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Three-Form Split Questionnaire Design for Panel Surveys

Paul M. Imbriano" and Trivellore E. Raghunathan®

Longitudinal or panel surveys are effective tools for measuring individual level changes in the
outcome variables and their correlates. One drawback of these studies is dropout or
nonresponse, potentially leading to biased results. One of the main reasons for dropout is the
burden of repeatedly responding to long questionnaires. Advancements in survey
administration methodology and multiple imputation software now make it possible for
planned missing data designs to be implemented for improving the data quality through a
reduction in survey length. Many papers have discussed implementing a planned missing data
study using a split questionnaire design in the cross-sectional setting, but development of
these designs in a longitudinal study has been limited. Using simulations and data from the
Health and Retirement Study (HRS), we compare the performance of several methods for
administering a split questionnaire design in the longitudinal setting. The results suggest that
the optimal design depends on the data structure and estimand of interest. These factors must
be taken into account when designing a longitudinal study with planned missing data.

1. Introduction

1.1.  Motivation for Planned Missing Data Designs

Longitudinal of panel surveys are essential for any study of change in the key outcome
variables and their correlates. As it is costly to conduct and recruit participants into such
studies, researchers often try to get the most information they can out of study participants.
For the purpose of design planning, survey costs may be decomposed into fixed and
variable costs (Cochran 1977 chap. 5, 96—100; Groves 1989 chap. 2, 50-76). Fixed or
overhead costs do not depend on sample size. In contrast, variable costs increase as the
sample size of the study increases. Costs associated with sampling frame, sampling design,
and questionnaire design are relatively fixed, while labor costs associated with
interviewing and data entry, printing costs, and mailing costs are variable costs (Yansaneh
2005; Deutskens et al. 2006). Although lengthening a survey questionnaire will increase
the cost of a study, the costs associated with adding an additional question to a
questionnaire are generally small compared to the overall costs of the study (Deutskens
et al. 2006; Groves 1989 chap. 10, 490-496).

Due to the costs of conducting a study, survey questions may be pooled from several
investigators with multiple research interests, as it is generally cheaper to conduct a single
large study instead of several small studies. This results in long questionnaires and

! Department of Biostatistics, School of Public Health, University of Michigan, 1415 Washington Heights Ann
Arbor, MI 48109-2029, U.S.A. Emails: pimbri @umich.edu, and paulmimbriano@gmail.com

2 Survey Research Center, Institute for Social Research, University of Michigan, 426 Thompson St, Ann Arbor,
MI 48104, U.S.A. Email: teraghu@umich.edu

© Statistics Sweden


http://dx.doi.org/10.2478/JOS-2020-0040

828 Journal of Official Statistics

increases the burden on participants. These studies, therefore, are also subject to dropout
or nonresponse, which may lead to biased results. Sharp and Frankel (1983) found that
survey length was associated with perceived burden. Furthermore, longer surveys can
affect the quality of participants’ responses. Several studies have shown that nonresponse
rates tend to be high in surveys with long questionnaires (Adams and Darwin 1982;
Dillman et al. 1993; Roszkowski and Bean 1990), and item nonresponse is more frequent
towards the end of a questionnaire (Raghunathan and Grizzle 1995). Roszkowski and
Bean (1990) found the response rate was 28% higher for the short version of a
questionnaire compared to the long version. Past a certain length, participants become
more likely to lose interest in the study, making responses less accurate (Herzog and
Bachman 1981; Gonzalez and Eltinge 2007; Peytchev and Peytcheva 2017). Galesic and
Bosnjak (2009) found that participants spent less time responding to items located at the
end of a survey compared to items located at the beginning of the survey. Items at the end
of the study also had lower response rates, shorter responses for open-ended items, and less
variation in responses when items on the same response scale were arranged in a grid. A
shorter survey length alleviates these problems and potentially decreases the cost of data
collection per subject. The goal, therefore, is to balance collecting a set of rich variables
while not placing an undue burden on participants.

The problems caused by lengthy questionnaires are exacerbated in longitudinal studies
due to calling on respondents to fill out the questionnaires repeatedly. In addition to the
issues of fatigue and bias from a lengthy survey, longitudinal studies must also take into
consideration the effect that a lengthy survey may have on attrition. Sharp and Frankel
(1983) found that, when asked if they would agree to participate in a second interview one
year later, a higher proportion of participants who received the longer survey (27%)
indicated that they would not agree to a follow-up interview compared to the group that
received the shorter survey (13%). The actual follow-up rates one year later were closer for
the long versus short survey groups (85% versus 88%), but still favored the shorter
interview group. Zabel (1998) found that a planned reduction in the length of interviews
for the Panel Study of Income Dynamics led to a decrease in the attrition rate.

1.2.  Planned Missing Data Designs and Split Questionnaires

Meanwhile, advancements in software for handling missing data, especially the multiple
imputation approach, have made missing data less problematic for data analysis, and, in
fact, designing a survey to purposely include missing data could improve the quality of the
study (Littvay 2009). A planned missing data design provides an effective way to reduce
questionnaire length, while maintaining all relevant questions of interest. Furthermore,
missing values resulting from the planned missing approach are by design either missing
completely at random (MCAR) or missing at random (MAR) (Rubin 1976; Little and
Rubin 2002 chap. 1, 11-13). As a result, we can use multiple imputation, maximum
likelihood, or fully Bayesian approaches to handle the missing data just by focusing on the
model for variables in the survey. In fact, since planned missing data designs reduce the
burden on participants, the probability of nonresponse decreases, making it less likely to
observe values that are missing not at random (MNAR), and, as a result, multiple
imputation and maximum likelihood approaches are more likely to be valid (Rhemtulla
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and Little 2012; Jorgensen et al. 2014; Kaplan and Su 2016). Planned missing data
approaches have frequently been used for educational assessment, where students are
evaluated on several subjects. Evaluating a student’s proficiency on every subject would
take a great deal of time, making it disruptive for students and unlikely to be approved by
administrators. For this reason, many assessments utilize either split questionnaire design
or multiple matrix sampling, where each student responds to just a subset of the total
questions. The Kentucky Instructional Results Information System, the Massachusetts
Comprehensive Assessment System, the National Assessment of Educational Progress,
and the Dutch National Assessment Program have all used multiple matrix sampling to
reduce the testing burden on students (Childs and Jaciw 2002).

Raghunathan and Grizzle (1995) proposed split questionnaire design as an extension of
multiple matrix sampling described in Shoemaker (1973), which randomly sampled items
for each individual. Raghunathan and Grizzle (1995) modified multiple matrix sampling to
place constraints on item assignment so that all population quantities of interest were
estimable. Split questionnaire design divides the survey questions into multiple
components and each participant responds to a fraction of the total components. One
common variant, the three-form split questionnaire, divides the survey into four
components (X,A,B,C). Each participant responds to all items in X and two of the three
other components, resulting in three unique survey forms, (X,A,B), (X,A,C) and (X,B,C),
which are administered in equal proportions (Graham et al. 2006; Rhemtulla and Little
2012). This particular three-form design reduces the survey length by approximately 25%,
but modifications can be made to both the number of total components used and the
fraction that each participant answers, depending on the survey composition and desired
reduction in length. The split questionnaire is simple to implement and has been used in
multiple studies (Graham et al. 2006).

1.3.  Considerations for Implementing Split Questionnaire Designs

It is important to note that the ordering of questions within a questionnaire and where a
question appears in relation to other questions could have an impact on responses
(Schuman and Presser 1981; Sudman et al. 1996). Context effects should be considered
during the design phase. Some context effects can be accounted for by placing variables
into blocks. The questions within each block can be specifically ordered to account for
context effects and the blocks themselves divided into components instead of individual
variables. This should be done if certain questions are known to impact the answers to
other questions. However, we might not always know if the ordering of questions will
affect responses. Thus, when we design a split questionnaire, omitting certain questions or
altering the ordering of questions could alter responses and possibly lead to bias. For split
questionnaire designs, it would be useful to check that there are no systematic differences
in responses to questions based on the assigned survey portion.

In cross-sectional studies, the split questionnaire design was found to produce estimates
similar to those obtained in the absence of missing data (Raghunathan and Grizzle 1995;
Littvay 2009), but with a decrease in power. The loss of statistical power can be somewhat
mitigated by the increased sample size obtainable due to the decrease in cost per
participant (Thomas et al. 2006; Littvay 2009). This is especially true if certain individual
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items are expensive to measure. Peytchev and Peytcheva (2017) also demonstrated that
responses to questions from a split questionnaire design more closely resembled responses
when questions are at the beginning of a lengthy survey instead of at the end, indicating
that a split questionnaire may decrease bias due to fatigue. The application of a split
questionnaire design should be considered when it would decrease the mean squared error
(MSE) compared to a traditional survey. Unfortunately, it is difficult to know when a split
questionnaire design would decrease the MSE, as the amount of bias due to burden from
survey length will likely differ among studies. Although Sharp and Frankel (1983)
demonstrated that an increase in survey length led to an increase in perceived burden, both
the perceived usefulness of the survey and invasiveness of the questions had a larger effect
on burden. A split questionnaire design could have a larger impact on the MSE for
longitudinal studies if it substantially lowers the dropout rate. Fewer dropouts might
decrease the variance, through an increased sample size at later study visits, and decrease
nonresponse bias compared to a traditional longitudinal study.

1.4.  Literature Review of Longitudinal Split Questionnaire Design

Until recently, little research had been done on the implementation of split questionnaires for
longitudinal studies (Jorgensen et al. 2014). Creech et al. (2011) found that groups
administered a split questionnaire had lower attrition than the groups administered the full
questionnaire. Gonzalez and Eltinge (2008) and Gonzalez (2012) examined adaptively
assigning items to individuals for the second interview in a panel study based on responses
from the first interview. Rhemtulla and Little (2012) mentioned three strategies for assigning
forms in longitudinal studies on growth curves: assigning the same forms at each visit, rotating
the forms, or randomly assigning forms at each wave. It was suggested that the same forms
should be given at each visit when the measure of a variable across waves is of primary interest
and the forms should be rotated when examining the relationship of several latent variables.
Jorgensen et al. (2014) examined longitudinal three-form split questionnaire designs in a
latent variable setting. They explored the effect of longitudinal form assignment on the
relative efficiency of estimating cross-lagged regression parameters (the association of a
variable with another variable measured at an earlier time), autoregression parameters (the
association of a variable with itself measured at different times), and factor loadings. They
implemented three longitudinal form designs: assigning the same form at each visit, assigning
a different form at each visit, and randomly assigning forms at each visit. In general, the same
form was better at estimating cross-lagged regression and autoregression parameters, but
different forms were better for factor loading. The random form assignment performed
somewhere in between the same form and different form designs.

In Section 2, we propose several longitudinal designs for split questionnaires. In addition
to the three assignment methods examined in Jorgensen et al. (2014), we explore several
more complex methods to determine whether the more complex methods provide additional
benefits in estimation compared to simpler assignment methods. In Section 3, we discuss
methods to analyze data collected from a split questionnaire survey. We compare the
performance of our proposed split questionnaire designs using results from simulations in
Section 4 and data from the Health and Retirement Study (HRS) in Section 5. Finally, we
discuss our conclusions, limitations, and areas for future research in Section 6.
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2. Longitudinal Split Questionnaire Survey Designs

2.1. Issues in Longitudinal Split Questionnaire Design

Administering split questionnaires in longitudinal surveys is more complex due to
repeated variable measurements on the same subject at different time points. Usually,
these repeated measurements are highly correlated (Hardt et al. 2012). Also, unlike cross-
sectional studies, not all variables are collected at once. A longitudinal study where
participants skip certain study visits could be considered for a longitudinal split
questionnaire, if the cross-sectional study questionnaire is not too burdensome. However,
when the cross-sectional questionnaire is lengthy, it is more sensible for a longitudinal
split questionnaire study to be comprised of cross-sectional split questionnaires
administered at each visit. We might consider designing a new split questionnaire at
each wave conditional on the variables already observed in the previous waves (here we
define wave as any study visit in which survey questionnaires were administered to
participants). However, in most studies there will be a large number of possible split
questionnaire designs to choose from. Assuming we have an equal number of variable
blocks in each split, there are
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number of potential split questionnaire designs. Here b represents the total number of
variable blocks, where each block consists of one or more variables. Certain variables may
be placed in the same block based on content and skip pattern. For example, a question
asking, “Do you currently smoke?”” may be placed in the same block as a question related
to, “How many cigarettes do you smoke a day?” In the equation, s represents the number
of splits or survey components into which the variable blocks are divided. Finally, q
denotes the number of blocks per split. Here, we are assuming that the order of the splits
does not matter. This is a reasonable assumption if there are no context effects, which have
hopefully been accounted for when placing variables into blocks. With eighteen blocks
and three splits, there are 2,858,856 potential split questionnaire designs to choose from.
There are even more possible designs to consider if the order of splits affects responses.
This can make it difficult to design a new split questionnaire at every visit. It would be
simpler instead to use the same cross-sectional split questionnaire forms at each wave.
Although the same forms are being used, each individual does not need to receive the same
form at every visit. There are still multiple ways that we can administer the forms in a
longitudinal design. We propose several methods for administering a three-form split
questionnaire design in longitudinal studies.

Prior to designing a study, we need to determine whether to administer the same form to
each participant throughout the entire study, rotate the form each participant receives from
visit to visit, or employ some combination of those two designs, in which we administer
the same form to some participants and rotate the forms for other participants. Which
design works best likely depends on the correlation structure of the data, more specifically,
how the correlation between components measured at the same wave (within-wave
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correlation) compares to the correlation of measurements on the same variable over time
(autocorrelation) and the correlation between two separate components measured at
different waves (between-wave correlation). When the autocorrelation is greater than the
within-wave correlation, we expect it would be preferable for most estimates to not
measure the same components at each wave, as the missing values would be highly
correlated with the variable observed at other waves. We expect that this would improve
estimation (Raghunathan and Grizzle 1995; Thomas et al. 2006). Note that in this article,
we use the term autocorrelation to refer to a variable’s correlation with itself over time.
This should not be confused with the use of the term autocorrelation in the context of time
series analysis, where autocorrelation refers to the correlation of residuals from a
regression model across time points (Box and Pierce 1970). We also hypothesize that
when most correlations are non-zero, more complex form rotations will produce more
precise estimates by better estimating these different correlations. We will examine this
hypothesis in our analysis and simulations. Which quantity is of primary interest to
investigators could also influence which design should be administered. If we are
primarily interested in estimating the change in a variable over time, it might be preferable
to administer the same components throughout the study so that a variable can be
measured in the same individuals at all time points.

2.2.  Proposed Longitudinal Split Questionnaire Designs

We consider six different design options for allocating a three-form questionnaire in
longitudinal studies. Table 1 displays how each component, A, B, and C, would be
allocated under the first five proposed designs in a three-wave study, but each design could
be easily modified depending on the number of waves and desired reduction in survey
length. For the first two options, the participants are placed into three groups. With Option
1, each group receives either form (A,B), (A,C), or (B,C) throughout the study, while for
Option 2 the forms each group receives are rotated in a manner that allows each form to be
given in equal proportions at each wave. Option 1 is analogous to the same form design in
Jorgensen et al. (2014). We expect it to perform better at estimating the change in a
variable over time as it performed better at estimating autoregression parameters in
Jorgensen et al. (2014). Option 2 is analogous to the different form design in Jorgensen
et al. (2014). For Option 3, we again administer to participants a different form at each
wave, but we instead create six groups, which provides more ways of cycling the forms.
We hypothesize that the more complex design of Option 3 may allow us to better model
variable correlations than Option 2 and will outperform it when most correlations are fairly
strong. We will examine this hypothesis through our numerical analysis and simulations.

Combining aspects of the first two options may produce split questionnaire designs that
perform well in estimating both the cross-sectional and longitudinal properties of
variables. We would expect Option 1 to better estimate longitudinal properties, such as the
change in a variable over time, as the same variables in individuals are measured at all
waves. However, when autocorrelations are large, we expect that rotating the forms would
perform better at estimating cross-sectional properties, such as the variable means at each
wave, than administering the same form at each wave because a variable is likely more
predictive of its missing value than other variables. Collecting variables that are highly
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Table 1. Form allocation by design option.

Option Wavel Wave2 Wave3

AB AB AB
1 AC AC AC
BC BC BC
AB AC BC
2 AC BC AB
BC AB AC
AB AC BC
AB BC AC
3 AC BC AB
AC AB BC
BC AB AC
BC AC AB
AB AB AB
AB AC BC
4 AC AC AC
AC BC AB
BC BC BC
BC AB AC
AB AB AB
AB AC BC
AB BC AC
AC AC AC
5 AC BC AB
AC AB BC
BC BC BC
BC AB AC
BC AC AB

predictive of missing values is helpful for multiple imputation (Collins et al. 2001;
Thomas et al. 2006; Hardt et al. 2012). There may also be scenarios where one of Option 1
or Option 2 does not perform well, but a design combining aspects of the two options still
performs fairly well. Option 4 represents a combination of the first and second options. For
this option, there are a total of six groups and half of the participants receive the same form
throughout and the other half follow the rotation for Option 2. Option 5, the most complex
of the planned study designs, contains nine groups, three of which receive the same forms
as in Option 1 and the other six are rotated like in Option 3.

The final design, Option 6, randomly assigns forms at each wave, making it simple to
administer. This option allows every possible rotation to occur, which we believe is
beneficial when most correlations are non-zero, but makes the form design unbalanced.
For example, under Option 6, we no longer control the number of individuals who receive
form AC after receiving AB. Random form assignment was also examined in Jorgensen
et al. (2014), where it was found to perform somewhere in between the same and different
form designs. Our hypothesis is that the more complex designs would perform well under
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many types of correlation structures and for multiple estimands, but might not necessary
be optimal under any scenario or for any estimate. Depending on the performance of
proposed design options and estimands of interest, this may be a worthwhile trade-off.

3. Analysis of Split Questionnaire Surveys

Due to the presence of missing data, maximum likelihood, fully Bayesian approaches, or
multiple imputation are necessary for data analysis. We focus on results from data analysis
using both maximum likelihood and multiple imputation for comparing the performance
of our proposed split questionnaire designs.

3.1. Maximum Likelihood Estimation

Missing values resulting directly from the split questionnaire survey implementation are
by design. Because of this, these missing values are either MCAR or MAR. Therefore, we
can ignore the missing data mechanism and base our inference on only the observed data
likelihood. For most instances, we can compute the maximum likelihood estimator (MLE)
using an iterative method, such as Newton-Raphson or the EM algorithm and asymptotic
standard errors can be obtained by inverting the Fisher information matrix or using other
methods like bootstrapping (Little and Rubin 2002 chap. 9, 190—199).

In the case where complete data from each individual follows a p dimensional
multivariate normal distribution with mean u and variance 2, we can obtain closed form
solutions for the information matrix. Hartley and Hocking (1971) demonstrated how to
compute the Fisher information of the joint likelihood of Yy,. . .Y, for any arbitrary
missing data pattern.

For each observation, Y;, we can construct a p X p matrix such that for 1 = j =< p each
entry a;; = 1 if variable j was observed and 0 otherwise. We can then take d; equal to this
constructed matrix after all rows of zeros have been deleted, creating a 0; X p matrix where
o0; denotes the number of variables observed on subject i. Each observation Y; follows a
multivariate normal distribution with mean d;u and variance diEdiT.

The expected information matrix is block diagonal in the multivariate normal case,
allowing us to compute and invert the expected information for u and 2, separately. For u
we can conveniently write the expected Fisher information for the total sample as

I, =) df(d=d)"d; 2)
i=1

(Hartley and Hocking 1971). We can obtain the asymptotic variance of u by inverting 1,,,
assuming that 3, is either known or we have a consistent estimate of . The variance
obtained from inverting this matrix is asymptotically equivalent to the variance from using
the best linear unbiased estimation (BLUE) method described by Chipperfield and Steel
(2009).

Now, let gy, denote the element of 3, located at row j and column k. For the information
matrix of %, it is convenient to create a vector of length (”3”), 0, which contains all unique
elements of 3, or all o such that j = k. The information matrix based on &is a (” THx @Y

matrix. Let 3; = diEdiT denote the variance matrix for subject i and let Iy; denote the
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expected information from subject i. The formula for the expected information for subject ,
corresponding to the negative expectation of the partial derivative, is as follows:

2
_E {alil‘] = ltr(zi_ DI lzilm)a &)

d o_-]ka Tim 2

where 3 is a 0; X 0; matrix with entries corresponding to elements o, and o, in %; equal to
one and all other elements equal zero (Hartley and Hocking 1971). Thus, —E [,a log L} = 0if

9000
Oj or oy, are not elements of Y;. From this formula we can calculate tljle expected
information matrix for each observation. Due to the additive property of Fisher information,
the total expected information for Yj, . . .Y, is equal to the sum of the expected information
for each individual observation. Therefore,

=) Iy )
i=1

where Iy is the expected Fisher information for %. We can obtain the asymptotic variances
for our MLE estimates of u and 3, by inverting the expected information matrices, assuming
that all elements of w and 3, are estimable from our study. We can use the variances obtained
from the expected information matrix to directly compare the efficiency of two proposed
split questionnaire designs in estimating certain quantities. For the multivariate normal
distribution, the expected information matrix does not depend on w. We can directly
compute the expected information matrix if % is known, which enables a comparison of
two proposed split questionnaire designs when the covariance structure of the data is known.
When 3 is unknown, we can iteratively solve for w and 3, as described by Hartley and
Hocking (1971), and obtain estimates for the large-sample variance-covariance matrices of
our parameter estimates based on the expected Fisher information. It is suggested that
estimating the variance based on the observed information is generally preferable in the
presence of missing data, as the observed information provides valid estimates for the
asymptotic variance when data are MAR, while the expected Fisher information requires
that the missing data mechanism is correctly specified in order to produce consistent
estimates of the variance (Kenward and Molenberghs 1998; Little and Rubin 2002, chap. 11,
223-227). The expectation of the observed information should be taken with respect to the
joint distribution of the data and the missing data mechanism. Ignoring the missing data
mechanism when taking the expectation (as we have done here) is only valid when data are
MCAR. However, for the purpose of comparing our proposed split questionnaire designs,
missing data are MCAR by design.

3.2.  Multiple Imputation

Multiple imputation (MI) is a frequently used method for handling missing data (Chhabra
et al. 2017). With MI, we fill in missing values to create several complete data sets. The MI
approach is particularly convenient because, after performing MI, standard statistical
analysis can be applied on each imputed data set. The estimated parameters and variances
from each analysis are combined using Rubin’s rules (Rubin 1987, 76) to obtain our final
estimates and variances. Often, multiple imputation is done using a Sequential Regression
Multiple Imputation (SRMI) framework, where missing values are drawn using Gibbs
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sampling from the posterior predictive distribution of a regression model, with each
missing variable regressed on all other variables (Raghunathan et al. 2001). Several
popular multiple imputation software packages, like IVEWare and MICE, use the SRMI
framework (Raghunathan et al. 2002; Van Buuren and Groothuis-Oudshoorn 2011).

Since imputation uses information from other variables to estimate missing values,
having observed values highly correlated with missing values will better predict those
missing values and improve imputations (Collins et al. 2001; Thomas et al. 2006; Hardt
et al. 2012). Ideally, we would design split questionnaire surveys that take advantage of
this attribute; for this reason, Raghunathan and Grizzle (1995) assign variables using
correlations, where variables with high partial correlations are placed in different
components. For most cross-sectional studies, we simply administer forms AB (X,A,B),
AC (X,A,0), and BC (X,B,C) in equal proportions and focus our attention on how to place
the variables into each component.

4. Simulation and Analysis with Proposed Split Questionnaire Designs

4.1. Comparing the Performance of Split Questionnaire Designs

We performed simulations to examine how well the proposed designs perform under a
number of different correlation structures when data follow a multivariate distribution.
Several papers describe methods for determining optimal split questionnaire designs.
Thomas al. (2006) focused on assigning split questionnaires so observed values would be
more predictive of missing values. Chipperfield and Steel (2009) considered maximizing
the efficiency of estimated population totals for a fixed cost or minimizing the cost for a
fixed variance. Chipperfield and Steel (2011) examined optimal split questionnaire designs
with respect to costs for estimating either variable means for multivariate normal data,
probabilities for multinomial data, or parameter estimates for linear regression.
Chipperfield et al. (2018) examined split questionnaire designs for binary variables in
terms of minimizing the loss of information for a generalized logistic regression model.
Here, there is a single outcome and multiple covariates. Adiguzel and Wedel (2008)
proposed minimizing the Kullback-Leibler (KL) divergence between the observed and
complete data likelihoods for determining an optimal split questionnaire design. The KL
divergence is a measurement of the distance between two probability distributions. The
idea is to find the split questionnaire design that will produce an observed data likelihood
that is closest to the complete data likelihood in the absence of missing data. All of these
papers looked at optimal designs for cross-sectional studies. For the purpose of
longitudinal designs, we want to include estimation of change in a variable over time. We
also want to consider that there may be several regression models fit to the data and do not
want to distinguish between outcome variables and covariates. Also, depending on the
purpose of the study, certain estimands may be of more interest than others and this may
not be captured by a single overall summary measure like KL divergence.

We examined the performance of our proposed design options in terms of how well they
estimated three key quantities of interest: variable means, variance-covariance
components, and the linear change in variable means over time. The estimates for the
means and variance-covariance provide all the information necessary to characterize the
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multivariate normal distribution. For most surveys, investigators are primarily interested
in estimating the population mean of a variable or variables, or in performing regression
analysis. For multivariate normal data, estimated parameters from a non-repeated linear
regression model can be obtained by re-parameterizing the mean and variance-covariance
estimates. The design that better estimates these parameters will produce better regression
estimates. One of the major reasons for conducting a longitudinal study is to assess change
in a variable over time (Cook and Ware 1983). Hence, the change over time is likely of
interest to investigators. We estimated our quantities of interest using both maximum
likelihood estimation and multiple imputation.

4.2.  Simulation Setup

For our data, we took three variables at each wave to represent the A, B, and C components
of the split questionnaire with the X component omitted for simplicity, using a sample size
of 108. The nine variables come from a multivariate normal distribution with the variance-
covariance structure shown in Table 2. We used five parameters for the covariances, p;
denoting the within-wave correlation, p, and p3 the autocorrelations, and p; and ps
representing the correlation between two separate components measured at different
waves. The means of each variable changed linearly over time.

By varying the values of pi, p», p3, ps, and ps we can create numerous correlation
structures. Table 3. displays the correlations we used to test the performance of different
options. For the first three correlation structures, only one of the within-wave,
autocorrelation, or between-wave correlation is non-zero, enabling easy comparisons
between the performance of each design under extremely different conditions. These first
three correlation structures are not intended to represent typical correlation structures for
repeated measures data, though we may find examples of variables that follow a similar
correlation structure to Structure 1 and Structure 2. Say one of the variables represents a
binary indicator of an infectious disease (like the flu) and the other variables represent
possible symptoms related to that disease (such as fever). If enough time passes between
consecutive longitudinal waves such that any acute infection will likely have resolved,
we might observe a correlation similar to Structure 1. In this instance, we would expect

Table 2. Variance-covariance structure.

Wave 1 Wave 2 Wave 3

A B C A B C A B C

A 1 P1 P1 p2 P4 P4 p3 Ps Ps

Wave 1 B P1 1 P1 P4 P2 P4 Ps p3 Ps
C | m p1 L | pa Pa p2 | Ps Ps p3

A | p Pa ps | 1 p1 p1 | P2 Pa Pa

Wave2 B | py P2 ps | pi 1 p1 | P4 P2 Pa
C P4 P4 P2 p1 P1 1 P4 P4 p2

A | ps ps ps | P2 Pa pa | 1 p1 P

Wave3 B | ps p3 Ps | Pa p2 pPa | P1 1 p1
C | ps Ps P3| pa Pa p2 | pi P 1
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Table 3. Correlation structures.

P1 P2 P3 P4 Ps

Structure 1  0.50 0.00 0.00 0.00 0.00
Structure 2 0.00 0.50 0.50 0.00 0.00
Structure 3 0.00 0.00 0.00 0.50 0.50
Structure 4 0.80 0.50 0.50 040 0.40
Structure 5 0.50 0.70 0.70 0.30 0.30
Structure 6 0.50 0.70 049 0.25 0.125

variables collected at different waves to be weakly correlated, as disease status from the
previous wave is probably not strongly related to current disease status. On the other
hand, variables collected at the same wave will be correlated, as symptoms are correlated
with disease status. It is easier to picture cases where variables have a similar
longitudinal correlation to that of Structure 2, as this implies that data collected at the
same wave are independent or weakly correlated, but a variable is moderately or strongly
correlated with itself over time. We can find several variables from the data we selected
from the Health and Retirement Study, a longitudinal study of US adults over 50 (Juster
and Suzman 1995), similar to this structure. Additional details on the study and the
selected variables can be found in Section 5. Variables like wealth, cancer diagnosis, and
high blood pressure are weakly correlated with each other (correlations are between
0.024 and 0.063) but moderately to strongly correlated with themselves across waves
(correlations range from 0.437 to 0.662 for wealth and from 0.947 to 0.995 for high blood
pressure and cancer). Structure 3, where the between-wave correlation is the only non-
zero correlation, is unlikely to be found in longitudinal data. All three structures were
chosen because they allow us to test the performance of each design under radically
different conditions.

The last three structures are meant to more accurately reflect correlations that might be
seen in longitudinal data than the first three structures. We generally would not expect only
one of the within-wave, between-wave, and autocorrelation to be non-zero. We also expect
that the between-wave correlation would be no larger than the within-wave correlation and
the autocorrelation. The correlations between wealth and income in the Health and
Retirement Study are usually highest when collected at the same visit. For other variables,
like diabetes, high blood pressure, heart disease, stroke, and weight, the between-wave
correlations are usually similar to the within-wave correlation, which are both less than the
autocorrelation. In Structure 4, within-wave correlation is largest, while for Structure 5
autocorrelation is largest. Structure 4 may be thought of as similar to Structure 1, but a
variable is still correlated with itself and other variables when measured at different waves.
We may imagine something like this occurring for certain diseases and symptoms, where
the disease status is correlated over time, but is more strongly correlated with symptoms
occurring during that visit. We can observe a correlation structure similar to Structure 5
with the variables income and wealth from the Health and Retirement Study, as the within-
wave correlations range between 0.23 to 0.44, the autocorrelations range between 0.44 and
0.66, and the between-wave correlations range from 0.14 to 0.40. Most variables selected
from the Health and Retirement Study have a higher autocorrelation than within-wave or
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between-wave correlation. Structure 6 follows an autoregressive structure, where
correlations decrease over time, with two main correlations, the correlation between
different variables and the autocorrelation. For variables like high blood pressure,
diabetes, cancer, heart disease, stroke, and weight in the Health and Retirement Study, we
almost always see a decline in the autocorrelation when the waves are further apart. The
decline is most noticeable for heart disease and stroke.

In addition, we tested the performance of each design under a random correlation
structure, with the correlation computed based on a random covariance matrix. The
covariance matrix is drawn from a Wishart distribution with nine degrees of freedom and a
diagonal scale matrix. The Wishart distribution, a multivariate generalization of the
gamma distribution, has two parameters: the degrees of freedom, which must be greater
than p — 1, and a p X p scale matrix, which must be positive definite. The scale matrix we
used had ones on the main diagonal and zeros everywhere else. A diagonal matrix was
chosen because the generated within-wave, between-wave, and autocorrelations would, on
average, be the same and none of the correlations would be favored. After drawing a
random covariance matrix, the covariance matrix was transformed into a correlation
matrix. The generated correlation matrix has an expected value equal to the scale matrix
used in the Wishart distribution, thus the generated correlations have means equal to zero.
The degrees of freedom affect the variance of the generated correlation matrix. Specifying
a large number of degrees of freedom would have resulted in very little variation in the
generated correlations (i.e., all correlations would have been close to zero). We specified a
small number for the degrees of freedom, generating a large range of correlations. The
random correlations produced typically ranged from -0.65 and 0.65. The use of randomly
generated correlation matrices allowed us to examine which design performs the best on
average across a large number of possible correlations.

We then compared performance of each design option under the proposed correlation
structures by computing the variance for the variable means, variance-covariance
components, and the linear change in means over time using both MLE and mutliple
imputation. For maximum likelihood estimation, we calculated the variance of the means
and variance-covariance components from inverting the Fisher Information using the true
underlying covariance matrix. We estimated the linear change in means over time for a
variable using contrasts. The variance of these linear combination of means from the
contrasts can similarly be computed directly from the inverted Fisher Information matrix.
For MLE, the variances of our estimates of interest did not require data simulation to
compute, though we used many iterations to assess the overall performance of Option 6,
the random form assignment.

For multiple imputation, we simulated complete data from the multivariate normal
distribution. Values were then set to missing so observed data matched what would have
been obtained under each study design option and we performed multiple imputation. We
then estimated the mean, variance- covariance, and linear change in mean over time. The
mean and variance-covariance parameters were estimated from the sample mean and
sample covariance matrix in each imputed data set and combined using Rubin’s rules.
We used a linear mixed model of the variable regressed on time for estimating the change
in mean and stored the parameter estimates and standard errors for the slope and
intercept.
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4.3.  Simulation Results

The relative performance, rankings, and conclusions are largely the same when using
either MLE or MI, though there is an increase in variance from the MI estimates compared
to the MLE. This might be due to the finite number of imputations being used and because
we assumed a known variance-covariance matrix when computing the MLE. The MI
results are based on the estimated variance-covariance parameters from imputed data,
which adds an additional source of variation. Since MI is more commonly used, this
section will focus on simulation results using multiple imputation. The results from MLE
can be found in the supplementary materials, section S1. The results in this article are
based on a longitudinal data structure with three waves. For comparison, we also
performed MLE for the same basic correlation structures but with two waves. The results
for two waves (not shown in this article) are similar to the results for three waves.

Table 4 displays the average percent increase in variance for the mean and variance-
covariance components from using the proposed split questionnaire design versus
complete data. Since relative rankings for the mean and variance-covariance were very
similar, we combined them into one category in the table. Similarly, Table 5 shows the
variance increase for repeated measure regression for the correlation structures. All of the
design options performed similarly for Structure 1, where only variables within the same
wave are correlated. The longitudinal selection of split question forms did not matter very
much due to the lack of correlation across waves. However, Option 5 and Option 6 did
perform slightly better at estimating variable correlations due to the additional form
rotations, even if most correlations were zero.

Results from Structure 2, where only the autocorrelations are non-zero, show that
Option 3 performed best in terms of estimating variable means and variance-covariance

Table 4. Average percent increase in variance from complete data for mean and variance-covariance
components using MI.

Structure 1 2 3 4 5 6 Random
Option 1 90.7 134.0 109.7 38.0 67.6 79.7 68.3
Option 2 90.4 92.2 111.2 32.3 46.3 37.7 66.7
Option 3 86.2 87.9 52.8 27.7 30.1 34.3 53.3
Option 4 86.9 99.9 35.5 29.7 40.3 45.0 53.7
Option 5 85.9 94.1 334 28.0 32.4 39.3 49.0
Option 6 86.6 92.0 18.6 28.7 30.8 37.0 50.0

Table 5. Average percent increase in variance from complete data for repeated measures regression change in
mean over time for MI.

Structure 1 2 3 4 5 6 Random
Option 1 51.5 73.0 89.7 24.1 42.0 44.6 44.3
Option 2 52.9 102.1 50.5 41.2 73.5 61.7 44.7
Option 3 52.8 103.0 31.2 36.3 50.1 58.9 37.4
Option 4 51.9 82.8 284 30.2 39.3 45.5 36.5
Option 5 51.2 90.7 23.0 30.5 36.6 50.2 334

Option 6 53.9 94.4 12.2 33.7 46.6 57.4 344
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components. Option 2 and Option 6 were virtually tied for second, followed closely by
Option 5. Option 1 performed the worst in estimating means and variance-covariance. The
opposite occurred for estimating the change in mean over time. In this scenario, a variable
is predictive of its values measured at different time points for the same subject. Since
Option 2 and Option 3 rotate split questionnaire forms for all individuals, we measure each
variable on a subject during the study, which enables us to better estimate missing values
for that variable and leads to a better estimate for the mean and variance. On the other
hand, Option 1 measures the same variables on an individual for every wave, which
provides a larger sample of individuals with a variable measured at all time points than the
other options, allowing a better estimate for how a variable changes over time. Option 4
and Option 5, which rotate split questionnaire forms for some individuals but not others,
do not perform as well as Option 3 for estimating means and variance-covariance or as
well as Option 1 for estimating the change in mean. However, the efficiency loss is not
bad. They might be more useful for jointly estimating the means, variance-covariance, and
change in means.

For correlation Structure 3, where a variable is only correlated with other variables
measured at different waves, Option 6, the random form assignment, performed the best
overall by far. Option 5 was the second best under this correlation, while Option 1 and
Option 2 performed terribly. This indicates that extra form rotations and more complex
designs are beneficial when between-wave correlations are large. For the random variable
correlation, Option 5 and Option 6 again performed the best and Option and Option 2 did
the worst. Based on this, it appears that the more complex designs perform better across all
possible variable correlations; however, all correlation structures are not equally likely for
longitudinal studies.

For the more realistic correlation structures (Structures 4, 5, and 6), we still see a fair
amount of variability in the performance of the design options. The designs perform more
similarly for correlation Structure 4, where the within-wave correlation is larger than the
other correlations. Option 3 performed the best in terms of estimating the mean, variance,
and covariance across correlation Structures 4, 5, and 6. Options 5 and 6 were fairly close
behind. For these structures, within-wave and autocorrelation were greater than between-
wave correlation, which is likely why Option 3 outperformed Option 5 and Option 6 in
estimating the sufficient statistics. Option 3 likely outperformed Option 2 because the
extra rotations allowed better estimation of the between-wave correlations. Option 1 was
always the worst at estimating the mean and variance-covariance, but, generally, was the
best at estimating the change in mean over time; one exception being correlation Structure
5, where Option 4 and Option 5 outperform Option 1, though not by much. This indicates
that there are certain instances where we might not prefer Option 1 for measuring the
change in a variable over time. Option 4 and Option 5 were usually variables at each wave
on a subset of study participants. Those two options are also quite a bit better at estimating
the sufficient statistics compared to Option 1 and, as a result, may be preferable.

From the analysis we see that the optimal design for a longitudinal study with planned
missingness depends on the structure of the data and the estimates of interest. If the
variables have high autocorrelations, we prefer Option 2 or Option 3, where participants
change forms every year, for estimating the mean and variance-covariance parameters, but
Option 1 would be better for estimating the change in mean over time. If the data follow a
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more unusual structure, it would be better to use Option 5 or Option 6 which include more
form rotations. For more realistic correlations, Option 3 appears to perform best for
estimating mean and variance-covariance and Option 1 is likely best at estimating change
in mean. Option 4 and Option 5 can measure both mean and variance-covariance and
change in mean fairly well. While our simulations are useful for evaluating how each
option performs, our data structures are more simplistic than what we would observe in
practice. Next, we examine which planned missing design option works best using data
from a longitudinal survey.

5. Health and Retirement Study (HRS)

5.1.  Overview of Selected HRS Data and Assigned Splits

The Health and Retirement Study (HRS), beginning in 1992, is an ongoing longitudinal
study of US adults age 50 and older (Juster and Suzman 1995). HRS collects information
pertaining to the health, income, and job status of participants. New individuals enter the
study after turning 50, while some older participants exit due to death or loss to follow up.
HRS uses multistage sampling to sample households (Health and Retirement Study 2008).
African Americans, Hispanics, and residents of the state of Florida are oversampled
compared to the general population. Sampling weights are used to account for the unequal
probability of selection. The weights include adjustments for post-stratification factors.
There are numerous publications analyzing data collected from HRS. An examination of
recent publications indicates analyses were frequently conducted using regression models,
including linear regression (Carr et al. 2018), logistic regression (Lee et al. 2017; Pavela
et al. 2018; Shah et al. 2018), Cox proportional hazards model (Shah et al. 2018), and
Poisson regression (Wagner and Olson 2018). Most of the regression analyses used the
sampling weights to adjust for the unequal probability of selection due to the complex
sampling design. Parameter estimates and standard errors were generally reported from a
weighted regression model. All of these analyses can still be performed under a split
questionnaire design using multiple imputation, though, in this article we did not account
for the complex sampling design.

For evaluating the performance of our proposed split questionnaire design options, we
selected seven modules from the survey data collected in the 2004, 2006, 2008, and 2010
waves of the study. We primarily focused on health data from the Health and Retirement
Study. The modules for diabetes and blood pressure represented Component A, the heart
disease and stroke module plus the weight module represented Component B, and the
cancer module and the income and wealth module represented Component C of our split
questionnaire design. In addition, we selected basic demographic information (age,
gender, race, height, education) and past health behavior information (smoking and
drinking history/status) to represent the X component measured in all participants. Several
previous publications had studied the relationship between at least two of the five selected
modules (diabetes, blood pressure, heart disease and stroke, weight, and income and
wealth) using HRS data (Bowen 2010; Best et al. 2005; Avendano and Glymour 2008).
Cancer was also selected as it is an important health condition. A total of six longitudinal
modules were selected so we could divide the modules evenly into three splits.



Imbriano and Raghunathan: Split Questionnaire Design for Panel Surveys 843

Each module contained multiple variables related to the main condition of interest that
we selected, but, for the purpose of our analyses, we focused on only a few main variables
in these modules (i.e., have you ever been diagnosed with diabetes, blood pressure, heart
disease, stroke, or cancer, what is your current weight, the net value of all assets, or amount
of income). The survey length (as measured by the number of questions) at each follow-up
wave would have been reduced by 36.7%, 23.3%, and 40.0% compared to the complete
questionnaire for participants administered Component AB, AC, and BC, respectively.
Although AC results in the smallest reduction of survey length, AC does not include
weight, potentially making it less invasive and costly compared to the other components.

The within-wave correlations, between-wave correlations, and autocorrelations differ by
variable. However, in general the autocorrelations are the largest. For diabetes, blood
pressure, cancer, and weight, autocorrelations were greater than 0.85. For heart disease,
autocorrelations were between 0.70 and 0.90. For stroke, autocorrelations were between
0.50 and 0.85. Autocorrelations were weaker for income and wealth, but were still between
0.30 and 0.70. Most within-wave correlations were between -0.30 and 0.30, with the
exception of the correlations between wealth and income, which could get as high as 0.43.
The between-wave correlations were usually very similar to within-wave correlations.

We consider all participants with no missing values in each of the seven modules for all
four study waves as our complete data (ideal), a total of 3,059 subjects. The survey
questions from the X module were taken from baseline only. We then set values to
missing, mimicking the data pattern that would have been observed had we used the
proposed planned missing data designs from Table 1. We also included Option 6, the
random form assignment.

5.2.  Analysis and Results from HRS Data

We performed multiple imputation on the missing values using MICE (Van Buuren and
Groothuis- Oudshoorn 2011). The same imputation model was used for each option. Linear
regression models were used to impute normally distributed variables and logistic
regression models were used to impute binary variables. A variable was imputed conditional
on itself at previous waves along with other health conditions and demographic data. A
variable was not necessarily imputed conditional on all selected variables due to issues with
collinearity for all regression models and separation of data points in logistic regression.
However, care was taken to make sure the imputation model was consistent with the model
later used to analyze the variables. If a variable was transformed in the later analysis, then it
was transformed in the imputation. Only the main variables from each module that were
used in our analyses were included in the imputation models.

To assess the validity of the imputations, we examined the marginal distribution of the
imputed values compared to the observed values and checked for any major discrepancies
between the two. Since data are MCAR by design, we would not expect the marginal
distribution of imputed values to differ from the observed values. Furthermore, we
performed diagnostics on the regression models through goodness of fit testing and
diagnostic plots to examine the validity of our imputation models. For linear regression
models, we plotted the residuals versus the fitted values, shown in Figure 1. If the
imputation model was correctly specified then we would expect to see a random scatter
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Fig. 1.  Imputation diagnostic plot of residuals versus fitted values for transformation of 2010 income.

centered around the X-axis, with no discernible difference between observed and imputed
values, like in Figure 1.

After performing multiple imputation, we analyzed estimates for the marginal
distributions of the variables by examining the estimated mean, median, and quartiles of
the continuous variables under the different options. For categorical variables we
estimated 77, the probability that variable j is equal to one. For each population parameter
estimate, we examined the bias under each proposed design by taking the difference
between the estimates under the planned missing designs and the estimates from the
complete data. The differences for the mean and quantile estimates were standardized by
dividing by the complete data standard deviation of the variables, while the difference in
a; was standardized by dividing by the square root of m; (1 — ;) under complete data.
Figure 2 plots the distribution of the standardized differences under the six options. Option
3 produced the best estimates for univariate parameters with the bias distributed tightly
around zero, with Option 2 coming in a close second. The other options performed
similarly, though Option 1 performed slightly worse. In addition to examining the bias of
estimated parameters, we also examined the performance of each design based on how the
multiple imputation variance of the estimated population mean under each split
questionnaire design compared to the variance with complete data. Figure 3 displays the
ratio of the standard error of the mean estimate for each option to the standard error from
the complete data. The ratio of the standard error demonstrates how much larger the
standard error for the split questionnaire design is compared to the complete data. This is
similar to the idea of estimating the fraction of missing information for multiple
imputation (Little and Rubin 2002 chap. 10, 211), which gives an estimate for how much
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Fig. 2. Distribution of standardized bias for univariate estimates.
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Fig. 3. Ratio of the standard error of the estimated mean to complete data standard error.

the variance of an estimate has increased due to missing data. In this instance, we do not
need to estimate the fraction of missing information because we can directly determine the
loss of efficiency. Once again, Option 3 performed best, generally producing smaller
standard errors, followed by Option 2, while Option 1 performed the worst.

We also evaluated the performance of each option using three different regression
analyses based on three previous publications with HRS data, (Bowen 2010; Best et al.
2005; Avendano and Glymour 2008). More details on the regression models and results
based on these papers can be found in the supplementary materials, Section S2.

Figure 4 shows how each option performed in terms of parameter estimation bias across
the three regression models, by taking the difference in parameter estimates under the
design option and the complete data and dividing by the complete data standard error.
Option 3 performed the best at estimating regression coefficients. Option 2 was second
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Fig. 4. Distribution of standardized regression parameter estimation bias.

best, followed by Option 6. The other three options performed similarly overall in terms of
bias, though Option 1 was generally worse. In Figure 5, we display the ratio of the MI
standard errors under each option to the complete data standard errors. From the figure, we
observe that Option 3 produced the smallest standard errors. The other options performed
fairly similar to each other, though the average standard error is slightly smaller for Option
2 and Option 6 compared to the other options.

Option 3 easily performed the best overall for the HRS data. Option 2 was the second
best, while Option 1 performed the worst. The strong performance of Option 2 and 3 in this
instance is not surprising since the autocorrelation was quite large for most variables, and
we saw from simulations that Option 2 and Option 3 performed better in terms of mean
and variance estimation when the autocorrelation is much greater than the other
correlations. Had the within-wave and between-wave correlations been stronger, Option 5
and Option 6 would likely have performed better.
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Fig. 5. Distribution of the ratio of regression parameter standard error to complete data standard error.
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6. Discussion

6.1. Conclusions

The use of planned missing data in a survey study can reduce the burden and fatigue on
participants, leading to an increase in the quality of the data and a reduction in unplanned
missing values. This could also reduce the dropout rate in longitudinal studies. There is a
good deal of literature on implementing planned missing designs in cross-sectional
studies, commonly using a three-form design, but until recently there has been little
research on implementing planned missing data designs in longitudinal studies, though
Jorgensen et al. (2014) did consider multiple assignment methods for three-form survey
designs of longitudinal studies in a latent variable setting.

In our article, we examined six different design options for allocating forms in a
longitudinal study. We observed from our simulations and MLE analysis that the
performance of each design option depended on the correlation structure of the data and
which estimands were of interest. We also tested these designs on survey data from the
HRS. To truly determine which design is the best, we need to understand the longitudinal
correlation structure of the data. We could wait until we have at least two waves of data
before applying a planned missing data design to the longitudinal study. However, the
optimal design mostly depends on the between-wave correlation, within-wave correlation,
and autocorrelation. We can estimate the within-wave correlations from the first wave
before applying a longitudinal design. The between-wave correlations are unlikely to be
larger than the within-wave correlations, based on what we observed in the HRS data.
Thus, we only need to judge whether the autocorrelation is larger than the within-wave
correlation and which estimands are of interest to determine which design to apply.

If investigators are primarily concerned with estimating the mean, regression of one
variable on a subset of variables, or cross-sectional properties of the data, we recommend
implementing Option 3. Option 3 always outperformed the best for most longitudinal
studies due to large autocorrelations. Option always outperformed the simpler Option 2,
even though both designs similarly administered a different form to a participant at every
visit. Sometimes, Option 3 did considerably better than Option 2. The only reason to use
Option 2 over Option 3 is that it requires fewer group assignments, making it easier to
implement. Option 3 performed the best, or close to it, in terms of estimating the means
and variance- covariance for every correlation structure except for Structure 3, where
between-wave correlations were the only non-zero correlation, and the random
correlation structure. However, the autocorrelation and within-wave correlations are
likely to be stronger than between-wave correlations for longitudinal data. In these
situations Option 3 was the best.

The more complex design options (Options 3, 4 and 5) generally outperformed the
simpler options (Options 1 and 2) in terms of estimating the means and variance-
covariance in our simulations, except for correlation Structures 2 and 6, where Option 2
outperformed Option 4 and Option 5. In these instances, the autocorrelation was quite
strong compared to the between-wave correlation. The autocorrelations were quite large
for the HRS data as well, which may be the reason why Option 2 performed better;
however, Option 3 was still better than Option 2.
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If investigators are only interested in the change in a variable over time, which may
often be the case for longitudinal studies, Option 1 will usually be the best design option.
This is a direct result of measuring the same variables on a participant at each time point.
This result is consistent with results from Jorgensen et al. (2014), which found that the
same form produces more precise estimates for autoregressive parameters. Correlation
Structures 3 and 5 and the random correlation structure were the only instances where
Option 1 did not perform the best or very close to the best in terms of estimating the change
over time, though it was not that far behind the best option for Structure 5. Structure 5 had
moderately strong with-wave and between-wave correlations and strong autocorrelations.
The fairly strong overall correlations may have helped the more complex options
outperform Option 1 in this instance.

Even if the change in variables over time is of primary interest, we still recommend
considering Option 4 and Option 5. Option 1 was generally the worst design in terms of
estimating the mean, variance, and covariance. Additionally, Option 1 did not perform
well for the HRS data. Option 4 generally performed similarly to Option 1 in terms of
estimating change in mean over time, but performed better in estimating the mean and
variance-covariance. This may be a good design to use if interest lies in estimating the
mean and variance-covariance, in addition to the change in mean. The ratio of participants
receiving the same form and receiving different forms could also be altered for Option 4
and Option 5, depending on which estimand is of greater interest. Seeing how Option 3
always outperformed Option 2, redesigning Option 5 so that half of the participants
received the same form would likely perform similar to Option 4 in terms of estimating the
change over time, but would be better for estimating the mean and variance-covariance.
Depending on the strength of the overall correlations, Option 4 and Option 5 may be better
than Option 1 in terms of estimating the change in mean over time. Even though the
random form assignment performed fairly well in most instances, we would recommend
using Option 5 instead, as it allows us to measure the same variables every year in a subset
of participants. Measuring the same set of variables in at least a subset of participants is
useful for estimating the change in a variable over time.

It is also important to keep in mind that when selecting design options, certain higher-
order interactions may not be directly estimable, which is also an issue for three-form split
questionnaire designs in cross-sectional studies. For example, research suggests that how
much influence a person believes they have over events in their lives and a person’s control
over his or her work environment may modify the effect of stress on health (Meier et al.
2008). If it is of interest to investigate a higher order interaction, such as the example above,
care must be taken when designing the split questionnaire. Although all two-way
interactions can be estimated using the three-form design, not all three-way or higher-order
interactions can be estimated. Any interaction that includes a variable in component A, a
variable in component B, and a variable in component C is not directly estimable. We also
have to consider that some interactions involving components measured at different time
points might not be estimable with the longitudinal designs. For example, Option 2 and
Option 3 do not allow a three-way interaction of a variable measured in the same component
across all three waves, since that variable is never measured in the same individuals in all
three waves. Options 1, 4 and 5 do not have this problem. It should be taken into account
during the design stage if certain higher-order interactions are of importance.
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6.2. Limitations and Future Research

We evaluated the proposed design options using simulations and HRS data. Although the
HRS data contained both binary and continuous variables, we did not examine any joint
distributions of variables other than multivariate normal for our simulations. It would be
useful to examine whether the conclusions from our simulations are affected by different
variable distributions. We might want to consider instances where we have binary,
categorical, or count variables in addition to the continuous multivariate normal
distribution. Although, in principle, we would not expect a huge difference from the
multivariate normal case (as we saw with the results from the HRS data), the distribution
of our variables affects the imputation models and could result in different conclusions.

Prior information regarding the data structure would help in determining the optimal
design option for a study and can help in the imputation. Several papers have considered
dividing the survey questions into forms based on correlation structures or other methods
to improve estimation, but require prior information on the variables (Raghunathan and
Grizzle 1995; Thomas et al. 2006; Adigiizel and Wedel 2008). These methods were not
considered when constructing our cross-sectional split questionnaire forms. Using these
methods could potentially affect which of our longitudinal design options performs best.
The results of the longitudinal split questionnaire designs were affected by cross-sectional
item assignment in Jorgensen et al. (2014). We should also be aware that our results when
using planned missing designs will be biased if we do not specify a correct imputation
model, which by no means is a trivial matter. Even when data are MCAR, there are
potential issues with collinearity, separation of data points, and violations of parametric
distributions for conditional regression imputation models.

Our proposed longitudinal split questionnaire designs use the same basic three-form
split questionnaire throughout the study. We could create new split questionnaire forms at
every visit based on the observed data from previous visits. We could consider adaptive
allocations of forms, where a participant’s form at the next visit is based on previous
responses. The large number of potential split questionnaires to consider at every visit
makes this approach more complicated. Our proposed designs are much easier to
implement. It would be a good idea to examine how the efficiency of our proposed designs
compares to this approach.

One further limitation is that we did not consider the effect that complex survey designs
might have on our proposed methods. Simple random sampling was implicitly assumed for
our analyses; however, most large-scale studies use complex survey designs, such as
multistage sampling (Zhou et al. 2016). For stratified and/or clustered sampling, our results
and conclusions for administering split questionnaire designs should hold within each strata
and/or primary sampling units (PSUs). For the multivariate normal distribution, overall
estimates for the mean and regression parameters could be obtained by taking a weighted
average of the parameter estimates within each group defined by the strata and/or PSUs,
assuming we have enough observations within each group (Dumouchel and Duncan 1983).
It would likely be preferable to assign split questionnaires within groups and, in some
circumstances, it might be useful to apply different longitudinal designs in different groups.

When there is a small number of observations per group or our study involves post-
stratification, we might use survey weights instead of computing parameters within
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groups. In the multivariate normal case, weighted least squares could be used for
estimating regression parameters (Dumouchel and Duncan 1983). Means could be
computed as a weighted average. Both the means and regression parameters can be
obtained by applying transformations to the data using the weights. Our conclusions for
longitudinal split questionnaire designs would likely still hold, provided the
transformations do not alter the relative strengths of the within-wave and between-wave
correlations and the autocorrelations from the unweighted analyses. A more thorough
investigation of the effect of complex survey designs on longitudinal split questionnaire
designs should be performed.

We note that though our proposed methods for longitudinal split questionnaire designs
differ from rotating panel surveys and the wave missing design described in Little and
Rhemtulla (2013), they are motivated by a similar concern of reducing respondent burden
in longitudinal studies. In rotating panel surveys, participants are only enrolled in a panel
survey for a finite period of time and new participants are enrolled in the study at each
wave to replace the exiting participants. In wave missing designs, not all participants are
interviewed at every wave of the study. Both designs reduce the interview burden on
participants. Each design could be used in conjunction with our split questionnaire design
methods to further reduce burden for longitudinal studies.
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