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Abstract

Instead of the heuristic randomization methods to design split questionnaires that
are currently used in applied and academic research, we develop a methodology to design
the split questionnaire to minimize information loss using estimates from a first wave or
pilot study. Because the number of possible questionnaire designs is exponential in the
number of questions, we apply the Modified Federov algorithm, using Kullback Leibler
Distance as a design criterion, to find the optimal splits. We use Markov chain Monte
Carlo procedures to impute missing values that result from the design. First of all, we
illustrate the efficiency of the Modified Federov Algorithm on a small synthetic
questionnaire, which enables the enumeration of all possible designs for comparison.
Second, we compare the efficiency of split questionnaires generated with the proposed
method to multiple matrix sampling, incomplete block designs, and a heuristic procedure
based on principal components analysis, using synthetic and empirical Web survey data.
We generate split questionnaire designs selecting either entire blocks of questions
(between-block design) or sets of questions in each block (within-block design). Finally,
we illustrate that due to reduced respondent burden the quality of data using split designs
increases, compared to a full questionnaire in a field study.

Keywords: Kullback Leibler distance, missing data, modified federov algorithm, multiple
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1. Introduction

Researchers have traditionally collected data by means of often lengthy questionnaires. In
doing so, they need to make tradeoffs between reasonable survey length and the value and
quality of additional information. Questionnaire length is a major concern since it affects
the quality of the data collected in several ways (Berdie 1989). Massive questionnaires
take more time; induce the use of undesired response styles; increase respondent fatigue
and boredom; and result in more nonresponse, item nonresponse, and early break-off
(Adams and Gale 1982; Bean and Roszkowski 1995; Dillman 1991; Dillman, Sinclair,
and Clark 1993; Heberline and Baumgartner 1978; Roszkowski and Bean 1990).
Therefore, in practice, researchers frequently employ split questionnaires, that is dividing
guestionnaires into parts (or splits) and administering each part to a randomly selected
group of respondents. However, this is very ad hoc and leads to a potential loss of
information. There is a need for carefully designed split questionnaires which can help
researchers collect information faster, cheaper, and more accurately.

We propose a method to design split-questionnaire surveys as an effective tool to reduce
respondent burden, but with a minimal loss of information. Although Good (1969, 1970)
already called for the development of split-questionnaire methods to collect survey data
more efficiently, in the next thirty-five years no systematic research on how to best design
split-questionnaires seems to have been done. Two decades ago, Herzog and Bachman
(1981) advised that a researcher who needs to use a long questionnaire might be well
advised to split the material into at least two parts and administer those parts in different



orders to different random subsets of the sample. A similar idea of designing randomly
split questionnaires is applied in what has been called “Time sampling”. Here, questions
are administered in a randomly rotated fashion to different parts of the panel in different
episodes (Sikkel and Hoogendoorn 1995). Incomplete designs in educational testing are
based on a similar approach. In test construction the researcher administers subsets of the
total available item pool to the available subjects. The matrix sampling design (MSD) is
used for that purpose (Shoemaker 1973, Thayer 1983), in which a test instrument is
divided in sections, and groups of sections are administered to subjects in a randomized
fashion.

Each of those previous studies has thus used a randomization approach to design split
questionnaires. The important question remains how to efficiently split the questionnaire,
such that the least information is lost. Raghunathan and Grizzle (1995) first proposed
imputing the data that are missing due to (heuristically designed) split questionnaires
using the Gibbs sampler. Their work is related to the literature on data fusion (Gilula,
McCulloch, and Rossi 2006; Kamakura and Wedel 1997, 2000) and fits in the literature
on multiple imputations of missing data (Little and Rubin 1997; Schafer 1997). There are
two related aspects of the problem of splitting questionnaires: the design of the split
guestionnaire and the subsequent imputation of the missing values. Our focus is on the
optimal design of the split questionnaires; standard Markov chain Monte Carlo (MCMC)
methods can be used for the imputation of missing data due to that design (Raghunathan
and Grizzle 1995). Raghunathan and Grizzle (1995) mention that ad-hoc splitting
strategies may depend on the purpose and the contents of the survey, contextual placement
of certain items, and the partial correlation coefficients of the items. These correlations
may be readily available in tracking or syndicated studies, because here the researcher
knows which (groups of) variables are correlated, from their previous measurements. In
cross-sectional studies prior knowledge about inter-relationships between variables can be
obtained from a pilot study. However, even when such prior information is available, the
construction of a split-questionnaire design such that a minimum amount of information is
lost is a challenging task. Since the number of possible split-questionnaire designs is
exponential in the number of questions, it is not feasible to consider all possible splits in
designing a questionnaire for real-life applications. Therefore, we suggest, to utilize the
natural structure of the questionnaire, in which questions are placed in blocks, for
example, one particular attitudinal or lifestyle trait are often administered in a single
block. We use this block structure to generate a split questionnaire by either selecting
entire blocks of questions (between-block design) or selecting questions from each block
(within-block design). Design construction is easy and fast. Subsequently, we propose the
use of the Kullback—Leibler distance (KLD) between the complete questionnaire and the
split questionnaire data as an optimization criterion. We describe how to apply the
modified Fedorov algorithm to find the optimal design among all possible designs. When
the split questionnaire is administered, it results in data missing by design. Then, we
impute the missing data with the Gibbs sampler (Raghunathan and Grizzle 1995; Schafer
1997). This imputation step is independent of the design step, so researchers can construct
the SQDs without worrying about imputations. We compare the efficiency of our
generated SQDs with MSDs (Shoemaker 1973) on synthetic data. Then, we apply our
approach to data obtained from a Web questionnaire on attitudes toward and perceptions
of using the Internet (Novak, Hoffman, and Yung 2000) and compare them with several
alternative heuristic designs. Finally, in a field study, we investigate the extent to which
the proposed SQD method may result in better data quality than the complete
guestionnaire.

2. Results



There are sixty-five questions in the Web Attitude and Perceptions Questionnaire
and they are grouped into nine blocks according to content. Data are available for two
waves of the study conducted in two consecutive years containing 500 and 1150
respondents, respectively. All data are complete. We also construct a field study with this
guestionnaire to indicate behavioral benefits. The initialization data are derived from a
first wave of the survey, which we use for creating the split questionnaire. From the
initialization data we calculate the complete data parameter estimates. We investigate the
following designs, where all designs in this study are constructed to be fully identified: a)
Optimal split questionnaire (SQD) and matrix sampling designs (MSD), b) Designs with
five or ten splits, c)Between-block and within-block designs, d) Unconstrained or
constrained designs.

2.1 Between-Block Designs

Table 1 reveals that for both the five and the ten-split between-block designs, the SQD
improves substantially over the MSD, in terms of the KLD, the MAD (23%-70% lower),
and the fraction of missing information (10%-32% lower). The results illustrate that the
estimated parameters for the split design are close to the complete data estimates and that
there is relatively little information loss given the percentage of questions eliminated. For
this particular application, the five-split optimal split design results in a reduction of
approximately 66.5% of the questions, with only a 35.8% information loss. With ten
splits, we obtain a greater reduction in the number of questions, 73.7%, though the
information loss is still only 38.9%.

In addition, we investigate the case where constraints are imposed on the SQD. In
particular, we construct designs in which each split consists of exactly five blocks. We
choose this number, since we need at least five splits to generate fully identified designs
under the constraint of five blocks per split. We repeat the design construction and
imputation procedure on the empirical data, using five and ten splits, fixing each split to
contain five blocks. They are better than for the comparable MSD’s, although the
differences are smaller than for the unconstrained designs. The reason is that the
constraints strongly limit the degrees of freedom for improvement over the MSD, since
they reduce the size of the candidate split set.

2.2 Within-block Designs

We compare the optimal SQD with designs in which the questions within blocks are
selected randomly (RQD). To also compare to a stronger benchmark, we construct split
designs using principal component analysis (PCA). We extract five and ten Varimax
rotated components to construct the splits. Questions in a block are discarded for a split if
they contribute the least variance for that component. Every question was included at least
once, and the design has the same number of questions as the SQD and RQD designs.

We reduce 41% and 52% of the questions with the five- and ten- split within-block
designs. The BIC and KL-distance of the optimal within-block designs are lower than the
random design and the principal components design. The optimal within-block designs are
also somewhat better in terms of RMSE and MAD of the parameter values, but the
differences are not as large as for the between-block designs. The PCA designs are in
between the RQD and optimal SQD on these measures. The average percentage of
missing information is around 7.8% and 5.6% respectively for the optimal five- and ten-
split designs. These numbers are better than for the corresponding random designs, with
8.7% and 6.0% respectively, and for the PCA designs, with 8.4% and 5.8%, respectively.
The fraction of missing information for within-block designs, however, is substantially



lower than for the between-block designs. MAD and RMSE of the five-split within-block
designs are 31% and 23% lower than those of the between-block designs. For the ten-split
designs they are 41% and 40% lower than those of the between-block design. However,
the MAD and RMSE of the within-block designs are comparable to those of the
constrained between-block designs.

The within-block design is much more sensitive to the choice of the prior than the
between-block designs. We find the sensitivity of in particular the between-block design
to the prior specification highly satisfactory.

3. Field Study

For the field study, we use the exact questionnaire that was used in the empirical study
above. We asked additional questions about boredom and fatigue. In addition, we assessed
attitudes towards the questionnaire (repetitive-varied, very long-very short, boring-
stimulating). We tested the full questionnaire, a ten-split between-block design, and a ten-
split within-block design each on 63 subjects recruited from the subject pool from. In total
189 subjects responded to 21 versions of the questionnaire that were displayed on
computer screens in the experimental lab. Computer aided questionnaires allowed us to
record the exact time it took respondents to complete them. These average times to
complete the full and split questionnaires differed significantly, 8 minutes for the
complete, and about 6 minutes for each of the split questionnaires. This is a significant
reduction of about 25% in completion time, for a 50% reduction in the number of
guestions. Note that even the full questionnaire with 65 questions can be completed
relatively quickly -the longest it took any respondent was 10 minutes-, which makes it
more difficult to identify the behavioural effects of the split questionnaires.

In short, split questionnaire designs decrease completion time, fatigue, boredom and non-
response and are evaluated more positively by respondents, where it seems that the
within-block design has a somewhat more favorable behavioral effect than the between-
block design (Table 2). There were 33 skip-responses for the full questionnaire, 7 for the
between- and 5 for the within-block design. These responses start only after the first
twelve questions and mostly occur in the last half of the questionnaires. This indicates that
the use of split questionnaires may substantially reduce item non-response. Second, the
effect of the questionnaire design on the average item variances and Cronbach’s alpha
were investigated. There were no statistically significant differences in the average
Cronbach’s alpha, estimated after multiple imputation of the missing data of the between-
and within-block split questionnaire designs. But, we did find significant differences in
item variances between the full and split-questionnaire designs. The differences between
between-block and within-block designs are not significant. The average item variance for
the full questionnaire is 3.34, which is significantly higher that for the between-block
design, with 2.36, and the within-block design, 2.30. This means that subjects who
answered the questions in the within-block or between-block design responded to the
items that measure the same construct more consistently. Thus, the quality of the data we
obtained from the between-and within-block split questionnaire designs tend to be better
than that of the full questionnaire. Again, we note that with a maximum average
completion time of eight minutes the complete questionnaire is relatively short. For longer
guestionnaires the effects may be even larger.

4. Conclusions

Split questionnaires offer the potential to obtain higher-quality information from
respondents at a faster rate and a lower cost. Split questionnaire designs were shown to



have desirable statistical properties relative to complete questionnaires or questionnaires
constructed with ad-hoc methods. In addition, respondents reacted to a split questionnaire
more favorably than to the complete questionnaire, in terms of completion time, boredom,
and fatigue.

Between-block designs result in estimates close to those obtained from the complete data
and reduce completion time and respondent fatigue. In within-block designs, questions
within each block are placed into different splits. For these designs, the optimization task
is demanding, and consequently the within-block designs are not strictly optimal and
cannot be easily constructed to be fully identified. However, they provide improved
efficiency and less missing information than designs constructed with heuristic
procedures. Their statistical performance tends to be somewhat worse than that of the
between-block designs, especially for small numbers of splits, and they are substantially
more sensitive to the choice of priors, but they tend to solicit somewhat more favorable
behavioral reactions and, in particular, lead to less boredom with the questions. The
choice between the within-block and the between-block designs may be based on either
statistical or behavioral criteria. From our investigation, it appears that the between-block
design has better statistical properties because it is feasible to construct fully identified
designs with less missing information and with little sensitivity to the prior estimates.
Within-block designs are more difficult to construct and more sensitive to priors and lead
to more fatigue and a longer time to complete. Thus, unless boredom is considered a
problem, a between rather than within-design may be preferable.

The validity of the prior knowledge to construct the split-questionnaire design is an
important issue. Whereas prior knowledge can be easily obtained in panel or tracking
surveys conducted on a regular basis with almost identical questions and blocks, it may be
less easy to obtain in other settings. In those cases subjective prior distributions for the
model parameters can be assessed, which in many cases would involve the elicitation of
priors from consumers, decision makers or other subject-matter experts. We leave these
issues for future research.
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Table 1. Comparisons of Designs on empirical data on attitudes toward web usage

Between-Block Design

Ten Splits Five Splits
Unconsirained Constrained Unconstrained Constrained
SoD MSD S00 MSD IBD SQD MSD S@D MSD IBD
MATD .798 2.631 1172 1.43] 1.731 8RBT 1.145 1311 1.447 1510
T 389 575 439 AR2 607 358 397 431 A34 A58
% Missing 37 37 494 494 532 663 665 A9 449 440
KLD —6113 —10,144 -18.734 19,134 -17.686 3051 -12.666 -20.688 —20,873 21372

Within-Biock Design

Ten Splits Unconstrained Five Splits Unconstrained
QD MED PCA SO0 M5D PCA
MAD 731 794 545 5594 1.106 1.292
¥ 386 397 388 402 A4lo 457
% Missing 626 626 626 S08 508 S08
KLD -14.372 —14.745 —14,695 —18.738 -19.176 —18.784

Notes: This table shows a comparison of constrained (five blocks/split) and unconstrained five- and ten-split optimal designs with MSDs in terms of miss-
ing information, KLD, and MAD of (cojvariances parameters.

Table 2. Results of the field experiment with 189 respondents

Full Questionnaire Between-Block 50D Within-Block 50D
Duration 476.92 344 453= 364.020
(95.01) (146.552) (93.57)
Boredom 544 5.23 4,980
(2.09) (1.95) (2.00)
Fatigue 432 3.57a%% 373
(2.55) {2.27) (2.02)
Repetitive 5.68 5.320% 4.70bscs
(1.37) (1.22) (1.78)
Long 3.68 3.54 3.13b+
(1.54) (1.56) (1.25)
Boring 494 4.77c* 4.42bscs
(1.28) (L1 (1.25)
*p=.05.
#=p = 10,

Notes: This table presents item means (standard deviations) for the full questionnaire, the between-block questionnaire, and the within-block question-
naire. Duration mean values are in seconds. Superscripts indicate the significance of the differences between means of the full and between- (a), full and
within- (b), and between- and within- (c) block questionnaires from the multivariate analysis of variance.



