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Abstract

Recommender systems are widely used in modern lives and contribute to many
industries. Therefore, methods to evaluate and improve them are important. Nowa-
days, much research has been done to improve the system aspects such as algorithms.
However, user experiences are not only affected by the systems but heavily rely on the
context when using the systems. Therefore, the research on user aspects to understand
their experiences is as important. This study contributes an approach that uses collab-
orative reflection to find insights into users’ experiences with recommender systems.
Using this approach, this study presents the influences of context on user experiences
with recommender systems. This study investigates the importance of situational and
personal contexts like mood, time, and location in shaping user satisfaction with rec-
ommendations. The research adopts a method based on collaborative reflection, where
participants engage in tasks using their YouTube watch history, paired with another
individual for real-time discussion. By analyzing contextual influences and the values
users wish to achieve, the study identifies key patterns in user behavior and insights
into personal preferences. This research not only contributes to the evaluation of rec-
ommender systems but also highlights the need for systems to align with both the goals
of users and broader societal values. The usability of the proposed method was tested
to be successful in crowdsourcing, yielding practical implications for future evaluation
and improvements of recommender systems.
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Chapter 1

Introduction

Recommender systems have been widely used to provide users with targeted content to im-
prove user satisfaction. It is adopted in multiple areas such as video platforms, e-commerce,
and social media. Using recommendation systems in online shopping improves sales and
increases flexibility for retailers to adjust their prices[7]. R. Zhou[54] and his team found
a strong correlation between a video’s view count and the average view count of its top re-
ferrer videos, proving the influence of recommendations. Even if much research has shown
the benefits of recommender systems, the quality of recommendations still has the potential
to be improved. Enhancing user satisfaction with recommended items remains a topic of
ongoing discussion.

The recommender systems now usually make use of either or both collaborative fil-
tering(CF) and Content-Based Filtering(CBF)[1]. According to a user-centric evaluation
framework proposed by Bart P. Knijnenburg et al, users’ experiences are affected by system
aspects, situational characteristics, and personal characteristics[29]. The two methods we
mentioned above are improvements from systems aspects. However, exploring possible im-
provements from the user side(situational and personal characteristics) is as important. In
real life, users’ experiences can be influenced by many factors, for example, moods, time,
location etc. A change in any of these can affect the users’ final decision. One research by
R. Logesh and V. Subramaniyaswamy proposed a method to recommend travel locations by
taking contexts, such as locations, weather, and past travel history, into consideration[34].
Their results show that incorporating users’ contextual information is helpful and justifies
the importance of finding richer insights into users’ attitudes toward an item. Investiga-
tion into these aspects will benefit evaluation and modelling by understanding how contexts
influence user experiences.

Besides the need to understand the effects of context, making the recommendations
align with human values is just as important. As AI techniques develop, how to make the
results computed by AI align with human value has become a hot topic. According to
Shalom H. Schwartz, values refer to people’s desired goals and guide the selection or eval-
uation of actions, and policies[44]. How much people favour the recommendations given
is influenced by human values and values guide their decision-making[41]. Making the
recommendations align with the goals of users, system designers, and society should be
one of the objectives that any recommender system should pursue[47]. In the recommender
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systems context, values should be extended and clarified. Besides classical human values,
such as fairness and diversity, Jonathan Stray et al listed the values relevant to recommender
systems[47]. There is little research on under what situations users will require these val-
ues in the recommender systems context and the process of eliciting values from users is
complex.

Nowadays, only a few recommender systems have deployed measures to collect user
feedback to understand why they like/dislike a recommended item but they are limited.
YouTube and Netflix only provide choices of likes or dislikes. TikTok provides a relatively
wider range of options but is still limited to reasons about video content. To fill the gap
and collect deeper insights into users’ experiences when using recommender systems, this
research aims to provide a method to investigate how context influences user experiences
on recommender systems. Among existing research on helping people find inner thoughts
corresponding to actions in psychology and design, reflection is considered one of the most
effective ways to enable individuals to generate insights for understanding themselves and
self-improvement[10][5]. Research by Y.Tawatsuji et al explained how humans improve
their problem-solving abilities by learning from mistakes. Therefore, making participants
reflect on their experiences is regarded as the foundation of our method. The kind of re-
flection we selected is collaborative reflection. Unlike personal reflection where people
check their data and answer some questions, collaborative reflection enhances participants’
understanding of each other’s data and creates connections. It helps participants gain in-
sights by linking or comparing their own experiences to others’ reflections on their own
experiences. In the process, we expect them to generate insights that are useful to improve
recommendation quality during discussions.[21][39]. However, effective collaborative re-
flection builds on powerful support for the communication between participants. Therefore,
how to use collaborative reflection in this setting is one of the topics the research cares.
In 2017, E.Choe et al made research on how people how people reflect on personal data
through visual data exploration[11]. They found several levels of reflection that users get
from the provided visualizations. Their research supports the effectiveness of using data
visualization to help people reflect.

Our method adopts the points mentioned above to help reflect: Providing data visual-
izations and prompting collaborative reflection. Based on them, we designed a platform
where participants worked on tasks related to their YouTube watching habits. We selected
YouTube in the case study because of its tremendous amount of users and its convenient
API[20]. It made both platform building and participant recruitment easy. On our platform,
two participants are paired automatically and finish interactive tasks together in a video chat.
We help participants reflect on insights into why they like/dislike an item recommended to
them by providing visualizations of their YouTube data to check and operate. To make this
method easier for recommender system providers to use and to cover diverse user groups,
we wish our method to be usable for crowdsourcing. Therefore, we deployed our platform
on Prolific, a crowdsourcing platform. Crowdsourcing is considered an effective way to
gather data from people[23]. According to Aniket Kittur et al, crowdsourcing can lead to
satisfying answers for subjective questions[28]. The tasks mentioned in their research and
most crowdsourcing tasks nowadays are individual micro-tasks. Although there is research
on facilitating cooperative crowdsourcing such as crowd4U[25] and turkomatic[30], they
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1.1. Research Question(s)

achieved the target by splitting complex tasks into sub-tasks and assigning them to crowd
workers to form a pipeline. Almost no research has been done on collaborative crowdsourc-
ing that requires two crowd workers to cooperate on a task in real time. The challenges and
limitations we met during the process are summarized and expected to contribute to future
research in designing online real-time collaborative crowdsourcing tasks.

1.1 Research Question(s)

In conclusion, understanding how contexts influence user experiences is crucial. It is also
important to make the recommendations align with the values of each party. However,
few explorations have been done to explore the most efficient way to do it. Therefore, our
research aims to fill in the gap of using collaborative reflection on crowdsourcing to study
users of recommender systems and proposes the following research questions:

• How should we take context into consideration while evaluating recommender sys-
tems?

• How can online collaborative reflection on personal data help find insights into user
experiences on recommender systems?

3



Chapter 2

Related Work

Ways of evaluating users’ experiences with recommender systems have been explored ex-
tensively. This chapter discusses state-of-arts related to our target of using collaborative
reflection on crowdsourcing platforms to study context-related user experiences of recom-
mender systems. This chapter is divided into four sections. In the first section, we will talk
about existing approaches to user study, In the second section, we will introduce collabora-
tive reflection and ways to support it, followed by our review of value alignment, especially
about existing works to make recommendations align with human values. The last section
will introduce the existing recommendation algorithms used by recommender systems to
present why we need improvements from user aspects.

2.1 User study for recommender systems

According to the user-centric evaluation model of recommender systems proposed by Kni-
jnenburg et al, situational characteristics and personal characteristics are as important as
system aspects in improving user experiences[29]. Situational characteristics are often de-
pendent on the context when interacting with the system. Personal Characteristics mainly
include users’ demographics and cognitions. Investigating the user sides of recommender
systems is also important as we have introduced the necessity of holistic modeling and
value alignment. However, not much research has been done in this area. The most direct
way to study users is by gathering their feedback. User feedback can be divided into two
categories: Explicit feedback and implicit feedback. Most recommender systems research
focuses on improving from explicit feedback rather than implicit user feedback[24], but
there is evidence that a combination of implicit and explicit user feedback will improve the
performance of recommender systems[26]. It again reflects the importance of research on
user sides for recommender systems.

Crowdsourcing as a powerful method to gather data from crowds, can be used in user
studies[28]. In 2012, Marion K. Poetz and Martin Schreier investigated new product ideas
from crowdsourcing and compared them with those thought of by experts. It turns out
user ideas score higher on novelty and customer benefit, although lower in feasibility[38].
Their results implied that users are better at expressing their needs than technology-related
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2.1. User study for recommender systems

problems. Tara S. Behrend et al examined the viability of crowdsourcing for survey research
and initially proved that the data quality is as good as that from regular pools[4]. Their
results provide theoretical support for using crowdsourcing platforms to do user studies.

2.1.1 Reflection on personal data

Around 2010, the rise of personal informatics made the first step to providing people a
chance to view and reflect on their data. This method can be used in this research to trig-
ger participants’ thinking in the context when they watch a video. As subsequent studies
continued to explore, methods were developed to guide users to gain an understanding of
themselves. Ian Li et al found that tools designed at that time did not sufficiently understand
users’ self-reflection needs[32]. Therefore, they conducted a study and identified six kinds
of questions people care about their data: Status, History, Goals, Discrepancies, Context,
and Factors. In the six perspectives, they summarized what participants were interested in:

• Status: Data that revealed their current status.

• History: Trends and patterns over the long term.

• Goal: Goals that are appropriate to pursue

• Discrepancies: How is their current status different from their goal?

• Context: What was happening at or near the same time as the context they are seek-
ing?

• Factors: How various factors affected the current status.

These points guided this research on task design. They are regarded as points that can
encourage users to talk about their feelings.

In 2017, Choe et al investigated how people reflect on their data through visual data
exploration. Their research helps us understand how people interact with their data and
the insights they get along the process. The research shows that people are excited about
understanding themselves through visual data exploration. They found that peaks and ex-
treme values caught participants’ eyes and comparing various periods promoted people to
recall their past behaviors. Also, they found recalling past behaviors brings out the users’
curiosity, which leads them to continue to explore.[11]. Another research by Alice et al
investigated how the construction of personal physicalizations helps people reflect. They
found that people gained insights from levels of depth from simply reading data to contem-
plations of personal values and attitudes[50]. The levels are Reflections on Data, Context,
Action, and Values. These findings are valuable to our research because we want to use the
same method to figure out what influences people’s attitudes toward recommended items.
The reflections from different levels are valuable. The values that users want to get while
using a recommender system are something that we should also consider when designing
algorithms. Besides what’s mentioned above, J.Cho et al[10] identified shortcomings of
the ways that personal informatics use personal reflection and provide guidance on how to
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2.2. Collaborative Sensemaking

support reflection when designing such a system. A method called ”Guess the Data” eas-
ily persuades people to answer questions that are not easily answerable, and it stimulates
curiosity by letting users take a guess and then let them explore the real data[31].

2.2 Collaborative Sensemaking

Since a model that can capture the key attributes of users and items is essential for the
algorithms, figuring out what attributes should be considered when giving recommendations
is an indispensable first step. Instead of only considering items’ attributes, we aim to dig
deeper into the insights that could influence users’s preferences. This includes the contexts
while using the system and the values they wish to receive.

Russell’s team defined sensemaking as ”the process of searching for a representation
and encoding data in that representation to answer task-specific questions”[42]. It can also
be done by multiple people, which is collaborative sensemaking. It is a sensemaking process
involving people with different viewpoints/backgrounds. It is proved that pair work facili-
tates plausibility growth and thus each individual’s sensemaking[52]. People can exchange
their ideas and give feedback to each other in collaborative sensemaking and this supports
people set up connections between data and environmental factors[40]. This helps them
reframe their understanding of their data as they get the opportunity to see their data from
others’ perspectives. On the other hand, they can compare each other, potentially bringing
insights. Accession of another person makes the process explicit and engaging[22]. Re-
search by Naomi F Dale et al used paired interviews to get a greater understanding of the
interactions between tourism and hospitality service participants. The idea of focusing on
interactions between participants instead of only the work they finished is valuable to this
study[12].

To make participants generate collaborative sensemaking, providing support during the
process is necessary. Different from reflecting on your personal data, collaborative sense-
making requires participants to make their own experiences explicit and understandable to
others. Only in this way, can they learn and compare them, and finally get some insights on
the reasons behind the experiences and propose changes to make[39]. It has been proved
that structuring the reflection process is helpful in face-to-face scenarios[13]. It means that
the setup should make the reflection target clear to the participants and provide anchors that
participants can reflect on[14]. According to Michael and Bettina’s summary of aspects of
collaborative reflection from multiple research, the most recurring topics are[39]:

• ”Recall of past experiences

• Probing, challenging or supporting other contributions

• Linking experiences with other sources(experiences, knowledge, data)

• Repeating and commenting on other contributions

• Sharing opinions

• Drawing from experiences
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2.3. Value alignment

• Transforming insights into practice”

Based on the idea of promoting this, they built a prototype app to test their tools for pro-
moting collaborative reflection and summarized the roles of tools in collaborative reflection.
They mentioned that the tool should make participants engaged in reflection for a period of
time, strengthen the connection between participants, and ”Balance diversity and intensity
of communication”. As we mentioned in 2.3.1 about the reflection of personal data, pro-
viding people with their own data can help them reflect on their behaviours. The same goes
for collaborative sensemaking. Mahyar and Tory investigated how demonstrating recorded
information supports communication and coordination in collaborative sensemaking. The
result showed that by providing recorded information, groups could communicate more
effectively and coordinate better, which leads to better results[35].

2.3 Value alignment

With the development of AI technology, the alignment problem becomes an important topic
to be worked on. A properly aligned AI should take all unethical or imprudent behaviors
into account and prevent them[18]. As for recommender systems, the alignment problem
becomes how should we recommend items such that they can serve various human values.
Jonathan Stray et al proposed a design idea that recommender systems should align rec-
ommendations with the goals/purposes of users, system designers, and whole society[47].
They also mentioned that the goals for using recommender systems are often context-
dependent and consequential. Therefore, incorporating value-based labels when modeling
items and users in recommender systems is necessary.

Value-sensitive design is an approach that ”accounts for human values in a principled
and comprehensive manner throughout the design process[17].” This approach should be
adopted when designing a recommender system such that the recommendations can align
with the values we wish to receive from it. In the value-sensitive design area, values are
defined as “what a person or group of people consider important in life”[8]. When we
put values in recommender systems, it is important to know which human values are ap-
plicable. Research by Jonathan et al[47] collected values that are particularly relevant in
recommender contexts and they helped in our analysis.

2.4 Recommendation algorithms

Content-Based Filtering and Collaborative Filtering are the two most common methods
used nowadays. In the introduction, we have given a summary of their specialities, and we
will provide a more detailed description of them to present the limitations of relying only
on improvements in system perspectives.

One drawback of Content-Based Filtering(CBF) is its limited potential to capture com-
plex user actions. First of all, CBF models both users and items. CBF models users and
items by their attributes. This leads to the problem that the accuracy of recommendations
using CBF completely depends on how accurately we model items and users and the influ-
ence of people’s interactions is ignored[16].
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2.4. Recommendation algorithms

Collaborative Filtering(CF) is subdivided into user-based and item-based. In user-based
CF, the user is recommended items based on the ratings given by neighbors who share the
same tastes[43]. Item-based CF is recommended based on user-item interactions. Similar
items will be recommended if a user has ever shown an interest in one item. This method
is considered more accurate than user-based filtering because the items to be evaluated are
large while users may only be interested in a tiny part of it[49]. However, it suffers from the
cold start problem.

To make up for the shortcomings of CF and CBF, the idea of unifying CF and CBF
was brought up. A hybrid approach can usually achieve higher accuracy in recommenda-
tions compared to CF and CBF. This is because CF lacks the information about domain
dependencies and CBF ignores how people influence each other[19].

However, it still requires an accurate model that can include the necessary attributes
of both items and users. To better satisfy users’ requirements, the investigation into the
personal and situational context is indispensable.
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Chapter 3

Methods

This study employs qualitative research to find the insights that influence perceptions to-
wards recommendations given by recommender systems. Using the idea of self-reflection
from personal data and collaborative sensemaking, and YouTube as a case study, we set up a
website where participants are paired and then cooperate on the reflective tasks. We publish
our tasks on Prolific, a crowdsourcing platform. This section will introduce our participants,
design principles, task descriptions, data collection, and analysis.

3.1 Design Principles

As we have introduced in the introduction, the goal we want to achieve while with the tasks
is to facilitate participants to reflect on the reasons they watched some videos and how they
are related to their values. We expected participants to talk about the insights they decided
to watch a video in a relaxing discussion. According to Alice Thudt et al’s research[51],
there are four types of reflections: Reflections on data, context, action, and values. With
these goals in mind, we did a further literature review on how to encourage users to reflect
on themselves and summarized the following three design principles:

• P1: Providing the foundation for reflection by co-construction to facilitate recall of
past experiences/contexts

• P2: Encouraging communication upon cooperating for an answer to link and merge
experiences.

• P3: Prompting contextual judgements of experiences to elicit personal values.

3.1.1 Providing the foundation for reflection by co-construction to facilitate
recall of past experiences/contexts.

The reason that we came up with this design principle can be explained from two perspec-
tives: Helping participants to recall their experiences and facilitating collaborative reflec-
tion.
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3.1. Design Principles

According to research by Smith et al[46], memory processes are influenced by environ-
mental context. The contextual information, in turn, influences memory effects. Therefore,
helping participants recall the context of their past experiences is a crucial step. When
participants review the visualizations generated from their data, they are expected to find
patterns. Combining these patterns with the information demonstrated in the visualizations,
we wish participants the ability to think about the reasons behind these patterns and their
feelings towards a video at that time. Contextual information acts as the trigger for partici-
pants to recall memories and reason why patterns emerge.
On the other hand, making participants familiar with their works and providing possibilities
to refer to each other is the foundation for effective collaborative reflection.[39] Instead of
showing the visualizations directly, we let the participants cooperate to create a visualiza-
tion with data from both. In this way, participants not only get to know their own data by
interacting with the visualizations but also know each other’s data better since they work
in the same area. Since participants have to slow down to log their data and get familiar
with them in the process, participants can better understand their data as reflections occur
not only from completed visualization but also during the preparation phase such as data
logging, token preparations, and token integration[51]

3.1.2 Encouraging communication upon cooperating for an answer to link
and merge experiences

The second principle aims to prompt participants to link their experiences with others to
find new insights eventually. To achieve this, we support participants in recording their
findings and data, which is proven to help the team organize and share their results[35].
Also, we designed questions that can only be answered by combining their data. We expect
this idea can help participants understand their needs better and eventually reflect on their
experiences while using YouTube[6]. In our tasks, we asked the two participants to work
on the same chart and came up with questions that one person led the other to check each
other’s data. In this way, we expected them to find insights by comparing with each other,
explaining their own data visualization and expanding further discussions from which.

3.1.3 Prompting contextual judgements of experiences to elicit personal
value.

The third value came up to help us elicit related values while users are using recommender
systems. It was found by previous research that respondents engaged in high-level reflec-
tion less frequently than “lower“ level reflection[51]. Reflection on values is undoubtedly
a high-level reflection. Therefore, measures have been taken to provide participants with
a reasonable workflow to facilitate their thinking on values instead of asking questions
about values without any padding. This process makes participants generate lower-level
reflections such as reflection on the data itself first, which are the indispensable basis for
generating high-level reflections such as personal values[51].

According to Pieter Desmet, emotions play an important role in eliciting values because
we are only emotional about things that touch our moral or personal values[15]. We de-
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3.2. Task Descriptions

duced it is easier to elicit human values from participants’ discussions when they notice
their emotion changes. Therefore, we asked participants to judge how they were satisfied
with the videos they watched, which is expected to trigger their memories of the emotions
after watching the videos. Combining with the contextual information we provided in the
visualizations and what they recalled from previous steps, we hope participants can generate
reflections on values they wished to be fulfilled while using YouTube at that time.

3.2 Task Descriptions

The complete user journey can be roughly divided into two phases: Preparation and coop-
erative tasks. In the preparation phase, participants download their YouTube watch history
from Google Takeout and wait to be paired in a waiting room. As soon as we have two
participants in the queue, we direct them to a room where they cooperate on their tasks. All
the tasks are designed to minimize the number of operations participants need so that they
can focus on discussions.

3.2.1 Preparation

The first page participants see is a general introduction to the tasks they will work on. It
tells them that our tasks can help them reflect on their own YouTube-watching habits so
that they can get to know themselves better. This is considered a measure to get better data
quality from crowd workers by motivating them. The method of getting reliable crowd-
sourcing data is summarized from multiple research by Jorge Carvalho et al in their review
on improving data quality by enabling positive user experience[9]. Besides the external mo-
tivation(money reward), we expect to provide participants with internal motivation to under-
stand themselves better to improve data quality[33]. After participants give their consent,
they will be guided to download their own YouTube watch history from Google Takeout.
The exportation of data from Google takes five to ten minutes, and they will be directed
to the waiting room to be paired with another participant while waiting for the data. After
two participants are successfully paired, they are directed to the workspace where they co-
operate. They were required to record the workspace tab and join the video chat with their
teammate.

3.2.2 Task design

The tasks start with a simple ice-breaking phase. We get our qualitative results from the
participants’ discussions, so it is important to facilitate communication between them. As
we have mentioned in the participants selection section, we hire participants sharing the
same backgrounds in each batch to facilitate communication. This ice-breaking phase and
the requirements to be in a video chat, instead of a voice chat also contribute to facilitating
communication. Participants will do a self-introduction first, followed by asking each other
an ice-breaking question we provided. We also guide how to use the Miro board in this
stage so that their enthusiasm for communication is not extinguished by trying to figure out
how to operate the items on the board.

11



3.2. Task Descriptions

The remaining two tasks were designed by the principles we introduced before. To
make it more clear, we listed how each task aligns with the design principles. We also
pointed it out in the appendix showing directly how principles and questions correspond to
each other.

• P1: all discussions while working on visualizations, 2.1.1(Stage 2, question 1, sub-
question 1), 2.1.2, 2.2.2, 3.1.1, 3.2.1

• P2: 2.2.1, 3.3.1, 3.3.2

• P3: 2.2.3, 3.1.2, 3.1.3, 3.2.2, 3.2.3

The second task focuses on reflecting on the correlation between time and the videos
watched. Participants will be asked to estimate the average number of videos they watch
during each specified time period daily. The time periods are midnight(00:00 - 06:00),
morning(06:00 - 12:00), afternoon(12:00 - 18:00), around Dinner(18:00 - 21:00), and late
night(21:00 - 24:00). The evening hours are divided more carefully because this is the time
when most people have free time to watch YouTube. After guessing, they can see the bar
chart automatically generated from watch history. By comparing the chart of their guessing
and real data, two participants are asked to discuss the following ideas. The complete
questions are in Appendix A.

• How they made a guess.

• Comparison between the guess and real data

• Reflection on data patterns and personal context

The logic of question design here is first to make participants notice the pattern that may
have special meanings, which is a reflection of the data itself. From this, we guide them
to think about the reasons leading to these patterns and hopefully some insights related to
their personal value. We also set questions that can help promote collaborative sensemaking
as they need to explain their own data to their teammate and reflect on each other’s data.
Only by comparing and listening to the other’s explanation, can they get the answer. The
process forces them to recall their YouTube-watching habits and life patterns. We assume
that people use YouTube for different purposes at different times. From this task, we expect
to get insights into how time influences their YouTube use such that these attributes can be
considered in recommendations. In this way, the contents recommended can be adjusted
according to time.

The third task, which is also the last one, focuses on looking back at what happened
on one day. Focusing on one day makes it possible to demonstrate enough details for par-
ticipants to recall the details that happened on that day. Different from reflecting on the
visualization of a week’s data in stage 2, this stage aims to support participants to reflect on
specific videos. As shown in the picture below, the videos participants watched yesterday
are automatically generated in the chart, and sorted into the same periods as stage 2. The
first step for participants is to recall what they did yesterday and fill them in the purple rect-
angles. The finished visualizations represent the chronological order of activities and the
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videos they watched and it is expected to provide details for participants to recall the context
when they watched those videos. Based on the information, participants are then asked to
freely choose 5 of their videos and evaluate how each satisfied them. By this point, the par-
ticipant should have already recalled a preliminary structure of what happened yesterday.
Based on this, they are asked questions from the following perspectives:

• The correlation between what they did and the videos they watched

• The purpose for watching videos

• Reasoning behind their most satisfying and disappointing video

• Recommend one video that would interest their teammate to promote collaborative
sensemaking.

The complete questions are appended in Appendix A. We first ask participants to choose the
most satisfying and the most disappointing video, and we expect them to reflect on both the
context and the video itself. While they skim over the videos, the context information such
as activities and time helps them form the reflection on context. They are also asked about
how the videos satisfied/dissatisfied them and how is this evaluation related to their value.
In the end, they are asked to recommend one video that their teammate would be interested
in from the videos they watched. This is a method to facilitate collaborative reflection. We
expect participants to review each other’s data and give recommendations based on their
favourites. It is hoped that participants will gain an understanding of how others perceive
their viewing behaviour and help them to reflect from the perspective of others.

3.3 Implementations

We hosted a website where two participants could prepare their data and then pair with an-
other participant to reflect on their YouTube watch history. Miro board [37] is embedded
in our platform as the workspace where participants cooperate. We have a back-end server
written by Node.js. We set up several endpoints to handle the logic of pairing participants,
processing YouTube history uploaded by participants, and generating visualizations. The
server processes the history file and then sends requests to Miro API to generate visual-
izations. It is also where we store data and recordings of the participants. The front end
was built with Vue3. It takes input from users and sends requests to the endpoints on our
back-end server.

A difficulty we met in implementations is how to make the platform serve well on
crowdsourcing platforms. Although we tried proving crowd workers more motivations
besides money by telling them that they could better understand their YouTube-watching
habits during the process, our pilot tests did not go as smoothly as we expected. A sig-
nificant number of participants joined the study but did nothing. As we need to pair two
participants together in the study and we can only open limited seats, their behaviour of
occupying positions but not working affected efficiency. To solve this problem and reduce
participants’ waiting time, we first added an attention check on every page and a partici-
pant’s submission will be returned(Leaving the study without getting a reward). Another
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measure we took was to open up twice the positions we needed. In this way, we made sure
that there were always candidates joining the queue to pair with another participant, which
significantly reduced the number of participants who left because of tired of waiting. An-
other stage that participants left was after they were paired and saw the tasks on the Miro
board. To handle the situation one participant quits and leaves the other one alone in the
room. We implemented a feature that can directly bring one participant from the waiting
room. If no one is in the waiting room at the moment, the next one who joins the queue
will be directly leaded to this room. To reduce the number of participants who leave at this
stage, we found another selection criterion on Prolific: Willing to join a video interview.
After setting this filter, the percentage of people who left at this stage decreased.

3.4 Participants

The participants were hired both online and offline, and most were hired from the online
crowdsourcing platform, prolific. It provides the functionality to select only eligible par-
ticipants. According to Van Der Wege, M et al, people’s communications are based on
consumption they share a similar background to a certain extent. When this consumption
does not hold, the communication can be impeded[53]. Also, it is easier for people to get
familiar with each other if they share the same backgrounds[2]. Under this principle, we set
up two groups of participants. The list below details the attributes of each group.

• European countries citizens aged from 20-35, any gender, actively using YouTube,
playing video games, and willing to take part in a video interview(13 groups).

• Master students, any gender, actively using YouTube(4 groups)

The age range makes sure participants do not have too many differences with each other
while ensuring we have enough candidates in the participants pool. Since our platform em-
beds Miro as the interactive board, we wish the participants to have a minimal understanding
of such online workspace software.

3.5 Data collection and analysis

After the survey with 17 groups, we collected the recordings of their discussions and op-
erations during the survey. To get the contextual factors and values involved in the usage
of YouTube and justify the effectiveness of our method, we conducted a content analysis of
the transcriptions of the recordings. The analysis is to answer the two research questions we
proposed in the introduction. Therefore, the codes that we used to denote the transcriptions
are from the following three perspectives:

• P1: Contextual factors influencing how much a participant likes a video

• P2: Values users may wish to receive from a recommender system.

• P3: Validation of our method: How the design principles helped us get the desired
results.
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Three rounds of coding were conducted for all the 20 groups, and each round is for a per-
spective above. Considering the subjectivity of coding human values, inter-coder reliability
on value codes was calculated to improve the trustworthiness and rigor of our findings.

3.5.1 Initial codes

Generating initial codes is the first step for content analysis as it helps us break the tran-
scriptions into manageable components. We began with reading all the transcriptions to
get familiar with the contents. Based on a literature summarizing the most used contexts
in HCI by Jumisko-Pyykkö and Vainio[27], we summarized the following initial codes for
contexts, and a complete coding scheme of contexts can be found in Appendix B.1:

• Technical and informational Context: Technical aspects such as the device used.

• Cognitive Context: Habits, Self-Perception, Mood, etc.

• Physical Context: The environments that influence users

• Social Context: Influences from other people

• Temporal Context: Time-related factors and past experiences.

As for values, we went through J.Stray et al’s synthesis about human values that are es-
pecially related to recommender systems[48]. These values are categorized into five themes:
Usefulness, Well-being, Societal values, Public Discourse, and Legal and human rights. Un-
der the five themes, We selected values that may occur in YouTube settings as a case study
and coded the discussions involving the values in the transcriptions.
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Theme Value
Usefulness Agency, Autonomy, Efficacy
Well-being Well-being

Connection
Physical health
Mental Health
Community, Belonging
Recognition, Acknowledgment
Self-expression, authenticity
Care, Compassion, Empathy
Self-actualization, Personal Growth
Inspiration, Awe
Entertainment

Legal and Human Rights Accessibility, Inclusiveness
Public Discourse Accuracy (Factuality)

Diversity
Knowledge, Informativeness

Societal values Progress
Tradition, History

Table 3.1: Value themes

[48]
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Chapter 4

Results

In this section, we will first demonstrate exemplary cases showing how context influences
users’ experiences and the values they want to attain in different scenarios while using
recommender systems. Following the cases, We will enumerate the frequency of participant
mentions for each context and corresponding value.

4.1 Influences of context

In this section, we present a series of cases that exemplify the influence of context when
using recommender systems. These cases have been selected to provide a deep and novel
understanding of the participant’s experiences and perspectives.

4.1.1 The ongoing activity influences the selection of videos

While analyzing the transcriptions, many participants mentioned watching videos while
doing other things as a form of companionship. We found participants who listened to
some videos before sleeping to fall asleep more easily and also who watched videos while
gaming or working to make them more engaging. From the examples, we can tell that
video watching has the functionality of making the ongoing activity more enjoyable and
enhancing the ongoing activity. We also found that users select different kinds of videos for
companionship while doing different activities, fulfilling various emotional and cognitive
needs.

Take the story of Cici as an example. She works for a consulting company and lives on
her own. Whenever she returns home from work, she watches videos to relax. Even though
she is usually tired after work, she still seeks educational content, as it provides her with
knowledge and keeps her informed. During our survey, she shared an interesting experience:
while preparing dinner, she watched a video about real estate, finding it both informative
and enjoyable, which made the cooking process not boring. However, she immediately
noted that she would not watch such a video while eating, as there is too much information
and it would require too much cognitive effort. Instead, she would prefer more relaxing
content, such as vlogs or travel videos, which provide comfort and ease without demanding
active focus.
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Cici’s story illustrates that users often multitask while watching videos, using them as
background companionship to enhance their experience of other activities. This behaviour
reflects a broader trend where users select video content based on their current activity and
cognitive state. Educational videos might fulfil a desire for self-improvement or produc-
tivity, while more relaxing content meets the need for emotional comfort and unwinding.
Therefore, we can tell that videos not only serve as entertainment but also enrich daily
routines by providing emotional support, mental stimulation, and even a sense of social
connection.

4.1.2 Past experiences bring attraction to video preferences.

In addition to using videos to enhance their activities and find companionship, we also ob-
served that participants are more easily drawn to content related to experiences they have
had in the past. This familiarity often sparks a desire to learn more and deepen their un-
derstanding of these experiences. For example, one of our participants, Astro, a computer
science student from Austria, primarily uses YouTube to acquire knowledge and stay in-
formed about developments in his field. When asked to recommend a video to a friend,
Astro selected one that explores how Central Park in New York City was developed. Astro
mentioned that he had visited New York City several times but was unaware of the histori-
cal struggle involved in creating Central Park. The video, which detailed the challenges and
decisions that shaped the park, intrigued him because it provided new insights into a place
he had personally experienced.

This case illustrates how users are more likely to be attracted to content related to their
experiences. Astro’s prior visits to New York City made the video about Central Park partic-
ularly compelling, as it offered a deeper understanding of a familiar location. This finding
suggests that recommender systems could enhance user engagement by suggesting content
that builds on users’ past experiences, making the recommendations more relevant and ap-
pealing.

4.1.3 Impact of cognitive context on video preferences

The two examples above are both external contexts, and this example shows how personal
cognitive context influences users’ experiences. One illustrative example is Mary, a partici-
pant who expressed a deep interest in computer games despite not being able to play them
well herself. There are certain games she wishes to try, but due to their difficulty and her
work. Therefore, she usually watches others playing the games she likes. She described this
experience as a way of having escapism without committing to playing the game herself.
This behaviour can be regarded as vicarious goal satisfaction. According to Kathleen C.
McCulloch et al, vicarious goal satisfaction is ”a phenomenon in which individuals experi-
ence “post-completion goal satiation” as a result of unwittingly taking on another person’s
goal pursuit and witnessing its completion.”[36]. In our results, we found this phenomenon
occurred several times.

Mary’s experience highlights how vicarious goal satisfaction operates in the context of
video consumption. By watching others playing games she loves, Mary is able to derive a
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sense of accomplishment and enjoyment. This allows her to engage with the content and
fulfill her interest in gaming, even when she is not actively participating in the gameplay.

This example underscores the idea that watching others succeed in tasks or challenges
can provide a similar sense of satisfaction as achieving the goal oneself. For Mary, and
likely for many others, this vicarious satisfaction is a key motivator for consuming certain
types of video content, particularly in areas where they feel less confident or capable. This
finding suggests that recommender systems could benefit from identifying and promoting
content that aligns with users’ cognitive contexts, potentially enhancing user engagement
by catering to this psychological need.

4.2 Effectiveness of the design principles

4.2.1 Overview

To prove the effectiveness of the approach we proposed, we prove the effectiveness of our
design principles by how efficient they are in eliciting contexts and values related to recom-
mender systems usage. Each task aligns with a specific design principle, meaning that the
discussions generated during each task can be seen as stemming from that principle. There-
fore, to prove that the design principles we proposed contributed to finding relevant context
and values for evaluating recommender systems, we analyzed discussions to determine how
the design principles facilitated participants’ reflection on context and values.

We first counted the co-occurrences between context, values and the discussions. From
Tables 4.1 and 4.2, we can see that principle 1, which provides the basis for participant
reflection, performs well in eliciting values and context. However, we can find that principle
2, which prompts participants to merge experiences, did a good job of facilitating reflection
on context while not doing well on values. With 105 discussions triggered by principle 2,
there are 60 times of mentions of values during the discussions, but 106 times of mentions of
context. Principle 3, which makes participants judge their experiences considering context,
performed to our expectation on eliciting values. But, its performance in finding related
context is not good, with only 20 mentions in 56 discussions. From the two tables, we
got an overview of the effect of the three design principles we proposed. We can give a
preliminary deduction that providing materials that people can refer to is the basis for them
to reflect on context and values, and helps their thinking about insights of their experiences.
Principle 2 and 3 have their speciality. Experiences merging(Principle 2) can help people do
more thinking in the context of their experiences but is not very effective in finding values.
As for letting participants make contextual judgements, we can make a prima facie case
that it is useful on eliciting discussion about values. Since it’s designed mainly for finding
values, its poor performance of findings context is acceptable.

4.2.2 Exemplary Cases

In the last subsection, we got an overview of how the design principles perform for eliciting
values and context. To demonstrate further details about how they exactly work, we selected
several exemplary cases to provide insights.
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4.2.3 Providing reflection basis facilitates communication

In the survey of Frost and Conrad, Frost was the more active one and he led the discussions,
while Conrad was relatively introverted and confused when answering some questions. For
example, when asked what influenced their YouTube watching habits, Conrad did not know
how to start. Thanks to the visualizations, Frost helped Conrad summarize that he woke up
late and presumed that he didn’t like serious videos after waking up. This triggered Con-
rad’s thinking and gave him a foundation to begin with and eventually made good reflec-
tions. Based on Frost’s summary, Conrad continued that his occupation is quite serious, so
when surfing YouTube, he prefers light and entertaining videos. He even extended another
experience from this that he once made a mistake at work and he was very sad. Therefore,
he watched a prank video about people hiding behind bushes scaring other people crossing
the streets for two hours and it really lightened his mood.

From this example, we see that providing a reflection basis could improve the data
quality when interviewing introverted participants who are not talkative or confused about
where to start. It provides possibilities for leader participants to help their teammates to find
an answer.

4.2.4 Merging experiences supports cooperative reflection

In the survey of Lily and Drew, they shared the same interests, so they had active discus-
sions. They even exchanged Instagram accounts after the survey. So, their discussions were
chosen to demonstrate how experience merging facilitates reflection. When they were asked
to recommend a video to each other, Drew recommended an MV of a song called ”The
Coconut Song”, and she recommended it because this video can bring happiness. After
hearing this, Lily was so surprised that she said: ”I’m gonna scream out.” She immediately
responded that she also loves this song and she always plays this song whenever she drives
a long distance. Lily even reflected on the values she got by listening to this song while our
question did not even ask. She said that listening to this song clears the tiredness and brings
happiness to the boring journey.

From this example, when participants find similarities with each other, they can connect
their own experiences with others, which helps elicit the insights behind the behaviours.

4.2.5 Making contextual judgments inspires deep thinking of the scenario
and values

In this example, we will introduce the story of Judy. She works as an assistant at a law firm
in Spain. She said that most of the time, she feels exhausted after work. Therefore, she
usually picks videos that cheer her up and empty her mind. When asked to judge whether
she was satisfied with a video she watched. She said that she was disappointed because she
played the video for her naughty younger brother such that she did not have to deal with
him. However, she was hoping that even if it is for kids, it could be enjoyable for adults
to some extent, at least not annoying. It happened after she arrived home, which made her
desire to relax stronger than normal moments. This made it even more frustrating that the
video only helped her manage the kids but didn’t cheer her up.
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By prompting her to judge the video considering the context, we got an in-depth under-
standing of the scenarios when she watched the video and the values she wished to receive
in the context. We know the context of YouTube watching that users play videos for chil-
dren to calm them down. In this context, users may seek more than just the relief of not
having to manage their children. They may desire content that offers personal benefits, such
as improving mental health, providing inspiration, or simply offering entertainment.

Public Discourse (88) Usefulness (39) Well-being (146) Total
Principle 1 (182) 34 20 65 119
Principle 2 (105) 15 7 38 60
Principle 3 (56) 22 12 34 68
Total 90 41 151 282

Table 4.1: Co-occurences between values and design principles.

Application
Context
(16)

Cognitive
Context
(55)

Physical
Context
(33)

Social
Context
(50)

Temporal
Context
(103)

Total

Principle 1 (182) 9 24 16 21 75 145
Principle 2 (105) 7 21 16 23 39 106
Principle 3 (56) 1 8 1 4 6 20
Total 17 53 33 48 120 271

Table 4.2: Co-occurences between context and design principles.

4.3 Contexts

4.3.1 Contexts occurrences

To have an overview on what are the most influential contextual factors, we first counted
the total number of occurrences of each context. From Figure 4.1, we can see that time,
working/study status, and eating are the top 3 factors that were mentioned the most among
the 17 groups of participants. Also, we can see that time and working/study status are way
ahead of others. Time was mentioned 78 times, and work/study status was mentioned 56
times, and they constituted 36.81% of total occurrences(364 times)
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Figure 4.1: Total occurrences of contextual factors

4.3.2 Sample quotes for each context

To gain a clearer understanding of the influence of each factor, we also tracked the number of
individuals who mentioned each factor and provided a representative quote for each context.
The sample quotes should give an overview of how each context influences users watching
experience. As we did our survey with 17 groups in total, the total number of participants is
34. As shown in Table 4.1, both time and work/study status were mentioned by half of the
participants. Furthermore, location, eating, past experiences, habits, events, and sleep were
among the other factors mentioned by more than 10 participants.

Context Number
of Partici-
pants(N=32)

Sample Quote

Time 31 “Cause usually in the evenings like I’m usually
watching, maybe interviews or maybe some pod-
casts or maybe some guidance on how to do some-
thing like when I’m in bed. So that’s when I usually
watch.”
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Context Number
of Partici-
pants

Sample Quote

Work/study
status

24 “Yeah, I mean I have like a I’ve got quite an intense
job. I work at a law firm. So I think a lot of the
time I’m watching YouTube to, like, relax, I guess,
and not. So I’m definitely like escapism, relaxation
because I don’t want to think about work. So I like
turn.”

Location 15 “I was just traveling on the way back home, and I
wanted to listen to something and chill out.”

Eating 14 “OK, it was my lunch time at work, so I spent it
watching that video. Isolating myself from my col-
leagues.”

Past Experi-
ences

12 “Why they take the spot that they picked for the
park, how they got the land and sort of how New
York City looked like hundreds of years ago without
any sort of like public green space, it’s really it’s re-
ally interesting. And I’ve been to New York City a
few times and I had no idea they fought so hard for
that.”

Habit 11 “I wake up slowly in general, so I need a couple of
hours of, you know, watching videos and listening
to music.”

Events 11 “So this is about, yeah, it’s car maintenance and I
bought a car recently and I want to learn how to do
mechanical jobs to save money.”

Sleep 11 “As you know, to let you go asleep to make you fall
asleep easier quite often, I wouldn’t even physically
watch them. I would just listen to them and then, you
know, I go and I fall asleep eventually. And those are
all different type of videos. Sometimes educational
sometimes.”

Trending
topics

9 “Because I’m in sort of computer science, I sort of
have to watch a lot of videos to sort of see what’s
new. Like I watch I learn about like AI or or
blockchain like crypto.”

Friends 9 “I would watch it, but only when I’m doing it with
other people as well, because I don’t usually watch
long videos about comedy or something by myself.”

Video
Length

8 “Because they are short and they are, you know, con-
stant dopamine hits.”
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Context Number
of Partici-
pants

Sample Quote

Day type 7 “I usually have a certain schedule mostly on Sun-
days, because I receive newsletters mostly on Sun-
days, so I just go through some of the things that
other developers have done during the week, so I
usually do the catch-up on Sunday or through. So
my my learning videos are usually.”

Mood 7 “It was people hidden behind bushes scaring other
people crossing the streets. So I was at a very low
point at that moment. I was feeling kind of, you
know. Just Mystic and sad. So I wanted something
funny to lighten my mood.”

Device 6 “I went out to the shopping site I used my phone to
watch videos and listening to music from YouTube.
And then when I came back I switched to my lap-
top.”

Family 6 “I think for me right before work I put on like this
kids YouTube channel because I have a I have a baby
brother and he was really annoying me. So I just
wanted to make him watch the video and not have to
deal with him so obviously.”

Weather 5 “I’m trying to look into C# development etc, but cur-
rently it’s summer as you’ve said, yeah, watching
more like comedy videos.”

Religious
beliefs

4 “I already said I’m a believer, so I also like just
watching some of the sermons. And I like to be there
and actually just listen, suck them in and understand,
like a sense of community as well.”

Culture 3 “I like. I really like music. What type of music do
you listen to? Everything, everything I think except
something traditional like some, you know, Serbia,
Macedonia, Russia.”

Video Type 2 “Yeah. It’s like when you watch it, you can also
learn something new. I think while I was preparing
my dinner. If I’m eating my dinner, maybe I don’t
want to watch that, because it’s too information-
heavy.”

Table 4.3: Contexts and Sample Quotes from Participants

To summarize the results we found for the contexts, this study identified several key
contextual factors that shape YouTube usage, ranging from time of day to work commit-
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ments and social influences. We found that physical and temporal contexts and the two
most influential contexts when users decide what videos to watch. As for temporal context,
the most reported factor is time, particularly during evening routines and specific times of
the day when participants are more likely to consume content. This suggests that YouTube
viewing habits are often tied to specific times of day, and users tend to consume different
kinds of content at different times. Physical context such as ongoing activities makes big
differences. One significant example is this quote: ”Yeah. I like this video because, like
when you watch this video, you can also learn something new. I think while I watched it
when I was preparing my dinner. If I’m eating my dinner, maybe I don’t want to watch that,
because there is a lot of information.” From this sample quote, we can tell that the partici-
pant liked the video but she would not watch it in some situations where she only wanted
some relaxing content. As for the contexts that were less frequently mentioned, although
they were not mentioned as much as the other ones, we found some unexpected points.
Using day type as an example, one participant gets his newsletters on Sunday so Sunday is
the time he uses YouTube to catch up on the latest technology developments by watching
videos. In conclusion, contexts have a significant influence on the content that users wish
to consume.

4.4 Values

4.4.1 Value occurrences

Similar to the analysis of contextual factors, we first counted the number of occurrences of
each value. From Figure 4.2, we can see that the most frequently cited factor is ”Knowledge
and Informativeness,” with 67 mentions. This suggests that participants highly value content
that enhances their understanding and provides them with useful, informative insights. Fol-
lowed by personal growth, which takes the second place with 44 mentions. Entertainment,
companionship, mental health, and agency have similar mentions, following informative-
ness and personal growth. In summary, the results indicate a strong preference for content
that is informative, promotes personal growth and provides entertainment. The importance
of mental health, companionship, and agency further underscores the multifaceted role of
media in supporting well-being and fostering meaningful public discourse. The emphasis
on diversity and accuracy also highlights the audience’s demand for inclusive and trust-
worthy content, which are essential for maintaining credibility and engagement in public
conversations.
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Figure 4.2: Total occurrences of values

According to J. Stray et al in their synthesis about human values in recommender
systems[48], these values can be grouped into several themes: Usefulness, Well-being, Le-
gal and human rights, public discourse, and societal values. After grouping the values into
several themes, we found that the values most users want to receive from YouTube are well-
being, public discourse, and usefulness. As for legal and human rights, and societal values,
there is only one mention for each.

4.4.2 Sample quotes for each value

To further understand how participants require these values, we count the number of partici-
pants who reported each value and show sample quotes for each value. The data in Table 4.2
reveals that YouTube fulfills users’ needs for self-improvement, education, entertainment,
goal-achieving, and companionship. The five values are the ones that are mentioned by half
of the participants.

Values Number of
participants
men-
tioned(N=32)

Sample quote
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Self-
actualization,
personal
growth

26 “Because I’m in sort of computer science, I sort of
have to watch a lot of videos to sort of see what’s
new. Like I watch I learn about like AI or or
blockchain like crypto.”

Knowledge,
Informative-
ness

25 “I sort of watch, like educational stuff about like
technology and documentaries and news. I try not
to watch like silly things. I use it to just sort of
learn.”

Entertainment 21 “But currently it’s it’s summer as you’ve said, yeah,
watching more like comedy videos.”

Agency 17 “I can say the for the flies. I’ve learned how to kill
them. So how to how to get the job done.”

Companionship 17 “I watch YouTube videos, particularly as company
my meals.”

Mental Health 14 “Yeah, I mean I I have like a I’ve got quite an
intense job. I work at a law firm. So I think a lot of
the time I’m watching YouTube to, like, relax, I
guess, and not. So I’m definitely like escapism,
relaxation because I don’t want to think about
work. So I like turn.”

Diversity 10 “I like learning from different people. You give me
the chance to learn from like different people,
different experts. So I prefer I prefer learning from
YouTube than buying courses because when I buy a
course I buy it from just one person.”

Inspiration 8 “And then I like photography a lot and then graphic
designing. So sometimes I watch some tutorials on
them to expand my creativity.”

Connection 7 “I already said I’m a believer, so I also like just
watching some of the sermons. And I like to be
there and actually just listen, suck them in and
understand.”

Accuracy 6 “so it was a video that I watched that was
explaining a new habit that was developed in some
countries where people have started to exhibit
violence against the domestic. So it was really
surprising to me to view it and then towards the
end, the video announced the fact that this kind of
information only talks about a small percentage of
people in these countries. So it was really
frustrating.”
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Community,
Belonging

5 “They’ll call Ahmadiyya Muslim community and
the argument is based on Quran and Bible because
they believe that the second coming of Jesus Christ,
they believe that the those guys have come back in
the second time and the 2nd. Their father founded
their community. It let me learn about the
community.”

Truth-seeking 4 “I was expecting to get, you know, some precise
numbers. And, you know, some analysis of the
subject in general. And this is not by, you know,
talking about percentages. When I started watching
the video, it was like the majority of people do this.
Like this common practice. And then we were
talking about 2% of the population. So the values
that I didn’t get is accuracy I suppose, and
truthfulness which was not there.”

Physical
Health

2 “I watch mainly for exercise and stretching and
things like that.”

Freedom of
expression

2 “So I find that YouTube is very neutral and you can
learn about a lot of things and not political way. It’s
like almost nobody really fights. About it, and if
you read like the comments, then people are usually
very respectful.”

Care,
Compassion,
Empathy

2 “It gives you my spiritual strength. And it helped
me to be strong in my lives. So that’s all.”

Appropriateness 2 “I had like a kid with me at home or I needed to put
something on YouTube that that was like, safe and
not inappropriate then.”

Accessibility,
Inclusiveness

1 “So I find that YouTube is very neutral and you can
learn about a lot of things and not political way. It’s
like almost nobody really fights about it, and if you
read like the comments, then people are usually
very respectful and I find it a lot nicer to do that on
YouTube like reading like an article or watching
like news on TV. So that’s sort of why I choose
YouTube for that.”

Tradition,
history

1 “Also we spoke about being growing up Catholic
and I have always been fascinated about the history
in Catholic.”
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4.4. Values

Recognition 1 “The video that made it most satisfying for me was
fact to say, drove. It made me want to play longer.
And again, it just it brings me joy and I think that
just helps me feel a lot better about what I’m what
I’m playing.”

Table 4.4: Value sample quotes

4.4.3 Inter-coder reliability

As mentioned in the methods section, coding values is a subjective process; therefore, inter-
coder reliability was calculated to ensure consistency in the coding. To evaluate this, two
coders independently coded five documents, and the inter-coder reliability was calculated
based on these documents. The Holsti index was chosen to calculate inter-coder reliabil-
ity because it is particularly well-suited for measuring the agreement between two coders
across multiple categories. This index provides a straightforward and effective method for
assessing the consistency of coding decisions. From Figure 4.3, we can see that the Holsti
index of the two coders’ results on values is 35.4%. Considering the coding style between
the two codes is different: One coded the exact sentence that demonstrated the value while
the other coded the complete discussions related to the sentence, this result reached our
expectations.

Figure 4.3: Inter-coder reliability test: Holsti Index
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4.5. Method Usability

4.5 Method Usability

Since we proposed a crowdsourcing method, the usability of our method is important to
be mentioned. As we mentioned in the method section(Section 3.4), the platform did not
work as well as we expected on crowdsourcing platforms in the very beginning. After the
measure we mentioned, the results significantly improved and we counted the number of
participants who left at each stage of the tasks in the formal test and listed it below.

• Total Number of Participants (N): 26

• Participants left in the Waiting Room: 6

• Paired successfully but didn’t Join the Miro Board: 5

• Participants left after entering the Miro board: 7

We can tell from the list that few participants left because of the long waiting time. Although
there were still some participants who quit after being paired, our re-assign mechanism
ensured that the left participant got a new teammate in no more than five minutes. This
avoided the situation that one participant had to go back to the waiting room if his teammate
left. All in all, our method’s usability reached our expectations on crowdsourcing platforms
after making adjustments based on what we learned from pilot tests.
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Chapter 5

Discussion, Conclusions, and Future
Work.

This chapter gives an overview of the project’s contributions. After this overview, we will
reflect on the results and draw some conclusions. Finally, some ideas for future work will
be discussed.

5.1 Discussion

The results of our studies provided valuable insights into the influence of context on users’
experiences with recommender systems. At the same time, these findings demonstrate that
collaborative reflection plays a critical role in effectively evaluating user experiences by
offering ample support for thoughtful engagement. This section will further explore the
results to answer the two primary research questions.

To answer the first question, we analyzed how different contexts influenced users’
choices of video types and the values they wanted to get. The results revealed that con-
text related to users’ daily routines had the greatest influence on their choice of YouTube
videos such as work or study environments, eating, and sleep patterns. The values in these
contexts mainly are informativeness, self-actualization, entertainment and companionship.
When users are doing different activities, the purposes of a YouTube video being played
vary. This is embodied in Cici’s case and others involving watching YouTube while doing
another activity. At the same time, these daily routines highly correlate with other contexts
such as location, time, socials, etc. One participant reported that he usually spends one hour
in the morning enjoying coffee and watching YouTube to wake himself up and get ready
for work. Therefore, recommending videos that boost his energy when he wakes up would
enhance his experience. This experience involves the context of daily routine, time, and
working conditions. It co-occurs with the values of inspiration and entertainment. From
this, we concluded the first point to consider when evaluating the recommendations of rec-
ommender systems: We do not judge only on whether the systems give content that users
are interested in. We should examine whether the contents are the most appropriate ones
in the scenario by checking whether the recommended items at different times can fulfil
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the user’s values. It should align with users’ daily routines and give the most appropriate
recommendations at each period instead of giving similar ones across the day.

In the previous paragraph, we talked about how we should consider daily routine-related
context while evaluating recommender systems. However, we also found contexts that do
not occur regularly. For example, trending topics, events, and mood. Compared to the
daily-routine contexts, they are more unpredictable. Therefore, we can greatly improve user
experiences if we can capture this unusual context and give appropriate recommendations.
On the other hand, giving unsatisfying recommendations in these scenarios brings more
frustration to users. One of our participants reported a case where he opened a video to
cheer him up when he was upset. The video began well but gradually became off-topic,
even with promotions in the video, which made him even more stressed. Although these
contexts are relatively random, we still found traces from participants’ discussions. The
man was upset because of his tiring work, another participant got interested in cliff diving
because Red Bull was organizing an event in his village, etc. We can notice that although
these contexts are random, their causes can be connected to a stable context. The man’s
frustration stemmed from his work, while the Red Bull event is linked to the participant’s
location, which serves as a stable key context. Therefore, we gave the second conclusion:
When evaluating user experiences on recommender systems, we should examine whether
the systems can capture unusual context.

The last part of the context are users’ cognitive context such as culture, religious beliefs,
etc. These contexts are stable and influence a part of users who are heavily influenced.
Therefore, deploying measures of knowing users’ cognition and considering it when giving
recommendations is the last point that we concluded to evaluate recommender systems.

In this paragraph, we will answer the second research question on how collaborative
reflection helps find insights into user experiences. From the design principles-value and
design principles-context co-occurrence results, we verified the effectiveness of collabo-
rative reflection. We concluded that by giving enough support on materials to reflect on,
experiences merging, and contextual judgment, participants can reflect on their past expe-
riences smoothly and think of values logically. The design principles we proposed made
the reflection process natural and aligned with human thinking. The first design princi-
ple ensures that participants are well-acquainted with their own data, forming the basis for
principles 2 and 3, where experiences are integrated and judged concerning context. The
collaborative setting makes the process of examining their data not just an input process,
but a process in which users get their data as input and output their own reflections. The
existence of their teammates makes the reflection results brought out in natural discussions.
In conclusion, collaborative reflection prompts participants to reflect on their experiences
by talking to other people instead of answering boring questions one by one. It makes the
process more interactive and lively and turns out to be effective in finding insights into
people’s experiences.

However, this approach has limitations. The first one is its requirements for participants,
especially in an online environment. Our study did not go as smoothly as we expected in
the beginning because many participants were not willing to talk to a stranger in an online
video chat. This not only led to frequent withdrawals by participants but also the depth of
communication. We addressed the issue by configuring the filter to accept only participants
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who are willing to participate in a video interview and share the same interests. The second
limitation of our study is the lack of diversity in our participant groups. Most of our partic-
ipants aged from twenty to thirty and most of them know about operating computers well
and can finish the interactive tasks without too much confusion. However, the approach
did not work well with participants who could not use computers fluently. Therefore, the
effectiveness of the approach on older population groups can not be verified.

5.2 Conclusions

Recommender systems are the foundation of many internet companies and whether or not
to be able to give satisfying recommendations determines the product quality. Context in-
fluences have been recognised for recommender systems[3] and other areas[45]. Therefore,
understanding the details of how context influences user experiences is the first step to eval-
uating a recommender system and making further improvements accordingly.

The contributions of this project are two parts: It fills the knowledge gap of there is no
effective method for evaluating how a recommender system deals with user context with
a user study approach using collaborative reflection. Along with the design principles we
proposed, the approach effectively finds insights using collaborative reflection. It prompts
people to reflect on past experiences and eventually inspire deep thinking on values. We
concluded that by providing enough support on communication and experiences merging,
it performs well in evaluating recommender systems experiences. The second is that we
found how context influences users’ experiences on recommender systems and the values
they wish to be fulfilled under different contexts. We summarized the context into three
categories: Daily routine, unusual events, and personal cognitive context. For each cate-
gory, we give recommendations on how to evaluate a recommender system’s measure on
them. These findings not only provide actionable guidelines for developers to evaluate and
improve their systems but also highlight the potential for more personalized and context-
aware recommendations.

Our approach effectively uncovered valuable insights, and the possible ways to evalu-
ate how the context is involved in giving recommendations. Future studies could benefit
from a larger and more diverse participant pool. Also, research on how to include these
contexts comprehensively in the algorithms and measures to improve user satisfaction con-
sidering these contexts is valuable. Overall, this research contributes an approach to finding
insights into user experiences. It also gives guidance on how to evaluate recommender sys-
tems’ measures in context. It contributes to advancing context-aware recommender systems
and lays the groundwork for more nuanced and adaptive recommendation strategies in the
future.
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Appendix A

Glossary

A.1 Questions for task 1

1. Reflecting on Your Guess About Watching Behavior

• What is your guess about your watching behavior, and why?

• Did you find any interesting differences or similarities between your initial guess and
the actual data? Why do you find them interesting?

2. Reflect on Different Data Patterns and Personal Contexts

• Do you find any interesting similarities or differences between your data and your
partner’s data?

• What is your current life situation (e.g., work, study, personal life), and what personal
goals (e.g., relaxation, learning, escapism) drive your watching behavior?

• How does your video-watching behavior represented by the data align with your per-
sonal values? Why?

A.2 Questions for task 2

1. Point out one video that satisfied you the most.

• In what context did you watch this video, and why did you watch it??

• What element of the video makes it the most satisfying for you?

• Why are you satisfied by this particular element? How does it relate to your personal
values?

2. Point out the video that satisfied you the least.

• In what context did you watch this video, and why did you watch it?
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A.3. Tasks

• What elements of the video made you feel less satisfied?

• How do you value your watching behavior in such context, and why?

3. Pick one video that would interest your partner, and discuss the questions below.

• Please explain the reason for your recommendation.

• Please evaluate if you would like to watch the video recommended by your partner,
and why.

A.3 Tasks

Figure A.1: Stage 1: Ice breaking
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A.3. Tasks

Figure A.2: Stage 2
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A.3. Tasks

Figure A.3: Stage 3-1
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A.3. Tasks

Figure A.4: Stage 3-2
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