplementary 

materials available from the corresponding author (originally: 

mutamba.kayembe@maastrichtuniversity.nl; currently: tontonkayembe@yahoo.fr) upon 

request. 
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Chapter 4 - Dealing with outcome and covariate missingness in 

randomized controlled trials: Comparison of simple with 

advanced methods3 

Abstract 

This article compares different methods for handling missing data in randomized 

controlled trials (RCTs) with a continuous outcome, focusing on the case of joint 

missingness in the outcome and one or more covariates. For this case, it is not yet 

obvious in the literature how advanced missing data methods like the linear mixed 

model (LMM) and multiple imputation (MI) perform in comparison with simple 

methods with respect to the estimation of the treatment effect and its standard error 

(SE) for various realistic missingness mechanisms. This paper therefore compares the 

performance of LMM and MI with simple alternative methods through a wide range of 

simulation scenarios for various plausible missingness mechanisms. This comparison is 

made with respect to five performance criteria, namely the bias of the treatment effect 

estimate, coverage of the 95% confidence interval (CI), mean squared error (MSE), 

false positive rate (FPR) and power. The results show that no missing data method is 

universally superior, but LMM followed by MI has a better performance under most 

missingness scenarios. Complete case analysis (CCA) performs similarly to these 

advanced methods only when the missingness rate is low (10%). More interestingly, a 

simple method that uses CCA for the outcome missingness combined with mean 

imputation (ME) for covariate missingness (CCAME) performs similarly to LMM and 

MI in most simulation scenarios. All methods are furthermore compared in an RCT on 

chronic obstructive pulmonary disease (COPD). 

Keywords 

Missing data; randomized trials; multiple imputation; linear mixed model; joint 

missingness in the covariates and outcome.  

3 This chapter has been submitted for publication, with co-authors Shahab Jolani, Frans ES Tan, and Gerard JP 

van Breukelen. 
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Chapter 5 - Handling outcome and covariate missingness in 

cluster randomized trials: Comparison of LMM based 

methods with ANCOVA based methods4 

 

Abstract 

In this article, we compare the performance of various methods for handling 

missing data in cluster randomized trials (CRTs) with a baseline and post-test 

measurement of a quantitative outcome. We specifically consider the setting 

with missingness in both the pre- and post-test outcome for various plausible 

missingness scenarios, as this appeared to have not been given much attention, 

if any at all, in the literature. The methods compared are based on the 3-level 

linear mixed effects model (LMM) with repeated measures nested in persons 

nested in clusters, and on its counterpart 2-level analysis of covariance 

(ANCOVA) with the baseline measurement as a covariate and allowing for a 

contextual effect. The LMM methods handle the missing values during the 

analysis by the direct likelihood method, whereas the ANCOVA methods do so 

prior to the analysis by leaving out cases or imputing missing values. The 

comparison is made through extensive simulation with respect to bias, coverage, 

false positive rate and power for the treatment effect. The results show that the 

best performing ANCOVA methods, which use complete-case analysis (CCA) 

for outcome missingness combined with mean imputation overall (ME) or per 

cluster (MEC) for covariate missingness, are generally superior to the LMM 

based methods as implemented in R, because they give smaller bias for SE’s of 

the treatment effect estimate, resulting in better coverage and false positive rate 

(FPR). All methods are furthermore compared in a CRT on mental health 

among primary school pupils.  

Keywords 

Missing data; Cluster randomized trials; 3-level linear mixed effects model; 2-level 

analysis of covariance; contextual effect; covariate missingness, outcome missingness.  

                                                           
4 This chapter has been submitted for publication, with co-authors Shahab Jolani, and Gerard JP van Breukelen. 

EMBARGOED
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Chapter 6 - Discussion and conclusions 

Randomized controlled trials (RCTs) and cluster randomized trials (CRTs) are 

frequently afflicted by the problem of missing data, which, if not accounted for in statistical 

analyses, may lead to biased and/or inefficient results. Also, data from CRTs have a 

multilevel structure (i.e. clustering), which, if not accommodated in statistical analyses and in 

sample size calculation leads respectively to underestimation of the sampling variance of the 

treatment effect and (to) underpowered trials even if missing data are accommodated. 

In this thesis, we investigated statistical methods for handling missing data in RCTs 

and CRTs by comparing the performance of various missing data methods under various 

missingness scenarios, with respect to estimation of the treatment effect and its standard error 

(SE), which were translated into various performance criteria.  

We found that for continuous outcomes in RCTs with missingness in a single 

covariate, considered in chapter 2, or in multiple covariates, considered in chapter 3, all 

methods considered produced unbiased treatment effect estimates when the covariate (s) were 

measured before randomization, regardless of the missingness mechanisms. This makes sense 

because randomization removes potential sources of bias by ensuring that the treatment 

indicator is independent of any pre-randomization covariate, observed or unobserved, with or 

without missingness. It is therefore not necessary in this case to differentiate between the 

missingness mechanisms of any covariate, provided this is measured before randomization.  

When the covariate was measured after randomization (but before treatment) as for some 

scenarios in chapter 2, all methods except for UA and CCA showed more or less bias when 

the missingness of the covariate (Z) was a non-additive function of Z and treatment (T). It is 

therefore important to distinguish between the missingness mechanisms of any covariate if 

this was measured after randomization. We also found that for a time-to-event outcome in 
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RCTs with missingness in a single baseline covariate considered as extension in chapter 2, all 

methods except for CCA and MI per treatment gave treatment effect estimates with some or 

substantial bias regardless of whether the covariate was measured before or after 

randomization.  

For handling missing data in both the covariate (s) and outcome in RCTs, considered 

in chapter 4, or in CRTs, considered in chapter 5, the key finding was that bias of the 

treatment effect estimates for all methods was dependent on missingness of the outcome but 

not on missingness of the covariate (s). It is therefore necessary to differentiate between the 

missingness mechanisms for the outcome but not for the baseline covariate, as long as the 

covariate is measured before randomization so that neither the covariate nor its missingness 

can depend on the treatment. 

6.1 Recommendations on the choice of methods for handling missing data 

The choice of methods to be used for dealing with missing data depends on the study 

design and missingness scenario at hand, as subsequently described for the scenarios 

considered in chapters 2-5. 

6.1.1 The case of RCTs with a continuous outcome, or time-to-event outcome, 

and missingness in a single or multiple baseline covariate (s). 

 

Regarding the choice of methods for handling missing data in a covariate, considered 

in chapter 2, or in multiple covariates (including a baseline outcome), considered in chapter 

3, for a continuous outcome, we give the following recommendations. All the methods are 

suitable with respect to bias of the treatment effect estimates, provided all covariates are 

measured before randomization. The best methods with respect to coverage and efficiency 

should therefore be used. UA can be used if the covariate effects are weak and missingness is 

high (≥ 60%), while CCA can be used if the percentage of incomplete cases is low (≤ 20%). 

Both methods have the advantage of being simple to implement. LMMUA and LMMCCA 
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are more efficient than, and therefore better than UA and CCA if the baseline outcome 

(where applicable like in chapter 3) has missing values, by including the baseline of the 

outcome (unlike UA) as well as persons with a missing value on that baseline (unlike CCA). 

Mean imputation overall (I, WI) performs well in all respects (including coverage and 

efficiency) and can be used under all missingness mechanisms. Also, the missing-indicator 

method overall (M, WM) performs well in all respects, but only under non-MNAR3 

mechanisms (i.e., when the missingness of the covariate is not an additive function of the 

covariate Z, the treatment T and the treatment by covariate interaction T*Z). Moreover, 

imputation without weighting is practically easy to implement and, therefore, desirable 

provided the covariate effect is not very strong. Mean imputation per treatment with or 

without missing-indicator are ill-advised since they perform poorly in many respects. MI 

(preferably overall) as implemented in this thesis is suitable only under non-MNAR3 (i.e., 

when the missingness of Z is a non-additive function of Z, T and T*Z). MI per treatment is 

not advocated since it involves more work than MI overall does. MI with logistic regression 

performs similarly to MI with PMM and, so, the choice between them should be a matter of 

convenience. 

For RCTs with a time-to-event outcome in the context of the simulation performed in 

chapter 2, we give the following recommendations. CCA is a valid method with respect to 

bias and coverage but is suitable with respect to precision only if missingness is low (≤ 20%). 

Mean imputation overall (I, WI) and the missing-indicator method overall (M, WM) perform 

better than their counterparts per treatment (IT, WIT) and (MT, WMT). They are adequate in 

all respects, but only under non-MNAR3 mechanisms (i.e., when missingness of Z is an 

additive function of T and Z, so without T*Z) when the covariate effect is modest. MI per 

treatment is the best method in all respects and all scenarios. MI overall is acceptable and 

performs similarly to its per treatment counterpart provided the covariate effect is modest.  
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6.1.2 The case of RCTs, or CRTs, with a continuous outcome and missingness in 

both the baseline and post-test measurement of the outcome. 

Regarding the appropriate methods to be used for handling missing data in both the 

covariate (s) and outcome (s) in RCTs considered in chapter 4, or in CRTs considered in 

chapter 5, we give the following recommendations. Under all non-MNAR mechanisms of 

outcome missingness, CCAME and CCAMEC (for CRTs) are preferable because they both 

give unbiased treatment effect estimate (�/�), with good coverage and close to nominal FPR 

(the power depends on the sample size and effect size, of course). However, CCAME is 

easiest to implement. MEC (for CRTs) is suitable in many respects. LMMCCA and LMMA 

produce unbiased �/� and are suitable in RCTs (when the missingness is small for 

LMMCCA), but they show some undercoverage and inflated FPR except if the KR bias 

correction for the SE is implemented, particularly when the number of clusters is small in 

CRTs. MI is also acceptable, but with a bit lower power than CCAME when the missingness 

rate is at least 30-37%. CCAUA and CCA give no or negligible bias of �/� and good 

coverage, but lower power than other methods (irrespective of the scenarios for CCAUA, 

depending on the missingness rate for CCA). Lastly, mean imputation (ME) and the missing-

indicator method (M) are noticeably inappropriate for dealing with missing outcome data, 

even if they are appropriate for dealing with covariate missingness in an RCT (see chapters 2 

and 3). Under MNAR of outcome missingness, all method gave unbiased �/� only for zero 

treatment effect. However, the best performing methods under non-MNAR outcome 

missingness are also best under MNAR. 

6.2 Future work 

This thesis is limited to RCTs with continuous outcomes and missing covariate (s) 

and/or outcome (s), with some results for time-to-event outcomes. A possible extension for 

the future would be to consider other types of outcomes such as binary or count data instead 
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of continuous outcomes, or to extend the present work on time-to-event data. This would 

allow a further investigation of the behaviour of generalized linear regression models that 

was briefly discussed in chapter 2 of this thesis. 

Another possible work for the future would be to extend the case of RCTs with 

missingness in multiple covariates considered in chapter 3 of this thesis to the case of RCTs 

with covariate-adaptive randomization (see e.g. Callegaro et al. 2021) and missingness in 

multiple covariates that are not used in the covariate-dependent assignment procedure. 

The list of missing data methods compared in this thesis is not exhaustive. In the 

future, we could also include for comparison other methods such as full Bayesian (with joint 

modelling of outcome and missingness), inverse probability weighting (IPW) and its variants 

like robust methods. These methods are particularly important when dealing with missing 

outcomes in RCTs or CRTs. Further, future work could also consider RCTs and CRTs with 

missing data based on other missingness mechanisms not used in this thesis; for example, 

MNAR of the outcome (Y) dependent on Y, treatment (T) and Y*T. 

The comparison of the methods used in this thesis was solely based on bias and 

precision for treatment effect estimation. In the future, we could also include as performance 

criteria the bias and precision for covariate effects estimation, and then compare all the 

proposed methods when the interest for the analysis models is not only in the treatment 

effect, but also in the covariate effects. 

Finally, the interaction effect between the treatment and covariate was not included 

into the analysis models used in this thesis, where the sole effect of interest was the main 

effect of treatment. Another useful extension for the future would thus be to consider analysis 

models that include this interaction effect and treat it as effect of interest. 
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Chapter 7 - Summary 

Dealing with missing data is a prominent problem in randomized controlled trials 

(RCTs) and cluster randomized trials (CRTs). Indeed, statistical analysis of RCTs and CRTs 

should account for missing data, since not doing so may lead to biased and/or inefficient 

results (White and Thompson 2005; Kayembe et al. 2020). Further, statistical analysis of 

CRTs should also account for clustering of the data, since not doing so in data analysis and in 

sample size calculation leads respectively to underestimation of the sampling variance of the 

treatment effect and to underpowered trials even after accounting for missing data (Fiero et 

al. 2016; Turner et al., 2020). In this thesis, we explore statistical methods for dealing with 

missing data in RCTs and CRTs by comparing the performance of various missing data 

methods under various missingness scenarios, in terms of estimation of the treatment effect 

and its standard error (SE), which are converted into various performance criteria. 

In chapter 1, we introduce the notion of RCTs and CRTs, describe the problem of 

missing data in both studies and why this should appropriately be dealt with in statistical 

analysis, and provide a non-technical review on the statistical analysis models for RCTs and 

CRTs, the various missing-data mechanisms, and different methods that are available for 

dealing with missing data under various missingness mechanisms assumed in this thesis. 

Chapter 1 is concluded with an outline of the present thesis. 

In chapter 2, we first review the literature on dealing with missing values on a 

covariate in randomized studies and summarize what had been done and what was lacking in 

the literature on this topic before the beginning of this thesis. We then investigate the 

situation with a continuous outcome and a missing binary covariate in more details through 

simulations, comparing the performance of multiple imputation (MI) with various simple 
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alternative methods. This is finally extended to the case of time-to-event outcome. The 

simulations consider five different missingness scenarios: missing completely at random 

(MCAR), at random (MAR) with missingness depending only on the treatment, and missing 

not at random (MNAR) with missingness depending on the covariate itself (MNAR1), 

missingness depending on both the treatment and covariate (MNAR2), and missingness 

depending on the treatment, covariate and their interaction (MNAR3). Here, we distinguish 

two different cases: (1) when the covariate is measured before randomization (best practice), 

where only MCAR and MNAR1 are plausible, and (2) when it is measured after 

randomization but before treatment (which sometimes occurs in nonpharmaceutical research), 

where the other three missingness mechanisms can also occur. The proposed methods are 

compared based on the treatment effect estimate and its standard error. The simulation results 

suggest that the patterns of results are very similar for all missingness scenarios in case (1) 

and also in case (2) except for MNAR3. Furthermore, in each scenario for continuous 

outcome, there is at least one simple method that performs at least as well as MI, while for 

time-to-event outcome MI is best. 

In chapter 3, we extend the problem of handling missingness on a single covariate in 

RCTs considered in chapter 2 to the situation of missingness on multiple baseline covariates 

in RCTs. Specifically, we evaluate the performance of sophisticated methods like MI and 

maximum likelihood (ML)-based methods compared with simple alternative methods under 

various missingness scenarios in RCTs with a quantitative outcome, in terms of bias and 

efficiency of treatment effect estimation. We first derive asymptotic relative efficiencies of 

the simple methods under the missing completely at random (MCAR) scenario and then 

perform a simulation study for non-MCAR scenarios. Finally, a trial on chronic low back 

pain is used to illustrate the implementation of the methods. The results show that all simple 

methods give unbiased treatment effect estimation, but with increased mean squared residual. 
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It also turns out that mean imputation and the missing-indicator method are most efficient 

under all covariate missingness scenarios and perform at least as well as MI and LM in each 

scenario. 

Chapter 4 compares different methods for handling missing data in randomized 

controlled trials (RCTs) with a continuous outcome, focusing on the case of joint missingness 

in the outcome and one or more covariates. For this case, it was not yet obvious in the 

literature how advanced missing data methods like the linear mixed model (LMM) and 

multiple imputation (MI) perform in comparison with simple methods with respect to the 

estimation of the treatment effect and its standard error (SE) for various realistic missingness 

mechanisms. This chapter therefore compares the performance of LMM and MI with simple 

alternative methods through a wide range of simulation scenarios for various plausible 

missingness mechanisms. This comparison is made with respect to five performance criteria, 

namely the bias of the treatment effect estimate, coverage of the 95% confidence interval 

(CI), mean squared error (MSE), false positive rate (FPR) and power. The results show that 

no missing data method is universally superior, but LMM followed by MI has a better 

performance under most missingness scenarios. Complete case analysis (CCA) performs 

similarly to these advanced methods only when the missingness rate is low (10%). More 

interestingly, a simple method that uses CCA for the outcome missingness combined with 

mean imputation (ME) for covariate missingness (CCAME) performs similarly to LMM and 

MI in most simulation scenarios. All methods are furthermore compared in an RCT on 

chronic obstructive pulmonary disease (COPD). 

In chapter 5, we compare the performance of various methods for handling missing 

data in cluster randomized trials (CRTs) with a baseline and post-test measurement of a 

quantitative outcome. We specifically consider the setting with missingness in both the pre- 

and post-test outcome for various plausible missingness scenarios, as this appeared to have 
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not been given much attention, if any at all, in the literature. The methods compared are 

based on the 3-level linear mixed effects model (LMM) with repeated measures nested in 

persons nested in clusters, and on its counterpart 2-level analysis of covariance (ANCOVA) 

with the baseline measurement as a covariate and allowing for a contextual effect. The LMM 

methods handle the missing values during the analysis by the direct likelihood method, 

whereas the ANCOVA methods do so prior to the analysis by leaving out cases or imputing 

missing values. The comparison is made through extensive simulation with respect to bias, 

coverage, false positive rate and power for the treatment effect. The results show that the best 

performing ANCOVA methods, which use complete-case analysis (CCA) for outcome 

missingness combined with mean imputation overall (ME) or per cluster (MEC) for covariate 

missingness, are generally superior to the LMM based methods as implemented in R, because 

they give smaller bias for SE’s of the treatment effect estimate, resulting in better coverage 

and false positive rate (FPR). All methods are furthermore compared in a CRT on mental 

health among primary school pupils. 

In chapter 6, we discuss the findings and conclusions of the investigations conducted 

in this thesis. The conclusions are given in terms of practical recommendations regarding the 

choice of methods to be used for appropriately handling missing data in RCTs and CRTs 

depending on the scenarios considered in this thesis. Furthermore, we highlight the 

limitations of this thesis and provide possible topics for future work. 
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Chapter 8 - Scientific and social impact of the thesis  

As explained in this thesis, randomized and cluster randomized trials are gold 

standard procedures for assessing the effectiveness of interventions (i.e. treatments) since 

randomized allocation of study participants to different treatment groups guarantees unbiased 

comparability between the treatment groups and, so, allows unbiased assessment of the 

effectiveness of treatments. RCTs are predominantly used, for example, in phase 3 

confirmatory clinical trials for evaluating the safety and effectiveness of drugs, biologic 

products, and some medical devices, which require the highest standard of scientific rigor 

(Little et al. 2012). CRTs are often encountered in public and mental health, and in family 

medicine, among others. When correctly designed, run and reported, RCTs and CRTs can 

produce an immediate beneficial impact on clinical practice and patient care, as well as 

inform policy decisions about them. However, missing data in such trials, if not treated 

appropriately in statistical analysis, can seriously compromise inferences from clinical trials. 

This may in turn mislead, for example, health practitioners or public health authorities in their 

decision making on the safety and effectiveness of an intervention (e.g. a drug or vaccine) 

that should be used as cure or prevention of certain diseases, which would badly affect 

individuals or public health safety (see e.g. Lagakos 2006; Little et al. 2012; Lurie and Levine 

2010; Molnar et al. 2009; Raboud et al. 1996). Therefore, the investigations conducted in the 

present thesis, and the findings and recommendations thereof, can help avoid or mitigate the 

risk of having invalid results and misleading information from statistical analysis of RCTs 

and CRTs with missing data, and thus positively impact the social wellbeing of individuals or 

the community at large. 

As a research with scientific impact, this thesis is a useful and practical guideline for 

researchers and practitioners primarily interested in statistical analysis of scientific clinical 
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trials about how to adequately deal with missing data in statistical analysis of RCTs and 

CRTs, in terms of bias and efficiency in treatment effect estimation. In this thesis, we raise 

awareness about the detrimental impact that not accounting for missingness in statistical 

analysis of RCTs and CRTs may have on statistical inferences from such trials, and then 

prescribe the statistical strategies that can be used to appropriately handle the missing data 

under various realistic missingness scenarios in RCTs and CRTs. This thesis contributes to 

the existing work on methods for handling missing data in RCTs and CRTs, as it mostly 

covers scenarios not yet covered in existing work and particularly emphasizes (unlike other 

work) the usefulness of simple missing data methods such as mean imputation and the 

missing-indicator method in the context of RCTs and CRTs with missing covariates, which 

(methods) are known to be inappropriate for handling missing data in the context of 

observational studies. See for example chapters 2 (published in “pharmaceutical statistics”) 

and 3 where these two methods were found to be performing at least as good as advanced 

methods such as multiple imputation (MI) and maximum likelihood (ML)-based methods in 

dealing with missing covariates in RCTs. Moreover, the findings of this thesis are mostly 

based on extensive, detailed and carefully designed simulation studies, as described in 

chapters 2-5. The present thesis will, therefore, also be useful for researchers and lecturers as 

didactic material about simulation studies in statistics.  This thesis is not exclusively aimed at 

statisticians or researchers with a strong technical background on statistical analysis, but also 

at researchers with a non-technical background, since we also explain in simple wording all 

technical expressions contained in this report, and the merits and demerits of each missing 

data method are considered. This methodology will thus hopefully contribute to the 

dissemination, understanding and correct use of statistical analyses of clinical trials with 

missing data amongst medical and health researchers. 
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In order to make accessible the findings of this thesis to the scientific community, 

chapter 2 has been published in an international scientific journal at the interface of statistics 

and pharmaceutical RCTs, chapter 3 is under review (after revision) and will hopefully be 

published soon in a similar journal, and chapters 4 and 5 have been submitted for publication. 

Moreover, chapter 2 has been presented in a webinar, and 3 and 4 have been presented at two 

international scientific conferences. The data and R-code that support the findings of this 

thesis are available from the author or supervisors upon request. 



204 

 

  

8.1 References 

Kaushal, S. (2014). Missing data in clinical trials: Pitfalls and remedies. International 

Journal of Applied and Basic Medical Research, 4(3), 6. 

Lagakos, S. W. (2006). Time-to-event analyses for long-term treatments-the APPROVe 

trial. New England Journal of Medicine, 355(2), 113. 

Little, R. J., D'Agostino, R., Cohen, M. L., Dickersin, K., Emerson, S. S., Farrar, J. T., ... & 

Stern, H. (2012). The prevention and treatment of missing data in clinical trials. New 

England Journal of Medicine, 367(14), 1355-1360.. 

Lurie, I., & Levine, S. Z. (2010). Meta-analysis of dropout rates in SSRIs versus placebo in 

randomized clinical trials of PTSD. The Journal of nervous and mental 

disease, 198(2), 116-124. 

Molnar, F. J., Man-Son-Hing, M., Hutton, B., & Fergusson, D. A. (2009). Have last-

observation-carried-forward analyses caused us to favour more toxic dementia 

therapies over less toxic alternatives? A systematic review. Open Medicine, 3(2), e31.  

Raboud, J. M., Montaner, J. S. G., Thorne, A., Singer, J., Schechter, M. T., & Canadian HIV 

Trials Network A002 Study Group. (1996). Impact of missing data due to dropouts on 

estimates of the treatment effect in a randomized trial of antiretroviral therapy for 

HIV-infected individuals. JAIDS Journal of Acquired Immune Deficiency 

Syndromes, 12(1), 46-55.  

 



205 

 

 

Online supplements to chapters 2-5 (available upon request) 
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Samenvatting in het Nederlands 

Omgaan met ontbrekende gegevens in gerandomiseerde en 

clustergerandomiseerde onderzoeken 
 

 De omgang met ontbrekende waarden (missing data, missing values) is een groot 

probleem in de analyse van gerandomiseerde experimenten (RCTs) en cluster 

gerandomiseerde experimenten (CRTs). Statistische analyse van RCTs en CRTS moet op een 

correcte wijze omgaan met ontbrekende waarden op straffe van vertekende en/of inefficiente 

(instabiele) resultaten (White & Thompson 2005; Kayembe et al. 2020). Voorts moet de 

analyse van CRTs rekening houden met de clustering in de data, op straffe van 

onderschatting van de steekproefvariantie van het bestudeerde behandelingseffect in de 

analyse, en van een te laag onderscheidend vermogen (“”power”) in de steekproefberekening, 

ook indien correct wordt omgegaan met ontbrekende waarden. In dit proefschrift vergelijken 

we statistische methoden om met ontbrekende waarden in RCTs en CRTs om te gaan, met 

betrekking tot de schatting van het behandelingseffect en van de standaardfout daarvan, en 

met betrekking tot daarvan afgeleide statistische criteria, in diverse scenario’s voor het 

patroon van ontbrekende waarden.  

In hoofdstuk 1 introduceren we de concepten RCT en CRT, beschrijven we het 

probleem van ontbrekende waarden, en leggen we uit waarom de statistische analyse daar 

correct mee moet omgaan.  Ook geven we een niet-technisch overzicht van statistische 

analysemodellen voor RCTs en CRTs, van de diverse mechanismen van ontbrekende 

waarden, en van diverse beschikbare methoden voor de omgang met ontbrekende waarden in 

de statistische analyse. Hoofdstuk 1 besluit met een schets van de inhoud van dit proefschrift.  
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In hoofdstuk 2 geven we eerst een overzicht van de literatuur over methoden voor 

ontbrekende waarden op een covariaat in gerandomiseerde studies, en vatten we samen wat er 

al gedaan is en wat er nog ontbreekt in de literatuur over dit thema. Daarna bestuderen we de 

situatie van een RCT met een continue uitkomstmaat en ontbrekende waarden op een 

dichotome covariaat, in een simulatiestudie waarin multiple imputatie wordt vergeleken met 

diverse eenvoudige methoden. Dit wordt vervolgens uitgebreid naar de situatie van een 

overlevingsduur als uitkomstmaat. De simulaties omvatten vijf scenarios voor ontbrekende 

waarden: missingness completely at random (MCAR),  missingness at random (MAR) 

waarbij het ontbreken van de covariaat slechts afhangt van de behandeling, en missingness 

not at random (MNAR) waarbij het ontbreken van de covariaat afhangt van de covariaat zelf 

(MNAR1), of van zowel covariaat als behandeling (MNAR2), of van covariaat, behandeling 

en hun interactie (MNAR3).  Hierbij maken we onderscheid tussen twee designs: (1) meting 

van de covariaat voor randomisatie (best practice), waarbij alleen MCAR en MNAR1 

plausibel zijn, en (2) meting van de covariaat na randomisatie doch voor behandeling (wat 

soms gebeurt in niet-farmaceutische experimenten), waarbij de andere drie mechanismen ook 

kunnen optreden. De analysemethoden worden vergeleken wat betreft de schatting van het 

behandelingseffect en de standaardfout daarvan. De resultaten zijn voor alle scenario’s min of 

meer hetzelfde, behalve voor MNAR3. Voorts is er bij continue uitkomstmaten in elk 

scenario minstens één eenvoudige methode die het even goed doet als multiple imputatie, 

terwijl voor overlevingsduren multiple imputatie het beste lijkt.  

In hoofdstuk 3 breiden we het probleem van ontbrekende waarden op een enkele 

covariaat in een RCT uit naar dat van ontbrekende waarden op meerdere covariaten. We 

vergelijken geavanceerde methoden, te weten multiple imputatie en maximum likehood 

schatting, met eenvoudige alternatieven in diverse scenario’s met een continue uitkomstmaat, 

met betrekking tot zuiverheid (“bias”) en efficientie van de schatting van het 
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behandelingseffect. Eerst leiden we de asymptotische relatieve efficientie van de eenvoudige 

methoden af onder MCAR missingness. Daarna voeren we een simulatiestudie uit voor niet-

MCAR scenario’s. Tot slot illustreren we de methoden op een RCT betreffende lage rugpijn. 

De resultaten tonen dat alle eenvoudige methoden het behandelingseffect zuiver schatten en 

dat “mean imputation” en de “missing indicator” methode het meest efficient zijn in alle 

beschouwde scenario’s en minstens zo goed presteren als multiple imputatie en maximum 

likelihood schatting.  

Hoofdstuk 4 vergelijkt diverse methoden voor ontbrekende waarden in RCTs met een 

continue uitkomst waarbij zowel op de uitkomstmaat als op een of meer covariaten 

ontbrekende waarden voorkomen. Voor dit scenario was uit de literatuur niet duidelijk hoe 

geavanceerde methoden, te weten multiple imputatie (MI) en het linear mixed model (LMM), 

presteren ten opzichte van eenvoudige methoden voor wat betreft de schatting van het 

behandelingseffect en de standaardfout daarvan bij diverse “missingness mechanisms”. De 

methoden worden vergeleken op vijf criteria, te weten zuiverheid (bias) van de 

effectschatting, dekking (coverage) van het 95% betrouwbaarheids-interval, gemiddelde 

gekwadrateerde schattingsfout (mean squared error), de kans op een vals positief testresultaat 

(false positive rate), en het onderscheidend vermogen van de toets (power). De resultaten 

tonen dat geen enkele analysemethode altijd de beste is, maar het LMM, gevolgd door MI, 

presteert het beste in de meeste scenario’s. “Complete cases” analyse (CCA) doet het 

ongeveer even goed indien het percentage ontbrekende waarden klein is (10%). Combinatie 

van CCA voor het ontbreken van de uitkomstmaat met “mean imputation” voor het ontbreken 

van een covariaat leidt tot ongeveer even goede resultaten als LMM en MI in de meeste 

scenario’s. Tot slot worden alle methoden vergeleken in een RCT betreffende COPD.  

In hoofdstuk 5 vergelijken we diverse methoden voor ontbrekende waarden op de 

voormeting en de nameting van een continue uitkomstmaat in een cluster randomized trial 
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(CRT). Specifiek vergelijken we diverse methoden op basis van een linear mixed model met 

drie niveau’s (herhaalde metingen in personen in clusters, LMM) met diverse methoden op 

basis van een mixed model met twee niveau’s (personen in clusters) waarbij de voormeting 

als covariaat wordt beschouwd (ANCOVA methoden). De LMM methoden lossen het 

ontbrekende waarden probleem op door zgn. “direct likelihood” schatting, terwijl de 

ANCOVA methoden personen met een ontbrekende waarde weglaten of de ontbrekende 

waarde imputeren. De methoden worden via simulatie vergeleken met betrekking tot 

zuiverheid van de effectschatting, dekking van het betrouwbaarheidsinterval, de kans op een 

vals positieve toetsuitslag, en het onderscheidend vermogen van de toets. De resultaten tonen 

dat de beste ANCOVA methoden, die CCA voor het ontbreken van de nameting combineren 

met “mean imputation” voor het ontbreken van de voormeting, beter presteren dan de LMM 

methoden zoals geimplementeerd in de R routine lme , in die zin dat ze de standaardfout van 

het behandelingseffect zuiverder schatten en daardoor een betere dekking en lagere kans op 

een vals positieve toetsuitslag geven. Alle methoden worden tot slot vergeleken in een CRT 

betreffende de geestelijke gezondheid onder leerlingen in het basisonderwijs.  

In hoofdstuk 6 bespreken we de resultaten en conclusies uit de studies in dit 

proefschrift. De conclusies worden gegeven in de vorm van practische aanbevelingen voor de 

keuze van analysemethoden voor ontbrekende waarden in RCTs en CRTs, een en ander 

afhankelijk van het scenario van ontbrekende waarden. We noemen ook de beperkingen van 

dit proefschrift, en mogelijke thema’s voor toekomstig onderzoek. 
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