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ABSTRACT
The development of music has produced many works in the form of data,
Article: especially lyrical data, which provide insight into the semantic structure
Accepted: August 30, 2025 of music. This study explores latent thematic patterns in the indie lyric
Revised: April 22, 2025 dataset from Kaggle by applying Latent Dirichlet Allocation (LDA),

Issued: October 30, 2025 which is the first LDA study of indie music lyrics in the Indonesian

© Thoyyibah &Djaksana, (2025).  context with the interpretation of love, emotional needs, romance, and
inner conflict. The CRISP-DM (Cross-Industry Standard Process for Data
Mining) methodology can be effectively applied to unstructured data,
opening up opportunities for better music classification. The
This i . methodological stages include business and data understanding, data
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under the CC BY-SA license preparation, modelling, evaluation, and dissemination. In the early stages,
o the Kaggle dataset implemented Natural Language Processing, which was
*Correspondence Address: done with case folding, punctuation removal, stopword removal,
thoyyibah.t@binus.ac.id stemming, and tokenization. The LDA model is trained by identifying five
topics with different interpretations. Visualization in WordClouds, with
topic distribution on datasets and title-based topic mapping. This model
yielded a coherence value of 0.3044, which indicates limited semantic
consistency, which means the words in the topic have a reasonably good
relationship, but there is still potential for refinement in subsequent
studies. The limitations of this study include the limited size of the dataset,
with only 347 rows and slight variation in interpretation. For future
research, it is recommended to use larger datasets and more diverse

interpretations and apply more machine learning models.
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1. INTRODUCTION

Music is a sound called art[1] [2][3].
Music has so many benefits. One of the benefits
of music is to reduce stress and relate to
emotions [4][5][6][7]. Music is closely related
to the data of the lyrics or the accompanying
text [8][9][10].

Indie music, including mainstream
music, has poetic, experimental lyrics that
characterize the deep feelings of its creator.
Indie music provides a vast space with artistic
diversity. Indie music offers a thematic richness
that researchers have not explored with a
computational approach. However, this
semantic complexity is also a challenge in the
automated analysis, modelling, and learning
from raw data using Natural Language
Processing (NLP) approaches) [11].

Exploring topics in the lyrics has its
challenges that can be processed, such as
complex song structures with elements of
repetition. In addition, the song’s structure,
depending on the genre, adds a layer of
complexity to the song [12][13]. Another
challenge is the varying length of song lyrics
and ambiguous meanings found in song lyrics
[14]. Different genres of music will also
produce different lyrical structures [15]. The
quality of annotations with the song sampling
method must be analyzed further [16].

Machine learning is increasingly
developing, with one of the methods often used
to identify hidden themes in song, namely
Latent Dirichlet Allocation (LDA) [17]. The
data set is divided into several topics, which
results in a coherence value. [18]. LDA is very
effective in finding different topics in big data.
Topics contain many words with multinomial
distribution [19] [20].

Probabilistic-based LDA includes topic
modelling algorithms to determine several
topics from a group of words without manual
Supervision [18]. Songs with rich lyrics can use
LDA to identify repeated hidden themes, such
as freedom, love, criticism, and hope, which are
spread throughout the song’s lyrics.

Several studies have used LDA and NLP
in music or lyrics, including Mood
classification in lyrics with LDA and XGBoost
model [21]. Sentiment using LDA with an
analysis of 150 song lyrics [22]. Probability of
the topic applying LDA from the lyric corpus
[23]. LDA was also used to analyze the

historical evolution of German popular music
lyrics [24]. Jingju’s corpus of lyrics in Peking
opera was once also used with topic modelling
[25]. Sentiment analysis with correlation
models and LDA evaluation was conducted in
various domains, including music [26].

Although many experiments on LDA
have been carried out, for example, analysis of
news reviews, product reviews, and social
media comment reviews, applications in the
domain of music, especially indie songs, have
never been carried out, let alone LDA in the
context of the Indonesian language.

Therefore, this study aims to apply LDA
to indie music lyrics as an initial step toward
deeper semantic archery in contemporary
music. This study uses the CRISP-DM (Cross
Industry Standard Process for Data Mining)
methodology to ensure the process is carried out
systematically. CRISP-DM has business
understanding, data understanding, data
preparation, modelling, evaluation, and
deployment [27]. This methodology is very
flexible, with stages used to deal with various
types of projects. [28] [29][30] [31].

This methodology is also very suitable
for handling unstructured data such as text in
song lyrics. This study uses a free dataset from
Kaggle called the Lyrics Generation dataset,
consisting of 347 song lyrics. This dataset
allows for extensive analysis of the themes or
topics contained in all song lyrics. The primary
focus lies on how the themes contained in the
lyrics can be visualized and their coherence
calculated.

The application of LDA wusing the
CRISP-DM methodology can contribute to
understanding the thematic structure of song
lyrics so that these findings can be used by
researchers in the fields of music, artists, and
computer science by implementing Al. Overall,
this study shows how NLP can be used on song
lyric text data and introduces the CRISP-DM
framework to analyze data systematically.
Utilizing LDA, this research can open new
insights into the multidisciplinary field between
computer science, linguistics, and music.

2. METHODS

This study wuses the CRISP-DM
methodology. CRISP-DM is a systematic
methodology with several phases [32] [33].
This study uses the CRISP-DM methodology.
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CRISP-DM is a systematic methodology with
several phases. [34].

Figure 1 shows the five stages of CRISP-
DM that are carried out. Only this study is
carried out up to the evaluation stage. These
stages include business understanding and data
understanding, data preparation, modelling, and
evaluation. [35] [36].

This stage consists of business
understanding and data understanding, data
preparation, modelling, and evaluation. The
dataset used with the
https://www.kaggle.com/datasets/pratiksahal9
8/lyrics-generation link is the result of lyrics
using Recurrent-Neural-Networks (RNN) from
the dataset created by scraping the GENIUS
website using its AP
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Figure 1. Crisp-DM Method

The libraries used for the initial steps are
Pandas and numpy for data manipulation,
numerical calculations, and cleaning and
preparing text data. Other libraries are the
Dictionary Corporation, which creates a
dictionary from text, and LdaModel, which
builds LDA topic models. The coherence Model
1s used to measure coherence, and WordCloud
is used to create a word cloud that describes the
frequency of words in a topic.

The second stage is text data
preprocessing. At this stage, the process is
carried out, and the initial processing of text
data is carried out using case folding, removing
punctuation, removing stopwords, stemming,
and tokenization. Case folding is done by
changing the text to lowercase. Removing
punctuation is done by removing numbers,
punctuation, etc., for  example, 1-
91@#%$%"&*(). Removing stop words is done
by removing words that often appear but do not
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have any information, such as pronouns,
prepositions, conjunctions, etc. Stemming is
done by transforming words to produce basic
words.

Gensim LdaModel is the model used in
this research. The number of topics is five based
on initial exploration with consideration of
optimal topic interpretability. The model is
trained through 100 iterations and 10 passes to
ensure the convergence stability of the topic
distribution. The alpha parameter is set to an
auto value that allows the model to self-adjust
according to the distribution of topics in the
document based on the complexity of the data.
A balanced topic in the document, while ETA
(or beta) is set to ‘auto’, allows the model to
adjust the distribution of words in the topic
adaptively. In addition, per word topics=True
needs to be enabled to generate a topic
distribution at the word level,

allowing for a more in-depth analysis of
the contribution of words in each topic. The
metric used is the Coherence Score using ¢ v,
which measures semantic similarity between
words in one topic.

The third stage is LDA preprocessing.
This stage is carried out by forming a corpus
from the lyrics data. A corpus represents a
document in the form of numbers based on how
many words appear, while the dictionary stores
the index of each word that is considered
unique. The LDA model is formed from the
converted data as its primary input. The LDA
model is trained with the Gensim library. This
library provides distributed learning of the
topics in the document. The training process
with iteration is expected to produce a stable
model. After that, the model will produce some
topic lists from the existing data set. Each song
will produce a proportion of songs based on the
dominant theme. This stage is the core stage
because the analysis of topics with hidden
semantic structures begins to appear.

The fourth stage is the last carried out in
this study. At this evaluation stage, the quality
of the model is measured using the coherence
score metric. This coherence score is needed to
analyze and measure the extent to which words
in the topic are semantically related. This
evaluation is carried out to measure whether the
resulting topic is mathematically accurate and
linguistically reasonable. The Coherence value
is calculated by comparing the occurrence of
words in relevant documents. The higher the
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coherence value produced, the better the model
quality used.

This study uses an alternative model,
Non-negative Matrix Factorization (NMF), as a
comparison. This model is part of matrix
factorization that is deterministic and not
probabilistic-based, in contrast to Latent
Dirichlet Allocation (LDA), which uses
generative and probabilistic approaches in topic
formation. In NMF, a document-word matrix is
decomposed into two non-negative matrices:
one represents the document’s relationship to
the topic, and the other represents the topic’s
relationship to the word. The advantage of NMF
lies in the interpretability of the results because
the limitations of non-negative make the results
easier to interpret intuitively, for example, as
the “contribution” of a word to a topic.

3. RESULTS AND DISCUSSION

The results and discussion are a
development of the steps in the research
method.

3.1. Business Understanding and Data
Understanding

Business Understanding and Data
Understanding is done by preparing the dataset
to be processed. The dataset in Figure 2 consists
of 3 columns, namely artist name, song name,
and lyrics, with 347 rows. The artist’s name is
the name of the singer who sang the song, such
as Phoebe Bridgers. The song name is the title
of the song sung by the singer, for example,
Motion Sickness.

| Artist Name,Song Name, Lyrics
Phoebe Bridgers,Motion Sickness," | hate you for what you did And | miss you
Phoebe Bridgers,Killer,” Sometimes I think I'm a killer | scared you in your hot
Phoebe Bridgers,Georgia," Georgia, Georgia, | love your son And when he get:
Phoebe Bridgers,Kyoto," Day off in Kyoto Got bored at the temple Looked aro
Phoebe Bridgers,Would You Rather," Playing ""would you rather"" When it co
Phoebe Bridgers,Killer + The Sound," Sometimes | think I'm a killer Scared you
Phoebe Bridgers,Chelsea," For a chemical imbalance You sure know how to ric
Phoebe Bridgers,| See You," Laying down on the lawn I'm tired of trying to get
Phoebe Bridgers,Christmas Song," Comin' back from the country For the good
Phoebe Bridgers,Prayer In Open D,"There's a valley of sorrow in my soul Whe
Phoebe Bridgers,Have Yourself a Merry Little Christmas,"Have yourself a merr
Phoebe Bridgers, Wilt," I've got a surgeon's precision and a drunk man's hand 1
Phoebe Bridgers,Motion Sickness (Demo)," | hate you for what you did And I r
Phoebe Bridgers,Coming Down,"l miss the drip in the back of my throat Some
Julien Baker,Appointments,” I'm staying in tonight | won't stop you from leavi
Julien Baker,Something,"l know you're sleeping by now But I'm still up walkin

Figure 2. Dataset
(https://www.kaggle.com/datasets/pratiksahal98/lyrics-

generation.)

3.2. Data Preparation

Data Preparation in Figure 3 is done by
processing text data initially. This stage is done
by case folding, removing punctuation,
removing  stopwords,  stemming, and
tokenization. The results of the cleaned data are
seen in Figure 3 with the clean column.

Lyrics clean_text
I hate you for what you did And I miss you ... hate you for what you did and miss you like li.
Sometimes | think I'm a killer | scared you i... sometimes think killer scared you your house e..

Georgia, Georgia, | love your son And when he... georgia georgia love your son and when gets ol..
Day off in Kyoto Got bored at the temple Look...  day off kyoto got bored the temple looked arou..

Playing "would you rather” When it comes to f... playing would you rather when comes fire you a..

Figure 3. Text dataset cleaning

3.3. Modelling

Modelling is done by implementing the
LDA model on the dataset used. Then, the
visualization in the form of a word cloud of
processed lyrics, as in Figure 4, and the
Worldcloud per topic, as in Figure 5, will be
displayed. The distribution of topics in song
lyrics in the form of a pie chart is also done as
in Figure 6 with the results of 18.5% for topic 1,
22.9% for topic 2, 16.9% for topic 3, 22.2% for
topic 4, 19.5% for topic 5. Figure 7 shows the
number of documents per topic, consisting of 67
documents for topic 1, 74 for topic 2, 60 for
topic 3, 78 for topic 4, and 68 for topic 5. Figure
8 is the distribution of topics based on song
titles.

WordCloud of Processed Lyrics
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Figure 5. Distribution of lyrics on topics
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Figure 8. Topic Distribution by 20 Song Title

Figure 9 is an interpretation based on
topic one keywords: love, life, know, come,
one, time, go, want, and still, resulting in a
reflection of life and the search for true love.
Topic 2 dominant keywords are need, love, oh,
say, know, like, someone, man, tell, and back
with the interpretation of emotional needs and
expectations in relationships. Topic 3 with
dominant keywords, namely love, baby, oh,
give, way, like, home, go, got, and want,
produces an interpretation of romance and
gentle intimacy. Topic 4 has dominant
keywords: know, love, like, make, never, na,
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say, wan, could, and see, producing an
interpretation of deep feelings and inner
conflict. Topic 5 with dominant keywords,
namely oh, love, na, power, heart, keep, let,
going to, home, and go, produces an
interpretation of enthusiasm, the power of love,
and emotional struggle.

Figure 9. Interpretation Based on Keywords

vo===== TOPIC 1-5: INTERPRETATION BASED ON KEYWORDS =====

Topic 1:

Dominant keywords: like, love, life, know, come, cne, time, go, want, still

Interpretation : Refl i kehidupan dan pencarian cinta sejati

ywords: need, love, oh, say, know, like, someone, man, tell, back

: Kebutuhan emosional dan

harapan dalam hubungan

Topic 3:

Doninant keywords: love, baby, oh, give, way, like, home, go, got, want
Interpretation : Romansa dan keintiman yang lembut

Topic 4:

Dominant keywords: know, love, like, make, never, na, say, wan, could, see
Interpretation : Ekspresl perasaan mendalam dan konflik batin

Topic 5:

Dominant keywords na, power, heart, keep, let, gon, home, go

Interpretation kekuatan cinta, dan perjuan enosional

In the results of the topic modelling on
the Indie lyric collection, one of the main
emerging topics was closely related to
Reflection on life and the search for true love.
Topic 0, or the first topic with the song “babe,
something tragic, something magic, agree babe,
something lonesome, something wholesome...”
reflects the duality of emotions in a
relationship—between bitterness and the beauty
of love. The phrase “familiar like a mirror from
years ago” gives a nostalgic feel to the love that
was once known. Semantically, this topic raises
the inner struggle to find true love’s meaning
amid doubt, irony, and emotional wounds,
making love a personal emotion and an
existential journey full of complexity.

,,,,, Topik @ =====
J3 babe scmething tragic something magic agree babe something lonesome somett

J3 know know gonna collide know call end always always lie wear heart sleeve
J3 alright cry even dad sometimes wipe eyes tears remind alive alright die ¢
,,,,, Topik 1 =====

3 birch tree lost branch one day violent winter said grieving said feel noth

3 soft hands weight world making mark delicate touch pulling pulling pulling

side chest keep night dream ways make understand pai

Jd lightning strikes §
===z= Topik 2 =====

3 oh thousand nights new york london different city every day yeah playin p
J3 day kyoto got bored temple looked around eleven band took speed train wen
3 breathing black white let fool caught linen eyes let ool know went dear
,,,,, Topik 3 =====

3 breaking back heart land feet water softened sand could wanted part Find
J3 sometimes think killer scared house even scared talking dahmer couch slee
3 tuice walked life left find want back man dresses like john lennon sings
,,,,, Topik 4 =====

J3 gonna pick pieces build lego house things go wrong knock three words two

3 born inside small town lost state mind learned sing inside lord house sto

J3 club best place find lover bar go friends table shots drinking fast talk

Figure 10. Lyric quotes for each topic
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Although the LDA model successfully
grouped lyrics on five topics, semantic analysis
showed overlaps and ambiguity between
several topics. This is a common phenomenon
in the topic of modelling on free texts such as
musical lyrics. This case is, for example, in the
first topic, with the second and third topics
having the word love in the song’s lyrics.

The evaluation of the LDA model
conducted on the indie song dataset shows
representative results with a coherence value of
0.3044. The score in Figure 11 shows that the
semantic relationship in the song lyrics is at a
level worthy of initial exploration, although the
high coherence value has not been achieved. If
you look at the distribution of the lyrics, there
are many words love, time, and love, so these
words occupy an important position, indicating
that the theme of love, time, and emotional
needs are the central motifs in the lyrics of indie
songs. For example, topics 1 and 2 have more
prominent nuances of romance and longing.
Topic 4, with the words cry, believe, and break,
emphasizes strength, belief, and emotion.
Although there are similarities in words
between topics, differences in focus can be seen
in the context and dominant word pairs that
appear. Topic 3 highlights the nuances of soft
feelings.

m Coherence Score: ,3044

¢ Topic 1t

g.800" 1oy

6" + 0.033*"baby" + 0.030*"home" + 8.026*"get”

¢ Topic 2

8.048*" love" + 0.029""need" + 0.026*"1ife" + 8.621*"Cone’

¢ Topic 3:

8.038*" love" + 0.021"heart" + 8.019*"tine" + 0.815*"1itt

¢ Topic 4

8.645 " poner” + 0.044*"tell" + 0.040*"love" + 8.024*"cry’

& Topic 5:

5.83-"”Lut‘r" * E‘.EZJ"'lwrtd” hd ‘!3»[‘22“‘!7&“‘ + '.‘.'.61:‘“';’.‘!.‘..‘
Figure 11. Coherence Score LDA

Topic 5 emphasizes Reflection and
introspection with the words feel and think.
LDA successfully maps semantic variations to
express lyrics, noting that there needs to be
improvement to  achieve a  sharper
interpretation. Overall, this study can provide
initial insight into research, especially in
thematic research on music. The documentation
results show recurring patterns in the lyrics,

such as the themes of love, struggle, and
identity struggle, which often appear in indie
music works.

Figures 4 and 5 will present the themes
identified through LDA analysis, including the
frequency of occurrence and examples of
relevant lyrics. This image will visually
represent the identified themes, illustrating the
relationship between various themes in indie
music lyrics. The study results show many
hidden themes in indie music lyrics that were
previously  unidentified, enriching our
understanding of this genre. By using LDA
topic modelling, this study successfully
uncovers complex patterns in the lyrics,
overcoming the limitations of previous analysis
methods. Documentation showing recurring
themes provides empirical evidence to support
the hypothesis that indie music lyrics reflect
important social issues. Thus, this study
contributes significantly to the literature on
music and lyric analysis, paving the way for
further study of themes in music.

Another form of topic modelling is
NMEF. This study uses initialization with
n_components=5, which means the algorithm
will try to identify five main topics from the text
data represented as a TF-IDF matrix (X _tfidf).
The init='nndsvda' parameter provides stable
and efficient initialization for matrix
decomposition, while max_iter=1000 ensures
that the algorithm has enough iterations to
achieve convergence. The fit_transform process
will factor the TF-IDF matrix into two non-
negative matrices: one that represents the
distribution of the document against the topic
and another that shows the distribution of words
against the topic. The result is nmf topics, a
numerical matrix that shows how strongly each
document (in this case, the song lyrics)
represents each topic.

Table 1. Comparison Coherence Score

Model Coherence
LDA 0,3044
NMF 0,2666

As a comparison pada Tabel 1 to the
LDA model, which resulted in a coherence
score of 0.3040, the Non-negative Matrix
Factorization (NMF) model gave slightly lower
results with a score of 0.2666, indicating that
the topic structure produced by NMF tended to
be less coherent than LDA in the collection of
Indie song lyrics analyzed. Semantically, NMF
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was still able to group lyrics based on themes,
such as Reflection on life and the search for true
love, but the word transitions and the
interconnectedness between words in its topics
felt less natural than the LDA results. This can
be due to the deterministic nature of NMF,
which emphasizes linear decomposition and
makes it more suitable for explicit and repetitive
themes. In contrast, probabilistic-based LDAs
can capture the diversity of context and implicit
nuances in lyrics, making them superior at
extracting latent meanings and hidden semantic
structures.

CONCLUSION

The conclusion of this research study
consists of:

This study has applied the CRISP-DM
methodology as a systematic framework in
topic modelling using Latent Dirichlet
Allocation (LDA) to the indie song lyrics
dataset.

The lyric generation dataset containing
thousands of words from 347 songs has been
applied with business and data understanding.
After that, data preparation was carried out,
namely initial data text processing with case
folding, tokenization, stopword removal, and
word normalization. The preparation results
were to analyze text data so that they focused
more on the thematic meaning of the song
lyrics.

Hidden themes have been successfully
identified in the indie song lyrics, thereby
increasing understanding of the meaning and
context of this song.

WordCloud visualization on the indie
dataset shows the dominant words, namely
love, time, need, and life, which indicate the
major themes in this dataset. After LDA
modelling was carried out with several topics,
WordCloud visualization showed a diversity of
semantic focus between topics. In addition, the
proportion of topics shows that most of the
lyrics have several dominant topics, so it can be
assumed that this indie music dataset is multi-
dimensional.

Love and longing are dominant topics
because they appear several times in many indie
songs. Insight into several themes shows the
emergence of topic distribution in various
works in a spread manner.
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The LDA model produces a Coherence
Score of 0.3044, indicating decent semantic
coherence, but it can still be improved with
several improvements approaches and other
models.

Using the CRISP-DM methodology, the
topic modelling approach provides a
meaningful thematic mapping of the indie
dataset lyrics. This research can be the basis for
further research on music recommendation
systems, genre classification, and semantic
research in musicology.

The data will be analyzed using the LDA
topic modelling technique to group lyrics based
on the identified themes. The analysis results
will be presented in narrative and tabular form
to support the research findings.

The study was limited to 347 row-long
data for further research using a larger,
multilingual dataset with the addition of
validation by humans as well. Further research
also needs a multilingual corpus to add
paragraphs explicitly stating limitations (e.g.,
dataset size and lack of human validation).
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