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A Stimulus Set of 40 Popular Music
Drum Patterns with Perceived
Complexity Measures

Olivier Senn1 , Florian Hoesl1 , Rafael Jerjen1,
Toni Amadeus Bechtold1,2 , Lorenz Kilchenmann1 ,
Dawn Rose1 and Elena Alessandri1

Abstract
This study presents an audio stimulus set of 40 drum patterns from Western popular music with empirical measurements

of perceived complexity. The audio stimuli are meticulous reconstructions of drum patterns found in commercial record-

ings; they are based on careful transcriptions (carried out by professional musicians), drum stroke loudness information,

and highly precise onset timing measurements. The 40 stimuli are a subset selected from a previously published larger

corpus of reconstructed Western popular music drum patterns (Lucerne Groove Research Library). The patterns

were selected according to two criteria: a) they only feature the bass drum, snare drum, and one or more cymbals,

and b) they plausibly cover the complexity range of the corpus. Perceived stimulus complexity was measured in a listening

experiment using a pairwise comparison design with 220 participants (4,400 trials). In each trial, participants were pre-

sented with two stimuli, and they stated which of the two sounded more complex to them. The comparison data then

served to calculate complexity estimates using the Bradley–Terry probability model. The complexity estimates have an

intuitive interpretation: they allow calculation of the probability that one pattern is considered more complex than

another pattern in a pairwise comparison. To our knowledge, this is the first set of naturalistic music stimuli with mean-

ingful perceived complexity estimates. The drum pattern stimuli and complexity measurements can be used for listening

experiments in music psychology. The stimuli will further allow measures and models of drum pattern complexity to be

assessed.
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Introduction
The complexity of musical stimuli and its psychological
effects on listeners (such as listeners’ aesthetic appreciation
or interest in the music, their groove experience, and many
other kinds of music-evoked emotions) are a wide field of
inquiry. Complexity has been shown to affect humans’
appreciation of artifacts such as pictures (Nadal et al.,
2010; Osborne & Farley, 1970; Vitz, 1966), narratives
(Carney et al., 2014; Stokmans, 2003), music (Chmiel &
Schubert, 2019), buildings (Imamoglu, 2000), advertise-
ments (Cox & Cox, 1988), and websites (Mai et al.,
2014; Nadkarni & Gupta, 2007; for a general overview,

see Mihelač and Povh, 2020; Van Geert & Wagemans,
2020). A popular theory posited by Berlyne (1963, 1971)
claims that humans’ preferences form an inverted-U func-
tion (also called a Wundt curve, see Wundt, 1874, p. 432)
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of stimulus complexity. According to this theory, humans
prefer percepts of moderate complexity: the percepts need
to be complex enough to be interesting, but not so
complex as to be confusing. Studies in empirical music aes-
thetics have been equivocal in their findings: some provided
evidence to support the inverted-U hypothesis with respect
to musical stimuli (Beauvois, 2007; Heyduk, 1975; North &
Hargreaves 1995, 1996; Steck &Machotka, 1975), whereas
others failed to find evidence to support the theory or were
inconclusive (Eisenberg & Thompson, 2003; Marin &
Leder, 2013; Orr & Ohlsson, 2001, 2005; Russell, 1982;
Vitz, 1964).

Besides music appreciation, the inverted-U hypothesis
has also become relevant to the study of musical groove,
whereby groove is defined as a pleasurable urge to move
in response to music (Janata et al., 2012; Senn et al.,
2020). Witek et al. (2014) found that popular music drum
patterns with intermediate rhythmic complexity evoked a
stronger groove experience than drum patterns with low
or high rhythmic complexity. This finding was confirmed
by several later studies (Cameron et al., 2023; Chmiel &
Schubert, 2019; Matthews et al., 2019, 2020; Morillon &
Zalta, 2021; Stupacher et al., 2020). A recent theory on
the connection between complexity and groove hypothe-
sizes that listeners use repetitive body movement to
clarify metric uncertainties triggered by rhythmically
complex stimuli. They “fill in the gaps” (Witek, 2017),
replacing missing beats in the music by body movements
such as foot or hand taps (Spiech et al., 2022; Stupacher
et al., 2022). This theory suggests that the groove experi-
ence and associated body movement is essentially an
embodied mechanism to clarify the meter underlying a
complex musical rhythm.

To our knowledge, the concept of musical complexity
has not yet been comprehensively defined in music psy-
chology or in music scholarship. In the present study, we
propose to approach musical complexity from a pragmatic
and empirical point of view: The approach relies on the
availability of one set of naturalistic musical stimuli that
cover a wide complexity range and that are associated
with reliable complexity measurements. This kind of stim-
ulus set allows one to investigate which stimulus properties
correlate with the complexity measures. Thus it contributes
to theorizing musical complexity on an empirical basis and
potentially to a definition of the concept.

Measuring the complexity of stimuli, however, is not a
trivial problem. Past studies on music and complexity
used either objective (i.e., stimulus-based) or subjective
(i.e., perception-based) methods to assess the complexity
of musical stimuli. Objective methods estimate complex-
ity using structural properties of the stimuli themselves.
Existing objective measures of rhythmic complexity are
based on syncopation (Keith, 1991; Longuet-Higgins & Lee,
1984; Witek et al., 2014, 2015), offbeatness (Gómez et al.,
2007), metric complexity (Toussaint, 2002), or weighted
note-to-beat distance (Gómez et al., 2005). These approaches
link rhythmic complexity to discrepancies between the rhythm

of the music (which is the organization of sound events in
time) and the meter (which is the implied background of dis-
crete regular time units against which the rhythm is inter-
preted; London, 2004). Another objective measure, rhythmic
oddity (Chemillier, 2002, p. 176), relies on the unequal or
equal division of overarching periodic time units (which
may be governed by a meter or not).

In a number of studies, researchers have used approaches
from information theory to develop objective measures of
rhythmic complexity, such as Shannon entropy, entropy
rate, excess entropy, transient information, or Kolmogorov
complexity (De Fleurian et al., 2017; Thul & Toussaint,
2008; Witek et al., 2014). These methods represent rhythm
as a discrete series of symbols and quantify the information
content within this series. If the information content is high
(or if redundancy is low), then the rhythm is understood to
be complex.

Subjective measures of musical complexity are based on
the notion that complexity is not a property of the stimulus
itself, but “intrinsically related to how listeners perceive
music” (Eerola, 2016, p. 2f.), which in itself is thought to
be highly enculturated (Trainor et al., 2012). Pressing
(1999) formulated the idea that subjectively perceived
rhythmic complexity is linked to the “computational cost”
(p. 2), which is the effort that the individual needs to
make to relate a concrete rhythm to the underlying meter.
With this idea, Pressing anticipated the predictive coding
approach to rhythm perception, which centers on the listen-
er’s effort to adapt an inner model to correctly predict how a
rhythm continues at any moment (Lumaca et al., 2019;
Senn, 2023; Vuust et al., 2009; Vuust & Witek, 2014).

From a subjective perspective, the perceiver is the ulti-
mate judge of stimulus complexity. This is also the stance
adopted in this study: We assume that stimulus complexity
needs to be determined empirically in a listening experi-
ment with human judges whereby a musical stimulus is
complex, when listeners perceive it as such. Further, we
assume that objective models of stimulus complexity
based on the properties of the stimuli themselves are most
useful if they reliably predict the subjectively measured
complexity of the stimuli.

In several studies, researchers measured stimulus com-
plexity subjectively using Likert-type rating scales:
Heyduk (1975) let participants rate the complexity of four
short piano pieces. Russell (1982) asked participants to
judge the complexity of 40 audio excerpts from modern
jazz. In North and Hargreaves’ (1995) study, participants
rated the complexity of 60 short extracts from popular
music tracks. Shmulevich and Povel (2000) let participants
judge the complexity of 35 homophonous rhythms, each of
them consisting of 9 rhythmic events. Orr and Ohlsson
(2005) asked participants to rate the complexity of 40
jazz and 40 bluegrass improvisations. Each of these stimu-
lus sets has properties that limit their usability: The Heyduk
(1975) set is very small (four stimuli). The Russell (1982),
North and Hargreaves (1995), and Orr and Ohlsson (2005)
stimuli show differences of instrumentation across stimuli
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and vary in many other uncontrolled ways. The Shmulevich
and Povel (2000) stimuli consist of abstract rhythms that are
not played on musical instruments and that are not idio-
matic for any specific kind of music. In all of these
studies, the stimulus sets were prepared ad hoc in order to
answer specific research questions; the authors did not
design them for sustained use in music psychology, and
they seem unsuitable for this purpose.

Clemente et al. (2020) presented a large stimulus set of
200 monophonic melodies that were explicitly designed for
repeated use in music psychology. The stimuli vary
along several axes that have been found to be important
to music perception: balance, contour, symmetry, and
complexity. Many stimulus properties are kept invariant
across the set (instrumental timbre, monophony, length);
others are easily controllable (number of notes, melodic
intervals, tessitura, tempo, etc.). The Clemente et al.
(2020) stimuli thus have many valuable qualities. Yet,
the single-note piano melodies without loudness,
timing, or tempo variations are not particularly naturalis-
tic. Consequently, they are not adequate for research con-
texts in which ecological validity is key.

Witek et al. (2014) presented a set of 50 simplified drum
patterns drawn from Western popular music recordings
with a wide range of degree of syncopation. These stimuli
show a balance between ecological validity and experimen-
tal control. Nevertheless, the simplifications of the drum
patterns are substantial: The hi-hat voice is reduced to a
simple sequence of eighth notes, thus neutralizing the con-
tribution of the hi-hat (and other cymbals) to the complexity
of the originally recorded patterns. The stimuli present all
patterns at a tempo of 120 bpm instead of the originally
recorded tempi. The stimuli do not implement variations
in loudness and/or microtiming/swing. Finally, 13 of the
50 stimuli are not derived from originally recorded
popular music but were composed by the researchers to
show extreme (high or low) syncopation. All these modifi-
cations affect the naturalness of the stimuli. Furthermore,
the complexity measures associated with the 50 stimuli
are purely objective (Index of Syncopation, based on the
monophonic syncopation measure by Longuet-Higgins &
Lee, 1984), and they have been found to correlate only
moderately well with perceptual syncopation measures
(Hoesl & Senn, 2018).

In conclusion, presently there is no stimulus set available
that enables the use of naturalistic music to study the effects
of complexity on music listeners and that is associated with
accurate subjective measures of perceived stimulus com-
plexity. This study has the following goals: (1) it presents
a set of 40 idiomatic, naturalistic drum pattern audio
stimuli for which there is a spectrum of perceived complex-
ity and that can be used in psychological research and in the
modeling of drum pattern complexity; (2) it provides empir-
ical subjective complexity measurements based on a listen-
ing experiment; (3) it uses these measurements to assess
existing objective measures of drum pattern complexity
and formulates a benchmark for future measures.

Methods and Materials

Forming the Stimulus Set
From the corpus of the Lucerne Groove Research Library,
40 popular music drum patterns were selected. This
corpus currently consists of 251 audio reconstructions, tran-
scriptions, and metadata relating to drum patterns from
Western popular music (rock, funk, rhythm and blues,
pop, disco, soul, heavy metal, and rock’n’roll) in common
time (4/4 time signature). These patterns were originally
recorded between the 1950s and the 2010s. The audio recon-
structions of the drum patterns are based on expert transcrip-
tions of eight-bar extracts from the original recordings and
were prepared by two professional musicians (second and
fourth author). Event timing relies on computer-assisted
onset time measurements (precise to a few milliseconds).
The loudness of each stroke is based on the perceptual judg-
ment of the two transcribers (for information on the transcrip-
tion, measurement, and reconstruction process, see Senn et
al., 2018, pp. 5–7).

To select the 40 drum patterns for the current study, we
applied two criteria: first, we wanted the drum patterns to be
more or less homogenous in terms of their instrumentation.
Patterns that included toms or additional percussion instru-
ments were excluded from the selection. The remaining 184
drum patterns were eligible because they only used the bass
drum, snare drum, hi-hat, and other cymbals.

Second, we wanted the stimulus set to cover the com-
plexity range of the corpus and to fill this range more or
less equidistantly. To achieve this, we calculated the
Index of Syncopation (Witek et al., 2014, in the formaliza-
tion of Hoesl & Senn, 2018) for the snare drum and bass
drum voices of the 184 eligible patterns and ordered them
by increasing degree of syncopation. The ordered list of
drum patterns was divided into 20 shorter sublists of 9–
10 drum patterns having a similar value on the Index of
Syncopation. From each of these 20 syncopation-matched
sublists, 2 patterns were randomly selected for this
study’s set of drum pattern stimuli. Even though the
Index of Syncopation cannot be expected to be a perfect pre-
dictor of complexity (Hoesl & Senn, 2018, p. 10), it is nev-
ertheless likely that the selected stimuli cover the
complexity range of the original stimulus corpus to a
great extent.

The 40 patterns were shortened from 8 measures dura-
tion to 4 measures, ending on the first beat of the fifth
measure. Since most patterns repeat with periods of a half
bar, one bar, or two bars, a duration of four bars is sufficient
to present the period at least twice and thus reveal the peri-
odic nature of the patterns. The shortness of the stimuli
(between 8.8 and 16.5 s) facilitates their use in a listening
experiment.

Stimuli were rendered from MIDI data in Avid Pro Tools
(version 12.1) with drum samples from the Toontrack
Superior Drummer Custom & Vintage audio samples
library (version 2.4.4). The same set of drum samples was
used for drumset instruments and playing techniques
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throughout the 40 patterns, and light reverberation was
added in Pro Tools. The reconstructions give the impres-
sion that they were recorded on the same drum kit under
the same acoustic conditions. Information on each drum
stroke (onset time, used audio sample, dynamics) can be
found in the datafile drumpatterns.Rda (see Data
Availability).

Experimental Design
The goal of the listening experiment was to measure the rel-
ative complexity of the 40 drum pattern stimuli as perceived
by listeners. The experiment used an incomplete pairwise
comparison design: In every trial, two stimuli were pre-
sented to the participants, who then selected which stimulus
sounded more complex (“winner”) compared to the other
(“loser”).

In music psychology, pairwise comparison designs are
rarely used; Likert rating is much more frequent. Yet,
human participants tend to carry out pairwise comparison
tasks with more ease than Likert rating tasks (Clark et al.,
2018; Laming, 1984; Phelps et al., 2015). In a comparison
task, participants do not need to map their judgment onto an
abstract ordinal scale, but they can rank two stimuli in a
direct way. Additionally, each trial presents participants
with all the information they need to carry out the task.
They do not have to remember stimuli from earlier trials
to provide a fair judgment. The approach also eliminates
well-known biases connected to Likert-rating, such as
response style bias (which range of a scale participants
like to use, see Chen et al., 1995; Oishi et al., 2005) and
the reference group effect (the same pattern might appear
simple to a musician but complex to a non-musician, see
Heine et al., 2002). Conversely, the comparison method is
costly: Many trials are necessary to achieve a good differen-
tiation. This is the case because every trial only offers
ranking information on two stimuli; information pertinent
to the size of the perceived complexity difference is lost.
Participants only choose a winning pattern; they do not
express whether the difference in terms of complexity is
small or large.

The experiment was implemented as an incomplete pair-
wise comparison design because a complete design would
have required that participants judged all 780 pairs that
can be formed from the 40 drum patterns. The incomplete
design was implemented as follows: The 40 stimuli were
divided into two subsets. Each subset featured 20 drum pat-
terns that covered the same range on the Index of
Syncopation. The data collection was then carried out in
two phases:

1. The first phase of the data collection (November
2020 – January 2021) established the relative com-
plexity of the stimuli within these two subsets (see
further details about the design in Appendix B).
The design guaranteed that each participant judged
all stimuli once in a comparison trial. It also

ensured that each combination of the 20 stimuli
(190 combinations) appeared once in a block of
19 participants and that the presentation sequence
of stimuli within trials and across the experiment
was counterbalanced. The data from the first phase
was used to create a ranking of the stimuli within
the two subsets.

2. The second data collection phase (March 2021)
established the relative complexity between the
two subsets. In this second phase, each trial con-
sisted of two stimuli, one from each of the two
subsets, which were on the same complexity rank
within their subset after phase 1. The presentation
sequence of the trials was randomized and the pre-
sentation order of the two stimuli within each trial
was counterbalanced.

The combined dataset collected in phases 1 and 2 allowed
for the relative perceived complexity of all 40 stimuli to
be estimated using one single probabilistic model (see
Statistical Analyses).

Procedure
Participants filled the survey online on the SosciSurvey
platform (www.soscisurvey.de). The survey was available
in two languages, German and English. Participants gave
informed consent and responded to a series of demographic
questions (gender, age, country of residence, survey lan-
guage skills, musical preferences). Participants’ musical
expertise was assessed using the MSI Training subscale
of the Gold-MSI self-report inventory, which exists in
English (Müllensiefen et al., 2014) and German (Schaal
et al., 2014). In addition, participants assigned themselves
to one of five expertise groups: professional musicians,
music students (training to become professional musicians
or music teachers), amateur musicians, music listeners
(who listened to music frequently but did not actively
play or sing music), and finally participants who were not
interested in music.

Participants were asked to carry out the experiment in a
quiet location using good quality headphones. They lis-
tened to one drum pattern (similar to the 40 experimental
stimuli, but not part of the set) in order to test their audio
equipment and set playback to a fairly loud, but agreeable
volume. They were asked not to change the volume settings
after this initial adjustment. Participants then carried out 20
experimental comparisons. In each trial, the two stimuli
were presented as separate audio players within the
browser window. Participants started the playback them-
selves and were allowed to listen to the stimuli as many
times as they liked. They answered the question “Which
of the two drum patterns sounds more complex to you?”
using radio buttons. No definition of complexity was
offered to the participants, because we wanted them to
apply their own concept of complexity. Participants were
advised to go with their gut feeling if they struggled to
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make a decision. They could not advance in the survey
without selecting a winning pattern in each trial (no ties
were allowed).

After the last trial, participants were asked the question:
“What makes a drum pattern complex?” They wrote their
answers in a free text field but could opt out of answering
this question. The data from this text field will be analyzed
in a qualitative study in the future. Finally, participants
could volunteer to share their e-mail addresses if they
wanted to be informed about the outcome of the study
and/or be invited to future surveys. This contact informa-
tion was saved separately from the experimental data to pre-
serve the anonymity of the participants. On average, it took
participants 16 min to complete the survey.

Data Collection and Filtering
A total of 260 participants completed phase one of the survey
between November 2020 and February 2021. They were
recruited through two channels: 84 participants responded to
an e-mail invitation that went out to the students and faculty
of the Lucerne University of Applied Sciences and Arts
(School of Music) and to personal connections of the
authors. These participants filled either the German (n = 63)
or the English language version (n = 21) of the survey. A
total of 176 participants were recruited through Amazon’s
MTurk platform; all of them took the survey in English.
MTurk participants were remunerated with US$6 for their par-
ticipation. Other participants were remunerated with a food/
drink voucher for the cafeteria on the university’s music
campus. They could opt out of this remuneration. No partial
study credits were offered to students.

In each trial, participants were asked to listen to both
drum patterns in their entirety before choosing a winner.
Observations (n= 29) were excluded if participants used
less than 16 s on any of the trials, i.e., they did not listen
all the way through the stimuli. Some participants (n=
12) reported having only basic skills (levels A1 or A2) in
the respective survey language (German or English). For
these participants, inclusion in the dataset was decided
based on their answer to the open text question. Eight par-
ticipants provided intelligible answers suggesting sufficient
language skills and these were included in the final sample;
the data of the remaining four participants were excluded.
After this screening, the dataset consisted of 227 complete
and valid observations. Due to dropouts and the screening
procedure, the dataset did not show second-order balance:
the 19 different combinations of trials (rows in Table 7 of
Appendix B) had been filled between 11 and 14 times. To
establish second-order balance, surplus cases were ran-
domly dropped until all 19 combinations were represented
exactly 11 times each.

Phase 2 of the experiment was offered in German only.
Invitations to participate were circulated via e-mail among stu-
dents and faculty of the Lucerne University of Applied
Sciences and Arts (School of Music) and personal connections
of the authors. Participants received a cafeteria voucher (with

the possibility to opt out). Phase 2 yielded complete and valid
observations from 11 participants.

Participants
The data of n = 220 participants (209 responding in phase
1 and 11 in phase 2 of the experiment) were used for com-
plexity modeling. These participants (74 female, 142 male,
3 other, 1 no answer) had a mean age of 38 years, ranging
from 19 to 81 (SD= 12.3). Participants lived predominantly
in the United States (126) and in Switzerland (65). The
remaining participants were from India (8), Brazil (5),
Germany (4), Australia (3), Canada (3), Italy (2), or Sri
Lanka (1); three did not provide information about their
country of residence.

A total of 37 participants self-identified as professional
musicians, 34 as music students, and 43 as amateur musi-
cians. The remaining participants stated they were either
music listeners (104) or not interested in music (2).
Participants had a mean MSI Training score of 25.25,
which is not significantly different from the UK population
norm of 26.52 (t219 = −1.306, p = .193) reported by
Müllensiefen et al. (2014, p. 10). This result is surprising,
since more than half of the participant sample consisted
of professional or amateur musicians and music students
(n = 114). This musician subsample did indeed have a
high meanMSI Training score of 36.87. The remaining par-
ticipants (music listeners, not interested) counterbalanced
this with a very low mean MSI Training score of 12.75.
A total of 50 participants (all from the MTurk subsample)
had an MSI Training score of 7, which is the minimum
value on this scale and indicates no music training at all.

Statistical Analyses
The experimental data were analyzed using the Bradley–
Terry probability model, which was developed to analyze
the outcomes of pairwise comparison experiments. The
model was first studied by Zermelo (1929), then formalized
by Bradley and Terry (1952), and later subsumed under the
family of generalized linear models, due to its close rela-
tionship to the logistic probability model (Agresti, 2007,
2012; Bradley & El-Helbawy, 1976; Perez-Ortiz &
Mantiuk, 2017). All statistical analyses were carried out
with R (version 3.6.3) in the RStudio (version 1.1.463)
environment. The BradleyTerry2 library (version 1.1–2)
was used for complexity modeling (Turner & Firth,
2012). The ggplot2 (version 3.3.3) library was used for pre-
paring plots and figures.

Results

Complexity Estimates and Their Interpretation
The experiment yielded 4,400 valid trials. Every stimulus
participated in 220 trials: it was compared 11 times
against each of the 19 other stimuli in the same subset
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(phase 1 of the experiment) and another 11 times against
one complexity-matched stimulus from the other set
(phase 2 of the experiment). A Bradley–Terry model was
fitted to the data. The fit was good (χ2 = 4,517.1,
df = 4,361, p = .049) with only a very mild tendency of
overdispersion (reduced chi-squared statistic: χ2 / df = 1.036,
see Taylor, 1997, pp. 268–271). The Bradley–Terry coeffi-
cients β̂i were estimated for each stimulus. These coeffi-
cients quantify the Perceived Complexity of each drum
pattern. The stimuli are listed in Table 1 with increasing
Perceived Complexity estimates (see also Figure 1).

The Bradley–Terry coefficients allow the estimation of
the probability that one drum pattern wins a pairwise

comparison trial against another drum pattern when
judged by a random member of the listener population, as
represented by the participant sample. The estimated
success probability Π̂ij that stimulus i wins over stimulus
j is given by

Π̂ij = eβ̂i−β̂j

1+ eβ̂i−β̂j
.

Coefficients β̂i and β̂j are the Bradley–Terry coefficients
corresponding to stimuli i and j, respectively (see Agresti,
2007, p. 266). The expression for the estimated success
probability Π̂ij is the logistic function with argument

Table 1. Perceived Complexity (Bradley–Terry Estimates β̂) of the 40 stimuli using data from 4,400 trials. SE is the standard error of the

difference between β̂s of neighboring stimuli, where Down refers to the next less complex and Up to the next more complex neighbor.

The label (letter) was used to reference the stimulus during the experiment (note that stimulus 4 is lowercase “L” and stimulus 10 is

uppercase “i”).

Stimulus

(Label) Song Title Audiofile Perceived Complexity (β̂i)

SE

Down Up

1 (L) A Kind of Magic 01_TayR_2.mp3 0.400 —– 0.291

2 (f) (Sittin’ On) The Dock of the Bay 02_JacA_2.mp3 0.408 0.291 0.258

3 (a) Smells Like Teen Spirit 03_GroD_3.mp3 0.476 0.258 0.254

4 (l) Boogie Wonderland 04_JohR_2.mp3 0.573 0.254 0.289

5 (C) Vultures 05_JorS_2.mp3 0.784 0.289 0.248

6 (Q) Kashmir 06_BonJ_5.mp3 1.182 0.248 0.269

7 (s) Street of Dreams 07_FreJ_3.mp3 1.210 0.269 0.260

8 (O) Change the World 08_RobJ_3.mp3 1.230 0.260 0.237

9 (B) Let’s Dance 09_HakO_3.mp3 1.263 0.237 0.234

10 (I) Space Cowboy 10_McKD_2.mp3 1.415 0.234 0.260

11 (c) I Feel for You 11_NelP_5.mp3 1.632 0.260 0.210

12 (q) Virtual Insanity 12_McKD_3.mp3 1.859 0.210 0.253

13 (M) Bravado 13_PeaN_4.mp3 1.902 0.253 0.246

14 (i) Let’s Go Dancing 14_BroG_5.mp3 1.951 0.246 0.206

15 (h) Discipline 15_FreJ_5.mp3 2.091 0.206 0.244

16 (J) Pass the Peas 16_StaJ_4.mp3 2.151 0.244 0.250

17 (b) The Pump 17_PhiS_5.mp3 2.189 0.250 0.204

18 (o) Roxanne 18_CopS_1.mp3 2.216 0.204 0.249

19 (H) Dreamin’ 19 YouE 5.mp3 2.413 0.249 0.249

20 (m) Soon I’ll Be Loving You Again 20_GadJ_1.mp3 2.511 0.249 0.249

21 (G) Summer Madness 21_BroG_4.mp3 2.530 0.249 0.249

22 (j) Listen Up! 22_HakO_2.mp3 2.586 0.249 0.205

23 (k) Jungle Man 23_ModJ_5.mp3 2.752 0.205 0.208

24 (d) Shake Everything You Got 24_ChaD_5.mp3 3.051 0.208 0.252

25 (P) Chicken 25_SteB_4.mp3 3.052 0.252 0.252

26 (n) Cissy Strut 26_ModJ_3.mp3 3.080 0.252 0.211

27 (g) Far Cry 27_PeaN_2.mp3 3.120 0.211 0.212

28 (p) Alone+ Easy Target 28_GroD_5.mp3 3.130 0.212 0.214

29 (t) Soul Man 29_JorS_3.mp3 3.263 0.214 0.256

30 (N) Ain’t Nobody 30_RobJ_1.mp3 3.300 0.256 0.218

31 (A) Diggin’ On James Brown 31_GarD_5.mp3 3.314 0.218 0.219

32 (F) In the Stone 32_JohR_3.mp3 3.342 0.219 0.258

33 (r) Southwick 33_SteB_1.mp3 3.360 0.258 0.221

34 (e) You Can Make It if You Try 34_ErrG_1.mp3 3.447 0.221 0.261

35 (T) The Dump 35_DeiA_3.mp3 3.464 0.261 0.221

36 (D) Killing In the Name of 36_WilB_3.mp3 3.564 0.221 0.225

37 (K) Cold Sweat 37_StuC_4.mp3 3.763 0.225 0.229

38 (S) Hyperpower 38_FreJ_4.mp3 3.902 0.229 0.242

39 (E) Rock Steady 39_PurB_5.mp3 4.394 0.242 0.261

40 (R) Jelly Belly 40_MarB_4.mp3 4.701 0.261 —–
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β̂i − β̂j. An example: The estimated probability that stimu-
lus 6 (“Kashmir”) is considered to be more complex than

stimulus 1 (“A Kind of Magic”) in a trial is (using the β̂6
and β̂1 coefficients from Table 1)

Π̂6,1 = eβ̂6−β̂1

1+ eβ̂6−β̂1
= e1.182−0.400

1+ e1.182−0.400
≅ 0.686.

We can expect the “Kashmir” drum pattern to be considered
more complex than the “A Kind of Magic” drum pattern
in 68.6% of the trials. Conversely, the probability that
“A Kind of Magic” is considered more complex than
“Kashmir” is Π̂1,6 ≅ 0.314. Since no ties were allowed, it
is true for all i and j that Π̂ij + Π̂ ji = 1.

Inference on the difference between the β̂ estimates is
based on the Wald approximation (see Kutner et al., 2004,
p. 578). The Bradley–Terry model provides an estimate of
the standard error for the difference β̂i − β̂j with respect to
all C40

2 = 780 pairs of stimuli i and j (see datafile
se_matrix.Rda in the supplemental material). The datafile
p_matrix.Rda presents results of formal significance tests
against the null hypothesis thatΠij = 0.5 (which is equivalent
to βi = βj) for each pair of stimuli. Table 1 and Figure 1 (error
bars) only show the standard errors between each stimulus and
its lower (Down) or upper (Up) neighbor on the list. The mea-
surement error for the Perceived Complexity estimates β̂i
themselves is approximately σ̂β = 0.175.

The most complex stimulus 40 (“Jelly Belly”) has a very
high probability of Π̂40,1 = .987 to win a trial against the
most simple stimulus 1 (“A Kind of Magic”), which indi-
cates that the stimuli cover a complexity range that is per-
ceivable by the vast majority of listeners. None of the
stimuli that are neighbors in Table 1 show significant com-
plexity differences: The increase of complexity from one
stimulus to the next more complex stimulus seems to be
smooth. There is one exception: Stimulus 39 is significantly
more complex than stimulus 38 ( p = .042).

Effect of Musical Training on Complexity Judgments
The sample of participants consisted of people with extreme
differences in terms of musical training, as measured by the
MSI Training scale. This raised the concern whether the
sample represented a homogenous population or not. To
address this concern, we investigated whether the experi-
mental data from participants who were musically trained
differed significantly from the data provided by the less
musically trained participants. In general, people with sub-
stantial musical training show superior discrimination abil-
ities across many domains of music perception (Besson
et al., 2007; Chartrand et al., 2008; Neuhaus et al., 2006;
Penhune, 2019). Accordingly, we would expect that
people with more musical training have better abilities to
detect complexity differences, compared to the less trained.

If so, then music experts’ complexity judgments should
agree with each other often, resulting in lopsided distribu-
tions of wins between high- and low-complexity stimuli.
Conversely, the musical non-experts can be expected to
perceive complexity differences less clearly. In this case,
we expect the trials to be decided by chance more often,
which would result in a more uniform distribution of wins
across stimuli.

Table 2 lists the frequencies of wins for each stimulus,
grouped by musical training. The high-training group con-
sists of participants who had an MSI Training score above
26.52 (n = 105), which is a score that is higher than the
UK population average for this scale (Müllensiefen et al.,
2014, p. 10). The low-training group had MSI Training
scores below 26.52 (n = 115).

A χ2-test of independence between participants’ musical
training and the wins of the 40 stimuli provided no evidence
for an effect of expertise on the outcomes of the trials
(χ2(39) = 42.099, p = .338). The low- and high-training sub-
samples do not differ significantly in their responses to the
comparison task. We conclude that the participants were

Figure 1. Perceived complexity (Bradley–Terry estimates β̂) of the 40 stimuli. Error bars indicate the standard error for the difference

between the β̂s of neighboring stimuli.
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sampled from a population that is homogenous with respect
to the ability to perceive and judge drum pattern
complexity.

Training Set and Test Set
Future users of the stimulus set may want to divide the
stimuli into two subsets of 20 stimuli to define one set as
a training set for complexity model development and the
other as a test set for model assessment. The variable Set
(data file stimuli.Rda) provides such a bipartition, which
makes sure that the two subsets are similarly composed
with respect to the Perceived Complexity estimates. The
two sets are closely matched with respect to the mean, the
standard deviation, skewness, and excess kurtosis of
Perceived Complexity (Table 3). An Anderson–Darling
test provided no evidence that the sets were drawn from dif-
ferent populations with respect to the Perceived Complexity
of the stimuli (A2 = 0.210, p = .996).

Control Variables
The 40 drum pattern stimuli closely reproduce the rhythm,
timing, and dynamics of the drum patterns played in the
original recordings. Thanks to the detailed reconstruction,
the stimuli are highly idiomatic and allow for the creation
of experiments with good ecological validity. However,
this implies that the stimuli differ in many ways besides
the differences between the rhythmic patterns as repre-
sented in the transcriptions (transcriptions.pdf). These addi-
tional dimensions may need to be controlled when the
stimuli are used in an experimental setting.

The drum pattern data file (drumpatterns.Rda) lists all
information that was used to create the audio reconstruc-
tions. For every note onset (n = 2,758), it specifies the
instrument and playing technique (Instrument), the physical
onset time in seconds (Seconds), the metric time in beats
(Beats), the audio sample from the Toontrack Superior
Drummer Custom & Vintage library (version 2.4.4) used
for reconstruction (AudioSample), and the associated loud-
ness (LoudnessDB). Quadratic regression models were
fitted to the notes’ physical onset time (Seconds) and metri-
cal time (Beats) data to calculate local tempi in beats per
minute (Local Tempo BPM). This method allows slight
tempo variations to be detected (many of the original

recordings were not synchronized with a metronome click
track and therefore show some tempo drift). Microtiming
was calculated as onsets’ time deviations from the fit
values in seconds (Microtiming Seconds) and as a propor-
tion of the local beat duration (Microtiming Beats). The
information in the drum pattern data file can be used to
form new control variables or to create new audio recon-
structions in which one or more of these properties is
manipulated.

The stimuli data file (stimuli.Rda) contains discographic and
complexity-related data but also a series of descriptive statistics
associated with each of the 40 stimuli. These statistics were
derived from the drum pattern file and the audio files: They
provide the duration of each stimulus in seconds (Duration),
the loudness in decibels (Loudness RMS), the local tempi at
the earliest (Initial Tempo BPM) and latest (Final Tempo
BPM) onsets, the change of tempo happening in between
(Tempo Drift BPM), and the absolute value of this change
(Absolute Tempo Drift BPM). Finally, they contain the standard
deviation of the microtiming values in each pattern, measured in
seconds (Microtiming Seconds SD) or as proportions of the beat
(Microtiming Beats SD).

Table 4 presents the results of tests that investigate
whether Perceived Complexity is associated with any of
these control variables. The tests provided no evidence
for a dependence between the complexity measure and
any of the control variables: Complexity does not seem to
vary systematically in response to the duration of the stim-
ulus (Duration), its loudness (Loudness RMS), its tempo
(Initial Tempo BPM, Final Tempo BPM), tempo change
(Tempo Drift BPM), tempo instability (Absolute Tempo
Drift BPM), or microtiming (Microtiming Seconds SD,
Microtiming Beats SD).

Table 2. Number of wins for each stimulus among participants with high (MSI Training> 26.52) or low (MSI Training < 26.52) musical

expertise.

Stimulus 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

High Training 14 22 16 12 23 32 30 31 25 24 33 53 34 48 48 49 48 45 43 50

Low Training 19 16 23 29 21 25 34 26 32 38 49 39 47 47 53 42 57 61 59 69

Stimulus 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

High Training 58 59 66 73 66 81 60 62 79 64 67 66 72 74 72 65 81 74 86 95

Low Training 49 63 64 71 63 64 86 85 73 75 73 74 83 84 73 84 76 88 93 93

Table 3. Mean, standard deviation, skewness, and excess kurtosis

of the Perceived Complexity estimates in the two subsets A and

B. Set A consists of stimuli 2, 4, 5, 9, 10, 12, 14, 15, 16, 18, 20, 23,

25, 29, 30, 31, 33, 37, 38, 39; and set B of the remaining 20 stimuli.

Descriptive statistic Set A Set B

Mean 2.416 2.433

Standard deviation 1.143 1.138

Skewness −0.166 −0.166

Excess kurtosis −1.124 −0.887
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Perceived Complexity and Objective Measures of
Drum Pattern Complexity
How do the subjective Perceived Complexity estimates
relate to existing objective measures of drum pattern com-
plexity? The following analysis has two purposes: first, it
assesses the fit of four objective measures of complexity
and sets an initial benchmark for future complexity model-
ing. Second, it permits the assessment of how the size of the
measurement error of Perceived Complexity relates to the
error variances of the objective measures: The empirical
subjective Perceived Complexity measures are only useful
for the improvement of the objective measures if their mea-
surement error is distinctly smaller than the error variance
of the objective measures. The following four objective
measures are investigated:

− Number of Onsets: The count of all note onsets played
in a pattern is a simple baseline measure of complex-
ity, assuming that more complex patterns tend to
consist of more notes.

− Syncopation Index: Syncopation measure originally
proposed by Witek et al. (2014) in the formalization
by Hoesl and Senn (2018, p. 5–9).

− Revised Syncopation Index: Syncopation index pro-
vided by Hoesl and Senn (2018, p. 10–11), which is
based on Witek et al. (2014) but re-estimates the
weights of the metric positions within the bar.

− Kolmogorov Complexity (BDM): This measure is an
estimated value of the Kolmogorov complexity calcu-
lated using the block decomposition method (BDM)
introduced by Dakos and Soler-Toscano (2017). The
accs (version 0.2–5) and spatialwarnings (version
3.0.3) libraries were used to estimate Kolmogorov
complexity in R.

The Syncopation Index and Revised Syncopation Index
have been designed to register syncopation in the bass
drum and the snare drum voices of a drum pattern; they
do not consider syncopation in the cymbal voices.
Prediction inaccuracies might be caused by syncopation
in the cymbal voices that contribute to stimulus complexity
but are not measured by either of the two methods.

Table 5 shows that all four measures were strongly and
positively correlated with Perceived Complexity. The
observed Pearson correlation coefficients ranged between
r = 0.600 (Number of Onsets) and r = 0.748 (Revised
Syncopation Index). The best methods performed near the
benchmark that Honing and Smith (2006) established for
the monophonic syncopation measures of Longuet-Higgins
and Lee (1984, r = 0.75) and Palmer and Krumhansl
(1990, r = 0.73).

Figure 2 shows scatterplots of Perceived Complexity
(vertical axis) against the four objective measures (horizon-
tal axis). It reveals that the syncopation-based measures
have poor discrimination in the lower syncopation range.
The best-fitting model, Revised Syncopation Index, predicts
Perceived Complexity with a coefficient of determination of
R2 = 0.560. When regressed on Revised Syncopation
Index, the Perceived Complexitymeasurements have a stan-
dard deviation of s = 0.844 about the estimated mean.
This variability is greater than the measurement error of
the Perceived Complexity estimates of σ̂β = 0.175. This
implies that even the best of the four methods can be
improved without overfitting the data.

Stimuli and Data Availability
The audio reconstructions of the stimuli (mp3), transcriptions
in drumset notation (transcriptions.pdf), and all information
used to create the stimuli (drumpatterns.Rda) can be found
online at Authors’ online resources. These resources also
provide anonymized demographic information about the
220 participants (participants.Rda), the outcomes of the
4,400 pairwise comparison trials (contests.Rda), discographic
information, perceived complexity measures, control vari-
ables, and further information about the 40 stimuli
(stimuli.Rda, p_matrix.Rda, se_matrix.Rda). Discographic
information about the 40 drum patterns is presented in
Appendix A of this study (Table 6, below).

Discussion
This study presents a set of stimuli consisting of 40 drum
patterns drawn from Western popular music. These
stimuli replicate the original drum patterns faithfully by
using information from detailed transcriptions in drumset
notation, measurements of highly precise note onset
timing, and subjective assessments of each stroke’s loud-
ness, provided by two experienced professional musicians.
Drum patterns can be heard alone quite frequently in this
kind of repertoire: Many songs start with a solo drum
pattern (examples are Michael Jackson’s “Billie Jean,”
Stevie Wonder’s “Superstition,” or Led Zeppelin’s “When
The Levee Breaks”) or there may be a drum break later in
the song (e.g., James Brown’s “Funky Drummer” or The
Winstons’ “Amen, Brother”). Consequently, drum patterns
are likely to evoke a naturalistic listening experience and
may be used for experiments that aim at ecological validity.
Drum patterns are considered essential elements of groove

Table 4. Pearson correlation coefficients (r) of control variables
with Perceived Complexity.

Control variables r t df p

Duration 0.274 1.759 38 .087

Loudness RMS 0.222 1.402 38 .169

Initial Tempo BPM −0.122 −0.756 38 .454

Final Tempo BPM −0.105 −0.649 38 .520

Tempo Drift BPM 0.193 1.214 38 .232

Absolute Tempo Drift BPM 0.175 1.093 38 .281

Microtiming Seconds SD 0.252 1.609 38 .116

Microtiming Beats SD 0.288 1.856 38 .071
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in Western popular music; hence this set of stimuli will be
particularly useful for groove research.

The high similarity of the audio reconstructions with the
originally recorded drum patterns comes at the cost of exper-
imental control: The stimuli do not just vary with respect to
complexity but show differences in many other dimensions.
To account for the effect of these types of variation, a series
of control variables has been operationalized that allow exper-
imenters to monitor the effects of nuisance variability. All data
that informed stimuli creation have been provided as a dataset
(drumpatterns.Rda). This information can be used to develop
further control variables or to create new stimuli sets in which
specific types of nuisance variability are suppressed.

The listening experiment provided a subjective measure
of Perceived Complexity for each of the 40 popular music
drum pattern stimuli. Since the Perceived Complexity esti-
mates are equivalent to the Bradley–Terry coefficients β̂,
they have a clear probabilistic interpretation: They allow

the estimation of the probability that any of the 40 stimuli
wins a pairwise comparison trial against any of the other
stimuli in the surveyed listener population. To our knowl-
edge, this is the first stimulus set in the music domain that
offers this intuitive interpretation of measurements. The
analysis further suggests that the stimuli cover a complexity
range that is noticeable for the vast majority of listeners and
that they fill this range in a more or less equidistant way.

We did not find an effect of musical training on the com-
plexity judgments of the participants. Consequently, it is
plausible that the participant sample was drawn from a
homogenous population with respect to their ability to
discern differences of complexity. This result contributes
a nuance to the general findings in music psychology that
music training enables superior discrimination across
many domains of music perception (Besson et al., 2007;
Chartrand et al., 2008; Neuhaus et al., 2006; Penhune, 2019):
Musical training does not appear to alter perception of

Table 5. Pearson correlations of four measures of rhythm complexity with Perceived Complexity.

Method Source(s) r t df p R2

Number of Onsets Ad-hoc measure 0.600 4.626 38 <.001 0.360

Syncopation Index Witek et al. (2014); Hoesl and Senn (2018) 0.701 6.057 38 <.001 0.491

Kolmogorov Complexity (BDM) Dakos and Soler-Toscano (2017) 0.736 6.693 38 <.001 0.541

Revised Syncopation Index Hoesl and Senn (2018) 0.748 6.953 38 <.001 0.560

Figure 2. Scatterplots of Perceived Complexity against four objective measures of rhythmic complexity: Number of Onsets, Kolmogorov
complexity (BDM), Syncopation Index, Revised Syncopation Index; see also Table 5.
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complexity in popular music drum patterns. This counterintu-
itive result might be due to the ubiquitous presence of popular
music in the media of the globalized West: An adult person
with intact hearing is likely to have heard songs from this rep-
ertoire on many thousand occasions during their lifetime. So,
people both with and without formal music training might
implicitly be familiar with the properties of popular music
drum patterns by sheer exposure.

It would be interesting to repeat this study’s experiment
with children, adolescents, and adults to investigate whether
these groups show different abilities to distinguish between
complex and simple stimuli. Carrying out this experiment
with professional drummers/percussionists could poten-
tially also lead to a different result, as this population may
not only consider the perceived complexity of the patterns
but also the difficulty of learning and playing them. We
did not explicitly collect data from the highly proficient
drummer population, so this hypothesis cannot be tested
on the basis of this study’s data.

We did not find significant relationships between eight
loudness-, tempo-, or microtiming-related control variables
and the Perceived Complexity estimates. This result does
not imply that these variables are irrelevant as predictors
of perceived complexity in general. It simply indicates
that, for these 40 stimuli, in which these variables take idi-
omatic values, no systematic relationship of these variables
with Perceived Complexity was observed. However, more
extreme manipulations of the control variables (such as
strongly increasing or decreasing the tempi), are likely to
affect the perceived complexities of the stimuli.

Four objective measures of stimulus complexity were pos-
itively correlated with the Perceived Complexity estimates.
The two best fitting measures (Kolmogorov Complexity,
Revised Syncopation Index) approached the benchmark of r =
.75 established by Honing and Smith (2006). However, with a
fit of R2 = .560, not even the Revised Syncopation Index can
be recommended without reservation as a reliable measure of
drum pattern complexity; there is considerable room for
improvement. Recently, Senn (2023) presented an objective
method for the estimation of drum pattern complexity based
on ideas from predictive coding, which had an excellent fit
with the empirical data (R2 = .852).

Experimenters can use the complexity measurements,
the control variables (stimuli.Rda), and the pairwise signifi-
cance test data (p_matrix.Rda) to choose drum pattern
subsets according to their specific requirements. The pair-
wise comparison data (contests.Rda) is available if
researchers want to add new stimuli to the set; in this case
it will be necessary to measure the perceived complexity
of the new stimuli against each other and in relation to
the existing stimuli in the course of a listening experiment
and fit a Bradley–Terry model to the combined data.

The stimulus set and measurements have a series of lim-
itations. First, the drum patterns are drawn from commercial
recordings of Western popular music; they only cover the
complexity range that is idiomatic within this repertoire.
Consequently, these stimuli will not be adequate for

studies that investigate the effects of extremely high or
low complexity. Second, rhythm is the primary source of
complexity in these drum pattern stimuli. Other types of
complexity (harmonic, melodic, formal, or others) are not
varied in this stimulus set. This means that experimental
results based on these stimuli will not permit statements on
musical complexity in general. Third, we can expect that the per-
ceived complexity of a stimulus decreases with familiarity
(Hannon et al., 2012).We did not measure participants’ familiar-
ity with the stimuli, and therefore we cannot assess the relevance
of this effect for this study. The complexity measurements rely
on the perception of participants that predominantly live in
Western, educated, industrialized, rich and democratic
(WEIRD) countries (Muthukrishna et al., 2020). Researchers
should be aware that experimental results based on these
stimuli are primarily valid for the sampled repertoire and popu-
lation. It may not be warranted to generalize results to different
musical repertoires and to other human populations (Apicella
et al., 2020; Henrich et al., 2010; Jacoby et al., 2021).

Conclusion
This study (1) presented a set of forty naturalistic stimuli
that vary along a complexity dimension. (2) It provided a
perceived complexity measurement that has an intuitive
probabilistic interpretation for each of the stimuli. (3)
These subjective measurements were then used to test exist-
ing objective measures of drum pattern complexity and to
formulate a benchmark for future objective measures. The
stimuli are more naturalistic than those presented in
Clemente et al. (2020) and are associated with a ground
truth measurement of complexity that is more accurate
than the Indices of Syncopation found in Hoesl and Senn
(2018) and Witek et al. (2014). The stimulus set and percep-
tual complexity measurements will be a useful resource for
listening experiments in which stimulus complexity is a rel-
evant independent variable. They also allow one to assess
how well objective measures of stimulus complexity
predict subjectively perceived complexity. They will
support the development of reliable objective complexity
measures that are closely aligned with empirical subjective
measurements, and they will allow theories and definitions
of musical complexity to be investigated. The set will
enable the testing of hypotheses on the relationship
between stimulus complexity and the experience of
groove, building on work by Witek et al. (2014),
Matthews et al. (2019), Sioros et al. (2022) and Stupacher
et al. (2022). The stimuli will also be useful for the devel-
opment of complexity models that are based on cognitive
theories (e.g., predictive coding or dynamic attending
theory, see Senn, 2023) potentially contributing to a
better understanding of subjectively perceived complexity.
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Appendix

Appendix A: Discographic Information

Table 6. Discographic source information on the 40 drum patterns.

Stimulus Original recording (song title, act, album title, year)

Original

drummer Minutage Audiofile

1 A Kind of Magic, Queen, A Kind of Magic, 1986 Roger Taylor 0:26–0:35 01_TayR_2.mp3

2 (Sittin’ on) The Dock of the Bay, Otis Redding, The Dock of the Bay,

1967

Al Jackson Jr. 0:28–0:39 02_JacA_2.mp3

3 Smells Like Teen Spirit, Nirvana, Nevermind, 1991 Dave Grohl 0:34–0:44 03_GroD_3.mp3

4 Boogie Wonderland, Earth, Wind & Fire, I Am, 1978 Ralph Johnson 0:32–0:41 04_JohR_2.mp3

5 Vultures, John Mayer, Continuum, 2005 Steve Jordan 0:01–0:12 05_JorS_2.mp3

6 Kashmir, Led Zeppelin, Physical Graffiti, 1974 John Bonham 0:18–0:32 06_BonJ_5.mp3

7 Street of Dreams, Guns N’ Roses, Chinese Democracy Josh Freese 1:13–1:26 07_FreJ_3.mp3

8 Change the World, Eric Clapton, Phenomenon, 1996 John Robinson 2:41–2:53 08_RobJ_3.mp3

9 Let’s Dance, David Bowie, Let’s Dance, 1982 Omar Hakim 0:08–0:18 09_HakO_3.mp3

10 Space Cowboy, Jamiroquai, The Return of the Space Cowboy, 1994 Derrick

McKenzie

0:07–0:18 10_McKD_2.mp3

11 I Feel for You, Prince, Prince, 1979 Prince 2:44–2:57 11_NelP_5.mp3

12 Virtual Insanity, Jamiroquai, Travelling Without Moving, 1996 Derrick

McKenzie

0:09–0:21 12_McKD_3.mp3

13 Bravado, Rush, Roll The Bones, 1991 Neil Peart 0:08–0:19 13_PeaN_4.mp3

14 Let’s Go Dancin’, Kool & The Gang, As One, 1982 George Brown 1:20–1:35 14_BroG_5.mp3

15 Discipline, Nine Inch Nails, The Slip, 2008 Josh Freese 0:55–1:04 15_FreJ_5.mp3

16 Pass the Peas, The J.B.’s, Food For Thought, 1971 Jabo Starks 0:17–0:28 16_StaJ_4.mp3

17 The Pump, Jeff Beck, There & Back, 1980 Simon Phillips 4:02–4:18 17_PhiS_5.mp3

18 Roxanne, The Police, Outlandos d’Amour, 1978 Stewart

Copeland

1:02–1:14 18_CopS_1.mp3

19 Dreamin’, Loleatta Holloway, Loleatta, 1976 Earl Young 0:20–0:33 19_YouE_5.mp3

20 Soon I’ll Be Loving You Again, Marvin Gaye, I Want You, 1975 James Gadson 1:05–1:17 20_GadJ_1.mp3

21 Summer Madness, Kool & The Gang, Light Of The Worlds, 1974 George Brown 1:52–2:05 21_BroG_4.mp3

22 Listen Up!, The Omar Hakim Experience, We Are One, 2014 Omar Hakim 1:54–2:10 22_HakO_2.mp3

23 Jungle Man, The Meters, Rejuvenation, 1974 Joseph Modeliste 0:00–0:13 23_ModJ_5.mp3

24 Shake Everything You Got, Maceo Parker, Roots & Grooves, 2007 Dennis

Chambers

1:52–2:08 24_ChaD_5.mp3

25 Chicken, Maceo Parker, Mo’ Roots, 1991 Bill Stewart 0:11–0:24 25_SteB_4.mp3

26 Cissy Strut, The Meters, The Meters, 1968 Joseph Modeliste 0:03–0:16 26_ModJ_3.mp3

27 Far Cry, Rush, Snakes & Arrows, 2006 Neil Peart 0:50–1:03 27_PeaN_2.mp3

28 Alone+ Easy Target, Foo Fighters, Foo Fighters, 1994 Dave Grohl 0:22–0:34 28_GroD_5.mp3

29 Soul Man, The Blues Brothers, Briefcase Full Of Blues, 1978 Steve Jordan 0:21–0:31 29_JorS_3.mp3

30 Ain’t Nobody, Rufus & Chaka Khan, Stompin’ At The Savoy Live, 1982 John Robinson 2:22–2:33 30_RobJ_1.mp3

31 Diggin’ On James Brown, Tower Of Power, Soul Vaccination Live, 1998 David Garibaldi 0:08–0:17 31_GarD_5.mp3

32 In the Stone, Earth, Wind & Fire, I Am, 1978 Ralph Johnson 0:53–1:03 32_JohR_3.mp3

33 Southwick, Maceo Parker, Mo’ Roots, 1991 Bill Stewart 0:13–0:26 33_SteB_1.mp3

34 You Can Make It if You Try, Sly And The Family Stone, Stand!, 1968 Greg Errico 2:47–2:58 34_ErrG_1.mp3

35 The Dump, Lettuce, Live in Tokyo, 2003 Adam Deitch 5:58–6:10 35_DeiA_3.mp3

36 Killing In the Name of, Rage Against The Machine, Rage Against The

Machine, 1992

Brad Wilk 0:17–0:30 36_WilB_3.mp3

37 Cold Sweat, James Brown, Cold Sweat, 1967 Clyde

Stubblefield

0:08–0:18 37_StuC_4.mp3

38 Hyperpower!, Nine Inch Nails, Year Zero, 2006 Josh Freese 0:00–0:16 38_FreJ_4.mp3

39 Rock Steady, Aretha Franklin, Young, Gifted And Black, 1971 Bernard Purdie 2:30–2:44 39_PurB_5.mp3

40 Jelly Belly, Medeski Martin & Wood, Shack-Man, 1996 Billy Martin 0:20–0:31 40_MarB_4.mp3
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Appendix B: Design of the Listening Experiment
The 40 stimuli were divided into two sets of 20 (uppercase and
lowercase sets). Each stimulus in one set was matched with one
stimulus in the other set that had the same (or very similar)
Index of Syncopation. The goal was to create two sets that uni-
formly covered the entire complexity range. Each stimulus was
then randomly assigned an uppercase or lowercase letter label.
The labels of the stimuli are listed in Table 1.

Phase 1. Each of the 19 rows in Table 7 shows 10 pairs of
letters from A to T. Every sequence contains each letter
exactly once and, across the 19 rows, all 190 pairwise combi-
nations of letters appear exactly once. The sequence of letters
within each pair and across the 10 pairs were counterbalanced.

Each participant was randomly assigned to 1 of the 19
rows and to a starting set (upper- or lowercase). The partic-

ipant first carried out the 10 trials with the stimuli from the
starting set, as specified by the row, and then the 10 trials
with the stimuli from the other set, specified by the same
row. So, if a participant was assigned row 4 and started
with the uppercase set, the trials first presented JS, BI,
KP, …, DQ in trials 1–10, and then stimuli js, bi, kp, …,
dq from the lowercase set were presented in trials 11–20.

Phase 2. In phase 2, participants carried out 20 trials. In
each trial, they compared one stimulus from the uppercase
subset and one stimulus from the lowercase subset. The
stimuli were selected to have the same complexity rank in
their respective set after phase 1. These pairs were: fL,
Ca, lQ, sO, cB, Iq, Mi, Jh, Hb, oG, mP, Aj, kN, dF, Tn,
Dp, gK, St, Er, eR. The sequence of trials was randomized
for each participant.

Table 7. Design of the listening experiment, phase 1. Each participant was randomly assigned 1 row and carried out all pairwise

comparisons (trials) of this sequence for the 20 uppercase and the 20 lowercase stimuli.

Trial

Row 1 2 3 4 5 6 7 8 9 10

1 KS IL JP EH CQ RT GA OF DM NB

2 HO DL KB GF IT EQ MR PS AC NJ

3 NG AT CM KR EJ DF BH PL IQ OS

4 JS BI KP LC AM TF ON RE GH DQ

5 OD TE LG QK IC HF SA MJ PN BR

6 JF MS DE RA TH QG PB NL CK OI

7 IH QN KO EB PA FL GM RS DC TJ

8 RO ND KI SE AJ GT ML PH FC BQ

9 EA OT IG PF HD MK QR JL NS BC

10 GJ AH CS FN OE DK TM IR LB PQ

11 AD SH NC LT OG RJ KE BM PI FQ

12 HL OC GK ST JD NI RF MQ AB EP

13 TD IJ KH OM AF LQ EN PR GC BS

14 NA CJ KT EI BF LO QS HR GD PM

15 PO AQ GS ID CT EL NR FK HM JB

16 GB KJ NH DS OA CP MI RL FE TQ

17 GE JH DP IA FS OQ NM CR LK BT

18 NT EM FI QJ AK CH BO PG SL RD

19 GR EC OJ NK LA FM HQ BD IS PT
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