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ABSTRACT
Featured snippets that attempt to satisfy users’ information needs
directly on top of the first search engine results page (SERP) have
been shown to strongly impact users’ post-search attitudes and be-
liefs. In the context of debated but scientifically answerable topics,
recent research has demonstrated that users tend to trust featured
snippets to such an extent that they may reverse their original be-
liefs based on what such a snippet suggests; even when erroneous
information is featured. This paper examines the effect of featured
snippets in more nuanced and complicated search scenarios con-
cerning debated topics that have no ground truth and where diverse
arguments in favor and against can legitimately be made. We re-
port on a preregistered, online user study (𝑁 = 182) investigating
how the stances and logics of evaluation (i.e., underlying reasons
behind stances) expressed in featured snippets influence post-task
attitudes and explanations of users without strong pre-search at-
titudes. We found that such users tend to not only change their
attitudes on debated topics (e.g., school uniforms) following what-
ever stance a featured snippet expresses but also incorporate the
featured snippet’s logic of evaluation into their argumentation. Our
findings imply that the content displayed in featured snippets may
have large-scale undesired consequences for individuals, businesses,
and society, and urgently call for researchers and practitioners to
examine this issue further.

CCS CONCEPTS
• Information systems→ Search interfaces.
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1 INTRODUCTION
Search engine result page (SERP) characteristics such as the ranking
and presentation of search results can influence users’ interactions
with those results [2, 21, 33, 42] and the outcomes of search ses-
sions [1, 8, 16]. For example, viewpoint-biased search result rank-
ings have been shown to lead to the search engine manipulation
effect (SEME), a phenomenon whereby users without strong pre-
existing viewpoints change their attitudes following whichever
viewpoints most high-ranking search results express [1, 15, 16, 36].
More recent work has demonstrated that even just the presence of
a featured snippet – a first-ranked and highlighted search result that
aims to answer users’ information needs directly – can induce such
biased attitude change. Direct answers in featured snippets tend
to draw more attention than regular results, reduce search time,
and increase user satisfaction [48]. Users performing health-related
searches perceive the information presented in featured snippets
differently from other results, with information in featured snippets
being judged as more credible, irrespective of its accuracy [6]. More-
over, featured snippets containing incorrect information can lead
to users holding a false belief post-task, even when the outcome
contradicts their initial viewpoint [6].

Despite these findings, two important aspects surrounding bi-
ased attitude change from featured snippets are currently unclear.
First, the influence of featured snippets on user attitudes has been
demonstrated in the health domain [6] but the extent of this effect,
i.e., whether it also occurs for other debated topics (e.g., school uni-
forms), is not known. Second, because earlier work has used simple
viewpoint taxonomies (e.g., looking only at stances or perceived
credibility), it is still unclear to what degree user attitudes are af-
fected in this context (i.e., whether users only follow the stance
expressed by the featured snippet or also adopt its arguments, often
referred to as logics of evaluation or simply logics [3, 11]). Uncov-
ering in which situations and how drastically users may change
their attitudes following the content they see in featured snippets
can inform the development of a safer and more trustworthy web
search experience for users. That is why, in this paper, we investi-
gate whether biased featured snippets can affect user attitudes on
commonly debated topics on multiple viewpoint dimensions. Our
work is guided by two research questions:
RQ1. Do stances expressed in featured snippets affect the attitudes

of web search users without strong pre-existing viewpoints?
RQ2. Do logics of evaluation expressed in featured snippets affect

the attitudes of web search users without strong pre-existing
viewpoints?
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To address these research questions, we conducted a preregis-
tered user study1 that presented participants with SERPs related
to topics for which they did not hold strong stances (Section 3).
Participants could interact with the SERPs, each of which included a
controlled featured snippet, as they would see when using a regular
search engine (i.e., including visiting the actual web pages). Study-
ing pre- and post-task user attitudes regarding both stances and
logics, our results show that participants tended to not only change
their attitudes on debated topics (e.g., school uniforms) following
whatever stance a featured snippet expresses but also incorporate
the featured snippet’s logic of evaluation into their argumentation
(Section 4). We discuss the limitations and implications of our work
in Section 5. All supplementary material (e.g., task screenshots,
data, and analysis code) is openly available at https://osf.io/fneu6.

2 RELATEDWORK
Our research builds on existing knowledge concerning user biases
in web search and how the presentation of search results (incl.
featured snippets) can affect user behaviour; as well as work in the
communication sciences that has recently impacted how viewpoints
are represented and measured in human information interaction.

2.1 Biased Search Results and Search Behaviour
Web search commonly serves as a platform for opinion-forming
related to debated topics [8, 19, 28] but a multitude of data-related,
algorithmic, and (cognitive) user biases can influence users’ search
behavior and the outcomes of search sessions [2, 45]. Search results
of popular search engines may often be biased in favor of particular
viewpoints [13, 37, 42], types of people [32], or subtopics [18, 35].
Most likely due to a combination of data and ranking biases induced
by the query or ranking algorithm at hand [18, 43], SERPs generally
also contain more positive (i.e., query-affirming) results [42, 43]
and often promote results that are already popular [10, 34].

Biased SERPs can lead to undesired consequences when cogni-
tive user biases such as the position bias (i.e., users’ tendency to pay
more attention to high-ranking results [22]) and exposure effects
(i.e., users’ tendency to adopt the majority viewpoint among the
results they consume [15]) come into play. A prominent example
of an undesired effect on users in this context is the search engine
manipulation effect (SEME), where users – especially those without
strong pre-existing viewpoints – change their attitudes on a topic
(e.g., an upcoming election or the efficacy of medical treatment)
following whichever viewpoints are most prominent on the SERPs
they see [1, 15, 16, 36] without necessarily being aware of it [20].
For factual web search, where users seek answers on scientifically
answerable topics, Bink et al. [6] recently demonstrated that users
even tend to change their attitudes in accordance with single fea-
tured snippets on top of the SERP – irrespective of the viewpoint
distribution among the remaining search results. Our work is simi-
lar to that of Bink et al. [6] but looks at debated topics that do not
have any clear scientific basis and where arguments in favor and
against can legitimately be made.

1Pre-registering our study meant publicly announcing the hypotheses, experimental
setup, and analysis plan we describe in this paper before data collection. Our (time-
stamped) preregistration is available at https://osf.io/aedbr.

While the above biases represent the focal point of our work, we
note that users may additionally exhibit other irrational behavior.
For example, users may be affected by the confirmation bias, i.e.,
seeking information that confirms their pre-existing beliefs and
disregard contradicting information [24, 30, 38], or anchoring [41],
i.e., judging results in comparison to those they have already seen [4,
40]. Furthermore, a user’s pre-task topical knowledge [2, 5, 23, 44]
and search expertise [46] can also impact on search outcomes.

2.2 Presentation of Search Results
Theway search engine results are presented can affect users’ percep-
tions of search results and the outcome of searches. This is reflected
in theoretical contributions such as information scent theory [7] and
has been validated empirically using click-through data [21, 33].
When result snippets are short, do not feature query terms, or in-
clude complex URLs, the probability of the associated document
being viewed decreases [10]. The way search snippets are perceived
and interpreted can vary significantly from user to user, with users
basing their judgments on different components of listings [23].
It has been shown, however, that providing additional informa-
tion, e.g., about a site’s popularity or other meta-data, can affect
how it is perceived by users [39, 50]. Moreover, recent research has
highlighted the particularly powerful impact that featured snippets
can have. Studies show that featured snippets attract more atten-
tion than regular result snippets and increase users’ satisfaction
[48]. Featured snippets also decrease engagement with the SERP
in general [9, 47, 48], often leading the user to take the viewpoint
expressed in the featured snippet [6].

2.3 Viewpoint Representation
Research in interactive information retrieval typically represents
viewpoints on search topics in a binary fashion (e.g., [6, 23, 36]),
that is, as either against or in favor of a given topic (e.g., school uni-
forms). Although such simple stance labels may be easy to obtain
via crowdsourcing [29] or even automatic methods [12, 26], recent
research has argued that they are an overly simplistic representation
of viewpoints on debated topics [11]. Recent work has already be-
gun to use more nuanced ordinal [14, 15] or continuous scales [27]
to label stances expressed in documents. These approaches, how-
ever, still do not provide information about the underlying reasons
behind viewpoints. Draws et al. [11], inspired by research from
communication science [3], proposed a two-dimensional frame-
work for viewpoint representation that complements stance with
logics of evaluation to allow for more in-depth viewpoint analyses.
Logics of evaluation, or simply logics, comprise seven categories
that each broadly reflect a potential reason behind a stance: in-
spired (referring to what is true or divine), popular (referring to
what is popular), moral (referring to what is social or fair), civic
(referring to what is legal or accepted), economic (referring to what
is profitable or creates value), functional (referring to what works),
and ecological (referring to what is sustainable and natural). For
example, someone with a stance in favor of school uniforms may
argue using a functional logic by saying that school uniforms lead to
better grades among students. Any argument, independent of topic
or stance, can be classified into one of these seven logic categories.
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In this work, we extend previous research in two key ways:
(1) we examine the impact of featured snippets in a previously
unstudied task scenario where users search to derive an opinion
and (2) employ the viewpoint representation framework proposed
by Draws et al. [11] to achieve a more nuanced understanding of
how featured snippets influence users’ viewpoints.

3 EXPERIMENTAL SETUP
To investigate the influence of featured snippets on users’ attitude
change regarding multiple viewpoint dimensions (i.e., stance and
logics of evaluation), we performed a preregistered, web-based, ran-
domized controlled trial. The study employed a between-subjects
design with 12 conditions (stance x logic - see Table 1). Each condi-
tion represented a different SERP with search results related to one
of three different debated topics and with a featured snippet as the
top result that expressed one of two different stances and one of
seven different logics.

3.1 Hypotheses
The stance of featured snippets has been shown to affect users in
medical look-up tasks [6] (see Section 2). We predicted that this
effect would transfer to search task scenarios where users have no
strong preconceived attitudes and diverse arguments in favor and
against can legitimately be made.
Hypothesis 1 (H1): The stance expressed in a featured snippet
influences users’ post-search attitude towards the debated topic the
snippet refers to.

Featured snippets can change people’s minds on health topics
[6] and receive high levels of user interaction and attention [49].
We thus predicted an effect on the participants’ attitudes based on
the logic expressed in the featured snippet.
Hypothesis 2 (H2): The logic expressed in a featured snippet in-
fluences users’ post-search attitude towards the debated topic the
snippet refers to.

3.2 Materials
Our study makes use of several resources and performing the study
necessitated design decisions for the SERPs and featured snippets.

3.2.1 Data. For our study, we used two openly available datasets
containing search results (including their URL, title, and snippet) on
eight different debated topics. The first data set (available at https:
//osf.io/yghr2) contains search results retrieved from two popular
search engines for the topics school uniforms, intellectual property
rights, and atheism [13]. All documents in this dataset are expert-
annotated with viewpoint labels in the two-dimensional format
proposed by Draws et al. [11]; including stance and logics (i.e.,
inspired, popular, moral, civic, economic, functional, ecological).
The second dataset (available at https://osf.io/6tbvw), collected via
the Bing API, contains search results for the topics obesity as a
disease, zoos, cell phone radiation safety, bottled water, and social
networking sites. While stance annotations for this dataset were
obtained by the original authors via crowdsourcing, we manually
added logics of evaluation for selected search results in this data set,

Featured Snippet

Rest of the 
Search Results

Figure 1: SERP with featured snippet and snippet for the
query Should students wear school uniform?.

following the protocol from Draws et al. [11]. From these datasets,
we selected topics (from the eight available ones) such that:

(1) viewpoints were balanced (i.e., mean stance for the docu-
ments for that topic was close to zero);

(2) documents were available with sufficient credibility (i.e., to
remove a potential confounding variable);

(3) a spread of logics were available for our study.
We thus used search results from three topics for our user study:

• Obesity – Claim: Obesity is a disease.
• Intellectual Property Rights – Claim: Intellectual property
rights should exist.

• School Uniforms – Claim: Students should have to wear
school uniforms.

3.2.2 Featured Snippets. To create featured snippets for our user
study, we manually extracted paragraphs from our data that could
be used as such snippets. One of the authors then assigned a logic
label to each paragraph that contained only a single logic. We
finally selected 12 from these single-logic paragraphs for our user
study such that each logic was represented at least once and the 12
paragraphs referred to a variety of topics. To ensure that logics could
be applied consistently, the final 12 paragraphs were relabelled after
a period of two weeks. 11 of the 12 featured snippets were labelled
identically (Cohen’s Kappa = .90). A language model (specifically
deepset/roberta-base-squad2 available through the Hugging Face
community2) identified an answer within the paragraph that was
highlighted in bold similar to a typical featured snippet on e.g.,
Google (see Figure 1). If the model was unable to find a realistic
answer that could be used to bold the text, as is the case with
realistic featured snippets, a suitable section was manually selected.

3.2.3 SERPs. For each of the three selected topics, we created
four SERPs (i.e., resulting in a total of 12 different SERPs). Each
SERP consisted of one featured snippet (ranked first) and nine
additional search results, displayed in a ranked list similar to SERPs
from current search engines. Per topic, we had selected four search
results (i.e., two in favor and two against, with diverse logics) that
would be used as featured snippets (see Section 3.2.2). Table 1 shows
2https://huggingface.co/deepset/roberta-base-squad2
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an overview of the 12 different featured snippets, which eventually
represented the 12 between-subjects conditions of our experiment.

To control confounding effects, we filled the remainders of each
of the 12 SERPs with equal numbers of in favor and against results
that were all rated as credible.3 The results were ordered in alter-
nating stance, i.e., if the featured snippet was in favor, the next
result would be against, followed by in favor, and so on. All four
search results per topic that were used as featured snippets always
took positions 1 to 4 on the SERPs, with only the highest-ranked
one of them being displayed as a featured snippet and the others as
regular search results. Which result would be displayed as featured
snippet varied with conditions (see Table 1). The six remaining
results per SERP did not have strong stances (i.e., on a seven-point
Likert scale ranging from extremely against to extremely in favor,
they had been labelled as somewhat against or somewhat in favor).
These six results continued in the alternating order of in favor and
against stances. We did not control the logics that were featured
in the search results in positions 2-10 as this was not practically
possible but aimed for a good mix of logics on every SERP.

3.3 Variables
3.3.1 Independent Variables.

• Stance: Binary variable indicating the stance expressed in
the featured snippet (against or in favor).

• Logic: Nominal variable indicating the logic of evaluation
expressed in the featured snippet [3, 11]:
– Inspired: speaking to what is true, divine, and amazing
– Popular : speaking to what is popular or what people want
– Moral: speaking to what is social, fair, and moral
– Civic: speaking towhat is legal, accepted, and conventional
– Economic: speaking to what is profitable and creates value
– Functional: speaking to what works
– Ecological: speaking to what is sustainable and natural

3.3.2 Dependent Variables.

• Attitude change: difference between the measured pre-
and post-attitude (i.e., users’ stance; each measured on a
seven-point Likert scale randing from strongly disagree; -3;
to strongy agree; 3). Pre-search attitudes were all -1, 0, or 1 as
we only tested users without strong pre-existing attitude for
a topic (see following subsection). This meant that attitude
change could range between [-4;4].

• Logic Adoption: binary variable indicating whether a user
has adopted the logic expressed in the featured snippet for
themselves post-search.

3.3.3 Descriptive and Exploratory Variables. We use these variables
to conduct descriptive and exploratory (but no confirmatory) anal-
yses.

• Time: how much time participants spent on their search
• Education: participants’ level of education

3Wemanually evaluated the credibility of search results using guidelines for credibility
assessment developed in another project that is, as of this writing, still under review.

Figure 2: Screen that was shown to participants after they
completed their search on the SERP. Participants were
promted to update their stance on the respective topic, as
well as could see their initial pre-task justification. If any
new argumentations came to mind that were not previously
mentioned, participant’s could use the text field below.

3.4 Procedure
After reading about the study aims, process, and implications of
their participation, participants signed a consent form. They then
followed four steps to complete their participation:

(1) Participants provided basic demographic information. In ad-
dition, they indicated their stance on the three topics in our
study. If any of their stances was one of the center three op-
tions on a seven-point Likert scale for at least one of the top-
ics, participants were directed to step two. Otherwise, their
participation ended with full compensation. We decided to
only include participants without strong pre-existing
viewpoints as they are particularly vulnerable to undesired
effects such as SEME [15, 16].

(2) Subjects were randomly assigned to one of the topics for
which they had a mild or neutral stance (i.e., a pre-search
attitude in the center three options on the Likert scale). They
were then asked to justify their position and reinforce it with
any arguments in an open text field. These arguments are
referred to as justifications in the remainder of the paper. We
kept this voluntary because we did not want to push par-
ticipants to give an explanation, which could lead to forced
justifications.

(3) Within their topic, participants were randomly assigned to
one of the four available featured snippets and saw the corre-
sponding SERP (see Table 1). They were free to interact with
the results as they would with a typical web search engine.
Search result links to the different websites were clickable
to allow for a natural interaction with the SERP.

(4) Participants gave their (potentially) updated attitude on the
topic after finishing the search and were asked to enter any
novel arguments (justifications) they now subscribe to in
another open text field (see Figure 2).
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Table 1: Featured snippets used in each of the 12 user study conditions. There are four featured snippets per topic (i.e., two in
favor and two against) that express different logics in their direct answers. Each participant in our user study only saw one of
these featured snippets on its corresponding SERP.

Topic Stance Logic Featured Snippet Excerpt

Intellectual Property Rights In favor economic Intellectual property (IP) contributes enormously. . .
Intellectual Property Rights In favor civic Intellectual property is important to our daily lives. . .
Intellectual Property Rights Against moral This is why around 100 countries, led by India and. . .
Intellectual Property Rights Against economic Open and non-exclusive licensing unleashes the. . .
School Uniforms In favor popular The study by Family Kids and Youth revealed. . .
School Uniforms In favor inspired There’s a number of reasons why most schools. . .
School Uniforms Against moral Uniform policies reinforce gender and racial. . .
School Uniforms Against inspired Picking out my own clothes and being free to. . .
Obesity In favor functional Calling obesity what it is, "a disease," can help direct. . .
Obesity In favor ecological Which brings me to the second point: Once. . .
Obesity Against civic "We cannot say just because you are obese you . . .
Obesity Against inspired Doctors should be required to tell patients a blunt. . .

3.5 Participants
A pre-study power analysis for an independent-samples 𝑡-test (see
following subsection) using the software G*Power[17] (i.e., spec-
ifying the default medium effect size of 𝑑 = 0.5, a significance
threshold of 𝛼 = 0.025, and a desired power of 0.8) revealed that
156 participants would be required. We recruited a total of 256 par-
ticipants from the Prolific platform (https://www.prolific.co) with
each participant being paid £0.60 (i.e. £9.00 per hour). Since only
people with mild pre-existing viewpoints were eligible to partake,
only 182 people were able to complete the full study.4

3.6 Post-Processing and Statistical Analysis
We tested H1 by conducting an independent samples 𝑡-test with
the featured snippets’ stances (e.g., either in favor or against) as
independent and users’ attitude change as dependent variable. To
analyse the influence on users’ change in logic (H2), we first an-
notated the participants’ justifications using the logic framework
proposed in [11] (see Section 4.3). This analysis only looked at those
participants who did not already include their assigned featured
snippet’s logic of evaluation prior to searching (i.e., 99 out of the
182 participants who completed the study), as it was impossible
for the other participants to consider adding the featured snippet’s
logic. We performed a binomial test on the logic adoption of those
99 participants, testing the null hypothesis that the chance of a
user adopting the logic expressed in a featured snippet is 1

7 (i.e.,
reflecting a uniform distribution considering that there are seven
different logics that can apply to any topic). Because we tested two
hypotheses in this study, we applied a Bonferroni correction to our
significance threshold, thus reducing it to 0.05

2 = 0.025.

4While 182 is larger than the 156 suggested by the power analysis, it was difficult to
control the number of eligible participants due to the filtering process. The effect sizes
of our analyses indicate that the extra power is unproblematic (see Section 4).

4 RESULTS
Participants’ ages ranged from 18 to 66 years (𝑀 = 28.91, 𝑆𝐷 = 9.10)
with 69 identifying as female and 113 as male. The majority of par-
ticipants (65.38%) were highly educated with 80 holding a bachelor’s
degree, 38 a master’s degree, and one a doctoral degree. Sixty-two
participants mentioned having at least a high school diploma and
the remaining participants had a lower level of education.

4.1 Descriptive Statistics and Initial Exploration
We present initial analyses to understand how participants behaved.
The most commonly allocated topic was Obesity, which was shown
to 45.4% of participants. 29.3% of participants received School Uni-
forms and 25.2% were presented a SERP associated with Intellectual
Property Rights. This uneven distribution is due to the fact that
participants were randomly assigned to one of the topics on which
they held a mild viewpoint. If this was the case for only one topic,
the participant was assigned to that topic accordingly. Participants
were presented with a near even split of against (47.2%) and in favor
(52.8%) stances in featured snippets. Of the 182 participants who
completed the study, 61 (33.5%) held a completely neutral view (i.e.
a stance of 0 measured on a seven-point Likert scale), 35 (19.2%) a
slightly against and 86 (47.2%) a slightly in favor stance towards
their assigned topic. On average, participants provided pre-search
justifications containing 27.43 words (𝑆𝐷 = 23.38), with post-search
justifications being only 15.96 words long (𝑆𝐷 = 16.27). Pre- and
post justification lengths were fairly similar across conditions.

Overall, the median time to complete tasks was 3.72 minutes
(𝐼𝑄𝑅 = 3.43𝑚𝑖𝑛𝑢𝑡𝑒𝑠). This varied slightly across topics with the
Obesity topic having the longest sessions (𝑀𝑑𝑛 = 3.94, 𝐼𝑄𝑅 =

3.34) followed by School Uniforms (𝑀𝑑𝑛 = 3.90, 𝐼𝑄𝑅 = 4.74) and
Intellectual Property Rights (𝑀𝑑𝑛 = 3.35, 𝐼𝑄𝑅 = 3.08). In line with
previous studies investigating direct answers or featured snippets
[9, 48], few participants (17.58%) clicked on results. If results were
clicked, however, there was a strong trend towards the featured
snippet, which received more than half of all click-throughs (51.02%,
see Figure 3). Results at position 7 and 8 received no clicks at all.
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Figure 3: Relative click proportions over the ranks. Users
behaved similarly across conditions, with a positional bias
with regards to the featured snippet.

The justifications participants provided pre- and post-search
were annotated for logics of evaluation using the framework pro-
posed by Draws et al. [11] (see Section 4.3). On average, participants’
justifications included 1.31 different logics pre-task (𝑆𝐷 = 0.88)
compared to 0.76 different logics post-task (𝑆𝐷 = 0.86). There were
fewer post-task logics since we asked people to add any additional
arguments that they did not mention in the pre-task. The fact that
the mean number of logics applied is less than one illustrates that
not every SERP resulted in new justifications being won.

Figure 4a depicts the distribution of pre-task logics present in
participants’ justifications for featured snippets that contained a
moral justification with an against stance and Figure 4b depicts
the equivalent after the participant completed their search. Fig-
ures 4c and 4d likewise show the stances both pre- and post-task,
respectively. These plots provide initial evidence that interacting
with the SERPs impacted on the participants’ argumentation. The
moral logic is particulary more prominent post-task than is the case
pre-task. Similarly, while pre-task stances had a clear positive lean,
this is no longer the case post-task. This is a further hint that the
featured snippets were influential.

4.2 RQ1: Influence of Featured Snippet Stance
on Web Search Users’ Attitude

To answerH1 (i.e., whether the stance expressed in a featured snip-
pet influences users’ post-search attitudes toward a debated topic),
we first computed participants’ attitude change by subtracting their
pre-task stance towards the respective topic from the post-task
stance. For example, a participant with a pre-task stance of 1 and
a post-task stance of 3 (measured on a seven-point Likert scale)
experienced an attitude change of 2. H1 is true if people’s attitude
change is in line with the stance expressed in the featured snippet.
A t-test indicated a significant difference between attitude changes
for featured snippets with in favor stances (𝑀 = 0.55, 𝑆𝐷 = 1.09)
and featured snippets with against stances (𝑀 = −0.28, 𝑆𝐷 = 1.30;
𝑡 (180) = −4.68, 𝑝 < .001, 𝑑 = .70), suggesting – in line with H1 –
that participants indeed changed their attitudes in accordance with
the stances expressed in featured snippets.

4.3 RQ2: Influence of Featured Snippet Logic on
Web Search Users’ Justifications

To answer H2 (i.e., whether the logic expressed in the featured
snippet influences users’ post-search justifications), each partic-
ipant was first coded in a binary fashion as having adopted the
logic expressed in the featured snippet or not. One author did this
by blindly (i.e., without seeing other participant data) examining
each participant’s pre- and post-task viewpoint justification texts
and annotating them for logics of evaluation; and finally coding
participants depending on whether the logic of the featured snippet
they saw appeared in their post-search justification. Entries were
excluded from this labelling process if:

(1) they did not provide any pre- or post-task justification
(2) an explanation was given with no clear logic (i.e. if people

gave an explanation like "I don’t know")
(3) their justification matched that provided by the featured

snippet, but they had provided the same explanation pre-
task (i.e. before seeing the featured snippet)

To ensure reliability, the data all each post-task explanations
were re-coded after a duration of two weeks. Reliability was cal-
culated using Krippendorff’s alpha for multi-label nominal-scales
since each justification could be labelled with one or more of the
seven logics available. Krippendorff’s 𝛼 was .784 which is sufficient
to draw conclusions [25, p.356].

In 32 of the 99 cases that remained after this filtering process
(32.3%), participants reported a post-search justification that in-
cluded the logic expressed in the featured snippet they had seen.
To test whether this adoption of logics from the featured snippets
was extraordinary, we assumed that there is a one in seven or 14.2%
chance of any argument provided matching the featured snippet’s
logic (i.e., as there are seven logics). A binomial test indicated that,
across conditions, participants were significantly more likely than
chance to use the featured snippet’s logic in their post-search justi-
fication (32.3%) than the expected 14.2% (𝑝 < .001).

4.4 Inspecting Justifications Qualitatively
The analyses in the previous two sub-sections were quantitative in
nature. Here, we examine participants’ stance justifications in more
detail by presenting clear examples. Our aim in this qualitative
analysis is to contextualise the results presented thus far.

During the logic-annotation process, it became clear that partici-
pants were not simply copying or parroting the arguments made in
featured snippets. There were several indications, indeed in most
of the responses, that the participants had invested considerable
thought and effort into the process. There were post-task argu-
ments provided where it was obvious that people had interacted
with results. We saw evidence of learning, e.g., “[the]search results
revealed that wearing uniforms actually induce sexual harassment
for female[s], which is really troubling” (U126), and the introduction
to new, previously unconsidered, perspectives, e.g. “Medical IPs
and patents in general are something I did not consider. I believe that
medical IPs should be forced to be leased to other producers (for a
percentage of the profits of course) to combat artificial scarcity and
monopolies (e.g. Insulin prices in the US).” (U079). Moreover, new
information seems to have caused at least some participants to
reflect on their original stance, e.g., “After reading the google search,
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Figure 4: Distribution of logics and stances before and after participants were exposed to a SERP showing a featured snippet
containing a moral logic that is against the presented topics (Intellectual Property Rights and School Uniforms, see Table 1).

I do not think I agree . . . ” (U081), and “The text that was presented
to me slightly changed my opinion on the subject. When I initially
wrote my answer, I immediately thought of artistic creation. But what
they presented to me was related to intellectual property on products
that are indispensable to society, and I think that governments must
intervene to guarantee a common good.” (U074).

Some participants made reference to specific documents that
had influenced their thinking. For example, “I found the Globe and
Mail article interesting where it discussed how our bodies respond
differently to overeating/binge eating . . . ” (U146). Other participant
entries revealed that participants had interacted with the presented
results in a critical fashion. Some explanations refer to credibility
judgements made about results, including the featured snippet, and
suggest that these judgements had played into their arguments:
“The snippet at the top of the search results did not seem like it came
from a reputable source.” (U168), “I actually found that many reliable
sources seem to think obesity is in fact not a disease. I did not gain
any new reliable information that told me otherwise.” (U168). In
this second example, it seems that the participant was weighing up
the quantity of what they perceived to be reliable sources and this
eventually led to their post-search stance.

Therewere also cases where participants demonstrated reflection
but the information provided was insufficient to change their minds:
“I think I have expressed my opinion, search results don’t influence my
thoughts about copyright” (U040), “Now I see more benefits for this.
But we need more long term studies to know for sure“ (U040), “Not
at all from what I just read I see that this is a two sided argument,
there are some people who believe it is a disease and those who refuse
to believe that it is“(U040). One participant expressed that search

results alone would not be enough for them to construct a view or
change their perspective: “. . . those searches, are just search topics.
They won’t change my mind, without further investigation” (U046),
“I will keep my opinion even after everything that I read“(U046).

Thus, it seems that participants were neither robotically stealing
arguments from search results, nor were they superficially complet-
ing tasks just to receive remuneration with as little effort as possible.
Our results suggest that participants took the task seriously and
expended effort into considering the information presented, some-
times even being critical of the quality and sources. Yet, despite this
effort, the findings presented in Sections 4.2 and 4.3, demonstrate
that the SERPs shown influenced not only their post-task stance,
but also the justifications they made for their stance.

4.5 Exploratory Analysis
To better understand our results, we conducted exploratory analyses
concerning time, education level, and change in viewpoints.

4.5.1 Time. Given that featured snippets have been found to re-
duce interactionwith the SERP and search time [48], we assume that
participants with shorter search times are more likely to adopt the
featured snippets’ line of argumentation both in logic and stance.
Participants were split into two groups by a median split based
on their time on task (i.e., participants who searched for a time-
period shorter than the median and those who searched for longer
than the median). The adoption rate of the featured snippets logic
did not differ significantly between participants who spent more
time searching (38.0 %) and those who spend less time (26.5 %),
(𝜒2 (1) = 1.01, 𝑝 = .315). Additionally, participants who spent more
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time searching did not significantly change their stance to a greater
degree (based on the absolute difference of post- and pre-task stance,
𝑀 = 0.82, 𝑆𝐷 = 0.90) compared to participants who spend less time
(𝑀 = 0.86, 𝑆𝐷 = 1.01; 𝑡 (180) = −0.23, 𝑝 = .816).

4.5.2 Educational Background. Looking at participants’ educational
backgrounds, highly educated participants (i.e. Bachelors, Masters
or Doctorate) adopted the featured snippets logic slightly more of-
ten (33.3 %) than people with other educational backgrounds (30.6
%). Again, however, the difference was not significant (𝜒2 (1) =

0.003, 𝑝 = .951). A similar picture is also present with the num-
ber of logics expressed in their pre-task explanations. More highly
educated participants did not express significantly more logics
(𝑀 = 1.35, 𝑆𝐷 = 0.85) compared to participants with other educa-
tional backgrounds (𝑀 = 1.25, 𝑆𝐷 = 0.94, 𝑡 (97) = −0.53, 𝑝 = .591).
The same was also true with respect to whether or not participants
followed the featured snippets stance. This was true for 25.2 % of
those participants who reported a higher level of education com-
pared to 22.2 % for participants with other educational backgrounds.

4.5.3 Viewpoints. Among the participants who had mild pre-task
stances (either -1 or 1, against or in favor respectively; rather than
neutral pre-task stances), 53.7 % changed their viewpoints after
searching. Those participants who were presented with conflicting
viewpoints in the featured snippet (e.g., they were in favor of the
topic in question but the featured snippet was against), changed
their viewpoint in accordance with the featured snippet’s stance
in 14 % of cases. Around a third (32.2 %) of participants from the
same groups (i.e., pre-task attitudes of −1 or 1) strengthened their
initial viewpoint regardless of the presented information on the
SERP. If participants followed the featured snippet’s stance, in favor
post-task stances were more extreme (𝑀 = 1.86, 𝑆𝐷 = 1.49) than
against ones (𝑀 = 0.35, 𝑆𝐷 = 2.32). Of the participants who initially
held a neutral viewpoint, 55.7 % changed their post-task viewpoint
(in either direction) and 29.5% of these changed their viewpoints in
accordance with the featured snippets’ stance.

We finally looked at the influence of the number of logics people
used in their pre-task explanations by splitting participants into
two groups by using a median split based on the number of log-
ics participants used in their pre-task justifications. Participants
who applied more logics in their explanations did not significantly
change their stance as much (𝑀 = 0.94, 𝑆𝐷 = 1.03) compared to
participants who did not express many logics (𝑀 = 1.25, 𝑆𝐷 =

0.77, 𝑡 (97) = 1.14, 𝑝 = .256).

5 DISCUSSION
The presented study investigated the influence of featured snippets
with a biased stance and controlled logic of argumentation on
the post-task attitudes of searchers. To answer RQ1, while the
reported post-task stances were by no means polemic, there is a
clear pattern of movement to the stance of the featured snippet. The
results show a significant effect that post-task, participants changed
their attitudes in accordance with the stances expressed in featured
snippets (Section 4.2). With respect to RQ2, the participants were
also more likely than would be expected by chance alone to adopt
the logic of argumentation used in the featured snippet in their own
post-search justifications (Section 4.3). The exploratory analyses

we performed post-experiment did not reveal any demographic
or behavioral trends. In other words, the findings seem to hold
regardless of educational background or the time spent interacting
with the search results.

Qualitatively inspecting the justifications participants provided
for their stances revealed the subtle nature of the influence involved.
The participants evidenced considerable thought and effort and
often explained why they were convinced by what they had seen
on the SERPs and indeed why not. Sometimes this involved being
introduced to a perspective they had not considered (as in the
examples above for (U074) and (U079) or arguments being made
by credible sources (e.g. in the examples from (U146) and (U168).
Nevertheless, despite effort and critical evaluation on the part of
the participants, there is clear evidence of movement towards the
direction and argumentation of the featured snippet, regardless of
what the stance was and how it was argued.

5.1 Implications
Our results build on past work to form a troubling picture: a highly
motivated and, to a large extent, well-educated sample of partic-
ipants adopt the stance and argumentation from a highlighted
featured snippet after searching. This has implications for both
search engines and the research community.

The picture painted by these and past findings underlines the
power of search engines and begs the question of how they should
wield this power. The results ask of modern search engines to take
responsibility and make conscious decisions about how they want
to handle viewpoint diversity etc.; thus moving away from the
“our goal is just to provide relevant results” paradigm. Currently,
some search engines, such as Google or Bing, provide users with a
single biased answer to debated topics. Figure 5 depicts featured
snippets by Google for each of the topics used in the study. These
examples show a clear bias in one direction even for topics where
a legitimate argument can be made in either direction. The last
example by britannica.com especially stands out since even though
the article presents arguments both for and against school uniforms,
the corresponding featured snippet only gives a one-sided view on
the topic. Given that featured snippets reduce engagement with
SERPs [9, 47, 48] and increase satisfaction [48], it seems that users
stick to the first viewpoint encountered andmay not consider others,
even if valid arguments could be made for both sides.

Thus, our findings imply that the content displayed in featured
snippets may have large-scale undesired consequences for indi-
viduals, businesses, and society, and urgently call for researchers
and practitioners to examine this issue further. Below we highlight
topics for future work that would help understand the issue more
clearly as well as help find solutions.

5.2 Limitations
Before highlighting future work, it is important to acknowledge
that our research is subject to some limitations. For one, partic-
ipants were only able to view one of three fixed topics and not
individually chosen ones. Although many more debated topics ex-
ist and some participants might be more interested in other ones,
this allowed us to control the effect the topic might have on users’
search outcome by creating SERPs with specific characteristics such
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Figure 5: Examples of real-world featured snippets that ap-
pear for the same topics used in the study. All explanations
in the featured snippet are biased toward a specific direction
- either against or in favor of the topic in question.

as the featured snippets’ logic and stance. Additionally, our pre-
selection made sure that participants had no strong opinions for at
least one of the topics which left participants open to explore new
viewpoints as would be the case in a more naturalistic scenario.
While it may have been better to filter participants such that they
have no preconceived opinion on all three topics and then assign a
topic randomly, this would have been infeasible since hardly any
of the recruited participants would have been eligible. Even with
unlimited resources, we believe filtering so many participants may
have introduced unintended sampling bias.

Given that participants did not hold strong stances on the topics
they were assigned, it is possible that they had not given the topic
much thought or were not particularly knowledgeable on the topic.
This may have made them easier to sway, indeed past work has
suggested that in such cases users may be particularly vulnerable to
undesired effects such as SEME [15, 16]. This effect may have been
compounded by the fact that we only presented credible documents.

Finally, our analysis of participants’ logic adoption (see Section
4.3) is limited in two ways. First, we could only consider the data
of about half of participants (as all other participants had already
stated the featured snippet’s logic pre-search). This was necessary
as we wished to specifically look at whether users adopt particular
logics but did not account for some cases, e.g., users dropping a
logic from their justification post-search. Second, we had to make
a strong assumption in all logics being equally likely candidates
for post-search. We note here, however, that any null hypothesis
(e.g., considering the pre-search instead of a uniform logic distribu-
tion) would reflect a strong and potentially unfounded assumption
here. We believe that the uniform logic distribution was the most
unbiased of all these options and that our analyses, in combination
with descriptive statistics, present a convincing picture.

6 CONCLUSION AND FUTUREWORK
The presented study investigated how the stances and logics of eval-
uation expressed in featured snippets influence post-task attitudes

and justifications of users without strong pre-search attitudes. Fea-
tured snippets were manipulated such that they showed an answer
with either an in favor or against stance and included one of seven
logics in the explanation. Our findings show that users were not
only significantly affected by the answers’ stances but also adapted
the featured snippets’ logic into their own post-search argumenta-
tion. This evidences that the influence of featured snippets is not
only present in the health-domain (as previous research showed [6])
but also extends to other, more general debated topics such as school
uniforms. We also show, that participants did not just blindly follow
the answer presented in the featured snippet but put significant
effort and consideration into their justifications. Given these results,
it begs the question of whether featured snippets should take side
on debated topics or whether there are situations in which it is
reasonable to present the user with a singular viewpoint.

Future work should explore if and how to present users with
answers without strong biases. One way could be to present users
with more than a singular answer. While still making use of the
positive qualities of featured snippets (e.g. showing an answer that
can be found in the full document), this approach would leave the
user the opportunity to compare possible answers and decide ac-
cordingly. Some search engines (e.g., Bing) already do this for some
questions but it is not yet clear if this has an effect on users’ opinion
forming and, if so, how users are influenced. Another approach
might be to inform users about the biases present in the SERP or
to design search interfaces that help educate users to identify bi-
ases themselves. Such boosting approaches are appealing since they
benefit the user beyond the current context of the intervention [31].

There are many other open questions that research still needs
to address. For example, the SERPs studied in our work were man-
ufactured and presented in controlled environments and it would
be fascinating to study these situations naturalistically (e.g., as in
Ortloff et al. [31]). Moreover, we controlled our experiment to study
the effects on people without strong pre-existing attitudes. An in-
tuitive next step would be to see the effects, if any, on users who
already have a strong stance. In summary, while search engines
are a vital informational and learning tool, the subtle biasing effect
their results can have on our opinions and behavior is worrying
and requires further study.
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