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Abstract
The aim of this study is to investigate a novel method for dealing with incomplete
scale scores in longitudinal data that result from missing item responses. This method
includes item information as auxiliary variables, which is advantageous because
it incorporates the observed item-level data while maintaining the scale scores
as the focus of the analysis. These auxiliary variables do not change the analysis
model, but improve missing data handling. The investigated novel method uses
the item scores or some summary of a parcel of item scores as auxiliary variables,
while treating the scale scores missing in a latent growth model. The performance
of these methods was examined in several simulated longitudinal data conditions
and analyzed through bias, mean squared error, and coverage. Results show that
including the item information as auxiliary variables results in rather dramatic power
gains compared with analyses without auxiliary variables under varying conditions.

Keywords: structural equation modeling, missing data, questionnaires, longitudinal
data, full information maximum likelihood, auxiliary variables
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Introduction
Many studies use multi-item questionnaires to collect information about a certain
construct of interest. This construct is often measured as a scale score calculated by the
sum of the item scores. When the item scores contain missing data, the calculation of
the scale score becomes difficult. As a solution, many questionnaire manuals advise
to compute scale scores by averaging the available items. This method is also known
as person mean imputation, because it is equivalent to imputing the missing values
with a person’s average item response (Bernaards & Sijtsma, 2000; Fayers, Curran, &
Machin, 1998; Hawthorne & Elliott, 2005). However, this method has no theoretical
basis, decreases variance and can introduce biased estimates especially when the
internal consistency of the scale is not very high and data are missing at random (i.e.,
other variables fully explain the propensity for missing item responses (Rubin, 1976)).
Ergo this method is often sub-par (Eekhout et al., 2014; Schafer & Graham, 2002). A
second option for computing scale scores is to limit the analysis to only those cases
with complete data on all items, otherwise known as complete-case analysis. This
method requires missing completely at random as an assumption (i.e., the missing
part of the data is a completely random subsample of the data), otherwise it can
result in biased estimates, even when only a small number of items are missing per
case. Additionally, complete-case analysis can lead to a considerable loss of power
because the sample size is reduced to only fully observed cases. Although completecase analysis and other ad-hoc methods, such as mean imputation, can bias analysis
results, these methods are still popular in many fields of research (Eekhout, de Boer,
Twisk, de Vet, & Heymans, 2012; Karahalios, Baglietto, Carlin, English, & Simpson,
2012).
Currently recommended advanced missing data methods are multiple imputation
and full information maximum likelihood estimation (FIML). These methods work
well when missing questionnaire variables are missing at random (MAR; Little &
Rubin, 2002). In multiple imputation and FIML, all available information in the data
is used for estimations. Furthermore, with these techniques model estimations are
generally unbiased and don not lose power, even when data are missing completely
at random. In multiple imputation missing values are imputed prior to the analysis.
Multiple imputation is performed in three phases. In the first phase, the imputation
phase, incomplete values are imputed according to an imputation model, which is a
regression model that estimates the predicted scores for incomplete data. In order
to account for uncertainty around the imputed values, random error is added to each
predicted score from the regression model, and the sum of the predicted score and
the error term is the imputed value. This imputation process is repeated multiple
times resulting in multiple imputed datasets. In the analysis phase, the data analysis
is performed on each of these imputed datasets and results are pooled afterwards
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in the pooling phase, to obtain the final analysis result (Rubin, 1987; Schafer, 1997;
van Buuren, 2012). In FIML missing values are not replaced or imputed, instead the
observed data are used to estimate the population parameters with the highest
likelihood of producing the sample data.
Since multi-item questionnaires are mostly used to measure a scale score by
summing items, incomplete item score data on these instruments can be handled
at either the item score level or at the scale score level. Thus we can apply a missing
data method to the incomplete item scores, then sum these item scores to a scale
score and use these total scores for our analysis. Alternatively, we can treat the scale
score as missing for cases with one or more missing item responses, then apply a
missing handling technique to the scale score (e.g., impute the scale scores, or submit
the incomplete scale scores to a FIML analysis). Previous studies have shown that in
the context of multiple imputation, incomplete item data are best handled at the
item-level (Eekhout, et al., 2014; Gottschall, West, & Enders, 2012). Handling missing
values at the item-level has a substantial benefit on power. Gottschall et al. (2012)
found in their simulation study that, in certain situations, imputing the incomplete
scale scores required a 75% increase in the sample size in order to yield the same
power as an analysis that imputed the incomplete item responses. Furthermore,
the power benefit for handling missings at the item-level increases as the number
of questionnaire items increases. However, when the number of items is larger,
including all available information from the items might be computationally difficult.
Calculations might even become impossible as the number of items (i.e., variables) to
be estimated in the model grows closer to the sample size. Since multiple imputation
and FIML are asymptotically equivalent (Collins, Schafer, & Kam, 2001), also in FIML
handling missing item scores at the item-level should improve power and accuracy.
However, no previous studies have discussed FIML methods for dealing with itemlevel missing data in a scale score analysis.
Structural equation modeling programs are an ideal method for implementing
FIML. One way to handle missing item scores in a structural equation model is to treat
the items as indicators of a latent factor. However, when the complete-data analysis is
based on the scale scores, treating the individual items as indicators requires altering
the analysis model to accommodate the missing data. Since the items are modeled
as indicators for a latent factor, the scale scores are not represented as a raw sum
of the item scores, but as these latent factors. This means that the interpretation of
the model coefficients is different from the interpretation of the coefficients of the
model that would have been fitted had the data been complete, which is a practical
disadvantage. The aim of this study is to propose two novel methods for dealing with
incomplete scale scores that result from missing item responses by including the item
information in the model as auxiliary variables. These methods are advantageous
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because they incorporate the observed item-level data while maintaining the sum
scores as the outcome of the analysis. Our specific interest is in applying this method
to growth curve models that use scale scores as indicators.
The organization of the manuscript is as follows. First, we give a brief description
of a motivating example we use throughout the paper. Next, an overview of auxiliary
variables and their application to the motivating example is provided. In the section
that follows the first simulation study that investigates two methods to include
auxiliary variables when item scores are missing is described. After that the second
simulation study which investigates one of these methods more broadly over many
longitudinal conditions is presented followed by the discussion.

Motivating example
In order to illustrate our methods we use an example about physical functioning.
The example data was adapted from a randomized controlled trial by Hoving et al.
(2002) about neck pain, where the physical functioning scale of the SF-36 was used
as a secondary outcome measure (Ware, Kosinski, & Keller, 1994). The effectiveness
of three treatments was compared, which were manual therapy (specific mobilization
techniques), physical therapy (exercise therapy) and continued care by a general
practitioner (analgesics, counseling and education). The short term effects of these
treatments on physical functioning were measured at 3 and 7 weeks by 10 items. The
original data contained 170 participants with complete data at all waves, in which
missing item scores were artificially created for this illustration. The missing item
scores were created in the wave at 3 weeks and the wave at 7 weeks and were related
to the covariate age and to treatment group in order to satisfy the missing at random
assumption. At the 3 week wave item 1, 2, 3, 5, 8 and 9 contained missing values
varying from 10% for item 5, 8 and 9 to 15% for item 1, 2 and 3. At the 7 week wave
item 1, 2, 4, 7, and 8 had missing values varying from 10% for item 2, 7 and 8 to 15%
and 25% for item 1 and 4 respectively.
Throughout the manuscript we used a latent growth model to demonstrate
the methods we investigated. For the example about physical functioning we were
interested in the change over time of the physical functioning scale score related
to the treatment. The physical functioning scale score was calculated by the sum of
the 10 items. In the example study participants were separated in three treatment
groups and age was used as a covariate. The latent growth model assessed the
average change in physical functioning scale score over time in the mean slope
and mean intercept per treatment group corrected for age. Furthermore, the model
also incorporated the variation between the individuals for both intercept and slope
parameters; because person A might have a different initial physical functioning
score and a different rate of change in physical functioning score than person B
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even though they were both in the same treatment group. This variation between
individuals was measured in the variance of both intercept (ζi) and slope (ζs). Figure
5.1 depicts a path diagram of the growth model for the physical functioning scale
scores. The treatment groups were indicated by two dummy variables as predictors.
Note that this model could also be parameterized as a multiple group model, with the
dummy variables defining group membership. The model that we use is somewhat
more parsimonious because it assumes a common covariance structure for the three
groups. The loadings for the intercept factors are fixed at 1 and the loadings for the
slope factor are set at the time scores (i.e., 0, 3, 7).
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Figure 5.1. Path diagram of a latent growth model with outcomes measured at three time points.
Treatment dummy 1 denotes physical therapy versus continued care by a general practitioner; Treatment
dummy 2 denotes manual therapy versus continued care by a general practitioner.

Auxiliary variables
Auxiliary variables are variables that are correlated with incomplete variables and/
or correlated with missingness (Collins, et al., 2001). Including variables related to
missingness in the handling of missing data improves model estimations, because
more information is taken into account. Collins et al. (2001) concluded that auxiliary
variables are very helpful to reduce estimation bias and restore power lost due to
missingness. The benefit from auxiliary variables is the same for multiple imputation
and for FIML methods. Including auxiliary variables without adjusting the analysis
model is fairly straightforward in multiple imputation; the variables related to
missingness can be included in the imputation model (Bell & Fairclough, 2013). After
the multiple imputation procedure, the data analysis is performed on the model
of substantive interest without regard to the auxiliary variables. Also in FIML it is
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beneficial to include the predictors of missingness (i.e., auxiliary variables) in the
model (Collins, et al., 2001; Graham, 2003). For example Raykov et al. (2014) present
a FIML method to estimate and test measure correlations in incomplete data. In the
proposed method auxiliary variables are included in order to enhance the probability
of the MAR assumption. However, in a structural equation model, such as a latent
growth model, it is somewhat more complicated to incorporate auxiliary variables
compared with multiple imputation. Graham (2003) formulated the following rules
for including auxiliary variables in a structural equation model with latent variables:
(a) auxiliary variables should be correlated to completely exogenous manifest
variables, these are independent variables; (b) auxiliary variables should be correlated
to the residuals of all manifest (i.e., measured) predicted and outcome variables in
the model that are predicted by or indicators for a latent variable; and (c) auxiliary
variables should be correlated with one another.
In a latent growth model where scale scores are the outcome, it is feasible to
use auxiliary variables to incorporate the item-level information. In our example, the
physical functioning scale scores are incomplete due to item-level missings. In this
case, the item-level information can be included as auxiliary information to bolster
the estimation of the incomplete scale scores. There are multiple ways to include this
item-level information as auxiliary variables. One method is to take in the information
by including the observed item scores as auxiliary variables, while again treating the
scale scores missing. Another method to include item information is to use some
function or a parcel summary of the items as auxiliary variables, while treating the
scale scores missing. An example of such a parcel summary is the mean of a subset
of available item scores. In our study we investigated these two novel methods to
include the item information to improve the estimation of scale scores.

Method 1: items as auxiliary variables
In the first procedure to handle the incomplete physical functioning scores caused
by the missing item scores, the items from the physical functioning scale are included
as auxiliary variables. In this method the scale score is treated missing whenever one
or more items are missing. Then when the model estimates the population parameters
with the highest likelihood of producing the sample data, as a latent growth model
does, the observed item scores are included in this estimation process to recapture
power loss. Figure 5.2 depicts the path diagram of the physical functioning data
with the item scores of the incomplete scales included as the auxiliary variables.
As shown in Figure 5.2 the auxiliary variables are correlated with the independent
variables and with the residuals of all measured outcome variables, but not to the
latent intercept and slope variables. The auxiliary variables are also correlated with
each other. To avoid visual clutter, the diagram shows the model set up with three
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auxiliary item scores per wave, but a larger set can be included. Additionally, at least
one item must be omitted from the model to circumvent linear dependencies and
consequent lack of convergence. In practice, excluding the item with the highest
missing data might be desirable because it would likely contain the least amount of
auxiliary information. We apply this strategy later in the example data, where we also
excluded the item scores from the baseline measurement (wave 1), because all items
at this wave are complete. Consequently, we selected all but the first item for wave
2 and all but the fourth item for wave 3 to act as auxiliary variables in the model.
Including the item scores into the model this way, should improve the precision of
the parameter estimates, because correlations allow the item-level information to be
transmitted to the incomplete scale scores.
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Figure 5.2. Path diagram of a latent growth model with the item scores as auxiliary variables. Treatment
dummy 1 denotes physical therapy versus continued care by a general practitioner; Treatment dummy 2
denotes manual therapy versus continued care by a general practitioner.
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Method 2: parcel of items as auxiliary variables
Including the items themselves is theoretically most ideal, because all available
information is included in the model. However, when scales have many questionnaire
items and more measurement waves are studied, including all item scores might
be computationally difficult because the number of estimated parameters becomes
very large. Perhaps to such an extent, that the sample size might not support the
estimation of all the additional correlations in the model. In the context of multiple
imputation with a large number of questionnaire items, Enders (2010) suggested
to include a summary of the items into the imputation model. The items can be
summarized by the average or sum of a subset of the items for each scale which
would form a ‘duplicate scale score’. We apply a similar logic to FIML growth
modeling by using parcels of items that serve as auxiliary variables as a way to
reduce model complexity. Because some of the items that contribute to the parcel
might be missing, we take the average of the available items. Although averaging the
available items is not a good standalone missing data method (Eekhout, et al., 2014;
Schafer & Graham, 2002), our later simulations suggest that it works well as an item
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Figure 5.3. Path diagram of a latent growth model with parcel summaries of the items as auxiliary
variables. Treatment dummy 1 denotes physical therapy versus continued care by a general practitioner;
Treatment dummy 2 denotes manual therapy versus continued care by a general practitioner.
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parcel summary. Our rationale for using it is that the average of available items can
capture most of the available information in the observed items while dramatically
reducing the number of parameters (Enders, 2008). Furthermore, the specification of
the parcel summary would ultimately be the average of all but one item, though in
some cases this specification might cause convergence problems, because of linear
dependencies. In those cases a subset of fewer items can be used. For example, one
possibility is to use two-thirds of the items with least missing scores; the goal is to
include as much information as possible. In this study we explored the inclusion of
a parcel of two-thirds of the items. This way the model incorporated a summary
of the items to eliminate mathematical difficulties associated with estimating a
large number of parameters. In Figure 5.3 the path diagram is depicted where this
procedure is applied to the physical functioning study.

Illustrative analysis
As an illustration we used the proposed models to analyze the example dataset.
The models were estimated by Mplus (Muthén & Muthén, 2007) and the syntaxes
are provided in the Appendix 5.1. Firstly the data was analyzed by the growth model
without auxiliary variables (Figure 5.1). The results from this model were used as a
reference. The model was estimated with FIML with the scale scores missing when
one or more items were missing. Secondly, the FIML model that includes the items
as auxiliary variables was estimated as presented in Figure 5.2. In this example we
included all but one item for wave two and wave three. Lastly we estimated the FIML
model using a parcel summary of two-thirds of the item scores with least missing
data as auxiliary variables (Figure 5.3). The parcel summary of wave two was the
average of item 4 to item 10 and the parcel summary of wave three was the average
of item 3 and item 5 to item 10.
The resulting parameter estimates of the example data are presented in Table
5.1 for each of the models. If we compare the results of the FIML model without
the auxiliary variables to the FIML models that include the auxiliary information,
the standard error estimates are smaller for the models that include auxiliary item
information, which reflects a precision gain. The model that includes the item scores
themselves had slightly smaller standard errors compared to the model that uses the
parcel summaries, which is to be expected because the information about the items
is more detailed as opposed to including a parcel summary and is therefore expected
to result in more precision. However, the difference between the two auxiliary item
methods is not very large and generally both methods improve the precision of the
estimates as compared to not including auxiliary variables. Furthermore, the number
of free parameters that have to be estimated in the models differs extensively. In the
model with the items included as auxiliary variables the number of free parameters is
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320, while the use of a parcel summary of the items as auxiliary variables decreased
this number to 40. The finding that including item information has a precision gain,
is consistent with previous studies of multiple imputation by Gottschall et al. (2012)
and Eekhout et al. (2014).

These results suggest that including item-level auxiliary information (either the
items themselves or a parcel summary of the items) can provide substantial precision
gains in the form of reduced standard errors. The performance of the described
methods was fully explored in a simulation study. In this simulation these methods
were investigated in several longitudinal data situations with incomplete outcomes,
caused by missing item scores. The proposed methods of including auxiliary variables
as described above were compared to a FIML model without auxiliary variables and
to a complete-case analysis.

Simulation study 1
The first simulation study was performed to test whether including the parcel
summary as auxiliary variables worked equally well as including the item scores
themselves under varying conditions. We compared these methods on a small
number of conditions, because including the item scores themselves would likely be
limited to conditions where a smaller number of free parameters has to be estimated.
If the two methods would prove equivalent, then we would favor the approach
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where parcel scores are used as auxiliary information, since this simpler approach
requires fewer estimated parameters. Subsequently, we would expand exploring the
performance of this method in a broader perspective of longitudinal data conditions.

Design
The items as auxiliary variables and the parcels as auxiliary variables methods were
studied on simulated longitudinal data conditions, where six items were measured
per scale for three measurement waves. The growth factors were predicted by a
dichotomous treatment variable along with two normally distributed covariates. The
covariates explained about 5% of the variance. The model was simulated to have an
effect size around 0.25 at wave three. The effect size was defined as the difference
between the model-implied means divided by the standard deviation at baseline. The
path diagram of the model is similar to the diagram presented in Figure 5.1, with one
extra covariate included. The loadings for the intercept factors were fixed at 1 and the
loadings for the slope factor were set at linear time scores (i.e., 0, 1, 2). We generated
population datasets containing 250,000 cases with some varying factors. Firstly, the
inter-item correlations were varied between 0.6 and 0.8. Secondly, the number of
incomplete items varied between 33% or 66% of the items; the first two items or the
first four items were made incomplete respectively. Items measured at the first wave
were left complete. The generation of missing data was related to the covariates in
order to achieve a missing at random situation and incomplete items were missing
for 15% of the subjects. Third, the distribution of the items was modified as normal or
skewed, with a skewness level of -2.00. Items were generated as normally distributed
variables and then threshold cutoffs were used to create discrete items with five
categories. For the normal condition we used threshold cutoffs that would result in
normally distributed items and for the skewed condition we used threshold cutoffs
that generated a skewness of -2.00 in the items. This resulted in a total of eight
population datasets generated in Mplus (Muthén & Muthén, 2007). From these
population datasets we drew 1000 samples for each of three different sample size
conditions (n=100, 500 or 1000). Sampling was performed in R (R Core Development
Team, 2014). This resulted in a total of 24 longitudinal data conditions to compare
the three methods on.
In the method where the item scores were used as auxiliary variables, all items
except the first were included per measurement wave with incomplete items. The
items from the complete wave were excluded to limit the number of free parameters
to be estimated. The parcel scores were calculated by the average of two-thirds of
the items for each wave. In order to include as much complete items as possible we
excluded the first third of the items for the calculation of the parcel, because these
were incomplete in all simulation conditions. The parcel of two-thirds of the items was
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arbitrarily chosen to have a parcel that contains enough auxiliary item information
without causing convergence problems due to linear dependencies. Accordingly,
item 3 to item 6 were averaged for each measurement wave, irrespective of the
percentage of incomplete items, to be the auxiliary parcel scores.
The performance of the two methods that included item information as
auxiliary variables was compared to the growth model without auxiliary variables to
evaluate the gain of including auxiliary variables when scale scores are incomplete
simultaneously. This growth model was estimated using FIML and the scale scores
were left incomplete if one of the items were missing. All models were estimated in
Mplus (Muthén & Muthén, 2007).
In the presentation of the results we show the effects on all model parameters,
however in the evaluation of the methods we focused on the model parameters
that are most meaningful for researchers studying effects within a trial by using a
latent growth model. These are the slope on treatment parameter which depicts the
change in outcome for the treatment group and the latent mean of the slope factor
which depicts the change in outcome for the control group. Since the difference
between these two parameters, which depicts the benefit of treatment over the
control condition, is of most interest, both are investigated. We also evaluated the
estimation of the effect size parameter, which was calculated by dividing the mean
difference between the treatment and control group at the end of the study to the
(3)
standard deviation at baseline (Cohen, 1988). The effect size reflects the relative
difference in change of outcome between the treatment and control group.
The performance of the compared methods was evaluated through bias, mean
squared error (MSE) and coverage of the confidence interval. These evaluation
measures were calculated by comparing the estimates from the simulation samples
to the parameter estimates from the reference populations without missing data.
Bias was defined as the difference between average sample estimates within
each condition and the population parameter from that condition. We report the
standardized bias, which is calculated by
(1)

where β̂̅ is the average sample estimate within a condition for the applied method, β
the population parameter from that condition, and sd(β̂ ) the standard deviation of
the sample estimates for the FIML method without auxiliary variables (Collins, et al.,
2001). We use the standard deviation of one method to hold the sampling variance
constant and that way to be able to really compare the bias across methods. The
MSE is a measure of precision and incorporates both the bias and the variability of
the estimates. MSE was calculated by squaring the difference between the average

88 | Chapter 5

sample estimate (β̂ ) and the population parameter (β) in a condition:

(2)

Precision of parameter estimates is related to the sample size (Cohen, 1988). For
easier interpretation we also report the MSE ratio for the MSE of the FIML model
without auxiliary variables and the FIML model with auxiliary information, as follows
(3)

Because the MSE is inversely related to sample size, the MSEratio represents the
proportional increase in the sample size that is required for the model without
auxiliary variables to achieve the same precision as the models with auxiliary item
information. For example an MSEratio of 125 indicates that the sample size should be
increased by 25% to achieve the same level of precision for the model without auxiliary
variables as the model with the auxiliary item information. Coverage was evaluated
by the proportion of replications in each cell, that the confidence interval of the
sample estimate included the population parameter. The coverage of the confidence
intervals should be approximately equal to the nominal confidence interval rate, in
our study 95%. Coverages above the 95% rate indicate that the method might be
too conservative i.e., yield standard errors that are too large, and a lower coverage
rate suggests higher than expected type I error i.e., yield standard errors that are too
small (Burton & Altman, 2004).
For each condition in the simulation study we checked whether there were
important differences on each of the performance measures. This was done by doing
a factorial analysis of variance to explore to what extent the performance measures
differed for the conditions. We looked at the effect sizes of interactions between the
methods and other conditions. If the effect size of the condition was larger than the
threshold for a small effect size which is 0.1, then we would examine to what extent
the condition affected the performance measure (Cohen, 1988). Only the conditions
that actually affected the performance of the methods are reported in the results
section.

Results
In this simulation study, we did not find significant differences between including
the individual items as auxiliary variables and including the parcel scores in any of
the three performance measures for any of the data conditions. Bias was generally
small for all three methods; in all conditions standardized bias was smaller than 5%,
so we have omitted these results. All of the methods showed good coverage in the
conditions of simulation study 1 (data not shown). However, both methods that
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included auxiliary variables performed better than the FIML model without auxiliary
variables with respect to the MSE. Furthermore, the parameters estimated by the
FIML model without auxiliary variables had a larger MSE when more items were
incomplete than in the condition where less items were incomplete. In Table 5.2
the MSEratios are presented for the FIML method without auxiliary variables relative
to (1) the model that includes parcel scores and (2) the model that includes the
item scores. The MSEratio results in Table 5.2 are split for the two conditions of the
number of incomplete items, which are 33% and 66%, but all other conditions are
joined within these conditions. For example, the MSEratios of the slope on treatment
parameter when 66% of the items are incomplete in the FIML model without auxiliary
variables relative to the model including parcel scores is 141.36. This ratio suggests
that the sample size needs to be increased by 41% for the model without auxiliary
information to achieve the same power at the model with the auxiliary information
included, regardless of the correlation between the items, the skewness of the items,
or the original sample size. The increase in the MSEratio when 33% versus 66% of
the items are incomplete suggests that there is a large effect of the percentage
of incomplete items on results from the method where no auxiliary variables are
used. The difference between the two auxiliary variable approaches did not vary as a
function of the percentage incomplete items.
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Conclusions
The results showed that both the model where item scores are included as
auxiliary variables and the method where parcel summaries of the item scores were
used performed equally well. Both methods showed more precision than the FIML
model without auxiliary variables; however the differences in bias are small. This
indicates that there is primarily a power advantage for using a model with auxiliary
item information. Furthermore we can conclude that a summary of the items (i.e.,
the parcel summary score) contains enough information to improve the precision of
estimates effectively. As previously mentioned the method where the item scores
are included as auxiliary variables requires a significant amount of computational
effort and might sometimes fail to converge. The parcel summary method requires
far fewer calculations and is therefore preferred.

Simulation study 2
The first simulation showed that the parcel summary method improves estimates
compared to not including any auxiliary information. However this first simulation
was only performed on a limited number of longitudinal data conditions; the
simulated data had three measurement waves with six items per scale. The second
simulation study was conducted to investigate the performance of the parcel scores
as auxiliary variables with varying numbers of waves, number of items per scale,
inter-item correlations, and deviation from a normal distribution. In these conditions
the number of repeated measures can increase to seven and the number of items
per scale to 18.

Design
Longitudinal data situations were simulated by varying six data features. The first
four varying aspects were (1) the number of items per scale (6, 12, or 18 items),
(2) the distribution of the items (normal or skewed at a level of -2), (3) the interitem correlation (r=0.6 or 0.8), and (4) the amount of incomplete items (33% or 66%
of the items per scale). The items from the population data were again generated
as normally distributed continuous variables. In order to modify the distribution of
the items as normal or skewed, threshold cutoffs were used to create discrete items
with five categories. For the normal condition we used threshold cutoffs that would
result in normally distributed items and for the skewed condition we used threshold
cutoffs that generated a skewness of -2.00 in the items. According to the four varying
aspects settings we generated 24 different population datasets of 250,000 cases.
The population datasets were generated for seven measurement waves and
included two time-invariant continuous normally distributed covariates and a binary
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treatment variable. The path diagram of the population model for simulation study
2 is similar to the diagram presented in Figure 5.1, but with one extra covariate and
4 more measurement waves. The loadings for the intercept factors were fixed at 1
and the loadings for the slope factor were set at the time scores (e.g., from 0 to 6
for the 7 wave condition). The effect size of the model was simulated to be 0.50 at
wave 7 and the covariates explained about 5% of the variance in the model. Items
were made missing at the item-level of the repeated measurements, so the baseline
scale was complete. Items were made missing independently from the other items in
the scale but related to the covariates, so that the missing data was modeled to be
missing at random. Each incomplete item was made missing for 15% of the subjects.
The population data was generated in Mplus (Muthén & Muthén, 2007). From each
of these populations, samples were drawn with a varying sample size (n=100, 500
or 1000) and two conditions of repeated measures (3 or 7 measurement waves). The
population data was created for seven waves; for the three-wave condition we only
selected the first three waves. This resulted in a total of 144 simulated conditions; for
each condition 1000 samples were drawn. The sampling was performed in R version
2.15.3 (R Core Development Team, 2014).
The parcel scores were calculated by averaging over two-thirds of the items for
each measurement wave. For the condition with 6 items per scale, item 3 to item 6
were averaged; for the 12 item scale, item 5 to item 12 were averaged; and for the
18 item scale the average over item 7 to item 18 was taken. The method that uses
parcel scores as auxiliary variables was compared with the model without auxiliary
variables estimated with FIML and with a complete-case analysis (CCA). In the CCA
only complete cases were included into the analysis. This could result in very small
remaining samples, because any missing on an item score would result in the case
to be excluded from the analysis. The CCA method was included in the simulation
in order show the gain of using a FIML method in our studied data situations. All
models were estimated in Mplus (Muthén & Muthén, 2007).
The performance of the compared methods was evaluated in the same way
as simulation study 1. The methods were compared through bias, MSE, MSEratio
(Equation 1-3) and coverage. We used the population data results without missing
data as the true parameters. The reference for the MSEratio was the method with the
parcel summary as auxiliary variable. Again, we focused on the model parameters
that are most meaningful for researchers studying effects within a clinical trial by
using a latent growth model i.e., the slope on treatment parameter, the slope latent
mean and the estimation of the effect size parameter, but all model parameters are
presented in Table 5.3. To explore the simulation results, we performed a factorial
analysis of variance to identify differences in performance for the studied methods
in the simulated conditions. In the results section we reported the conditions that
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indicated differences in method performance. The main results are described in text;
tabular presentations are omitted in order to save space. A full tabulation of the
simulation results is available by the first author upon request.

Results
The bias, presented as the standardized bias in Table 5.3, was generally small
for all methods. However for the CCA there are some estimates of the important
parameters that have larger bias values. For example 6.6% for the intercept latent
mean and even 18.1% for the effect size. The standardized bias presented in Table
5.3 is the average bias over all simulated conditions.

In the top-panel of Figure 5.4 the MSEratio of the FIML model without auxiliary
variables relative to the method with auxiliary parcel scores for an increasing number
of items per scale on the x-axis is presented. The results in the graph are averaged
over all other conditions. The necessary increase in sample size grew larger when
scales contained more items. The effect of the increase of items per scale was even
larger for the CCA than for the FIML model without auxiliary variables. For example
for the slope on treatment parameter, the necessary percentage of sample size
increase for the FIML model without auxiliary variables ranges from an additional
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Figure 5.4. MSEratio for FIML without auxiliary variables relative to the FIML model that includes parcel
scores as auxiliary variables for the slope on treatment, slope latent mean and effect size.
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31% to 114%, when the number of items per scale was 6 items and 18 items
respectively. For the CCA the required percentage of sample size increase was much
larger; from the slope on treatment parameter the percentage ranged from 229%
to 957%, meaning that the sample size should be multiplied by almost a factor ten
to reach the same precision. For both the FIML method without auxiliary variables
and the CCA, the increase in MSE decreased when the sample size became larger.
For the parcel scores as auxiliary variables we observed the adverse effect on MSE.
The MSE decreased slightly when the scale length increased, this effect was smaller
when the sample size increased. Moreover, a larger percentage of incomplete items
per scale was related to an increased MSE for both CCA and for the FIML model
without auxiliary variables. For these two methods this negative effect became larger
when the scale length increased. In the middle-panel of Figure 5.4 the MSEratio is
depicted comparing the MSE of the FIML model without auxiliary variables relative
to the model with the auxiliary parcel scores. For example for the slope latent mean
parameter the necessary increase of sample size was 58% and 127% for the FIML
model without auxiliary variables when 33% and 66% of the items were incomplete
respectively. For CCA this increase was 651% and 2307% when 33% and 66% of the
items contained missings correspondingly. The percentage of items with missings did
not affect the MSE for the model that included the parcel scores as auxiliary variables.
For the slope latent mean we also found that for a CCA a shorter scale combined
with more measurement waves increased the precision, but for larger scales more
waves increased the MSE and therefore decreased precision. For the parcel scores as
auxiliary variables method more waves generally increased the precision of the slope
on treatment parameter and the slope latent mean parameter, irrespective of the
scale length. For the FIML model without auxiliary variables more waves increased
the precision as well, but overall longer scales decreased precision. For the effect size
parameter we found that the number of waves mostly affected the MSE of CCA. The
other two methods remained relatively stable with respect to the MSE when more
waves were included in the study. The bottom-panel of Figure 5.4 depicts the effect
of the number of waves on the MSEratio, which shows that the MSEratio of the FIML
model without auxiliary variables and the model with parcel scores remained stable
for the number of repeated measurements conditions and is even slightly decreasing
when the number of waves is larger. The MSEratio for CCA is much larger and largely
increases when more waves are studied.
For all parameters of interest the coverage of the method that uses the parcel
scores as auxiliary variables was stable over all conditions and closely around 95%.
Table 5.4 presents the average coverage values over all conditions split for the
number of items per scale. For the CCA method the coverage was on the lower
side and decreased more when the scale length became larger or more waves were
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included for the slope on treatment parameter and the slope latent mean parameter.
The growth model without auxiliary variables had a good coverage in general.

Conclusions
For the second simulation study we can conclude that including a parcel
summary of items as auxiliary variables performed better than the FIML model
without auxiliary variables and especially better than CCA. The largest advantage is
in precision, reflected in the MSEratio which indicates the necessary increase in sample
size to reach the level of precision in the parcel summary method. Both the FIML
model where no auxiliary variables are included and the CCA required a substantial
increase in sample size. Essentially, the method that includes the parcel summaries of
items seems unaffected by the percentage of incomplete items, while both other two
methods decrease in performance when the percentage of incomplete items was
increasing. Furthermore, even when 33% of the items were missing, the model that
includes the parcel summary scores performs superior to the FIML model without
auxiliary variables, and especially much better than a CCA. Moreover, the number
of measurement waves and the scale length had an adverse effect on precision
compared to CCA. The increase in measurement waves or in the number of items per
scale caused CCA to perform increasingly worse, while the FIML model that includes
the parcel scores as auxiliary variables only gained in precision.
Furthermore, the MSEratio of the FIML model without auxiliary variables relative
to the model with parcel summaries somewhat decreased when more waves were
measured. This can be interpreted as that the precision of the FIML model without
auxiliary variables came slightly closer to the precision of the parcel summary method
when more waves were measured. However, the MSEratio was larger than 100% in all
conditions of the simulation and is therefore indicating that the precision of the
model with parcel summary scores is generally better. Overall, sample sizes should
practically be doubled, as indicated by the observed MSEratios of 200%, for the FIML
model without auxiliary variables to achieve the same precision as the model that
includes the item information.
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Discussion
In this study we proposed new methods for dealing with incomplete scale scores
that result from missing item responses. Previous studies have shown that handling
missing data at the item-level can provide substantial improvements in power
(Eekhout, et al., 2014; Gottschall, et al., 2012). However, these studies were focused
on multiple imputation. In longitudinal studies it might be feasible to use a model
that measures the development over time and handles the missing data at the same
time, as a latent growth model. In these models the item information is usually not
included when the scale scores are the outcomes of interest. Thus, the purpose of this
study was to propose two novel methods that include the items score information as
auxiliary variables, while treating the scale scores missing in a latent growth model.
That way the item information is incorporated in the model while leaving the scale
scores as the focus of the analysis.
In this study we found that including auxiliary item information into the model
when item scores are missing improves results compared to not including this
information. The main advantage is in the precision of model coefficient estimates.
Previous studies showed that FIML are good methods to handle missing data when
missings are in the outcome (Enders, 2011; Enders & Bandalos, 2001). This study
showed that in the case of incomplete scale scores that result from missing item
scores, precision can be hugely improved by including the item information as
auxiliary variables in the model. Theoretically the most improvement was expected
when the item scores itself were included as auxiliary variables. This method would
incorporate the maximum amount of information in the estimation process and
therefore achieve an optimal amount of power. Furthermore, in an asymptotically
equivalent method, multiple imputation, it was already demonstrated that using the
items scores in the model would estimate the most optimal results for a scale score
analysis (Eekhout, et al., 2014; Gottschall, et al., 2012). Both studies showed that the
gain of applying multiple imputation to the item scores is in precision, ergo smaller
MSE and standard error estimates. Our methods aimed to achieve a similar optimal
method for FIML methods. Even though this is not as straight forward in FIML as in
multiple imputation, where it would come down to including the auxiliary variables
in the imputation model, our method achieved the same success. Including the
item score information as auxiliary variables in the estimation process yielded more
optimal results than not including this information this way.
In our first simulation study we found that including the item scores as auxiliary
variables performed comparable to including parcel summaries of items as auxiliary
items. For that reason we conducted the second simulation study with the parcel
summary of items method to be able to study more complex longitudinal conditions.
In these conditions computation with the inclusion of the item scores itself would
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be too demanding and often would fail to converge. Our second simulation study
showed that including parcel summaries of items as auxiliary variables improves
power and precision in model coefficient estimates compared to not including
these variables. Especially in the results of the MSE ratios comparing precision of
the model without auxiliary variables with the model including parcel summaries are
really convincing. Sample sizes should nearly be doubled to achieve the same level
of precision. So even though including a parcel is theoretically not most optimal, our
study showed that it is a huge improvement to not including item information into
the model.

Benefits and limitations
When the number of items per scale increased, the precision decreased for the
FIML model without auxiliary variables and CCA. Including the parcel summary of
items as auxiliary variables seems to diminish that effect. The decrease in precision
when the scale length was larger for the other two methods can be explained in
relation to item missings. Larger scale lengths are related to a larger absolute number
of missing cases. For example if one-thirds of the item scores are missing when the
scale length is 6 items, two items would contain missings. For each of these items,
15% of the subjects have a missing score. In the condition where the scale length is
18 items, 6 items would have missing scores, each of them for 15% of the subjects
dependent on the covariates. Though in more realistic situations, missing item scores
are often clustered within subjects, in our way of simulating the missings chances
are that in the 18 items condition, more subjects have missing data points than in
the 6 items condition and consequently the total score calculation is impaired for
more subjects. For that reason, the CCA, which only includes those subjects that have
complete data on all time-points, is heavily affected by the scale length. The growth
model with FIML estimation uses for incomplete cases on wave 2 the data from wave
1 and 3 to obtain the most likely estimate. For that reason, the included information
compared to CCA is larger, though in the FIML model still many scale scores will turn
out incomplete due to many subjects with missing item scores. And if a scale has
any missing item, the scale score would turn out missing. In the FIML model with
auxiliary variables, the information of the available items is used as well. Accordingly,
the amount of information used has hugely increased and is even higher with more
items in the scale, which relates to better estimates and therefore we observe the
adverse effect for the method that uses auxiliary variables.
It is well-known that for missing outcome data in a longitudinal study, FIML
estimation outperforms a CCA. Since FIML methods use all available time-points
to estimate the most likely parameter estimate, while CCA ignores cases with any
missing time-point. Along with the previously described relation between our scale
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length condition and the CCA performance it might have been arguable not to
include CCA as a comparison method into our simulation. Nevertheless, we wanted
to include this method to see how this method would perform in conditions were
a small amount of items were missing compared to our proposed method on the
one hand and also to show the gain of using a FIML method in our studied data
situations. The last argument might seem rather trivial, but a previous review showed
that complete-case analysis is still the most widely used method to handle missing
data (Eekhout, et al., 2012).
In this simulation study we generated data in order to create a wide variety of
data situations. Though we do realize that some of these situations are quite extreme
(e.g., four out of six items 66% incomplete), we argue that if our methods perform
well in these situations, they will hold in less extreme situations as well. Furthermore,
we only fully investigated one way to calculate a parcel summary, which is to average
over two-thirds of the most complete items. We did a small simulation to investigate
the possibilities of different compositions of the parcel summary by including
information from more items (e.g., all but one items) or less items (e.g., half of the
items). We found that the most optimal parcel should include maximum information,
however contain enough noise not to cause multicollinearity problems. For example,
including all but one item would in some occasions result in parcel scores too similar
to the scale score and cause estimation problems. Consequently, in order to have
a method that would work in many longitudinal situations we chose to study the
currently presented parcel summary.
The latent growth model we present uses a dummy predictor to indicate the
treatment groups in the model. This model assumes a common covariance structure
for the auxiliary variables. Instead of a dummy predictor, the model could also
be specified as a multiple group model, when the substantive interest involves a
comparison of change. In a multiple group model, it is possible to allow the auxiliary
variable correlations to freely vary across groups. The decision to constrain or freely
estimate these covariances is related to measurement invariance. In the situation that
the scale scores possess measurement invariance, it is expected that the covariance
structure would be common to both groups. A lack of between-group invariance
prompts to freely estimate at least some of the auxiliary variable correlations. At this
point it is unclear whether mis-specifying the auxiliary part of the model would affect
the growth model estimates, but future research could investigate this issue.

Concluding remarks
In general we recommend including a parcel summary of the items in the auxiliary
part of the latent growth model when incomplete scale scores result from missing
item scores. This study shows that the parcel summary of the items improved the
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precision of the estimates over not including auxiliary information. Furthermore, the
inclusion of a parcel summary is an efficient method that does not over-complicate
model estimations.
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Appendix 5.1|Mplus syntaxes
Mplus syntax for the growth model without auxiliary
variables
Mplus VERSION 7.11
MUTHEN & MUTHEN
INPUT INSTRUCTIONS
data:
file =’C:\filelocation\dataset_missing.dat’;
variable:
names =
y1_1 - y1_10
y2_1 - y2_10
y3_1 - y3_10
tx age;
usevariables = age dummy1 dummy2 scale1 scale2 scale3;
missing = all(-9);
define:
!define dummies for the treatment groups;
IF (tx==1) THEN dummy1=0;
IF (tx==2) THEN dummy1=1;
IF (tx==3) THEN dummy1=0;
IF (tx==1) THEN dummy2=1;
IF (tx==2) THEN dummy2=0;
IF (tx==3) THEN dummy2=0;
! calculation of scale scores;
scale1 = sum(y1_1-y1_10);
scale2 = sum(y2_1-y2_10);
scale3 = sum(y3_1-y3_10);
model:
i s | scale1@0 scale2@3 scale3@7;
i on age
dummy1 (iontx1)
dummy2 (iontx2);
s on age
dummy1(sontx1)
dummy2(sontx2);
i with s;
[i] (i);
[s] (s);
i (ivar);
s;
scale1 - scale3 (resvar);
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Mplus syntax for the growth model with item scores as
auxiliary variables
Mplus VERSION 7.11
MUTHEN & MUTHEN
INPUT INSTRUCTIONS
data:
file =’C:\filelocation\dataset_missing.dat’;
variable:
names =
y1_1 - y1_10
y2_1 - y2_10
y3_1 - y3_10
tx age;
usevariables = age dummy1 dummy2 scale1 - scale3;
missing = all(-9);
! including the items as auxiliary variables;
auxiliary = (m) y2_2-y2_10
y3_1-y3_3 y3_5-y3_10;
define:
!define dummies for the treatment groups;
IF (tx==1) THEN dummy1=0;
IF (tx==2) THEN dummy1=1;
IF (tx==3) THEN dummy1=0;
IF (tx==1) THEN dummy2=1;
IF (tx==2) THEN dummy2=0;
IF (tx==3) THEN dummy2=0;
! calculation of scale scores;
scale1 = sum(y1_1-y1_10);
scale2 = sum(y2_1-y2_10);
scale3 = sum(y3_1-y3_10);
model:
i s | scale1@0 scale2@3 scale3@7;
i on age
dummy1 (iontx1)
dummy2 (iontx2);
s on age
dummy1(sontx1)
dummy2(sontx2);
i with s;
[i] (i);
[s] (s);
i (ivar);
s;
scale1 - scale3(resvar);

104 | Chapter 5

Mplus syntax for the growth model with the parcel scores
as auxiliary variables
Mplus VERSION 7.11
MUTHEN & MUTHEN
INPUT INSTRUCTIONS
data:
file =’C:\filelocation\dataset_missing.dat’;
variable:
names =
y1_1 - y1_10
y2_1 - y2_10
y3_1 - y3_10
tx age;
usevariables = age dummy1 dummy2 scale1-scale3 parcel2-parcel3;
missing = all(-9);
! including the parcel scores as auxiliary variables;
auxiliary = (m) parcel2 - parcel3;
define:
!define dummies for the treatment groups;
IF (tx==1) THEN dummy1=0;
IF (tx==2) THEN dummy1=1;
IF (tx==3) THEN dummy1=0;
IF (tx==1) THEN dummy2=1;
IF (tx==2) THEN dummy2=0;
IF (tx==3) THEN dummy2=0;
! calculation of scale scores;
scale1 = sum(y1_1-y1_10);
scale2 = sum(y2_1-y2_10);
scale3 = sum(y3_1-y3_10);
! calculation of the parcel summary scores;
parcel2 = mean(y2_4-y2_10);
parcel3 = mean(y3_3 y3_5-y3_10);
model:
i s | scale1@0 scale2@3 scale3@7;
i on age
dummy1 (iontx1)
dummy2 (iontx2);
s on age
dummy1(sontx1)
dummy2(sontx2);
i with s;
[i] (i);
[s] (s);
i (ivar);
s;
scale1 - scale3 (resvar);
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