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ABSTRACT

In cluster randomized trials (CRTs), groups of participants are randomized as opposed
to individual participants. This design is often chosen to minimize treatment arm con-
tamination or to enhance compliance among participants. In CRTs, we cannot assume
independence among individuals within the same cluster because of their similarity, which
leads to decreased statistical power compared to individually randomized trials. The in-
tracluster correlation coefficient (ICC) is crucial in the design and analysis of CRTs, and
measures the proportion of total variance due to clustering. Missing data is a common
problem in CRTs and should be accommodated with appropriate statistical techniques be-
cause they can compromise the advantages created by randomization and are a potential
source of bias. In three papers, I investigate statistical approaches for handling missing
data in CRTs.

In the first paper, I carry out a systematic review evaluating current practice of handling
missing data in CRTs. The results show high rates of missing data in the majority of CRTs,
yet handling of missing data remains suboptimal. Fourteen (16%) of the 86 reviewed trials
reported carrying out a sensitivity analysis for missing data. Despite suggestions to weaken
the missing data assumption from the primary analysis, only five of the trials weakened
the assumption. None of the trials reported using missing not at random (MNAR) mod-
els.

Due to the low proportion of CRTs reporting an appropriate sensitivity analysis for missing
data, the second paper aims to facilitate performing a sensitivity analysis for missing data
in CRTs by extending the pattern mixture approach for missing clustered data under the
MNAR assumption. I implement multilevel multiple imputation (MI) in order to account
for the hierarchical structure found in CRTs, and multiply imputed values by a sensitivity
parameter, k, to examine parameters of interest under different missing data assumptions.
The simulation results show that estimates of parameters of interest in CRTs can vary
widely under different missing data assumptions.

A high proportion of missing data can occur among CRTs because missing data can be
found at the individual level as well as the cluster level. In the third paper, I use a simu-
lation study to compare missing data strategies to handle missing cluster level covariates,
including the linear mixed effects model, single imputation, single level MI ignoring cluster-
ing, MI incorporating clusters as fixed effects, and MI at the cluster level using aggregated
data. The results show that when the ICC is small (ICC ≤ 0.1) and the proportion of
missing data is low (≤ 25%), the mixed model generates unbiased estimates of regression
coefficients and ICC. When the ICC is higher (ICC > 0.1), MI at the cluster level using
aggregated data performs well for missing cluster level covariates, though caution should
be taken if the percentage of missing data is high.
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The outline for this dissertation is as follows. Section 1 presents an in-depth background
regarding CRTs, missing data, and pattern mixture models. Section 2 describes the first
paper entitled “Statistical analysis and handling of missing data in cluster randomized
trials”. Section 3 describes the second paper, “A pattern-mixture model approach for han-
dling missing outcome data in longitudinal cluster randomized trials”. Section 4 describes
the third paper entitled, “Comparison of strategies to impute missing cluster level covari-
ates: a simulation study”. Section 5 provides an overall summary and plans for future
work. The manuscripts for each paper and their corresponding supplementary files are
included as appendices for reference.
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1 REVIEW OF THE LITERATURE

1.1 Cluster randomized trials

Cluster randomized trials (CRTs), which randomly allocate groups of individuals to treat-
ment arms rather than the individuals themselves, are becoming increasingly popular in
health research [1]. This design is known to be more appropriate for family-based nutrition
interventions, school-based smoking prevention interventions, or interventions aimed at im-
proving obstetric care in hospitals. Cluster-level allocation is often adopted to minimize
treatment group contamination, enhance participant compliance, or reduce cost compared
to individual randomized trials. Allocation at the group level may also be desirable if
individual randomization is unsuitable, unethical, or not feasible [2, 3, 4, 5].

1.1.1 Statistical implications for cluster randomized trials

Cluster level allocation generates several issues for design and statistical analysis. Patients
cannot be assumed to be independent because of the similarity among patients within
the same cluster, which leads to a reduction of statistical power compared to individual
randomized trials. The intracluster correlation coefficient (ICC) is the statistical measure
of this cluster dependence, and is defined as the proportion of total variance due to between-
cluster variation. The ICC ranges from 0-1 with 0 indicating responses within a cluster are
independent, and 1 indicating responses within a cluster are all the same. The coefficient
of variation (CV) is an alternate measure of between-cluster variability, and is defined by
the ratio of the standard deviation of cluster sizes to the mean cluster size [4].

When calculating an appropriate sample size for CRTs, decisions must be made for both
the number of clusters as well as the number of individuals per cluster. The number of
clusters is more important since clusters are the unit of analysis. CRTs with a small number
of clusters should be avoided because it may lead to issues in the performance of statistical
methods, sample size estimation, and balance of cluster characteristics across treatment
arms [6]. For the number of individuals per cluster, a rule of thumb given by Donner
and Klar [7] is that power does not substantially increase once the number of individuals
per cluster is larger than 1/ρ. For example, if the expected ICC for a CRT was 0.02, the
number of individuals per cluster does not need to exceed 1/0.02 = 50.

Suppose some variable y was measured on n individuals divided into k clusters. Given
each cluster contains m = n/k observations, one can compensate for the cluster design in
sample size calculations by multiplying the sample size by a variance inflation factor (also
known as the design effect), 1 + (m − 1)ICC, so that the sample size is increased to have
the same statistical power as an individual design [8]. This shows that even a small ICC
with a large number of observations per cluster can lead to underestimated standard errors.
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Furthermore, the ICC is independent of the number of observations per cluster. For these
reasons, there is more power with a larger number of clusters with fewer observations per
cluster than having a few clusters with many observations per cluster, regardless of the
ICC [9].

Failing to account for clustering in statistical analysis can lead to falsely low p-values,
narrow confidence intervals, and an increased risk of obtaining significant results when
there is none, leaving researchers to believe the intervention is more effective than it really
is [1, 10] Thus, standard statistical methods are no longer appropriate since the analysis
of CRTs need to take into account clusters. Two standard approaches to analyze CRTs
include analysis at the cluster level and analysis at the individual level.

1.1.2 Analysis at the cluster level

Cluster level analysis involves reducing all observations within a cluster to a single summary
measure, such as a cluster mean or proportion. Standard statistical tests (e.g. t-tests, linear
regression models) can then be performed since each data point can now be considered
independent [1]. If cluster sizes are not equal, weighting by cluster size for analysis may
be desirable, but can lead to reduced power. Inverse variance weighting was proposed
to overcome such problems and has been shown to give a more precise estimate for the
grand mean [11]. Even though cluster level analysis solves the problem of dependent data,
reducing observations to single summary statistics leads to a reduction in sample size and
as a result, statistical power.

1.1.3 Analysis at the individual level

Modeling techniques incorporating individual-level covariates in cluster level analysis, such
as generalized linear mixed models (GLMM) and generalized estimating equations (GEE),
have also been developed [12, 13]. Mixed models are one way to accommodate non-
independent data by modeling, or at least taking into account the covariance structure of
the data. GEE and random effects logistic regression are two commonly used individual-
level analysis methods for estimating the population average and cluster specific interven-
tion effects, respectively, for CRTs with binary outcomes. Random-effects models incorpo-
rate cluster-specific random effects into the regression model and assume that the random
effects follows a normal distribution [14]. GEE is an extension of generalized linear models
to a regression setting with correlated observations. GEE treats the covariance structure
as a nuisance variable and is not concerned about the variance of the data [12]. A draw-
back of the GEE approach is that statistical inference is only valid with a large number of
clusters.
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These approaches explicitly involve intracluster correlations in the modeling process, which
creates a more realistic model of the clustered data. An advantage of these types of models
is the ability to control for confounding and reduce bias. However, drawbacks of this
approach are that they are more computationally intensive and require a higher sample
size of relatively large clusters [2, 8, 15].

1.1.4 Reporting CRTs

Many journals require clinical trials to adhere to the Consolidated Standards of Reporting
Trials (CONSORT) statement. The CONSORT statement provides guidelines of items to
include in the published report for transparency of methods and results. An extension of
the CONSORT statement was developed specifically for CRTs in order to improve conduct
and reporting of CRTs. Some items to report in CRTs include the reasons for using a
cluster design, how the clustering effect was incorporated into the sample size calculations
and analysis, as well as a flow diagram containing the number of clusters and individuals
included from randomization to analysis [16].

1.2 Missing data

1.2.1 Implications of missing data

Missing data are common in clinical trials and should be accommodated with appropriate
statistical techniques, as they lead to a reduction of power, compromise the advantages
created by randomization, and are a potential source of bias. Bias comes from an un-
accounted association between the indicator of missing values and the outcome, which
cannot be addressed by simply increasing the sample size [17]. In practice, there will
almost always be some missing data. Recent reviews of missing data in individual random-
ized clinical trials have found that the majority have some sort of missing outcome data
[18, 19, 20, 21, 22].

1.2.2 How much missing data is acceptable?

There are no set guidelines on how much missing data is reasonable for a clinical trial, since
the issue of bias in the treatment effect depends on the missingness mechanism and missing
data strategy [23]. Studies with less than 5% missing data will have negligible impact on
bias of the treatment effect and power. Schulz and Grimes suggest that missing data greater
than 20% is a cause for concern about the validity of the study [24]. Fairclough suggests
that drawing inference from studies with 30-50% will be limited. Problems of missing data
between 10-20% will depend on the subject matter of the trial [25].
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1.2.3 Missing data mechanisms

Missing data mechanisms describe the relationships between the probability of missingness
and the observed and unobserved data. They are crucial when choosing an appropriate ap-
proach to handle missing data, and have been broadly categorized into the following three
classes [26]. Data are considered to be missing completely at random (MCAR) if missing-
ness is independent of observed outcomes and covariates. For example, observations may
be missing due to equipment failure or because a patient missed a visit due to an unrelated
reason to the illness or intervention (e.g. car broke down). However, MCAR is a strong
assumption and is not likely in most clinical trials. There is usually an association between
the probability of patient withdrawal and the intervention or baseline measurements prior
to withdrawal. A more reasonable assumption is missing at random (MAR), which requires
that missingness is independent of the pattern of missing values after conditioning on fully
observed values. Lastly, data are missing not at random (MNAR) when the probability
of missingness depends on the missing value even after conditioning on the observed data
[26].

1.3 Missing data methods in cluster randomized trials

Commonly used methods for handling missing data in CRTs include complete case analysis,
single imputation, multiple imputation, and model based approaches.

1.3.1 Complete case

The most common approach for handling missing outcome data is a complete case analysis,
which excludes participants with missing data. This method loses precision since informa-
tion is deleted, and can yield biased estimation if missingness is not independent of the
outcome given covariates [27].

1.3.2 Single imputation

Single imputation strategies fill in missing data with a single value. Last observation
carried forward (LOCF) is a popular approach in longitudinal studies despite many statis-
ticians strongly advising against the use of this method [17, 28, 29]. LOCF also makes
unlikely assumptions about an individual’s trajectory and can lead to either under- or
over-estimation of treatment effects [28]. Best or worst case methods impute missing data
with the best or worst case value, respectively. For CRTs, mean imputation can involve
using all data integrated across clusters in each treatment arm or using data from each
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cluster (within-cluster imputation) [30]. Regression imputation should account for mul-
tilevel data in CRTs. Issues with single imputation include underestimated variance and
potentially biased inferences if the underlying assumption is invalid [17]. Under MCAR,
Taljaard et al. showed that cluster mean imputation yields valid inferences for CRTs with
large cluster sizes and individual level missing data only [30]. Nevertheless, issues with
single imputation include underestimated variance and potentially biased inferences if the
underlying assumption is invalid [17].

1.3.3 Multiple imputation

Under the MAR assumption, multiple imputation (MI) takes into account uncertainty
by replacing each missing value with a set of possible values to create multiple imputed
datasets. These datasets are then analyzed using standard statistical procedures for com-
plete data and combined for inference using specified algorithms, which account for both
sampling uncertainty as well as model uncertainty. However, single level MI ignores the
hierarchical data structure of CRTs. Taljaard et al. [30] investigated MI strategies in the
context of CRTs, and found that ignoring clusters in MI only yields acceptable Type I
error rates if the ICC is small (ICC < 0.005). However, if ICC is larger, ignoring clusters
may result in severe inflation of Type I error.

Multilevel MI incorporates clustering of CRTs into the imputation process via the Gibbs
sampler [31]. A further discussion of multilevel MI is detailed in the next Section 6.2.4.
Additional approaches to incorporate clustering in MI have been recently considered by
some researchers. Andridge [32] investigated MI strategies accounting for clusters with
respect to missing continuous outcomes under MCAR, and showed that MI accounting for
clusters using random-effects is more appropriate than incorporating clusters using fixed-
effects. For CRTs with missing binary outcomes under MCAR, Ma et al. showed that
within-cluster and across-cluster MI approaches yield valid results when the percentage of
missing data is higher [33, 34]. Within-cluster MI involves carrying out MI separately for
each cluster. Across-cluster MI techniques involves random-effects logistic regression, and
includes a dummy variable for each cluster in the MI model [33].

1.3.4 Model based methods for MCAR and MAR

There are some statistical approaches to deal with missing data that do not use formal
imputation techniques. Likelihood based mixed models are valid for MAR data if the
model is specified correctly, while un-weighted GEE are valid under MCAR if there are a
large number of clusters [35, 15]. In order to make a valid complete case analysis under the
MAR assumption, inverse probability weighting (IPW) weights complete cases with the
inverse of their probability of being observed [36]. Patients with a small chance of being
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observed are assigned increased weight in order to compensate for those similar patients
who are missing [37]. Although IPW is relatively simple to perform with monotone missing
data, it is prone to large weights, causing unstable estimates and high variance [17].

1.4 Sensitivity analysis

A sensitivity analysis in CRTs evaluates whether overall conclusions are influenced by
different assumptions and variations, such as different analysis approaches, outcome def-
initions, and outliers. A sensitivity analysis for missing data evaluates the robustness of
inferences from alternative assumptions about the missing data mechanism. The sensitivity
analysis for missing data should be pre-specified in the trial protocol, and should include
all individuals randomized. The primary analysis should be performed under the most
plausible assumption, such as MAR, with a sensitivity analysis examining results based
on departures from this assumption [38]. A sensitivity analysis for missing data should be
performed in trials expecting a larger amount of missing data [17]. A systematic review on
missing data in CRTs found the median percentage of individuals with missing outcome
data to be 19%, which shows that most CRTs should be performing a sensitivity analysis
for missing data [39].

It has been suggested that researchers weaken the missing data assumption from the pri-
mary analysis [17]. In particular, researchers should carry out the primary analysis under
MAR and sensitivity analysis under MNAR, as it is not possible to distinguish between
MAR and MNAR data since the data are missing by definition. If results do not substan-
tially change under departures from MAR, then the analysis is said to be robust.

1.5 Pattern mixture models

As a result of MNAR, prediction of observations for those who drop out cannot be reliably
predicted using observed data prior to dropping out since the distribution differs between
observed and missing values [17]. Two main approaches that have been proposed to handle
longitudinal MNAR data include selection models [40] and pattern mixture models (PMMs)
[41, 42], which differ in the way the joint-distribution of the outcome and missing data
process are factorized. Selection models specify the joint distribution through the marginal
distribution of the measurements and the conditional distribution of the missing data given
the measurements. However, selection models are highly sensitive to specification of the
measurement and dropout model, and require strong assumptions to describe the potential
dropout patterns, which have lead to PMMs receiving increased attention [43, 44].

PMMs specify the joint distribution through the marginal distribution of the missing data
and the conditional distribution of the measurements given missing data. Originally, PMMs
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were proposed by Little for repeated measures with dropouts where the MAR assumption
is too strong [41]. Individuals are grouped into dropout patterns based on time of drop out.
PMMs explicitly model missing data distributions by first identifying different dropout pat-
terns then including parameters in the outcomes model. Those who drop out are assumed
to have a different clinical outcome than the observed outcomes of those who remain in the
trial. Implicitly, it is assumed that each pattern has its own missing data process. More
detail on PMMs is provided in Section 6.

1.5.1 Under-identification

PMMs are under-identified because some parameters cannot be directly estimated from the
available data, as they do not provide enough information to derive the distribution of the
unobserved responses. Additional assumptions must be made to estimate all parameters
in each dropout pattern.

There are several techniques that have been proposed to deal with under-identification [45].
For example, Little proposed identifying restrictions, which link the inestimable parame-
ters to parameters of the observed data model [41, 42, 44]. For monotone dropout, Little
(1993) proposed three strategies to identify unknown parameters: complete case miss-
ing value (CCMV), neighboring case missing value (NCMV), and available case missing
value (ACMV) [41]. CCMV uses data from the completers to impute missing observations
in other patterns. In the case that borrowing information from completers is not sensi-
ble, it may be beneficial to borrow from other or all possible patterns. NCMV imputes
missing observations by using data from the next identified pattern up. As opposed to
previous identifying restrictions, which borrow information from only one pattern, ACMV
imputes missing observations by using available data from subjects in higher identified
patterns.

In a longitudinal trial with several time points, the large number of dropout patterns
can be collapsed for simplification. The advantage to this strategy is that the number
of parameters decrease[46]. Although this method is simple, there are strong untestable
assumptions being made when grouping dropout patterns.

1.5.2 Advantages & disadvantages

PMMs are appealing since it is natural to assume responders and non-responders have
different outcome distributions. These models are clear regarding imputation of missing
values because within-pattern models specify the predictive distribution directly. Addi-
tionally, PMMs are relatively straightforward regarding model checking for the observed
data distribution and have clear interpretation of sensitivity parameters.
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However, computation and weighted average patterns for models of large numbers of re-
peated measures can become complex without simplifying assumptions. PMMs can also
be computationally difficult for estimating treatment effects because they require an av-
erage over missing data patterns. Furthermore, including auxiliary information requires
additional modeling [17].

1.5.3 Extensions

Daniels and Hogan provide a detailed example analyzing both continuous and categorical
data using PMMs. They fit the models under MAR and expanded to represent departures
from MAR [47]. Other extensions involve strategies to deal with both monotone [48] and
non-monotone missingness [49]. PMMs have been applied to a wide range of fields including
health-related quality of life settings [50] as well as missing data surveys [51].
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2 STATISTICAL ANALYSIS AND HANDLING OF MISS-
ING DATA IN CLUSTER RANDOMIZED TRIALS: A
SYSTEMATIC REVIEW

2.1 Introduction

Two potential pitfalls with respect to CRTs are handling missing data and not accounting
for clustering in the primary analysis. Missing data decreases power and precision, and
can lead to bias by compromising randomization. For example, treatment arm imbalance
with respect to missing data is likely to introduce bias when the outcome is related to
the reason for patient withdrawal. Even if missing outcome data are balanced across
treatment arms, differing reasons for the missing outcome can cause bias [17]. Reviews
of individually randomized controlled trials have discovered that most trials have some
missing outcome data [19, 22]. Few reports have discussed missing data in CRTs, despite
its high likelihood and the recognition that it poses a serious threat to research validity, as
discussed by the National Research Council and the Patient Centered Outcomes Research
Institute [17].

The second difficulty regarding CRTs is accounting for clustering in the primary analysis.
Ignoring clustering can lead to confidence intervals that are too narrow and increased type I
error rates[10, 1]. In order to account for clustering, analysis can be performed at the cluster
level or at the individual level. Cluster level analysis reduces observations within a cluster
to an aggregate value, and then analyzes each independent data point [1, 8]. Analyses
at the individual level using general linear models (GLMs) account for non-independent
observations within clusters through robust standard errors or adjust using the design
effect, an inflation factor used to achieve the same power of an individually randomized
trial [52]. Modeling techniques such as generalized estimating equations (GEE) [53] and
mixed models [13] explicitly involve intracluster correlation in the modeling process, which
enables a more realistic model of the clustered data [13, 12]. Although these models can
reduce bias by controlling for confounding at the individual level, they require a higher
sample size of a large number of clusters [2, 15, 8].

There have been several reviews on methodological aspects of CRTs (see for example,
Simpson et al. [54] and Campbell et al. [16], and references therein). Diaz-Ordaz et
al. [55] reviewed imputation methods used to handle missing data in CRTs, but did not
distinguish whether a complete case analysis, GEE or mixed model was used to handle
missing data in the primary analysis, as these approaches provide valid estimates under
differing missing data assumptions. Thus, our objective was to provide a comprehensive
review of how missing data are being dealt with in CRTs. The primary aims of our review
were to:
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1. Identify the proportion of CRTs with missing data at the cluster and individual level

2. Examine the analytical approaches for the primary analysis to find out:

(a) whether missing data was accommodated

(b) whether clustering was accounted for

3. Identify the proportion of CRTs reporting a sensitivity analysis for missing data

Secondary aims included assessing techniques for achieving balance in CRTs (stratification,
matching, or minimization), differences between observed and expected attrition rates and
intracluster correlation.

2.2 Methods

This study was a systematic review of a sample of CRTs published between August 2013
and July 2014. Our methodological strategy was based on guidelines from the Preferred
Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) statement (See
Additional file 1 for compliance details) [56]. We have reported a detailed protocol for this
study elsewhere [57].

2.2.1 Eligibility criteria

Eligible studies were restricted to CRTs published in English between August 2013 and
July 2014. We included all types of CRTs with human participants, including stepped
wedge trials that were reported in the databases listed below [58, 59]. We excluded trial
protocols, non- or quasi-experimental designs, secondary trial reports, cost-effectiveness
reports and studies where no individual level data were collected. We also excluded trials
where the primary outcome was survival, as time-to-event analyses handle censored data
differently than other types of data.

2.2.2 Literature search and study selection

Two authors electronically searched for studies found in PubMed, Web of Science (all
databases), and PsycINFO. Titles and abstracts were searched containing the terms clus-
ter randomized [randomised], cluster and trial, community trial, community randomized
[randomised], or group randomized [randomised]. Two independent reviewers screened ti-
tles and abstracts, removed duplicates and screened full texts. The reviewers extracted
data from each trial using a standardized, pilot tested form.
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2.2.3 Analysis

We defined the number of clusters (and participants) in each trial as the number of clusters
(and participants) at randomization. We computed the average number of participants per
cluster by dividing the number of participants by the number of clusters. We evaluated the
degree of missing data and method(s) for handling missing data in the primary analysis
for each trial. When multiple primary outcomes were reported, we used the first outcome
listed in the methods section. For primary outcomes measured repeatedly, we used the
final follow-up time point to calculate the missing proportion, unless a different time point
was specified for the primary analysis.

The proportion of clusters with a missing outcome was calculated as the number of entire
clusters with a missing outcome (generally due to the entire cluster dropping out) divided by
the number of clusters randomized. A similar calculation was carried out for the proportion
of participants with a missing outcome. Of those who reported some missing data, we
identified the statistical methods used to handle missing data, classified into the following
categories: complete case, single imputation (such as worst case or LOCF), MI (single level
or multilevel), GEE, mixed model or IPW.

We computed the number of trials that reported performing a sensitivity analysis and
determined the method(s) used to deal with missing data in any sensitivity analysis. We
quantified the number of trials that weakened the missingness assumption of their primary
analysis to perform their sensitivity analysis as suggested by the Panel on Handling Missing
Data in Clinical Trials [17].

For each trial, we calculated the proportion of CRTs performing an individual level or
cluster level analysis and whether the analysis accounted for clustering. Individual level
analyses were categorized into the following groups: basic inferential test (such as t-test or
chi-square)/GLM (such as linear or logistic regression), GEE or mixed model. We recorded
whether trials accounted for clustering in sample size calculations, and compared observed
and expected ICCs (or CVs) with the mean absolute difference. If a range was reported
for the ICC (or CV), we used the upper bound.

2.3 Results

Table 1 presents the general characteristics of the included trials. In total, the median
number of clusters randomized was 24, with a range of 2 1,552. The median number of in-
dividuals included was 688, with a range of 49 117,100. The average number of individuals
per cluster ranged from 1 1,105. Of the 65 trials that collected the outcome repeatedly,
36 (55%) used all of the information in the primary analysis by treating the outcome as
a repeated measurement, while 29 (45%) were analyzed at a single time point. Forty-four



22

(51%) trials used balance techniques to ensure balance after randomization.

Table 1: General characteristics of the 86 randomly selected cluster randomized trials
published August 2013 - July 2014

N (%)

Stepped wedge 4 (5)

Pilot/feasibility 4 (5)

Type of outcome

Quantitative 41 (48)

Binary 37 (43)

Count 8 (9)

How often outcome was collected

Single 21 (24)

Repeated 65 (76)

How outcome was treated in the primary analysis

Single 50 (58)

Repeated 36 (42)

Balance methods used in randomization

Stratification 27 (31)1

Matching 14 (16)

Minimization 3 (3)

None 42 (49)

Presented sample size calculation 60 (70)
1 One trial also used matching and another trial also used minimization.
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2.3.1 Description and handling of missing data

Twenty-seven (31%) trials reported having whole clusters missing in the primary analysis
(Table 2). Of these, the median amount of clusters missing was 7%, with a range of 0.8 -
51%. See Figure 2 in Appendix B for the histogram displaying the proportions of included
individuals with missing outcomes. Eighty (93%) trials reported having some missing data
at the individual level. Of these trials, the median amount of missing individual level data
was 19%, with a range of 0.5 - 90%.

Table 2: Proportion of clusters with missing outcome at the primary analysis among the
86 trials included in the review

N (%)

None 59 (69)

< 10% 14 (16)

> 10% 10 (12)

Unclear 3 (3)

The most common approach for handling missing data in the primary analysis was a
complete case analysis (44, 55%) (Table 3). Eighteen (22%) trials used mixed models, 6
(8%) carried out single imputation methods, 4 (5%) trials used un-weighted GEE, 2 (2%)
trials performed MI, although neither used multilevel methods.

Sixty (70%) trials presented a sample size calculation, of which 28 (47%) accounted for
missing data via sample size inflation. Twenty-six of these trials accounted for missing
data at the individual level. Two trials also accounted for missing data at the cluster level
by including extra clusters in each trial arm. Two trials mentioned sample size inflation,
but were unclear if they accounted for missing data at the cluster or individual level.

2.3.2 Sensitivity analysis for missing data

Fourteen (16%) trials reported a sensitivity analysis for missing data (Table 4). Of these,
five (36%) used MI (none of which used multilevel strategies), four (29%) used single
imputation, three (21%) used a complete case analysis, one (7%) used a mixed model,
and one (7%) used a mixed model with IPW. Only five trials weakened the missingness
assumption of the primary analysis to carry out their sensitivity analysis, by assuming
MCAR in the primary analysis and MAR in the sensitivity analysis.
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Table 3: Handling of missing data in primary analysis among the 80 trials who reported
missing outcome data

Methods < 10% missing > 10% missing Unclear Total
N = 14 N = 58 N = 8 N = 80

Complete case 10 31 3 44 (55)

Single imputation

Worst-case 1 2 0 3 (4)

LOCF 0 2 0 2 (2)

Baseline observation carried forward 0 1 0 1 (1)

Multiple imputation 0 2 0 2 (2)

GEE (un-weighted) 3 0 1 4 (5)

Mixed model/hierarchical/multilevel 0 17 1 18 (22)

Other1 0 0 1 1 (1)

Unclear 0 3 2 5 (6)
Abbreviations: LOCF, last observation carried forward; GEE, generalized estimating equa-
tion.
1 One trial excluded participants who dropped out or had no baseline value; for those who
participated at both time points, LOCF was carried out for a missing primary outcome.

Table 4: Methods for handling missing data in sensitivity analysis in 14 trials

Sensitivity Method Primary Analysis N Total N (%)

Complete case MI 2 3 (21)
Mixed model 1

Single imputation Complete case 1 4 (29)
Single imputation 1
Mixed model 2

MI Complete case 3 5 (36)
Mixed model 1
Unclear 1

Mixed model Complete case 1 1 (7)

Mixed model with IPW Complete case 1 1 (7)
Abbreviations: MI, multiple imputation; IPW, inverse probability weighting.
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2.3.3 Accounting for clustering in the primary analysis

The overwhelming majority of trials carried out an individual level analysis as the primary
analysis (83, 97%). Mixed models were the most popular primary analysis used for CRTs
(45, 52%). Forty-three (96%) of these trials accounted for clustering by adding cluster as
a random effect. Of the 22 (26%) trials performing an individual level basic inferential
test or GLM, seven accounted for clustering via robust standard errors or design effect
adjustment. Fourteen (16%) trials used GEE, with all of them accounting for clustering by
using an exchangeable correlation structure. Of these, one reported estimating standard
errors of parameters using the jack-knife method because the number of clusters was small
(Table 5) [60]. Four (5%) trials carried out a basic inferential test or GLM at the cluster
level. Overall, 68 (79%) trials accounted for clustering in the primary analysis.

Table 5: Primary analysis in 86 cluster randomized trials

Accounted for clustering1 Total

Primary Analysis Yes No
N (%) N (%) N (%)

Individual level:

Basic inferential test/GLM 7 (32) 15 (68) 22 (26)

GEE 14 (100) 0 (0) 14 (16)

Mixed model 43 (96) 2 (4)2 45 (52)

Other3 0 (0) 1 (100) 1 (1)

Cluster level:

Basic inferential test/GLM 4 (100) 0 (0) 4 (5)
Abbreviations: GLM, generalized linear model; GEE, generalized estimating equation.
1 Denominator is the total number of trials performing respective primary analysis
2 One trial was unclear
3 Trial used a descriptive analysis as primary analysis

2.4 Discussion

We performed a systematic review to assess how missing outcome data are being handled
in CRTs. Of the 86 included CRTs, most reported some missing outcome data in the
primary analysis. Among those that reported missing data, the median proportion of
individuals with a missing outcome at the primary analysis was 19%. Sixteen percent of
trials carried out a sensitivity analysis for missing data, with all of them reporting more
than 10% missing data. Only a third of these trials weakened the missingness assumption
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from the primary analysis.

Observed missing data rates generally exceeded expected rates, which means that re-
searchers are not accounting enough for attrition in sample size calculations or adequately
following up on participants. Furthermore, only about half (55%) of the trials with repeated
measurements used all of the outcome data in the primary analysis. Reducing repeated
data to a single time point often generates a strong MCAR assumption and may reduce
power. Even if the primary outcome of interest is at a particular time point, previous
literature has shown that utilizing all of the information collected can minimize bias due
to missing data [61].

In comparison to Diaz-Ordaz et al.s [55] review, we found a higher proportion of trials
reporting missing data at the cluster (28% vs. 18%) and individual levels (93% vs. 48%).
This may be due to differences in definitions of missing data or because Diaz-Ordaz was
not able to verify the amount of missing data in 31% of trials. We observed a similar me-
dian cluster attrition rate (7% vs. 10%) and a slightly higher median individual attrition
rate (19% vs. 13%). Of the 95 trials with missing data, Diaz-Ordaz et al. found 66%
of trials reporting a complete case analysis , GEE or likelihood-based hierarchical/mixed
model, while 18% used single imputation, and 6% used MI. Lastly, we found a slightly
higher proportion of trials reporting a sensitivity analysis for missing data (16% vs. 11%).
Compared to Bell et al.s [22] review of 77 individually randomized controlled trials from
2013, we found a similar proportion of trials reporting missing data (93% vs. 95%). How-
ever, CRTs were subject to higher individual level missing data rates (median 19%, up
to 90%) compared to individually randomized trials (median 9%, up to 70%). Compared
to the individually randomized trials, we found a higher proportion using complete case
analysis (55% vs. 45%) and mixed models (22% vs. 15%). Furthermore, we found a similar
proportion using GEE (4% vs. 5%) and a lower proportion using single imputation (8%
vs. 27%) and MI (2% vs. 8%)

More sophisticated methods are being used. Compared to a review conducted by Simpson
et al. [54] of 21 CRTs from 1990-1993, the proportion of trials that took clustering into
account in the primary analysis increased over time (57% to 78%). Compared to Scott et
al.s [62] review of 150 individually randomized trials in 2001 we found a higher percentage
of CRTs using stratification (31% vs. 13%) and a similar percentage using minimization
(3% vs. 4%) compared to individually randomized trials.

Our study has several strengths. Eligible studies were all CRT designs including stepped
wedge and feasibility studies. In order to minimize the potential for bias during the review
process, we had pre-specified search, study selection, and data collection strategies, all
of which were carried out by two independent reviewers. We did not limit our sample
space to journals with a high impact factor, thereby increasing generalizability. Three
independent reviewers performed pilot testing on several trials to create a standardized data
collection template. Our study has limitations as well. For example, we only chose CRTs
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published in English, which may result in selection bias. It was difficult to identify all CRTs
because many do not include cluster as a term in the title or abstract. However, our search
strategy included other frequently used terms for cluster randomization such as community
randomized and group randomized. Furthermore, we may have underestimated the amount
of missing data because we used the CONSORT flow diagram, which may primarily report
outcome sample size only. It is possible that missing covariates in regression models resulted
in additional missing data and actual smaller sample sizes. Although some trials adjusted
for additional covariates beyond balance variables, nearly all were baseline covariates such
as age and gender.

In conclusion, missing data are present in the majority of CRTs, yet handling missing data
in practice remains suboptimal. Appropriate methods to handle missing clustered data,
particularly under the MAR assumption, should be made more accessible by methodological
statisticians. Moreover, researchers and applied statisticians should keep up-to-date with
such methods in order to increase statistical power in trials and reduce the potential for
bias. Thus, we present the following recommendations for CRTs: (1) Attempt to follow
up on all randomized clusters and individuals in order to limit the extent of missing data;
(2) Perform a primary analysis that is valid under a plausible missingness assumption and
that uses all observed data; (3) Perform sensitivity analyses that weaken the missing data
assumption to explore the impact of departures made in the primary analysis; (4) Follow
the CONSORT extension for cluster trials statement to ensure comprehensive reporting
and transparency of methods [17, 38].
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3 A PATTERN-MIXTUREMODEL APPROACH FORHAN-
DLING MISSING OUTCOME DATA IN LONGITUDI-
NAL CLUSTER RANDOMIZED TRIALS

3.1 Introduction

When data are MNAR, observations for those who drop out cannot be reliably predicted
using observed data since the distribution differs between observed and missing observations
[17]. For this reason, modeling dropout might be necessary in order to obtain correct
inferences [43]. The likelihood of missingness in CRTs can depend on both cluster and
individual level features, both of which can be used to recover information for missing
data. We focus our attention on monotone missing data at the individual level, in which
individuals are observed until they drop out and their data from that time point until the
end of the study is unobserved.

A sensitivity analysis for missing data is important in CRTs, as it evaluates the robustness
of results based on differing missing data assumptions. Despite recommendations to weaken
the missing data assumption from the primary analysis [17], a recent review evaluating
handling of missing data in CRTs [39] found that 14 (16%) of the 86 reviewed trials reported
performing a sensitivity analysis for missing data, with only five of them weakening the
missingness assumption from the primary analysis. Three used multiple imputation, which
takes into account uncertainty by replacing missing values with a set of possible values,
and two used a likelihood based mixed model. Both methods are valid (produces unbiased
estimates) under the MAR assumption. None of the trials included in the systematic review
reported using MNAR models. Although strategies to deal with missing data in CRTs have
been considered by some [30, 32, 33, 34], none have developed methods to handle MNAR
data. For this reason, we present a pattern mixture approach to handle MNAR data within
the context of CRTs.

When analyzing MNAR data, the joint-distribution of the outcome and missing data pro-
cess is of interest. Pattern mixture models (PMMs) factorize the joint distribution through
the marginal distribution of the missing data and the conditional distribution of the mea-
surements given missing data. Individuals are grouped based on time of dropout. For
example, in the simplest CRT scenario of two time points (baseline and follow-up) and as-
suming all individuals were measured at baseline, there are two possible dropout patterns:
(1) responders - individuals who were measured at both baseline and follow-up, and (2)
non-responders - individuals who were measured at baseline, but not at follow-up. The in-
dividuals who drop out are assumed to have a different clinical outcome than the observed
outcomes of those who remain in the trial. PMMs are more easily understandable to applied
researchers and clinicians working on clinical trials because the observed data distribution
and prediction distribution of missing data are explicitly separated [17, 40].
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A critical issue of PMMs is that they are under-identified, which means that some parame-
ters cannot be directly estimated because the non-responder dropout group does not have
enough information to derive the distribution of the unobserved responses. Additional as-
sumptions must be made to estimate all parameters in the non-responder dropout pattern.
Nevertheless, some have argued that the under-identification issue is a benefit because it
forces the researcher to think about the assumptions being made about the data [43, 44].
One approach to overcome under-identification is to incorporate multiple imputation (MI),
which takes uncertainty into account by imputing each missing value with a set of possi-
ble values under the MAR assumption. We approach the under-identification problem of
PMMs in the CRT context by applying multilevel MI, which accounts for the clustered
structure and estimates appropriate standard errors [31]. We multiply MAR imputed val-
ues of the non-responders by a sensitivity parameter k to create MNAR imputed values in
order to evaluate results under differing missing data assumptions.

3.2 Methods

3.2.1 Linear mixed effects model

Consider a CRT with i = 1, ..., N clusters, j = 1, ..., ni individuals per cluster, and k =
1, ..., tij measurements per individual. Let Timeijk denote the time of the kth measurement
of individual j in cluster i, where Timeijk = 0 denotes measurement at baseline and
Timeijk = 1 denotes measurement at follow-up. Further, suppose clusters were randomly
allocated to the control arm, denoted as Trti = 0, or the treatment arm, denoted as
Trti = 1. Consider the following mixed effects linear regression model with a single outcome
of interest yijk:

yijk = β0 + β1(Timeijk) + β2(Trti) + β3(Trti × Timeijk) + γi + νij + εijk, (1)

where γi ∼ N(0, σ2γ) is the random effect at the cluster level and represents deviation of
each cluster from the grand mean, νij ∼ N(0,Σν) is the random effect at the individual
level and represents deviation of each individual from the cluster effect, and εijk ∼ N(0, σ2ε )
are the measurement errors terms. Furthermore, γi, νij , and εijk are assumed to be uncor-
related.

Let Ni denote the total number of measurements in cluster i where Ni =
∑ni

j=1 tij . Gener-
ally, the mixed model with a single random cluster effect can be written as follows

Yi = Xiβ + Ziνi + εi, (2)

where Yi is an Ni × 1 vector of responses, Xi is a known Ni × p design matrix of fixed
effects, β is a p×1 vector of unknown fixed effects, and Zi is a known Ni×u design matrix
of random effects. Furthermore, νi is a u×1 vector of unknown random effects distributed
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N(0,Σ) and εi is an Ni×1 vector of random residuals distributed N(0, σ2ε INi
), where INi

represents the Ni ×Ni identity matrix.

3.2.2 Pattern mixture models

Little proposed PMMs for repeated measures with dropouts where the MAR assumption
is too strong. Let R be the vector of missingness indicators for the response vector Y
with Yobs and Ymis denoting observed and unobserved responses, respectively. Further,
let X be a set of observed covariates. Pattern mixture models (PMMs) factorize the joint-
distribution of the response and missing data process by:

p(Yobs,Ymis,R|X) = p(R|X)p(Yobs,Ymis|R,X), (3)

where p(R|X) is the conditional probability distribution of the dropout pattern given
observed covariates and p(Yobs,Ymis|R,X) is the probability distribution of the response
vector given the dropout pattern and observed covariates [41].

3.2.3 Transforming MAR imputed values to create MNAR imputed values

We employ multilevel MI (described below) and multiply MAR imputed values by a sen-
sitivity parameter k to generate MNAR imputed values such that [63]

(MNAR imputed Yi) = k × (MAR imputed Yi). (4)

This creates MNAR observations because the missing data of the non-responders are sys-
tematically higher or lower than the observed data of the responders.

3.2.4 Multilevel multiple imputation

Multilevel MI applies the Gibbs sampler to impute missing data found in hierarchical data.
Using the linear mixed model given in Equation 2, multilevel MI simulates the distribution
of parameters using MCMC methods with the following steps:

1. Sample β from p(β|y,ν, σ2)
2. Sample ν from p(ν|y,β,Σ, σ2)
3. Sample Σ from p(Σ|ν)

4. Sample σ2 from p(σ2|y,β,ν)

5. Repeat steps 1-4 until convergence
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6. Sample ymis from p(ymis|yobs,β,ν,Σ, σ2)
where y represents the response vector, with yobs and ymis denoting observed and unob-
served responses, respectively. Under the MAR assumption, the parameter distribution is
simulated in steps 1-5 using observed data such that y is replaced by yobs. Imputations
for missing data are created in step 6 and are calculated by drawing from

ε∗i ∼ N(0, σ2)

y∗i = Xiβ + Ziνi + ε∗i

where the parameters on the right side of the equation are replaced by values drawn under
the Gibbs sampler described above [31].

3.2.5 Combining inferences

Once the imputations are generated, the m completed datasets are analyzed without ac-
counting for dropout in the analysis model. The point estimate and corresponding standard
error for a parameter of interest Q are combined for inference using Rubin’s Rules, which
account for within and between imputation variability [63]. Let Q̂l and Ŵl be the point
and variance estimates, respectively, obtained from l = 1, ...,m imputed datasets. The
overall point estimate for Q is the mean over the imputed datasets:

Q̄ =
1

m

m∑

l=1

Q̂l.

The overall standard error is
√
T ,

T = W̄ +

(
1 +

1

m

)
B,

where W̄ = 1
m

∑m
l=1 Ŵl is the within-imputation variance and B = 1

m−1

∑m
l=1(Q̂l − Q̄)2

is the between-imputation variance. Confidence intervals and tests are approximated with
(Q− Q̄)/

√
T ∼ tv with degrees of freedom v = (m− 1)(1 + r−1)2. The degrees of freedom

depends on m and the ratio r = (1 +m−1)B/W̄ , which is the relative increase in variance
due to missing data [63].

3.3 Simulation study

3.3.1 Data generation

Adding to Equation 1, a CRT with two time points (y1, y2)
T and missing data at the

follow-up time point was simulated under the following clustered pattern-mixture model
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[64]:
yijk =β0 + β1(Timeijk) + β2(Trti) + β3(Trti × Timeijk)

+ β4(Dropijk × Trti × Timeijk) + γi + νij + εijk
(5)

where γi ∼ N(0, σ2γ) denotes the random cluster effect, νij ∼ N(0,Σν) denotes the random
individual effect, and εijk ∼ N(0, σ2ε ) denotes the measurement errors terms. Timeijk was
coded as 0 for baseline and 1 for follow-up, Trti was coded as 0 for control and 1 for
treatment, and Dropijk was coded as 0 for responder and 1 for non-responder at follow-up.
The regression coefficients were defined as β0 = 7, β1 = −1, β2 = 0, β3 = −2, β4 = 3. The
random individual effect νij and residuals εijk were both normally distributed with a mean
of 0 and variance of 12. We varied ρ from 0.001 to 0.5. The total number of clusters and
cluster size varied in pairs as (12, 30), (12, 100), (30, 30), (30, 100). We allocated an equal
number of clusters to each treatment arm.

We simulated a 40% dropout rate at follow-up, which means that 40% of individuals in
each treatment arm had a value of 1 for Dropijk at follow-up and were deleted. The
sensitivity parameter is β4, which computes to a true k = 1.0 for the control arm and k =
1.75 for the treatment arm, and creates MNAR data in the treatment arm when the data
are deleted.

3.3.2 Methods

We drew 500 samples from each scenario and carried out multilevel MI to impute missing
y2 values using the mice package in R version 3.2.3 [65]. We carried out multilevel MI for
each treatment arm separately (m = 5 imputation sets), and included y1 in the imputation
model. For the control arm, we multiplied the imputed values by k = 1.0 (MAR). For
the treatment arm, we multiplied each imputed value by k = (0.8, 1.0, 1.3, 1.7), which
decreases the imputed values by 20%, and increases the imputed values by 0%, 30%, and
70%.

Using the completed dataset, we modeled the outcome with a mixed model (lme4) using
Equation 5, but without including the Dropijk term. The following parameters of interest
were calculated: (1) change over time in the treatment arm and (2) treatment effect, defined
as the mean difference in arms at follow-up. Their corresponding standard errors were also
calculated. Using the regression coefficients in Equation 5, the true change over time in
the treatment arm was,

([0.60× (β0 + β1 + β3)] + [0.40× (β0 + β1 + β3)])− β0 = −1.8

and the true treatment effect was,

([0.60× (β0 + β1 + β3)] + [0.40× (β0 + β1 + β3)])− (β0 + β1) = −0.8.
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Parameter estimates were pooled using Rubin’s rules as implemented in mice [63]. For
both parameters of interest, we computed the following measures of performance:

1. Percent bias: the difference between the true value and estimate of the fixed param-
eter, divided by the true value

2. Coverage: proportion of times the true value was contained in the 95% confidence
interval of the fixed parameter estimates, change over time in the treatment arm and
treatment effect

3. Empirical standard error: standard deviation of mean across samples

4. Ratio of model-based to empirical standard error

3.3.3 Results

We present the results of our simulations in Tables 6 - 9. Table 6 displays the percent
bias of the treatment arm change over time and treatment effect under each sensitivity
parameter k. As expected, the percent bias for both estimates is smallest for k = 1.7, as
it is closest to the true sensitivity parameter. Under the MAR assumption (k = 1.0) and
the incorrect MNAR assumption (k = 0.8), the estimates have a severe downward bias.
Percent bias is more extreme in the treatment effect.
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Table 6: Percent bias of change over time in the treatment arm and treatment effect with
MNAR data in yijk.

Treatment arm change Treatment effect1

No. Cluster k k
clusters size ICC 0.8 1.0 1.3 1.7 0.8 1.0 1.3 1.7

12 30 0.001 -82.77 -64.94 -38.20 -2.55 -186.79 -146.68 -86.52 -6.31
0.01 -83.21 -65.39 -38.66 -3.02 -189.77 -149.67 -89.53 -9.34
0.1 -85.04 -67.47 -41.13 -6.01 -195.05 -155.54 -96.26 -17.24
0.3 -84.75 -66.68 -39.59 -3.46 -180.70 -140.06 -79.09 2.21
0.5 -84.37 -66.75 -40.32 -5.07 -182.25 -142.61 -83.14 -3.84

12 100 0.001 -83.75 -65.91 -39.14 -3.45 -186.73 -146.58 -86.36 -6.06
0.01 -83.51 -65.55 -38.61 -2.69 -183.83 -143.42 -82.80 -1.98
0.1 -84.53 -66.73 -40.05 -4.47 -185.90 -145.87 -85.82 -5.76
0.3 -84.15 -66.48 -39.98 -4.64 -195.72 -155.97 -96.34 -16.83
0.5 -85.24 -67.26 -40.28 -4.32 -189.63 -149.17 -88.48 -7.56

30 30 0.001 -83.96 -66.08 -39.26 -3.51 -188.81 -148.58 -88.24 -7.78
0.01 -85.99 -68.29 -41.74 -6.33 -190.47 -150.63 -90.88 -11.22
0.1 -84.41 -66.66 -40.05 -4.56 -192.69 -152.76 -92.87 -13.02
0.3 -83.97 -66.55 -40.42 -5.57 -198.89 -159.69 -100.89 -22.49
0.5 -84.74 -66.89 -40.13 -4.44 -204.15 -163.99 -103.77 -23.46

30 100 0.001 -83.93 -66.20 -39.61 -4.15 -190.23 -150.33 -90.50 -10.71
0.01 -84.35 -66.61 -40.01 -4.54 -190.29 -150.38 -90.53 -10.72
0.1 -84.87 -66.98 -40.14 -4.36 -184.42 -144.16 -83.78 -3.27
0.3 -84.28 -66.29 -39.31 -3.34 -183.15 -142.69 -81.99 -1.05
0.5 -83.57 -65.76 -39.03 -3.39 -190.36 -150.27 -90.14 -9.95

Abbreviations: MNAR, missing not at random; ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up

Table 7 presents the coverage of nominal 95% confidence intervals for both estimates.
Coverage of the treatment arm change over time and treatment effect estimates increase as
k becomes closer to the true sensitivity parameter, and is highest for k = 1.7. Furthermore,
coverage for both estimates decreases as ICC increases as seen under k = 1.7.
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Table 7: Coverage of nominal 95% confidence intervals of true values for change over time
in the treatment arm and treatment effect.

Treatment arm change Treatment effect1

No. Cluster k k
clusters size ICC 0.8 1.0 1.3 1.7 0.8 1.0 1.3 1.7

12 30 0.001 11.2 41.8 84.6 97.6 46.6 67.0 88.4 97.8

0.01 12.8 45.0 83.0 98.4 47.2 69.4 89.6 97.2

0.1 8.6 37.2 81.4 97.2 66.4 76.2 89.0 92.4

0.3 11.6 38.4 80.2 96.0 82.2 84.8 87.0 89.4

0.5 12.8 37.4 79.0 92.2 88.8 89.2 89.8 88.6

12 100 0.001 0.4 7.8 52.8 97.6 5.6 24.2 67.0 96.4

0.01 0.6 7.2 52.6 97.2 13.8 35.2 73.0 95.0

0.1 1.0 6.4 54.0 96.2 65.6 75.4 88.0 92.4

0.3 0.6 8.4 53.8 90.4 84.4 87.4 90.8 90.6

0.5 0.4 6.8 54.0 83.8 88.2 89.0 90.6 91.6

30 30 0.001 1.0 12.4 63.2 97.0 9.4 31.4 74.2 95.6

0.01 1.2 9.8 59.6 97.2 9.4 30.8 75.2 96.2

0.1 0.6 10.2 62.8 96.0 38.6 57.0 82.4 92.2

0.3 0.6 11.0 61.8 95.8 74.4 82.6 90.6 94.0

0.5 0.6 12.4 62.8 94.0 83.0 86.2 89.2 92.0

30 100 0.001 0.2 2.4 28.2 97.4 1.8 4.6 38.0 95.4

0.01 0.0 3.0 28.4 96.8 0.2 2.8 40.8 95.2

0.1 0.2 3.2 31.0 95.0 33.2 53.6 78.6 92.4

0.3 0.0 2.6 26.0 90.4 73.2 81.8 88.4 90.4

0.5 0.2 4.4 28.2 82.6 85.2 88.2 91.8 92.6
Abbreviations: ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up



36

Tables 8 - 9 display the empirical standard errors and ratios of model-based to empirical
standard errors for change over time in the treatment arm and treatment effect. Overall,
results were similar for the percent bias of the treatment arm change over time and treat-
ment effect. Larger k overestimates the standard errors because the imputed values are
multiplied, which increases variances of the estimates.

Table 8: Empirical standard errors for change over time in the treatment arm and treatment
effect.

No. Cluster Treatment arm change Treatment
clusters size ICC over time effect1

12 30 0.001 0.224 0.335

0.01 0.234 0.371

0.1 0.234 0.666

0.3 0.231 1.147

0.5 0.234 1.848

12 100 0.001 0.128 0.182

0.01 0.122 0.245

0.1 0.129 0.609

0.3 0.125 1.214

0.5 0.126 1.781

30 30 0.001 0.364 0.508

0.01 0.372 0.592

0.1 0.365 1.078

0.3 0.366 1.984

0.5 0.386 2.847

30 100 0.001 0.212 0.307

0.01 0.204 0.416

0.1 0.203 0.936

0.3 0.201 1.778

0.5 0.190 2.757
Abbreviations: ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up
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Table 9: Ratios of model-based to empirical standard errors for change over time in the
treatment arm and treatment effect.

Treatment arm change Treatment effect1

No. Cluster k k
clusters size ICC 0.8 1.0 1.3 1.7 0.8 1.0 1.3 1.7
12 30 0.001 1.169 1.265 1.444 1.722 1.296 1.353 1.460 1.629

0.01 1.144 1.244 1.421 1.698 1.182 1.234 1.327 1.476
0.1 1.153 1.246 1.419 1.690 0.983 1.011 1.058 1.131
0.3 1.156 1.249 1.429 1.711 0.917 0.937 0.969 1.017
0.5 1.094 1.179 1.348 1.620 0.953 0.972 1.002 1.045

12 100 0.001 1.090 1.180 1.341 1.595 1.191 1.243 1.337 1.487
0.01 1.131 1.224 1.396 1.660 1.056 1.094 1.164 1.275
0.1 1.150 1.244 1.422 1.693 1.012 1.036 1.072 1.127
0.3 1.159 1.253 1.432 1.716 1.013 1.033 1.065 1.110
0.5 1.221 1.316 1.506 1.816 0.991 1.011 1.042 1.084

30 30 0.001 1.196 1.294 1.477 1.758 1.213 1.270 1.372 1.530
0.01 1.144 1.238 1.408 1.677 1.165 1.213 1.302 1.445
0.1 1.140 1.230 1.401 1.670 1.016 1.043 1.091 1.163
0.3 1.158 1.253 1.431 1.717 1.033 1.056 1.092 1.144
0.5 1.154 1.248 1.428 1.727 0.947 0.967 0.997 1.041

30 100 0.001 1.147 1.241 1.413 1.678 1.262 1.317 1.421 1.586
0.01 1.201 1.300 1.489 1.769 1.131 1.171 1.245 1.359
0.1 1.139 1.232 1.410 1.681 0.993 1.015 1.051 1.103
0.3 1.170 1.266 1.442 1.722 0.948 0.967 0.997 1.040
0.5 1.163 1.250 1.432 1.725 0.983 1.002 1.034 1.077

Abbreviations: ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up
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3.4 Application to the PoNDER study

3.4.1 The data

The Postnatal Depression Economic Evaluation and Randomised Controlled Trial (PoN-
DER) study assessed whether training health visitors (HV) to provide psychologically in-
formed sessions improved depressive symptoms among postnatal women. This study has
been described elsewhere [66]. Briefly, general practitioner (GP) practices were random-
ized to HV training (treatment) or HV usual care (control). There were a total of 37
(N = 1,151) and 63 (N = 2,268) GP practices in the control and treatment arm, respec-
tively. Depression among postnatal women was measured using the 10-item Edinburgh
Postnatal Depression Scale (EPDS), which ranges from 0-30 with higher scores indicating
worse outcomes. Measurements were scheduled at baseline and 6 months. We included
all participants who were observed at baseline. Table 10 displays the means and standard
deviations of EPDS score by treatment arm at baseline.

Table 10: PoNDER study. Means and standard deviations of baseline EPDS score by
treatment arm and dropout pattern.

Control Treatment
N = 1151 N = 2268

Dropout pattern N (%) Mean (SD) N (%) Mean (SD)

Responders 914 (79.4) 6.8 (5.0) 1745 (76.9) 6.6 (4.8)
Non-responders 237 (20.6) 6.8 (5.1) 523 (23.1) 8.0 (5.9)

Abbreviations: EPDS, Edinburgh Postnatal Depression Scale; SD, standard deviation

3.4.2 Methods

Since the baseline EPDS score for the non-responders were similar to the responders in the
control arm, we carried out a sensitivity analysis assuming MAR for the non-responders
in the control arm and MNAR for the non-responders in the treatment arm. For each
treatment arm, we carried out a multilevel MI (m = 5) with baseline EPDS score included
as a covariate in the imputation model. For the treatment arm, we increased the sen-
sitivity parameter by increments of 10%, indicating a worsening of the outcome for the
non-responders (i.e., 1.0, 1.1, 1.2, etc). We continued to increase the sensitivity parameter
until the treatment effect inference changed. Figure 1 in Appendix C graphically displays
the trajectory of the non-responders under k = 1.0 for the control arm and varying k for
the treatment arm.

For each multiply imputed dataset, we carried out a mixed model adjusting for GP practices
and individuals as random effects, and computed the (1) change over time for the treat-
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ment arm and (2) treatment effect, defined as the mean difference in arms post-treatment.
Inferences were combined using Rubin’s rules.

3.4.3 Results

Table 11 displays the results of each PMM scenario. As k increases the slope of the
treatment arm as well as the treatment effect attenuate. The inference of the change in
EPDS score for the treatment arm remained similar to the MAR assumption. The inference
of the treatment effect changed at k = 1.5 (Treatment effect = -0.36, 95% CI = -0.85, 0.13),
which assumes that the non-responders in the treatment arm had a worse EPDS score by
50%. At this point, researchers can evaluate whether this assumption is reasonable and
report results for this range of k as their sensitivity analysis for missing data. The ICC
remained at 0.01 for all PMM scenarios.

Table 11: PoNDER study. Sensitivity analysis for missing data in 6-month EPDS score.
Change in treatment arm over time and treatment effect results were assessed by increasing
imputed values with a range of k.

Treatment arm change Treatment
k over time (95% CI) p-value effect1 (95% CI) p-value

1.0 -1.44 (-1.69, -1.19) <0.0001 -0.97 (-1.42, -0.52) <0.0001
1.1 -1.31 (-1.57, -1.06) <0.0001 -0.85 (-1.31, -0.40) <0.001
1.2 -1.19 (-1.45, -0.93) <0.0001 -0.73 (-1.19, -0.27) 0.002
1.3 -1.07 (-1.34, -0.79) <0.0001 -0.61 (-1.08, -0.14) 0.012
1.4 -0.94 (-1.23, -0.66) <0.0001 -0.48 (-0.96, -0.004) 0.048
1.5 -0.82 (-1.11, -0.53) <0.0001 -0.36 (-0.85, 0.13) 0.146

Abbreviations: EPDS, Edinburgh Postnatal Depression Scale; CI, confidence interval
1Treatment effect: mean difference between treatment arms at follow-up
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3.5 Discussion

To facilitate performing sensitivity analyses for missing data in CRTs, we have proposed
an approach within the pattern mixture framework to analyze clustered MNAR data. We
implemented multilevel MI in order to account for the clustered data structure of CRTs,
then multiplied MAR imputed values by a factor, k to increase or decrease imputed values
and create MNAR imputed values.

Standard errors are subject to over-inflation when multiplying imputed values by k, espe-
cially with extreme values of k. Transformed MNAR values should be checked to ensure
imputations lie within an appropriate range of the data. Another simple approach is to
carry out multilevel MI and add or subtract imputed values by δ, where δ is the mean
difference in the outcome between the responders and non-responders [67]. This shifts
the imputed values of the non-responders, while preserving the standard errors of the es-
timates of interest. One way to shift imputed values is to identify the δ that increases
the average MAR imputed values by a certain percentage. In our PoNDER example,
the average MAR imputed EPDS score among the non-responders in the treatment arm
was 5.73. If we wanted to increase the imputed values by an average of 30%, we compute
δ = 5.73×0.3 = 1.72. Rather than multiplying imputed values by k = 1.3, we add δ = 1.72
to all imputed values. By adding δ, the imputed values are shifted without inflating the
standard errors. Choosing the value of k or δ heavily depends on the subject matter of
the trial, and should be elicited from experts in the field, such as the trial investigators or
experts not committed to the trial. For example, White and colleagues collected opinions
of several experts using a questionnaire to obtain information about plausible differences
between responders and non-responders [68]. A range of plausible k or δ can be specified,
or an average can be specified if a single analysis is preferred.

Multiplying imputed MAR values by k to create MNAR values can be implemented in
both treatment arms or in one treatment arm only. Different ranges of k can be based on
the treatment arm, reason for missingness, or time of dropout. For example, individuals
who were lost to follow-up can be assumed MAR dropout, while individuals who withdrew
could be considered MNAR dropout. Extending the PMM to a CRT with more than two
time points becomes more challenging. The multiplier k can be specified at each time point
or can be specified at the first missed response and then decreased by a certain fraction
with every missed response. Longitudinal trials with more than two time points should be
further investigated within the CRT context.

One limitation is that our PMM analysis was performed in concordance with our simula-
tions. We did not see how parameters of interest and their corresponding standard errors
would be affected if we misspecified the model. It would be beneficial to evaluate robust-
ness to model misspecification since the true distribution of the data is not usually known
in practice.
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Through our simulation study, we showed that estimates of parameters of interest can
greatly differ depending on the missing data assumption. For this reason, it is important
to carry out a sensitivity analysis to assess the robustness of the primary results under
differing missing data assumptions, as we did with the PoNDER study. The treatment
effect inference attenuated with higher values of k, and changed when the imputed EPDS
scores of the non-responders were increased by 50%. By doing this, researchers can examine
the impact of departure from the MAR assumption.
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4 COMPARISON OF STRATEGIES TO IMPUTE MISS-
ING CLUSTER LEVEL COVARIATES: A SIMULATION
STUDY

4.1 Introduction

Empirically, the ICC is very low for clustered data where subjects are grouped within
clusters. For example, Bell and McKenzie [27] assessed 87 ICCs from 15 psycho-oncology
cluster randomized trials, which randomize clusters to treatment arms rather than individ-
uals, and found the median ICC to be 0.02. Adams et al. [69] examined 1039 ICCs from 31
multilevel studies found in primary care research, and reported the median ICC to be 0.01.
Along with subjects grouped within clusters, multilevel data also occur in longitudinal
data, where individuals are measured repeatedly over time. ICCs found within longitudi-
nal data are generally higher. We focus our attention on non-longitudinal multilevel data
where subjects are grouped within clusters and the ICC is lower.

The proportion of missing data can be higher in multilevel data compared to independent
data because missing data can occur at the individual level and cluster level. In an edu-
cational dataset where students are grouped by classroom, missing data can occur at the
student (or individual) level, such as age of the student or test score. Missing data can
also occur at the classroom (or cluster) level, such as teacher’s highest level of education.
Missing individual level outcomes and covariates have been considered by many. Some
references include [30, 32, 31, 33, 34]. However, missing data among cluster level covariates
have received limited attention. Gibson et al. [70] and Cheung [71] both evaluated strate-
gies to handle continuous missing cluster level covariates under MCAR, such as complete
case analysis, single level multiple imputation (MI) ignoring clustering, and mean substitu-
tion. Both studies found complete case analysis to perform well with less than 50% missing
cluster level data. However, a complete case analysis can be very inefficient when missing
cluster level covariates are present, since all of the observations within the cluster are re-
moved. Additionally, this method loses precision since information is being deleted, and
can produce biased estimates if the missing data mechanism is not MCAR. Both studies
found single level MI ignoring clustering to be a poor strategy when implemented within
the multilevel structure, because it produces underestimated standard errors.

When imputing cluster level variables, imputed values must be the same within each clus-
ter. Gelman and Hill [72] suggested an approach using MI to impute missing cluster level
covariates, which involves separating the data into subject level and cluster level datasets
and imputing within each dataset. The imputed data are then combined to create complete
datasets and analyzed for inference. This method, however, has not yet been compared to
other commonly used techniques to impute missing cluster level data, such as the linear
mixed effects model, mean substitution, and other MI approaches. We extend the inves-
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tigation of missing cluster level covariates by performing a simulation study to assess the
performance of missing data strategies under MAR, as this assumption may be more rea-
sonable in practice. We examine the sensitivity of methods to the total number of clusters,
cluster size (number of subjects per cluster), ICC, and percentage of missingness. Since
cluster level covariates are often found to be categorical, we evaluate these methods when
the missing cluster level covariate is categorical as well as continuous.

4.2 Methods

We used a simulation study designed after Van Buuren’s previous work in missing multilevel
data [31] to investigate the performance of strategies to handle missing cluster level co-
variates under the MAR assumption. This section contains an overview of commonly used
methods to accommodate missing continuous and categorical cluster level data, followed
by an introduction to the linear mixed effects model, which we use to compute regression
coefficients and variance components after performing each missing data method.

4.2.1 Missing data methods

There are several methods that can be used to handle missing cluster level covariates,
including the linear mixed effects model, mean substitution (continuous variable), mode
substitution (categorical variable), single level MI ignoring clustering, fixed effects MI, and
MI aggregate imputation.

The linear mixed effects model (mixed model) uses a likelihood-based approach to estimate
parameters. Under the correct model specification, the mixed model performs an implicit
imputation and produces unbiased estimates under MAR if outcome data are missing.
This method excludes observations with missing cluster level covariates from the analysis,
and can produce biased estimates in the presence of missing covariate variables even under
MCAR [73].

Among continuous cluster level covariates, mean substitution replaces missing observations
with the overall mean across observed clusters. For categorical variables, mode substitution
replaces missing data with the most common category found among the observed data.
Similar to other single imputation techniques, which replace missing observations with a
single value, these methods are prone to underestimation of variance. Although simple,
these methods do not condition on any other information in the observation, which can
generate misleading relationships between variables [31].

The MI procedure can be separated into two steps: (1) imputation of missing data and (2)
analysis of complete multiply imputed datasets. We carry out MI using the mice package
in R, which uses the multivariate imputation by chained equations (MICE) technique [74].
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Imputation models are used for each variable with missing data so that unobserved values
are imputed based on a conditional distribution of other variables with observed data
to create m complete datasets. Each completed dataset is then analyzed using standard
statistical techniques and combined for inference [63]. Standard MI, which we will call single
level MI, assumes the observations are independent and ignores the clustered structure
found in multilevel data. This results in underestimated standard errors and confidence
intervals that are too narrow [31].

One approach to incorporate clustering in the MI procedure, that we will call fixed effects
MI, includes cluster as a fixed effect in the imputation model when performing MI, which
models the differences in intercepts between the clusters [31]. However, single level MI and
fixed effects MI will not impute the same value for all individuals within a single cluster,
which is inappropriate when imputing missing cluster level variables. Gelman and Hill [72]
proposed using a MI aggregate imputation approach, which imputes the same value for each
individual within a cluster. This method involves separating the data into two datasets:
one individual level dataset and one cluster level dataset. In order to impute missing cluster
level data, the individual level data are first aggregated into cluster level summaries (such
as the cluster mean). The aggregated individual level data are then incorporated with the
cluster level data for imputation, so that the combined dataset includes a single row for
each cluster with the cluster level variables and the aggregated individual level variables.
The aggregated individual level variables are included in the imputation model to impute
a single value for each missing cluster level covariate. The imputed cluster level covariates
are then combined with the original individual level data, so that the final dataset includes
the cluster level variables with the same imputed value across individuals within a cluster.
Each completed multiply imputed dataset is then analyzed and combined for inference
[72].

4.2.2 Linear mixed effects model

The linear mixed effects model is often used to analyze clustered data. We use this method
to analyze the completed dataset after performing each imputation approach. Consider a
multilevel dataset with i = 1, ..., N clusters and j = 1, ..., ni subjects per cluster. A single
outcome of interest Yij is modeled by:

Yij = Xijβ + Ui + eij (6)

where Yij is an ni × 1 vector of responses, Xij is a known ni × p design matrix of fixed
effects at the individual level or cluster level, β is a p×1 vector of unknown fixed effects, Ui
represents the random cluster effects distributed N(0, σ2B), and eij represents the individual
error terms distributed N(0, σ2W ). Additionally, Ui and eij are assumed to be uncorrelated.
The variance of Yij is σ2 = σ2B + σ2W , where σ2B denotes the between cluster variance and
σ2W denotes the within cluster variance. The ICC = σ2B/σ

2.
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4.3 Simulation study

In this section, we describe our simulation study to assess methods to handle missing
continuous and categorical cluster level covariates.

Continuous cluster level covariate

Multilevel data with a continuous cluster level covariate, Wi, were generated using the
following model [31]:

Yij = β0 + β1Wi + Ui + eij (7)

with Ui ∼ N(0, σ2W ) and eij ∼ N(0, σ2B) denoting the random cluster effects and mea-
surement error terms, respectively. The regression coefficients were defined as β0 = 0 and
β1 = 0.5. We set the variance parameters σ2 = σ2W + σ2B = 0.75, and varied the ICC =
(0.001, 0.01, 0.1, 0.3). We simulated both small and large sample sizes by varying the total
number of clusters N = (24, 60) and cluster size ni = (20, 50).

The cluster level covariate Wi was deleted under the MAR assumption with 25% and 50%
missing. For the cluster average Yi less than than the upper 25th (or 50th) percentile of the
standard normal distribution, the non-response probability in Wi was 10%. For the cluster
average Yi greater than or equal to the upper 25th (or 50th) percentile of the standard
normal distribution, the non-response probability in Wi was 90%.

We simulated 1000 replications from each scenario described above, and performed the
following methods to handle missing cluster level continuous covariates: the mixed model
(MM), mean substitution (MN), single level MI ignoring clustering (SL), fixed effects MI
(FE), MI aggregate imputation (AG). All MI methods were carried out as described in
the previous section using the mice package in R version 3.2.3 [65]. Imputations were fixed
to 20 with the outcome variable included in the imputation model. For each completed
dataset, we modeled the outcome with a mixed model via the R package lme4 using Equa-
tion 7. Fixed and random parameter estimates were pooled using Rubin’s Rules [63] as
implemented in mice. For each missing data method, we calculated the estimated fixed and
random effects parameters and examined their bias, defined as the difference between the
estimate of the parameter and the true value. Coverage was also computed as the propor-
tion of times the 95% confidence interval contained the true value of the fixed parameter
estimate.



46

Categorical cluster level covariate

When the cluster level covariate was categorical, we simulated the data similarly, except
with the following multilevel model:

Yij = β0 + β1(Group 2) + β2(Group 3) + Ui + eij

where the regression coefficients were defined as β0 = 0, β1 = 0.5, and β2 = 0.9. With β1
and β2 set as dummy variables, this creates three cluster level groups with means 0 (group
1), 0.5 (group 2), and 0.9 (group 3). There was an equal probability of being assigned
to one of the three groups. The following methods used to handle missing cluster level
categorical data were examined: the mixed model (MM), mode substitution (MD), single
level MI ignoring clustering (SL), fixed effects MI (FE), MI aggregate imputation (AG).
We deleted the categorical cluster level covariate under MAR and assessed performance of
methods similar to the continuous cluster level covariate case.

4.4 Results

Continuous cluster level covariate

The results of our simulations for missing data in the continuous cluster level covariate
are presented in Tables 12 - 14. When the ICC was small (ICC ≤ 0.1) with 25% missing
data, the mixed model performed best, as it yielded unbiased regression coefficients and
reasonable coverage rates. Compared to the other missing data strategies, the mixed model
generated the closest ICC estimates to the true value, particularly when the ICC was lower.
However, when the ICC was higher (ICC > 0.1), the mixed model produced severely
underestimated regression coefficients and performed worse with an increased amount of
missing data.

MI aggregate imputation performed best when the ICC was larger. It generated consis-
tently close fixed parameter estimates to the true values as well as adequate coverage of the
fixed parameters. Similar to the other imputation approaches, MI aggregate imputation
tended to overestimate the ICC particularly with 50% missingness, though it generally
performed better.

The worst method was mean substitution, which became more apparent with more missing
cluster level covariates. Mean substitution severely overestimated the β0 coefficient as well
as the ICC. Single level MI and fixed effects MI performed better than mean substitution,
but were under-coveraged for the fixed effects due to underestimation of the standard
errors. The results did not change substantially when varying the total number of clusters
or cluster size.
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Table 12: Estimates of the regression coefficients based on methods to handle 25% and
50% missing data in continuous cluster level covariates

No. Cluster β0 = 0 β1 = 0.5
clusters size ICC MM MN SL FE AG MM MN SL FE AG

25% missing
24 20 0.001 -0.01 0.08 0.07 0.07 0.05 0.48 0.48 0.48 0.48 0.53
24 20 0.01 -0.02 0.08 0.07 0.07 0.05 0.47 0.47 0.47 0.47 0.53
24 20 0.1 -0.05 0.08 0.06 0.06 0.05 0.43 0.43 0.39 0.39 0.49
24 20 0.3 -0.14 0.07 0.03 0.03 0.04 0.38 0.38 0.27 0.27 0.43

24 50 0.001 -0.01 0.08 0.06 0.06 0.04 0.49 0.49 0.47 0.47 0.54
24 50 0.01 -0.01 0.08 0.06 0.06 0.04 0.49 0.49 0.46 0.46 0.54
24 50 0.1 -0.05 0.08 0.05 0.05 0.04 0.44 0.44 0.38 0.38 0.5
24 50 0.3 -0.14 0.07 0.02 0.02 0.03 0.40 0.40 0.25 0.25 0.46

60 20 0.001 -0.02 0.08 0.06 0.06 0.03 0.48 0.48 0.48 0.48 0.53
60 20 0.01 -0.02 0.08 0.06 0.06 0.03 0.47 0.47 0.47 0.47 0.53
60 20 0.1 -0.06 0.08 0.05 0.05 0.03 0.43 0.43 0.40 0.40 0.50
60 20 0.3 -0.14 0.08 0.03 0.03 0.03 0.39 0.39 0.26 0.26 0.47

60 50 0.001 -0.01 0.08 0.06 0.06 0.03 0.49 0.49 0.47 0.47 0.53
60 50 0.01 -0.01 0.08 0.06 0.06 0.03 0.49 0.49 0.46 0.46 0.53
60 50 0.1 -0.05 0.08 0.05 0.05 0.03 0.44 0.44 0.37 0.37 0.51
60 50 0.3 -0.14 0.08 0.03 0.03 0.03 0.39 0.39 0.24 0.24 0.47

50% missing
24 20 0.001 -0.08 0.26 0.20 0.20 0.20 0.45 0.45 0.41 0.41 0.51
24 20 0.01 -0.09 0.26 0.20 0.20 0.19 0.44 0.44 0.41 0.41 0.49
24 20 0.1 -0.19 0.20 0.13 0.13 0.13 0.39 0.39 0.33 0.33 0.41
24 20 0.3 -0.34 0.15 0.05 0.05 0.08 0.35 0.35 0.24 0.24 0.36

24 50 0.001 -0.04 0.29 0.22 0.22 0.23 0.47 0.47 0.42 0.42 0.54
24 50 0.01 -0.06 0.28 0.22 0.22 0.22 0.46 0.46 0.42 0.42 0.53
24 50 0.1 -0.18 0.20 0.13 0.13 0.14 0.39 0.39 0.32 0.32 0.42
24 50 0.3 -0.33 0.15 0.06 0.06 0.08 0.35 0.35 0.23 0.23 0.35

60 20 0.001 -0.07 0.27 0.20 0.20 0.13 0.45 0.45 0.42 0.42 0.53
60 20 0.01 -0.09 0.26 0.20 0.20 0.13 0.45 0.45 0.41 0.41 0.52
60 20 0.1 -0.19 0.21 0.13 0.13 0.10 0.40 0.40 0.35 0.34 0.47
60 20 0.3 -0.33 0.15 0.06 0.06 0.06 0.36 0.36 0.24 0.24 0.42

60 50 0.001 -0.03 0.29 0.22 0.22 0.14 0.48 0.48 0.43 0.43 0.56
60 50 0.01 -0.05 0.28 0.21 0.21 0.14 0.47 0.47 0.41 0.41 0.54
60 50 0.1 -0.17 0.21 0.13 0.13 0.10 0.41 0.41 0.33 0.33 0.48
60 50 0.3 -0.33 0.15 0.06 0.06 0.06 0.36 0.36 0.23 0.23 0.42

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MN = mean substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 13: Estimates of the intracluster correlation coefficient and residual variance based
on methods to handle 25% and 50% missing data in continuous cluster level covariate

No. Cluster
clusters size ICC MM MN SL FE AG σ2 MM MN SL FE AG

25% missing
24 20 0.001 0.00 0.11 0.08 0.08 0.04 0.749 0.74 0.75 0.73 0.73 0.74
24 20 0.01 0.01 0.12 0.09 0.09 0.05 0.74 0.74 0.74 0.72 0.72 0.74
24 20 0.1 0.08 0.24 0.19 0.19 0.16 0.65 0.65 0.65 0.64 0.64 0.65
24 20 0.3 0.23 0.47 0.41 0.41 0.39 0.45 0.45 0.45 0.44 0.44 0.45

24 50 0.001 0.00 0.11 0.08 0.08 0.03 0.749 0.75 0.75 0.73 0.73 0.75
24 50 0.01 0.01 0.11 0.08 0.08 0.04 0.74 0.74 0.74 0.72 0.72 0.74
24 50 0.1 0.09 0.23 0.19 0.19 0.15 0.65 0.65 0.65 0.64 0.64 0.65
24 50 0.3 0.24 0.47 0.43 0.43 0.39 0.45 0.45 0.45 0.44 0.44 0.45

60 20 0.001 0.00 0.11 0.07 0.07 0.02 0.749 0.75 0.75 0.73 0.73 0.75
60 20 0.01 0.01 0.12 0.08 0.08 0.03 0.74 0.74 0.74 0.72 0.72 0.74
60 20 0.1 0.08 0.23 0.19 0.19 0.14 0.65 0.65 0.65 0.63 0.63 0.65
60 20 0.3 0.23 0.46 0.41 0.41 0.36 0.45 0.45 0.45 0.44 0.44 0.45

60 50 0.001 0.00 0.10 0.07 0.07 0.02 0.749 0.75 0.75 0.73 0.73 0.75
60 50 0.01 0.01 0.11 0.08 0.08 0.03 0.74 0.74 0.74 0.72 0.72 0.74
60 50 0.1 0.09 0.23 0.19 0.19 0.14 0.65 0.65 0.65 0.63 0.63 0.65
60 50 0.3 0.23 0.46 0.42 0.42 0.36 0.45 0.45 0.45 0.44 0.44 0.45

50% missing
24 20 0.001 0.01 0.19 0.16 0.16 0.12 0.749 0.74 0.75 0.71 0.71 0.75
24 20 0.01 0.01 0.21 0.17 0.17 0.14 0.74 0.73 0.74 0.70 0.70 0.74
24 20 0.1 0.07 0.30 0.25 0.25 0.24 0.65 0.65 0.65 0.62 0.62 0.65
24 20 0.3 0.20 0.52 0.45 0.45 0.45 0.45 0.45 0.45 0.43 0.43 0.45

24 50 0.001 0.00 0.19 0.15 0.15 0.12 0.749 0.75 0.75 0.71 0.71 0.75
24 50 0.01 0.01 0.20 0.17 0.17 0.14 0.74 0.74 0.74 0.70 0.70 0.74
24 50 0.1 0.08 0.30 0.25 0.25 0.24 0.65 0.65 0.65 0.62 0.62 0.65
24 50 0.3 0.21 0.51 0.45 0.45 0.46 0.45 0.45 0.45 0.43 0.43 0.45

60 20 0.001 0.00 0.19 0.14 0.14 0.08 0.749 0.74 0.75 0.70 0.70 0.75
60 20 0.01 0.01 0.20 0.15 0.15 0.09 0.74 0.74 0.74 0.69 0.69 0.74
60 20 0.1 0.07 0.29 0.24 0.24 0.19 0.65 0.65 0.65 0.61 0.61 0.65
60 20 0.3 0.21 0.50 0.43 0.43 0.40 0.45 0.45 0.45 0.43 0.43 0.45

60 50 0.001 0.00 0.18 0.14 0.14 0.07 0.749 0.75 0.75 0.70 0.70 0.75
60 50 0.01 0.01 0.19 0.15 0.15 0.08 0.74 0.74 0.74 0.69 0.69 0.74
60 50 0.1 0.08 0.29 0.24 0.24 0.19 0.65 0.65 0.65 0.61 0.61 0.65
60 50 0.3 0.21 0.50 0.43 0.43 0.40 0.45 0.45 0.45 0.43 0.43 0.45

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MN = mean substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 14: Coverage of true values by the 95% confidence interval of regression coefficients
based on methods to handle 25% and 50% missing data in continuous cluster level covariate

No. Cluster β0 β1
clusters size ICC MM MN SL FE AG MM MN SL FE AG

25% missing
24 20 0.001 95 88 87 87 89 94 100 98 98 96
24 20 0.01 94 87 87 87 90 91 99 96 96 95
24 20 0.1 88 92 92 92 94 86 96 82 80 94
24 20 0.3 79 93 93 93 93 82 93 47 47 94

24 50 0.001 94 87 87 87 89 95 100 97 97 94
24 50 0.01 93 89 90 90 90 92 100 95 96 95
24 50 0.1 89 91 92 92 93 87 97 63 63 97
24 50 0.3 77 93 92 92 95 85 96 20 20 95

60 20 0.001 94 67 72 72 87 90 100 98 98 90
60 20 0.01 90 69 74 74 87 88 100 96 96 92
60 20 0.1 81 81 88 88 90 76 94 61 61 94
60 20 0.3 56 86 92 92 93 73 90 7 8 94

60 50 0.001 94 60 64 64 79 93 100 95 95 79
60 50 0.01 92 66 72 72 83 91 100 89 90 82
60 50 0.1 80 78 87 87 90 81 96 21 22 94
60 50 0.3 55 89 94 94 92 71 90 1 1 94

50% missing
24 20 0.001 84 68 59 59 64 92 100 89 91 97
24 20 0.01 79 69 59 59 69 89 100 87 86 97
24 20 0.1 54 82 80 80 88 75 98 67 66 94
24 20 0.3 39 92 91 91 94 74 96 42 43 93

24 50 0.001 90 55 36 35 47 93 100 80 79 97
24 50 0.01 81 60 44 44 55 89 100 75 75 97
24 50 0.1 55 82 76 76 88 78 99 47 48 96
24 50 0.3 39 90 89 89 92 76 95 29 30 92

60 20 0.001 64 9 9 8 41 83 100 77 77 91
60 20 0.01 54 13 14 14 48 78 100 70 71 93
60 20 0.1 28 46 56 57 75 66 95 41 40 92
60 20 0.3 12 77 88 89 91 63 92 13 13 89

60 50 0.001 83 2 1 2 28 91 100 60 61 83
60 50 0.01 72 4 3 3 35 82 100 46 46 90
60 50 0.1 30 42 51 50 70 67 97 15 15 92
60 50 0.3 12 76 88 88 92 63 89 7 7 87

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MN = mean substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Categorical cluster level covariate

The results of our simulations for missing data in categorical cluster level covariates are
presented in Tables 15 - 17. With 25% missing data and lower ICC (ICC ≤ 0.1), the best
methods were the mixed model and MI aggregate imputation. Both strategies generated
reasonable fixed parameter estimates, coverage, and ICC estimates. The mixed model had
problems with convergence when the total number of clusters was lower (N = 24). When
ICC was higher, MI aggregate imputation outperformed all other strategies. However, when
the amount of missing data increased to 50%, none of the missing data strategies performed
particularly well. Overall, the worst method to handle missing categorical cluster level
covariates was mode substitution. The fixed parameter estimates were extremely biased,
especially with higher ICC. Mode substitution also overestimated the ICC, and became
worse with 50% missing data.
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Table 15: Estimates of the regression coefficients based on methods to handle 25% and
50% missing data in categorical cluster level covariates

No. Cluster β0 = 0 β1 = 0.5 β2 = 0.9
clusters size ICC MM MD SL FE AG MM MD SL FE AG MM MD SL FE AG

25% missing
24 20 0.001 0.00 0.06 0.02 0.03 0.00 0.50 0.45 0.50 0.49 0.51 0.87 0.79 0.87 0.86 0.89
24 20 0.01 0.00 0.06 0.02 0.03 0.00 0.50 0.45 0.50 0.50 0.51 0.86 0.78 0.85 0.85 0.89
24 20 0.1 -0.01 0.11 0.09 0.09 0.01 0.48 0.41 0.46 0.45 0.52 0.77 0.66 0.73 0.74 0.84
24 20 0.3 -0.03 0.17 0.21 0.20 0.07 0.41 0.31 0.31 0.30 0.46 0.66 0.49 0.48 0.50 0.73

24 50 0.001 0.00 0.04 0.01 0.02 0.00 0.50 0.46 0.49 0.49 0.50 0.90 0.83 0.88 0.88 0.90
24 50 0.01 0.00 0.05 0.02 0.03 0.00 0.50 0.46 0.49 0.48 0.50 0.88 0.81 0.86 0.86 0.89
24 50 0.1 0.00 0.11 0.11 0.11 0.02 0.47 0.40 0.43 0.42 0.51 0.78 0.67 0.69 0.69 0.84
24 50 0.3 -0.02 0.16 0.23 0.23 0.06 0.41 0.32 0.28 0.28 0.46 0.67 0.50 0.43 0.46 0.73

60 20 0.001 0.00 0.07 0.02 0.02 0.00 0.50 0.45 0.50 0.50 0.50 0.86 0.78 0.87 0.86 0.90
60 20 0.01 0.00 0.07 0.03 0.03 0.00 0.50 0.45 0.50 0.50 0.51 0.85 0.77 0.85 0.85 0.90
60 20 0.1 0.00 0.14 0.09 0.10 0.01 0.47 0.38 0.45 0.44 0.51 0.76 0.63 0.72 0.72 0.87
60 20 0.3 -0.02 0.22 0.23 0.22 0.04 0.40 0.26 0.29 0.29 0.47 0.66 0.44 0.46 0.48 0.80

60 50 0.001 0.00 0.04 0.01 0.01 0.00 0.50 0.46 0.50 0.49 0.50 0.89 0.82 0.89 0.88 0.90
60 50 0.01 0.00 0.06 0.02 0.02 0.00 0.50 0.45 0.49 0.49 0.50 0.88 0.80 0.87 0.87 0.90
60 50 0.1 0.00 0.13 0.11 0.11 0.01 0.48 0.40 0.43 0.43 0.52 0.78 0.65 0.69 0.69 0.88
60 50 0.3 -0.02 0.21 0.25 0.25 0.04 0.41 0.27 0.27 0.27 0.49 0.67 0.45 0.43 0.44 0.81

50% missing
24 20 0.001 0.00 0.38 0.25 0.25 0.15 0.37 0.02 0.34 0.36 0.46 0.86 0.47 0.77 0.76 0.70
24 20 0.01 -0.01 0.39 0.26 0.25 0.16 0.36 0.01 0.33 0.34 0.45 0.83 0.43 0.72 0.72 0.68
24 20 0.1 -0.06 0.36 0.27 0.27 0.19 0.32 -0.02 0.26 0.26 0.36 0.68 0.26 0.53 0.57 0.57
24 20 0.3 -0.19 0.31 0.27 0.27 0.18 0.32 -0.05 0.20 0.20 0.32 0.61 0.13 0.36 0.41 0.50

24 50 0.001 0.00 0.39 0.25 0.24 0.14 0.41 0.04 0.37 0.36 0.50 0.91 0.51 0.81 0.83 0.72
24 50 0.01 0.00 0.39 0.24 0.24 0.13 0.39 0.02 0.35 0.34 0.49 0.89 0.49 0.79 0.8 0.73
24 50 0.1 -0.05 0.36 0.27 0.27 0.18 0.31 -0.02 0.24 0.25 0.37 0.69 0.28 0.55 0.58 0.59
24 50 0.3 -0.17 0.32 0.29 0.28 0.18 0.31 -0.08 0.18 0.20 0.32 0.60 0.13 0.35 0.41 0.51

60 20 0.001 0.00 0.44 0.27 0.27 0.04 0.37 -0.07 0.35 0.36 0.57 0.86 0.41 0.8 0.77 0.84
60 20 0.01 -0.01 0.45 0.27 0.27 0.06 0.36 -0.10 0.34 0.34 0.55 0.82 0.36 0.76 0.74 0.81
60 20 0.1 -0.06 0.44 0.27 0.27 0.10 0.32 -0.15 0.28 0.29 0.47 0.67 0.16 0.58 0.58 0.71
60 20 0.3 -0.18 0.41 0.28 0.29 0.11 0.30 -0.20 0.21 0.21 0.40 0.59 0.01 0.42 0.42 0.64

60 50 0.001 0.00 0.45 0.27 0.27 0.01 0.41 -0.04 0.37 0.38 0.62 0.9 0.45 0.81 0.80 0.88
60 50 0.01 0.00 0.45 0.27 0.27 0.02 0.38 -0.06 0.35 0.35 0.61 0.89 0.44 0.81 0.79 0.87
60 50 0.1 -0.04 0.45 0.29 0.29 0.11 0.31 -0.15 0.26 0.26 0.45 0.67 0.18 0.57 0.56 0.70
60 50 0.3 -0.17 0.43 0.30 0.30 0.12 0.30 -0.22 0.19 0.19 0.40 0.58 -0.02 0.38 0.39 0.63

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MD = mode substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 16: Estimates of the intracluster correlation coefficient and residual variance based
on methods to handle 25% and 50% missing data in categorical cluster level covariate

No. Cluster
clusters size ICC MM MD SL FE AG σ2 MM MD SL FE AG

25% missing
24 20 0.001 0.00 0.05 0.02 0.03 0.01 0.749 0.74 0.75 0.73 0.73 0.74
24 20 0.01 0.01 0.06 0.04 0.04 0.02 0.74 0.74 0.74 0.73 0.73 0.74
24 20 0.1 0.08 0.18 0.14 0.14 0.11 0.65 0.65 0.65 0.64 0.64 0.65
24 20 0.3 0.22 0.40 0.35 0.35 0.34 0.45 0.45 0.45 0.44 0.44 0.45

24 50 0.001 0.00 0.03 0.02 0.02 0.00 0.749 0.75 0.75 0.74 0.74 0.75
24 50 0.01 0.01 0.04 0.03 0.03 0.01 0.74 0.74 0.74 0.73 0.73 0.74
24 50 0.1 0.08 0.17 0.14 0.14 0.11 0.65 0.65 0.65 0.64 0.64 0.65
24 50 0.3 0.23 0.39 0.35 0.35 0.33 0.45 0.45 0.45 0.44 0.44 0.45

60 20 0.001 0.00 0.04 0.02 0.02 0.00 0.749 0.75 0.75 0.74 0.74 0.75
60 20 0.01 0.01 0.05 0.03 0.03 0.01 0.74 0.74 0.74 0.73 0.73 0.74
60 20 0.1 0.08 0.17 0.14 0.14 0.11 0.65 0.65 0.65 0.64 0.64 0.65
60 20 0.3 0.22 0.39 0.35 0.35 0.32 0.45 0.45 0.45 0.44 0.44 0.45

60 50 0.001 0.00 0.03 0.01 0.01 0.00 0.749 0.75 0.75 0.74 0.74 0.75
60 50 0.01 0.01 0.05 0.03 0.03 0.01 0.74 0.74 0.74 0.73 0.73 0.74
60 50 0.1 0.08 0.17 0.14 0.14 0.10 0.65 0.65 0.65 0.64 0.64 0.65
60 50 0.3 0.22 0.39 0.35 0.35 0.31 0.45 0.45 0.45 0.44 0.44 0.45

50% missing
24 20 0.001 0.01 0.13 0.08 0.09 0.07 0.749 0.75 0.75 0.71 0.71 0.75
24 20 0.01 0.01 0.14 0.09 0.10 0.08 0.74 0.74 0.74 0.70 0.70 0.74
24 20 0.1 0.07 0.22 0.17 0.19 0.18 0.65 0.65 0.65 0.62 0.62 0.65
24 20 0.3 0.19 0.41 0.35 0.37 0.38 0.45 0.45 0.45 0.43 0.43 0.45

24 50 0.001 0.00 0.13 0.08 0.09 0.06 0.749 0.75 0.75 0.71 0.70 0.75
24 50 0.01 0.01 0.14 0.08 0.10 0.07 0.74 0.74 0.74 0.70 0.70 0.74
24 50 0.1 0.07 0.22 0.17 0.19 0.18 0.65 0.65 0.65 0.62 0.62 0.65
24 50 0.3 0.20 0.41 0.35 0.37 0.38 0.45 0.45 0.45 0.43 0.43 0.45

60 20 0.001 0.00 0.13 0.09 0.09 0.03 0.749 0.75 0.75 0.71 0.72 0.75
60 20 0.01 0.01 0.14 0.10 0.10 0.04 0.74 0.74 0.74 0.71 0.71 0.74
60 20 0.1 0.07 0.23 0.18 0.19 0.14 0.65 0.65 0.65 0.62 0.62 0.65
60 20 0.3 0.20 0.40 0.36 0.37 0.34 0.45 0.45 0.45 0.43 0.43 0.45

60 50 0.001 0.00 0.13 0.08 0.09 0.02 0.749 0.75 0.75 0.71 0.71 0.75
60 50 0.01 0.01 0.14 0.09 0.10 0.03 0.74 0.74 0.74 0.70 0.70 0.74
60 50 0.1 0.07 0.22 0.18 0.18 0.14 0.65 0.65 0.65 0.63 0.63 0.65
60 50 0.3 0.20 0.41 0.37 0.37 0.35 0.45 0.45 0.45 0.43 0.43 0.45

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MD = mode substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 17: Coverage of true values by the 95% confidence interval of regression coefficients
based on methods to handle 25% and 50% missing data in categorical cluster level covariate

No. Cluster β0 = 0 β1 = 0.5 β2 = 0.9
clusters size ICC MM MD SL FE AG MM MD SL FE AG MM MD SL FE AG

25% missing
24 20 0.001 95 82 96 96 96 95 93 97 97 96 96 93 98 97 96
24 20 0.01 94 82 95 95 96 94 94 97 97 96 95 92 98 97 96
24 20 0.1 92 75 88 89 94 90 88 94 93 94 89 84 90 90 96
24 20 0.3 89 72 74 75 92 91 83 84 85 93 84 77 59 65 95

24 50 0.001 94 85 97 96 95 95 96 98 97 96 95 95 97 97 94
24 50 0.01 92 84 96 95 94 93 94 97 97 95 92 93 96 96 94
24 50 0.1 89 75 83 82 94 92 89 90 87 94 88 85 74 77 95
24 50 0.3 88 69 61 64 91 89 83 67 66 94 85 77 32 38 94

60 20 0.001 96 68 96 96 96 96 81 98 98 96 92 72 97 97 95
60 20 0.01 94 66 94 94 95 94 83 98 98 95 91 73 97 97 94
60 20 0.1 93 56 81 80 95 93 67 94 93 94 79 56 72 73 95
60 20 0.3 92 49 48 50 92 88 57 64 65 92 71 47 23 22 93

60 50 0.001 95 72 97 96 95 95 87 98 98 95 95 81 98 98 95
60 50 0.01 93 68 95 94 94 93 85 97 97 94 93 78 96 96 94
60 50 0.1 93 57 68 68 95 92 70 88 86 93 81 60 47 48 95
60 50 0.3 92 49 31 32 92 88 56 41 40 91 74 47 3 4 93

50% missing
24 20 0.001 95 16 34 36 76 86 44 90 82 96 91 81 93 90 93
24 20 0.01 94 16 34 38 74 85 42 89 82 97 84 74 91 85 94
24 20 0.1 88 25 48 49 74 78 47 80 73 95 68 59 72 70 91
24 20 0.3 78 34 56 61 83 82 53 66 68 96 74 58 51 57 92

24 50 0.001 95 12 10 17 74 85 42 84 66 96 96 92 92 83 93
24 50 0.01 92 12 15 20 77 80 43 79 63 97 91 89 89 81 93
24 50 0.1 88 23 33 37 76 77 44 53 53 95 71 62 54 55 91
24 50 0.3 82 34 47 51 81 83 52 49 51 96 73 57 37 41 92

60 20 0.001 95 4 3 2 86 66 4 73 73 74 89 60 91 85 94
60 20 0.01 94 4 3 4 81 62 4 68 67 78 83 49 85 80 91
60 20 0.1 86 8 14 14 79 71 7 58 56 87 66 25 59 53 86
60 20 0.3 69 14 27 27 77 80 12 46 43 87 68 23 37 32 86

60 50 0.001 96 2 0 0 97 58 2 61 59 46 94 66 87 79 98
60 50 0.01 92 2 0 0 94 51 3 49 51 59 91 67 84 77 97
60 50 0.1 90 8 2 3 74 63 8 29 32 86 65 27 37 37 84
60 50 0.3 69 13 14 16 78 81 12 32 27 87 67 20 21 16 85

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MD = mode substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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4.5 Discussion

We performed a simulation study to evaluate strategies to handle missing cluster level
covariates under the MAR assumption. We varied the total number of clusters, cluster
size, ICC, percentage of missingness, and examined the methods when the cluster level
covariate was continuous and categorical. We evaluated bias among the fixed and random
parameter estimates, as well as coverage of the true values of the fixed parameters.

For both continuous and categorical cluster level covariates, the mixed model produced
better estimates of the regression coefficients and ICC when the ICC was low (ICC ≤
0.1) and with 25% missing cluster level data. However, when the ICC was higher (ICC
> 0.1), the mixed model generated severely biased estimates of the regression coefficients,
which became worse when the percentage of missing data increased to 50%. MI aggregate
imputation performed best when the ICC was higher (ICC > 0.1), though it tended to
overestimate the ICC similar to the other imputation approaches. When the cluster level
covariate was categorical, none of the strategies performed well when 50% of the data were
missing. Overall, the worst methods for the missing continuous and categorical cluster level
covariate were mean substitution and mode substitution, respectively. Although these
single imputation methods are simple, they should not be used, because they produced
biased fixed and random effect estimates, especially when the cluster level covariate was a
categorical variable.

In general, we found that neither single level MI nor fixed effects MI performed well when
imputing cluster level variables, particularly when the percentage of missing data was
higher. Both methods produced biased fixed and random parameter estimates, and were
undercoveraged for the fixed parameters. Van Buuren studied missing data strategies to
handle missing outcomes and covariates at the individual level under MAR. He compared
the mixed model, single level MI ignoring clustering, fixed effects MI, and multilevel MI,
which incorporates clustering into the imputation process via the Gibbs sampler. He found
fixed effects MI to perform reasonably well, and found single level MI ignoring clustering
to be less successful in generating appropriate fixed and random parameter estimates [31].
Single level MI is still generally used in practice [39], even though it has been shown to
perform well only under the restrictive assumption that the continuous individual level
outcome is MCAR and the ICC is very low (ICC < 0.005) [30]. Single level MI should not
be used to impute cluster level covariates because it has been shown to perform poorly,
regardless of whether the data are MCAR [70, 71] or MAR.

A strength of our study is that we assessed missing data strategies under the MAR as-
sumption, which may be a more likely scenario in practice. Along with the continuous
cluster level covariate, we also investigated the behavior of methods when the cluster level
covariate was categorical, which may be more widely found among cluster level data. We
evaluated scenarios with small and large total number of clusters, cluster sizes, and ICC.
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We did not examine the scenario in which missing data occur in multiple levels within
the hierarchical structure. For example, along with missing cluster level covariates, miss-
ing data can occur among individual level outcomes and covariates simultaneously. This
scenario is perhaps most commonly seen in practice. Van Buuren studied the scenario in
which missing data occur among individual level outcomes and covariates simultaneously,
and found multilevel MI to perform best, though still not ideal [31]. Another, more complex
setting to examine is a three-level model, such as a longitudinal cluster randomized trial,
which includes clusters, individuals per cluster, and measurements per individual. Further
investigation of appropriate approaches when missing data occur in different places among
clustered data is needed. Although it is possible to test between MCAR and MAR, it is
not possible to test between MAR and MNAR since the data are missing. For this reason,
it would be beneficial to examine the performance of approaches under departures from
the MAR assumption in future.

Based on our simulations, we recommend using the mixed model for missing cluster level
covariates when the ICC is small (ρ ≤ 0.1) and the percentage of missing data is low (≤
25%), as long as there are a large number of clusters. Otherwise, MI aggregate imputation
should be used to impute missing cluster level covariates, though caution should be taken if
the percentage of missing cluster level covariates is high. Mean and mode substitution are
not recommended as effective strategies to imputed missing cluster level covariates.



56

5 CONCLUSIONS AND FUTURE WORK

This dissertation explored statistical approaches related to handling missing data in CRTs.
I found that the majority of recently published CRTs reported some missing outcome data
in their primary analysis. These findings show that missing data is a common problem in
CRTs, and should be accommodated with appropriate statistical methods. I also found
that a few CRTs are reporting a sensitivity analysis for missing data, with only a fraction
of them weakening the missingness assumption from the primary analysis.

In order to promote carrying out a sensitivity analysis for missing data in CRTs, I pro-
posed an approach using the PMM framework to deal with missing data under the MNAR
assumption. I implemented multilevel MI and transformed imputed MAR values by mul-
tiplying them by a sensitivity parameter, k, to create imputed MNAR values. By doing
this, researchers can evaluate whether results due to differing missing data assumptions
are reasonable for their CRT.

Lastly, I investigated strategies for handling missing cluster level covariates under MAR,
including the linear mixed effects model, single imputation, single level MI ignoring cluster-
ing, MI incorporating clusters as fixed effects, and MI at the cluster level using aggregated
data. I found that the linear mixed effects model performed well when the ICC was low
(ICC ≤ 0.1) and the percentage of missing data was low (≤ 25%). When the ICC was
higher, (ICC > 0.1) MI at the cluster level using aggregated data performed best with 25%
missing data. None of the missing data strategies performed particularly well with 50%
missing cluster level covariates.

In the future, I plan to continue my work in missing data and CRTs. The PMM I proposed
to handle MNAR data in CRTs dealt with the simplest case of two time points, baseline
and follow-up. Assuming that all individuals were measured at baseline, there were only
two missing data patterns: those who were also measured at follow-up (non-responders)
and those who dropped out after baseline (non-responders). In practice, there can be
multiple post-baseline measurements in longitudinal CRTs, which makes the PMM more
complex due to the increased number of missing data patterns. Therefore, I plan to extend
the PMM approach for CRTs to handle multiple time points with missing data. I plan
to approach this scenario by first performing multilevel MI to impute missing outcome
observations under the MAR assumption. Imputations for missing observations will be
conditional on previous and subsequent measurements in order to utilize all informational
available. MAR imputed values will be multiplied by a specified k in order to transform
them into MNAR imputed values.

Another approach for the PMM is to use missing value restrictions, which imputes missing
data based on other missing data patterns. This technique has been extensively discussed
for longitudinal data, but has not yet been implemented when there is an added level of
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clusters. Little (1993) proposed three strategies to identify unknown parameters: complete
case missing value (CCMV), neighboring case missing value (NCMV), and available case
missing value (ACMV) [41]. CCMV uses data from those who completed the trial to impute
missing observations in other patterns. NCMV imputes missing observations by using data
from the next identified dropout pattern up. ACMV imputes missing observations by using
available data from individuals in higher identified patterns, which is equivalent to assuming
MAR. To extend these strategies in CRTs, multilevel MI can be used to impute missing
observations conditional on other dropout patterns. In the case of three measurements
y = (y1, y2, y3)

T , we define three dropout patterns: pattern 3 contains individuals who
completed the trial, pattern 2 contains the individuals with missing y3, and pattern 1
contains the individuals with missing y2 and y3. Under CCMV all missing observations
are imputed conditional on the observed data in pattern 3. Under NCMV, missing y3 for
individuals in pattern 2 are imputed conditional on data from pattern 3, the next pattern
up. For individuals in pattern 1, missing y2 and y3 are imputed conditional on pattern
2.

In my simulation study, my PMM models were specified in concordance with the generated
data. In the future, I plan to assess consequences of misspecifying the PMM model in CRTs
since it is not known whether the model is correctly specified in most circumstances. I plan
to do this by generating data from a true model that is different from the model used for
analysis, and evaluating how this affects parameters of interest and their corresponding
standard errors.

In my third paper, I examined the scenario of a single missing cluster level covariate in
multilevel data. In CRTs, missing data can occur in multiple roles simultaneously. For
example, along with missing cluster level covariates, missing data can also occur among
individual level outcomes and covariates. Since this scenario is perhaps more commonly
encountered among CRTs, I plan to investigate the performance of strategies when missing
data are present in multiple levels within the hierarchical structure. This will be done
by first generating multilevel data with both individual level and cluster level variables.
Missing data will be created in the cluster level covariate, individual level covariate, and
outcome under MAR. I will then compare the performance of missing data strategies such
as the mixed model, single level MI, fixed effects MI, and multilevel MI with respect to
bias, standard errors, and coverage of parameters of interest.



58

PRINCIPAL ABBREVIATIONS

CRT Cluster Randomized Trial
CV Coefficient of Variation
GEE Generalized Estimating Equation
GLM Generalized Linear Model
GLMM Generalized Linear Mixed Model
ICC Intracluster Correlation Coefficient
LOCF Last Observation Carried Forward
MAR Missing at Random
MCAR Missing Completely at Random
MI Multiple Imputation
MNAR Missing Not At Random
PMM Pattern Mixture Model
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ABSTRACT
Introduction: Cluster randomised trials (CRTs)
randomise participants in groups, rather than as
individuals, and are key tools used to assess
interventions in health research where treatment
contamination is likely or if individual randomisation is
not feasible. Missing outcome data can reduce power
in trials, including in CRTs, and is a potential source of
bias. The current review focuses on evaluating
methods used in statistical analysis and handling of
missing data with respect to the primary outcome in
CRTs.
Methods and analysis: We will search for CRTs
published between August 2013 and July 2014 using
PubMed, Web of Science and PsycINFO. We will
identify relevant studies by screening titles and
abstracts, and examining full-text articles based on our
predefined study inclusion criteria. 86 studies will be
randomly chosen to be included in our review. Two
independent reviewers will collect data from each study
using a standardised, prepiloted data extraction
template. Our findings will be summarised and
presented using descriptive statistics.
Ethics and dissemination: This methodological
systematic review does not need ethical approval
because there are no data used in our study that are
linked to individual patient data. After completion of
this systematic review, data will be immediately
analysed, and findings will be disseminated through a
peer-reviewed publication and conference presentation.

INTRODUCTION
Cluster randomised trials (CRTs) randomise
groups of participants to intervention arms,
as opposed to individual participants. CRTs
are frequently used in health research to min-
imise intervention arm contamination, or to
assess interventions that can only be carried
out at a cluster (eg, physician, centre) level.1 2

Cluster-level allocation generates several
issues for statistical analysis. Participants
cannot be assumed to be independent
because of the similarity among participants
within the same cluster. The intracluster cor-
relation coefficient (ICC) is the statistical

measure of this within-cluster dependence.
Suppose some variable y was measured on n
individuals divided into k clusters. The ICC,
ρ, is the proportion of variance due to clus-
tering, given by:

r ¼ s2
k

s2
k þ s2

e

where s2
k and s2

e denote the between-cluster
and within-cluster variances, respectively.
Ignoring clusters in the analysis can lead to
falsely low p values, overly narrow CIs, and
increased type I error rates.3 4

Missing data lead to a reduction of power,
compromise the benefits of randomisation
and are a potential source of bias. In prac-
tice, there will almost always be some missing
data.5 6 Recent reviews in individual rando-
mised trials have found that the majority
have missing outcome data.7–10 Missing data
mechanisms have been broadly categorised

Strengths and limitations of this study

▪ To our knowledge, this is the first systematic
review to evaluate statistical analysis and hand-
ling of missing outcome data in cluster rando-
mised trials (CRTs).

▪ The study uses prespecified search strategy,
study selection criteria and data extraction strat-
egy, which minimises the potential for bias
during the review process.

▪ Study selection criteria encompass a wide range
of CRTs including stepped wedge designs and
feasibility studies.

▪ Pilot testing will be performed on several trials
by three independent reviewers. Data collection
will be carried out by two independent reviewers
to ensure accuracy.

▪ The study is subject to potential selection bias.
Researchers who include terms such as ‘cluster
randomised’ in the title or abstract may be more
likely to follow the CONSORT statement com-
pared with trials that do not include these terms.
Researchers who do not realise their trials are
CRTs are likely to use less robust methods.
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into the following three classes. Data are said to be
missing completely at random (MCAR) if the reason for
a missing observation is unrelated to observed values of
the outcome and covariates. MCAR is a strong assump-
tion and unlikely in most trials. A more reasonable
assumption is missing at random (MAR), where missing-
ness does not depend on the unobserved data, condi-
tional on the observed data. Lastly, data are considered
missing not at random if missingness depends on the
unseen value of that observation even after conditioning
on fully observed data.6 11

Several reviews have been published regarding
CRTs.12–22 Most have reported inadequate accounting
for clustering in sample size and analysis. One review of
CRTs published in 2011 focused on imputation techni-
ques with respect to handling missing data and did not
discern between missing covariates or outcomes.23

Modelling approaches can differ based on whether out-
comes or covariates are missing: if covariates are missing,
multiple imputation (MI) or an unadjusted model can
be used. If outcomes are missing, maximum likelihood
estimation using mixed models, for example, can
provide unbiased estimation in certain cases (see
below). Additionally, there was no distinction of whether
trials used a complete case analysis, generalised estimat-
ing equations (GEE) or mixed models with respect to
handling missing data in the primary analysis.
Distinguishing between these methods is important, as
they may provide valid estimates under certain missing
data assumptions. Our objective is to provide a compre-
hensive review of analytical approaches for handling
missing outcome data in CRTs. The primary aims of our
review are to evaluate approaches used to analyse
primary outcome data in CRTs and investigate methods
used to handle missing outcome data in primary and
sensitivity analysis. As a secondary aim, we will evaluate
methods for achieving balance in CRTs by examining
the proportions of CRTs that use stratification, matching
or minimisation.

METHODS
Our systematic review will investigate statistical analyses
and missing data strategies used in CRTs. This section
contains an introduction of commonly used statistical
approaches and missing data methods used for analysing
clustered data, followed by a detailed description of our
methodological strategy based on guidelines from the
Preferred Reporting Items for Systematic Reviews and
Meta-Analysis (PRISMA) statement.24

Statistical approaches for analysing CRTs
Two standard approaches to analyse CRTs include ana-
lysis at the cluster level and analysis at the individual
level. Cluster-level analysis involves reducing all observa-
tions within a cluster to a single summary measure, such
as a cluster mean or proportion. Standard statistical tests
(eg, t tests, linear regression models) can then be

performed since each data point can now be considered
independent.4 25 Even though cluster-level analysis
solves the problem of dependent data, reducing observa-
tions to single summary statistics leads to a reduction in
sample size and as a result, statistical power. Modelling
techniques incorporating individual-level covariates in
cluster-level analysis, such as generalised linear mixed
models (GLMM) and GEE, have also been devel-
oped.26 27 GEE and GLMM explicitly involve intracluster
correlation in the modelling process, which enables a
more realistic model of the clustered data. An advantage
of these types of models is the ability to control for con-
founding at the individual level and reduce bias.
However, drawbacks of this approach are that they are
more computationally intensive and require a higher
sample size of relatively large clusters.25 28

Missing data methods in CRTs
Common approaches for handling missing outcome
data include complete case analysis, single imputation,
MI and model-based analysis. Complete case analysis
excludes participants with missing data and is valid (pro-
duces unbiased estimates) if missingness is independent
of the outcome, given covariates.29 Single imputation
strategies fill-in missing data with a single value, thereby
underestimating uncertainty. Under the MAR assump-
tion, MI takes into account uncertainty by replacing
each missing value with a set of possible values to create
multiple imputed data sets. However, most implementa-
tions are single level, ignoring the hierarchical data
structure of CRTs. Multilevel MI reflects the lack of inde-
pendence found within clusters due to the multilevel
structure of CRTs.30 31 Model-based methods include
linear mixed models, valid for MAR data, if the model is
specified correctly, and GEE, which is valid under the
stronger MCAR assumption as long as there are a large
number of clusters.28 32 Inverse probability weighting
(IPW) is used to make a valid complete case analysis
under MAR by weighting complete cases with the
inverse of their probability of having data observed.33

The IPW approach is relatively simple to carry out when
missing values have a monotone pattern and can be
applied to GEE. However, there is possible instability
when weights are extremely large, which can lead to
biased estimates and high variance in small samples.6

Search strategy
CRTs published in English between August 2013 and July
2014 will be sought. Two authors (MF and SH) will system-
atically search for CRTs indexed in the following electronic
bibliographic databases: PubMed, Web of Science (all
databases) and PsycINFO. The search strategy will include
the terms “cluster randomized [randomised]”, “cluster
and trial”, “community trial”, “community randomized
[randomised]” or “group randomized [randomised]”
found in titles and abstracts. An example of our search
strategy including search terms is found in online supple-
mentary file 1.
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Inclusion and exclusion criteria
We will include all CRT designs, including stepped wedge
trials.34 We will exclude protocols of trials, observational
studies, secondary reports of trials, studies in which no
data were collected at the individual level and quasi-
experimental cluster designs. Trials with survival outcomes
will also be excluded, as missing time-to-event data are
handled quite differently to other types of outcome data.

Study selection
Two independent reviewers (MF and SH) will identify eli-
gible studies using the search strategy. All studies will be
imported using EndNote (EndNote X6, Thomson
Reuters, New York, USA). The reviewers will remove dupli-
cates and go through titles and abstracts to identify eligible
studies. Full-text articles will be retrieved if the reviewer
identified the article to answer ‘yes’ or ‘unclear’ to all
selection criteria. The reviewers will collect and evaluate
the full text article, and identify relevant studies based on
study inclusion criteria. Reviewers will keep track of the
number of studies excluded from each screening step.

Sample size
We hypothesise 90% of trials having some missing
outcome data. We estimate that a sample size of 86
papers will result in a margin of error of 6 percentage
points (95% CI 84 to 96).

Data extraction strategy
Pilot testing of coding will be carried out with both
reviewers (MF and SH) and the senior author (MLB). All
piloted papers will be included in the review. Two inde-
pendent reviewers (MF and SH) will collect data from
each study using a standardised, prepiloted data extraction
template. Disagreements over the eligibility or data extrac-
tion of particular studies will be handled by consensus or a
third reviewer where consensus was not achieved.
Extracted information will include: general informa-

tion ( journal, author, date of publication, pilot/feasibil-
ity study or stepped wedge); characteristics of the
primary outcome (type of outcome, how often outcome
was collected, how outcome was treated in the primary
analysis); characteristics of study participants (unit or
randomisation, stratification/matching/minimisation
used, number of clusters randomised, total number of
participants randomised, response rate at time period of
primary analysis, if survey data); details of sample size
calculation (accounted for clustering in calculation,
reported ICC or coefficient of variation (CV), accounted
for missing outcome data in calculation, reported attri-
tion rate in sample size calculation); primary analysis
(statistical method used in primary analysis, adjustment
(unadjusted, adjusted for design variables such as stratifi-
cation, adjusted beyond stratification variables), cluster-
ing accounted for in analysis, observed ICC or CV, GEE
correction type); information on missing data (number
(and proportion) of clusters with missing outcome,
number (and proportion) of participants with missing

outcome, reasons for missing data, method to handle
missing data in primary analysis and sensitivity analysis).
If any of the items were unclear, including the amount
of missing data and method used to handle missing
data, we specified it as ‘unclear’. Specific details on data
items, including relevant coding used during the data
extraction process and definitions, are given in online
supplementary file 2.

Method of analysis
Our analysis strategy follows closely after reviews by Wood
et al7 and Bell et al,10 which both assessed missing out-
comes in individually randomised trials. We will present a
synthesis of the findings by first describing characteristics
of the primary outcome and study participants of the
included studies. We will then calculate the proportion of
trials reporting some missing data at the individual and
cluster level. This will be determined from flow diagrams
or text with respect to follow-up of clusters and individuals.
Of those who reported some missing data, we will calculate
the proportion of trials that carried out complete case ana-
lysis, single imputation, MI, GEE or a mixed model to
handle missing data in the primary analysis. Similar com-
putations for trials that report sensitivity analysis for
missing data will also be performed. We will quantify the
number of trials that weakened the missingness assump-
tion of their primary analysis to perform their sensitivity
analysis as suggested by the Panel on Handling Missing
Data in Clinical Trials, recently commissioned by the
National Research Council.6

To evaluate prevention and planning, we will record
whether sample size calculations were reported and if
trials accounted for clustering and missing data. We will
describe the details of analysis of primary outcomes and
compare observed versus expected attrition rates and
ICCs (or CVs). Quality of trials will not be assessed.

DISCUSSION
To our knowledge, this is the first systematic review to
evaluate statistical analysis and handling of missing
outcome data in CRTs. We have a prespecified search
strategy, study selection criteria and data extraction strat-
egy. Systematic reviews are complicated and require jud-
gements that should not rely on conclusions of the
studies included in the review.35 By predefining our
methodology, we are minimising the potential for bias
during the review process. Additionally, our study selec-
tion criteria encompass a wide range of CRTs including
stepped wedge designs and feasibility studies. Pilot
testing will be performed on several trials by three inde-
pendent reviewers. Data collection will be carried out by
two independent reviewers to ensure accuracy.
A limitation of this systematic review is the difficulty in

identifying CRTs since many do not use the term ‘cluster’
in the title or abstract. In an effort to alleviate this issue, we
will use other commonly used terms for cluster randomisa-
tion including ‘community randomised’ or ‘group
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randomised’. This allows us to reach a wider range of trials
that may have been missed otherwise.
Furthermore, our systematic review is subject to poten-

tial selection bias. Researchers who include terms such
as ‘cluster randomised’ in the title or abstract may be
more likely to follow the CONSORT statement com-
pared with trials that do not include these terms.36

Researchers who do not realise their trials are CRTs are
likely to use less robust methods.
Language bias may be introduced since we have

limited our search to CRTs published in the English
language.
Including studies with survival outcomes may influence

missing data rates since participants are censored at
dropout. We did not consider CRTs of which the primary
outcome was survival because different statistical issues
arise in comparison to trials with non-survival outcomes.
This review will allow us to examine current statistical

methods used in practice with respect to missing out-
comes in CRTs. Based on our results, we will be able to
make recommendations for areas where reporting and
conduct may need improvement.
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Abstract

Background: Cluster randomized trials (CRTs) randomize participants in groups, rather than as individuals and are
key tools used to assess interventions in health research where treatment contamination is likely or if individual
randomization is not feasible. Two potential major pitfalls exist regarding CRTs, namely handling missing data and
not accounting for clustering in the primary analysis. The aim of this review was to evaluate approaches for
handling missing data and statistical analysis with respect to the primary outcome in CRTs.

Methods: We systematically searched for CRTs published between August 2013 and July 2014 using PubMed, Web
of Science, and PsycINFO. For each trial, two independent reviewers assessed the extent of the missing data and
method(s) used for handling missing data in the primary and sensitivity analyses. We evaluated the primary analysis
and determined whether it was at the cluster or individual level.

Results: Of the 86 included CRTs, 80 (93 %) trials reported some missing outcome data. Of those reporting missing
data, the median percent of individuals with a missing outcome was 19 % (range 0.5 to 90 %). The most common
way to handle missing data in the primary analysis was complete case analysis (44, 55 %), whereas 18 (22 %) used
mixed models, six (8 %) used single imputation, four (5 %) used unweighted generalized estimating equations, and
two (2 %) used multiple imputation. Fourteen (16 %) trials reported a sensitivity analysis for missing data, but most
assumed the same missing data mechanism as in the primary analysis. Overall, 67 (78 %) trials accounted for
clustering in the primary analysis.

Conclusions: High rates of missing outcome data are present in the majority of CRTs, yet handling missing data in
practice remains suboptimal. Researchers and applied statisticians should carry out appropriate missing data
methods, which are valid under plausible assumptions in order to increase statistical power in trials and reduce the
possibility of bias. Sensitivity analysis should be performed, with weakened assumptions regarding the missing data
mechanism to explore the robustness of results reported in the primary analysis.

Keywords: Cluster randomized trials, Missing data, Dropout, Sensitivity analysis

Background
In cluster randomized trials (CRTs), groups of partici-
pants, rather than individuals, are randomized to interven-
tion arms. CRTs are often adopted to reduce treatment
contamination or if individual randomization is unsuitable
and are an increasingly popular approach in comparative
effectiveness research [1–4]. In cluster-level allocation,
participants cannot be assumed as independent because of

the similarity among participants within the same cluster
or cluster characteristics, leading to intracluster correl-
ation, or equivalently, between-cluster variation [3]. Two
potential pitfalls with respect to CRTs are handling miss-
ing data and not accounting for clustering in the primary
analysis.
Missing data decreases power and precision and can

lead to bias by compromising randomization. For ex-
ample, treatment arm imbalance with respect to missing
data is likely to introduce bias when the outcome is re-
lated to the reason for patient withdrawal. Even if missing
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outcome data are balanced across treatment arms, differ-
ing reasons for the missing outcome can cause bias [5].
Reviews of individually randomized controlled trials have
discovered that most trials have some missing outcome
data [6, 7]. Few reports have discussed missing data in
CRTs, despite its high likelihood and the recognition that
it poses a serious threat to research validity, as discussed
by the National Research Council and the Patient Cen-
tered Outcomes Research Institute [5, 8].
Missing data mechanisms are commonly classified into

the following three categories. Data are considered to be
missing completely at random (MCAR) if missingness is
independent of the observed outcomes and covariates.
MCAR is a strong assumption and is not likely in most
clinical trials. A more sensible assumption is missing at
random (MAR), where missingness does not depend on
unobserved data after conditioning on the observed data.
Data are termed missing not at random (MNAR) if miss-
ingness is dependent on unobserved data values even
after conditioning on fully observed data [9, 10].
The most common approach for handling missing out-

come data is a complete case analysis, which excludes in-
dividuals with missing data. This approach yields unbiased
estimation if missingness is independent of the outcome,
given the covariates [11]. Additional approaches include
imputation (single and multiple) and model-based
methods. Single imputation strategies, such as the popular
last observation carried forward (LOCF) used in longitu-
dinal studies, or mean substitution, replaces missing data
with a single number, which underestimates uncertainty
[12, 13]. LOCF also makes unlikely assumptions about an
individual’s trajectory and can lead to either under- or
overestimation of treatment effects [14].
Under the MAR assumption, multiple imputation (MI)

considers uncertainty by filling in missing data from a dis-
tribution of likely values. Analysis is performed on each
dataset and the results combined using specified algo-
rithms. Most implementations of MI are single level, ignor-
ing the multilevel structure of CRTs. Multilevel MI
incorporates the lack of independence found within clusters
due to the hierarchical data structure found in CRTs [15].
Likelihood based mixed models are valid for MAR

data if the model is specified correctly, while unweighted
GEE are valid under MCAR if there are a large number
of clusters [16, 17]. In order to make a valid complete
case analysis under the MAR assumption, inverse prob-
ability weighting (IPW) weights complete cases with the
inverse of their probability of being observed [18]. Al-
though IPW is relatively simple to perform with mono-
tone missing data, it is prone to large weights, which
cause unstable estimates and high variance [10].
The second difficulty regarding CRTs is accounting for

clustering in the primary analysis. Ignoring clustering
can lead to confidence intervals that are too narrow and

increased type I error rates [19, 20]. In order to account
for clustering, analysis can be performed at the cluster
level or at the individual level. Cluster-level analysis re-
duces observations within a cluster to an aggregate value
and then analyzes each independent data point [20, 21].
Although cluster level analysis alleviates the issue of
dependent data, reducing all observations within a cluster
to a single summary measure decreases the sample size
and power. Analyses at the individual level using general
linear models (GLMs) account for non-independent ob-
servations within clusters through robust standard errors
or adjust using the design effect, an inflation factor used
to achieve the same power of an individually randomized
trial [22]. Modeling techniques such as generalized esti-
mating equations (GEE) [23] and mixed models [24] expli-
citly involve intracluster correlation in the modeling
process, which enables a more realistic model of the clus-
tered data [24, 25]. Although these models can reduce
bias by controlling for confounding at the individual
level, they require a higher sample size of a large
number of clusters [1, 17, 21].
There have been several reviews on methodological

aspects of CRTs (see for example, Simpson et al. [26]
and Campbell et al. [27], and the references therein).
Diaz-Ordaz et al. [28] reviewed the imputation methods
used to handle missing data in CRTs but did not distin-
guish whether a complete case analysis, GEE, or mixed
model was used to handle missing data in the primary
analysis, as these approaches provide valid estimates
under differing missing data assumptions. Thus, our ob-
jective was to provide a comprehensive review of how
missing data are being dealt with in CRTs. The primary
aims of our review were to accomplish the following:

1. Identify the proportion of CRTs with missing data at
the cluster and individual level.

2. Examine the analytical approaches for the primary
analysis to find out whether
a. whether missing data had been accommodated

and
b. whether clustering had been accounted for.

3. Identify the proportion of CRTs reporting a
sensitivity analysis for missing data.

Secondary aims included assessing the techniques for
achieving balance in CRTs (stratification, matching, or
minimization), the differences between observed and ex-
pected attrition rates, and the intracluster correlation.

Methods
This study was a systematic review of a sample of CRTs
published between August 2013 and July 2014. Our meth-
odological strategy was based on guidelines from the
Preferred Reporting Items for Systematic Reviews and
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Meta-Analysis (PRISMA) statement (See Additional file 1
for compliance details) [29]. We have reported a detailed
protocol for this study elsewhere [30].

Eligibility criteria
Eligible studies were restricted to CRTs published in
English between August 2013 and July 2014. We included
all types of CRTs with human participants, including
stepped wedge trials that were reported in the databases
listed below [31, 32]. We excluded trial protocols, non- or
quasi-experimental designs, secondary trial reports, cost-
effectiveness reports, and studies where no individual-level
data were collected. We also excluded trials where the pri-
mary outcome was survival, as time-to-event analyses han-
dle censored data differently than other types of data.

Literature search and study selection
Two authors (MF and SH) electronically searched for
studies found in PubMed, Web of Science (all databases),
and PsycINFO. Titles and abstracts were searched con-
taining the terms “cluster randomized [randomised],”
cluster and trial, “community trial,” “community random-
ized [randomised],” or “group randomized [randomised].”
Two independent reviewers (MF and SH) screened titles
and abstracts, removed duplicates, and screened full texts.
Both reviewers (MF and SH) and the senior author

(MB) performed pilot testing of the data extraction form.
All papers used for piloting were included in the system-
atic review. The reviewers extracted data from each trial
using a standardized, pilot-tested form. Disagreements
over study eligibility or data extraction were resolved by
discussion or with the assistance of a third reviewer
(MB) when needed.

Sample Size
Based on previous literature, it was estimated that about
90 % of trials would report some missing outcome data
[6, 7]. Using the formula for a 95 % confidence interval
(CI) for a proportion, we estimated that a sample size of
86 papers would result in an acceptable 95 % CI for the
hypothesized 90 % of studies having some missing out-
come data (95 % CI of 84 to 96).

Analysis
We defined the number of clusters (and participants) in
each trial as the number of clusters (and participants) at
randomization. We computed the average number of
participants per cluster by dividing the number of partic-
ipants by the number of clusters.

Description and handling of missing data
We evaluated the degree of missing data and the
method(s) for handling missing data in the primary ana-
lysis for each trial. The primary analysis was defined as

the main analysis of the primary outcome. When multiple
primary outcomes were reported, we used the first out-
come listed in the methods section. For primary outcomes
measured repeatedly, we used the final follow-up time
point to calculate the missing proportion, unless a differ-
ent time point was specified for the primary analysis.
The proportion of clusters with a missing outcome was

calculated as the number of entire clusters with a missing
outcome (generally due to the entire cluster dropping out)
divided by the number of clusters randomized. Clusters
that were randomized but failed to recruit were consid-
ered missing. A similar calculation was carried out for the
proportion of participants with a missing outcome. In
cases where an entire cluster dropped out, the missing
data rate was included in our calculation of missing partic-
ipants. If the trial had longitudinal data, we calculated the
missing rate at the last time point or time point of the pri-
mary analysis if specified. Of those who reported some
missing data, we identified the statistical methods used to
handle missing data, classified into the following categor-
ies: complete case, single imputation (such as worst case
or LOCF), MI (single level or multilevel), GEE, mixed
model or IPW. Technically, mixed models and GEE are
considered complete case analyses. However, we make the
distinction because these are model-based methods.
Mixed models are valid under MAR, and GEE can be
modified to be valid under MAR. We also reported
methods for missing data for trials indicating greater than
or less than 10 % missing data at the individual level. We
indicated that a trial presented a sample size calculation if
there was enough detail for replication. We recorded
whether sample size calculations accounted for missing
data, and compared observed and expected attrition rates
with the mean absolute difference. If a range was reported
for attrition rates, we used the upper bound.

Sensitivity analysis for missing data
We computed the number of trials that reported perform-
ing a sensitivity analysis and determined the method(s)
used to deal with missing data in any sensitivity analysis.
Sensitivity analysis was defined as any analysis performed
to assess the robustness of the primary results due to
changes in assumptions regarding missing outcome data.
We also reported methods for sensitivity analysis for trials
indicating greater than or less than 10 % missing data at
the individual level. We quantified the number of trials
that weakened the missingness assumption of their
primary analysis (MCAR→MAR→MNAR) to perform
their sensitivity analysis as suggested by the Panel on
Handling Missing Data in Clinical Trials [10].

Accounting for clustering in the primary analysis
For each trial, we calculated the proportion of CRTs per-
forming an individual-level or cluster-level analysis and
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whether the analysis accounted for clustering. Individual
level analyses were categorized into the following
groups: basic inferential test (such as t-test or chi-
square)/GLM (such as linear or logistic regression),
GEE, or mixed model. The analysis accounted for clus-
tering if the basic inferential test or GLM obtained ro-
bust standard errors or was adjusted using the design
effect, if GEE introduced an exchangeable correlation
structure for clusters, or if the mixed model used clusters
as a random effect. Basic inferential tests/GLMs could also
be carried out as a cluster-level analysis. We examined
whether the primary analysis was unadjusted, adjusted for
baseline variables, adjusted for balance variables such as
stratification, or adjusted for additional covariates.
The intracluster correlation coefficient (ICC) measures

the degree of similarity among responses within a cluster
and is defined as the proportion of total variance due to
between-cluster variation. The coefficient of variation
(CV) is an alternate measure of between-cluster variabil-
ity and is defined by the ratio of the standard deviation
of cluster sizes to the mean cluster size [3]. We recorded
whether trials accounted for clustering in sample size
calculations and compared the observed and expected
ICCs (or CVs) with the mean absolute difference. If a
range was reported for the ICC (or CV), we used the
upper bound.

Results
We identified 3,674 records through our electronic data-
base search after removing 2,164 duplicates. We
screened 1,510 of the remaining records, of which, 1,049
were excluded, based on titles or abstracts, as not meet-
ing our eligibility criteria. We examined the full texts of
the remaining 461 trials and excluded a further 59 trials,
as they did not meet eligibility criteria. Of the 402 eli-
gible reports, we used six for piloting and randomly se-
lected 80 others, thereby including 86 trials in the
analyses (Fig. 1). The full list of the included studies is
given in Additional file 2.
Table 1 presents the general characteristics of the in-

cluded trials. In total, the median number of clusters
randomized was 24, with a range of 2 to 1,552. Three
trials were unclear in the number of clusters random-
ized. The median number of individuals included was
688, with a range of 49 to 117,100. The average number
of individuals per cluster ranged from 1 to 1,105. Of the
65 trials that collected the outcome repeatedly, 36
(55 %) used all of the information in the primary analysis
by treating the outcome as a repeated measurement,
while 29 (45 %) were analyzed at a single time point.
Forty-four (51 %) trials used balance techniques to en-
sure balance after randomization. Stratification was the
most common method (27, 61 %), a subset of which also
used matching (1) and minimization (1). Fourteen

(32 %) of the trials carrying out balance methods used
matching, and three (7 %) used minimization.

Description and handling of missing data
Twenty-seven (31 %) trials reported having whole clus-
ters missing in the primary analysis (Table 2). Of these,
the median amount of clusters missing was 7 %, with a
range of 0.8 to 51 %. Three trials had an unclear number
of clusters missing. Reasons for whole clusters missing
included closures, natural disasters, a lack of eligible par-
ticipants, and an inability to retrieve data. Figure 2 dis-
plays the proportions of included individuals with
missing outcomes. Eighty (93 %) trials reported having
some missing data at the individual level. Of these trials,
the median amount of missing individual level data was
19 %, with a range of 0.5 to 90 %. Eight trials were un-
clear in the amount of individual-level missing data. Of
the trials reporting some missing data, 61 (76 %) re-
ported reasons for individuals missing, two (2 %) re-
ported missing data due to missing covariates in the
adjusted analyses, and 17 (22 %) were unclear or did not
report reasons for individuals missing.
The most common approach for handling missing data

in the primary analysis was a complete case analysis (44,
55 %) (Table 3). Eighteen (22 %) trials used mixed
models. Six (8 %) carried out single imputation methods:
three used worst-case imputation, two used LOCF, and
one used baseline observation carried forward. Four
(5 %) trials used unweighted GEE. Two (2 %) trials per-
formed MI, although neither used multilevel methods. A
MAR assumption for the primary analysis was made in
20 (25 %) of the trials with missing data.
Of the 58 trials reporting more than 10 % missing data

at the individual level, 31 (53 %) used complete case ana-
lysis, 17 (29 %) used mixed models, five (9 %) used single
imputation, two (3 %) used MI, and three (3 %) used
methods that were unclear. Of the 14 trials reporting
less than 10 % missing data at the individual level, 10
(71 %) used complete case, three (21 %) used un-
weighted GEE, and one (7 %) used single imputation.
Sixty (70 %) trials presented a sample size calculation,

of which 28 (47 %) accounted for missing data via sam-
ple size inflation. Twenty-six of these trials accounted
for missing data at the individual level, either by dividing
by (1 - the estimated dropout rate) or multiplying by (1
+ the estimated dropout rate). Two trials also accounted
for missing data at the cluster level by including extra
clusters in each trial arm. Two trials mentioned sample
size inflation but were unclear if they accounted for
missing data at the cluster or individual level. Of the 21
trials that reported an expected and observed attrition
rate, one trial estimated a higher attrition rate than ob-
served, whereas 20 (95 %) estimated lower attrition rates
than observed. The mean absolute difference in observed
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attrition rate and expected was 9 % with a range of
0.1 to 23 %.

Sensitivity analysis for missing data
Fourteen (16 %) trials reported a sensitivity analysis for
missing data (Table 4), all of which reported more than
10 % missing data at the individual level. Of these, five
(36 %) used MI (none of which used multilevel strat-
egies), four (29 %) used single imputation, three (21 %)
used a complete case analysis, one (7 %) used a mixed
model, and one (7 %) used a mixed model with IPW.
Only five trials weakened the missingness assumption

of the primary analysis to carry out their sensitivity ana-
lysis by assuming MCAR in the primary analysis and
MAR in the sensitivity analysis. These five trials all used

a complete case analysis as the primary analysis. For the
sensitivity analysis, three of these trials used MI, one
used a mixed model, and one used a mixed model with
IPW. None of the trials reported using MNAR models.

Accounting for clustering in the primary analysis
The overwhelming majority of trials carried out an
individual-level analysis as the primary analysis (83, 97 %).
Mixed models were the most popular primary analysis
used for CRTs (45, 52 %). Forty-three (96 %) of these trials
accounted for clustering by adding cluster as a random ef-
fect, one trial was unclear, and one did not use cluster as a
random effect. Of the 22 (26 %) trials performing an indi-
vidual level basic inferential test or GLM, seven accounted
for clustering via robust standard errors or design effect
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Fig. 1 Flow diagram of the study selection process for the sample of 86 cluster randomized trials included in the review
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adjustment. Fourteen (16 %) trials used GEE, with all of
them accounting for clustering by using an exchangeable
correlation structure. Of these, one reported estimating
standard errors of parameters using the jack-knife method
because the number of clusters was small [33]. One (1 %)
trial carried out a descriptive analysis as the primary ana-
lysis and did not account for clustering (Table 5). Four
(5 %) trials carried out a basic inferential test or GLM at
the cluster level. Overall, 68 (79 %) trials accounted for
clustering in the primary analysis.
Thirty-four (40 %) trials carried out an unadjusted ana-

lysis, whereas five (6 %) adjusted for balance variables only
(stratification, matching, or minimization), and eight (9 %)
adjusted for baseline outcome only (sometimes referred to
as analysis of covariance (ANCOVA)). Thirty-nine (45 %)
trials adjusted for additional covariates beyond balance

variables in the primary analysis, with four of them also
adjusting for baseline values of the outcome.
Forty-six (77 %) trials reported accounting for cluster-

ing in their sample size calculations, with 41 reporting
an expected ICC or CV (two trials). Of the 13 trials that
reported an expected and observed ICC, seven (54 %)
trials estimated larger ICCs than observed, whereas six
(46 %) estimated lower ICCs than observed. The mean
absolute difference in the observed and expected ICC
was 0.1, with a range of 0.01 to 0.42.

Discussion
We performed a systematic review to assess how missing
outcome data are being handled in CRTs. Of the 86 in-
cluded CRTs, most reported some missing outcome data
in the primary analysis. Among those that reported
missing data, the median proportion of individuals with
a missing outcome at the primary analysis was 19 %. Six-
teen percent of the trials carried out a sensitivity analysis
for missing data, with all of them reporting more than
10 % missing data. Only a third of these trials weakened
the missingness assumption from the primary analysis.
Observed missing data rates generally exceeded

expected rates, which means that researchers are not
accounting enough for attrition in sample size calcula-
tions or adequately following up on participants. Fur-
thermore, only about half (55 %) of the trials with
repeated measurements used all of the outcome data in
the primary analysis. Reducing repeated data to a single
time point often generates a strong MCAR assumption
and may reduce power. Even if the primary outcome of
interest is at a particular time point, previous literature
has shown that utilizing all of the information collected
can minimize bias due to missing data [34].
The amount of detail in sample size calculations varied

widely across trials. A few did not provide enough detail
for us to indicate that a sample size calculation was per-
formed before data collection. For example, one trial
stated “sample size calculations showed 382 participants
were needed.” [35] Furthermore, accounting for clus-
tered data in sample size calculations differed among tri-
als. One trial arbitrarily chose to increase the sample
size by 30 % to account for clustering [36]. One trial
stated that clustering was not accounted for in the sam-
ple size calculation because cluster sizes were expected
to be small and within-cluster comparisons were not
considered to be clinically meaningful [37].
Along with missing individuals, missing data can also

occur at the cluster level. The removal of entire clusters
with the usual solution of complete case analysis is
wasteful and could lead to biased estimates depending
on the missing data mechanism [38]. We did not find
any studies that performed MI appropriate for clustered
data (multilevel MI). Some strategies that have been

Table 2 Proportion of clusters with missing outcome at the
primary analysis among the 86 trials included in the review

N (%)

None 59 (69)

<10 % 14 (16)

>10 % 10 (12)

Unclear 3 (3)

Table 1 General characteristics of the 86 randomly selected
cluster randomized trials published from August 2013 to July
2014

N (%)

Stepped wedge 4 (5)

Pilot/feasibility 4 (5)

Type of outcome

Quantitative 41 (48)

Binary 37 (43)

Count 8 (9)

How often outcome
was collected

Single 21 (24)

Repeated 65 (76)

How outcome was treated in the primary analysis

Single 50 (58)

Repeated 36 (42)

Balance methods used in randomization

Stratification 27 (31)a

Matching 14 (16)

Minimization 3 (3)

None 42 (49)

Presented sample size calculation 60 (70)
aOne trial also used matching, and another trial also used minimization
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proposed to accommodate missing data in the multi-
level setting, but none have been put to widespread use
[15, 39–41].
In comparison to Diaz-Ordaz et al.’s [28] review, we

found a higher proportion of trials reporting missing
data at the cluster (28 % versus 18 %) and individual
levels (93 % versus 48 %). This may be due to differences
in definitions of missing data or because Diaz-Ordaz was
not able to verify the amount of missing data in 31 % of
the trials. We observed a similar median cluster attrition
rate (7 % versus 10 %) and a slightly higher median indi-
vidual attrition rate (19 % versus 13 %). Of the 95 trials
with missing data, Diaz-Ordaz et al. found 66 % of the tri-
als reporting a complete case analysis, GEE, or likelihood-
based hierarchical/mixed model, whereas 18 % used single
imputation and 6 % used MI. Lastly, we found a slightly
higher proportion of trials reporting a sensitivity analysis
for missing data (16 % versus 11 %). Compared to Bell et
al.’s [7] review of 77 individually randomized controlled
trials from 2013, we found a similar proportion of trials
reporting missing data (93 % versus 95 %). However,
CRTs were subject to higher individual level missing
data rates (median 19 %, up to 90 %) compared to
individually randomized trials (median 9 %, up to

Table 3 Handling of missing data in primary analysis among
the 80 trials who reported missing outcome data

Methods <10 %
missing

>10 %
missing

Unclear Total

N = 14 N = 58 N = 8 N = 80

Complete case 10 31 3 44 (55)

Single imputation

Worst-case 1 2 0 3 (4)

LOCF 0 2 0 2 (2)

Baseline observation
carried forward

0 1 0 1 (1)

Multiple imputation 0 2 0 2 (2)

GEE (unweighted) 3 0 1 4 (5)

Mixed model/
hierarchical/multilevel

0 17 1 18 (22)

Othera 0 0 1 1 (1)

Unclear 0 3 2 5 (6)

Abbreviations: LOCF, last observation carried forward; GEE, generalized
estimating equation
aOne trial excluded participants who dropped out or had no baseline value;
for those who participated at both time points, the LOCF was carried out for a
missing primary outcome

Fig. 2 Distribution of the percentage of individuals with a missing outcome for the 86 trials included in the review
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70 %). Compared to the individually randomized
trials, we found a higher proportion using complete
case analysis (55 % versus 45 %) and mixed models
(22 % versus 15 %). Furthermore, we found a similar
proportion using GEE (4 % versus 5 %) and a lower
proportion using single imputation (8 % versus 27 %)
and MI (2 % versus 8 %)
More sophisticated methods are being used. Com-

pared to a review conducted by Simpson et al. [26] of 21
CRTs from 1990 to 1993, the proportion of trials that
took clustering into account in the primary analysis in-
creased over time (57 % to 78 %). In comparison with
Scott et al.’s [42] review of 150 individually randomized
trials in 2001, we found a higher percentage of CRTs
using stratification (31 % versus 13 %) and a similar per-
centage using minimization (3 % versus 4 %) compared
to individually randomized trials.

Our study has several strengths. Eligible studies were
all CRT designs, including the stepped wedge and feasi-
bility studies. In order to minimize the potential for bias
during the review process, we had pre-specified search,
study selection, and data collection strategies, all of
which were carried out by two independent reviewers.
We did not limit our sample space to journals with a
high impact factor, thereby increasing generalizability.
Three independent reviewers performed pilot testing on
several trials to create a standardized data collection
template. Our study has limitations as well. For example,
we only chose CRTs published in English, which may re-
sult in selection bias. It was difficult to identify all CRTs
because many do not include “cluster” as a term in the
title or abstract. However, our search strategy included
other frequently used terms for cluster randomization
such as “community randomized” and “group random-
ized.” Still, our review may have some selection bias, as
researchers who do not realize their studies are cluster
randomized might not follow the CONSORT guidelines,
include terms such as “cluster randomized” in the title
or abstract, or use robust techniques [27]. Additionally,
we took a random selection of the eligible CRTs, as it
was not feasible to review all 402 studies. As with any
sample, this one may not be representative of the true
population. However, a random selection minimizes the
possibility of non-representativeness. Furthermore, we
may have underestimated the amount of missing data
because we used the CONSORT flow diagram, which
may primarily report outcome sample size only. It is
possible that missing covariates in regression models re-
sulted in additional missing data and actual smaller sam-
ple sizes. Although some trials adjusted for additional
covariates beyond balance variables, nearly all were base-
line covariates such as age and gender.
In conclusion, missing data are present in the majority

of CRTs, yet handling missing data in practice remains
suboptimal. Appropriate methods to handle missing
clustered data, particularly under the MAR assumption,
should be made more accessible by methodological stat-
isticians. For example, providing appropriate software
may increase the use of such methods [43]. Moreover,
researchers and applied statisticians should keep up-to-
date with such methods in order to increase statistical
power in trials and reduce the potential for bias. Thus,
we present the following recommendations for CRTs: (1)
attempt to follow up on all randomized clusters and in-
dividuals in order to limit the extent of missing data, (2)
perform a primary analysis that is valid under a plausible
missingness assumption and that uses all observed data,
(3) perform sensitivity analyses that weaken the missing
data assumption to explore the impact of departures
made in the primary analysis, and (4) follow the CON-
SORT extension for cluster trials statement to ensure

Table 5 Primary analysis in 86 cluster randomized trials

Accounted for clusteringa Total

Primary Analysis Yes No N (%)

N (%) N (%)

Individual level:

Basic inferential test/GLM 7 (32) 15 (68) 22 (26)

GEE 14 (100) 0 (0) 14 (16)

Mixed model 43 (96) 2 (4)b 45 (52)

Otherc 0 (0) 1 (100) 1 (1)

Cluster level:

Basic inferential test/GLM 4 (100) 0 (0) 4 (5)

Abbreviations: GLM, generalized linear model; GEE, generalized
estimating equation
aThe denominator is the total number of trials performing respective
primary analysis
bOne trial was unclear
cTrial used a descriptive analysis as primary analysis

Table 4 Methods for handling missing data in sensitivity
analysis in 14 trials

Sensitivity method Primary analysis N Total N (%)

Complete case MI 2 3 (21)

Mixed model 1

Single imputation Complete case 1 4 (29)

Single imputation 1

Mixed model 2

MI Complete case 3 5 (36)

Mixed model 1

Unclear 1

Mixed model Complete case 1 1 (7)

Mixed model with IPW Complete case 1 1 (7)

Abbreviations: MI, multiple imputation; IPW, inverse probability weighting

Fiero et al. Trials  (2016) 17:72 Page 8 of 10

72



comprehensive reporting and transparency of methods
[10, 44].

Conclusions
This review aims to assess the extent and handling of
missing outcome data in CRTs. Despite high rates of
missing outcome data in the primary analysis, methods
used to deal with missing data in practice remain inad-
equate. Appropriate methods, which are valid under
probable missing data assumptions, should be performed
to increase the statistical power and lessen the likelihood
of bias. Sensitivity analysis with a weakened missing data
assumption should be performed to evaluate robustness
of the primary results.
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Summary

We extend the pattern mixture approach to handle missing outcome data in longitudi-
nal cluster randomized trials, which randomize groups of individuals to treatment arms,
rather than the individuals themselves. Individuals who drop out at the same time point
are grouped into the same dropout pattern. We approach extrapolation of the pattern
mixture model by applying multilevel multiple imputation, which imputes missing values
while appropriately accounting for the hierarchical data structure found in cluster ran-
domized trials. To assess parameters of interest under various missing data assumptions,
imputed values are multiplied by a sensitivity parameter, k, which increases or decreases
imputed values. Using simulated data, we show that estimates of parameters of interest can
vary widely under differing missing data assumptions. We carry out a sensitivity analysis
using real data from a cluster randomized trial by increasing k until the treatment effect
inference changes. By performing a sensitivity analysis for missing data, researchers can as-
sess whether certain missing data assumptions are reasonable for their cluster randomized
trial.

KEY WORDS: cluster randomized trials; missing data; pattern mixture model; multiple
imputation
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1 Introduction

1.1 Cluster randomized trials

Cluster randomized trials (CRTs), which randomly allocate groups of individuals to treat-
ment arms rather than the individuals themselves, are becoming increasingly popular in
health research [1]. This design is often chosen to minimize treatment arm contamination
or to enhance compliance among participants. In CRTs, we cannot assume independence
among individuals within the same cluster because of their similarity, which leads to de-
creased statistical power compared to individually randomized trials. The intracluster
correlation coefficient (ICC), or ρ, is crucial in the design and analysis of CRTs, and mea-
sures the proportion of total variance due to clustering. The ICC ranges from 0-1 with 0
indicating responses within a cluster are independent, and 1 indicating responses within a
cluster are all the same. Ignoring clusters in statistical analysis can lead to falsely low p-
values, shortened confidence intervals, and an increased risk of obtaining significant results
when there are none [2].

1.2 Missing data

Missing data are common in clinical trials and can lead to a reduction of power and bias
in some cases. The missing data mechanism is the underlying reason why the data are
missing. Missing data are said to be missing completely at random (MCAR) if the reason
for a missing observation is unrelated to values of the outcome and covariates. However,
MCAR is a very strong assumption and unlikely in clinical trials. A more reasonable
assumption is missing at random (MAR), which requires that missingness is independent
of the pattern of missing values after conditioning on fully observed values. Missing data
are considered missing not at random (MNAR) if missingness depends on the unseen value
of that observation after conditioning on fully observed data [3]. When data are MNAR,
observations for those who drop out cannot be reliably predicted using observed data since
the distribution differs between observed and missing observations [4]. For this reason,
modeling dropout might be necessary in order to obtain correct inferences [5].

We consider missing data at the individual level, though missing data can also occur at the
cluster level in CRTs (for example, entire clusters missing). The likelihood of missingness
in CRTs can depend on both cluster and individual level features, both of which can be
used to recover information for missing data. We focus our attention on monotone missing
data, in which individuals are observed until they drop out and their data from that time
point until the end of the study is unobserved.
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1.3 Sensitivity analysis for missing data

A sensitivity analysis for missing data is important in CRTs, as it evaluates the robustness
of results based on differing missing data assumptions. The sensitivity analysis for missing
data should be pre-specified in the trial protocol, and should include all individuals ran-
domized. The primary analysis should be performed under the most plausible assumption,
such as MAR, with a sensitivity analysis examining results based on departures from this
assumption [6].

It has been suggested that researchers weaken the missing data assumption from the pri-
mary analysis [4]. In particular, researchers should carry out the primary analysis under
MAR and sensitivity analysis under MNAR, as it is not possible to distinguish between
MAR and MNAR data since the data are missing by definition. If results do not substan-
tially change under departures from MAR, then the analysis is said to be robust. Despite
these recommendations, a recent review evaluating handling of missing data in CRTs [7]
found that 14 (16%) of the 86 reviewed trials reported performing a sensitivity analysis
for missing data, with only five of them weakening the missingness assumption from the
primary analysis. Three used multiple imputation, which takes into account uncertainty by
replacing missing values with a set of possible values, and two used a likelihood based mixed
model. Both methods are valid (produces unbiased estimates) under the MAR assumption.
None of the trials included in the systematic review reported using MNAR models. Al-
though strategies to deal with missing data in CRTs have been considered by some [8–11],
none have developed methods to handle MNAR data. For this reason, we present a pattern
mixture approach to handle MNAR data within the context of CRTs.

1.4 MNAR models

Two main approaches that have been proposed to handle longitudinal MNAR data include
selection models [12] and pattern mixture models (PMMs) [13, 14]. These differ in the way
the joint-distribution of the outcome and missing data process are factorized. Selection
models specify the joint distribution through the marginal distribution of the measurements
and the conditional distribution of the missing data given the measurements. However,
selection models are highly sensitive to specification of the measurement and dropout
model, and require strong assumptions to describe the potential dropout patterns. This
has led to PMMs receiving increased attention [5, 15]. PMMs specify the joint distribution
through the marginal distribution of the missing data and the conditional distribution of
the measurements given missing data. Individuals are grouped based on time of dropout.
For example, in the simplest CRT scenario of two time points (baseline and follow-up) and
assuming all individuals were measured at baseline, there are two possible dropout patterns:
(1) responders - individuals who were measured at both baseline and follow-up, and (2)
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non-responders - individuals who were measured at baseline, but not at follow-up. The
individuals who drop out are assumed to have a different clinical outcome than the observed
outcomes of those who remain in the trial. PMMs are more easily understandable to applied
researchers and clinicians working on clinical trials because the observed data distribution
and prediction distribution of missing data are explicitly separated [4, 12].

A critical issue of PMMs is that they are under-identified, which means that some parame-
ters cannot be directly estimated because the non-responder dropout group does not have
enough information to derive the distribution of the unobserved responses. Additional as-
sumptions must be made to estimate all parameters in the non-responder dropout pattern.
Nevertheless, some have argued that the under-identification issue is a benefit because it
forces the researcher to think about the assumptions being made about the data [5, 15].
There are several techniques that have been proposed to deal with under-identification [16].
For example, Little proposed identifying restrictions, which link the inestimable parame-
ters to parameters of the observed data model [13–15]. In a longitudinal trial with several
timepoints, the large number of dropout patterns can be collapsed for simplification. Al-
though this method is simple, there are strong untestable assumptions being made when
grouping dropout patterns.

Another approach to overcome under-identification is to incorporate multiple imputation
(MI), which takes uncertainty into account by imputing each missing value with a set
of possible values under the MAR assumption. An imputation model is specified using
observed data to estimate multiple values and create m complete datasets. Each completed
dataset is then analyzed using standard statistical techniques and combined for inference
[17]. When performing MI in longitudinal trials, the data are reshaped to wide form so
that each row contains all measurements for each individual and relationships between
measurements are preserved during imputation. With the added cluster level found in
CRTs, standard MI leads to underestimated standard errors and confidence intervals that
are too narrow since clusters are ignored.

In order to appropriately account for the multilevel structure of CRTs, the cluster feature
needs to be incorporated into PMMs. Thus, we approach the under-identification problem
of PMMs in the CRT context by applying multilevel MI, which accounts for the clustered
structure and estimates appropriate standard errors [18]. We multiply MAR imputed
values of the non-responders by a sensitivity parameter k to create MNAR imputed values
in order to evaluate results under differing missing data assumptions.

1.5 Objectives

In Section 2, we provide an overview of the pattern mixture approach within the context of
CRTs and describe multilevel MI. Sections 3 and 4 present a simulation study and appli-
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cation to a dataset from the Postnatal Depression Economic Evaluation and Randomised
Controlled Trial (PoNDER) study. Section 5 concludes with a discussion.

2 Pattern mixture models in cluster randomized trials

2.1 Linear mixed effects model

Consider a CRT with i = 1, ..., N clusters, j = 1, ..., ni individuals per cluster, and k =
1, ..., tij measurements per individual. Let Timeijk denote the time of the kth measurement
of individual j in cluster i, where Timeijk = 0 denotes measurement at baseline and
Timeijk = 1 denotes measurement at follow-up. Further, suppose clusters were randomly
allocated to the control arm, denoted as Trti = 0, or the treatment arm, denoted as
Trti = 1. Consider the following mixed effects linear regression model with a single outcome
of interest yijk:

yijk = β0 + β1(Timeijk) + β2(Trti) + β3(Trti × Timeijk) + γi + νij + εijk, (1)

where γi ∼ N(0, σ2γ) is the random effect at the cluster level and represents deviation of each
cluster from the grand mean, νij ∼ N(0,Σν) is the random effect at the individual level
and represents deviation of each individual from the cluster effect, and εijk ∼ N(0, σ2ε )
are the measurement errors terms. Furthermore, γi, νij , and εijk are assumed to be
uncorrelated. The regression coefficient β0 is the average response for the control arm
(Trti = 0) at baseline (Timeijk = 0), β1 is the average difference in response between
follow-up (Timeijk = 1) and baseline (Timeijk = 0) among individuals in the control arm
(Trti = 0), β2 is the average difference in response between the treatment arm (Trti = 1)
and control arm (Trti = 0) at baseline (Timeijk = 0), and β3 is the average difference
between treatment arms conditionally on time.

Let Ni denote the total number of measurements in cluster i where Ni =
∑ni

j=1 tij . Gener-
ally, the mixed model with a single random cluster effect can be written as follows

Yi = Xiβ + Ziνi + εi, (2)

where Yi is an Ni × 1 vector of responses, Xi is a known Ni × p design matrix of fixed
effects, β is a p×1 vector of unknown fixed effects, and Zi is a known Ni×u design matrix
of random effects. Furthermore, νi is a u×1 vector of unknown random effects distributed
N(0,Σ) and εi is an Ni×1 vector of random residuals distributed N(0, σ2ε INi

), where INi

represents the Ni ×Ni identity matrix.
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2.2 Pattern mixture models

Little proposed PMMs for repeated measures with dropouts where the MAR assumption
is too strong. Let R be the vector of missingness indicators for the response vector Y
with Yobs and Ymis denoting observed and unobserved responses, respectively. Further,
let X be a set of observed covariates. Pattern mixture models (PMMs) factorize the joint-
distribution of the response and missing data process by:

p(Yobs,Ymis,R|X) = p(R|X)p(Yobs,Ymis|R,X), (3)

where p(R|X) is the conditional probability distribution of the dropout pattern given
observed covariates and p(Yobs,Ymis|R,X) is the probability distribution of the response
vector given the dropout pattern and observed covariates [13].

2.3 Transforming MAR imputed values to create MNAR imputed val-
ues

Rubin and Little have both advocated for the use of simple techniques such as multiplying
imputed values by a factor, as they are transparent, readily understandable, and can be
easily implemented in current statistical software [17, 19, 20]. Thus, we employ multilevel
MI (described below) and multiply MAR imputed values by a sensitivity parameter k to
generate MNAR imputed values such that [17]

(MNAR imputed Yi) = k × (MAR imputed Yi). (4)

For example, if k = 1.3 or k = 0.8, MAR imputed values are increased by 30% or decreased
by 20%, respectively. This creates MNAR observations because the missing data of the
non-responders are systematically higher or lower than the observed data of the responders.
In the case that the MAR imputed value is negative, a more general version of Equation 4
is

(MNAR imputed Yi) = [(k − 1)× |MAR imputed Yi|] + MAR imputed Yi, (5)

where negative imputed values are increased when k > 1 and decreased when k < 1.
When multiplying MAR imputed values by a factor of k, imputations should be checked
to identify that the MNAR imputed values fall within a realistic range of the data.

2.4 Multilevel multiple imputation

Multilevel MI applies the Gibbs sampler to impute missing data found in hierarchical
data. The Gibbs sampler is a Markov chain Monte Carlo (MCMC) sampling technique
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for sampling from multivariate probability distributions [21, 22]. Using the linear mixed
model given in Equation 2, multilevel MI simulates the distribution of parameters using
MCMC methods with the following steps:

1. Sample β from p(β|y,ν, σ2)
2. Sample ν from p(ν|y,β,Σ, σ2)
3. Sample Σ from p(Σ|ν)

4. Sample σ2 from p(σ2|y,β,ν)

5. Repeat steps 1-4 until convergence

6. Sample ymis from p(ymis|yobs,β,ν,Σ, σ2)
where y represents the response vector, with yobs and ymis denoting observed and unob-
served responses, respectively. Under the MAR assumption, the parameter distribution is
simulated in steps 1-5 using observed data such that y is replaced by yobs. Imputations
for missing data are created in step 6 and are calculated by drawing from

ε∗i ∼ N(0, σ2)

y∗i = Xiβ + Ziνi + ε∗i

where the parameters on the right side of the equation are replaced by values drawn under
the Gibbs sampler described above [18].

2.5 Combining inferences

Once the imputations are generated, the m completed datasets are analyzed without ac-
counting for dropout in the analysis model. The point estimate and corresponding standard
error for a parameter of interest Q are combined for inference using Rubin’s Rules, which
account for within and between imputation variability [17]. Let Q̂l and Ŵl be the point
and variance estimates, respectively, obtained from l = 1, ...,m imputed datasets. The
overall point estimate for Q is the mean over the imputed datasets:

Q̄ =
1

m

m∑

l=1

Q̂l.

The overall standard error is
√
T ,

T = W̄ +

(
1 +

1

m

)
B,
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where W̄ = 1
m

∑m
l=1 Ŵl is the within-imputation variance and B = 1

m−1
∑m

l=1(Q̂l − Q̄)2

is the between-imputation variance. Confidence intervals and tests are approximated with
(Q− Q̄)/

√
T ∼ tv with degrees of freedom v = (m− 1)(1 + r−1)2. The degrees of freedom

depends on m and the ratio r = (1 +m−1)B/W̄ , which is the relative increase in variance
due to missing data [17].

3 Simulation study

3.1 Data generation

Adding to Equation 1, a CRT with two time points (y1, y2)
T and missing data at the

follow-up time point was simulated under the following clustered pattern-mixture model
[23]:

yijk =β0 + β1(Timeijk) + β2(Trti) + β3(Trti × Timeijk)
+ β4(Dropijk × Trti × Timeijk) + γi + νij + εijk

(6)

where γi ∼ N(0, σ2γ) denotes the random cluster effect, νij ∼ N(0,Σν) denotes the random
individual effect, and εijk ∼ N(0, σ2ε ) denotes the measurement errors terms. Timeijk was
coded as 0 for baseline and 1 for follow-up, Trti was coded as 0 for control and 1 for
treatment, and Dropijk was coded as 0 for responder and 1 for non-responder at follow-up.
The regression coefficients were defined as β0 = 7, β1 = −1, β2 = 0, β3 = −2, β4 = 3.
This simulates a CRT in which there is no difference in the mean response between the
treatment arms at baseline, and a lower mean response for the treatment arm compared
to the control arm at follow-up. The random individual effect νij and residuals εijk were
both normally distributed with a mean of 0 and variance of 12. We varied ρ from 0.001
to 0.5. In practice, the ICC is rarely above 0.1, but we included higher values of ICC to
assess behavior under extreme cases. The total number of clusters and cluster size varied
in pairs as (12, 30), (12, 100), (30, 30), (30, 100). We allocated an equal number of clusters
to each treatment arm.

We simulated a 40% dropout rate at follow-up, which means that 40% of individuals in each
treatment arm had a value of 1 for Dropijk at follow-up and were deleted. The sensitivity
parameter is β4, which computes to a true k = 1.0 for the control arm and k = 1.75 for the
treatment arm, and creates MNAR data in the treatment arm when the data are deleted.
For the control arm, the mean response of the unobserved data of the non-responders is
the same as the mean response of the observed data of the responders at follow up. For the
treatment arm, the mean response of the unobserved data of the non-responders is 75%
higher than the mean response of the observed data of the responders at follow-up.
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3.2 Methods

We drew 500 samples from each scenario and carried out multilevel MI to impute missing
y2 values using the mice package in R version 3.2.3 [24]. We carried out multilevel MI for
each treatment arm separately (m = 5 imputation sets), and included y1 in the imputation
model.

For the control arm, we multiplied the imputed values by k = 1.0, which assumes that
the unobserved outcomes of those who dropped out in the control arm are similar to the
observed outcomes of those who remained in the trial (MAR). For the treatment arm, we
multiplied each imputed value by k = (0.8, 1.0, 1.3, 1.7). These k values represent a range
of differing clinical assumptions regarding the unobserved data in the treatment arm. A
multiplier of k = 1.0 assumes that the unobserved data are similar to the observed data
(MAR). A multiplier of k = 1.3 increases the imputed values by 30%, and assumes that
the unobserved outcomes are slightly higher than the observed outcomes. For example,
individuals who dropped out had a slightly poorer outcome than the individuals remained
in the trial. A multiplier of k = 1.7 increases the imputed values by 70%, and assumes that
the unobserved outcomes are much higher (i.e., much poorer outcome) than the observed
outcomes. A multiplier of k = 0.8 dereases the imputed values by 20%, and incorrectly
assumes that the unobserved outcomes are lower (i.e., better outcome) than the observed
outcomes [23].

Using the completed dataset, we modeled the outcome with a mixed model (lme4) using
Equation 6, but without including the Dropijk term. The following parameters of interest
were calculated: (1) change over time in the treatment arm and (2) treatment effect, defined
as the mean difference in arms at follow-up. Their corresponding standard errors were also
calculated. Using the regression coefficients in Equation 6, the true change over time in
the treatment arm was,

([0.60× (β0 + β1 + β3)] + [0.40× (β0 + β1 + β3)])− β0 = −1.8

and the true treatment effect was,

([0.60× (β0 + β1 + β3)] + [0.40× (β0 + β1 + β3)])− (β0 + β1) = −0.8.

Parameter estimates were pooled using Rubin’s rules as implemented in mice [17]. For
both parameters of interest, we computed the following measures of performance:

1. Percent bias: the difference between the true value and estimate of the fixed param-
eter, divided by the true value

2. Coverage: proportion of times the true value was contained in the 95% confidence
interval of the fixed parameter estimates, change over time in the treatment arm and
treatment effect
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3. Empirical standard error: standard deviation of mean across samples

4. Ratio of model-based to empirical standard error

3.3 Results

We present the results of our simulations in Tables 1 - 4. Table 1 displays the percent bias of
the treatment arm change over time and treatment effect under each sensitivity parameter
k. As expected, the percent bias for both estimates is smallest for k = 1.7, as it is closest to
the true sensitivity parameter. Percent bias for change over time in the treatment arm and
treatment effect are -3.02% and -9.34%, respectively, for 12 total clusters, 30 individuals
per cluster, and an ICC of 0.01. Under the MAR assumption (k = 1.0) and the incorrect
MNAR assumption (k = 0.8), the estimates have a severe downward bias. Under the same
scenario, percent bias for change over time in the treatment arm for k = 1.0 and k = 0.8
are -149.67% and -189.77%, respectively. Percent bias is more extreme in the treatment
effect. For example, the percent bias for k = 1.3 is -38.66% for change over time in the
treatment arm, and -89.53% for the treatment effect.

Table 2 presents the coverage of nominal 95% confidence intervals for both estimates.
Coverage of the treatment arm change over time and treatment effect estimates increase as
k becomes closer to the true sensitivity parameter, and is highest for k = 1.7. For example,
with 12 total clusters, 100 individuals per cluster, and an ICC of 0.1, the coverage for the
treatment effect estimate was 92.4% for k = 1.7, and 75.4% for k = 1.0. Furthermore,
coverage for both estimates decreases as ICC increases as seen under k = 1.7. For 12
clusters and 100 individuals per cluster, coverage of the treatment effect under k = 1.7
was highest for an ICC of 0.001 (96.4%) and lowest for an ICC of 0.5 (91.6%), though the
PMM still performed fairly well under extreme ICC.

Tables 3 - 4 display the empirical standard errors and ratios of model-based to empirical
standard errors for change over time in the treatment arm and treatment effect. Overall,
results were similar for the percent bias of the treatment arm change over time and treat-
ment effect. Larger k overestimates the standard errors because the imputed values are
multiplied, which increases variances of the estimates. For 30 total clusters, 30 individuals
per cluster and an ICC of 0.3, the ratio of model-based to the empirical standard error for
the treatment effect was 1.06 under k = 1.0 and 1.14 under k = 1.7.
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4 Application to the PoNDER study

4.1 The data

The Postnatal Depression Economic Evaluation and Randomised Controlled Trial (PoN-
DER) study assessed whether training health visitors (HV) to provide psychologically in-
formed sessions improved depressive symptoms among postnatal women. This study has
been described elsewhere [25]. Briefly, general practitioner (GP) practices were randomized
to HV training (treatment) or HV usual care (control). There were a total of 37 (N = 1,151)
and 63 (N = 2,268) GP practices in the control and treatment arm, respectively. The av-
erage number of individuals per cluster was 34 (range 1-119). Depression among postnatal
women was measured using the 10-item Edinburgh Postnatal Depression Scale (EPDS),
which ranges from 0-30 with higher scores indicating worse outcomes. Measurements were
scheduled at baseline and 6 months.

We included all participants who were observed at baseline. Table 5 displays the means
and standard deviations of EPDS score by treatment arm at baseline. For the control
and treatment arms, 237 (20.6%) and 523 (23.1%) dropped out at the 6-month follow-
up, respectively. For the treatment arm, those who dropped out had a higher average
EPDS score at baseline (mean (standard deviation (SD)) = 8.0 (5.9)) compared to those
who did not drop out (mean (SD) = 6.6 (4.8)). This shows the importance of analyzing
the completers and non-completers separately in a sensitivity analysis for missing data to
evaluate how results change under differing missingness assumptions.

4.2 Methods

Since the baseline EPDS score for the non-responders were similar to the responders in the
control arm, we carried out a sensitivity analysis assuming MAR for the non-responders
in the control arm and MNAR for the non-responders in the treatment arm. For each
treatment arm, we carried out a multilevel MI (m = 5) with baseline EPDS score included
as a covariate in the imputation model. For the treatment arm, we increased the sen-
sitivity parameter by increments of 10%, indicating a worsening of the outcome for the
non-responders (i.e., 1.0, 1.1, 1.2, etc). We continued to increase the sensitivity parameter
until the treatment effect inference changed. Figure 1 graphically displays the trajectory
of the non-responders under k = 1.0 for the control arm and varying k for the treatment
arm.

For each multiply imputed dataset, we carried out a mixed model adjusting for GP practices
and individuals as random effects, and computed the (1) change over time for the treatment
arm and (2) treatment effect, defined as the mean difference in arms post-treatment (y2T −
y2C ). Inferences were combined using Rubin’s rules.
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4.3 Results

Table 6 displays the results of each PMM scenario. As k increases the slope of the treatment
arm as well as the treatment effect attenuate. For example, the change in treatment arm
over time was estimated at -1.44 (95% CI = -1.69, -1.19) under the MAR assumption,
and -0.82 (95% CI = -1.11, -0.53) under k = 1.5. The inference of the change in EPDS
score for the treatment arm remained similar to the MAR assumption. The inference of
the treatment effect changed at k = 1.5 (Treatment effect = -0.36, 95% CI = -0.85, 0.13),
which assumes that the non-responders in the treatment arm had a worse EPDS score by
50%. At this point, researchers can evaluate whether this assumption is reasonable and
report results for this range of k as their sensitivity analysis for missing data. The ICC
remained at 0.01 for all PMM scenarios.

5 Discussion

Missing data is prevalent in CRTs. It is crucial to accommodate for missing data with
appropriate methods in order to increase statistical power and reduce the possibility of
bias in estimating the treatment effect. Despite recommendations to carry out a sensitivity
analysis for missing data [4], very few CRTs have reported performing a sensitivity analysis
in practice [7]. To facilitate performing sensitivity analyses for missing data in CRTs, we
have proposed an approach within the pattern mixture framework to analyze clustered
MNAR data. We implemented multilevel MI in order to account for the clustered data
structure of CRTs, then multiplied MAR imputed values by a factor, k to increase or
decrease imputed values and create MNAR imputed values.

Multilevel MI should be used when imputing missing data in CRTs because it incorporates
the multilevel data structure and produces appropriate standard errors for estimates of
interest. Van Buuren showed that ignoring clustering in MI produces severely biased
variance components when the data are clustered (ICC > 0) [18]. Despite recommendations
from statisticians to incorporate clusters into imputation methods [8, 11, 18], none of the
trials who indicated using MI accounted for clustering in the recent systematic review
evaluating handling of missing data in CRTs [7]. Multilevel MI can be implemented using
the mice package in R, which can impute missing individual level outcomes and covariates.
Mistler provides a SAS macro for implementing multilevel MI called MMI IMPUTE, which
can impute both individual and cluster level variables [26].

Standard errors are subject to over-inflation when multiplying imputed values by k, espe-
cially with extreme values of k. Transformed MNAR values should be checked to ensure
imputations lie within an appropriate range of the data. Another simple approach is to
carry out multilevel MI and add or subtract imputed values by δ, where δ is the mean
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difference in the outcome between the responders and non-responders [27]. This shifts the
imputed values of the non-responders, while preserving the standard errors of the esti-
mates of interest. Choosing the value of k or δ heavily depends on the subject matter of
the trial, and should be elicited from experts in the field, such as the trial investigators or
experts not committed to the trial. For example, White and colleagues collected opinions
of several experts using a questionnaire to obtain information about plausible differences
between responders and non-responders [28]. A range of plausible k or δ can be specified,
or an average can be specified if a single analysis is preferred.

Multiplying imputed MAR values by k to create MNAR values can be implemented in
both treatment arms or in one treatment arm only. Different ranges of k can be based on
the treatment arm, reason for missingness, or time of dropout. For example, individuals
who were lost to follow-up can be assumed MAR dropout, while individuals who withdrew
could be considered MNAR dropout. Extending the PMM to a CRT with more than two
time points becomes more challenging. The multiplier k can be specified at each time point
or can be specified at the first missed response and then decreased by a certain fraction
with every missed response. Longitudinal trials with more than two time points should be
further investigated within the CRT context.

Through our simulation study, we showed that estimates of parameters of interest can
greatly differ depending on the missing data assumption. For this reason, it is important
to carry out a sensitivity analysis to assess the robustness of the primary results under
differing missing data assumptions, as we did with the PoNDER study. The treatment
effect inference attenuated with higher values of k, and changed when the imputed EPDS
scores of the non-responders were increased by 50%. By doing this, researchers can examine
the impact of departure from the MAR assumption.

Other approaches for MNAR missing data that have been proposed, but not yet investi-
gated within the CRT scenario include identifying restrictions [15, 16], selection models
[12], and MNAR approximate Bayesian Bootstrap [29, 30]. Consideration of models de-
pends on plausible assumptions of the missing data for the particular trial, as well as ease
of interpretation for trial investigators.

References

1. Campbell MK, Mollison J, Steen N, Grimshaw JM, Eccles M. Analysis of cluster ran-
domized trials in primary care: a practical approach. Family Practice 2000; 17(2):192–
196.

2. Cornfield J. Randomization by group: a formal analysis. American Journal of Epi-
demiology 1978; 108(2):100–102.

14

89



3. Rubin DB. Inference and missing data. Biometrika 1976; 63(3):581–592.

4. Council NR. The Prevention and Treatment of Missing Data in Clinical Trials. Na-
tional Academies Press: Washington DC, 2010.

5. Verbeke G, Molenberghs G. Linear mixed models for longitudinal data. Springer Science
& Business Media, 2009.

6. White IR, Horton NJ, Carpenter J, Pocock SJ, et al.. Strategy for intention to treat
analysis in randomised trials with missing outcome data. BMJ 2011; 342:d40.

7. Fiero MH, Huang S, Oren E, Bell ML. Statistical analysis and handling of missing data
in cluster randomised trials: a systematic review. Trials 2015; 17:72.

8. Taljaard M, Donner A, Klar N. Imputation strategies for missing continuous outcomes
in cluster randomized trials. Biometrical Journal 2008; 50(3):329–345.

9. Andridge RR. Quantifying the impact of fixed effects modeling of clusters in multiple
imputation for cluster randomized trials. Biometrical journal 2011; 53(1):57–74.

10. Ma J, Akhtar-Danesh N, Dolovich L, Thabane L. Imputation strategies for missing bi-
nary outcomes in cluster randomized trials. BMC Medical Research Methodology 2011;
11(1):1.

11. Ma J, Raina P, Beyene J, Thabane L. Comparing the performance of different multi-
ple imputation strategies for missing binary outcomes in cluster randomized trials: a
simulation study. J Open Access Med Stat 2012; 2:93–103.

12. Little RJ, Rubin DB. Statistical analysis with missing data. John Wiley & Sons, 2014.

13. Little RJ. Pattern-mixture models for multivariate incomplete data. Journal of the
American Statistical Association 1993; 88(421):125–134.

14. Little RJ. A class of pattern-mixture models for normal incomplete data. Biometrika
1994; 81(3):471–483.

15. Thijs H, Molenberghs G, Michiels B, Verbeke G, Curran D. Strategies to fit pattern-
mixture models. Biostatistics 2002; 3(2):245–265.

16. Demirtas H, Schafer JL. On the performance of random-coefficient pattern-mixture
models for non-ignorable drop-out. Statistics in Medicine 2003; 22(16):2553–2575.

17. Rubin DB. Multiple imputation for nonresponse in surveys, vol. 81. John Wiley &
Sons, 1987.

18. Van Buuren S, et al.. Multiple imputation of multilevel data. Routledge New York, NY,
2011.

15

90



19. Little RJ. Comments on: Missing data methods in longitudinal studies: a review. Test
2009; 18(1):47–50.

20. Van Buuren S, Groothuis-Oudshoorn K. mice: Multivariate imputation by chained
equations in r. Journal of Statistical Software 2011; 45(3).

21. Geman S, Geman D. Stochastic relaxation, gibbs distributions, and the bayesian
restoration of images. Pattern Analysis and Machine Intelligence, IEEE Transactions
on 1984; 6:721–741.

22. Casella G, George EI. Explaining the gibbs sampler. The American Statistician 1992;
46(3):167–174.

23. Siddique J, Harel O, Crespi CM. Addressing missing data mechanism uncertainty using
multiple-model multiple imputation: application to a longitudinal clinical trial. The
Annals of Applied Statistics 2012; 6(4):1814.

24. Van Buuren S, Oudshoorn C. mice: Multivariate imputation by chained equations. r
package version 1.16 2007.

25. Morrell CJ, Warner R, Slade P, Dixon S, Walters S, Paley G, Brugha T. Psycho-
logical interventions for postnatal depression: cluster randomised trial and economic
evaluation: the PoNDER trial. Prepress Projects, 2009.

26. Mistler SA. A sas macro for applying multiple imputation to multilevel data. Proceed-
ings of the SAS Global Forum, 2013.

27. Van Buuren S, Boshuizen HC, Knook DL, et al.. Multiple imputation of missing blood
pressure covariates in survival analysis. Statistics in Medicine 1999; 18(6):681–694.

28. White IR, Carpenter J, Evans S, Schroter S. Eliciting and using expert opinions about
dropout bias in randomized controlled trials. Clinical Trials 2007; 4(2):125–139.

29. Rubin DB, Schenker N. Multiple imputation in health-care databases: An overview
and some applications. Statistics in Medicine 1991; 10(4):585–598.

30. Siddique J, Belin TR. Using an approximate bayesian bootstrap to multiply impute
nonignorable missing data. Computational Statistics & Data Analysis 2008; 53(2):405–
415.

16

91



Table 1: Percent bias of change over time in the treatment arm and treatment effect with
MNAR data in yijk.

Treatment arm change Treatment effect1

No. Cluster k k
clusters size ICC 0.8 1.0 1.3 1.7 0.8 1.0 1.3 1.7

12 30 0.001 -82.77 -64.94 -38.20 -2.55 -186.79 -146.68 -86.52 -6.31
0.01 -83.21 -65.39 -38.66 -3.02 -189.77 -149.67 -89.53 -9.34
0.1 -85.04 -67.47 -41.13 -6.01 -195.05 -155.54 -96.26 -17.24
0.3 -84.75 -66.68 -39.59 -3.46 -180.70 -140.06 -79.09 2.21
0.5 -84.37 -66.75 -40.32 -5.07 -182.25 -142.61 -83.14 -3.84

12 100 0.001 -83.75 -65.91 -39.14 -3.45 -186.73 -146.58 -86.36 -6.06
0.01 -83.51 -65.55 -38.61 -2.69 -183.83 -143.42 -82.80 -1.98
0.1 -84.53 -66.73 -40.05 -4.47 -185.90 -145.87 -85.82 -5.76
0.3 -84.15 -66.48 -39.98 -4.64 -195.72 -155.97 -96.34 -16.83
0.5 -85.24 -67.26 -40.28 -4.32 -189.63 -149.17 -88.48 -7.56

30 30 0.001 -83.96 -66.08 -39.26 -3.51 -188.81 -148.58 -88.24 -7.78
0.01 -85.99 -68.29 -41.74 -6.33 -190.47 -150.63 -90.88 -11.22
0.1 -84.41 -66.66 -40.05 -4.56 -192.69 -152.76 -92.87 -13.02
0.3 -83.97 -66.55 -40.42 -5.57 -198.89 -159.69 -100.89 -22.49
0.5 -84.74 -66.89 -40.13 -4.44 -204.15 -163.99 -103.77 -23.46

30 100 0.001 -83.93 -66.20 -39.61 -4.15 -190.23 -150.33 -90.50 -10.71
0.01 -84.35 -66.61 -40.01 -4.54 -190.29 -150.38 -90.53 -10.72
0.1 -84.87 -66.98 -40.14 -4.36 -184.42 -144.16 -83.78 -3.27
0.3 -84.28 -66.29 -39.31 -3.34 -183.15 -142.69 -81.99 -1.05
0.5 -83.57 -65.76 -39.03 -3.39 -190.36 -150.27 -90.14 -9.95

Abbreviations: MNAR, missing not at random; ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up
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Table 2: Coverage of nominal 95% confidence intervals of true values for change over time
in the treatment arm and treatment effect.

Treatment arm change Treatment effect1

No. Cluster k k
clusters size ICC 0.8 1.0 1.3 1.7 0.8 1.0 1.3 1.7

12 30 0.001 11.2 41.8 84.6 97.6 46.6 67.0 88.4 97.8

0.01 12.8 45.0 83.0 98.4 47.2 69.4 89.6 97.2

0.1 8.6 37.2 81.4 97.2 66.4 76.2 89.0 92.4

0.3 11.6 38.4 80.2 96.0 82.2 84.8 87.0 89.4

0.5 12.8 37.4 79.0 92.2 88.8 89.2 89.8 88.6

12 100 0.001 0.4 7.8 52.8 97.6 5.6 24.2 67.0 96.4

0.01 0.6 7.2 52.6 97.2 13.8 35.2 73.0 95.0

0.1 1.0 6.4 54.0 96.2 65.6 75.4 88.0 92.4

0.3 0.6 8.4 53.8 90.4 84.4 87.4 90.8 90.6

0.5 0.4 6.8 54.0 83.8 88.2 89.0 90.6 91.6

30 30 0.001 1.0 12.4 63.2 97.0 9.4 31.4 74.2 95.6

0.01 1.2 9.8 59.6 97.2 9.4 30.8 75.2 96.2

0.1 0.6 10.2 62.8 96.0 38.6 57.0 82.4 92.2

0.3 0.6 11.0 61.8 95.8 74.4 82.6 90.6 94.0

0.5 0.6 12.4 62.8 94.0 83.0 86.2 89.2 92.0

30 100 0.001 0.2 2.4 28.2 97.4 1.8 4.6 38.0 95.4

0.01 0.0 3.0 28.4 96.8 0.2 2.8 40.8 95.2

0.1 0.2 3.2 31.0 95.0 33.2 53.6 78.6 92.4

0.3 0.0 2.6 26.0 90.4 73.2 81.8 88.4 90.4

0.5 0.2 4.4 28.2 82.6 85.2 88.2 91.8 92.6
Abbreviations: ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up
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Table 3: Empirical standard errors for change over time in the treatment arm and treatment
effect.

No. Cluster Treatment arm change Treatment
clusters size ICC over time effect1

12 30 0.001 0.224 0.335

0.01 0.234 0.371

0.1 0.234 0.666

0.3 0.231 1.147

0.5 0.234 1.848

12 100 0.001 0.128 0.182

0.01 0.122 0.245

0.1 0.129 0.609

0.3 0.125 1.214

0.5 0.126 1.781

30 30 0.001 0.364 0.508

0.01 0.372 0.592

0.1 0.365 1.078

0.3 0.366 1.984

0.5 0.386 2.847

30 100 0.001 0.212 0.307

0.01 0.204 0.416

0.1 0.203 0.936

0.3 0.201 1.778

0.5 0.190 2.757
Abbreviations: ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up
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Table 4: Ratios of model-based to empirical standard errors for change over time in the
treatment arm and treatment effect.

Treatment arm change Treatment effect1

No. Cluster k k
clusters size ICC 0.8 1.0 1.3 1.7 0.8 1.0 1.3 1.7
12 30 0.001 1.169 1.265 1.444 1.722 1.296 1.353 1.460 1.629

0.01 1.144 1.244 1.421 1.698 1.182 1.234 1.327 1.476
0.1 1.153 1.246 1.419 1.690 0.983 1.011 1.058 1.131
0.3 1.156 1.249 1.429 1.711 0.917 0.937 0.969 1.017
0.5 1.094 1.179 1.348 1.620 0.953 0.972 1.002 1.045

12 100 0.001 1.090 1.180 1.341 1.595 1.191 1.243 1.337 1.487
0.01 1.131 1.224 1.396 1.660 1.056 1.094 1.164 1.275
0.1 1.150 1.244 1.422 1.693 1.012 1.036 1.072 1.127
0.3 1.159 1.253 1.432 1.716 1.013 1.033 1.065 1.110
0.5 1.221 1.316 1.506 1.816 0.991 1.011 1.042 1.084

30 30 0.001 1.196 1.294 1.477 1.758 1.213 1.270 1.372 1.530
0.01 1.144 1.238 1.408 1.677 1.165 1.213 1.302 1.445
0.1 1.140 1.230 1.401 1.670 1.016 1.043 1.091 1.163
0.3 1.158 1.253 1.431 1.717 1.033 1.056 1.092 1.144
0.5 1.154 1.248 1.428 1.727 0.947 0.967 0.997 1.041

30 100 0.001 1.147 1.241 1.413 1.678 1.262 1.317 1.421 1.586
0.01 1.201 1.300 1.489 1.769 1.131 1.171 1.245 1.359
0.1 1.139 1.232 1.410 1.681 0.993 1.015 1.051 1.103
0.3 1.170 1.266 1.442 1.722 0.948 0.967 0.997 1.040
0.5 1.163 1.250 1.432 1.725 0.983 1.002 1.034 1.077

Abbreviations: ICC, intracluster correlation coefficient
1Treatment effect: mean difference between treatment arms at follow-up
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Table 5: PoNDER study. Means and standard deviations of baseline EPDS score by
treatment arm and dropout pattern.

Control Treatment
N = 1151 N = 2268

Dropout pattern N (%) Mean (SD) N (%) Mean (SD)

Responders 914 (79.4) 6.8 (5.0) 1745 (76.9) 6.6 (4.8)
Non-responders 237 (20.6) 6.8 (5.1) 523 (23.1) 8.0 (5.9)

Abbreviations: EPDS, Edinburgh Postnatal Depression Scale; SD, standard deviation
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Table 6: PoNDER study. Sensitivity analysis for missing data in 6-month EPDS score.
Change in treatment arm over time and treatment effect results were assessed by increasing
imputed values with a range of k.

Treatment arm change Treatment
k over time (95% CI) p-value effect1 (95% CI) p-value

1.0 -1.44 (-1.69, -1.19) <0.0001 -0.97 (-1.42, -0.52) <0.0001
1.1 -1.31 (-1.57, -1.06) <0.0001 -0.85 (-1.31, -0.40) <0.001
1.2 -1.19 (-1.45, -0.93) <0.0001 -0.73 (-1.19, -0.27) 0.002
1.3 -1.07 (-1.34, -0.79) <0.0001 -0.61 (-1.08, -0.14) 0.012
1.4 -0.94 (-1.23, -0.66) <0.0001 -0.48 (-0.96, -0.004) 0.048
1.5 -0.82 (-1.11, -0.53) <0.0001 -0.36 (-0.85, 0.13) 0.146

Abbreviations: EPDS, Edinburgh Postnatal Depression Scale; CI, confidence interval
1Treatment effect: mean difference between treatment arms at follow-up
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Summary

In multilevel data, subjects are grouped within clusters, such as students within schools
or patients within medical practices. A high proportion of missing data can occur among
multilevel data because missing data can be found at the individual level as well as the
cluster level. Missing data among cluster level covariates has received little attention in
the literature. Therefore, we performed a simulation study to evaluate the performance
of missing data strategies for missing cluster level covariates under the missing at random
assumption. We consider (1) the linear mixed effects model, (2) single imputation: mean
substitution (continuous variable) or mode substitution (categorical variable), (3) single
level multiple imputation (MI) ignoring clustering, (4) MI incorporating clusters as fixed
effects, and (5) MI at the cluster level using aggregated data. Our results show that
when the intracluster correlation coefficient (ICC) is small (ρ ≤ 0.1) and the percentage of
missing cluster level data is low (≤ 25%), the mixed model produces unbiased estimates
of the regression coefficients and ICC. Otherwise, MI at the cluster level using aggregated
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data performs well when handling missing cluster level data, though caution should be
taken if the percentage of missing data is high.

KEY WORDS: missing data; multilevel data; multiple imputation

1 Introduction

In multilevel data, subjects are grouped within clusters. Some examples of clusters include
schools, medical practices, and communities. Subjects within a cluster are likely to be
more similar, leading to decreased statistical power compared to independent data. The
intracluster correlation coefficient (ICC) measures the similarity of subjects within clusters
and is defined as the proportion of variance due to clustering. Failing to account for clus-
tering in statistical analysis leads to an underestimation of standard errors and artificially
narrow confidence intervals [1, 2].

Empirically, the ICC is very low for clustered data where subjects are grouped within
clusters. For example, Bell and McKenzie [3] assessed 87 ICCs from 15 psycho-oncology
cluster randomized trials, which randomize clusters to treatment arms rather than individ-
uals, and found the median ICC to be 0.02. Adams et al. [4] examined 1039 ICCs from 31
multilevel studies found in primary care research, and reported the median ICC to be 0.01.
Along with subjects grouped within clusters, multilevel data also occur in longitudinal
data, where individuals are measured repeatedly over time. ICCs found within longitudi-
nal data are generally higher. We focus our attention on non-longitudinal multilevel data
where subjects are grouped within clusters and the ICC is lower.

Missing data is a common problem in multilevel studies and should be accommodated with
appropriate statistical techniques, as it leads to decreased statistical power and bias in some
cases [5]. Missing data mechanisms are crucial when choosing an appropriate approach
to handle missing data. They have been categorized into three groups, which describe
the relationships between the probability of missingness and the observed and unobserved
data. Data are missing completely at random (MCAR) when the probability of missingness
does not depend on the observed outcomes and covariates. Data are considered missing at
random (MAR) when missingness is independent of the unobserved data after conditioning
on observed data. Lastly, data are missing not at random (MNAR) when the probability
of missingness depends on the missing value even after conditioning on the observed data
[6].

The proportion of missing data can be higher in multilevel data compared to independent
data because missing data can occur at the individual level and cluster level. In an edu-
cational dataset where students are grouped by classroom, missing data can occur at the
student (or individual) level, such as age of the student or test score. Missing data can
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also occur at the classroom (or cluster) level, such as teacher’s highest level of education.
Missing individual level outcomes and covariates have been considered by many. Some ref-
erences include [7, 8, 9, 10, 11]. However, missing data among cluster level covariates have
received limited attention. Gibson et al. [12] and Cheung [13] both evaluated strategies
to handle continuous missing cluster level covariates under MCAR, such as complete case
analysis, single level multiple imputation (MI) ignoring clustering, and mean substitution.
Both studies found complete case analysis to perform well with less than 50% missing
cluster level data. A complete case analysis, also known as listwise deletion, eliminates ob-
servations with missing data. It can be very inefficient when missing cluster level covariates
are present, since all of the observations within the cluster are removed. Additionally, this
method loses precision since information is being deleted, and can produce biased estimates
if the missing data mechanism is not MCAR. Both studies found single level MI ignoring
clustering to be a poor strategy when implemented within the multilevel structure, because
it produces underestimated standard errors.

When imputing cluster level variables, imputed values must be the same within each clus-
ter. Gelman and Hill [14] suggested an approach using MI to impute missing cluster level
covariates, which involves separating the data into subject level and cluster level datasets
and imputing within each dataset. The imputed data are then combined to create complete
datasets and analyzed for inference. This method, however, has not yet been compared to
other commonly used techniques to impute missing cluster level data, such as the linear
mixed effects model, mean substitution, and other MI approaches. We extend the inves-
tigation of missing cluster level covariates by performing a simulation study to assess the
performance of missing data strategies under MAR, as this assumption may be more rea-
sonable in practice. We examine the sensitivity of methods to the total number of clusters,
cluster size (number of subjects per cluster), ICC, and percentage of missingness. Since
cluster level covariates are often found to be categorical, we evaluate these methods when
the missing cluster level covariate is categorical as well as continuous.

2 Methods

We used a simulation study designed after Van Buuren’s previous work in missing multilevel
data [9] to investigate the performance of strategies to handle missing cluster level covari-
ates under the MAR assumption. This section contains an overview of commonly used
methods to accommodate missing continuous and categorical cluster level data, followed
by an introduction to the linear mixed effects model, which we use to compute regression
coefficients and variance components after performing each missing data method.
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2.1 Missing data methods

There are several methods that can be used to handle missing cluster level covariates,
including the linear mixed effects model, mean substitution (continuous variable), mode
substitution (categorical variable), single level MI ignoring clustering, fixed effects MI, and
MI aggregate imputation. It is unclear which methods are being used in practice to handle
missing cluster level covariates.

The linear mixed effects model (mixed model) uses a likelihood-based approach to estimate
parameters. Under the correct model specification, the mixed model performs an implicit
imputation and produces unbiased estimates under MAR if outcome data are missing.
This method excludes observations with missing cluster level covariates from the analysis,
and can produce biased estimates in the presence of missing covariate variables even under
MCAR [15].

Among continuous cluster level covariates, mean substitution replaces missing observations
with the overall mean across observed clusters. For categorical variables, mode substitution
replaces missing data with the most common category found among the observed data.
Similar to other single imputation techniques, which replace missing observations with a
single value, these methods are prone to underestimation of variance. Although simple,
these methods do not condition on any other information in the observation, which can
generate misleading relationships between variables [9].

The MI procedure can be separated into two steps: (1) imputation of missing data and (2)
analysis of complete multiply imputed datasets. We carry out MI using the mice package
in R, which uses the multivariate imputation by chained equations (MICE) technique
[16]. Imputation models are used for each variable with missing data so that unobserved
values are imputed based on a conditional distribution of other variables with observed
data to create m complete datasets. For a continuous variable with missing data, the
imputation model is a linear regression model fitted using observed data from covariates.
The discriminant function method is used to impute a factor variable with more than two
categories, assuming the covariates in the imputation model are approximately multivariate
normal and covariance matrices are equal across groups [16, 17]. After the imputation
step, each completed dataset is then analyzed using standard statistical techniques and
combined for inference [18]. Another popular MI approach is the Markov chain Monte
Carlo (MCMC) method, which draws imputations assuming the missing data follow a
multivariate normal distribution. This method is appealing when a multivariate normal
distribution can be specified for the data. On the other hand, MICE may be more suitable
when a multivariate distribution cannot be specified to describe the data.

Standard MI, which we will call single level MI, assumes the observations are independent,
and ignores the clustered structure found in multilevel data. This results in underestimated
standard errors and confidence intervals that are too narrow [9]. One approach to incor-
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porate clustering in the MI procedure, that we will call fixed effects MI, includes cluster as
a fixed effect in the imputation model when performing MI, which models the differences
in intercepts between the clusters [9].

However, neither single level MI nor fixed effects MI will impute the same value for all
individuals within a single cluster, which is inappropriate when imputing missing cluster
level variables. Gelman and Hill [14] proposed using a MI aggregate imputation approach,
which imputes the same value for each individual within a cluster. This method involves
separating the data into two datasets: one individual level dataset and one cluster level
dataset. In order to impute missing cluster level data, the individual level data are first
aggregated into cluster level summaries (such as the cluster mean). The aggregated indi-
vidual level data are then incorporated with the cluster level data for imputation, so that
the combined dataset includes a single row for each cluster with the cluster level variables
and the aggregated individual level variables. The aggregated individual level variables
are included in the imputation model to impute a single value for each missing cluster
level covariate. The imputed cluster level covariates are then combined with the original
individual level data, so that the final dataset includes the cluster level variables with the
same imputed value across individuals within a cluster. Each completed multiply imputed
dataset is then analyzed and combined for inference [14].

2.2 Linear mixed effects model

The linear mixed effects model is often used to analyze clustered data. We use this method
to analyze the completed dataset after performing each imputation approach. Consider a
multilevel dataset with i = 1, ..., N clusters and j = 1, ..., ni subjects per cluster. A single
outcome of interest Yij is modeled by:

Yij = Xijβ + Ui + eij (1)

where Yij is an ni × 1 vector of responses, Xij is a known ni × p design matrix of fixed
effects at the individual level or cluster level, β is a p×1 vector of unknown fixed effects, Ui

represents the random cluster effects distributed N(0, σ2B), and eij represents the individual
error terms distributed N(0, σ2W ). Additionally, Ui and eij are assumed to be uncorrelated.
The variance of Yij is σ2 = σ2B + σ2W , where σ2B denotes the between cluster variance and
σ2W denotes the within cluster variance. The ICC = σ2B/σ

2.

3 Simulation study

In this section, we describe our simulation study to assess methods to handle missing
continuous and categorical cluster level covariates.
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3.1 Continuous cluster level covariate

Multilevel data with a continuous cluster level covariate, Wi, were generated using the
following model [9]:

Yij = β0 + β1Wi + Ui + eij (2)

with Ui ∼ N(0, σ2W ) and eij ∼ N(0, σ2B) denoting the random cluster effects and mea-
surement error terms, respectively. The regression coefficients were defined as β0 = 0 and
β1 = 0.5. We set the variance parameters σ2 = σ2W + σ2B = 0.75, and varied the ICC =
(0.001, 0.01, 0.1, 0.3). We simulated both small and large sample sizes by varying the total
number of clusters N = (24, 60) and cluster size ni = (20, 50).

The cluster level covariate Wi was deleted under the MAR assumption with 25% and 50%
missing. For the cluster average Yi less than than the upper 25th (or 50th) percentile of the
standard normal distribution, the non-response probability in Wi was 10%. For the cluster
average Yi greater than or equal to the upper 25th (or 50th) percentile of the standard
normal distribution, the non-response probability in Wi was 90%.

We simulated 1000 replications from each scenario described above, and performed the
following methods to handle missing cluster level continuous covariates: the mixed model
(MM), mean substitution (MN), single level MI ignoring clustering (SL), fixed effects MI
(FE), MI aggregate imputation (AG). All MI methods were carried out as described in
the previous section using the mice package in R version 3.2.3 [19]. Imputations were fixed
to 20 with the outcome variable included in the imputation model. For each completed
dataset, we modeled the outcome with a mixed model via the R package lme4 using Equa-
tion 2. Fixed and random parameter estimates were pooled using Rubin’s Rules [18] as
implemented in mice. For each missing data method, we calculated the estimated fixed and
random effects parameters and examined their bias, defined as the difference between the
estimate of the parameter and the true value. Coverage was also computed as the propor-
tion of times the 95% confidence interval contained the true value of the fixed parameter
estimate.

3.2 Categorical cluster level covariate

When the cluster level covariate was categorical, we simulated the data similarly, except
with the following multilevel model:

Yij = β0 + β1(Group 2) + β2(Group 3) + Ui + eij

where the regression coefficients were defined as β0 = 0, β1 = 0.5, and β2 = 0.9. With β1
and β2 set as dummy variables, this creates three cluster level groups with means 0 (group
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1), 0.5 (group 2), and 0.9 (group 3). There was an equal probability of being assigned
to one of the three groups. The following methods used to handle missing cluster level
categorical data were examined: the mixed model (MM), mode substitution (MD), single
level MI ignoring clustering (SL), fixed effects MI (FE), MI aggregate imputation (AG).
We deleted the categorical cluster level covariate under MAR and assessed performance of
methods similar to the continuous cluster level covariate case.

4 Results

4.1 Continuous cluster level covariate

The results of our simulations for missing data in the continuous cluster level covariate are
presented in Tables 1 - 3. When the ICC was small (ICC ≤ 0.1) with 25% missing data, the
mixed model performed best, as it yielded unbiased regression coefficients and reasonable
coverage rates. For example, the estimated β0 was -0.01 and β1 was 0.49 for 24 clusters,
50 subjects per cluster, an ICC of 0.01, and 25% missing data (Table 1). Compared to
the other missing data strategies, the mixed model generated the closest ICC estimates to
the true value, particularly when the ICC was lower. However, when the ICC was higher
(ICC > 0.1), the mixed model produced severely underestimated regression coefficients and
performed worse with an increased amount of missing data. For 60 clusters, 20 subjects
per cluster, an ICC of 0.3, and 50% missing data, the estimated β0 was -0.33 and β1 was
0.36 (Table 1).

MI aggregate imputation performed best when the ICC was larger. It generated consis-
tently close fixed parameter estimates to the true values as well as adequate coverage of
the fixed parameters. For example, coverage for β0 and β1 was 94% when there were 24
clusters, 20 subjects per cluster, an ICC of 0.1, and 25% missing data (Table 3). Similar
to the other imputation approaches, MI aggregate imputation tended to overestimate the
ICC particularly with 50% missingness, though it generally performed better. When there
were 60 clusters, 50 subjects per cluster, an ICC of 0.3, and 25% missing, MI aggregate
imputation estimated the ICC to be 0.36, while mean substitution, single level MI, and
fixed effects MI estimated the ICC to be 0.46, 0.42, and 0.42, respectively (Table 2).

The worst method was mean substitution, which became more apparent with more missing
cluster level covariates. Mean substitution severely overestimated the β0 coefficient as well
as the ICC. For example, the estimated β0 was 0.29 and ICC was 0.19 for 24 clusters, 50
subjects per cluster, an ICC of 0.001, and 50% missing data (Tables 1 - 2). Single level MI
and fixed effects MI performed better than mean substitution, but were under-coveraged
for the fixed effects due to underestimation of the standard errors. The results did not
change substantially when varying the total number of clusters or cluster size.
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Table 1: Estimates of the regression coefficients based on methods to handle 25% and 50%
missing data in continuous cluster level covariates

No. Cluster β0 = 0 β1 = 0.5
clusters size ICC MM MN SL FE AG MM MN SL FE AG

25% missing
24 20 0.001 -0.01 0.08 0.07 0.07 0.05 0.48 0.48 0.48 0.48 0.53
24 20 0.01 -0.02 0.08 0.07 0.07 0.05 0.47 0.47 0.47 0.47 0.53
24 20 0.1 -0.05 0.08 0.06 0.06 0.05 0.43 0.43 0.39 0.39 0.49
24 20 0.3 -0.14 0.07 0.03 0.03 0.04 0.38 0.38 0.27 0.27 0.43

24 50 0.001 -0.01 0.08 0.06 0.06 0.04 0.49 0.49 0.47 0.47 0.54
24 50 0.01 -0.01 0.08 0.06 0.06 0.04 0.49 0.49 0.46 0.46 0.54
24 50 0.1 -0.05 0.08 0.05 0.05 0.04 0.44 0.44 0.38 0.38 0.5
24 50 0.3 -0.14 0.07 0.02 0.02 0.03 0.40 0.40 0.25 0.25 0.46

60 20 0.001 -0.02 0.08 0.06 0.06 0.03 0.48 0.48 0.48 0.48 0.53
60 20 0.01 -0.02 0.08 0.06 0.06 0.03 0.47 0.47 0.47 0.47 0.53
60 20 0.1 -0.06 0.08 0.05 0.05 0.03 0.43 0.43 0.40 0.40 0.50
60 20 0.3 -0.14 0.08 0.03 0.03 0.03 0.39 0.39 0.26 0.26 0.47

60 50 0.001 -0.01 0.08 0.06 0.06 0.03 0.49 0.49 0.47 0.47 0.53
60 50 0.01 -0.01 0.08 0.06 0.06 0.03 0.49 0.49 0.46 0.46 0.53
60 50 0.1 -0.05 0.08 0.05 0.05 0.03 0.44 0.44 0.37 0.37 0.51
60 50 0.3 -0.14 0.08 0.03 0.03 0.03 0.39 0.39 0.24 0.24 0.47

50% missing
24 20 0.001 -0.08 0.26 0.20 0.20 0.20 0.45 0.45 0.41 0.41 0.51
24 20 0.01 -0.09 0.26 0.20 0.20 0.19 0.44 0.44 0.41 0.41 0.49
24 20 0.1 -0.19 0.20 0.13 0.13 0.13 0.39 0.39 0.33 0.33 0.41
24 20 0.3 -0.34 0.15 0.05 0.05 0.08 0.35 0.35 0.24 0.24 0.36

24 50 0.001 -0.04 0.29 0.22 0.22 0.23 0.47 0.47 0.42 0.42 0.54
24 50 0.01 -0.06 0.28 0.22 0.22 0.22 0.46 0.46 0.42 0.42 0.53
24 50 0.1 -0.18 0.20 0.13 0.13 0.14 0.39 0.39 0.32 0.32 0.42
24 50 0.3 -0.33 0.15 0.06 0.06 0.08 0.35 0.35 0.23 0.23 0.35

60 20 0.001 -0.07 0.27 0.20 0.20 0.13 0.45 0.45 0.42 0.42 0.53
60 20 0.01 -0.09 0.26 0.20 0.20 0.13 0.45 0.45 0.41 0.41 0.52
60 20 0.1 -0.19 0.21 0.13 0.13 0.10 0.40 0.40 0.35 0.34 0.47
60 20 0.3 -0.33 0.15 0.06 0.06 0.06 0.36 0.36 0.24 0.24 0.42

60 50 0.001 -0.03 0.29 0.22 0.22 0.14 0.48 0.48 0.43 0.43 0.56
60 50 0.01 -0.05 0.28 0.21 0.21 0.14 0.47 0.47 0.41 0.41 0.54
60 50 0.1 -0.17 0.21 0.13 0.13 0.10 0.41 0.41 0.33 0.33 0.48
60 50 0.3 -0.33 0.15 0.06 0.06 0.06 0.36 0.36 0.23 0.23 0.42

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MN = mean substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 2: Estimates of the intracluster correlation coefficient and residual variance based
on methods to handle 25% and 50% missing data in continuous cluster level covariate

No. Cluster
clusters size ICC MM MN SL FE AG σ2 MM MN SL FE AG

25% missing
24 20 0.001 0.00 0.11 0.08 0.08 0.04 0.749 0.74 0.75 0.73 0.73 0.74
24 20 0.01 0.01 0.12 0.09 0.09 0.05 0.74 0.74 0.74 0.72 0.72 0.74
24 20 0.1 0.08 0.24 0.19 0.19 0.16 0.65 0.65 0.65 0.64 0.64 0.65
24 20 0.3 0.23 0.47 0.41 0.41 0.39 0.45 0.45 0.45 0.44 0.44 0.45

24 50 0.001 0.00 0.11 0.08 0.08 0.03 0.749 0.75 0.75 0.73 0.73 0.75
24 50 0.01 0.01 0.11 0.08 0.08 0.04 0.74 0.74 0.74 0.72 0.72 0.74
24 50 0.1 0.09 0.23 0.19 0.19 0.15 0.65 0.65 0.65 0.64 0.64 0.65
24 50 0.3 0.24 0.47 0.43 0.43 0.39 0.45 0.45 0.45 0.44 0.44 0.45

60 20 0.001 0.00 0.11 0.07 0.07 0.02 0.749 0.75 0.75 0.73 0.73 0.75
60 20 0.01 0.01 0.12 0.08 0.08 0.03 0.74 0.74 0.74 0.72 0.72 0.74
60 20 0.1 0.08 0.23 0.19 0.19 0.14 0.65 0.65 0.65 0.63 0.63 0.65
60 20 0.3 0.23 0.46 0.41 0.41 0.36 0.45 0.45 0.45 0.44 0.44 0.45

60 50 0.001 0.00 0.10 0.07 0.07 0.02 0.749 0.75 0.75 0.73 0.73 0.75
60 50 0.01 0.01 0.11 0.08 0.08 0.03 0.74 0.74 0.74 0.72 0.72 0.74
60 50 0.1 0.09 0.23 0.19 0.19 0.14 0.65 0.65 0.65 0.63 0.63 0.65
60 50 0.3 0.23 0.46 0.42 0.42 0.36 0.45 0.45 0.45 0.44 0.44 0.45

50% missing
24 20 0.001 0.01 0.19 0.16 0.16 0.12 0.749 0.74 0.75 0.71 0.71 0.75
24 20 0.01 0.01 0.21 0.17 0.17 0.14 0.74 0.73 0.74 0.70 0.70 0.74
24 20 0.1 0.07 0.30 0.25 0.25 0.24 0.65 0.65 0.65 0.62 0.62 0.65
24 20 0.3 0.20 0.52 0.45 0.45 0.45 0.45 0.45 0.45 0.43 0.43 0.45

24 50 0.001 0.00 0.19 0.15 0.15 0.12 0.749 0.75 0.75 0.71 0.71 0.75
24 50 0.01 0.01 0.20 0.17 0.17 0.14 0.74 0.74 0.74 0.70 0.70 0.74
24 50 0.1 0.08 0.30 0.25 0.25 0.24 0.65 0.65 0.65 0.62 0.62 0.65
24 50 0.3 0.21 0.51 0.45 0.45 0.46 0.45 0.45 0.45 0.43 0.43 0.45

60 20 0.001 0.00 0.19 0.14 0.14 0.08 0.749 0.74 0.75 0.70 0.70 0.75
60 20 0.01 0.01 0.20 0.15 0.15 0.09 0.74 0.74 0.74 0.69 0.69 0.74
60 20 0.1 0.07 0.29 0.24 0.24 0.19 0.65 0.65 0.65 0.61 0.61 0.65
60 20 0.3 0.21 0.50 0.43 0.43 0.40 0.45 0.45 0.45 0.43 0.43 0.45

60 50 0.001 0.00 0.18 0.14 0.14 0.07 0.749 0.75 0.75 0.70 0.70 0.75
60 50 0.01 0.01 0.19 0.15 0.15 0.08 0.74 0.74 0.74 0.69 0.69 0.74
60 50 0.1 0.08 0.29 0.24 0.24 0.19 0.65 0.65 0.65 0.61 0.61 0.65
60 50 0.3 0.21 0.50 0.43 0.43 0.40 0.45 0.45 0.45 0.43 0.43 0.45

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MN = mean substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 3: Coverage of true values by the 95% confidence interval of the regression coefficients
based on methods to handle 25% and 50% missing data in continuous cluster level covariate

No. Cluster β0 β1
clusters size ICC MM MN SL FE AG MM MN SL FE AG

25% missing
24 20 0.001 95 88 87 87 89 94 100 98 98 96
24 20 0.01 94 87 87 87 90 91 99 96 96 95
24 20 0.1 88 92 92 92 94 86 96 82 80 94
24 20 0.3 79 93 93 93 93 82 93 47 47 94

24 50 0.001 94 87 87 87 89 95 100 97 97 94
24 50 0.01 93 89 90 90 90 92 100 95 96 95
24 50 0.1 89 91 92 92 93 87 97 63 63 97
24 50 0.3 77 93 92 92 95 85 96 20 20 95

60 20 0.001 94 67 72 72 87 90 100 98 98 90
60 20 0.01 90 69 74 74 87 88 100 96 96 92
60 20 0.1 81 81 88 88 90 76 94 61 61 94
60 20 0.3 56 86 92 92 93 73 90 7 8 94

60 50 0.001 94 60 64 64 79 93 100 95 95 79
60 50 0.01 92 66 72 72 83 91 100 89 90 82
60 50 0.1 80 78 87 87 90 81 96 21 22 94
60 50 0.3 55 89 94 94 92 71 90 1 1 94

50% missing
24 20 0.001 84 68 59 59 64 92 100 89 91 97
24 20 0.01 79 69 59 59 69 89 100 87 86 97
24 20 0.1 54 82 80 80 88 75 98 67 66 94
24 20 0.3 39 92 91 91 94 74 96 42 43 93

24 50 0.001 90 55 36 35 47 93 100 80 79 97
24 50 0.01 81 60 44 44 55 89 100 75 75 97
24 50 0.1 55 82 76 76 88 78 99 47 48 96
24 50 0.3 39 90 89 89 92 76 95 29 30 92

60 20 0.001 64 9 9 8 41 83 100 77 77 91
60 20 0.01 54 13 14 14 48 78 100 70 71 93
60 20 0.1 28 46 56 57 75 66 95 41 40 92
60 20 0.3 12 77 88 89 91 63 92 13 13 89

60 50 0.001 83 2 1 2 28 91 100 60 61 83
60 50 0.01 72 4 3 3 35 82 100 46 46 90
60 50 0.1 30 42 51 50 70 67 97 15 15 92
60 50 0.3 12 76 88 88 92 63 89 7 7 87

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MN = mean substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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4.2 Categorical cluster level covariate

The results of our simulations for missing data in categorical cluster level covariates are
presented in Tables 4 - 6. With 25% missing data and lower ICC (ICC ≤ 0.1), the best
methods were the mixed model and MI aggregate imputation. Both strategies generated
reasonable fixed parameter estimates, coverage, and ICC estimates. For 60 clusters, 20
subjects per cluster, an ICC of 0.001, and 25% missing data, the mixed model estimated
β0 as 0, β1 as 0.50, and β2 as 0.89, while MI aggregate imputation estimated β0 as 0,
β1 as 0.50, and β2 as 0.90 (Table 4). The mixed model had problems with convergence
when the total number of clusters was lower (N = 24). When the ICC was higher, MI
aggregate imputation outperformed all other strategies. However, when the amount of
missing data increased to 50%, none of the missing data strategies performed particularly
well. Overall, the worst method to handle missing categorical cluster level covariates was
mode substitution. The fixed parameter estimates were extremely biased, especially with
higher ICC. Mode substitution also overestimated the ICC, and became worse with 50%
missing data. For 24 clusters, 20 subjects per cluster, an ICC of 0.01, and 25% missing
data, mode substitution estimated the ICC to be 0.06, which increased to 0.14 when the
percentage of missing data increased to 50% (Table 5).
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Table 4: Estimates of the regression coefficients based on methods to handle 25% and 50%
missing data in categorical cluster level covariates

No. Cluster β0 = 0 β1 = 0.5 β2 = 0.9
clusters size ICC MM MD SL FE AG MM MD SL FE AG MM MD SL FE AG

25% missing
24 20 0.001 0.00 0.06 0.02 0.03 0.00 0.50 0.45 0.50 0.49 0.51 0.87 0.79 0.87 0.86 0.89
24 20 0.01 0.00 0.06 0.02 0.03 0.00 0.50 0.45 0.50 0.50 0.51 0.86 0.78 0.85 0.85 0.89
24 20 0.1 -0.01 0.11 0.09 0.09 0.01 0.48 0.41 0.46 0.45 0.52 0.77 0.66 0.73 0.74 0.84
24 20 0.3 -0.03 0.17 0.21 0.20 0.07 0.41 0.31 0.31 0.30 0.46 0.66 0.49 0.48 0.50 0.73

24 50 0.001 0.00 0.04 0.01 0.02 0.00 0.50 0.46 0.49 0.49 0.50 0.90 0.83 0.88 0.88 0.90
24 50 0.01 0.00 0.05 0.02 0.03 0.00 0.50 0.46 0.49 0.48 0.50 0.88 0.81 0.86 0.86 0.89
24 50 0.1 0.00 0.11 0.11 0.11 0.02 0.47 0.40 0.43 0.42 0.51 0.78 0.67 0.69 0.69 0.84
24 50 0.3 -0.02 0.16 0.23 0.23 0.06 0.41 0.32 0.28 0.28 0.46 0.67 0.50 0.43 0.46 0.73

60 20 0.001 0.00 0.07 0.02 0.02 0.00 0.50 0.45 0.50 0.50 0.50 0.86 0.78 0.87 0.86 0.90
60 20 0.01 0.00 0.07 0.03 0.03 0.00 0.50 0.45 0.50 0.50 0.51 0.85 0.77 0.85 0.85 0.90
60 20 0.1 0.00 0.14 0.09 0.10 0.01 0.47 0.38 0.45 0.44 0.51 0.76 0.63 0.72 0.72 0.87
60 20 0.3 -0.02 0.22 0.23 0.22 0.04 0.40 0.26 0.29 0.29 0.47 0.66 0.44 0.46 0.48 0.80

60 50 0.001 0.00 0.04 0.01 0.01 0.00 0.50 0.46 0.50 0.49 0.50 0.89 0.82 0.89 0.88 0.90
60 50 0.01 0.00 0.06 0.02 0.02 0.00 0.50 0.45 0.49 0.49 0.50 0.88 0.80 0.87 0.87 0.90
60 50 0.1 0.00 0.13 0.11 0.11 0.01 0.48 0.40 0.43 0.43 0.52 0.78 0.65 0.69 0.69 0.88
60 50 0.3 -0.02 0.21 0.25 0.25 0.04 0.41 0.27 0.27 0.27 0.49 0.67 0.45 0.43 0.44 0.81

50% missing
24 20 0.001 0.00 0.38 0.25 0.25 0.15 0.37 0.02 0.34 0.36 0.46 0.86 0.47 0.77 0.76 0.70
24 20 0.01 -0.01 0.39 0.26 0.25 0.16 0.36 0.01 0.33 0.34 0.45 0.83 0.43 0.72 0.72 0.68
24 20 0.1 -0.06 0.36 0.27 0.27 0.19 0.32 -0.02 0.26 0.26 0.36 0.68 0.26 0.53 0.57 0.57
24 20 0.3 -0.19 0.31 0.27 0.27 0.18 0.32 -0.05 0.20 0.20 0.32 0.61 0.13 0.36 0.41 0.50

24 50 0.001 0.00 0.39 0.25 0.24 0.14 0.41 0.04 0.37 0.36 0.50 0.91 0.51 0.81 0.83 0.72
24 50 0.01 0.00 0.39 0.24 0.24 0.13 0.39 0.02 0.35 0.34 0.49 0.89 0.49 0.79 0.8 0.73
24 50 0.1 -0.05 0.36 0.27 0.27 0.18 0.31 -0.02 0.24 0.25 0.37 0.69 0.28 0.55 0.58 0.59
24 50 0.3 -0.17 0.32 0.29 0.28 0.18 0.31 -0.08 0.18 0.20 0.32 0.60 0.13 0.35 0.41 0.51

60 20 0.001 0.00 0.44 0.27 0.27 0.04 0.37 -0.07 0.35 0.36 0.57 0.86 0.41 0.8 0.77 0.84
60 20 0.01 -0.01 0.45 0.27 0.27 0.06 0.36 -0.10 0.34 0.34 0.55 0.82 0.36 0.76 0.74 0.81
60 20 0.1 -0.06 0.44 0.27 0.27 0.10 0.32 -0.15 0.28 0.29 0.47 0.67 0.16 0.58 0.58 0.71
60 20 0.3 -0.18 0.41 0.28 0.29 0.11 0.30 -0.20 0.21 0.21 0.40 0.59 0.01 0.42 0.42 0.64

60 50 0.001 0.00 0.45 0.27 0.27 0.01 0.41 -0.04 0.37 0.38 0.62 0.9 0.45 0.81 0.80 0.88
60 50 0.01 0.00 0.45 0.27 0.27 0.02 0.38 -0.06 0.35 0.35 0.61 0.89 0.44 0.81 0.79 0.87
60 50 0.1 -0.04 0.45 0.29 0.29 0.11 0.31 -0.15 0.26 0.26 0.45 0.67 0.18 0.57 0.56 0.70
60 50 0.3 -0.17 0.43 0.30 0.30 0.12 0.30 -0.22 0.19 0.19 0.40 0.58 -0.02 0.38 0.39 0.63

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MD = mode substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 5: Estimates of the intracluster correlation coefficient and residual variance based
on methods to handle 25% and 50% missing data in categorical cluster level covariate

No. Cluster
clusters size ICC MM MD SL FE AG σ2 MM MD SL FE AG

25% missing
24 20 0.001 0.00 0.05 0.02 0.03 0.01 0.749 0.74 0.75 0.73 0.73 0.74
24 20 0.01 0.01 0.06 0.04 0.04 0.02 0.74 0.74 0.74 0.73 0.73 0.74
24 20 0.1 0.08 0.18 0.14 0.14 0.11 0.65 0.65 0.65 0.64 0.64 0.65
24 20 0.3 0.22 0.40 0.35 0.35 0.34 0.45 0.45 0.45 0.44 0.44 0.45

24 50 0.001 0.00 0.03 0.02 0.02 0.00 0.749 0.75 0.75 0.74 0.74 0.75
24 50 0.01 0.01 0.04 0.03 0.03 0.01 0.74 0.74 0.74 0.73 0.73 0.74
24 50 0.1 0.08 0.17 0.14 0.14 0.11 0.65 0.65 0.65 0.64 0.64 0.65
24 50 0.3 0.23 0.39 0.35 0.35 0.33 0.45 0.45 0.45 0.44 0.44 0.45

60 20 0.001 0.00 0.04 0.02 0.02 0.00 0.749 0.75 0.75 0.74 0.74 0.75
60 20 0.01 0.01 0.05 0.03 0.03 0.01 0.74 0.74 0.74 0.73 0.73 0.74
60 20 0.1 0.08 0.17 0.14 0.14 0.11 0.65 0.65 0.65 0.64 0.64 0.65
60 20 0.3 0.22 0.39 0.35 0.35 0.32 0.45 0.45 0.45 0.44 0.44 0.45

60 50 0.001 0.00 0.03 0.01 0.01 0.00 0.749 0.75 0.75 0.74 0.74 0.75
60 50 0.01 0.01 0.05 0.03 0.03 0.01 0.74 0.74 0.74 0.73 0.73 0.74
60 50 0.1 0.08 0.17 0.14 0.14 0.10 0.65 0.65 0.65 0.64 0.64 0.65
60 50 0.3 0.22 0.39 0.35 0.35 0.31 0.45 0.45 0.45 0.44 0.44 0.45

50% missing
24 20 0.001 0.01 0.13 0.08 0.09 0.07 0.749 0.75 0.75 0.71 0.71 0.75
24 20 0.01 0.01 0.14 0.09 0.10 0.08 0.74 0.74 0.74 0.70 0.70 0.74
24 20 0.1 0.07 0.22 0.17 0.19 0.18 0.65 0.65 0.65 0.62 0.62 0.65
24 20 0.3 0.19 0.41 0.35 0.37 0.38 0.45 0.45 0.45 0.43 0.43 0.45

24 50 0.001 0.00 0.13 0.08 0.09 0.06 0.749 0.75 0.75 0.71 0.70 0.75
24 50 0.01 0.01 0.14 0.08 0.10 0.07 0.74 0.74 0.74 0.70 0.70 0.74
24 50 0.1 0.07 0.22 0.17 0.19 0.18 0.65 0.65 0.65 0.62 0.62 0.65
24 50 0.3 0.20 0.41 0.35 0.37 0.38 0.45 0.45 0.45 0.43 0.43 0.45

60 20 0.001 0.00 0.13 0.09 0.09 0.03 0.749 0.75 0.75 0.71 0.72 0.75
60 20 0.01 0.01 0.14 0.10 0.10 0.04 0.74 0.74 0.74 0.71 0.71 0.74
60 20 0.1 0.07 0.23 0.18 0.19 0.14 0.65 0.65 0.65 0.62 0.62 0.65
60 20 0.3 0.20 0.40 0.36 0.37 0.34 0.45 0.45 0.45 0.43 0.43 0.45

60 50 0.001 0.00 0.13 0.08 0.09 0.02 0.749 0.75 0.75 0.71 0.71 0.75
60 50 0.01 0.01 0.14 0.09 0.10 0.03 0.74 0.74 0.74 0.70 0.70 0.74
60 50 0.1 0.07 0.22 0.18 0.18 0.14 0.65 0.65 0.65 0.63 0.63 0.65
60 50 0.3 0.20 0.41 0.37 0.37 0.35 0.45 0.45 0.45 0.43 0.43 0.45

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MD = mode substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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Table 6: Coverage of true values by the 95% confidence interval of the regression coefficients
based on methods to handle 25% and 50% missing data in continuous cluster level covariate

No. Cluster β0 = 0 β1 = 0.5 β2 = 0.9
clusters size ICC MM MD SL FE AG MM MD SL FE AG MM MD SL FE AG

25% missing
24 20 0.001 95 82 96 96 96 95 93 97 97 96 96 93 98 97 96
24 20 0.01 94 82 95 95 96 94 94 97 97 96 95 92 98 97 96
24 20 0.1 92 75 88 89 94 90 88 94 93 94 89 84 90 90 96
24 20 0.3 89 72 74 75 92 91 83 84 85 93 84 77 59 65 95

24 50 0.001 94 85 97 96 95 95 96 98 97 96 95 95 97 97 94
24 50 0.01 92 84 96 95 94 93 94 97 97 95 92 93 96 96 94
24 50 0.1 89 75 83 82 94 92 89 90 87 94 88 85 74 77 95
24 50 0.3 88 69 61 64 91 89 83 67 66 94 85 77 32 38 94

60 20 0.001 96 68 96 96 96 96 81 98 98 96 92 72 97 97 95
60 20 0.01 94 66 94 94 95 94 83 98 98 95 91 73 97 97 94
60 20 0.1 93 56 81 80 95 93 67 94 93 94 79 56 72 73 95
60 20 0.3 92 49 48 50 92 88 57 64 65 92 71 47 23 22 93

60 50 0.001 95 72 97 96 95 95 87 98 98 95 95 81 98 98 95
60 50 0.01 93 68 95 94 94 93 85 97 97 94 93 78 96 96 94
60 50 0.1 93 57 68 68 95 92 70 88 86 93 81 60 47 48 95
60 50 0.3 92 49 31 32 92 88 56 41 40 91 74 47 3 4 93

50% missing
24 20 0.001 95 16 34 36 76 86 44 90 82 96 91 81 93 90 93
24 20 0.01 94 16 34 38 74 85 42 89 82 97 84 74 91 85 94
24 20 0.1 88 25 48 49 74 78 47 80 73 95 68 59 72 70 91
24 20 0.3 78 34 56 61 83 82 53 66 68 96 74 58 51 57 92

24 50 0.001 95 12 10 17 74 85 42 84 66 96 96 92 92 83 93
24 50 0.01 92 12 15 20 77 80 43 79 63 97 91 89 89 81 93
24 50 0.1 88 23 33 37 76 77 44 53 53 95 71 62 54 55 91
24 50 0.3 82 34 47 51 81 83 52 49 51 96 73 57 37 41 92

60 20 0.001 95 4 3 2 86 66 4 73 73 74 89 60 91 85 94
60 20 0.01 94 4 3 4 81 62 4 68 67 78 83 49 85 80 91
60 20 0.1 86 8 14 14 79 71 7 58 56 87 66 25 59 53 86
60 20 0.3 69 14 27 27 77 80 12 46 43 87 68 23 37 32 86

60 50 0.001 96 2 0 0 97 58 2 61 59 46 94 66 87 79 98
60 50 0.01 92 2 0 0 94 51 3 49 51 59 91 67 84 77 97
60 50 0.1 90 8 2 3 74 63 8 29 32 86 65 27 37 37 84
60 50 0.3 69 13 14 16 78 81 12 32 27 87 67 20 21 16 85

Abbreviations: ICC = intracluster correlation coefficient, MM = mixed model, MD = mode substitution,

SL = single level multiple imputation (MI), FE = fixed effects MI, AG = MI aggregate imputation.
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5 Discussion

We performed a simulation study to evaluate strategies to handle missing cluster level
covariates under the MAR assumption. We varied the total number of clusters, cluster
size, ICC, percentage of missingness, and examined the methods when the cluster level
covariate was continuous and categorical. We evaluated bias among the fixed and random
parameter estimates, as well as coverage of the true values of the fixed parameters.

For both continuous and categorical cluster level covariates, the mixed model produced
better estimates of the regression coefficients and ICC when the ICC was low (ICC ≤
0.1) and with 25% missing cluster level data. However, when the ICC was higher (ICC
> 0.1), the mixed model generated severely biased estimates of the regression coefficients,
which became worse when the percentage of missing data increased to 50%. MI aggregate
imputation performed best when the ICC was higher (ICC > 0.1), though it tended to
overestimate the ICC similar to the other imputation approaches. When the cluster level
covariate was categorical, none of the strategies performed well when 50% of the data were
missing. Overall, the worst methods for the missing continuous and categorical cluster level
covariate were mean substitution and mode substitution, respectively. Although these
single imputation methods are simple, they should not be used, because they produced
biased fixed and random effect estimates, especially when the cluster level covariate was a
categorical variable.

In the context of longitudinal data, Cheung [13] compared methods to handle time-invariant
data under MCAR, and found the complete case analysis and mixed model to perform
best. He also concluded mean substitution to be acceptable when the amount of missing
data was low (10%). Among educational data, Gibson et al. [12] investigated missing
continuous cluster level data under MCAR, and found that complete case analysis and
mean substitution performed similarly, but that complete case analysis was the only method
to perform well when estimating random effects with a higher percentage of missing data
(40%) and smaller total clusters (N = 30). However, MCAR may be too strong of an
assumption in scenarios such as cluster randomized trials, since the reason for missingness
may depend on the treatment or other observed data. For this reason, appropriate methods
to handle missing multilevel data should be chosen based on reasonable assumptions about
the missing data.

Van Buuren studied missing data strategies to handle missing outcomes and covariates at
the individual level under MAR. He compared the mixed model, single level MI ignoring
clustering, fixed effects MI, and multilevel MI, which incorporates clustering into the im-
putation process via the Gibbs sampler. He found complete case analysis to be a poor
strategy when missingness occurred among individual level covariates, and concluded mul-
tilevel MI to be the best strategy overall for missing individual level data [9]. However,
multilevel MI as implemented in the mice package in R is unable to impute missing cluster
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level variables.

In general, we found that neither single level MI nor fixed effects MI performed well when
imputing cluster level variables, particularly when the percentage of missing data was
higher. Both methods produced biased fixed and random parameter estimates, and were
undercoveraged for the fixed parameters. Van Buuren found fixed effects MI to perform
reasonably well when imputing individual level covariates, though this method had com-
putation problems when the cluster size was small (ni = 20) due to the low number of
observations per cluster (≤ 3) after generating missing data. He found single level MI
ignoring clustering to be less successful in generating appropriate fixed and random pa-
rameter estimates [9]. Single level MI is still generally used in practice [5], even though it
has been shown to perform well only under the restrictive assumption that the continuous
individual level outcome is MCAR and the ICC is very low (ICC < 0.005) [7]. Single level
MI should not be used to impute cluster level covariates because it has been shown to
perform poorly, regardless of whether the data are MCAR [12, 13] or MAR.

A strength of our study is that we assessed missing data strategies under the MAR as-
sumption, which may be a more likely scenario in practice. Along with the continuous
cluster level covariate, we also investigated the behavior of methods when the cluster level
covariate was categorical, which may be more widely found among cluster level data. We
evaluated scenarios with small and large total number of clusters, cluster sizes, and ICC.
We did not examine the scenario in which missing data occur in multiple levels within
the hierarchical structure. For example, along with missing cluster level covariates, miss-
ing data can occur among individual level outcomes and covariates simultaneously. This
scenario is perhaps most commonly seen in practice. Van Buuren studied the scenario in
which missing data occur among individual level outcomes and covariates simultaneously,
and found multilevel MI to perform best, though still not ideal [9]. Another, more complex
setting to examine is a three-level model, such as a longitudinal cluster randomized trial,
which includes clusters, individuals per cluster, and measurements per individual. Further
investigation of appropriate approaches when missing data occur in different places among
clustered data is needed. Although it is possible to test between MCAR and MAR, it is
not possible to test between MAR and MNAR since the data are missing. For this reason,
it would be beneficial to examine the performance of approaches under departures from
the MAR assumption in future.

Based on our simulations, we recommend using the mixed model for missing cluster level
covariates when the ICC is small (ρ ≤ 0.1) and the percentage of missing data is low (≤
25%), as long as there are a large number of clusters. Otherwise, MI aggregate imputation
should be used to impute missing cluster level covariates, though caution should be taken if
the percentage of missing cluster level covariates is high. Mean and mode substitution are
not recommended as effective strategies to imputed missing cluster level covariates.

16

114



References

[1] Jerome Cornfield. Randomization by group: a formal analysis. American Journal of
Epidemiology, 108(2):100–102, 1978.

[2] Marion K Campbell, Jill Mollison, Nick Steen, Jeremy M Grimshaw, and Martin
Eccles. Analysis of cluster randomized trials in primary care: a practical approach.
Family Practice, 17(2):192–196, 2000.

[3] Melanie L Bell and Joanne E McKenzie. Designing psycho-oncology randomised trials
and cluster randomised trials: variance components and intra-cluster correlation of
commonly used psychosocial measures. Psycho-Oncology, 22(8):1738–1747, 2013.

[4] Geoffrey Adams, Martin C Gulliford, Obioha C Ukoumunne, Sandra Eldridge, Susan
Chinn, and Michael J Campbell. Patterns of intra-cluster correlation from primary
care research to inform study design and analysis. Journal of Clinical Epidemiology,
57(8):785–794, 2004.

[5] Mallorie H. Fiero, Shuang Huang, Eyal Oren, and Melanie L. Bell. Statistical analysis
and handling of missing data in cluster randomised trials: a systematic review. Trials,
17:72, 2015.

[6] Donald B Rubin. Inference and missing data. Biometrika, 63(3):581–592, 1976.

[7] Monica Taljaard, Allan Donner, and Neil Klar. Imputation strategies for missing
continuous outcomes in cluster randomized trials. Biometrical Journal, 50(3):329–
345, 2008.

[8] Rebecca R Andridge. Quantifying the impact of fixed effects modeling of clusters in
multiple imputation for cluster randomized trials. Biometrical journal, 53(1):57–74,
2011.

[9] Stef Van Buuren et al. Multiple imputation of multilevel data. Routledge New York,
NY, 2011.

[10] Jinhui Ma, Noori Akhtar-Danesh, Lisa Dolovich, and Lehana Thabane. Imputation
strategies for missing binary outcomes in cluster randomized trials. BMC Medical
Research Methodology, 11(1):1, 2011.

[11] Jinhui Ma, P Raina, J Beyene, and L Thabane. Comparing the performance of differ-
ent multiple imputation strategies for missing binary outcomes in cluster randomized
trials: a simulation study. J Open Access Med Stat, 2:93–103, 2012.

[12] Nicole Morgan Gibson and Stephen Olejnik. Treatment of missing data at the sec-
ond level of hierarchical linear models. Educational and Psychological Measurement,
63(2):204–238, 2003.

17

115



[13] Mike W-L Cheung. Comparison of methods of handling missing time-invariant covari-
ates in latent growth models under the assumption of missing completely at random.
Organizational Research Methods, 2007.

[14] Andrew Gelman and Jennifer Hill. Data analysis using regression and multi-
level/hierarchical models. Cambridge University Press, 2006.

[15] Roderick JA Little. Regression with missing x’s: a review. Journal of the American
Statistical Association, 87(420):1227–1237, 1992.

[16] Stef Van Buuren and Karin Groothuis-Oudshoorn. mice: Multivariate imputation by
chained equations in r. Journal of Statistical Software, 45(3), 2011.

[17] Jaap Brand. Development, implementation and evaluation of multiple imputation
strategies for the statistical analysis of incomplete data sets. PhD thesis, Erasmus
University Rotterdam, 1999.

[18] Donald B Rubin. Multiple imputation for nonresponse in surveys, volume 81. John
Wiley & Sons, 1987.

[19] S Van Buuren and CGM Oudshoorn. mice: Multivariate imputation by chained equa-
tions. r package version 1.16, 2007.

18

116



117

APPENDIX E: SUPPLEMENTARY FILE 1 - SEARCH
STRATEGY



Supplementary file 1 
Search terms and strategy used in PubMed. The same search was also performed in Web of 
Science (all databases) and PsycINFO. 
 
Cluster randomized OR cluster randomised OR community trial OR community randomized OR 
community randomised OR group randomized OR group randomised OR (cluster AND trial) 
 
Limiters: all in title or abstract, August 1, 2013 – July 31, 2014 
1285 articles found 
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APPENDIX F: SUPPLEMENTARY FILE 2 - DATA
EXTRACTION



Supplementary file 2 
Specific details on data items, including relevant coding used during the data extraction 
process. 
 
Data items* 

1. Year 
2. Month 
3. Journal 
4. Author 

a. Last name of first author 
5. Stepped wedge 

a. Yes, No 
6. Pilot/feasibility 

a. Yes, No 
7. If pilot/feasibility, were hypothesis tests performed? 

a. Yes, No, NA 
8. If pilot/feasibility, were feasibility outcomes stated? 

a. Yes, No, NA 
9. Outcome 
10. Type of outcome 

a. Binary, Continuous, Count 
11. How often outcome was collected at individual level 

a. Single, Repeated 
12. How outcome was treated in the primary analysis 

a. Single, Repeated 
13. Unit of randomization 

a. E.g. clinic, practitioner 
14. Stratification/Matching/Minimization in randomization 

a. Stratification, Matching, Minimization, No 
15. No. clusters randomized 
16. No. clusters missing outcome 
17. % missing - cluster level 
18. Total no. participants randomized 
19. No. participants missing outcome 
20. % missing - individual level 
21. If survey data, response rate at time period of primary analysis 
22. Average no. participants per cluster 
23. Min no. participants in cluster 
24. Max no. participants in cluster 
25. Presented sample size calculation 

a. Yes, No 
26. Accounted for clustering in sample size 

a. Yes, No 
27. Reported ICC or CV in sample size 
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28. Accounted for missing outcome data in calculation 
a. Yes, No 

29. If yes, accounted missingness clusters and/or individuals 
a. Clusters, Individuals, Both, Unclear 

30. Reported attrition rate in sample size 
31. Primary analysis 
32. Clustering accounted for in analysis 

a. Yes, No 
33. Observed ICC or CV reported (primary outcome) 
34. If so, how does it compare to ICC or CV used in sample size calculation? 

a. 100 * (Observed ICC – Sample size ICC) / Sample size ICC 
35. GEE correction 

a. Yes, No, NA 
36. If yes, what type? 

a. Bias correction, DF adjustment, Bootstrap 
37. Method missing data in primary analysis 

a. Complete case, single imputation (LOCF, worst case, etc.), multiple imputation, 
mixed model, GEE, GEE IPW, Bayesian, Unclear 

38. If imputation, was it multilevel? 
a. Yes, No, NA, Unclear 

39. Sensitivity analysis 
a. Complete case, single imputation (LOCF, worst case, etc.), multiple imputation, 

mixed model, GEE, GEE IPW, Bayesian, No, Unclear 
40. Level of reporting sensitivity analysis 

a. Sentence, Paragraph, Tabulation, NA 
41. Notes 

 
* If any item is not applicable, not reported or unclear, indicate “NA”, “NR” or “Unclear”, 
respectively, in appropriate field.  
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APPENDIX G: ADDITIONAL FILE 1 - PRISMA
CHECKLIST



PRISMA 2009 Checklist 

Section/topic  # Checklist item  Reported 
on page #  

TITLE   
Title  1 Identify the report as a systematic review, meta-analysis, or both.  1 
ABSTRACT   
Structured summary  2 Provide a structured summary including, as applicable: background; objectives; data sources; study eligibility criteria, 

participants, and interventions; study appraisal and synthesis methods; results; limitations; conclusions and 
implications of key findings; systematic review registration number.  

2 

INTRODUCTION   
Rationale  3 Describe the rationale for the review in the context of what is already known.  4-6 
Objectives  4 Provide an explicit statement of questions being addressed with reference to participants, interventions, comparisons, 

outcomes, and study design (PICOS).  
6 

METHODS   
Protocol and registration  5 Indicate if a review protocol exists, if and where it can be accessed (e.g., Web address), and, if available, provide 

registration information including registration number.  
6 

Eligibility criteria  6 Specify study characteristics (e.g., PICOS, length of follow-up) and report characteristics (e.g., years considered, 
language, publication status) used as criteria for eligibility, giving rationale.  

6-7 

Information sources  7 Describe all information sources (e.g., databases with dates of coverage, contact with study authors to identify 
additional studies) in the search and date last searched.  

7 

Search  8 Present full electronic search strategy for at least one database, including any limits used, such that it could be 
repeated.  

6 
(Protocol) 

Study selection  9 State the process for selecting studies (i.e., screening, eligibility, included in systematic review, and, if applicable, 
included in the meta-analysis).  

7 

Data collection process  10 Describe method of data extraction from reports (e.g., piloted forms, independently, in duplicate) and any processes 
for obtaining and confirming data from investigators.  

7 

Data items  11 List and define all variables for which data were sought (e.g., PICOS, funding sources) and any assumptions and 
simplifications made.  

8-10 

Risk of bias in individual 
studies  

12 Describe methods used for assessing risk of bias of individual studies (including specification of whether this was 
done at the study or outcome level), and how this information is to be used in any data synthesis.  

NA 

Summary measures  13 State the principal summary measures (e.g., risk ratio, difference in means).  NA 
Synthesis of results  14 Describe the methods of handling data and combining results of studies, if done, including measures of consistency 

(e.g., I2) for each meta-analysis.  
NA 
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PRISMA 2009 Checklist 

Page 1 of 2  

Section/topic  # Checklist item  Reported 
on page #  

Risk of bias across studies  15 Specify any assessment of risk of bias that may affect the cumulative evidence (e.g., publication bias, selective 
reporting within studies).  

NA 

Additional analyses  16 Describe methods of additional analyses (e.g., sensitivity or subgroup analyses, meta-regression), if done, indicating 
which were pre-specified.  

8-9 

RESULTS   
Study selection  17 Give numbers of studies screened, assessed for eligibility, and included in the review, with reasons for exclusions at 

each stage, ideally with a flow diagram.  
10, 
Figure 1 

Study characteristics  18 For each study, present characteristics for which data were extracted (e.g., study size, PICOS, follow-up period) and 
provide the citations.  

10-11 

Risk of bias within studies  19 Present data on risk of bias of each study and, if available, any outcome level assessment (see item 12).  NA 
Results of individual studies  20 For all outcomes considered (benefits or harms), present, for each study: (a) simple summary data for each 

intervention group (b) effect estimates and confidence intervals, ideally with a forest plot.  
NA 

Synthesis of results  21 Present results of each meta-analysis done, including confidence intervals and measures of consistency.  NA 
Risk of bias across studies  22 Present results of any assessment of risk of bias across studies (see Item 15).  NA 
Additional analysis  23 Give results of additional analyses, if done (e.g., sensitivity or subgroup analyses, meta-regression [see Item 16]).  13-14 

DISCUSSION   
Summary of evidence  24 Summarize the main findings including the strength of evidence for each main outcome; consider their relevance to 

key groups (e.g., healthcare providers, users, and policy makers).  
14, 17-18
  

Limitations  25 Discuss limitations at study and outcome level (e.g., risk of bias), and at review-level (e.g., incomplete retrieval of 
identified research, reporting bias).  

16-17 

Conclusions  26 Provide a general interpretation of the results in the context of other evidence, and implications for future research.  14-16 

FUNDING   
Funding  27 Describe sources of funding for the systematic review and other support (e.g., supply of data); role of funders for the 

systematic review.  
18 

 
From:  Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009). Preferred Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA Statement. PLoS Med 6(6): e1000097. 
doi:10.1371/journal.pmed1000097  

For more information, visit: www.prisma-statement.org.  

Page 2 of 2  
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APPENDIX H: ADDITIONAL FILE 2 - REFERENCES
OF 86 INCLUDED TRIALS IN REVIEW



Supplemental	  File	  
Below	  are	  the	  references	  of	  the	  86	  trials	  included	  in	  the	  review.	  
	  
1.	  Arvidsson	  H,	  Olin	  E,	  Strand	  J,	  et	  al.	  Effects	  of	  the	  two-‐way	  communication	  checklist	  (2-‐COM):	  a	  one-‐year	  

cluster	  randomized	  study	  in	  a	  group	  of	  severely	  mentally	  ill	  persons.	  Int	  J	  Soc	  Psychiatry	  2014;60(1):95-‐
102	  doi:	  10.1177/0020764012467145.	  

2.	  Baatjies	  R,	  Meijster	  T,	  Heederik	  D,	  et	  al.	  Effectiveness	  of	  interventions	  to	  reduce	  flour	  dust	  exposures	  in	  
supermarket	  bakeries	  in	  South	  Africa.	  Occup	  Environ	  Med	  2014;71(12):811-‐8	  doi:	  10.1136/oemed-‐2013-‐
101971.	  

3.	  Bavarian	  N,	  Lewis	  KM,	  Dubois	  DL,	  et	  al.	  Using	  social-‐emotional	  and	  character	  development	  to	  improve	  
academic	  outcomes:	  a	  matched-‐pair,	  cluster-‐randomized	  controlled	  trial	  in	  low-‐income,	  urban	  schools.	  J	  
Sch	  Health	  2013;83(11):771-‐9	  doi:	  10.1111/josh.12093.	  

4.	  Bird	  C,	  Ame	  S,	  Albonico	  M,	  et	  al.	  Do	  shoes	  reduce	  hookworm	  infection	  in	  school-‐aged	  children	  on	  Pemba	  
Island,	  Zanzibar?	  A	  pragmatic	  trial.	  Trans	  R	  Soc	  Trop	  Med	  Hyg	  2014;108(5):297-‐304	  doi:	  
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