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ABSTRACT

Popular music lyrics exhibit clear differences between songwriters.
This study describes a quantitative approach to the analysis of pop-
ular music lyrics. The method uses explainable measurements of the
lyrics and therefore allows the use of quantitative measurements for
consequent qualitative analyses. This study applies the automatic
quantitative text analytics to 18,577 songs from 89 popular music
artists. The analysis quantifies different elements of the lyrics that
might be impractical to measure manually. The analysis includes
basic supervised machine learning, and the explainable nature of
the measurements also allows to identify specific differences be-
tween the artists. For instance, the sentiments expressed in the lyrics,
the diversity in the selection of words, the frequency of gender-re-
lated words, and the distribution of the sounds of the words show
differences between popular music artists. The analysis also shows
a correlation between the easiness of readability and the positivity
of the sentiments expressed in the lyrics. The analysis can be used
as a new approach to studying popular music lyrics. The software
developed for the study is publicly available and can be used for
future studies of popular music lyrics.
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INTRODUCTION

The style and topics of popular music lyrics have clearly changed over time. Common
topics and lyrics style used in the early days of popular music are substantially different
from the lyrics of modern popular music, and different popular music artists express
themselves by using their unique lyrics styles. For instance, while notable early song-
writers focused mostly on love and romance (Ruth, 2019; Yoo et al,, 2017), preeminent
songwriters during the 1960s such as Bob Dylan or the Beatles often focused their lyrics
on topics related to social or political issues (Lammer, 2016). It has also been shown
that popular music songwriters are often influenced from events outside of the world
of popular music such as political events (Fox & Williams, 1974; Gosa, 2017; Nielson,
2009).

Lyrics can exhibit substantial differences between popular music genres (Ballard
et al., 1999; Condit-Schultz & Huron, 2015; Tsaptsinos, 2017). For instance, it had been
shown that gender differences are expressed differently through lyrics in different pop
music genres (Flynn et al,, 2016; Freudiger & Almquist, 1978), and that rap lyrics can be
linked to mental conditions (Kresovich et al, 2021). It has also been shown that lyrics
can be different across songwriters, and certain songwriters can have signature char-
acteristics in their lyrics style. For instance, analysis of the lyrics of Bob Dylan showed
different aspects that characterize Dylan’s songs, and can be linked to the period dur-
ing which his songs were written (Davies, 1990; Dunlap, 2006). Stylistic and linguistic
analyses of the lyrics of the Beatles also showed repetitive patterns and concepts com-
mon in the Beatles lyrics (Petrie et al, 2008; West & Martindale, 1996).

With the digitization of data and the availability of lyrics in digital formats, several
studies used computer analysis for the purpose of analyzing song lyrics. For instance,
in the computer science community certain efforts have been invested in automatic
classification of popular music lyrics (Fell & Sporleder, 2014; Tsaptsinos, 2017), and
showed that automatic classification of lyrics into genres can be done in accuracy sig-
nificantly better than mere chance (Logan et al, 2004). Another growing related direc-
tion of research is identification of popular music songs by their emotions (An et al,
2017; Yeh et al,, 2014).

The ability to analyze lyrics by using quantitative methods has enabled new para-
digms of studying popular music that were not possible in the pre-information era. For
instance, the ability to quantify sentiments expressed in thousands of songs has shown
the change of sentiments expressed in popular music lyrics over time (Napier & Shamir,
2018). Statistical analysis and text mining enabled the identification of changes in pat-
terns of words used in Korean pop music lyrics (Yoo et al, 2017). North et al. (2021) used
computer analysis to identify links between music and lyrics in popular music songs.
Yang (2020) used computational analysis to study long-term patterns in popular mu-
sic such as loudness, repetitiveness, and simplicity. Quantitative analysis was also used
to profile cover song relationship between popular music artists (Ortega, 2021). Other
applications of text analysis related to popular music includes non-lyrics tasks such as
analyzing on-line discussions about popular music artists (de Boise, 2020).
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Popular music is one of the most influential forms of art, with impact not merely on
leisure, but also on politics, society, and culture. For instance, the dominant societal
movements during the 1960s were largely enabled by popular music, and popular mu-
sic artists played impactful social leadership role during that time (Kutschke, 2016). As
music was pivotal in these movements, the cultural and social changes they accom-
plished could have been different in the absence of popular music (Vandagriff, 2015).
The Vietnam war era was also heavily impacted by popular music, demonstrating the
impact of popular music on political issues (Bindas & Houston, 1989). On the opposite
side of that scale, popular music has been widely used by fascist movements (Rich-
ardson, 2017), using music as a mean of communication. Music was used by these
movements as a tool of communication, coordination, and recruitment of new mem-
bers, especially before the emergence of the Internet. The music used for these pur-
poses was also characterized by unique lyrics style. As popular music is the most pop-
ular forms of art, and popular music artists continue to have paramount societal im-
pact (Martin, 20086), it is important to study popular music by using all available anal-
ysis tool and paradigms.

This study uses a data science approach to identify quantitative stylistic elements
that can differentiate between songwriters and provide cues and new knowledge
about the unique lyrics styles that characterize different songwriters. That is done by
first computing a large collection of quantitative text measurements from each song.
These quantitative elements can be used to analyze differences in lyrics written by dif-
ferent songwriters. The computational approach allows to measure stylistic elements
used by songwriters, and its automatic nature allows the analysis of very large datasets
of songs to extract new knowledge about popular music.

As briefly described above, substantial work has been focused on the ability to
classify lyrics automatically, or to measure specific lyrical elements. The approach pro-
posed here makes use of a large number of text measurements applied in concert,
therefore allowing to identify text elements that exhibit differences between songwrit-
ers in a data-driven manner. That is, the user does not need to make a specific hypoth-
esis or focus on a specific text measurement but can rely on the method to analyze
and identify specific text elements. Such measurements can show differences between
different songs, albums, songwriters, genres, and more. Instead of using measure-
ments that can discriminate between the songwriters and associate a song with its
creating artist automatically, the analysis here is based on using intuitive measure-
ments that can be interpreted manually and can therefore expand the knowledge re-
garding popular music. Although these text measurements are intuitive to understand,
they are difficult to analyze by manual reading of the lyrics. Therefore, the proposed
approach provides a new way to analyze and study lyrics that was not practical in the
pre-information era.



4 & Rosebaugh & Shamir

METHOD

Data

The dataset used in this study contained text files of lyrics of 89 artists, such that each
artist in the dataset is represented by at least 100 songs. The total number of songs was
18,577, with an average of 209 songs per artist. The artist with the lowest number of
songs was Guns N’ Roses with 101 songs, and the artists with the highest number of
songs was Neil Young with 576 songs. The distribution of the songs of the different art-
ists as well as the year in which the songs were released are shown in Table 1.

The lyrics files were retrieved from AZlyrics.com. The lyrics files were originally in
HTML format and were converted to plain text (ascii). The files were formatted such that
the files only included the lyrics, and no other information such as the name of the artist,
album, or year of release that were included in the file. Naturally, it is impractical to
analyze all popular music artists. Artists that were selected in this study are all well-
known influential popular music artists that also had lyrics for at least 100 songs. The
artists were also selected such that they represent multiple genres and eras of popular
music. Genres included rock, pop, hip-hop, soul, R&B, and heavy metal, as primary gen-
res of popular music. The vast majority of the musicians were mostly active as influen-
tial songwriters during the 1960s through the 1990s. The list of musicians excludes more
recent artists, as scholarly work has not yet been done by the scientific community to
fully analyze and characterize these artists, making it more difficult to associate the
lyrics elements with qualitative analysis of their lyrics style. For that reason, most artists
used in this study were active in previous decades, while artists that were mostly active
in the third millennium are not widely represented in the dataset. The full list of artists
and the years during which they were active is provided in Appendix A.

Analysis method

The lyrics were analyzed using Udat (Shamir, 2021) which is a tool that extracts a com-
prehensive set of numerical text content descriptors from text samples. Unlike some
common document classifiers, Udat does not attempt to identify certain patterns of
words that differentiate between different text classes for the purpose of associating a
test text sample with a text class. Instead, it analyzes text elements that reflect patterns
in the way the text is written (Shamir, 2021). For that purpose, the measurements are
explainable and can be interpreted in a follow-up qualitative manual analysis. The text
elements computed by Udat are described in detail in (Shamir, 2021). In summary, they
include the following:

1. Readability. Automated Readability Index (Smith & Senter, 1967), and the Cole-
man-Liau index (Coleman & Liau, 1975) are established methods for estimating
the level of difficulty of reading the text. Both methods are based on the length
of words and length of sentences, which are expected to provide an indication
of the level of reading difficulty. The Automated Readability Index (ARI) is com-
puted by the average word length (AWL) and average sentence length (ASL).
The formula (4.71 x AWL + 0.5 x ASL - 21.43) is skewed to prefer a higher AWL. The
ARl is similar to the Coleman-Liau Index calculation. According to the Coleman-
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Liau, the ASL is replaced by the sentences per word (SAW), which can be defined
by 1/ASL. The Coleman-Liau formula (5.88 x AWL - 29.6 x SAW - 15.8) is also
skewed to favor a higher AWL. Automated Readability Index and the Coleman-
Liau Index are two established readability indices used to quantify the level of
reading difficulty. A high score means that the text is more difficult to read, and
a low (also negative) score is relatively easy to read.

. Average sentiments. Sentiments expressed in the lyrics, as computed by auto-
matic sentiment analysis (Socher et al,, 2013). Each song is assigned with a sen-
timent value from 1to 5, such that 1 reflects very negative sentiment, 3 is neutral,
and 5 reflects very positive. The sentiment analysis works by using 215,154 la-
beled phrases and 11,855 sentence that make a parse tree analyzed by a deep
recurrent neural network (RNN). While the analysis process is not necessarily in-
tuitive, the output is a simple score that reflects the estimated sentiment ex-
pressed in the text.

. Differences in sentiments. Sentiment difference is measured by the difference
between the most positive sentence in the lyrics and the most negative sen-
tence in the lyrics. That measurement reflects the variations in the sentiments
expressed in the lyrics. Songs that include negative and positive sentences have
a higher sentiment difference. Songs where the different sentences are more
consistent in the sentiments, they express have a lower sentiment difference.

. Punctuation characters. The method measures the frequency of the use of dif-
ferent punctuation characters. That is the fraction of characters such as ?’, ', ”/,
etc. in the total number of characters in the lyrics.

. Word length. Word length statistics includes the word length mean, word length
standard deviation, and histogram of the length of the different words in the text.
That measurement reflects the use of words of different lengths in the lyrics.

. Lyrics length. Statistics of the distribution of the length of the lyrics, including the
mean and standard deviation of the number of words in the song.

. Sounds. Diversity of sounds using the Soundex algorithm (Odell, 1956) which en-
codes each word into sounds regardless of the word spelling. The diversity of the
sounds is computed by the number of different sounds used in the lyrics divided
by the total number of sounds.

. Word diversity. Diversity of the words appearing in the lyrics. Determined by the
number of unique words divided by the total number of words. A song that uses
the same words repetitively will have a lower word diversity score.

. Parts of speech. Frequency of different parts of speech. The parts of speech are
tagged automatically by using the CoreNLP Natural Language Processing library
(Manning et al, 2014) part of speech tagger. Then, the frequency of each part of
speech is computed by dividing the number of occurrences of a certain part of
speech by the number of words in the lyrics.

10. Topics. Frequency of different topics mentioned in the lyrics. The topics are de-

termined by a predefined thesaurus that covers a range of different topics and
words that identify them.
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The complete list is provided in Shamir (2021). Among these topics, Udat also
measures the frequency of terms related to men and terms related to women, which
can be used to test gender reference differences in popular music lyrics. A more de-
tailed description of these text content descriptors is available in Shamir (2021) and the
code is available for free download (Shamir, 2017).

The numerical text content descriptors allow the identification of specific differ-
ences between the way different songwriters express themselves through their lyrics.
Additionally, it allows certain machine learning tasks by applying machine learning al-
gorithms to the numerical content descriptors computed from the text. Udat imple-
ments the Weighted Nearest Distance (WND) algorithm (Shamir et al., 2008) for classi-
fication. WND is an instance-based machine learning algorithm that makes use of
weighted harmonic multi-dimensional distances from all samples in the dataset to
make a classification, and its main advantage is that it can provide the similarities be-
tween the classes and between individual text samples (Shamir, 2021; Shamir et al,,
2008).

According to WND, the association between a song and a musician is determined
by the musician m with the shortest distance d(s,m) to the given song s, as defined by:

Seer, [Xrer Wr(sp — tr)*]P

d(s,m) = T
m

where T is the set of songs used for training, Tm is the training set of the songs from
musician m, t is a feature vector from T, and Sy is the feature vector of song s. The
feature vectors are the quantitative text elements described above, and also described
in Shamir (2021). The exponent p is set to -5, as determined experimentally and fully
explained Orlov et al. (2008). The weight W; of each feature f is computed by
_ Y= (T = Tf_m)2 N
Ym=10Fm N-1

Wy

where Wris the weight assigned to feature f, Tris the mean of all values of feature f
in the training set, and T;m is the mean of all values of feature f in songs in the training
set written by musician m. The variance % is the variance of the values of feature f in
the songs of musician m. N is the total number of musicians. The use of the weights is
explained with detailed empirical results in Orlov et al. (2008), Shamir et al. (2008), and
Shamir et al. (2010).

The main goal of Udat is not necessarily to perform automatic classification, but to
extract knowledge from the data. The WND algorithm is used for its ability to estimate
the similarity between different classes (Shamir et al,, 2010). Unlike some document
classifiers, the main purpose of Udat is not to provide a “black box” association between
a song and a songwriter automatically, but to identify certain intuitive interpretable text
measurements that reflect the differences between different songwriters. Such lyrics
elements that are consistent in the lyrics of one artist but are different when measured
from the lyrics of other songwriters can help define the unique lyrics styles and help
identify signature lyrics styles in a quantifiable manner. Due to the large number of
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songs and large number of measurements, that analysis is impractical to perform by
manual analysis.

RESULTS AND DISCUSSION

The Udat method described above can perform several data science tasks related to
analysis of text data, including supervised and unsupervised learning, profiling similar-
ities between text classes, outlier detection, feature selection, and identification of spe-
cific text elements that can differentiate between text classes (Shamir, 2021). In this
study, automatic classification of the lyrics is followed by feature selection and analysis
of specific text elements that can identify between songwriters and genres.

Automatic classification of songs by their lyrics

While numerous previous studies focused on automatic classification of lyrics by their
musician or songwriter (FeII & Sporleder, 2014; Logan et al., 2004; Tsaptsinos, 2017), the
data science approach aims at turning data into new knowledge rather than providing
automation of data annotation. However, a first step of observing the classification ac-
curacy can provide an indication of whether the data contains information that can
differentiate between the artists. That is, while automatic labeling of the data is not
necessarily the primary goal of a data science approach, it can provide a general in-
dication of whether the different classes can be separated, which indicates on the
presence of differentiative signal in the data.

The machine learning algorithm described above was applied to associate be-
tween lyrics and artists automatically. That is, the songs of each artist are separated
into training and test songs. Eighty songs of each artist were used for the machine
learning algorithm to “learn” the style of the lyrics, and the remaining 20 songs of each
artist were used to test whether the machine learning algorithm can associate the lyr-
ics with the artist automatically. The machine learning system first “learns” from the 80
training songs of each artist. After the training, the machine learning algorithm at-
tempts to associate each of the 20 test songs with their artist. The accuracy of the al-
gorithm is measured by the number of songs that the algorithm was able to associate
correctly with their artist, divided by the total number of songs that the algorithm at-
tempts to associate with an artist, including the songs that were associated with the
wrong artist.

The results of the experiment showed that 12.3% of the songs were associated by
the algorithm with their correct artist. While that is not necessarily very high accuracy,
with 89 artists in the dataset a random guess of the artist would lead to accuracy of
1/89, which is ~1.1%. That shows that even if the machine learning algorithm cannot as-
sociate between the lyrics and the artist in all cases, the fact that it makes the associ-
ation in higher rate than random guess shows that there is information in the quanti-
tative elements that can show patterns that are unique to a certain artist. That is done
without identifying certain words or pattern of words that are used differently by differ-
ent songwriters, but merely with the quantitative measurements. It is important to
mention that associating lyrics with an artist is a complex cognitive task, and even
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humans might find it difficult to associate lyrics with the relevant creating artist, unless
they are already familiar the specific lyrics.

Differences in readability index

To understand the specific differences between the lyrics of popular music artists, the
specific measurements were compared. Figures 1 and 2 show the Coleman-Liau read-
ability index and the Automated Readability Index, respectively, of the lyrics of each
artist. That is done by calculating the average readability index of all songs of each
artist in the dataset. The figure shows the artists with the lowest and highest average
readability scores, as well as artists that the average readability score of their lyrics are
in between the easiest to read and the most difficult to read. The figures show substan-
tial differences between the readability of the lyrics of the different popular music artist.
The low values are the result of the short lines that are common in popular music lyrics
and limit the complexity of sentences that can fit the tune. However, it provides a com-
parative scale by which we can rank and compare the different musicians.

Figure1

The Average Coleman-Liau Readability Index of The Lyrics of The Different Artists.
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Note: The values are the mean of the readability index of the songs of each artist,
and the error bars show the standard error of the mean.
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Figure 2

Average Automated Readability Index (ARI) of The Lyrics of Different Artists.
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The figures show that musician with higher readability index include Bob Dylan,
Alanis Morrissette, Elton John (Bernard Toupin), Bruce Springsteen, and the bands Yes,
Rush, and Traffic. Hip-hop artists such as Gill Scott Heron and the Beastie Boys are
ranked with a high readability index, as well as the rapper Dr. Dre (Andre Romelle
Young). Hip-hop and rap are musical styles that allow longer sentences, and conse-
quently more complex lyrics. It has been proposed that rap allows to express deeper
ideas regarding social issues or personal experiences (Edwcrds, 2002; Mise, 2020; Wil-
lioms, 2020). The Beastie Boys often described fictional stories in their lyrics, making
their lyrical style more complex (Hess, 2005). The rock band Traffic, which has a rela-
tively high readability index, has a unique musical style the features long improvisa-
tion-like musical pieces, and could also allow to express more complex lyrics. The
uniqueness of Traffic lyrics is also shown in several other unrelated measurements dis-
cussed later in this section.

Artists with lower readability index include Guns N’ Roses, U2, Van Halen, and Ringo
Starr. Like Traffic lyrics being characterized by different measurements that indicate on
complexity of the lyrics, Starr’s lyrics showed several unrelated measurements that in-
dicate on simplicity. These measurements will be discussed later in this section. Among
the popular music artists whose lyrics are the easiest to read is also Neil Young, who is
considered a notable lyricist (Echard, 2005; Tomiyama, 2017). However, Neil Young's lyr-
ics style is also unique in its simplicity. For instance, Echard (2005) argued that Young's
songs were “seemingly simple”, and that “Neil Young's lyrics have always been decep-
tively simple. It is this simple complexity which make Young's lyrics so intriguing”
(Thrasher's Wheat, 2004).

Differences in sentiments expressed in lyrics

Figure 3 shows the average sentiment expressed in the lyrics of different artists. As ex-
pected, different artists express different positivity in their lyrics. Artists such as Ringo
Starr, Van Halen, George Harrison, and Yes express, on average, more positive
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sentiments in their lyrics. The artists that express more negative lyrics include Hip-Hop
artists such as Gil Scott-Haron and Dr. Dre (Andre Romelle Young) as well as bands in
the Rock genres such as Crosby, Stills, Nash & Young, Motorhead, and Bon Jovi.

It is interesting that some of the artists with the lower readability index are also
some of the artists that their lyrics express the most positive sentiments. The correlation
between the readability of the lyrics and the sentiment expressed in the lyrics was
tested by correlating the readability index and the sentiment expressed in the 18,557
songs. That was done by using the Pearson correlation, which was 0.21. With 18,557
songs, the probability to have such correlation by chance is lower than 0.00001. That
provides quantitative evidence that songs that are less positive also tend to use longer
words and sentences, making them somewhat more difficult to read.

Figure 3
Average Sentiment Expressed in The Lyrics of The Different Artists
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Figure 3 shows the average positivity expressed in the lyrics. That score might not
provide full information of the positivity expressed in the lyrics, as very positive sen-
tences might be offset by very negative sentences in other lyrics by the same artist.
Figure 4 shows the frequency of sentences annotated as “very positive” by the algo-
rithm. The figure shows that the artists with the highest frequency of very positive sen-
tences is George Harrison, with about 4% of his sentences express very positive senti-
ments. Other artists that express positivity frequently in their lyrics are John Lennon, Eric
Clapton, Commodores, The Doors, and Queen. John Lennon songs are limited to 1970
and later, and his work as a member of the Beatles is excluded. Billy Joel, Boston, and
Pink Floyd, on the other hand, rarely express very positive sentiments in their lyrics.
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Figure 4

The Frequency of Very Positive Sentences in The Lyrics of Different Artists
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The frequency of very positive sentences is not necessarily a reflection of the over-
all positivity of the lyrics, as very positive sentences and negative sentences can be
used by the same artists and even in the same song. The data shows that while differ-
ent artists express very positive sentences differently, that cannot be associated with a
certain genre or lyrics style. For instance, Pink Floyd and Billy Joel tended to express a
darker lyrics style and often focused on political and social topics in their songs
(Rozinski, 2015; Salkin & Crisci, 2015). The analysis shows that very positive sentences
are infrequent in their work. On the other hand, the post-Beatles John Lennon also
tended to focus in his lyrics on political and social issues, while doing that by expressing
a much higher number of very positive sentences. That could be linked to Lennon'’s
practice of “sugarcoating” the political messages in his lyrics (Hewett, 2016). For in-
stance, Lennon was quoted for “Now | understand what you have to do. Put your political
message across with a little honey” (Fricke, 2001).

Differences in the use of sounds

Figure 5 shows the distribution of sounds in the lyrics using the Soundex algorithm. The
graph shows that artists such as Imagine Dragons, Janice Joplin, Bon Jovi, and Ringo
Starr tend to use in their lyrics the same sounds repetitively, while other artists such as
Pink Floyd chose a more diverse set of sounds of words in their lyrics.
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Figure5

The Distribution of Sounds in The Lyrics of Different Artists by Using the Soundex Algorithm
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Note: The error bars show the standard error of the mean of the Soundex sound
diversity.

The diversity of sounds in Steely Dan lyrics can be associated with the different the-
matic tones used as a dominant aspect in the lyrics (Alper, 2022; Borshuk, 2021). Traffic
is a rock band that made use of long jazz-like tracks converted into rock-style music
(Ray, 2013; strong, 2000), and the unique style could be also expressed in the selection
of sounds of the lyrics to fit that style. That jazz-rock style of long improvisation-like
tracks is somewhat common to the style of Steely Dan, Pink Floyd, and Jethro Tull. These
rock bands, active mostly during the 1970s and 1980s, all share that music style, and
that style is different than most other popular music artists.

Expression of gender identity

Gender expressed in popular music has been a topic of interest in popular music re-
search (Cohen, 2001; Werner, 2012; Whiteley, 2013). For instance, Flynn et al. (2016)
showed differences in objectification of men and women that are also sensitive to the
era and genre. It is therefore expected that gender identity could be an element that is
expressed differently in lyrics of different musicians, and consequently expressed dif-
ferently in a computational analysis of gender-related terms. Figure 6 shows the fre-
quency in which terms related to women identity are mentioned in lyrics. Artists that
mention terms related to women more often are ZZ Top, Billy Joel, Michael Jackson, and
The Beatles. On the other end of the graph, bands such as Radiohead, Yes, Boston, or
Imagine Dragons use such terms far less frequently.



Figure 6

The Frequency of Woman-Related Terms in Lyrics of Different Popular Music Artists
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Similarly, Figure 7 shows the frequency of terms related to man identity in the lyrics.
The frequency of words related to man identity in the entire song dataset is 0.007,
somewhat less frequent than words related to woman identity, with overall frequency
of 0.008. Artists with the most frequent use of man identity words include Dire Straits,
Genesis, Bob Dylan, and Nick Cave. The Cars, Imagine Dragons, and Peter Frampton use
man identity words less frequently compared to most other artists in the dataset. The
correlation between the frequency of man-related words and woman-related words is
0.045.

Figure 7

Average Frequency of Terms Related to Men in Different Artists
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The gender-based use of gender-related terms changes between different artists.
For instance, Imagine Dragons use gender-related terms infrequently regardless of
whether the terms are related to men or women. On the other hand, The Clash use men
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related terms in high frequency, while women-related terms are far less frequent in
their lyrics. For the Rolling Stones and the Beatles, however, women terms are more fre-
quent than men-related terms. Both bands have been focusing in their lyrics on topics
related to love and romance. For instance, it was only until their sixth studio album that
the Beatles included their first notable song that did not focus on love and romance -
“Nowhere man”. The graphs do not show a clear difference between different genres,
and musicians within the same genres show substantial differences in the way they
use gender-related terms.

Diversity in the use of words

Figure 8 shows how different artists use the same words repetitively in the lyrics. The
graph shows that popular music artists differ from each other in the way they tend to
repeat the same word multiple times in the same song. The lyrics of Elton John and Jimi
Hendrix, or bands such as Deep Purple and Pink Floyd do not tend to repeat the same
words in their lyrics. Less than 50% of the words that these artists use in lyrics are re-
peated. Imagine Dragons and Ringo Starr, on the other hand, tend to repeat the same
words in their lyrics much more often.

Figure 8

The Average Word Diversity in The Lyrics of Different Popular Music Artists
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The graph shows substantial differences between the degree of word repetition.
The artist with the most diverse lyrics as reflected by the use of different words is Steely
Dan. The lyrics of Steely Dan has attracted a relatively significant interest in the music
research community (Alper, 2022; Borshuk, 2021; Clements, 2009; Everett, 2004). Specif-
ically, it has been suggested that the lyrics of Steely Dan represent different thematic
tones while expressing human nature stories as cautionary tales (Alper, 2022). Another
band with diverse use of words is The Clash, which as a punk band in the late 1970s was
also recognized for expressing a variety of topics and social matters (Bindas, 1993; Se-
tiawan, 2013). The rock band Traffic is also shown to use a diverse set of words. As Figure
1 show, the band’s lyrics has higher readability index compared to other artists. These
are two measurements are not mathematically related, but their combination can be
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viewed as a reflection of a more complex lyrics style. The band’s work has not attracted
substantial interest from the academic community, and future qualitative work will be
required to fully understand the lyrics of that band, mostly active in the rock genre.

On the other end of that graph, Ringo Starr is characterized by low diversity of words
and low readability index. That combination can be an indication of a simple approach
in Starr’s lyrics style. With Starr’s positive sentiments shown in Figure 3, Starr’s lyrics can
be viewed as simple and joyful, rather than an attempt to communicate more complex
ideas in the lyrics or provoke the thoughts of the listener. Starr's songs used here ex-
clude his work while he was a member of the Beatles. While Starr’s is credited for merely
two songs during his Beatles era (“Octopus’s Garden” and “Don’'t pass me by”), he con-
tributed partial lyrics to other Beatles songs. His unique style as a lyricist was coined by
his band members as “Ringoism” (Hobson, 2021). Preeminent songwriters such as Bob
Dylan also have high diversity in the words they use, although their words diversity is
not exceptionally high, indicating the diversity of words is not necessarily a single indi-
cation of high impact of the lyrics on society.

CONCLUSION

The availability of digital platforms allows quantitative analysis that was impractical to
perform in the pre-information era. For instance, even a simple task such as counting
the number of words or the frequency of terms that appear in popular music lyrics is a
daunting task that requires substantial labor. Computer analysis allows to quantify
these text elements in a large number of songs, enabling a new approach to the stud-
ying of popular music. Here we extract several intuitive text measurements from pop-
ular music lyrics. The fact that a machine learning classifier can identify the artists by
the lyric's elements in accuracy much higher than mere chance shows that popular
music artists have a certain style in their lyrics reflected by the collection of quantitative
measurements used here.

Machine learning classifiers that can associate lyrics with their creating artist are
not new. However, identifying the artist automatically does not necessarily lead to new
knowledge about popular music. Machine learning-based document classifiers tend
to work by complex data-driven rules that act as a “black box”, and therefore often do
not provide the user with substantial new knowledge that the user does not already
know. The study here is limited to intuitive explainable measurements of the lyrics, and
therefore can be used to profile the differences and identify specific quantitative fea-
tures that can reflect differences between songwriters. Because the text elements are
explainable and intuitive, the analysis is interpretable, and can therefore lead to new
knowledge about popular music. Such differences can provide ques for further study-
ing of the uniqueness of lyricists or identifying similarities and influential links between
popular music songwriters. The analysis shown here identified several differences be-
tween songwriters and demonstrates that songwriters are different from each other in
a manner that can be quantified and measured. Lyrics elements expressed by song-
writers, whether intentional or subconscious, can be identified and quantified by
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applying computer analysis. That approach can expand the set of tools that can be
used for analyzing popular music.

The results of the computer analysis led to several observations regarding the
songwriters. For instance, several mathematically unrelated measurements of Ringo
Starr’s lyrics show a positive and simple lyrical style. Early Hip-hop artists such as Gil
Scott-Heron or the Beastie Boys, as well as rock bands that featured improvisation-like
musical pieces tended to express more complex lyrics. The analysis also showed that
artists with lower readability index also tend to express more positivity in their songs.
When applying the analysis to all songs in the dataset, the correlation between the
positivity expressed in the lyrics and the readability index showed that lyrics that ex-
press positive sentiments are also easier to read, while less positive songs also have
more complex lyrics. Although the link between sad songs and the expression of com-
plex has been proposed (Mori & lwanaga, 2014), that analysis can be difficult to apply
to a large number of songs without using computer analysis.

The quantitative approach used in this study can be used for more detailed anal-
ysis, involving different artists and different research questions. Therefore, the Udat
software developed for this study is available for free download (Shamir, 2017), and can
be used by the research commmunity for future studies that involve quantitative analysis
of popular music lyrics. While the topic shown in this paper is studying differences be-
tween artists, the software and analysis can be applied to a variety of other research
questions related to the analysis of popular music lyrics.
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Appendix

Table 1
Artists in The Dataset, Number of Songs, And Range of Years During Which Songs of
Each Artist Were Released

Artist # Songs Start Year End Year
Alanis Morissette 126 1991 2020
Alice Cooper 330 1969 2019
Aretha Franklin 310 1961 201
Bad Company 127 1974 1996
Beastie boys 121 1986 201
Billy Idol m 1981 2014
Billy Joel 129 1971 1993
Black Sabbath 177 1970 2016
Blue Oyster Cult 123 1972 2001
Bob Dylan 484 1962 2017
Bob Seger 210 1969 2017
Bon Jovi 286 1984 2020
Bruce Springsteen 354 1973 2019
Cheap Trick 229 1977 2017
Chicago 275 1969 2019
David Bowie 349 1967 2017
Deep Purple 189 1968 2020
Def Leppard 179 1980 2015
Electric Light Or- 189 1971 2019

chestra
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Artist # Songs Start Year End Year
Elton John 419 1969 2016
Eric Clapton 357 1970 2018
Fleetwood Mac 255 1968 2013
Genesis 180 1969 2000
George Harrison 130 1970 2002
Green Day 159 1990 2020
Guns N’ Roses 101 1987 2008
Heart 170 1976 2016
Imagine Dragons 106 2008 2018
Iron Maiden 183 1980 2015
Jackson Browne 189 1967 2014
Jeff Beck 120 1968 2016
Jethro Tull 253 1968 2003
Jimi Hendrix 103 1967 2013
John Fogerty 121 1973 2013
John Lennon 121 1970 1980
John Mellencamp 258 1976 2018
Journey 170 1975 201
Judas Priest 223 1974 2018
Kiss 221 1974 2012
Lenny Kravitz 144 1989 2018
Lou Reed 243 1972 201

Lynyrd Skynyrd 174 1974 2012
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Artist # Songs Start Year End Year
Madonna 265 1983 2019
Marvin Gaye 243 1961 2019
Meatloaf 156 1977 2016
Metallica 146 1983 2016
Michael Jackson 217 1972 2014
Motley Crue 156 1981 2008
Motorhead 266 1977 2015
Neil Young 576 1969 2019
Nick Cave & The 191 1984 2019
Bad Seeds
Oasis 17 1994 2008
Ozzy Osbourne 153 1980 2020
Paul McCartney 343 1970 2018
Peter Frampton 126 1972 2019
Phil Collins 119 1981 2019
Pink Floyd 139 1967 2015
Prince 507 1978 2019
Queen 186 1973 2008
R.EM 192 1983 2008
Radiohead 144 1993 2016
Ramones 191 1976 1994
Ringo Starr 248 1970 2019

Robert Plant 149 1982 2017
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Artist # Songs Start Year End Year
Rod Stewart 398 1969 2018
Rush 170 1974 2012
Sammy Hagar 181 1976 2019
Santana 2N 1969 2019
Scorpions 222 1972 2015
Steve Miller Band 172 1968 201
Stevie Nicks 128 1981 2014
Stevie Wonder 275 1962 2005
Styx 173 1972 2017
Ted Nugent m 1974 2018
The Beatles 295 1963 1996
The Clash 130 1977 1993
The Doobie Brothers 132 1971 2010
The Doors 109 1967 1978
The Grateful Dead 167 1967 1989
The Kinks 402 1964 1993
The Moody Blues 209 1965 2003
The Rolling Stones 360 1964 2016
The Who 195 1965 2019
Thin Lizzy 127 1971 1983
Tom Petty and the 201 1976 2014

Heart Breakers

U2 Band 224 1980 2017
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Artist # Songs Start Year End Year
Van Halen 19 1978 2012
Yes 172 1969 2014
ZZTop 166 1971 2012

Source: AZLyrics.com, authors’ estimation.
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