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Abstract—Social media have become an indispensable part of
daily life, particularly among university students, who regularly
browse social news feeds in their spare time. Due to their
pervasiveness, social media platforms provide an opportunity
for influencing user behavior and encouraging informal learning.
In this paper, we present an experiment using an online video
recommendation application designed to blend micro-informative
content with general content according to user preferences
and activity history. Based on a one-week study, we conclude
that injecting micro-informative content into video streaming
platforms has the potential to improve the perceived satisfaction
of users and can act as a potential catalyst to motivate users to
consume more informative content online.

Index Terms—informal-learning, video streaming platforms,
social media, well-being, user satisfaction

I. INTRODUCTION

Around 4.62 billion people are active social media users
constituting about 93.4% of the total internet users [1].
YouTube is the most commonly used online platform, and
there is evidence that its reach is growing. In 2021 81% of
internet-connected Americans reported using the video-sharing
site, which increased from 73% in 2019, making it one of just
two platforms to experience a statistically significant increase
in usage [2]. It is clear that social media and video streaming
platforms particularly can offer an opportunity to influence
users’ behavior.

Concerns over social media’s effects on users’ well-being
have increased steadily over the past decade [3]. According
to a study published in 2018 [3], social media can negatively
contribute to adolescents’ mental health. Social media usage
has been linked to a decline in performance and intellectual
abilities [4]. One approach to help regulate social media usage
and, potentially increase digital well-being is to devise appli-
cations that set limits to the use of specific applications and
websites [5]. On the one hand, these static non-personalized
interventions are ineffective over time [6]. On the other hand,
according to the literature, improving the quality of time
spent online reduces the potential drawbacks of excessive
digital presence [7]. To improve the quality of time spent on

social media and specifically video streaming platforms, we
designed MStream, a video recommendation app that blends
recommended short animated micro-informative videos with
general content based on users’ interests and online activity.
We conducted a one-week experiment with university students
using MStream to investigate two research questions: Does
recommending a personalized blend of micro-informative and
general content (based on user preferences and online activity):

1) RQ1: Allow users to feel positive about the time they
spend online?

2) RQ2: Act as a potential stimulus to grow users’ interest
in informative online content?

II. BACKGROUND AND RELATED WORK

A. Learning and Well-being

According to Aked et al., learning is one of the evidence-
based five ways to well-being. Learning may provide a sense
of satisfaction, contentment, fulfillment, accomplishment, and
appreciation [8]. A survey conducted by Narushima et al.
showed that informal lifelong learning could positively con-
tribute to psychological well-being [9]. It can also help deal
with stress and mental problems [10]. Research has also
focused on creating informal learning opportunities. Serrano-
Iglesias et al. [11] tried to connect formal and informal
learning experiences by integrating a mobile application about
the history of art, with a recommendation system based on stu-
dent position. A browser extension developed by Kovacs [12]
teaches vocabulary in the context of Facebook feeds by pre-
senting users with interactive quizzes. The study demonstrated
that users were more likely to engage with learning tasks when
the latter are integrated into the students’ news feeds.

Taking into account the benefits of informal learning on the
one hand and the prevalence of video streaming platforms on
the other, we propose to inject micro-informative videos into
video streaming platform feeds and study the perceived user
satisfaction.
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B. Recommendation Systems and Tools for Well-being

Not enough attention has been paid to the role of recom-
mendations in digital well-being. In many cases, the focus
of recommender systems is business and profit-oriented [13].
Traditional recommendation systems are optimized to enhance
user engagement, leading to an increase in profit and popu-
larity [14], without sufficient focus on long-term effects on
users’ well-being. Some tech companies like Meta and Google
started tackling digital well-being and introduced timers in
their apps to help users overcome the negative impact of
technology on their well-being [5]. Various digital self-control
tools exist [15]. They enable users to record the time spent
online and track their activity. However, these static non-
personalized interventions are ineffective over time [6]. Users
are not only interested in limiting their time online but also in
learning how to benefit and generate a profitable experience
online [7].

Thus, we design a video recommendation app that injects
micro-informative videos into a video streaming feed to test
whether consuming short well-crafted informative content can
enable users to feel that their time is well spent online and
encourage informal learning.

III. METHOD

A. Dataset

The app designed recommends micro-informative and gen-
eral YouTube videos. It employed YouTube videos collected
throughout the YouTube API for the time spanning from
2015 to 2021 split into 6 categories: music, pets and animals,
sports, travel and events, people and blogs and politics. We
define micro-informative videos as short, informative clips that
center around a single idea and aim to inform the users and
spark their curiosity. They were streamed from the TED-Ed
YouTube channel [16]. TED-Ed is an online library of short
animated informative video lessons crafted in collaboration
with educators. The library consists of videos from various
domains including science, health, art, history, hobbies, and
technology. The duration of the extracted videos ranged from
2 to 5 minutes.

B. Recommendation Approach

We model the sequential interactions between the items and
users as a Markov Decision Process and utilize reinforcement
learning and the Actor-Critic method [17] to dynamically
update recommendations according to the users’ real-time
feedback. The actor generates an item to recommend. The
critic evaluates the reward of this recommendation, where the
reward of a clicked micro-informative item is higher than a
clicked non-informative item. While a non-clicked informative
item has a lower reward than a clicked non-informative item.
The actor-network is modeled using recurrent neural network
layers to enable the modeling of sequential consumption
of informative and non-informative content. The prediction
model and training procedure are based on our previous
work [18]. We pre-trained our model using behavior theories
and a simulation model as explained in our previous work [18].

TABLE I: Pre-study questionnaire.

Why do you use social media apps? Four possible answers:
(1) To stay in touch with friends and acquaintances
(2) To stay up-to-date with news and current events
(3) To have fun and entertain myself
(4) To develop my knowledge and skills (cooking, science, any topic))
Please indicate your level of agreement with the following state-
ments (From strongly agree to strongly disagree):
(1) Social media negatively affects my daily activities and schedule
(2) I consider that my time online is well spent
(3) During my free time I usually enjoy acquiring new information
(example: watching cooking lessons, watching ”how to” videos, reading
about a new topic etc.)

The recommendation system tries to learn the long and short-
term interests of users while recommending both informative
and non-informative content and adjusting their frequency and
recommendation time to create higher rewards and increase
the click rate. To avoid the cold start problem, users define
their interests over multiple video categories when they first
register.

C. Recruitment and Participants

We recruited participants by emailing students through our
university groups. We sought active video streaming platforms
users who are also English speakers. Respondents were re-
quired to sign an informed consent form that included infor-
mation about the experiment and the gathering and processing
of their data. Data were anonymized, and users could drop out
of the experiment anytime.

Three participants were dropped at the end of the study for
not having answered the final survey. We present results from
the 37 participants who completed the field study and filled
out the questionnaires. The participants were undergraduate
university students in a variety of majors. They included 20
females and 17 males between the ages of 18 and 23.

D. Experiment Setup and Protocol

The experiment took place in February 2021 and was
conducted in English. All study components were responsive,
enabling participants to access the study using a variety of
devices. The final experiment consisted of four main stages,
detailed below.

1) Enrollment: The participant began by reading a gen-
eral introduction about the study and compensation (15
dollar library voucher). Before participating in the ex-
periment, respondents had to acknowledge the informed
consent.

2) Pre-study questionnaire: In this phase, the participants
were introduced to the experiment steps and rules. The
introduction consisted of a generic overview of the study,
asking them to use the application to watch videos
for seven days and then give their feedback through a
questionnaire after the seven days. Nothing was said
about the nature of the videos recommended. Then,
participants were asked to answer a short questionnaire
before the start of the experiment (Table I).



Fig. 1: In-app videos and feedback collection.

TABLE II: Post-study questionnaire.

Please indicate your level of agreement with the following state-
ments (from strongly disagree to strongly agree):
(1) The items recommended to me in the application matched my
interests.
(2) I found it easy to inform the system if I dislike/like the recommended
item
(3) I enjoyed watching the informative videos recommended (if any)
(4) Through using the app, I discovered new information
(5) I felt that learning new information makes me feel good (about the
time spent online)
(6) I would like to see more informative videos in the original YouTube
app.
(7) I am in favor of an application that helps me balance the time spent
watching pure entertaining vs informative content
(8) After this experiment, I am planning to spend more time watching
informative videos

3) Online experiment: In this phase, participants were re-
quired to remotely access our Web application where the
experiment took place over a period of one week. Partic-
ipants used the application for a period of seven consecu-
tive days. The first time they sign-up, users were asked to
fill in their preferences. After that, they were presented
with a list of videos from which they can choose any
video to click. The recommendation system takes into
account the videos the user clicked on to adapt the next
recommendations. The participants were split into two
groups: the control group and the experiment group.
The experiment group was recommended both micro-
informative videos and general videos, whereas the
control group was only recommended general videos.
The algorithm adapts recommendations starting from the
preferences expressed by the participants and then based
on click history. For analysis purposes, we recorded all
user clicks on videos and collected feedback for each
video (Figure 1).

4) Post-study questionnaire: The final phase consisted of
filling out a post-experiment survey. This survey aimed
at understanding the users’ perceived experience beyond
clicks and in-application feedback (Table II).

IV. RESULTS

We examined three types of data, including (1) the pre-study
questionnaire results, (2) the post-study questionnaire results
and (3) the logged app data. We report the results of the Likert
scale using means (1 = strongly disagree 5 = strongly agree)

and percentages and visualize them using horizontal stacked
bar charts.

A. Pre-study Questionnaire

The pre-study questionnaire indicated that users are not
satisfied with their social media habits. Around 67% use social
media to stay in touch with friends and acquaintances, 71%
to stay up-to-date with news and current events, 64% to have
fun and entertain themselves and 27% to develop knowledge
and skills. Around 78% of the control and experiment group
participants said that social media usage negatively affects
their daily activities and schedule. Approximately 63% of the
control group and 66% of the experiment group participants
reported that they are not happy about how their time is spent
online. The majority of the control and experiment group
participants did not agree with the statement ”During my free
time I usually enjoy acquiring new information”, where the
median of the Likert scale was around 2.9 for the control
group and 2.5 for the experiment group.

B. Post-study Questionnaire

Approximately 84% of the control group and 83% of the
experiment group participants saw it was easy to use the
application and give feedback demonstrating the usability of
the app’s interface and mitigating the impact of its poor design
on the experiment results. A total of around 68% of the control
group and 72% of the experiment group participants reported
that the recommendations in the application matched their
interests (Figure 2).

Fig. 2: Recommendation quality was the same for both groups
and UI was user-friendly.

Approximately 66% of the experiment group participants
enjoyed watching the informative TedEd videos, and around
66% were able to discover new information by using the
application. Around 77% of the experiment group agreed with
the following statement ”I felt that learning new information
makes me feel good (about the time spent online)”. Partici-
pants were asked whether they usually enjoy acquiring new in-
formation during their free time in the pre-study questionnaire.
The majority of the experiment group participants did not
agree with this statement, where the median of the Likert scale
was around 2.5. At the end of the experiment, we asked study
participants whether they plan to spend more time watching



informative videos. Most participants in the experiment group
agreed with this statement, where the mean was around 4.1
(Figure 3). Results of the Wilcoxon Sign-Rank test indicated
that the differences between the before and after experiment
results were significant for the experiment group (p < .002).
However, the same mean for the control group was around
2.31 (Figure 3). Results of the Mann–Whitney U test indicated
that the differences between the experiment and the control
group were significant (p < 0.01) thus, signaling the effect
of injected micro-informative videos. Participants were also
asked in the post-study questionnaire whether they are in
favor of an application that helps them balance the time spent
watching pure entertaining vs informative content, around 70%
of the experiment group agreed with this statement (Figure
3). However, we could not observe this for the control group
(around 30% agreed) where the p-value of the Mann–Whitney
U test was < 0.03. In addition, around 80% of the experiment
group said they would like to see more informative videos in
the original YouTube application (Figure 3) versus 20% for
the control group where the p-value of the Mann–Whitney U
test was < 0.02.

Fig. 3: Post-study questionnaire results showing the increased
interest in informative content for the experiment group.

C. Logged Data

An analysis of the log files of the experiment resulted in the
measurements detailed in Table III. A significant correlation
was found for the experiment group between the variables
”Average percentage of liked micro-informative videos by
the user out of micro-informative videos recommended” and
the variable ”I felt that learning new information makes me
feel good (about the time spent online)” using spearman
correlation (corr coefficient = 0.68) signaling the effect of
micro-informative content consumption on the user.

V. DISCUSSION

A. Discussion of RQ1

Does recommending a personalized blend of micro-
informative and general content (based on user preferences
and online activity) allow users to feel positive about the time
they spend online?

Our first research question focuses on understanding the
impact of consuming micro-informative content on users and

TABLE III: Logged measurements results.

Average session length
per user 24.61 minutes

Average % watched of
each clicked video per
user

Experiment
87.11 (of micro-
informative) 84.08 (of
other videos)

Control 82.38

Average % of liked
videos per user

Experiment
67.21 (of micro-
informative) 66.41 (of
other videos)

Control 64.53

their perceived experience. The results reveal that participants
who consumed micro-informative content relevant to their
interests blended with non-informative content based on the
user interactions feel positive about how they spend their time
online. The answers to the post-study questionnaire revealed
that the experiment group enjoyed watching the informative
content (66%). The answer to the post-study questionnaire
”I felt that learning new information makes me feel good
(about the time spent online)” showed a 77% agreement
among the experiment group with a significant difference
compared to the control group indicating the effect of mico-
informative consumption. The answer to the question ”The
items recommended to me in the tested application matched
my interests” revealed similar recommendation quality for the
experiment and control groups. In addition, the percentage
of liked videos per user is also comparable between the
experiment and the control group eliminating the effect of
bad recommendation quality. The variable ”I felt that learning
new information makes me feel good (about the time spent
online)” was positively correlated with the variable ”Average
percentage of liked micro-informative videos by the user
out of micro-informative videos recommended” indicating the
importance of personalized recommendations.

B. Discussion of RQ2

Does recommending a personalized blend of micro-
informative and general content (based on user preferences
and online activity) act as a potential stimulus to grow users’
interest in informative online content?

The pre-study questionnaire results indicated that both con-
trol and experiment group participants do not usually enjoy
acquiring new information in their free time. In addition,
participants used social media apps the least to ”develop
knowledge and skills”. In the post-study questionnaire, around
80% of the experiment group stated they would like to see
more informative videos in the original YouTube application,
resulting in a significant difference in the pre and post-study
results for the experiment group. Furthermore, approximately
70% percent are in favor of an application that helps them
balance the time spent watching pure entertaining vs informa-
tive content. This observation was not found for the control
group. Finally, most of the experiment group participants plan



to spend more time watching informative videos (mean of
around 4.1) with a significant difference from the control group
that did not agree with this statement.

C. Limitations
We conducted our experiment with a small sample of 37

participants. In addition, we limited our study time to one
week and could not observe longer-term effects.

VI. IMPLICATIONS AND FUTURE RESEARCH

In this work, we set out to investigate the impact of injecting
micro-informative units into video streaming platforms on
users’ perceived satisfaction and behavior.

Our results show that consuming micro-informative content
in addition to general non-micro-informative units on video
streaming platforms positively impacts the perceived users’
satisfaction with how they spend their time online, enables
them to learn new information on the go, and acts as a
possible motivator to increase users’ interest in informative
content. The conducted online experiment sheds light on the
potential of our micro-informative driven recommendation
strategy on improving online user experience and motivating
informal learning. If an algorithm learns the right policy
(frequency, personalized content, timing) by combining purely
entertaining with micro-informative content, social media can
also serve as an entry point for continuous informal learning.
This experiment signifies the importance of social media
apps in influencing user behavior, especially among students
and young people. While micro-informative content was well
received by our experiment participants, it is important to
provide it within an adaptive recommendation approach that
learns the right recommendation frequency and topics for a
target user profile for the intervention to yield a positive user
experience.

This study opens the door to research studying the properties
of informative and specifically micro-informative content that
interests users. We could not notice the same effect for
the control group even though some of the general videos
recommended were informative in nature. This sheds the light
on the properties of micro-informative videos which are brief,
animated and focused on a single topic. Further studies could
consider and vary the format (video, text, images, games,
questionnaires), length and complexity of micro-informative
units. In addition, future research could explore whether such
recommendations could be applied to other social media
platforms and try to incorporate them into existing social
media feeds.

VII. CONCLUSION

In this paper, we presented MStream, a video streaming
application that recommends micro-informative content to
users according to user preferences and history while blending
them with other content. Testing the app with 37 participants
showed that injecting micro-informative content can act as a
catalyst to improve the perceived satisfaction of users, enable
them to learn something new, and act as a motivator to increase
users’ interest in informative content.
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