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Factorial survey experiments (FSEs) are widely used tools for identifying judgment princi-
ples and subgroup differences, leveraging their experimental designs to draw causal inferences.
Systematic item nonresponse can undermine this advantage, arising from diverse and frequently
unobserved causes before data collection, such as questionnaire design, or during data collection,
such as respondent characteristics. This paper investigates an FSE on entrepreneurs’ likelihood
of purchasing voluntary unemployment insurance in Germany, which experienced unexpectedly
high item nonresponse. The paper addresses the following research questions: 1) What design
Sflaws or contextual factors may have contributed to the high item nonresponse rates? 2) How can
researchers consider — and possibly prevent — systematic item nonresponse in factorial survey
experiments? The analyses reveal that the item nonresponse is primarily driven by the perceived
implausibility of certain dimension levels. Furthermore, the study shows that the impact can be
mitigated by excluding the problematic dimension level(s) without compromising level balance
or the independence of all dimension levels. The findings highlight the importance of thorough
questionnaire pretesting, especially for cross-national policy adoption, and of identifying and
addressing potential causes of item nonresponse to ensure the validity of FSE results. Ulti-
mately, this “failed” study offers a valuable learning opportunity and contributes to transparency

in methodological reporting.
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1 Introduction

Survey experiments have gained substantial popularity in
recent years (Treischl & Wolbring, 2022). Among these,
factorial survey experiments (FSEs) are widely used to
assess judgment principles and behavioral intentions, for
example, on gender discrimination in hiring decisions
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(Bertogg et al., 2020) or perceptions of wage gaps be-
tween immigrants and natives (Semyonov et al., 2024).
FSEs combine the strengths of traditional surveys, that is,
large heterogeneous samples, with those of experimental
designs, such as highly controlled environments, enhancing
both external and internal validity (Auspurg & Hinz, 2015).

FSEs have methodological strengths, such as disguising
sensitive dimensions compared to single-item questioning
(Auspurg et al., 2014), and realistic questioning that encour-
ages trade-offs, while enabling the estimation of individual
effects through randomized and orthogonal design struc-
tures (Auspurg & Hinz, 2015). Further, when implemented
correctly, FSEs achieve level balance across dimension lev-
els, maximizing variance and statistical power (Auspurg &
Hinz, 2015, p. 25).
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However, nonresponse can threaten these advantages. In
survey research, nonresponse occurs in two main ways: unit
nonresponse, in which respondents do not participate in the
survey at all, and item nonresponse, in which respondents
answer “don’t know” or skip specific questions (Ciuk &
Yost, 2019; Shamon et al., 2022). Vignette nonresponse is
a specific type of item nonresponse and refers to missing
evaluations of vignettes.

In standard survey questions, item nonresponse can in-
troduce systematic bias when specific subgroups do not
answer them (Rissler & Riphahn, 2006). In FSEs, item
nonresponse might affect not only the answers but the en-
tire experimental design (Ciuk & Yost, 2019). In particular,
missing vignette evaluations may jeopardize level balance
and orthogonality, potentially leading to dependencies be-
tween dimensions and biased estimates (Auspurg & Hinz,
2015; Wooldridge, 2010).

Although vignette nonresponse occurs relatively infre-
quently (Auspurg et al., 2019; Shamon et al., 2022), it can
still arise under certain conditions. Often, item nonresponse
is linked to strong satisficing, in which respondents reduce
cognitive burden during the response process when the task
is perceived as too burdensome or sensitive by quitting the
entire process (Krosnick & Alwin, 1987; Shamon et al.,
2022; Tourangeau, 1984). Sauer et al. (2020), for example,
show that item nonresponse increases when respondents are
asked to use magnitude scales rather than standard rating
scales, suggesting that task complexity plays a key role.

In this paper, we present a potentially failed FSE due
to item nonresponse. We report on an FSE on attitudes to-
ward voluntary unemployment insurance for entrepreneurs
in Germany, which yielded an unexpectedly high rate of
item nonresponse. To explain this surprising finding, we
revisited the design and implementation of the experiment
to answer two central questions: /) What design flaws or
contextual factors may have contributed to the high item
nonresponse rates? 2) How can researchers consider—and
possibly prevent—systematic item nonresponse in factorial

Imagine that you start a new company today and you can sign up for voluntary
unemployment insurance within the first three months of starting the company.
The monthly contribution is €25 and the monthly benefit amount in the event of
unemployment is €850.

How likely would you be to take out this insurance?

0 means not at all likely and 10 means very likely

Fig. 1

Vignette example of the factorial survey experiment. The
experimental levels are 3 months, 6 months, and 12 months
for the time limit dimension, €25, €100, and €150 for the
monthly contribution dimension, and €850, €1400, and
€1950 for the benefits dimension.

survey experiments? In doing so, we contribute to the rela-
tively small body of literature on item nonresponse in fac-
torial survey experiments, particularly by investigating the
potential underlying causes of item nonresponse in the ex-
perimental design. Additionally, we contribute to the grow-
ing conversation about research transparency by sharing
this failed experiment and learning from mistakes to im-
prove methodological guidelines, especially in the realm of
factorial survey experiments.

2 Data and Experimental Design

2.1 Sample

Between July 1 and July 28, 2024, we conducted a web sur-
vey targeting entrepreneurs who received a subsidy from the
Federal Employment Agency to found a company in Ger-
many between 2015 and 2017 (Zimmermann, 2024)!. The
survey included a factorial survey experiment. The study
population consists of 31,535 entrepreneurs drawn from the
Federal Employment Agency’s administrative data. 3110
individuals completed the web survey, yielding a response
rate of 10%. For our analyses, we use the survey and the
administrative data of the Federal Employment Agency. Be-
cause of privacy policies, we link survey and administrative
data only for respondents who consented to linking their
survey responses with administrative data. 87% of individ-
uals consented, yielding an analytical sample of 2701 par-
ticipants (Supplementary Information, Table A1). We focus
only on individuals who consented because socio-demo-
graphic variables, such as age and gender, are available only
in administrative data. See Table A2 in the Supplementary
Information for summary statistics of the sample.

2.2 Factorial Survey Experiment: Design and
Reflection

The factorial survey experiment examines the likelihood
that entrepreneurs purchase voluntary unemployment in-
surance, which is available in Germany for the first three

I The employed data contain German administrative data which are
processed and kept by IAB according to Social Code III. There are
certain legal restrictions due to the protection of data privacy. The data
contain sensitive information and therefore are subject to the confi-
dentiality regulations of the German Social Code (Book I, Section 35,
Paragraph 1). The data are held by the Institute for Employment
Research (IAB), Regensburger Str. 104, D-90478 Niirnberg, email:
iab@iab.de, phone: +49 911 1790. If you wish to access this data for
replication purposes, please get in contact with the author, see https://
iab.de/en/facts-and-figures-2/data-access-for-replication- purposes/.
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months after founding a company. To assess the insurance’s
attractiveness, we experimentally varied three attributes: the
time limit after founding in which entrepreneurs can pur-
chase the insurance, including 3, 6, and 12 months, the
monthly insurance contribution, encompassing €25, €100,
and €150, and the amount of unemployment benefits, in-
cluding €850, €1400, and €1950 (Fig. 1). To ensure a re-
alistic description, these values were adapted from the Aus-
trian voluntary insurance model (see Supplementary Infor-
mation, Appendix B).

The experimental design included three dimensions with
three levels each (3 x 3 x 3), resulting in a vignette uni-
verse of 27 unique vignettes. The vignettes were tested in-
ternally by researchers and university students, who deemed
all combinations plausible and logical; thus, the full set of
27 vignettes was retained, resulting in a full factorial de-
sign. Three vignettes were randomly assigned to each re-
spondent, drawn without replacement: 27 x 26 x 25 (27
unique vignettes in the first draw, 26 in the second, and 25
in the third), ensuring orthogonality and level balance.

We followed the methodological guidelines by Auspurg
& Hinz (2015). Thus, several elements of our design ad-
here to established best practices to reduce item nonre-
sponse. First, implementing the FSE in a web-based mode
is consistent with the current gold standard for FSEs. Web
mode reduces social desirability bias by eliminating the in-
terviewer’s presence. It allows respondents to visually take
in the vignettes, thereby decreasing cognitive burden and
reducing the likelihood of strong satisficing in the form of
item nonresponse (Auspurg & Hinz, 2015, p. 75ff). Further,
distributing only three vignettes per respondent reduces fa-
tigue effects, as this number is far below the threshold of
10 vignettes for these effects.

Where we did not follow best practices was the simple
design with only three dimensions, which falls below the
standard 7 +2 dimensions commonly recommended. This
limited number of dimensions might lead to boredom or fa-
tigue because respondents repeatedly evaluate very similar
vignettes (Auspurg & Hinz, 2015, p. 18). We show individ-
uals only three vignettes, and the results are robust for the
first vignette; thus, this deviation from the guidelines pro-
vided by Auspurg & Hinz (2015) probably does not affect
our study.

All these decisions were intended to achieve a high level
of data quality in our FSE. However, despite our efforts,
our study experienced unusually high item nonresponse in
the vignette evaluations. Upon reflection, we identify some
aspects of the design process that may have contributed
to the emergence of item nonresponse. Most notably, we
conducted an informal pretest with academic colleagues
and university students but refrained from a formal pretest
with members of the target population. While our internal
pretests found all vignettes to be logical and comprehen-

sible, this may not have held for the actual respondents.
In particular, the Austrian model we incorporated into the
study design seemed plausible to us due to the similarities
between Germany and Austria (Auswirtiges Amt, 2025)
and their labor market institutions (e.g., Ebner et al., 2013)
but may have been sensitive, unrealistic, or confusing for
our respondents.

In summary, while the majority of the experimental de-
sign follows best practices, the lack of target population-
specific pretests and assumptions about the plausibility may
have undermined data quality. We will further investigate
the potential sources and consequences of item nonresponse
through extensive data analysis in the following sections.

3 Results

3.1 Patterns and Predictors of Item Nonresponse

To answer our first research question—What design flaws
or contextual factors may have contributed to the high item
nonresponse rates ’—we examine three potential sources of
error: software and coding malfunctions, survey design, and
respondent characteristics.

3.1.1 Item Nonresponse through Software and Coding
Malfunctions

We first investigate whether technical issues, such as soft-
ware or coding malfunctions, contributed to item nonre-
sponse. Each respondent was randomly assigned three vi-
gnettes from the entire vignette universe. As shown in Fig-
ure Al, the levels of each surveyed dimension are dis-
tributed evenly, ensuring level balance and orthogonality
by design. Further, we reviewed all data preprocessing steps
and found no anomalies. Based on these checks, we did not
find any evidence that software and coding malfunctions
contribute to item nonresponse.

3.1.2 Item Nonresponse through Survey Design

The surveyed vignettes were randomly assigned to partic-
ipants (Figure Al). However, response rates differ across
levels of “contribution” and “benefit” dimensions, but not
across levels of the “time limit” dimension (Fig. 2). Because
each vignette combines one level from each of the three di-
mensions, a respondent who does not answer a vignette due
to a particular “contribution” or “benefit” level also does not
provide information on the co-occurring “time-limit” level.
Consequently, item nonresponse appears in all dimensions



316 SOPHIE HENSGEN, FLORIAN ZIMMERMANN

100%

80%

Response Rate (%)

Time Limit

B 3 months time limit | €25 monthly contribution

Contribution

60%
40%
20%

0%

Benefit

| €850 monthly benefit
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Fig. 2

Response rate by dimensions and levels. The survey levels are 3 months, 6 months, and
12 months for the time limit dimension, €25, €100, and €150 for the monthly contribu-
tion dimension, and €850, €1400, and €1950 for the benefits dimension. The number of
cases is 2495 individuals and 6192 observations. Source: Own survey and own calculations

(Zimmermann, F. & Hensgen S, 2026).

as a baseline level of missingness. However, only system-
atic differences in response rates across levels within a di-
mension provide evidence that this dimension causes non-
response. This induced nonresponse by the “contribution”
or “benefit” dimensions also threatens the orthogonality as-
sumption, as it creates dependencies between the dimension
levels.

To investigate correlations across different dimensions,
we present results for both the nonparametric Spearman
rank correlation coefficient and the parametric Pearson’s
correlation coefficient.

Higher contributions are positively associated with the
response rates, while higher benefits are negatively associ-
ated with response rates (Supplementary Information, Table
A3). The absolute sizes of the correlations range from 0.2 to
0.3, which are considered small to medium in size (Akoglu,
2018; Lovakov & Agadullina, 2021). For the time limit di-
mension, the response rates are evenly distributed. The cor-
relation is not statistically significant and negligibly small,
with a size of 0.001. These findings indicate that contribu-
tions, benefits, or both may be subject to systematic item
nonresponse.

As the dimensions, benefits, and contributions may be
potential reasons for systematic item nonresponse, we ex-
amine their combination. As before, the €25 contribution
level (Fig. 3—dark gray bar) is associated with lower re-
sponse rates. Additionally, the difference in response rates
becomes more pronounced at higher benefit levels. When
focusing on complete cases, the correlation between con-
tribution and benefits is statistically significant when con-
sidering all levels of each dimension, albeit the correlation
coefficient is below 0.1. Thus, its effect size might reflect
“ambient correlational noise” (Table A4) (Weinerova et al.,
2022, p. 20). When excluding the €25 contribution level,
these correlations disappear (Table A5), and the distribution
of response rates across benefit levels becomes more even
(Figure A2). Furthermore, the correlation between contri-
bution and benefits decreases by around 50%, from 0.056
to 0.028. These results suggest that combinations of low
contributions and medium-to-high benefits are particularly
affected by item nonresponse, whereas those of high con-
tributions and low benefits are not.

To further investigate the extent of item nonresponse
across the vignette universe, we analyze the response fre-
quency for each vignette from the vignette universe. First,
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Response rates of contribution levels by benefits. The number of cases is 2495 individuals and
6192 observations. Source: Own survey and own calculations (Zimmermann, F. & Hensgen S,

2026).

we assess whether all 27 vignettes were answered at least
10 times to ensure sufficient statistical power. Each vignette
was answered at least 125 times, ensuring sufficient statis-
tical power. Second, we investigate the distribution of re-
sponses for each vignette. Fig. 4 shows clear differences in
the response distribution, with a global peak around 225 and
a local peak around 150, indicating two distinct distribu-
tions. When splitting the vignette universe into subsets with
and without the €25 contribution level, we observe sub-
stantial variation between these two subsamples. While the
vignette sample with the €25 contribution level has been
answered around 125-225 times, the vignette sample with-
out the €25 contribution level has been answered 215-300
times. This minimal overlap suggests that the €25 contribu-
tion level is the primary driver of item nonresponse. These
findings complement the correlation analyses and show that
removing the first contribution level, €25, may effectively
mitigate item nonresponse.

3.1.3 Item Nonresponse by Respondent
Characteristics

We next investigate whether item nonresponse varies sys-
tematically across respondent characteristics, specifically
by gender, age, and entrepreneurship status. First, response
rates are identical for men and women, at 76%. When ex-
cluding the €25 contribution level, we still find statistically
significant Spearman rank correlations between dimensions

for women and men, albeit their sizes are below 0.1 and
thus negligible (Table A6). Among women, contributions
and time limits remain statistically significantly correlated,
whereas among men, contributions and benefits are statisti-
cally significantly correlated. These findings suggest some,
potentially negligibly small, systematic differences in item
nonresponse between women and men, albeit these correla-
tions might also just reflect “ambient correlational noise”.
Thus, we perform further analyses to test whether this po-
tential bias affects the results.

Second, using a sample split at the median age of 51,
we find that older respondents answer approximately 73%
of the vignettes, while younger respondents answer 80%.
When the first contribution level is excluded, we find no
statistically significant correlations between any dimensions
for either age group, and the correlation sizes are negligibly
small, with values below 0.04 (Table A7). These results
indicate that age differences should not lead to systematic
item nonresponse.

Third, entrepreneurship status might influence item non-
response, as the relevance of the insurance differs for cur-
rent versus former entrepreneurs. In our sample, 77% are
currently entrepreneurs (Supplementary Information, Table
A2) and have a higher response rate (79%) than former
entrepreneurs (69%). However, we find no statistically sig-
nificant correlations among the dimensions when excluding
the first level of contribution for either group (Table AS).
Notably, the correlation sizes for some dimensions are 0.06,
which are thus larger than the statistically significant cor-
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Kernel density of the evaluated vignette universe by contribution level shown on vignettes. Vi-
gnettes are grouped according to contribution amount shown on the vignette irrespective of
the values of the other two vignette dimensions. The x-axis displays the number of times each
unique vignette—that is, each unique combination of levels across all three dimensions—was
evaluated. “All levels” represents all vignettes including €25, €100 and €150 of contribu-
tions. “Only €100 and €150 of contribution” includes all vignettes that have level 2 (€100)
or level 3 (€150) of contribution and any level of the other two dimensions. “Only €25 of
contribution” includes all vignettes that have level 1 (€25) of contribution and any level of
the other two dimensions. The number of observations is 6192. Source: Own survey and own
calculations (Zimmermann, F. & Hensgen S, 2026).

relations between some dimensions for men and women.
However, their correlation size is still negligibly small, and
might again reflect “ambient correlational noise”. Overall,
we find no evidence that differences in entrepreneurship
status led to systematic item nonresponse. However, we
still include entrepreneurship status for further robustness
checks, given the size of the correlations.

3.2 Substantive Results of FSE and Robustness
Checks

To answer our second research question—How can re-
searchers consider—and possibly prevent—systematic item
nonresponse in factorial survey experiments?—we investi-
gate the impact of excluding certain levels or subgroups
from the item nonresponse analysis to evaluate the poten-
tial impact on substantive results of the factorial survey
experiment.

We begin by investigating whether the €25 contribu-
tion level affects the FSE results. To do so, we employ

OLS regressions across three samples: the full sample, the
€25 contribution-only sample, and the sample excluding
the €25 contribution level (see the comprehensive mod-
els in the Supplementary Information Table A9). The re-
sults for the full sample (depicted by the black dots in
Fig. 5) show no effect of the time limit on the probabil-
ity of buying voluntary unemployment insurance. Higher
contributions lower the probability of buying this insur-
ance, while higher benefits increase it. These results re-
main robust even when vignettes with the €25 contribu-
tion level are excluded. Likewise, when analyzing only the
€25 contribution level subsample, the results for time limits
and benefits remain robust. Notably, the €1950 benefit is
marginally not statistically significantly different from the
€1400 benefit at the 5% level (p = 0.075) when focusing
on the €25 contribution level subsample. However, there
are no statistically significant differences in the coefficient
sizes across the three levels. In summary, the general pattern
remains unchanged, suggesting that the potentially system-
atic item nonresponse associated with the €25 contribution
level does not substantially bias the results.
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Linear regression model on the probability of buying insurance. The dependent variable is
the probability of buying voluntary unemployment insurance. See Table A9 the Supplementary
Information for the coefficients of the variables and the number of cases. The standard errors
are clustered at the individual level and the confidence intervals reported are at the 95% level
(two-tailed t-test). The number of cases is 2495 individuals and 6192 vignette evaluations for
the OLS regressions, 2405 individuals and 4642 observations for the OLS only €100 and €150
of contribution, 1184 individuals and 1550 observations for the OLS only €25 of contribution.

Source: Own survey and own calculations (Zimmermann, F. & Hensgen S, 2026).

To further investigate the potential effects of the €25
contribution level, we examine potential bias from exposure
to implausible vignettes. Auspurg et al. (2009) found that
exposure to implausible vignettes can reduce how seriously
respondents take subsequent vignettes, possibly leading to
biases in evaluations. We estimate separate regressions for
responses collected before and after respondents saw a vi-
gnette with a €25 contribution (Figure A3). The results and
coefficient sizes are similar, providing additional evidence
that systematic item nonresponse does not bias the FSE
outcomes.

Next, we consider whether systematic item nonresponse
for women and men affects the findings (Supplementary
Material, Figure A4). When estimating separate analyses
for women and men, we find no statistically significant dif-
ferences in coefficients by gender. Similar analyses by age
group and entrepreneurship status, two groups with differ-
ences in item nonresponse (Supplementary Material, Fig-
ure AS5), also yield consistent results. In summary, these
subgroup analyses indicate that results do not differ across
respondent characteristics, despite variation in item nonre-

sponse across groups and potentially systematic item non-
response in some groups.

We also employ multiple tests to investigate the robust-
ness of our results. Thus, we repeat our main regressions
(Supplementary Information, Table A9) for the full sample
(Column 1), for the sample excluding the €25 contribu-
tion (Column 2), and for the sample including only the
€25 contribution (Column 3). In the first test, we include
gender, age, and entrepreneurship status as control variables
because some of these variables showed statistically signifi-
cant correlations with the dimensions, albeit with negligible
effect sizes (Supplementary Material, Table A10). Second,
we employ fixed-effects regressions to consider time-con-
stant unobserved heterogeneity, such as individual prefer-
ences (Supplementary Material, Table A11). Third, we em-
ploy multilevel models to account for the nested structure of
the data, as individuals answered multiple vignettes (Sup-
plementary Material, Table A12). Fourth, we restrict the
analysis to the first vignette presented to each respondent
to ensure that prior vignettes do not affect response behav-
ior (Supplementary Material, Table A13). All of these tests
yield similar results. Notably, the coefficients for €1950
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benefits are not statistically significant for the restricted ver-
sions of the first vignette regressions (Columns 2 and 3),
potentially due to the smaller sample size, although their
coefficient sizes are similar to the unrestricted regression
(Column 1).

4 Discussion

This study on voluntary unemployment insurance for en-
trepreneurs in Germany, which experienced an unexpect-
edly high rate of item nonresponse—more than 20%—, pro-
vides a learning opportunity on factorial survey experiment
design and handling item nonresponse after data collection.

4.1 Why did such high item nonresponse occur?

By examining the design process and item nonresponse
patterns, we can partially answer our first research ques-
tion: What design flaws or contextual factors may have con-
tributed to the high item nonresponse rates?

The answer is multifaceted: it appears that the com-
bination of relying on concepts from other countries—in
the present study, the Austrian model of voluntary unem-
ployment insurance—and the absence of formal pretesting
within the target population led to a critical design flaw.
In particular, the inclusion of the €25 contribution level,
which appears to be the main driver of the item nonre-
sponse, went unnoticed during the design stage.

In general, item nonresponse is often driven by strong
satisficing, as described by cognitive response theory (Kros-
nick & Alwin, 1987; Tourangeau, 1984). Strong satisficing
describes neglecting one or more response process steps, for
example, comprehension or judgment, when they are bur-
densome or socially uncomfortable. In our study, burden
as a source of item nonresponse (Sauer et al., 2020) seems
unlikely, as our vignette design is simple, and item non-
response occurred predominantly at the €25 contribution
level. Instead, a social desirability explanation could be con-
sidered. Respondents might have felt that positively evaluat-
ing the €25 contribution level appeared greedy. However,
two aspects argue against this reasoning. First, the study
was conducted online, which reduces the immediate social
pressure associated with interviewer-administered surveys
(Berzelak & Vehovar, 2018; Sauer et al., 2020). Second, re-
spondents evaluated the €25 contribution level positively,
contradicting the idea that they were abiding by the norm.
If the dimension level had increased social pressure, we
would expect negative evaluations.

A more plausible explanation is that respondents per-
ceived the €25 contribution level as implausible or illogical
and, thus, refused to evaluate what they viewed as a non-

realistic scenario. Implausibility in vignette studies is most
often associated with low data quality, particularly with how
seriously respondents take the vignettes, especially those
following the implausible vignette (Auspurg et al., 2009).
While we found no evidence that vignettes following im-
plausible ones were evaluated differently, our design—three
vignettes per respondent—Ilimits our ability to robustly de-
tect such effects. It is unusual for implausibility to lead to
item nonresponse in FSEs; this has—at least to our knowl-
edge—never been documented. In this study, plausibility
appears to be the most likely reason for item nonresponse,
suggesting that highly implausible scenarios can lead to
strong satisficing.

4.2 Lessons Learned

Through this study, we learned important lessons regard-
ing the design and data collection process of factorial
survey experiments, thus answering our second research
question—How can researchers consider—and possibly
prevent—systematic item nonresponse in factorial survey
experiments?

4.2.1 Preventive Design Strategies

Prevention is crucial, as post hoc solutions are often limited.
Several design-related considerations should be prioritized.
To manage complexity, adjusting the number of dimen-
sions is critical. The literature proposes a range of 7 +2 di-
mensions (Auspurg & Hinz, 2015). This number should be
tailored based on factors such as the presentation mode, for
example, oral or visual, and the nature of the dimensions,
for example, short prompts versus longer descriptions.
Regarding implausibility, there is a debate on whether
excluding specific level combinations is appropriate (Aus-
purg et al., 2009; de la Cuesta et al., 2022; Faia, 1980;
Rossi & Alves, 1980). Removing combinations undermines
the orthogonality of dimensions, distorts level balance, and
detracts from the vignette’s purpose of exploring reality-
expanding combinations, including implausible combina-
tions and dimension levels. Thus, removing combinations
might produce problematic side effects on data and exter-
nal validity (Auspurg et al., 2009; de la Cuesta et al., 2022)
and, in our case, even item nonresponse. To offset the ef-
fects of removing level combinations on orthogonality and
level balance, Auspurg & Hinz (2015) advise employing
a D-efficiency design after removing implausible scenarios
from the vignette universe. The aim is to select a subset
of vignettes that provides the maximum statistical informa-
tion, given the number of respondents and the number of
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vignettes per respondent. This approach reduces the para-
meter variance and ensures maximal information.

For highly sensitive content, Walzenbach (2019) sug-
gests using a between-subject design, showing each par-
ticipant only one vignette or one level of the sensitive di-
mension. However, when feasible, a within-subject design
is preferable due to its higher statistical power.

As we have learned, the study design must be thoroughly
verified. There are three ways we recommend verifying
your design.

1. Literature Review: Consult prior vignette studies or re-
search on the study’s topic to identify potential sensitiv-
ity issues or implausible scenarios that may need to be
addressed.

2. Focus Groups and Cognitive Interviews: Use qualita-
tive methods to identify potential problems in vignette
comprehension, plausibility, or sensitivity, ideally within
your target population (Balza et al., 2022).

3. Pilot Testing: Conduct a small field experiment within
your target population to identify technical issues, ques-
tionnaire design flaws, and patterns of item nonresponse
(Wadood et al., 2021).

4.2.2 Post-Hoc Item Nonresponse

While prevention strategies help mitigate data-collection is-
sues, item nonresponse may still occur, potentially compro-
mising the statistical efficiency of the FSE, including its
dimension orthogonality and level balance. Therefore, we
recommend assessing whether the remaining data are still
analytically usable through the following steps:

First, identify the cause of missingness. In factorial sur-
vey experiments, missingness may arise from a set of five
causes: 1) software and coding malfunctions, 2) the design
of the factorial survey experiment, 3) the characteristics of
the respondent, 4) the interviewer, or 5) the survey modes
(Alkaya & Esin, 2005; Auspurg et al., 2019). We suggest
starting with a thorough check of the software and coding
to rule out malfunctions. Then, analyze patterns of miss-
ingness across vignette dimensions and level combinations,
respondents, interviewers, and survey modes using descrip-
tive statistics, for example, frequency tables or scatterplots,
and correlation analyses, for example, chi-square tests or
logistic regressions (Kim & Curry, 1977), to help in identi-
fying patterns which may substantially influence results.

Afterward, we recommend assessing the statistical ef-
ficiency of the FSE with the remaining data and subsets
excluding potentially problematic cases. More specifically,
the level balance is examined using frequency distributions,
and orthogonality is assessed through correlation matrices
or variance inflation factors. Tools like D-efficiency scores
provide a quantitative measure of the experiment’s preci-

sion after excluding missing observations and problematic
cases. For more details on how to implement it, see chapter
three in Auspurg & Hinz (2015).

4.2.3 Considering Missing Data in FSEs

Item nonresponse is a common threat to survey data quality
and can arise from various factors. Missing completely at
random (MCAR), such as technical errors during data col-
lection or processing, is generally ignorable. Missing at ran-
dom (MAR) describes missingness that depends on an ob-
served characteristic, for example, missing income among
lower-educated respondents, which can be controlled for in
analyses (de Leeuw et al., 2003; Little & Rubin, 2019). Not
missing at random (NMAR) describes missingness that de-
pends on unobserved characteristics, for example, missing
income for respondents with very high or low incomes (Car-
penter et al., 2023). Common approaches to handling miss-
ing data, such as pairwise or listwise deletion (de Leeuw
et al., 2003; Huisman, 1999) and imputation (Carpenter
et al., 2023; Sullivan et al., 2015; Von Hippel, 2007), gener-
ally perform poorly under NMAR and thus must be handled
carefully (Sullivan et al., 2015; Von Hippel, 2007).

Item nonresponse in FSEs? is rarely addressed when the
evaluation of the vignettes, that is, the dependent variable,
is concerned, and while imputation is common in survey re-
search to handle missingness in independent variables, im-
puting the outcome variable may pose a risk to estimation
(Carpenter et al., 2023; Ciuk & Yost, 2019). Specifically, in
FSEs, the evaluation, in combination with the vignette di-
mensions, detects meaningful decision patterns (Auspurg &
Hinz, 2015). If evaluations are systematically missing due
to a respondent’s attitudes, cognitive burden, or discomfort
with specific vignettes or vignette dimensions, which can
only be assumed and not tested empirically (NMAR), then
imputation based solely on observed data may fail to un-
cover the true underlying judgment principles. Therefore,
imputed values may attenuate actual differences, distort es-
timates, and lead to misleading inferences (Ciuk & Yost,
2019). Therefore, we believe that imputation is not the ideal
approach to address missingness in the outcome variable for
FSEs.

We suggest listwise or pairwise deletion if MCAR holds
and the statistical efficiency of the FSE remains acceptable,
for example, due to software malfunctions (de Leeuw et al.,
2003; Huisman, 1999). For MAR data, we recommend in-
cluding variables that explain missingness as covariates and

2 There are no methodological or statistical papers addressing item
nonresponse in FSE specifically, therefore, we base our argumentation
on the work of Carpenter et al. (2023) on imputation applied to general
quantitative survey data.
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performing additional sensitivity analyses to assess robust-
ness to missingness (de Leeuw et al., 2003). However, it is
important to note that this approach assumes no unobserved
confounders influence the missingness.

NMAR, however, requires strong assumptions to model
the missingness. For example, using proxy variables to con-
trol for the unobserved characteristic driving the missing-
ness may be possible (Andridge & Little, 2020), but could
still lead to distorted estimates. Additional sensitivity anal-
yses or the collection of auxiliary data, such as interviewer
assessments or qualitative post-interviews, may help ad-
dress the strong assumptions (de Leeuw et al., 2003), al-
though these methods may be resource-intensive.

Regardless of the approach, transparent reporting on the
pattern of missing data, on statistical considerations, and on
the effect size of the correlation is crucial—including recog-
nizing when the nature of the missingness permits reliable
estimation. For our study, for example, we find a statisti-
cally significant difference, but the effect size is negligibly
small. For very small effect sizes, NMAR might not pose
a substantial problem, even when correlations are statisti-
cally significant, because small, statistically significant cor-
relations below 0.1 might just reflect ambient correlational
noise (Weinerova et al., 2022). Thus, we advise researchers
to consider both the statistical significance and effect sizes.

5 Conclusion

In conclusion, the unexpectedly high item nonresponse in
our factorial survey experiment on the likelihood of en-
trepreneurs purchasing voluntary unemployment insurance
threatened the criteria of FSEs: level balance and orthogo-
nality. Thus, technically speaking, the experiment “failed”.
However, this “failed” survey experiment creates a learning
opportunity for designing and running survey experiments
in general and contributes to transparent research practices.
Most notably, the study highlights that, next to affecting
data validity, implausible dimension levels and level combi-
nations can result in item nonresponse. While earlier studies
have discussed realism and plausibility in vignette design
(e.g., Auspurg et al., 2009), they have rarely linked implau-
sibility directly to item-level missing data patterns.

The study also highlights the difficulty of adapting pol-
icy scenarios from other countries, even when countries
are culturally and linguistically similar (Auswértiges Amt,
2025). In our case, German entrepreneurs may have found
the Austrian policy unrealistic, especially the combination
of low contributions and high benefits, leading to systematic
item nonresponse. This finding highlights the importance
of accounting for contextual knowledge, which ties to the
next aspect: design diagnostics. To mitigate the risk of data
quality issues, particularly regarding systematic item nonre-

sponse, pre-data-collection design diagnostics, such as cog-
nitive interviews or pilot testing with the target population,
are essential, regardless of seemingly plausible designs and
internal pretests.

This study has shown that even seemingly well-prepared
FSE designs may result in item nonresponse, underscoring
the need for post-hoc analyses. Moreover, this case study
highlights the need for methodological FSE research on
item nonresponse. The field has primarily focused on ex-
perimental designs and estimation strategies but has mostly
overlooked the specific implications of item nonresponse
for data quality and statistical efficiency in factorial sur-
vey experiments (cf., Auspurg et al., 2019; Shamon et al.,
2022).

Future research should explore how existing techniques
for handling item nonresponse in the dependent variable
when missing not at random might be adapted to the unique
structure of FSE. Ultimately, this study underlines the dual
value of failure. It presents the possibility for methodolog-
ical reflection and movement toward more robust survey
experiment practices.
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