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Introduction
In general, survey practitioners try to avoid long web survey questionnaires 1, as lengthy surveys can
affect data quality. For example, previous research finds a negative impact of survey length on response
rates (see for examples Crawford, Couper, and Lamis 2001; Cook et al., 2000; Galesic and Bosnjak, 2009;
Kaplowitz, Lupi, Couper, and Thorp, 2012; Lynn, 2013; Walston et al., 2006), and response quality in web
surveys (e.g., breakoff, satisficing, item nonresponse; see Couper, 2008, p. 298; Galesic, 2006; Peytchev
and Peytcheva 2017). In addition, lengthy surveys lower respondents’ convenience (see Couper, 2013) and
respondents’ survey engagement (see McCutcheon, 2014). Consequently, lengthy questionnaires can
introduce nonresponse and measurement bias. To tackle the issue of lower data quality due to survey
length, the convention for the maximum length of web surveys is around 20 minutes (Callegaro, Manfreda,
and Vehovar, 2015, p. 102; Couper, 2008, p. 298).
Especially in general population surveys, researchers often conduct surveys that last longer than 20
minutes. Splitting lengthy questionnaires into parts is a possible solution to reduce the length of a web
survey questionnaire and, thus, to the threats of nonresponse and measurement bias from low response
rates and high response burden. Two types of split questionnaires can be distinguished, a matrix
questionnaire design and a modular questionnaire design. In a matrix design, the questionnaire is split into
question sets and sample units are randomly assigned to one or multiple question sets, but never to the
whole questionnaire. Unlike matrix questionnaire designs, modular questionnaire designs split the source
questionnaire into parts. Each questionnaire part is called module, so sample units receive the complete
source questionnaire in several modules over time. A third alternative to long surveys is a combination of
both the matrix and the modular designs, which we call modular matrix questionnaire design. In a first
step, subsets of sample units receive a set of questions from the source questionnaire (matrix design). In a
second step, sample units who answered the first set of questions receive a second survey, which covers
the set of questions that were missing by design in the first survey (modular design).
Split questionnaire designs may reduce response burden and increase response rates and as a result,
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might increase data quality. However, in split questionnaire designs not all respondents are asked all
survey questions and not all respondents answer all survey questions. In conclusion, a diminution of
response burden may be observed, but the number of answers per specific survey question is also
reduced. In the literature, the creation and the consequences of split questionnaire designs are discussed
(e.g., Lynn, 2013; Peytchev and Peytcheva 2017; West et al. 2015), but literature is sparse on the amount
of information needed to get reliable results with data generated from surveys with split questionnaire
designs. Therefore, this study focuses on the question: How much information is needed to get unbiased
estimates from data that was generated from surveys with split questionnaire designs?
In a matrix design, the overall sample size for each survey variable is reduced due to the random
assignment of each question set to the sample units. This results in a loss of information and hence, a loss
of precision in survey estimates (see Merkouris, 2010). Yet, there is little experimental research, which
evaluates the inferences obtained by conducting a full questionnaire versus a split questionnaire.
Furthermore, little is known about whether data from a matrix questionnaire design can be enriched when
it is combined with a modular questionnaire design and whether the available case method (use of
available data) or multiple imputation of the missing data yield better estimates. Therefore, this study
evaluates the quality of estimates and their standard errors of a modular matrix design with and without
imputation by comparing it with the quality of estimates and their standard errors of a web survey and a
f2f survey containing the full questionnaire. For this purpose, we compare the results of a substantive
analysis with data from one survey using different survey designs. We apply the same substantive analysis
to data collected via a) a face-to-face survey, b) a long web survey, c) a web survey with modular matrix
design using only data from the first module, d) a web survey with modular matrix design using data from
the first module with multiply imputed data, e) a web survey with modular matrix design using data from
module 1 with multiple imputed data using information from module 2, f) a web survey with modular
matrix design using data from module 1 and module 2, and g) a web survey with modular matrix design
using data from module 1 and module 2 with multiply imputed data.
Study design
Using the Swiss data of the European Values Study (EVS) 2017, we investigate the effects of a modular
matrix design on the results of a substantive analysis. In total 8,200 sample units were drawn from a Swiss
register random sample (Stichprobenrahmen für Personen- und Haushaltserhebungen, SRPH). Separate
samples were drawn for the f2f survey and the web survey. The sample of the f2f survey consisted of 1,400
individuals and the sample of the web survey consisted of 6,800 individuals. The sample units of the web
survey were randomly assigned to one of the eight experimental conditions (for an illustration see table 1).
A random subdivision was done on 2,000 individuals assigned to the full questionnaire surveys; half got a
letter announcing a short survey duration (25 minutes) and half got an invitation announcing a realistic
survey duration (45 minutes).
All web surveys are mixed-mode web/paper surveys (push-to-web design). Independent of the
experimental condition (f2f or web surveys), all sample units received an unconditional 10 CHF postal
voucher. The field duration for all experimental conditions lasted for four and a half months (15th
September 2017 to 30th February 2018).
In matrix questionnaire designs, the source questionnaire (here a 60 minutes f2f or web survey) is
either split randomly, statistically (i.e. according to the structure of correlations) or thematically into sets of
questions. For the matrix design of the web survey, the questionnaire was split thematically into six sets of
questions (for arguments in favor of a thematic split see Adigüzel & Wedel, 2008, p. 616), as the
correlations found in the previous round of the EVS Switzerland (2008) were low or moderate and few
variables had a high degree of correlation. Thus, a loss of information due to a thematic split instead of a
statistical split is considered minimal.

Table 1. – Description of the study design and the response rates for each experimental condition.
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Survey
mode

Sample
units

Questionnaire
design

Announced
survey length

Questionnaire Response
order
rate (%)

F2f

1400

full-length

60 minutes

original

52.3%

6 x 800 =
4800

split design
module 1 (3 sets)

25 minutes

original

44.5%

original

35.1%

489 original

42.1%

491 reversed
490 original
496 reversed

47.9%
40.6%
41.9%

Web and
mail

+ module 2 (3 sets) + 15 minutes
1000

full-length

25 minutes

1000

full-length

45 minutes

Note.- F2f = Face-to-face questionnaire, % = presented in percent. Source: EVS dataset MDS1.

Group
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Module 2

Set

Set

B

C

D

Repeated

A

B

C

D

1
2
3
4
5
6
asked

not asked

Note. – Repeated = repeated questions from the core questionnaire of module 1 included questions on gender, importance in life,
and personal health.

Figure 1. - Split questionnaire design with a modular matrix questionnaire design. Module 1 consists of the
core set and two out of four sets of questions. Module 2 consists of a repeated set and two out of four sets
of questions.
Five criteria were applied to split the questionnaire thematically regarding meaningfulness,
comparability between experiments, avoidance of context effects, variables often analyzed together, and
variables which improve the analytical power (see for examples Raghunathan & Grizzle, 1995; Rässler,
Koller, & Mäenpää, 2002). Furthermore, the six sets of questions were split in two modules to reduce
overall survey length (see figure 1 for an illustration), based on three pragmatic criteria. As a result, of
these pragmatic and thematic criteria the source questionnaire was split into six parts consisting of a core
set of questions, a repeated set of questions, and four questionnaire sets with different topics (for an
illustration see figure 1). All possible combinations of two sets were randomly assigned to sample units in
module 1. In module 2 sample units received the missing two sets of questions. Thus, by completing
module 1 the respondents answered about 60 percent of the source questionnaire. By completing module
2, respondents answered the remaining 40 percent of the source questionnaire. The order of the questions
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is the same as in the source questionnaire (the missing items are skipped).
Analytic approach
Typically, survey researchers assume that information for all questions (or items) is collected from all
respondents (see Chipperfield and Steel 2009). When using a matrix questionnaire designs, this assumption
needs to be relaxed, as information on specific sets of questions is collected for subsets of respondents.
However, in modular matrix designs, it is possible to have full information from respondents when
respondents answer both module 1 and module 2 (equivalent to the full-length questionnaire). In both
scenarios, one can deal with nonresponse by either using the available case method or an imputation
method (for examples see Raghunathan and Grizzle 1995; Merkouris, 2010). Yet, it remains unclear which
is the best approach for the handling of missing data in split questionnaire designs.
In the following, we evaluate the strategies to handle nonresponse –available cases method and multiple
imputation–based on a model proposed by a substantive study on how church attendance is associated
with attitudes towards homosexuality by Halman and van Ingen (2015). We use the European Value Study
(EVS) 2017 data for Switzerland. The question on attitudes towards homosexuality was asked in the
questionnaire set on religion (set B). Question set B occurs for respondent group 1, 4 and 5 in module 1 and
respondent group 2, 3, and 6 in module 2 and hence, systematic missings occur in the split questionnaire
scenarios (see figure 1). Furthermore, we include independent variables from the core questionnaire on
respondents’ behavior (church attendance, religious denomination) and socio-demographic characteristics
(education, age, gender). Consequently, we have systematic missings on our dependent variable on
justifying homosexuality and on two of the independent variables, i.e. importance of god in daily life and
being a religious person (systematic unit nonresponse and non-systematic item nonresponse). Additionally,
we have non-systematic missings in our independent variables educational level, age, gender, religious
denomination, and church attendance (non-systematic unit and item nonresponse).
Regarding imputation methods for the split questionnaire designs, we imputed missing values using
chained equations (see Kaplan and Su, 2016; Johnson and Young, 2011; White et al, 2010). In addition, as
recommended by previous research, we include (at least) the same variables that we later use in our
estimated model (von Hipple 2013, White et al., 2010). We only included the town size, a variable that has
no missing values, as an auxiliary variable in the imputation model. We decided on the number of
imputations for each experimental condition based on the approach proposed by Hippel (2018).
For the source questionnaire conditions (long web surveys and f2f survey), we imputed the missing
values with the same procedure as in the modular matrix designs. However, we yet did not correct for
potential interviewer effects in case of the f2f survey.
The modules and sets of questions were randomly assigned to sample units and the missing patterns do
suggest that the data is missing at random (MAR). Hence, multiple imputation can produce unbiased
estimates in our data set (Allison, 2002; Enders, 2010; Little & Rubin, 2002; Schafer & Graham, 2002).

Preliminary results
In the following analysis, scenario e) that was described in the introduction is not presented yet. The labels
of the coefficient plots presented in Figure 2 and 3 are equivalent to the scenarios described in the
introduction. We see in Figure 2 and 3 that the estimations of the f2f survey (A) and the long web survey
(B) differ from each other. The effects of educational level and being an atheist point to different directs in
case of the f2f survey and the long web survey. Furthermore, we see that the imputed data (D, G)
compared to the complete case data (C, F) does not result in different estimates. In addition, the results
presented show that the estimates of the mixed modular designs (F,G) and the matrix designs (C, D) have
no clear pattern in their similarity to one of the surveys where the source questionnaire was used (A,B).
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Figure 2. – Effects of church attendance and educational level on justification of homosexuality by A) f2f
survey, B) long web survey, C) module 1, complete cases, D) module 1 with imputation, F) module 1 +2,
complete cases, G) module 1 + 2 with imputation. Plot markers are coefficients and horizontal spikes are
95% confidence intervals.

Figure 3. – Effects of denomination, importance of god, self-rated religiosity, age, and gender on
justification of homosexuality by A) f2f survey, B) long web survey, C) module 1, complete cases, D) module
1 with imputation, F) module 1 +2, complete cases, G) module 1 + 2 with imputation. Plot markers are
coefficients and horizontal spikes are 95% confidence intervals.
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Conclusion and points of discussion
Intuitively, we expect larger differences in estimates between the complete case analysis and the imputed
data. We were astonished to find these large differences between the f2f survey (A) and the long web
survey (B). Interestingly, we did not find that more information (mixed modular design) result in similar
estimates between the full surveys (A, B), the matrix designs (C, D), and the modular matrix designs (F, G).
We would appreciate a discussion on the selection of potential useful auxiliary variables for the imputation
model based on theoretical (e.g., media consumption, political interest) or statistical arguments (e.g.,
correlations). In addition, it would be great to learn from other experience on how to handle potential
interviewer effects for the f2f survey (e.g., clustered standard errors), as this should be used as one
benchmark for the modular matrix designs. Furthermore, we have the feeling that this example
(investigating effects on justifying homosexuality) might not be the best choice as an exemplary case and
hence, it would be interesting to hear how others have decided on models to exemplify imputation
techniques. Finally, we plan to consider different estimation scenarios, such as differences in the skewness
of the dependent variable, a dependent variable based on factor analysis, whether the dependent variable
has systematic missings or not, whether the independent variables have systematic missings or not and so
forth.
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