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Abstract — Multiple imputation (MI) is increasingly being used as a sophisticated tool to handle missing data in the recent
years. The standard Ml techniques use Bayesian sampling methods for making posterior draws for the imputations and analyse
the imputed data sets under a frequentist framework. However, the software packages that are used to implement these
techniques are not yet fully flexible to account for the non-normality of the incomplete variables in repeatedly measured data
sets. Multiple imputation can be performed in a fully Bayesian modelling context, which offers a flexible alternative in terms
of fitting hierarchical non-normal imputation models. This work is motivated by an observational cohort study which consists
of different types of incomplete time-varying variables, such as skewed continuous, ordered and unordered categorical
variables. These variables were imputed using hierarchical Bayesian imputation models, such as multivariate truncated normal,
gamma, multinomial and logistic. The estimates of the analysis model obtained with fully Bayesian imputation method were
compared to standard MI methods, which assume normality of the incomplete variables. In addition, the performance of the
fully Bayesian imputation was evaluated with a simulation study, under different settings of incomplete data.
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health outcomes. It was an observational cohort study with
199 cancer patients, assessed at 5 time points over 12 months.
51% of the time points had at least one incomplete variable,
and 15% of the time points had outcome fully observed but at
least one incomplete explanatory variable. In Table 1 the
variables are described. The study outcome was a continuous
variable, with a 39% of missingness. The explanatory
variables health need scores are continuous but has skewed
distributions. They are repeatedly measured and have
significant amount of missingness. The repeatedly measured
categorical variables include mental health score and
treatment phase.

I. INTRODUCTION

Missingness is a very common problem in repeated
measures studies, especially when there are vulnerable
patients which are difficult to follow. Multiple imputation
(M1) is increasingly being used as a sophisticated tool to
handle missing data in the recent years [1]. The standard Ml
techniques use Bayesian sampling methods for making
posterior draws for the imputations and analyse the imputed
data sets under a frequentist framework. However, the
software packages that are used to implement these
techniques are not yet fully flexible to account for the non-
normality of the incomplete variables in repeatedly measured

data sets. Multiple imputation can be performed in a fully Table 1. Descriptives of the data set

Bayesian modelling context, which offers a flexible % of
alternative in terms of fitting hierarchical non-normal Mean | missing
imputation models as well as specifying a correlation Variable |Description  |Variable type| (SD) | values
structure which conforms to the true correlation of the Continuity of 50.6
repeatedly measured data set [2]. concare 1 are score Normal 94y | 31
In this study, the estimates of the analysis model obtained Physical need . 10.7
with fully Bayesian imputation method were compared to phys score Right skewed 4.7) 34.6
standard MI methods, which assume normality of the Psychological | ht skewed | 19:6 35.7
incomplete variables. In addition, the performance of the psyc need score g (8.6) '
fully Bayesian imputation was evaluated with a simulation Health system . 19.2
. . - Right skewed 35.9
study, under different settings of incomplete data. hitsys need score g (6.7
. Satisfaction 415
satis score Left skewed (7.8) 34.7
Il. MOTIVATING DATA SET
ghq Is\:laiztsal health Binary - 36.1
The continuity of care data was collected to investigate : T reatment phase | Cateaorical 238
the association between continuity of cancer care and various tl_rtp ase |lrea mer_' phase -4 egor!ca = :
site Cancer site Categorical - 0.0
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I1l. MATERIALS AND METHOD

Multiple Imputation replaces each missing value with a
set of plausible values that represent the uncertainty about the
right value to impute, via imputation models. These multiply
imputed data sets are then analysed by using standard
procedures for complete data and combining the results from
these analyses [1].

A. Multiple  Imputation  using
Imputation Models (MVNI)

Multivariate  Normal

MVNI uses a hierarchical multivariate normal imputation
model which treats the incomplete variables as multivariate
responses of the imputation model [3]. Binary and ordinal
variables are imputed assuming a latent normal structure via a
probit link which links into the multivariate normal
imputation model. For imputing a nominal variable, say X
with s categories, s independent latent normal variables are
generated according to a probability rule [4]. At each MCMC
update a latent normal value is drawn and the missing values
in X; are imputed using the probability rule.

The analysis model is defined as a random intercepts
model:
concarejj = Bot Piphysij + Popsycij + Pshltsysi + Pasatisi +
Bsghqij + Betrtphaseij+prlungs; + Pecolorectal;; + Boperiod;; + u;
+ €ij,
eij~N(0, Gez),
u~N(0, 6,2, i=1,...,199 and j=1,...,5.

B. Imputation by Chained Equations (ICE)

ICE uses univariate or in other words separate regression
models which treats each incomplete variable as response.
Software is developed for imputing repeatedly measured
continuous variables using random-effects imputation models
in R software (Random-effects ICE) [5]. However when there
are incomplete binary/categorical variables in dataset, there is
no software implementation which fits random-effects
logistic imputation models. Therefore fixed effects univariate
imputation models are used for imputing repeatedly measured
variables. However, using fixed effects imputation models
requires an adjustment for repeated measurements.

Therefore the repeated measurements data set is
converted to ‘wide’ format. Then separate fixed-effects
imputation models for each time point are fitted, and
preceding and following time points are used as predictors in
the imputation model [6].

C. Bayesian MI with univariate hierarchical imputation
models

As the standard MI methods have limitations in terms of
imputing non-normally distributed repeatedly measured
incomplete variables, a fully Bayesian imputation models are
proposed as they offer a flexible alternative in terms of fitting
hierarchical non-normal imputation models [2,7]. For right
skewed variables (i.e. phys, psyc and hltsys) univariate
gamma imputation models are used as follows:

)

m m
phys;;~Gamma (uij Py, Hy; Pr
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log(uijmp) = Yoi + Y1concare;; + y,site: lung; + yssite: col;
+y,period;;,

: S

where a N(u,)?,0,"" ) prior is specified for the random

intercept y,;. Covariance structure is imposed on the inverse

of the variance, i.e. precision parameter t, with Gamma(0.01,
0.01) prior. Non-informative N(0,106) priors were specified

for the regression coefficients, yi(k=1,2,3,4) and p,”

For the other skewed variables the following imputation
models are used:
Left skewed variable satis:
imputation model.
Binary variable ghq: Logistic imputation model
Categorical variable trtphase: Multinomial logistic
imputation model

. Truncated normal

IV.RESULTS

The continuity of cancer care data set is analysed using
different MI methods. Data analysis with Bayesian and
MVNI methods provided significantly different results. The
data set could not be analysed with ICE, due to overfitting
problem in the data set.

Table 2. Results from the case study

Analysis Method
Bayesian Ml MVNI
Variables By SE(Bi) B SE(Bi)
phys -0.140 | 0.128 | -0.198 | 0.131
psyc -0.169 0.041 | -0.207 | 0.049
hltsys -0.077 0.056 | -0.060 | 0.058
satis 0.498 0.057 0.394 0.068
ghg=1 -2.047 1.050 -1.619 1.017
trtphase = 1 -3.027 1.273 -1.573 1.506
trtphase = 2 -3.695 1.339 | -1.275 1.650
trtphase = 3 -0.222 0.793 0.951 1.819
trtphase = 4 -0.803 1.889 2.362 2.226

In order to evaluate the performance of the fully Bayesian
MI in the case of non-normally distributed incomplete
repeatedly measured explanatory variables a simulation study
is conducted and the results are compared with all available
case analysis (AC), MVNI and ICE.

Simulation Strategy: 1000 data sets with 199 subjects
were simulated according to:

concare;; = —0.100 X phys;; — 0.175 X psyc;; — 0.085
X hltsys;; + 0.400 X satis;;
+0.200 X ghq;; + 0.006 X lung; + 0.010 X
colorectal; — 0.100 X period;; + u; + e;;
with e;;~N(0, 0.7%), ui~N(0, 0.4?), i=1,...,199 and j=1,...,5

Missing at random (MAR) data were generated with 50%
of the time points having missing values. The missingness in
each variable was imposed using logistic models that defines
probability of missingness.
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The simulation study showed that for incomplete binary  [4]

variables MVNI assuming normality provides biased results,

whereas imputing these variables using the univariate 5]

Bayesian logistics models as imputation models provided

almost unbiased results (Fig. 1). For imputing the skewed [6]

incomplete  variables, univarite Bayesian non-normal
imputaion models provided the least biased results in general.

The results of the simulations were also compared in terms of  [7]

coverage and root mean squred errors of the resgression
coefficients of the analysis model. For handling non-normal
and categorical incomplete variables the proposed fully
Bayesian imputation models were appeared to have the
highest coverage and root mean squared error rates compared
to standard MI methods and AC analysis.
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Fig. 1. Box-plots of absolute bias obtained with different

methods.

V. CONCLUSION

In this study, a fully Bayesian MI is proposed for
handling non-normally distributed incomplete variables.
The simulation study showed promising results in the
favour of the proposed methodology. That is, the
Bayesian MI may be preferable when there is a mixture of
incomplete continuous and categorical variables in the
repeatedly measured data, particularly for categorical
variables. The Bayesian method also offers flexibility
regarding the choice of distributions for the continuous
variables, which may be useful when handling non-
normal continuous variables with missing values. It is
important to consider the appropriateness of the chosen
distributions carefully, as an incorrect choice may lead to
bias.
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