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This study examines how music listening is associated with stress levels among individuals with mental health conditions
(depression, anxiety, PTSD, bipolar) using large-scale social media data. We analyzed 10,264 Twitter users and applied a
propensity score—matched mixed-effects modeling framework to control confounding factors and account for repeated
measures. We explored how music genres (Jazz, Hip Hop, Rock, Pop) and audio attributes (tempo, valence, instrumentalness)
correlate with stress responses across mental health conditions versus matched controls. Results revealed significant between-
group differences and genre-specific effects. For example, depressed users showed 23.5% higher stress than controls 60 minutes
after listening to pop music, and PTSD users showed a 33% increase after 30 minutes. Anxiety and bipolar groups did not
exhibit significant stress changes with pop. We also found low-valence (“sad”) songs led to delayed stress increases (e.g.,
14% in depression, 25% in bipolar), while high-valence (“happy”) music caused no significant elevation. Finally, using these
insights, we demonstrate a proof-of-concept recommendation model that more effectively ranks stress-reducing songs (MRR
= 0.354 vs. 0.18 baseline). These findings show that the association between music listening and stress varies by genre and
mental health status, highlighting the potential of data-driven music interventions for emotional well-being.
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1 Introduction

In recent years, social media has become an integral part of our daily life, serving as a platform where individuals
express their thoughts, emotions, and personal experiences. Many users, particularly those facing psychological
disorders, implicitly or explicitly discuss their mental health struggles on these platforms as a form of emotional
release and self-expression [5, 75]. This trend has spurred a growing interest in leveraging digital traces of social
media to assess and understand the mental states of users [19, 37, 105]. Previous research has primarily focused
on the analysis of textual content, images, and online behavioral patterns to identify linguistic and psychological
markers associated with various mental health disorders [80, 97].
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In parallel, music has gained considerable attention as a therapeutic tool for stress management and emotional
regulation. Music listening and music therapy have been shown to alleviate stress and anxiety [27, 38]. Researchers
have explored multiple dimensions of the relationship between music and mental health, including the influence
of different genres of music on emotional responses [66], the connections between musical preferences and
psychological conditions [3], and the role of music participation in the management of stress among people with
various mental health challenges [62, 74]. Collectively, these findings indicate that music is a promising medium
for promoting mental well-being and reducing stress.

However, despite these encouraging insights, existing studies often suffer from methodological limitations.
First, most prior research has been conducted in controlled clinical settings or through traditional self-reported
surveys, which typically involve small sample sizes and may not capture the complexities of real-world behavior
[66]. Second, many studies focus exclusively on healthy individuals or a specific clinical group, often overlooking
broader interactions between music listening, stress, and diverse mental health conditions [38, 66]. For example,
the work by [66] examines music effects only in a clinical context, leaving open questions about broader
populations. Furthermore, there is limited research that integrates multiple dimensions — such as social media
activity, behavioral patterns, and music preferences — into a comprehensive framework to assess how music
engagement associates with stress levels in naturalistic settings. This gap in the literature underscores the need
for a more scalable and data-driven approach to understanding the role of music in stress modulation.

In response to these gaps, our research employs a methodological approach combining propensity score
matching (PSM) with generalized linear mixed-effects models (GLMMs) to rigorously analyze the association
between music listening, stress, and mental health using large-scale social media data. PSM effectively reduces
observational bias by creating matched control groups, whereas GLMMs accommodate individual-level variability
and repeated observations (e.g., multiple listening sessions) to offer precise insights into how music attributes
relate to stress. This integrated PSM + GLMM framework allows for a more robust analysis of the association of
music listening on stress under real-world conditions, addressing the shortcomings of earlier studies.

1.1 Research Objective

To comprehensively address the outlined literature gaps, this study pursues the following explicit research
objectives:

o To systematically investigate how music listening behaviors on social media correlate with stress responses
among individuals with various mental health conditions (depression, anxiety, PTSD, and bipolar disorder)
compared to matched controls without diagnosed conditions.

e To explore variations in stress responses across different music genres and audio features (e.g., tempo,
valence, instrumentalness) among individuals with mental health conditions and their matched controls,
assessing their associations at different intervals following music listening events.

o To evaluate the applicability and utility of identified music—stress associations in designing personalized
music recommendation systems aimed at stress management and emotional support, demonstrating real-
world implications of our research findings.

These research objectives are operationalized through the following research questions: =~ RQ1. How is music

listening associated with stress levels among individuals with mental health conditions compared to their matched
control group without disorders?

RQ2. How does the relationship between music listening and stress vary across different genres and time
intervals after listening (e.g., in the 30- or 60-minute period post-listening) among individuals with mental health
conditions compared to matched controls?

RQ3. How do specific audio features (tempo, valence, instrumentalness) of music relate to stress levels among
users with various mental health conditions compared to their matched controls?
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RQ4. How can the associations identified in RQ2 and RQ3 be leveraged in a personalized recommendation
system to support users’ emotional well-being?

In summary, this paper makes the following key contributions:

(1) We employ a novel methodological framework that combines Propensity Score Matching with Mixed-Effects
Modeling to enable association analysis of observational social media data. This approach is the first to
integrate PSM and GLMMs in the context of music and mental health, allowing us to rigorously examine the
relationship between music listening and stress levels while controlling for confounders, and accounting
for individual-level variability and repeated measures.

(2) Using the above framework, we provide an extensive empirical analysis of how music listening correlates
with stress. We show how this relationship differs between users with mental health disorders and matched
controls, and how it varies across music genres and over time after listening. Our findings offer novel
insights into genre-specific and temporal effects of music on stress in real-world settings, addressing gaps
left by prior small-scale or single-group studies.

(3) We investigate the association of specific musical features (such as tempo, valence, and instrumentalness)
on stress levels across different mental health groups. This analysis reveals which audio characteristics of
music are most associated with stress reduction or elevation, shedding light on why certain music might
be therapeutic for some individuals.

(4) We provide a proof-of-concept illustrating how relationships identified between specific music attributes
and stress levels can inform the development of personalized music recommendation systems aimed at
supporting mental health. Specifically, we demonstrate how recommendation frameworks could leverage
these insights to prioritize music selections associated with stress reduction, highlighting the potential for
music-driven interventions to enhance users’ emotional well-being.

2 Related Work

Prior research has explored the effects of various interventions on stress, highlighting the role of different
activities and therapies in managing stress levels. For instance, the study done in [73] found that practicing yoga
during pregnancy is effective in reducing stress and preventing complications. Similarly, [6] examined the impact
of meditation on stress reduction among college students, demonstrating its potential as a practical tool for stress
management. Another significant area of research focuses on the effects of music on stress. For example, [86]
confirmed that music therapy serves as an effective strategy for stress management among medical students.
Additionally, [108] showed that a mindfulness-based stress reduction program combined with music therapy not
only reduced stress and depressive symptoms but also improved psychological well-being in cancer patients.
These findings collectively suggest that stress levels can be influenced by a range of factors, with music playing a
particularly significant role.

The relationship between music and mental health has attracted increasing attention in recent years [56].
Music is widely recognized for its therapeutic potential, particularly in stress relief and emotional regulation,
making it a valuable tool for individuals with mental health conditions [87]. Numerous studies have demonstrated
its benefits; for instance, [93] and [11] found that music can alleviate symptoms of anxiety and depression,
while [99] and [35] highlighted its role in enhancing mood and emotional well-being. Specific applications of
music interventions have also been explored, such as their positive effects on psychological health and academic
performance among students [52] and their ability to reduce perinatal depression [42] or alleviate anxiety in
cardiac patients [104].

However, the influence of music on mental health is not universally positive. Some research suggests that, in
certain contexts, music may intensify distress rather than alleviate it [70]. For individuals experiencing high levels
of emotional turmoil, music might reinforce negative moods rather than provide relief. Additionally, music’s
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ability to evoke memories—while beneficial for conditions like dementia—can be problematic for individuals
with PTSD, as it may trigger unwanted recollections [8, 56]. These findings emphasize the complex and context-
dependent nature of music’s effects on mental health. Beyond its direct emotional and psychological impact,
musical engagement—including listening habits, genre preferences, and personal associations—plays a crucial
role in shaping individual responses to music. Understanding these nuances is essential for leveraging music as
an effective tool for mental health support.

Music therapy also has demonstrated significant efficacy across various mental health conditions [88, 100], with
notable improvements in depression symptoms [103], sleep patterns [95], and overall quality of life (QOL) [100].
It has also been effective in reducing Post-traumatic stress disorder (PTSD) symptoms among school adolescents
[48] and depression levels among elderly populations [47].

However, the majority of existing mental health studies have been confined to clinical settings or depend
on traditional approaches such as questionnaires and self-reports [48], frequently involving limited participant
samples [47]. To overcome these constraints, researchers are increasingly leveraging social media data to explore
and identify a wider spectrum of mental health conditions, including depression, anxiety, and stress [71, 105]. Social
media provides a valuable repository of user-generated content, which can be analyzed through natural language
processing, machine learning, and other computational methods to uncover linguistic patterns, behavioral
indicators, and emotional states associated with mental health issues [105, 109].

Social media offers an additional perspective on traditional clinical methods by providing real-time, large-
scale data on mental health experiences and expressions. Several studies have demonstrated this potential:
[97] examined how sharing misinformation affects anxiety levels using Twitter data, while [60] developed
a comprehensive framework for measuring user stress levels through social media content, incorporating a
benchmark dataset with stress-oriented features. Similarly, [110] proposed a BERT-based model for rapid detection
of psychological stress in postgraduate students via social media analysis. Additionally, most recent research
focuses exclusively on analyzing user-generated text to identify psychological disorders like depression [91],
bipolar disorder [90], and suicide risk [39, 76], often neglecting other factors such as the music users share.
Different from clinical studies that investigate the link between mental health and musical engagement, a recent
study [3] examined the relationship between users’ self-reported mental health issues on social media and their
music preferences. The study analyzed Twitter data in detail, looking at the linguistic patterns of music liked by
individuals with different mental health disorders and comparing these patterns with those from a control group
without such conditions. Furthermore, another study [1] was conducted to explore the relationship between
music listening and stress levels among social media users diagnosed with anxiety, depression, and Post-traumatic
stress disorder (PTSD), specifically examining how demographic factors like age and education level influence
this relationship, and showed that older age groups experienced higher stress levels, particularly for anxiety and
depression, while lower education levels were associated with lower stress scores across all investigated mental
health conditions.

While prior research has provided valuable insights into the effects of music on stress and mental health,
several critical gaps remain:

o Limited Focus on Specific Mental Health Conditions: Most studies focus on general populations or specific
clinical groups, often overlooking the nuanced ways in which individuals with different mental health
conditions—such as depression, anxiety, bipolar disorder, and PTSD—respond to music [8, 56]. Our study
addresses this gap by examining how music listening, genres, and features are associated with stress levels
across distinct mental disorder groups, providing tailored insights for each condition.

o Reliance on Controlled Settings and Small Samples: Most of the existing work relies on controlled environ-
ments, self-reported data, or small participant samples Bradt et al. [11], Iyendo et al. [48], Toprak et al. [93],
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limiting the generalizability of findings to real-world scenarios. We overcome this limitation by leveraging
a large-scale dataset of Twitter users, ensuring our findings are representative of real-world behaviors.

o Neglect of Music Features: While some studies have examined the impact of music on stress [86, 108],
they often ignore key features of music, such as genres and attributes like tempo and valence. Our study
addresses this gap by analyzing the role of music genres and features in stress reduction, uncovering how
specific musical attributes influence stress levels across different mental health conditions.

e Limited Consideration of Individual Variability and Repeated Measures: Many prior studies, including
those employing traditional randomized control trials (RCTs), do not adequately capture intra-individual
variability or repeated observations of user behavior [88, 93, 108]. Such methodologies overlook how an
individual’s responses to music might vary across multiple listening sessions. To overcome this limitation,
we utilize Generalized Linear Mixed Models (GLMM:s), which explicitly account for both individual-level
differences and repeated measures. This approach allows for a deeper, more personalized analysis of the
relationship between music exposure and stress.

o Insufficient Clinical Insights in Music Recommendation Systems: While current emotion-aware music
recommender systems [63, 102] effectively consider users’ emotional states, they lack explicit integration
of clinical knowledge regarding how specific musical features influence stress responses among individuals
with varying mental health conditions. Traditional recommendation algorithms typically do not differentiate
these nuanced interactions. Our study highlights the importance of integrating clinical insights by providing
a proof-of-concept music recommendation system that leverages the relationships identified through our
proposed methodological framework. This approach demonstrates how specific music characteristics can
be utilized to create personalized recommendations tailored to reduce stress levels across varying mental
health conditions.

By addressing these limitations, our study bridges the gap between controlled studies and real-world behaviors,
offering practical insights for designing music-based interventions tailored to specific mental health needs.

3 Data Collection

This section describes the construction and characteristics of the dataset used in our research. The dataset
consists of six distinct mental health conditions, categorized according to the Diagnostic and Statistical Manual of
Mental Disorders, Fifth Edition (DSM-5) [28]: Depression, Anxiety, PTSD, Bipolar Disorder, Borderline Personality
Disorder, and Panic Disorder. Additionally, it includes individuals who do not have a diagnosed mental health
condition. A defining feature of this dataset is that all users, irrespective of their mental health status, have
documented instances of music listening in their tweets. This unique characteristic allows an in-depth investigation
of the intricate relationship between music engagement and mental well-being.

3.1 Dataset

This study utilizes a publicly available dataset [2], which includes Twitter users categorized into disorder and
non-disorder groups based on self-reported mental health diagnoses. Disorder users were identified by analyzing
tweets for explicit statements; high-precision pattern-matching techniques were applied to locate phrases such
as "l was diagnosed with X Y," where "X" denotes a specific disorder, and "Y" indicates a date specifier (e.g., today,
yesterday, this week). Data collection spanned from January 2020 to February 2022. A set of 17,370 tweets was
independently annotated by three students, yielding substantial inter-rater agreement (Fleiss’ K = 0.9). After
removing users whose annotations did not match, for each identified user, up to 3,200 of their most recent tweets
were extracted, resulting in a corpus containing 25,747,205 tweets, from 15,651 users.

For the non-disorder group, Twitter users were randomly sampled from the same period. Each sampled timeline
was reviewed using a predefined lexicon to ensure that no mental health diagnoses were mentioned. Following
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Table 1. Summary of the control and disorder datasets

# of tweets # of music sessoions online listening platforms
User Group | # of users - - - 2
per user min::max::std # of tweets per user min:max:std | total | Spotify | Apple Music | SoundCloud
control 4483 8476.787865 1::3,250::1,198.73 38,001,440 | 17.71090787 | 1::1,026::46.47 | 79,398 | 53,979 21,545 3,874
anxiety 583 9154.024014 1::3251::1,154.28 5,336,796 | 13.48370497 | 1::886::41.55 7,861 5,748 1,637 476
depression 1270 8763.379528 | 1::3,251::1,145.1158 | 11,129,492 | 13.34566929 | 1::832::34.22 | 16,949 | 13,409 2,760 780
bipolar 277 8147.913357 | 1::3,252,::1,115.008 2,256,972 | 17.79422383 | 1::351::34.59 4,929 3,737 991 200
PTSD 500 11783.292 1::3,352::1,150.8403 | 5,891,646 16.112 1::777::51.57 8,056 5,680 1,933 443

this procedure, timelines comprising 38,001,440 tweets from 158,586 non-disordered users were obtained. After
the disorder and non-disorder groups were identified, every timeline was scanned for links to popular music
platforms—Spotify, SoundCloud, and Apple Music—to ensure that each user had at least one music-listening
record. This screening removed 163,973 users, leaving 10,264 users across the two groups. Their combined
timelines contained 20,910,917 tweets, of which 152,011 were music-related.

3.1.1  Music Genre Extraction. To extend the original dataset and enhance its analytical depth, we incorporated
new measures that capture the relationship between music genres, their characteristics, and stress levels. Specifi-
cally, we expanded the dataset by integrating music metadata from multiple sources, primarily using APIs from
Spotify, Apple Music, and SoundCloud. However, since some tracks were unavailable on these platforms, we
supplemented our dataset with information from OneMusicAPI', which aggregates metadata from various music
databases, covering approximately 8 million albums and 4 million artists. To further improve genre classification
accuracy, we introduced a cross-referencing step using Last.fm’s API?, ensuring that only consistently identified
genres across both platforms were retained. By extending the dataset in this manner, we significantly enhanced
its completeness and reliability, enabling a more comprehensive analysis of music engagement and its potential
impact on stress levels.

Refinement of Genre Classification: To further enhance the dataset, we modified and standardized the genre
classification process to ensure that each track was assigned a single, distinct genre. The raw genre labels obtained
from the APIs often included multiple genre associations (e.g., Hip Hop and R&B for the same track). To address
this, we grouped subgenres under broader parent genres using external resources such as Chosic’s Music Genre
List 3. For example, K-pop and Indie Pop were categorized under the parent genre Pop.

Building on this, we refined the classifications further by incorporating established taxonomies from prior
research [4], mapping subgenres to their corresponding parent categories—for instance, R&B was consolidated
under Hip Hop. Tracks associated with multiple conflicting genres that could not be assigned a single category
were excluded from the dataset, leading to the removal of 16,382 tracks with multiple genres and 53,468 tracks
with missing genre information.

Additionally, some users were excluded from the analysis due to null genre associations or the presence of
multiple genres within their listened tracks, ensuring consistency in the dataset. Table 2 illustrates the refinement
process applied to genre classification. The overall distribution of users and the volume of music-related content
in the dataset is detailed in Table 1.

Our study focused on the four most prevalent genres in the dataset: Jazz, Hip Hop, Rock, Pop. These genres
were selected based on their dominance in the dataset. The distribution of music tracks across these genres is
detailed in Table 3. By concentrating on these genres, we aimed to provide a clearer and more focused analysis

http://www.onemusicapi.com/

2https://www.last.fm/api
Shttps://www.chosic.com/list-of-music-genres/
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Table 2. Example of Genres Refinement By Taxonomy [4] and By Website (Chosic’s Music Genre List)

Original Genre Refinement By Website (1) | Refinement By Taxonomy (2)
K Pop, German Pop Pop Pop
Contemporary R&B, Soul R&B Hip Hop
Metal, Rock Metal Rock
Blue, Jazz, Easy Listening Jazz, Easy Listening Jazz
Metal, doomgazw Metal Rock
New Age, Sound New Age New Age
Folk/Acoustic Rock Rock

of the relationship between music characteristics and stress levels, while ensuring the dataset’s coherence and
interpretability.

3.1.2  Music Additional Features. We further extracted additional music features encompassing a wide range of
audio characteristics, including tempo, speechiness, energy, danceability, time signature, mode, instrumentalness,
liveness, duration, valence, acousticness, and loudness. Detailed descriptions of these features can be found on
the Spotify website*. For tracks identified on Apple Music or SoundCloud, we retrieved corresponding Spotify
links to ensure consistent extraction of these audio features across platforms.

To refine our analysis and avoid redundancy, we calculated the pairwise correlation between these music
features using Pearson correlation. Features exhibiting a correlation coefficient greater than 0.5 or less than -0.5
were excluded to reduce multicollinearity and enhance the interpretability of our findings. This process resulted
in the selection of three key features: valence (the emotional positivity of a song), tempo (the speed or pace of a
track), and instrumentalness (the extent to which a track is instrumental rather than vocal).

3.2 Stress Level Assessment

The emotional and linguistic patterns in social media discourse have been widely used as indicators of stress and
anxiety levels [82, 97]. To quantify stress in users’ Twitter posts, we employed TensiStrength [92], a validated
lexicon-based tool designed to detect stress and relaxation in textual data. TensiStrength assigns stress scores
ranging from -1 (no stress) to -5 (extreme stress), leveraging predefined stress-related lexicons while integrating
spelling correction, booster words (e.g., very stressed), negation handling (e.g., not happy), punctuation emphasis
(e.g., stressed!!!), elongated words (e.g., sooo tired), and emoticons to refine classification accuracy. The tool has
demonstrated robust performance in prior studies on stress detection in social media [41, 89].

Prior to applying TensiStrength, tweets were preprocessed and cleaned following best practices outlined in
[92], with the analysis restricted to English-language posts. To facilitate interpretability, the stress scores were
rescaled to a 0-4 range, where 0 represents minimal stress and 4 indicates maximum stress.

To examine stress levels in relation to music engagement, we computed stress scores all users based on their
social media activity following a music-related post. Specifically, we identified instances where users engaged
with music and extracted all tweets posted within the subsequent 60 minutes. The final stress score was derived
by averaging the stress levels of tweets within two distinct time windows (30 minutes and 60 minutes post-music
engagement) for both user groups. The analytical framework underlying this approach is detailed in Section 4.

4https://developer.spotify.com/documentation/web-api/reference/get-audio-features
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Table 3. Distribution of Music Tracks Across TopTable 4. The distribution of users across mental health groups before and

4 Genres after Propensity Score Matching
Genre Category | Number of Music Disorder/ Control Group Before matching | After matching
Hip Hop 31,592 . depression 1270 1085
d trol
Pop 28,542 epression/control == = ol 2183 2098
Rock 17,748 anxiety/control anxiety 583 502
Jazz 1,920 y control 710 689
tsd 500 395
PTSD 1 P
Sh/contro control 520 498
. bipolar 532 514
Bipolar/control control 577 339
ptsd (23.4%) anxiety (22.1%) * E E';i; )

40

Listened Percentage

30.
bipolar (9.0%)

7,

depression (45.4%)

s & &

2
%
S

S
<
&

Fig. 1. Population Distribution and Music Sharing by Disorder (left side) (The percentages in the inner ring show what
percentage of users with each disorder shared music.) - Distribution of three most frequently listened-to genres (right side)

3.3 Descriptive Statistics on Mental Health Groups

Figure 1 (left side) provides a visual representation of the distribution of mental health conditions and the
prevalence of music-sharing behavior across disorder groups. The outer ring of the chart depicts the overall
prevalence of each disorder, with depression emerging as the most commonly reported condition. The inner
ring illustrates the proportion of users within each disorder category who actively share music on social media.
While depression is the most prevalent disorder, the data reveal that individuals with bipolar disorder exhibit the
highest rate of music-sharing behavior, suggesting potential variations in music engagement patterns across
mental health conditions.

3.3.1  Music Genre Preferences by Mental Health Group. To examine the relationship between mental health
conditions and music genre preferences, Figure 1 (right side) presents the distribution of pop, rock, and hip
hop listening behaviors across disorder groups. The data indicate that hip hop emerges as the most frequently
listened-to genre among individuals with PTSD, accounting for 20.02% of their total listening time. This proportion
is notably higher compared to other disorder groups, where hip hop constitutes 12.04% for Anxiety, 17.99% for
Bipolar, and 12.59% for Depression. These findings suggest potential genre-specific preferences associated with
different mental health conditions.
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Anxiety Bipolar Anxiety Bipolar
Night Night
low low
37.1% 41.5%
worni
orning o Morning
Afternoon Afternoon
62.9% 58.5%
Mid Night Mid Night high high
Depression pisd Depression Ptsd
Night Night
low low
40.3% Eobe
Morning ing
17%
Afternoon
Afternoon
59.7% 63.1%

Mid Night

Mid Night high high

Fig. 2. Distribution of Time of Day for Shared Music (left side) - Distribution of Music Tempo Category by Disorder (right
side)

Pop and rock emerge as the dominant music genres across most mental health conditions, with notable
variations in preference distributions. Among individuals with Depression, pop accounts for the highest proportion
of listening time at 24.05%, followed by Rock at 17.36%. Similarly, in the Bipolar disorder group, pop leads with
20.34%, while rock (15.88%) and hip hop (17.99%) also maintain substantial shares. In contrast, individuals with
Anxiety exhibit a stronger preference for rock (21.38%), with pop closely following at 18.93%.

Overall, while pop and rock maintain widespread popularity across disorders, hip hop stands out as a particularly
favored genre among individuals with PTSD, reinforcing the distinct listening patterns observed in different
mental health groups.

3.3.2 Temporal and Acoustic Characteristics of Music Sharing.

Music Sharing Patterns Across Time of Day: Figure 2 (left side) presents an analysis of music-sharing behaviors
across different times of the day, categorized into four periods: Midnight (00:00-06:00), Morning (06:00-12:00),
Afternoon (12:00-18:00), and Night (18:00-24:00). To ensure consistency, all timestamps were standardized based
on the database’s default timezone.

Across all mental health groups, the Afternoon emerges as the most prominent period for music sharing, with
the highest activity observed among individuals with PTSD (34.5%), followed by those with Depression (31.7%),
Anxiety (30.4%), and Bipolar disorder (28.2%). Night-time sharing is relatively stable across groups, ranging from
26.1% (Depression) to 27.0% (Anxiety). In contrast, Morning engagement varies more distinctly, with Bipolar
disorder exhibiting the highest share (25.3%) and PTSD the lowest (22.4%).

The Midnight period shows the lowest overall activity, with individuals with PTSD sharing the least music
(16.3%), while Anxiety (19.4%) and Bipolar disorder (19.7%) exhibit slightly higher engagement levels. Depression
falls in between, with 18.6% of music shared during this timeframe.

Music Tempo Preferences: Figure2 (right side) further examines tempo-based preferences, categorizing tracks
into low tempo (below 70 BPM) and high tempo (120 BPM and above). Across all groups, there is a clear preference
for high-tempo music, with PTSD (63.1%) and Anxiety (62.9%) displaying the highest inclination toward faster-
paced music. Similarly, individuals with Depression (59.7%) and Bipolar disorder (58.5%) also favor high-tempo
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Anxiety
High

34.1%

65.9%
Low
Depression
High

29.9%

Bipolar
High
29.0%

Positive Emotion
71.0%

Ptsd
High

32.6%

‘ Negative Emotion

Bipolar

5840) Negative Emotion

94.8%

Ptsd

‘ Negative Emotion

‘ Negative Emotion
95.4%

Positive Emotion 88.3%

70.1% 67.4% Positive Emotion

Fig. 3. Distribution of Music by Instrumentalness Category (left side) - Distribution of Music by Valence Category in Each
Disorder Group (right side)

tracks, though to a slightly lesser extent. Conversely, low-tempo music is more prevalent among individuals
with Bipolar disorder (41.5%) and Depression (40.3%), whereas Anxiety (37.1%) and PTSD (36.9%) exhibit lower
engagement with slower music. These results suggest that individuals with PTSD and Anxiety tend to favor
more energetic and rhythmic tracks, whereas those with Bipolar disorder and Depression show a relatively more
balanced distribution between low and high-tempo selections.

Music Instrumental Preferences: Figure 3 (left side) illustrates instrumentalness preferences, categorizing tracks
into low instrumentalness (below 0.5) and high instrumentalness (0.5 and above). Across all groups, there is a
clear preference for low-instrumentalness music, meaning tracks with prominent vocals. This preference is most
pronounced in individuals with Bipolar disorder (71.0%) and Depression (70.1%), followed closely by those with
PTSD (67.4%) and Anxiety (65.9%). Conversely, high-instrumentalness music, characterized by more instrumental
or ambient compositions, is selected by a smaller proportion of users across all mental health conditions, ranging
from 29.0% to 34.1%. These results indicate that individuals with mental health conditions generally prefer
vocal-rich music over instrumental tracks.

Music Valence Preferences: Figure 3 (right side) also illustrates music valence preferences, where valence
measures the emotional tone of a track (higher values indicate more positive or uplifting music). The results
demonstrate a strong inclination toward positive-valence music across all groups, with 94-96% of selections
falling in the positive range (valence > 0.5). In contrast, low-valence music (valence < 0.5), indicative of a somber
or more emotionally intense tracks, comprises only 3-6% of selections. This analysis suggests that individuals
with mental health conditions generally prefer uplifting and positive-toned music, with limited engagement in
negative-valence tracks.

4 Research Methodology

To investigate the relationship between music listening and stress across mental health conditions, we first
construct two primary user groups: a treatment group, comprising users who self-reported one of four mental
health conditions (depression, anxiety, PTSD, or bipolar disorder), and a control group, consisting of users without
any such self-reported diagnoses. All users in both groups had verifiable music-listening activity on their social
media timelines, allowing for a consistent basis of comparison.
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4.1 An Overview Analytical Framework

This study introduces a novel analytical framework designed to examine the relationship between mental health
conditions and stress levels, as reflected in social media posts, in response to music engagement—addressing RQ1,
RQ2, and RQ3. The framework integrates Propensity Score Matching (PSM) to construct comparable user groups
by balancing covariates, followed by Generalized Linear Mixed Models (GLMMs) with a zero-inflated component
to model stress variations. Figure 4 provides an overview of the methodological pipeline and process.

4.2 Propensity Score Matching for Bias Reduction

4.2.1 Design and Rationale. In this study, Propensity Score Matching (PSM) is employed as a statistical approach
to improve comparability between groups by reducing the impact of pre-existing differences. Unlike its traditional
use in causal inference [43], our application of PSM is intended to enhance the validity of associational analysis
by ensuring that treatment and control groups share similar baseline characteristics, allowing for meaningful
statistical comparisons. We adopt a one-to-many nearest neighbor matching approach to construct a well-balanced
control group, ensuring that users without mental disorders closely resemble those with mental disorders across
key covariates, including social media activity, linguistic patterns, and engagement metrics. This methodology
enables a more reliable investigation of associations between mental health conditions, music listening, and stress
levels using Generalized Linear Mixed Models (GLMMs).

PSM operates by balancing covariates between groups, reducing selection bias and mitigating the influence of
confounding variables. By creating matched groups with similar characteristics, PSM facilitates valid comparisons
in observational settings, an approach widely adopted in computational social science research [36, 65, 83].

Building on these strengths, our implementation of one-to-many nearest neighbor PSM-rather than alternatives
such as Inverse Probability Weighting (IPW) [7, 29] or stratified matching [82, 97]-ensures a well-defined control
group while preserving individual-level granularity and statistical power. Unlike IPW, which assigns weights
rather than directly matching units, nearest neighbor PSM optimizes comparability by selecting the most similar
control users based on propensity scores. This approach enables a more precise analysis of stress modulation in
response to music genres across mental health conditions.

By reducing confounding bias and ensuring balanced comparison, PSM enhances the reliability of our mixed-
effects model analysis, allowing us to investigate the relationship between mental disorders, stress levels, and
music genres with greater confidence. Our approach aligns with recent advances in computational social science,
where PSM is increasingly leveraged to improve group comparability and mitigate selection bias in large-scale
social media studie[50, 51].

4.2.2  Assignment of placebo dates for control users. In this study, we define the treatment date as the time when
a user in the treatment group explicitly shared a self-reported post about their mental disorder. However, since
users in the control group did not disclose any mental health diagnoses in their timelines, a placebo date was
assigned to each control user to ensure that their timeline remained comparable to that of the treatment group,
mitigating potential temporal confounds that could arise due to differences in the timing of data collection.

To construct a valid set of placebo dates, motivated by research of [97], we non-parametrically simulated placebo
dates from the pool distribution of treatment dates. This approach ensures that placebo dates follow the same
temporal pattern as treatment dates, preventing potential biases caused by seasonal or temporal trends in user
behavior. Once generated, placebo dates were assigned to control users based on criteria ensuring sufficient social
media activity and music-listening behavior while maintaining temporal alignment with the treatment group.
After assigning placebo dates, we evaluated their comparability to treatment dates using the Kolmogorov-Smirnov
(KS) test [51]. The KS test quantifies the maximum difference between the empirical cumulative distribution
functions of the treatment and placebo dates. The resulting KS statistic of 0.019 indicates that the placebo dates
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effectively mimic the temporal pattern of treatment dates. This alignment is further illustrated in Figure 5 (left
side), which presents the overlapping distributions of treatment and placebo dates across all mental disorders.

4.2.3 Matching Covariates. The covariates used in this study are carefully selected to capture the psycholinguistic,
behavioral, and social dimensions of user activity on social media. These features are inspired by prior research in
mental health studies on social media [97]. To ensure a robust and multidimensional approach to user matching, we
categorize our covariates into three main groups: linguistic features, user activity metrics, and network engagement
indicators. These variables help reduce potential confounding in our analysis and enhance the validity of our
comparisons.

Linguistic feature: We utilize the Linguistic Inquiry and Word Count (LIWC) classification framework [77]
for analyzing psychological and linguistic patterns in text. LIWC has been widely used in prior research for the
detection of mental health markers, cognitive patterns, and emotional states in social media data [94]. From the 72
LIWC categories, we refine our selection to 12 high-level categories based on their relevance to capturing under-
lying psycholinguistics and nuances of user behavior. These LIWC features include: linguistic dimensions, which
capture structural aspects of text, such as word complexity and grammatical diversity; psychological processes,
reflecting language associated with anxiety, sadness, and self-awareness; social processes, which include pronoun
usage and references to interpersonal interactions; cognitive processes, capturing words related to causation,
insight, and problem-solving; perceptual processes, encompassing references to sensory experiences such as vision,

, Vol. 1, No. 1, Article . Publication date: February 2026.



Music Listening, Mental Health, and Stress: A Computational Framework for Personalized Analysis and Recommendation « 13

hearing, and touch; biological processes, including language related to health, body, and physiological states; drives,
which signal motivation and behavior related to power, affiliation, and achievement; time orientations, capturing
temporal focus through references to the past, present, or future; relativity, which includes spatial, temporal,
and motion-related expressions; personal concerns, reflecting language about work, money, and relationships;
informal language, encompassing slang, abbreviations, and casual expressions common in social media discourse
and other grammar, including variations in syntax and informal writing patterns.

User activity metrics: The user activity metrics include: author tweet count, which measures the total number
of tweets posted by a user; author music count, capturing the frequency of tweets containing music-related
content; average retweet, representing how often a user’s tweets are shared by others; average reply, indicating
the extent of direct interactions through responses; average like, measuring the frequency of positive engagement
with a user’s posts; average quote, representing how often a user’s content is reshared with added commentary;
average weekly tweets, capturing a user’s posting frequency on a weekly basis; and average monthly tweets,
providing insights into monthly posting patterns of users.

Network engagement features: The network engagement features include: followers count, which represents
the number of users following an account; followings count, measuring the number of accounts a user follows;
and created date, marking the account’s inception to assess a user’s longevity on the platform.

4.2.4  Propensity Score Analysis. Propensity Score Matching (PSM) was employed to adjust for potential con-
founding variables and estimate the correlation between music listening and stress. To determine the propensity
scores, we develop a logistic regression model predicting a user’s likelihood of belonging to the treatment group
based on their characteristics, including their linguistic features, network and engagement metrics. We eliminate
outliers with propensity scores outside +2 standard deviations from the mean [82]. Figure 5 (center side) shows
the distribution of propensity scores in Anxiety group. Using the computed propensity scores, we applied a
one-to-many nearest-neighbor matching approach without replacement to pair treatment and control users. This
approach enhances the comparability of treatment and control groups, thereby improving the validity of the
subsequent association inference analysis. Table 4 presents the distribution of treatment and control groups for
each mental disorder following nearest-neighbor PSM.

4.2.5 Quality of Matching. To assess the quality of matching between the treatment and control groups, we
utilized the Standardized Mean Difference (SMD) as the primary evaluation metric. SMD is a widely recognized
measure for examining covariate balance in observational studies, as it quantifies the difference in means of a
covariate between groups while accounting for pooled standard deviation, ensuring consistency across varying
group sizes and distributions [36, 82]. In this study, we follow the commonly accepted threshold of SMD values
below 0.25, as recommended in prior research [36, 82, 97], indicating sufficient balance between treatment and
control group and minimizing potential confoundinf effects. After implementing propensity score matching,
we computed SMD values for all covariates included in the analysis, encompassing linguistic features, activity
metrics, and network characteristics. The results demonstrate that all covariates meet the specified threshold,
confirming confirming a high degree of balance between the different groups of treatment and control users.

4.3 Statistical Analysis

4.3.1 Model Selection and Rationale. The primary objective of this study is to examine the relationship between
listening to various music genres and stress levels among individuals diagnosed with different mental disorders,
including depression, anxiety, PTSD, and bipolar disorder. Given the nature of our dataset, where each user has
multiple sessions of music listening, it is imperative to employ a statistical model that can account for individual
differences and the repeated measures present in the data.
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To address these requirements, we employed a Generalized Linear Mixed-Effects Model (GLMM) [10], which is
well-suited for modeling continuous outcomes like stress levels while accounting for intra-individual correlations
due to repeated measurements.

Given the significant number of zero stress scores in our dataset, as depicted in Figure 5 (right side), we utilized
a Zero-Inflated GLMM (ZIGLMM) [13]. This model is specifically designed to handle datasets with excessive
zeros by decomposing the data into two underlying processes: one that generates zero values and another that
generates positive stress scores. By capturing these distinct processes, the ZIGLMM improves the accuracy of
parameter estimation and enhances overall model fit [14].

4.3.2  Model Formalization. To investigate RQ1, RQ2, and RQ3, we employ GLMM model with a zero-inflated
component. Given the skewed distribution of stress scores and the presence of excess zero values, we adopt a
zero-inflated gamma model (ZIGLMM) to appropriately model the data.

The model is estimated using maximum likelihood estimation (MLE) in the glmmTMB package [13], employing
a Gamma family with a log link function for the conditional model and a logit link function for the zero-inflation
component. Since each research question focuses on different aspects of music listening and stress, we construct
separate models, incorporating distinct subsets of user timelines and varying numbers of observations.

For RQ1, we compare stress levels between users with mental disorders (e.g., Anxiety, PTSD, Bipolar, Depres-
sion) and their PSM-matched control group who also engage in music listening. This comparison is made without
considering specific music genres. Regarding RQ2, we analyze stress levels across specific music genres (e.g., pop,
jazz, hip-hop, rock). For each genre, we restrict the analysis to user sessions where individuals have listened to
that genre and compare stress levels between mental disorder groups and their matched control users, considering
stress score calculated within 30-minute and 60-minute post-listening intervals. Finally, for RQ3, we investigate
the relationship between specific music features (e.g., tempo, valence) and stress levels. The analysis is restricted
to user sessions where the selected music feature exhibits either high or low values, following classifications
from prior research [69]. Only user timelines containing music with the targeted feature values are considered,
ensuring a focused examination of how distinct music attributes associate with stress levels.

Below, we present the formal model specification in detail. Conditional Model (Gamma Distribution for
Stress Scores): The stress level Y;; ,, of user i at time ¢ for genre m follows a Gamma distribution:

Yitm ~ Gamma(y; s m, 0) (1)
where the expected stress level y; ; , is modeled as:

log(pitm) = Po + p1Gi +u; (2)
where:

o G; represents the user group (mental disorder vs. PSM-bases matched control), included as a fixed effect.

o f is the intercept, capturing the baseline stress level.

e f; quantifies the effect of the user group on stress level.

e u; ~ N(0,02) is the random effect capturing individual-level variability.
Zero-Inflation Model (Logistic Regression for Probability of Zero Stress): To account for the excess
number of zero-stress values, we model the probability of a zero-stress outcome using a logistic regression:

1

P(Yiem =0) = 1 + e(ro+tnGi+o;)

®)

where:

® ¥, is the intercept.
o y; represents the effect of user group on the probability of reporting zero stress.
e 0; ~ N(0,02) is the random effect, accounting for variability in reporting zero stress.
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Model fit Evaluation: To assess the validity of our model, we examined Pearson residuals vs. fitted values to
evaluate potential model misfit and check for patterns indicating overdispersion [16]. The residuals appeared
randomly scattered around zero, suggesting that the model effectively captured variability in stress scores without
systematic bias. Additionally, we assessed zero-inflation diagnostics to ensure that the model appropriately
accounted for excess zeros in the data. These validation checks confirm that our statistical model is well-specified
and accurately represents the association between music listening and stress.

5 Results and Analysis

In this section, we address the three research questions (RQ1-RQ3) by presenting the key findings and highlighting
results that achieved statistical significance (p < 0.05) or marginal significance (0.05 < p < 0.10 ). We report both
the main effects on stress levels from the conditional model and, where relevant, the complementary findings
from the zero-inflated component of the ZIGLMM (which captures differences in the likelihood of zero stress
reports). Table 5 summarizes the number of observations and users across all subgroups and experimental settings,
along with the variance and standard deviation of the random effect in both the conditional and zero-inflated
components. These metrics reflect the degree of user-level variability within each mental health condition and
support the need for mixed-effects modeling to account for nested and heterogeneous user behaviors.

5.1 RQ1: Music Listening and Stress Level Associations Across Mental Health Disorders

We compared the stress responses of users with depression, anxiety, PTSD, and bipolar disorder to those of
propensity score-matched control users. As indicated in Table 6, the analysis revealed notable differences in
how music listening is associated with stress across these mental health conditions. Users with depression
showed a significantly higher stress level after listening to music compared to controls: about a 17% increase at 30
minutes post-listening and still around 15% higher at 60 minutes, both (p < 0.01). The zero-inflated model also
confirmed that depressed users were 29% less likely to report zero stress at 60 minutes post-listening (p < 0.01),
meaning they had a significantly lower chance of being stress-free than control users at that time. Users with
PTSD exhibited a similar trend of elevated stress (approximately 15% above controls) with (p < 0.1) at 30 and
60 minutes intervals. In the bipolar group, no immediate stress change was observed at 30 minutes, but by 60
minutes there was a hint of a stress increase (16% above controls, p ~ 0.08). In contrast, the anxiety group did
not show any significant differences in stress levels compared to controls at either the 30-minute or 60-minute
interval.

These results indicate that the impact of music on stress can vary greatly depending on the mental health
context. Our findings for the depression group align with prior research suggesting that music listening can be
a “double-edged sword” for individuals with depression. While it is shown that music can provide temporary
relief, however, certain songs—especially those with negative or ambiguous emotional content— can reinforce
rumination and other maladaptive emotion-regulation patterns, ultimately elevating stress [33]. In the case
of PTSD, our observation of a trend toward higher stress contrasts with studies in therapeutic settings where
music interventions (e.g. group music therapy) significantly reduce PTSD symptom severity [17]. This potentially
implies that casual music listening—as observed in social media posts—may not yield the same stress-relieving
benefits as those achieved through structured music therapy in PTSD users. Meanwhile, the slight stress increase
we observed in the bipolar group is consistent with reports that individuals with bipolar disorder can experience
intensified negative emotions in response to music. Choppin et al [22], for example, noted heightened emotional
sensitivity to musical stimuli among bipolar patients, even with music that is typically positive or uplifting.

Taken together, these findings suggest a complex role of music in emotion regulation: what serves as a calming
stimulus for one group may act as a stressor for another, underscoring the importance of listener-specific factors.
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Table 5. The Variance & Std of Observations in Different Settings

Conditional Model | Zero Inflation Model
Research Question Disorder | Interval | # Observations | # Authors - - .
Variance Std Variance Std
. 30m 3593 809 0.173 0.415 0.972 0.986
Depression
1h 5016 949 0.162 0.403 0.994 0.997
RQ 1 ( Music Listening ) PTSD 30m 1129 255 0.117 0.342 0.413 0.643
1h 1634 298 0.175 0.419 0.890 0.943
Bipolar 1ih 1211 266 0.176 0.419 0.991 0.995
. 30m 1893 577 0.209 0.457 1.207 1.099
Depression
1h 2644 686 0.197 0.444 1.030 1.015
RQ 2 (Pop)
30m 499 157 0.160 0.400 0.346 0.588
PTSD
1h 742 196 0.179 0.423 0.879 0.937
30: 207 88 0.088 0.298 5.93E-09 | 7.70E-05
RQ 2 (Rock) Bipolar m
1h 308 105 0.111 0.334 0.654 0.808
RQ 2 (Hip Hop) PTSD 30m 66 31 0.177 0.421 1.55E-09 | 3.94E-05
Depression 1h 132 98 2.25E-01 | 4.75E-01 | 8.51E-09 | 9.22E-05
RQ 2 (Jazz) Anxiet 30m 52 34 2.37E-09 | 4.87E-05 | 1.71E-12 | 1.31E-06
nxie
Y 1h 71 44 5.65E-09 | 7.52E-05 | 5.49E-28 | 2.34E-14
. 30m 1243 453 0.124 0.353 0.66 0.810
Depression
1h 1725 564 0.091 0.302 0.8694 0.932
RQ 3 (Fast Tempo) . 30m 650 194 0.029 0.173 1.046 1.02E+00
Anxiety
1h 878 238 0.021 0.146 0.565 0.751
PTSD 1h 594 180 0.099 0.315 0.71 0.843
Depression 30m 65 57 0.437 0.661 1.268 1.126
RQ 3 (Slow Tempo) PTSD 1h 39 29 0.416 0.645 3.58E-08 0.0001
Bipolar 30m 16 13 0.061 0.248 4.91E-09 | 7.01E-05
Bipol 30 251 119 0.034 0.184 0.4013 0.633
RQ 3 ( Low Valence ) PO a.r o
Depression 1h 1487 535 0.114 0.338 0.656 0.815
RQ 3 (High Valence) Bipolar 30m 185 92 0.043 0.209 0.816 0.903
. 30m 3005 728 0.107 0.327 0.982 0.991
Depression
RQ3 (Low Instrumentalness) 1h 4204 855 0.097 0.311 1.018 1.009
Anxiety 1h 2329 361 0.065 0.256 0.947 0.973
RQ3 (High Instrumentalness) Bipolar 30m 15 12 0.078 0.279 0.023 0.152

5.2 RQ 2: Stress Levels Across Mental Disorder Groups and Genres

For RQ2, we investigated how different music genres might influence stress levels among users with mental health
disorders, as compared to controls. We analyzed four major genres (Pop, Rock, Hip Hop, and Jazz) and looked at
stress responses within one hour of listening (at 30-minute and 60-minute intervals). Figure 6 summarizes these
genre-related stress outcomes, showing the stress level differences (and 95% confidence intervals) for each genre
between the disorder groups and their PSM-matched control group. In the following subsections, we highlight
the notable genre-specific findings for each mental health group, with statistical results summarized in Tables 7

to 10.
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Table 6. Association of Listening to Music with Stress Level

Conditional Model Zero Inflated Model
Group Interval - -
Estimate | Std. Error CI Pr(>|Z|) | Estimate | Std. Error CI Pr(>|Z])
30m 0.158 0.056 [0.047,0.270] | 0.005 ** -0.185 0.138 [-0.457, 0.08] 0.179
Deprresion
1h 0.142 0.047 [0.048,0.236] | 0.002 ** -0.349 0.123 [-0.591, -0.107] | 0.004 **
30m 0.146 0.083 [-0.016, 0.3105] | 0.078 . 0.075 0.175 [-0.269, 0.419] 0.669
PTSD
1h 0.127 0.077 [-0.023, 0.279] 0.097 . -0.090 0.185 [-0.454, 0.274] 0.627
Bipolar 1h 0.151 0.086 [-0.018,0.321] | 0.0803 . 0.045 0.213 [-0.372, 0.463] 0.830

5.2.1 Finding 1 ( Pop Music Consumption). For users with depression, exposure to pop music was associated
with a time-dependent increase in stress. After 30 minutes of listening, their stress levels were about 14% higher
than those of the control group (p = 0.066), and by 60 minutes this difference grew to a significant 23.5% increase
(p < 0.001). Consistent with these elevations, the zero-inflated model indicated that depressed users were
29%-32% less likely to report zero stress at 30 minutes (p =~ 0.066) and 60 minutes (p = 0.011) after listening to
pop music than their matched control group. A similar pattern emerged for users with PTSD: 30 minutes after
listening to pop music, stress levels in the PTSD group were roughly 33% higher than in controls (p = 0.021).
This effect slightly diminished by the 60-minute mark (around 19% above controls) with (p ~ 0.075). In contrast,
neither the anxiety nor bipolar groups showed any significant change in stress relative to controls after listening
to pop music at either interval. The results are presented in Table 7.

Prior studies have highlighted the therapeutic potential of pop music. For example, Huang and Duell [46]
demonstrated that carefully curated, relaxing pop songs can significantly reduce anxiety among adolescents.
Similarly, Kresovich [58] found that pop songs addressing mental health struggles can foster greater empathy
in college students. These positive outcomes align with theories that music (including pop) serves as a tool for
mood regulation and emotional support . However, whether pop listening alleviates or aggravates stress appears
to depend on context and individual differences [33, 81]. Our finding that pop music listening was linked to
heightened stress in the depression and PTSD groups underscores this complexity. It is possible that, for some
vulnerable individuals, even familiar or popular music might trigger negative emotions or stress, especially if the
lyrical content or personal associations of the music reinforce their current mood. This dual nature of music’s
impact — potentially beneficial in general but sometimes detrimental for certain listeners — reflects the nuanced
role of music as either a healing influence or a stressor [33].

5.2.2  Finding 2 ( Rock Music Consumption). In our analysis, rock music exposure had a pronounced association
primarily for the bipolar group. Individuals with bipolar disorder experienced a sharp rise in stress after listening
to rock: at 30 minutes post-listening, their stress levels were about 34-35% higher than those of controls p ~ 0.07).
Reinforcing this result, the zero-inflated model showed that bipolar users were 46% less likely to report zero
stress at the 30-minute mark (p = 0.032) when listening to rock. By 60 minutes their stress was approximately
45% higher than controls (p &~ 0.007). This suggests a strong and lasting stress response to rock music in this
group. By contrast, we observed no significant stress-level changes associated with rock music in the depression,
anxiety, or PTSD groups.(see Table 8 for the rock music results.)
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Table 7. Association of Pop genre with stress

Pop - Conditional Model Pop - Zero Inflated Model
Group Interval - -
Estimate | Std. Error CI Pr(>|Z|) | Estimate | Std. Error CI Pr(>|Z|)
30m 0.137 0.074 [-0.008, 0.283] 0.065 . -0.347 0.189 [-0.719,0.02] | 0.066 .
Depression
1h 0.2107 0.061 [0.08,0.331] | 0.0006 *** -0.396 0.189 [-0.768,-0.02] | 0.011 *
30m 0.291 0.126 [0.044, 0.538] 0.020 * 0.269 0.157 [-0.038, 0.578] | 0.269
PTSD
1h 0.185 0.103 [-0.018, 0.389] 0.074 . -0.032 0.250 [-0.522,0.451] | 0.897

Table 8. Association of Rock genre with stress

Rock - Conditional Model Rock - Zero Inflation Model
Group | Interval - -
Estimate | Std. Error CI Pr(>|Z|) | Estimate | Std. Error CI Pr(>|Z])
30m 0.297 0.163 [-0.022, 0.617] | 0.068 . -0.614 0.287 [-1.178, -0.051] | 0.032 *
Bipolar
1h 0.370 0.136 [0.103, 0.637] | 0.006 ** -0.232 0.332 [-0.881, 0.421] 0.484

Our finding for the bipolar group aligns with a broader literature noting potential negative emotional effects
of heavy or intense music genres. Some studies have reported that rock music fans tend to exhibit lower overall
mental well-being compared to fans of other genres [9]. Similarly, research on heavy metal music—a genre closely
related to rock—has linked it to increases in feelings of sadness and other mood disturbances in listeners [68].
Heavy metal fans have also been observed to report higher levels of depression, anxiety, and anger relative to
non-fans [85]. These patterns are consistent with our observation that rock music exposure was associated with
heightened stress in individuals with bipolar disorder. They suggest that more intense and aggressive musical
styles might act as stressors or triggers for negative emotions, particularly in vulnerable populations.

5.2.3 Finding 3 ( Hip Hop Music Consumption). Overall, listening to hip hop music was linked to lower stress
levels in our sample, although the observed associations were modest. The clearest evidence of a hip hop benefit
was observed in the PTSD group: 30 minutes after hip hop exposure, users with PTSD had stress levels about
42% lower than their control counterparts (p = 0.041). However, this reduction was short-lived; by the 60-minute
mark, the PTSD group’s stress was no longer significantly different from the control group. The other mental
health groups (depression, anxiety, and bipolar) did not exhibit any statistically significant changes in stress
following hip hop music listening (though their estimated effects were in the direction of lower stress). The results
are presented in Table 9. Our finding of lower stress levels linked with hip hop music, particularly for PTSD, aligns
with emerging research on hip hop as a therapeutic tool. In a trauma-focused context, hip hop-based interventions
have been found highly effective for at-risk adolescents (such as refugee youth), helping to address trauma and
build resilience over the course of a multi-month therapy program [40]. Another study also demonstrated that
engaging in hip hop music creation (writing and performing mixtapes in a group counseling setting) significantly
lowered stress, depression, and anxiety among vulnerable youth [59]. These studies support our observation that
hip hop listening coincided with reduced stress in the PTSD group.
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Table 9. Association of Hip Hop genre with stress

Hip-Hop Conditional Model Hip-Hop Zero Inflation Model
Group | Interval - -
Estimate | Std. Error CI Pr(>|Z|) | Estimate | Std. Error CI Pr(>|Z])
PTSD 30m -0.547 0.268 [-1.073,-0.022] | 0.040 * 0.510 0.522 [-0.513, 1.534] 0.328

Table 10. Association of Jazz genre with stress

Jazz - Conditional Model Jazz - Zero Inflation Model
Group Interval - -
Estimate | Std. Error CI Pr(>|Z|) | Estimate | Std. Error CI Pr(>|Z])
Depression 1h 0.295 0.1702 [-0.037, 0.629] | 0.082. -0.755 0.443 [-1.623,0.113] | 0.088.
30m -0.552 0.253 [-1.045, -0.054] | 0.028 * 1.609 0.602 [0.429, 2.789] | 0.007 **
Anxiety
1h -0.352 0.199 [-0.74, 0.038] 0.077 . 0.500 0.479 [-0.439, 1.441] 0.297

5.2.4 Finding 4 ( Jazz Music Consumption). Jazz music was linked to somewhat divergent outcomes for different
groups. In the depression group, listening to jazz was associated with an increase in stress at the 60-minute mark
(approximately +34% relative to controls), with (p = 0.08), and no significant change was observed at 30 minutes.
Notably, the zero-inflated model suggested that depressed users were also less likely to be stress-free after 60
minutes of jazz listening (p = 0.088), complementing our observation in the conditional model. In contrast, the
anxiety group experienced a decrease in stress after jazz exposure: about 42% lower stress than controls at 30
minutes (p = 0.029), also the zero-inflated model suggested that anxious users were more likely to be stress-free
after 30 minutes of jazz listening (p = 0.09), complementing our observation in the conditional model. The
observed association with lower stress in the anxiety group weakened by 60 minutes (the stress reduction was
around 35% at that point, p ~ 0.08). The PTSD and bipolar groups did not exhibit any significant stress changes
in response to jazz music at either interval. Results are present in Table 10.

Recent studies have shown no clear influence of jazz listening on stress or mental health overall [20]. For
example, one experiment noted that listening to jazz did not significantly improve physiological stress recovery
(such as blood pressure normalization) compared to silence [18]. Another study reported no significant differences
in anxiety outcomes between people who listened to jazz and those who did not, implying that jazz on its own
may neither help nor harm emotional state in a predictable way [21]. These observations differ somewhat from
our findings, where we observed a modest stress-relief effect in anxious individuals and a slight stress increase in
those with depression.

5.3 RQ 3: The Association of Music Features with Stress Levels Across Mental Health Groups

Our third research question (RQ3) addressed whether specific musical features—namely tempo, valence, and
instrumentalness—are associated with different stress outcomes in the user groups. For this analysis, we catego-
rized each feature into "low” and “high” levels to compare their effects. In the case of tempo, we drew on prior
definitions [69] by treating songs below a certain beats-per-minute (BPM) threshold as slow tempo and those
above a higher BPM threshold as fast tempo (for example, < 70BPM vs. > 130BPM). For valence (the emotional
positivity of a song) and instrumentalness (the extent to which a track is instrumental rather than vocal), we
split the feature values into low and high bands based on their distribution in our dataset [69]. This allowed us
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to contrast, for instance, songs with very low valence (more negative or sad) versus very high valence (more
positive or happy), and tracks with minimal vocals versus those with predominantly vocal content. The following
subsections outline the key findings for each feature category, with results summarized in Tables 11 to 13.

5.3.1 Finding 1 (Slow and Fast Tempo). Significant differences emerged when investigating slow and fast music.
In the depression group, fast-tempo songs are associated with markedly higher stress: about a 24% increase in
stress at 30 minutes post-listening p = 0.004), and an 18-19% increase still evident at 60 minutes (p = 0.003).
The result of zero-inflated model also suggest that users with depression were 88% less likely to report zero
stress level when listening to slow music (P = 0.074) although no significant stress change was observed in the
conditional model. The anxiety group showed a similar initial pattern, with fast music linked to a short-term
stress spike of roughly 23% at 30 minutes (p = 0.011); however, this effect was transient, and by 60 minutes
the stress levels of the anxiety group were not significantly different from those under fast music. Notably, the
zero-inflated model suggested that even at 60 minutes, the anxiety group was somewhat less likely to report
being stress-free after fast music (p = 0.05). The PTSD group exhibited a strikingly opposite trend for tempo:
rather than finding slow music calming, individuals with PTSD experienced a dramatic stress increase in the
slow-tempo condition. After 60 minutes of listening to slow music, their stress was about 147% higher than in the
fast music condition (p = 0.007), indicating an unexpected adverse reaction to slow, presumably relaxing, music.
Meanwhile, the bipolar group had no immediate reaction to tempo at 30 minutes in the conditional analysis.
However, the zero-inflated model revealed that bipolar users were already less likely to report zero stress after 30
minutes of slow music (p = 0.024), despite no significant stress changes at that point. but over time, Fast-tempo
music correlated with approximately 19% higher stress levels at 60 minutes (p = 0.029), indicating a delayed
relationship. The results are presented in Table 11.

These findings illustrate that the relationship between musical tempo and stress is highly contingent on the
listener’s mental health status. Under typical circumstances, slow music is often associated with relaxation -
for example, one study noted that low-tempo music significantly reduced heart rate in individuals undergoing
high-stress tasks [106]. Our PTSD result, however, runs counter to this expectation, highlighting that what is
“relaxing” for many can be agitating for some. On the other hand, some experimental studies have found no
overall effect of tempo on stress in the general population. In one such study focusing on immediate mood and
stress outcomes reported no significant influence of musical tempo on stress indicators in a general population
[67]. In another study, fast vs. slow songs produced brain-wave patterns differ between tempo conditions [25],
although no significant differences in physiological stress measures (e.g., heart rate or skin conductance) are
observed. These subtle brain changes were interpreted as reflecting factors like increased concentration or mild
anxiety, which aligns with the stress increase we observed with fast music in different mental-health groups. The
outcomes of these studies underscore the importance of listener context: the lack of an effect in an average group
does not mean tempo has no effect on anyone; rather, it suggests that certain populations (like those with mental
health conditions) can react very differently [24]. Indeed, our analysis shows that a listener’s psychological profile
can significantly alter how tempo influences stress — what calms one person may alarm another. Tempo, in sum,
does not have a uniform effect on stress levels, but its impact is moderated by who is listening and in what
emotional state.

5.3.2  Finding 2 (Low and High Valence). The emotional tone of music (negative vs. positive mood) showed a
distinct association across conditions. Low-valence music (songs with negative or sad emotional content) was
associated with increased stress in several groups. For instance, in the depression group, listening to low-valence
music was associated with a delayed rise in stress: about a 14% increase relative to controls, observed at the
60-minute point ( p = 0.034). Consistent with this finding, the zero-inflated model showed that depressed users
were 34% less likely to report zero stress at 60 minutes post-listening to low-valence music (p = 0.015), indicating
fewer stress-free sessions in the depressed group under sad music. The bipolar group also reacted to low-valence
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Table 11. Association of Tempo with stress

Tempo - Conditional Model Tempo - Zero Inflation Model
Group Interval | Category - -
Estimate | Std. Error CI Pr(>|Z|) | Estimate | Std. Error CI Pr(>|Z|)
30m 0.214 0.074 [0.068, 0.360] | 0.003 ** 0.067 0.187 [-0.298, 0.434] 0.718
Fast
Depression 1h 0.170 0.057 [0.056, 0.283] | 0.003 ** -0.278 0.171 [-0.615, 0.058] 0.105
30m Slow -0.150 0.290 [-0.718, 0.418] 0.605 -2.168 1.216 [-4.553, 0.216] 0.074 .
30m 0.205 0.081 [0.046, 0.364] 0.011°* 0.258 0.273 [-0.278, 0.795] 0.346
Anxiety Fast
1h 0.094 0.062 [-0.028, 0.217] 0.133 -0.410 0.081 [-0.569, -0.252] | 0.052.
PTSD 1h Slow 0.902 0.212 [0.487,1.318] | 0.006 ** -0.539 0.652 [-1.818, 0.740] 0.409
30m Slow 0.436 0.368 [-0.285, 1.158] 0.236 -3.044 1.345 [-5.681,-0.407] | 0.023 *
Bipolar
1h Fast 0.173 0.079 [0.017, 0.328] 0.029 * -0.069 0.319 [-0.695, 0.556] 0.828
In 30 Minutes After Listening to Music In 1 hour After Listening to Music
PTSD| »—ﬂ-n—m — :Z:k ’—Trs—‘ ALK —_ :Z:k
g — Jazz I » | I — — Jazz
o Vo w3 i op
Depression | )_’—UTL_‘ 7T
004 AL 005
Bipolar ’—‘0:7—‘ ’_mnwﬁ
%.00 o 059
0.05 006
Anxiety | o ba— 1
35
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Fig. 6. An overall comparison of stress levels after listening to music for 30 (left) minutes and 1 hour (right). The plot shows
the 95% confidence intervals for each genre across the two groups: control and disorders. Although many variables are not
statistically significant, there is a noticeable potential association between stress levels and music genres.

music: we observed about a 25-26% stress increase at 30 minutes into listening to sad/negative music ( p = 0.047).
In all of these cases, exposure to emotionally negative themes in music elevated stress relative to controls. By
contrast, high-valence (happy or positive) music did not produce any significant stress changes in the depression,
PTSD, or bipolar groups at either time interval. (The anxiety group likewise showed no strong reactions to music
valence in our data.) However, the zero-inflated model did reveal a subtle effect for the bipolar group even with
positive music: bipolar users were less likely to report zero stress at 30 minutes when listening to high-valence
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Table 12. Association of Valence with stress

Valence - Conditional Model Valence - Zero Inflation Model
Group Interval | Category - - ;
Estimate | Std. Error CI Pr(>|Z|) | Estimate Std. Error CI Pr(>|Z|)
Low 0.229 0.115 [0.002, 0.456] | 0.047* 0.173 0.307 [-0.428, 0.775] 0.573
Bipolar 30m
High 0.017 0.136 [-0.249,0.283] | 0.896 -0.903 0.428 [-1.741,-0.06] | 0.034 "
Depression 1h Low 0.130 0.061 [0.009, 0.251] | 0.034* -0.421 0.173 [-0.759, -0.080] | 0.015*

tracks (p = 0.034), meaning that even “happy” music did not fully eliminate stress responses in the bipolar group.
The results are presented in Table 12.

These observations align with prior research on music valence and emotional state. In general, studies have
found that the "happier” the music, the lower the stress response. For instance, one longitudinal study reported
that a song’s valence is significantly associated with stress and mood over time — with more positive (high-valence)
music linked to lower stress levels and improved mood [30]. Similarly, experimental evidence indicates that
positive-valence music promotes better recovery from stress than negative-valence music, both subjectively
and physiologically [84]. This is in line with our finding that happy” music did not exacerbate stress, whereas
”sad” music did. On the other hand, the literature also showed that music with negative emotional content can
have detrimental effects for vulnerable listeners. For example, research in [34] found that listening to sad music
significantly increased feelings of depression in individuals with a predisposition to depression. This is consistent
with our observation that low-valence music heightens stress in users with depression. Furthermore, sad music
has been shown to induce changes in emotion-related memory and judgment, though these effects depend on the
music’s personal relevance to the listener and on individual traits like empathy [98].

5.3.3  Finding 3 (Low and High Instrumentalness). When considering the presence of vocals in music (vocal-
heavy and purely instrumental tracks), we observed distinct patterns for different conditions. In the depression
group, music with vocals (i.e. low instrumentalness) was associated with higher stress levels. After 30 minutes of
listening to vocal-heavy songs, depressed users’ stress was about 15% higher than that of their control counterparts
(p = 0.007). Consistent with this finding, the zero-inflated model showed that depressed users were 27% less likely
to report zero stress at 30 minutes post-listening to low-instrumentalness music (p = 0.032). This relationship
grew slightly by 60 minutes, reaching roughly a 16% stress increase (p < 0.001); similarly, depressed users
were 29% less likely to report zero stress at 60 minutes when listening to music with vocals (p = 0.009). By
contrast, listening to purely instrumental pieces did not significantly change stress for the depression group at
either time. The bipolar group showed nearly the opposite pattern. For individuals with bipolar disorder, music
that was predominantly instrumental (lacking vocals) was linked to a strong stress response: a 73% increase in
stress after 30 minutes of instrumental music compared to controls (p = 0.048). In contrast, bipolar listeners
did not experience any significant stress change when the music included vocals. In the anxiety and PTSD
groups, we did not find any notable differences in stress between instrumental and vocal music conditions.
Nonetheless, the zero-inflated model uncovered that anxiety-group listeners were significantly less likely to
report zero stress following vocal music at the 60-minute mark (p = 0.018), even though their overall stress
levels did not significantly change as shown in the conditional model. This suggests that for anxious individuals,
music with lyrics may subtly reduce the likelihood of being completely stress-free (perhaps inducing some stress)
compared to instrumental music. The results are presented in Table 13.
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Table 13. Association of Instrumentalness with stress

Instrumentalness - Conditional Model Instrumentalness - Zero Inflation Model
Group Interval Category - -

Estimate | Std. Error CI Pr(>|Z]) | Estimate | Std. Error CI Pr(>|Z|)

Bipolar 30m High 0.547 0.277 [0.003, 1.091] 0.048 * -0.922 1.166 [-3.208, 1.363] 0.429
30m Low 0.137 0.050 [0.037, 0.237] 0.006 ** -0.321 0.150 [-0.615,-0.026] | 0.032*

Depression

1h Low 0.151 0.043 [0.067,0.236] | 0.0004 *** -0.346 0.133 [-0.60, -0.084] | 0.009 **

Anxiety 1h Low -0.024 0.053 [-0.128, 0.079] 0.649 -0.407 0.172 [-0.744,-0.069] | 0.018 *

These patterns can be better understood in light of prior studies on vocal content (instrumentalness) and
emotional coping. Some research suggests that vocal-heavy music is often intertwined with emotional coping
mechanisms. For instance, listeners may use songs with lyrics to express or process feelings, whereas instrumental
pieces might serve more as background mood enhancers. One recent study on music as emotion regulation
supports this idea, noting that whether a track with vocals can influence how people use it to cope emotionally
[26]. This perspective aligns with our observation that the presence or absence of lyrics is correlated with stress
outcomes. In [101]. researchers articulated that that individuals with depression tend to prefer or share music
that is higher in instrumentalness, possibly to avoid lyrical content that could intensify their emotions. Literature
also shown that the relationship between instrumental music and stress is not uniform across all populations.
For example, one study noted that individuals with high anxiety levels are less inclined to listen to instrumental
music, favoring songs with vocals [79]. Another study reported that people experiencing higher overall stress
tend to prefer instrumental music, which resonates with our observations in the bipolar group (where high
instrumentalness was associated with increased stress) [44]. Additionally, music preference research in the
context of pain management has found that individuals in pain often choose music that is more engaging — with
higher energy, higher danceability, and with vocals (low instrumentalness) — over purely instrumental tracks [44].
This contrasts with our depression-group findings (where vocal music heightened stress), but it highlights how
context-dependent these effects are. Listeners in acute physical pain may prefer lively, lyrical music to distract
from discomfort, whereas listeners with depression might avoid lyrical content to prevent emotional overload.

6 Applications of Findings in a Music Recommender System

The insights from our analysis of music genres, audio features, and stress levels across different mental health
groups provide a foundation for developing personalized music recommendation systems aimed at emotional
well-being. Such systems seek to cater to users’ musical tastes while also promoting positive mood regulation.
Recommendation systems are ubiquitous in domains like e-commerce, social media, and entertainment [107],
filtering information to suggest items that match user preferences. Recent advances in natural language processing,
especially with large language models (LLMs) like BERT [55], and GPT-3 [15] as well as generative recommender
approaches (e.g., FLAN-T5 [23]), have opened new possibilities for enhancing recommenders. Researchers
are exploring how LLMs’ reasoning and contextual understanding can improve recommendations [45, 61].
Conventional music recommenders, which rely heavily on a user’s listening history and immediate preferences
[12], often optimize for short-term satisfaction while overlooking long-term mental health effects. For example,
matching a user’s current sad mood with melancholic songs might provide temporary comfort but could reinforce
negative feelings over time. A more mindful strategy is needed—one that balances user preferences with the
potential therapeutic effects of music [53, 63]. In line with this goal, and to investigate RQ4, we developed an
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LLM-based framework that integrates the findings from our previous analyses (RQ2-RQ3) on the relationship
between music listening and stress for the music recommendation task.

6.1 Proposed LLM-Based Music Recommendation Framework

We implemented a proof-of-concept recommendation framework that uses an LLM to balance user satisfaction
with mental health benefits. The approach can be summarized in four main steps:

(1) Detect Stress-Reducing Songs: Identify user timelines where a user’s stress level notably decreases
after listening to a particular song. We label this track as the "selected song” for that user session, as it is
associated with stress reduction.

(2) Profile Recent Listening History: Construct the user’s listening profile from at least ten prior music
sessions before the selected song. For each session, extract key features (e.g., genre, tempo, instrumentalness,
valence) that characterize the music the user listened to.

(3) Generate Candidate Songs: From the full music database, compile a pool of candidate songs the user has
not heard before (excluding any track already in the user’s history or the selected song itself). Randomly
sample 19 songs from this pool and combine them with the selected song, yielding a set of 20 candidate
tracks for recommendation.

(4) LLM-Based Ranking: Provide the LLM with a prompt containing the user’s profile (from step 2) and the
list of 20 candidate songs with their audio feature values. The LLM is asked to rank these candidates in terms
of how well each song aligns with the user’s historical preferences and its potential to improve the user’s
mood and reduce stress. The selected song (which is known to have reduced the user’s stress) serves as the
“correct” item that an ideal recommender should rank highly. Figure 8 illustrates an example of the prompt
used for this LLM ranking, contrasting a basic prompt (baseline) with an enriched version incorporating
insights from one of the features (genres) from our results.. The detailed steps of the recommendation task
are presented in Algorithm 1.

Using the above framework, we first establish a baseline model as a point of comparison. The baseline uses the
LLM to perform a simple re-ranking of the 20 candidates based only on the user’s listening history, without any
information about stress-related effects of music features. This provides a foundational recommendation without
our new insights. While the baseline approach can capture the user’s taste to some extent, it does not incorporate
knowledge of how specific musical features (e.g., tempo or genre) might be linked to stress levels.

6.2 Feature Ablation Experiment Design

We progressively integrated our research findings into the LLM’s recommendation process and tested how each
type of musical feature contributes to stress-aware recommendations. We conducted a series of experiments
under different feature conditions (with all other aspects of the system identical to the baseline) to isolate the
impact of each feature on the recommender’s performance. The experimental conditions were as follows:

(1) Only Genre: The LLM receives information only about the music genre of each candidate track, including
how that genre tends to affect stress for the user’s demographic (e.g., rock music was associated with a 5%
stress reduction for similar users).

(2) Only Tempo: The LLM is given only the tempo of each song and the insight about tempo’s effect on stress
(e.g., whether slower or faster tempo correlates with stress changes).

(3) Only Valence: The LLM is given only the valence of each song plus the insight about valence’s relationship
with stress.

(4) Only Instrumentalness: The LLM is given only the instrumentalness of each song and the insight
regarding how instrumental vs. vocal music influences stress.
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In each of these scenarios, the recommendation procedure remained the same as in the baseline frame-
work—steps 1-4 above—changing only the feature-related information included in the LLM’s prompt. In a
single-feature condition like "Only Genre,” the prompt was identical except that it included only the genre
information for each song (plus the genre—stress insight). This feature-ablation approach allows us to assess the
relative importance of each musical attribute in guiding the LLM’s recommendations. By comparing performance
across these conditions, we can determine which aspects of music have the strongest impact on reducing user
stress and thus should be prioritized in a stress-aware recommender system.

6.3 Ranking Evaluation and Results

To evaluate the recommender’s performance under each experimental condition, we used the Mean Reciprocal
Rank (MRR) metric [49], a standard measure in information retrieval and recommendation tasks. MRR is well-
suited here because it captures how highly the system ranks the "correct” item—in our case, the stress-reducing
selected song—among the list of 20 candidates. For each user session (each instance of the experiment), we
recorded the rank position of the selected song in the LLM-produced ranking and then computed the reciprocal
rank. We then averaged these reciprocal ranks across all user sessions for a given condition to get an overall
MRR score for that condition.

We compared the MRR of each feature condition against the baseline to quantify improvement. A higher MRR
indicates that the selected stress-reducing song was ranked closer to the top, meaning the recommender more
successfully prioritized the song that actually benefited the user’s stress. We performed paired t-tests between
each experimental condition’s MRR values and the baseline’s MRR values to assess the statistical significance
of improvements. All configurations (except only-valence) integrating our insights showed improvement over
the baseline, and these improvements were statistically significant in most cases (p < 0.05). Figure 7 depicts the
average MRR achieved in each feature setting alongside the significance of the difference from baseline.

The results reveal notable variation in how each feature insight contributed to recommendation quality. Among
the single-feature experiments, the "Only Genre” condition achieved the highest MRR (0.354), indicating that
genre information alone was very effective in helping the LLM rank stress-reducing tracks at the top. The
“Only Instrumentalness” condition yielded the second-highest MRR (0.301), suggesting that whether a song
is instrumental or vocal also plays an important role in identifying calming music. The other single-feature
conditions ("Only Tempo” and "Only Valence”) resulted in MRR scores (approximately 0.187 and 0.175, respectively)
that were equal to or slightly below the baseline. These outcomes underscore that not all features contribute
equally to improving recommendations for stress reduction—genre (and to a lesser extent instrumentalness)
appears to be especially influential, whereas valence and tempo alone offer limited benefit in this context.

Overall, by integrating targeted musical features derived from our findings, the LLM-based system was better
at retrieving the song that actually reduced user stress, thereby answering RQ4 affirmatively.

7 Discussion
7.1 Summary of Findings

This study investigated the relationship between music listening and stress levels among individuals with
different mental health conditions, using a large dataset of social media activity. The results reveal a nuanced and
condition-specific relationship between music engagement and stress outcomes.

For RQ1, our findings show that music listening is not universally stress-reducing. In fact, individuals with
depression and PTSD exhibited significantly higher stress levels after listening to music compared to matched
control users. The stress increase was most pronounced for those with depression, while individuals with bipolar
disorder showed a delayed stress elevation. Notably, no significant stress changes were observed in the anxiety
group, suggesting that music’s effects may be less pronounced or more variable in this population.
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Fig. 7. Comparison of MRRs in different setups. The figure illustrates the average MRR achieved for each condition,
highlighting improvements over the baseline. Statistically significant differences from the baseline are indicated (p < 0.05 for
all conditions), demonstrating the effectiveness of integrating music features in stress-aware recommendation.

Baseline Recommender Prompt Baseline + Genres Insights Recommender Prompt

This user has a depression disorder. Based on
their music history and the provided candidate
music list, please rank the songs based on: 1.
Their potential impact on improving mood and
reducing stress. 2. Their relevance to the user's
past music preferences. Output Requirement:
Strictly return only the ranking in the following
format, with "-by-" between title and artist. Do
NOT include any introductory text,

This user has a depression disorder. Based on their music history and
the provided candidate music list, please rank the songs based on: 1.
Their potential impact on improving mood and reducing stress. 2.
Their relevance to the user's past music preferences.

Important Research Insights About Music Features:

- Genres: Pop music genre is associated with increase stress by 14%
and jazz music genre is associated with increase stress by 34%.
Output Requirement: Strictly return only the ranking in the following

explanations, or additional details: 1. Title-by-
Artist, 2. Title-by-Artist, 3. Title-by-Artist, 4.
Title-by-Artist, 5. Title-by-Artist and so on.

format, with "-by-" between title and artist. Do NOT include any
introductory text, explanations, or additional details: 1. Title-by-Artist,
2. Title-by-Artist, 3. Title-by-Artist, 4. Title-by-Artist, 5. Title-by-Artist

and so on.

Fig. 8. Example of prompts used in the baseline recommender system (left) and with All Features” insight (right).

RQ2 examined how different music genres interact with mental health. Pop music was linked to heightened
stress in users with depression and PTSD, particularly at 60 minutes post-listening. Rock music exposure produced
a marked and sustained stress increase in individuals with bipolar disorder, aligning with prior concerns around
intense or emotionally charged music in vulnerable groups. Conversely, hip hop listening showed a short-term
stress-reducing effect for users with PTSD, echoing emerging therapeutic literature on the genre’s potential for
emotional processing. Jazz elicited more mixed responses: it was associated with a modest stress reduction in the
anxiety group, but a slight stress increase among individuals with depression.
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Algorithm 1 LLM-Based Music Recommendation Framework

Input: User listening history H, music database D
Output: Ranked list of recommended songs R

: stress_song « IdentifyStressReducingSong(H)

: profile_features « ExtractFeatures(H, features = [’genre’, ’tempo’, ’valence’, ’instrumentalness’])
: candidate_songs < SampleCandidateSongs(D, H, exclude = stress_song, sample_size = 19)

: candidate_pool < candidate_songs U {stress_song}

. feature_settings « {

"genre_only": [’genre’],

"tempo_only": [’ tempo’],

"valence_only": [’valence’],

"instrumentalness_only": [’instrumentalness’],

"baseline": []

_
=

-}

: for setting € feature_settings do

prompt < GeneratelLLMPrompt(profile_features, candidate_pool, feature_settings[setting])
rankings[setting] « RankSongsWithLLM(prompt)

ranks|[setting] « GetRank(stress_song, rankings[setting])

: end for

: for setting € feature_settings do

MRR([setting] < CalculateMRR(ranks|[setting])

: end for

: PerformStatisticalTests(MRR, baseline_setting = "baseline")

[ I S T T e

RQ3 focused on how specific acoustic features—tempo, valence, and instrumentalness—relate to stress outcomes.
Tempo effects were particularly striking: while fast-tempo music elevated stress for individuals with depression
and anxiety, slow-tempo music unexpectedly heightened stress among those with PTSD. Valence also played
a critical role: low-valence (sad or negative) music increased stress in depression and bipolar groups, whereas
high-valence (positive) music did not significantly alter stress levels. Instrumentalness revealed a divergent
relationship: vocal-heavy tracks increased stress in depressed users, while instrumental tracks elevated stress in
the bipolar group.

7.2 Limitations

While this study contributes valuable insights into the interplay between music and stress across mental health
conditions, several limitations should be noted. First, the analysis is based on publicly available social media
data, which may not capture the full scope of individual emotional experiences or contextual variables such as
listening intent, setting, or concurrent life events. Second, stress levels were estimated using a computational
model (TensiStrength), which, although validated, may not reflect clinical stress diagnoses or nuanced emotional
states.

Additionally, the dataset does not include ground truth about the user’s mental health status beyond self-
reported diagnoses, which introduces potential for misclassification. The musical features and genre catego-
rizations were inferred from metadata and external APIs, limiting the ability to assess the subjective emotional
content or personal significance of specific songs. Finally, causal relationships between music listening and
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stress cannot be inferred from the observational nature of the data, and unmeasured confounding variables may
influence the outcomes.

7.3 Ethical Considerations

The data used in this study were derived from a publicly available dataset built from Twitter posts. All data
collection and analysis were conducted in accordance with ethical standards for research involving social media
data, including the removal of identifiable user information and the use of aggregate-level analysis to prevent
re-identification.

That said, ethical sensitivity remains important when interpreting findings related to mental health, especially
when discussing potentially vulnerable populations. While the dataset offers a valuable window into large-scale
behavioral patterns, it is crucial not to conflate observed stress indicators with clinical diagnoses or assume
uniform emotional responses within mental health groups. Future work should consider engaging with clinical
experts and individuals with lived experience to guide interpretation and application of findings.

7.4 Implications: Practical and Theoretical

Our findings offer several important implications at the intersection of music, emotion regulation, and mental
health, spanning both practical applications and theoretical contributions.

Practical Implications. Our findings underscore the need for emotionally aware recommender systems in
mental health contexts. While music platforms and mental health apps increasingly use Al to personalize content,
they rarely account for users’ mental health profiles [78, 96]. Evidence from our study—such as increased stress
after pop or slow-tempo music in users with depression or PTSD—suggests that generic recommendations may
do harm. Systems that incorporate diagnosis and prior emotional responses could offer safer, more supportive
suggestions.

For example, such a system might learn to steer a PTSD-affected listener away from ostensibly “calming” music
that, for them, yields anxiety, instead favoring content that that user has historically found soothing. Incorporating
our insights on features like genre, valence sensitivity, and tempo reactivity into music recommendation algorithms
could thus reduce the risk of unintentional emotional harm and improve user wellness [64]. This extends recent
research on mood-based music recommenders by adding a mental health-aware dimension to personalization,
moving beyond generic mood matching toward therapeutic music curation.

From a public health perspective, leveraging music listening behaviors captured through social media data
presents a novel avenue for monitoring and supporting community mental health. While traditional digital
profiling methods have utilized passive smartphone data—such as GPS, call logs, and app usage—to assess mental
health states like stress, anxiety, and depression [72], these approaches often overlook the rich emotional context
provided by music engagement. Recent studies have highlighted that music listening is intricately linked to
stress modulation and mood regulation in daily life [57]. However, existing systems rarely integrate music
listening patterns into real-time mental health assessments. By analyzing large-scale data from platforms like
Twitter, our approach demonstrates how passive digital footprints, specifically music-related behaviors, can
reflect psychological stress in real time. This method offers a complementary perspective to traditional digital
characterization, potentially enhancing the granularity and immediacy of mental health monitoring. Public health
institutions could harness such data to detect when populations exhibit signs of heightened stress—such as shifts
in musical preferences correlating with stress-related discourse online—and respond with timely interventions or
resources.

Unlike clinical assessments that require active participation, monitoring stress via everyday music engagement
is unobtrusive and highly scalable. Our findings, therefore, contribute to the emerging paradigm of digital
characterization for mental health, wherein online behaviors serve as proxies for well-being at the population
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level. Identifying stress through music listening trends could complement traditional surveillance by providing
early warnings of societal stress crises or by highlighting at-risk groups based on their unique music response
patterns. Notably, recent large-N studies have begun linking everyday music use to stress and mood outcomes in
the general population [31], underscoring that our social-media-based approach can enhance ecological validity
and reach. In sum, this work suggests practical pathways for both personalized technology design and public
health strategy - from therapeutically informed music recommenders to population-level stress monitoring -
grounded in people’s natural music interactions.

Theoretical Implications. Theoretically, our study advances the understanding of how genre-specific emo-
tional responses to music are modulated by individual mental health conditions, thereby extending prior research
on music and emotion in clinical populations. Earlier studies of music’s effect on mood were often limited to
small samples or single-disorder groups in controlled settings [38, 66], which could not capture the complex,
condition-specific patterns we observe at scale. In contrast, our large-scale analysis reveals that the emotional
impact of music is highly condition-dependent: a genre that alleviates stress in one group may exacerbate it in
another.

For example, while pop or slow-tempo pieces are generally thought to induce relaxation, we found they
led to heightened stress in listeners with depression and PTSD, even as listeners without disorders or with
anxiety showed little to no calming benefit. This nuanced result challenges the implicit assumption of uniformly
calming effects of “relaxing” music and highlights that individuals with different diagnoses engage in distinct
emotion-regulation processes through music. Our findings align with prior work showing individual variability
in responses to emotional music [32]. Specifically, we extend this literature by demonstrating that such variability
is not only present but also systematically patterned according to mental health conditions.

This diagnosis-specific patterning has important theoretical implications. In particular, our results lend support
to mood-congruence theories by suggesting that vulnerable individuals may select or react more strongly to
music that mirrors their affective state, which can inadvertently reinforce negative emotions. A person with
depression, for instance, might gravitate toward somber tunes that resonate with their current mood, only to
experience intensified sadness or stress afterward—a phenomenon hinted at in small experiments [32] but now
evidenced on a much broader scale. Specifically, We contribute to theory by integrating psychopathology into
models of music emotion: the differential effects of tempo, lyrical content, and genre across disorders add a new
layer to frameworks of stimulus appraisal and affective reactivity [32, 54]. In essence, our study suggests that
models of music-induced emotion and mood regulation must account for the listener’s mental health context -
an insight that bridges music psychology and clinical understanding of emotional reactivity.

Methodologically, this work introduces an innovative analytical framework by combining Propensity Score
Matching with Generalized Linear Mixed Models (PSM + GLMM) to examine music and stress relationships.
This approach represents a significant advancement over prior mental health studies that often relied on simple
group comparisons or cross-sectional designs. By using PSM to match individuals with and without mental
health conditions on relevant confounders, we approximated a quasi-experimental design that strengthens
causal inference from observational social media data. At the same time, applying GLMM allowed us to model
within-subject variability — capturing how repeated listening events affected stress for each user over time —
and to include random effects for individuals. Together, this PSM+GLMM strategy enabled us to disentangle the
music-stress relationship with a level of rigor and granularity unattainable in most earlier works.

Previous small-scale studies typically lacked either the sample size or the methodological flexibility to do
this: for example, clinical trials or lab studies with dozens of patients could monitor within-person responses
but not generalize broadly [66], whereas large surveys could find correlations but not isolate cause and could
miss dynamic effects. Our integrated approach fills this gap by achieving both scalability and internal validity.
The result is a more rigorously constructed dataset that enables analysis of both within-person changes in
stress following music exposure and between-group differences across mental health conditions, all based on
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real-world behavioral data. This methodological contribution not only strengthens the validity of our findings
but also provides a practical framework for future research connecting digital trace data with mental health.
By demonstrating that careful matching and mixed-effects modeling can yield meaningful insights from noisy,
in-the-wild data, we enhance the ecological validity of mental health research.

In summary, the study’s approach and outcomes substantially extend existing research — moving beyond the
constraints of prior small or clinic-bound studies — and illustrate how new data-driven methods can deepen
theoretical understanding and inform practical interventions in the mental health domain.

8 Conclusion and Future Works

This study explored the complex relationship between music listening and stress levels across different mental
health conditions using a large-scale social media dataset. By integrating Propensity Score Matching (PSM) and
Generalized Linear Mixed Models (GLMMs), we addressed key research questions about the association of music
genres and features with stress responses in individuals with depression, anxiety, PTSD, and bipolar disorder,
compared to matched controls.

Our findings revealed that music’s relationship with stress is highly context-dependent and varies significantly
across mental health conditions. For instance, while pop and rock music were associated with increased stress in
depression and bipolar groups, hip hop showed short-term stress-reducing effects for individuals with PTSD.
Similarly, acoustic features such as tempo and instrumentalness exhibited distinct influences on stress, with
fast-tempo and low-valence music often exacerbating stress in the studied group. These results underscore
the importance of personalized approaches to music-based interventions, as generic recommendations may
inadvertently heighten stress for some individuals.

The development of an LLM-based music recommendation framework demonstrated the practical application
of these insights, highlighting how genre-specific and feature-aware recommendations can better align with
therapeutic outcomes. By prioritizing stress-reducing music selections, such systems have the potential to enhance
emotional well-being while respecting individual preferences.

To deepen our understanding of the music-stress relationship, future research should extend the current
observational framework by incorporating longitudinal designs to establish causal relationships between music
listening and stress responses. Expanding the dataset to include underrepresented mental health conditions (e.g.,
schizophrenia, OCD) and diverse demographic groups would improve the generalizability of findings. Additionally,
researchers could broaden data collection beyond Twitter to incorporate other social media platforms such as
Reddit, Threads, and Instagram, while also leveraging multimodal data including voice recordings, images,
and videos to provide a more comprehensive analysis of stress indicators. Collaboration with mental health
professionals would be valuable for translating research findings into clinical practice, particularly in developing
tailored music therapy protocols for specific disorders. Furthermore, investigating how cultural differences in
music preferences and emotional expression influence the music-stress relationship would help create globally
applicable recommendations. By addressing these research directions, future studies can further bridge the gap
between computational social science and clinical applications, ultimately advancing the development of more
effective, scalable, and personalized music interventions for mental health support.
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