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Abstract

Objectives: Previous studies show that missing values in multi-item questionnaires can best be handled at item score level. The aim of
this study was to demonstrate two novel methods for dealing with incomplete item scores in outcome variables in longitudinal studies. The
performance of these methods was previously examined in a simulation study. The two methods incorporate item information at the back-
ground when simultaneously the study outcomes are estimated.

Study Design and Setting: The investigated methods include the item scores or a summary of a parcel of available item scores as
auxiliary variables while using the total score of the multi-item questionnaire as the main focus of the analysis in a latent growth model.
That way the items help estimating the incomplete information of the total scores. The methods are demonstrated in two empirical data sets.

Results: Including the item information results in more precise outcomes in terms of regression coefficient estimates and standard er-
rors, compared with not including item information in the analysis.

Conclusion: The inclusion of a parcel summary is an efficient method that does not overcomplicate longitudinal growth estimates.
Therefore, it is recommended in situations where multi-item questionnaires are used as outcome measure in longitudinal clinical studies
with incomplete scores because of missing item scores. � 2015 Elsevier Inc. All rights reserved.
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1. Introduction

Many medical and epidemiologic longitudinal studies
use patient-reported outcomes such as quality of life as
the main focus of their analyses. These patient-reported
outcomes are often repeatedly measured by a multi-item
questionnaire. The item scores of the questionnaire are
summed or averaged to a total score to represent the
outcome of interest. In case respondents do not fill out

all the questions in a multi-item questionnaire, the calcula-
tion of the total scores is impaired. As a solution, manuals
of multi-item questionnaires often advise to average over
the available items (e.g., Refs. [1,2]), otherwise known
as person mean imputation. Averaging over the available
items is algebraically identical to substituting a person’s
mean item response. This solution can result in biased
analysis results, especially when data are not missing
completely at random (MCAR) [3,4]. Another option for
handling missing data values is to apply a complete-case
analysis. In that method, only respondents who have all
item scores observed are included in the analysis. This
method only results in unbiased analyses when data are
MCAR. A complete-case analysis always results in a
decreased sample size, so power will be suboptimal in
all situations. Nevertheless, this method is most often
applied in epidemiologic studies [5].
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What is new?

Key findings
� Including the item information as auxiliary vari-

ables in a latent growth model with missing data
in the outcome which is assessed with a multi-item
questionnaire increases the power and precision of
the growth parameters.

� Including item information as parcel summary
scores and not as separate items in the latent
growth model largely simplifies model estimation
without sacrificing accuracy, power and precision.

What this adds to what is known?
� Estimating models by full information maximum

likelihood is an advanced method to handle
missing data, which produces unbiased regression
estimates in MAR data in the outcome of a latent
growth model. When outcomes are missing due
to missing item scores, including the item informa-
tion in these models improves the precision of
growth estimates. This study shows that this works
in empirical data situations and demonstrates how
this can improve study conclusions.

� This paper explains how item information can be
included in the auxiliary part of a latent growth
model.

What is the implication, what should change now?
� When total scores are incomplete due to missing

item scores in multi-item questionnaires in a longi-
tudinal growth analysis, item information should
be incorporated in the model estimation by using
the item information as a parcel summary score
in order to get the most accurate and precise
estimates.

More advanced methods to handle missing data are mul-
tiple imputation or full information maximum likelihood
(FIML). Both methods use all observed data in the analyses.
In multiple imputation, the missing values are replaced by
imputed values. A regression model estimates predicted
scores for the incomplete values and random error, drawn
from a normal distribution around the estimated value, is
added to the predicted score to account for uncertainty
around the imputed values. This imputation process is
repeated multiple times resulting in multiple imputed data
sets. Subsequently, the data analysis is performed on each
of these imputed data sets. The multiple results from these
data sets are pooled into one final analysis result [6e8].
In FIML, missing values are not replaced or imputed;
instead, all available data are used to estimate the population

parameters with the highest likelihood of producing the
sample data. Both multiple imputation and FIML perform
well when the probability of missing data is related to other
variables in the data, which is known as missing at random
(MAR) [9]. Furthermore, with these techniques, model esti-
mations are generally unbiased and without loss of power.

In a multi-item questionnaire, total scores may be
missing because of missing item scores. In that case, there
are two main approaches to handle the missing data.
Missing data can be handled at the item level or at the total
score level of the multi-item questionnaire. The missings
are handled at the item level when a missing data method
is applied to the incomplete item scores first and then the
total scores are calculated (e.g., by summing completed
item responses) and used for the analysis. Handling the
missings at the total score level means that the total scores
will be incomplete when one or more item scores are
missing. The missing data handling method is applied to
these total scores directly. Previous studies have shown that
it is most beneficial to handle the missing data in a multi-
item questionnaire at the item level. Handling missing item
scores at the item level improves precision [3,4]. In the
context of multiple imputation, it is quite straightforward
to handle the missings at the item level. The item scores
are imputed in the imputation model, and after the imputa-
tion part, the item scores are summed to the total scores in
each of the imputed data sets, which are used for the anal-
ysis. However, when the number of items is very large, for
example in longitudinal studies where item scores from
multiple time points are included in the analysis, multiple
imputation of the item scores might cause complications.
When the number of items in the study gets close to the
sample size, there is not enough information in the data
to estimate the imputation model parameters. For example,
in a study where a multi-item questionnaire with 20 items is
measured at six time points, the total number of variables in
an imputation model would be at least 120. Green [10]
described a rule of thumb where the sample size should
be larger than 53 þ k to do a regression analysis for a me-
dium effect size (i.e., 0.13), where k is the number of pre-
dictors. In the example, we outline below with 120
variables, the minimum sample size should then be 173.
Hence, the number of variables in an imputation model
could easily exceed the maximum allowed number in a lon-
gitudinal study with many time points and a multi-item
questionnaire as outcome measure. Moreover, when out-
comes are measured at multiple time points in a longitudi-
nal study, it might be feasible to analyze the data with a
longitudinal analysis method such as a latent growth model.
Usually, these models are estimated with FIML, which pro-
duces unbiased model estimates when missing outcomes
are MAR. If the missing data are only in the outcome,
handling the missing data by multiple imputation or by
FIML in a longitudinal model will yield similar results
when the variables in the imputation model are the same
as the variables in the longitudinal model [11,12].
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