
Genre Differences of Song Lyrics and Artist Wikis: An Analysis
of Popularity, Length, Repetitiveness, and Readability

Markus Schedl
Johannes Kepler University Linz

Institute of Computational Perception
Linz, Austria

markus.schedl@jku.at

ABSTRACT
Music is known to exhibit different characteristics, depending on
genre and style. While most research that studies such differences
takes a musicological perspective and analyzes acoustic proper-
ties of individual pieces or artists, we conduct a large-scale anal-
ysis using various web resources. Exploiting content information
from song lyrics, contextual information reflected in music artists’
Wikipedia articles, and listening information, we particularly study
the aspects of popularity, length, repetitiveness, and readability of
lyrics and Wikipedia articles. We measure popularity in terms of
song play count (PC) and listener count (LC), length in terms of char-
acter and word count, repetitiveness in terms of text compression
ratio, and readability in terms of the Simple Measure of Gobbledy-
gook (SMOG). Extending datasets of music listening histories and
genre annotations from Last.fm, we extract and analyze 424,476
song lyrics by 18,724 artists from LyricWiki.

We set out to answer whether there exist significant genre dif-
ferences in song lyrics (RQ1) and artist Wikipedia articles (RQ2)
in terms of repetitiveness and readability. We also assess whether
we can find evidence to support the cliché that lyrics of very popu-
lar artists are particularly simple and repetitive (RQ3). We further
investigate whether the characteristics of popularity, length, repeti-
tiveness, and readability correlate within and between lyrics and
Wikipedia articles (RQ4).

We identify substantial differences in repetitiveness and read-
ability of lyrics between music genres. In contrast, no significant
differences between genres are found for artists’ Wikipedia pages.
Also, we find that lyrics of highly popular artists are repetitive but
not necessarily simple in terms of readability. Furthermore, we un-
cover weak correlations between length of lyrics and of Wikipedia
pages of the same artist, weak correlations between lyrics’ read-
ing difficulty and their length, and moderate correlations between
artists’ popularity and length of their lyrics.

KEYWORDS
music listening behavior; song lyrics; repetitiveness; readability;
Last.fm; Wikipedia; analysis

This paper is published under the Creative Commons Attribution 4.0 International
(CC-BY 4.0) license. Authors reserve their rights to disseminate the work on their
personal and corporate Web sites with the appropriate attribution.
WWW ’19, May 13–17, 2019, San Francisco, CA, USA
© 2019 IW3C2 (International World Wide Web Conference Committee), published
under Creative Commons CC-BY 4.0 License.
ACM ISBN 978-1-4503-6674-8/19/05.
https://doi.org/10.1145/3308558.3313604

ACM Reference Format:
Markus Schedl. 2019. Genre Differences of Song Lyrics and Artist Wikis:
An Analysis of Popularity, Length, Repetitiveness, and Readability. In Pro-
ceedings of the 2019 World Wide Web Conference (WWW ’19), May 13–17,
2019, San Francisco, CA, USA. ACM, New York, NY, USA, 6 pages. https:
//doi.org/10.1145/3308558.3313604

1 INTRODUCTION
The way music is created and consumed has substantially changed
over time. Various music genres and styles have evolved, prospered,
and disappeared again from public knowledge and appreciation.
Existing research studying differences in genre and style commonly
takes a musicological perspective and analyzes acoustic properties
of individual pieces, such as rhythm, dynamics, melody, harmony,
and timbre. While being a valid approach, it foregoes exploiting
the abundance of web-based data sources that provide information
on music pieces and artists.

In contrast, we conduct a large-scale analysis of almost half a
million songs by artists of a variety of genres (given by a com-
mercial genre taxonomy and a user-generated genre folksonomy).
Extracting content information from lyrics, contextual information
provided in artists’ Wikipedia articles, and combining these with
listening information, we set out to study the characteristics and in-
terplay of popularity, length, repetitiveness, and readability of lyrics
and Wikipedia articles.

More precisely, we formulate and investigate the following re-
search questions:
RQ1: Can we observe (and if so describe) significant genre differ-
ences in song lyrics with regard to repetitiveness and readability?
RQ2: Can we observe (and if so describe) significant genre differ-
ences in artist Wikipedia pages with regard to repetitiveness and
readability?
RQ3: Is there evidence to support the cliché that lyrics of very
popular artists are particularly simple and repetitive?
RQ4: Can we observe (and if so describe) significant correlations
between characteristics of lyrics and Wikipedia articles, notably
popularity, length, repetitiveness, and readability?

The answers to these RQs will help gaining a better under-
standing of the role of genre and popularity when characterizing
music by content (lyrics) and context (Wikis) information. The
results will further allow to ameliorate user preference models
by incorporating respective characteristics, and in turn improve
personalized music access systems such as information retrieval
or recommendation systems. For instance, together with socio-
demographic information of music listeners, e.g., provided in the
LFM-1b datasets [9, 10, 12], the findings of the study at hand could
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Mean Std. Min. Median Max.
LC 1,990 4,021 5 594 48,640
PC 44,449 149,531 6 6,840 3,838,604
L_characters 1,151 535 108 1,035 4,339
L_words 229 106 23 206 869
L_CR 58.44 7.24 15.04 58.88 90.27
L_SMOG 12.59 3.04 3.00 12.47 31.93
W_characters 9,945 11,621 161 5993 111,835
W_words 1,650 1,931 27 994 18,347
W_CR 50.32 4.25 16.58 51.03 66.89
W_SMOG 11.35 1.31 5.24 11.37 27.19

Table 1: Statistical summaries of properties of song lyrics (L)
and Wikipedia pages of music artist (W).

be used to create country-specific user models of lyrics preferences.
Similar to previous work that showed superior performance of
culture-aware music recommender systems that integrate descrip-
tors of country-specific music mainstream [11], integrating user
models of lyrics preferences could outperform methods that are
unaware of this kind of information.

In the remainder of this article, we discuss related literature
(Section 2), detail the data sources and data acquisition procedure
we base our study upon (Section 3), describe the methodology
we use to characterize lyrics and Wikipedia articles (Section 4),
elaborate on our study to approach the RQs and discuss its results
(Section 5), and conclude including further perspectives (Section 6).

2 RELATEDWORK
Previouswork on dynamics ofmusic characteristics on a scale larger
than individual pieces or artists has predominantly focused on
the temporal evolution of music properties, investigating acoustic
content features (e.g., rhythm, melody, harmony, and timbre). The
analysis is commonly performed on datasets of several hundreds to
thousands of music pieces only, and is often biased towards highly
popular songs that appeared in the charts.

For instance, Schellenberg and von Scheve [13] investigate the
evolution of tempo and key (major or minor) for about 1,000 top-
40 songs in the charts, covering 25 years. They find a trend of
increasing use of minor key (commonly perceived sadder than
major key) and decrease in tempo. They also discover an increase
in song duration and proportion of female artists over the years.

Mauch et al. [6] investigate 17,094 songs that appeared in the
Billboard Hot 100 charts, covering the years 1960 to 2010. They
compute harmonic and timbre features from the audio and apply a
topic modeling approach (latent Dirichlet allocation), as a result of
which each song is described as a mixture over eight chord progres-
sion clusters (topics) and eight timbral clusters. The authors report
a strong and continuous decline over time of the topic reflecting
dominant 7th chords (often found in Jazz and Blues) and a tremen-
dous increase of music with no clear chord structure in the early
1990s (corresponding to the rise of Hip-Hop and Rap music). This
rise is also reflected in a timbral topic that characterizes music as
“energetic”, “speech”, and “bright”. Another timbral topic described
as “guitar”, “loud”, and “energetic” reflects the predominance of
Arena Rock bands in the 1980s, for instance, Kiss and Queen.

Conducting a large-scale analysis, Serrà et al. [14] examine pitch,
timbre, and loudness of 464,411 music pieces recorded between
1955 and 2010. The authors uncover a tendency of simpler pitch se-
quences (less complex melodies), increasing loudness levels during
mastering (lower volume dynamics), and homogenization of timbre
(fewer variety in sound color or texture) over the course of time.

Also song lyrics have been an object of study. They are inves-
tigated, for instance, by DeWall et al. [1]. The authors consider
lyrics of the 10 most popular songs on the Billboard Hot 100 year-
end charts, released between 1980 and 2007. They perform several
linguistic analyses and find that the use of first person singular pro-
nouns (“I”, “me”, etc.) increased over time, whereas the use of first
person plural pronouns (“we”, “our”, etc.) decreased; concluding an
increase in narcissism. Furthermore, the authors identify a decrease
of words related to social interactions (“sharing”, “talking”, etc.), an
increase of words expressing anger and antisocial behavior (“hate”,
“kill”, etc.), and a decrease of words expressing positive emotions
(“love”, “happy”, etc.) over time.

Morris [7] investigates lyrics of 15,000 songs from the Billboard
Hot 100 between 1958 and 2017. Similar to our approach, the au-
thor measures repetitiveness in terms of how well lyrics can be
compressed. He identifies Rihanna, Britney Spears, and Beyoncé as
the artists with the most repetitive lyrics (they can be compressed
by ≥ 60%), whereas lyrics by Frank Sinatra, Elvis Presley, and Brad
Paisley can be compressed by the least amount (≤ 38%).

A study of album reviews by Amazon customers on the large
scale is conducted by Oramas et al. [8], who analyze 263,525 user
reviews of 65,566 albums. They investigate the evolution of sen-
timents expressed in reviews between 2000 and 2014, using as
features degree of affectivity, fraction of positive words among all
words, and emotion strength. The authors do not find a clear tem-
poral trend or pattern in reviews with regard to sentiment, except
for a peak in 2008 which they try to explain with the election of
Barack Obama as US president. Categorizing the reviews according
to album release year (1960 to 2014) instead of review publication
year, they further discuss the evolution of the two genres Pop and
Reggae. While for the former review sentiments have been very
stable over the years, positive sentiments in Reggae album reviews
peaked between the late 1970s and the mid 1980s.

In contrast to existing work, we take a larger variety and amount
of music into account by not only focusing on popular music or
chart songs, but considering songs listened to by a large web com-
munity of music aficionados, i.e., users of Last.fm. Furthermore, we
jointly investigate characteristics of musical content (lyrics) and
contextual information (Wikipedia articles). We also refrain from in-
vestigating the temporal evolution of these characteristics, instead
we provide an analysis of their differences between music genres
according to genre definitions of coarse and of fine granularity.

3 DATA ACQUISITION
We base our study on the LFM-1b dataset [9, 10], which contains
roughly 1.09 billion listening events scrobbled1 between 2005 and
2014 bymore than 120,000 Last.fm users. Last.fm is one of the largest
online music streaming platforms and provides various connectors

1Among Last.fm users it is common to use the term “scrobble” to indicate that a music
piece has been listened to and to share this information with other users.



to other services, including Spotify, Pandora, iTunes, and Youtube,
through which users can share what they are listening to.2

To analyze genre differences, we obtain genre information about
artists using the LFM-1b User Genre Profile (LFM-1bUGP) dataset [12],
which describes each artist by one or several genre and style anno-
tations. In this dataset, two different dictionaries of genres/styles
are considered: 20 broad (expert-defined) genres from the commer-
cial music guide Allmusic3 and 1,998 fine-grained (user-defined)
musical style descriptors from Freebase.4

3.1 Acquiring Song Lyrics
For the 585,095 artists in the LFM-1b dataset, we gather the top
tracks (most frequently listened to by Last.fm users as of January
2017), using the Last.fm API.5 We then fetch the corresponding
song lyrics from LyricWiki.6 To obtain reliable results for the subse-
quent readability scoring, which is tailored to the English language,
we next perform automatic language detection of the lyrics, using
Google’s language detection library,7 which is reported to reach
almost 100% precision for English using a naïve Bayes classifier
trained on Wikipedia abstracts. Furthermore, to obtain significant
results on the artist level, we only consider artists for which we
could acquire at least 10 different song lyrics. This filtering eventu-
ally yields a dataset of 424,476 song lyrics by 18,724 artists.

3.2 Acquiring Artist Wikipedia Articles
For the 18,724 artists for which we could acquire (English) lyrics of
at least 10 songs, we fetch the textual content of English Wikipedia
articles (as of October 2018), using the Python wrapper Wikipedia-
API.8 To alleviate disambiguation issues and increase precision
when retrieving Wikipedia articles, we use several keyword-based
heuristics, e.g., identifying disambiguation pages or requiring that
the first sentence contains at least one music-related term.9 Follow-
ing this approach, we eventually obtain 11,363 Wikipedia articles.

To ensure reproducibility of our study, the used datasets can be
shared upon request. Please contact the author on this matter.

4 CHARACTERIZING LYRICS AND
WIKIPEDIA ARTICLES

We adopt the following scoring approaches to quantify popular-
ity, length, repetitiveness, and readability of lyrics and Wikipedia
articles.

4.1 Measuring Popularity
To quantify artist popularity, we aggregate all listening events in
the LFM-1b dataset for each artist and compute play count (PC)
and listener count (LC) values, the former referring to the total
number of listening events the respective artist attracted, the latter
2https://www.last.fm/about/trackmymusic
3https://www.allmusic.com
4https://developers.google.com/freebase
5https://www.last.fm/api/show/artist.gettoptracks
6http://lyrics.wikia.com/Lyrics_Wiki
7https://code.google.com/archive/p/language-detection
8https://pypi.org/project/Wikipedia-API
9After manual inspection of hundreds of Wikipedia pages about music artists, we
identified a set of terms at least one of which is used in (almost) every music artist-
related page. These words includemusic, band, singer, songwriter,musician, entertainer,
rapper, and DJ.

to the number of unique users who listened to the respective artist
(at least once).

4.2 Measuring Length
To characterize an artist a’s lyrics in terms of length, we compute
the arithmetic mean of the number of characters and words in
all song lyrics gathered for a. To describe a’s Wikipedia article, we
use the same two measures.

4.3 Measuring Repetitiveness
In order to approximate how repetitive a song’s lyrics are, we adopt
the idea that repetitiveness can be approximated by how much one
can compress a text, applied to song lyrics by Morris [7]. More
precisely, we use the deflation variant of the LZ77 algorithm [16]
provided by the zlib library.10 For each song, we compute the com-
pressed length in characters of its lyrics and relate it to the un-
compressed length, i.e., we compute the lyrics’ compression ratio
(CR). We then define the repetitiveness score of an artist as the
arithmetic mean of the CR of the artist’s songs’ lyrics in the dataset.

4.4 Measuring Readability
To assess the readability of lyrics, we use the Simple Measure of
Gobbledygook (SMOG) [5]. It estimates the years of education
required to comprehend the text under consideration and has fre-
quently been validated empirically for English documents [2, 15].
Similar to the CR score, we define readability on the artist level as
arithmetic mean of the SMOG scores of the artist’s lyrics.

5 ANALYSIS AND RESULTS
A general statistical summary of popularity, length, repetitiveness,
and readability scores, for both lyrics and Wikipedia articles, com-
puted over all artists, is provided in Table 1. We observe, not sur-
prisingly, that repetitiveness of lyrics (L_CR) is considerably higher
on average than that of Wikipedia articles (W_CR), respectively,
58% vs. 50%. However, lyrics are less stable in this regard (standard
deviation of 7% vs. 4%). In terms of readability, lyrics (L_SMOG)
are slightly more difficult to understand than Wikipedia articles
(W_SMOG), cf. SMOG score of 13 vs. 11, observing again less sta-
bility for lyrics (standard deviation of 3 vs. 1).

5.1 Genre Differences
Detailing the approach and results of our investigations to answer
the RQs, we first focus on the question of genre differences in
lyrics (RQ1) and Wikipedia articles (RQ2), with respect to the
repetitiveness and readability scores. To this end, we illustrate in
Tables 2 and 3 the means and standard deviations of CR and SMOG
scores, for lyrics and Wikipedia articles, respectively, using the
coarse genre taxonomy of Allmusic and the fine-grained Freebase
folksonomy.

Considering the Allmusic genres, Table 2 reveals that RnB lyrics
show the highest repetitiveness (CR of 62.83%), and they do so
consistently (one of the lowest standard deviations of 5.57%). On the
other hand, Heavy Metal lyrics are found to be least repetitive (CR
of 57.13%), however, not consistently between this genre’s artists

10http://www.zlib.net
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Genre Artists Mean Std. Mean Std. Mean Std. Mean Std.

Rock 7160 58.92 6.75 12.37 2.80 50.78 3.92 11.41 1.27

Alternative 5880 59.06 6.84 12.43 2.78 50.57 3.90 11.43 1.26

Pop 5322 60.40 6.18 12.48 2.71 50.77 3.90 11.36 1.20

Electronic 2623 59.98 7.81 12.47 3.04 50.44 4.27 11.51 1.32

Folk 2372 57.89 5.94 12.33 2.56 50.56 3.58 11.57 1.20

Punk 2321 58.22 7.48 12.21 2.85 50.91 3.72 11.30 1.28

Jazz 1336 59.09 6.48 12.50 2.92 50.90 3.42 11.59 1.17

Blues 1318 59.16 5.24 12.11 2.56 51.33 3.26 11.60 1.11

RnB 1169 62.83 5.57 13.01 2.61 51.42 3.78 11.31 1.04

Rap 1057 58.36 6.76 13.65 3.20 50.61 4.36 11.27 1.23

Heavy Metal 968 57.13 7.37 12.86 3.31 51.02 4.17 11.59 1.26

Country 866 58.72 5.01 12.44 2.45 50.80 3.52 11.53 1.10

Easy Listening 769 60.59 5.01 12.53 2.50 51.21 3.42 11.44 1.04

Vocal 637 59.85 5.78 12.38 2.69 50.64 3.81 11.35 1.19

Mean 59.30 12.56 50.85 11.45

CR SMOG CR SMOG

Lyrics Wiki

Table 2: Compression ratio (CR) and readability score
(SMOG) of lyrics and Wikipedia pages per genre, using the
Allmusic genre taxonomy. Higher values of means are de-
picted in darker shades of green; higher values of standard
deviations in darker shades of blue.

(high standard deviation of 7.37%). As for readability, understanding
Rap lyrics by far requires the highest reading capabilities (SMOG of
13.65), whereas Punk and Blues lyrics are the easiest to comprehend
(SMOG of ≈12). For Wikipedia articles, no substantial differences
between music genres in terms of CR and SMOG are observable
when using the Allmusic taxonomy.

Investigating the results obtained with the fine-grained Freebase
genres (Table 3), we observe highest repetitiveness for lyrics in
the genres Dance and Electropop (both CR of ≈63%). In contrast,
lowest CR is observed for Death metal and Hardcore punk (both
CR of ≈53%). The most consistent genres in terms of CR are Soft
rock, Americana, and Rock and Roll (all standard deviation of CR
<5%). The genres whose lyrics require the highest reading grades
are Hip-Hop, Death metal, and Progressive metal (all SMOG >13).
Easiest to understand are lyrics of the genres Post-rock, Psychedelic
rock, and Dream pop (all SMOG <11.5). As for artist Wikipedia
pages, analogous to the Allmusic taxonomy, both repetitiveness
and readability scores occupy a quite narrow range: CR between
49.45 for Indie folk and 52.02 for Classic rock; SMOG between 10.99
for Pop punk and 12.25 for Avant-garde.

5.2 Differences for Popular Artists
To investigate the cliché that song lyrics of very popular artists are
particularly simple and repetitive (RQ3), we compare the top 20
artists in the LFM-1b dataset (popularity measured in terms of LC)
with all other artists in the set. Table 4 depicts the corresponding
popularity, length, repetitiveness, and readability scores. It further
shows the means of these scores computed over all artists in the
dataset (in row “Overall mean”).

We observe several pronounced differences between the top
artists as well as between the top artists and all artists (overall

Genre Artists Mean Std. Mean Std. Mean Std. Mean Std.

Indie 4474 58.76 6.83 12.35 2.82 50.41 3.92 11.46 1.24

Alternative rock 3730 59.25 6.45 12.38 2.71 50.84 3.77 11.40 1.24

Singer-songwriter 3544 59.56 5.83 12.61 2.62 50.78 3.66 11.47 1.16

Indie rock 3184 58.30 6.65 12.18 2.73 50.28 3.88 11.43 1.25

Metal 2634 55.95 8.08 12.86 3.51 50.66 4.30 11.42 1.32

Pop rock 2263 61.83 5.55 12.84 2.57 51.20 3.84 11.30 1.20

Indie pop 2246 58.97 6.66 12.15 2.71 50.02 3.95 11.42 1.18

Experimental 1997 56.08 7.69 12.12 3.11 50.47 3.76 11.78 1.30

Classic rock 1968 60.17 5.45 12.24 2.58 52.02 2.94 11.55 1.11

Dance 1804 63.00 7.02 12.72 2.96 50.89 4.27 11.30 1.21

Hard rock 1689 59.73 6.36 12.37 2.72 51.52 3.66 11.43 1.22

Punk rock 1680 58.24 7.27 12.18 2.85 50.98 3.70 11.19 1.29

Electronica 1635 60.04 8.12 12.36 3.20 50.12 4.41 11.49 1.32

Soul 1623 61.37 5.98 12.65 2.73 50.91 3.78 11.36 1.11

Hip-Hop 1585 59.19 6.87 13.33 3.10 50.66 4.16 11.28 1.19

Emo 1546 58.93 7.33 12.28 2.84 51.04 3.92 11.23 1.26

Chill out 1504 59.13 6.91 12.51 2.87 50.39 3.93 11.53 1.23

UK 82 1440 60.31 6.97 12.31 2.85 51.38 3.47 11.63 1.18

Hardcore 1364 56.06 8.29 12.23 3.26 50.88 4.03 11.21 1.30

Folk rock 1278 57.67 5.21 12.23 2.57 50.74 3.43 11.72 1.13

Post-punk 1151 57.72 6.67 12.12 2.81 50.77 3.31 11.57 1.21

New Wave 1127 59.95 6.57 12.36 2.77 50.96 3.49 11.55 1.25

Funk 1123 60.73 6.43 12.71 2.93 51.13 3.52 11.40 1.15

Psychedelic 1108 56.74 6.87 11.56 2.69 51.16 3.40 11.96 1.24

Progressive rock 1051 57.34 6.63 12.19 2.94 51.31 3.58 11.78 1.22

Power pop 955 60.54 6.03 12.56 2.71 50.88 3.66 11.21 1.25

Synthpop 912 60.32 7.49 12.56 2.90 50.26 4.20 11.55 1.30

Electro 892 60.96 8.37 12.42 3.17 50.11 4.28 11.50 1.29

Soft rock 881 61.41 4.76 12.75 2.42 51.80 3.44 11.40 1.04

Pop punk 878 59.41 7.12 12.34 2.78 50.75 4.05 10.99 1.30

Britpop 872 60.92 6.09 12.48 2.56 51.35 3.55 11.42 1.13

Americana 853 57.53 4.75 12.36 2.37 50.69 3.44 11.58 1.10

Soundtrack 845 60.57 6.02 12.36 2.68 51.13 3.43 11.39 1.13

Progressive 815 54.76 7.60 12.15 3.35 50.84 4.01 11.86 1.33

Indie folk 750 56.70 5.70 11.93 2.51 49.45 3.75 11.58 1.16

Post-hardcore 734 55.63 8.35 11.52 3.02 50.63 4.08 11.17 1.35

Lo-fi 712 55.58 6.57 11.56 2.72 49.98 3.60 11.68 1.34

Death metal 705 53.01 8.27 13.59 4.03 50.41 4.29 11.51 1.49

Blues-rock 674 59.27 5.00 11.72 2.56 51.75 2.96 11.58 1.04

Electropop 661 62.96 7.60 12.70 2.87 50.47 4.29 11.44 1.26

Screamo 625 57.49 8.00 11.84 3.02 51.23 3.90 11.16 1.27

Christian 616 56.97 7.09 12.46 2.93 50.37 4.21 11.06 1.29

Post-rock 612 54.30 7.59 11.45 2.75 49.77 4.28 11.73 1.43

Alternative metal 607 59.38 7.34 12.67 2.96 50.93 4.48 11.37 1.36

Metalcore 604 56.10 8.30 12.24 3.54 50.75 4.27 11.13 1.33

Psychedelic rock 595 57.56 6.60 11.46 2.62 51.59 3.13 11.96 1.18

Trip hop 594 58.12 7.20 12.55 3.14 49.82 4.10 11.52 1.31

Rock and Roll 573 60.86 4.96 11.79 2.47 51.89 2.88 11.42 1.08

Dream pop 570 56.61 6.83 11.48 2.74 49.78 3.96 11.72 1.26

Grunge 565 59.42 6.24 12.28 2.74 51.35 3.22 11.37 1.15

Gothic 562 55.76 7.11 12.61 2.81 49.95 4.37 11.74 1.38

Garage rock 558 59.24 5.93 11.52 2.63 51.35 3.14 11.48 1.16

Industrial 540 57.13 7.74 12.61 3.11 50.11 4.18 11.68 1.39

Hardcore punk 521 52.81 7.95 11.66 3.24 50.44 3.92 11.08 1.39

Progressive metal 519 53.76 7.93 13.36 3.86 50.67 4.58 11.82 1.42

Avant-garde 514 53.78 7.64 12.19 3.32 50.42 3.87 12.25 1.35

Mean 58.32 12.30 50.77 11.48

Lyrics Wiki

CR SMOG CR SMOG

Table 3: CR and SMOGusing the Freebase genre folksonomy.



means). To assess statistical significance of these differences, we
conduct a t-test for equivalence of sample means, comparing the top
artists with the other artists in terms of each property. The respec-
tive p-values are shown in the last row of Table 4, results significant
(p < 0.001) highlighted. With respect to RQ3, indeed, the top artists’
lyrics are significantly more repetitive (higher CR values) than oth-
ers’ lyrics. No significant difference can be observed, however, for
readability nor length of lyrics. Differences for Wikipedia articles
are highly significant for length, CR, and SMOG scores.

5.3 Correlations Between Characteristics
Concerning correlations between popularity, length, repetitiveness,
and readability within and between lyrics and Wikipedia pages
(RQ4), we compute over all artists in the dataset Spearman’s rank-
order correlation coefficient ρ to cope with the different value
ranges of the respective measures. The correlation figures are re-
ported in Table 5; statistically significant values at p < 0.001 are
highlighted. We observe that, while significant, most non-obvious11
correlations are only weak. In particular, we see that artist popular-
ity does barely correlate with lyrics length (0.02 < ρ < 0.09), but
does weakly to moderately correlate with Wikipedia article length
(0.33 < ρ < 0.37). Supporting the findings from our analysis of
top artists (RQ3; cf. Section 5.2 and Table 4), also over all artists
in the dataset, popularity is (weakly, but significantly) positively
correlated with repetitiveness; however, only when measuring pop-
ularity in terms of listener count (ρ ≈ 0.15). Almost no correlation
can be found for play count (ρ ≈ 0.05). This might be because
artists with more repetitive lyrics may appeal to a larger variety
of listeners (reflected in the LC value) than those with less repeti-
tive lyrics, whereas the latter are listened to more frequently by a
smaller number of listeners (reflected in the PC value).

Readability difficulty of lyrics shows a tendency to slightly in-
crease with their length (0.29 < ρ < 0.32); the same holds for
Wikipedia readability and length (0.34 < ρ < 0.36). We exemplify
this observation by considering the genres Rap and Hip-Hop, which
are among those with highest SMOG scores (cf. Tables 2 and 3) and
at the same time show highest lyrics length: the average length
of a Rap song’s lyrics is 2,099 characters or 414 words, that of a
Hip-Hop song equals 1,921 characters or 381 words. In contrast,
over all genres, the average length is 1,151 characters or 229 words.

Furthermore, weak cross-category correlations (between lyrics
and Wikipedia pages) exist between length of lyrics and length
of Wikipedia pages (0.21 < ρ < 0.22). It seems that artists whose
songs have longer lyrics stimulate a slightly higher level of activity
or dedication of Wikipedia authors than those with shorter lyrics.

6 CONCLUSIONS AND FUTUREWORK
Weperformed a large-scale analysis ofmore than 420,000 song lyrics
and more than 10,000 Wikipedia pages about music artists, statis-
tically investigating popularity, length, repetitiveness, readability,
as well as their correlations. We identified substantial differences
in repetitiveness and readability of lyrics between genres, most
pronounced when using a fine-grained genre folksonomy. For artist
11Not surprisingly, popularity measures (PC and LC) as well as length measures (char-
acters and words) strongly correlate. Medium correlations exist between compression
ratio and length of lyrics; strong to very strong between CR and length of Wikipedia
pages.

Wikipedia pages, no substantial differences between genres were
observable, regardless of the used genre taxonomy or folksonomy.

Evidence supporting the cliché that lyrics of very popular artists
are particularly simple and repetitive could be found partially. On
the one hand, compression rates of top artists’ lyrics are indeed
significantly higher than those of others, indicating a higher repeti-
tiveness of those lyrics. On the other hand, this does not hold for
readability. Therefore, our analysis showed that lyrics of top artists
are repetitive but not necessarily simple in terms of readability.

As a matter of fact, there exist limitations of our study. In partic-
ular, community biases are likely to affect the distribution of data
items (e.g., artist listening events on Last.fm or songs for which
lyrics are available on LyricWiki). Last.fm users’ artist and genre
preferences which barely generalize to the population at large rep-
resent another form of community bias [4] our approach is prone to.
Also the distribution of demographics of the involved web services’
users is unlikely to correspond to that of the general population [3].
Being aware of these limitations (which we plan to reduce in fu-
ture work), we nevertheless believe that our findings will enable
a better understanding of the role of genre and popularity when
characterizing music by content (lyrics) and context (Wikis) infor-
mation. Integrated into user models, the investigated lyrics and
Wiki characteristics may also improve personalized music retrieval
and recommendation systems.

Future work will include investigating additional data sources
such as artist fan pages or album reviews. Also, while we currently
only use the (text) content of Wikipedia’s artist pages, metadata
about the pages could be included in the investigation, e.g., the num-
ber of revisions or contributors to the Wikipedia page. In addition,
further features could be defined and analyzed, for instance related
to emotion or sentiment expressed in lyrics, Wikis, reviews, etc.
Another avenue for further studies is to consider user-specific char-
acteristics, including age, gender, culture, education, knowledge,
or personality, and to investigate to which extent the preference
for certain categories of songs or artists (described by content and
context features) is reflected in such user characteristics.
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Table 4: Properties of lyrics (L) and Wikipedia articles (W) for top artists in terms of listener count (LC). Numbers printed
in bold are the maxima in each column; those in gray are the minima. The last but one row contains the overall means for
all analyzed artists. The last row reports the (rounded) p-values of a t-test for equivalence of sample means between the top
artists and others; * denotes significance at p < 0.001.
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