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Movement
« identify universal grammar in
music-induced movement
* predicting interaction from
dancing dyads
« predicting individual traits fro
music-induced movement

Social Media
analysing online discourse on musical
experiences and associations
online music sharing vs private streaming
» music sharing during social movements

Lyrics
* emotion prediction and topic
modelling from lyrics using NLP
lyrical structural analyses
associating lyrical preferences with
individual differences

MUSIC COGNITION GROUP

Soundtrack Generation for Books
« automatic retrieval of soundtracks for books
with movie adaptations
» automatic generation of soundtracks for
books

OO}

Health and Well-being

« predicting risk for depression via music listening

habits via digital traces in online music listening

platforms
* autism and music preferences

Perception
cross-cultural studies on music
perception and related emotions
role of music as a social surrogate
musical aptitude: testing different

‘I'lllhli
Neuroscience

analysing individual differences that
modulate brain responses to music
decoding brain states using functional
MRI

multimodal fusion of structural and
functional MRI

demographics

Representation
+ analysing music representations
generated via deep learning
+ analysing multimodal
representations of music & lyrics

Hyderabad

Publications =3
Peer-reviewed Journal Articles
and Conference Proceedings
Conference presentations
Books & Book chapters 3
Awards (+Nominations), Travel
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Personnel
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Post-Doc 1
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Dual D M
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My Music and I: Mining Mental States and Traits Via
Music Listening

Music & Social Media: Characterizing Well-being of
Indian Citizens during the Pandemic

‘fmn Music, Brain, and Culture: Modelling Implicit Musica
(C DI Knowledge with Deep Neural Networks
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Soundtrack Generation for Books

Movement  automatic retrieval of soundtracks for books Perception
« identify universal grammar in with movie adaptations « cross-cultural studies on music
music-induced movement * automatic generation of soundtracks for perception and related emotions
books

« role of music as a social surrogate
+ musical aptitude: testing different

* predicting interaction from
dancing dyads

* predicting individual traits fro demographics
music-induced movement ‘|'III|||}
Social Media \ Neuroscience
* analysing online discourse on musical /\ : « analysing individual differences that
experiences and associations ' | \ modulate brain responses to music
« online music sharing vs private streaming , ¢ « decoding brain states using functiona
 music sharing during social movements J "\ MRI

@ - "\ ‘ * multimodal fusion of structural and
) / functional MRI _ £
e @0 — @

Lyrics Representation
« emotion prediction and topic « analysing music representations
modelling from lyrics using NLP generated via deep learning
¢ lyrical structural analyses + analysing multimodal
» associating lyrical preferences with Health and Well-being representations of music
individual differences p * predicting risk for depression via music listening
LJ? habits via digital traces in online music listening '—@\W) \Q\\W
\J) platforms

* autism and music preferences




Musical experience & Technology

Big (Music) Data



Big Data
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« massive amounts (terabytes or petabytes), generated from
various sources (social media, sensors, online music
listening platforms, and more)
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Big Data
VOLUME ’ VELOCITY ‘

e massive amounts (terabytes or petabytes), generated from
various sources (social media, sensors, online music
listening platforms, and more)

« diverse data via several platforms

« structured data (e.g., traditional databases)

Spotify and Genius Track Dataset

SpotGenTrack Popularity Dataset

Create

Home

N . Music artists popularit
Competitions Music Dataset : 1950 to 2019 popP y

tags, listeners, and scrobbles based on MusicBrainz and Last.fm
Datasets

Lyrics and Metadata from 1950 to 2019




Big Data
VOLUME ‘ / 4- VELOCITY \

-

« massive amounts (terabytes or petabytes), generated from
various sources (social media, sensors, online music
listening platforms, and more)

« diverse data via several platforms

« structured data (e.g., traditional databases)

« semi-structured data (e.g., XML, JSON)

» followers: { ..},

Y genres: [
"british blues",
"clas rock"

]l

id: "22DbE )6baNwSHPVcDxLCe",
» images: [..],

name: "The Rolling Stones",

popularity: 77,

type: "artist",

uri: "spotify:artist:22bE4uQ6baNwSHPVcDxLCe"



Big Data
7 VOLUME / 4- VELOCITY

-

- massive amounts (terabytes or petabytes), generji
various sources (social media, sensors, online m
listening platforms, |4 e ———

» diverse datgmussess

Qj r/Music - 2 years ago
e structure in 202121 i v 4SS
through the best albums in music history. Its something i can i M - 99 LUFTBALLONS
. recommend. Listening to a complete album is a great feeling. =
* semil-strug

10K upvotes - 2.1K comments

 unstructured data (e.g., social media posts: text, images,
videos)



Big Data
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* rapid content generation B
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Big Data

VOLUME VARIETY VELOCITY

.

erequire advanced tools, technologies, and algorithms
to extract, store, process, visualize, and analyze the
data

euncover patterns, trends, correlations, and insights
that were previously difficult to obtain (at large-scale)



Big Data: What questions can you ask?

'S
personal/private

social/public

—>

e online streaming

—> each platform can address different questions

online discourse

—> rephrase questions according to the platform



Example: One (question) to many platforms

unhealthy music listening strategies associated with depression risk

Saarikallio S, Gold C, Mcferran K. 2015. Development and validation of the Healthy-Unhealthy Music Scale. Child Adolesc Ment Health. 20:210-217.




unhealthy music listening strategies associated with
depression risk

"an instrument to detect a risk for

HEALTHY-UNHEALTHY

depression and potentially other
MUSIC SCALE X ¥ y

mental health problems in a
nonintrusive way”

Saarikallio S, Gold C, Mcferran K. 2015. Development and validation of the Healthy-Unhealthy Music Scale. Child Adolesc Ment Health. 20:210-217.




HEALTHY-UNHEALTHY MUSIC
SCALE

Some-
Never Rarely . Often  Always
times

When I listen to music I get
8 o O o d

stuck in bad memories

I hide in my music because
nobody understands me, and it
blocks people out

O O
Music helps me to relax O O
O O

When I try to use music to feel

better [ actually end up feeling
worse
I feel happier after playing or C O R E

listening to music

Music gives me the energy to
get going

I like to listen to songs over
and over even though it makes

O O
O O
O O

me feel worse

Music makes me feel bad
about who I am

Music helps me to connect U N H EA I_T H Y

with other people who are like

= S
Music gives me an excuse not C O I a E

to face up to the real world
It can be hard to stop listening
to music that connects me to

bad memories

Music le,ads me to do things I O 0 0 n
shouldn’t do
When I'm feeling tense or tired
13. in my body music helps me to O O O O O
relax
Scoring instruction: HUMS Healthy: 3, 5, 6, 9, 13; HUMS Unhealthy: 1,2, 4, 7,8, 10,
11, 12. Answers are scored on a scale from 1 (never) to 5 (always).

Saarikallio S, Gold C, Mcferran K. 2015. Development and validation of the Healthy-Unhealthy Music Scale. Child Adolesc Ment Health. 20:210-217.



HEALTHYJUNHEALTHY
MUSIC SCALE

“Music helps me relax”

“| feel happier after playing or listening to music”

“Music helps me connect with other people who are like

14

me

Saarikallio S, Gold C, Mcferran K. 2015. Development and validation of the Healthy-Unhealthy Music Scale. Child Adolesc Ment Health. 20:210-217.




HEALTHY{UNHEALTHY
MUSIC SCALE

"I hide in my music because nobody

. , avoidance
understands me, and it blocks people out

rumination | like to listen to songs over and over

even though it makes me feel worse”

"It can be hard to stop listening to music that
connects me to bad memories”

Saarikallio S, Gold C, Mcferran K. 2015. Development and validation of the Healthy-Unhealthy Music Scale. Child Adolesc Ment Health. 20:210-217.




HEALTHY-UNHEALTHY
MUSIC SCALE

TAN Kessler

UNHEALTHY j Psychological

SCORE | Distress Scale
(K10)

¥V Mental
Wellbeing

Saarikallio S, Gold C, Mcferran K. 2015. Development and validation of the Healthy-Unhealthy Music Scale. Child Adolesc Ment Health. 20:210-217.




Example: One (question) to many platforms

unhealthy music listening strategies associated with depression risk

?
(7re=n NS

s

validity in naturalistic settings?



Example: One (question) to many platforms

unhealthy music listening strategies associated with depression risk

?
néVé

what kind of music? how?




Example: One (question) to many platforms

unhealthy music listening strategies associated with depression risk

?
(7ren NS

how does one feel while listening to music maladaptively?



Big Data Extraction

=, e oS
&® BB

Application Program Interfaces
(API)




Characterising Big Music

= @

Data

Streaming Platforms Social Media



Characterising Big Music Data: Streaming Platforms
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Characterising Big Music Data: Usage Statistics

static vs dynamic

total playcount inertia & variability of

repetitiveness index features session-wise
exploration scores (artist diversity)



duration_ms

acoustic f

Characterising Big Music Data: Acoustic Features

Description

The track is acoustic. From O to 1
The track encourages (or is adequate
for) dancing. From O to 1

Duration in milliseconds

The track is perceived as energetic.
Frofirormie=

The track is instrumental. FTOTG=te
1

Key categories encoded as integers.
From C (0)to 11

The audience is audible. Es®m O to
|

In decibels. Frguf-60 to O

Major (1)@ minor (0)

Doegstne track contain speeches?
Prom 0 to 1

In beats per minute (BPM)

How happy is the track (BPM).




Characterising Big Music Data:

Lyrics+Tags

- embeddings:

« a numerical representation of words
or sentences in an n-dimensional
continuous vector space

 goal of word embeddings is to
capture the semantic and syntactic
relationships between words

* similar words are closer together in
the vector space

https://jalammar.github.io/illustrated-word2vec/

king — man + woman ~= queen

King I I
man I I
woman I I

King—-man+woman

gueen
Song
Paragraph

Sentence

Word




Characterising Big Music Data: Tags

Word Emotion Induction Model

_| Valence | Arousal | Dominance

Suiine | 81|53 |54
.y . Cterrorism || 16| 74 | 27

o . ol adjectives, adverbs embeddings (ogasm || 80 | 72 | 58
classic c aSSIc roc classi ol epic favorite favorite

songs favorites favourite favour u;l,onq; vdmun: folk folkrock genius gyleaxdgmm Table 2 Thl‘ee Sample Cntl’lCS from Warriner et al
guitar solo guitar virtuoso hard rock heavymetal jimm e . .

zeppe"n legend legendary love masterpiece melancholic mellow metal oldies (2013) They use 9-p01nt Scales ranglng from 1

progressive progressive rock P psychedelic rock rock rock and roll (most negat1ve/calm/subm1551ve) tO 9 (most p051—

rock ballad rock ballads d softrock stairway to heaven . . .
tive/excited/dominant).

Parts-Of-Speech

surprise CLLEE R

‘spirituality‘ energetic

calm

‘ tenderness ‘ awe B —
triumphant
interest —

‘ wonder ‘ calm
nostalgia — Arousal

erotic
‘ (high);

‘ nostalgia pride
anxious

\appy

‘ | disgust

‘ power indignant ‘

Pleased
scary ‘ Valence

; (negative) (r
annoyin
[#] Relaxed

Sad

Calm

Zentner et Juslin et al Cowen et al (low)

[ tension ‘

Eerola, T (2022), MMMT Workshop @ISMIR 2022




c alternative amazing awesome awesome guitar jams ballad

ballads beautiful best bestsongsever blues bluesrock british chill chillout

classic CIaSSIC rock clessics cool eplo favoriie favorite

songs favorites favourite favourite songs favourites folk folkrock genius great guitar
guitar solo guitar virtuoso  hard rock heavymetal jimmypage |@d

zeppe"n legend legendary love masterpiece melancholic mellow metal oldies

progressive  progressive rock psychedelic psychedelicrock [FQC K rockandron

rock ballad rockballads sad slow softrock stairway to heaven

genres 1o
super genres

alternative h1p hop

Af k p

mental up hop
nd hip-hc

Hi\

Hip-Hop
alternative hip hop

hip hop:

Brutal Death Metal .
Melodic Death Netal

death metallf °thic letet
doom m‘éw’gcaalf

deathcore

Characterising Big Music Data: Tags

Ferrer & Eerola (2011)
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Figure 1 Hierarchical dendrogram and hybrid pruning showing 19 cluster solution (upper stripe) and 5 cluster solution (lower stripe)
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Measuring Repetitive Lyrics With Compression

baby I don't need dollar bills to have fun tonight
I love cheap thrills!

baby I don't need dollar bills to have fun tonight
I love cheap thrills!

I don't need no money

as long as I can feel the beat

I don't need no money

as long as I keep dancing

repetition, information 1. YrRIC —— emotion (models),

content, fom—T= =N g sentiment, themes

SMOG CSE

Song

P

Paragraph

topic modelling -

DIEF&N word
limited (~40)




God is up to something.
God is up to something.

God is up to something.
God is up to something,
So get ready,

Get ready for your miracle.

God is up to something.
God is up to something.

God is up to something.
God is up to something,
Get ready, get ready for your miracle.

Eyes have not seen, ears have not heard
All of the wonderful things that God has in store,
So get ready, get ready for your miracle.

It's on the way,
It's on the way,
It's on the way,
It's on the way.

It's on the way,
It's on the way,
It's on the way...

Your miracle is on the way.

Characterising Big Music Data: Lyrics

ex: hopelessness

Beck Hopelessness Scale

d

11, Alllcan

Chaudhuri, S., Agarwala, J., Alluri, V. (2023). Organization and retrieval of songs using the CHIME framework




Characterising Big Music Data: Artist

Dua Lipa (/du:e 'li:pa/ (w listen) DOO-a LEE-pa, Albanian: ['dua ‘lipa]; born 22 August 1995) is an English and Dua Lipa
Albanianl®l'] singer and songwriter. Her mezzo-soprano vocal range and disco-influenced production have

received critical acclaim and media coverage. She has received numerous accolades throughout her career,

including six Brit Awards, three Grammy Awards, two MTV Europe Music Awards, an MTV Video Music

Award, two Billboard Music Awards, an American Music Award, and two Guinness World Records. She was

included on the Time 100 Next list in 2021.

After working as a model, Lipa signed a recording contract with Warner Bros. Records in 2014. She rose to
“@‘st . prominence with her 2017 self-titled debut alboum, which peaked at number three on the UK Albums Chart

"g ; - and spawned the successful singles "Be the One", "IDGAF", and the UK number-one single "New Rules".
- nsq = . 1) J* \ | Lipa was honoured with the Brit Awards for British Female Solo Artist and British Breakthrough Act. Her
HELO; Tm B v’ I::“i':;‘sshiu‘g‘"‘ -y second chart-topping single, "One Kiss" with Calvin Harris, was the longest-running number-one single by a
R 2igpiars 218plays female artist in 2018 and won the Brit Award for Song of the Year. In 2019, Lipa won the Grammy Award for
v-‘ Best New Artist, as well as the Grammy Award for Best Dance/Electronic Recording for "Electricity", her
collaborative single with Silk City.
{ ""‘» Lipa's second album, Future Nostalgia (2020), was met with critical acclaim and became her first UK number- Y
Sebastien Tellier s Lady Gaga ... Oasis one album. Its lead single, "Don't Start Now", was the year's most commercially successful song by a female 4 7 Lipa in 2022
e 5 "‘ilw,"::ﬁ ‘S s B artist in the US; ranking in the top-ten of the Billboard Hot 100 year-end chart. Its follow-up singles, [ Born 22 August 1995 (age 27)
"Physical", "Break My Heart", and "Levitating", were also commercially successful; with the latter song London, England
3 £ topping the Hot 100's year-end chart in 2021. Future Nostalgia received the Brit Award for British Album of Citizenship  United Kingdom - Albanial'l
R 2 T the Year and the Grammy Award for Best Pop Vocal Album. Both of Lipa's albums 2re the most-streamed Education  Parliament Hill School
fﬁéamheau & Elder Island Emile M Caribou .,'i y .4 female albums on Spotify, with over 10 billion streams each. ‘ Occupations  Singer - songwriter - model
i i il e , |  Years active 2014-present

Early llfe ¥ Works Discography - songs recorded \
' Political party Labourl?!
k&

Dua Lipa was born in London,“! the eldest child of Kosovo Albanian parer nd

o ] \ | Awards Full list
Dukagjin Lipa from Pristina, FR Yugoslavia (present-day Kosovo).[5l(6] K[er 2 hrofigh her Y

. . \ Musical career
maternal grandmother, she is of Bosniak descent.[81°110]
Genres Pop - disco * house - R&B

Her ancestry can also be traced back to the city of Peja, Kosovo. Both ot Fe|gr et3 historians.[" Instrument(s) Vocals
She has a sister named Rina and a brother named Gjin.7I"2Il13] Lipa was mlsi ec by her
father,[14151[16] who was the lead singer and guitarist of the Kosovan rock b i 2| Her father

continued to play music at home, including his own compositions and songs of fedéls {]\s}/}is David Bowie, |

Labels Warner + Urban
Website dualipa.com

Signature
Bob Dylan, Radiohead, Sting, the Police and Stereophonics.['SI16119] |ipa starimmemmmmms the age of

five.[20]




Characterising Big Music Data

=

Streaming Platforms




Characterising Big Music Data: Social Media

P Natural language
processing

We g d

RIP 90's, 20 years later and still the best music generation.

'@
L

e

EightiesTimeMachil imeM - 14h

Nena - 99 Luftballoon #N ay for Depeche Dennis @Covboy d

djannaofficial & « Follow

djannaofficial # | REALLY adore
playing in Netherlands!! Super happy
that | am playing more and more there
nowdays!!! This was @tofflerfestival
last Friday, sooo good @ ¢} =
#toffler #annaontour #techno

stalinniveloalvarez Some day,
come to Ecuador & s

o Qn

3,438 likes

TOFFLER

r/Music - 2 years ago

Who still listen to albums in 2021? | am currently on a mission to go
through the best albums in music history. Its something i can
recommend. Listening to a complete album is a great feeling.

10K upvotes - 2.1K comments

unstructured data




Big Data: Social Media

processing

summary

themes

@ 55
o ZL RS
\ ..‘ﬁ%ﬁ%

Natural language topics/keywords/

Document

Paragraph

Sentence

Word




@ Big Data: Social Media

2

sentence " .
) need some relaxation
clustering music”
ot - > “music is the only thing that
o 5151 can keep me calm”
»Comments o
o (NP ) i :
topic
\ modelling

v

“relaxing, relief"




Characterising Big Music Data: Social Media

60s 7S 80s acoustic atternative ( amazing

ballads beautiful bests

classic classi

s fa s favourite

guitar solo  guitar v

zeppelin ‘e

favour
irti

cr

s favour

love

ongs ever blues

ock

masterpiece

progressive progressive rock psychedelic

rock ballad

rock ballads

sad

slow

psychedel

soft rock

wesome guitar jams  ballad
blues rock british chill chillout

e favorite

great guitar

metal oldies

stairway to heaven

AN
music tags vs social tags ’*,

lyrics vs free text




Music Consumption and Music Sharing in times
Emotional Health of distress
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Music Consumption and
Emotional Health
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Music Consumption and
Emotional Health
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Music Choices, listening patterns & Depression

» people with a tendency for depression demonstrate a liking
for sad music

 higher musical engagement for emotion focused-coping

especially during periods of depression

« maladaptive music usage indicative of depression risk



Objectives

e what are the kinds of online music consumption
patterns associated with individuals at risk for
depression?

« how well can risk of depression be predicted from these
patterns?



Big Data Collection

« Kessler's Psychological

~600 users Distress Scale (K10)

Last.fm
@lastfm - Website

« Healthy-Unhealthy
Music Scale

* Personality

* last.fm user name

/

his
httr t
@ Last.fm: Scrobble scrobble! @D

Surana, A., Goyal, Y., Srivastava, M., Saarikallio, S, and Alluri, V. (2020). TAG2RISK: Harnessing Social Music Tags for Characterizing Depression Risk. In Proceedings of the 21st
International Society for Music Information Retrieval. Montreal, Canada.




Data Reliability

K10 Psychological Cronbach o= 9’]

Distress Score

A
541 (444 males)

mean age = 25.4,sd =7.3 Cronbach a = .71

HEALTHY-UNHEALTHY
MusIC SCALE

Cronbach a = .80



User Categorization

At-Risk
(K10 > 29)

Psychological Distress
Score

+2,+£3 months

Top 100, 250, 500
tracks



acoustic features .
i frap e

 At-Risk associated with * No group differences in
. acoustic features
* no. of sessions
+ total playcount « At-Risk associated with higher
» repetitiveness index inertia in the emotion quadrant
. decreased representing Sadness

« exploration scores

Surana, A., Goyal, Y., and Alluri, V. (2020). Static and Dynamic Measures of Active Music Listening as Indicators of Depression Risk. Mining Mental States using Music Associations. In
Speech, Music, and Mind with Audio Satellite Workshop, Interspeech 2020.

Goyal, Y. and Alluri, V. (2021) Artist2Risk: Predicting Depression Risk based on Artist Preferences. In 16th International Conference on Music Perception and Cognition. Virtual Conference




Tags

- At-Risk

« associated with consuming music that
is tagged with Sadness-related A
emotion terms depressive

« gravitated more towards neo-pop/
dream-pop genres and less towards
black metal

rrrrrrrrrr

Surana, A., Goyal, Y., Srivastava, M., Saarikallio, S, and Alluri, V. (2020). TAG2RISK: Harnessing Social Music Tags for Characterizing Depression Risk. In Proceedings of the 21st
International Society for Music Information Retrieval. Montreal, Canada.




« At-Risk individuals prefer songs with
e low valence and low arousal

 greater information content, especially those tagged as
Sad

Shriram et al. (2021), How Much do Lyrics Matter? Analysing Lyrical Simplicity Preferences for Individuals At Risk of Depression Cognition. In Speech, Music, and Mind with Audio Satellite
Workshop. Interspeech 2021.




 At-Risk individuals prefer s

* topics DIEHEN
- high in Denial, Selt-reference, Ambivalence, and Tenacity
- low in Liberation, Familiarity

ongs with

* specific themes
- high in hopelessness

Agarwal, R., Singh, B, Alluri, V. (in prep)




ToDo........

High-Risk

zepg;;lin on ove  ma: ‘ d
e MACHINE 3
] LEARNING

No-Risk




e Big Data Collection

« Kessler's Psychological

Distress Scale (K10)
« Healthy-Unhealthy Music

Scale
m » Empathy (IRI)

~250 Users . ————— « Highly Sensitive Person
Scale

« Life Satisfaction
* Perceived Social Support
e Spotify 1-yr history




e Big Data Collection

« Kessler's Psychological

Distress Scale (K10)
« Healthy-Unhealthy Music

Scale
- Empathy (IRI)

~250 Users . ————— « Highly Sensitive Person
Scale

« Life Satisfaction
* Perceived Social Support
e Spotify 1-yr history




Some results..........

e contrary to previous (western) research IS
associated with psychological distress

« people with high empathic concern and ease of excitation

tend to use music in unhealthy ways

—> need to situate music research taking into account
environmental and cultural factors

Arora, G., Kumaraguru, P., Alluri, V. (2023). Examining the Relationship between the Highly Sensitive Person Scale, Music Listening Strategies and Subjective
Well-Being in India. @ CMPC 2023




Music Consumption and
Emotional Health

Q
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Singh B, Vaswani K, Paruchuri S, Saarikallio S, Kumaraguru P, Alluri V (2023) “Help! | need some music!”: Analysing music discourse & depression on Reddit.
PLoS ONE 18(7): e0287975. https://doi.org/10.1371/journal.pone.0287975




O Online Discourse

957k members+ created Jan 2009

"relaxing, relief,

w /r/depression, because nobody should be aloneinadark @D

ﬁl?ﬁ anxiety, stress,
keyword: music Jan 1st 2010 - Jan 1st Sleip”
' | 2022

AL EEERREEEEEREES IEREEE > Title tOP'C
5 modelling
title
clustering
S “need some relaxation
music”
e s »Comments “music is the only thing that

War Makes Mer

can keep me calm”

2788 posts

Singh B, Vaswani K, Paruchuri S, Saarikallio S, Kumaraguru P, Alluri V (2023) “Help! | need some music!”: Analysing music discourse & depression on Reddit. PLoS ONE 18(7):
€0287975. https://doi.org/10.1371/journal.pone.0287975




Relaxation / Calming
Mood regulation
Coping mechanism
Music makes me happy
Music videos
Music to heal
Music as therapy
Music keeping me alive
Sharing music
Music saved life
Catharsis / Makes me cry
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Results

Description

The track is acoustic. From 0 to 1
The track encourages (or is adequate
for) dancing. From O to 1 Label

. K . I Unhealthy
Duration in milliseconds [ Healthy

The track is perceived as energetic,

Frofiromte=!

The track is instrumental. FTOT8=a :
I '

Key categories encoded as integers. '
From C (0) to 11

The audience is audible. Es6m 0 to :
1

In decibels. Frgm™-60 to 0

Major (1)g@f minor (0)
Doegsthe track contain speeches?

Prom O to 1
In beats per minute (BPM) -

kalence How happy is the track (BPM)




Results

Label
I Unhealthy
125 [ Healthy

150 p= 0.0007
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Results

Topic Modelling of titles + Qualitative Assessment

Unhealthy
calming, healing, mood regulation, mood worsening, listening in dark,
therapy, sharing, save life, catharsis @ escape, addiction, depressive music

Anhedonia Seeking
can't listen to/enjoy music anymore, | recommendations, suggestions, new
lost interest in music music, need music

Singh B, Vaswani K, Paruchuri S, Saarikallio S, Kumaraguru P, Alluri V (2023) “Help! | need some music!”: Analysing music discourse & depression on Reddit. PLoS ONE 18(7):
e0287975. https://doi.org/10.1371/journal.pone.0287975



o Results

music & lyrical characteristics of healthy vs unhealthy listening strategies

low valence high self-reference, blame
low optimism

Singh B, Vaswani K, Paruchuri S, Saarikallio S, Kumaraguru P, Alluri V (2023) “Help! | need some music!”: Analysing music discourse & depression on Reddit.
PLoS ONE 18(7): e0287975. https://doi.org/10.1371/journal.pone.0287975




What next........ ?

unhealthy music listening strategies associated with depression risk

(R ::] S

2

Anti-recommender system?!




o VS Moving Music > @

« characteristics (acoustic features) of moving music

low valence, energy, danceability

 personal associations with such music

Mllm thoughts =i much b rea k&fﬁi
£ Co .
K | draak . UPhags
ffspring relatlonshlp
W(QS . tal drinking @@S@ C'?
CP@ LaoP
TokyoonB

Ranjan, S., Hari, K.A., Vuoskoski, J., Alluri, V. (2023). Sad songs say so much: Analyzing moving music shared online




o Autism & Music @

« title topics

repetitive music listening, music for mood management and
productivity (focus), music queries and preferences, reluctance in
sharing music

* lyrical themes

Love and Connection
elf-Reflection and Identit

Varghese, S., Alluri, V. (in prep). Role of Music songs say so much: Analyzing moving music shared online




Music Sharing in times
of distress




[ Company Culture

'
'

i ; ; [ Group Identity ][ Reminiscence ]
embedding : cosine ' BERT o
« similarity > " embedding; ‘ Understanding [ Shared ] '

Others Experiences

Isolation

Tweet i } _StTaeSsIth:al >

»

Covid--19 vs

CI—W : . : Pre-Covid-19
Spotify Track —P | :

Spotify API

> Sentiment | |

»)

' LynicsGenius API

Content Analysis

Desur, P., Kamble, T., Krause, A., Kumaraguru, P., Alluri, V. (2022) “The Times They Are-a-Changin”: The Effect of the Covid-19 Pandemic on Online Music
Sharing in India. In the 13th International Conference on Social Informatics. Preprint: https://Inkd.in/dBi3a_5u



Music Sharing é

Spotify URL|English Songs|English Lyrics
Wavel (JulyNovember 2020) | 808 | 416 | 323 |
Control-1 (July-November 2019)] 607 | 271 | 204 |

Wave 2 (April-June 2021) | 556 | 817 | 263 |
Controk2 (April-June 2010) | 851 | 177 | 155 |

Desur, P., Kamble, T., Krause, A., Kumaraguru, P., Alluri, V. (2022) “The Times They Are-a-Changin”: The Effect of the Covid-19 Pandemic on Online Music
Sharing in India. In the 13th International Conference on Social Informatics. Preprint: https://Inkd.in/dBi3a_5u




Music Sharing é

e music as a social surrogate: community focused function
rather than tending to a more self-serving utility

* acoustic features - music shared had lower valence and high
energy in wave-1

Desur, P., Kamble, T., Krause, A., Kumaraguru, P., Alluri, V. (2022) “The Times They Are-a-Changin”: The Effect of the Covid-19 Pandemic on Online Music
Sharing in India. In the 13th International Conference on Social Informatics. Preprint: https://Inkd.in/dBi3a_5u




Music Sharing

* lyrical themes

Wave-1 (vs. Control-1) Exclusion™ 1, Satis faction 1, Hardship 1, M otion 1

Wave=2 (vs. Control-2) Communication 1, Satis faction* |

Wave-1 + Wave-2 (vs. Control-1 4+ Control-2) |Hardship 1, Exclusion 1, Motion |

Desur, P., Kamble, T., Krause, A., Kumaraguru, P., Alluri, V. (2022) “The Times They Are-a-Changin”: The Effect of the Covid-19 Pandemic on Online Music
Sharing in India. In the 13th International Conference on Social Informatics. Preprint: https://Inkd.in/dBi3a_5u




Music Sharing

Acoustic
features

Statistical tests

Extra musical
data

Diction N

BLM Tweets

Filtering—

Compressibility

Control Tweets

4 ‘ :Comparison and ;
Tweets with music ' 3 Analysis
collected from ! ] \
Twitter

Sentiment
analysis

Tweet text

Figure 1: Flowchart describing the pipeline used for the analysis

Singh, B., Krause, A., Kumaraguru, P., Alluri, V. (in prep)



‘ W Music Sharing

Number of tweets

Total songs (w playlists)
Single tracks

Tracks with lyrics

Table 1: Dataset Statistics

Singh, B., Krause, A., Kumaraguru, P., Alluri, V. (in prep)




‘ N Music Sharing @

e within 6 months - more than ten thousand tweets
along with music had been shared

« artists of the 1960s who wrote protest music most
popular

« protest music characterised by high valence,
danceability, instrumentalness, and speechiness

Singh, B., Krause, A., Kumaraguru, P., Alluri, V. (in prep)




‘ N Music Sharing @

* lyrics for the songs shared in context of BLM have
less repetition (low compressibility)

e lyrical themes:
« high Aggression, Hardship, Cooperation and
Accomplishment
* low Satisfaction, Optimism, Self-reference

Singh, B., Krause, A., Kumaraguru, P., Alluri, V. (in prep)




Big Data: The Good

«fantastic opportunities to generate knowledge and technology

*anonymity
«“satety net” to share music and musical experiences
discourse on music related to specific conditions/topics
(depression, autism, ADHD, earworms, music for

concentration, etc...)

e naturalistic responses &




Big Data: The Good

streaming platforms

« psychological insights
e cultural and social influences
e music trends

e market research and recommendations

e personalised music therapy %




Big Data: The Bad & The Ugly

*is Big(ger) always better?

*Value & Veracity?
*noise
*language model errors
solution—> mixed-methods
*platform-specific bias (ex: social desirability, english-speaking
population)
solution-> rephrase and situate questions accordingly

eaccess?



To Conclude........

hypothesis-
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