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Abstract
Search engines play an important role in the provision of information. Recently, researchers have raised
their concerns about the potential of search engine providers trying to shift the opinion of their users
by manipulating search results. But search results might also be manipulated for financial gain. If an
increase in User Engagement (UE) can be achieved by manipulating search results, the manipulation
of search results can lead to increased advertisement revenue. In this thesis, a 2× 3× 3 factorial user
study (𝑛 = 376) investigating the effect of biased Search Engine Results Pages (SERPs) on UE in
users with strong opinions on the topic is presented. Different search result ranking biases were used:
a search result ranking biased to agree with the topic, one that disagrees with the topic and one that
is indifferent towards the topic. One of two different topics is assigned to the user. The bias in the
SERP is determined by the condition assigned to the user (i.e., mitigate, control or reinforce) and the
viewpoint of the user towards the topic (i.e., agree or disagree). Furthermore, one out of three queries
is presented at the top of the SERP (i.e., a query that agrees, disagrees or is impartial with the topic).
It was found that neither mitigating nor reinforcing bias through the SERP affected UE. The exploratory
analysis suggests that confirmation bias did not guide the results clicked by the users. Users were not
refrained from clicking search results that do not align with their viewpoint on the topic. Instead, the
exploratory analysis suggests that results are clicked based on their position (position bias), regardless
of whether bias of the user is mitigated or reinforced.

iii





Preface
This thesis is the final work I have to complete in order to obtain my Master of Science degree in
Computer Science at Delft University of Technology. I have put a lot of work into this thesis and learned
a lot while working on it. Completing this thesis would not have been possible without the help of
certain people and one organisation. First and foremost, I would like to thank Ujwal Gadiraju and David
Maxwell for being my daily supervisors. They helped me a lot in shaping this thesis. Ujwal especially
helped me a lot with his insights on the setup of the user studies and the analysis of the results. The
logging framework provided by David and his help on using this framework helped me a lot regarding
the implementation of the custom search engine. Then, I would like to thank Geert­Jan Houben for
being my thesis advisor. Finally, I would like to thank Lydia Chen for being part of the committee for
my thesis. I would also like to thank SURF for allowing me to use a virtual machine instance on the
national computing facilities. Access to these facilities enabled me to host the custom search engine
that was built for this thesis.

W. R. A. Turk
Delft, July 2021

v





Contents

List of Figures ix

List of Tables xi

1 Introduction 1
1.1 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Contributions & Outline. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Related Work 5
2.1 Cognitive Biases in Web Search. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.2 Beliefs and Behaviour . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3 User Engagement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.4 Critical Thinking in Web Search . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

3 Reinforcing & Mitigating Users Viewpoints 11
3.1 Topic Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.2 Search Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
3.3 Pilot Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.3.1 Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
3.3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

4 Custom Search Engine Design 17
4.1 URL Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
4.2 Search Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

4.2.1 Storage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
4.2.2 Ranking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
4.2.3 Loading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

4.3 Logging User Interactions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
4.3.1 Client . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
4.3.2 Server . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

4.4 User Interface. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.4.1 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.4.2 Search Functionality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
4.4.3 Search Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
4.4.4 Pagination . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

5 Experimental Setup 23
5.1 Goal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
5.2 Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

5.2.1 User Engagement Scale . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
5.2.2 User engagement metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
5.2.3 Perceived diversity scale . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

5.3 Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
5.4 Procedure. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
5.5 Statistical Analyses. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
5.6 Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

6 Results & Analysis 31
6.1 Descriptive Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
6.2 Hypothesis Tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

6.2.1 User Engagement Score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
6.2.2 User Engagement Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

vii



viii Contents

6.3 Exploratory Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
6.3.1 Viewpoint­Aligned Proportion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
6.3.2 Effect of Query . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
6.3.3 Difference in Dwell Time . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
6.3.4 Ranks Clicked . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
6.3.5 Second Combined UE Metric . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

7 Discussion 39
7.1 Key Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
7.2 Cognitive Biases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
7.3 Implications for Search Engine Providers . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
7.4 More Search Result Interactions in Biased Conditions . . . . . . . . . . . . . . . . . . . . 40
7.5 Limitations, Caveats and Weaknesses . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

8 Conclusions 43
8.1 Future Work. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

A Figures 45

Bibliography 49



List of Figures

3.1 UES scores over different search result rankings for the participants of the pilot study for
the mitigate condition (3.1a) and the reinforce condition (3.1b). There are no statistically
significant differences between the first and second search result rankings (𝑝 = 0.069
and 𝑝 = 0.819 for the mitigate and reinforce conditions, respectively). . . . . . . . . . . 16

3.2 Perceived result diversity scores over different search result rankings for the participants
of the pilot study for themitigate condition (3.2a) and the reinforce condition (3.2b). In the
mitigate condition there was no statistically significant difference in perceived diversity
score. In the reinforce condition the perceived diversity scores for the first and second
search result ranking are statistically significantly different (𝑝 = 0.04). The second search
result ranking is thus perceived as more realistic than the first search result ranking by
the participants of the pilot study for who the bias is reinforced. . . . . . . . . . . . . . . 16

4.1 Search functionality in the pilot study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
4.2 Search functionality in the final study. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
4.3 The spinner that is shown when search results are being loaded. . . . . . . . . . . . . . 20
4.4 Example of how a search result is shown in the SERP. . . . . . . . . . . . . . . . . . . . 21
4.5 Example of how a search result is shown in the overlay. . . . . . . . . . . . . . . . . . . 21
4.6 Pagination item when the first page of search results is shown. . . . . . . . . . . . . . . 21

5.1 Graphical representation of the hypotheses that are tested. . . . . . . . . . . . . . . . . 23
5.2 Graphical representation of the procedure that the participants of the study follow. Each

task is followed by a time estimation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

6.1 Mean UES for different conditions. The vertical bars represent one standard deviation.
The expected trend is observed, but the differences are non­significant. . . . . . . . . . 32

6.2 Mean UES for different conditions and topics. . . . . . . . . . . . . . . . . . . . . . . . . 33
6.3 Mean UES for different conditions and queries. The UES is higher than expected where

the query agrees with the viewpoint of the user in the mitigate condition. . . . . . . . . . 33
6.4 Mean combined UE metric of the first group for different conditions and queries. The

vertical bars represent one standard deviation. . . . . . . . . . . . . . . . . . . . . . . . 36
6.5 Mean combined UE metric of the second group for different conditions and queries. The

vertical bars represent one standard deviation. . . . . . . . . . . . . . . . . . . . . . . . 36
6.6 Mean UES for different queries (across all conditions). The vertical bars represent one

standard deviation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
6.7 Proportion of participants that clicked on a search result rank. . . . . . . . . . . . . . . . 38

A.1 SERPwith the “Pros and cons of becoming vegetarian” query for which the search results
have been biased to agree. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

A.2 SERPwith the “Pros and cons of becoming vegetarian” query for which the search results
have been biased to disagree. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

A.3 SERP with the “Pros and cons of becoming vegetarian” query and the neutral search
result ranking. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

ix





List of Tables

3.1 Queries issued to the Bing Custom Search API. Queries are deduced from the queries
used by Draws et al. [13]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3.2 Predefined queries for each topic in the pilot study. . . . . . . . . . . . . . . . . . . . . . 14
3.3 Document viewpoint rankings in the pilot study. The rankings are based on a partici­

pant that strongly disagrees with the topic for which the bias will be mitigated. Positive
viewpoint annotations are given to documents that agree with the topic, while negative
viewpoint annotations are used for documents that disagree with the topic. Search re­
sult positions with an ‘s’ are filled solely based on cosine similarity and the documents in
these positions can therefore have any viewpoint annotation. . . . . . . . . . . . . . . . 14

3.4 Distribution of the participants in the pilot study over the topics and conditions, where
possible the group sizes were balanced. . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.5 𝑝­values for the Wilcoxon signed­rank test across different scales and conditions. Only
the difference in the perceived result diversity score in the reinforce condition is statisti­
cally significant. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

5.1 Queries that can be assigned to the participants for each topic. . . . . . . . . . . . . . . 24
5.2 Viewpoints for the search results in the search result rankings with different bias. The

search results with an ’s’ as viewpoint can have any viewpoint and are based on the
cosine similarity with the query. This is explained in more detail in Section 3.3. . . . . . 25

5.3 Search result ranking that is shown to the participant per opinion towards the topic and
condition that is assigned. For the neutral search result rankings, two different variations
exist. One is chosen when the query at the top of the SERP is positive or neutral, the
other one is chosen when the query is negative (see Table 5.2). . . . . . . . . . . . . . . 25

6.1 Sample size for each group, where possible the group sizes were balanced. . . . . . . . 31
6.2 Results for the ANOVAs (H1­H3) with UES as dependent variable. Interaction effects

are represented using colons. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
6.3 Means and standard deviations (between brackets) per metric for different conditions. It

was expected that the active time in the reinforce condition would on average be greater
than in the mitigate and control condition, but this has not been observed in the results.
It is observed that the average dwell time is greater in the control condition. . . . . . . . 34

6.4 Mean and standard deviations (between brackets) per metric for different conditions and
queries. No consistent differences have been observed over the different conditions and
queries. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

6.5 Means and standard deviations (between brackets) per metric for different conditions
and topics. It is observed that the active time in the control condition for the school
uniforms topic is greater than the other active times. Just as for the control condition in
Table 6.3, it is observed that the dwell time for the control condition and school uniforms
topic is greater than for the other conditions and topics. . . . . . . . . . . . . . . . . . . 35

6.6 Pearson’s 𝑟 between the different UE metrics. Metrics with a strong correlation (𝑟 ≥ 0.6)
are grouped for the analyses. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

6.7 Results for the ANOVA analyses with the combination of the first group of UE metrics as
dependent variable. Interaction effects are represented using colons. . . . . . . . . . . 35

6.8 Results for the ANOVAs with the combination of the second group of UE metrics as
dependent variable. Interaction effects are represented using colons. . . . . . . . . . . 36

6.9 Proportion of viewpoint­aligned documents among all clicked documents over different
conditions and queries. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

xi





1
Introduction

In an age where almost all information can be found online, search engines play an important role. Not
all information that can be found online can be seen as credible information (e.g., online information
in the health domain [73]). Users are uncertain when providing credibility judgements for search re­
sults. Even though a lot of non­credible information is present on the internet, most users blindly trust
the information that is presented by search engines. For example, an eye tracking study has shown
that college students have substantial trust in Google to rank their results optimally w.r.t. the issued
query [55]. The trust given to search engines empowers search engine providers to influence society.
Outcomes of elections [16] or the users’ opinion on the efficacy of medical treatments [56] could be
influenced by prioritising selected search results. Allam et al. [1] have shown that search results re­
garding vaccination can both positively and negatively influence the user. Therefore, in order to avoid
unnecessary negative influence, it is important that search results with balanced arguments are shown
to the user.

To the users of search engines it is not known whether search engines are willingly manipulating
search results. There are many possible explanations as to why search results could be biased. One
of these explanations is that search engines would like to shift the opinion of the user on a topic about
which the user searches. Concerns have been raised by researchers about search engines trying
to shift the opinion of the user [32, 37]. Robertson et al. [60] audited Google Search for a set of
political queries. They found significant differences in the composition of politically­related Search
Engine Results Pages (SERPs) that were presented to users. However, bias in search results does
not have to be intentional. Bias in search results can be caused by data bias, interaction bias or even
second­order bias, where implicit biased user feedback is used to optimise web search [6]. Users are
also biased themselves, but often do not know that this is the case [59].

Shifting the users’ opinion is potentially not the only motivation that exists for manipulating search
results. When searching the Web, advertisements are shown in response to the queries issued by
users. Because both search results and advertisements look very similar, it has become harder to
tell the difference between the two [40]. It has also been shown that users with little knowledge on
search advertising are more likely to click on advertisements and less willing to scroll beyond the ad­
vertisements to view real search results [62]. Users that are not able to distinguish between search
results and advertisements are about twice as likely to click on an advertisement than users that are
able to distinguish between search results and advertisements [39]. Furthermore, it has been shown
that users behave similarly in advertised search results as in regular search results [4]. So, there is not
necessarily a disadvantage for search engine providers to show advertisements to users as if they are
normal search results. Letting users interact more with SERPs can thus lead to financial gain.

As mentioned before, there is no evidence that search engine providers do willingly manipulate
search results. But, it is important to be aware of any potential dangers. The aim of this research is to
investigate whether an incentive for search engine providers exists to manipulate search results. There
could be a financial incentive for the search engine provider to increase User Engagement (UE). An
increase in UE in both the short and long term could create additional revenue for the search engine
provider. If the UE increases, the user for instance could interact with more advertisements, increas­
ing the advertisement revenue. Therefore, if UE can be increased by manipulating search results, this
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2 1. Introduction

could be a motive for the search engine provider to manipulate search results. Search engine providers
could potentially increase UE by exploiting cognitive dissonance, where people tend to avoid situations
that challenge their beliefs [20]. In web search this is known as a confirmation bias, which means that
users tend to avoid search results that do not align with their beliefs [37]. Search engine providers
could for example show more results to the user of which they know the user agrees with them at the
top of the SERP. This could be beneficial for the search engine provider but it could also cause dangers
(e.g., for democracy when search is related to politics [9]).

1.1. Research Objectives
The main goal of this thesis is to find out whether an incentive in the form of UE exists for search engine
providers to manipulate search results. This is investigated for users with strong opinions, since it is
expected that their beliefs will be challenged the most and as a result the largest change in UE will be
observed. The overarching research question is:

Overarching Research Question: How is UE affected in users with strong opinions when SERPs
are biased?

One of the many reasons why it is useful to study whether UE is affected by biased search results is
that it is interesting to see whether an incentive exists for search engine providers to reinforce bias. If
the search engine provider knows what a user believes and has incentive to reinforce this believe, this
could have a negative impact on the user. On the other hand it is interesting to see whether mitigating
bias has an impact on the engagement of the user. If mitigating bias has no impact on the engagement
of the user, this could be used as an argument to motivate search engine providers to show balanced
search results to their users. If it is known that the user believes something that is proven not to be
true, more search results that convey the truth can be shown to the user. This all depends on whether
UE is affected by showing biased search results. Currently, it is not known how UE is affected when
biased search results are shown. Addressing this research question will allow to take action depending
on the outcome of this thesis. For example, if it turns out UE is increased when reinforcing bias, this
can be used to investigate whether search engines exploit this fact and users can be warned. When it
is found that mitigating bias does not affect UE, this can be used as a call for action for search engine
providers to show truthful results. It will be investigated whether UE is affected when SERPs are biased
by answering the following research questions:

• RQ1. What is the impact of mitigating bias in users with strong opinions by manipulating the
SERP in web search on UE?

• RQ2. What is the impact of reinforcing bias in users with strong opinions by manipulating the
SERP in web search on UE?

To answer these questions, search engines with different biases in the SERP will be presented
to users. In the search engine, one of the two selected topics will be shown. The search engines will
represent a different bias by changing the composition and ranking of search results. One search result
ranking will be biased to agree with the topic, another will be biased to disagree with the topic and the
final one will be neutral towards the topic. Search result rankings are biased by changing the positions
of search results with particular viewpoints. The search result ranking will be assigned based on the
viewpoint of the user and the condition to which the user is assigned. UE will be assessed by recording
the behaviour of the participants and recording their responses for a questionnaire on UE items. The
data on UE will be analysed to see whether UE is affected by bias in the SERP.

1.2. Contributions & Outline
The following contributions are made through this thesis:



1.2. Contributions & Outline 3

• A 2×3×3 factorial user study exploring how biased search results affect UE in users with strong
opinions is presented.

• All (anonymised) data and code produced and used for this thesis is publicly released.1 The
dataset consists of the search results used in the custom search engine and the corresponding
viewpoint annotations. The dataset also consists of the behavioural data recorded and the survey
responses from the participants. The code of the custom search engine used in the user study is
also published.

We find that UE is not affected by showing biased search results to the user that has a strong opinion
on the topic. It is found that the interaction effects between the topic presented to the user and the bias
in the search results do not affect UE. This is also the case for the interaction effect between the bias in
the search results and the query shown at the top of the SERP, and the interaction effect between the
perceived diversity of the search results and the bias in the search results. The exploratory analysis
suggests that the lack of confirmation bias explains why UE is not affected by biased search results.

This thesis will be outlined as follows. Literature that is relevant for this thesis will be summarised
and discussed in Chapter 2. The pilot study, together with the selection of the topics and the creation
of the search results will be discussed in Chapter 3. Then, in Chapter 4, the design choices of the
custom search engine will be discussed. In Chapter 5, the experimental setup will be discussed. In
this chapter, the goal of the final study will be discussed among other topics such as how participants
were recruited. Then, in Chapter 6, the results of the final study will be shown. These results will be
discussed in Chapter 7. Finally, the conclusions together with recommendations for future work will be
given in Chapter 8.

1The data can be found at: https://doi.org/10.4121/14831070. The code can be found at: https://doi.org/10.
4121/14831079.

https://doi.org/10.4121/14831070
https://doi.org/10.4121/14831079
https://doi.org/10.4121/14831079




2
Related Work

In this chapter the literature that is relevant for this thesis will be discussed. In Section 2.1, a high level
overview of different cognitive biases will be given. Then, in Section 2.2, literature regarding the effect
of search results on beliefs and behaviour of the user will be discussed. Thirdly, studies regarding UE
in web search will be discussed in Section 2.3. Finally, in Section 2.4, related work regarding critical
thinking in web search will be discussed.

2.1. Cognitive Biases in Web Search
Novin and Meyers [50] describe several potential sources of bias related to the way in which information
is presented to the searcher. In this study four different kinds of cognitive biases are focused on:

1. Priming effect occurs when the choice made by the searcher is influenced by a stimulus [64], a
stimulus could be provided by for example the repeated use of a layout.

2. Anchoring effect happens when the searcher attaches more value to the first result in the SERP
than other results [63].

3. Framing effect causes the searcher to make different choices depending on how the information
is presented [30].

4. Availability­heuristic refers to when a searchers’ estimate is influenced by the information that the
searcher immediately recalls [63].

The study subjects were asked to rank five different search results. The results of the experiment
show that the subjects score Wikipedia articles higher since they believe Wikipedia provides an objec­
tive perspective. This bias is also called domain bias [28]. Ieong et al. [28] have shown that by just
changing the domain of a search result, the preference of the user can be changed 25% of the time.
Other bias that exists in web search is position bias, which is related to the anchoring effect. Keane
et al. [33] have shown position bias exists by analysing normalized percentages of first clicks in a nor­
mal and reversed condition. The highest­ranked items in the normal condition are clicked less often in
the reversed condition, while the lowest­ranked items in the normal condition are clicked more often in
the reversed condition. The position of a search result might also instigate in the order effect, causing
users to assign more value to the information that is encountered first [7, 38]. Azzopardi [5] additionally
mentions the exposure effect and confirmation bias. It has been shown that when a user spends more
time engaging with a certain viewpoint or stance, the user tends to have a more positive judgement of
that viewpoint or stance, this is known as the exposure effect [38, 66]. Furthermore, confirmation bias
causes people to disregard or dismiss information when that information is contradictory to what those
people believe [35, 65].

The causes and effects of these cognitive biases have been widely studied. However, it is unknown
how these biases affect UE. For example, no studies have looked at the effect of increased exposure
of search results with a certain viewpoint in the higher­ranked items on UE.

5
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2.2. Beliefs and Behaviour
Various studies have looked at beliefs and behaviour of users in search engines. Pothirattanachaikul
et al. [58] have investigated how collective questions and answers, also known as People also ask,
impact the users’ beliefs and search behaviour. The participants of the study were required to look up
information with a customised search engine in order to answermedical yes­no questions. To determine
how the users’ beliefs changed, it was assessed whether the user changed his/her beliefs while using
(or not using) the People also ask feature. In order to see how the users’ behaviour is impacted, several
metrics are recorded:

• # of Queries: number of queries issued during the search task.

• # of Clicks: number of SERP clicks executed during the search task.

• # of Evidence: number of documents selected by the user as supporting their beliefs after the
search task.

• Deepest Document Rank: rank of the lowest document clicked.

• Page Dwell Time: average time spent viewing documents.

• SERP Dwell Time: average time spent on the SERP.

• Task Time Spent: time spent on the search task.

Other studies looked at how showing biased results impact the users’ beliefs and behaviour in the
medical domain as well. One study looked at how the opinion and credibility of a document affect the
search behaviour and belief dynamics of the user for health­related yes­no questions [57]. The study
identified documents that were consistent and inconsistent with the beliefs of the user. For the belief
dynamics it was assessed whether the prior beliefs changed from one polar to the opposite polar. For
measuring the search behaviour the samemetrics as in [58] were used. Additionally, metrics measuring
the number of clicks on documents that were consistent/inconsistent with the prior beliefs of the user
were used. The results show that users spend more effort when documents that are inconsistent
with their prior beliefs are shown. They also tended to change their beliefs when inconsistent results
were shown, while they remained their beliefs when documents consistent with their current beliefs
were shown. Another work has shown that people favor positive information over negative information
when searching for information in the health domain [65]. Allam et al. [1] have studied how the results
shown on the SERP affect beliefs regarding vaccination. A custom search engine that manipulated
the sites that could be retrieved by the study participants was used. The study participants were told
to inform themselves about vaccination. The beliefs of the study participants were recorded by using
questionnaires, both before and after the search task. The experiments conducted in the study show
that evidence­based medical information can positively impact the beliefs of the user. On the other
hand, the results show that documents retrieved by biased search engines can negatively impact the
beliefs of the user. It has also been shown that the search results shown to the user can significantly
affect their decisions on the efficacy of medical treatments [56]. This confirms that medical­related
beliefs are affected by the results that the user gets to see. A follow­up study showed that even when
a think­aloud process is used, people are significantly influenced by misinformation [23]. In order to
improve search engines for the medical domain, eye patterns can be used with a level of certainty to
determine the health literacy of the user [43].

The domain of politics is also a relevant domain for studying the impact of search results on beliefs.
An audit of Google Search has shown that significant differences in search results and personalisation
of politically­related SERPs exist [60]. Another study has shown that spammers could introduce biased
information into the search results of Bing and Yahoo [46]. Epstein and Robertson [16] have studied
the impact of search engine manipulation on the outcomes of elections. It was found that it is possible
to shift the voting preferences of undecided voters by 20%. Furthermore, it was found that bias in the
search ranking can be masked such that the users are not aware of the manipulation. A more recent
work aimed to suppress the Search Engine Manipulation Effect (SEME) [17]. The study shows that by
introducing bias alerts it is possible to reduce a SEME. Moreover, a SEME can be eliminated entirely
by alternating search results with an equal­time rule. Draws et al. [13] have looked at how different
search result rankings affect attitude change in web search. Their results indicate that the order effect
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does not cause a SEME. For the exposure effect, however, the results indicate that it could contribute
to a SEME.

Even though there are many papers that study how biased search results affect beliefs and be­
haviours of users, no papers were found that look explicitly at how UE is affected. Furthermore, the
papers that were found are about biased search results in the medical and political domain. No papers
were found that investigated the effect of biased search results for controversial issues outside these
domains. For example, in the work by Pothirattanachaikul et al. [57], the opinions might not be very
strong since the study requires participants to answer medical yes­no questions. The topic of vaccina­
tion in the work by Allam et al. [1] could be considered a controversial topic. But, this work only focuses
on how this affects the users’ beliefs and not the UE.

2.3. User Engagement
Measuring UE in web search is important in order to specify how the user experiences searching the
Web. UE metrics are often used to measure how the user experience changes when introducing a new
feature or changing the results in web search. Miroglio et al. [47] have studied how adblocking affects
UE within the Web. Firefox browser usage data is used to measure UE in relation to adblocking. Since
the study looks at interacting with the Web in general, and not necessarily searching using search
engines, not all features used are relevant for measuring UE in web search. The features that are
relevant for web search are the length of the session and the total number of searches. Other studies
did focus on measuring UE in web search [11, 14, 25, 34, 52]. Some interesting metrics that can
be used to measure UE have already been mentioned in the previous subsection. Guo et al. [25]
have investigated how user interaction features among other features can be used to predict query
performance. The user interaction features quantify how the users interact with the search engine.
Some of the features that are included and have not been mentioned before are:

• SATCount: number of SERP clicks followed by a dwell time of at least 30 seconds.

• SATRate: SATCount divided by the number of document clicks.

• AvgClickPos: average click position in the SERP.

• AvgNumClicks: average number of SERP clicks per query.

• AbandonmentRate: fraction of times a query is issued but no result in the SERP is clicked.

• PaginationRate: fraction of times the next page with results is requested.

Additional metrics that could be useful are given in [52]:

• TimeToClick: average time between issuing the query and the first SERP click.

• Mouseover: number of mouseover events.

• NoMouseover: number of queries without a mouseover event.

• Scroll: number of scroll events.

• NoScroll: number of queries without a scroll event.

• ReformulateQueries: number of queries that are quickly reformulated (within 30s of issuing the
original query).

• UniqueQueries: number of queries issued that have not been issued by any other study partici­
pant.

• UniqueQueryTerms: number of query terms used that have not been issued by any other study
participant.

• UniqueResults: number of results clicked that have not been clicked by any other study partici­
pant.
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The aforementioned metrics do not indicate how users actually interact with the SERPs. When
measuring UE and attention, eye tracking is a popular method [29, 44, 54, 72]. Eye­tracking equipment
is often expensive and therefore it is only possible to do a lab experiment with eye­tracking. However,
studies have shown that cursor data can be used as a replacement for eye­tracking data [48, 61]. Guo
et al. [26] have introduced the Fine­grained Session Behaviour model that can be used to predict search
success. It has been shown that by using a motif­based learning framework for mouse movements,
user satisfaction can predicted more accurately [42]. Arapakis and Leiva [2] have used mouse cursor
position to predict different levels of user engagement for the knowledge module display in a search
engine. There are also multiple studies that have looked at how mouse data can be used to predict
engagement with webpages [3, 24].

The studies mentioned previously look at metrics for UE within the session. However, looking at
long­term UE is also important. Drutsa et al. [14] have investigated regularity and periodicity of search
engine use. In the study it is shown that classes of periodicity exist that can be used as a measure of
UE. In another study, UE with websites is measured using the absence time [15]. Due to the nature of
this thesis it is not possible to use inter­session metrics to measure UE.

Liu et al. [41] have shown that not all queries in a search session contribute the same towards user
satisfaction. The satisfaction of a query is affected by other queries and the user satisfaction of the
session correlates the most with the last query (also known as the recency effect). This means that
just using the metrics previously mentioned might not be enough to determine the user satisfaction
of a session. Additionally, the User Engagement Scale (UES) can be used. O’Brien et al. [51] have
proposed both a revised long­form and short­form version of the UES. The original UES consists of
six factors and 31 items. The original factors are: focused attention, perceived usability, aesthethic
appeal, endurability, novelty, and felt involvement. In the revised version, four factors are used. The
first three factors are focused attention, perceived usability and aesthethic appeal. The last factor is a
new factor called the reward factor, which is a combination of two endurability items and one novelty
item. The factors are described as follows:

• Focused attention: ”feeling absorbed in the interaction and losing track of time” [51].

• Perceived usability: ”negative affect experienced as a result of the interaction and the degree of
control and effort expended” [51].

• Aesthetic appeal: ”the attractiveness and visual appeal of the interface” [51].

• Endurability: ”the overall success of the interaction and users’ willingness to recommend an
application to others or engage with it in future” [51].

• Novelty: ”curiosity and interest in the interactive task” [51].

• Felt involvement: ”the sense of being ’drawn in’ and having fun” [51].
The UES thus focuses on UE in the short­term (e.g., the focused attention subscale) and the long­term
(e.g., the endurability subscale). In total, the revised long­form and short­form UES consist of 30 and
12 items, respectively.

Xu et al. [68] have investigated the effect of opinions of users on their interactions with search
results on the Web. They found that users who strongly agree with a topic issued more clicks and
spent significantly more time interacting with the search results. The interaction behaviour in this study
was logged using JavaScript and the jQuery library. The other studies mentioned before do not go into
great detail on how they implemented logging user interactions needed to measure UE. Recently, a
logging framework called LogUI was presented [45]. This logging framework consists of a client side
as well as a server side application. Using the framework provides less noisy and incomplete data than
other frameworks or libraries. It is for example possible to turn the logging of data off when the user is
scrolling through the page.

Many metrics are used to measure UE for web search. Most studies in which UE is measured using
online metrics use the same common base set of metrics. Some of the online metrics in this set are #
of Queries, # of Clicks and several dwell time metrics. Apart from this base set of measures, a wide
variety of additional measures is used. It is not clear what metrics measure UE well, this also depends
on the context of web search in which the metrics are used. Therefore, it is important to include a
form of the UES as well. The UES has been proven to reliably measure the subjective UE. The UES
short­form makes it easier to use it to measure UE in an experimental setting [51].
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2.4. Critical Thinking in Web Search
Users trust in the ability of search engines to optimally rank the search results w.r.t. the issued query
[55]. Furthermore, it has been shown that most users are uncertain when assessing the credibility of
sources and often diverge from the ground truth [32]. Users’ search behaviour and likelihood of veri­
fying information are dependent on their verification attitudes [69]. It has for example been shown that
elderly use a set of credibility indicators without knowing what they imply when searching for medical
information [72]. A survey has shown that even when students know what sources are credible, they
do not always use these sources [8].

Several attempts have been made to improve the critical information seeking process. Yamamoto
et al. [71] have introduced a web access literacy scale that can be used to assess the ability of users to
retrieve accurate information. This scale can be used to educate people on how to critically search for
information. Another study looked at query priming in order to promote critical thinking in web search
[70]. Both query auto­completion and query suggestion are used to stimulate critical thinking. The
query priming approach did cause the participants to issue more queries and more frequently visit the
SERP. But, there is not yet sufficient support to show that query priming leads to sustained critical
thinking in web search.

The fact users trust in the ability of search engines to optimally rank search results w.r.t. the issued
query shows that it is important to investigate whether incentive exists for search engine providers to
do otherwise. If this is the case, users can be made aware to stimulate critical thinking. Tools could
then be developed to aid users in this process by stimulating critically assessing search results.





3
Reinforcing & Mitigating Users

Viewpoints
In this chapter the procedure of the pilot study will be discussed. In the pilot study it will be evaluated
how UE changes over different search result rankings that reinforce or mitigate users’ viewpoints. The
purpose of the pilot study is to find the search result ranking that will be used in the search
engine for the final study. That is, to find the search result ranking for which UE is higher when
reinforcing bias and lower when mitigating bias. This is because it is expected that reinforcing bias will
lead to an increase in UE, while mitigating bias will lead to a decrease in UE. All data related to the pilot
study is openly available online.1 First, the topics for which search results will be shown are selected in
Section 3.1. Then, search results are retrieved and search results are created to be used in the search
engine for the pilot and final study. This is explained in Section 3.2. Finally, the setup of the pilot study
and the results will be discussed in Section 3.3.

3.1. Topic Selection
Before search result rankings can be evaluated, the debated topics for which SERPs will be shown
need to be selected. Since the effect of biased SERPs on UE in users with strong opinions is analysed,
topics for which most users have strong opinions will be selected. In order to select topics, the dataset
of the preliminary study by Draws et al. [13] was used. This dataset consists of opinions from 100
people on 18 topics. The topics were retrieved from ProCon2, a website that contains information on
controversial issues. Responses were recorded on a 7­point Likert scale. In total, seven people failed
at least one of the two attention checks and they were also excluded from this analysis.
Topics were selected based on two criteria. The first criterion is that the opinions about the topics are
not skewed towards the positive or negative side. In order to achieve this, a one­sample Wilcoxon
test was conducted. The responses are first transformed to numerical responses (i.e, between ­3 and
3, corresponding to “Strongly disagree” and “Strongly agree”, respectively). The Bonferroni correction
was applied to correct for multiple testing. The new 𝑝­value that was used to test for significance is equal
to 0.05

18 ≈ 0.0027. Significant results suggest that the mean attitude is not equal to 0. Therefore, the goal
is to find topics for which the results are non­significant. Secondly, the goal was to find topics for which
people have strong opinions. Strong opinions include the following responses: ”Strongly disagree”,
”Disagree”, ”Agree” and ”Strongly Agree”. The topics were then sorted based on the number of strong
opinions, and the topics with the most strong opinions were selected. It was chosen to select the first
two topics, since for those topics the fraction of strong opinions is slightly larger than 0.5. For the
remaining topics the fraction of strong opinions is much less than 0.5. The topics that were selected
are:

1. Should more people become vegetarian?

1The data can be found at https://doi.org/10.4121/14831070.
2https://procon.org

11

https://doi.org/10.4121/14831070
https://procon.org


12 3. Reinforcing & Mitigating Users Viewpoints

2. Should students have to wear school uniforms?

From now on the first topic will be referenced as the topic about school uniforms and the second
topic as the topic about vegetarianism.

3.2. Search Results
Search results for the search engine are retrieved using the Bing Custom Search API.3 For both topics
14 different queries are issued. The queries are deduced from the queries used by Draws et al. [13].
The queries can be found in Table 3.1. For each query the top 50 search results are collected. The
top 50 search results for each query are combined into one large pool. The pools are processed as
follows:

1. Each search result in the pool must be unique. This is ensured by using the URL of the search
result. The school uniform pool consists of 275 unique search results, while the vegetarianism
pool consists of 333 unique search results.

2. When no duplicate search results are present within the search result pool, non­relevant search
results are removed. This is done by manually visiting the URL and analysing whether the search
result is relevant. Search results are relevant when they are related to the topic and provide
information that can be used to learn more about the topic (e.g., the search result is not an
advertisement). After filtering out non­relevant search results, 87 search results were left in the
school uniform results pool, and 106 search results were left in the vegetarianism results pool.

3. Based on the unique relevant search results, the documents used within the search engine will
be created. Each web page can be split into one or multiple documents that each has a single
viewpoint. For example, a web page with both pros and cons of becoming vegetarian is split into
two documents, one containing the pros and one containing the cons of becoming vegetarian.
Sometimes it is too complicated to create one or multiple documents that do not contain multiple
viewpoints. When this is the case the search result is discarded and no documents are created
for the custom search engine. This step results in a total of 104 documents for the school uniform
topic (52 pro and 52 con) and 114 documents for the vegetarianism topic (64 pro and 48 con).

4. The documents are annotated on their viewpoint. Because of the procedure with which the docu­
ments are created, it is clear which viewpoint exists in which document. The viewpoint annotation
is given using a 5­point Likert scale. Positive annotations are given to documents that agree with
the topic, while negative annotations are given to documents that disagree with the topic. The
extreme annotations (−2 and 2) are given to documents of better quality. Documents of better
quality are documents that do not just list pros or cons but instead look more like a real search
result (e.g., an essay).

After processing the search results and creating the documents they are grouped based on pre­
defined queries. The predefined queries are shown in Table 3.2. Results are ranked using cosine
similarity between the query and the documents. The search result rankings differ in bias and the
ranking algorithm used.

3.3. Pilot Study
3.3.1. Setup
The pilot study had been approved by the Human Research Committee of TU Delft before running the
pilot study. Before taking part in the pilot study the participants are asked for their consent. Then, the
participant will be asked to indicate his/her viewpoint towards two statements. The statements used
are: “Students should have to wear schooluniforms.” and “More people should have to become vege­
tarian.”. Participants that do not have a strong viewpoint towards any of the statements will be removed
from the study. Participants that have a strong viewpoint towards at least one of the two topics will get
to see the search engines. The search engines will consist of queries related to a topic for which the
participant has a strong viewpoint. If the participant has a strong viewpoint towards both statements,
3https://www.microsoft.com/en­us/bing/apis/bing­custom­search­api

https://www.microsoft.com/en-us/bing/apis/bing-custom-search-api
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Topic
Vegetarianism School Uniforms

should more people become vergetarian? should students have to wear school uniforms?
should more people become vergetarian? pros should students have to wear school uniforms? pros
should more people become vergetarian? cons should students have to wear school uniforms? cons

arguments opposing becoming vegetarian arguments opposing wearing school uniforms
arguments supporting becoming vegetarian arguments supporting wearing school uniforms
opinions opposing becoming vegetarian opinions opposing wearing school uniforms
opinions supporting becoming vegetarian opinions supporting wearing school uniforms

becoming vegetarian arguments wearing school uniforms arguments
becoming vegetarian cons wearing school uniforms cons

becoming vegetarian opinions wearing school uniforms opinions
becoming vegetarian pros wearing school uniforms pros

becoming vegetarian pros and cons wearing school uniforms pros and cons
why is becoming vegetarian bad? why are school uniforms bad?
why is becoming vegetarian good? why are school uniforms good?

Table 3.1: Queries issued to the Bing Custom Search API. Queries are deduced from the queries used by Draws et al. [13].

the topic will be randomly chosen. It is also randomly chosen whether the viewpoint is mitigated or
reinforced. For example, if the participant strongly disagrees that students should have to wear school
uniforms and it is chosen to mitigate the bias, then the results will be biased in favour of wearing school
uniforms. Participants are incentivised by giving them a search task, which is shown below:

”Imagine the following scenario. Your government needs to decide on future policies for several
debated topics. Since these topics are highly debated, they ask the people about their informed opin­
ion. You have been selected to give your informed opinion regarding <topic>. In order to give your
informed opinion you have decided to use the search engines that you will be provided with in the fol­
lowing questions.”

After deciding what type of search results will be shown to the participant, two different search
engines will be shown in a randomised order. The cosine similarities between the documents and the
queries are calculated. The queries used are listed in Table 3.2. The queries are shown in a randomised
order. This is done to avoid any biases introduced by the order in which the queries are shown.

The difference between the first and the second search engine is the ranking of the search results.
The search results will be ranked based on the viewpoints of the documents and the cosine similarity
with the query. The search results are first ordered on cosine similarity in descending order. The
different search result rankings are shown in Table 3.3. The viewpoints shown are for the example
mentioned above where the participant strongly disagrees that students should have to wear school
uniforms and the bias is mitigated. The search results indicated with an ‘s’ viewpoint are populated
after the search results with a numerical viewpoint. These positions will be filled with search results
that have the highest cosine similarity with the query and have not yet been included in the SERP.
As a result, positions 6­10 and 15­20 in the second search engine can have any viewpoint. For the
first search engine all viewpoints are predetermined. For example, the search result at rank one is
the document with viewpoint ’2’ that has the highest cosine similarity with the query. When the SERPs
need to be biased to disagree with the topic instead, the sign of the numerical viewpoints will be flipped.

In the survey, together with the link to the search engines, questions are presented to analyse how
the participants experience the search process and perceive the diversity of the results. The questions
asked can be found in sections 5.2.1 and 5.2.3. While the participant is searching, the UE metrics
mentioned in Section 5.2.2 will also be recorded. Recording these metrics will function mostly as a test
for the final study and will not be used to analyse the difference in UE between the different search
result rankings in the pilot study.

Particpants were recruited via Prolific4. Prolific is a crowdsourcing platform targeted at scientific
research. It is common practice to recruit participants from crowdsourcing platforms for interactive
information retrieval studies [22, 31, 67]. Another crowdsourcing platform that is often used for scientific
4https://www.prolific.co/
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Topic
Vegetarianism School Uniforms

Pros and cons of becoming vegetarian Pros and cons of wearing school uniforms
The advantages of becoming vegetarian The advantages of wearing school uniforms

The disadvantages of becoming vegetarian The disadvantages of wearing school uniforms

Table 3.2: Predefined queries for each topic in the pilot study.

Search result position Viewpoint Search Engine 1 Viewpoint Search Engine 2
1 2 2
2 2 2
3 1 1
4 1 1
5 1 1
6 ­1 s
7 ­1 s
8 ­1 s
9 ­2 s
10 ­2 s
11 2 2
12 2 2
13 1 1
14 1 1
15 1 1
16 ­1 s
17 ­1 s
18 ­1 s
19 ­2 s
20 ­2 s

Table 3.3: Document viewpoint rankings in the pilot study. The rankings are based on a participant that strongly disagrees with
the topic for which the bias will be mitigated. Positive viewpoint annotations are given to documents that agree with the topic,
while negative viewpoint annotations are used for documents that disagree with the topic. Search result positions with an ‘s’ are
filled solely based on cosine similarity and the documents in these positions can therefore have any viewpoint annotation.
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Condition
Topic Reinforce Mitigate

Vegetarianism 11 14
School Uniforms 16 16

Total 27 30

Table 3.4: Distribution of the participants in the pilot study over the topics and conditions, where possible the group sizes were
balanced.

p
Condition UES Perceived Result Diversity Score
Mitigate 0.069 0.503
Reinforce 0.819 0.040

Table 3.5: 𝑝­values for the Wilcoxon signed­rank test across different scales and conditions. Only the difference in the perceived
result diversity score in the reinforce condition is statistically significant.

research is Amazon Mechanical Turk (MTurk) [10]. Prolific is said to be superior to MTurk for sound
scientific research in terms of usability [53].

3.3.2. Results
In total 80 participants were recruited. There were 23 participants that did not have a strong opinion
on any of the topics. As a result, 57 participants interacted with the search engines. The distribution of
the participants over the topics and conditions is shown in Table 3.4. Where possible the participants
were distributed equally over the topics and conditions. In order to compare the different SERPs, the
Wilcoxon signed­rank test is used. The Wilcoxon signed­rank test is used for both the UES short form
and the perceived diversity scale. The ”Aesthetic Appeal” subscale (items 6­9) is (are) removed from
the UES short form since this subscale is not related to the search results shown. The null hypothesis
of the test is that the median of the differences is zero. If for any of the differences between the SERPs
the null hypothesis could be rejected, then this shows that the SERPs are significantly different.

The results for theWilcoxon signed­rank tests are shown in Table 3.5. At a level of 𝛼 = 0.05, only the
difference in the perceived result diversity score for the reinforce condition is significant. The boxplots
for the UES and the perceived result diversity scores are shown in figures 3.1 and 3.2, respectively.
As can be seen in Figure 3.2b, the perceived result diversity score for the second SERP in the rein­
force condition is larger than the perceived diversity score for the first SERP in the reinforce condition.
Combining this with the fact that the differences are significant, indicates that the second SERP shows
more realistic search results. The perceived diversity scale scores in the mitigate condition are non­
significant (𝑝 = 0.503). The UES scores in both conditions are similar for the different SERPs (Figure
3.1). However, the scores for the second SERP in the mitigate condition do seem to turn out a little bit
lower. But, since the differences are non­significant no conclusions can be drawn from this.

The goal is to have a SERP that is as realistic as possible and a SERP that lowers the UE in
the mitigate condition, while increasing UE in the reinforce condition. Considering the results found,
the second search result ranking most suited. This means the search result ranking in which not all
viewpoints of the search results are fixed will be used in the final study.
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(a) The mitigate condition. (b) The reinforce condition.

Figure 3.1: UES scores over different search result rankings for the participants of the pilot study for themitigate condition (3.1a)
and the reinforce condition (3.1b). There are no statistically significant differences between the first and second search result
rankings (𝑝 = 0.069 and 𝑝 = 0.819 for the mitigate and reinforce conditions, respectively).

(a) The mitigate condition. (b) The reinforce condition.

Figure 3.2: Perceived result diversity scores over different search result rankings for the participants of the pilot study for the
mitigate condition (3.2a) and the reinforce condition (3.2b). In themitigate condition there was no statistically significant difference
in perceived diversity score. In the reinforce condition the perceived diversity scores for the first and second search result ranking
are statistically significantly different (𝑝 = 0.04). The second search result ranking is thus perceived as more realistic than the
first search result ranking by the participants of the pilot study for who the bias is reinforced.



4
Custom Search Engine Design

In this chapter the design and implementation of the search engine used for the pilot and final study will
be discussed. First, the URL parameters that are used in the search engine will be discussed in Section
4.1. Then, in Section 4.2, it will be explained how the search results are stored, ranked and loaded. In
Section 4.3, the logging of user interactions will be discussed. Finally, in Section 4.4, the user interface
of the search engine will be shown and discussed. The code of the custom search engine is made
publicly available.1

4.1. URL Parameters
In the implementation, URL parameters are used to configure the search engine. The URL parameters
consist of information that is related to the setup of the study. Since it is critical that users do not know
these parameters, all URL parameters, except the Prolific PID, are encoded using Base64 encoding.
The Base64 encoding is non­human­readable format and therefore this will avoid any bias that could
be caused by the user knowing the URL parameters. The following URL parameters are used in the
implementation of the search engine:

• Prolific PID. The Prolific PID is provided such that it is possible to link the data from the survey
with the interaction logs that are logged with the interaction logging framework.

• Topic. The topic is used to identify which query, or in the case of the pilot study, which queries,
need to be shown to the participant.

• Ranking. The ranking specifies how the search results should be ranked.

• Search engine variation (pilot study only). This URL parameter is used to distinguish between
the two different search engines that could be shown to the participant in the pilot study.

• Query permutation (pilot study only). The query permutation parameter specifies in what order
the queries should be shown to the user in the pilot study.

• Query (final study only). The query specifies which query will be shown to the participant in the
final study.

4.2. Search Results
The search results play an important role in the studies. In this section it will be described how the
search results are stored (Section 4.2.1), how they are ranked in the SERP (Section 4.2.2) and loaded
into the search interface (Section 4.2.3).

1Code can be found at: https://doi.org/10.4121/14831079.
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4.2.1. Storage
Search results are stored in Markdown format on the server side. The Markdown format is used since
it allows to show search results that look like realistic web pages (i.e., more realistic than plain text).
The search results are stored based on the internal id of the webpage from which the search result
has been extracted and a number that represents the document within that webpage. For example the
second search result that has been extracted from the webpage with id 37 is stored as ”37­2.md”. The
first line of a search result file is always the title of the webpage by design. The lines below the first line
are the content of the webpage.

4.2.2. Ranking
Multiple search result rankings exist for each query. The search result ranking that is shown to the user
is determined by the URL parameter. The different search result rankings are stored in JSON format.
For each topic a separate JSON file exists. The JSON file consists of an array of dictionary object.
Each dictionary object contains the query itself and three search result rankings. One search result
ranking that agrees, one that disagrees and another one that is neutral with the topic. A search result
ranking is represented by an array of filenames, which can be used to read the contents of a file.

4.2.3. Loading
Search results are loaded into the interface using JavaScript. When thewebpage is loaded, the required
search results are read. It is determined what search results are required by using the previously
mentioned JSON files that are identified using the URL parameters. The plain text versions of these
files are stored and the files are processed using markedjs.2 The Markdown files are converted to
HTML using markedjs such that they can be displayed as a more realistic webpage. The plain text is
stored in order to be able to show the title and a small preview of the search result on the SERP.

4.3. Logging User Interactions
The user search interactions are logged using a client­ and server­side implementation of the LogUI
framework [45].

4.3.1. Client
On the client side the configuration object is specified. In the configuration object parameters like the
endpoint, tracking configuration and browser events that need to be tracked are specified. For detailed
information on the configuration object one can take a look at the Configuration Object page in the
Quick Start Guide of the LogUI Client3. In total, nine different search interactions are being tracked.
The search interactions can be split up into two different types of events; browser events and within­
page events.

There are two browser events that are being tracked. The first browser event that is tracked is the
Page Focus event. The Page Focus event is an event that can be used to determine whether the user
is interacting with the webpage or not. For example, if the user minimises the browser or switches to
another tab. When this event is fired, a boolean is used to indicate whether the browser of the user is
focused on the search engine. Furthermore, the time of each event is indicated and this can be used to
calculate the total active time in the search engine. Another browser event that is logged is the cursor
movements. The cursor movements are tracked at an interval of 100ms and x and y coordinates in the
browser’s viewport, the user’s monitor and in relation to the entire page are supplied. Furthermore, the
option to block browser events while scrolling is set to true. Not setting this feature to true can lead to
erroneous search interaction logs.

A total of 7 different within­page event types are logged. Five of these events are click­based, while
the other two are hover­based. The following events are logged:

• A click on the close button of a search result. This event is fired when the ”click” event is fired
on the close button at the upper right corner of a search result. This event is logged using the
name CLICK_CLOSE.

2https://marked.js.org/
3https://github.com/logui­framework/client/wiki/Configuration­Object

https://marked.js.org/
https://github.com/logui-framework/client/wiki/Configuration-Object
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• A click anywhere on the screen. A click anywhere on the screen is recorded using the name
CLICK_ANY. If another element is clicked for which clicks are already recorded, the CLICK_ANY
event is not fired. For example, if the close button at the upper right corner of a search result is
clicked, only the CLICK_CLOSE event will be recorded.

• A click on a search result. Clicks on search results to open the corresponding webpage are
labelled as CLICK_RESULT.

• A click on the pagination element. Clicks to go to the first or second page are recorded under
the name of CLICK­PAGE­1 and CLICK­PAGE­2, respectively.

• Hovering over a search result. For each search result it is logged when the user hovers over a
search result. Two separate events are logged for this, one when the user starts hovering over a
search result (RESULT_HOVER_IN) and one when the user stops hovering over a search result
(RESULT_HOVER_OUT).

For the CLICK_RESULT, RESULT_HOVER_IN and RESULT_HOVER_OUT events a metadata
sourcer is used. Metadata sourcers can be used to extract additional information from the element and
this information is included in the event that is logged. For all three events the additional information
that is logged is the rank of the result to which the event corresponds. The rank of a search result is
an element attribute and is included in the log as resultRank.

The application specific data is also declared in the configuration object. Application specific data
can be used to link the data of the questionnaire to the interaction logs. The Prolific PID is specified
in the application specific data to achieve this goal. The other URL parameters are also specified in
the application specific data for ease of use. This means that in the pilot study among other URL
parameters the search engine variation and query permutation parameters are specified, while in the
final study the query URL parameter is specified in the application specific data.

4.3.2. Server
The server­side LogUI code is run on the same virtual machine as the search engine is hosted on. The
server­side is set up using the First Run Guide.4 Separate flights are created for the pilot study and
final study in order to be able to separate the interactions.

4.4. User Interface
4.4.1. Implementation
PHP is used to implement the user interface of the search engine. PHP is a general­purpose script­
ing language. This language enables to hide logic from users. Furthermore, it allows to dynamically
generate HTML elements based on the data that must be shown in the search interface. This is for
example used to load the queries into the drop­down list presented at the top of the page of the pilot
study. To do this, first, URL parameters are used to load the corresponding file. Then, the contents
of the file are read and HTML elements are created for each query. This functionality is also used to
create the correct number of HTML elements to show the search results on the SERP.

4.4.2. Search Functionality
The search functionality differs for the pilot and final study. The search functionality for the pilot study
is shown in Figure 4.1. For the final study the search functionality is shown in Figure 4.2. In the pilot
study the participants are allowed to issue three different queries. The queries in the pilot study are
presented as a drop­down list. The user can select the query that he/she would like to issue and
press search afterwards. When the search button is clicked, the results corresponding to the currently
selected query are shown. Before the search results are shown, a spinner will be presented to the user.
The spinner is shown for a random amount of time between 500 and 1000 milliseconds. In theory the
search results could be changed instantly. The spinner is presented to the user to create a realistic
search experience. By presenting the spinner to the user it becomes apparent that the results shown
on the SERP have changed. The spinner is shown in Figure 4.3. In the final study the participants are
assigned one query that cannot be changed. The search functionality is therefore not used in the final
4https://github.com/logui­framework/server/wiki/First­Run­Guide

https://github.com/logui-framework/server/wiki/First-Run-Guide
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study. However, when the participant first enters the webpage, the spinner will be presented before the
search results are shown. As can be seen in Figure 4.2, the text input and the search button have both
been disabled for the final study.

Figure 4.1: Search functionality in the pilot study.

Figure 4.2: Search functionality in the final study.

Figure 4.3: The spinner that is shown when search results are being loaded.

4.4.3. Search Results
Search results are shown on the SERP. For each search result that is displayed, the title is shown and
below the title a small preview of the search result is shown. Each search result is preceded by the
URL ”www.hiddenurl.com”. This URL is used to avoid any domain bias [28], but still makes the SERP
look more realistic. The preview of the search results is the first part of the search result (excluding
the title). An example of a search result on the SERP is shown in Figure 4.4. The HTML elements
are created using PHP and the content of the HTML elements is set using JavaScript. When a search
result is clicked, the search result is opened in an overlay, as shown in Figure 4.5. JavaScript is used
to make the overlay visible. The overlay is used for different search results and therefore JavaScript is
used to change the content that is displayed in the overlay. In order to process the search result file to
HTML the markedjs library is used.

4.4.4. Pagination
For each query a total of 20 search results are shown in the SERP. The search results are not all
shown on the same page. Each page of search results contains ten search results. Ten is the most
conventional number of search results per page used by most search engines. In order to facilitate the
change of search result pages, a pagination item is shown. This pagination item can be found at the
bottom of the page. Figure 4.6 shows the pagination item when the first page of results is shown to the
user. The currently selected page is highlighted in blue.
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Figure 4.4: Example of how a search result is shown in the SERP.

Figure 4.5: Example of how a search result is shown in the overlay.

Figure 4.6: Pagination item when the first page of search results is shown.





5
Experimental Setup

In this chapter, the materials, procedure, and participants of the user study will be described. The goal
of the final study is described in Section 5.1. Secondly, in Section 5.2, the measurements that are used
during the user study are described. In Section 5.3, the variables of the 2 × 3 × 3 factorial user study
will be discussed. Then, the steps that the participants will undergo are explained in detail in Section
5.4. In Section 5.5 the statistical analyses that will be used are discussed. Finally, in Section 5.6, it will
be described how participants were recruited.

5.1. Goal
The goal of the user study is to answer the research questions. The research questions will be an­
swered by testing several hypotheses. Figure 5.1 shows the conceptual model that represents the
hypotheses. The hypotheses that are represented using the conceptual model are:

H1. The composition and ranking of SERPs affects UE in users with strong attitudes towards the topic.

H2. The topic moderates the effect of the composition of the SERP on UE.

H3. The alignment of the query stance with the viewpoint of the participant moderates the effect of
the composition of the SERP on UE.

H4. Perceived result diversity moderates the effect of search result composition on UE.

Figure 5.1: Graphical representation of the hypotheses that are tested.

It is expected that the composition and ranking of a SERP affects UE (H1) due to cognitive disso­
nance. Cognitive dissonance is mental discomfort that is experienced when beliefs are challenged, and
people will try to avoid these situations [12, 21, 27]. As a result of mental discomfort it is expected that
users will be less engaged. It is expected that not only the search results contribute towards cognitive
dissonance, but also the query. The expectation is that users will feel like their beliefs are challenged

23



24 5. Experimental Setup

Topic
Should more people become vegetarian? Should students have to wear school uniforms?
Pros and cons of becoming vegetarian Pros and cons of wearing school uniforms
The advantages of becoming vegetarian The advantages of wearing school uniforms

The disadvantages of becoming vegetarian The disadvantages of wearing school uniforms

Table 5.1: Queries that can be assigned to the participants for each topic.

less when a query that agrees with their viewpoint is shown and more when a query is shown that
disagrees with their viewpoint. This is why H3 is included. For some topics people have stronger opin­
ions than for others. Therefore, it is expected that the topic will moderate the effect of the composition
and ranking of the SERP on UE (H2). Finally, it is predicted that the effect of condition on UE will be
moderated by the perceived result diversity (H4). The rationale behind this hypothesis is that people
might feel like their beliefs are challenged less or more depending on how diverse they perceive the
results to be.

In order to test the different hypotheses, a participant is assigned to one of the 18 different groups.
The groups differ in the bias in the SERP, the query for which results are displayed and the topic for
which the query and results are shown. The selection of the topics is discussed in detail in Section 3.1.
The following topics are selected:

1. Should more people become vegetarian?

2. Should students have to wear school uniforms?

One out of three different queries is selected. An overview of the available queries for each topic
is shown in Figure 5.1. Three different bias conditions exist: mitigate, reinforce and neutral. Together
with the opinion of the participant towards the topic that is assigned, the condition will determine which
viewpoint towards the topic the document in each search result positionmust have. The different search
result rankings that exist are shown in Table 5.2. In Table 5.3 it is shown how the different search result
rankings are assigned to the participant based on the opinion of the participant towards the topic.
Examples of SERPs with different search result rankings are shown in Appendix A. The SERPs that
are biased to agree, disagree and not biased are shown in figures A.1, A.2 and A.3, respectively.

5.2. Measures
In this section the measures used for the user study are described. Most have been mentioned in the
Related Works (Chapter 2). In this section it will be described in more detail what will be used.

5.2.1. User Engagement Scale
In order to subjectively measure the UE after the experiment, the UES short­form will be used [51].
The UES short­form consists of 12 items that are divided over four subscales: Focused Attention (FA),
Perceived Usability (PU), Aesthetic Appeal (AE) and Reward (RW). First, the items in the PU subscale
are reverse coded. The engagement score is computed by combining these twelve items. To compute
the engagement score, the sum of all items is divided by twelve. The items used are:

• FA­S.1: I lost myself in this experience.

• FA­S.2: The time I spent using this search engine just slipped away.

• FA­S.3: I was absorbed in this experience.

• PU­S.1: I felt frustrated while using this search engine.

• PU­S.2: I found this search engine confusing to use.

• PU­S.3: Using this search engine was taxing.

• AE­S.1: This search engine was attractive.

• AE­S.2: This search engine was aesthetically appealing.
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Bias
Search result position Disagree Agree Neutral (positive or neutral query) Neutral (negative query)

1 ­2 2 2 ­2
2 ­2 2 ­2 2
3 ­1 1 2 ­2
4 ­1 1 ­2 2
5 ­1 1 1 ­1
6 s s ­1 1
7 s s 1 ­1
8 s s ­1 1
9 s s 1 ­1
10 s s ­1 1
11 ­2 2 2 ­2
12 ­2 2 ­2 2
13 ­1 1 2 ­2
14 ­1 1 ­2 2
15 ­1 1 1 ­1
16 s s ­1 1
17 s s 1 ­1
18 s s ­1 1
19 s s 1 ­1
20 s s ­1 1

Table 5.2: Viewpoints for the search results in the search result rankings with different bias. The search results with an ’s’ as
viewpoint can have any viewpoint and are based on the cosine similarity with the query. This is explained in more detail in Section
3.3.

Condition
Opinion towards topic Mitigate Reinforce Neutral

Agree Biased to disagree Biased to agree Neutral (variation depending on query)
Disagree Biased to agree Biased to disagree Neutral (variation depending on query)

Table 5.3: Search result ranking that is shown to the participant per opinion towards the topic and condition that is assigned. For
the neutral search result rankings, two different variations exist. One is chosen when the query at the top of the SERP is positive
or neutral, the other one is chosen when the query is negative (see Table 5.2).



26 5. Experimental Setup

• AE­S.3: This search engine appealed to my senses.

• RW­S.1: Using this search engine was worthwhile.

• RW­S.2: My experience was rewarding.

• RW­S.3: I felt interested in this experience.

5.2.2. User engagement metrics
In Section 2.3, different metrics for UE have been described. Since the users are not allowed to issue
their own queries, some of the metrics have been adjusted. The metrics that will be used here are:

• # of Clicks: number of SERP clicks executed during the search task.

• # of Documents Clicked: number of documents clicked during the search task.

• Deepest Document Rank: rank of the lowest document clicked.

• Page Dwell Time: average time spent viewing documents.

• SATCount: number of document clicks followed by a dwell time of at least 30 seconds.

• SATRate: SATCount divided by the number of document clicks.

• (Active) Task Time Spent: (active) time spent on the search task.

• Mouseover: number of mouseover events.

• Pagination Frequency: number of times the results page is changed.

• Time to First Click: time until the first click anywhere on the SERP is exercised.

5.2.3. Perceived diversity scale
Knijnenburg et al. [36] have introduced several items that can be used to measure the perceived diver­
sity of recommendations. These items were adjusted to match search results instead of recommenda­
tions. The responses were recorded using a 7­point Likert scale. The five items included are:

1. I liked the search results shown by the system.

2. The search results shown fitted my preference.

3. The search results shown were relevant.

4. The search engine showed too many bad search results.

5. Overall, the search results were not biased towards a particular viewpoint.

The fourth item is reverse coded before computing the perceived diversity score. The score is
computed by taking the average over the five items.

5.3. Variables
Independent variables

• Topic (categorical; between subjects). Each participant is assigned to one of the two topics;
school uniforms or vegetarianism. The analysis and selection of the topics can be found in Section
3.1. The participant always has a strong viewpoint towards the topic that is assigned to the
participant.
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• Condition (categorical; between subjects). The participant is randomly assigned to one of the
three conditions. The condition determines the search results that are shown to the participant. It
could be chosen to mitigate, reinforce or do nothing (neutral) with the viewpoint. Three different
search results rankings exist for each query. One of the search result rankings is biased to agree
with the topic, the other is biased to disagree with the topic, while in the final condition the results
are not biased. The different rankings are shown in Table 5.2. It was chosen not to use any
similarity based results for the neutral condition since this could still induce bias. Furthermore,
in the neutral condition, a negative query starts with a negative result, while a positive or neutral
query starts with a positive search result.

• Query (categorical; between subjects). A query is randomly assigned to the participant. For each
topic three queries exist from which one is selected. The queries are shown in Table 5.1. For
each topic, one of the queries is neutral, one is positive and the last one is negative. The query
variable indicates whether the participants’ viewpoint agrees or disagrees with the stance of the
query. For example, if the participant agrees that more people should become vegetarian and the
query is “The advantages of becoming vegetarian”, the query variable is set to agree. However,
if the participant would disagree with the topic and the query would be the same as previously
mentioned, the query variable would be set to disagree. If the query is neutral, the query variable
is always equal to neutral.

Dependent variable

• User engagement (continuous). User engagement is measured in two ways. As mentioned in
Section 5.2.1, the UES short­formwill be used tomeasure UE by calculating the UES. Additionally,
the ten metrics mentioned in Section 5.2.2 will be used.

Covariate

• Perceived result diversity (continuous). The perceived viewpoint diversity of the search results is
measured using the perceived diversity scale, as mentioned in Section 5.2.3.

Descriptive and exploratory measurements

• Attitude change (continuous). The attitude of the participants towards the topic that is assigned.
The attitude is measured on a 7­point Likert scale. The attitude is also measured after the search
task in order to measure attitude change.

• Topical interest (continuous). The interest in the topic is measured using a 7­point Likert scale.
The participants had to respond to the item “I was motivated to search and learn about this topic”.

• Gender. Participants could select their self­identified gender.

• Age. Participants could specify their age (in years).

5.4. Procedure
The online survey platformQualtrics1 is used to conduct the online study. The study had been approved
by the Human Research Committee of TU Delft before running the study. A visual representation of
the procedure of the final study after the participant has given consent and checked their Prolific ID can
be found in Figure 5.2. The final study can be broken up into the following steps:

Step 1. The participants receive an introduction to the search task and indicate whether they give consent
to process their data and would like to participate.

Step 2. The participants are asked to confirm their Prolific ID. The Prolific ID is filled by default with the
URL parameter that is provided by Prolific.

1https://www.qualtrics.com/
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Step 3. The participants give their opinion on the two debated topics that were selected. These are,
“More people should become vegetarian.” and “Students should have to wear school uniforms.”.
A topic is assigned to the participant. The participant always has a strong opinion on the topic
that is assigned. The opinion is strong when it falls into the following set of responses: “Strongly
disagree”, “Disagree”, “Agree” and “Strongly agree”. If the participant does have a strong opinion
for at least one of the topics, a condition and query will be assigned to the participant. The
participant does not know which condition has been assigned. The participants will see which
query has been assigned in the search interface, but does not know that other queries exist.
When the participant does not have a strong opinion for any of the topics, the participant will
continue to Step 10. In this step an attention check item is included. If the participant fails to
answer the attention check item correctly, he/she will be ejected from the study.

Step 4. The following text is presented to the participants:

“Imagine the following scenario. Your government needs to decide on future policies for several
debated topics. Since these topics are highly debated, they ask the people about their informed
opinion. You have been selected to give your informed opinion regarding <topic>. In order to
give your informed opinion you have decided to use the search engine that you will be provided
with in the following question.”

In this text, <topic> will be replaced with the topic that is assigned to the participant in the previous
step.

Step 5. Instructions on how to correctly use the search engine are given:

“For this question, you are required to interact with the search engine for at least two minutes.
There will be a bonus reward tied to the amount of time you spend using the search system.
When you are done interacting with the search engine and you are able to continue to the next
question, please close the search engine and then continue to the next question. If you are not
allowed to proceed to the next question, please return to the search engine.”

The participants are told that if they do not follow these instructions, their payment can be can­
celled. Below the instructions the link to the search engine is shown. Two minutes after the link
to the search engine is clicked the participant will be able to continue to the next question.

Step 6. The participants are asked to indicate how they think about each of the perceived diversity scale
items.

Step 7. The participants are asked to indicate how they think about each of the UES items. Another
attention check item is included between the UES items. If the participant fails to answer this
item correctly, he/she will be ejected from the study.

Step 8. For exploratory purposes the participants are once again asked for their opinion towards the two
topics.

Step 9. The participants indicate whether they were motivated to learn about the topic that was assigned
to them.

Step 10. The participants specify their self­identified gender and age (in years).

5.5. Statistical Analyses
An Analysis of Covariance (ANCOVA) is performed with user engagement as dependent variable. The
ANCOVA analysis has been chosen although it is not known upfront whether the data is normally dis­
tributed. It has been shown that ANOVA and ANCOVA are robust for ordinal Likert­type data that is not
normally distributed [49]. Condition, topic and query are used as between­subjects factors. Perceived
result diversity is used as a covariate. The hypotheses that are tested are mentioned in Section 5.1.
Because four hypotheses are tested, a Bonferroni correction is applied. The new significance threshold
is equal to 𝛼 = 0.05

4 = 0.0125.
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5.6. Participants
The participants have been recruited via Prolific. Prescreening is used to filter out participants that are
not suitable for the study. First of all, it is required that English is a fluent language of the participant.
Furthermore, participants that already participated in the pilot study are not allowed to participate again
in the final study. Quality control measures are applied. The two attention check items mentioned in
Section 5.4 are used to eject participants from the study. Another measure that is taken to ensure that
the data is of high quality is that participants are rejected when they did not actively spend enough time
within the search engine. The instructions tell the participant to spend at least two minutes using the
search engine. If the participant did not spend at least 90 seconds actively using the search engine,
his/her submission will be rejected.

The required sample size is computed using a power analysis for the ANCOVA test. The power
analysis is performed using G*Power [19]. The effect size is set to 0.25 (moderate effect). The statistical
significance is set to 𝛼 = 0.0125, after applying the Bonferroni correction. The power (1 ­ 𝛽) is set equal
to 0.8. Using these parameters the total sample size is equal to 265. These are participants that have
a strong opinion for any of the two topics. It is not known how many participants have a strong opinion
upfront. Therefore, the exact number of required participants is not known before the study is run.

In total, 435 participants were recruited via Prolific2. Of these 435 participants, 59 participants were
rejected. In all, 41 participants incorrectly answered at least one of the two attention checks. The other
18 participants were rejected because they did not spend more than 90 seconds actively searching
using the search engine. Thus, a total of 376 submissions were accepted. The average age of the
participants was equal to 26, with a standard deviation of 7. The gender distribution was as follows:
51% male, 47% female and 2% other.

2https://www.prolific.co/

https://www.prolific.co/
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Figure 5.2: Graphical representation of the procedure that the participants of the study follow. Each task is followed by a time
estimation.
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Results & Analysis

6.1. Descriptive Statistics
A total of 265 of the 376 participants had a strong viewpoint towards at least one of the topics. The
participants were divided over the topics as follows: 134 participants were assigned the topic about
school uniforms and 131 participants were assigned to the topic about vegetarianism. The participants
were divided into 18 different groups. The number of participants was balanced over the different
groups. For each group the sample size is shown in Table 6.1. It was attempted to balance the groups
as much as possible. However, this is not always possible. For example the topic that is assigned to
the user cannot always be determined. Sometimes the participant does not have a strong opinion for
the topic that is underrepresented in the sample size. This is why three participants more have been
recruited in the school uniforms topic than for the vegetarianism topic.

Condition Topic Query N
Mitigate School Uniforms Disagree 15

Neutral 15
Agree 14

Vegetarianism Disagree 15
Neutral 14
Agree 14

Control School Uniforms Disagree 15
Neutral 15
Agree 14

Vegetarianism Disagree 15
Neutral 15
Agree 14

Reinforce School Uniforms Disagree 15
Neutral 16
Agree 15

Vegetarianism Disagree 15
Neutral 14
Agree 15

Table 6.1: Sample size for each group, where possible the group sizes were balanced.

The participants were motivated to search about their topic. The participants were told to actively
interact with the search engine for at least two minutes. The actual threshold for accepting/rejecting
a submission was set at 90 seconds. On average, the participants spent 4.67 minutes in the search
engine with a standard deviation of 2.99 minutes. This is confirmed by the number of participants that
were interested to search about the topic that was assigned to them. Of all participants, 99.62% at
least somewhat agreed that they were motivated to search and learn about their assigned topic. The
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participants on average clicked 8.29 of the 20 search results with a standard deviation of 4.94. The
majority of the participants (79.25%) requested the next page of search results.

6.2. Hypothesis Tests
UE is measured in two different ways, by UES and UE metrics. Since the variables both measure UE,
the variables are not combined but tested separately. The original plan was to use the ANCOVA with
perceived result diversity as a covariate. In order to perform ANCOVA the assumption is made that
there is no interaction between the covariant and the independent variable. This is checked using an
ANOVA with condition as independent variable and perceived result diversity as dependent variable.
The results indicate that there is significant differences in interactions between condition and perceived
result diversity (𝑝 = 0.00001). This can be explained by the fact that participants perceived the result
diversity differently over the different conditions. It was decided to conduct ANOVAs for hypotheses
H1­H3. H4 is tested using a Multiple Regression Analysis (MRA), using condition and perceived result
diversity as independent variables and UES as dependent variable.

6.2.1. User Engagement Score
The results of the ANOVAs are shown in Table 6.2. The ANOVA for H1 revealed no significant direct
effects of condition on UES (𝐹 = 1.933, 𝑝 = 0.147, 𝜂2 = 1.540). The tests of the interaction effects
between condition and topic (𝐹 = 0.868, 𝑝 = 0.421, 𝜂2 = 0.692), and condition and query (𝐹 = 1.190,
𝑝 = 0.316, 𝜂2 = 0.949) were also not significant. An MRA was performed to test H4. Condition and
perceived result diversity significantly predicted UES (𝐹(2, 262) = 49.036, 𝑝 < 0.05). Condition did not
add statistically significantly to the prediction of UES. Therefore, it cannot be concluded that perceived
result diversity moderates the effect of condition on UES.

Hypothesis Variables 𝐹 𝑝 𝜂2
H1 condition 1.933 0.147 1.540
H2 condition:topic 0.868 0.421 0.692
H3 condition:query 1.190 0.316 0.949

Table 6.2: Results for the ANOVAs (H1­H3) with UES as dependent variable. Interaction effects are represented using colons.

The means over the different conditions are shown in Figure 6.1. Although the results for H1 are
not significant, a small change in the mean can be seen for the different conditions. The mean UES
over different conditions and topics is shown in Figure 6.2. For the different conditions and queries, the
UES is shown in Figure 6.3.

Figure 6.1: Mean UES for different conditions. The vertical bars represent one standard deviation. The expected trend is
observed, but the differences are non­significant.
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Figure 6.2: Mean UES for different conditions and topics.

Figure 6.3: Mean UES for different conditions and queries. The UES is higher than expected where the query agrees with the
viewpoint of the user in the mitigate condition.

6.2.2. User Engagement Metrics
The means and standard deviations for each UE metric per condition are shown in Table 6.3. For the
conditions and queries these measures are shown in Table 6.4 and for the conditions and topics they
are shown in Table 6.5.

Not all UE metrics are used to test for significance. The UE metrics are grouped based on the
correlation between the UE metrics and are then combined. UE metrics are put into the same group
when the correlation coefficient between the metric and at least one other metric in the group is at least
0.6, also known as a strong correlation [18]. The matrix with correlation coefficients is shown in Table
6.6. This means the following groups of UE metrics are created:

Group 1: active time, SAT count, SAT rate and dwell time.

Group 2: nr. of documents clicked, number of mouseovers and pagination frequency.

This means time to first click, nr. of clicks and deepest document rank are not included in the
analysis. The excluded metrics are not important to the search engine providers w.r.t. increasing
advertisement revenue and therefore they are not included in a separate group. For each group the
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Condition
UE metric Mitigate Control Reinforce

Active time (s) 284.09 (205.54) 301.29 (195.29) 255.41 (123.88)
Time to first click (s) 10.08 (11.51) 13.49 (10.48) 11.15 (8.78)

Nr. of clicks 30.68 (43.49) 24.77 (23.41) 28.38 (22.69)
Nr. documents clicked 9.01 (4.8) 7.09 (4.14) 8.76 (5.53)

Dwell time (s) 30.36 (25.95) 39.87 (32.39) 31.98 (34.51)
SAT count 2.48 (2.46) 2.6 (2.4) 2.04 (1.77)
SAT rate 0.34 (0.28) 0.43 (0.33) 0.33 (0.31)

Deepest document rank 8.31 (2.28) 7.1 (3.07) 7.33 (2.64)
Pag. freq. 1.3 (1.04) 1.15 (1.28) 1.57 (1.11)
Mouseover 55.54 (30.87) 47.47 (30.11) 58.62 (45.65)

Table 6.3: Means and standard deviations (between brackets) per metric for different conditions. It was expected that the active
time in the reinforce condition would on average be greater than in the mitigate and control condition, but this has not been
observed in the results. It is observed that the average dwell time is greater in the control condition.

Condition
Mitigate Control Reinforce
Query Query Query

UE metric Disagree Neutral Agree Disagree Neutral Agree Disagree Neutral Agree
Active time
(s)

274.56 255.53 323.87 313.69 294.82 294.94 268.55 247.87 249.82
(131.24) (221.49) (243.89) (173.51) (139.55) (257.86) (141.24) (101.84) (124.33)

Time to first
click (s)

7.72 12.81 9.76 13.14 12.57 14.84 13.38 8.98 11.08
(8.16) (16.13) (7.57) (10.0) (10.45) (10.87) (10.35) (7.95) (7.18)

Nr. of clicks 31.5 21.45 39.36 27.6 26.7 19.68 28.83 28.9 27.4
(31.9) (10.47) (67.14) (33.25) (17.5) (13.08) (14.48) (23.89) (27.63)

Nr.
documents
clicked

8.73 8.14 10.21 6.33 8.03 6.89 9.3 9.2 7.77
(4.23) (4.49) (5.41) (3.47) (4.79) (3.87) (4.44) (6.91) (4.77)

Dwell time
(s)

31.13 26.7 33.32 47.38 36.67 35.25 34.23 28.72 32.99
(20.94) (16.4) (36.33) (39.33) (30.61) (23.29) (45.7) (23.03) (30.62)

SAT count 2.43 2.28 2.75 2.43 2.83 2.54 1.87 2.23 2.03
(1.93) (2.9) (2.46) (1.76) (2.15) (3.11) (1.69) (1.84) (1.76)

SAT rate 0.38 0.33 0.32 0.47 0.42 0.39 0.29 0.35 0.36
(0.3) (0.26) (0.27) (0.35) (0.33) (0.28) (0.3) (0.32) (0.3)

Deepest
document
rank

7.93 9.0 8.0 6.87 7.07 7.39 7.77 7.1 7.13
(1.44) (3.28) (1.44) (3.61) (2.29) (3.14) (1.76) (2.43) (3.41)

Pag. freq. 1.17 1.38 1.36 1.4 0.8 1.25 1.83 1.6 1.27
(1.04) (1.06) (1.01) (1.72) (0.83) (1.02) (1.13) (1.2) (0.89)

Mouseover 48.73 55.21 63.18 47.33 47.67 47.39 64.57 62.6 48.7
(32.89) (28.0) (29.69) (35.22) (29.83) (23.8) (37.98) (61.69) (29.23)

Table 6.4: Mean and standard deviations (between brackets) per metric for different conditions and queries. No consistent
differences have been observed over the different conditions and queries.

metrics are then combined by taking the average. It would have been better to combine the metrics
using different weights since it is unlikely that all metrics contribute the same to UE. However, these
weights are not known and also cannot be fit on another measure.

The hypothesis tests from the previous section are repeated with the combined UE metrics as
dependent variables. The mean and standard deviation of the first combined metric are shown in
Figure 6.4. The results of the ANOVA analyses are shown in Table 6.7. The main effect of condition
(𝐹 = 2.566, 𝑝 = 0.079, 𝜂2 = 0.055), the interaction effect between condition and topic (𝐹 = 3.924,
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Condition
Mitigate Control Reinforce
Topic Topic Topic

UE metric School uniforms Vegetarianism School uniforms Vegetarianism School uniforms Vegetarianism
Active time
(s)

276.17
(192.45)

292.19
(217.83)

339.43
(239.27)

263.15
(126.95)

220.79
(82.76)

291.61
(147.19)

Time to first
click (s)

10.32
(13.14) 9.82 (9.56) 13.69 (9.94) 13.28

(10.99) 10.81 (7.94) 11.49 (9.57)

Nr. of clicks 28.25 (22.54) 33.16 (57.39) 27.32 (30.43) 22.23 (12.51) 29.54 (27.11) 27.16 (16.8)
Nr.
documents
clicked

10.02 (5.25) 7.98 (4.05) 6.5 (3.8) 7.68 (4.38) 9.0 (6.4) 8.5 (4.42)

Dwell time
(s)

29.17
(29.92)

31.57
(21.06)

45.71
(33.65)

34.03
(29.96)

29.32
(27.44)

34.77
(40.42)

SAT count 2.2 (1.95) 2.77 (2.87) 3.05 (2.66) 2.16 (2.0) 1.67 (1.38) 2.43 (2.03)
SAT rate 0.31 (0.27) 0.38 (0.29) 0.5 (0.31) 0.36 (0.32) 0.32 (0.31) 0.34 (0.3)
Deepest
document
rank

8.2 (0.99) 8.42 (3.08) 6.66 (3.16) 7.55 (2.91) 7.02 (2.42) 7.66 (2.82)

Pag. freq. 1.3 (1.01) 1.3 (1.07) 1.14 (1.41) 1.16 (1.15) 1.35 (1.07) 1.8 (1.1)
Mouseover 56.64 (34.05) 54.42 (27.18) 48.2 (31.6) 46.73 (28.52) 58.33 (48.09) 58.93 (42.95)

Table 6.5: Means and standard deviations (between brackets) per metric for different conditions and topics. It is observed that
the active time in the control condition for the school uniforms topic is greater than the other active times. Just as for the control
condition in Table 6.3, it is observed that the dwell time for the control condition and school uniforms topic is greater than for the
other conditions and topics.

Active
time

Time to
first click

Nr. of
clicks

Nr. doc­
uments
clicked

Dwell time SAT count SAT rate Deepest
document
rank

Pag. freq. Mouseover

Active time 1.0 0.07 0.23 0.27 0.43 0.79 0.41 0.06 0.09 0.22
Time to first click 0.07 1.0 ­0.09 ­0.03 0.03 0.01 0.05 0.06 0.07 0.06

Nr. of clicks 0.23 ­0.09 1.0 0.39 ­0.04 0.19 ­0.04 0.12 0.21 0.38
Nr. documents clicked 0.27 ­0.03 0.39 1.0 ­0.36 0.2 ­0.38 0.35 0.31 0.67

Dwell time 0.43 0.03 ­0.04 ­0.36 1.0 0.38 0.8 ­0.25 ­0.17 ­0.24
SAT count 0.79 0.01 0.19 0.2 0.38 1.0 0.6 0.04 ­0.03 0.12
SAT rate 0.41 0.05 ­0.04 ­0.38 0.8 0.6 1.0 ­0.25 ­0.24 ­0.28

Deepest document rank 0.06 0.06 0.12 0.35 ­0.25 0.04 ­0.25 1.0 0.12 0.22
Pag. freq. 0.09 0.07 0.21 0.31 ­0.17 ­0.03 ­0.24 0.12 1.0 0.64
Mouseover 0.22 0.06 0.38 0.67 ­0.24 0.12 ­0.28 0.22 0.64 1.0

Table 6.6: Pearson’s 𝑟 between the different UE metrics. Metrics with a strong correlation (𝑟 ≥ 0.6) are grouped for the analyses.

𝑝 = 0.021, 𝜂2 = 0.083), and the interaction effect between condition and query (𝐹 = 0.304, 𝑝 = 0.875,
𝜂2 = 0.006) on the combined UEmetric of the first group are all non­significant. The multiple regression
analysis shows that condition and perceived result diversity do not statistically significantly predict the
combined UE metric of the first group (𝐹(2, 262) = 1.878, 𝑝 = 0.155).

Hypothesis Variables 𝐹 𝑝 𝜂2
H1 condition 2.566 0.079 0.055
H2 condition:topic 3.924 0.021 0.083
H3 condition:query 0.304 0.875 0.006

Table 6.7: Results for the ANOVA analyses with the combination of the first group of UEmetrics as dependent variable. Interaction
effects are represented using colons.

The mean and standard deviation of the combined metric of the second group are shown in Figure
6.5. The results of the ANOVAs for the combined metric of the second group are shown in Table
6.8. The main effect of condition (𝐹 = 3.730, 𝑝 = 0.025, 𝜂2 = 0.058), the interaction effect between
condition and topic (𝐹 = 0.573, 𝑝 = 0.565, 𝜂2 = 0.009), and the interaction effect between condition
and query (𝐹 = 1.453, 𝑝 = 0.217, 𝜂2 = 0.022) on the combined UE metric of the second group are
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Figure 6.4: Mean combined UE metric of the first group for different conditions and queries. The vertical bars represent one
standard deviation.

all non­significant. The MRA shows that condition and perceived result diversity do not statistically
significantly predict the combined UE metric of the second group (𝐹(2, 262) = 1.040, 𝑝 = 0.355).
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Figure 6.5: Mean combined UE metric of the second group for different conditions and queries. The vertical bars represent one
standard deviation.

Hypothesis Variables 𝐹 𝑝 𝜂2
H1 condition 3.730 0.025 0.058
H2 condition:topic 0.573 0.565 0.009
H3 condition:query 1.453 0.217 0.022

Table 6.8: Results for the ANOVAs with the combination of the second group of UE metrics as dependent variable. Interaction
effects are represented using colons.
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6.3. Exploratory Findings
The results show that there is no significant effect of condition on UES. When looking at Figure 6.1, the
expected upward trend over the different conditions can be seen, however. In this section exploratory
analyses will be performed to understand how the most interesting results came about.

6.3.1. Viewpoint­Aligned Proportion
When looking at the results shown in Figure 6.3, one of the most interesting results is the high average
UES in themitigate condition when the stance of the query is in line with the viewpoint of the user. One
potential explanation of this interesting result is that participants only interacted with the search results
they liked. In order to investigate whether this is the cause of the interesting result, the proportion of
clicks on viewpoint­aligning documents among all document clicks will be analysed. If the proportion
viewpoint aligning clicks is significantly higher in the mitigate condition for the agree query condition
than for the other conditions, this could explain the results achieved. The proportion of viewpoint­
aligning documents among all document clicks are shown in Table 6.9. In order to check whether the
difference in proportion of viewpoint­aligned results among all clicked results between different queries
is significant, a Two­Way ANOVA is performed with query and condition as independent variables. The
Two­Way ANOVA showed no significant change in proportion of viewpoint­aligned documents clicked
for the interaction between condition and query (𝐹 = 1.468, 𝑝 = 0.212, 𝜂2 = 0.041). The results show
that the effect of condition on the proportion of viewpoint­aligned documents among all documents
clicked is statistically significant (𝐹 = 62.123, 𝑝 = 0.000, 𝜂2 = 1.750).

Query
Condition Disagree Neutral Agree
Mitigate 0.36 (0.13) 0.40 (0.15) 0.41 (0.12)
Control 0.51 (0.15) 0.55 (0.16) 0.54 (0.21)
Reinforce 0.61 (0.16) 0.62 (0.20) 0.79 (0.13)

Table 6.9: Proportion of viewpoint­aligned documents among all clicked documents over different conditions and queries.

6.3.2. Effect of Query
Because of the interesting behaviour of UES for the queries over the different conditions as seen in
Figure 6.3, it is worth looking at the effect of the query on UES. The mean UES for the different queries
across all conditions is shown in Figure 6.6. The effect of query on UES is tested using a One­Way
ANOVA. The analysis shows no significant effect of query on UES (𝐹 = 2.864, 𝑝 = 0.059, 𝜂2 = 2.287).

6.3.3. Difference in Dwell Time
When looking at Table 6.3, a difference in dwell time can be seen between the biased conditions and the
control condition. In order to test whether this difference is statistically significant a One­Way ANOVA
is performed. Here, the biased conditions are grouped based on whether the SERP is biased (mitigate
and reinforce) or not biased (control), this is used as an independent variable. The average dwell time is
used as the dependent variable. The results of the analysis indicate that mean dwell time is statistically
significantly different at a significance level of 𝛼 = 0.05 depending on whether the SERP is biased
(𝐹 = 4.517, 𝑝 = 0.035, 𝜂2 = 4434.299). It is also tested what type of documents are being clicked.
The proportion of high­quality documents (with viewpoint ranking ­2 or 2) among all clicked documents
is used as a dependent variable. The biased conditions are grouped again and this new variable
is used as an independent variable. The One­Way ANOVA shows there is a significant difference
between different groups in the proportion of high­quality documents clicked (𝐹 = 87.711, 𝑝 = 0.000,
𝜂2 = 3.329). The mean for the control group is equal to 0.60, while the mean for the biased group is
equal to 0.36.

6.3.4. Ranks Clicked
Figure 6.7 shows for each rank which proportion of the participants clicked that rank at least once over
the different conditions. The ranks of the search results are the ranks within the SERP. So, if the first
result on the second page is clicked, this is considered as a click on the first rank. The ranks that are
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Figure 6.6: Mean UES for different queries (across all conditions). The vertical bars represent one standard deviation.

clicked are similar over the conditions for the first ranks. For the ranks lower on the page the proportion
of participants that clicked is higher in the biased conditions than in the control condition.
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Figure 6.7: Proportion of participants that clicked on a search result rank.

6.3.5. Second Combined UE Metric
The combined UE metric for the second group of UE metrics seems to be greater in the biased condi­
tions than in the control condition (Figure 6.5). A One­Way ANOVA between the biased conditions as
one group and the control condition with the combined UE metric for the second group as dependent
variable is performed. The results show that there is a significant difference in the combined UE metric
for the second group between the biased conditions and the control condition (𝐹 = 7.053, 𝑝 = 0.008,
𝜂2 = 0.108).



7
Discussion

In this chapter the results shown in the previous chapter will be discussed. First, the key findings will
be discussed in Section 7.1. In Section 7.2, the results regarding cognitive biases will be discussed.
Thirdly, the difference in search result interactions between the biased conditions and the control con­
dition will be discussed in Section 7.4. Then, the difference between measures of UE will be discussed
in Section 7.3. Finally, in Section 7.5, limitations, weaknesses and future work will be discussed.

7.1. Key Findings
It was expected that that introducing bias in the SERP would affect the engagement of users with
the search engine. It was thought that reinforcing bias in the SERP would lead to an increase in UE
compared to the control condition, while mitigating bias in the SERP would lead to a decrease in UE
compared to the control condition. However, the results suggest that there is no significant difference
measured in UE over the different conditions, both for UES and combined UE metrics. This indicates
that UE is not affected by the viewpoints that are shown to user first. Instead, the results have shown
that the clicks on the results seem to be guided by the position of the search results clicked (Figure 6.7
on page 38).

7.2. Cognitive Biases
It was expected that participants would be less engaged when bias is mitigated and more engaged
when bias is reinforced due to cognitive dissonance. The term cognitive dissonance describes the
mental discomfort that people experience when their beliefs are challenged [12, 21, 27]. As a result
of cognitive dissonance people tend to avoid conflicting beliefs. Confirmation bias can be seen as a
concept that is related to cognitive dissonance. Confirmation bias causes users to dismiss or disregard
information when this information is not in line with their own beliefs [35, 65]. In the exploratory analysis
it was found that the proportion of viewpoint aligning results among all clicked results was significantly
different over the conditions. This result indicates that confirmation bias did not occur, at least not to a
high degree. This result is line with the results found by Draws et al. [13]. If confirmation bias would
occur, the expectation would be that the difference in the proportion of viewpoint­aligning documents
clicked over the conditions would be non­significant. It would also be expected that the proportion
of viewpoint­aligned documents among all clicked documents would deviate from the proportion of
viewpoint­aligned documents among all documents displayed in the SERP. In the mitigate condition
the proportion of displayed viewpoint­aligning documents was on average equal to 0.4, in the control
condition 0.5 and in the reinforce condition 0.6. No alarming differences are found when comparing
these values with the values shown in Table 6.9 on page 37.

It was furthermore expected that users would actively spend the most time when their bias was
reinforced. However, it was found that the active task time spent was the highest in the control condition.
The exploratory analysis showed that there is a statistically significant difference in dwell time between
the conditions with bias and the control condition. This can be explained by the significant difference
in the proportion of high­quality documents clicked among all clicked documents. The high­quality
documents require more effort to read. The low­quality documents are often short lists which can be
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quickly scanned, while the high­quality documents need to be read with more cognitive effort in order
to comprehend the document. The exploratory analysis showed that the proportion of high­quality
documents clicked was significantly larger in the control condition than in the conditions with bias. In
the control condition more high­quality search results are shown than in the conditions with bias. 40%
of the documents in the control condition are of high quality (four at the top of each page), while this is
on average 22% in the biased conditions (two at the top of each page and possibly some in the last five
results of each page). This also shows that in both the biased conditions and the control condition, the
high­quality results are relatively clicked more often than they are present in the SERP. This indicates
that position bias existed, although this could also be caused by the fact that users are more likely
to click high­quality results. Relative to the availability, the users in the biased condition click more
high­quality documents.

Low­quality documents are very similar in terms of their content. It is suspected that because more
low­quality documents are shown in the biased conditions, users search for more variation which is
achieved by reading higher quality documents. Some position bias is also confirmed by Figure 6.7
on page 38, since the ranks clicked are similar over the different conditions and the higher ranks are
clicked more often. In the biased conditions a large proportion of the participants clicked on search
results lower on the page. It is expected that this is caused by less high­quality results shown on
the SERP in the biased conditions. It is not suspected this is due to confirmation bias. If this would
have been caused by confirmation bias, this would only lead to an increase in the proportion of the
participants that clicked the ranks lower in the page for the mitigate condition and not for the reinforce
condition. Since for the mitigate condition the search results that agree with the participant appear at
the bottom of the page while for the reinforce condition they appear at the top of the page.

Why are users not less engaged when bias is mitigated compared to when bias is reinforced? It
seems that users are not affected by the viewpoints of the results that are presented in the SERP. No
evidence has been found that shows a confirmation bias existed. Instead, the evidence suggests that
the participants did not have a confirmation bias. Rather, the documents that are clicked seem to be
guided by a position bias.

7.3. Implications for Search Engine Providers
Whereas the expected trend over the different conditions was observed for UES (although statistically
non­significant), this was not the case for the combined UE metrics. Both measures of UE are impor­
tant for search engine providers. UES is a subjective measure that assigns a score to how the user
experiences their interaction with a system [51]. Chances are that when the user assigns a higher
UES to a system, the user is more likely to use that system again in the future. The UE metrics show
the behaviour of the user. This can be interesting for the search engine provider since when a user
for example visits more websites, he/she creates more revenue for the search engine provider. One
would expect that UES and UE metrics are correlated. For example, someone that assigns a high UES
is willing to spend more time in the search engine than someone that assigns a low UES. Or, when
a user likes the search results shown by the search engine more, he/she wants to view more search
results. However, as mentioned before, the same trend has not been observed over the conditions for
UES and the combined UE metrics score. This could be due to the composition of the SERP in terms
of the quality of the search results.

7.4. More Search Result Interactions in Biased Conditions
In Section 6.3.5 it was found that the combined UE metric for the second group of UE metrics was
significantly greater in the biased conditions than in the control condition. The second group of UE
metrics consists of the nr. of documents clicked, the number of mouseovers and the pagination fre­
quency. If in reality introducing bias could lead to an increase for these metrics, this could be motivation
for search engine providers to manipulate search results. However, it is not expected that this increase
was caused by the bias in the SERP but by the fact that more low­quality search results that are similar
in terms of content were shown in the SERPs. The SAT rate in Table 6.3 on page 34 is lower in the
biased conditions than in the control condition. Users were thus less satisfied with the search results in
the biased conditions than in the control condition. This likely caused users in the biased conditions to
look for better search results, leading to an increase in the combined UE metric for the second group
of UE metrics.
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7.5. Limitations, Caveats and Weaknesses
Several limitations have been identified with this thesis. The first and the most important limitation is
that users were not allowed to issue their own queries. Letting the participant issue their own queries,
makes the user conscious about the search process. This could for example change the expectations
of the participants about the results that will be shown. As a result, this could then also change the
engagement of the user. Also, the results were presented in plain HTML such that search results had
only one viewpoint and potential domain biases were avoided. This could have had an impact on how
realistic the users interpreted the search experience. A weakness that was detected when analysing
the results was that for some log events the result rank had not been logged. It is unclear why this
happened and not expected that this caused any problems since this happened only for 31 out of the
2649 result­click log events.





8
Conclusions

The goal of this thesis was to find out how UE is affected in users with strong opinions by bias in the
SERP. The overarching research question is: How is UE affected in users with strong opinions when
SERPs are biased? It is investigated how reinforcing and mitigating bias by manipulating the SERP
affects UE. SERPs are manipulated by changing the viewpoints in different positions of the SERPs.
A search engine has been developed and used in a 2 × 3 × 3 factorial user study to investigate the
effect of bias on UE. The results show that UE in terms of both UES and combined UE metrics is not
affected by manipulating the SERP. This was shown in sections 6.2.1 and 6.2.2 for UES and combined
UE metrics, respectively.

It was expected that mitigating bias would lead to a decrease in UE, while reinforcing bias would
lead to an increase in UE. It is thus concluded that mitigating bias in the SERP had no impact on UE in
users with strong opinions (RQ1). Reinforcing bias in the SERP also had no impact on UE in users with
strong opinions (RQ2). It was thought that mitigating and/or reinforcing bias in SERPs would change
cognitive dissonance. It was expected that users would have a confirmation bias, causing users to
be less satisfied with the SERP when bias is mitigated and more satisfied with the SERP when bias
is reinforced. However, as discussed in Section 7.2, no signs of confirmation bias were found. Also
discussed in this section is that findings suggest that the clicks on search results are guided by position
bias instead of confirmation bias, as is shown in Figure 6.7 on page 38.

By answering both research questions it has been shown that UE is not affected when SERPs
are biased for the debated topics of school uniforms and vegetarianism. This shows that there is no
incentive for search engine providers regarding UE to manipulate search results for these debated
topics.

8.1. Future Work
Based on the limitations of this thesis there are several recommendations for future work. One of
the limitations of this thesis is the aggregation of the UE metrics. In this thesis the UE metrics are
aggregated by taking the average of the metrics that have been selected (i.e., each selected metric
received equal weight). In reality it is not likely that each metric has the same weight, therefore it is
recommended to investigate how these metrics can be best aggregated. This can be done both from
the viewpoint of the search engine provider as well as the viewpoint of the user, depending on the
use case of the combined UE metric. To build further upon this thesis it would be best to investigate
the aggregation from the viewpoint of the search engine provider, since the goal is to find out whether
there is incentive in terms of UE for the search engine provider to manipulate SERPs. Another limitation
of this work was that users were not allowed to issue their own queries. The users were presented a
SERP with a fixed query and the corresponding search results. In reality, users issue their own queries.
The process of users either issuing their own query or not issuing their own query could affect UE. For
example, if users issue their own query they might be less satisfied with biased SERPs than when the
query is chosen for them. It is advised to investigate this effect by running a similar study where users
have more freedom regarding their query or queries. In this new study it is important to think about how
search results will be ranked. It is important to think about the amount of freedom the user will get. This
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has also been one of the main considerations of this thesis. One needs to think about how to rank the
search results w.r.t. the query that is issued by the user such that it is still possible to analyse the results.
But, the search results should also match the query in order to make the search process realistic (i.e.,
the search results should not be the same for all queries that the user issues). A step between this
work and letting the users issue their own queries would be to let users pick their own query from a set
of queries. This gives the choice of picking the query to the user while also controlling which results
will be shown to the user. It is also recommended to make the search results more realistic than the
search results in this thesis. This means the search results could be shown using HTML format with
styling instead of plain HTML to provide more variety. Also, most low­quality search results were very
similar in terms of content and this could be avoided by changing the content of these search results
and/or changing the retrieval algorithm for search results. This could result in a change in UE (e.g., a
change in the amount of documents clicked).



A
Figures

Figure A.1: SERP with the “Pros and cons of becoming vegetarian” query for which the search results have been biased to
agree.
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Figure A.2: SERP with the “Pros and cons of becoming vegetarian” query for which the search results have been biased to
disagree.
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Figure A.3: SERP with the “Pros and cons of becoming vegetarian” query and the neutral search result ranking.
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