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ABSTRACT
An increasing number of social science surveys use split question-
naire designs to reduce questionnaire length, presenting only a 
subset of several questionnaire modules to each respondent 
while leaving out others. This approach results in large amounts 
of planned missing data that necessitates imputation. Research 
shows that imputation is most effective when each module covers 
various topics. Yet, single-topic modules may sometimes be prefer-
able from a questionnaire-design perspective. A potential alterna-
tive from survey practice is using single-topic modules with an 
extended core module presented to all respondents that includes 
key items from all topics. This study investigates whether this 
strategy yields outcomes comparable to mixed-topic modules. 
Using Monte-Carlo simulations based on the German Internet 
Panel, we simulate split questionnaire designs, impute the missing 
data, and calculate estimates based on these data. Findings suggest 
that while an extended core module improves single-topic module 
outcomes, it is inferior to randomly allocated mixed-topic modules.
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1. Introduction

An increasing number of surveys are testing or implementing survey designs with 
planned missing data, especially split questionnaire designs (SQDs; Raghunathan & 
Grizzle, 1995), to reduce questionnaire length. SQDs entail allocating all items of a survey 
to several so-called split modules and presenting each respondent only a randomly 
selected subset of the modules. Thus, respondents do not receive the complete ques-
tionnaire. The downside of this procedure is that the modules not presented to respon-
dents result in planned missing data. To make the data analyzable, Raghunathan and 
Grizzle (1995) propose to impute these planned missing data. Here, the imputation 
describes the procedure of assigning values to the (planned and unplanned) missing 
values of the variables of the dataset with a possible use of auxiliary variables to receive a 
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complete data set (see Kim & Rao, 2009; see also Bruch, 2023; Chauvet et al., 2011; 
Haziza, 2009).

An essential aspect of designing split questionnaires is how to construct the modules. 
This can be especially important for the imputation: To ensure an acceptable quality of 
the imputed data, highly correlated variables should be allocated to different split 
modules (Raghunathan & Grizzle, 1995). Then, imputation models can utilize the 
predictive information of the observed highly correlated data to impute a variable if it 
has not been presented to a respondent. Empirical research (Axenfeld et al., 2022a; 
Imbriano & Raghunathan, 2020; Rässler et al., 2002) generally supports this notion. In 
our research (Axenfeld et al., 2022a), we could show that modules consisting only of one 
single survey topic lead to a reduced quality of the imputed data in comparison to a 
random allocation or distributing questions of one topic over different split modules. 
This is due to the typically higher correlation between variables of the same topic 
(Axenfeld et al., 2022a).

From a practical perspective, however, allocating variables of the same topic to 
different modules might have negative effects on the quality of answers. As Smyth 
(2016, p. 229) notes, ‘grouping topically similar questions gains efficiencies because 
respondents can use retrieved information to answer all questions on a topic before 
moving to a different topic’. Similarly, Krosnick and Presser (2010, p. 292) recommend to 
design questionnaires in such a way that ‘items [. . .] flow coherently, which usually 
requires that items on related topics be grouped together.’ In other words, survey 
respondents may perceive a split questionnaire as inconsistent if items belonging to the 
same topic appear in several places throughout the questionnaire. Thus, from a ques-
tionnaire design perspective single-topic modules may be preferred.

To reconcile the questionnaire design perspective with the requirements for a success-
ful imputation, one might consider including a so-called core module (Raghunathan & 
Grizzle, 1995; sometimes also called X block, see; Graham et al., 1996). The core module 
constitutes a special module that is presented to all respondents. One potential strategy
could be to include key items that are highly correlated to the items in the split modules, 
aiming to obtain an effect similar to allocating highly correlated items to different split 
modules. This might be especially relevant in contexts in which survey designers are 
afraid of dismantling their carefully constructed meaningful questionnaire structure by 
distributing survey topics across different split modules. For example, the European 
Values Study uses such an extended core module strategy combined with single-topic 
modules (Luijkx et al., 2021). The PISA 2012 students’ context questionnaire’s core 
module (the so-called ‘common part’) includes the most central variables and variables 
needed for estimating interaction effects, while split modules are also created largely 
along topic allocations (OECD, 2013, Chapter 6). The European Working Conditions 
Survey 2021 (Ipsos NV, 2022) has a large core module covering a wide range of topics, 
including some key job quality questions. This is followed by an SQD part with more in- 
depth questions on job quality, which is again modularized along topic allocations. So far, 
however, the evidence on the utility of approaches like this – supplementing single-topic 
modules with a more or less extensive core module – is very limited: Does an extended 
core module actually improve the quality of estimates after imputation in an SQD with 
single-topic modules? And if so, does this extended core module strategy yield a 
performance comparable to a random allocation of items to modules, revoking the 
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need to distribute survey topics across split modules and allowing to use single-topic 
modules instead?

However, using such an extended core module would also yield the disadvantage of 
increasing questionnaire length for the individual respondents. Thus, the idea of includ-
ing an extended core should be carefully considered and evaluated to clarify whether the 
potential positive effects of an extended core module would be worth the longer ques-
tionnaires. This is especially relevant because the imputation perspective may also 
compete with other legitimate reasons to include questions into a core module. For 
example, correct questionnaire routing might necessitate certain filter questions to be 
available for all respondents. Similarly, variables that are needed to stratify or restrict 
eventual analysis samples to relevant strata of the population may also be required to be 
observed for all respondents.

In this study, we will examine if an SQD with single-topic modules and an extended 
core module is able to perform (or outperform) similarly well as a random allocation of 
variables to modules. This extended core module will include, in addition to socio-
demographic items, key items that are highly correlated to the variables in the split 
modules. We will compare this to a situation in which the core module only includes 
sociodemographic variables. In addition, we will also examine if an extended core 
module yields better outcomes than a simple sociodemographic core module under 
split modules generated through random allocation (hereinafter called random mod-
ules). Largely building on the dataset and the procedures implemented and described in 
Axenfeld, Blom, et al. (2022a), we use a Monte Carlo simulation study with real social 
survey data, in which we simulate SQDs by deleting data from the complete dataset. 
Through such a simulation with real survey data, we are able to test the effects of different 
SQD strategies on estimates while also maintaining a realistic setting.

2. Module design strategies

In this study, we examine the cross-classification of two strategies to construct split 
modules and two strategies to design a core module (i.e. four distinct scenarios). Table 1 
gives an overview on these strategies along with an illustration of their assumed advan-
tages and disadvantages for various aspects of a survey. In this paper, we focus on testing 
the hypotheses related to the imputation performance.

Concerning split module construction, we evaluate single-topic modules and random 
modules. Under single-topic modules, variables of the same topic are allocated to the 
same module. As in Axenfeld et al. (2022a), we assume that correlations between 
variables of the same topic are higher than variables of different topics, which may 
adversely affect the imputation (see also Figure 1).

Under the random modules strategy, by contrast, items are randomly allocated to split 
modules irrespective of survey topic. The random modules, in this context, represent a 
heuristic form of assigning highly correlated items to different modules. This is done 
because Axenfeld et al. (2022a) found that regarding the imputation, this simple strategy 
performs very similar to more elaborated strategies, such as diverse topics modules 
through stratified sampling.

Regarding the core module design, we include two different strategies depending on 
two groups of variables that might be relevant: a simple core module with only 
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Figure 1. Associations between variables in the GIP data: Spearman correlations (for ordinal and 
binary variables, upper panel) and Cramér’s V (for nominal variables, lower panel). Gray variable labels 
= variables in the split modules; black variable labels = variables in the (extended) core module. 
Variables sorted by survey topic: S = sociodemographic variables, 1 = topic 1 (activities), 2 = topic 2 
(big ve personality), 3 = topic 3 (lobbying), 4 = topic 4 (politics I), 5 = topic 5 (politics II).
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sociodemographic questions, and an extended core module enriched with additional key 
items. The goal of the extended core module is to have predictive information on split 
module variables available in completely observed key variables that can be used in the 
imputation of the planned missing data.

Sociodemographic variables play a central role in social science research. They are 
often used to restrict the sample to relevant strata of the population or as breakdown 
variables in substantive analyses, and beyond that, often included as control variables in 
multivariate analyses. Thus, one may assume that survey designers would deem socio-
demographic items important enough to allocate them to a core module per se.

However, sociodemographic variables need not necessarily be strongly correlated to 
all the other substantive survey variables. In this case, their value for the imputation of 
items in the split modules may be limited. Therefore, a common idea is to go beyond the 
sociodemographic items by selecting specific key items from the other survey topics for 
the core module (e.g. Graham et al., 1996; Moore et al., 2020). However, evidence on the 
utility of such an approach in social survey research is scarce. To our knowledge, only one 
study (Moore et al., 2020) explores the effects of extended core modules as opposed to a 
simple, sociodemographic core module empirically in the context of sports psychology. 
The authors find that an extended core module tends to outperform the simple core 
module regarding the estimation of a confirmatory factor analysis throughout different 
variations of sample size and split module specifications.

Thus, for a strong test of an extended core module strategy, we need to identify key 
items from the specific survey topics suitable for an extended core module. For this 
purpose, we define key items as the variables with the highest average correlations to the 
other variables within each survey topic (except for the sociodemographic block, which is 
in the core module anyways). To this end, we calculate each variable’s average correlation 
with the other variables from its topic, based on absolute values of Fisher’s Z transforma-
tion of the correlations. From each topic block, we take the variable with the highest 
average correlation and add it to the extended core module.

3. Data

As population data for the Monte Carlo simulation study, we use 4,061 observations on 
61 items from the German Internet Panel (GIP)1 waves 37 and 38 (Blom et al., 2019a,  
2019b). Some missing data were replaced by data from waves 1 and 13 (Blom et al., 2016a,  
2016b), and a small amount of remaining missing data were imputed by stochastic single 
imputation. Rare events in categorical variables (less than 100 observations in the 

Table 1. Assumptions on the eects of module design strategies on imputation, questionnaire 
structure, and questionnaire length.

Core module Simple Extended

Split modules Single-topic Random Single-topic Random

Eect on . . .
. . . imputation performance – + + ++
. . . questionnaire structure + – + –
. . . questionnaire length reduction + + – –

Favorable eects are marked by “+”. Adverse eects are marked by “–”. Stronger eects are marked by more “+” or 
“–“symbols.
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population dataset) were combined into broader categories to prevent problems imput-
ing the reduced data in the simulation.

The data includes blocks on sociodemographic questions (11 items), personality 
psychology (10 items), membership in organizations (10 items), lobbyism in EU politics 
(10 items), and two blocks on German domestic politics (each 10 items) (see Figure 1). 
The sociodemographic items will serve as a simple core module. The extended core 
module will consist of all sociodemographic items enriched by key items from the other 
substantive blocks. All 50 items from the other five blocks will be allocated either to the 
split modules or to the extended core module. These 50 items are all categorical with an 
ordinal level of measurement. For a more detailed description of this analysis dataset see 
Axenfeld et al. (2022a).

Figure 1 gives an overview of the correlations between all variables in our GIP dataset, 
sorted by survey topic. The upper panel shows the Spearman correlations between all the 
ordinal variables in the data, and the lower panel reports Cramér’s V for all bivariate 
relationships in which at least one of the variables is only nominal. Both subplots indicate 
that high correlations occur primarily within survey topics, while correlations between 
different survey topics are overwhelmingly very low. Yet, even within topics, some 
variables are correlated weakly or not at all.

Figure 1 also highlights variables that have been selected as part of the simple and 
extended core module using the procedure described above. The key items selected for 
extending the core module (with labels in black color) on average share stronger 
correlations with the variables of their survey topic than other variables. Yet, even 
these variables are not all consistently strongly correlated to all other variables of their 
topic. Hence, it is questionable whether they can effectively cover the whole correlation 
structure of their topic.

4. Simulation procedure

Each of the 1,023 simulation runs2 of the Monte Carlo simulation consists of the 
following steps:

(1) Draw a sample of 2,000 from the population dataset. This is a common sample size 
realized in nationwide probability-based surveys.3

(2) Define five split modules (either by survey topics or by random allocation).
(3) Assign all respondents to three of five split modules randomly and (always) to the 

core module.
(4) Delete all data of the non-assigned modules.
(5) Use multiple imputation (Rubin, 1987) to complete the missing data resulting 

from step 4.
(6) Estimate and pool univariate frequencies and means based on the imputed data 

and compare the estimates to benchmarks from the population data.

Using this procedure, we examine four different scenarios (1,023 simulation runs each):

(1) Simple core module + single-topic split modules
(2) Extended core module + single-topic split modules
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(3) Simple core module + random split modules
(4) Extended core module + random split modules

In the simple core module condition, the core module consists only of the 11 socio-
demographic items. In the extended core module condition, the core module covers the 
sociodemographic items and five key items previously identified as described above. Split 
modules are constructed as described in Axenfeld et al. (2022a): The single topic split 
modules correspond to the five topic blocks with 10 items (simple core module scenario) 
or 9 items (extended core module scenario) each. Meanwhile, the random split modules 
are constructed by assigning the split items randomly to five split modules with 10 items 
(simple core scenario) or 9 items (extended core scenario) each. This yields an overall 
share of missing data of 33% in the simple core module scenarios and 30% in the 
extended core module scenarios.

The missing data are imputed with mice (van Buuren & Groothuis-Oudshoorn, 2011) 
in R (R Core Team, 2021) using predictive mean matching (Little, 1988; Rubin, 1986) 
with 20 imputations drawn after 15 iterations. As in Axenfeld et al. (2022a), the imputa-
tion models’ predictor sets only include variables that are correlated by more than 0.1 to 
the imputed variable because earlier experimentation with the data has shown that 
otherwise estimation quality might be reduced (see also Axenfeld et al., 2022b).

We assess the quality of the imputed data by evaluating the quality of estimates 
calculated from the imputed data. In each simulation run s, we estimate 268 relative 
univariate frequencies for all categories i of the 45 variables that are imputed throughout 
all the four scenarios: 

Here, fi;m;s represents the absolute frequency of a category i for the m-th of M imputed 
datasets in a simulation run s of which is divided by the sample size n ¼ 2; 000. Variables 
that are used for the extended core module are excluded to ensure comparability. We 
then compute the deviations of these estimates from calculated benchmarks πi ¼ Fi=N 
based on the complete population dataset (Fi demarking the absolute frequency of a 
category i in the population, and N the population size).

In applied social research, ordinal variables like those in the GIP data are sometimes 
treated as continuous rather than categorical to ease analysis. To take this into account, 
we also estimate means for all 45 variables: 

where xj;k;m;s is the value of the j-th person on the k-th variable for the m-th imputed 
dataset in a simulation run s, and bxk;s is the mean of variable k as estimated based on 
simulation run s.

We use two measures for evaluating the quality of estimates: their absolute average 
deviations from the population benchmarks and their variances, as approximated 
through the 1,023 runs of the Monte Carlo simulation.
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For conciseness, the following paragraphs describe the calculation of the absolute 
average Monte Carlo deviations and variances with respect to univariate frequencies; the 
calculation of the absolute average Monte Carlo deviations and variances for means is 
analogous.

As a first measure, we obtain the average Monte Carlo deviation for each of the 268 
estimands by taking the mean of deviations π̂i;s  πi of an estimated frequency from the 
population benchmark over all simulation runs S for each of the estimands: 

This means we end up with 268 average Monte Carlo deviations for each scenario to 
evaluate the effects of the different strategies.

Since we are only interested in the magnitude of the average Monte Carlo deviations 
(and not their direction), we analyze their absolute values: 

This measure is also commonly referred to as an indicator of bias. However, identify-
ing bias in a strict sense requires full convergence across simulation runs. Despite the 
relatively large number of simulation runs, we cannot guarantee that all average devia-
tions – 268 for frequencies and 45 for means in each scenario – have fully converged. 
Furthermore, it is not feasible to increase the number of simulation runs indefinitely to 
ensure complete convergence is achieved. Consequently, deviations from the benchmark 
may reflect a combination of bias and some remaining variance across the simulation 
runs. Variances of estimates across simulation runs can be theoretically expected to differ 
between the SQD strategies, as they induce varying levels of imputation uncertainty 
(Raghunathan & Grizzle, 1995). We therefore recommend interpreting differences in 
average Monte Carlo deviations as indicators of general estimation quality, rather than as 
definitive evidence of bias.

Although we summarize absolute average Monte Carlo deviations at an aggregate 
level, each individual cdevMC;i


(assuming sufficient precision in its approximation across 

the simulation runs) can be understood as representing the systematic error associated 
with a specific category i. Consequently, a large cdevMC;i


for even a single category may 

signal a critical weakness in a given SQD strategy. To aid in the assessment of potential 
systematic deviations, Appendix Figures A1–A8 present the absolute average Monte 
Carlo deviations for all four strategies along with their corresponding 95% confidence 
intervals, based on standard errors calculated as described by Morris et al. (2019).

As a second measure, we calculate Monte Carlo variances σ̂2
MC;i for all 268 estimands 

across the 1,023 simulation runs: 

where πi represents the average of all estimates for a frequency i. Like the absolute 
average Monte Carlo deviations, the variances are analyzed collectively, but still, each of 
the 268 points in the graph represents the variance of one variable category.
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5. Results

5.1. Absolute average Monte Carlo deviations

Figure 2 displays the absolute values of the average Monte Carlo deviations for all 
univariate frequency estimates within the four different scenarios. Every data point 
shown represents the average deviation of one specific category of a variable. To simplify 
the analysis, boxplots are superimposed over these average deviations.

As shown by Figure 2, for single-topic modules an extended core module leads to 
estimations on average closer to the benchmark. For example, while 32.5% of absolute 
average Monte Carlo deviations are larger than 0.0025 (that is, a quarter of a percentage 
point) with a simple core module, it is only 24.6% with an extended core module. This 
was expected since the key items in the extended core module were selected based on 
their comparatively high correlation with the remaining items of the respective topic and 
thus supporting the imputation process.

However, even when using an extended core module, absolute average Monte Carlo 
deviations with single-topic modules are, overall, still higher than with random modules. 
This applies to both random modules with and without an extended core module: Both 
random modules strategies outperform single-topic modules with an extended core 
module substantially. For example, only 13.4% and 14.2% of absolute average Monte 
Carlo deviations are larger than 0.0025 in these scenarios, as compared to 24.6% in the 
single-topic modules scenario with an extended core module.
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Interestingly, the extended core module shows barely any effect when using random 
modules. We found that an extended core module only improves estimate quality with 
single-topic modules, but hardly so when using random modules.

Figure 3 displays the absolute values of average Monte Carlo deviations for 45 mean 
estimates. As for frequency estimates, absolute average Monte Carlo deviations turn out 
the largest with STM and a simple core module, with values up to 0.07, while RM have the 
lowest absolute average Monte Carlo deviations regardless of the core module strategy. 
STM with an extended core module again performs better than without the extended 
core module, but still inferior to RM.

STM = single-topic modules; RM = random modules. Based on a Monte Carlo simu-
lation with 1,023 runs per scenario.

These results might be explained by the covariance structure of data. A covariance 
structure that favors the application of an extended core module would include key 
variables that are particularly highly correlated to all the other variables of its topic, such 
that their predictive information on the other variables can be exploited in the imputa-
tion. In reality, however, high correlations within a topic may not occur on one specific 
key item in particular: High correlations within a survey topic may be distributed over 
different items, implying that there is no single key item that would be strongly correlated 
to all other items of its topic.

For a random modules strategy, a covariance structure is advantageous if higher 
correlations are distributed across different items within a survey topic. Random mod-
ules tend to distribute all the items of a topic across different modules, which may 

Figure 3. Absolute values of average Monte Carlo deviations of 45 mean estimates, by core module 
construction strategy and split module construction strategy.
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represent this type of covariance structure better than allocating specific key items to a 
core module. In consequence, here, random modules lead to better results than single- 
topic modules even with an extended core module.

This might also explain why the extended core module has almost no effect in the 
random modules condition: The random allocation already entails that highly correlated 
items tend to be in different modules and are thus capable of supporting each other’s 
imputation. In this situation, it seems not decisive that, in addition, some key items are 
fully observed.

5.2. Monte Carlo variances

Figures 4 and 5 display the Monte Carlo variances for all univariate frequency estimates 
(Figure 4) and all mean estimates (Figure 5) across the four scenarios. The presentation 
format otherwise corresponds to that in the previous figures.

STM = single-topic modules; RM = random modules. Based on a Monte Carlo simu-
lation with 1,023 runs per scenario.

STM = single-topic modules; RM = random modules. Based on a Monte Carlo simu-
lation with 1,023 runs per scenario.

Differences between the scenarios are more difficult to spot in the graph with Monte 
Carlo variances as compared to the absolute average Monte Carlo deviations. Yet, at least 
for means, the general pattern still follows the same trends: STM lead to increased 

Figure 4. Monte Carlo variances of 268 univariate frequency estimates, by core module construction 
strategy and split module construction strategy.
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variance compared to RM, while the use of an extended core module can reduce this 
difference to some extent. Meanwhile, the variances for frequency estimates are similar 
across scenarios. However, relatively high variances seem more common with STM (both 
with simple and extended core module) compared especially to RM with simple core 
module, at least with respect to estimates of means.

6. Discussion

This paper examined two strategies to design a core module for an SQD both with single- 
topic modules and random modules using a Monte Carlo simulation study based on the 
GIP data. The study yields three main findings:

First, an extended core module strategy leads to estimations on average closer to the 
benchmark and, at least when estimating means, variances for single-topic modules 
compared to the simple core module strategy with only sociodemographic items. This 
finding replicates previous evidence from a different data context by Moore et al. (2020). 
Single-topic modules using only sociodemographic items in the core module, by contrast, 
fail to capture the covariance structure of the data sufficiently and yield the least favorable 
outcomes. Thus, in cases in which avoiding single-topic modules is no viable option, 
extending a core module through key items from substantive survey topics should be 
considered. Furthermore, this finding raises the question whether sociodemographic 
items always need to be part of a core module or could be included in split modules as 
well. When only arguing from an imputation perspective, their rather low correlations 

Figure 5. Monte Carlo variances of 45 mean estimates, by core module construction strategy and split 
module construction strategy.
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with the other variables in this dataset substantiate this notion. However, testing strate-
gies without the sociodemographic items in the core module explicitly was out of scope 
for this study. Furthermore, even if the sociodemographic variables have no effect on the 
imputation, there may be other reasons to keep these items fully observed. First, socio-
demographic variables are typically used to assess nonresponse bias and calculate 
weights. Second, they often serve as grouping variables in social analysis, for example, 
to compare young vs. old, poor vs. rich, or less educated vs. highly educated respondents; 
in the same vein, these variables are typically used as ‘control variables’ in multivariate 
analyses. Third, if an analysis should only pertain to subpopulations, these usually are 
defined based on sociodemographic characteristics as, for example, only citizens with 
voting rights or only people in employment. Of course, these functions of sociodemo-
graphic variables could also be fulfilled if they were imputed, that is, part of a rotating 
module or randomly assigned to respondents. However, the question is if sociodemo-
graphic variables can be imputed satisfyingly in an SQD due to their often nominal scale 
of measurement with many rather infrequent categories and their rather limited correla-
tions with the other variables.

Second, we observed that even with an extended core module, the single-topic module 
strategy could not keep up with random modules in terms of the quality of estimates. 
This applies to both random modules with an extended core module or even a simple 
core module. This might result from the covariance structure of the dataset: Even key 
items are not consistently highly correlated to all other variables of their topic. 
Furthermore, within survey topics many correlations are rather small but still large 
enough to have an influence on the imputation. Distributing these slightly higher 
correlations of variables within a topic across different modules can improve the imputa-
tion and, in consequence, the estimation. Thus, the covariance structure of this dataset 
favors the application of random modules compared to single-topic modules with an 
extended core module.

Third, the extended core module has almost no effect when using random modules.
Thus, random modules may have the additional advantage that the core module might be 
kept short, which reduces questionnaire length.

Altogether, we find that from an imputation perspective, random modules outperform 
single-topic modules independent of core module specification. This is in line with 
earlier research, which generally stresses the importance to allocate highly correlated 
items to different modules (Axenfeld et al., 2022a; Imbriano & Raghunathan, 2020; 
Raghunathan & Grizzle, 1995) and corroborates this argument to hold even with an 
extended core module. This means that survey designers should construct split modules 
such that each module covers the different topics of the survey rather than only a single 
topic. If this is done, there may be no need for (and no avail in) an extensive core module. 
Meanwhile, if single-topic modules are the only option available, an extended core 
module may help. Yet, when considering an extended core module, survey designers 
should still carefully assess the implications the resulting prolonged questionnaire may 
have, as for instance on survey costs or respondent fatigue and thereby on response 
quality.

What do our results imply for the construction of questionnaires for SQDs? From a 
survey practitioner’s point of view, the relatively small absolute differences of the 
absolute average Monte Carlo deviations for frequencies and means may seem to indicate 
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that the choice of module construction strategy has little substantive impact on the 
quality of (univariate) estimates after imputation. It should be pointed out, however, 
that single-topic modules resulted in considerably more outliers among absolute average 
Monte Carlo deviations, indicating that following this strategy implies a greater risk of 
undermining estimation quality based on the imputed data. Combining the single-topic 
modules strategy with an extended core module reduces this risk but not as much as 
choosing a random distribution of items across modules. Thus, if priority is given to 
maximizing the quality of estimates as resulting from the imputation of incomplete data, 
the clear recommendation is to distribute survey items of a topic across modules rather 
than allocating all of them to the same module. This does not mean that questionnaire 
coherence must be neglected. Rather, as the module structure of the SQD does not dictate 
the order in which items are presented to respondents, we believe that coherent ques-
tionnaires may be possible even with a random-modules strategy. For practice, this 
means that items do not have to be presented sorted by module but can be delivered to 
respondents in their original thematic order. As compared to a complete questionnaire, 
this would mean that while some items are left out in each questionnaire form, the 
overarching structure of the questionnaire remains untouched. Hence, respondents 
should – by and large – experience the shorter questionnaire just as coherent as the 
longer, complete questionnaire. Such a strategy would be compatible with the demand 
for suitable imputations as well as practitioners’ concern with presenting questionnaires 
that make sense to respondents.

This study has some limitations. First, it deals exclusively with the statistical question 
of when the imputation works best using pre-existing data. Hence, it does not include 
implementing an SQD in an actual data collection. This means that examining how the 
different module construction strategies affect response behavior or respondents’ experi-
ence of the questionnaires is out of scope. This especially includes the question whether 
single-topic modules in fact have advantages regarding perceived questionnaire consis-
tency and, if so, whether this perception has any effect on data quality. For investigating
issues like that, field experiments are needed in the future.

Second, the measures we used to compare estimation quality under the different 
scenarios – absolute average Monte Carlo deviations and Monte Carlo variances – 
have some limitations and particularly require a sufficient number of simulation runs. 
Even though we had more than a thousand simulation runs, some observed Monte Carlo 
deviations might appear different from zero only due to a lack of convergence. To some 
extent, absolute average Monte Carlo deviations may therefore be the result of both bias 
and/or variance of estimates after imputation. Yet, the confidence intervals of the 
deviations displayed in Appendix Figures A1–A8 show that depending on SQD scenario 
and estimand type, between 60% and 88% of absolute average Monte Carlo deviations are 
significantly different from zero. This suggests that to some degree, observed deviations 
might reflect systematic deviations for many of the estimands, that is, a bias. This may not 
be an isolated finding of the specific imputation strategy in this simulation, as previous 
research finds similar or higher average deviations with a wide range of multiple- 
imputation methods and models (Axenfeld et al., 2022b). Determining the exact statis-
tical cause of this potential bias is out of scope for this study. On the one hand, statistical 
theory suggests that systematic bias should not arise with multiple imputation in a 
missing-completely-at-random scenario (as it is examined in this study). On the other 
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hand, this expectation presupposes a correctly specified imputation model. In practice, 
imputation models that are correctly specified in an absolute sense may be rarely 
achievable, particularly with real-world data, which rarely conform exactly to the dis-
tributional assumptions underlying any standard statistical technique. As a result, bias 
might emerge from the practical difficulty of specifying a correct model, even when all 
analysis variables are included. This challenge might also contribute to differences in 
estimation quality across the various module construction strategies within an SQD due 
to their different amounts of available information. The apparent discrepancy between 
theory and practice points to a need for further research into the mechanisms by which 
real-data issues may manifest as systematic bias in multiple imputation settings. At the 
same time, it remains plausible that observed performance differences between the SQD 
strategies may, at least in part, stem directly from differences in variance: Given that the 
amount of information available in the data with each of the SQD strategies varies, 
corresponding differences in imputation uncertainty are to be expected (Raghunathan & 
Grizzle, 1995), potentially resulting in differing levels of estimate variability across 
simulation runs. Ultimately, it is not possible to disentangle with certainty whether the 
observed differences in performance are primarily driven by bias or by variance. 
Nonetheless, the primary objective of this study was to provide a general comparison 
of the four SQD strategies with regard to their overall estimation quality, rather than 
focusing exclusively on bias or variance. We presume that, for practitioners in survey 
research, overall estimation quality is likely to represent the more relevant criterion when 
selecting an appropriate SQD strategy for their specific application.

Third, strategies for core module construction differing from those tested here could 
yield diverging outcomes. This involves two main aspects. On the one hand, through 
mathematical optimization procedures, one might improve the selection of key items 
beyond what is done in this paper. Yet, in survey practice the information on the 
covariance structure of the data needed for such procedures may rarely be available at 
the stage of questionnaire design (see also Axenfeld et al., 2022a). On the other hand,
allocating even more key items to a core module might help single-topic modules to catch 
up with random modules in terms of the imputation’s performance. However, large core 
modules also mean longer questionnaires, which may at some point contradict the 
overall purpose of a split questionnaire design.

Fourth, our simulation study only examined planned missing data from split ques-
tionnaire designs, which are usually missing completely at random. For severe item 
nonresponse problems with more complex missingness mechanisms, some key items 
might also determine the selection into item nonresponse and thus might be required to 
be fully observed to correct for nonresponse bias. In this situation, including key items in 
a core module might improve the imputation even with random modules or equivalent 
strategies.

Fifth, this study tests the performance of multiple imputation only with respect to 
univariate estimates. Bivariate and multivariate estimates were out of scope. Previous 
research, however, has shown similar patterns in effects of different module construction 
strategies on univariate and bivariate estimates, with single-topic modules performing 
overall inferior to random modules (Axenfeld et al., 2022a).

Finally, this study is based on a single social survey dataset. The question is to which 
extent the findings can be transferred to surveys in social science in general. For instance, 
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our dataset is rather small in comparison to other surveys with several hundred variables 
in which SQDs are applied. However, we suspect that the covariance structure is 
comparable to many other datasets in social survey practice. In this regard, one open 
question is whether there may be surveys with specific covariance structures that favor an 
extended core module strategy. This would require data with a small number of key 
variables that collectively cover the covariance structure to the other variables in the split 
modules to a sufficient degree. However, we assume that this situation may be unlikely in 
survey practice. Rather, as in our dataset, there will probably be many moderate or small 
but non-zero correlations within a survey topic which are often higher than correlations 
between variables of different topics. Nonetheless, to expand the external validity of the 
findings obtained in this study, more research is needed with data that covers different 
topics and measurement instruments, particularly with surveys in other disciplines of the 
social sciences.

Notes

1. For a more detailed information on the GIP data and its data collection procedure, see Blom 
et al. (2015, 2017) and Cornesse et al. (2021).

2. According to Morris et al. (2019), common numbers of simulation runs in Monte Carlo 
simulations are 500 and 1,000. In our study, 1,023 simulation runs were favored over a 
round number (e.g. 1,000) because we had access to 1,024 processor cores (one core per 
simulation run, except for one consumed by setting up the simulation).

3. For example, the European Social Survey 2020 has a mean net sample size of 1,925 (median: 
1577) persons per country (ESS Round 11, 2024), and the International Social Survey 
Programme 2021 has on average 1,485 (median: 1,361) persons in each country sample 
(ISSP Research Group, 2024). In our simulation study, the sample size of 2,000 is equivalent 
to a net sample size, as unit nonrespondents were excluded from the data beforehand.
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Appendix. Confidence intervals of average absolute Monte Carlo deviations

Figure A1. Simple core module and single-topic modules: absolute values of average Monte Carlo 
deviations of 268 univariate frequency estimates with 95% condence intervals. Based on a Monte 
Carlo simulation with 1,023 simulation runs.
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Figure A2. Extended core module and single-topic modules: absolute values of average Monte Carlo 
deviations of 268 univariate frequency estimates with 95% condence intervals. Based on a Monte 
Carlo simulation with 1,023 simulation runs.

20 J. B. AXENFELD ET AL.



Figure A3. Simple core module and random modules: absolute values of average Monte Carlo 
deviations of 268 univariate frequency estimates with 95% condence intervals. Based on a Monte 
Carlo simulation with 1,023 simulation runs.
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Figure A4. Extended core module and random modules: absolute values of average Monte Carlo 
deviations of 268 univariate frequency estimates with 95% condence intervals. Based on a Monte 
Carlo simulation with 1,023 simulation runs.
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Figure A5. Simple core module and single-topic modules: absolute values of average Monte Carlo 
deviations of estimates with 95% condence intervals. Based on a Monte Carlo simulation with 1,023 
simulation runs.

Figure A6. Extended core module and single-topic modules: absolute values of average Monte Carlo 
deviations of 45 mean estimates with 95% condence intervals. Based on a Monte Carlo simulation 
with 1,023 simulation runs.
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Figure A7. Simple core module and random modules: absolute values of average Monte Carlo 
deviations of 45 mean estimates with 95% condence intervals. Based on a Monte Carlo simulation 
with 1,023 simulation runs.

Figure A8. Extended core module and random modules: absolute values of average Monte Carlo 
deviations of 45 mean estimates with 95% condence intervals. Based on a Monte Carlo simulation 
with 1,023 simulation runs.
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