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Abstract

User feedback plays a significant role in helping recommendation systems to make personalized and
accurate predictions. Despite the fact that many methods of collecting user feedback have been pro-
posed, little research exists that addresses both the breadth and depth of data collected. In this study,
we incorporate personal reflection into traditional crowdsourcing tasks and investigate how it facilitates
people’s reflection on their usage of YouTube. We present a novel crowdsourcing approach with per-
sonal reflection integration based on several design principles, which allows participants to reflect on
contextual factors and personal values of using YouTube through guided context recall and evalua-
tions, therefore gathering deeper insights into people’s preferences and behaviors on a large scale.
We conducted a user study involving 20 participants and explored the insights generated from their
textual answers and the role of design principles in the reflection process. This approach successfully
enables multiple participants to conduct the study simultaneously, thereby reflecting on their watching
behaviors and preferences. Based on the quantitative and qualitative analysis of the findings, we sum
up the implications of this approach to provide guidance for the YouTube recommendation system and
point to the directions for the design of similar studies in the future.
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1
Introduction

In the era of digital information and user-centric online platforms, recommendation systems serve as an
indispensable tool, guiding users to navigate a wide variety of content and recommending items, ser-
vices, and products based on their preferences and behaviors. The user preferences are derived from
user feedback [56]. By analyzing user feedback such as direct comments and previous interactions,
these systems are able to identify associations among large amounts of information and provide per-
sonalized content, ultimately enhancing user engagement and experience [61]. Consequently, there is
a research need for recommendation systems to gather and explore rich user feedback, encompassing
both the depth and breadth of the collected data, to optimize the recommendation algorithms, therefore
improving the quality of recommendations to make more accurate predictions. However, most exist-
ing recommendation systems fall short of fulfilling this demand. In most cases, the recommendation
system appears as a “black box”, which means it prevents users from comprehending recommended
results and providing feedback [27]. Most importantly, there are currently no studies that address both
the depth and breadth of data collected, which means the collected feedback used for recommenda-
tions is either shallow in quality or insufficient in quantity. To be specific, the shallowness of feedback
lies in the inability of the systems to have a comprehensive understanding of the reasons behind users’
preferences for an item. Most current methodologies of collecting user feedback lack the capability to
delve into the exact reasons that drive users to either like or dislike a particular item. Instead, they nar-
rowly concentrate on limited types of feedback, such as numerical scales or simplistic binary indicators
like ”thumb-up” and ”thumb-down”. These approaches restrict users from expressing their opinions,
resulting in superficial understandings that miss the underlying motivations, contextual factors, and
individualized considerations that contribute to user preferences.

Recognizing the limitations of the existing user feedback mechanisms, we need to gather user feed-
back that goes beyond surface-level reactions. Most research on recommendation systems typically
focuses on the accuracy of their prediction algorithms [43]. However, accuracy is only one aspect of
the overall user experience. There are many other factors that significantly influence user experience.
In our research, we merely focus on the users’ contextual characteristics and personal values [43] for
recommendation systems. One possible solution is to employ interviews. However, interviews are
usually conducted on a one-on-one basis, which requires a large amount of the investigator’s time
[2]. Interviews are therefore typically performed on a small scale, resulting in the inability to obtain a
sufficient amount of user feedback.

In order to collect sufficient data while going deep enough, the concept of crowdsourcing emerges as
a powerful paradigm to address the demand. It leverages collective intelligence, particularly the ability
of different individuals, to collectively reach various goals [24], ranging from simple data annotation to
problem-solving and innovation. Over the past decade or so, it has shown to be a promising approach
to addressing some of the growing challenges associated with data collection [80]. By leveraging the
collective intelligence of a diverse crowd, we are able to deploy surveys or interactive tasks to gather
open-response feedback [22]. For example, a crowdsourced online feedback platform is an emerging
mechanism for gathering large amounts of feedback quickly [22] on specific experiences or preferences.

1
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These crowdsourcing approaches can probably be used to refine the effectiveness of recommendations
[62] and provide a more personalized and enriched user experience. In consequence, we investigated
the possibility of utilizing the concept of crowdsourcing to fulfill the need of recommendation systems
to gather diverse insights and perspectives about user experiences.

Nevertheless, the current landscape of crowdsourcing methods and tools encounters a significant chal-
lenge. The tasks presently available on crowdsourcing platforms often lack the depth and engagement
required for insightful data collection. Their simplistic designs limit participants’ ability to provide valu-
able insights, resulting in shallow insights and limited participant engagement. To be specific, the ma-
jority of existing crowdsourced data management works are focused on micro-tasks [50], which require
only a brief period for completion. They focus on basic data representation and simple surveys, failing
to fully capture the complexity of user preferences and behaviors. Moreover, current crowdsourcing
tasks are characterized as repetitive with little diversity. This is likely to cause monotony and partici-
pant fatigue, ultimately resulting in decreased worker engagement and risking the output quality [76].
These issues highlight the necessity for more sophisticated and appealing data and tasks that can
have positive influences on the participant’s engagement and willingness to conduct the study prop-
erly [8]. Besides these limitations, the research on the overlapping areas of recommendation systems
and crowdsourcing is presently underexplored as well. Existing literature predominantly focuses on
the work of utilizing ad-hoc feedback [25] to improve the performance of recommendation systems, or
micro-tasks to gather simplistic and brief feedback, yet lacks a systematic investigation of how crowd-
sourced data can enrich the effectiveness of recommendation algorithms. Based on the situations
above, there is a research gap in how to collect deep user feedback on a large scale.

In order to bridge the gap, personal reflection emerges as a prospective solution. For crowdsourced
feedback to be effective, it needs to foster productive personal reflection on the preferences toward
recommended items to generate useful ideas [49] for enhancing the performance of recommendations.
By designing guided tasks and asking targeted questions, crowdsourcing tasks with personal reflection
integration can motivate participants to reflect on their previous experiences and think more deeply
about their choices, thus elaborating the reasons that lead to their preferences and generating profound
insights. For instance, participants can be guided to reflect on whether the recommended items satisfy
their needs, therefore providing a more detailed understanding. Additionally, personal reflection can
facilitate participation and engagement by encouraging individuals to express and reflect on themselves.
This approach contrasts with traditional micro-tasks and can somewhatmitigate the problems of existing
crowdsourcing tools by not only prompting participants to delve deeper into their own data but also
making them feel more valued to mitigate fatigue associated with repetitive tasks.

Realizing the possibilities of personal reflection naturally raises the question of how it can be effectively
integrated into crowdsourcing tasks. To explore the potential of combining these two techniques, we
propose a novel crowdsourcing method, seeking to fill the gap where crowdsourcing cannot meet the
needs of recommendation systems by incorporating personal reflection technologies and methodolo-
gies into interactive task design. By enhancing user engagement through elaborately designed tasks,
our solution addresses the limitations of a poor user experience and the insufficiently deep insights
gained due to simple task design. Additionally, by leveraging the concept of personal reflection, par-
ticipants are able to generate more profound insights than just simplistic thumb-up and thumb-down
feedback. Finally, integrating personal reflection into the crowdsourcing paradigm, which utilizes collec-
tive intelligence, enables the aggregation and analysis of diverse perspectives from a large and varied
participant pool.

1.1. Research Questions
In this study, the primary objective is to develop a crowdsourcing approach that incorporates personal
reflection principles into task design. This approach aims to encourage the participants to reflect on their
choices and motivations, ultimately providing deeper insights into the reasons behind their preferences
and behaviors.

As such, the main research questions guiding this study are formulated as follows:

• How to design personal reflection tasks in order to gather users’ contextual factors and
personal values for the YouTube recommendation system in the context of crowdsourc-
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ing?
• What contextual factors and personal values for participants’ usage of YouTube are ex-
tracted during one’s reflection?

1.2. Research Approach
This research begins with a literature study focusing on the existing user feedback mechanisms, crowd-
sourcing technologies, and personal reflection. This is done to build up a knowledge base to support the
motivation of our research and consequently to present our approach (Chapter 2). In order to solve the
first research question, Chapter 3 proceeds to the design and implementation of our approach, includ-
ing the design principles it follows, the process of design, and the interface of the platform. Following
the design, Chapter 4 conducts a user study involving 20 participants to evaluate the effectiveness of
our proposed approach and presents using deductive coding to analyze the insights generated from
the process, aiming to address the second research question. In Chapter 5, we reveal the analysis
of contextual factors and personal values, respectively, the relationship between the co-occurrence of
different values and specific contexts, together with a quantitative and qualitative analysis of the role of
design principles in the reflection process. Chapter 6 discusses the implications of the insights and the
lessons learned from the process of design, thus providing guidance for the YouTube recommendation
systems and pointing to the directions for the design of similar studies in the future. Finally, in Chapter
7, we provide an overall summary of our research.



2
Related Work

2.1. User Feedback Mechanisms
In order to enhance the quality of their services, one notable trend in the field of recommendation
systems is to rely on user feedback to gauge satisfaction levels and enhance the quality of the rec-
ommended content, therefore creating a need of collecting richer user experiences. User feedback
is of vital importance as it provides valuable insights into user preferences, allowing recommendation
systems to optimize their algorithms for a more personalized user experience. User feedback improve-
ments can be effective in enhancing the performance of recommendation systems compared to purely
algorithmic variants [4]. As a result, many feedback mechanisms and techniques within recommen-
dation systems are proposed to improve the recommendations or suggestions for users, and they
generally fall into two categories: explicit user feedback, such as ratings and comments, and implicit
user feedback, like tracking user behavior and interaction patterns. Key user insights can be extracted
from these feedback data to provide detailed information for customizing recommendations [37] and
making more accurate suggestions tailored to individual user preferences.

2.1.1. Explicit User Feedback in Recommendation Systems
Explicit feedback, as its name suggests, could capture user preferences in a direct way [52]. It is more
widely used, by explicitly asking users to comment to express their interests about a recommended
item [37].

One common user feedback mechanism is the use of N meta-indicator rating systems, or rating an item
using a scale. Typically, recommendation systems utilize an N-point Likert response scale. The scale’s
points are translated into numerical values that reflect the user preferences [36], and the ratings can
help the systems make better future recommendations. In MovieLens, users can enter ratings through
a five-star rating widget under the movie card to tell the system their preference for the movie [79].
Some systems, like YouTube or TiVo, also allow users to express their feedback through binary ratings
such as thumbs-up or thumbs-down selection [69]. The interface of Twitter can also capture unary
ratings (i.e., only positive ratings) such as the “Favorite” feature [37].

The numerical nature of the ratings allows for quantitative analysis, which can provide insights into
user preferences, item popularity, and overall trends. By investigating the distributions of ratings and
the trends over time, recommendation systems can be optimized to increase accuracy and relevance.
However, despite the fact that mapping user feedback into a numerical scale is intuitive, it is not an
appropriate way to measure user interests in the long run. In the first place, ratings have a certain
level of uncertainty [15] due to the fact that user ratings inherently contain noise. This is because
users may struggle to differentiate between movies they have viewed, even when re-rating experiments
are conducted with a 1-day interval. Additionally, this approach requires users to perform an extra
”rating” action, which can be quite an overwhelming workload considering the enormous amount of
digital content that users typically interact with on a daily basis [52]. This may result in the problem
of data sparsity, where the sparsely populated rating matrix will ultimately limit the effectiveness of the

4
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recommendation. Finally, ratings restrict user expression and make it difficult to quantify the exact
levels of user feedback. For example, a user rates a movie as 4 out of 5 stars can only mean that he
thinks the film is generally well-made, but does not convey his opinions of whether he enjoys the plot,
acting and other aspects.

In addition to ratings, there is literature on utilizing comments and product reviews [40] as explicit user
feedback. User-generated content is also an additional source of knowledge for the recommendation
systems. Various techniques, such as sentiment analysis, opinion summarization, and text classifica-
tion, can be applied to process user comments as a source of indexing for product recommendations
[16]. Wietsma et al. [73] proposed a recommendation system that incorporated user reviews to recom-
mend hotels and attractions.

Utilizing user-generated content as explicit feedback for recommendation systems offers obvious ben-
efits. It can provide better reasons for recommending products and increase user trust in the system.
By analyzing user comments and reviews, recommendation systems can gain a deeper insight into
the specific needs and interests of each user, resulting in more targeted recommendations. However,
challenges also exist. In some areas, such as hotels and restaurants, changes in time and location may
lead to shifting user preferences [30]. Additionally, biased or fake reviews could potentially mislead the
systems to provide incorrect recommendations.

2.1.2. Implicit User Feedback in Recommendation Systems
Due to the fact that some users do not like to answer a lot of questions and provide explicit ratings,
implicit user feedback increasingly becomes another useful source for analyzing user preferences. It is
based on observable user behavior, such as user interactions, keyboard usage, and browsing patterns.
For example, we show users the summarized reviews of several randomly selected rated products and
then observe how they behave to implicitly infer user feedback [64]. There are a series of studies that
investigate the relationship between implicit user feedback and their preferences. Konstan et al. [44]
discovered that time spent reading correlated with ratings, where more time spent reading meant higher
ratings. Hu et al. [33] proposed that in order to quantify users’ interest in an item, we need to convert
the implicit user feedback into user preferences approximately. Other forms of implicit user feedback
include search history, watching history, mouse movements, and even eye tracking.

In addition to the advantage of convenient gathering and no requirement for extra effort from users,
implicit user feedback can also improve the early-stage performance of a personalized system by re-
ducing its uncertainty of users, especially when the users just start to use the system and have not
provided much explicit feedback yet [81]. Nevertheless, inferring user preferences based on implicit
feedback is not always appropriate. For instance, simply knowing that a user has purchased a cookie
does not necessarily mean that he likes it, as the user may eat it before realizing that it tastes terrible.
Similarly, staying on a web page for an extended period of time might not necessarily indicate interest;
it could be the result of confusion or distraction. Besides, despite the fact that implicit action is more
effective than explicit ratings when the purpose of the recommendation system is to increase engage-
ment, the action-based system is not as accurate as the rating-based system, as it not only increases
positive engagement but also raises negative engagement, like the negative action rate that correlates
negatively with user satisfaction [78].

2.1.3. Summary
Based on the related work discussed above, it is evident that current research primarily focuses on
exploring explicit and implicit user feedback mechanisms within recommendation systems. To sum
up, explicit user feedback involves users providing direct input, like rating scales or comments. These
mechanisms often rely on a numerical rating scale or N meta-indicator, making it more accurate. How-
ever, obtaining this feedback from users can be challenging, as it would be rather burdensome to enter
a rating for every item, leading to low participation rates and biased data. Besides, a narrow focus
on the numerical values of ratings probably limits users’ expression and may not adequately capture
and represent the exact nature of user preferences as well. Implicit user feedback, on the other hand,
captures user behavior but may not fully represent the underlying reasons behind those behaviors. So
it is easier to collect but less accurate in reflecting user preferences.

Despite the fact that these mechanisms play a crucial role in gauging user satisfaction and optimizing
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recommendation algorithms for a more personalized user experience, as the demand for personaliza-
tion in recommendation systems continues to grow, it is clear that the data collected by applying these
mechanisms is not able to meet the need of recommendation systems. Recommendation systems
operate in a complicated environment where user preferences are influenced by various and nuanced
factors, hence the research focus is supposed to be shifted to delve deeper into the intricate motivations
behind user preferences and behaviors to gain richer user experiences. To effectively gather data, one
promising method is utilizing crowdsourcing methodologies.

2.2. Existing Crowdsourcing Methodologies and Systems
Crowdsourcing emerges as an effective way to collect richer data. It allows for a vast amount of opinions
and feedback from a variety of sources by harnessing the power of collective intelligence. In recent
years, various crowdsourcing methodologies and platforms have been developed to gather data from
user populations. Most of them involve direct participation and explicit collaboration from users to
execute given problems. In the context of data collection, they are often classified into three main
categories: voting system, information sharing system, creative system and game [75]. In this section,
we are going to investigate the main categories of crowdsourcing systems and their applications in the
field of data collection.

2.2.1. Voting Systems
In voting systems, crowd workers need to select their answers from several choices. Voting can be
used as a tool to assess the correctness of the answers. Crowdsourcing marketplaces such as Amazon
Mechanical Turk (MTurk) provide a vast number of experiments or tasks for participants to complete
in an effective and flexible way online. Many tasks have a similar process and rationale as the voting
systems.

• Evaluating tasks: Participants evaluate and rate ”items” (for example, books, movies, Web pages,
and other users) using textual comments, numeric scores, or tags [46].

• Data annotation: Participants annotate or tag data, such as images, text, or videos, based on
specific criteria or guidelines provided by the requester to create structured datasets. It has been
proven that an accurate corpus can be built up by crowdsourcing workers [38], even with a lower
error rate [21].

• Opinions: Crowdsourcing systems make it easy to gather opinions and subjective preferences
from the crowd. Yang et al. [74] designed a basic type of human intelligence task for efficiently
collecting user judgments on numerous dialogs, which used crowdsourcing through MTurk.

• Commonsense and reasoning tasks: Possession of commonsense knowledge and the ability to
interpret are distinctive human capabilities. Many experiments are conducted in MTurk to collect
commonsense knowledge and solve reasoning problems.

2.2.2. Information Sharing Systems
In information sharing systems, participants can easily share products, services, textual knowledge,
and structured knowledge. For example, systems like YouTube can share products and services, such
as videos. Twitter can share textual knowledge, andmany science websites, like publication databases,
can share structured knowledge. Aside from these types of information, some crowdsourcing systems
can also share real-time research data. Some bike projects, such as CycleTrack [32], require users
to record their trips by starting the app when they set out on a ride and then saving and uploading
their data once they have reached their destination. The trip data is later used for planning facilities
along the predicted routes. Another related example is Tiramisu Transit [82], which requires users to
send real-time data on the vehicle, aiming to improve users’ transit experiences and transit accessibility.
Moreover, Maisonneuve created the NoiseTube system, allowing users to measure their exposure to
noise in their daily surroundings. The geo-location data and measurements can be automatically sent
and shared online with the public, thus contributing to the development of urban noise maps.
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2.2.3. Creative Systems
In creative systems, participants engage in tasks that require subjective input and creativity. These
systems aim to take advantage of participants’ unique perspectives and imagination, which cannot be
replaced by any advanced technologies, to generate novel thoughts and create original content. They
are valuable in fields like design, writing and painting, and sometimes they are conducted as creative
contests to motivate more user support and participation. Through harnessing diverse insights from
collective intelligence, creative systems have the potential to facilitate a breakthrough that traditional
methodologies may not uncover. IdeasProject [45] is an open innovation and brainstorming community
dedicated to harvesting ideas. Another example is Threadless [10], which is a platform for collecting
graphic T-shirt designs.

2.2.4. Game
Humans might not be eager to complete some tasks unless they are presented in an appealing way.
As a result, the games leverage people’s desire to be entertained and produce useful metadata to solve
problems efficiently with game players. Ahn et al. introduced Verbosity, a game to collect common-
sense facts, which transformed the tedious process of entering facts in a database into an enjoyable
game [72]. The online ESP Game [71] asks people to help determine the content of an image by
providing meaningful labels for the image. To enhance games’ effectiveness, researchers incorporate
competition into them. There are several methods to motivate players, such as the use of high-score
lists displaying the names and scores of the players who, within a certain period of time, achieve the
highest number of points [70]. It provides strong and positive motivation for related tasks.

2.2.5. Advantages and Limitations of Current Crowdsourcing Systems
In the domain of recommendation systems, all of the four categories of crowdsourcing systems men-
tioned above can be applied to the development of personalized recommendations for users. Voting
systems can collect valuable feedback and ratings on a recommended product provided by the partic-
ipants to make analyses. By integrating voting systems into recommendation strategies, businesses
can gather valuable insights from customers and enhance their products or services according to the
feedback received. Information sharing systems involve users sharing their insightful opinions, unique
experiences, and valuable perspectives with others. More knowledge resources may reduce participa-
tion costs and contribute to improved crowdsourcing performance [39]. Creative systems encourage
participants to generate innovative ideas and content related to the recommended services, which can
be used to provide more personalized recommendations to individual preferences. In games, tasks
are packaged in an attractive and engaging form to create more enjoyable experiences or facilitate a
strong willingness to participate.

Nevertheless, it is important to consider the potential challenges that come with utilizing crowdsourcing
in recommendation systems. To begin with, tasks in voting systems may not fully satisfy the need to
gather richer user reflections. This is because most of the voting systems are micro-tasks, like ratings,
which typically involve providing brief comments or scores that lack depth and detail, as users may not
have the opportunity or are reluctant to express nuanced opinions or elaborate on their experiences
thoroughly. Additionally, these tasks typically involve one-time interactions, where users provide feed-
back on a specific item or question without the opportunity for further engagement or discussion. Lack of
interaction and communication probably limit the depth of the collected insights. Secondly, information
sharing systems may face issues related to data privacy and security. Users may be reluctant to share
personal data due to concerns about whether their data will be potentially exposed. Thirdly, although
creative systems can facilitate the generation of new ideas, however, without appropriate guidance and
instructive task design, participants tend to produce irrelevant content, resulting in decreased efficiency.
Last, task design presents a notable challenge in games. Tasks that are simplistic and boring, or those
that demand excessive time to complete, will possibly lead to superficial user insights or discourage
users from taking them seriously.

In summary, while existing crowdsourcing systems provide various approaches to gathering data, they
have limitations that hinder their ability to fully meet the specific needs of recommendation systems to
collect richer reflections on user preferences and behaviors. Current tasks often fall short of eliciting
detailed and nuanced user feedback due to brief interactions or one-time engagements. Additionally,
user engagement and willingness to participate can be hindered by privacy concerns and a lack of
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appeal. Apart from the shortcomingsmentioned above, there is a scarcity of research in the overlapping
fields of the two domains as most research focuses on micro-tasks. To bridge that gap and explore
the possibility of leveraging crowdsourced data for recommendation improvement, there is a need
to explore innovative methods. By integrating personal reflection into crowdsourcing methodologies,
we can potentially address the problems in existing crowdsourcing methods to a certain extent, thus
enhancing the quality and depth of insights collected.

2.3. Personal Reflection
To fix the issues with the current crowdsourcing techniques and investigate the exact reasons behind a
user’s choices and preferences, there has been a gradual focus of research on knowing oneself. One
way to obtain self-knowledge is to reflect on one’s personal information, such as behaviors, habitual
patterns, and cognitive processes, namely personal reflection. Personal reflection refers to the process
of knowing one’s data that allows one to reflect on one’s activities, make self-discoveries, and use that
knowledge to make a contribution [12]. We propose the hypothesis that integrating personal reflection
into traditional crowdsourcing platforms can enable users to reflect on their personal data, thus gener-
ating more nuanced and accurate insights into their preferences and behaviors. This can not only help
to produce contextually richer and higher quality data compared to crowdsourcing micro-tasks, but also
inspire users to elicit values [57] linked to their demand for recommendation systems. After collection,
the specified data needs to be processed and transformed into various representations and different
forms of information [51] for users to reflect on and analyze. At the stage of converting the data into
reflective representations and motivating people to self-reflect, several methods and technologies have
been proposed to facilitate this process.

Kurze et al. [47] presented ”Guess the Data”, a novel method where participants can conduct explo-
rative work on their data and enable them to speculate and reflect on the data. During the process,
participants are first required to interpret the data by guessing the origin of the data, identifying pat-
terns, and making connections to everyday experiences. Then they engage in a collective discussion
to share and reflect on their interpretations to generate insights into the data implications. Guessing
establishes a link between participants’ data and their everyday experiences, forcing them to recall
the motivations and purposes behind their behaviors and consider whether their needs are satisfied,
therefore generating insights and values about their preferences, habits and tendencies.

Another promising technology is visual exploration, which refers to the process of utilizing visualizations
with personal data to help people reflect on their behaviors. Choe et al. [13] proposed an application
”Visualized Self” and found that data exploration with visualizations is a powerful way to assist individ-
uals in uncovering meaningful insights about themselves and promoting self-reflection, as it motivates
users to provoke questions and look for possible interpretations. To be specific, the special patterns
and extreme values displayed in the visualization will probably catch people’s attention, prompting them
to reflect on what caused these unusual numbers. Pousman et al. [58] proposed Casual Information
Visualization. Casual Infovis systems are designed to facilitate users’ contemplation and reflection on
their personal data by presenting it in a visually engaging and meaningful way. Through casual and
accessible visualization, users are able to reflect on their experiences, memories, and emotions as-
sociated with the data, therefore deriving new perspectives from their digital traces. One example is
Photomesa [7], where users can explore patterns in their photo collections to unearth unique insights.

As visualization emerges as an effective technique for self-reflection, research has been gradually
focused on exploring the democratization of visualization [68], which is designed for non-experts to en-
gage with data. Huron et al. [34] presented constructive visualization as a paradigm that provides users
with the possibility to create simple and flexible visualizations. For example, shifting the focus range to
choose and compare various time spans enables users to elicit memories of prior behaviors and evoke
external contexts [13]. This approach empowers users to engage with their data in an intuitive way and
delve deeper into their behaviors during the process of interaction. By constructing visual representa-
tions of their own, they can probably spot patterns and connections that were previously hidden. In the
context of crowdsourcing, compared to micro-tasks, this self-motivated exploration encourages users
to be more involved in tasks and provide richer feedback.

Lifelogging technologies [11], especially storytelling also appear to be a useful method for introspection.
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The act of recalling and reliving past events in the form of a story provides a medium for the exchange
of individual experiences. This narrative form of introspection allows users to reflect on themselves and
gain a deeper understanding through the process of storytelling by identifying significant moments and
changes in their past lives and making sense of their experiences in a structured manner. An effective
form of storytelling is user journey mapping, which is a useful way to construct and visualize users’ ex-
periences [3]. It enables the individuals to plot out the key events and the experiences associated with
them. By visualizing their story, users can recall important activities, spot special patterns, and recog-
nize long-term trends. Users are able to directly realize the evolution of their desires and experiences
over time and provide comprehensive narratives, from which we can analyze and extract insights.

Overall, these various methods and technologies contribute to a growing body of research aimed at
leveraging personal reflection to better understand humans. As such, integrating personal reflection
technologies into crowdsourcing platforms may offer a possible solution to bridge the gap between the
fields of crowdsourcing and recommendation systems and satisfy the latter’s need. By combining the
strengths of these two technologies, it is possible to compensate for the shortcomings of crowdsourcing
to some extent and ultimately reach the goal of collecting richer insights comprehensively and effec-
tively. In response to this hypothesis, we propose a novel method that incorporates personal reflection
technologies into crowdsourcing methodologies, which naturally leads to our first sub-research ques-
tion: How to design personal reflection tasks in order to gather users’ contextual factors and
personal values of their preferences and behaviors?



3
Design and Implementation

The objective of this chapter is to address the first research question:

• How to design personal reflection tasks in order to gather users’ contextual factors and personal
values for the YouTube recommendation system in the context of crowdsourcing?

In this chapter, we will delve into the design and implementation aspects of our project. This chapter is
structured into three sections: design principles, design process, and implementation. We will begin by
discussing the various considerations and principles that influenced our design decisions. Following
this, we will outline the iterations of our design, detailing the steps of modifications and the rationale
in each phase. Finally, we will provide a comprehensive explanation of the implementation stage,
including the development techniques and methodologies utilized to realize the design.

3.1. Design Principles
In designing the task of our project, several key principles guided our approach to ensure that partici-
pants could effectively reflect on their YouTube-watching history, generate insights about their prefer-
ences and behaviors, and elicit their personal values regarding the recommendation system.

DP1 Fully Reflect by Slowing Down the Thinking Process. To facilitate deep reflection, this de-
sign principle emphasizes the importance of slowing down the thinking process. It is grounded
in the idea that reflection requires time, by encouraging participants to take time to consider the
reasons behind their preferences and behaviors, they may be able to connect the data with their
personal experiences. According to prior research, slow technology [23] is a promising solution
to prompt reflection and moments of mental rest. Through deliberate user interfaces, subtle
interactions, and components that encourage users to slow down and contemplate, users are
more likely to empathize and become immersed, eliciting insightful reflections. One effective
method to achieve this principle is to guide participants through a process of speculation about
their past behaviors followed by verification against actual data. The speculation involves asking
participants to take time to recall their preferences and habits to make connections to their data
[47]. The comparison is a reflective process, as it forces the participants to slow down and care-
fully examine the similarities and differences between their expectations and real-life situations
to make explanations for special phenomena. During the slow thinking process, participants are
able to reconsider and reconstruct their understanding of their behaviors, ultimately gaining more
comprehensive and profound reflections.

DP2 Contextual Reflection and Judgement. The task in our project should encourage the partic-
ipants to reflect on their viewing habits and make connections to their personal values within
the context of personal circumstances and daily lives. This design principle is implemented by
prompting participants to recall the specific situations and purposes behind their video-watching
behaviors and evaluate the videos within their context. Prior literature revealed that incorporat-
ing context into the thinking process can facilitate reflection by making relevant connections to

10
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meaning within the context [19]. Additionally, There is also literature indicating that evaluative
judgments prove to be effective in helping people elicit personal values [20]. As such, our plat-
form needs to empower participants to recall and describe the specific contexts in which they
watched the video, such as their emotional state, the special events, or the purposes, followed by
an evaluative judgment on their viewing habits, allowing them to connect their viewing behaviors
with their personal experiences and routines and generate more meaningful insights.

DP3 Guidance-Based Reflection. The task in our project should promote progressively deeper re-
flection by providing structured guidance through the process. This principle is implemented
by guiding participants from an overview of their data to a more detailed analysis step by step
through the whole process of the task, together with instructive questions in each section to en-
able participants to progressively dig into their data. Many prior works suggested a need for
interventions and encouragement to support reflection [6]. Moreover, according to the previous
paper, providing justifications or explanations for one’s actions, decisions, and experiences can
facilitate personal reflection [18]. Therefore, providing specific guided reflection questions can
help to guide their thinking and reflection [19]. As a result, our platform is supposed to design a
step-by-step deepening process to encourage participants to gradually connect with their data
by moving from overall patterns to specific spots. Furthermore, in each section, by incorporat-
ing tailored instructions and well-structured questions, participants are able to start from broad
observations, and then to specific interpretations behind the patterns by making connections to
life context, ultimately eliciting values by making evaluative judgments.

3.2. Design Iterations
The design of our task evolved through several iterations, each influenced by usability testing and
user feedback. This iterative process was aimed at not only refining user experience and functionality
but also being aligned with our objectives of encouraging users to reflect on their data and generate
reflective insights.

In the design iterations, we initially set up three sections. The first section involved requiring participants
to guess their most-watched video types and time periods and then compare their guesses with the
actual data presented in straightforward charts. This section proved to be proved to be feasible since it
effectively enabled participants to discover how their expectations aligned with reality, prompting them
to make interpretations and initially reflect on their viewing habits.

The second section began with a design that asked participants to set colors for different time periods
and design icons for each video category. These elements were then filled into the corresponding date
in the given calendar. We aimed to encourage deeper engagement and make the reflection process
more intuitive by allowing individuals to design custom visuals to represent their data [42] and adding
some game design qualities [54]. However, this version included an excessive workload due to the
time-consuming and repetitive work of designing and dragging icons, which made little contribution to
facilitating personal reflection. In response to this feedback, we shifted to investigating the effects of
data reconstruction. According to prior literature, The paradigm of constructive visualization [34] was
promising in facilitating self-reflection as it encouraged proactive interaction with the data [66]. As such,
we provided participants with various angles to help them explore the relationships and special patterns
from the combinations based on the number of videos, video categories, time periods, and days of the
week. Yet, after a few pilots, this version appeared to contain too many angles, leading to users feeling
overwhelmed and confused, and a large proportion of participants’ answers from different angles were
overlapping. In this case, we simplified the second section by removing some perspectives and ended
up with just two. This iteration proved to be more successful as it not only improved user experience
but also collected sufficient data.

The third section was originally designed to recall the emotions associated with each video and put
these emotions on the timeline. We created the timeline with the intention of displaying one’s emo-
tional style to foster self-reflection [77]. Nevertheless, this version proved problematic because users
found it difficult to recall their emotions for each video. Additionally, the categorization of emotions was
overly complex, resulting in an unclear timeline. Consequently, we revised this section by focusing
on a specific day from last week and asking users to select a few videos and create a story map to
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demonstrate mood changes. However, the feedback indicated that it was hard for users to recall emo-
tions accurately, therefore influencing their reflection on previous behaviors. Accordingly, we turned to
analyzing users’ evaluation of the video by instructing them to recall its usage in their living scenario.
This version turned out to be more effective as we encouraged users to think about how videos fit into
their daily lives and how they fulfill their needs or purposes at the time.

In addition to specific task design, we iterated other aspects of our platform as well. We initially set
up all the sections in the Miro board, enabling participants to interact with operable objects, but most
of them were unfamiliar with Miro, which greatly reduced the efficiency of our approach. Thus, we
displayed the content of the first two sections directly on the web page and left only the last section in
theMiro. Furthermore, we improved the reflective questions in each section tomake themmore thought-
provoking andmodified other text instructions to avoid situations where participants were confused. We
also beautified the layout of the web pages to enhance the user experience further.

3.3. Implementation
By incorporating the design principles and the back-end implementation, we established a prototype
that effectively demonstrates the functionality of our platform. This section details the implementation
of both the user interface and the back-end, as well as the deployment of our platform. The code
repository is now available online 1, and the software environment is shown in Table 3.1.

Environment Setting Parameters
Programming Languages JavaScript
Development IDE Setup Visual Studio Code + Volar (and disable Vetur) +

TypeScript Vue Plugin (Volar)
Environment Configuration Vue.js, Node.js, Nginx

Table 3.1: Software Environment

3.3.1. User Interface
To facilitate the interactions between participants and their history data to prompt personal reflection,
the user interface(UI) of our platform was developed using Vue 3, focusing on creating a responsive,
intuitive, and user-friendly experience.

The UI implementation contained several functional modules and technology stacks. Components were
developed using Vue.js’s component-based architecture to encapsulate HTML, CSS, and JavaScript
within a single file. Integrated Vuex was used for state management to ensure that data shared across
multiple components remained consistent. Vue Router handled navigation and routing, allowing for
smooth view transitions. Additionally, API integration, like Axios, allowed the front end to send HTTP
requests to communicate with the back-end server, enabling dynamic content and real-time updates.

In addition to these libraries that ensured a cohesive and effective UI, there were several main sections
that integrated the aforementioned design principles, making our platform strike a balance between
functionality and user experience. Our method was designed in three sections, with DP3 running
throughout. The progressively deepening process started from a broad overview of their viewing habits
to a deeper reflection on the analysis of specific videos (DP3: Guidance-Based Reflection). During the
whole process, we also proposed multiple reflective and thought-provoking questions in each section
(DP3: Guidance-Based Reflection) to help participants reflect step by step, from a simple description
of data, then explaining the reasons behind the patterns within the life context and finally evaluate their
watching behaviors to elicit values for the YouTube recommendation system. The three sections are
described below.

Section 1. Make a Guess About Your YouTube Watching Habits
This section enables participants to gain an initial understanding of their viewing habits by making sim-
ple speculations (DP1: Fully Reflect by Slowing Down the Thinking Process), then explaining their

1https://github.com/Desmond766/Insights-investigation/tree/final_yizhen
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guess within the life context and comparing their expectations to actual data, and finally connecting
their watching habits to their values (DP2: Contextual Reflection and Judgement). We designed and
displayed several reflective questions and visualizations to assist participants in engaging in a process
of self-reflection(DP3: Guidance-Based Reflection). This section is divided into two parts: the specu-
lation part and the verification part. The speculation part comprises two questions, each divided into
two sub-questions, requiring participants to guess the most-watched video categories and time periods
over the last month and provide corresponding reasons for their guesses, respectively. A preliminary
guess enables them to take the time to recall their viewing habits, thus getting a first look at themselves
and making preparations for the next step of reflection. Interpreting the reasons for such speculation
empowers participants to connect to their daily lives, helping them to explain their behaviors within life
circumstances.

To facilitate the process of self-reflection, in the verification part, we displayed the bar charts of the num-
ber of the top four categories of videos and the number of videos they watched in different time periods.
Participants then compare these visualizations with their initial guesses and make explanations for the
results of the comparison following our instructive questions. This process motivates participants to
learn about themselves from the difference between the guess and the actual data through personal
reflection during the process of making interpretations. At last, participants are required to reflect on
whether their watching habits align with their personal goals to facilitate the elicitation of their values
for the YouTube recommendation system.

Figure 3.1 and 3.2 illustrate how participants interact with our platform in Section 1. Details of the
questions are in Table 3.2. In Step 1 of Section 1, they began bymaking speculations about their viewing
habits. The category of videos refers to the classification of video content, like sports, music, and study.
The time periods are predefined, dividing the day into six parts corresponding to bedtime, morning,
lunchtime, afternoon, dinnertime, and evening. Next, they are required to explain the reasons for their
guess in the context of their personal habits and circumstances. In Step 3, participants are displayed
two bar charts generated by their watch history. Then they are asked to compare their guesses to the
visualizations and reflect on their data. If the guesses align, they are required to explain how viewing
habits align with their personal goals and values. If the guesses do not align, participants are prompted
to reconstruct their understandings of themselves.

Figure 3.1: Interfaces for Section 1, Step 1

Question Number Question

Q1 What categories of videos(e.g., sports, cooking, music) do you
think you’ve watched the most in the past week?
Why did you make such a guess? Please relate to your personal
habits and life circumstances and tell us more about it. (> 30
words)
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Question Number Question

Q2 What time period(e.g., sleeping time(00:00 - 06:00), morn-
ing(06:00 - 11:00), lunchtime(11:00 - 14:00), afternoon(14:00-
17:00), dinnertime(17:00-20:00), evening(20:00 - 24:00)) did you
watch the most videos in the past week?
Why did you make such a guess? Please relate to your personal
habits and life circumstances and tell us more about it. (> 30
words)

Q3 Reflecting on Figure 1, how does your guess of the top category
of videos align with the actual data (e.g., the top category of video
and its number)? (> 20 words)

Q4 If your guess aligns with the actual data, how does this watching
habit align with your personal goal and value? And why?
If your guess is different from the actual data, what did you learn
about yourself? (> 30 words)

Q5 Reflecting on Figure 1, how does your guess of the top category
of videos align with the actual data (e.g., the top category of video
and its number)? (> 20 words)

Q6 If your guess aligns with the actual data, how does this watching
habit align with your personal goal and value? And why?
If your guess is different from the actual data, what did you learn
about yourself? (> 30 words)

Table 3.2: Questions in Section 1

Figure 3.2: Interfaces for Section 1, Step 3

Section 2. Reflecting on YouTube watching Purpose through Video Category or Time
Period
In this section, we require the participants to choose one of the two perspectives, corresponding to the
two perspectives of reflecting on viewing habits in the previous section, i.e. video category and time
period, based on the results of the comparisons in Section 1, to further analyze their viewing habits
from a specific angle of interest.

We provide participants with two perspectives, and they can switch between them to carefully consider
which angle is more meaningful (DP1: Fully Reflect by Slowing Down the Thinking Process). The first
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perspective focuses on looking into the distribution of video categories across different days of the week,
and the second perspective concentrates on exploring the number of different categories of videos par-
ticipants watched in each time period. In each perspective, we set well-structured reflective questions
to progressively deepen their self-reflection (DP3: Guidance-Based Reflection), ranging from describ-
ing the phenomena, like special watching patterns, to interpreting the reasons behind them within the
context of habits and life circumstances and finally linking them to the individual’s own personal values
by evaluating their watching habits (DP2: Contextual Reflection and Judgement).

Figure 3.3 and 3.4 show the detailed process of Section 2. Two angle buttons are displayed under the
instructions. Participants are prompted to choose either to further reflect upon their YouTube-watching
behaviors. In both perspectives, there are corresponding charts to help participants analyze their view-
ing patterns. In the angle regarding to video category, we display a stacked chart showing the distri-
bution of the video categories across different days in the last week. Participants can observe how
their preferences for specific video categories fluctuate throughout the week. In the time period angle,
participants are shown a stacked chart illustrating the distribution of different video categories in each
time period. Participants can reflect on the range of video categories they watch during different time
periods throughout the day.

Figure 3.3: Interfaces for Section 2, Angle 1

Both sections contain three reflective questions, which are shown in Table 3.3. Participants begin by
looking for interesting patterns in their viewing habits. For example, on weekends, they may discover a
significant increase in the number of entertainment-related videos, while morning routines may reveal
a tendency to news-related content. Subsequently, participants need to explain the patterns in relation
to their habits and life context, such as a demand for relaxation after a busy week. Finally, we instruct
participants to understand how their patterns align with their personal values by encouraging them to
reflect on whether their viewing habits can satisfy them or not.

Question Number Question

Q1 Do you notice any interesting patterns in the charts above?
For example, do you observe certain categories of videos are
watched more on certain days or differences between weekdays
and weekends? (> 20 words)

Q2 What factors contribute to this observed pattern? Please relate
to your personal habits and life circumstances and tell us more
about it. (> 40 words)
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Question Number Question

Q3 How are you satisfied with this watching habit represented by the
data pattern? Please relate it to your personal values and tell me
more about it. (> 40 words)

Q4 Do you notice any interesting patterns in the chart?
For example, did you tend to watch a certain category of videos
at a certain time period, or did the number of views vary between
time periods? (> 20 words)

Q5 What is the reason behind this pattern? Please relate to your
personal habits and life circumstances to explain more about why
you choose those videos. (> 40 words)

Q6 How are you satisfied with this watching habit represented by the
data pattern? Please relate it to your personal values and tell me
more about it. (> 40 words)

Table 3.3: Questions in Section 2

Figure 3.4: Interfaces for Section 2, Angle 2

Section 3. Evaluate the YouTube video by recalling its usage in your living scenario
In this section, we designed a task that focused on evaluating YouTube videos based on their usage in
specific life contexts to help participants self-reflect and elicit personal values of YouTube videos. This
section involves asking the user to select a day from the previous week and then guiding them to create
a story map of life activities from this specific day and evaluate the videos they have watched. This is a
further in-depth exploration of the previous section, as we move from an analysis of the weekly pattern
to a more specific focus on a certain day (DP3: Guidance-Based Reflection). We provide participants
with an opportunity to create their own story map to help them become more engaged and connect their
experiences to the videos, enabling them to place themselves in context in their subsequent reflections
(DP1: Fully Reflect by Slowing Down the Thinking Process). By evaluating their satisfaction level with
each video in the context of their activities, participants can make connections between their personal
experiences and values, thus reflecting contextually on their behaviors and eliciting their values for
recommendation systems (DP2: Contextual Reflection and Judgement).

Figure 3.5 demonstrates the interactive interface for the step of creating a story map. The interface is
divided into two parts. On the right side of the page, there is a Miro board, where participants need
to follow the instructions to construct their own story map. The detailed content of the Miro board is



3.3. Implementation 17

shown in Figure 3.6. We generate a timeline inside the coordinate axis showing the videos they watched
through the day they selected, and a reference table showing the information of each video, including
title, author, watching time, and category. Participants start by reconstructing their day by recalling
the activities of that day according to the timeline. They then select five videos from the timeline by
referring to the reference table and evaluate the satisfaction level of each video based on their viewing
purposes.

Figure 3.5: Interfaces for Section 3

Figure 3.6: Content of the Miro Board

After creating their story map, they are required to answer the reflective questions on the left side of
the page. Details of the questions are shown in Table 3.4. Based on the visualizations they created,
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they need to reflect on their most and least satisfying videos respectively. For each video, participants
are guided to first explain the reasons why they chose to watch this video within the context of the
recalled activities or personal preferences. After that, they consider what elements of this video make
it most/least satisfying for them, followed by interpreting the reasons and elaborating the connections
to their personal values.

Question Number Question

Point out one video that satisfied you the most.
Q1 Considering the context (e.g., the recalled activity, personal in-

terests, or life condition), what is your purpose for watching this
video? (> 20 words)

Q2 What element of the video makes it the most satisfying for you?
(> 20 words)

Q3 Why are you satisfied by this particular element? How does it
relate to your personal values? (> 40 words)

Point out one video that satisfied you the least.
Q4 Considering the context (e.g., the recalled activity, personal in-

terests, or life condition), what is your purpose for watching this
video? (> 20 words)

Q5 What elements of the video made you feel less satisfied? (> 20
words)

Q6 Why do you dislike these elements? How do they against your
personal values? Tell us more about it. (> 40 words)

Table 3.4: Questions in Section 3

3.3.2. Back-end Implementation
The back-end was implemented using Node.js as the server-side operating environment and Express.js
as the web application framework with various middleware integrations, providing a robust server-side
infrastructure. The back end handled various tasks, as outlined in the following:

Real-time communication was a key function, implemented utilizing Socket.io, which enabled real-time
updates and interactive sessions. Socket.io was of vital importance to the workflow of our platform, as
it acted as a communication bridge between the client side and the server side. The interactions on
the client side would trigger the server-side processes such as copying the Miro board and processing
the uploaded YouTube-watching data.

The uploads of all files, including YouTube-watching JSON files, TXT files generated from users’ an-
swers, etc., were managed by Multer, and the server defined various API endpoints to handle these
requests. After appropriate processing, the JSON data in the uploaded YouTube watching history could
be parsed for further operations. For example, using YouTube Data API v3 to obtain the category of the
video from its URL. Another instance is generating visualizations. Chart.js and ChartJSNodeCanvas
were utilized for server-side chart rendering, enabling the generation of these visualizations. The ren-
dered charts were then displayed on the front end or used to update the Miro board, providing users
with interactive data representations.

3.3.3. Deployment
Our project was deployed to a server using Nginx, which was an open-source high-performance web
server and reverse proxy [60] that could handle client requests effectively. Nginx not only supports load
balancing, which allows requests to be distributed to multiple back-end servers, but it also excels at
handling highly concurrent requests, making it an ideal choice for the deployment of our project.

After installing and starting Nginx, we packaged the project and converted the source code to static
files. The Nginx configuration file was required to be edited to specify: 1) the virtual host to handle client
requests; 2) the listening port. Listening on port 443 requires an SSL certificate to provide HTTPS ser-
vices; 3) location blocks, which are defined to handle different types of requests by specifying the URL
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path of the request and the corresponding processing method; 4) root, which refers to the packaging
output directory of our project. Finally, adjust the firewall settings to allow traffic on the specified port
(typically 80 or 443 for HTTP and HTTPS, respectively).



4
User Study

Based on the design considerations proposed in the previous chapter, we introduced a design frame-
work that incorporates several personal reflection techniques. Then we implemented it in the crowd-
sourcing paradigm, thus generating a prototype.

In order to evaluate the effectiveness and performance of the prototype, we designed and conducted
a user study to see if this approach can collect deep user feedback in a crowdsourcing context and
analyze the extracted contextual factors, personal values, and design principles. The experiment was
conducted in July and August 2024. The study was conducted on the Prolific Online Platform, an
essential tool that allows researchers to run scientific research and find vetted research participants.

We start by providing a brief introduction of the context and required materials, followed by detailed
information about participants, procedures, and the statistical analysis techniques utilized for result
analysis.

4.1. Context and Materials
We conducted this study in the context of people using YouTube to watch videos for several reasons.
First, YouTube serves as a source of entertainment, education, and social connection for millions of
individuals worldwide. It is widely used, therefore we are able to collect sufficient watch history on
a global scale and from distinguished backgrounds for further analysis. Second, many people use
YouTube to watch videos on a daily basis, which will shape their watching preferences and behaviors.
Prior work has indicated that users’ behaviors of watching videos are influenced not only by situational
characteristics [43], referring to the context of interaction [53], but also by personal characteristics,
indicating individuals’ values and demands for the recommendation systems. Additionally, research has
shown that engaging in a reflection on one’s previous behaviors can help one gain a deep understanding
of their life patterns, self-identity, and the significance of this past experience to their sense of self [11].

In order to analyze users’ contextual factors and personal values behind their behaviors when using
YouTube, we collected the YouTube watch history from each participant for further processing. The
YouTube watch history includes the title, author, URL, and watch time of the video. We also utilized
YouTube API 3 to extract the category of the video. Besides this, We also utilized other several materials
to ensure that the experiment went smoothly.

• InformedConsent Form: Participants were first provided with an informed consent form detailing
the purpose and potential risks of our study and the intended use of their data. Participants can
only join in the experiment after they sign the consent form.

• Text Instructions: During the process of our study, participants were required to follow the text
instructions to complete all the sections. The text instructions contained a tutorial for downloading
YouTube watching history and explanations guiding participants to reflect on their data.

• Prototype: The prototype was designed and implemented as described in Chapter 3.

20
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4.2. Participants
We recruited participants through the Prolific platform, which provides access to a diverse pool of pre-
screened individuals. The inclusion criteria for participants in our study were as follows:

• Age: Participants had to be 18 years of age or older.
• Language: Participants needed to be fluent in English as they are required to understand and
respond to the study materials that are in English.

• Prolific Approval Rate: Only participants with an approval rate higher than 95% on previous stud-
ies were eligible for our study to ensure the quality of the data.

• Social Media: Only participants who used YouTube regularly in their daily lives were eligible for our
study since we aimed to investigate the reasons behind the YouTube videos they had watched.

We recruited a total of 20 people from the eligible participants screened based on these criteria. All
of them managed to sign the consent form and complete the study. Participant privacy was protected
by anonymizing all data collected in the study, as the focus was on gathering user reflections without
recording identities. We only had access to their Prolific IDs, which were used to match their answers
and ensure they completed the study. Each participant managed to complete the study successfully,
and all of their data was included in the analysis.

4.3. Study Setup and Procedure
The procedure of our study for any participant is outlined in Figure 4.1. After we published the study on
the Prolific Platform, those interested were able to participate and they would then be redirected to our
platform URL. Each participant took part in a scheduled 50-minute study to reflect on their YouTube
watching history. Before the participants formally entered the task page, we executed several prepara-
tion steps. Participants were first given a brief explanation of the content and purpose of this study and
informed of the need to collect their YouTube viewing history data as well as screen recordings, and
then they were required to sign the consent form. Following that, they were shown detailed instructions
on how to download their YouTube history. The history data was downloaded from Google Takeout in
the form of a JSON file. Since the download would take a few minutes, participants could go to the
next step first, open the screen recording, and enter their Prolific ID, enabling us to pair them with their
answers. After exporting the file, participants needed to upload the JSON file, which we processed for
subsequent operations, such as generating visualizations.

Once everything was in place, the participants were required to complete all the sections of the task
without further assistance from the researcher. The task contains three phases:

• Guess Watching Habits Phase: Participants self-assessed and predicted their YouTube watch-
ing habits by answering some questions, and then they compared their guesses to visualizations
generated from their true data. This section allowed participants to explore their viewing patterns
and gain insights into their behaviors.

• Analyze Viewing Patterns Phase: Participants were provided with two perspectives, with which
they were able to choose one to deepen their understanding of their YouTube-watching behaviors,
and answer several questions. By selecting the angle of interest, participants could zoom into the
distribution of the top four video categories across the days in the week or within different time
periods to discover special patterns, explore the reasons behind them, and align the patterns to
their values.

• Recall and Evaluate Phase: By creating a story map of life activities from a specific day in the
Miro board, participants were guided to recall the usage of YouTube videos they watched in their
living scenario, and then be asked to answer a couple of questions to evaluate the videos within
their living scenario and elicit their values about recommended videos.

After participants completed all the sections, we provided them with a completion path, from which
they were able to be redirected to Prolific, and it would show in our experiment interface that they
had submitted the correct completion code. The submissions were therefore reviewed manually by
us. Both the correct completion code and the quality of submissions are taken into consideration to
deciding on payment. During the whole process, participants answered the questions and interacted
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with the screen following the instructions. All answers and their interactions with the Miro board were
recorded with their knowledge.

Figure 4.1: Pipeline of the Proposed Platform

4.4. Approaches to Data Analysis
We aim to gain a qualitative understanding of the process of reflection, the recalled contextual factors,
and elicited personal values. As such, we captured each participant’s answers to all reflective questions.
We analyzed all the answer files to understand and evaluate the generation of insights and whether
the design principles we proposed had worked successfully in the reflection process.

To draw conclusions and gain insights into participants’ perspectives, researchers need to annotate
each data item with a code, a process known as coding [26]. In our research, we utilized deductive
coding. It refers to the process of first defining an initial organizing framework comprising of themes
or codebook [5] and then applying it to the new participants’ answers as the analysis of the study [17].
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Our choice of software was Atlas.ti, a powerful workbench for qualitative data analysis that enables
interpreting texts with coding [63]. It also provides functions of analysis within codes and files.

For the 20 groups, we needed to code manually. We began with discussing and establishing initial
codebooks for contextual factors, personal values, and design principles, respectively.

Contextual Characteristics are defined as information that describes the situation and the environment
of the individuals involved in the recommendation system [1]. In our project, we started by coding all
the contextual factors and then merged and classified the codes into several categories, namely task
context, temporal context, social context, cognitive context, physical context, and application context
[48].

Personal values are defined as what a person considers important in life [9]. Incorporating human val-
ues into recommendation systems can ensure an ethical and user-centered environment that benefits
both individuals and societies [65]. We therefore focused on a couple of themes of values that might be
important to consider in recommendation systems based on previous work, such as Well-being, and
Usefulness; each is further subdivided into several types.

For design principles, we further divided the main principles mentioned in Chapter 3 into several sub-
codes. DP1, Fully Reflect by Slowing Down the Thinking Process, is divided into three more de-
tailed directions:

• Speculation and Comparison: This sub-code suggests encouraging users to actively engage in
the process of guessing their watching habits and comparing them to the actual data. As such,
this sub-code corresponds to Q1, Q2, Q3, and Q5 in Section 1.

• Different Angles: This sub-code highlights encouraging users to choose a perspective that is
more interesting or that they find special patterns to reflect on. It corresponds to the answers to
Q1 and Q4 in Section 2.

• Constructing a Story Map: This sub-code emphasizes deeper reflection by motivating partici-
pants to narrate their activities in a structured manner and think about the connections between
information. It corresponds to the Step 2 in Section 3.

DP2, Contextual Reflection and Judgment, obviously contains two parts: reflection and judgment.
As a result, we categorize DP2 into two sub-codes:

• Context Recall: This sub-code indicates that we inspire the participants to connect their behaviors
and preferences to their life habits and circumstances. It corresponds to the second half of Q1
and Q2, as well as Q3 and Q5 in Section 1; Q2 and Q5 in Section 2; and Q1, Q2, Q4, and Q5 in
Section 3.

• Evaluation and Judgment: This sub-code means that we encourage the participants to express
their demands for the YouTube recommendation system by evaluating the videos they watched
and their behaviors. It corresponds to Q4 and Q6 in Section 1; Q3 and Q6 in Section 2; and Q3
and Q6 in Section 3.

DP3, Guidance-Based Reflection, serving as a supporting principle to DP1 (Fully Reflect by Slowing
Down the Thinking Process) and DP2 (Contextual Reflection and Judgment), is present throughout
the entire process. Unlike the other two design principles that have exact moments and stages where
they can be clearly identified, DP3 (Guidance-Based Reflection) does not have specific and obvious
instances. It is intertwined with the overall process and subtly guides and influences users’ reflection,
making it difficult to isolate or code.

Once the initial framework was established based on the criteria we mentioned above, two people were
required to code the first 5 of the 20 groups independently without any discussion. Then we used the
codes for intercoder reliability analysis (ICR), which was a measurement of how much coders agree
when coding the same data [55]. For these 5 groups, we reached an agreement of 33.1% on values. In
the following, we conducted a thorough discussion and aligned the codes one by one. We focused on
what values participants’ responses should correspond to, how to merge similar contextual factors, and
which of the six categories each contextual factor falls into, thus refining the framework and ensuring a
consistent understanding of the codebooks. When the agreement between two coders reached more
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than 98%, which meant we achieved a high level of reliability, we proceeded to manually code the
remaining 15 groups with the refined codebooks.

During the process of coding, we needed to select the whole paragraph and assign the corresponding
codes. Figure 4.2 shows an example of coding. In this example, we assigned trending topics as
the contextual factor for the reason that ”there was an attempt of assassination of former president
of the United States Donald Trump” was a current topic at that moment, which drove the participants
to watch this video. Additionally, the participant also expressed that the video did not provide the
required information, which corresponds to the value of Knowledge, Informativeness, referring to users’
demand for the capacity of the recommendation system to recommend items of interest to users and
help users acquire relevant information. This further derives the value of Usefulness, referring to the
user’s demand for recommended items and services to be useful and helpful.

Figure 4.2: An Example of Coding



5
Results

This chapter aims to answer the second research question:

• What contextual factors and personal values for participants’ usage of YouTube are extracted
during one’s reflection?

we begin by showing the participants’ completion status of the experiment. The status at the time of
submission and the corresponding number of participants are shown in Table 5.1.

Status at Submission Number of Participants

Submitted with Completion Code (with video) 6
Submitted with Completion Code (no video) 14
Returned in Section 1 2
Returned in Section 3 4
Failed Attention Check 5

Table 5.1: Completion of the Experiment

As shown in the table, 20 participants submitted successfully with a correct completion code, with 6 of
them managing to record the screen. 2 participants returned in Section 1, one of whom had minimal
YouTube activity last week, resulting in very simplistic images generated by the data processing that
required no self-reflection. Another participant, together with the 4 participants who returned in Section
3, was assumed to be unwilling to proceed with the study due to its complexity, time demands, or lack
of interest. There were also 5 participants who failed the attention check. We set a popup window
every two minutes on the first few pages to test whether the participants were still on our platform. If
the participant missed the window twice, we assumed that they were not concentrated and failed the
attention check.

During the process, participants were able to conduct the study simultaneously, proving the ability of
our proposed approach to collect data on a large scale.

In the following, we will go into great detail to demonstrate the ability of the approach to ensure the
depth of the collected data by discussing the results of the contextual factors and personal values
that emerged from participants’ narratives to reveal the significant themes that influence individuals’
behaviors and user experiences and explore people’s expectations for recommendation systems. In
the following, we are going to investigate the co-occurrence between contextual factors and personal
values to gain a deeper understanding of which values users prioritize in a specific context. Lastly, we
will turn to the design principles to investigate their impact on the recalling and elicitation of contextual
factors and personal values during the overall process.

25
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5.1. Overall Analysis of Contexts and Values
5.1.1. Analysis of Contextual Factors
According to previous work [48], contextual factors can be divided into six dimensions, with which
we can analyze the aspects that influence user interaction with the YouTube recommendation system.
Each dimension can be further divided into several detailed contextual factors. Table 5.2 lists the
description, quote example, and the number of each factor in all the documents.

Category Contextual
Factor Description Example Quote Count

Application
Context

Automatically
played videos

YouTube’s autoplay feature and
random recommendations.

”It wasn’t something I chose to
watch. It was recommended by
YouTube...”

9

Video attributes

The specific characteristics and
features of a video, including
video title, author, content, and
thumbnail.

”I watched the video because I
was interested in the title and I
wanted to find out what it was
and widen my knowledge.”

40

Cognitive
Context Emotional needs

The state and conditions that
should be fulfilled in order for
people to experience happiness
and peace.

”This helps me to unwind and
re-boost my energy as well as
calming down my overthinking
capacity.”

28

Personally
interested topics

The content that users find
appealing and valuable
because of their hobbies,
curiosity, jobs, related
experiences, and educational
backgrounds.

”I wanted to learn about
developing my blog further, and
I felt these videos about
Squarespace were a starting
point for beginners.”

76

Repetitive
watching

People want to watch the same
videos over and over again.

”I wanted to laugh and comfort
myself. I re-watched the video
that I found hilarious the last
time I watched.”

5

Traits

Particular characteristics,
qualities, and tendencies that
someone has, such as
personality and religious beliefs.

”All these are very good ways to
strengthen one’s faith.” 6

Willing to connect
to old times

People’s willingness to
reminisce the past times and
experiences.

”I am satisfied with this video
and music in the fact that it
reminds me of my old high
school days.”

2

Temporal
Context Stay outside The physical location outside

the house.
”I only listen to music when I go
out (Tuesday and Friday)...” 6

Watch on
transport

The specific location of the
transport vehicle, such as bus,
train, or airplane.

”I listen to music the most when
I travel by bus since it’s
time-consuming and boring.”

4

Social
Context Be alone The state of being physically by

oneself.

”...I always enjoy my lonely
hours watching YouTube music
videos.”

2

Stay with others Physically being in the company
of other people.

”I enjoy listening to music and
watching music videos,
especially on a weekend when I
am chilling with my friends.”

3

Task Context Daily routines One’s life habits within one day.

”This was just a song to wake
me up while having my morning
coffee to get me in a good
mood.”

29
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Do something
while watching

When people engage with
several tasks, such as watching
videos while cooking, doing
housework, and working, they
will have a tendency for content
that aligns with their ongoing
tasks.

”I use it for entertainment and
white noise so I can sleep or
study or draw.”

25

Job
An employment or a position in
which someone works for a
company or organization.

”I’m a developer, and I’m very
interested in consumer
electronics.”

4

Personal
planning People’s long-term goal.

”Since my goals are to continue
studying music and exploring
that field to eventually do a
Master’s or another Bachelor’s
abroad, I guess that my
watching habits are aligned to
that.”

5

Working Status People’s job or working
condition.

”Since I usually have less time
(off work) to browse through
YouTube, I just watch short clips
and grasp everything I need in a
jiffy.”

37

Temporal
Context Day of the week

The day type in one week, such
as Friday, weekdays, and
weekends.

”I find myself watching specific
videos, like the Film and
Animation videos, during the
first half of the week because
these are days I may be feeling
like I need a sense of creative
direction to help me plan out my
week better, and the weekend
time spent on the mentioned
category is mostly for me to
catch up on what I may have
missed during the week.”

15

Trending topics The current news and popular
fashions at a certain time.

”I mostly like to keep up with
current affairs, so I watch a lot
of news.”

12

Table 5.2: Overall result of contextual factors

Cognitive Context, which has 105 mentions, emerges as the most significant contextual factor. It refers to users’
cognitive abilities, attitudes [48], and internal mentality, which shape the way people perceive, engage with, and
evaluate the content they encounter. Within this dimension, emotional needs and personally interested topics are
mentioned the most frequently. They play a significant role in determining user preferences and behaviors, as
they internally drive users to consume content. To be specific, people often look for content that can resonate with
their current emotional state or help them reach the expected emotions. For example, users who feel stressed will
probably seek content that can help them relax and forget their worries. Besides, people’s interests drive them
to seek related types of content to pursue enjoyment, gain specific knowledge, and look for solutions, ultimately
achieving personal goals. As such, the high frequency indicates that people turn to YouTube mostly for information
and content they care about.

Task Context, with 88 mentions, is another key factor. It refers to people and objects surrounding the task, which
offer advantages (“resources”) and drawbacks (“constraints”) for its achievement [48]. This context emphasizes
how the tasks people perform simultaneously will influence their preferences and behaviors for the content they
seek. The frequent mentions of this dimension show that many people tend to ”multitask”, such as their life habits
in daily routines and their preferences for watching videos while doing other things. The nature of the ongoing
task will dictate their choices for content, allowing them to complement their current status without requiring full
attention, such as helping them focus on or be distracted from the task they are working on.

Application Context (49 mentions) refers to the representation of the application’s state and functioning [48], which
means how the system presents content to users and the device the user is using to access the content. The high
frequency of this context reflects that users are sensitive to how content is presented, such as video attributes, as
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this directly affects their visual impressions. People may be more inclined to click on videos of familiar authors or
prefer videos with good editing and well-structured content.

Despite the fact that Temporal (27 mentions), Physical (10 mentions), and Social Context (5 mentions)occur less
frequently, they are still relevant in several scenarios. Temporal Context means the time of day and date that is
related to user activity patterns, such as the day of the week. People’s preferences shifted between weekdays and
weekends. There is a significant number of people who prefer to watch educational, short, or informative videos
during the weekdays while turning to entertaining, causal, or long videos at weekends. Physical Context mainly
focuses on users’ physical environment at the time of content consumption. For instance, people may turn to more
engaging videos in quiet places, while they watch some soft music videos in public places. Social Context refers
to the influence of surrounding people, including relationship, dialogue, presence, and behavior [48]. People’s
preferences and behaviors can change greatly depending on whether they are alone or staying with others. Some
people may feel comfortable exploring the content of their interests when being alone, while others enjoy sharing
videos that interest them with friends.

User preferences and behaviors may be shaped and influenced by a combination of several factors. In addi-
tion, one type of contextual factors may influence another to some extent. The most prominent co-occurrence is
between Cognitive Context, Task Context, and Temporal Context. This indicates that at different times, people
typically have different ongoing tasks, and they will accordingly seek content that aligns with their current tasks
as a way to fulfill their cognitive demands, such as emotional needs and personal interests. For example, during
morning hours, people are probably working, and they are therefore more inclined to soothing videos to satisfy
their emotional needs such as helping them calm down or stay more focused.

5.1.2. Analysis of Personal Values
In addition to contextual factors, we also focus on 5 themes of values relevant to recommendation systems, namely
legal and human rights, public disclosure, safety, usefulness, and well-being. [65], each encompasses several
values that users associate with their experiences on these platforms. Table 5.3 shows the description, quote
example, and number of occurrences of all the values in each theme, providing insights into what users care about
and prioritize when interacting with the YouTube recommendation system.

Theme Value Description Example Quote Count

Legal and
Human
Rights

Freedom of
Expression

Platforms should not stop users
from expressing their thoughts and
opinions freely.

”I value the freedom and
openness YouTube provides
when it comes to
self-expression.”

4

Public
Disclosure

Accuracy
(Factuality)

Platforms should make judgments
and classify information correctly
and prevent the spread of
untrustworthy and unreliable
information.

”I don’t like deceiving people
and I value honesty a great deal.
In general, I dislike clickbait
content...”

1

Diversity

Platforms should satisfy people’s
desire to construct their views from
various sources, which help them to
make well-considered decisions
[29].

”I felt less satisfied with...due to
the lack of variety in content
and repetitiveness of topics.”

9

Knowledge,
Informative-
ness

Platforms should satisfy people’s
demand for getting relevant
information and being informed
more effectively about the topics
they care about [28].

”The video being educative
should be the first and foremost
of the quality every video should
have.”

49

Safety Safety,
Security

Platforms should not contribute to
increasing stress, anxiety, or a
sense of being harassed by one’s
digital environment.

”People and blogs sometimes
talk about things that can not
align with my current situation.
Sometimes they demotivate
me.”

5

Usefulness
Agency,
Autonomy,
Efficacy

Platforms should enable users to
act intentionally to achieve their
goals [67].

”It (the watching habit) helps
me...focus on what I am doing
at a certain time.”

7

Control
Platforms should allow users to
control and customize their
recommendations [59].

”I would love to watch the video
that I chose rather than a
random ad.”

6
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Efficiency Platforms should allow users to
achieve their goals efficiently.

”Since I usually have less time
to browse through YouTube, I
just watch short clips and grasp
everything I need in a jiffy.”

8

Usefulness
Platforms should provide useful
service to users and help people
find relevant items [35].

”I felt I wasted my time in
watching it...It didn’t meet my
expectations.”

34

Well-being Accompany
Users’ demand for seeking content
that provides a sense of
companionship.

”I use it (YouTube) for
entertainment and white noise
so I can sleep, study or draw.”

16

Community,
Belonging

The feeling and faith that people
want to be together and form a
community through their
commitment.

”It satisfies me because I now
know that my fellow youth won’t
just sit...”

2

Connection
The individual’s need to establish
and maintain meaningful
relationships with others.

”Watching political news and
debate help me inform my
family and colleagues on the
current state of world politics.”

9

Entertainment

People’s demand for the capacity of
recommendation systems to
provide enjoyable and engaging
content that adds pleasure to their
free time.

”I use music as a gentle
relaxation tool in times when I
need to lie down and rest.”

40

Inspiration,
Awe

People actively seeking ideas,
motivation, inspiration, and
guidance that can help determine
their choices and achievements
[41].

”I watch...because these are
days I may be feeling like I need
a sense of creative direction to
help me plan out my week
better.”

19

Mental Health

Platforms should discourage
unhealthy types or amounts of use,
and help people cope with stress in
life.

”I learned that it’s best to keep a
reasonable watch time.” 26

Physical
Health

Platforms should help users
maintain and improve their physical
health by providing information like
healthy lifestyles.

”I think they are really accurate
and it gives me some
perspective on what habits or
patterns I might have to change
for myself.”

6

Recognition,
Acknowledg-
ment

Platforms should enable people to
recognize their worth and find
identity in other people.

”I like learning about other
people’s experiences in life.” 2

Self-
actualization,
Personal
Growth

Platforms should help them learn
new things, reach their full potential,
and realize a continuous
improvement [41].

”I am quite satisfied because it
didn’t say I watch more videos
during my active working
working hours...It means that I
am putting my time into more
important things for
self-growth.”

37

Self-identity

Platforms should enable users to
understand and reinforce their
identity through their interactions
with them.

”It aligns with my personal goal
because it helps me a great
deal by...giving me a sense of
belonging of who I am.”

4

Well-being
Users should see content that can
bring enjoyment both ephemerally
and over the long term.

” I am satisfied with this video
and music in the fact that it
reminds me of my old high
school days.”

20

Table 5.3: Overall result of personal values

Well-being was the most prominent theme, which has 137 mentions, underscoring its fundamental role in user
experience. Many values, like Mental Health, Self-actualization, Personal Growth, and Entertainment, all strongly
intersect with it. It is a complicated concept, as it refers to many objective aspects, like economic prosperity and
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employment rate, and subjective aspects, like mental health and fulfillment. In terms of recommendation systems,
well-being refers to the ways in which individuals can be guided toward choices that enhance their overall quality of
life. It has been explored as an important end goal for AI systems [14]. The high frequency of this theme indicates
that users are increasingly seeking content that enriches their lives, promotes positive emotions, and fosters a
sense of happiness. The growing emphasis on well-being reflects a shift towards intentionally pursuing meaningful
interactions that align with their personal values and emotional needs in order to obtain creativity, learning, and
connection.

Public Disclosure was the second most frequently mentioned theme, with 57 mentions. This theme reflects users’
need for the quality, transparency, and diversity of the information they receive. People are increasingly aware
of the importance of acquiring relevant, accurate, and comprehensive information that supports their decision-
making and understanding across various domains [31]. Within this theme, Knowledge, Informativeness domi-
nates other values, suggesting that users consider YouTube a crucial source of information. People increasingly
turn to YouTube for knowledge and information across various domains, ranging from trending topics to specialized
areas.

Usefulness (48 mentions) highlights users’ demand for the practical benefits of the content they consume, and they
turn to YouTube for the tangible utility of information and services. Recommendation systems should be useful
to users, such as recommending appropriate items without a specific query. Usefulness, the most frequently
mentioned value within this theme, suggests that users frequently seek content that can address specific issues
and needs, and they prioritize whether YouTube can provide or recommend videos that can directly benefit their
daily lives. Control and Agency, Autonomy, Efficacy are another two values that are closely related to the theme
of usefulness. They represent users’ demand for recommendation systems to allow flexible and free control of
their preferences and enable them to choose the recommended content and find what they want through specific
methods.

Safety (5 mentions) remains an essential concern despite the fact that it was much less frequently mentioned.
This theme is important for maintaining trust in YouTube, as people expect the YouTube recommendation system
to filter inappropriate content that could pose threats to their mental health and emotional well-being and ensure
a reliable viewing environment. This is especially necessary for children, vulnerable populations, and groups with
mental health problems.

The theme of Legal and Human Rights, with only 4 mentions, is rare in the context of the YouTube recommendation
system, indicating that these concerns may not always be top of mind for users during casual content consump-
tion, but it is still an aspect that needs to be taken into consideration. The values in this theme can be considered
rights, which might not be frequently articulated because they are background concerns that are inherently ex-
pected. People may not be aware of these values during interactions because they tend to focus more on tangible
experiences.

5.2. Co-occurred Values in Specific Contexts
The co-occurrence analysis between values can reveal how different values interact with each other on the
YouTube recommendation system to affect people’s preferences. Furthermore, understanding co-occurred val-
ues in specific contextual factors contributes to deeper insights into user preferences and behaviors. According to
these patterns, we can investigate how different contexts exert an influence on people’s prioritization of values for
YouTube, thus helping YouTube provide more useful and personalized recommendations.

5.2.1. Co-occurrence of Entertainment and Knowledge, Informativeness
The two most frequently mentioned values, Entertainment (40 mentions) and Knowledge, Informativeness (49
mentions), are intertwined with each other. Their co-occurrence reveals an interesting relationship between these
two seemingly contradictory values. While Entertainment is always associated with leisure and amusement, Knowl-
edge, Informativeness is typically connected to learning and information. The intersection of the two values indi-
cates that people have a preference for content that can both satisfy their need for enjoyment and enable them
to be informed about information. This reflects people’s desire for videos that can strike a balance between the
educational element and the entertaining element. Videos should not only impart knowledge but also package
themselves into an engaging and entertaining form. For example, P2 mentioned that:

”I feel satisfied (with the video) because I know I have gained more knowledge and the funny aspect
of the video made it not so boring.” (P2)

Moreover, the occurrence of these two values is influenced by two recurring contexts. In the Temporal Context (27
mentions), the balance between Entertainment and Knowledge, Informativeness will shift depending on the day of
the week. On weekdays, people may be preoccupied with their work, they therefore prioritize knowledge-focused
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videos and seek content that is educational or relevant to their professions and jobs. As such, the informative
value might dominate. Whereas on weekends, people shift their focus to more entertaining content, helping them
unwind after a busy week and create a more enjoyable experience.

”During the workweek, people often seek educational or professional content to make the most of their
limited free time. On weekends, there is more free time, which encourages watching entertainment
content.” (P14)

In the Task Context (88 mentions), the co-occurrence of these two values will vary based on the nature of the
ongoing tasks. When people are engaged with activities that require concentration, like learning new technologies
or preparing for exams, some might prioritize informative content that is highly relevant to their domain, or is
straight to the point to get them informed about information effectively, while others prefer delightful content to
relieve stress. However, when people are performing more routine tasks or seeking relaxation, like cooking or
doing housework, someone may put more focus on entertainment and amusement, allowing them to enjoy the
process or stay focused. Others, on the other hand, may prefer content that combines the two values to make the
tasks more enjoyable and enable them to absorb information, thus getting more energetic and motivated.

”Also (I enjoy listening to music) while working as it relieves some stress at times.”
”I do it (play the music videos) basically for enjoyment and relaxation and sometimes just to dance a
bit.” (P18)

5.2.2. Co-occurrence of Self-actualization, Personal Growth, Knowledge, Infor-
mativeness and Inspiration, Awe

The high frequency of mentions proves that Self-actualization, Personal Growth (37 mentions), Knowledge, Infor-
mativeness (49 mentions) and Inspiration, Awe (19 mentions) always intersect with each other when individuals
attempt to seek personal fulfillment and development. People who are eager to realize their personal growth tend
to prioritize their access to relevant information and proactively seek guidance and ideas.

”I’m satisfied because mostly it relates to learning things for the benefit of myself...I wanted to learn
about developing my blog further, and I felt these videos about Squarespace were a starting point for
beginners.” (P1)

The close relationship between those values largely depends on Cognitive Context, especially in terms of the
personally interested topics, as it has 76 mentions. Individuals who are in pursuit of personal growth will probably
turn to content that is related to their domains of interest to acquire inspiration and care about whether they can
obtain information from the videos. In turn, people will seek content that aligns with their interests to get informed
about the information they care about and actively acquire inspiration and ideas, thus using it as a tool to achieve
personal development.

”I’m a creative and I spend most of my time doing research and learning new things on all things
creative, especially digital creative related...I’m satisfied with the amount of information provided as
this was the goal and fed my curiosity and hunger for anything related to the digital creative industry.”
(P8)

5.2.3. Co-occurrence of Self-actualization, Personal Growth, Knowledge, Infor-
mativeness and Usefulness

The co-occurrence of Self-actualization, Personal Growth (37 mentions), Knowledge, Informativeness (49 men-
tions), and Usefulness (34 mentions) highlights the interplay between individual growth and the acquisition of rele-
vant and useful information. Self-growth reflects an individual’s pursuit of developing to their full potential, driving
them to seek content that empowers them to get informed about knowledge that can enhance their worldview. At
the same time, people will prioritize content that has utility and practical applications in their personal development
to help them solve problems, improve skills, and make informed decisions. On the other hand, people’s seeking
for self-actualization is typically driven by their desire to expand their knowledge and obtain content with practical
value. This implies that people have a preference for content that is both informative and useful to provide them
with insights into solving various problems, which act as fuel to create a continuous cycle of self-improvement.

”I hate to watch the same thing over and over and I am more interested when I have something to
learn from the video and it’s something interesting, like video essays and more informative videos that
I never watched and that can manage to get my attention.” (P6)
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These values usually occur together within Task Context, especially influenced by video attributes. These values
are related to specific goals, such as learning new skills and obtaining knowledge. In this context, video attributes
like title, author, content, and pace, play an essential role in attracting users. For example, people tend to prefer
videos with eye-catching covers and titles that are relevant to their demands. Besides, video attributes work as
an indicator, which influences users’ satisfaction levels. When learning and working, individuals will pay attention
to whether the video attributes can satisfy their needs. They probably prefer content that both aligns with their
intrinsic motivation and provides insights relevant to their current tasks and goals.

”The purpose of watching it was to learn about possible new technologies. It felt like more of a market-
ing video than an interesting technology one. I didn’t like the spin the video creator puts on the whole
AI thing.” (P12)

5.2.4. Co-occurrence of Accompany and Mental Health
The co-occurrence of Accompany and Mental Health is also supported by quantitative data. From Table 5.3,
Accompany appeared 16 times, and Mental Health appeared 26 times, indicating that both values are frequently
discussed by participants. The frequency highlights the importance of the values in the YouTube recommendation
system and shows a potential overlap between the two. In some cases, the two values do not inherently conflict
but can compensate for each other. For instance, Accompany means providing a sense of companionship, with
which people can cope with stress in life and pass their free time to relief from loneliness. This can somewhat
support and maintain mental health.

”Whenever I am feeling lonely or thinking of something, l play music...This watching habit is cool to me
because it helps me maintain my mental health and gives me energy and focus on what I am doing
at a certain time.” (P4)
”When I watch videos, I want to hear another person speaking. It makes me feel that somebody is
talking to me...I am pretty much satisfied with my watch habit because it helps me survive dark times
and hardships. I find watching some content creators helpful when it comes to problems in my life. It
makes me less sad and more stable.” (P9)

However, user experiences are complicated and sometimes reveal a contradiction between the values. To be
specific, some users demand that the system fulfill the value of companionship to help them enjoy their leisure
time, yet they simultaneously consider that long screen time conflicts with their pursuit of mental health. They enjoy
the company brought by watching videos but also recognize that it can be time-consuming and goes against their
values around maintaining their mental well-being. The co-occurrence of the two values indicates that people are
facing a challenge in striking a balance between emotional needs and maintaining mental health.

”The blogs help me to pass the free time and are a really good source of company when I am eating
and doing other stuff...I am not that satisfied with my patterns because it means that I am watching
more videos when I should sleep, and I have been watching blogs too much, which means that I have
been bored lately and to cope with that I spend more free time on YouTube.” (P6)

5.3. Analysis of Design Principles
Based on the guidelines for the division of design principles, DP1 (Fully Reflect by Slowing Down the Thinking
Process) and DP2 (Contextual Reflection and Judgment) are central to this study. In this section, we are going to
present the results of our investigation into the impact of the design principles applied to the task. The analysis is
divided into two parts: quantitative analysis and qualitative analysis. By combining the two aspects, we can gain a
comprehensive understanding of how these design principles contribute to users’ reflections on their preferences
and behaviors to generate insights into the contextual factors and values of YouTube.

5.3.1. Quantitative Analysis
The quantitative analysis demonstrates the numerical data measuring the role of each sub-code in enabling people
to self-reflect. Figure 5.1 reveals the number of contextual factors and personal values motivated by each sub-code
in the design principles.
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Figure 5.1: Numerical Data on the Role of the Design Principles

From this chart, it is clear that the sub-code Context Recall triggered 144 contextual factors, indicating that DP2
(Contextual Reflection and Judgment) could truly enable people to make connections to their experiences, habits,
and circumstances, thus reflecting on the reasons behind their behaviors and preferences for watching YouTube
videos. Besides, the sub-code Evaluation and Judgment elicits 127 values in total from 5 themes, showing that
participants successfully reflect on their values and demands for YouTube with the guidance of our proposed design
principles.

Moreover, the sub-code Context Recall was able to trigger about the same number of contextual factors and
personal values, which we did not anticipate. It makes sense as these two are closely related. When people
relate their watching patterns to the contexts, in addition to thinking about the contextual motivations that shaped
their preferences and behaviors, they are equally reflecting on their expectations for YouTube and how these
contexts align with their personal values. As such, Context Recall is able to facilitate dual-layered reflection, which
highlights the importance of this sub-code in assisting people with recalling the external factors and conducting
internal evaluations, making it a key sub-code in understanding how people engage with self-reflection.

5.3.2. Qualitative Analysis
The qualitative analysis delves deeper into how these design principles support and interact with each other, espe-
cially how DP1 (Fully Reflect by Slowing Down the Thinking Process) facilitates the process of Context Recall, how
Context Recall boosts Evaluation and Judgment. For each part, we can break it down into several parts based on
the corresponding sub-codes.

Speculation and Comparison facilitates the process of Context Recall. The process of Speculation and
Comparison plays a significant role in helping participants reflect. They began by making simple guesses about
their favorite video categories and watching time periods. Once they started recalling, they naturally thought about
the reasons behind their guesses by making connections to their interests, habits, and recent activities.

”(I prefer to watch videos related to) classical music, history and culture, and web design. I am currently
building a web blog for myself and others that I intend to monetize. For history, culture, and politics,
I like to listen to Johnny Harris and I like to listen to other stuff about languages, cities, and their
histories. For classical music, I’m a classical musician.” (P1)
”I prefer to watch between 14:00 and 23:00. I am a night owl and I can get most of the work done at
night when it is calm, and I am not a huge fan of brightness and loud noises which can be a case in
the day.” (P10)

In the following, participants were provided with visualizations generated from their actual data. When they encoun-
tered similarities and differences between their expectations and the real situation, they would definitely carefully
consider and interpret the reasons behind them. If their guesses aligned with the actual data, they would probably
attribute it to their hobbies, current status, and life habits. On the other hand, those cases that were inconsis-
tent with their speculation could easily arouse people’s interest and attention, leading them to wonder if some
recent special events or unconscious behaviors were to blame so that they could have a deeper understanding of
themselves.

”Almost accurate as well. This is the time I have lunch and the time after I have knocked off and gone
home.” (P8)
”My guess does not really align with the actual data...So I learned about myself that maybe sometimes
I am getting a little bit distracted in my work and focus myself on different kinds of things unrelated to
the work I perform.” (P3)

Different Angles facilitates the process of Context Recall. We provide two perspectives corresponding to
Section 1, video categories, and time periods, allowing the participants to choose a more interesting perspective
to continue exploring in depth. In most cases, people chose the angle they guessed better in Section 1. To be
specific, participants tend to choose a perspective that they guessed more accurately before in the subsequent
task, as they may feel more comfortable and confident when recalling the details. By switching between the two
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angles, they were able to find a direction they could connect to the previous speculation, thus conducting further
explorations and reflections on contexts.

”It aligns perfectly; as I said I wake up at around 11:00 to 12:00 and watch more around 2:00 with
slight peaks at 17:00 to 20:00...the blog helps me to pass the free time and is a really good source of
company when I am eating and doing other stuff, and I watch video game stuff because I am generally
interested more on that subject and watching more about games lately.” (P6)

Besides, there were some participants who selected the angle that they did not predict correctly in Section 1. This
is mostly due to the fact that they considered the differences interesting and tried to find out the reasons. To be
specific, a participant who made the wrong speculation may choose that angle in Section 2 to investigate what
led to the incorrect assumption. The exploration into unexpected contexts facilitates a deeper and more detailed
recall, as the participants were motivated to consider their cognitive process behind the speculation.

”It is totally different and could be due to the reason that I was only referring to the recent past and
not the whole week...I can see that I have a lot of interest in listening to music right after I wake up
and I can be focused on learning in the mornings. I think this can be due to the reason that I have
more energy and focus in the hours after waking up and maybe not much interest in doing productive
things once times start passing.” (P10)

Constructing a Story Map facilitates the process of Context Recall. The sub-code of Constructing a Story
Map involves requiring participants to reconstruct their day by filling in the activities in the blocks according to the
timeline. This process enables participants to connect their watching behaviors to their activities on that day. Based
on the Miro Boards we collected, most participants managed to complete the timeline, indicating that our design
can effectively and successfully guide people to recall through the day and facilitate detailed memory. Figure 5.2
shows an example of the constructed timeline from a participant.

Figure 5.2: An Example of the Constructed Timeline

In addition to recalling the activities, participants were asked to choose 5 videos according to the reference table
we provided and evaluate their satisfaction levels based on their viewing goals. They needed to fill in the watching
purposes in the Miro Board, and then answer the related questions. Interestingly, in some cases, the activities
and purposes they recalled in the Miro Board were consistent with the answers they provided in the subsequent
reflection questions. The consistency reveals that the act of Constructing a Story Map can successfully enable
participants to reflect on the reasons for their watching behaviors by linking to their activities and viewing goals. For
instance, Figure 5.3 shows that P18 mentioned that he was busy with work from about 7:00 a.m., and he listened
to some music. Correspondingly, he noted almost the same thing in his answers to the reflective questions:

”This was just a song to wake me up while having my morning coffee to get me in a good mood. The
beat of the music video is extremely good and gives a nice upbeat rhythm to get you in the right spot
to start a good day.” (P18)

Figure 5.3: An Example of Participants’ Consistency in Constructing the Story Map and Answering Questions
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Furthermore, we provide detailed information on the videos they watched, including title, author, watching time,
and category, in the reference table. This helped participants recall the detailed video content, therefore reflecting
on the reasons for their preferences.

”The scene of the video and how they were acting up their video as well as how it aligns with their
lyrics. It is actually what I have been thinking when I was still young and in school.” (P4)
”I like the scene where the actor is singing and Bob Dylan walks up onto the sidewalk in the city in the
1960s probably. It is entertaining.” (P15)

Context Recall boosts Evaluation and Judgment. By allowing participants to effectively recall the contexts,
they are able to evaluate whether their watching behaviors and the recommended videos are consistent with their
personal goals and expectations for YouTube. The process of Context Recall helps participants to judge whether
their demands and pursuits for YouTube were satisfied or whether they were deviant, therefore reflecting more
critically on their usage of YouTube.

”The top category is pretty spot on, as I am a classical musician and I tend to watch classical music
mainly all the time...Sincemy goals are to continue studyingmusic and exploring that field to eventually
do a Master’s or another Bachelor’s abroad, I guess that my watching habits are aligned with that.”
(P1)
”I mostly like to keep up with current affairs so I watch a lot of news. I also try to watch videos on social
experiments and see how different people react to different situations. All of this helps me change my
mind in a way that is beneficial to me while tackling real-world problems and different people I meet
out there. I am satisfied with this because it shows I am willing to put in time to learn more about
people and their behaviors. This helps me identify people who are worth my time and those who are
willing to work with me to build a better future that benefits us both.” (P20)
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Discussion

In this section, we are going to consider the implications of the results mentioned above and discuss their relevance
to future practices. We first discuss the guidance for the YouTube recommendation system based on the results
and analysis of contextual factors and values and then explore the lessons learned from our design to provide
direction for the design of a future crowdsourcing approach with personal reflection integration.

6.1. Guidance for YouTube Recommendation System
The co-occurrence analysis of contextual factors and values reveals intricate relationships between different as-
pects that shape user preferences and behaviors. As such, understanding these relationships provides valuable
insights and guidance for improving the YouTube recommendation system to better satisfy users’ needs and ex-
pectations.

The high frequency of the co-occurrence between the Cognitive Context and Temporal Context indicates that time
has a significant influence on users’ cognitive states. Based on this pattern, the YouTube recommendation system
can be enhanced by implementing strategies of dynamic personalization, which means the system can dynamically
adjust the weight of cognitive states at different times. By exploring the temporal nuances of the user’s cognitive
states, the recommendation system can predict more relevant content to enhance the viewing experience. For
example, during productivity hours, the weight of personally interested topics could be increased to recommend
videos related to users’ jobs and educational backgrounds, such as tutorials and industry insights. Conversely, for
the time off work, the weight of emotional needs could be raised to recommend videos that help them relax and
mitigate fatigue, such as soft music and comedies.

The strong co-occurrence between the Cognitive Context and the Task Context suggests that users’ ongoing task
will affect their cognitive states, thus turning them to content that can satisfy their emotional needs and personal
interests. On the basis of this pattern, the recommendation system should be adaptive to users’ current objectives
in order to satisfy their cognitive demands. For example, if the system detects that users are executing tasks that
require full attention, such as studying and working, it is supposed to recommend relevant content to align with
their cognitive demands, such as satisfying people’s emotional needs by recommending soothing videos that help
them stay focused and feel relaxed, or fulfilling people’s individual interests by recommending informative videos
that help them get knowledge related to their job and study.

Based on the overall result of the values mentioned above, the theme of Well-being dominates all the themes.
The emphasis on well-being reflects that YouTube should prioritize content that aligns with users’ well-being goals,
thereby encouraging engagement and leading to richer and more fulfilling experiences. Due to the fact that Well-
being encompasses several dimensions, YouTube therefore needs to focus on different aspects, including facil-
itating deeper connections among users, promoting mental health, and providing resources for users’ personal
development. Additionally, the themes of Public Disclosure and Usefulness are also frequently mentioned, indi-
cating that YouTube should consider enhancing its role as a platform for sharing relevant, accurate, diverse, and
useful information. To be specific, YouTube should empower users to quickly and easily find reliable videos that
provide practical value. Moreover, by promoting content that is credible, diverse, and rich, YouTube can strengthen
its role as a trusted source that provides the required knowledge and helps people make informed decisions.

In addition to independent analysis of these themes, the co-occurrence of values under specific contexts is worth
exploring to provide insights that can guide the enhancement of the YouTube recommendation system. The co-
occurrence of Entertainment and Knowledge, Informativeness is an interesting phenomenon, as these two values
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are somewhat contradictory. People see YouTube as a tool for relaxation while also wanting to gain knowledge from
it. This highlights users’ preference for content that both satisfies their need for enjoyment and enables them to be
informed about information. Based on this trend, YouTube should blur the line between pure entertainment and
informative demand, and recommend educative videos packaged in an entertaining form, such as gamified learning
and edutainment. This can meet users’ needs for relaxation and obtaining knowledge at the same time. Users can
maximize the value of their leisure time while consuming content for entertainment and relaxation. Furthermore,
people’s preferences for Entertainment and Knowledge, Informativeness shift depending on the Temporal Context
and Task Context. Therefore, the YouTube recommendation system can incorporate time patterns into its algorithm
to recommend corresponding categories of videos on different days or time periods. Additionally, YouTube can
refine recommendations by recognizing users’ current tasks. This could be done by adding a real-time feedback
loop. By prompting users to indicate their ongoing tasks, YouTube can adjust the recommendations based on
users’ immediate needs.

The frequent co-occurrence of Self-actualization, Personal Growth, Knowledge, Informativeness, and Usefulness
indicates that users who are eager to achieve their goals and realize personal growth may prioritize their access to
relevant information and the usefulness of the obtained knowledge. They usually seek content that positively and
directly contributes to their personal development. As such, YouTube could identify users’ growth-oriented patterns
through their watching history and previous interactions and recommend relevant videos. For example, YouTube
should recommend videos of specialized knowledge and skills to users who have a personal plan to further their
studies. Moreover, it could suggest and adjust the content tailored to users according to their feedback in order
to make sure the recommended content is useful both ephemerally and over the long term. In addition, these
values are often affected by the Task Context, especially the video attributes, as video title, author, and content
play a significant role in attracting people who are pursuing personal growth. The current YouTube interface only
has the title and author of the video, and when hovering over the video cover, the video will play automatically.
However, it is inefficient, since people cannot get the key information and judge whether the video is useful or not
in a short period of time. As such, YouTube should provide transparent and meaningful descriptions of the video
when people hover over the cover, allowing them to get a quick and brief overview and determine whether to watch
or not.

The co-occurrence of Accompany and Mental Health suggests that when people are watching videos that provide
a sense of presence, they tend to feel comforted since it can help them cope with life stress or pass their free
time. As a result, YouTube can integrate the real-time feedback mechanism into its algorithm to recognize when
users feel lonely or stressed and then recommend corresponding videos. However, despite the fact that a sense
of company contributes to people’s mental well-being, the findings also suggest that excessive screen time due to
a desire for companionship may conflict with users’ mental health goals. To solve this conflict, YouTube can add
a gentle notification system. When users’ screen time exceeds certain limits, the system can send an alarm or
provide recommendations for healthier content choices, thus helping people strike a balance between Accompany
and Mental Health.

6.2. Directions for Future Design
The quantitative and qualitative results demonstrate the efficacy of design principles in encouraging people to
make personal reflections on their preferences and behaviors, with some specific sub-codes playing a crucial role
in guiding participants to consider the contextual factors and elicit personal values.

The data indicates that the sub-code Context Recall is the key element of motivating people to self-reflect. Due
to the fact that this sub-code triggered an almost equal number of contextual factors and personal values, future
design should focus on enhancing this dual-layered reflection. One possible solution is to reinforce users’ under-
standing of the connection between what shapes their behavior and preferences and their personal values when
they are recalling contexts.

The qualitative result also underscores the importance of DP1 (Fully Reflect by Slowing Down the Thinking Pro-
cess) in assisting people with recalling contextual factors. This fact indicates that future applications should take
mechanisms that encourage thoughtful reflection into consideration. Some predefined and designed points should
be included in order to prompt users to slow down their thinking process and reflect seriously on themselves.

More specifically, Speculation and Comparison together with visualizations enable participants to compare their
expectations with actual data in a straightforward way. This process takes time, and therefore participants are able
to pause for serious reflection. Besides, visual aids also play an important role in the reflection process, especially
when people need to make comparisons, as visualizations can be more intuitive than data. As such, the process of
speculation and comparison and visual cues can be applied to make reflections on the usage of other applications.
For instance, in Music apps such as Spotify, people can guess their patterns of listening to music and then see
a clear comparison between their expectations and their actual performance generated from the historical data,
thus gaining a better understanding of themselves.
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Providing participants with Different Angles can encourage more detailed recall and deeper reflection. The ability
to switch between different perspectives enables people to select an angle with special patterns or that they are
more interested in. Based on the success of this sub-code, it can be incorporated into the reflection study on the
usage of other applications as well, allowing people to investigate their behaviors from multiple perspectives. In
addition to containing some external angles like time and categories, some internal factors, such as emotions and
pursuits, can also be taken into account. Empowering people with the freedom to select their way of reflection will
encourage more meaningful and thoughtful insights.

The process of Constructing a Story Map can significantly facilitate people to recall carefully and deeply. By
reconstructing their day step by step according to guidance, people can slowly connect their watching behaviors
to their activities and events, allowing them to reflect in an interesting and interactive way. Those reflection tools
enable people to recall their past experiences in a structured manner and identify significant moments. As a
result, future work can consider integrating those tools into studies that require people to recall past behaviors.
For instance, people can track their journeys or capture the relationships between their emotions and actions by
constructing timelines or maps.

6.3. Limitations
Our proposed approach addresses the inability of current studies to simultaneously address the breadth and depth
of user feedback collected. However, there is still a long way to go. In this section, we highlight some areas for
improvement and suggest directions for future work.

One limitation of our approach is that it merely focused on analyzing users’ textual answers and ignored other in-
sightful actions, such as users’ voice and their interactions with the screens. To be specific, some people will ”think
aloud” during the process, i.e., they will express their thoughts to themselves during the reflection process. On
the other hand, how people interact with the interface, such as scrolling, pausing, and switching between different
angles, can also provide insights into their reflection patterns. At first, I tried to take these aspects into consid-
eration and included a screen recording function to capture the entire interaction during the reflection process.
Nevertheless, this function had some problems. Technical issues such as users refreshing the web pages and
losing network connectivity will interrupt recording, leading to the failure of the screen recordings to be successfully
uploaded to the server. As a result, it was difficult for participants to complete screen recordings, leading us to
collect only a small number of videos. Besides, we also found it complicated to analyze the video content, so our
analysis covered only the textual part.

Based on this limitation, future work could combine different forms of people’s behaviors for analysis to gain a
more comprehensive understanding of their reflection process. This may include integrating audio recordings to
analyze participants’ verbalization, and screen recordings to investigate how they complete the task.

According to the fact that some participants stopped partway through the study, another limitation of our approach
is related to fatigue. The structure of our design asks participants to make personal reflections and provide large
amounts of written responses, which requires concentrated attention and detailed consideration. This will result in
people thinking it is boring and overloaded. Additionally, our design of the task may limit participants’ freedom and
creativity to reflect to some extent. To be specific, we provide the participants with predefined frameworks for the
reflection process, which may restrict their natural thinking process. Some people may prefer more flexible and
interactive tasks, allowing them to reflect and express themselves in a personalized and comfortable way, thus
enhancing engagement and encouraging a deeper and more natural self-reflection.

To address the limitation, future work can focus on increasing task flexibility to reduce participant fatigue and
facilitate engagement. One potential is the introduction of artificial intelligence agents. They can provide real-time
feedback based on the progress and engagement of participants and act as a companion throughout the entire
process. For example, they can adjust the difficulty or style of the question according to participants’ status and
guide participants to conduct reflection through attractive and interactive discussions. Additionally, incorporating
gamification elements into reflection may make the process more appealing and engaging as well.



7
Conclusion

This research is motivated by the fact that recommendation systems sometimes cannot make correct predictions of
users’ preferences, resulting in a degraded user experience. This is due to recommendation systems not acquiring
sufficient user feedback to improve the quality of recommendations. To be specific, most mechanisms of collecting
user feedback are unable to delve into deeper reasons behind people’s preferences and behaviors. Instead, they
merely focus on numerical scales or binary indicators, such as ”like” and ”dislike”, which are too simple and will
restrict people’s expressions.

Actually, there are many exact reasons behind people’s behaviors of clicking on the ”like” and ”dislike” buttons,
such as interests, habits, and current status, which are called contextual factors. Besides, there are other aspects
affecting user experience. In our research, we only focus on personal values, referring to what people consider
important in recommendation systems to assist them with achieving their pursuits and goals. Many methods have
been proposed to collect contextual factors and personal values, such as offline interviews and crowdsourcing
tasks. However, most of them have limitations, indicating that few studies now can satisfy both the depth and
breadth of the data collected. As such, there is a research gap in how to collect deep user feedback on a large
scale.

In order to bridge the gap, we introduce personal reflection. It refers to the process of taking time to think about
and evaluate one’s personal information, such as behaviors, cognitive patterns, attitudes, motivations, and past
experiences. Many ideas have been presented, such as slow technology, gamification elements, and storytelling.
Realizing the potential of personal reflection, we propose such a hypothesis, that integrating personal reflection into
traditional crowdsourcing tasks can enable users to reflect on their personal data, thus generating more nuanced
insights into their preferences and behaviors.

Based on this hypothesis, we present two research questions:

• How to design personal reflection tasks in order to gather users’ contextual factors and personal values for
the YouTube recommendation system in the context of crowdsourcing?

• What contextual factors and personal values for participants’ usage of YouTube are extracted during one’s
reflection?

In order to address the first research question, we presented a novel crowdsourcing approach with personal re-
flection integration that can facilitate people to reflect on contextual factors and personal values of their usage
of YouTube. The design of this approach follows several principles: allowing participants to fully self-reflect by
slowing down their thinking process and to conduct contextual reflection and judgment under guidance.

To solve the second research question, we conducted a user study involving 20 participants recruited on the Prolific
platform. We gained a qualitative and quantitative understanding of contextual factors, personal values, and the
process of reflection based on design principles. The results confirmed the effectiveness of our approach, demon-
strating its ability to collect deep user feedback, which is contextual factors and personal values, in a crowdsourcing
paradigm. In addition, the result also reveals an analysis of contextual factors and personal values extracted from
participants’ textual answers, the co-occurred values in specific contexts, together with the role of design principles
in the reflection process. These findings shed light on the implications of the insights generated from the result,
providing guidance for the YouTube recommendation system and pointing to the directions for the design of similar
studies in the future.
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