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TOPIC MODELING ON MUSIC LYRICS 



 

RESUMEN 

 

Este proyecto propone una aplicación practica de Topic Model a letras de 
canciones. 

 
El proyecto explica una aproximación teórica al Topic  Model  y  sus  
orígenes, así como el algoritmo seleccionado para aplicar en este trabajo: 
Latent Dirichlet Allocation (LDA). 

 
Se propone el trabajo como referencia para poder ser usado como futuro 
manual  de usuario, explicando detalladamente los procesos a seguir en      
cada paso. Para facilitar la comprensión al lector este manual puede 
dividirse en tres partes: 

 
Teórica 

 
Antecedentes Prácticos 

Resultados 

La aplicación práctica del Proyecto ha sido optimizado para un entorno 

Python. Se asume que el lector tiene conocimientos de programación en 

Python, aunque no necesariamente  este programa instalada, de  modo    

que se explica el proceso de instalación, detallando especialmente las 

librerías necesarias para poder aplicar LDA. 

 
Podemos dividir la parte dedicada a la programación en dos tareas 

principales: 

Recolección de las letras de canciones 

Aplicar Topic Model a las letras de canciones 

La recolección de las letras se lleva a cabo a través de la página 
www.azlyrics.com. El código está escrito de modo que recibe un archivo de 
texto con los links de las canciones de esta página y origina otro archivo de 
texto con todas las letras de las canciones a las que se refieren dichos links. 

 
Tras esto, con la ayuda de las librerías Python especificadas durante la 
presentación del entorno de Python, se aplica Topic Model al archivo 
originado. 

http://www.azlyrics.com/


Durante la aplicación práctica, el proyecto recoge una selcción de letras de 

canción de los artistas más representativos de los géneros Indie y Hip         

Hop con el propósito de usar la tecnología para analizar la  sociedad  

actual. Aplicanco Topic Model a dos géneras prácticamente exclusivos del 

siglo 21, se pretende averiguar que ‘topics’ preocupan a las nuevas 

generaciones. A la vista de los resultados, se puede afirmar que, durante    

las dos primeras décadas de este siglo, el ‘romance’, el ‘paso del tiempo’, la 

‘autoestima’, el ‘racismo’ o el ‘dinero’ son los principales ‘topics’ que 

ocupan la mente de los millenials. 



ABSTRACT 

 

This thesis proposes a practical application of Topic Modeling on music lyrics. 

 
The thesis explains a theoretical approach to Topic Modeling and its origins and cur- 

rent use and explains the selected algorithm to carry on the work: Latent Dirichlet 

Allocation. 

 

This work could also be used as a manual for future users, including detailed expla- 

nation of how to perform every step. This manual can be divided for the ease of the 

reader in three parts: 

 
Theoretical Background 

Practical Application 

Results. 

 

The practical application is optimized for the Python environment. This thesis 

assumes the reader has knowledge of programming but has not Python installed in 

his console, and it specifies the complete process of installation. It specially details 

the necessary Python libraries to perform Latent Dirichlet Allocation (LDA). 

 

The programming part of the Thesis has two main tasks: 
 

Collecting the lyrics 
 

Applying Topic Modeling on the lyrics. 
 

The collecting of the lyrics is carried through the musical web-page www.azlyrics.com. 

The code is written with the purpose of reading an input text file containing the 

links of the songs from this web-page and returning an output file that contains the 

lyrics from these songs. 

 

After that, with the help of the Python libraries specified during the presentation 

of the Python environment, Topic Modeling is applied to the originated output. 

http://www.azlyrics.com/


This thesis collects a selection of lyrics of the most representative artist from Indie 

and Hip Hop genre. The porpoise is to use technology to analyze the current soci- 

ety. By applying Topic Modeling to two genres that appeared in 21st century it is 

expected to figure out what topics are important for the new generations. 

 

Results show that during the first two decades of this century, ’love’, ’the pass of 

time’, ’self-esteem’, ’racism’ or ’money’ are the main topics for the millennials. 
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1. INTRODUCTION 

 

 

1.1 Communication 

 
Communication is one of the human abilities that has lead us to grow into civiliza- 

tions. Without communicating we’re nobody, just isolated individuals. We need to 

interact with our environment to survive. Since the moment we are born, we use 

our cry to let our parents that we feel hungry, uncomfortable or in pain. And not 

only humans need to communicate. Every animal in the world has its own wayof 

communicating with its similar, every specie has developed a communication system 

in order to survive. Language is born as a result of this need. Humans, we have de- 

veloped a speech system, both spoken and written that, even in different languages 

such as English, Spanish or French, allow us to understand each other no matter 

what part from the world you are. 

 

However, humans have tried to communicate not only with other humans, but with 

our environment since time began. We have trained horses to be docile and let us 

ride them. We have taught birds to carry messages and deliver them. We have 

educated dogs for hunting other animals, protecting their owners, or guiding blind 

people, for example. We have made the animals obedient to us, sometimes in ways 

we should not be proud of, but through communication. Every single human feels 

the need and desire for communication. 

 

Computers are one of the consequences of this desire. As technology and computers 

advanced during 20th century, this desire created an idea, a purpose, a goal, in 

humans: we wanted to communicate not only through, but also with computers. Of 

course, it is currently not possible to provide a computer with an actual conscience, 

but it is real the fact that we can, at some point full of restriction, give them the 

ability to process human language. As human instinct to communicate is as old as 

human nature, this idea is as old as the idea of computer themselves [1]. 

 

Nowadays, we can have a real conversation with Siri (or her similars).  There are 
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still differences between talking with Siri and an actual person, but she can properly 

give us a grammatically coherent answer to our questions, even she knows how to 

makeuse of humor and sarcasm. Siri, as her equals, predecessors and successors, is a 

language processing application [1]. Not only she is supposed to havethe knowledge 

about phonetics and phonology, but she also needs to know what a word is, how 

words form sentences, and how to understand and make those sentences coherent 

inside a context. Having a conversation with Siri is possible thanks to what we call 

Natural Language Processing (NLP). 

 

1.2 NLP  and TM 

 

Language application needs to own a basic knowledge about language. Also, to 

achieve certain knowledge, it is necessary to follow a pyramidal process. Like a 

child will learn addition before multiplication, interaction between computers and 

human natural languages is based on a pyramidal learning progress. We find Natural 

Language Processing (NLP) at the high position of this pyramid. 

 

The origins of NLP come along with Alan Turing studies back in 1950. Translation 

machineshadbeenproposedduringthe30’s, butitwasnotuntil Turing’spublication 

[2], when a criterion of intelligence was proposed. In the paper, he proposed a game 

that has come to be  known as the Turing Test [1].   In the game, two people and   

a computer participate. One of the two people is the interrogator, and the other 

people and the machine answer his questions. Towin, he must guess who is a person 

and who is the computer [2]. We can consider this fact as what has led us to the 

design of conversational agents as Siri. 

 

To be able to perform these tasks, NLP is supported by a serious of important tasks, 

that shape the basis of the pyramid. These tasks are very closely intertwined, and 

also, subdivided into categories. There are many subfields way much lower in the 

Pyramid, and yet, very useful and necessary for NLP. For example Language 

Modeling (LM) and Topic Modeling (TM). LM is a probabilistic way of modelling a 

document based on term frequencies. Given a sequence of words of length m, LM 

returns as a result a probability distribution over that sequence. One of those 

probabilistic models is TM, an algorithm   that 
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helps us develop new ways to search, browse and summarize large archives of text 

[3]. 

 

Why is TM useful? During the last decades, the amount of digital data has grown 

exponentially. With the worldwide access to internet, millions of files are uploaded 

every day to the web, caught forever in its threads. Facebook, Tumblr, Instagram, 

Twitter. . . all of them are home to an unthinkable quantity of data. Calculations 

saythat around sixty-two-thousand millions of emails are sent daily. Blogs and wikis 

created by companies, freelance, groups or individuals have grown exponentially last 

decades. Onlinerole-player gameslikeWorldofWarcraft(WoW),Leagueof Legends 

(LoL), Final Fantasy XIV. . . Also generate a big quantity of information. And not 

just on the internet, in order to avoid its lost, every book, magazine, newspaper from 

this era, and also past ones, is digitized. This means we have a problem when trying 

to find a specific information inside this big amount of data. Technology solution 

are powerful methods to search through this data sea. This process is called Text 

Mining or Text Analytics. It involves information retrieval, lexical analysis to study 

word frequency distributions, pattern recognition, tagging or annotation, link and 

association analysis, visualization, predictive analytic, etc. with a common goal: to 

turn text into data for analysis. TM characteristics make it a really valuable tool   

to carry on this analysis. 

 

1.3 Objective 

 

The purpose of this thesis is to give a practical approach of TM applications to 

music lyrics. After generating a collection of documents with the song lyrics, NLP 

algorithms will be used to extract implicit data, such as the topics of the song, the 

places, people, events, and other data involved. 

 

1.4 Expected Results 

 

Why aplying TM on music lyrics? 

 
When I think of the very beginning of Telecommunications, I think of its meaning 

as a word. Named by French Engineer Édouard Estaunié for the first time in early 

XX, ‘telecommunication’ means to share/communicate/inform in the distance/far 

off/afar. 
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There is a large number of inventions and creations which have been developed based 

on Telecommunications field. From telegraph and telephone to radio, television, 

computers and internet. However, for a while, technology and communication fused 

together in another human desire: entertainment. For example, photography, music 

and videogames entertain people at the same time that establish a communication 

channel with them. 

How do we know what people was wearing back in the 70s? Because we have photos, 

videos or descriptions in written document. How will future people know what we 

do or what we care about when our generation is gone? They will have our trace in 

the internet, in the art, in the books, or in the music. And not just the music, but 

also the lyrics in the music. Lyrics are a very interesting part of the music. They 

represent what a part of the population thinks or believe. They become hymn of 

generations. By applying TM on lyrics from the music from the 2000s, we can 

analyze our society and the times we are living. 
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2. THEORICAL BACKGROUND 

 

 

2.1 TM 

 
One commonly used technique to text mining in NLP field is TM. 

What is TM? 

Mathew L. Jockers said once that “ topic models are, to use a familiar idiom, the 

mother of all collocation tools ” [5]. Also, researchers at Princeton University from 

New Jersey described it as “a suite of algorithms that uncover the in document 

collections. These algorithms help us develop new ways to and summarize large 

archives of texts ” [4]. And Miriam Posner has described it as “ a method for     

finding and tracing clusters of words (called “topics” in shorthand) in large bodies of 

texts.” [6]. Also Blei said that ‘TM as algorithms for discovering the main themes 

that pervade a large and otherwise unstructured collection of documents. TM can 

organize the collection according to the discovered themes’ [4] . 

 

In this Thesis, we will consider TM as a tool to process text and extract different 

groups or clusters of words that represent the information from it. Wewill call these 

clusters ‘topics’. 

 

Now that we know that TM finds topics in textual material, how can this be useful 

to Text Mining? Well, TM can include context information such as authorship or 

time and geographical situation related to the analyzed documents. TM is being 

and has been used to organize emails, customers reviews or social media profiles, or 

to analyze topics on newspaper in between certain years. A real example is Robert 

K. Nelson’s experiment ‘Mining the Dispatch’ [7]. He analyzed the change of the 

topics in a historic newspaper with the porpoise to understand social and political 

changes in the capital of Virginia during American Civil War. The results can be 

visited at his website: http://dsl.richmond.edu/dispatch/pages/home. TM can be 

used to extract the topics in a book and classify it, or, as it’s the goal of this thesis, 

http://dsl.richmond.edu/dispatch/pages/home
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to analyze music lyrics and extract conclusions from them in relation to their gender, 

author, or time, (or just for fun). 

 

How does TM work? 

 
As any computer program, TM is composed by a set of algorithms. During history, 

several algorithms have been developed and improved to carry on with the TM task. 

All of them have in common the same goal: clustering words from a big amount of 

text in topics. 

 

Given a collection of documents and assuming that the computer does not know 

the semantic meaning of the words [6] , the purpose of the algorithm is to find the 

frequently of words and group them according to their similarity. 

 

Nowadays, the most common statistical model used in TM is Latent Dirichlet allo- 

cation (LDA). 

 

2.2 Latent  Dirichlet allocation 

 

2.2.1 Concepts 

 

LDA was described by Steyvers and Griffiths [8], starting from a generalization of 

the early model probabilistic latent semantic analysis (PLSA), formulated later by 

Thomas Hoffman. 

 

As mentioned before, LDA doesn’t know the semantic meaning of words, and also, 

doesn’t have any previous knowledge of the text to analyze: it is an unsupervised 

method forML. 

 

Before explaining deep LDA behavior, we will define a set of concepts 
 
 

• Word: A single distinct meaningful element of speech or writing, used with 

others (or sometimes alone) to form a sentence and typically shown with a 

space on either side when written or printed [11]. 

• Document: Sequence of N words denoted by w = (w1,w2,...,wN) word in the 

sequence [12]. 

• Corpus: Collection of M documents denoted by D = w1,w2,...,wM [12]. 
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• Topic: Cluster of words that frequently occur together [13] and represent 

an information. (We will talk later of how we define a topic). 

• Token: Atomic element of a document. For example, if we have the document 

doc =’ What is a token ? A token is each word from the document ’ 

 
the tokens in it will be: 

[’ what ’,’ is ’,’ a’,’ token ’,’ a’,’ token ’,’ is ’,’ each ’,’ word ’, 

’from ’,’ the ’,’ document ’] 

 

• Bag of words: List of vectors that represents the number of times that a token 

word occurs in the document. 

 

For understanding LDA we must keep a clear thought: LDA makes an iterative 

search on the document, find the frequency of words and how often the appear 

together, and then groups them in clusters that we call topics. For example, ’doctor’, 

’nurse’, ’hospital’, ’medicine’, ’patient’, will below to a common topic than may be 

’Health’ or Health-caree’ for example. We associate this words together because of 

general knowledge, but how will LDA learn it? 

 

2.2.2 Theory 

 

The basic idea of LDA is that documents are represented as random mixtures over 

latent topics, where each topic is characterized by a distribution over words [14]. 

 

In addition words, exit in the document hidden variables that represent the latent 

topical structure. In a given a collection, the posterior distribution of the hidden 

variables given the observed documents determines a hidden topical decomposition 

of it. 

 

Being K be a specified number of topics, V the size of the vocabulary, E a positive 

K-vector, and a scalar. We let DirV () E denote a V-dimensional Dirichlet with 

vector parameter E and DirK () denote a K dimensional symmetric Dirichlet with 

scalar parameter . 

 
1. For each topic, 

a. Draw a distribution over words E k  DirV (). 
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2. For each document, 
 

a. Draw a vector of topic proportions E d  Dir() E . 

b. For eachword, 

i. Draw a topic assignment Zd,n  Mult(E d ), Zd,n  1, .  .  .  , K. 

 
From the mathematical point of view, it is interesting and recommendable to read 

the 2009 publication ’Topic Models’ [4] or ’Latent Dirichlet Allocation’ [9]. However, 

as far as we are concerned in this thesis, we want to focus in the practical application 

of TM algorithms, so we will approach the subject from a practical study. 

 

In Figure 2.1 [10] we can get a graphic idea of what we have been talking about. 
 

 

 
 

Figure   2.1  Graphic aproximation to TM 
 
 

This is our purpose. But until we get to these results we must understand a few 

steps before. 

 

LDA is a NonNegative Matrix Factorization (NMF) [16]. As such, it converts any 

corpus in a document-term matrix Dn x Wm. This matrix Dn x Wm, as represented 

in Figure 2.2 represents in each cell (i,j) the frequency that a word W (j) occurs in 

a Document D (i). 
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Afterwards, the topic parameter will be introduced. It will subdivide this Dn x Wm 

matrix in two new matrices: Dn x Tk and Tk x Wm, being T (k) the number of  

topics. We can get an idea from Figure 2.3 

 
 

 
Figure   2.2 Dn x Wm matrix 

 
 

 
Figure   2.3 Dn x Tk and Tk x W  matrices 

 
 

It is here where the real porpoise of LDA takes action. The esence of LDA is the 

following iteration: 
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1. Initialize parameters 
 

2. Initialize topic assignments randomly 
 

3. Iterate 
 

For each word in each document: 

Resample topic for word, given all other words and their current topic 

assignments 

4. Results:  words probabilities per topic 
 

This means that at each iteration, it assigns a probability P for each word ’w’ in each 

document ’d’ in relation with the current topic. But how does the algorithm find 

such probability? Once the number of topics are fixed, it calculates twoprobabilities 

for everytopic. 

 

It Iterates through each word “w” for each document “d” and tries to adjust the 

current topic – word assignment with a new assignment. A new topic “k” is assigned 

to word “w” with a probability P which is a product of two probabilities p1 and p2. 

First probability is defined such as: 

 

p1 = p(topicT/documentT) (2.1) 

 
being the proportion of words in document d that are currently assigned to topic t. 

And second probability is: 

 

p2 = p(wordW/topicT ) (2.2) 

 
being the proportion of assignments to topic t over all documents that come from 

this word w. 

 

The final  probability of the word associate to the topic is the product of p1 and   

p2. (At this step the model assumes that all the existing word – topic assignments 

except the current word are correct) [14]. The more iterations the algorithm makes, 

the most accurate the probabilities will be. In the following chapter we will show 

the practical way to carry through with this LDA model with the practical example. 



11 
 

 
 
 
 
 
 

3. EXPERIMENTS 

 

During this chapter, it will be presented in detail every step performed during the 

developing of this Thesis, with the intention that it can be used as a guide to future 

developments. After a first step of researching on NLP and TM, the serious part 

came in: applying TM on Python. 

 

Text Mining and NLP are both very contemporary issue, consequently, TM is too. 

Because of this reason, there are some strong and efficient libraries concerned to 

the subject in Python. Gensim, Graphlab or Isa are three of the most important 

examples [8]. During the research part, it was decided to work with Gensim, which 

is a powerful library for Python in English language. 

 

3.1 Installing Python:  Initial Problems and Solution 

 

We decided to use Python 2.7, that can be downloaded from its official page: 

www.python.org/downloads/release/python-2712/ (Figure 3.1 represents its logo) 

 

In order to be able to perform TM, we downloaded and installed the Natural Lan- 

guage Toolkit (NTLK) from http://www.nltk.org/. NTLK is a leading platform for 

building Python programs to work with human language data. It provides easy-to- 

use interfaces to over 50 corpora and lexical resources such as WordNet, along with a 

suite of text processing libraries for classification, tokenization, stemming, tagging, 

parsing, and semantic reasoning, wrappers for industrial-strength NLP libraries, 

and an active discussion forum. Along with NTLK we downloaded also Numpy, an 

optional but strongly recommended package for scientific computing with Python. 

It includes: a powerful N-dimensional array object; sophisticated (broadcasting) 

functions; tools for integrating C/C++ and Fortran code; and useful linear alge- 

bra, Fourier transform, and random number capabilities.  Also, it can be used as 

http://www.python.org/downloads/release/python-2712/
http://www.nltk.org/
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Figure   3.1 Python logo 
 

an efficient multi-dimensional container of generic data and define arbitrary data- 

types. This allows NumPy to seamlessly and speedily integrate with a wide variety of 

databases. Numpy can be donwloaded from https://www.scipy.org/scipylib/download.html. 

 
Once we had downloaded both, we proceed to install them. Now, the reader must 

be warned. We performed the experiments in a 32-bit binary Windows computer. 

Python information is given for three OS Linux, Mac and Windows, but the majority 

of instructions assume that the user is working with Linux. We managed to install 

successfully NLTK and Numpy in Windows cmd by using the simple commands: 

pip install nltk 

pip install numpy 

 

in the cmd window. But soon, some problems appeared for installing another li- 

braries, and also, the comands for cmd window are different with the ones from 

Unix. We decided then to install the comprehensive Python enviroment Enthought 

Canopy. So, if the reader intends to develop TM in Python since a Windows com- 

puter, we recommend to install  Enthought Canopy since the very beginning. It   

can be downloaded from https://www.enthought.com/products/canopy/ and it has  

a very intuitive interface that makes very easy the initial proccess of installing li- 

braries. Also, when installing Enthought Canopy, its own command window is 

installed, so it’s not neccessary to use cmd. 

 

As wecan see in the Figure 3.2 and 3.3 and 3.4, it is a friendly-interface-environment 

that will help us to install packages and libraries in a fast and secure way. 

 

3.2 Python Libraries 

 
This is a list of the libraries that we need to be installed for our experiment: NTLK, 

Numpy, Gensim, BeautifulSoup, lxml and String. We imported them since our 

project, as we can see in Figure 3.5. 

http://www.scipy.org/scipylib/download.html
http://www.enthought.com/products/canopy/
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Figure   3.2 Enthought Canopy Welcome Winder 
 
 
 
 
 

 
Figure  3.3 Enthought Canopy Enviroment for installing packages 
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Figure  3.4 Enthought Canopy window command 
 

 
Figure   3.5 Python libraries used in this thesis 

 
3.3 Collecting Lyrics 

 
We decided to use the popular web http://www.azlyrics.com/ as source for our 

lyrics. AZlyrics contains thousands of lyrics from different artist and genders, so 

fited perfectly with our experiment. After analyzing its html source code, we wrote 

a simple function to collect lyrics and save them in a text file. This text file that 

resulted as an output from the function was the corpus to be analyzed with LDA. 

 

Figure 3.6 and 3.7 show how to collect this data base.  (This actual function only 

http://www.azlyrics.com/
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Figure   3.6  collect-lyrics-from-html function part 1 
 

works for azlyrics because of its source code, but if the reader wanted to make a 

similar application, it would be as easy as changing the parameters used to locate 

name of artist and song, and lyris starting, according to the website that he intends 

to use). 

 

When collecting the data, thinking of the expected results, we used the function to 

collect the following six documents: 

 
Indie lyrics 

Hip Hop lyrics 

Indie lyrics from 2000 to 2010 
 

Indie lyrics from 2010 to 2017 

Hip Hop lyrics from 2000 to 2010 

Hip Hop lyrics from 2010 to 2017 
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Figure   3.7  collect-lyrics-from-html function part 2 
 

 
Figure  3.8 Documents from Tame Impala’s Elephant example 

 
3.3.1 Preparing the corpus 

 

For applying LDA the corpus must be a set of strings. For this, when opening the 

lyrics file, we extracted every line and considered it as a document, like we can see 

in Figure 3.8 with a example of three lines extracted from the song Elephant by 

Tame Impala. Like we can be observed in Figure 3.9 they were compiled to a set 

of documents. This makes the corpus. 

 
 
 
 

 
Figure  3.9 Corpus of documents from Tame Impala’s Elephant example 
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Figure   3.10 Cleaning and Tokenize 

 
3.3.2 Cleaning  and Debugging 

 
After collecting the lyrics it is very important the corpus to be an utf-8 file. At the 

beginning of the experiments we had some trouble because if the lyrics were saved in 

ASCII welost theinformation from special characters andperforming LDAresulting 

in errors. That’s way, even when the corpus file is supposed to be utf-8, we encoded 

it in such way as preventing method, like 

lineutf 8 = unicode ( line , " utf -8") # c on verting string to utf 8 

 

 

Cleaning is a very important step to perform before to apply LDA to the corpus. 

Stopwords and punctuations must be removed from the corpus. Once this stage is 

completed we can find the real information we’re looking for in the text: the tokens. 

Each meaningful word from the text that gives us the clue to find its topic. To 

tokenize we used the methods included in Gensim library, as the reader can see in 

Figure 3.10. 

 
After some trials, we realized the cleaning wasn’t been completed in an accurate 

way. The algorithm separated ’s from he’s or ’m from I’m and presented ’s and ’m 

as tokens. That’s way we re-writed the code as appears in Figure 3.11. The key of 

this new code is the concept of frequency that controled the  number  of  

occurrences of the tokens and makes a stronger restriction that the code before. 

After tokenizing, we obtain a result a string with all the tokens. Following the 

Elephant’s example, we can see the tokens for its first three lines in Figure 3.12. As 
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Figure   3.11 Cleaning and Tokenize (Improved) 
 

the reader will realize, the set of tokens appears in brakets [ ], and the tokens for 

every document (line for us) is again in doble brakets [ [ document1 tokens ],[ .. ],[ 

documentn tokens ] ] 

 

3.3.3 Dictionary 

 

As a result of the cleaning stage we have a tokenized and stopped list of words for 

each document. We loop the whole text and we keep each one of these lists in a new 

list, so now have a list of lists in the variable texts. The porpoise of using Gensim 

now, is to know the frequency of each term in each document. To do that, Gensim 

will help us construct a document-term matrix through the function Dictionary, that 

assigns an unique integer ID to each unique token and later collects word counts for 

relevant statistics. 

 

Once we have our dictionary (variable dictionary in our code) it is necessary to 

convert it to a bag of words. As we will remember from 2.3.1, the bag of words is  

a list of vectors representing the number of times that a token word occurs in the 

document, and the key to extract our expected results. We save this bag of words 

in the variable corpus. 

 

For example, if we run the section 

print corpus [5] 

 

 

we will access to the bag of words associated to the first topic in Tame Impala Lyrics. 

How do we understand this? Each vector represents (term ID, term frequency). If 

it says 

(27 ,2) 
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it means that the word placed in the index 27 (starting to count in 0) appeares 2 

times in the document 5 of the file text that contains the lyrics from Tame Impala. 

 

Now we have the corpus ready to apply LDA. With the gensim documentation, we 

generate a ldamodel: 

ldamodel = gensim .models .ldamodel .Lda Model (corpus , num_ topics =10, 

id 2word = dictionary , passes =100 ) 

 

For this function we used the following parameters: [15] 
 
 

num-topics: number of requested latent topics to be extracted from the train- 

ing corpus. 

id2word: mapping from word IDs, which are integers, to words, which are 

strings. It is used to determine the vocabulary size, as well as for debugging 

and topic printing. 

passes: number of loops the model takes through the corpus. 
 
 

and as a result, we obtain a list of words and frequencies, for each topic. Topics are 

separated by comas. And each sum of words are the most probable words to occur 

in a topic and their probabilities, as shown below: 

 
[(0 , 0.05 *" me " + 0.020 *" you " + 0.075 *" never ") , 

(1 , 0.083 *" love " + 0.012 *" pain " + 0.033 *" i")] 

 

 

being 0 and 1 the topics. 
 
 

3.4 Training 

 
Once we understood how LDA works and had written the code, the critical part 

was to get familiar with the ldamodel  parameters. The first thing to define was 

the number of passes. The most passes the algorithm takes, the most accurate 

the results are, but also the most energy takes from the computer.  Since the       

whole work has been developed in a 32bits regular Windows 
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laptop, we could not afford an extremely high number of passes, but we needed a 

minimum of them so we could trust the results. After some trials with the number of 

passes being between 20 and 200, we decided to set the parameter to 100. This way 

we can offer reliable results and we can get them in an acceptable amount of time. 

(When training for 200 passes the algorithm could take more than forty minutes to 

offer the results for the biggest file). 

 

Once the number of passes was defined, we had to chose the number of topics and 

topics per word. This was the hardest part. Before using the definitive data, we 

trained the model with smaller texts. Continuing with the previous example, in 

previous Figure 3.12 we can check the LDA results for Tame Impala lyrics with 

num-topics = 9. As we can see in following Figures 3.12 and 3.13, some of the group 

of words make some of the topics confusing. For example: ’i’, ’it’,’on’, ’how’, ’it’s’ 

doesn’t really give us a topic idea. 

 

 
Figure 3.12 Words Frequency for Topic in Tame Impala Lyrics for 9 topics and 5 words 
per topic 

 
 
 

 
Figure   3.13 Words Frequency in Tame Impala Lyrics for 9 topics and 5 words per topic 
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After that, we tried with the parameters numb-topics = 5 and num-words = 10, 

and as we can appreciate in Figures 3.14 and 3.15, the meaning of the words in each 

topic appeared to be more correlated than before. Axis x represents each token and 

axis y represents tokens frequency. 

 
When comparing Figure 3.16 and 3.17 we can also see that the most common words 

are the same, (’i’, ’you’, ’me’, ’i’m’) and its frequency is similar. This is important 

to notice because otherwise, the algorithm would not be working. Before deciding 

how to chose these parameters, we made more trials. Figure 3.16 presents the 

results of training the algorithm for Metronomy Lyrics with parameters num-topics 

= 10, num-words = 3 

 
Thought some of the words formed recognizable topics,(’love’, ’it’, ’be’ or ’i’, ’you’, 

’i’ll’ can easily be part of a love or relationship topic), using only 3 words per topic 

seemed not enough to get accurate information. Also, looking back to the previous 

testing, a big number of topics might cause some confusion. Chosing a value in 

between, Figure 3.22 shows the correspondent for num-topic = 5 and num-words = 

10. And as we can see, not only the topics are very close among each other, but the 

words in each topic make more sense together that in the previous results. 

 
 

 

Figure 3.14 Words Frequency for Topic in Tame Impala Lyrics for 5 topics and 10 words 
per topic 

 
 

For this reason, we chose presenting the results according to the following values for 

each parameter: 

 

num-topics: 5. 
 

num-words: 10. 
 

passes: 100. 
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Figure  3.15 Words Frequency in Tame Impala Lyrics for 5 topics and 10 words per topic 
 
 
 
 
 

 
Figure 3.16 Words Frequency for Topic in Metronomy Lyrics for 10 topics and 3 words 
per topic 

 
 
 
 

 
Figure   3.17 Words Frequency in Metronomy Lyrics for 5 topics and 10 words per topic 
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4. RESULTS 

 

We performed an analysis on two musical genres representative of XXI century: 

indie and hip hop. We applied TM on two samples of the most representative artist 

for both genres. And also to each genre in first and second decade of the century. 

 

4.1  Indie 

 
Wechose a selection of 7 representative artists of indie genre: TameImpala, Metron- 

omy, (both we used them for training the model), The XX, Arcade Fire, Franz Fer- 

dinand, Arctic Monkeys and The National. Figures 4.1 and 4.2 show the results   

of the topics for our indie selection. To analyze the topics, we will use a stacked- 

columns-graphic (Figure 4.3), because it’s muchmore clear. 

 

Topic 0 contains the words: ’you’, ’me’, ’we’, ’do’, ’can’, ’if’, ’you’re’ ’thing’, ’never’ 

and ’right’. When looking at Figure 4.3, we realize that ’you’, ’i’, ’me’, ’you’re’, ”i’m’, 

’your’, ’mine’ are recurrent words in all the topics. These pronouns give us the idea 

that the authors sing to the relationship between ’you’ and ’me’, so we can think 

of a ’Relationship’ or ’Love’ or ’Romance’ topic. Also, ’never’ and ’right’ together, 

makes us think of an unlucky lover. Plus, some words from topic 2 as ’love’, ’she’, 

’out’, ’won’t’, ’come’, supports the idea of a broken heart writing these lyrics. There 

is another idea in Topic 3: ’you’, ’me’,’we’,’your’,’all’,’now’,’time’,’keep’,’i’ve’,’they’. 

Despite of first and second person pronouns and tense, ’all’, ’now’, ’time’, ’keep’ 

gives us an idea of ’Running Time’. These words together makes us feel the desire 

to hold the instant because it’s running away, the classic ’Tempus Fugit’ 

 

By taking a look to the previous training and to the actual results, it is necessary 

to comment that the obtained topics from these lyrics are not  always   clear.   It  

is subjective in some of them and the reader could have chosen another word for 

the Topic that the chosen one here. This subjectivity is because we’re analyzing 

separated documents that join in a corpus. Of course they share similarities, (which 
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our porpoise is to find), but don’t follow any continuity. If we were testing Hamlet, 

Ophelia or Horacio and their characteristic references would appear through all the 

corpus. But since songs meaning don’t necessary have to be related or follow a 

story, some of the topics seem a little confusing, as we see. We will consider from 

now on, this subjectivity of the topics. We are actually trying to catalogue art, so 

the reader must know our topic decision might change for him the same way two 

painters might see different predominant colours in a palette. 

 

That being said, for Indie and following Topic selections, based on Topics from 

Figure 4.3, we will say that Indie topics talk about ’Hurtful Love/Romance’ and 

’Time/Tempus Fugit’. 

 

4.2    Indie 2000-2010 and 2010-2017 

 
When running the model for Indie Lyrics between 2000s and 2010s, we obtained the 

results that show Figures 4.4, 4.5 and 4.6. And when doing the same for Indie 

Lyrics between 2010s and 2017s, we obtained  the results that we can see in  

Figures 4.7, 4.8 and 4.9. 

 

Comparing Figure 4.3, 4.6 and 4.9, we can appreciate that the Topics are very 

similar in both decades, and consequently, with the genre itself. In Topic 1 from 

second decade, ’we’, ’you’, ’time’, ’me’, ’never’, ’again’, ’all’, ’not’, ’should’, reminds 

us again of a heartbroken existentialism. 

 

4.3     Hip Hop 

 
We analyzed then the corpus for Hip Hop genre. As we can see in Figure 4.12, topics 

are still subjective. But in this genre we can appreciate them less blurred than in 

the previous one. 

 

For example, in Topic 0: ’me’, ’we’, ’i’, ’they’,’i’m’,’you’,’are’,one’. The predom- 

inance of first person pronoun, accompanied by key word ’one’ and present tense 

from verb to be, suggest ’Narcissism’, ’Ego’ or ’Self-esteem’. This is a newness re- 

garding the previous genre. In Indie Topics we could aslo found ’me’, ’we’, ’i’m’ very 

often, but always in company of other words like ’you, ’time’ or ’over’ for example 

(we can check in Figure 4.9) that suggested a self-vision of the one with or without 
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the other. But these words from Topic 0 come to be more a ’self-conceit’ concept, 

new in our analysis. In Topic 2, the words: ’me’, ’i’m’, ’like’, ’when’, ’i’ve’, 

’something’, ’out’ don’t make  an instant correlation together, but the verb to       

have, along with ’when’ indicating time and ’out’ and ’something’, could suggest 

the idea of ’Movement’, ’Non Stop’, ’Move Forward’. And then, in Topic 4, the 

unavoidable Topic of the century: ’me’, ’you’, ’like’, ’know’, ’don’t’, ’when’, ’love’, 

’never’, reminds us again of an ’Unrequited or past love’.  In light of the results,  

we could name three topics for Hip Hop lyrics: ’Ego’, ’Move Forward’, 

’Unrequited/Past Love’. 

 

4.4    Hip Hop 2000-2010 and 2010-2017 

 
The same way we evaluated the model for Indie Lyrics in first and second decade of 

the century, we repeated the same for Hip Hop lyrics. For the first decade we 

obtained the Figures 4.13, 4.14 and 4.15.  Figure 4.15 shows, he will realize that  

we can extract  two  extra topics to the ones evaluated from the two decades  

together. 

 

Topic 0 contains the words: ’i’, ’get’, ’we’, ’my’, ’up’, ’it’s’, ’like’, ’i’m’, ’shit’, been’. 

Still self-esteemed, but words ’up’, ’shit’, ’been’, ’get’, together, makes us think of 

a fight, or a protest. With this, we could define a ’Protest’ Topic. Seeing this age 

with retrospective, this topic actually makes sense, because since lately 1990s we’ve 

been living a change-to-worst era, speaking of liberty and human rights. 

 

Also, in Topic 4: ’i’, ’not’, ’are’, ’niggas’, ’can’t’, ’wanna’, ’ain’t’, ’all’, ’more’, can   

stand together for an attempt to make black society to be heard. We could classify 

this topic as ’(Anti)Racism’. And finally, for the Hip Hop songs between 2010- 

2017, we can see the  results in Figures 4.16, 4.17 and 4.18.  Again, in contrast     

with the Indie genre, we can see new topics.  Topic 3 contains 

words that we could relate to ’Love’ and Topic 4 stands as before for the ’black 

society’. But, in Topic 2: ’like’, ’my’, ’i’m’, ’your’, ’yeah’, ’life’, ’money’, ’one’, we 

could say that the narcissism and self-concern extends to more important ’Daily 

Worries’, such as ’money’ or ’life’ are for our society. 
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Figure  4.2 Words Frequency for Topic in Indie Lyrics for 5 topics and 10 words per topic 
 
 
 
 
 
 
 
 
 
 
 

 

Figure  4.3 Topics for Indie Lyrics 
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Figure   4.4 Table and Topics for Indie Lyrics (2000-2010) 
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Figure 4.5 Words Frequency for Topic in Indie Lyrics for 5 topics and 10 words per topic 
(2000-2010) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure   4.6 Topics for Indie Lyrics (2000-2010) 
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Figure   4.7 Table and Topics for Indie Lyrics (2010-2017) 
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Figure 4.8 Words Frequency for Topic in Indie Lyrics for 5 topics and 10 words per topic 
(2010-2017) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure   4.9 Topics for Indie Lyrics (2010-2017) 
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Figure  4.10 Table and Topics for Hip Hop Lyrics 
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Figure   4.11 Words Frequency for Topic in Hip Hop for 5 topics and 10 words per  topic 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure  4.12 Topics for Hip Hop Lyrics 
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Figure   4.13 Table and Topics for Hip Hop Lyrics (2000-2010) 
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Figure 4.14 Words Frequency for Topic in Hip Hop for 5 topics and 10 words per topic 
(2000-2010) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure   4.15 Topics for Hip Hop Lyrics (2000-2010) 
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Figure   4.16 Table and Topics for Hip Hop Lyrics (2010-2017) 
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Figure 4.17 Words Frequency for Topic in Hip Hop for 5 topics and 10 words per topic 
(2010-2017) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure   4.18 Topics for Hip Hop Lyrics (2010-2017) 
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5. CONCLUSIONS 

 

This thesis presents a practical example of technology applied to other fields. It 
applies TM to music lyrics to analyze what is our current generation concerned 
about. The experimental results show that the worries of the millennials are, to a 
greater extend, ’love’, ’money’, ’self-steem’, ’racism’ and ’the pass of time’. 

 

As for the technical part, the lack of time has been an impediment to improve       

the algorithm. We propose to extend the method to have a better treatment and 

cleaning of words. In the case of have had enough time, we would have implemented 

the cleaning stage, for example, to separate the pronouns from the verbs to have 

and to be. When observing the topics we commonly find ’i’, ’i’m’, ’you’ or ’you’ve’ 

together. We recommend to erase ’m and ’ve particles because the don’t contribute 

any significant meaning to the topic. 

 

This thesis was focused on music lyrics, but, as the reader has been available to find 

out, TM is a very powerful tool, worthy to dedicate time to. Who knows? Maybe in 

not-so-many years Siri will be available to read our Literature homework and make 

a summary of it by using Topic Modeling based algorithms. 
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