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ABSTRACT
Music can affect the human brain and cognition. Melodies and lyrics
that resonate with us can awaken our inner feelings and thoughts;
being in touch with these feelings and expressing them allow us
to understand ourselves better and increase our self-awareness.
To support self-awareness elicited by music, we designed a novel
conversational agent (CA) that guides users to become self-aware
and express their thoughts when they listen to music. Moreover,
we investigated two prominent design factors in the CA, proactive
guidance and social information. We then conducted a 2x2 between-
subjects experiment (N = 90) to investigate how the two design
factors affect self-awareness, user acceptance, and mental well-
being. The results of a five-day user study reveal that high proactive
guidance and social information increased self-awareness, but high
proactive guidance tended to influence perceived autonomy and
usefulness negatively. Further, users’ subjective feedback revealed
the CA’s potential to support mental well-being.

CCS CONCEPTS
• Human-centered computing→ Empirical studies in inter-
action design; User studies; • Applied computing→ Health
informatics.
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1 INTRODUCTION
Music is ubiquitous in everyday life [8, 102]. People often listen to
music as a way to self-regulate their emotions (e.g., reduce stress)
and achieve self-awareness (e.g., focus on themselves to understand
their feelings) [91, 99]. Research in psychology and neuroscience
has shown that music affects our brain and cognition [39, 108],
and enhances our positive experience and well-being [91, 107]. For
example, when people listen to music, particularly their preferred
music, the interconnectivity in their brains can associate music and
self-awareness (i.e., an inner state when one becomes the focus of
attention [25]), and invoke their personal stories and emotional
memories (also referred to as resonance with music). Being self-
aware allows us to recognize and understand our feelings and
thoughts, which is associated with good mental well-being [13, 62].

Mental well-being has drawn increasing attention from human-
computer interaction (HCI) researchers. In recent decades, they
have proposed a variety of technologies to enhance mental well-
being, such as conversational agents [51, 54], tangible interfaces [23],
and virtual reality [6]. Given the benefits of listening to music and
its relation to self-awareness, we are interested in the design of
technology to support self-awareness while listening to music, with
the goal to promote mental well-being.

Among various technologies, a conversational agent (CA) or chat-
bot, in particular, is designed to mimic human-like conversations
in the form of either text or voice. The two-way communication
that the CA enables can increase the rapport between users and
agents, which has also been shown to enhance user engagement
and affect user experience in various contexts positively [15, 55, 69].
In the well-being field, CA has been used increasingly to help track
daily information (e.g., mood and activities) [47, 59] and provide
guidance to motivate healthy lifestyle behavior change (e.g., diet
and journaling) [51, 54]. In the music context, CA has been adopted
to recommend personalized songs and help people explore music
genres [15, 42]. However, few studies thus far have investigated
CA’s potential to increase people’s self-awareness while listening
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Figure 1: Our research questions.

to music. In light of the merits of CA above, we believe that by
integrating conversation interaction into music listening, CA can be
suited well to act as a virtual companion that can deliver guidance
to support people’s self-awareness while listening to music.

Therefore, in this study, we designed a CA to foster people’s
self-awareness while listening to music by guiding them to listen
to themselves (i.e., feel the resonance with music) and express their
personal feelings and thoughts that themusic might evoke. Previous
works on CA have suggested that a CA’s proactivity level, e.g.,
proactive or reactive manner of offering assistance, can influence
user experience and interaction behavior in the decision-making
process [15, 75]. Therefore, we considered the level of proactive
guidance (PG) in our CA design and examined whether high PG
in the listening process (i.e., CA proactively nudges users to sense
their resonance with music and express themselves) or low PG
(i.e., CA only guides users to express their thoughts when they
indicate explicitly that the music resonates with them) influences
users’ self-awareness when listening to music. In addition, previous
studies in social music systems have revealed that social information
(SI), such as music comments that other listeners in the music
community posted, contains other listeners’ emotional stories and
personal thoughts, which may cultivate emotional resonance as
well and help people think about themselves [14, 41, 56]. As a CA’s
information delivery has been shown to affect users’ perceptions
and behaviors [53, 55, 64], for example, a CA’s self-disclosure can
affect users’ perceived intimacy positively and encourage deeper
self-disclosure [55], we were also interested to know whether the
presentation of SI (e.g., music comments) in CA can enhance users’
self-awareness while listening to music.

In particular, drawing on a model of well-being-supportive de-
sign proposed by Peters et al. [78], which demonstrates that tech-
nology design may influence well-being within various spheres of
experience, we investigated the effect of our CA design at three
specific levels: task, technology, and life. At the task level, we ex-
amined the way the two system design factors (i.e, PG and SI ) in
the CA influenced users’ self-awareness while listening to music.
At the technology level, we attempted to understand users’ accep-
tance (i.e., intention to use [80]) of the CA, which can be useful to
further improve its design to support self-awareness while listen-
ing to music. Previous research has indicated that users are more

willing to engage with technology and accept it when their inter-
action with the system satisfies their psychological needs [77, 78],
particularly the three basic needs identified in Self-Determination
Theory (SDT) [24]: autonomy, competence, and relatedness. For
example, psychological need satisfaction can mediate the effect
of system design on users’ engagement and acceptance [9, 109].
Thus, in our study, we investigated the way the two system design
factors influenced users’ need satisfaction, and thereby, affected
their acceptance of the CA. Finally, at the life level, we evaluated
our CA with respect to its benefits for mental well-being, with the
goal to determine whether users can reap the benefits of interacting
with the CA that supports self-awareness while listening to music.

In summary, this work investigated the following three research
questions (see Figure 1):

RQ1: How do the two system design factors (PG and SI ) in our
CA affect users’ self-awareness during music listening?

RQ2: What factors can influence users’ need satisfaction and
their acceptance of the CA?

RQ3: What benefits can such a CA offer users to enhance their
mental well-being?

To answer our research questions, we conducted a five-day user
study (N=90) with a 2 [proactive guidance (PG): low vs. high] X 2 [so-
cial information (SI): none vs. music comments] between-subjects
design to evaluate our CA. The evaluation of the CA focused on
users’ self-awareness (at the task level), psychological need satisfac-
tion as well as user acceptance (at the technology level), and mental
well-being (at the life level). Our quantitative analyses revealed
three major findings: (1) At the task level, the level of PG in the
CA influenced the users’ self-awareness, and the presentation of SI
encouraged a deeper level of user sharing; (2) at the technology level,
the CA’s PG influenced users’ satisfaction of the need for autonomy
and perceived usefulness negatively, and (3) at the life level, our CA
improved users’ emotions slightly and showed a potential benefit
to mental well-being.

In short, the contributions of our work are four-fold:
(1) We designed a novel conversational agent (CA) that supports

people’s self-awareness when they listen to music. To our knowl-
edge, this is the first work that attempts to support self-awareness
by integrating conversation interaction into music listening.
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(2) We investigated the effects of two prominent design factors
(i.e., proactive guidance and social information) in such a CA with
empirical evidence.

(3) We conducted a five-day longitudinal study to evaluate our
CA and revealed its influence on well-being at three levels: task,
technology, and life.

(4) We provided practical implications for designing a CA that
can engage people better while they listen to music, so as to foster
their self-awareness and mental well-being.

2 RELATEDWORK
In this section, we review the literature that motivated our study,
including the work on the psychological benefits of listening to
music and self-awareness, technologies for mental well-being as
well as the design of conversational agents.

2.1 Psychological Benefits of Listening to music
Music can be seen as a ubiquitous companion in our everyday lives,
and listening to music is one of the most popular activities in our
leisure time [72, 99, 107]. Previous literature that has investigated
the functions of music has revealed three principal dimensions [91]:
(1) self-awareness, which indicates that music elicits self-related
thoughts and helps people think about who they are and how they
feel; (2) social relatedness, which suggests that people use music to
express their own ideas and thoughts to others, to understand the
way others think, and to feel closer to their friends; and (3) arousal
and mood regulation, which shows that music is used as a form of
entertainment or to improve mood. Moreover, according to psychol-
ogy and neuroscience research [39, 108], music can affect our brain
and cognition; when people listened to their preferred music, they
found themselves having unsolicited self-related thoughts. They
also showed increased connectivity in the frontal part of the brain
that is involved in cognitive processes, such as conscious thinking
and self-reflection, which suggests a relation between music and
self-awareness, together with associated personal and emotional
memories [39].

2.2 Self-Awareness in Psychology Research
In psychology research, self-awareness can be defined as an inner
state in which one becomes the object of one’s own attention [25].
It is commonly distinguished into two types: public self-awareness
and private self-awareness [29, 92, 100]. Public self-awareness refers
to focusing on how other people see us, which often emerges in
social situations when we are in front of audiences, such as when
we are giving a presentation. In comparison, private self-awareness
represents how we see our beliefs, thoughts, and feelings, which
usually occurs when we are exposed to self-focusing and reflect-
ing stimuli such as mirrors and photos. Another type of stimuli
that can create self-focus is written materials (e.g., books and ar-
ticles) and various media sources (e.g., movies and music), which
convey different perspectives and feelings that may likely elicit self-
awareness and lead to self-evaluation [62]. Research has demon-
strated many positive effects of self-awareness on mental health
and well-being [13, 62, 84]; for example, when we are more self-
aware, we can understand our emotions better and reflect on the

way they affect our behavior, which helps us regulate our emo-
tions positively, and hence improves our mental health and life
satisfaction in several aspects, e.g., job, decision-making, and rela-
tionships [84]. To foster self-awareness, different activities (such as
yoga, meditation, and self-reflection journals) have been suggested
to practice being completely in the present [92, 100]. Given that
music can be used suitably as a self-focus stimulus to lead us to
self-awareness, as discussed above, we considered supporting and
strengthening self-awareness in the process of listening to music
to enhance mental well-being.

2.3 Technologies for Mental Well-being
In recent decades, a growing body of literature on HCI and health
has designed various technologies (e.g., self-tracking technolo-
gies, conversational agents, tangible interfaces) to promote mental
health and well-being [21, 89, 96]. For instance, several self-tracking
tools have been developed to self-monitor people’s physical activ-
ities [32, 83], stress [19], mood [50, 67], diet [83], etc., which can
help increase self-awareness and motivate health-related behavior
change [46, 81, 85]. Conversational agents (CAs) are gaining increas-
ing attention in HCI research. They are useful in helping people
monitor their feelings and behaviors [47, 59], encourage deep self-
disclosure in journaling practice [53–55, 79], and improve mental
health and well-being [27, 54, 93]. Previous studies have suggested
that CAs can be a virtual companion, which can not only help track
people’s behaviors and listen to their sharing without judgment but
also proactively offer users’ guidance (such as cognitive-behavioral
therapy [27, 93]) to improve mental well-being in conversational
interactions [27, 93]. Moreover, human-like communication in CAs
has been shown to establish rapport between users and agents and
foster user engagement and trust[43, 54]. Given these advantages of
CAs, our study attempted to design a CA that can provide guidance
to support and strengthen people’s self-awareness while listening
to music.

2.4 Design and Evaluation of Conversational
Agents

In the literature, conversational agents (CAs) are considered largely
to be one type of application that mimics human-human commu-
nication to help users achieve specific tasks, such as finding rec-
ommendations [15, 43], expressive writing [74], and peer support
chats [71]. In designing a CA, the design of conversation interaction,
such as the level of CA proactivity and the information delivery,
can affect how users interact with and perceive a CA [15, 71, 75].
For example, in the recommendation context, a proactive CA that
guides users to follow the suggestions may offer users new in-
sights and knowledge [15, 71, 73], while a reactive CA that allows
users more control may be perceived to be more enjoyable [71, 75].
Moreover, the information delivery of a CA may also affect users’
experience [53, 55, 64]. A recent study found that a CA’s social
sharing, such as its self-disclosure, can improve users’ perceived
intimacy and encourage them to engage in a deeper level of self-
disclosure [55]. Motivated by these observations, we considered
two system design factors, i.e., proactive guidance (PG) and social in-
formation (SI), in our conversational design of a CA and investigated
whether and how they affected user interaction and perception.
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Figure 2: The user interface of our conversational agent includes (a) a dialog window, (b) a music player, (c) music recommenda-
tion, and (d) music comments. Note that the content presented in the screenshot was translated from Chinese to English for
easy understanding.

Moreover, in theHCI literature, amodel forwell-being-supportive
design, i.e., Motivation, Engagement, and Thriving in User Expe-
rience (METUX) proposed by Peters et al. [78], suggests that the
design of technology may influence human well-being within differ-
ent spheres of experience (e.g., task, interface, life, society), which
motivated our evaluation of the CA at three different levels: task
(i.e., how our CA design affected users’ self-awareness while listen-
ing to music), technology (i.e., how our CA design affected users’
need satisfaction and user acceptance), and life (i.e., how such
a CA influenced mental well-being). At the technology level, in
particular, it has been shown that positive experiences can be en-
hanced when the technology can support people’s psychological
needs [16, 77, 78]. According to self-determination theory (SDT),
a theory of human motivation [24] that has been applied in many
domains [68, 77], such as health [4] and games [109], all of us
have three fundamental psychological needs: autonomy, compe-
tence, and relatedness, which can motivate us to seek growth and
improve our well-being [78]. With respect to these three needs,
autonomy refers to the need to feel able to make choices or behave
in accordance with one’s interests and values, competence refers
to the need to feel confident and effective in a task in which one is
engaged, and relatedness refers to the desire to feel connected and
have a sense of belonging with others. Prior studies have shown

certain relations among these, e.g., higher perceived autonomy is
likely to lead to higher perceived competence. Studies have also in-
dicated that users are more willing to engage with a technology and
show a greater acceptance when their interaction with the system
satisfies their psychological needs [77, 78]. For instance, in studies
of mobile applications [9, 109], game elements in the interaction
have been shown to improve basic psychological need satisfaction,
and hence lead to greater perceived user engagement and accep-
tance. Given that users’ perceived psychological need satisfaction
can act as a mediator that affects their acceptance [16], in our study,
we evaluated our CA to understand how our conversation design
affected users’ need satisfaction and hence their acceptance of a
CA that supports self-awareness while listening to music.

3 CONVERSATIONAL AGENT DESIGN
To foster people’s self-awareness while listening to music, we de-
signed a CA that may guide users to listen to themselves (i.e., sense
the resonance with music) and express their personal feelings and
thoughts the music has elicited. Specifically, inspired by the mu-
sic psychology literature [37], the CA is designed to recommend
music according to the users’ current emotions and music pref-
erences, and to guide them to experience themselves and sense
their resonance with music by displaying music comments that
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Figure 3: Screen shots of the dialog between a user and the conversational agent.

contain other listeners’ feelings and thoughts. Figure 2 shows the
user interface of the CA we designed, which consists of two main
parts: a dialog window [Figure 2 (a)] and a music player [Figure 2
(b)]. The dialog window shows the conversations between the user
and the CA, including eliciting the user’s emotion, making music
recommendations [Figure 2 (c)], and displaying music comments
that reflect other listeners’ feelings and thoughts [Figure 2 (d)]. In
the following, we describe the detailed design and implementation
of the CA used in our experiment.

3.1 Conversation Design
To design a CA that can guide people to listen to their feelings and
express their inner thoughts while listening to music, we referred
to the general procedure of receptive music therapy (i.e., the client
listens to music and responds to the listening experience verbally,
or non-verbally, e.g., by using art, dance [10, 35]) to design the
conversation between users and the CA. Note that we used only
the procedure of a receptive music therapy session to guide the con-
versation design of the CA, rather than integrating music therapy
interventions in our CA. Specifically, the conversation procedure
consists of three main parts (see Figure 3 that illustrates the dialog
flow designed in the CA):

(1) Preparation: This part of the dialog is to make a brief assess-
ment of users’ current emotional status and to learn about their
music preferences. In detail, the CA asks users first to indicate their
current emotions by choosing one of the eight predefined emotions
upon Russell’s circumplex model [87] [Figure 3 (a)]. To establish
rapport with users, the CA asks them to recall what happened that
day made them happy [Figure 3 (b)]. Thereafter, the CA shows
eight music tags and asks users to choose one [Figures 3 (c) and
(d)]. This information was then used to generate a list of music
recommendations (see next section).

(2) Music Listening and Conversation: During this part of the
dialog, the CA presents users with five recommended songs and
guides them to listen to their inner feelings and thoughts. If the
system variant supports social information, the CA shows other
listeners’ comments on the song shortly after the music begins to
play [Figure 3 (e)]. These comments were collected from NetEase
CloudMusic, one of China’s most popular social music communities
(see more details in Section 3.3). Noted that our CA only presents
social information (i.e., music comments) rather than simulating
social interaction with users. Further, the CA also asks users to
sense their resonance with the music: the CA with low proactive
guidance shows a pink button, “Resonated” on top of the input field
that allows users to indicate whether the song resonated with them,
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while the CA with high proactive guidance asks users actively to
indicate if the music resonates with them in dialogues [Figure 3
(f)]. If users indicate the emotional resonance with the listened
music, the CA continues to guide users to express their feelings and
thoughts. When it receives users’ self-expression, the CA responds
to acknowledge their sharing, such as saying “Thank you for sharing
this with me!” or “Thank you for letting me know!” To control the
effect of the quality of the recommendation, the CA also asks users
to rate each song on a five-point scale [Figure 3 (g)].

(3) Closing Dialogue: This part of the dialog conducts a debriefing
with users, during which the CA asks them to indicate their current
emotions, and provide their feedback on that day’s music listening
experience [Figure 3 (h)].

3.2 Music Recommendation
Music psychology researchers have studied the relation between
music and emotion extensively. One of the key functions of listen-
ing to music is to match users’ current emotions and release their
suppressed emotions [37]. Previous studies have also suggested
that people tend to have different opinions on the choice of music
to regulate mood and emotions, which depends upon the listener’s
preference for music, active engagement with music, and age [94].
Therefore, we employed a tag-based approach [26] to recommend
music according to the user’s desired emotions and their music
preferences. Specifically, rather than matching the music with the
emotion the user indicated, the CA asks the user to choose a mu-
sic tag according to her/his current emotion [Figure 3 (b)]. In this
way, our CA may recommend certain positive songs to those who
prefer to listen to happy songs when they feel sad. The music tags
were selected based on the NetEase Cloud Music tag system, which
contains five categories of tags (i.e., languages, styles, activities,
emotions, and themes). We selected eight emotion tags to collect
music data to recommend: “Nostalgic”, “Sentimental”, “Healing”,
“Lonely”, “Touching”, “Happy”, “Peaceful”, and “Missing” [Figure 3
(c)]. We collected songs from playlists that contain one of the emo-
tion tags above. To ensure the quality of music recommendations,
we targeted the playlists NetEase Cloud Music has curated or the
top recommended songs with the most likes. In total, we collected
200 songs for the eight emotion tags, each of which had 25 songs
on average. Based on the emotion tag indicated by the user, the CA
selects five songs as that day’s music recommendations. In addi-
tion, users can change the music tag by clicking the button in the
upper right corner if they feel that the songs do not represent their
emotions.

3.3 Music Comments
The CA with social information presents music comments other
listeners posted on the song playing currently. The music comment
card displays three music comments with the author’s nicknames
to let users know what others felt and thought when listening to
that song [Figure 2 (d)]. All of these comments were left by users of
NetEase Cloud Music [14]. First, we collected the top 20 comments
ranked by the number of likes they received. Then, we filtered out
certain comments that were irrelevant to the context of listening
to music, such as jokes, seeking help for mental health problems,
and sharing bereavement and grief. We carried out this filtering

process because, on the one hand, we expected that the comments
might encourage users to express their feelings and thoughts; on
the other hand, we wanted to avoid certain drastic comments due
to ethical considerations (see Section 4.5). In the end, we kept three
comments that disclosed other listeners’ feelings and thoughts for
each song.

4 USER EXPERIMENT
To investigate the effect of our CA design on users’ self-awareness
(at the task level), psychological need satisfaction as well as user
acceptance (at the technology level), and mental well-being (at the
life level), we conducted a 2 [proactive guidance (PG): low vs. high]
X 2 [social information (SI): none vs. music comments] between-
subjects user experiment, in which the participants were asked to
use the CA we designed and implemented for five days within a
week. Before we began our formal experiment, we conducted a
pilot study with three people to ensure that the study procedure
was complete and the system was functional. In this section, we
will present the two system design factors (i.e., PG and SI ) in our
user experiment, and the operation of the experiment, including ex-
perimental procedure, participant recruitment, and measurements.

4.1 System Design Factors
This study investigated the effects of two system design factors in
the CA, proactive guidance and social information, on users’ self-
awareness, psychological need satisfaction, acceptance, and mental
well-being.

4.1.1 Proactive Guidance (PG). We manipulated the PG in the CA
by offering either low or high PG while listening to music. The
low PG provides a button “Resonated” for participants to indicate
whether they have feelings or thoughts at any time about the song
playing currently. In contrast, the high PG uses a nudging approach
to support self-awareness through conversations [74]. For example,
after playing a song for 30 seconds, the CA would ask the partici-
pants “Does this song resonate with you?” to guide participants to
experience themselves and sense if the music resonates with them.

4.1.2 Social Information (SI). The SI presented in the CA refers to
the music comments collected from NetEase Cloud Music where
users with similar tastes in music gather and share their feelings
about the music [18] (see Section 3.3). These music comments con-
tain other listeners’ emotional stories and personal thoughts [14,
22], which may help participants think about themselves and culti-
vate emotional resonance as well. To ensure exposure to the music
comments, the CA that supports SI presents three well-selected
comments in parallel immediately after the music plays ( 2 d).

4.2 Experimental Procedure
Figure 4 shows the flowchart of the five-day user study. On the
first day, all participants were required to sign an online consent
form before registering an account for using our CA (a web appli-
cation). As when users use small-size screens (e.g., smartphones),
they are likely to perform multiple activities simultaneously (e.g.,
listening to music and reading news and messages) [3], we required
our participants to perform the experiment using personal com-
puters (i.e., notebook or desktop) to interact with our CA, which
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Day 1

Consent Form

Study Instruction

Pre-study Survey

Daily Task

Day 2 - 4 Day 5

Post-study 
Survey

Daily TaskRegistration

Daily Task

Daily Task

Indicate current emotion Select a music tag based 
on current emotion 

Listen to a song à Listen to yourself à Express yourself

Listen to five recommended songs

Rate the listened song

Indicate current emotion Give feedback

Figure 4: Experimental procedure of the five-day user study (left) and the flow of daily task (right).

guided users to increase their self-awareness (i.e., concentrate on
their own feelings and thoughts) while listening to music. This was
also because people tend to provide longer and higher-quality re-
sponses (e.g., conscientious and thoughtful answers) using personal
computers than using mobile devices [3, 60]. After they registered,
the participants received an introduction page that explained the
study task and procedure, and they were instructed to finish the
five-day study within a week. First, we determined whether the par-
ticipants understood the introduction to the study by asking three
multiple-choice questions, for example, “How many songs should I
listen to for each day?” Thereafter, the participants who passed the
study introduction test completed a pre-study survey that collected
their demographic information (i.e., age, sex, and occupation) and
measured their mental well-being. The participants then performed
the daily task, including 1) listening to five recommended songs, 2)
expressing their personal feelings and thoughts the music elicited
if any, 3) rating each song on a five-point scale when it ended, 4)
reporting their emotions before and after they finished listening to
five songs, and 5) providing feedback on the day’s music listening
experience. In the end, the participants were asked to fill out a
post-study survey after they finished the daily task on the last day
(Day 5).

4.3 Participant Recruitment
We recruited the participants on WeChat, the most popular social
media platform in China. We advertised our study primarily in sev-
eral local university students’ WeChat groups, and most members
of these groups are recent graduate students. In total, 208 volun-
teers registered user accounts for our study (171 completed the
pre-study survey), 132 of whom completed the first-day task, and
103 completed the five-day tasks. There are two possible reasons
that the 39 participants did not finish the first-day task after they
completed the pre-study survey. First, some participants signed
up for the study probably simply to satisfy their curiosity about a
CA. Second, they may have had difficulty participating in the study
using personal computers (e.g., some people may not have personal
computers in hand during non-office hours). Figure 5 shows user re-
tention during the five-day study. Eight to ten participants dropped
out of the study after they finished the daily task on the first four
days. Two participants dropped out of the study on the last day. The

dropout rate (29/132 = 21.97%) during the five-day study may be
attributed primarily to the significant user effort that a longitudinal
design usually entails [45].

In addition, we filtered out five participants who did not pass the
attention checks on the post-study survey and eight who did not
interact with the CA for more than 30 minutes between two songs
in two daily tasks.1 Finally, we obtained valid responses from 90
participants, among whom 57.78% were female (N = 52) and 42.22%
were male (N = 38). All participants were young adults [19-22 (N
= 29), 23-26 (N = 40), 27-30 (N = 15), > 30 (N = 6)], and more than
half of the participants were students [students (N = 50), employees
(N = 35), freelancers (N = 6)]. The participants who completed the
study were compensated with a coupon for an e-commerce website
worth 100 RMB (approximately 14.45 USD).

132
123

115
105 103

0

20

40

60

80

100

120

140

Day 1 Day 2 Day 3 Day 4 Day 5

N
um

be
r o

f U
se

rs

Figure 5: User retention during the five-day user study.

4.4 Measurements
During the experiment, we logged the participants’ interaction with
the CA to evaluate their actual self-awareness while listening to mu-
sic. After the five-day study, we gauged the participants’ perceived

1We determined a cut-off interval of 30 minutes because it exceeds the expected
completion time (20-30minutes) of the daily task. The eight participants were suspected
of doing other things than listening to music.
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Table 1: Explanation of Expression Depth and the Examples of Coded Responses

Depth Explanation Example

0 No expression of personal feelings and thoughts, incom-
plete and ambiguous expression

“Yes”
“Amazing!”

1 Expression of superficial feelings and thoughts without
ambiguity

“This song makes me recall my younger life.”
“Sweet feeling of falling in love”

2 Expression of relatively deep and personal feelings and
thoughts beyond the comments on music

“It makes me more eager to travel. I miss the time when I could travel
around the world before the pandemic happened.”
“I recall my ex-girlfriend. Although she said she loved me I always
complained that she did not love me enough. Maybe I was too suspi-
cious and made her under too much pressure.”

satisfaction of the three basic psychological needs (i.e., autonomy,
competence, and relatedness) suggested in Self-Determination The-
ory (SDT) [88] and their acceptance of the CA in a post-study survey.
In addition, we assessed their mental well-being before and after
the five-day study. All questions were presented in Chinese because
all participants were Chinese. Therefore, we adopted the validated
Chinese version of the mental well-being scale and translated the re-
maining questions into Chinese manually. Translation followed the
parallel translation protocol [38] in which two authors finished the
initial translation independently and addressed their differences
by discussing with the third author. All authors who translated
the questions are native Chinese speakers and have professional
working proficiency in English.

4.4.1 Self-Awareness. In the context of our study, self-awareness
refers to a mental state in which individuals pay attention to their
feelings and thoughts [25]. Accordingly, wemeasured self-awareness
by tracking the times that music resonated with the participants
(emotional resonance), the number of words they used to express
their feelings and thoughts about the music (expression length),
and their degree of self-disclosure (expression depth).

Emotional resonance (self-reported). Being aware of inner feelings
and thoughts the music aroused could be evidenced by clicking the
“Resonated” button (in the system variant with low PG) or respond-
ing “yes” to the question “Does this song resonate with you?” that the
CA asked (in the system variant with high PG). These two reporting
methods were both intended to capture the emotional resonance
that the participants consciously perceived while listening to mu-
sic, and the difference between these two methods was associated
with the system design factor (i.e., PG) in our CA. By counting the
number of times that self-reported emotional resonance occurred,
we know how many times the participant could be aware of their
feelings and thoughts.

Self-expression. The evaluation of self-expression included the
length and depth of expression. We measured the expression length
by calculating the mean number of words that the participant used
to express the feelings and thoughts for all recommended songs. The
depth of expression was measured by coding manually according to
the degree of self-disclosure that Barak and Gluck-Ofri defined [7].
Table 1 shows the explanations and two example responses for
each of the three depth levels (0,1,2). In total, we recorded 871
responses to the self-expression questions, e.g., “What does this

song remind you of? You can tell me your feelings and thoughts.” Two
authors first coded 87 randomly selected responses independently
and then discussed their differences in coding to ensure a consistent
coding criterion. Finally, they finished coding the remainder of the
responses in mutual agreement.

4.4.2 User Need Satisfaction and User Acceptance. Table 2 lists the
questions we adopted to measure user satisfaction of the three psy-
chological needs and user acceptance. Although previous studies
have validated these questions, we still performed a confirmatory
factor analysis (CFA) to ensure the validity of the constructs mea-
sured by the questions adopted. We retained a single item for two
constructs: perceived autonomy and perceived competence, because
the model failed to keep at least three items for one construct after
the items with low factor loadings were removed.2 The factor load-
ings of all of the question items were larger than 0.5, which met the
accepted level.3 Cronbach’s alphas and average variance extracted
(AVE) of each construct also indicated good internal consistency
and convergent validity.4

User need satisfaction. People have three key psychological needs.
With the support of these three needs, users are more likely to
achieve their well-being goals [88]. We measured perceived au-
tonomy by adopting three questions proposed in previous stud-
ies [97, 109]. Themeasures of perceived competence and relatedness
were based upon the questions Xi and Hamari developed [109].

User acceptance. User acceptance was measured based upon the
questions of three aspects developed in the Technology Acceptance
Model (TAM) [105]: perceived usefulness, perceived ease of use,
and intention to use.

The measure of all question items above was based on a seven-
point Likert scale.

4.4.3 Mental Well-being. This was measured by using a short 7-
item version of the Warwick-Edinburgh Mental Well-being Scale
(WEMWBS) [101], which measures mental well-being based upon
the respondents’ experiences during the past week. For example,

2In CFA, each factor should retain at least three items; otherwise the factor should
be treated as a single-item factor. A factor with two items cannot be identified with
negative degrees of freedom [36]
3The cut-offs for factor loading: 0.32 (poor), 0.45 (fair), 0.55 (good), 0.63 (very good), or
0.71 (excellent) [98].
4The cut-offs for Cronbach’s alpha: 0.5 (poor), 0.6 (questionable), 0.7 (acceptable), 0.8
(good), or 0.9 (excellent) [31]. The accepted value of AVE is greater than 0.5 [36].
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Table 2: Post-Study Questionnaire to Measure Users’ Perceived Need Satisfaction and User Acceptance

Construct Items (each statement rated on a seven-point Likert scale) Factor Loading

User Need Satisfaction

Perceived Autonomy
When using this music chatbot, I have different options.
I feel free to express my ideas and opinions with this music chatbot.
I feel free from outside pressures when I use this music chatbot.

Perceived Competence
I am satisfied with my performance when I use this music chatbot.
I feel like an expert using this music chatbot.
I feel like a competent person when I use this music chatbot.

Perceived Relatedness (Cronbach alpha: 0.800, AVE: 0.578)
This music chatbot helps me to feel part of a larger community. 0.732
This music chatbot makes me feel connected to other people. 0.734
This music chatbot doesn’t support meaningful connections to others. 0.809

User Acceptance

Perceived Usefulness (Cronbach alpha: 0.850, AVE: 0.665)
I would find this music chatbot useful in my life. 0.877
Using this chatbot would improve my satisfaction with life. 0.864
Using this music chatbot would improve my awareness of my own feelings. 0.701

Perceived Ease of Use (Cronbach alpha: 0.810, AVE: 0.604)
My interaction with this music chatbot would be clear and understandable. 0.765
I found this music chatbot confusing to use. 0.870
Using this music chatbot was taxing. 0.697

Intention to Use (Cronbach alpha: 0.941, AVE: 0.841)
I intend to use this music chatbot in my life. 0.900
I expect that I would use this music chatbot in the future. 0.921
I intend to use this music chatbot regularly in the future. 0.931

“I have been dealing with problems well.” The seven statements are
worded positively and measured on a five-point Likert scale.

4.4.4 Music Rating and Engagement.
Music rating. This refers to the extent to which themusic matches

the participants’ preferences and emotions. Each recommended
song is rated on a five-point scale. For each participant, the music
rating overall is the mean rating of all recommended songs.

Engagement duration. The engagement duration refers to the
mean amount of time the participants spent finishing the daily task.
This duration includes the time spent in listening to music and
viewing music comments, and the time the participants took to rate
the music.

4.4.5 Open-Ended Questions. To obtain more detailed feedback
on self-awareness that the CA supported, we asked three open-
ended questions as follows: 1) In what situation did the music or
comments resonate with you (e.g., evoked a memory, sentiment, or
nostalgia) while listening to music with our CA; 2) Were you willing
to share your feelings and thoughts with the CA when the music or
comments resonated with you? Why; 3) Did the CA help you express
your feelings and thoughts? What do you think of the CA with respect
to its support for self-awareness?

4.5 Ethical Considerations
Conversational agents have become increasingly popular in daily
use to improve mental well-being, and can be designed to provide
various types of support (e.g., informational and emotional sup-
port) [57]. However, it is still unclear what should be expected from
a CA or the appropriate levels of support that a CA should provide.
When designing the CA to strengthen people’s self-awareness, we
considered each conversation element carefully and took a cautious
step to design a CA capable of guiding people to listen to their
feelings and express their inner thoughts. In particular, we took
extra care to ensure that the music comments presented during the
conversation did not contain any serious mental health problems or
sensitive topics, such as suicide, depression, bereavement, and grief,
which might be likely to trigger intense emotional responses [53].
Further, to allow more efficient communication and mitigate any
potential harm during the experiment, all participants were asked
to add our official WeChat account at the start of the experiment,
so that they could contact the research team immediately to ask for
help when they encountered any problems.

In addition to the ethical considerations mentioned above, we
endeavored to conduct this study ethically. Before we conducted
our experiment and collected any data, we got the approval of the
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university’s Research Ethics Committee (REC). Then, at the start of
each study, the informed consent was obtained from the participant.
Our participants were informed explicitly that they were free to
choose to participate in, or withdraw from, the study at any point
without any negative repercussions, and they were compensated
at a reasonable hourly wage upon completion. Further, we ensured
that all data collected were kept confidential and were only used
for our research purpose.

5 ANALYSES & RESULTS
We analyzed both the quantitative and qualitative data collected in
the study. Based upon the Self-Determination Theory (SDT) and
the Technology Acceptance Model (TAM), we employed structural
equationmodeling (SEM) to build a path model to analyze all factors
in the model simultaneously rather than separately. The resulting
model allowed us to investigate the effects of the two system design
factors, proactive guidance (PG) and social information (SI), on self-
awareness (RQ1 at the task level), the factors that influenced users’
need satisfaction and their acceptance of CA (RQ2 at the technology
level), and the CA’s influence on mental well-being (RQ3 at the
life level). For convenience, we introduced the notation, “PG ∗ SI”,
to denote different system variants. For example, High PG ∗ None
denotes the variant that offers high proactive guidance but no social
information, and Low PG ∗MC denotes the variant that provides
low proactive guidance and social information.

We performed an SEM analysis using the R package (version
0.6-12).5 According to the rule that each observable variable needs
to retain at least five subjects [11], our sample size (N = 90) met the
minimum sample size (N = 60) required for 12 observable variables.
In addition, we performed Shapiro’s tests to determine all variables’
normality and found that most of the variables were not distributed
normally. Thus, we selected the maximum likelihood parameter
(MLR) estimator with robust standard errors (Huber-White) rather
than the default maximum likelihood (ML) estimator [28]. The con-
structs that the CFA validated were organized according to our
hypothesized paths in SEM. Taking into account the potential ef-
fects of demographic information and music listening habits on
listeners’ emotional reaction to music [17, 86], we included age,
gender, occupation, and users’ previous music listening behavior6
as control variables in the initial model. However, all of them were
not related significantly to other variables, so we removed them in
our subsequent analyses. After pruning the non-significant paths,
the final model had a good model fit7 (𝜒2 (173) = 223.987, 𝑝<.001,
Comparative Fit Index (CFI) = 0.96; Tucker-Lewis Index (TLI) = 0.95,
RMSEA = 0.06; 90% CI: [0.02, 0.08]). Figure 6 presents the causal rela-
tions among the factors. The number in the arrow (A→B) between
two factors is the estimate of 𝛽 that indicates the degree of change
in B for every unit of change in A. The number in parentheses is
the standard error of this estimate. According to the convention,

5https://lavaan.ugent.be/
6We measured users’ previous music listening behavior by adopting two statements
from Goldsmiths Musical Sophistication Index [65]: “I spend a lot of my free time doing
music-related activities.”, and “I enjoy writing about music, for example on blogs and
forums.” Both of them were rated on a 7-point Likert scale.
7Hooper et al. [40] suggested cut-off values for several fit indices: CFI ≥ 0.95, TLI ≥
0.95, and RMSEA < 0.08, with the upper limit of its 90% CI below 0.10.

the paths with non-significant effects (p ≥ .05) were excluded from
the model.

5.1 Self-Awareness in Music Listening (RQ1)
With the task to feel the resonance with music and express feel-
ings and thoughts that the music elicited, we evaluated our CA
based upon three self-awareness measures: emotional resonance,
expression length, and expression depth.

5.1.1 Effects of Proactive Guidance (PG). Figure 6 shows that PG
had a direct positive effect on emotional resonance (𝛽 = 0.542, 𝑝 <.05),
suggesting that high PG leads to more emotional resonance than
low PG. Further, through mediation [PG → emotional resonance →
expression length → expression depth], PG had an indirect positive
effect on expression length (𝛽 = 0.380, 𝑝 <.05) and expression depth
(𝛽 = 0.272, 𝑝 <.05). As shown in Table 3, with the same SI setting,
low PG yielded less emotional resonance and shorter expressions
than its counterpart; but it led to deeper disclosure than high PG
when SI was provided. These effects of PG indicated that low PG
may require participants to have a strong motivation to share their
feelings and thoughts when the music has resonated with them.
However, high PG encouraged participants to think of themselves
and share their feelings and thoughts through more conversational
guidance [53, 74], and thus induced more emotional resonance and
longer expression.

5.1.2 Effects of Social Information (SI). SI had a direct positive
effect on expression depth (𝛽 = 0.709, 𝑝 <.001), indicating that pre-
senting music comments (MC) helped participants express deeper
feelings and thoughts. As shown in Table 3, the combination of high
PG and SI (MC) achieved the highest score for expression depth
(M = 1.25, SD = 0.34), while offering high PG without SI led to the
lowest score (M = 0.77, SD = 0.43). It appears that the effect of high
PG on expression depth depends upon SI, which was evidenced by
a significant interaction effect of PG and SI on expression depth
(see Figure 7), F (1, 86) = 4.71, 𝑝 < .05, [2𝑝 = 0.05. However, we did
not find any direct or indirect effects of SI on emotional resonance
and expression length.

5.1.3 Effects of Music Rating. As a situational factor, the music
rating reflects the degree to which the recommendedmusic matches
the participants’ preferences and emotions. System design factors
did not affect the music rating significantly. However, the music
rating had a direct positive effect on emotional resonance (𝛽 = 0.482,
𝑝 <.001), while it had a direct negative effect on expression length
(𝛽 = -0.207, 𝑝 <.05). Still, the direct negative effect on expression
length was counteracted by an indirect positive effect [music rating
→ emotional resonance → expression length]. The combined total
effect was 𝛽 = 0.131 (𝑝 =.330), indicating that songs that satisfied
the participants were more likely to trigger emotional resonance
and encourage them to write more words to express their feelings
and thoughts.

5.1.4 Self-Awareness Over Time. In addition, we analyzed the trends
of the three self-awareness measures by different variants of the
system during the study period. The five-day study helped us re-
duce the novelty effect on the analysis of self-awareness. Despite

https://lavaan.ugent.be/
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Table 3: Descriptive Statistics of Self-Awareness Measures

High PG ∗ None High PG ∗ MC Low PG ∗ None Low PG ∗ MC
(N=23) (N=22) (N=22) (N=23)

Mean (SD) Mean (SD) Mean (SD) Mean (SD)

Emotional Resonance (times) 10.70 (5.91) 11.27 (6.13) 7.18 (6.59) 9.08 (7.06)
Expression Length (words) 18.64 (22.71) 21.00 (15.01) 13.61 (12.51) 17.17 (15.19)
Expression Depth 0.77 (0.43) 1.25 (0.34) 0.89 (0.42) 0.96 (0.50)
Music Rating 3.64 (0.67) 3.39 (0.48) 3.54 (0.65) 3.61 (0.68)
Engagement Duration (seconds) 260.21 (47.21) 293.72 (82.42) 270.16 (93.29) 275.72 (53.34)
Note: The highest value of each dependent variable is marked in bold.

Table 4: Descriptive Statistics of User Need Satisfaction and User Acceptance

High PG ∗ None High PG ∗ MC Low PG ∗ None Low PG ∗MC
(N=23) (N=22) (N=22) (N=23)

Mean (SD) Mean (SD) Mean (SD) Mean (SD)

User Need Satisfaction

Perceived Autonomy 5.61 (1.16) 5.22 (1.38) 5.77 (0.92) 6.13 (1.01)
Perceived Competence 5.22 (1.35) 4.95 (1.00) 5.09 (1.11) 5.26 (1.39)
Perceived Relatedness 4.16 (1.23) 3.89 (1.16) 3.88 (1.23) 4.45 (1.48)

User Acceptance

Perceived Usefulness 4.74 (1.29) 4.35 (1.11) 4.98 (1.24) 5.20 (1.12)
Perceived Ease of Use 5.10 (1.08) 4.59 (1.26) 5.03 (0.97) 5.39 (1.10)
Intention to Use 4.29 (1.47) 4.08 (1.15) 4.83 (1.35) 4.80 (1.37)
Note: The highest value of each dependent variable is marked in bold.
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Figure 7: Interaction effect of PG and SI on expression depth.
SI (MC) had a positive effect on expression depth, especially
when combined with high PG.

the declining trend in self-awareness in the first four days, we found
a slight increase in most self-awareness measures on Day 5.

Emotional resonance. Figure 8(a) shows that emotional resonance
(times) continued to fall in Low PG ∗ None. Generally, the values
on the first day were the highest in all system variants. Moreover,
high PG always induced more self-reported emotional resonance
than low PG, which is consistent with the significant positive effect
of PG on emotional resonance.

Expression length. As shown in Figure 8(b), expression length
fluctuated in all variants during the study. The value remained at
the Day 1 level after the five-day task only for Low PG ∗MC. For
other variants, the initial values were the highest. Similarly, Low
PG ∗ None was the lowest for the majority of the time.

Expression depth. Figure 8(c) shows that expression depth con-
tinued to decrease from Day 1 to Day 4 and then rose for most
variants. High PG ∗ MC appeared to be the best on all five days,
and Low PG ∗ None was still the lowest the majority of the time.
In addition, offering SI often led to deeper expression, particularly
when combined with high PG, which confirms the positive effect
of SI on expression depth. However, in general, it demonstrated a
decreasing trend during the study.

5.2 User Need Satisfaction and User Acceptance
(RQ2)

As per Self-Determination Theory (SDT), satisfying the three basic
psychological needs, i.e., autonomy, competence, and relatedness,
determines the motivation to use the system [88]. Further, a previ-
ous study on a mobile assessment app showed the positive effect
of user need satisfaction on factors of the technology acceptance
model (TAM) [70]. Therefore, we analyzed the way the need satis-
faction factors mediated the effect of the system design factors on
user acceptance in our study.

5.2.1 Effects on User Need Satisfaction. There was only one sig-
nificant effect of system design factors on user need satisfaction.
Specifically, PG had a direct negative effect on perceived autonomy

(𝛽 = -0.468, 𝑝 <.05), suggesting that high PG led participants to per-
ceive less autonomy. Moreover, the music rating had direct positive
effects on all the need satisfaction factors, among which the effect
of the music rating on perceived competence was the strongest (𝛽
= 0.675, 𝑝 <.001).

5.2.2 Effects on User Acceptance. We observed a direct negative
effect of PG on perceived usefulness (𝛽 = -0.625, 𝑝 <.05), indicat-
ing that participants perceived that the CA, which guided users
to think about their feelings proactively while listening to music,
was less useful. In addition, PG had multiple indirect negative ef-
fects on perceived usefulness [PG → mediators (self-awareness and
need satisfaction) → perceived usefulness]. Thus, the combined total
negative effect was strong (𝛽 = -0.912, 𝑝 <.01). In contrast, the
path [SI → expression depth → perceived usefulness] demonstrated
that SI had an indirect positive effect on perceived usefulness (𝛽 =
0.216, 𝑝 =.07), suggesting that the presentation of music comments
increased the participants’ perceived usefulness of the CA. Simi-
larly, the positive effects of music rating on perceived usefulness
were mediated by all of the need satisfaction factors, suggesting
that the higher the music rating, the more useful the participants’
perception of the system.

Perceived autonomy and perceived competence mediated two
indirect negative effects of PG on perceived ease of use. Combined,
we obtained a total effect of -0.406 (𝑝 <.05). Through the same
mediators, the music rating had two indirect positive effects on
perceived ease of use, with a total effect of 0.558 (𝑝 <.001).

As perceived usefulness influenced intention to use strongly (𝛽
= 1.849, 𝑝 <.05), all effects (direct and indirect) on perceived use-
fulness can be attributed to intention to use. Thus, both the system
design factors and the situational factor (music rating) influenced
user acceptance of the CA differently by satisfying the three basic
psychological needs.

Table 4 shows an interesting phenomenon, in which presenting
SI decreased the values for all variables when being combined with
high PG, but increased the values for all variables (except intention
to use) when combined with low PG. Further, the system variant
Low PG ∗MC was the top-ranked for all variables except intention
to use. However, the interaction effects of the two design factors
on these variables were insignificant.

5.3 CA for Mental Well-being (RQ3)
The difference between the mental well-being scores measured
before and after the study reflected the CA’s potential effect on
mental well-being. In addition, we analyzed changes in participants’
emotions before and after the daily task.

5.3.1 Effects on Mental Well-being. The model showed no direct
effect of the two design factors on mental well-being, but mediation
[PG → perceived autonomy → mental well-being] showed a weak
indirect effect (𝛽 = -0.056, 𝑝 =.100). Through the same mediator,
perceived autonomy, the music rating also had a weak indirect
effect on mental well-being. Thus, we can say that satisfying users’
needs for autonomymay support humanmental well-being. Overall,
the participants’ mental well-being showed a minor improvement
(mean = 0.165, SD = 0.624) on a five-point scale. However, the group
of participants with low initial mental well-being (below themedian
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Figure 8: The trends of the three self-awareness measures by different variants of the system during the study. (a) Emotional
resonance (times) continued to fall in Low PG ∗ None during the five day. (b) Expression length fluctuated in all system variants
and Low PG ∗ None was the lowest most of the time. (c) Expression depth decreased from Day 1 to Day 4 and then rose for most
variants. High PG ∗MC was the best on all five days.

of well-being values) had a better improvement (mean = 0.398, SD
= 0.644).

5.3.2 Emotion Improvement. The eight emotions were categorized
into four negative emotions (distressed, sad, angry, tense) and four
positive emotions (excited, happy, satisfied, calm) according to
Russell’s circumplex model [87]. Figure 9 shows the percentage of
the participants who reported positive emotions in two sessions:
the pre-task (light purple) and the post-task (dark purple). The
percentages measured before the task fluctuated throughout the
study period. However, the percentages were always higher in the
post-task (approximately 90%) than in the pre-task, suggesting that
performing the daily task with the CA may improve the users’
emotions.
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Figure 9: The percentage of positive emotions measured be-
fore and after the daily task.

5.4 Subjective User Feedback
Following an open-coding protocol, one author analyzed partici-
pants’ responses to the three open-ended questions (see Section 4.4.5)
in the post-study survey. The feedback referred to four main aspects:
emotional resonance, self-expression, support for self-awareness,
and benefits to mental well-being.

5.4.1 Emotional Resonance. Recommending music that matched
users’ preferences and emotions appeared to be crucial to trigger
emotional resonance. Most of our participants (N=85) in our study
mentioned that the listened music and the lyrics can resonate with
them. For example, two participants said,

“The songs are more likely to resonate with me if they
are familiar to me...” (P6, Low PG ∗ MC)
“... the songs that resonate with me should be able to trig-
ger my deepest memories and arouse my past emotions.”
(P68, High PG ∗ None)

In addition, three participants explicitly mentioned that they
were touched by seeing the same feelings and thoughts expressed
in the music comments. For example, a participant noted,

“... the music tends to resonate with me if the comments
for this music share some same experience with me...”
(P90, High PG ∗MC)

5.4.2 Self-Expression. The users’ acceptance of the CA influenced
their willingness to express their feelings and thoughts to it, echoing
the previous findings in human and chatbot communication [95].
According to the participants’ feedback, 60% of the participants
(N = 54) were willing to share their feelings and thoughts with
the CA when emotional resonance occurred. As two participants
mentioned,
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“I would like to, because we don’t know each other, and
it’s fun to tell a stranger what’s on your mind.” (P59,
Low PG ∗ MC)
“...this CA is not a real person after all, so I was more
willing to talk about my feelings, without caring about
audiences’ responses and my wording.” (P83, Low PG ∗
MC)

However, some participantswere reluctant to express their thoughts
to a CA that demonstrated limited humanness. For example, one
participant said,

“I was a bit reluctant to share because it is just a ma-
chine, and looks a little indifferent.” (P17, High PG ∗
None)

Self-expression also depended on the current emotions the music
aroused. Sometimes, it was difficult for participants to describe their
feelings and emotions. For example, one participant noted,

“If I want to share my feelings, I will only say it when I
can describe or express the feeling. Some emotions were
subtle and difficult to describe accurately or made me
feel ashamed. But if the emotion were very strong, I
would like to share it.” (P69, Low PG ∗ None)

Users’ privacy concerns about the CA may also be a reason
that they did not share feelings and thoughts, as one participant
mentioned,

“... not sure how well privacy protection is done in the
backend.” (P69, Low PG ∗ None)

5.4.3 Support for Self-Awareness. The responses to the third ques-
tion indicated that 68.9% of the participants (N = 62) perceived
the CA’s support in self-awareness. It appears that reading music
comments helped them improve their self-expression skills.

“...At the beginning of using it, I had a lot of thoughts
but no idea how to write them out clearly. Later, I know
how to express my feelings and thoughts more concisely
and clearly after reading other comments.” (P45, High
PG ∗ MC)

Moreover, listening to music and expressing themselves also im-
proved the participants’ ability to sense their feelings and thoughts.

“... The task of listening to music and expressing myself
trained my skills in expressing abstract feelings through
language... Although the feeling is somewhat difficult,
long-term training with this system should be more
helpful” (P76, Low PG ∗ None)

However, some participants believed that the CA would bring
more benefits to people’s self-expression only when it offers more
interactive guidance for self-expression.

“Not really. I think the process of self-awareness is a
step-by-step reflection and exploration. It is hard to get
there if it is just one-sided thinking without interactive
guidance” (P36, Low PG ∗MC)

5.4.4 Benefits to Mental Well-being. Despite the minor improve-
ment in mental well-being measured by the WEMWBS question-
naire, some participants (N=16) acknowledged the positive influ-
ence of CA on mental well-being. We show several examples below.

“I often used this chatbot in the early morning. I felt
like I had better emotions and was full of passion for
life and work after finishing the task” (P56, Low PG ∗
None)
“...chatbot encouraged me to face my emotions rather
than avoiding them...I rarely had time to face my emo-
tion and think about my inner thoughts. When express-
ing my emotion, even if I was not happy, I wanted to
release negative emotions through self-expression... This
chatbot made me feel relaxed. Many times when I felt
nervous or sad, interacting with it allowed me to calm
down...” (P80, Low PG ∗ None)
“Expressing my emotions makes me happy. I enjoyed
reading what other people shared in music comments.
Sometimes when I found other people feeling the same
way, I felt connected with them” (P45, High PG ∗ MC)

6 DISCUSSION
In this research, we designed and implemented a novel conversa-
tional agent (CA) system to support self-awareness while listening
to music. In particular, we considered the two system design fac-
tors, i.e., proactive guidance (PG) and social information (SI) in our
CA design and performed a five-day longitudinal study to evalu-
ate our system. As inspired by a model for well-being-supportive
design [78], we investigated the effect of our CA design on user
experience and well-being at three different levels: task (RQ1), tech-
nology (RQ2), and life (RQ3). This section briefly summarizes our
main findings as follows.

• Self-awareness was significantly influenced by the two
system design factors. High proactive guidance (PG) in
the CA encouraged significantly more emotional resonance,
and social information (SI) led to significantly deeper self-
expression.

• User acceptance was significantly influenced by the
two system design factors, mediated by users’ self-
awareness and their need satisfaction. With high PG
the CA provided, participants tended to have a reduced feel-
ing of autonomy and perceived that the CA was less useful.

• User feedback revealed the CA’s potential to improve
emotions and support mental well-being. Performing
the daily task had a consistently positive effect on the par-
ticipants’ emotions over five days. Despite a minor increase
in mental well-being measures, the participants’ comments
reflected the benefit they perceived of interacting with the
CA to support self-awareness and mental well-being.

• Music rating influenced emotional resonance andusers’
need satisfaction directly. If the music matched the users’
preferences and emotions, it was more likely to resonate
with them and satisfy their needs for autonomy, competence,
and relatedness.

In the following, we discuss our main findings and the impli-
cations derived for the future design of technology to foster self-
awareness and support mental well-being.
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6.1 Supporting Self-Awareness
Feelings and thoughts aroused by music have been shown to in-
crease human self-awareness [2]. The two design factors’ positive
effects on self-awareness imply that proactive guidance can en-
courage users to actively think about their feelings and thoughts,
while social information may serve as examples to provoke deep
self-expression. Similar to chatbot guidance for self-reflection [74],
high PG led users to get in touch with the feelings and thoughts
associated with music consciously. Nevertheless, some participants
thought that the current CA’s PG reminded them only to think,
but did not help them know how to think. For example, one par-
ticipant said, “...It is hard to get there if it is just one-sided thinking
without interactive guidance.” (P36, Low PG ∗MC). Therefore, fu-
ture design may offer example-based guidance to help users
understand themselves and describe how they feel [111]. Fur-
thermore, in our system, all of the music comments were related
to self-disclosure (e.g., feelings, experiences), which could connect
the listeners with the music comment posters if they shared similar
feelings or experiences [18]. Such social information can transform
individual listening experiences into collaborative listening expe-
riences and cultivate self-expression [58]. As per social exchange
theory [20], online self-disclosure has a reciprocal effect that could
promote others’ self-disclosure [7], which may explain the positive
effect of social information on expression depth.

In addition to the effects of the two system design factors, music
per se influences human emotions profoundly [44, 102]. Thus, the
music rating influenced the occurrence of emotional resonance
positively. The subjective feedback indicated that the participants
were more likely to be touched by the music with which they were
familiar or that reflected their emotions. Despite the music rating’s
direct negative effect on expression length, when combined with
the indirect positive effect, the total effect was positive. Hence, we
speculate that improving music recommendations can benefit
self-awareness, for example, by personalizing music recom-
mendations based upon emotions and mood [1, 5].

Conversational systems have been demonstrated to have great
potential in psychoeducation and self-adherence [103]. Several chat-
bots have been developed that are able to self-disclose to promote
users’ self-disclosure, thereby promoting self-awareness and men-
tal health [53, 55]. Other chatbots have been designed to improve
emotional self-awareness by incorporating different programs, such
as mood reporting, therapeutic exercises [63], coaching interven-
tion [30], and storytelling [90]. To the best of our knowledge,
our work is the first attempt to explore design opportunities for
a musical CA that is intended to support self-awareness. Com-
pared to certain existing CAs for music recommendation and explo-
ration [15, 42], our CA supports users’ self-awareness by guiding
them to listen to their inner feelings and thoughts and express them
when listening to music.

6.2 User Acceptance of CA
Our study demonstrated that the level of PG in the CA strongly
affected the users’ satisfaction of psychological needs and their
acceptance of the CA. As shown in our results (Figure 6), high PG
influenced the users’ perceived autonomy and usefulness negatively.
This result is consistent with previous observations that a highly

proactive system encourages users to make a decision and take
actions, which may be perceived as intrusive and controlling and
hence reduce the feeling of autonomy [75]. In our case, although
the CA with high PG encouraged increased occurrences of reso-
nance, the CA with low PG allowed users to listen to music and
their inner thoughts at their own pace, which may have evoked
the users’ feeling of freedom and, thus, enhanced their perceptions
of autonomy and usefulness. Moreover, consistent with the SDT
literature [52, 70, 78], the satisfaction of the needs for autonomy,
competence, and relatedness mediated the relation between the
design factor and user acceptance. Users’ perceived autonomy has
been shown to affect their satisfaction of the need for competence
and relatedness, which further demonstrates the importance of per-
ceived autonomy in the CA design [69, 110]. These results suggest
that, when designing a CA to support self-awareness, design-
ers should be cautious about increasing the level of proactive
guidance and respect users’ freedom to express their feel-
ings and thoughts (e.g., when to express and what to express)
while listening to music.

With respect to the SI (e.g., music comments) the CA provided,
it was found to encourage users to demonstrate a deeper level of
thinking and expression, which increased users’ perceived useful-
ness of CA further. From our results in Table 4, we can see that
when the CA with low PG provided SI during the interaction, users
tended to perceive more autonomy. This may be because such SI
fosters users’ connectedness with others; as one participant said,
“... I enjoy reading what other people shared. Sometimes when I see
other people feeling the same way about the same song, I feel as if
I know them.” (P45, Low PG ∗ MC). These results are roughly in
line with those in prior research [55, 82], suggesting that computer
agents’ information sharing (such as chatbot’s self-disclosure) can
increase users’ perceived intimacy and trust of the agents. Our find-
ings extend the previous literature by suggesting that the social
information the CA provides may also help satisfy users’
psychological needs, and hence, improve their acceptance.

Meanwhile, most of our participants were willing to share their
feelings and thoughts with our CA. Similar to other studies of
CAs for mental well-being [53, 73, 106], they felt less pressure to
share their personal feelings and thoughts with the CA than a real
person. However, they asked for more interactivity (e.g., empathetic
responses) and personalized experiences (e.g., personalized music
recommendations that are associated with their music tastes) in the
CA. From the perspective of SDT [78, 110], more personalized CA
can foster users’ feelings of autonomy and competence better, as
personalization may create a sense of ownership (that supports user
autonomy) and help users accomplish the task in which they are
engaged (that fulfills the need for competence). Therefore, further
research should be undertaken to investigate how to design
better interactivity and a personalized experience in a CA
that supports users’ self-awareness.

6.3 Music Technologies for Mental Well-being
A large body of evidence has demonstrated the positive effects
of music on people’s mental health and well-being [91, 104, 107].
In light of the benefits of music and the popular use of computer
software to access it, variousmusic technologies have been designed
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to enhance health and well-being [12, 58, 66], e.g., tangible devices
to support emotional regulation inmusical activities [12]. This study
extends the previous literature by designing a CA to support self-
awareness in the context of everyday music listening, which has
been demonstrated to help improve people’s emotions with daily
use. Consistent with the literature [99], our study demonstrated
that personal music preferences (denoted by music ratings in our
study) influenced users’ satisfaction of psychological needs, which
affected the benefits (e.g., self-awareness) they reaped from listening
to music. Therefore, further studies that integrate personalization
into music technologies to strengthen self-awareness are suggested.

Our findings also indicated the importance of supporting user
autonomy to enhance mental well-being in the music context (as
shown in Figure 6), suggesting that further research on autonomy-
supportive design for music technologies should also be investi-
gated to enhance well-being better [16, 78]. Moving forward, the
CA we designed could be improved further with respect to its bene-
fits to mental well-being by taking into account additional findings
or approaches (such as active and receptive music therapy [2, 61])
from music psychology research. For example, in addition to lis-
tening to music passively, it would be more engaging if a CA can
interact with people to encourage them to sing or play songs, or
discuss music, such as song lyrics, which may also be beneficial in
fostering self-awareness and supporting mental well-being [2].

7 LIMITATIONS AND FUTUREWORK
To interpret our research findings fairly, we discuss the limitations
in our work and propose future work that could address them.

First, the majority of the participants in our study are Chinese
young adults with a good educational background. However, young
and older adults may experience different effects of listening to mu-
sic on emotion and well-being [33, 34]. Also, culture may influence
people’s perception of and interactions with CAs [76, 112]. Thus,
the findings of this study may not apply to other cohorts, e.g., the
middle-aged and elderly populations. Future work may validate our
findings by evaluating the design concept with other populations
beyond Chinese young adults.

Second, we used a uniform recommendation pool that contained
200 songs for all users, which ignored the users’ special require-
ments for other music attributes, such as genres, artists, and lan-
guage. The CA recommended music from the most popular playlists
that matched the emotion tags the users indicated. As these playlists
were not tailored to the users’ music attribute preferences, some
unfamiliar songs scarcely resonated with the users, even if they
matched their emotions. Moreover, the selection of music comments
ignored the users’ current emotions and identities; thus, some un-
matched comments may have influenced users’ self-awareness neg-
atively. For example, a single student user is unlikely to be inspired
by a comment about parental stress. In the future, we may build
a user profile based on the user’s history data on various online
music platforms (e.g., Spotify and NetEase Cloud Music) and tailor
the music comments to listeners’ emotions, which may help further
support self-awareness in the experience of listening to music.

Third, we chose a rule-based approach with predefined response
options to limit the complexity and uncertainties in dialog manage-
ment. The CA’s utterances may thus appear to be dull and fail to

show empathy for users’ self-expression. In light of certain techni-
cal limitations in our system, future work may be undertaken to
diversify the manner of proactive guidance and improve our CA’s
communication skills by testing some small-sized pre-trained lan-
guage models used to build an end-to-end empathetic chatbot [57].

Fourth, the participants were required to test the CA on their
personal computers in a quiet place. However, young people today
are more likely to use smartphones to listen to music [48]. The
smartphone allows users to access music with fewer restrictions
on location and time and create a context-aware experience of
listening to music [49]. In the future, we will adapt the CA’s user
interface to mobile devices. For example, to fit the small display on
a smartphone, we could hide the current music player and allow
the play control on the music card to be displayed in the dialog
window. Further, we will conduct a study to validate the effect of
the CA on self-awareness and well-being in a smartphone context.

8 CONCLUSION
Listening to music has long been shown to influence mental well-
being positively. By sensing and expressing the feelings and thoughts
the music arouses, users can understand their emotions and be-
havior better and achieve greater self-awareness. However, little
research has investigated how to support self-awareness while lis-
tening to music. CAs have been shown to positively affect human
mental well-being by encouraging self-disclosure [53, 55] or offer-
ing various intervention programs [30, 90], which inspired us to
propose this novel system that combines conversational interaction
and music listening to support self-awareness. By conducting a
five-day longitudinal user study, our study investigated the design
opportunities for such a system by examining the way the two
prominent design factors, proactive guidance and social information,
influenced user experience and well-being at three different levels
(task, technology, and life). In general, proactive guidance appears
to be a double-edged sword; designers need to make a trade-off
between its positive effect on self-awareness and its negative side
effect on user acceptance. Regarding social information, it can help
foster users’ self-awareness, which is likely to increase user accep-
tance. Users’ subjective feedback also demonstrated the potential
benefits of our CA on mental well-being. Based upon our findings,
we offered several design suggestions to improve such a system
to help people raise their self-awareness while listening to music.
We hope our work will encourage more researchers to design more
powerful CAs to support various music activities (e.g., lyric analysis
and music composition) that could support mental well-being.
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