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Corpus Studies of Pop/Rock Music 

Trevor de Clercq



✤ Any methodological investigation (a “study”) of 
some body of work (a “corpus”) 

✤ Typically involves the statistical analysis of 
encoded music using a computer 

✤ Recent interest within music research 
✤ Music Perception, Special Issue, vol. 1 (2013) 
✤ Music Perception, Special Issue, vol. 2 (2014) 
✤ Empirical Musicology, Special Issue, vol. 1 (2016) 
✤ Empirical Musicology, Special Issue, vol. 2 (2016)

Corpus Studies of Music



Corpus Studies of Pop/Rock Music
✤ Those created by a single author 

✤ Summach (2012) 
✤ Tough (2013) 

✤ Those created by multiple authors 
✤ Burgoyne et al. (2011) 

✤ Temperley & de Clercq (2013) 

✤ Those created by a computer algorithm 
✤ Bertin-Mahieux et al. (2011) 

➡ i.e., the Billboard corpus 

➡ i.e., the Rolling Stone corpus 

➡ i.e., the “Million Song Dataset”



I. Collection and Representation
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✤ agreement on key (or pitch center): 97.3 % 

✤ agreement on absolute root (e.g., A vs. D): 94.4 % 

✤ agreement on chromatic relative root (e.g., I vs. IV): 92.4 %

Assessing subjectivity in harmonic analysis 
(de Clercq & Temperley 2011)



Top 40 songs from Billboard Hot 100  
year end charts, 1965–2009  

(Schellenberg & von Scheve 2012, Table 2) 

We used multiple regression to examine whether tempo, mode,
duration, and gender each made unique contributions in predicting
the year the pop songs were recorded (i.e., with the other predictor
variables held constant). The regression model was significant,
R ! .51, F(4, 992) ! 88.66, p " .0001, accounting for 26.3% of
the variance in recording year. Moreover, each predictor variable
made a significant unique contribution to the model. In descending
order of predictive power, duration accounted uniquely for 9.5% of
the variance in recording year, whereas mode, tempo, and gender
accounted for 7.0, 2.5, and 1.1%, respectively, ps ! .0001.

The final analysis tested the hypothesis that the trend for popular
music to slow down over time would be stronger for major-mode
than for minor-mode recordings. Figure 1 illustrates mean tempo
separately for major-mode and minor-mode recordings for each of
the 25 years in our sample. We used a General Linear Model with
tempo as the outcome variable, and mode, recording year, and the
interaction between mode and year as predictor variables. The
interaction, which provided the test of our hypothesis, was signif-
icant, F(1, 997) ! 4.00, p ! .0457. Follow-up analyses examined
the association between tempo and recording year separately for
major-mode and minor-mode recordings. Although the association
was significant in both cases (reflecting the general decrease in
tempo over time), it was stronger for major-mode recordings, r !
#.30, N ! 693, p " .0001, than for minor-mode recordings, r !
#.21, N ! 308, p ! .0002 (see Figure 1). Songs in major-mode
decreased in tempo by 6.3 BPM on average per decade, whereas
songs in minor mode decreased by 3.7 BPM.

Discussion

Our findings confirm that popular recordings became sadder-
sounding and more emotionally ambiguous since the 1960s. The
increasing use of minor-mode is particularly compelling because
the proportion of minor songs doubled over five decades. Although
the linear decrease in tempo over time was also reliable statisti-
cally, in absolute terms the slowest-tempo recordings were from
the 1990s, which suggests that the trend may have leveled out or
started to reverse direction. We also found that the decrease in
tempo through the years was stronger for major-mode than for
minor-mode recordings, which reveals both a general reduction in
unambiguously happy-sounding recordings, as well as an increase
in recordings with ambiguous emotional status. Thus, we now
know that as the lyrics of popular music became more self-
focused and negative over time (DeWall et al., 2011), the music
itself became sadder-sounding and more emotionally ambigu-
ous.

Ladinig and Schellenberg (2012) documented—at a single point
in time—an association between musical sophistication and liking
music that evokes mixed emotions, with musically trained listeners
demonstrating higher levels of liking than their untrained counter-
parts. The results from the present study can be interpreted simi-
larly but longitudinally, if we assume that consumers of popular
music became “more sophisticated” since the 1960s. By more
sophisticated, we mean simply that listeners became more appre-
ciative of complexity in popular music. It seems unlikely, how-
ever, that an increase in appreciation of musical complexity would
be independent of a simultaneous increase in the appreciation of
complexity in TV shows or computer games (Johnson, 2005). This
hypothesis could be tested in future research.

The present findings have striking parallels to the evolution of
classical music from 1600 to 1900. Throughout the 17th and 18th
centuries, cues to emotion based on mode and tempo tended to be
consistent, with fast-tempo pieces in major mode and slow-tempo
pieces in minor mode (Post & Huron, 2009), such that pieces
tended to sound unambiguously happy or sad. By the 1800s and
the middle of the Romantic era, tempo and mode cues were more
likely to conflict, such that the emotional status of the pieces
became more ambiguous. Popular music from 1965 to 2009 shows
the same developmental trend over a much shorter time-scale.

It is important to acknowledge that popular music with mixed
emotional cues has always existed, albeit somewhat marginalized,
confined typically to specific subcultures seeking out noncommer-
cial music that is considered more authentic and artistic than music
with broader appeal (e.g., Hong Kong Garden by Siouxsie and the
Banshees from 1978, which is fast and minor). As popular music
extended to new markets (e.g., in commercials, video games,
TV-shows, movies, etc.) and became more widely available, the
distinction between commercial and noncommercial popular mu-
sic diminished. Artistic integrity and commercial success are no
longer contradictory, and art-rock bands such as Radiohead have
legions of fans. In our sample, the two earliest recordings with
mixed emotional cues were both 1966 hits from African American
artists, one an up-tempo (120 BPM) but primarily minor Motown
hit—Reach Out (I’ll be There) by The Four Tops—and the other
a classic rhythm and blues ballad in a slow tempo (65 BPM) and

Figure 1. Changes in tempo as a function of recording year. Major-mode
recordings are in black squares. Minor-mode recordings are in gray circles.
Best-fitting regression lines (black/major, gray/minor) illustrate a steeper
negative slope for major- than for minor-mode recordings.

Table 2
Descriptive Statistics for Mode, Tempo, Duration, and Gender
Listed Separately for Each Decade

Years % Major Mean tempo Mean duration % Male

1965–1969 85.0 116.4 176.9 79.0
1975–1979 75.1 103.0 225.3 66.2
1985–1989 78.0 104.2 256.8 63.0
1995–1999 62.7 89.4 248.2 55.5
2005–2009 42.5 99.9 230.7 61.7

Note. Tempo was measured in BPM. Duration was measured in seconds.
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“Teardrops on My Guitar” (Taylor Swift, 2006) 
“pop” version (chorus)
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“Teardrops on My Guitar” (Taylor Swift, 2006) 
original album version (chorus)

Tempo ~ 50 or 100 BPM?
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Spotify’s “Sort Your Music”



Comparison of BPM estimates to crowd- 
sourced values, in percentages  

(Levy 2011, Table 2)Oral Session 4: Web

bpm * 4 bpm * 3 bpm * 2 correct bpm / 2 bpm / 3 bpm / 4 unrelated
EchoNest 0.6 1.7 30.5 40.7 2.4 0.0 0.1 24.0
Bpm List 0.0 0.2 8.2 68.1 5.2 0.1 0.0 18.3
VAMP 0.7 1.6 23.0 58.3 4.0 1.6 0.0 12.3

Table 2. Performance of three sources of bpm estimates relative to peak crowd-sourced value. Numbers in each category are
percentages of tracks evaluated for each source.

bpm * 4 bpm * 3 bpm * 2 correct bpm / 2 bpm / 3 bpm / 4 unrelated
EchoNest 0.0 0.5 19.5 53.0 1.7 0.0 0.0 25.2
Bpm List 0.0 0.0 5.7 72.8 3.0 0.1 0.0 18.5
VAMP 0.1 0.1 10.9 73.6 1.6 0.0 0.0 13.9

Table 3. Upper bound performance of three sources of bpm estimates after adjustment for label conflict.

cause the listener either to attend to subtle differences be-
tween tracks, or to pick faster or slower at random, on the
assumption that the question would be unlikely to be posed
in relation to two tracks known to be the same speed. Al-
though we cannot know in advance what proportion of lis-
teners will choose each option, we can safely assume that,
all things being equal, the proportion will be independent of
the source of the bpm estimates.

As the results given in Table 4 illustrate, this method is
successful in highlighting differences between the sources,
with the EchoNest estimates again shown to be significantly
less consistent than either other source.

6. CONCLUSIONS

This study shows how, with a suitable experiment, simple
crowd sourcing of annotations can be used to evaluate al-
gorithms such as bpm estimation. Analysis of tens of thou-
sands of responses collected within just a few days leads
to the proposal of a straightforward and robust approach to
evaluation against a human groundtruth, which is both con-
sonant with perceptions of tempo, and designed to reward
the estimates most likely to be useful in practical applica-
tions. A second controlled experiment allows validation
of these results without reference to any groundtruth val-
ues. Finally we outline a method to combine classification
with conventional tempo estimation, which promises signif-
icant improvements over current methods. Future work in-
cludes implementing and evaluating this approach, and ex-
tending crowd sourcing to evaluate a wider range of MIR
algorithms. Data collected for this study is freely available
for research purposes 4 .

4 http://users.last.fm/˜mark/speedo.tgz
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Median Length of Verse-Chorus Songs, with and 
without Prechorus, in a Billboard Corpus, 1955–1989  

(Summach 2012, Ex. 27)
 
Example 27. Median Length of Verse-Chorus Songs in the Annual Top-20, With and Without Prechorus, 
Per Five-Year Period 

 
 
 
 

Example 28. Sly and the Family Stone “Thank You Falettinme Be Mice Elf Agin” (1970) 

 
 
 
 

Example 29. John Denver, “Take Me Home, Country Roads” (1971) 

 
 
 
 
  

II: Analysis and Interpretation



Incidence of Verse-Chorus Songs, with and without  
Prechorus, in a Billboard Corpus 1955–1989  

(Summach 2012, Ex. 26)

Example 25. Blondie, “Call Me” (1980) 

 
 
 
 

Example 26. Incidence of Verse-Chorus Songs With and Without Prechorus in the Annual Top-20, 1955-
89 
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LQWURGXFWLRQ� LQ� WKH� SDVW�ZDV� WR� JLYH� UDGLR�'-V� ³WDON� RYHU� WLPH´� �)UDQN�
2009). With technologies that are portable and digital, skipping a non-
engaging intro is easy for the listener. In today’s market the consumer’s 
attention span is shorter than ever, resulting in the need for the producer 
DQG�VRQJZULWHU�WR�HPSOR\�³WLJKW�HQJDJLQJ�LQWURGXFWLRQV�´�RU�VRPHWLPHV�QR�
LQWURGXFWLRQV�DW�DOO��)UDQN�������

)UDQN�DUJXHV�WKDW�DIWHU�WKH�¿UVW�OLVWHQ��LQWURGXFWLRQV�RI�PRGHUQ�VRQJV�
VKRXOG�WULJJHU�VRPHWKLQJ�XQLTXH�DERXW�LW�LQ�WKH�¿UVW�IRXU�VHFRQGV��,I�WKLV�
does not happen the listeners will not be able to identify the song (from 
WKHLU�¿UVW�OLVWHQ��DQG�WKHUHIRUH�QRW�EH�DEOH�WR�SXUFKDVH�LW�LPPHGLDWHO\�RQ�
L7XQHV��)UDQN��������$GGLWLRQDOO\��0XUSK\�DVVHUWV�WKDW�WKH�SURGXFHU�VRQJ-
ZULWHU�PXVW�JHW�OLVWHQHUV�LQYROYHG�ZLWKLQ�WKH�¿UVW�VL[W\�VHFRQGV�RU�OHVV��RU�
they will turn off the song (Murphy 2011). Songs in the digital streaming 
format need a minimum of sixty seconds of listening time to count as a 
SOD\��DQG�WKXV�JHQHUDWH�UR\DOW\�HDUQLQJV��)UDQN�������

It is worth noting that 33 of the 136 songs (24%) in this dataset begin 
with either a chorus or hook, a trend that harkens back to the commer-
cial music of the 1930s and 1940s with the Verse, Verse, Chorus, Verse 
(AABA) style form.

Song Length
The average length of all songs in the dataset was three minutes, 

Figure 1.  Length of song introductions.

Lengths of Intro sections in a Billboard corpus of 
songs, Jan. 2011–Apr. 2012  (Tough 2013, Fig. 1)
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Average chord durations, in bars, for songs in the  
Rolling Stone corpus  

(de Clercq 2017, Table 12)Table 12. Average chord durations per song, in bars, for songs with verses and chorus sections 
 

Chords Analyst Verse  Chorus  Effect 
Overall DT 2.08 1.55 t(134) = –2.55, p = .01 
 TdC 2.26 1.70 t(107) = –2.06, p = .04 
Tonic DT 2.25 1.57 t(134) = –3.11, p < .01 
 TdC 2.48 1.75 t(107) = –2.37, p = .02 
Non-Tonic DT 0.99 1.10 ns 
 TdC 1.10 1.09 ns 
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