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Pseudo-opinions refer to survey respondents giving answers to topics they are unfamiliar with.
They are widespread but the reasons why respondents do not just admit they “don’t know” are
not well-understood. We investigate the underlying mechanisms for pseudo-opinions in online
surveys: do respondents satisfice and perform a “mental coin-flip,” or do they optimize and
attempt to “impute a meaning” to the unknown question and answer accordingly? And can we
reduce the prevalence of pseudo-opinions by expressing to respondents that it is okay not to
have an opinion? To do so, we use fictitious issues. These are survey questions about nonex-
istent topics and things. We use response latencies as an indicator for the mode of responding,
on a continuum from automatic-spontaneous to controlled-deliberate, to investigate whether
pseudo-opinions are the result of satisficing or optimizing. We also conduct a survey experi-
ment in which the presence of an explicit “don’t know” category is randomly assigned. The
sample (n = 1288) consists of data collected in August 2019 from an online panel provider. The
target population was defined as adults between 18-69 years old with internet access residing in
Germany. Quotas were put in place for age and sex. We find pseudo-opinions are predicted by
faster, automatic responses. This contradicts the widely-assumed imputed meaning model of
pseudo-opinions. The presence of an explicit “don’t know” category reduces pseudo-opinions
dramatically but does not moderate the effect of deliberate or automatic responding on pseudo-
opinions.

Keywords: Pseudo-opinions, fictitious issues, survey methodology, online surveys, response
latencies

1 Introduction

It is widely recognized that survey respondents sometimes
offer opinions on things they are wholly or mostly unfamiliar
with. These are referred to as pseudo-opinions or nonatti-
tudes (Bishop et al., 1983; Converse, 1964, 1970). When
a respondent gives a substantive answer to a topic they are
unfamiliar with, their response deviates from the true value,
which is “I don’t know.” Thus, pseudo-opinions have the
potential to threaten the validity and reliability of survey re-
search.

However, the underlying mechanisms responsible for
pseudo-opinions are not well-understood. Some argue they
are the result of satisficing respondents who believe giving
pseudo-opinions is the easiest way to get through the sur-
vey without much effort. This is referred to as the mental
coin-flip hypothesis. Others maintain pseudo-opinions are
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the result of optimizing behavior and that respondents look
for cues to interpret the unfamiliar question and form an ad
hoc opinion. This alternative is referred to as the imputed
meaning hypothesis.

Even though the imputed meaning hypothesis is currently
favored in the literature, the empirical evidence for either
model is rather sparse. And the evidence up until now fo-
cuses mostly on traditional computer-assisted personal inter-
viewing (CAPI) or computer-assisted telephone interviewing
(CATI) survey modes with interviewer interaction, where so-
cial desirability pressures likely play a greater role. But as
online surveys grow increasingly popular in the social sci-
ences, we need to scrutinize whether these previous findings
are transferrable.

This is the research desideratum this paper wishes to ad-
dress. The guiding research question for this paper con-
cerns whether pseudo-opinions are the result of satisficing
or optimizing behaviour? Answering the question of what
drives pseudo-opinions is particularly relevant, because it
casts them in one of two very different lights. If pseudo-
opinions are linked to satisficing, then they are a source of
random or even systematic error (i.e., response effects) and
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are therefore indeed a troubling issue for survey research.
If pseudo-opinions result when respondents attempt to con-
struct meaning around unfamiliar topics, then the responses
might arguably be seen as valid opinions to more general
constructs.

We use data collected in an online survey, and hypothesize
that without an interviewer present (either in person or on
the telephone), pseudo-opinions should primarily be driven
by automatic, satisficing behavior. We use fictitious issues,
i.e., questions about nonexistent topics, to be able to dis-
cern when a respondent is giving a pseudo-opinion; how can
the respondent have an opinion when the object in question
does not exist? Further, we use response latencies as a mea-
sure of the respondent’s current motivation and opportunity
and thus mode of responding, on a continuum between auto-
matic/satisficing and deliberate/optimizing (Fazio, 1990), to
investigate the underlying mechanisms for pseudo-opinions.
Finally, we perform a survey experiment by randomly as-
signing respondents to an explicit vs. implicit “don’t know”
category to investigate the effect on pseudo-opinions. This
has been shown in the past to be effective at reducing pseudo-
opinions; a result we intend to replicate in an online survey
setting. Further, it is possible that an explicit “don’t know”
category may change the way respondents react to unfamil-
iar topics, so we test whether the experiment moderates the
effect of response latencies on pseudo-opinions.

The article is structured as follows: first we discuss the
issue of pseudo-opinions and the two dominant mechanisms
discussed in the literature. We argue that the evidence for the
imputed meaning hypothesis is sparse and based on survey
modes where the interviewee interacts directly with the inter-
viewer; modes that are increasingly being abandoned in favor
of online surveys. We then discuss our data and the items of
interest: six fictitious organizations and institutions for the
respondents to evaluate. Then, we explain our approach to
the questions of whether pseudo-opinions are driven by sat-
isficing or optimizing, and whether they can be mitigated us-
ing an explicit “don’t know” category. We then present the
results and discuss the implications.

2 Theoretical Background

Pseudo-opinions describe the situation in which respon-
dents give substantive answers to topics that they know little
to nothing about (Bishop et al., 1980; Schuman & Presser,
1980; Sturgis & Smith, 2010; Wolter & Junkermann, 2019).
They are often seen as a serious problem as they threaten
the validity and reliability of survey data (Grant & Patterson,
1975; Wolter & Junkermann, 2019). In other words, when
a respondent gives a substantive answer to a topic that they
are unfamiliar with, their response deviates from the “true”
value, which should be “I don’t know.” In what way the
substantive responses deviate from this true value is often
unknown, however. Thus, random deviations will cause the

aggregate data to be less reliable while systematic deviations
will cause the aggregate data to be less valid.

Pseudo-opinions are troubling as a concept yet their preva-
lence may be even more distressing. Indeed, Sturgis and
Smith (2010) found between 10–15% of respondents in
their CAPI-based study gave pseudo-opinions, while earlier
CATI-based studies by Bishop et al. (1980), Bishop et al.
(1983), and Schuman and Presser (1980) found upwards of
30–50%, depending on the question content and specific ex-
perimental condition. An older study by Le Payne (1951)
as well as a quite recent one from Wolter and Junkermann
(2019) each found ca. 70% of responses were pseudo-
opinions. Why the prevalence of pseudo-opinions in these
studies varies so greatly likely has to do with the subject
matter, mode and survey situation. But it seems plausible
that most if not all survey-based studies are faced with the
issue of pseudo-opinions.

2.1 Pseudo-opinions as a mental coin-flip

Converse (1964) first put forth the “mental coin-flip”
model of pseudo-opinions. This was based on a panel study
in which he observed very little stability in individual’s atti-
tudes while noting that the aggregate attitudes changed very
little over time (Sturgis & Smith, 2010, p. 68). He concluded
that the responses he was observing were nonattitudes and
that the only way in which the individual’s attitudes could
change over time without the aggregate attitudes changing as
well is if the individual changes were essentially random.

So, the mental coin-flip model of pseudo-opinions says
that, when faced with an unfamiliar topic, respondents essen-
tially choose randomly between response options (Converse,
1964, 1970). This view comes from the idea that pseudo-
opinions are a way for respondents to conform with survey
norms while avoiding probing by the interviewer (Grant &
Patterson, 1975; Sturgis & Smith, 2010). In effect, they
could be seen as a type of satisficing behavior (Krosnick,
1991; Vannette & Krosnick, 2014); an essentially random
answer—a mental coin-flip—can be seen as the path of least
resistance to some respondents (Converse, 1964, 1970; Stur-
gis & Smith, 2010).

Satisficing in the context of surveys refers to a set of strate-
gies employed by respondents who are weakly motivated,
lacking opportunity, or both, to get through the survey with
as little effort as necessary. That is, a popular model of re-
sponse behavior encompasses four stages: (1) reading and
understanding the question, (2) retrieving relevant informa-
tion from memory, (3) forming a judgment and (4) translat-
ing the judgment to fit one of the available response cate-
gories (Roberts et al., 2019; Tourangeau et al., 2000). So-
called “weak satisficing” refers to responses that result when
a respondent goes through all four stages but in a cursory
manner, leaving room for cognitive biases (such as acquies-
cence, primacy, etc.). The respondents may begin to search
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their memory for salient attitudes or relevant information in
order to form an ad hoc judgment, but they end the process
once a “first-best” or satisfactory result is reached. In other
words, instead of optimizing their responses by attempting
to consider all relevant information and perspectives, they
gather some salient impulses and cut the process off. So-
called “strong satisficing,” on the other hand, refers to a be-
havior in which the respondent skips either the information
retrieval or judgment formation stages (Vannette & Krosnick,
2014). The respondent reads and comprehends the question
and forms an immediate response without attempting to form
a connection between the question and stored information
and memories. If the respondent is unable to intuit any easy
cues for an “effortless” response (Leiner, 2019; Roberts et
al., 2019), they may select a response at random (i.e., a men-
tal coin-flip), skip the question, or provide another kind of
nonsubstantive response (e.g., “don’t know” category).

Now, a relevant question is why a satisficing respondent
would choose to provide a pseudo-opinion instead of simply
skipping the question or answering honestly with “I don’t
know.” One reason could be that respondents want to con-
form to survey norms (Grant & Patterson, 1975; Lenzner,
2011). In other words, the respondent expects that the in-
terviewer, or by extension, survey researcher will only ask
pertinent questions. In return, the respondent is expected to
answer them (Lenzner, 2011). Another perhaps even more
relevant reason could be that satisficing respondents know
that a substantive response is the path of least resistance. Be-
cause “I don’t know” responses may be perceived by the re-
spondent as inadequate, they anticipate further probing from
the interviewer or questionnaire, which, as satisficers, they
want to avoid (Lenzner, 2011).

2.2 Pseudo-opinions as imputed meaning

More recently, however, it was suggested that pseudo-
opinions may actually result from highly motivated respon-
dents. One source of motivation could be social desirability
pressures, for example (Sturgis & Smith, 2010). Respon-
dents may try to avoid looking uninformed when they re-
spond truthfully that they have no opinion on a given topic.
Further, respondents might feel pressure to deliberate care-
fully about the potential meaning of the question in order to
avoid giving an undesirable response, whatever they deem
that to be in the situation. It is argued that pseudo-opinions
are an attempt by respondents to understand what the ques-
tion is about and answer accordingly.

Along this line of reasoning, the imputed meaning hypoth-
esis refers to when respondents “make an educated (though
wrong) guess as to what the obscure acts represent, then an-
swer reasonably in their own terms about the constructed ob-
ject”(Schuman & Presser, 1980, p. 1223). Schuman and
Presser (1980) proposed this model of pseudo-opinions in
direct contrast to Converse (1964, 1970) mental coin-flip hy-

pothesis. They came to this alternative model when they ob-
served respondents making spontaneous asides, apparently
trying to verbally suss out the meaning of a question regard-
ing the fictitious “Agricultural Trade Act.” Not only that,
the distribution of the responses for the fictitious act was not
split 50:50 down the middle; rather, about two-thirds of re-
spondents supported the act. Schuman and Presser (1980)
reasoned that, just as there is an equal probability of getting
either heads or tails, the mental coin-flip model should result
in a uniform distribution and that this unequal distribution
spoke against the model.

2.3 Sparse empirical evidence

These two competing views of pseudo-opinions are both
arguably plausible, though the imputed meaning hypothesis
seems to have won out in recent years (Bishop & Jabbari,
2001; Bishop et al., 1980; Schuman & Presser, 1980; Sturgis
& Smith, 2010). However, a review of the literature reveals
that empirical evidence for either hypothesis is rather sparse.

First of all, most of the literature mentioning the imputed
meaning hypothesis points back to a limited number of rather
old studies. The one that is cited perhaps the most is Schu-
man and Presser (1980). There, they argue that a mental
coin-flip should mean that opinions for and against unfamil-
iar questions should be equal, just as a flip of a fair coin re-
sults with equal probability in either heads or tails. They
note in their study that pseudo-opinions were not, however,
equally expressed and that nearly two-thirds of respondents
supported the fictitious “Agricultural Trade Act”. This, they
concluded, spoke against the mental coin-flip model.

But just because the pseudo-opinions were not equally
distributed across response categories does not necessarily
imply that respondents attempt to construct meaning when
responding to an unfamiliar topic. Rather, they may employ
any number of other satisficing-related heuristics to conform
to survey norms (i.e., answering questions when asked with-
out putting in too much effort. Roberts (2016) provides an
overview of response styles and notes that random respond-
ing (another term for the mental coin-flip) is just one form of
satisficing behavior besides acquiescence, mid-point and ex-
treme responses, mild responses, etc. A mixture of these sat-
isficing behaviors would lead to pseudo-opinions that were
not uniformly distributed across response categories.

In another example, Sturgis and Smith (2010) note that
substantive responses to obscure items were correlated with
confidence in the government, and they took this as evidence
against the mental coin-flip hypothesis. But this is hardly
convincing on its own, as the mere presence of a correla-
tion between pseudo-opinions and confidence in government
says nothing about the underlying mechanisms of pseudo-
opinions. Surely it is possible that satisficing respondents
could be those who tend to express confidence in their gov-
ernment.
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Beyond that, Schuman and Presser (1980) also mention
anecdotal evidence in which the majority of 35 individuals
recorded during the interview made asides, suggesting they
were attempting to construct some meaning to the unfamil-
iar topics. However, Sturgis and Smith (2010) suggest that
social desirability may motivate respondents to try to appear
better informed than they are. It may also increase pressure
on the respondent to at least appear to be conforming to sur-
vey norms by putting thought into their responses and not
giving obviously bogus answers. Indeed, most previous re-
search is based on survey modes with interaction between
interviewee and interviewer. In online surveys, where per-
ceived anonymity should be higher, social desirability pres-
sures should play less of a role (Joinson, 1999). And on-
line surveys are becoming increasingly popular in academic
contexts in the social sciences (Bandilla, 2016; Shin et al.,
2011; Silber et al., 2013). Due partially to the Coronavirus
pandemic, for example, the German ALLBUS study1 even
moved away from face-to-face interviewing towards postal
and web-based surveys for the first time in the 2021 release.

There are other plausible mechanisms that might increase
a respondent’s motivation to generate an ad hoc opinion on
an unfamiliar issue, such as need for cognition, but so far so-
cial desirability is the only cause mentioned in the literature
in the context of the imputed meaning hypothesis. We hy-
pothesize, therefore, that respondents in online surveys have
little incentive to give pseudo-opinions based on social de-
sirability pressures and that the more automatic (satisficing)
the response, the higher the likelihood of a pseudo-opinion.
If pseudo-opinions are, contrary to our expectation, linked to
deliberate/optimizing responses, then other mechanisms, like
need for cognition, should be investigated in the future.

3 Data and Measures

To investigate the underlying mechanisms of pseudo-
opinions, we conducted an online survey using an online
panel provider from 16th to 25th August 2019. The target
population was defined as adults between the age of 18 and
69 years with internet access residing in Germany with quo-
tas for age and sex in place to ensure the sample was repre-
sentative of the target population on those characteristics.

The pseudo-opinions portion of the study consisted of a
question battery in which the respondents were asked us-
ing a binary scale to give us their opinion (mostly pos-
itive vs. mostly negative) on 14 different organizations
and institutions. Eight of these truly existed: The German
Armed Forces (Bundeswehr), Doctors without Borders, The
United Nations, Greenpeace, The German Federal Crim-
inal Police (Bundeskriminalamt), The Rosa-Luxemburg-
Foundation (associated with the German left-wing political
party, Die Linke), The Konrad-Adenauer-Foundation (asso-
ciated with German Christian Democratic party, CDU), and
the Intergovernmental Panel on Climate Change. Six were

fabricated by us:

• Environmental Court (EC),

• Coastal Aid Agency (CAA),

• Prague Energy Transition Initiative (PETI),

• German Nuclear Forum (GNF),

• Herbert-Schmaar-Foundation (HSF), and

• World Space Agency (WSA).

This part of the study encompassed a split of 1,288 ran-
domly chosen respondents out of the full sample of 3,044.
At the end of the survey, we de-briefed the respondents and
revealed to them that several of the items were fabricated.2

If the respondent gave a substantive answer (i.e., the re-
ported opinion was either “mostly positive” or “mostly neg-
ative”), then this was considered a pseudo-opinion. Non-
substantive responses were those in which the respondent
skipped the question by clicking on the “continue” button
or, if they were in the explicit experimental group, selecting
the “don’t know” option.

3.1 Measuring the mode of responding

We employ response latencies (RL) as a measure of the
respondent’s mode of responding, on a continuum from au-
tomatic/satisficing to deliberate/optimizing. Response laten-
cies were measured passively through time stamps in mil-
liseconds (each item was shown on a separate screen). To
deal with outliers, we first removed responses over 2,000
seconds and then also those that were two standard devia-
tions above the mean, as suggested by Mayerl and Urban
(2008, p. 59).3 This resulted in 76 individual observations

1ALLBUS is the abbreviation for “Allgemeine Bevölkerung-
sumfrage der Sozialwissenschaften” (English: General Population
Survey of the Social Sciences), a regularly-conducted large-scale
survey of the German population.

2The debriefing text, translated from German read: “You may
have noticed that we asked you about several things that you did not
recognize. This is because they do not exist. These were the Envi-
ronmental Court, the Coastal Aid Agency, the Prague Energy Tran-
sition Initiative, the German Nuclear Forum, the Herbert-Schmaar-
Foundation and the World Space Agency. We did this because of-
ten people express opinions about existent things even if they are
unfamiliar with them. We want to find out why people sometimes
give answers anyways. We hope that this will let us improve future
surveys.”

3Mayerl and Urban (2008) give an overview of various ways to
treat response latency outliers found in the literature, as there is little
consensus on which method to use. For example, another approach
is to remove response latencies larger than 2 standard deviations
above the median. We tested this method, as well. It resulted in 80
rather than 76 individual observations being removed and the results
of the rest of the analysis are almost identical.
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being removed and a range for the outlier-treated response
latencies of [0.019, 35.640] seconds. We demean the individ-
ual response latencies (per individual, per item) so that they
can be interpreted as responses for particular items that were
faster/slower than the individual’s average speed (“within-
unit RL”). These are shown in a histogram on the left of Fig-
ure 1. As can be seen, the overwhelming majority of the
responses deviate only slightly from the individual’s average
speed (standard deviation of 2.19 seconds).

The average response latencies per individual (“between-
unit RL”) are used to rule out confounding of the effects
of the demeaned response latencies by unobserved item-
invariant confounders (in the form of a “correlated random
effects model,” discussed below). Their effects can be inter-
esting in their own right, however, as it is also possible that
the individuals’ average responses predict pseudo-opinions,
rather than item-specific deviations from the average speed.
These are shown on the right of Figure 1. The average re-
sponse speed over all of the fictitious items was about 2.96
seconds with a standard deviation of 1.28 seconds.

Note that the within- and between-unit response latencies
offer the opportunity to test slightly different hypotheses:

• Within-unit: when faced with a fictitious issue,
fast/slow responses predict pseudo-opinions.

• Between-unit: fast/slow respondents tend to give
pseudo-opinions to fictitious issues.

Fast responses are taken to indicate automatic/satisficing be-
havior, and slow responses indicate deliberate/optimizing be-
havior.

In the following section, we outline the research design
with regard to the question of whether satisficing or optimiz-
ing responses are linked with pseudo-opinions, and whether
an explicit “don’t know” category can help mitigate them.

4 Research Design

In the following section, we outline the research design
with regard to the question of whether satisficing or optimiz-
ing responses are linked with pseudo-opinions, and whether
an explicit “don’t know” category can help mitigate them.

4.1 Satisficing vs. optimizing

The dependent variable is a binary outcome (0: nonsub-
stantive, 1: substantive/pseudo-opinion), so we turn to a pro-
bit regression model. The level-one (within-unit) response
latencies are continuous and vary across both individuals and
items, while the level-two (between-unit) average response
latencies per respondent vary only across individuals but not
items. Likewise, the experimental treatment varies between
individuals but does not change within individuals. With
only six items, we can include dummy variables to control

for the item specific effects, i.e., characteristics of particular
items that inuence the way in which all respondents approach
the question. We demean the level-one response latencies
by subtracting the level-two response latency (the individ-
ual’s average response latency) from each. This gives the
effects of the level-one response latencies their interpretation
as “within-effects,” i.e., the effect of a response latency that
deviates from the person’s usual speed on the probability of a
substantive response (Wooldridge, 2002). The effects of the
level-two response latencies can be interpreted as “between-
effects,” i.e., the effect of a person that answers more or less
quickly compared to other respondents on the probability
of a substantive response (Bell & Jones, 2015; Schunck &
Perales, 2017).

The modeling strategy can be described as a multilevel
probit regression with correlated random effects (Mundlak,
1978; Wooldridge, 2002). We assume there is individual-
specific unobserved heterogeneity that affects each individ-
ual’s propensity for pseudo-opinions. Some of the factors
making up the unobserved heterogeneity could be corre-
lated with the independent variables of central interest; the
response latencies. So, we include the person mean re-
sponse latencies—the average speed per individual over the
six items—to account for the correlation between response
latencies and the unobserved heterogeneity. In a stripped-
down model (ignoring control variables, interactions and
item dummies for a moment), we would say

y∗i j = β1di + β2rli j + αi + ϵi j (1)

where y∗i j is the continuous unobserved outcome from which
we only observe the dichotomous yi j and rli j are the response
latencies per individual, per item. di is a dummy variable
indicating the experimental group (implicit or explicit “don’t
know”) and αi is the unobserved individual-specific hetero-
geneity. We assume Cov

(
αi, rli j

)
, 0, the response latencies

are correlated with the unobserved stable factors.
We decompose the correlation between the response la-

tencies and the unobserved heterogeneity into the effect of
the average response latency and a residual, αi = γrli + νi.
The residuals are uncorrelated with rli and thus Cor

(
νi, rli
)
=

Cor
(
νi, rli j

)
= 0 (since the correlation between rli j and αi

plays out on the between-individual level).
We are interested in the probability of someone giving a

substantive response to a fictitious issue given the response
latency; a measure of one’s current motivation and opportu-
nity or degree of mental elaboration (Mayerl, 2013), and the
experimental treatment (implicit vs. explicit “don’t know”).
For the response latencies, we also include a squared term to
allow for effects that are not monotonic.

Controls were included to address potential confound-
ing of the between-person average response latency scores.
While the demeaned item- and individual-varying response
latencies are unconfounded by stable individual-specific
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Figure 1

Response latency histograms

characteristics through the correlated random effects specifi-
cation, the between-unit RLs are not exempt from confound-
ing. The set of controls includes variables that could plausi-
bly affect both the person means, i.e., the average speed with
which the respondent answers, and the occurrence of pseudo-
opinions. These controls are also plausibly “upstream” of
both the person mean response latencies and the responses;
we want to avoid controlling for mediators of the effect of
average latencies on the responses. We chose year of birth,
sex, German citizenship, education, political interest, aca-
demic degree (bachelor or higher), employment status, num-
ber of previous surveys completed within the last year, and
political orientation. Note that the imputed meaning hypoth-
esis specifically points to social desirability as a motivating
factor. To test whether pseudo-opinions are associated with
satisficing or optimizing, we thus do not want to control for
social desirability, otherwise we would be stacking the odds
artificially in favor of the mental coin-flip hypothesis.

4.2 Mitigating Pseudo-Opinions: An Explicit vs. im-
plicit “don’t know” experiment

It has been argued that nonsubstantive answers can be
perceived as inadequate by respondents. An explicit “don’t
know” category could signal to the respondent that it is al-
right not to have an opinion, thereby lessening the pressure
to answer substantively to obscure topics (Grant & Patterson,
1975). And there is some empirical evidence to support this
idea. For example, Bishop et al. (1983) saw pseudo-opinions
drop in an experiment from around 30% to only 10% when
an explicit “don’t know” category was offered. We therefore
randomly selected half of the respondents to be shown an
explicit “don’t know” category throughout, while the other
half was given no such option. To express their lack of an
opinion, they could simply skip the question by clicking on
“continue,” though we did not highlight this fact to the re-
spondents.

Further, we test whether the “don’t know” option moder-

ates the effect of response latencies on pseudo-opinions: sig-
nalling to satisficing respondents that it is okay not to have an
opinion may increase the likelihood of them taking this exit
option. We do so by introducing interaction effects between
the experimental “don’t know” variable and the response la-
tencies (both within- and between-unit).

4.3 Modelling strategy

We specify three multilevel correlated effects probit mod-
els to assess the viability of specific assumptions. First, in
Model 1, we estimate the effect of within-unit, as well as
between-unit response latencies on pseudo-opinions. We al-
low for squared effects of both in this and subsequent mod-
els to account for effects that may not be monotonic. This
and subsequent models also include the experimental “don’t
know” variable, as well as item dummies to account for un-
observed factors unique to the specific items.

In Model 2, we introduce the set of control variables noted
above. We do so in order to better interpret the effect of
the between-person response latencies on pseudo-opinions,
as the correlated random effects model does nothing to stop
confounding of these effects.

Finally, in Model 3, we also introduce interaction terms
between the response latencies and the experimental “don’t
know” variable. This allows for the possibility that the effect
of response latencies on pseudo-opinions is moderated by an
explicit “don’t know” category. After all, it is plausible that
the effects of optimizing/satisficing are moderated by telling
the respondent it is alright not to have an opinion.

5 Results

We begin by presenting some descriptive results before
interpreting the results of the multivariate regression models.

5.1 Descriptive Results

Before examining the results of the multivariate models,
let us look descriptively at the distributions and overall preva-
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lence of substantive responses to the fictitious organization
questions; see Table 1.

From this, we see the extent of pseudo-opinions in our sur-
vey. Especially in the implicit “don’t know” group, a large
proportion of respondents gave pseudo-opinions (substantive
responses, rows “negative” and “positive”). For the “Envi-
ronmental Court,” only about 15% of respondents in the im-
plicit “don’t know” group indicated they had no opinion by
clicking the “continue” button. The other around 85% appar-
ently had an opinion towards this fictitious organization.

We see from this table already that the experimental con-
dition had a large impact on responses. When respondents
were explicitly given the opportunity to admit they had no
opinion, many indeed opted to use it. For the “Environmental
Court,” nonsubstantive responses increased from about 15%
to about 36% without an explicit “don’t know” option (rows
“continue” and “don’t know” taken together).

We also see a great deal of variation not just between ex-
perimental groups, but also between the items. This seems to
suggests respondents do, in fact, interpret “cues” and attempt
to answer accordingly. The first two items, the “Environ-
mental Court” and “Coastal Aid Agency,” ostensibly have
to do with protecting the environment and perhaps dealing
with refugee situations, respectively. And these two items
have among the highest pseudo-opinion rates. Again, over
85% of respondents in the implicit “don’t know” group had
an opinion towards the “Environmental Court,” and nearly
80% in that group had an opinion towards the “Coastal Aid
Agency.” The next two items, the “Prague Energy Transition
Initiative” and the “German Nuclear Forum” would seem to
have something to do with energy policy, although the former
seems to suggest a pro-environmental group, whereas the lat-
ter seems to be concerned with advocating for nuclear energy
in Germany. About 60% of respondents in the implicit “don’t
know” group gave opinions towards these organizations. The
“Herbert-Schmaar-Foundation,” on the other hand, provides
essentially no cues as to the goals and interests of the orga-
nization. And this is reflected in the substantive responses:
only about 8% of respondents in the explicit “don’t know”
group gave pseudo-opinions to this organization; in the im-
plicit group it was only around 40%. And while the “World
Space Agency” would obviously have something to do with
“space,” it is also not clear what the goals of the agency are.
This is reflected in the proportions of pseudo-opinions, which
are generally lower than the first four items, as well.

The differences between items speaks to the imputed
meaning hypothesis, at least initially. However, we will come
back to this point when we look at the results of the response
latency analysis in the multivariate models.

5.2 Results of multivariate models

We now move on to the results of the multivariate re-
gression models. Table 2 shows the average marginal ef-

fects (AMEs) for the three correlated random effects pro-
bit models. These allow for a better interpretation of the
model results, as models 2 and 3 feature interaction effects
and the models with binary outcomes are themselves non-
linear, meaning estimated probabilities hold only for spe-
cific combinations of values on the independent variables.
The “raw” results can be found in Appendix A. We report
the results with regard to the satisficing/optimizing research
question (response latency), the explicit “don’t know” exper-
iment, and the item dummies. The coefficients of the control
variables are not shown.

The effects of the response latencies, both within- and
between-individual, are negative and significant, at least at
the 5% level.4 This holds for all model specifications,
whether with or without controls, and regardless of the in-
teraction terms specified. The slower the response (RL in-
creases), the lower the likelihood of a pseudo-opinion. This
actually speaks against the imputed meaning hypothesis, as
it is the faster, presumably automatic responses that are asso-
ciated with pseudo-opinions.

Note that in all models, we allow for nonlinear effects of
response latencies (both within- and between-unit) by includ-
ing squared terms. The average marginal effects give us a
single coefficient for the within- and between-unit response
latency effects. Thus, the AMEs give us a summary of the
effect of the response latencies, averaged over all the ob-
served values. And in fact, if we look at the “raw” results,
shown in Appendix A, we see a significant positive effect for
the squared between-unit response latencies in each model
(though the effect is only significant at the 5% level in Mod-
els 2 and 3). This indicates that the probability of a pseudo-
opinion actually increases again for slow average response
latencies. While this indeed contradicts the impression given
by the AMEs, these effects only hold for specific combina-
tions of the independent variables, and we thus prefer to in-
terpret the AMEs, which provide an effect averaged over all
the observed combinations of predictor values.

Finally, we see the experiment of offering an explicit
“don’t know” category had the predicted effect: offering such
an option reduces pseudo-opinions dramatically, with signif-
icant negative effects in each model specification. The AMEs
for each model are displayed graphically in Figure 2.

Since our sample is a convenience sample drawn from a
pool of online access panel participants, we must be careful
in generalizing our findings. As a form of robustness check

4We report and interpret p-values here even though they are
problematic with such convenience samples. We take use them as
a way to discern an effect that is likely not simply due to chance,
though we weary of making generalizing statements as the popu-
lation and sampling procedure make these difficult. To our knowl-
edge, the imputed meaning hypothesis has not yet been investigated
in the context of online samples. As such, our results are prelimi-
nary and should be further tested in future studies.
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Table 1

Responses to fictitious issues in percent

Prague
Environmental Coastal Aid Energy Trans- German Nuclear Herbert-Schmaar World Space

Court Agency ition Initiative Forum Foundation Agency

expl.a impl.b expl.a impl.b expl.a impl.b expl.a impl.b expl.a impl.b expl.a impl.b

negative 15 17 9 13 8 22 12 33 4 17 7 20
positive 48 69 32 65 14 43 12 33 3 23 14 39

continue 2 15 1 22 2 35 2 34 1 61 2 41
don’t know 34 - 58 - 76 - 74 - 91 - 77 -

n 645 643 645 643 645 643 645 643 645 643 645 643
a explicit don’t know b implicit don’t know

Table 2

Average marginal effects, correlated random effects multilevel probit models

Model 1 Model 2 Model 3

AME SE AME SE AME SE

Experiment
Explicit don’t know −0.35* 0.02 −0.39* 0.02 −0.39* 0.02

Response latency (in sec.)
Within-unit RL −0.01* 0.00 −0.01* 0.00 −0.01* 0.00
Between-unit RL −0.03* 0.01 −0.04* 0.01 −0.04* 0.01

Ref.: Environmental Court
Coastal Aid Agency −0.16* 0.01 −0.16* 0.02 −0.16* 0.02
Prague Energy Transition Initiative −0.31* 0.01 −0.33* 0.02 −0.33* 0.02
German Nuclear Forum −0.30* 0.01 −0.33* 0.02 −0.33* 0.02
Herbert-Schmaar-Foundation −0.52* 0.02 −0.57* 0.02 −0.56* 0.02
World Space Agency −0.35* 0.01 −0.34* 0.02 −0.34* 0.02

Observations 7676 3800 3800
Individuals 1287 637 637

Model specification
Controls No Yes Yes
Random slope RL No Yes Yes
Interactions, RL, exp. DK No No Yes

Controls not shown. Controls were: year of birth, sex, German citizen, school education dummies, po-
litical interest, academic (university degree), employment status, number of surveys completed in the
past, and political orientation.
* p < 0.05.

for the generalizability of the results, we look at the effects of
response latencies on pseudo-opinions for various subgroups
of our sample. We ran Model 1 (with no controls, no in-
teraction terms between response latencies and experimental
treatment) separately based on sex, year of birth (categories),
citizenship, school education, academic degree, employment
status, and number of surveys completed in the past. This is

shown in Table 3.

The results of this subgroup analysis show that the AMEs
for both the within- and between-unit response latencies tend
to be negative throughout. In the few examples where the
AME is positive (those born between 1988 and 1974, non-
German citizens, part-time employed, those with between
0–10 and 21–50 surveys completed in the past), the effects
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Table 3

Subgroup analysis (Model 1 specification)

Within-unit RL Between-unit RL

AME SE AME SE n

Sex
Female 0.006 0.004 −0.013 0.012 3894
Male 0.007 0.004 −0.048* 0.010 3798

Year of birth
≥ 1987 −0.004 0.007 −0.063* 0.017 1926
1986–1974 0.005 0.005 −0.042* 0.017 1986
1973–1962 −0.003 0.005 −0.049* 0.017 1980
< 1962 −0.020* 0.006 −0.015 0.016 1800

Citizenship
Not German 0.005 0.020 −0.011 0.046 198
German −0.006* 0.003 −0.035* 0.008 7464

Education
Abiturb −0.008 0.005 −0.047* 0.014 3246
Fachhochschulreifec −0.013 0.011 −0.051* 0.023 618
Realschuled −0.007 0.005 −0.030* 0.013 2694
Hauptschulee 0.003 0.008 −0.035 0.019 966

Academic
No −0.006 0.003 −0.023* 0.009 5640
Yes −0.008 0.006 −0.075* 0.015 1914

Employment
Full-time −0.002 0.004 −0.045* 0.012 3786
Part-time 0.005 0.007 −0.064* 0.020 1020
Mini-job −0.026 0.019 −0.056 0.051 246
Unemployed/student −0.008 0.014 −0.014 0.031 294
Student/similar −0.010 0.013 −0.037 0.038 618
Retired −0.020* 0.007 −0.002 0.017 1278
Housewife/-husband −0.013 0.019 −0.064 0.033 378

Nr. surveys completed
0-10 0.002 0.006 −0.072* 0.016 1194
11-20 −0.001 0.010 −0.049* 0.024 906
21-50 −0.015* 0.007 0.018 0.020 1386
51+ −0.016 0.009 −0.029 0.028 852

a Person-item observations in the long-format dataset.
b University entrance qualification c Technical/college entrance qualification.
d Higher vocational degree e Lower vocational degree
* p < 0.05

are very small and likely due to chance variation (note that
none of these would typically be considered significant at
the usual levels). From this, we suggest our finding that
pseudo-opinions are associated with satisficing behavior may
be transferable to other samples, though this must be investi-
gated empirically.

6 Discussion and Conclusion

This study looked to investigate whether pseudo-opinions
in online surveys are the result of satisficing or optimizing
behavior. We operationalized response behavior in terms of
passive response latencies and used fictitious issues to know
when a respondent was giving a pseudo-opinion. We found
the probability of observing a pseudo-opinion tends to de-



214 HENRIK K. ANDERSEN, JOCHEN MAYERL, FELIX WOLTER AND JUSTUS JUNKERMANN

Explicit DK

Item: CAA

Item: GNF

Item: HSF

Item: PETI

Item: WSA

Within−unit RL

Between−unit RL

−0.6 −0.4 −0.2 0.0
AME

Model 1
Model 2
Model 3

Figure 2

Average marginal effects, probability of pseudo-opinion with
confidence intervals

crease the longer the respondent takes to answer. This applies
at both the within-unit and between-unit level. At the same
time, we observe sometimes large differences in terms of the
proportions of pseudo-opinions depending on the question
content. This suggests respondents perceive the item content
and attempt to answer accordingly.

We take this as evidence that recontextualizes the imputed
meaning hypothesis that has established itself as the domi-
nant model of pseudo-opinions in the literature. The notion
of a respondent laboring over their answer, carefully trying
to suss out the meaning of an unfamiliar object, as described
by Schuman and Presser (1980), does not hold up in our on-
line survey. While respondents perceive the contents of the
item, pseudo-opinions are the result of automatic satisficing.
And this fits the definition of “weak satisficing” described by
Vannette and Krosnick (2014), among others: respondents
read, retrieve information, form a judgement and respond in
a very cursory manner. If the item provides no clear cues for
the respondent to latch on to, they tend to give up at a higher
rate; take the “Herbert-Schmaar-Foundation,” for example.
This interpretation of an automatic imputed meaning is in
line with previous research by Andersen and Mayerl (2019),
for example, who showed that socially desirable responses
(another response effect in which responses deviate from the
“true” value) can occur automatically if the norms surround-
ing an attitude or behaviour are clear enough.

And we find this result rather intuitive. Why should sur-
vey respondents waste their time generating an ad hoc opin-
ion towards something they are unfamiliar with? In survey
modes with direct interaction between interviewer and inter-
viewee, it is indeed possible that social desirability pressures
may motivate respondents to want to appear informed, as the
literature has suggested. But there is no interviewer present
in online surveys, so who would the respondents be trying to
impress? Cooperative respondents can conform with subjec-
tive expectations about the survey situation by simply giving
any substantive answer; they do not need to deliberate in or-

der to conform to survey protocol.
The implications of the findings are troubling for online

surveys. The imputed meaning hypothesis is rather opti-
mistic in that it paints a picture of respondents deliberating
carefully about the supposed meaning of a question before
giving their (presumably honest but misguided) opinion. If
this were the case, then pseudo-opinions could arguably be
seen as valid responses to more general objects. For exam-
ple, a respondent may not know what “nanotechnology” is,
but their pseudo-opinion may represent their honest feelings
towards “innovative” or “new” technologies. In that case,
we could expect a clear correlation between the observed
(“new technologies”) and latent (“nanotechnologies”) atti-
tudes/opinions. But our study suggests it is the satisficing
respondents that tend to give pseudo-opinions. Respondents,
when faced with an unfamiliar topic, tend to respond sponta-
neously and, especially for the extremely fast responses, it is
hard to imagine they would be correlated with any underly-
ing valid opinions. Depending on the satisficing heuristic the
respondents tended to favor (random response, acquiescence,
mainlining, etc.), results based on the data may be both un-
reliable and invalid.

This may simply have to do with the fact that deliberate,
slow responses almost did not occur (after removing extreme
outliers, the average raw (not demeaned) response was just
2.95 seconds, and 75% of responses were faster than 3.5 sec-
onds, 90% were faster than 5.25 seconds). This means that
the standard errors for the slow respondents may have just
been too large, and that both the satisficing and optimizing
hypotheses may be true, after all (see again results shown in
Table 4, where the probability for pseudo-opinions first de-
creases and then starts to increase again for slow responses).
But the fact remains that the overwhelming majority of re-
sponses occurred very quickly with little obvious delibera-
tion. Even if some respondents do try to optimize and impute
a meaning, they are few and far between and the problem of
pseudo-opinions is one of satisficing respondents, first and
foremost.

The results of this study are particularly relevant because
of the growing popularity of online surveys. Online surveys
are generally cheaper and faster to carry-out than most other
modes (Bandilla, 2016). And some large-scale ongoing sur-
veys, like the German ALLBUS, have taken the Coronavirus
pandemic as an opportunity to move away from CAPI/CATI
surveying towards online surveying.

Our study used a panel-provider to supply the respondents
for our online survey. These respondents receive repeated
invitations to participate in online surveys for a small mone-
tary incentive. It is possible that such respondents may differ
in important ways from, say, offline-recruited respondents.
Then the results of the study would be applicable to online
access panel recruited surveys, but perhaps not to offline-
recruited online surveys with random sampling. But even
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if that is the case, the overwhelming majority of online sur-
veys tend not to recruit offline, relying instead on such on-
line access panel providers. Indeed, according to Arbeitskreis
Deutscher Markt- und Sozialforschungsinstitute e.V. (ADM),
78% of quantitative interviews in 2020 recruited participants
in this way in Germany.5 Further, we control for the number
of surveys completed by the respondent in the multivariate
models above. If the main difference between an offline-
recruited participant and an online access panel participant
is experience with surveys, then the results should be gener-
alizable.

Pseudo-opinions are indeed a widespread problem in sur-
vey research. And we argue that much more work is needed
to better understand the mechanisms behind them. The im-
puted meaning hypothesis paints a picture of survey respon-
dents that may be overly optimistic. Our study shows that
in online surveys—which continue to grow in popularity—
pseudo-opinions are linked more with satisficing than opti-
mizing. Giving the respondents an explicit exit option in the
form of a “don’t know” category can help mitigate pseudo-
opinions in this mode, as well. But upwards of 65% of re-
spondents in the explicit “don’t know” treatment still give
pseudo-opinions to the “Environmental Court,” for example.
So, what can be done about this sizable proportion of re-
spondents? We encourage future research to replicate these
results in other online surveys. Even when it comes to of-
fline surveys, the evidence for the imputed meaning hypoth-
esis is sparse and old at this point. New work should take
a critical look at the conventional wisdom surrounding the
mechanisms responsible for pseudo-opinions in various sur-
vey modes. And while we argue pseudo-opinions are mostly
a problem of satisficing in this study, the results of the mul-
tivariate analyses show the effect of RLs may not be mono-
tonic. If this is so, then we should investigate what differenti-
ates the satisficing and optimizing pseudo-opinions. Finally,
we assume the differing proportions of pseudo-opinions for
the fictitious items has to do with the “cues” they provide
to respondents (or lack thereof). We do not, however, have
empirical evidence on the way in which the fictitious items
were perceived by the respondents. This is something that
should be investigated in the future. Respondents could be
asked, perhaps after the debriefing, about what they thought
the fictitious items were referring to. This may help us better
understand the underlying thought processes of respondents
when faced with unfamiliar topics.

We hope this study helps to invigorate the research on
pseudo-opinions in surveys, and that it contributes to a better
understanding of the problem and ways to mitigate it.
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Appendix
Results of Multilevel Probit Regression (Correlated Random Effects)

The following table shows the “raw” results of the multilevel probit regression models with correlated random effects.

Table A1

Multilevel probit regression models

Model 1 Model 2 Model 3

Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.

Experiment
Explicit DK −1.44* 0.08 −1.68* 0.11 −2.46* 0.56

Response latency (in sec.)
Within-unit RL −0.03* 0.01 −0.05* 0.02 −0.07* 0.02
Between-unit RL −0.42* 0.09 −0.49* 0.16 −0.70* 0.22

Ref.: Environmental Court
Coastal Aid Agency −0.70* 0.60* −0.78* 0.01 −0.78* 0.10*

Prague Energy Transition Initiative −1.34* 0.07 −1.54* 0.10 −1.53* 0.10
German Nuclear Forum −1.31* 0.07 −1.54* 0.10 −1.53* 0.10
Herbert-Schmaar-Foundation −2.36* 0.07 −2.72* 0.11 −2.71* 0.11
World Space Agency −1.52* 0.07 −1.61* 0.10 −1.60* 0.10

Squared RL
Within-unit RL sq. 0.00 0.00 0.00 0.00 0.00 0.00
Between-unit RL sq. 0.04* 0.01 0.04* 0.02 0.07* 0.03

Interactions
Explicit don’t know ×Within-unit RL - - - - 0.03 0.04
Explicit don’t know × Between-unit RL - - - - 0.41 0.30
Explicit don’t know ×Within-unit RL sq. - - - - −0.00 0.00
Explicit don’t know × Between-unit RL sq. - - - - −0.04 0.04

Intercept 2.64* 0.18 2.39* 0.52 2.81* 0.59

Controls No Yes Yes
Random slope RL No Yes Yes

AIC 7244.7 3397.7 3401.2
BIC 7238.0 3597.5 3625.9
Log likelihood −3610.3 −1666.9 −1664.6

Nr. observations 7676 3800 3800
Nr. groups (individuals) 1287 637 637

Var.: Intercept 1.534 1.21 1.21
Var.: Slope RL - 0.00 0.00

Controls not shown.
* p < 0.05
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