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Multiple imputation (MI) is increasingly popular for handling multivariate missing data. Two general ap-
proaches are available in standard computer packages: MI based on the posterior distribution of incomplete
variables under a multivariate (joint) model, and fully conditional specification (FCS), which imputes miss-
ing values using univariate conditional distributions for each incomplete variable given all the others, cycling
iteratively through the univariate imputation models. In the context of longitudinal or clustered data, it is
not clear whether these approaches result in consistent estimates of regression coefficient and variance com-
ponent parameters when the analysis model of interest is a linear mixed effects model (LMM) that includes
both random intercepts and slopes. In the current paper, we compared the performance of seven different
MI methods for handling missing values in longitudinal and clustered data in the context of fitting LMMs
with both random intercepts and slopes. We study the theoretical compatibility between specific imputation
models fitted under each of these approaches and the LMM, and also conduct simulation studies in both the
longitudinal and clustered data settings. Simulations were motivated by analyses of the association between
body mass index (BMI) and quality of life (QoL) in the Longitudinal Study of Australian Children (LSAC).
Our findings showed that the relative performance of MI methods vary according to whether the incom-
plete covariate has fixed or random effects and whether there is missingnesss in the outcome variable. We
showed that compatible imputation and analysis models resulted in consistent estimation of both regression
parameters and variance-components via simulation. We illustrate our findings with the analysis of LSAC
data.
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1 Introduction

Longitudinal and cluster-correlated data arise in many public health settings where data are collected from
(1) individual participants repeatedly over time and (ii) from groups of individuals that are clustered within
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natural units e.g, medical practices, geographical locations. Both of these settings have the common char-
acteristic of correlated measurements either within an individual or within a cluster of individuals. Mixed-
effects models are frequently used in the analysis of correlated data. However, the validity of the results
obtained from such analyses may be compromised if some covariate values are missing (Laird, 1988).

Multiple imputation (MI) has become a popular tool for dealing with missing data in recent years (Rez-
van et al., 2015). MI involves the generation of multiple copies of imputed datasets where missing values
are replaced by imputed values sampled from their posterior predictive distribution (or an approximation
to this) given the observed data. Each completed dataset is analyzed using the statistical model for the
epidemiological question of interest, and the resulting estimates and standard errors are combined using
Rubin’s rules (Rubin, 1987). The theoretical basis of MI methods has been developed under the assump-
tion that data are missing at random (MAR), which requires that the probability of data being missing does
not depend on the unobserved data, conditional on the observed data (Sterne et al., 2009). If the data are
MAR, a correctly implemented MI method can produce unbiased and asymptotically efficient estimates of
regression parameters and their standard errors. Correct implementation requires compatibility between
the imputation and analysis models. Formally, a set of conditional models are called compatible if there
exists a joint density function that generates them (Meng, 1994).

Two general approaches for implementing MI in the presence of multiple incomplete variables are avail-
able in the literature: MI based on the joint posterior distribution of incomplete variables, often referred
to as joint modeling (JM) (Schafer, 1997), and fully conditional specification (FCS; also known as se-
quential regression and MI using chained equation (MICE)) (Raghunathan et al., 2001; Van Buuren et al.,
2006). The IM approach assumes that the incomplete variables follow a multivariate distribution, usually a
multivariate normal distribution in which case the method is referred to as multivariate normal imputation
(Schafer, 1997). FCS, on the other hand, imputes missing values using univariate conditional distribu-
tions for each incomplete variable given all the other variables in the imputation model, cycling iteratively
through the univariate imputation models (Raghunathan et al., 2001; Van Buuren et al., 2006). Both the
JM and FCS approaches were originally proposed for imputing missing values in cross-sectional settings
with independent observations, and subsequently various extensions have been proposed in the literature
to accommodate longitudinal and correlated data.

MI methods developed to impute missing values in both the cluster-correlated and longitudinal data
settings include a joint multivariate linear mixed effects model (LMM) approach (JM-MLMM) (Schafer
and Yucel, 2002), implemented in the pan software in R. There is also an FCS adaptation of Schafer and
Yucel’s approach (FCS-LMM) implemented in the mice.impute.2lpan function of the mice package in R
(Van Buuren and Groothuis-Oudshoorn, 2011). Both the JIM-MLMM and FCS-LMM approaches assume
a constant residual variance across all clusters. Subsequently, Yucel and Van Buuren et al. extended the
JM-MLMM and FCS-LMM approaches to allow for heteroscedastic (cluster-specific) random covariance
matrices and residual error variances, respectively (Yucel, 2011; Van Buuren et al., 2011), hereby denoted
as JIM-MLMM-het and FCS-LMM-het. Both JIM-MLMM and JM-MLMM-het, and their FCS adaptations
(FCS-LMM and FCS-LMM-het), assume normal distributions for the incomplete variables. In practice,
incomplete variables may be a mixture of continuous and categorical variables, so the assumption of nor-
mality may not be realistic. Goldstein et al. proposed an extension of the JIM-MLMM approach which
uses latent normal (LN) variables to impute a mixture of discrete, normal and non-normal continuous vari-
ables, referred to herein as JM-MLMM-LN (Goldstein et al., 2009). Asparouhov and Muthén suggested a
method similar to JM-MLMM-LN where all variables in the imputation models are treated as outcomes,
regardless of missing data pattern, hereby denoted as full joint (JM-FJ) model (Asparouhov and Muthén,
2010). More recently, Goldstein et al. proposed a further extension of JM-MLMM-LN where the imputa-
tion model is defined as the product of the substantive model and the joint distribution of the covariates, to
ensure congeniality (substantive model compatible, denoted JM-SMC) (Goldstein et al., 2014) . The JM-
MLMM-LN and JM-SMC approaches have been implemented in the REALCOM and Stat-JR software
packages, respectively (see http://www.bristol.ac.uk/cmm/software/) and both were later adopted in the R
software package jomo (Quartagno and Carpenter, 2016). The jomo implementations for JM-MLMM-LN
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and JM-SMC allow a random covariance matrix and hence are denoted as JIM-MLMM-LN-het and JM-
SMC-het. Similar efforts have been made to extend both the FCS-LMM and FCS-LMM-het methods to
impute categorical data using either generalized LMM (GLMM)-based MI methods (Resche-Rigon and
White, 2016; Zhao and Yucel, 2009) or LN variables (FCS-LMM-LN and FCS-LMM-LN-het) (Enders
etal., 2017).

In the special case of longitudinal data collected at equal intervals, standard cross-sectional imple-
mentations of MVNI and FCS can be employed to impute missing values by treating the time-dependent
longitudinal measurements as distinct variables (Schafer, 1997; Van Buuren et al., 2006); we denote these
as JIM-MVN and FCS-Standard, respectively. These single-level MI methods can also be used for cluster-
correlated data by including cluster-specific indicator variables to capture the within-cluster correlation —
known as ‘fixed cluster imputation’ (Reiter et al., 2006).

Although similar MI methods can be used to impute missing values in both longitudinal and clustered
data settings, the performance of these methods may differ according to the intra-subject/intra-cluster asso-
ciation between outcome and incomplete variables in the analysis model particularly in the situation when
both the outcome and covariates associated with random effects contain missing values. In the longitudinal
setting, random slopes (i.e., random coefficients for covariates) are usually associated with the time vari-
able only, which is generally fully observed, but covariates with random slopes in the context of clustered
data may be incomplete. Furthermore, it is unclear how important these differences are in practice as cur-
rently available comparisons of the various MI methods in the literature are limited to either clustered or
longitudinal data settings with little theoretical consideration.

In the context of cluster-correlated data, Grund et al. compared two different modeling strategies with
JM-MLMM: (i) a multivariate LMM with a so-called reverse random coefficients model assuming that
the outcome is fully observed (this model regresses covariates on the outcome with the outcome having
random effects if the covariate has them in the analysis model) for imputing missing data in covariates
and (ii) a multivariate LMM with random intercepts only (thus ignoring random slopes in the outcome
model) for imputing missing data in both covariates and outcome (Grund et al., 2016). They noted that
the reverse random coefficients model provided unbiased estimates of the regression and variance compo-
nents, but the second model performed poorly for the estimation of the random slope variance. Similar
findings were also observed by Enders and colleagues (Enders et al., 2016) who compared JIM-MLMM,
FCS-LMM-het and fixed cluster imputation when both the outcome and covariates contain missing data.
They reported that the FCS-LMM-het approach exhibited better performance than the other methods es-
pecially when both the outcome and covariate were incomplete in a random intercept and slope analysis
model. Audigier and colleagues (Audigier et al., 2018) recently compared a number of methods including
fixed cluster imputation, IM-MLMM, FCS-LMM-het, and JM-MLMM-LN-het in the context of cluster-
correlated data and reported that all of these methods provided reliable estimation of the regression pa-
rameters but JM-MLMM and fixed cluster imputation approaches severely under-estimated the variance
components. No such comparison in the context of longitudinal data, where the analysis model of interest
is a random intercept and time-slope model, is available in the literature. Recently, we compared 12 dif-
ferent MI approaches for imputation of incomplete longitudinal data where the analysis model of interest
is a LMM with subject-specific random intercept only (Huque et al., 2018). We showed that both standard
MI methods (JM-MVN and FCS-Standard) and LMM-based approaches (JM-MLMM, JM-MLMM-LN,
FCS-LMM and FCS-LMM-LN), provided consistent estimates of the regression and variance component
parameters. However, these results may not be generalizable to a random intercept and slope analysis
model. Moreover, all the above comparisons are empirical and no theoretical justification for the observed
sub-optimal results is available.

The motivation for this study was an analysis of the Longitudinal Study of Australian Children (LSAC)
that explored (a) the association between body mass index (BMI) and health related quality of life (QoL)
for children over time and (b) whether the association between early BMI and QoL in later life varied
across geographical location. Attrition and non-response make these data a natural candidate for analysis
using MI, but no clear guideline was available on the selection of the appropriate MI method. In the current
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paper, we study the properties of available MI methods, both theoretically and via simulations based on
these examples, and we also perform an analysis of the LSAC data. As both BMI and QoL are continuous
measures, we restrict our comparisons to the approaches where all variables in the MI model are continu-
ous. This simplifies the study of theoretical compatibility between specific imputation models fitted under
each of these MI approaches and the analysis model and reduces the number of competitive MI methods,
as under this restriction the MI methods with latent normal variables (JM-MLMM-LN, FCS-LMM-LN and
FCS-LMM-LN-het) are identical with those that treat all the variables as continuous (JM-MLMM, FCS-
LMM, and FCS-LMM-het, respectively). Our study of compatibility confirms that MI approaches result in
consistent estimates of regression parameters when the imputation model is compatible with the analysis
model. The results from the LSAC data analysis are also in agreement with those seen in the simulation
study.

The structure of the article is as follows: Section 2 describes LSAC and the analysis models of interest.
Sections 3 and 4 present a theoretical exploration of the compatibility of different MI methods and a linear
mixed model with random intercept and slopes as analysis model in the context of longitudinal and cluster-
correlated data, respectively. Section 5 describes and presents the results of our simulation study. The
application to the LSAC data is presented in Section 6. We conclude with a general discussion in Section
7. The Web Appendices give detailed proofs, as needed.

2 Methods

2.1 Analysis models of interest

Let y; = (Yi1,Yi2,---,Yin,)" be the n;-repeated measures of a continuous outcome for individual i €
(1,2,...,n), and ®; = (41, Ti2, ..., Tin,) " and t; = (t;1,tio, ..., tin,) T represent repeated measures of
a continuous covariate and the measurement times, respectively. Suppose the association between the
repeated measured outcome and covariates can be expressed using the following LMM

Y|z, ti = Bo + Brxi + Poti + boi + biit; + €5, i=1,2,..n (1)

where 3 = (B, 51, f2) is the vector of fixed-effects, b; = (bo;, b1;) ~ N(0,G) denotes the random
effects vector and &; = (€;1, €2, .., €in,;) ~ N(0,P; = a?iI ), where I is the n; X n; identity matrix. The
LMM in (1) typically assumes that the residual error, €; and random effects b; are independent of each
other. Thus the marginal distribution of y, is MVN(uyi = fo + Biz; + Boti, Xy, = Z,L-GZ;F + D),
where Z; = (1, ti)T is a m; X 2 matrix with the first column having all elements equal to 1. This LMM
models the longitudinal trajectory for each subject over time.

A similar model can also be applied to clustered data where the effect of some covariates on the outcome
are allowed to vary from cluster to cluster. In the clustered data setting, the LMM with a random intercept
and slope might take the following form

Y;|T1i, T2 = @ + @1 + oo + ag; + a2 + &, 1=1,2,..m; )

where x1; and xo; are vectors of measurements of covariates 1 and a2, respectively within cluster
i € (1,2,...m), assumed to be associated with the outcome, y,.

The estimation of parameters for the above LMMs can be carried out in similar fashion if all the vari-
ables in the model are complete. However, in the presence of incomplete data in the covariates the above
two classes of models could differ: in the longitudinal setting, the covariate associated with the random
slope, the measurement times ¢ is generally observed, while in the clustered data settings, the covariate
(x2) associated with a random slope may be incomplete. To assess the performance of the MI approaches
in these distinct situations where an LMM with random intercepts and slopes is the analysis model of inter-
est, we evaluated their performance under the following four scenarios: in the case of a longitudinal study
where (i) only the covariate x is incomplete and (ii) both the covariate = and outcome y are incomplete;

© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



Biometrical Journal 52 (2010) 61 5

and in the context of clustered data where (iii) only the covariate x5 is incomplete and (iv) both covariate
2 and outcome y are incomplete.

In the next two sections we study the theoretical properties of various MI methods available for imputing
longitudinal and clustered data, in particular, we examine the potential for compatibility of each imputation
model with the analysis model of interest.

3 MI methods for missing data in longitudinal settings

In longitudinal studies, data from the same individuals are collected repeatedly over time. Longitudinal
data can be arranged in the wide format (new variable for each repeated measurement) if measurements
occur at the same time-points for all individuals (i.e., the dataset is balanced) or in the long format (where
repeated measurements are stacked). The wide format data can be imputed using standard cross-sectional
imputation models (JM-MVN and FCS-Standard) by assuming the repeated assessments of the same vari-
able are distinct variables, while imputation with the long format data requires use of multilevel imputation
models.

31 JM-MVN

JM-MVN can be applied if we have balanced longitudinal data by treating all the repeated measurements
of time-dependent variables as distinct. This method assumes a multivariate normal distribution for all of
the incomplete variables. More specifically, assume that both the time-dependent covariates and outcome
for individual ¢ € (1,2, ...,n) measured on T" occasions, where t = (1,2, ....T") represents the vector of
time-points when the measurements took place. If both covariate  and outcome y are incomplete, then
JM-MVN assumes that (Y, Ys, -, Y, T1, L2, ..., 1) ~ N(w, ) where p and X are the mean and an
unstructured variance-covariance matrix, respectively.

We study the congeniality between JM-MVN and the analysis model (1) in the setting where the covari-
ate x; also follows a LMM defined as

xzilt; = o+ 7t +woi +uit; + €, (3)

where €; ~ N(0,7) and w; = (ug;,u1;) ~ N(0,D), where Y and D are the covariance matrices
currently left unspecified. As both the conditional distributions of (y,|x;,t;) and (x;|t;) are Gaussian,
the joint distribution of (y,, x;|¢;) is also Gaussian. Since we are assuming that the data are collected for
an equal number of visits at fixed time intervals for all individuals, the joint distribution of (y, z[t)T =
(v1, Y2, .-.yr, T1, T2, ...x7|1,2,..T) is normal and given by

YY) = N(u= Bo + B1(v0 +mt) + Bat 5= BB + 2y fiXe A
T Yo+ 'Ylt Exﬂl Ew
[see the Appendix A.1 for proof]. Therefore, the joint distribution assumed by JM-MVN in scenario (ii) is
compatible with the joint distribution implied by analysis model (1).

Scenario (i), where there is missing data only for x, is a special case of scenario (ii), hence JIM-MVN
will be compatible with analysis model (1) for this scenario too.

3.2 JM-MLMM

Instead of treating repeated measurements as distinct variables, Schafer and Yucel suggested using a mul-
tivariate LMM for imputing several incomplete longitudinal variables (Schafer and Yucel, 2002). Under
scenario (ii) this method imputes missing data from the following multivariate LMM:

< x; t-> _ < Bo(e) + Bi(a)ti + bo(zyi + b1(a)iti + E(a)i > )
Y Bowy) + Biti + boy)i + biy)iti + €y

(© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



6 Huque et al.: MI for linear mixed effects model

where < Boyi Dr(ayi ) ~ N(0,®) and ( Eayi ) ~ N[0, (X ® I)]. The covariance matrix ¥ has
0w big)i E(y)s
dimension 4 x 4 and the Kronecker product notation indicates that the £,); and £(,); are independently

distributed as N (0, X2). With some algebra we can show that analysis model (1) can be obtained as a special
case of the conditional model for the outcome given the covariate, x, under the bivariate joint distribution
defined in (5) [see Appendix A.2 for proof]. Hence the JM-MLMM model would be compatible with the
analysis model of interest under scenario (ii).

Under scenario (i) i.e., when only covariate « contains missing data, the imputation model under JM-
MLMM is given by

x|y, ti = Bo(z) + Bra)¥i + Ba)ti + bo(ayi + bi(ayiti + €(ayi (6)

where E(z)i ™~ N(O, E(ac)) and b(ac)z = (bO(w)'La bl(x)i) ~ N(O, ‘I’(x)) with Exw = Zl‘I’(x)ZlT+E Thus,
under scenario (i), JIM-MLMM would be compatible with the substantive model if both of the conditional

models x;|y;, t; and y;|x;,t; lie in the subspace determined by the joint model < zz |t,> It can be
i

shown that imputation model (6) is compatible with analysis model (1) if BIT(I)E;@ =5 3, ! [see the
Appendix A.2 for proof]. Similar conditions for two linear regressions to be compatible when the target
joint distribution is bivariate normal have also been noted (Zhu and Raghunathan, 2015) and (Liu et al.,

2014). The current paper extends those results to the context of LMM.

3.3 JM-FJ

Asparouhov and Muthén suggested an alternative to the JM-MLMM-LN (Goldstein et al., 2009) where the
data are imputed using an unrestricted model, where all variables in the imputation models are treated as
outcome, regardless of missing data pattern, hereby denoted as full joint (JM-FJ) model (Asparouhov and
Muthén, 2010) . The JM-FJ method under both scenario (i) and (ii) is given by

Yi Bo) + bryyoi + €y
i | = Bow) +bwoiteEwi |- (7
t; Bocey + byoi + €ty
biy)oi E(y)i
where | b()0i ~ N(0,82,) and | &) ~ N(0,€.). This model imposes the same random-
b(t)Oi E(t)i

effect structure for all variables, decomposing the variance into within and between-individual components.
In longitudinal studies, data are often collected at fixed time intervals for all individuals, and therefore, it
may not be sensible to assume between-individual variability for the time variable (or corresponding latent
variable). The JM-FJ approach has a large number of parameters and convergence is often difficult to
achieve. Moreover, it can be shown that the joint distribution implied by JM-FJ (7) is not compatible with
the substantive model (1) [see Appendix A.3 for proof]. This uncongeniality is due to the fact that the JM-
FJ does not accommodate the variability in the slope across individuals. Because of this non-congeniality,
in our simulation studies we also examine whether assuming heteroscedastic covariance matrices in the
imputation model may improve the estimation of the variance components by allowing for subject-specific
correlations (JM-FJ-het).

34 JM-SMC

Goldstein, Carpenter and Browne (2014) extended JM-MLMM-LN to handle missing data in both covari-
ates and outcomes in multilevel models while ensuring that the imputation model is compatible with the
substantive model (Goldstein et al., 2014). We refer to this as the substantive-model-compatible joint mod-
eling approach (JM-SMC). In this formulation, the joint imputation model is defined as a product of the
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joint distribution of covariates and the analysis model (i.e., conditional model for the outcome given the

covariates). Specifically, the JM-SMC approach defines the joint distribution of < i;: |t; > as

where (x;|t; = Bo(z) + B(w)ti + bo(a)i +b1(a)iti +E()i) With by ~ N(0,0,) and &(,); ~ N (0, O¢).
The JM-SMC thus ensures compatibility under both scenarios (i) and (ii). Similarly to JM-FJ, in our
simulation we also assume heteroscedastic covariance matices for the imputation using JM-SMC, and we
labeled this JIM-SMC-het.

3.5 FCS-Standard

Similarly to JM-MVN, FCS-Standard can be applied only in the setting with regular measurement time-
points, by treating all the repeated measurements of time-dependent variables as distinct variables. Specif-
ically, this approach involves a conditional imputation model for each time-and-variable-specific measure-
ment given the remaining measurements and variables. When considering only continuous outcome and
covariates, as in this manuscript, FCS-Standard is implemented using linear regression models without
interactions between covariates for the univariate imputation models. In this situation, FCS-Standard and
JM-MVN are equivalent (see proposition 1 of (Hughes et al., 2014)). Given we have shown that IM-MVN
is compatible with analysis model (1) under model (3) for the incomplete covariate, FCS-Standard will
also be compatible with the analysis model (1) in both scenarios under these conditions.

3.6 FCS-LMM

Instead of treating repeated measurements as distinct variables, the FCS-LMM method uses a LMM for
imputing missing values in each incomplete time-dependent variable given all the others, cycling iteratively
through the univariate imputation models. Specifically, the Gibbs sampler cycles through the univariate
LMM:s assuming homogeneous within-subject variance, which is a special case of a multivariate LMM (5).
That is, it uses the same imputation models as JM-MLMM with only one variable considered incomplete
at a given iteration. Under scenarios (i) and (ii), this method will be compatible with the analysis model if
the compatibility condition (derived in 3.2) is satisfied.

3.7 FCS-LMM-het

Similarly to FCS-LMM, FCS-LMM-het imputes each time dependent incomplete variable using a LMM.
However, this method allows a subject-specific residual error variance. Under this approach, the imputation
model for covariate & associated with the i'th subject of interest is given by

(@ily; ti, b:) = N (Boiga) + Bri)¥i + Bito)bis Sialy = 0indn,) )

where Boi(z) = Bo(x) +bo(a)is Briz) = Bi(x) +b1(a)i and Bai(z) = B2(a) +b2(x)i- Note the FCS-LMM-het
approach assumes random slopes for each variable in the imputation model. Analysis model (1) can be
re-written as

(ysl@i, ti, b:) = N ((Bo + boi) + fri + (B2 + bui)ti, Syje = 0 1,)

Using similar arguments as with FCS-LMM, it can be shown that under scenario (i) FCS-LMM-het would
be compatible with the analysis model if both the conditional model x;|y,,t; and y,|x;,t; lie in the

subspace determined by the joint model < i;i |tl> It can thus be shown that the imputation model (9)
: -1
izly

is compatible with the analysis model (1) if BlTZ.(z)E = /3, ! which is very similar to the condition
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derived in (3.2). Hence, this method will be compatible with the analysis model (1) under both scenarios
(i) and (ii), if the above compatibility condition is satisfied.

In summary, for longitudinal studies, we anticipate that all of the above methods, except the IM-FJ, will
provide consistent estimates of regression and variance components.

4 MI models for missing data in cluster-correlated data.

In the cluster-correlated settings data are arranged in a long format by stacking data from each cluster. The
MI methods that can be carried out are i) standard JM and FCS approaches using a total of m-1 indicator
variables representing allocation of m clusters as a fixed factor in the model (fixed cluster imputation)
(Reiter et al., 2006; Enders et al., 2016), or ii) a multilevel imputation method.

The use of indicator variables in fixed cluster imputation preserves the difference in intercept between
clusters. However, an interaction between the indicator variables and the incomplete variables will also
be needed to accommodate the random slope variation if the covariate(s) associated with random slopes
are incomplete. However, such analysis requires estimation of a large number of parameters and hence is
computationally demanding and often infeasible particularly with large number of clusters of small sizes
(Enders et al., 2016). In contrast, the multilevel imputation approach is more appealing as it can be easily
implemented for random intercept and slope models and is computationally faster than the fixed cluster
imputation approach. Therefore, in this paper we will only study the theoretical and empirical properties
of the multilevel imputation approach, although we return to fixed cluster imputation in the discussion
section.

41 JM-MLMM

Similarly to the approach for longitudinal data, JIM-MLMM uses a joint LMM for all incomplete vari-
ables. However, the formulation of the LMM will differ with respect to whether the incomplete variables
are associated with random slopes or fixed effects. For example, when covariate x; and outcome y are
incomplete the following JM-MLMM model is assumed for the incomplete variables:

T @0; | = Qo(z1) T X1(21)T2i + Qo(z1)i + A2(x1)iT2i T €14
Y, ’ Qp(y) T Q1(y)®2i + Qo(y)i T Q1(y)iT2i + E2i

Thus, similarly to the longitudinal settings [Appendix A.2], there is compatibility with the analysis
model. As the above imputation model is similar to the longitudinal case (with ¢ replaced by x5), we do
not consider it further. However, when covariate x5 and outcome y are incomplete (scenario (iv)) the joint
model for the incomplete variables using JM-MLMM is

T2 N\ _ [ Q0aa) T Q(zy)T1i T Ao(zy)i T E3i
|w17, - ) .
Yi Qo(y) T Q1 (y)T1i T Qo(y)i T Eai

This JM-MLMM imputation model does not accommodate the random slope for the incomplete variable
and is therefore incompatible with the analysis model [the proof is omitted as it is similar to the proof
provided for the incompatibility of the JM-FJ model]. Similarly to the longitudinal setting, it can be shown
that when either ; or x5 contains missing values but the outcome is fully observed (scenario (iii)) JM-
MLMM would be compatible with the analysis model (2).

42 JM-FJ

The JM-FJ model for cluster-correlated data assumes the following joint model for (y, 1, 2) irrespective
of missing data in y, 1 or a2

Y, Boty) + byyoi + €y
1 | = | Bo) T b@1)oi +E)i (10)
To; 50(1:2) + b(zz)Oi + E(xq)i
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Similarly to JM-FJ for longitudinal data (see section 3.3) it can be shown that the joint distribution implied
by JM-FJ (10) is not compatible with the analysis model (2) in either scenario (iii) or (iv).

43 JM-SMC

As for the analysis model (1), by construction the JM-SMC approach will also be compatible with analysis
model (2) irrespective of whether missing data is in the outcome or covariates.

44 FCS-LMM

This method uses identical imputation models to those under JM-MLMM (see section 4.1) with only one
variable considered missing at a given iteration, and is compatible with the analysis model (2) irrespective
of whether covariate(s) and/or the outcome are incomplete (i.e., for scenario (iii) and (iv)) if the compati-
bility condition (derived in 3.2) is satisfied.

4.5 FCS-LMM-het

The imputation model followed by FCS-LMM-het in the clustered data setting will be compatible with the
substantive model of interest under both scenarios (iii) and (iv). The proof is similar to that provided in
section 3.7 and is given in Appendix A.4.

In summary, considering all of the above methods for cluster-correlated data, we anticipated that the
JM-FJ and both JM-MLMM and JM-FJ would provide biased estimates of the variance components under
scenario (iii) and (iv), respectively.

5 Simulation study

In this section we describe the simulation studies that were used to assess the relative performance of
the MI methods described in Sections 3 and 4 in the settings of longitudinal and clustered data. Our
simulation studies are based on data from the kindergarten (K) cohort of children in LSAC (n=4983), who
were aged 4-5 years when recruited in 2004. LSAC is a nationally representative study that examines
the development and wellbeing of Australian children. Following recruitment, data have been collected
every two years (referred to as waves of data collection) using face-to-face interviews, questionnaires and
direct anthropometric measurements. The study is ongoing with six waves of data currently available. The
detailed study procedure has been described elsewhere (LSAC). Here we consider two target analyses: (a)
a longitudinal example: association between BMI-z score and QoL in children over time and (b) a cluster
example: whether BMI-z score at wave 5 predicts the QoL at wave 6 after accounting for clustering by
neighbourhood. Specifically, for analysis (a) we fitted a model similar to model (1) with QoL as a time-
varying outcome, BMI-z score a time-varying covariate and age (in years) of the child as the time variable,
with child-specific random intercepts and time-slopes. For analysis (b) we fitted a model similar to (2)
with child QoL at wave 6 as the outcome (y), child BMI-z score at wave 5 as the exposure of interest (x2)
and socio-economic index for areas (SEIFA) as a covariate, with both fixed and random effects for area
(x1). The missingness patterns among these variables in the LSAC dataset have been described elsewhere
(Huque et al., 2018).

5.1 Longitudinal data

For the longitudinal example, we generated 1000 datasets of 5000 children assessed at 6 waves of follow-
up. Three covariates at baseline: mother’s education, language spoken at home and family socio-economic
position; as well as three time-dependent variables: age, BMI z-score and the outcome, QoL for each child
were generated. The details of the simulation setup are given below:
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1. Whether English is the main language spoken at home (hlang) and maternal education (medu: whether
or not completed year 12) for each child were generated using binomial distributions with probabilities

0.9 and 0.6 respectively.
2. The household socio-economic position (hsep) at baseline was generated using the following regres-
sion model:
hsep; = —0.8 4+ 1.0 x medu; + 0.2 x hlang; + v;, 1=1,2,...,5000.

where v; ~ N (0,0.9?).

3. Child age in years (cage) for the i™ child in the ™ wave (cageij) was generated according to the
following model

1
cage;; = 5{48 + (wave;; — 1) x 24 + 9, } + vy, j=1,2,..,6.

where ¥; = N(11,1.52%), is the distribution of age (in months) of the participant at the recruitment
and v;; = N (0, 2?) is the random variation in age at the time of assessment.

4. The time-varying exposure, cbmi;; was then generated using the LMM

cbmi;; = vy + yicage;; + uo; + uicage;; + 15,

where v = (70,71) is the vector of fixed-effects, w; = (wo;,u1;) ~ N(0, D) denotes the ran-
dom effects vector with the following specification for the parameters: v = (—0.60,0.10)T, D =

Doy Do1 \ _ 049 —0.015 . . _ L _
( Do D = —0.015 0.005 , where Doy = Val‘(’qu), Do1 = COV(’LL()“’U,M), Dy =
var(uh-), and Tz = (Ti17 Tig, ceny Tzn) ~ ]\7'(07 0.52).

i

5. Finally, the continuous outcome variable, child QoL, cqol,; was generated according to
CqOIij = BO + 510bmiij + 52cageij + b(]i + bh-cageij + €ijs

where 3 = (B0, 51, B2) is the vector of fixed-effects, b; = (bg;, b1;) ~ N (0, G) denotes the random

effects vector. We set 3 = (1.00,-0.20, —0.10)T, G = ( 036~ —0.012

—0.012  0.004 )and residual error

variance, €; = (£;1,€i2, .-, Ein,) ~ N(0,0.662).

All of the above parameter values were based on the LSAC data.

For each simulated dataset we considered two scenarios where (i) only the exposure of interest (cbmi)
and (ii) both the exposure of interest (cbmi) and the outcome (cqol) were subject to missingness at each
wave under an MAR mechanism. Specifically we used the following models to create missing data in cbmi
and cqol, respectively

logit{Pr(R1;; = 1)} = 01 + 62cqol;; + Oscage,;
logit{Pr(Rg;; = 1)} = 04+ Oscage;; + Oghsep;;
where Ri;; = 1(Ro;; = 1) if cbmiij(cqolij) is observed and O if missing. The coefficients 8 =

(61, ...,06)™ were chosen to ensure approximately 30% of the exposure (cbmi) and outcome (cqol) were
missing.
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5.2 Clustered data

In order to evaluate the performance of the above MI methods in clustered settings, we generated 1000
datasets, each with eight variables: area identification number, socio-economic status for areas (SEIFA),
mother’s education (medu), language spoken at home (hlang), family socio-economic position (hsep), child
sex (csex), BMI z-score (cbmi) and QoL (cqol). We considered 300 areas (clusters), where the number of
children in each area varied between 2 to 25. Our simulated dataset mimicked the LSAC dataset not only
in terms of cluster size and the number of clusters, but also with regards to the relationship between the
covariates. The analysis of interest was whether the relationship between child BMI z-score at wave 5
and QoL at wave 6 varied across all areas. In all of the simulated datasets variables were simulated in a
sequential manner as follows:

1. Sex (csex), English language background (hlang) and mother’s education (medu: whether or not
completed year 12) for each child were generated using binomial distributions with probabilities 0.5,
0.9 and 0.6 respectively.

2. Child age in years at wave 5 was generated using the following model
1 , )
cage;; = 5{144 + 9,5} ji=2,3,..,25i=1,2,..300
where ¥;; = N(11, 1.52) is the distribution of age (in months) of the j child at recruitment from

area i.

3. The main exposure variable of interest, cbmi was generated based on child’s age and sex using the
following linear regression model

cbmi;; = (=1.0 4 do;) + 0.11 * cage, ; + 0.05 * csex;; + 1y,

where ;; ~ N(0,1) and do; ~ N(0,0.152)
4. SEIFA at each area was generated as a standard normal variable.

5. Family socio-economic position (hsep) was generated based on SEIFA, mother’s education and lan-
guage using the following linear regression model

hsep;; = —4.7 + 0.8 * medu;; + 0.01 « SEIFA; 4 0.01 * hlang;; + Gij

where ¢;; ~ N(0,0.92).

6. Finally the outcome, cqol score, was generated using the LMM

CqOIij = (005 + bOi) + (—0.2 + b11> * cbmiij + 0.25 % SEIFA; + €ij

b()i

with €ij ~ N(O, 0.92), < b

)  N(0.G)and G — ( 0.16 0.0 >

0.00 0.04

All of the above parameter values were based on LSAC data. The exception was that we slightly
inflated the magnitude of the regression and variance-component parameters in the outcome model in
order to accentuate the differences in the estimated parameters from the MI methods.

14

For each simulated dataset we considered two scenarios: (iii) only the exposure of interest cbmi and
(iv) both the exposure cbmi and outcome cqol were missing under an MAR mechanism. Specifically,
we fitted the following models to create missing data in cbmi and cqol, respectively
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logit{Pr(Rs;; = 1)} —2.2 4 1.0 * cqol;; + 0.2 x SEIFA; — 0.2 * hsep,;
logit{Pr(R4;; = 1)} = —2.5+0.2xSEIFA; — 0.3 * hsep,;

where R3;; = 1(Ru4;; = 1) if cbmi(cqol) is observed and 0 if missing.

6 Performance of the MI method

We applied all the imputation methods described in section 3 and 4 to the simulated and LSAC datasets.
In light of the seven main choices for the specification of multiple imputation method namely i) the MAR
assumption, ii) form of the imputation model, (iii) set of variables included in the imputation model, iv)
passive imputation v) order of the variables vi) number of iterations and vii) number of multiply imputed
datasets (Van Buuren and Groothuis-Oudshoorn, 2011), we generated data under MAR and included the
same set of predictors across all the imputation methods. Specifically, we included socio-economic position
as an auxiliary variable, in addition to all analysis variables, and considered the same order of imputation
variables for all the methods (if applicable). Thirty imputations were generated for each approach to limit
Monte Carlo (imputation-related) error for the regression coefficient of interest to approximately 5 percent
of its standard error. However, for each method, we set the number of burn-in iterations and number
of between imputations to the default values of current software implementations and finally the form
of the imputation models varies according to the specific imputation method. We compared estimated
regression coefficients, standard errors (both average of the model-based and the empirical standard error)
and variance-component estimates from the various imputation approaches and an available data analysis,
which excluded records with missing data in any analysis variable. Bias and coverage probability of the
estimated regression coefficients from each of the approaches and from an available data analysis compared
to the values used to generate the data are also presented. In each case, the sampling properties of the
estimators were estimated from the 1000 simulated datasets.

6.1 Simulation results

The simulation results for the longitudinal example with missing values under scenarios (i) and (ii) across
the 1000 simulated datasets are displayed in Table 1 and 2, respectively. It is clear from Table 1 and 2
that the available data analysis resulted in biased estimation of the regression coefficients and variance
components along with inadequate coverage probabilities.

All of the MI approaches except JM-FJ provided similar estimation of regression parameters and cover-
age probabilities in both scenarios. Slight under-coverage of the regression parameters was obtained from
JM-FJ and JM-SMC, which assume homoscedastic variances. However, somewhat contrasting results
were obtained when imputed assuming heteroscedastic covariance matrices for both of these methods. The
JM-FJ was more biased and led to underestimation of coverage probabilities while JM-SMC performed
better compared with its homoscedastic counterpart.

All of the MI methods except JM-FJ-het provided unbiased estimates of the variance components in
the longitudinal setting when only the covariate contained missing values (scenario (i)). However, greater
differences were observed across the imputation methods for the estimation of the variance components
when both covariate and outcome contained missing values (scenario (ii)). In this scenario (ii) (Table 2),
large biases in the variance associated with random slopes were obtalned for the IM-MLMM, JM- FJ IM-
FJ-het and FCS-LMM approaches v
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Following a reviewer’s suggestions, we also evaluated the performance of these methods in the case
of smaller samples with 1000 individuals followed for 5 consecutive period under both scenarios (i) and
(i1). The results, displayed in Tables B1 and B2 in the Appendix B, are qualitatively similar to those with
the larger sample size under scenario (i). But under scenario (ii) large biases associated with random
slopes variance estimates were obtained for all the methods except IM-MVN, FCS-standard and JM-SMC
approaches. Among the MI methods, JM-MVN and FCS-Standard provided the least biased estimates for
the fixed effects and variance components. The estimated coverage probabilities for both of these methods
were very close to the nominal value of 0.95, in both scenarios. Among the LMM-based imputation
approaches, EES-EMM-het-and JM-SMC-het provided the best performance for estimating regression
parameters and variance components.

The simulation results for clustered data with missing values under scenarios (iii) and (iv) across the
1000 simulated datasets are displayed in Tables 3 and 4, respectively. Similarly to the longitudinal set-
ting, in the clustered data setting, the available data analysis resulted in biased estimation of the regression
coefficients and variance components, and inadequate coverage probabilities. All of the MI approaches
provided similar estimates of the regression coefficients and their estimated coverage probabilities were
very close to the nominal value of 0.95 for both scenarios. Slight under-coverage of the confidence inter-
val for the regression coefficient of cbmi was obtained from JM-FJ, IM-FJ-het and JM-MLMM especially
under scenario (iv). Somewhat greater differences were observed across the imputation methods for the
estimation of variance components both in scenario (iii) and (iv). In scenario (iii), i.e. when only the
covariate with the random effect contained missing values, JM-FJ and JM-FJ-het resulted in biased estima-
tion of the random slope variances. On the other hand, in scenario (iv) JM-FJ, IM-FJ-het and JIM-MLMM
all produced biased estimation of the random slope variances. In both scenarios, IM-SMC, FCS-LMM and
FCS-LMM-het produced unbiased estimates of the regression and variance component parameters.

As with the longitudinal data we also evaluated the performance of these methods under scenario (iii)
and (iv) using a relatively small number of clusters (n=100) with smaller cluster sizes (each cluster con-
tained between 2 and 10 observations randomly). The results are displayed in Table B3 and B4, respec-
tively. All of the MI methods except JM-FI in both scenarios and IM-MLMM in scenario (iV) provided
slight under-coverage of the confidence interval. Large biases in the estimation of the random slope param-
eters were observed for both FCS-LMM and FCS-LMM-het, especially in scenario (iv), leaving JM-SMC
as the best methods when the number of cluster in the sample is small.

6.2 Application to the LSAC data

The results for the analysis models (a) and (b) applied to the LSAC data are given in Tables 5 and 6
respectively. Available data analysis provides slightly lower estimates of the regression coefficients in the
case for analysis model (b) compared with the estimates from MI methods. However, for analysis model
(a) the estimated regression coefficients from the available data analysis are very similar to those from
the MI approaches. These results are in line with those seen in the simulation study. However, JM-FJ in
analysis model (a) and both JM-FJ and JM-MLMM in analysis model (b) produced lower estimates of the
variance components than the other MI approaches.

7 Discussion

LMMs are frequently used in the analysis of longitudinal and clustered data in order to account for within-
individual and within-cluster correlation, respectively. Although several MI methods are available for
imputing missing values in longitudinal and cluster-correlated data in the current software, little guidance
is available on which is the most appropriate method. The comparison of MI methods for the analysis
of correlated data using LMM with random intercepts and slopes in the context of compatibility, a pre-
requisite of valid MI, is very limited in the literature. In the current paper, we compared seven different
MI methods (JM-MVN, JM-MLMM, JM-FJ, IM-SMC, FCS-Standard, FCS-LMM, FCS-LMM-het) for

(© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com



14 Huque et al.: MI for linear mixed effects model

handling missing values in longitudinal and clustered data in the context of fitting LMM with both random
intercepts and slopes. We derived expressions for each of the MI methods to examine the compatibility of
these MI methods with a LMM that include both random intercepts and slopes. We showed that compatible
imputation and analysis models resulted in consistent estimation of both regression parameters and variance
components via simulation. We have summarized our results in Table 7.

The results from our theoretical exploration revealed that the relative performance of the MI methods
may be expected to vary according to whether the incomplete covariate has fixed or random effects and
to the missingnesss in the outcome variable. Specifically, we showed that JM-MVN and FCS-Standard
approaches are compatible with the LMM in the context of longitudinal data if measurements occur at the
same time-points for all individuals. We also showed that JIM-MLMM is compatible with, but that JM-FJ
is incompatible with the analysis model of a LMM with random intercepts and slopes. Both the FCS-
LMM and FCS-LMM-het methods are compatible with a LMM with random intercepts and slopes. Our
comparison also revealed that the newly available substantive model compatible joint modeling (JM-SMC)
approach holds great promise for the imputation of longitudinal data. Our simulation study supported our
theoretical results. We observed, however, that JM-FJ-het provided sub-optimal performance, especially in
the case of longitudinal data, which might be due to a small number of individuals per cluster (observation
per individual) in our example, as shown in Audigier et al. (2018). We also observed that JM-SMC-het
provided better estimates for the regression parameters and coverage than JM-SMC, apparently because
subject-specific associations were better estimated under the heteroscedastic covariance matrices.

Our results regarding clustered data were similar to those for longitudinal data with a couple of excep-
tions. We found JIM-MLMM was compatible with a LMM with a random intercepts and slopes analysis
model if only the covariate contains missing data. The JIM-MLMM, however, became non-compatible
with a LMM with random intercepts and slopes if both the outcome and random-slope covariate contained
missing data. Along with others (Enders et al., 2016), we noted that fixed effect imputation methods are
computationally expensive particularly with a large number of clusters, hence may not be very useful in
practice. In general, our findings are consistent with those of (Enders et al., 2016) who showed that JIM-FJ
and JM-MLMM produce biased estimation of the variance components while the FCS-LMM-het approach
provided consistent estimates in the context of clustered data. Some of our theoretical results extend the
results obtained by Resche-Rigon and White (Resche-Rigon and White, 2016) who considered a LMM
with only a random intercept.

It is always difficult to draw general conclusions from a single simulation study, but we believe this study
provided a good setting for a comparison of MI methods with both theoretical and empirical evaluation.
The simulations were designed to represent real world data with a moderate amount of missingness under
MAR. Undoubtedly, future simulation studies and further exploration of methods will be useful in a num-
ber of ways. In this study, we restricted our attention to data that are MAR. Often longitudinal data does
not satisfy the MAR assumption. In general, the MAR assumption cannot be tested but various sensitivity
analysis methods (e.g., selection models, pattern-mixture model and NARFCS) are proposed in very spe-
cialized context and no such analysis methods is currently available for the context when both longitudinal
covariates and outcomes are missing. Forexample, pattern-mixture models are available in the context of
longitudinal outcomes but not for the context when both longitudinal covariates and outcomes are missing.
The NARFCS approach, arising from the pattern-mixture paradigm, has been developed recently to handle
multivariable missingness in cross-sectional settings(Tompsett et al., 2018; Moreno-Betancur et al., 2017;
Leacy, 2016) and these could in principle be applied for longitudinal data in the wide format or with the
cluster-indicator method in the scenarios we explored. However, these methods have not yet been extended
to the context of multilevel imputation models for general multivariable missingness in longitudinal unbal-
anced data or clustered data (linear mixed models). Hence there were no obvious methods to add to our
evaluation. In order to simplify the theoretical calculations and avoid mis-specification of the imputation
models we restricted our comparisons to models and methods that assume normality. Although there has
been some discussion of compatibility for non-normal data in the context of general location models, such
models are only available for single level data (Seaman and Hughes, 2018). The study of compatibility
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of multilevel models that include non-normal data is beyond the scope of the present paper as Gaussian
random effects are usually assumed in the proposed models and in the available software implementa-
tion. However, our results for MI involving normal variables might also hold for non-normal data. We
had previously shown that both JM-MVN and FCS-standard showed good performance in the context of
imputing binary variables (Huque et al., 2018). Quartagno et al. recently showed that the JM-SMC and
FCS-standard methods performed equally well in the context of imputing non-normal data (Quartagno and
Carpenter, 2019).

In summary, we found that if measurements occur at the same time-points for all individuals in lon-
gitudinal studies, the JIM-MVN and FCS-Standard approaches may be the best approaches for imputing
longitudinal data. We also found that LMM-based approaches (JM-MLMM, JM-SMC-het, FCS-LMM-het,
FCS-LMM) can be used if measurement doesn’t occur at the same time points or the imputation model
struggles to converge due to many repeated measurements. In the clustered data setting, we recommend
using the LMM-based approaches JM-SMC, FCS-LMM or FCS-LMM-het to handling missing data as
they performed well in the estimation of regression parameters and variance components. Although mul-
tilevel imputation models are slightly more complex compared with standard cross-sectional imputation
methods and require specialized software, our comparison revealed that they are a reasonable choice for
imputing missing covariate and outcome data where the analysis of interest is a linear mixed effect model
with random intercepts and slopes.
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Table 1 Simulation results for the analysis of longitudinal data using simulation scenario (i), i.e., scenario with data missing in the covariate only

Regression True | Available IM- IM- IM- IM- IM- IM- FCS- FCS- FCS-

Parameters value data MVN | MLMM FJ FJ-het SMC SMC-het | standard | LMM | LMM-het
cbmi, 1 -0.200 -0.184 -0.200 -0.204 -0.194 -0.186 -0.195 -0.197 -0.199  -0.204 -0.204
mw rbias (%) 0.078 0.002 0.020 0.029 0.068 0.027 0.014 0.003 0.021 0.019
Model SE 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008
Empirical SE 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008
95% Coverage 0.463 0.945 0.921 0.895 0.644 0.891 0.941 0.950 0.919 0.926
cage, ww -0.100 -0.090 -0.100 -0.100 -0.101  -0.102  -0.101 -0.101 -0.100  -0.100 -0.100
ww rbias (%) 0.105 0.001 0.003 0.009 0.016 0.010 0.007 <0.001  0.003 0.003
Model SE 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002
Empirical SE 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002
95% Coverage 0.000 0.948 0.947 0.926 0.853 0.923 0.937 0.951 0.948 0.949
Variance components
Gy est 0.360 0.335 0.361 0.364 0.360 0.361 0.361 0.360 0.360 0.364 0.363
Glorbias (%) 0.071 0.002 0.010 <0.001  0.002 0.003 0.001 <0.001 0.010 0.009
G est -0.012 -0.011 -0.012 -0.012 -0.012 -0.012 -0.012 -0.012 -0.012  -0.012 -0.012
Gl rbias (%) 0.044 <0.001 0.028 0.012 0.002 0.022 0.022 0.005 0.028 0.024
G est 0.004 0.003 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004 0.004
(11 rbias(%) 0.170 0.003 0.013 0.008 0.003 0.013 0.010 <0.001  0.013 0.011
Residual error, mw 0.436 0.414 0.436 0.434 0.436 0.437 0.436 0.435 0.436 0.434 0.434
0. rbias (%) 0.049 <0.001 0.003 0.001 0.003 <0.001 0.002 <0.001  0.003 0.003
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Table 3 Simulation results for the analysis of clustered data using simulation scenario (iii),i.e., scenario with data missing in the covariate only

Regression True | Available IM- IM- IM- IM- IM- FCS FCS-

Parameters value data MLMM FJ FJ-het | SMC | SMC-het | LMM | LMM-het
SEIFA, 41 0.250 0.203 0.247 0.250 0.250 0.250 0.250 0.247 0.249
41 rbias (%) 0.187 0.011 <0.001 0.004 0.001 0.002 0.011 0.004
Model SE 0.021 0.029 0.029 0.029  0.029 0.029 0.029 0.029
Empirical SE 0.021 0.028 0.028 0.028 0.028 0.029 0.028 0.028
95% Coverage 0.400 0.954 0.950 0.952  0.947 0.950 0.952 0.950
cbmi, 75 -0.200 -0.179 -0.196 -0.205 -0.199 -0.200 -0.200 -0.196 -0.198
43 rbias (%) 0.104 0.019 0.026 0.001  0.001 0.001 0.021 0.008
Model SE 0.017 0.023 0.021 0.021  0.023 0.023 0.023 0.023
Empirical SE 0.017 0.023 0.024 0.023  0.024 0.024 0.023 0.023
95% Coverage 0.757 0.955 0.912 0.928 0.941 0.937 0.947 0.947
Variance components
Gop est 0.40 0.220 0.396 0.404 0.403  0.399 0.399 0.396 0.397
Gorbias (%) 0.450 0.011 0.010 0.008  0.002 0.002 0.011 0.007
G est 0.20 0.076 0.197 0.135 0.144  0.192 0.192 0.197 0.185
(11 rbias(%) 0.618 0.014 0.325 0.279  0.040 0.039 0.016 0.073
Residual error, o, 0.90 0911 0.900 0.910 0.847  0.901 0.900 0.901 0.903
o rbias (%) 0.052 0.001 0.012 0.011  0.001 <0.001 0.001 0.003
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Table 5 LSAC data analysis for analysis model (1) i.e., longitudinal data scenario.
Regression Available IM- IM- IM- IM- IM- IM- FCS- FCS- FCS-
Parameters data MVN | MLMM FI FJ-het SMC SMC-het | standard | LMM | LMM-het
cbmi, 34 -0.043 -0.043 -0.042 -0.047  -0.042  -0.042 -0.045 -0.044 -0.043 -0.047
mohmwv 0.008 0.008 0.008 0.007 0.008 0.008 0.008 0.008 0.007 0.010
95% CI (-0.058,  (-0.058, (-0.058, (-0.061, (-0.058, (-0.058, (-0.061, (-0.059, (-0.057, (-0.067,
-0.029)  -0.027) -0.026) -0.033) -0.029) -0.026) -0.029) -0.029)  -0.029) -0.027)
cage, ww years -0.020 -0.022 -0.021 -0.019  -0.020  -0.021 -0.021 -0.022 -0.021 -0.018
moﬁwwv 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002 0.002
95% CI (-0.024,  (-0.026, (-0.025, (-0.023, (-0.024, (-0.025, (-0.025, (-0.026, (-0.025, (-0.022,
-0.016)  -0.018) -0.017) -0.015) -0.016) -0.017)  -0.017) -0.018)  -0.017) -0.014)
Variance
components
Goo 0.431 0.518 0.473 0.419 0.432 0.443 0.450 0.520 0.472 0.441
Gor -0.016 -0.021 -0.020 -0.007  -0.016  -0.016 -0.017 -0.022 -0.020 -0.016
G 0.004 0.004 0.005 0.002 0.004 0.004 0.004 0.005 0.005 0.004
G2 0.434 0.436 0.434 0.460 0.434 0.438 0.437 0.436 0.434 0.465
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Table 7 Summary of multiple imputation models features

Features IM- IM- IM- IM- FCS- FCS- FCS-
MVN MLMM FJ SMC standard LMM LMM-het
Unbalanced data No Yes Yes Yes No Yes Yes
Imputation of discrete variables continuous continuous latent normal latent normal categorical continuous continuous
Analysis of discrete variables require require Yes Yes Yes require require
rounding rounding rounding rounding
Longitudinal data
Consistent estimation of random intercepts Yes Yes Yes Yes Yes Yes Yes
Consistent estimation of random slopes
with incomplete covariates Yes Yes Yes Yes Yes Yes Yes
with incomplete covariates and outcome Yes No No Yes Yes No No
Clustered data
Consistent estimation of random intercepts Yes Yes Yes Yes Yes
Consistent estimation of random slopes
with incomplete covariates No No Yes No Yes
with incomplete covariates and outcome No No Yes No No
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Appendix
A Compatibility of the methods

Al JM-MVN

Suppose we are interested in substantive model (1). Now assume that the covariate x; also follows the
following LMM

xilt; = o+t +woi +uiit; + €, (11)

where €; ~ N(0,7T) and u; = (ug;, u1;) ~ N(0, D). As both the distribution of (y,|x;, ;) and (x;|t;)
are Gaussian. The joint distribution (y,, «;|¢;) can be written as (Gelman et al., 2013)

Yi b\ _ Bo + B1(v0 +71ts) + Pot; BT + iy BiZia ))
( x; tl) =N (( Yo+t ) ’ ( iz b1 Yig 12

where >;, = ZiDZiT + 7T and X,y = ZiGZiT + @ with Z; = (1,t;)". If data are collected for an
equal number of visits and fixed time interval between successive visits for all individuals, then the joint
distribution of (y, x|t) can be written as

y _ Bo + Bi(yo +7it) + Bat BiEBT +3, BiZs
(wlt) = N(( "o+ it )( Zzlﬂl y o) )) (13)

A2 JM-MLMM

scenario i: If only covariates have missing data, the substantive and the imputation models for the i
subject can be written as

(y;lxi, ti) ~ N(Bo + Brx; + Pati, Xiy) (14)

and
(xily;, ti) ~ N(Boz) + Bra)¥i + Ba)tis Xialy) (15)
These two models are compatible if 3’s, B(;)’s, Xy |, and X, lie on the subspace of the joint model

determined by (12) (under the assumption that covariate x; also follows a LMM (11)).
Therefore the conditional distribution (x;|y;, t;) from the above joint distribution can be written as

(ly;, t:) = N (Siapy [5?21@1(% — (Bo + Bati)) + 25 (v0 + 11ti)] s Siapy = (5?&?51 +3.7) 16)
Now equating (15) and (16) we have:
T -1 Ty —1
Bria)Xin)y = P1 Biy

Hence the substantive model will be compatible to the imputation model under IM-MLMM if 61T($) Z;ﬁ/ =
ATz L.

scenario ii: Both covariate and outcome have missing data

(© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com
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JM-MLMM assumes following joint distribution when both outcome and covariates have missing data

( x; t») _ ( Bo(z) T Bi(a)ti + bo(z)yi + brz)yiti + €14 )
Yy, Bocy) + Biy)ti + bo(yyi + bigyyiti + €2

o wisl Zib(2)i €1i
a ( Jiy1 ) i ( Ziby ) "\ e
- | b(a)i 0 _ [ Y e
where Z; = (1,t;) and ( biy)i N 0 P = a1 oo and
1 0 Y11 Yo
~ N Y=
<€2i) ((0>7 (221 22 )>

Thus the joint distribution of (y; and x; conditional on ;) can be written as (Resche-Rigon and White,
2016)

< x; t») N (( Hizl ) ( ZipnZ! +Sul ZphoZ] + X100 ))
Yy piyl )’ Zﬂ/’12Zz~T + 10 ZiheZ] + Yool ’
where p1iz = Bo(z) + Bi(e)ti and piy = Bo(y) + Biy)ti-

Now the conditional expectation and conditional variance are

Ely;|xi, ti] = piyl + (Zip12Z] + X12I)(Zip11 Z] + S0 D) " (25 — pinl) a7

and

Varlyy| @i ti] = (Zithes Z] + Yoo ) — (Zip12 ZF + S12I)(Zip1n ZF + S 1) "N Z o ZE + S1o1) (18)

Now, for simplicity in algebra we omitted notation I associated with variance covariance matrices in

the following equations

(Zith12Z] +X102)(Zib11 Z] +%11) 7!

where 3, = 2155,
Thus the conditional mean is given as

(Zi12Z] +Tu2) (51 = 20 Zoyn (L + Z7 57 Zignn) ™ 2 55
(Zi12Z +30) (S0 - 20 Zowi' + 2750 2) 7 27 )
(Zitn2Z7 +30)(Z0 = 20 Zoon Z] (B0 + Zipn Z]) 7Y
Zip2Z S — Zp1oZ S0 Zipn Z (S + Zibin Z7) T+
S8 = St Zin ZF (Bn + Zpn Z))
(Zip12Z S0 (S0 + Zipii Z7) — Zig12Z] S Zipn Z] —

S0 Zin Z] ) (S + Zipnn Z7) T+ S8

(Zip12Z] — S1057 Zipn Z))(Z11 + Zipn Z]) 7 + 122y

(I - 21251 Z %12 Zi(S0 + Zivnn Z;) 7 + S5
(Ci—20)S7 Zn Z] (Su + Ziyn Z7) 7+ B

pyl+ ((Z11 — Y2 ZinZ (S + Zipn Z)) T 4 Bod) (i — )

= (i — Babta)l + Bozi + (B11 — S12) X7 Zibi1 Z7 (B11 + Zivn1 Z7) "M (@ — 1)
= (y — Bokta)l + Bomi + (Z11 — £12) 511 Zibayi

(© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim
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where by, is the estimates of random slope corresponding to the model ; = fi(;z) + Zib(z); + €.
Thus the conditional expectation of y; depends on x; and random slopes of £; on ;. Now can obtain
the the substantive model if (Yoo — 212)22_21 = J or X132 = 0, as we have

Elylzi, ti] = (Bo) + Bigti + Be®i)1 + bo(zyi + biayiti — Betie-

Thus the IM-MLMM impute missing values from a joint model which is more general than joint model
implied by substantive model. Hence JIM-MLMM is compatible with the analysis model.

(© 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.biometrical-journal.com
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A.3 Joint modelling: FJ

The JIM-MLMM-LN approach assumes a multivariate linear random intercept model for the joint distribu-
tion of x, y and z where z is a latent normal variable for time ¢;

Yi Boy) +byyoi + €@y
x; = Boz) + ba)oi + E(a)i
t; Bocty + byoi + €ty
e b0 €(a)i
= | s | T bwoi |+ Ew
[t bt)0i E(t)i
b(y)oi 0 Y11 Y12 Yas E(y)i 0 X
where | byoi | ~ N O |, %21 22 a3 and | € | ~ N 0 |, o
b)oi 0 31 Y32 33 E(t)i 0 Y31

Thus the joint distribution between (y;, «; and ¢;) can be written as

Y, il Yuud + X0l prod + X1l P13d + X3l
z, | ~N pyl )| Yiod + X1 Poad 4+ Bool a3 + ozl
t; el P13d + 13l thogd + Yozl P33 + Xg3l

To ease in exposition let w; = ( t»l > and consequently the joint distribution between y, and w; can
7
be written as

yi NN M1®1 ’(/)11®J—|—211®I ¢12®J+212®I
w; ‘u2®1 ) ¢21®J—|—221®I 77[}22@)(]_‘_222@)1 ’

where 1 is n;-vector of ones, J is a n; X n; matrix of ones, and I is the identity matrix of size n;

and p! = by, p? = ( M ), Pl = ohyy, D = B0 = @27 = ( o1 )7221 = ()T =
Hz 'IZ)31
o1
and

(=)

$22 = a2 a3 s22 _ [ Y22 223 .

V32 3z )’ Y3 Xas
Now the conditional expectation y; given w; is
Elyw]=p' @1+ ( ¢20J+5201 ) (¢2eJ+32aT ) (v —-p2®1 ) (19
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Now

(w12®J+212®I)(¢22®J—|—222®I)

where 3 = =¥12(¥22)~! and a(n;) =

Hence,

(Byv ﬂt)

Elylwi] =

Now considering the identity and from the fact that vec(w;) =

— @ Da(n)") + (
p?) ® La(ng)®

Elylw] = p'®1+vee(J(w,
=yl +ni(w; —
Thus we have

Ely;lzi, t;] = Bogy) +ni(Zi — /im)a(ni)T

And the conditional variance is

varfylw;] = (YMe@J+3Mel ) -
= nn)@J+iel
where 7(n;) = 22 —p12(21)"1x12 4

5= 222 _ 212(211)71212

-1

(12522 —

prel+ (amn)@J+B8I) (w; —

+ (w; —
+ni(t; — p)a(n

(¢12®J+212®I)(?/122®J+222®I)71

(nﬂ/)Ql + 221)(n¢w11 + 211)7

212w22) (n¢22 + 222)—

( 1/)12 ®J—|—212 QI ) (_(nw22 _’_222)—1,¢)22(222)—1) ®RJ
+(EP)er

_¢12(nw22 + 222)—11/]22(222)—
_212<n,¢)22 + 222>—1w22<222)—
(_anQ(anQ + 222)—1w22 _ 212(nw22 + 222)—
+w12)(222)71 ®J+212(222)71 oI

( 1/}12 212 +1!)12(1#22)71(7“/}22 + 222))
(TL’L/J22 + 222) 1w22(222)71 ®J+ 212(222)71 @I
( nw12 212 n¢12(w22)—1¢22+¢12(w22)—1222)
(

(W'

1 ®nJ+El2(222)_1 ®I
1®J+w12(222)—1 ®J
leQ

nw22 + 222) 1/]22(222)—1 ®J+ 212(222)—1 @I
( ) 1222) _ 212)(7,”/)22 + 222)—1w22(222)—

+212(222)71 I

(¢12222 B 2121/)22)(?“[)22 + 222)7

+E2(E?) el

an)eJ+81,

loJg

1(222)71 ® J

1(222)—1

p’@1)

w;, we can show that

- p?@1)87)
p’ @187
i)T + (x5 — pa)Be + (B — p1e) By

(w12®']+212®1’)

1(77[}11(211)71212 _ w12) and

As the joint distribution implied by JM-MLMM-LN doesn’t contain the conditional substantive model
(1) as the corresponding conditional model, hence it would not be compatible.
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A4 JM-MLMM for cluster-correlated data

Suppose we are interested in substantive model (2), with slight abuse of notations we can write the sub-
stantive model as

Y, |T1i, T2 = oi + 1®1; + aie; + &5, (20)

where ag; = @g + @i, @2; = ae + ag; and & ~ N(0, iy = agI). Now suppose that the covariate xo
follows the following LMM:

Toi|T1i = d0i + d1iT1s + 1, D

where 7; ~ N(0,%;,, = U%iI) As both of the (y,|x1;, x2;) and (xo;|x1;) are Gaussian, their joint
distribution will also be Gaussian and can be written as

Yi N ao; + a1@1; + az(doi + 01iT14) 2i8iz0g; + Diy @2 iz
< T2 |a:11) =N <( doi + 01:1; ’ Viz, 02 Biz, » (22)

Now the conditional distribution of (x2;|®1;, y,) can be written as

(@2i]@15, ;) = N (Sig )y [aEiE;yl(yi — (i + a1213)) + Ei,L (0i + 01@13)| s By )y = (Ozgizfylazi +3,0)7h) @3)

When only covariates a2 contains missing data, the imputation model followed by IM-MLMM is given
as

2| T16, Ys = Q0i(as) T Q1 (2)T1i + Q2i(20)Yi + E(w)is (24)

This imputation model will be compatible to the substantive model if E;l

— Ty —1
T \yaQi(Iz) - Eiﬂiz IyQZiZiy
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B Additional Results
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Table B1 Simulation results for the analysis of longitudinal data using simulation scenario (i), i.e., scenario with data missing in the covariate only
with 1000 samples observed for 5 time periods

Regression True | Available | JM- IM- IM- IM- IM- IM- FCS- FCS- FCS-

Parameters value data MVN 7 MLMM 7 FJ FJ-het | SMC | SMC-het | standard | LMM | LMM-het
cbmi, 31 -0.020 -0.184 -0.199  -0.201 -0.196  -0.186 -0.197 -0.199 -0.198  -0.201 -0.202
ww rbias (%) 0.079 0.006 0.007 0.019 0.069 0.017 0.003 0.010 0.006 0.011
Model SE 0.018 0.020 0.020 0.020 0.020 0.019 0.019 0.020 0.020 0.020
Empirical SE 0.018 0.020 0.020 0.020 0.018 0.019 0.020 0.020 0.020 0.020
95% Coverage 0.849 0.960 0.945 0.949 0916 0.940 0.944 0.939 0.944 0.942
cage, ww -0.100 -0.091 -0.100  -0.100 -0.101  -0.102 -0.101 -0.100 -0.100  -0.100 -0.100
ww rbias (%) 0.098 0.002 0.001 0.006 0.016  0.007 0.004 0.001 0.001 0.001
Model SE 0.005 0.004 0.004 0.004 0.004  0.004 0.004 0.004 0.004 0.004
Empirical SE 0.005 0.004 0.004 0.004 0.004  0.004 0.004 0.004 0.004 0.004
95% Coverage 0.450 0.947 0.952 0.954 0934 0.946 0.952 0.949 0.953 0.950
Variance components
Gp est 0.360 0.337 0.358 0.367 0.362 0.363  0.362 0.361 0.358 0.367 0.365
Glorbias (%) 0.062 0.006 0.019 0.005 0.009  0.006 0.002 0.007 0.020 0.015
G est -0.012 -0.012 -0.012  -0.013 -0.012 -0.012 -0.012 -0.012 -0.012  -0.013 -0.013
Goirbias (%) 0.015 0.004 0.064 0.007 0.026  0.032 0.021 0.018 0.064 0.043
G est 0.004 0.003 0.004 0.004 0.004 0.004  0.004 0.004 0.004 0.004 0.040
G'11rbias (%) 0.140 0.001 0.028 0.002 0.006 0.016 0.011 0.007 0.028 0.015
Residual error, mw 0.436 0.414 0.436 0.434 0.436 0.436  0.435 0.434 0.435 0.434 0.434
0. rbias (%) 0.049 0.001 0.004 <0.001 0.002 0.001 0.004 0.001 0.004 0.004
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Table B3 Simulation results for the analysis of clustered data using simulation scenario (iii),i.e., scenario with data missing in the covariate only

with small samples (100 clusters with 2 to 10 observations per cluster)

Regression True | Available IM- IM- IM- IM- IM- FCS FCS-

Parameters value data MLMM FJ FJ-het | SMC | SMC-het | LMM | LMM-het
SEIFA, 71 0.250 0.191 0.246 0.250 0.192  0.250 0.250 0.246 0.248
A2 rbias (%) 0.235 0.016 0.001 0.233 <0.001 <0.001 0.015 0.008
Model SE 0.059 0.058 0.058 0.059  0.058 0.058 0.058 0.058
Empirical SE 0.061 0.059 0.060 0.061 0.060 0.060 0.059 0.060
95% Coverage 0.816 0.946 0.939 0.819 0941 0.941 0.950 0.943
cbmi, 75 -0.200 -0.177 -0.193  -0.202 -0.177 -0.196 -0.196  -0.191 -0.193
41 rbias (%) 0.115 0.034 0.012 0.116  0.021 0.021 0.043 0.037
Model SE 0.049 0.057 0.053 0.050 0.056 0.057 0.057 0.056
Empirical SE 0.051 0.054 0.057  0.051 0.058 0.058 0.054 0.054
95% Coverage 0.908 0.960 0.924 0908  0.936 0.937 0.960 0.953
Variance components
Goo est 0.400 0.331 0.388 0402 0.340 0.393 0.393 0.388 0.390
Gorbias (%) 0.173 0.030 0.005 0.150 0.018 0.018 0.030 0.025
G est 0.200 0.154 0.225 0.136  0.160  0.195 0.196 0.226 0.215
G111 tbias(%) 0.229 0.127 0.322  0.199 0.024 0.022 0.131 0.075
Residual error, &, 0.900 0.846 0.890 0.908 0.846  0.897 0.897 0.890 0.893
0 rbias (%) 0.060 0.011 0.008 0.060  0.003 0.003 0.011 0.008
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