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Abstract

BACKGROUND: Real-world data are increasingly being used for as a
complement to randomized controlled trials (RCTs) for evaluating the
effectiveness and cost-effectiveness of healthcare interventions. Real-world data
often are expected to have higher generalizability by including more
representative patient populations and resembling daily clinical practice better
than RCTs. However, since data are not collected for research purposes, missing
observations in real-world data are highly common. Inadequate handling of
missing observations may lead to biased estimates and invalid conclusions. The
aim of this scoping review was to identify and critically appraise statistical
methods for dealing with missing observations in real-world data.

METHODS: We searched PubMed for simulation studies that assessed the
performance of statistical methods for dealing with missing observations in
real-world data published between January 2000 and December 2018. We
searched for simulation studies because well-developed simulation studies may be
preferable to choose the best missing data method for real-world data.
Information was extracted on the aims of the studies, data generating
mechanisms, assessed statistical methods for dealing with missing observations,
performance of the statistical method, statistical software used, and authors’
remarks and conclusions on the validity and usability of the statistical methods.

RESULTS: Fifty-two studies were eligible for inclusion; 19 assessed methods for
missing covariates, 13 for missing outcome(s), 15 for missing observations in
both covariates and outcome(s), and in 5 studies it was unclear whether missing
observations were present in covariates and/or outcome(s). Eleven studies took
into account the multilevel structure of the data, whereas others did not. When
imputing single-level missing at random (MAR) data, MICE and multivariate
normal imputations (MVNI) seemed the best performing methods. When dealing
with multilevel MAR data, multiple imputation-based methods seem to be the
most flexible and best performing methods. For data missing not at random
(MNAR, 16 studies), selection models and pattern mixture models appear to be
most promising.

CONCLUSIONS: The choice of a statistical method to deal with missing
observations depends on the type of missing variables and the assumed missing
data mechanism. Although MAR is the most commonly assumed missing data
mechanism, data that are missing not at random (MNAR) is also common in
real-world data, although only few studies evaluated methods for MNAR data.
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1 Background

Historically, randomized controlled trials (RCTs) are considered the “gold standard”

for evaluating the effectiveness and cost-effectiveness of healthcare interventions, be-

cause their internal validity is high due to the randomization of participants into

two or more study groups [1, 2, 3, 4, 5, 6]. However, the external validity of RCTs

can be compromised due to strict inclusion criteria resulting in homogeneous study

populations in combination with strict treatment protocols [1, 2, 3, 4, 5, 6]. A pos-

sible addition to RCTs is the use of data collected in a routine care environment,

also known as real-world data [6, 7].The advantage of using real-world data is that

they are collected under less strictly controlled circumstances, leading to increased

generalizability compared with RCTs [3]. Because of this reason, over the last years

real-world data are increasingly being used as a complement to RCTs and play an

increasingly important role in generating timely evidence on the (cost-) effective-

ness of healthcare interventions in actual clinical practice [2, 4, 6, 7, 8, 9, 10, 11].

Moreover, real world data may be especially suitable for cost-effectiveness analyses,

because these studies aim to directly influence reimbursement decisions and there-

fore should reflect actual clinical practice as much as possible.

Despite the advantages of real-world data studies, there are important method-

ological pitfalls compared to RCTs [1, 4, 8]. Probably one of the most important

pitfalls is that of missing data [4, 12]. Missing observations are a particular concern

in real-world data studies, because real-world data are typically collected to support

the healthcare process and not for research purposes [8]. Additionally, the complex-

ity of real-world data (e.g., structured data such as diagnosis based on codes in

combination with textual or narrative data such as attending physician’s notes),

the number or rate (i.e., percentage) of missing observations (e.g., which can be

higher than in RCTs where reminders are sent or interviews are taken), as well as

the reasons for the data to be missing (e.g., missings due to lack of collection or

lack of documentation) makes dealing with missing observations in real-world data

challenging [11, 13, 14].

Research indicates that missing observations are often inadequately handled in

clinical studies potentially leading to biased results and decreased precision, which

may in turn result in invalid conclusions [15, 16, 17, 18, 19, 20]. This problem may

be even more pronounced when using real world data, where there is a risk of ad-

ditional bias if missing observations occur in variables that are used to define the

cohort or if linkage of all participants is not possible due to missing observations

[14]. Therefore, the selection of appropriate methods to handle missing observations

in real-world data studies is especially vital.

Traditionally, missing observations have been handled by simply deleting cases

with missing values, also known as a complete-case analysis [18, 20]. Other so-

called “simple” methods for dealing with missing observations include mean impu-

tation, hot-deck imputation, and last observation carried forward [21, 22]. All of

these methods, however, may result in biased estimates and underestimate the vari-

ance surrounding these estimates [21]. During the previous decades, more advanced
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methods such as maximum likelihood-based methods and multiple imputation, have

been developed to overcome the disadvantages of these “simple” methods [20, 21].

Several reviews on how to handle missing observations in epidemiological stud-

ies have been previously published. However, the majority of these reviews focused

on RCT data [15, 16, 17, 18, 19]. Considering the increased use of real-world data

in healthcare research and the additional challenges associated with the presence

of missing observations in such data, the aim of this scoping review was to iden-

tify and critically appraise available statistical methods for dealing with missing

observations in real-world data.

2 Methods

In this scoping review, we systematically searched PubMed for simulation studies

that assessed the performance of statistical methods for dealing with missing ob-

servations in real-world data. We decided to specifically focus on simulation studies

because well developed simulation studies may be preferable to choose the best

missing data method for eal-world data. We also decided to restrict our search to

PubMed, because we aimed to identify methods for dealing with missing observa-

tions in biomedical research.

2.1 Search Strategy

We searched for relevant studies using a combination of terms related to the type of

data (e.g., “real-world data”, “routinely collected data”, “electronic health records”)

and the methodological aspect to be addressed (e.g., “missing data”, “missing ob-

servations”, “censored values”) in the title, abstract, MeSH headings or keywords.

The search was restricted to studies published between January 2000 and Decem-

ber 2018 to prevent identification of studies evaluating obsolete methods (more

advanced methods like multiple imputation by chained equations only came into

use after the year 2000). The full PubMed search strategy is available in Appendix

1. The PubMed search was complemented by searching reference lists of included

studies. During the search, a logbook was kept with the date of the search, the

keywords used and the results of each search. Titles and abstracts of the retrieved

studies were stored in an online electronic library using EndNote X8.

2.2 Study Selection

Two researchers (AEGM and ANV) independently screened titles and abstracts

identified by the search for possible inclusion in the study. Studies solely evaluating

the performance of “simple” methods, such as deletion methods (e.g., complete-

case analysis, available-case analysis) and single imputation techniques (e.g., mean

imputation, single regression imputation, hot-deck imputation, last observation car-

ried forward) were excluded [21, 22]. This was done, because previous reviews have

already shown that these methods can result in severely biased estimates [18]. Stud-

ies were included if they conducted a simulation study to assess the relative perfor-

mance of two or more statistical methods for dealing with missing observations in

real-world data. The focus of the review was the comparison of different methods,

therefore studies that exclusively compared variations of the same method were
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excluded. In addition, studies had to be published as full papers and had to be

written in English. Because the review is focused on real-world data, we excluded

studies focusing on specific types of data (e.g., high dimensional data such as genetic

and imaging data) and/or experimental study designs (e.g., randomized controlled

trials). Additionally, we focused specifically on handling missing data when using

real-world data patient-level. Therefore, we excluded methods for handling missing

observations in meta-analyses. Finally, survival-based methods were also excluded

because our interest did not lie in time-to-event outcome variables, but in estimat-

ing mean differences. In case of disagreements about the eligibility of the identified

studies between the two reviewers, consensus was sought during a face-to-face meet-

ing. If consensus could not be reached, a third reviewer (JEB) was consulted. Full

texts of studies that definitely or possibly fulfilled the inclusion criteria were re-

trieved. A final decision on the inclusion of a study was based on the full text using

the same strategy as described above.

Missing Data Mechanisms

All statistical methods for dealing with missing observations rely on assump-

tions regarding the relationship between the observed and unobserved (i.e.,

missing) variables, also known as the missing data mechanism [23].Three

missing data mechanisms are distinguished; missing at random (MAR),

missing completely at random (MCAR) and missing not at random (MNAR).

Missing at random (MAR): this mechanism is assumed by most

statistical methods and implies that the probability of “missingness” (i.e.,

the probability of an observable data point being missed) depends (i.e., is

conditional) on observed variables and can be explained by the information

available in these variables [16, 18, 21, 24, 25, 26, 27]. However, it is important

to bear in mind, that the MAR assumption is fundamentally untestable,

because part of the data is not observed [28].

Missing completely at random (MCAR): assumes that the miss-

ingness of data is not related to any observed or unobserved variables, thus

the probability of missingness is equal for all variables [21]. If the MCAR

assumption is met, results may be unbiased. However, this is rarely the case,

making MAR a more plausible and less restrictive assumption for missing

observations [21, 24, 25, 26, 27, 29].

Missing not at random (MNAR): the probability of missing obser-

vations is assumed to depend on unobserved data, making this a highly

challenging and problematic mechanism to appropriately deal with because

the reasons of missingness are unknown [21].

Box 1: Missing data mechanisms
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2.3 Data Extraction

One reviewer (AEGM) independently extracted data from the included studies us-

ing a standardized data extraction form, which was based on the structured ap-

proach for designing and reporting simulation studies by Morris et al. [30]. Data

were extracted on the: [1] aim of the study, [2] data generating mechanisms: char-

acteristics of the data (i.e., simulated data only or a combination of simulated data

validated with an applied study), sample size, number of simulated data sets, types

of missing variables (i.e., missing observations in covariates and/or outcome vari-

ables), percentage of missing observations, assumed missing data mechanism (i.e.,

missing completely at random (MCAR), missing at random (MAR) and/or missing

not at random (MNAR), see Box 1) [24], presence of hierarchical levels in the data

(i.e., single-level or multilevel, see Appendix 2), [3] assessed statistical methods for

dealing with missing observations, [4] reported performance measures (e.g., bias,

empirical standard error, model-based standard error, (root) mean square error,

coverage, convergence, computational speed), [5] authors’ remarks on the compared

methods (e.g., advantages and disadvantages), [6] statistical software used, [7] au-

thors’ conclusions on the validity of and recommendations about the usability of the

method. Five percent of the extracted studies were randomly selected for a second

reviewer (ANV or JMvD) to independently assess the data extraction. Inconsisten-

cies found between the two reviewers were settled in a face-to-face meeting.

2.4 Data Synthesis

The results of the scoping review were narratively described. The methods used

for dealing with missing observations were described separately for studies that

evaluated single-level and multilevel methods. Methods were further categorized

according the used mechanism to account for missing observations. An overview

of the identified studies per category and per method was included. General in-

formation (e.g., description) on methods that were described in a small number

of included studies, was complemented with other sources (e.g.,textbooks). Rele-

vant advantages and disadvantages regarding performance of the methods based on

remarks by the authors of the included studies were described.

3 Results

We identified 6,820 potentially eligible studies via our electronic search. After re-

moving 109 duplicates, 6,711 studies were screened on title and abstract, resulting

in the exclusion of 6,417 papers. After full-text screening of the remaining 294

studies, 48 studies were included in the scoping review. In addition, four studies

[31, 32, 33, 34] were added from our own database (Figure 1). The main reasons

for exclusion during full-text screening were that studies had a different aim than

the evaluation of the relative performance of methods for dealing with missing ob-

servations (n=100) and that studies did not conduct a simulation study to assess

the performance of the included methods (n=36, see Figure 1 for other exclusion

reasons). Supplementary Table 1 gives an overview of the characteristics of the

included studies.

Of the included studies, 42 studies (81%) dealt with missing observations in single-

level data and 11 studies (21%) with missing observations in multilevel data. The
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majority of studies compared methods assumed a MAR mechanism (47 studies,

90%), and 32 studies (62%) tested the performance of the methods under the as-

sumption of more than one missing data mechanism (i.e., MCAR, MAR and/or

MNAR). Nineteen studies (37%) assessed methods for dealing with missing covari-

ates, 13 studies (25%) for missing outcome(s), and 15 studies (29%) for missing

observations in both covariates and outcome(s). In 5 studies (10%), it was un-

clear whether missing observations were present in covariates and/or outcome(s).

In 49 studies (94%), the methods’ performance was assessed in terms of empirical

o model-based standard errors, in 37 studies (71%) in terms of convergence, in 33

studies (63%) in terms of bias, in 25 studies (48%) in terms of coverage, and in 19

studies (37%) in terms of (root) mean squared error(RMSE). Supplementary Table

2 gives an aggregated summary of the simulated data generating mechanisms of the

included studies.

3.1 Identified Statistical Methods for Dealing with Missing Data Single-level Data

In total, 42 studies were identified that evaluated five different categories of meth-

ods to account for missing observations in single-level data (see Table 1 for the

methods). These categories are: 1) deletion methods (27/42 studies, 64%), 2) single

imputation methods (2/42 studies, 5%), 3) multiple imputation methods (41/42

studies, 98%), 4) maximum likelihood-based methods (6/42 studies, 14%), and 5)

weighting methods (7/42 studies, 17%).

Deletion Methods

Two different deletion methods were identified for dealing with missing observa-

tions in single-level data: 1) complete case analysis (CCA) and 2) available case

analysis (ACA). CCA (25/42 studies) and ACA (3/42 studies) were mainly used as

a reference method against which more advanced imputation methods were com-

pared. The use of complete cases only results in a decreased sample size and, thus,

a reduction of statistical power. Consequently, standard errors of the estimates are

underestimated in comparison with a full data analysis [35]. Although CCA and

ACA will not result in bias under a MCAR mechanism, deletion methods will re-

sult in biased estimates if the MCAR assumption does not hold [21, 36, 37, 38].

There is one exception to the latter, that is when only outcome data are missing

and it is possible to adjust at baseline for the same outcome variable [39]. An ad-

vantage of both CCA and ACA is that many standard statistical methods, such as

ordinary least squares (OLS) regression, can be easily applied to complete/available

cases only [36]. An advantage of CCA over ACA is that the same dataset is used

for all analyses, whereas with ACA the sample may differ between outcome mea-

sures [21, 36]. ACA, on the other hand, has a better performance (i.e., less biased

effect estimates) than CCA in situations where the data have a multivariate normal

distribution [21].

Single Imputation Methods

Two different single imputation methods were assessed for dealing with missing

observations in single-level data: 1) mean imputation (2/42 studies), and 2) re-

gression imputation (1/42 studies). Single imputation methods may lead to overly



Guevara Morel et al. Page 7 of 28

precise results in two ways. First, the uncertainty about the true value of the miss-

ing observation is not taken into account, and second, the variability of the missing

observations is not accounted for. As a result, the total uncertainty surrounding the

estimates is underestimated, which in turn leads to an increased chance of a Type

II error [21, 36, 40, 41, 42]. Mean imputation distorts the statistical variability

of imputed values and the correlation structure between variables due to the in-

sertion of values that are uncorrelated to the observed values [21, 36, 40, 43]. On

the other hand, regression imputation, which can also be considered weighted

mean imputation, has the disadvantage of artificially strengthening the correlations

between variables. This is because the imputed values are predicted based on the

correlations between the variable with missing observations and the outcome vari-

able [21, 22, 36, 40, 41, 42]. When the MCAR assumption is violated, both methods

result in biased estimates [21, 36].

Multiple Imputation Methods

Two different single-level multiple imputation methods were identified: 1) multi-

variate normal imputation (MVNI), also referred to as joint modelling (JM) (8/42

studies), and 2) multiple imputation by chained equations (MICE), also referred to

as fully conditional specification (FCS) (16/42 studies).

The main advantage of multiple imputation methods is that they take imputa-

tion uncertainty into account; that is, multiple imputation methods allow for un-

certainty in the estimated values [21, 44]. Standard multiple imputation methods

such as MVNI and MICE, rely on a MAR assumption [45, 46]. If data are indeed

MAR, then multiple imputation results in unbiased estimates [45]. Multiple impu-

tation gives more valid standard errors than single imputation methods, because

uncertainty within and between imputations is accounted for [45]. When handling

missing observations in longitudinal data, both MVNI and MICE can be used by

including the repeated measurements as separate variables in the imputation model,

also referred to as “just another variable” approach (JAV)) [46, 47]. However, this

approach does not take into account temporal trends (i.e., longitudinal changes over

time) [46, 48]. MVNI and MICE were found to perform similarly well when there

are relatively few time points in the data (e.g., 3 time points) and a small number

of variables [46]. However, when there are large numbers of variables as well as

time points, both methods may experience non-convergence due to over-fitting of

the imputation model and/or collinearity between predictor variables [46, 47, 48].

Finally, both MVNI and MICE perform poorly when there are interaction terms in

the analysis model that need to be accounted for in the models [44].

Multivariate normal imputation (MVNI) or joint modelling (JM), im-

putes missing observations by specifying a joint imputation model that assumes

a multivariate normal distribution of all variables with missing observations

[44, 45, 46, 47, 48]. MVNI has two main limitations that are both related to the

fact that MVNI assumes specific parametric models that might not be a perfect

fit to the complex data structures found in real-world data [45]. First, MVNI can-

not account for non-normally distributed data, which can lead to biased estimates
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[45, 48, 49, 50] and poor coverage rates, if data are not normally distributed [44].

To deal with non-normal data when using MVNI, the included studies suggested

two MVNI log-transformations of non-normal variables: 1) MVNI with a simple log

transformation; and 2) MVNI with a zero-skewness log transformation [44, 45]. Lee

et al. concluded that in comparable simulation scenarios, MVNI when compared

to MICE both with log-transformations of non-normal variables results in similar

performance [45]. However, use of log-transformations for MVNI as a comparison to

MICE was assessed in only two studies [44, 45]. A second limitation of MVNI is that

due to the multivariate normality assumption, dealing with binary and categorical

variables is difficult [44]. When dealing with binary variables, two variations of

MVNI were suggested: 1) multiple imputation using MCMC-multivariate normal-

coin flipping-nonmonotone pattern (MCMC-D); and 2) multiple imputation using

MCMC-multivariate normal-adaptive rounding-nonmonotone pattern (MCMC-A)

[51]. When dealing with categorical data, MVNI with rounding imputation to the

nearest integer value was suggested [50]. However, the included studies showed that

all three methods resulted in biased estimates [50, 51].

Multiple imputation by chained equations (MICE), also known as fully

conditional specification (FCS), is a semi-parametric Markov Chain Monte

Carlo (MCMC) method. MICE is characterized by its flexibility in allowing for the

specification of different regression models for different types of variables [44, 52, 53].

Consequently, MICE can be used with missing observations in continuous and both

ordinal and nominal categorical data [40, 44, 48]. Finally, although a MAR mech-

anism is generally assumed when using MICE, MICE can also be used when data

is MNAR [54]. The main difference between MICE and MVNI is that MICE does

not rely on a multivariate normality assumption [21, 44, 45, 50, 53, 55].

In order to increase the plausibility of a MAR assumption to hold, MICE allows

for the inclusion of additional variables in the imputation model, also known as

auxiliary variables [52]. These auxiliary variables do not necessarily need to be part

of the analysis model, but should have a strong association with the variables with

missing observations and with the missingness of these variables [52]. The addi-

tion of such auxiliary variables is possible, because the imputation and analysis

models are separated from each other when using MICE [56]. By including aux-

iliary variables that explain the missingness of data, the “prediction” of missing

values is improved, because more data are available to inform the imputations. It

is important to bear in mind that because full conditional distributions (i.e., re-

gression models) are specified directly, the outcome has to be explicitly included in

the imputation models [56]. An important prerequisite of MICE is that the impu-

tation model should at the minimum include all variables and relationships (e.g.,

interactions) that are included in the analysis model to ensure consistent estimates

[21, 44, 52, 55]. If there is incompatibility between imputation and analysis models,

MICE may result in biased estimates [52, 57].

MICE has two main limitations. First, the traditional implementation of MICE

fails to account for non-normal (i.e., skewed) distributions of variables with missing
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observations, which may lead to substantial bias [44, 47]. In total, four variations

of MICE were suggested to impute non-normally distributed data: 1) MICE with

predictive mean matching (MICE-PMM); 2) MICE based on classification and re-

gression trees (MICE-CART); 3) log transforming the data [44]; and 4) MICE with

polytomous regression (POLY) [58]. The first approach, MICE-PMM, relaxes para-

metric assumptions and bases the imputation of the missing observations on the

observed data distributions [21, 44, 47, 49, 59, 60, 61, 62]. MICE-PMM obtains

the assumed distribution for the missing observations by using a “pool” of donors

from the observed data [49, 60]. These donors are observations from cases that have

similar characteristics/values (i.e., closest predicted values) as cases with a missing

observation. Subsequently, a random value from these donors for the missing ob-

servation is drawn to impute the missing observation [21]. Therefore, MICE-PMM

guarantees the preservation of the range of values in the observed data, the distri-

bution of the data and the associations in the data, and, thus, the plausibility of

the imputed values [21, 49, 60]. Additionally, MICE-PMM has the advantage that

it is robust to misspecification of the distribution underlying the imputation model

[21].

A second non-parametric approach, MICE-CART, is flexible enough to fit non-

normal distributions because it uses classification and regression trees as condi-

tional (i.e., regression) models for the imputation [58, 61, 63]. Classification trees

are used for categorical variables, and regression trees are used for continuous vari-

ables [21, 63]. In a nutshell, classification and regression trees (CART) models look

for predictors in the data and then create cut-off points in these predictors, which

are used to divide the sample (i.e., the available data) [21]. The different samples

that result from these splits are expected to be more homogeneous [21]. The split-

ting process is repeated in each of the sub-samples until the tip of the “branch”

only has two options. It is important to take into consideration that when there are

too many answer categories (i.e., levels) in a categorical variable, MICE-CART may

become computationally intensive [63]. A potential disadvantage of MICE-CART

is that it is prone to over-fitting the data because it uses the observed data only [63].

A third approach is to use log-transformation, resulting in a normal distribution

of the data after which the missing observations can be imputed [21, 44]. After

imputing the data, values need to be back-transformed to the original scale in order

to perform the analysis [44]. However, log transforming data often only partially

resolves non-normality [44]. Additionally, log-transforming data might not achieve

normality of the data, on the contrary it can lead to anomalies in the distribution of

the data (e.g., by altering the mean and variability of the data) and/or can distort

the relationships between variables [21, 44]. Therefore, this method is generally

not recommended. A fourth approach is to use MICE with polytomous regression

(POLY). However, this method was assessed only in one study where it was shown

to have a higher performance when imputing nominal variables compared to basic

MICE and MICE-CART [58].

A second limitation of MICE is that it does not take into account temporal trends in
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longitudinal missing time-varying covariates, specifically when the number of vari-

ables as well as time points is large (e.g., 5 or more time points and/or 3 or more

variables with missing observations) [46, 48]. One variation of MICE was suggested

that deals with time-varying covariates: two-fold FCS [46, 47, 48, 53, 64]. Two-fold

FCS takes the longitudinal data structure into account by imputing values in a

variable at a specific time point, using only data from that specific time point and

the immediately adjacent ones [46, 47]. This prevents over-fitting and collinearity

issues and hence prevents convergence issues [46, 53, 64]. By taking these time

blocks as separate units, two-fold FCS maximizes the data use (less information

loss) and increases the plausibility of MAR assumption [64]. When compared to

“basic” MICE, two-fold FCS increased precision and although some bias can still

be present in the coefficients, it can be reduced by combining it with predictive

mean matching (PMM) in combination with two-fold FCS [53].

Likelihood-based Methods

Two different likelihood-based methods for dealing with missing observations in

single-level data were identified. Of them, one can be considered a full informa-

tion maximum likelihood method: model-based methods using maximum likelihood

via Monte Carlo Expectation Maximization (MCEM) (2/42 studies); and one a

restricted maximum likelihood method (REML): sample selection models (3/42

studies). Such maximum likelihood-based methods are characterized by explicitly

modelling the likelihood of having complete data (i.e., auxiliary missingness model),

and simultaneously implementing the analysis model [65]. A disadvantage of max-

imum likelihood methods is that they are generally restricted to linear regression

models [65].

Sample selection models can be used as a sensitivity analysis when MNAR is

suspected, to explore possible departures from MAR [66, 67, 68]. Sample selection

models (SMs), also known as Heckman’s model (HM) or Tobit type-2 model,

were originally developed to deal with selection bias. SMs model the mechanism by

which the data are observed (i.e., selected) and is specified as a function of the un-

derlying values [69]. SMs estimate two analysis models: one model for the outcome

(i.e., equation of the outcome of interest), and a second model for the missing data

mechanism (i.e., selection equation) [67, 68, 70, 71]. The outcome and selection

equations are joined via their error terms through a bivariate normal distribution

[67, 68, 70, 71]. As a result, SMs are primarily applied to missing outcomes. SMs can

be used both for both continuous and binary outcomes. For continuous outcomes,

two variations have been proposed: a one-step maximum likelihood estimator, and

two-step maximum likelihood estimator [67]. For binary outcomes, a bivariate pro-

bit model and a one-step maximum likelihood estimator have been proposed [67].

Compared to CCA and MICE, when the outcome missing values were assumed to

be MNAR, sample selection models result in less biased estimates [71].

The main limitation when using SMs, as previously stated, is that they are suitable

to deal for handling missing outcome data. An extension of HM within the multi-

ple imputation framework using a one or two-step maximum estimation approach,



Guevara Morel et al. Page 11 of 28

namely multiple imputation using Heckman’s model estimation, has been proposed

to deal with missing observations in both outcomes and covariates [54, 67, 70]. Under

both MAR and MNAR mechanisms, multiple imputation using Heckman’s model

estimation resulted in unbiased estimates of the regression coefficients [67, 70]. When

compared with standard multiple imputation, it results in less biased estimates and

coverage were closer to nominal value. However, when the Heckman’s model is not

fully compatible with the MNAR mechanism (i.e., non-Heckman scenario), the root

mean square error (RMSE) (i.e., measures differences between values predicted by

a model and the observed values) of the estimates is increased [70]. Galimard et

al. noted that although multiple imputation using Heckman’s model performs well

when missing observations are MAR, researchers should always determine whether

the data are most likely to have a MAR or MNAR missing data mechanism in order

to avoid modelling a selection equation [67]. This can be done using a sensitivity

analysis to explore departures from MNAR [67]. Other explored selection models

were maximum likelihood selection model based on MAR mechanism [54, 68] and

the Diggle-Kenward (DK) selection model when a MNAR mechanism is suspected

[68].

Weighting Methods

One weighting method (WM) for dealing with missing observations in single-level

data was identified: inverse probability weighting (7/42 studies).

Inverse probability weighting (IPW) estimates the likelihood of having com-

plete data given the observed data (generally via logistic regression) and then uses

the inverse of the probability of being a complete case to assign a weight to the

observed cases in a weighted CCA [65, 66, 72]. In contrast to maximum-likelihood

based methods, IPW does not model the distribution of variables with missing

observations, but of the missingness mechanism [65, 66, 73]. When data is MAR,

IPW results in unbiased estimates if the missingness models are correctly speci-

fied, because IPW is highly sensitive to model misspecification [74]. When dealing

with MNAR outcome data, IPW resulted in substantial levels of bias [66]. When

dealing when MAR, in comparison with multiple imputation and full information

maximum likelihood based-methods (FIMLs), the RMSEs of scenarios using IPW

were typically too large to make IPW the most valid strategy [66]. Another impor-

tant methodological aspect regarding IPW is that the use of weights introduces a

design effect similar to clustering (i.e., certain groups of individuals are likely to

have similar weights), which increases standard errors and reduces statistical power

[66]. However, when applying these weights to non-monotone missing observations,

which is regularly the case in real-world data (e.g., an individual is discharged at

some point in time, but is referred back later in time due to worsening of their con-

dition), the weighting might result in a substantial loss of information because it is

restricted to fully observed variables [65, 74]. When cases have occasional missing

observations, a double robust IPW (IPW-DR) has been proposed [74, 75]. In

IPW-DR, two terms are added in the weighting estimating equation. One term for

the complete cases (i.e., fully observed) and a second term based on both fully and

partially observed cases conditional on observed data [75]. Then, a working regres-

sion model is fitted in order to predict the missing observations (i.e., covariates)
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[75]. When data are MAR and at least one of the two working regression models

is correctly specified, IPW-DR produces regression estimates with a level of bias

that is similar compared to multiple imputation [75]. However, multiple imputation

produces estimates with less uncertainty and that are more robust to distributional

assumptions regarding the variables with missing observations than IPW-DR [75].

3.2 Identified Statistical Methods for Dealing with Missing Data in Multilevel Data

In total, 11 studies were identified that evaluated five different categories of methods

to account for missing observations in multilevel data (see Table 2 for the methods).

These categories are: 1) deletion methods (5/11 studies, 45%), 2) single imputation

methods (1/10 studies, 9%), 3) maximum likelihood-based methods (2/11 stud-

ies, 18%), 4) single-level multiple imputation methods (7/11 studies, 64%), and 5)

multilevel multiple imputation methods (8/10 studies, 73%).

Deletion Methods

One deletion method for dealing with missing observations in multilevel data was

identified: CCA (5/11 studies). In the included studies, CCA was mainly used as a

reference method against which more advanced imputation methods were compared.

CCA has been used to deal with missing observations in level-1 and level-2 covariates

because it is easy to use [21]. As in single-level data, CCA results in unbiased

estimates only if data are MCAR [32]. However, the associated reduction in precision

can be even larger than in single-level data when dealing with missing observations

in level-2 variables, because CCA then leads to the exclusion of a whole cluster

resulting in selection at the cluster-level [21, 32].

Single Imputation Methods

Two different single imputation methods were assessed for dealing with missing

observations in multilevel data: 1) last observation carried forward (2/11 studies),

and 2) stochastic regression imputation (1/11 studies).

Last observation carried forward (LOCF) can be used reliably for variables

that can validly be assumed to be constant over time (e.g., gender) [21]. However,

the lack of inclusion of temporal trends in variables that are not constant over time

results in severely biased estimates, even when data is MCAR [21, 40, 76]. Moreover,

the failure to incorporate uncertainty around the imputed values results in reduced

variability and overly precise results [21, 40, 76]. Baseline observation carried

forward (BOCF) is a variation of LOCF, with the difference that it uses baseline

observations to impute missing values making it more conservative than LOCF.

However, BOCF has the same underlying assumptions as LOCF and therefore has

similar problems [21].

Stochastic regression imputation is a stochastic variant of regression impu-

tation that attempts to overcome the underestimation of variability associated

with simple regression imputation by adding an extra error term to the regres-

sion model that reflects the imputation uncertainty. The extra error term adds

random noise to the predictions, while preserving the regression weights and the
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correlation structures [21]. However, the method does not adjust standard errors

for imputation uncertainty [36]. The Bayesian counterpart of stochastic regression

imputation accounts for uncertainty not only by adding an extra error term, but

by also estimating a distribution for the regression coefficient [22]. The Bayesian

counterpart of stochastic regression results in more valid estimates of uncertainty

in the imputations compared to Frequentist stochastic regression [21].

Likelihood-based Methods

Two likelihood-based methods for dealing with missing observations in multilevel

data were identified: 1) mixed-effects models (1/11 studies), and 2) pattern mixture

models (1/11 studies). In the included studies, mixed-effects models were used as a

method against which more advanced imputation methods were compared.

Mixed-effects models are an extension of linear regression models that incor-

porate both fixed-effects and random-effects parameters. Mixed-effect models are

used in data that is clustered as well as with multiple assessments of the outcome

(e.g., longitudinal data). Linear mixed-effect models use the full data set (i.e., com-

plete and incomplete cases) and take into account the clusters in the data through

a random effect. If data are MAR and the model is correctly specified, mixed-effect

models will result in unbiased regression coefficients [21, 31, 77]. However, if the

multilevel structure of the data is not taken into account in the imputation proce-

dure, this it can result in biased estimates [77, 31]. In multilevel data, mixed-models

can be fitted using likelihood-based methods to impute values in the outcome [21].

Additionally, mixed-effect models can be extended to not only include analysis

variables in the model but also other covariates (i.e., auxiliary variables) [21, 32].

For example, this can be done by specifying a set of latent variables (i.e.,a random

variable that is not observed or measured, but that can be inferred/estimated from

the observed data using models) for the covariates with missing observations [32].

Also, Bayesian analysis approaches have been proposed to deal with missing

observations in covariates [33, 78]. Goldstein et al.concluded that because informa-

tion from all observations with missing data are included, the proposed Bayesian

method resulted in smaller standard errors compared to standard multiple imputa-

tion [33]. However, Enders et al. indicated that in the currently available software,

it might be challenging to implement the Bayesian methods due to the imposition

of additional distributions in multilevel data (i.e., by extending a model so that the

likelihood function will incorporate all variables with missing observations) [79].

Pattern mixture models (PMs) can be used as a sensitivity analysis when

MNAR is suspected [53]. PMs formulate MNAR through the difference in distribu-

tions between the missing and observed values [69]. Observations are grouped based

on their missing data pattern, and per missing data pattern a different model is

specified [69, 66, 80]. A weighted sum of the conditional distribution of each missing

data pattern is used to estimate the marginal distribution of the outcome [80]. PMs

start by assuming an ignorable missing data mechanism (i.e., MAR or MCAR)

and then incorporate the MNAR assumption into the model [53]. When a PM is

combined with multiple imputation, first an ignorable missing data mechanism (i.e.
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MAR or MCAR) is assumed and multiple imputation is used to impute the missing

observations, resulting in multiple data sets. Next, PM is used and imputed values

are adjusted to a fixed value. Larger adjustments of the imputed values indicate

greater violation of the MAR or MCAR assumption. Finally, an analysis model

(e.g., mixed-effects model) is fitted to and run for each imputed dataset after which

the effect estimates are combined using Rubin’s rules [53]. Compared to MICE, PMs

may potentially reduce bias when informative attrition is suspected (i.e., when the

reason for attrition is related the outcome which results in data being MNAR), and

repeated outcome measurements are moderately correlated [53]. Similar to multi-

ple imputation, including auxiliary variables in the imputation model may reduce

residual bias [53]. However, there is uncertainty because there was only one study

that evaluated PMs.

Single-level Multiple Imputation Methods

Two different single-level multiple imputation methods for dealing with missing

observations in multilevel data were identified: 1) multiple imputation dummy in-

dicator approach (DI) (1/11 studies), and 2) single-level multiple imputation by

chained equations (MICE) (7/11 studies). Single-level multiple imputation meth-

ods, however, do not take the clustering of the data into account, which will lead

to an underestimation of the intraclass correlations (ICC) [21].

Multiple imputation dummy indicator approach (MI-DI). The multiple

imputation dummy indicator (MI-DI) approach can be considered a fixed-effects

multiple imputation approach. MI-DI is an ad-hoc solution in which the multilevel

structure of the data is taken into account by adding dummy indicator variables (i.e.,

N groups are represented by N-1 dummy variables or N indicator variables when the

overall intercept is excluded) to the single-level multiple imputation model, which

represent each cluster that the individual belongs to and to preserve the cluster

level-variation [21, 77]. However, the MI-DI approach can result in overestimated

regression coefficients and variance estimates, because it estimates separate inter-

cepts for each cluster, which artificially inflates the true between cluster variation

[21, 77]. In situations with large clusters and/or intraclass correlation coefficients

(>0.30), bias was found to approach zero [77]. The MI-DI approach may lead to

convergence problems of the imputation model, because a large number of variables

needs to be included. In addition, the MI-DI approach is not suitable when missing

observations are present in covariates [77, 81].

Multilevel Multiple Imputation Methods

Two different multiple imputation multilevel methods for dealing with missing ob-

servations in multilevel data were identified: 1) multilevel joint modeling (ML-JM)

(3/11 studies), and 2) multilevel multiple imputation by chained equations (ML-

MICE) (8/11 studies).

ML-JM and MI-MICE are multilevel extensions of single-level multiple imputa-

tion and are the most frequently used multiple imputation frameworks for multi-

level data [34, 79, 81]. With increasing cluster sizes and differences between clusters
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(which can lead to higher intercluster correlations), the multilevel structure needs

to be accounted for in the imputation models to prevent biased estimates and over-

estimation of precision at group level [81, 82].The multilevel structure can be taken

into account by modeling the multilevel structure using random-effects [1] (e.g.,

random-intercepts and slopes), or modeling relations between variables within and

between groups (e.g., cross-level interactions) [32]. To obtain unbiased results in

multilevel data, however, the imputation model should reflect the analysis model

as closely as possible. Thus, the imputation model should preserve all the features

and associations that are present in the analysis model [81].

Several multilevel data studies (n= 4) included in this review evaluated the per-

formance of random-intercept models (i.e., different intercepts for each individual

and for every individual the same slope; each individual has an exchangeable corre-

lation coefficient) [32, 34, 81, 83]. ML-JM is similar to its single-level counterpart,

in the sense that a joint imputation model is specified that uses a multivariate

multilevel regression model to regress incomplete variables on complete variables

[79]. ML-MICE on the other hand, imputes variables one by one from a sequence of

univariate models with an incomplete variable regressed on complete and previously

imputed variables [79]. The fact that previously imputed variables are also used as

predictors is a crucial difference with JM [79].

There are also differences between ML-JM and ML-MICE in how they allow for the

different relationships between variables to be modeled at individual-level and at

group-level [32]. ML-JM allows relations to be different between hierarchical levels

[81]. That is, ML-JM can be used to model different within- and between-cluster

relations by means of a random-effect [32, 81], whereas ML-MICE assumes common

associations between variables at level-1 and level-2 [81]. However, both methods as-

sume similar covariance structures at individual and group levels [32]. Both ML-JM

and ML-MICE have difficulty to preserve the variance associated with the random

slope (i.e., random slope variation), although the effect of this differs between the

methods. In the case of ML-JM it led to an overestimation of the slope variance,

while ML-MICE led to an underestimation [79]. Another difference is that ML-JM

treats all variables as outcomes without taking into account the missing data pat-

tern [79, 81]. As a result, ML-JM and ML-MICE have a similar level of performance

in terms of bias if only the outcome is missing and covariates are complete [79].

Moreover both ML-JM and ML-MICE resulted in an acceptable level of bias when

there was 10% or less missing observations and the sample consisted of at least 30

clusters with 15 observations per group [79]. With increasing within-cluster sample

sizes, the performance of the two methods was found to improve even more [79].

However, ML-JM performed somewhat better than ML-MICE when the intraclass

correlation was high (e.g., ICC >= 0.50) [79], whereas ML-MICE appeared to have

better performance than ML-JM when the intraclass correlation was low (e.g., ICC

= 0.10) [79].

[1]If observations have a random-effect in common, they will be correlated and there-

fore dependencies in the data would have been modeled.
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Although several studies focused on random-intercept models, random-coefficient

models are also a possibility. However, only one study evaluated the performance of

random-coefficient models (i.e., same intercepts, different slopes) [79] and showed

that random-coefficient models resulted in diverse incompatibilities that can lead

to bias. Full Bayesian imputation was suggested as a promising alternative in these

scenarios [79].

4 Discussion

4.1 Main findings

This scoping review aimed to identify and critically appraise available statistical

methods for dealing with missing data in real-world data studies. This review shows

that a substantial amount of research has been performed in this area and that a

wide range of promising methods is available for dealing with missing observations

in real-world data (see Figure 2 for an overview of the methods). The scoping

review’s results confirm previous findings that relatively simple methods, such as

CCA and single imputation, result in biased parameter estimates and a reduction of

power, and are therefore not recommended when dealing with missing observations

in real-world data. When missing observations are MAR, MICE and MVNI seem

to perform best when imputing single-level data. Both methods deal with missing

observations by creating a separate imputation and analysis model, while simulta-

neously taking imputation uncertainty into account by creating multiple imputed

datasets. Moreover, both methods are relatively flexible in terms of their implemen-

tation. However, a disadvantage of both methods is that their standard specification

does not account for non-normal distributions. Here, MICE has the advantage that

several variations are available that can deal with non-normal data, whereas this

is not the case for MVNI. For example, both MICE-PMM and MICE-CART can

be used when data have non-normal distributions. Furthermore, temporal trends

in time-varying covariates can be more easily taken into account with MICE than

MVNI by using two-fold FCS.

When dealing with missing observations in multilevel data, it is important to take

into account the multilevel structure (i.e., clustering) of the data, because the use

of single-level methods can result in biased estimates when applied to clustered

data [77, 81]. Our review shows that extensions of single-level methods multiple

imputation methods (i.e., MICE and JM), which do consider the multilevel struc-

ture of the data through random-effects are the most frequently used and most

flexible methods when dealing with MAR multilevel data. Mixed-effect models that

combine imputation and analysis into one model are also used. However, implemen-

tation of mixed-effects models can be challenging due to the existence of multiple

different distributions in multilevel data. Therefore, the methodological focus has

mainly shifted towards multiple imputations-based multilevel strategies. However,

it is important to take into account that the total number of included multilevel

studies was limited and that the majority of these studies described very specific

scenarios, thus generalizability of the results is not always possible.

Until now, most research has focused on MAR. However, in real-world data there
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is also a high probability of missing observations being MNAR. Therefore, it is

important to perform sensitivity analyses to explore the robustness of results to

departures from MAR to MNAR. When dealing with MNAR data the list of avail-

able methods is less exhaustive, with pattern-mixture models and sample selection

methods being the most researched [68]. For MAR methods mostly separate analy-

sis and imputation models are being used, while MNAR methods have a combined

model [68].

4.2 Comparison with existing research

Several reviews on handling missing observations in epidemiological studies have

been previously published. However, the majority of these reviews focused on miss-

ing outcome data in RCTs [15, 17, 19], of which one focused specifically on clustered

RCT data [16]. In real-world data missing observations often are present in both

outcome and covariates or predictor variables, because data is not collected for

research purposes but to support the healthcare process. Therefore, we included

studies that dealt with missing observations in outcomes and/or covariates. Only

one previous review by Karahalios et al. (2012) also focused on missing data ap-

proaches in observational data [20]. However, because of the rapid developments in

methods that deal with missing observations over the last 10 years, there is little

overlap in methods between the two reviews. To illustrate, compared to Karahalios

et al. (2012), our review included more studies on advanced approaches, such as

multiple imputation and full Bayesian modelling. Additionally, Karahalios et al.

(2012) mainly included empirical studies [20], whereas we focused on simulation

studies in which the performance of the methods can be formally assessed, because

the “true vale” is known. In line with most reviews, we would like to stress the

importance of sensitivity analyses regarding missing data mechanisms because us-

ing MAR techniques when data is actually MNAR will invariably result in biased

estimates. Finally, in our review we looked separately at methods for single-level

and multilevel data, whereas previous reviews did not make that distinction.

4.3 Strengths and limitations

To our knowledge, this is the first scoping review that summarizes the character-

istics, advantages and disadvantages of methods that deal with missing data in

real-world data. Another strength of our review is that it only includes simula-

tion studies. Simulation studies allow us to understand the behavior of statistical

methods, because the “true value” of a parameter of interest is known from the

data generating mechanisms. This allows for the evaluation of the performance of

the methods (e.g., bias, coverage, RMSE) [30]. In addition, we describe the spe-

cific circumstances under which the different methods were evaluated. For example,

we provide information on the sample size, number of simulated data sets, types

of missing variables (i.e., missing observations in covariates and/or outcome vari-

ables), percentage of missing data, assumed missing data mechanisms (i.e., MCAR,

MAR, MNAR), and presence of hierarchical levels in the data. Finally, even though

studies that compared only ’simple methods’ were excluded, they are still portrayed

in the categorization of the methods in order to present a complete panorama of

available methods. However, we also need to acknowledge several of limitations.
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First, we only searched for relevant studies using PubMed. We expect, however,

that we have identified the great majority of methodological studies on the use of

imputation methods in biomedical research in our review. Additionally, as with ev-

ery review, important studies may have been missed [84]. However, this risk was

minimized by using a broad search strategy including both Medical Subject Head-

ings (MeSH) and a large set of specific keywords (i.e., descriptors and synonyms).

Also, we searched reference lists of both relevant published reviews and the in-

cluded studies to identify publications that we missed. Second, there is no critical

appraisal tool available to assess the reliability and validity of the included simu-

lation studies. However, by giving a detailed overview of the scenarios that were

evaluated in the included simulation studies some comparison was possible. Third,

only specific scenarios are evaluated in the simulation studies. Although, one can

argue that this limitation applies to an even bigger extent to empirical studies, it is

important that researchers check whether the scenarios evaluated in the simulation

studies are representative of their own study. Third, the majority of the included

studies explored the performance of multiple imputation-based methods. However,

we complemented the overview of methods that had a few included studies with

additional literature (e.g., by complementing the description of the methods and

well known performance characteristics using textbooks). Finally, several variations

of the discussed methods are available which not all have been discussed into detail.

Instead, we provide a description of the most frequently found variants of the dis-

cussed methods, while a detailed overview of the variations of the included methods

with their respective references in Supplementary Table 1.

4.4 Implications for further research and practice

The large number of identified statistical methods shows that researchers have a

large arsenal of methods to choose from when dealing with missing data in real-

world data-based studies. Which specific imputation method is most valid depends

on a number of different aspects. Aspects that need to be taken into considera-

tion are the distribution of the variables with missing observations, the presence

of hierarchical levels, whether observations are missing in covariates, outcomes, or

both, and what the most plausible missing data mechanism is. The results from

the current review which are summarized in Figure 2, can be used as a reference to

support researchers choosing a specific method. Additionally, many of the included

studies recommended to assess the robustness of the results by assuming different

missing data mechanisms, because using techniques that assume MAR when data

is actually MNAR will result in bias. However, the number of simulation studies

evaluating methods for MNAR data is limited. Thus, this area needs further re-

search.

When performing observational studies, researchers are recommended to follow

STROBE (i.e., STrengthening the Reporting of OBservational studies in Epidemi-

ology) guidelines [85]. The STROBE guidelines recommend researchers to explain

how missing data were addressed. However, they do not provide guidance on which

statistical methods to use for dealing with missing data, even though they are in-

herent methodological issue of such studies. Additionally, the STROBE guidelines
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do not contain a specific recommendation on the performance of sensitivity anal-

yses to assess the robustness of assumptions about the missing data mechanism.

Therefore, we recommend researchers to follow Sterne et al.(2009) who published

more detailed guidelines for reporting analyses affected by missing observations [86].

Our review complements these guidelines by providing more detailed information

on specific methods to impute missing observations.

5 Conclusion

This is the first scoping review that has described and critically appraised available

statistical methods for dealing with missing observations in real-world data. Several

aspects need to be considered when selecting a method: the types of missing vari-

ables (i.e., outcome and/or covariates), the distribution of the data, the presence

of hierarchy levels in the data (i.e., single-level or multilevel), and assumed missing

data mechanisms (i.e., MCAR, MAR, MNAR). Although MAR is the most com-

monly assumed missing data mechanism, data that is MNAR is also common in

real-world data. Therefore, researchers are advised to perform sensitivity analyses

to check the robustness of their data to the missing data mechanism assumptions.

Various methods are available when MAR is assumed of which multiple imputation-

based methods have the best performance. Therefore, we recommend the use of

these methods when dealing with MAR observations in real-world data.
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Sørensen, Erik von Elm, Sinéad M Langan, RECORD Working Committee, et al. The reporting of studies

conducted using observational routinely-collected health data (record) statement. PLoS Med,

12(10):e1001885, 2015.

12. Wendy Lipworth. Real-world data to generate evidence about healthcare interventions. Asian Bioethics

Review, 11(3):289–298, 2019.

13. Brian J Wells, Kevin M Chagin, Amy S Nowacki, and Michael W Kattan. Strategies for handling missing data

in electronic health record derived data. Egems, 1(3), 2013.

14. Eric I Benchimol, Liam Smeeth, Astrid Guttmann, Katie Harron, David Moher, Irene Petersen, Henrik T
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Figures

Figure 1: PRISMA flow chart of identification, screening, eligibility and

inclusion of studies

Figure 2: Summary of identified methods for dealing with missing data

per hierarchical level
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Table 1. Identified statistical methods dealing with missing data in single-level data

Category Methods Assumed
Missing Data
Mechanism

Available
Software

Remarks References

Simple Methods

Deletion Complete-case analy-
sis (CCA), Complete
records analysis (CRA),
Listwise deletion

MCAR SPSS, SAS,
STATA, S-
PLUS,

[1] Unbiased estimates only if data are
MCAR and when only the outcome is miss-
ing.

[26, 43, 44, 45, 46, 47,
52, 57, 62, 64, 65, 66,
74, 87, 88, 89, 90, 91,
92, 93, 94, 95, 96, 97,
98]

Available case analysis
(ACA), pairwise dele-
tion

MCAR SPSS, SAS,
STATA, R

[1] Unbiased estimates only if data are
MCAR.

[47, 53, 98]

Single imputa-
tion (SI)

Mean imputation, mean
replacement

MCAR SPSS, SAS,
STATA, R

[1] Unbiased mean estimates only if the data
are MCAR. [2] Variance is underestimated [3]
Correlations are underestimated.

[40, 43]

Regression imputation MCAR SPSS, SAS,
STATA, R

[1] Unbiased mean estimates if data are
MCAR. [2] Unbiased regression weight esti-
mates if data are MCAR. [3] Unbiased esti-
mates of regression weights if data are MAR
only when all variables related to missingness
are part of the regression model. [4] Variance
is underestimated. [5] Correlations are over-
estimated.

[40]
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Table 1. continued Identified statistical methods dealing with missing data in single-level data

Category Methods Assumed
Missing Data
Mechanism

Available
Software

Remarks References

Advanced Methods

Multiple imputa-
tion (MI) meth-
ods

Multivariate imputation
by chained equations
(MICE), fully condi-
tional specification
(FCS), sequential re-
gression imputation,
ordered pseudo-Gibbs
sampling, partially
incompatible MCMC

MAR/MCAR/
MNAR

SPSS, SAS,
IVEware
(through
SAS or
standalone),
STATA, R
(mice pack-
age), S-plus,
M-plus

[1] Unbiased regression estimates if the data
are MAR. [2] Biased regression estimates
when missing variables have skewed distribu-
tions. [3] Relative bias increases when per-
centage of missing data increases. [4] Un-
biased estimates when missing values are
continuous and/or categorical. [5] Does not
take into account temporal trends at irregu-
lar time intervals.

[40, 44, 46, 47, 48, 49,
52, 53, 56, 57, 59, 61,
63, 64, 65, 96]

Multivariate normal im-
putation (MVNI Dele-
tion), multiple imputa-
tion based on multivari-
ate normal distribution,
joint modeling

MAR/MCAR SPSS, SAS,
STATA, R

[1] Unbiased mean estimates if the data are
MAR. [2] Does not take into account tem-
poral trends at irregular time intervals.

[44, 45, 46, 47, 48, 49,
57, 94, 98, 99]

Likelihood-based
Methods

Model based method
using maximum likeli-
hood (ML) via Monte
Carlo expectation max-
imization (MCEM)

MAR SPSS, SAS,
STATA, R

- [90, 91]

Selection models: sam-
ple selection model, To-
bit type 2 model, Heck-
man’s model

MNAR SPSS, SAS,
STATA, R

[1] Deals with missing outcomes in MNAR. [54, 66, 68]

Weighting meth-
ods

Inverse probability
weighting (IPW)

MAR SPSS, SAS,
STATA, R

[1] Unbiased regression estimated when data
are MAR.

[65, 66, 74, 75, 96, 97,
98]
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Table 2. Identified statistical methods dealing with missing data in multilevel data

Category Methods Assumed
Missing Data
Mechanism

Available
Software

Remarks References

Simple Methods

Deletion Complete case analy-
sis (CCA), Complete
records analysis (CRA),
Listwise deletion

MCAR SPSS, SAS,
STATA, R

[1] Unbiased estimates only if data are
MCAR and when only the outcome is miss-
ing. [2] Can provide reasonable estimates of
the slope variance.

[31, 32, 33, 93, 100]

Single imputa-
tion

Last observation car-
ried forward (LOCF),
last value carried for-
ward (LVCF) and base-
line observation carried
forward (BOCF)

MCAR SPSS, SAS,
STATA, R

[1] Does not adequately reflect the longitu-
dinal nature of the data. [2] Variance is un-
derestimated.

[40, 43]

Mean imputation, mean
replacement

MCAR SPSS, SAS,
STATA, R

[1] Does not adequately reflect the longitu-
dinal nature of the data. [2] Variance is un-
derestimated. [3] Does not adequately reflect
the association between the explanatory vari-
ables.

[40]

Stochastic regression
imputation

MCAR, MAR SPSS, SAS,
STATA, R

[1] Unbiased regression coefficients. [2] Max-
imizes variability. [3] Unbiased variance es-
timates. [4] Variance is underestimated. [5]
Correlations are preserved.

[40]

Advanced Methods

Maximum-
likelihood based
methods

Pattern mixture models
(PM)

MAR/
MNAR

SAS,
STATA,
R

[1] Can only be used to conduct sensitivity
analysis to assess possible departures from
MAR to MNAR.

[53]

Mixed-Effects Models,
linear mixed model

MAR MPlus, R,
WinBUGS ,
xxM, Latent
GOLD

[1] Unbiased estimates when outcomes have
missing. [2] Unbiased estimates of variance
components values.

[32]
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Table 2. continued Identified statistical methods dealing with missing data in multilevel data

Category Methods Assumed

Missing

Data Mech-

anism

Available

Software

Remarks References

Advanced Methods

Single-level Mul-
tiple Imputation

Single-level multiple
imputation by chained
equations (SL-MICE)

MAR R, SPSS,
STATA

[1] Biased estimates of variance components.
[2] Biased regression coefficients. [3] Nega-
tively biased estimates of ICC (even with very
large groups).

[32, 33, 77, 81, 83, 100,
101]

Multiple imputation
dummy indicator (DI)
approach (including
cluster variable)

MAR R [1] Biased estimates of variance components.
[2] Biased regression coefficients. [3] Biased
estimates when explanatory variables have
missing values. [4] Positively biased esti-
mates of the intraclass correlation coefficient
(ICC).

[77]

Multilevel Multi-
ple Imputation

Multilevel chained
equations (MICE),
multilevel fully con-
ditional specification
(FCS), two level model,
two-level imputation

MAR Mplus, R,
Blimp

[1] Unbiased estimates when only outcomes
have missing values. [2] Limited biased esti-
mates when explanatory variables have miss-
ing values.

[31, 32, 34, 77, 79, 81,
83, 100]

Joint Modeling, Joint
Multilevel multiple
imputation modeling
approach, Multilevel
Joint modeling (JM)
, Multilevel joint
modelling multiple
imputation (JM-jomo)

MAR Blimp,
Mplus,
MLwiN, R,
Stata, SAS
macro,
Realcom-
impute

[1] Biased estimates when the number of in-
dividuals and/or clusters is small. [2] Biased
estimates when variance of random effects is
small. [3] Biased estimates when explanatory
variables have missing values. [4] Variance is
overestimated. [5] Fails to preserve covaria-
tion between the intercepts and the slopes.

[31, 79, 81]
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