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Abstract

Background and Aim: Among the new multiple imputation methods, Multiple
Imputation by Chained Equations (MICE) is a popular approach for
implementing multiple imputation because of its flexibility. Our main focus in
this dissertation is to compare the performance of the imputation models
based on PMM and recursive partitioning methods in MICE in the presence
of interaction in the data. The main focus of this dissertation is on comparing
the performance of parametric (semi-parametric) models based on PMM and
recursive partitioning methods in MICE, in the presence of interaction in the
set of observations. In the PMM method, which is the default of most
statistical software, only the main effects enter the imputation model, and the
PMM imputation model does not include interactions, so it is not correct to
use this method in complex observations that involve interactions. In this
paper, parametric models were compared with recursive partitioning in
MICE, considering the interaction in imputation model. The reason for using
recursive partitioning methods is that these methods automatically detect
nonlinear and interaction effects and the user's personal opinion does not
interfere in the process of imputing missing values.

Method: Using simulations, different scenarios were created by changing the
type of response (binary and continuous), the type of interaction (interaction
between two binary variables, the interaction between two continuous
variables and the interaction between a continuous and a binary variables),
The percentage of missing values in the response variable (10% to 50%)
and the mechanism of missing data (MAR and MCAR) were designed. Then
the performance of recursive partitioning methods in MICE (MICE-CART and
MICE-RF) with two parametric methods (semi-parametric) based on PMM
(MICE-Interaction and MICE-Stratified) were compared. All simulation
observations included a combination of continuous and binary independent
variables. The performance of the methods was evaluated over 1000
simulations on the following outcome variables: bias, relative bias, coverage,
model based standard error, empirical standard error and estimated
proportion of the variance attributable to the missing data. The real data used
in this dissertation did not include the missing values and at first 10% to 50%



of the missing values were artificially generated on the response, then the
performances of the imputation methods were compared.

Results: In the scenarios with binary response variable, the proper inclusion
of the interaction in the PMM model reduced the relative bias and increased
the coverage compared to the recursive partitioning methods in MICE. If the
absolute relative bias value is less than 0.20 negligible, the MICE-CART
recursive partitioning method in at least 70% of all cases in terms of desired
performance criteria such as relative bias, coverage, variations attributable
to missing values had acceptable performance. In scenarios with continuous
response and interaction between two binary variables, the MICE-Interaction
method and the RF recursive partitioning method in MICE resulted in
absolute relative bias less than 0.05 and complete coverage (for instance, at
30% missing values with MAR mechanism, the relative bias and coverage
for MICE-Interaction method were -0.008 and 0.996, respectively, and the
relative bias and coverage method for MICE-RF were -0.003 and one,
respectively. In scenarios with continuous response and interaction between
two continuous variables, MICE-Interaction had an acceptable performance
In estimating the interaction (for instance, at 30% missing values in the MAR
mechanism, the relative bias equal to -0.016 and coverage were 0.962) and
in estimating the effects of variables that contributed to the interaction,
although the performance of MICE-Interaction method was better than other
methods, the recursive partitioning methods in MICE also created relative
bias values less than 0.05 and complete coverage.

Discussion and Conclusion: In cases where the user can correctly enter the
interaction manually into the imputation model, the application of MICE-
Interaction in most scenarios led to better performance than recursive
partitioning methods in MICE. In fact, if the user is interested in estimating
the interaction and does not know enough about the structure of the
observations, tree-based methods can be suggested to impute the missing
values, but if the user can identify the appropriate model suitable for the
observations, the MICE-Interaction method recommended. In general, the
default PMM method in MICE did not perform well in estimating interactions
in terms of performance criteria of imputation models
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