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ABSTRACT

Lyrics play a crucial role in affecting and reinforcing emo-

tional states by providing meaning and emotional connota-

tions that interact with the acoustic properties of the music.

Specific lyrical themes and emotions may intensify exist-

ing negative states in listeners and may lead to undesirable

outcomes, especially in listeners with mood disorders such

as depression. Hence, it is important for such individuals

to be mindful of their listening strategies. In this study, we

examine online music consumption of individuals at risk of

depression in light of lyrical themes and emotions. Lyrics

obtained from the listening histories of 541 Last.fm users,

divided into At-Risk and No-Risk based on their mental

well-being scores, were analyzed using natural language

processing techniques. Statistical analyses of the results

revealed that individuals at risk for depression prefer songs

with lyrics associated with low valence and low arousal.

Additionally, lyrics associated with themes of denial, self-

reference and blame were preferred. This study opens up

the possibility of an approach to assessing depression risk

from the digital footprint of individuals and potentially de-

veloping personalized recommendation systems.

Keywords: depression, lyrics, lastfm, emotions,

themes

1. INTRODUCTION

Depression is one of the leading causes of disability in

young adults globally, according to the World Health Or-

ganization [1]. It has the potential to hinder and curb de-

velopment in personal and social avenues of life, making

it a debilitating condition. This underscores the imperative

to identify and address it in the early stages.

Music plays an important role in regulating mood and

emotions [2]. Musical preferences and music listening

habits are known to invoke and reinforce moods and emo-

tions and satisfy psychological needs [3, 4]. Emotionally

vulnerable young adults were found to have more intense
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relationships with music [5]. An increased emotional re-

liance on music was also observed in such individuals [6].

However, certain music engagement behaviors and strate-

gies are associated with indicators of poor mental health

and do not always lead to the alleviation of existing de-

pressive symptoms [7]. Individuals who are depressed or

at risk of depression are often unconscious of using mu-

sic as a tool to improve emotional states [8], which might

lead to adverse outcomes. This highlights the importance

of addressing and studying music listening behaviors of

individuals prone to depression risk for developing inter-

vention methods to come up with listening strategies that

may lead to positive outcomes.

Online music streaming platforms such as Spotify 1 ,

Last.fm 2 , and Apple Music 3 offer their users a large va-

riety of songs across genres and make it possible to study

the musical digital footprints of their users. Last.fm al-

lows the extraction of the listening histories of its users and

the corresponding metadata, which prompted several stud-

ies that utilized Last.fm to study naturally occurring user

listening behaviors in light of depression risk [9, 10, 11].

However, the relationship between lyrics, specifically the

semantics and emotional connotations of lyrics, and de-

pression has received little to no attention in the literature,

while lyrics were found to play a crucial role in affecting

emotional states [12]. Lyrics were also found to be essen-

tial for depicting sadness in music [13]. This study seeks

to address this gap by examining the relationship between

lyrical emotions and themes extracted from user listening

histories and depression risk.

2. BACKGROUND AND RELATED WORK

We highlight previous studies that used online music lis-

tening histories from Last.fm and preferences to identify

different trends and characteristics in music listening be-

haviors of individuals at risk of depression. Surana et

al. [9] was the first such study, which used user-annotated

tags from Last.fm, to identify emotion- and genre-tag pref-

erences of individuals at risk of depression. The results of

this study revealed that At-Risk individuals consume music

that is tagged with emotions representing sadness, such as

sad, depressed, dead, low and miserable, and belonging to

1 www.spotify.com
2 www.last.fm
3 music.apple.com
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Figure 1: Methodology

genres such as neo-psychedelic, dream-pop and indiepop.

In a later study, Surana et al. [10] studied emotions in re-

lation to acoustic features of music as dynamic measures

across the span of six months by dividing the listening his-

tory into sessions based on periods of inactivity to observe

any dynamic patterns in music listening behaviors of At-

Risk individuals. This study found that individuals at risk

of depression rely more heavily on music and tend to listen

to the same songs repeatedly. It was also found that they

tend to listen to sad music for longer periods.

Shriram et al. [11] were the first to study lyrics in this

context in terms of lyrical repetitiveness and compressibil-

ity. The results revealed that At-Risk individuals prefer

music with lower lyrical simplicity (lower compressibil-

ity) and greater information content, especially for music

that is characterized as sad.

However, no study to date has explored the link between

lyrical emotions and themes extracted from online listen-

ing histories and depression risk, to the best of our knowl-

edge. This link is crucial to investigate because lyrics re-

inforce negative states and, in dire situations, lead to mal-

adaptive outcomes. The only study that has looked into

lyrical themes associated with maladaptive listening strate-

gies, which is known to be a proxy for depression risk [14],

was done by Singh et al. [15]. They explored the link be-

tween lyrical themes extracted using DICTION 4 and un-

healthy music engagement strategies characterized by the

Unhealthy-Healthy music scale (HUMS) [14], which indi-

rectly indicates depression risk. This study revealed that

individuals who engage in unhealthy and maladaptive lis-

tening strategies listen to music with lyrical themes repre-

senting self-reference and blame. However, this has been

done in the context of online discourse surrounding depres-

sion on Reddit. This raises the question of whether simi-

lar behavior can be observed in the lyrical content derived

from the listening histories of individuals at risk on music

4 www.dictionsoftware.com

streaming platforms. In this study, we investigated the rela-

tionship between individuals’ online listening histories and

their risk of depression in the context of lyrical emotions

and themes.

Based on previous research in the field [9, 10, 11, 15],

we hypothesize the following:

• Building on prior research demonstrating a pref-

erence for sad music among At-Risk individuals

[9,10], we hypothesize that these individuals exhibit

a greater preference for music with lyrics associated

with low valence and low arousal.

• In line with the established link between lyrical

themes and unhealthy music engagement behaviors

shown by Singh et al. [15], we hypothesize that At-

Risk individuals consume music that is higher in

terms of themes such as self-reference, and blame.

3. METHODOLOGY

Figure 1 summarizes the procedure used in our study,

which is described as follows.

3.1 Dataset

We used the dataset from Surana et al. [9, 10] for our anal-

ysis. The dataset consists of the six-month music listening

history of 541 Last.fm users (Mean Age = 25.4, SD = 7.3),

of which 444 were male, 82 were female, and 15 identi-

fied as other. This data was acquired by means of a survey

that was posted on Reddit 5 and Facebook 6 Last.fm pages.

Informed consent was taken from the participants and par-

ticipation was completely voluntary. They were informed

that the study posed no risks and that their confidential-

ity would be maintained. The analysis was performed at a
group level, ensuring no individuals could be identified.

5 www.reddit.com
6 www.facebook.com
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3.1.1 Measure of Depression Risk

To assess mental well-being, Kessler’s Psychological Dis-

tress Scale (K10) questionnaire [16] is utilized, which

measures psychological distress with a focus on symp-

toms of anxiety and depression. Following the approach

of Surana et al. [9], participants scoring 29 or higher on

the K10 questionnaire were classified as being in the “At-

Risk” group for depression, while those scoring below 20

constitute the “No-Risk” group. Out of the total users, 193

individuals were in the No-Risk group, and 142 were in the

At-Risk group.

3.1.2 Listening History and Lyrics

Lyrics for the tracks in the listening histories are extracted

from Genius.com and MetroLyrics.com. Lyrics for ap-

proximately 76% of the entire repository of songs were

obtained. Songs with no lyrics comprised around 4% of

the dataset.

3.2 Lyrics Processing

3.2.1 Lyrics-Emotion Mapping

Figure 2: Two-dimensional Valence-Arousal space

Lyrics were projected onto the Russell’s Complex

Model of Affect [17], which is used to organize emo-

tions along two orthogonal dimensions: Valence, which

represents pleasantness and Arousal, which represents en-

ergy. As can be seen in Figure 2, The first quadrant repre-

sents high valence and high arousal (happiness), the second

quadrant represents low valence and high arousal (anger),

the third quadrant represents low valence and low arousal

(sadness), and the fourth quadrant represents high valence

and low arousal (tenderness). We employed a model pro-

posed in Agarwal et al. [18] to map each song’s lyrical

content to a quadrant in the VA space. The architecture of

the model is a deep neural network architecture that em-

ploys XLNet [19], an advanced bidirectional transformer,

to perform multitask learning for emotional classification

based on song lyrics. The model is trained on the Moody-

Lyrics [20] and MER [21] datasets, which consist of songs

uniformly distributed across the four quadrants of the Rus-

sell’s Valence-Arousal circumplex model. The model was

used to return a single quadrant label for each song by map-

ping the song’s lyrical content to the 2D Valence-Arousal

space, which was used to categorize the tracks into one of

the four quadrants.

To quantify user preferences for quadrant categories,

we computed a quadrant prevalence (QPS) score for each

quadrant, which is determined by the proportion of tracks

from each user’s listening history, within the respective

quadrants, as shown in Equation 1. The top 100 most

frequently listened songs were identified and assigned

weights based on listening frequency. The QPS for each

user and quadrant was then calculated as the average

weighted frequency of songs belonging to that specific

quadrant in their listening history.

QP S(uj , qk) =

∑
si∈L(uj)

w(si) · I(q(si) = qk)
∑

si∈L(uj)
w(si)

(1)

where,

QP S(uj , qk) : QPS of quadrant qk for user uj

si : a song in the top 100 songs of the user’s listening his-

tory L(uj)
w(si) : the weight (listening frequency) of song si.

q(si) : quadrant assigned to song si
I(.) : indicator function that equals 1 if the condition inside

is true (song si belongs to quadrant qk) and 0 otherwise.

3.2.2 Lyrics-Semantic Themes Mapping

Following a similar approach to Singh et al. [15], we used

DICTION to analyze the lyrics and identify underlying se-

mantic themes. DICTION operates through the use of dic-

tionaries that contain lists of words associated with specific

linguistic, emotional and cognitive contexts. There are 5
themes and 35 sub-themes in total. We chose the themes

Self-reference, Blame, Optimism, Hardship, Satisfaction,

Inspiration, Exclusion and Denial. The frequency scores

corresponding to all the themes and sub-themes for each

song were obtained, based on the occurrence of the words

from the lyrics in the dictionary lists. Similar to the quad-

rant prevalence scores, mean frequency scores (MFS) were

computed for all the themes per user, as shown in Equation

2.

M F S(uj , tk) =

∑
si∈L(uj)

w(si) · Tk(si)
∑

si∈L(uj)
w(si)

(2)

where,

M F S(uj , tk) : MFS of theme tk for user uj

si : a song in the top 100 songs of listening history L(uj)
w(si) : the weight (listening frequency) of song si.

Tk(si) : the frequency score assigned to song si for theme

tk.
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3.3 Statistical Testing

We divided the users into At-Risk and No-Risk groups

based on their K10 scores, as mentioned before. For each

quadrant, we performed a two-tailed Mann-Whitney U

(MWU) test on the quadrant prevalence score between the

At-Risk and No-Risk groups. Similarly, a MWU test was

performed for the mean frequency score between At-Risk

and No-Risk groups, for each theme selected.

4. STATISTICAL TESTING AND RESULTS

4.1 Lyrical Emotion-Based Results

A statistically significant difference (p < 0.05) was ob-

served for the QPS corresponding to Q3, which is repre-

sentative of low valence and low arousal values (U-statistic

= 15727.5, p = 0.02), with a higher median for the At-Risk

group, as can be seen in 3. We observed no significant

differences between the distributions of the At-Risk and

No-Risk groups for the other quadrants. The same trend

was observed when the top 250 songs were considered.

Figure 3: Violin plots of mean QPS per quadrant for At-

Risk and No-Risk groups

4.2 Lyrical Theme-based Results

We found significant differences (p<0.05) between At-

Risk and No-Risk groups in the case of denial, self-

reference and blame. As can be inferred from Table 1, The

median for the At-Risk group is higher in the cases of the

themes denial, self-reference and blame.

At-Risk >
No-Risk

Theme U-statistic p-value

Denial 15950.0 0.010

Self-reference 15968.0 0.009

Blame 15691.5 0.023

Table 1: MWU Test results for the Mean Frequency Scores

between the At-Risk and No-Risk groups; Here At-Risk >

No-Risk refers to the themes where the median is greater

in the case of the At-Risk group

5. DISCUSSION

This study is the first of its kind to explore the associa-

tion between risk for depression and the emotional and the-

matic connotations of the lyrical content of the music in-

dividuals engage with online, as opposed to studies in lab

settings or self-reported data. Our results are in concor-

dance with our initial hypotheses, in addition to revealing

novel findings.

The At-Risk group exhibited a higher median score for

Q3 (low valence, low arousal) than the No-Risk group.

This finding suggests a greater prevalence of sadness-

related lyrical content in the music listened to by the At-

Risk group. The stronger association of the At-Risk group

with sadness aligns with the results of past research studies

on the topic. These results suggest that At-Risk individuals

tend to consume music with lyrics that reflect their nega-

tive emotional states.

As hypothesized, the themes self-reference and blame

were more prevalent in the At-Risk group. Additionally,

the themes denial was also shown to be preferred by At-

Risk individuals. Since the themes of blame and self-

reference in lyrics were found to be associated with un-

healthy listening strategies [15], listening to music asso-

ciated with these themes would not be beneficial to indi-

viduals at risk of depression, and in some cases may lead

to negative outcomes. This highlights the importance of

mindful consumption strategies for music for people at risk

of depression.

In conclusion, our results show that certain music en-

gagement strategies are maladaptive in nature and should

be avoided to prevent the worsening of mood, building on

top of previous studies in the area. These results can po-

tentially aid in developing intervention strategies based on

lyrical content that should be avoided for better outcomes

from music listening.

5.1 Limitations

A limitation of this study is the exclusive focus on lyri-

cal emotions and themes. The interaction of these with

the acoustic properties of music and lyrical complexity, as

well as in the context of depression risk, could be explored,

which could possibly yield a better understanding. The in-

teraction between lyrical themes and emotional connota-

tions is also something that is yet to be studied. Another

limitation is that this study exclusively focuses on music

with English lyrics. We have also used a predetermined set

of themes offered by DICTION, which may not be enough

to capture several lyrical themes. An approach to solve this

would be to use Large Language Models (LLMs) to gener-

ate themes from a repository of songs and then using them

for the scoring.

5.2 Future Work

The results from this paper can be used in building mu-

sic recommendation systems for depressed individuals that

tailor the recommendations, keeping in mind the emotions

and themes that are associated with mood worsening and

maladaptive behaviors to maximize the positive outcomes

through music listening. These results could be combined

with other measures associated with such behaviors. This

work also opens up the possibility of early depression risk
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prediction from online music listening behaviors, in terms

of lyrics, by cementing lyrical emotions and themes as in-

dicators for depression risk. These measures, in addition

to acoustic features [10] and other indicators such as lyri-

cal complexity and social tags [11, 9], could potentially be

used to develop a multi-modal depression risk prediction

system.
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