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Abstract
Traditional recommendation interfaces often struggle to motivate
users to explore beyond their established preferences. This study
examines whether a conversational, LLM-powered social agent can
encourage engagement with unfamiliar music during playlist co-
creation. The agent first builds rapport over known preferences,
then suggests both familiar and unfamiliar songs.

In a user study, participants interacted with both a chat-based
agent and a traditional form interface, selecting songs “close to”
or “far from” their usual tastes. We analyzed song choices, user
experience, and perceived social dynamics.

While the agent did not significantly increase the selection of
unfamiliar songs, it enhanced enjoyment of both familiar and unfa-
miliar tracks. Linguistic analysis indicates that longer engagement
with the agent correlates with greater appreciation of novel rec-
ommendations. Despite some usability challenges, users found the
agent more engaging than forms. These findings suggest socially
aware recommendation systems can improve user experience and
foster music exploration.

CCS Concepts
• Artificial Intelligence (AI) → Social Agent; • Music Rec-
ommendation → Information Systems; • Information Retrieval
→ Recommender Systems; • User Engagement → Computing
methodologies.
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1 Introduction
Music recommendation systems have advanced rapidly, leverag-
ing AI and machine learning to personalize suggestions through
collaborative filtering [17], content-based filtering [20], and hybrid
methods [2]. Recent progress includes deep learning [21], reinforce-
ment learning [5], and graph-based models [22], yet systems still
struggle to encourage users beyond their comfort zones [18]. Strate-
gies to improve serendipity and diversity include modeling user
personality [8], context [19], and leveraging social influence [3, 13].

Conversational agents have emerged as a promising avenue for
enhancing user engagement and trust in recommendations [6, 7, 10].
In music, dialogue-based agents allow users to express preferences
and refine playlists naturally [4, 13], supporting more dynamic
discovery.

Building on this work, our study examines whether a chat-based
social agent can guide users to explore music outside their usual
tastes by fostering rapport and shared content consumption. We
compare this approach to a traditional form-based interface, ana-
lyzing song selections, user experience (UEQ [11]), and perceived
social presence (ASAQ [9]). Results show that, while the agent did
not significantly increase unfamiliar song selection, it improved
enjoyment and engagement, suggesting socially aware systems can
enhance music exploration.

2 Inside Our Social Agent
Our proposed agent is created to enhance user interaction and
foster rapport during the playlist co-creation process. It is powered
by an OpenAI-based language model (ChatGPT-4) and manages
the flow of the experiment using a state machine. To facilitate the
visualization of the agent’s responses and allow for user interaction,
the state machine is implemented via a Streamlit1 web app interface.

The state machine flow consists of two key phases: Profile Cre-
ation and Song Exploration.

1https://streamlit.io/
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(a) Song Exploration Phase with Prompt (b) Song Exploration Phase Flow

Figure 1: Overview of the Song Exploration Phase: (A) Prompt Example; (B) Session Flow

Figure 2: Flow of the creation of the Lists

2.1 Profile Creation
The Profile Creation phase comprises three states in the agent’s
state machine: collecting age, preferred music genres, and favorite
artists. Each response is validated using the LLM, allowing users
to reply naturally and helping establish rapport through flexible,
conversational interaction.

The collected data is then used to generate two personalized
playlists, ensuring the rapport built is maintained throughout the
experience. To do this, the system queries the Deezer API (http:
//api.deezer.com/radio) for related artists based on user preferences
and ranks them using popularity scores from the Spotify API(https:
//developer.spotify.com/documentation/web-api).

Two lists are constructed: the “Near to You” list features top
tracks from the three most popular related artists, while the “Far
from You” list presents the fifth most popular tracks from the three
least popular artists. This approach exposes users to both familiar
and novel music options while keeping the agent’s engagement
consistent (see Figure 2).

2.2 Song Exploration
After the Profile Creation phase, the agent enters the Song Explo-
ration stage, where tracks from both curated lists are presented in
a conversational manner. Each song is introduced with a tailored
agent comment: “Near to You” tracks are positioned as shared in-
terests, while “Far from You” tracks are framed as opportunities for

discovery. This approach leverages distinct prompts to foster an
engaging and social dialogue (see Figure 1a).

Users can listen to a 30-second preview of each song, after which
the agent collects feedback on enjoyment, prior familiarity, and
any personal associations. This feedback-driven loop continues
until all tracks are explored, as depicted in Figure 1b. At the end
of the session, users are invited to select three favorite songs for
inclusion in a final playlist, encapsulating their preferences shaped
by agent-guided exploration.

3 Experimental Methodology
The experiment was conducted via an online platform hosted on a
dedicated server at the Italian Institute of Technology (IIT). Partici-
pants were randomly assigned to one of two conditions:

• Chat-Agent: Users interacted with the social agent through
a conversational chatbot.

• Form-No Agent: Users completed a static form without any
agent interaction.

Each participant experienced only one condition. The average
session lasted about 20 minutes for the Chat-Agent and 14 minutes
for the Form-No Agent.

In the Song Exploration phase, all songs were displayed at once in
the form-based condition, allowing users to freely browse and listen
within the interface (Figure 3). This ensured comparable exposure
to content across both conditions, with the primary difference being
the presence or absence of social co-consumption with the agent.

(a) Interface Chat-Agent (b) Interface Form-No Agent

Figure 3: Streamlit web app for the Chat-Agent and Form-No
Agent conditions during Song Exploration.

http://api.deezer.com/radio
http://api.deezer.com/radio
https://developer.spotify.com/documentation/web-api
https://developer.spotify.com/documentation/web-api
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3.1 Participants
A total of 156 participants were recruited via the Prolific platform
[14], with 73 assigned to the chat-based agent condition and 83 to
the form-based condition. All participants were fluent in English.
Compensation followed Prolific’s guidelines: £3 for the Chat-Agent
group and £2.25 for the Form-No Agent group.

3.2 Experimental Sessions
Both conditions followed a three-phase structure: (1) Profile Cre-
ation, (2) Song Exploration, and (3) Questionnaire. Participants first
provided demographic information and musical preferences, then
listened to six songs and selected favorites for a final playlist (see
Section 2 for interface details). Sessions concluded with a series of
questionnaires.

3.3 Questionnaires
After completing the session, all participants filled out two question-
naires: a self-assessment of song familiarity and preference, and the
User Experience Questionnaire (UEQ) [11]—measuring perspicuity,
efficiency, novelty, stimulation, and dependability. Participants in
the Chat-Agent group also completed the ASAQ [9], assessing ten
social constructs (e.g., engagement, trust, alliance, and enjoyability)
to evaluate the agent’s social presence and its influence on music
preferences.

4 Results
Our main finding is that users in the chat-agent condition who
encountered at least one unfamiliar song were more likely to select
a diverse range of tracks for their playlists compared to those in
the form condition.

To accurately capture this effect, we analyzed song selection
based on participants’ self-reported familiarity (from the first ques-
tionnaire), rather than solely relying on system classifications. This
approach accounts for individual differences in music knowledge
and ensures that “unknown” songs reflect users’ actual experience,
as system-generated labels may not always align with true famil-
iarity.

We focused our analysis on participants who reported receiving
at least one “unknown” song. The average proportion of unfamiliar
songs chosen for the final playlist was higher in the Chat-Agent
group, as shown in Figure 4a. Statistical analysis using Boschloo’s
exact test [1, 16] confirmed that this difference was significant
(𝑝 = 0.03), suggesting the effect was not due to chance.

These findings indicate that a social agent can encourage greater
openness to unfamiliar content, reducing hesitation and promot-
ing more diverse music choices. This underscores the potential for
socially-aware recommendation systems to enhance user engage-
ment and discovery.

4.1 What About Enjoyment?
Another key comparison examined how users rated recommended
songs in each condition. Results show that participants in the Chat-
Agent group generally rated songs higher than those in the Form-No
Agent group.

As shown in Figure 4b, song ratings were higher and less variable
in the chat-based condition, while ratings in the form condition

(a) Selection of Unknown Songs
Proposed

(b) Average Like Rating Across
the Two Conditions

Figure 4: Exploration and appreciation of recommendations
across conditions: (A) Proportion of unknown songs selected;
(B) Average like rating.

were lower and more dispersed. This analysis was conducted for
both users who received at least one unknown song and those
who only received familiar ones, allowing us to see how unfamiliar
content and interface type interact in shaping preferences.

One explanation is that the chat-based interaction, with its con-
versational and co-consumptive nature, encouraged users to reflect
more deeply on their choices, reinforcing preferences and increas-
ing satisfaction. In contrast, the form condition, being more static
and isolated, may have resulted in less engagement and lower rat-
ings.

A Mann–Whitney U test [12] confirmed the difference between
conditions was highly significant (𝑝 = 7.5 × 10−6). The difference
remained significant for “known” songs (𝑝 = 4.3×10−4), reinforcing
the positive impact of the chat interface on song preference. For
“unknown” songs, the difference was not statistically significant
(𝑝 = 0.090), likely due to the smaller sample, but the trend persisted.

These results suggest that the interactive chat environment en-
hances users’ involvement and confidence in their playlist choices,
leading to greater enjoyment of recommended songs.

4.2 Lessons from the User Experience (UEQ)
questionnaire

To better understand the differences between the Chat-Agent and
Form-No Agent conditions, we compared user perceptions using
the User Experience Questionnaire (UEQ) [11]. This analysis aimed
to determine if higher song ratings in the chat condition could be
explained by differences in interface usability or engagement.

The UEQ results, shown in Figure 5a and Figure 5b, indicate
that users rated both interfaces similarly in overall user experience.
This suggests that factors like usability, visual appeal, or intuitive-
ness did not drive the observed differences in song exploration or
ratings. Instead, these differences are likely due to the interaction
dynamics—the chat’s conversational and iterative nature—rather
than the interface design itself.

These findings reinforce that the chat environment, by allow-
ing users to express and reflect on their preferences in dialogue,
encouraged deeper engagement, more exploration, and higher con-
fidence in playlist choices. The lack of significant differences in
UEQ scores rules out interface bias and underscores the value of
social, conversational interactions in recommendation systems.
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(a) UEQ Chat-Agent Condition
(b) UEQ Form-No Agent Condi-
tion

Figure 5: User Experience Questionnaire (UEQ) results for
(A) Chat-Agent and (B) Form-No Agent conditions.

Figure 6: ASAQ construct results for the agent condition.

4.3 Building Rapport with the Agent
The ASAQ (Artificial Social Agent Questionnaire)[9] is a standard-
ized tool designed to assess user interactions with artificial agents,
focusing on aspects such as engagement, trust, and social presence.
In our study, the ASAQ was used to evaluate how participants
perceived our agent during the interaction.

Figure 6 presents a boxplot visualization of ASAQ scores, il-
lustrating how our agent is rated relative to reference agents. All
agents, including ours, are disembodied and designed to interact in
similar ways. However, despite these structural similarities, notable
differences in perception emerged. These variations can likely be
attributed to scenario-dependent interactions—specific elements
of the experimental context that influence user experiences and
evaluations.

4.3.1 Sentiment. Beyond the questionnaire data, we conducted a
sentiment analysis using the VADER (ValenceAwareDictionary and
sEntiment Reasoner) library [15] to further explore the correlation
between user sentiment during interactions and ASAQ constructs.
We annotated the sentiment of every message in the conversation,
also defining an average sentiment for the whole conversation.
Our analysis revealed a significant correlation between the average
participant sentiment and the Acceptance (p-value = 0.003) and
Attitude (p-value = 0.004) constructs of the ASAQ. However, we did
not find a notable positive or negative correlation between the user’s
sentiment and the agent’s perceived behavior. Instead, our findings
highlight a correlation concerning language neutrality—when a
user expressed a more neutral sentiment, the responses of the agent
also tended to be perceived as more neutral in terms of language.

Specifically, we observed the following results from our analysis
of sentiment and neutrality:

• User Average Sentiment vs. Agent Average Sentiment: The
statistical test showed no significant difference (statistic =
0.1406, p-value = 0.2355), suggesting no strong correlation
between user and agent sentiment.

• Single Message Sentiment (User vs. Agent): Excluding the first
exchange, which was about age, the analysis showed no
significant correlation (statistic = 0.0033, p-value = 0.9320).

• User Average Neutrality vs. Agent Average Neutrality: A sig-
nificant correlation was found (statistic = 0.3977, p-value =
0.00049), suggesting that user neutrality in sentiment was
closely aligned with the agent’s neutral tone.

• Single Message Neutrality (User vs. Agent): Excluding the first
exchange, no significant correlation was found between user
and agent neutrality (statistic = -0.0444, p-value = 0.2431).

These results suggest that when users maintained a balanced,
neutral tone in their expressions, they were more likely to perceive
the agent’s responses as similarly neutral, regardless of the agent’s
behavior. These insights emphasize the role of linguistic neutrality
in shaping user perceptions of the agent, underscoring the impor-
tance of sentiment alignment in human-agent interactions.

4.3.2 Engagement. Engagement during interactions was measured
through the length of the sentences written by users. To better un-
derstand the relationship between engagement and user perception
of the agent, we performed a correlation analysis. Our findings indi-
cate a positive correlation between the total length of user messages
and the User Engagement construct from the ASAQ questionnaire
(p-value = 0.00096). This confirms that participants who were more
actively engaged in the conversation also perceived the agent as
more engaging, reinforcing the validity of the message lengths as
an engagement measure.

Additionally, we observed a positive correlation between user
engagement and the agent’s engagement across both aggregated
conversations and individual messages. This means that when the
agent’s responses were longer and more involved, users also tended
to write longer messages in return. Since the agent’s messages
always preceded the user’s responses, this implies a causal relation-
ship—indicating that the agent’s level of engagement influenced
how much users engaged in the conversation. This finding high-
lights the agent’s role in shaping the dynamics of the interaction
and suggests that its communicative style can directly impact user
involvement.

Specifically, we observed the following results from our analysis:

• User Sum Length vs. ASAQ-User Engagement: A significant
positive correlation was found (statistic = 0.3786, p-value =
0.00096), indicating that longer user messages were associ-
ated with higher engagement ratings on the ASAQ.

• User Sum Length vs. Agent Average Length: A significant
positive correlation was found (statistic = 0.4736, p-value =
2.32e-05), suggesting that longer user messages correlated
with longer agent responses.

• Single Message Length: User vs. Agent: Excluding the first
exchange, which was about age, a significant positive cor-
relation was found (statistic = 0.2820, p-value = 4.05e-14).
This supports the causal relationship, as the agent’s message
always precedes the user’s response.
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These results underscore the agent’s influence on user engage-
ment, suggesting that its communicative style directly impacts the
length of response and involvement of users.

5 Conclusion
This study examined the role of a social agent inmusic recommenda-
tion, specifically investigating whether conversational interaction
could influence users to explore music beyond their existing pref-
erences more effectively than a traditional form-based approach.
Our findings suggest that the chat-based agent played a significant
role in enhancing user engagement, shaping decision-making, and
ultimately increasing the likelihood of selecting unfamiliar songs.

Through a controlled experiment with 165 participants, we found
that users in the Chat-Agent condition exhibited a greater willing-
ness to explore newmusic compared to those in the Form-No Agent
condition. The statistical analysis, using Boschloo’s exact test, re-
vealed a significant difference in song selection behavior (p = 0.03),
indicating that the conversational interface facilitated a more ex-
ploratory approach. This suggests that social interaction, even in
an artificial setting, can foster openness to novel experiences and
reduce reliance on familiar preferences.

Furthermore, participants in the chat-based condition rated their
selected songs higher on average than those in the form-based
condition. This finding, reinforced by a highly significant p-value
(7.498e-6), highlights the potential of interactive recommendation
systems to enhance user satisfaction. Interestingly, even when ana-
lyzing users who exclusively received known songs, the chat-based
interaction still led to significantly higher ratings (p = 4.254e-4).
These results support the notion that engagement in a dynamic, con-
versational exchange strengthens users’ confidence in their choices
and positively influences their perception of the recommendations.

Importantly, results from the User Experience Questionnaire
(UEQ) demonstrated that users did not perceive one interface as sig-
nificantly superior to the other in terms of usability. This indicates
that the observed differences in exploratory behavior and song
preference were not due to interface design but rather stemmed
from the nature of the interaction itself. The chat-based interaction
provided a more immersive recommendation experience, allowing
users to reflect on their choices dynamically and feel more involved
in the selection process.

Taken together, our findings suggest that integrating social in-
teraction into music recommendation systems can enhance explo-
ration, enjoyment, and engagement. While traditional recommen-
dation methods primarily focus on optimizing algorithmic accuracy,
this study underscores the potential of social agents to influence
decision-making in ways that go beyond static preference matching.
Future research could explore how different conversational strate-
gies, levels of agent personalization, and long-term interactions
affect user behavior in music discovery. Additionally, integrating
multimodal feedback mechanisms—such as voice or gesture-based
interactions—could further enhance the experience of interacting
with social recommendation agents.

Overall, our research contributes to the growing body of work
on human-AI interaction in recommendation settings by showing
that a social agent can meaningfully shape users’ music discov-
ery processes—even when it is not responsible for generating the

recommendations. By facilitating interaction and dialogue around
suggested content, conversational agents can help users reflect on
their preferences, break habitual listening patterns, and become
more open to exploring unfamiliar music—ultimately enriching
their listening experiences.
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