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CHAPTER 1

Introduction

Aphasia is an acquired communication disorder resulting from damage to language regions of the
brain. Stroke is the leading cause. Currently, there are approximately two million individuals in the
United States living with aphasia, a disorder that has profound effects on an individual's quality of
life and capacity for self-expression (Simmons-Mackie and Cherney, 2018). While many individ-
uals with aphasia experience some language recovery post-stroke (Basso et al., 1979; Kertesz and
Mccabe, 1977; The REhabilitation and recovery of peopLE with Aphasia after StrokE (RELEASE)
Collaborators et al., 2021; Wilson et al., 2023), there is signi cant individual variability in recovery
trajectories and in what therapeutic elements work best in aiding such recovery.

Speech-language pathologists frequently use rhythmic elements (e.g., tapping to a beat, pacing)
in clinic in order to facilitate speech output in individuals with aphasia. The use of these techniques
is largely based on early reports suggesting that music abilities are relatively spared, speci cally
in those with non- uent aphasia who have relatively preserved auditory comprehension (Gerstman,
1964; Symonds, 1953). These observations led to the development of more established therapies,
including speech-entrainment (Fridriksson et al., 2012) and, most notably, Melodic Intonation Ther-
apy (MIT), recognized as one of the most formalized therapies for aphasia (Benson et al., 1994).
MIT is an intensive, multi-level program which incorporates several musical elements including
rhythmic left-hand tapping, unison singing with a therapist, and melodic intoning of words and
short phrases (Albert et al., 1973; Sparks et al., 1974; Sparks and Holland, 1976). While MIT has
many active ingredients, rhythm is a common factor among many of them (e.g., unison singing
involves rhythmic social interaction and anticipation of temporally predictable information). Ad-
ditionally, some work suggests that the rhythmic dimension of MIT may be a driving factor in its
ef cacy (Boucher et al., 2001; Stahl et al., 2011).

Despite the frequent clinical use of rhythm techniques, both as an impromptu tool used in
speech-therapy sessions and as part of established protocols, there is little empirical research on
rhythm in aphasia at both a neural and a behavioral level (see Section 3.1 for an overview of this

literature). Neural information is crucial to investigate given that lesion location is the most impor-



tant predictor of longitudinal recovery from aphasia (e.g., Wilson et al., 2023). Such work is needed
to answer practical clinical questions aligned with precision medicine approaches (Collins and Var-
mus, 2015; Denny and Collins, 2021), for exampi¢ho are the best candidates for rhythm-based
interventions?andDoes lesion location reliably predict a patient's tapping abilitieg?en further,

there is to date a need for a comprehensive understanding of the brain regions important for musical
rhythm in a healthy, neurotypical population - a requisite for understanding what happens to this
network following brain injury.

This dissertation begins to Il these critical gaps in knowledge with two main aims:

1. Identify a brain network for musical rhythm in neurotypical adults (Chapter 2, previously
published inNeuroscience & Biobehavioral Reivews, 2D2Pachieved this by conducting
a meta-analysis and systematic review of 30 functional magnetic resonance imaging (fMRI)
studies of musical rhythm. This chapter also serves as groundwork for subsequent studies
investigating a) the neural bases of rhythm in clinical populations and b) the relationship

between rhythm and other cognitive domains.

2. Characterize rhythm abilities, and their relationship with lesion location and language pro-
les, in individuals with chronic, post-stroke aphasia (Chapter 3). Taking an individual differ-
ences approach, | assessed neural and behavioral predictors of rhythm production and percep-
tion abilities in 33 individuals with aphasia. My deep and systematic empirical assessment
of rhythm provides new clinical directions for individualizing aphasia treatment strategies

(Chapter 4).

To address the above aims, | use multiple methods in cognitive neuroscience, speci cally func-
tional magnetic resonance imaging (fMRI) and lesion-symptom mapping (LSM). It is worth noting
that these methodologies are complementary, but do provide different types of information about
brain structure-function relationships. fMRI provides information about which brain regions are
recruited for, or associated with, a particular cognitive function and not about which regions are
absolutely essential for that function; that is, fMRI is correlational in nature.

LSM on the other hand can provide more causal information about brain-behavior relationships
(Vaidya et al., 2019). At a basic level, if a lesion results in a cognitive de cit it follows that part

of the lesioned brain area must be necessary for that cognitive function. Of course, there is not
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a one-to-one determinate mapping between speci ¢ brain areas and cognitive abilities (the picture
is almost always more complicated) and current instantiations of LSM have methodological and
neurobiological constraints that prevent purely causal inference (Seghier and Price, 2023). How-
ever, LSM can provide considerable information about the necessity of a brain area for a cognitive
function given, in the case of stroke, the sudden onset of focal brain damage and ensuing behavioral
changes. Functional imaging and LSM methods should be combined for an integrative understand-
ing of cognitive neuroanatomy (Price and Friston, 2002; Rorden and Karnath, 2004), and are used
together in the present work to understand the spatial organization of rhythm, and how this may
relate to language outcomes in aphasia.

A central theme of this dissertation is the dissemination of accessible research materials, and
communication of ndings to individuals with aphasia and their loved ones. Inspired by my work
with the Aphasia Group of Middle Tennessee, | have developed aphasia-friendly research materials
wherever possible (see Appendix for materials used in the research study for Aim 2) and, as in our
prior work (Levy et al., 2022), plan to publish in a peer-reviewed journal an aphasia-friendly version
of this work alongside the more traditional academic manuscript version. Individuals with aphasia
and their loved ones — those who may bene t the most from this work — deserve opportunities
to access and feel empowered to understand research information and learn from the work they
contributed to. It is my hope that the Life Participation Approach to Aphasia (LPAA) (Chapey
et al., 2000) can be integrated with aspects of academic research and that this work takes some steps
in that direction.

These chapters, with both clinical and basic science applications, provide new, in uential knowl-
edge on the brain basis of musical rhythm and specify a relationship between rhythm, the brain, and

language in aphasia.



CHAPTER 2

Identifying a brain network for musical rhythm: A functional neuroimaging meta-analysis

and systematic review

This chapter has been previously publishBdsdan, A. V., Burgess, A. N., Pizzagalli, F., Scartozzi,
A., Chern, A., Kotz, S. A., Wilson, S.M. & Gordon, R. L. (2022). Identifying a brain network for
musical rhythm: A functional neuroimaging meta-analysis and systematic review. Neuroscience &

Biobehavioral Reviews, 136, 104588.

2.1 Introduction

Humans spontaneously and effortlessly move to and perceive musical rhythms from the earliest
days of infancy (Cirelli et al., 2016; Phillips-Silver and Trainor, 2005; Winkler et al., 2009) and

in every human culture across the globe (Jacoby et al., 2021; Jacoby and McDermott, 2017; Polak
et al., 2018). Rhythm — the pattern of time intervals in a sequence — is often perceived in the context
of a musical beat (i.e., a regular pulse that one can tap to) which can be hierarchically organized
into different meters (e.g., a waltz meter in three or a duple meter in two). Musical rhythms are
ubiquitous and integral to the human experience, and one need only observe a baby listening to a
television theme song or a group of wedding guests on the dance oor to be convinced.

Studies of the neural bases of musical rhythm have been approached from multiple method-
ologies including functional magnetic resonance imaging (fMRI), electroencephalography (EEG),
magnetoencephalography (MEG), voxel-based morphometry, animal work, and human lesion and
cognitive neuropsychology studies (see Merchant et al., 2015 for a review). Across these method-
ologies, it has been well established that coupling/connectivity between cortical auditory and motor
regions is integral to musical rhythm during both active rhythm production and passive rhythm
perception (Cannon and Patel, 2020; Chen et al., 2008a; Patel and Iversen, 2014; Schubotz et al.,
2000). This cortical auditory-motor coupling is situated within a larger cortico-subcortical network
implicated in rhythm processing that, broadly, includes the basal ganglia (BG), cerebellum, sup-
plementary motor area (SMA), premotor cortex (PMC), and temporal and parietal cortices (Damm

et al., 2020 Kotz et al., 2018; Patel and Iversen, 2014).



Functional imaging studies in particular have provided signi cant information about the spatial
functional organization of musical rhythm processing in the brain. As the literature continues to
grow, it is important to determine which ndings converge robustly across studies, circumventing
methodological constraints from a) small samples and b) individual studies that vary considerably
in their speci ¢ stimuli, task demands, and experimental procedures. Neuroimaging meta-analyses
provide one way to synthesize results across individual studies that may be limited by underpowered
sample sizes and/or lenient statistical thresholdingl{&/ et al., 2018). To this end, we conducted
a systematic review and meta-analysis of carefully selected fMRI studies of musical rhythm to iden-
tify networks important for processing beat-based musical rhythms. Our meta-analysis will provide
important information about which brain regions are central for rhythm processing, converging
across studies with different designs.

Evidence from functional neuroimaging (Teki et al., 2011), transcranial magnetic stimulation
(TMS) (Grube et al., 2010b), and neuro-psychological populations (Breska and Ivry, 2018; Grahn
and Brett, 2009; Grube et al., 2010a) suggests that two different timing mechanisms — beat-based
and duration-based timing — may be dissociated in the brain. Beat-based timing, which encodes
temporal intervals relative to the other intervals in a pattern, leading to the percept of a stable pulse,
is thought to engage the SMA and BG, speci cally the putamen bilaterally (Grahn, 2007; Grahn
and Rowe, 2013). The putamen is active for beat prediction and maintenance and works in tan-
dem with the SMA. On the other hand, duration-based timing, which encodes temporal intervals
as a series of single, absolute durations (Merchant, 2014), largely relies on the cerebellum. The
cerebellum establishes temporal predictions (i.e., comparing an expected signal with an outcome),
stores absolute durations, and is important for quick and automatic error detection (Andersen and
Dalal, 2020; Coull et al., 2011; Grahn, 2012; Grube et al., 2010a). However, these two timing
mechanisms, which have been applied to the context of musical rhythm more speci cally, are not
mutually exclusive (Penhune and Zatorre, 2019). Multiple frameworks assert a uni ed and inter-
active account for beat-based and duration-based timing, supported by functional and anatomical
connections between the cerebellum and striato-thalamo-cortical circuits (Bostan and Strick, 2018;
Koch et al., 2009; Petter et al., 2016; Schwartze and Kotz, 2013; Teki et al., 2012). Additionally,
dependent on the task, there can be individual differences in the extent to which these two timing

mechanisms are employed (Grahn and McAuley, 2009). In addition to these regions and primary



auditory and motor areas, parietal regions, which serve as a sensorimotor integration zone between
cortical motor and auditory regions along the dorsal auditory pathway (Hickok and Poeppel, 2007),
are involved in temporal expectations (Coull et al., 2011) and are a key component of the ASAP
hypothesis for musical beat perception (Patel and Iversen, 2014).

Here we aimed to identify a brain network for auditory musical rhythm by conducting a meta-

analysis and systematic review of fMRI studies. The goals of our meta-analysis were three-fold:

1. to identify a network involved in performing musical rhythm tasks, encompassing all the
relevant basic sensory and motor processes, here termed Beat-based (rest baseline) meta-
analysis. We hypothesized that this general network for musical rhythm would encompass
a broad, bilateral network, including primary auditory and motor regions, BG, SMA, and

cerebellum.

2. to identify a more precise network for processing beat-based musical rhythms, above and
beyond basic sensory and motor processes, here termed Beat-based (audio-motor control)
meta-analysis. We hypothesized that including contrasts with more carefully controlled base-
line conditions would reveal neural activation in the BG and SMA bilaterally, highlighting a

set of regions more speci ¢ to processing beat-based musical rhythms.

3. to identify brain regions modulated by beat-based rhythmic complexity (i.e., more complex
rhythms such as syncopated rhythms vs. less complex rhythms, such as isochronous rhythms),
here termed Complexity meta-analysis. We hypothesized that this analysis would reveal acti-
vations in several core regions identi ed in uni ed frameworks for timing (cerebellum, SMA,
BG), along with additional regions important for musical rhythm in frontal and parietal re-
gions. We predicted that there would be potentially greater activation of the cerebellum com-
pared to the BG, as this analysis controlled for simpler, beat-based processes in the baseline

condition.

These three research questions were possible to address with the available data and led us to
bin relevant fMRI contrasts into the two umbrella categories of Beat-based and Complexity. We
then conducted meta-analyses separately for each category. It is important to note that all of the

stimuli within the Complexity category involved rhythms with a beat structure, though the stimuli



varied in how strong or weak the respective beat structure was. We conducted quantitative fMRI
meta- analyses using the Seed-based d mapping software (SDM-PSI) (Albajes-Eizagirre et al., 2019)
and descriptively categorized study variables (e. g., descriptions of stimuli, tasks, fMRI scanning
protocol) to obtain a full picture of the types of studies in this eld.

In addition to identifying brain regions modulated by rhythmic complexity, we also sought to
understand how the Complexity network was modulated by formal musical training. Across mul-
tiple methodologies, some work suggests different patterns of neural activity between musicians
and non-musicians during rhythm-based tasks (Celma-Miralles and Toro, 2019; Chen et al., 2008b;
Habibi et al., 2020; Herdener et al., 2014; Limb et al., 2006; Pollok et al., 2017; Vuust et al., 2005) as
well as structural differences between these two groups in brain regions important for rhythm (Baer
et al., 2015; Chaddock-Heyman et al., 2021; Gaser and Schlaug, 2003; Hutchinson et al., 2003).
However, not all work suggests differences between musicians and non-musicians when processing
musical rhythms (Foster and Zatorre, 2010; Geiser et al., 2009; Stupacher et al., 2017). We wanted
to understand the robustness of a musical experience and rhythmic complexity relationship using a
meta-analytic approach.

Critically, we separated studies within the Beat-based category based on the choice of baseline
condition. Studies either had a) a “rest/silence” baseline or b) an auditory/motor control baseline.
Separating studies in the meta-analysis by these two quite different baseline conditions is essential
for delineating a more representative set of brain regions for musical rhythm processing, beyond the
individual contributions of basic auditory, motor, attentional, or other cognitive processes. Several
meta- analyses in the language domain have found that baseline conditions are critical for identify-
ing precise brain networks for a speci ¢ cognitive/ linguistic process (Adank, 2012; Binder et al.,
2008; Price et al., 2005). Our second and third main analyses (Beat-based audio-motor control
analysis and the Complexity analysis, respectively) thus provide two important ways to narrow in
on regions belonging to a more precise or specialized brain network for musical rhythm, over and

above the hypothesized contributions of basic auditory processing and motor actions.



2.2 Methods

2.2.1 Inclusion of studies

A literature search was conducted in PubMed using the following search criteria: (Brain OR neur*)
AND (rhythm* OR beat OR meter) AND (music*) AND (fMRI OR functional connectivity OR
functional magnetic resonance imaging). This yielded 146 papers on May 15, 2019. Exclusion

criteria at the abstract level included the following:

1. not about music

2. not an fMRI study (e.g., positron emission tomography (PET), voxel-based morphometry
(VBM), etc.)

3. study on a clinical population (e.g., amusia, Parkinson's Disease)

4. not an empirical study (i.e., a review paper)

Of the 146 papers, 84 were excluded based on the abstract. The 62 remaining records were then
screened at the full-text level. Full-text exclusion criteria included the same ones mentioned above

(sometimes not clear from the abstract) along with:

1. study about children or comparison between children and adults

2. region of interest (ROI) or small volume correction (SVC) fMRI analysis only (not permissi-
ble in fMRI meta-analytic software)

3. fMRI contrasts only comparing musicians to non-musicians (i.e., the manipulation of interest
was musical experience)

4. fMRI studies with only resting state, psychophysical interaction (PPI), or independent compo-
nent analysis (ICA) analyses (i.e., analyses of connectivity rather than voxel-wise activation
analyses)

5. coordinate tables not available or could not be obtained from authors

6. study had less than eight subjects

7. fMRI contrasts were not in the auditory modality or only compared auditory rhythms to an-
other modality (e.g., vision)

8. miscellaneous confounding experimental designs

Miscellaneous confounding experimental designs including the following: rhythm processing

during sleep (Lewis et al., 2011), interactions between rhythm, consonance/dissonance, and visual
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cues (Trost et al., 2014), and aesthetic and tempo judgments of rhythm (Kornysheva et al., 2010).
Additionally, there was a family of studies that investigated Pulse Clarity using techniques such
as acoustic feature extraction often paired with kernel PCA or decoding techniques (Alluri et al.,
2012; Burunat et al., 2016; Toiviainen et al., 2014; Tsatsishvili et al., 2018). Though these studies
with more complex analyses provide complementary evidence to studies with more traditional fMRI
analyses (contrasts or parametric manipulations), they were deemed too heterogeneous compared
to the other studies and were thus not included in the meta-analysis. Studies that solely investigated
interval/duration-based timing outside of the context of musical rhythms (e.g., Teki and Grif ths,
2016) or only made comparisons between externally triggered and self-initiated rhythmic move-
ments (Cunnington et al., 2002) were also not included in the meta-analysis.

Of note, we only focus on studies with auditory rhythms in the present meta-analysis. While
some work indicates overlapping brain networks between auditory rhythms and rhythms in the
visual and tactile domains (Araneda et al., 2017; Karabanov et al., 2009), other work suggests
BG activity is greater (Hove et al., 2013) and movement/beat detection is stronger for auditory
compared to visual rhythms (Grahn et al., 2011; Repp and Penel, 2004). In general, the auditory
system is more tightly coupled with the motor system compared to the visual system (Comstock et
al., 2018), which facilitates, for example, better sensorimotor syn- chronization to auditory rhythms.
Additionally, music is experienced primarily in the auditory domain, so we restrict our analyses to
fMRI contrasts explicitly looking at auditory rhythmic stimuli.

Twenty- ve papers t our inclusion criteria and a forwards and backwards citation search in
Google Scholar was conducted on each one. Six additional papers from the citation search were
included (Araneda et al., 2017; De Pretto and James, 2015; Geiser et al., 2012; Konoike et al., 2015;
Lewis et al., 2004; Teki et al., 2011), for a total of 31 unique papers in the nal analysis. The two
papers by Vuust et al., (2006, 2011) were considered as one paper in the meta-analysis, as they were
conducted in the same participants with the same stimulus, albeit slightly different tasks. Thus, the
total number of papers is effectively 30 (Tables 2.1 and 2.2). Coding of all studies was conducted
independently by multiple authors (AK, AC, AS, AB) and other authors (RLG, SMW, FP) were
consulted for ambiguous cases. We conducted our meta-analysis following PRISMA guidelines
(Moher et al., 2009; Page et al., 2021) and neuroimaging meta-analysis recommendatitbeis (M

et al., 2018). See Figure 2.1 for a ow chart of eligible studies.



Figure 2.1: PRISMA owchart (Page et al., 2021), modi ed for our speci c use of selection pro-
cedures for studies included in the meta-analysis. Please see published version for more detailed
caption.
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2.2.2 Beat-based category

The goals of our meta-analysis were rst to identify brain regions important for beat-based musical
rhythm processing and second to identify brain regions modulated by rhythmic complexity. Due to
these experimental questions of interest, as well as the heterogeneity of stimuli and experimental
guestions across studies, relevant fMRI contrasts within papers were divided into two, macroscopic
categories: “Beat-based vs. Non-beat-based Rhythm” (Beat-based) and “More vs. Less Complex
Rhythm” (Complexity).

A note of importance: We describe stimuli in this paper as beat-based and non-beat-based.
These terms, however, should not be equated with the timing mechanisms/frameworks of similar
names (duration-based timing and beat-based timing). That is, the timing mechanisms used to
process beat-based stimuli (blue section of Fig. 2.2) may involve both kinds of timing (as uni ed
frameworks mentioned in the Introduction hypothesize) and the same applies to non-beat-based
stimuli (red section of Fig. 2.2).

Separate meta-analyses were conducted for contrasts in the Beat-based category depending upon
the type of baseline condition. Studies either had a) an auditory/motor control baseline of non-
beat based or scrambled rhythms (e.g., Grahn and Rowe, 2009, 2013; Kornysheva and Schubotz,
2011) or b) a rest/silence baseline (e.g., Chen et al., 2006; Grahn and McAuley, 2009). We did
not include contrasts that exclusively probed tempo changes (e.g., McAuley et al., 2012) or beat
salience via volume manipulations only without additionally varying durational patterns (e.g., Chen
et al., 2006, see more details in Section 2.3 and Fig. 2.2). These contrasts re ected constructs that
were inconsistent with our Beat-based and Complexity categories (see Table S1 in the published
Supplement for contrasts not included in the present meta-analyses, and the rationale for these
decisions).

Within the Beat-based category, three studies (Araneda et al., 2017; De Pretto and James, 2015;
Grahn and Rowe, 2009) reported contrasts with both “rest/silence” as a baseline, as well as a more
appropriate control condition (e.g., hon-beat based rhythms). Because the goal of the Beat-based
analysis was to compare “beat-based” to “non-beat-based” rhythms, and two of these three studies
(De Pretto and James, 2015; Grahn and Rowe, 2009) pooled stimuli across both of these broad cat-
egories (Fig. 2.2) and compared them to rest, those contrasts were excluded from the analysis. Only

the study by Araneda et al. (2017) had two eligible contrasts for the Beat-based analysis (“audio-
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motor control” baseline: beat vs. no-beat rhythms; “rest” baseline: beat rhythms vs. rest). Meta-
analyses were conducted separately for the “auditory control” and “rest” baseline groups within

Beat-based, so this was not a problem of repeated measures.

Table 2.1: Participant characteristics for papers included in the Beat-based meta-analysis.

Study No. Participants Sex Age Musicians?
Araneda et al., 2017 27 not speci ed mean age + SD: 26 + 7.02 yrs
Chapin et al., 2010 13 7 M, 5 F - one participantrange: 20—46 yrs; mean: 28.83 yrs both (m)
unaccounted for
Chen et al., 2006 11 6 M,6 F-one excluded in -range: 19-39 yrs; mean: 27 yrs
nal analyses
Chen et al., 2008a 24 (12/experiment) Experiment 1-6 M, 6 Experiment 1 - range: 20-32 yrs; mean:

Experiment2-6 M, 6 F 23.83 yrs; Experiment 2 - range: 19-34
yrs; mean: 24 yrs

De Pretto and James, 2015 14 8 M, 8 F - two excluded imean: 28.1 yrs; SD: 4.3 yrs

nal analyses
Fedorenko et al., 2012 12 6M,6F range: 18-50 yrs
Geiser et al., 2012 17 9M,8F mean age: 25.1 + 4.4 yrs
Grahn and Brett, 2007 27 19M,8F range: 19-38 yrs; mean: 24.5 yrs both (s/m)
Grahn and McAuley, 2009 35 23M,12F range: 22-46 yrs; mean: 29.9 yrs; SD:

7.2yrs

Grahn and Rowe, 2009 36 21M,15F range: 18-41 yrs; mean: 29 yrs both (m)
Grahn and Rowe, 2013 24 11 M, 13F range: 22—44 yrs; mean: 27 yrs both (s/m)
Kokal et al., 2011 18 18 F range: 19-30 yrs; mean: 23 yrs
Konoike et al., 2012 16 10 M, 7 F-one excluded inrange: 18-28 yrs; mean: 21.9 yrs

nal analyses
Kornysheva and Schubotz, 16 8M,8F range: 22—-29 yrs; mean: 24.8 yrs
2011
Kung et al., 2013 11 6M,5F range: 20-38 yrs; mean: 24.73 yrs; Shes

5.18 yrs

Limb et al., 2006 24 musicians: 9 M, 3 F; non- musicians: mean age: 31 + 6.52 yrs;both (s)

musician: 9 M, 3 F non-musicians: mean age: 34 + 14.9 yrs
Mcauley et al., 2012 15 3M,12F range: 18-52 yrs
Teki etal., 2011 18 IM,9F range: 18-46 yrs; mean: 22.17 yrs

2.2.3 Complexity category: Terminology and selection of contrasts

The word “complexity” has various meanings across studies of timing and rhythm. Here, we de-
ne complexity as the degree of “beat-based-ness” of a rhythm. As an example, syncopated rhythms
(e.g., displacement of regular accentsl as is often used in jazz/folk music such as Maple Leaf Rag by
Scott Joplin) are classi ed as “more complex” and isochronous rhythms (e.g., a steady metronome
beat) are classi ed as “less complex”. See Figure 2.2 for a graphical depiction and nuanced expla-
nation of these terms. Our interpretation of complexity relates to the degree of beat/pulse saliency as
generally driven by durational patterns in sequences rather than intensity manipulations. As an ex-
ample, Chen et al., 2006 used all isochronous rhythms that only differed in how loud the beat was.

Thus, this manipulation of beat saliency did not t with our de nition of complexity. Contrasts
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Figure 2.2: Complexity of rhythm stimuli descriptions from studies included in the meta- analysis.
Please see the Supplement for a fun, interactive version of this gure. Non-beat stimulus terms are
in red and Beat-based stimulus terms are in blue, with less complex rhythms (strong beat structure)
in lighter shades and more complex (weak beat structure) rhythms in darker shades. This gure
re ects a dimensionality reduction of terms, as across papers authors used many terms to describe
their stimuli. Please see published version for more detailed caption.
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in the Complexity category included, for example, parametric increases in the level of beat-based
complexity (Chen et al., 2008b), syncopated deviations compared to regular rhythmic patterns (Her-
dener et al., 2014), or metric and non-metric rhythmic sequences compared to isochronous rhythms
(Bengtsson et al., 2009).

Critically, rhythmic complexity should be considered on a continuum, and this continuum may
not be linear (Matthews et al., 2019; Matthews et al., 2020). We acknowledge there is a subjective
component to how we categorized speci ¢ fMRI contrasts for the Beat-based and Complexity meta-
analyses (more details in Discussion) but we aimed to make our decisions agnostic to the individual
interpretations that authors had made about their own papers in order to nd some common ground
across studies. As an example, we categorize the term “non-metric” as a weak, complex beat-based
stimulus, rather than a stimulus that has no detectable beat whatsoever, though individual studies
have differed in how this term is used, and thus the construct it represents (Bengtsson et al., 2009;

Grahn, 2007).

Table 2.2: Participant characteristics for papers included in the Complexity meta-analysis.

Study No. Participants Sex Age Musicians?
Bengtsson and Wh, 2006 11 11 ™M range: 23-41 yrs; mean: 33 yrs yes
Bengtsson et al., 2009 17 14 M, 3F range: 20-36 yrs; mean: 23.6 yrs
Berkowitz and Ansari, 12 5 M, 8 F - one excluded in mean age: 21.9 yrs yes
2008 nal analyses
Chen et al., 2008b 24 12 M, 12 F "balanced formusicians - range: 19-28 yrs, mean:both (s)
sex” 23.17 yrs; non- musicians - range: 20-32
yrs; mean: 23.83 yrs
Danielsen et al., 2014 19 11 M, 8F range: 23-49 yrs; mean: 35.2 yrs; SD:
6.2 yrs
Foster and Zatorre, 2010 20 musicians - 4 M, 5 F; nonmusicians - mean: 27 yrs; non-musiciansboth (s/m)
musicians - 5 M, 6F - mean: 24 yrs
Grahn, 2007 27 19M,8F range: 19-38 yrs; mean: 24.5 yrs both (s/m)
Herdener et al., 2014 22 22M range: 20-50 yrs both (s/m)
Jungblut et al., 2012 28 17 M, 13 F - two excludedrange: 21-41 yrs; mean: 26.3 yrs
from study
Konoike et al., 2012 16 10 M, 7 F - one excluded inrange: 18-28 yrs; mean: 21.9 yrs
nal analyses
Konoike et al., 2015 23 14 M,15 F-six excluded inrange: 18-25 yrs; mean: 21.4 yrs
nal analyses
Kung et al., 2013 11 6M,5F range: 20-38 yrs; mean: 24.73 yrs; SBes
5.18 yrs mean age: 27 yrs
Lewis et al., 2004 10 5M5F mean age: 27 yrs
Thaut et al., 2008 12 IM3F range: 20-36 yrs; mean + SEM: 26.1yes
1.8yrs
Vuust et al., 2006 18 14 M4 F mean: 29 yrs; SE: 1 yr yes

We included some fMRI contrasts that were slightly inhomogeneous with others in the analysis

to achieve a well-powered analysis. For example, Lewis et al., 2004 de ne complexity based on
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the number of intervals in a sequence (2-interval sequences being less complex than 6-interval
sequences) and while our de nition of complexity differs from that of Lewis et al., 2004, we still

included this contrast in our Complexity analysis.

2.2.4 fMRI contrast inclusion

Several studies had different fMRI contrasts eligible for both the Beat-based and Complexity cat-
egories. fMRI meta-analyses were conducted separately for each category both to avoid repeated
measures (multiple relevant experiments with the same subject group) and to address the experi-
mental aims of the meta-analysis most appropriately. Papers that reported data from the same par-
ticipants (i.e., Vuust et al., 2006; Vuust et al., 2011) were considered one experiment while papers
with two separate subject cohorts (Chen et al., 2008b, 2008a) were considered separate experi-
ments (Turkeltaub et al., 2011). Additionally, several papers had multiple relevant contrasts (e.g.,
“polyrhythmic vs. no movement [listen to isochronous rhythms]” and “polyrhythmic vs. isorhyth-
mic tapping” in Thaut et al., 2008) and in these cases, we chose to include the single “best- tting”
contrast in our analysis (Mler et al., 2018). For studies investigating rhythm working memory
(Chapin et al., 2010; Konoike et al., 2012; Konoike et al., 2015), we chose to include only the
“encoding” phase, where participants were listening to a rhythm, rather than the “maintenance” or
“reproduction” phase where no stimulus was present and participants were instructed to reproduce
the rhythm from memory (potential working memory and self-initiated timing confounds). See Ta-
ble S1 in the published Supplement for contrasts not included in the present meta-analyses, and the
rationale for these decisions.

If authors provided a conjunction analysis table for the relevant contrasts (e.g., Kung et al.,
2013) or a “condensed” version of our construct of interest (e.g., Grahn and Rowe, 2009), we used
this. For example, in Grahn and Rowe, 2009 we used the contrast [volume beat + duration beat —
volume nonbeat + duration nonbeat] rather than choosing either [volume beat-volume nonbeat] or
[duration beat-duration nonbeat]).

Because our analysis was already limited by sample size due to the size of the overall literature,
we included studies that used masks and conjunction analyses (mentioned above) and studies that
did not report deactivations. Excluding studies based on these criteria would have resulted in too

few studies remaining to conduct meaningful meta- analyses.
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2.2.4.1 Justi cation for combined analysis of production and perception contrasts

In our analyses, we pooled perception and production paradigms for two reasons. First, nodes for
rhythm perception and production are in close proximity to one another — these nodes lie along an
anterior/ posterior dimensionality. Evidence for this comes from diffusion tensor imaging (DTI)
work in humans and non-human primates. In the SMA, the anterior pre-SMA is linked with senso-
ry/perceptual functions, while the posterior SMA-proper is linked with production (Schwartze et al.,
2012). This organization of temporal processing is also true for the basal ganglia and its connec-
tions with the SMA (Draganski et al., 2008; Léticy et al., 2004). Other evidence from patient
populations corroborates that these nodes are in close proximity. Patients with Parkinson's Disease
(Bégel et al., 2018b; Grahn and Brett, 2009), focal BG lesions (Schwartze et al., 2011), focal cere-
bellar lesions (lvry and Keele, 1989), or beat deafness (Tranchant et al., 2021) show de cits in both
rhythm perception and production.

Second, a separation by perception/production for each of our three main analyses would have
been too underpowered and thus is not warranted. In light of these reasons, if authors provided
a conjunction analysis of perception and production contrasts, we used the conjunction analysis
instead of choosing either the perception or production contrast. Table 2.3 (Beat-based contrasts
with rest baseline), Table 2.4 (Beat-based contrasts with an audio-motor control baseline) and Table
2.5 (Complexity) provide a comprehensive description of the fMRI contrasts included in each meta-

analysis category.

2.2.5 Descriptive variables

We extracted several variables of interest for each study in the meta- analysis, including 1) musician/non-
musician status of the participants, 2) stimulus category (e.g., sound sequences or real excerpt of
music), 3) type of task/rhythm construct (e.g., passive listening or rhythm working memory), 4)
whether the tasks in each study involved perception or production of rhythm, and 5) fMRI scan-

ning protocol (i.e., sparse sampling or not). We operationally de ned “musician” based on the
number of years of formal musical training, with a minimum of about ve years of formal training

based on included studies (see Table S4 in the published Supplement for details on each study's
de nition/criteria for musicians and non-musicians). Regarding fMRI scanning protocol, we chose

to speci cally focus on the use of sparse sampling designs because of the inherent rhythmicity of
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Table 2.3: fMRI contrasts included in the Beat-based meta-analysis with rest baseline.

Study Contrast analyzed Conditions included in conPerc. or prod. Deactivations  Other notes
trast, if multiple contrast reported?
Araneda et al., 2017 auditory beat vs. rest perc no inclusive mask of all condi-
tions vs. rest
Chapin et al., 2010 "attend 2" rhythms vs. rest perc yes
Chen et al., 2006 isochronous vs. silence prod no
Chen et al., 2008a Exp. 1 conjunction: listen with antici-ambiguous (nonmetric) perc & prod no different group of partici-
pation and tap vs. silence rhythms pants than Exp. 2
Chen et al., 2008a Exp. 2 conjuntion: passive listen, lissimple, complex, ambigu- perc & prod no different group of partici-
ten with anticipation and tap ous (nonmetric) rhythms pants than Exp. 1
vs. silence
Grahn and Brett, 2007 all rhythms vs. rest metric simple, metric conperc no
plex, nonmetric
Grahn and McAuley, 2009 all stimuli vs. rest test and control sequences perc no
Kokal et al., 2011 synchronization to a synco- prod no
pated rhythm vs. random
pauses
Konoike et al., 2012 hythm vs. silence, encoding perc no used an inclusive mask of
phase rhythm vs. baseline (silent
xation) to exclude deacti-
vations in number working
memory task
Kung et al., 2013 tap isochronous vs. silence prod no varying interonset inter-
rvals based on participant
performance in "Tap Beat”
condition
Limb et al., 2006 conjunction of musicians and perc no
non- musicians for [quantized
rhythms vs. rest]
Mcauley et al., 2012 600 ms tempo vs. rest test and control sequences perc no

Table 2.4:
baseline.

fMRI contrasts included in the Beat-based meta-analysis with auditory/motor control

Study Contrast analyzed Conditions included in conPerc. or prod. Deactivations  Other notes

trast, if multiple contrast reported?

Araneda et al., 2017 auditory beat vs.  no-beat perc yes, none sig. inclusive mask of all condi-
rhythms tions vs. rest

De Pretto and James, 2015 regular-1 vs. irregular-1 prod yes, none sig.

Fedorenko et al., 2012 [intact music + pitch scram- perc yes, none sig. statistical parametric map
bled] vs. [rhythm scrambled + (SPM) obtained directly
both scrambled] from the rst author

Geiser et al., 2012 periodic vs. non-periodic se- perc yes
quences

Grahn and Rowe, 2009 beat vs. nonbeat [volume beat + duratiparc no only used data from Exp. 1

beat-volume nonbeat + du- - activations from Exp. 1
ration nonbeat] were used as a functional
localizer for Exp. 2

Grahn and Rowe, 2013 beat vs. nonbeat perc yes

Kornysheva and Schubotz, synchronization vs. ran- [PMv TMS] + [PMv no prod no participants completed two

2011 dom/scrambled rhythms TMS] + [AG TMS] + [AG TMS-fMRI sessions, with

no TMSJ* two fMRI scans per session

Tekietal., 2011 regular vs. irregular sequences perc yes
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Table 2.5: fMRI contrasts included in the Complexity meta-analysis.

Study Contrast analyzed Conditions included in conPerc. or prod. Deactivations  Other notes
trast, if multiple contrast reported?
Bengtsson and Win, 2006 contrast for main effect of [Combined (rhythm + prod no
rhythm melody)+  rhythm] -
[melody + isochronous]
Bengtsson et al., 2009 metric + non-metric rhythmsésochronous, metric, non- perc yes
vs. isochronous metric
Berkowitz and Ansari, 2008 rhythmic improvisation vs. prod yes, none sig.
metronome
Chen et al., 2008b (musician parametric covariation with metric simple, metric com- prod yes, none sig. behavioral measures (%ITI
group) rhythm complexity plex, nonmetric deviation scores) regressed
against brain activity across
all conditions
Chen et al., 2008b (non- parametric covariation with metric simple, metric com- prod yes, none sig. behavioral measures (%ITI
musician group) rhythm complexity plex, nonmetric deviation scores) regressed
against brain activity across
all conditions
Danielsen et al., 2014 transitions (drum breaks) vs. perc yes, none sig.
continuous (repetitive drum
groove)
Foster and Zatorre, 2010 rhythm task vs. auditory con- perc yes
trol (isochronous)
Grahn, 2007 metric simple vs. metric com-metric simple, metric com- perc yes, none sig.
plex + nonmetric rhythms plex, nonmetric
Herdener et al., 2014 syncopated deviations vs. reg- perc no
ular rhythmic pattern com-
pared to rest
Jungblut et al., 2012 regression for rhythm com+egular groupings, regular prod no unclear from Methods sec-
plexity groupings with rests, irreg- tion iffhow a mask was used
ular groupings
Konoike et al., 2012 rhythm (metric) vs. number perc no used an inclusive mask of
(isochronous) working mem- rhythm vs. baseline (silent
ory control, encoding phase xation) to exclude deacti-
vations in number working
memory task
Konoike et al., 2015 rhythm (metric) vs. numberconjunction across 4 effec- perc no used an inclusive mask of
(isochronous) working mem- tors (right nger, left nger, rhythm vs. baseline (silent
ory control, encoding phase  right foot, mouth) xation) to exclude deacti-
vations in number working
memory task
Kung et al., 2013 Conjunction of [ nd beat — lis- collapsed across perfectly perc & prod no varying inter-onset- inter-
ten isochronous] + [tap beat — metric, strongly metric, vals for isochronous con-
tap isochronous] metric, weakly metric dition based on participant
levels, two tempi (fast, performance in “Tap Beat”
slow) and meter (duple or condition
triple meter)
Lewis et al., 2004 parametric analysis for syn-2, 4, 6 interval rhythms prod no
chronize phase
Thaut et al., 2008 polyrhythmic vs. isorhythmic 2 Hz and 3 Hz stimulus and prod yes
tap counter meter vs. tap tapping rates
Vuust et al., 2006 tap counter meter vs. tap main prod yes, none sig. we chose to include only

meter

the contrast from the 2011

paper to avoid issues of re-

peated subjects in the same
analysis

fMRI scanner noise, which could confound the processing of auditory rhythmic stimuli presented

during experiment blocks. The unit of analysis for the descriptive categorization of study variables
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was manuscript, while the unit of analysis for the coordinate-based fMRI meta-analyses was fMRI

contrast.

2.2.6 Meta-analysis using SDM-PSI

We used the Seed-based d mapping software (SDM-PSI) (Albajes-Eizagirre et al., 2019), version
6.12, to conduct coordinate-based meta-analyses (CBMA). SDM aims to recreate the original activa-
tion maps (“study image”) at the group level of the individual experiments before they are combined
into a meta-analytic map. SDM does this by imputing a 3D effect size image for each study. In the
rst step, SDM generates Hedge's g effect size and variance from the t values for each activation
peak for each study. During this preprocessing step, each peak is convolved with a Gaussian kernel,
and upper and lower bound estimates of effect size are calculated. Second, the most likely effect
size and variance for each study are estimated using maximum likelihood estimation. Third, SDM
conducts imputation of the subject images via multiple imputations (Rubin (1987)). The maps from
each imputation dataset are combined for the meta-analysis which is t with a standard random-
effects model. Fourth, the meta-analytic maps resulting from the different imputation datasets are
combined using Rubin’s rules (Rubin (1987)). Finally, subject-based permutation testing is con-
ducted to control for the familywise error rate (FWER).

For each contrast of interest (as identi ed in Tables 2.3, 2.4 and 2.5), the peak coordinates of
activity (in either Montreal Neurological Institute (MNI, Evans et al., 1993) or Talairach space (Ta-
lairach, 1988) and the corresponding t-value, along with participant sample size and the t-threshold
for each study, were entered as input for the SDM meta-analyses. Before conducting the meta-
analyses, coordinates reported in Talairach space were converted to MNI space by the SDM soft-
ware. In some instances, statistical signi cance was reported as z-values, in which case values were
converted to t-values using the “convert peaks” function in SDM. In studies where no t or z value
was reported, a 'p' or an "n', denoting positive or negative direction of activation, was entered, as
recommended by SDM.

Only studies that reported activations at the whole-brain level were included. When studies
reported whole brain and small volume correction (SVC) or a-priori ROI activations, we only in-
cluded coordinates that met the whole brain threshold and excluded coordinates that did not meet

this threshold or were reported with a different threshold. We also excluded contrasts where one
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experiment was used as a functional localizer for another (e.g., experiment 2 of Grahn and Rowe,
2009).

SDM-PSI offers some advantages over other fMRI coordinate-based meta-analytic software,
including ALE (Eickhoff etal., 2009). Speci cally, SDM allows for the inclusion of peak coordinate
deactivations (in addition to activations) as well as measures of effecttsize yalues) for each
peak. Thus, SDM assesses the effect size of activation/deactivation for each voxel (i.e., whether
effects are null or not in a given voxel), while ALE measures the degree of overlap, or convergence,
in peak activations (i.e., whether activation in one voxel is more common/above chance level than in
another voxel). The SDM software can also conduct meta-regressions and analyses with covariates.

All meta-analyses in the current study were conducted with 50 imputations of study images
and 1000 permutations of subject images for familywise error (FWE) correction for multiple com-
parisons. Pre- processing was conducted within a full brain mask and peaks were convolved with
an anisotropic Gaussian kernel of 20 mm full width half maximum (FWHM) and a 2 mm voxel
size. The use of full anisotropy (anisotropy=1) and the FWHM size were based on standard SDM
guidelines and recommendations from Radua et al. (2014). Thresholds for all results were set using
threshold-free cluster enhancement (TFCE) statistics (Smith and Nichols, 2009) with corrected p
<0.05. To assess publication bias for the Beat-based and Complexity meta-analyses, we report re-
sults of the Egger test as implemented in SDM. The Egger test for funnel plot asymmetry should be
taken as an exploratory assessment of publication bias as it is only conducted on the peak coordinate
of a given cluster. Additionally, it is not recommended to conduct this test with less than 10 studies
(Chandler et al., 2020) and our Beat-based “audio-motor control” analysis had 8 contrasts. Thus,
we did not conduct the Egger test for this analysis. For all analyses, we report measures of effect
size (Hedge's g) and heterogeneity (12, which should also be interpreted cautiously in small studies

(Von Hippel, 2015) in the published Supplement.

2.2.7 Planned analyses

The goals of the meta-analysis were three-fold: 1) identify a general network involved in performing
musical rhythm tasks (Beat-based, rest baseline), 2) identify a more precise network for process-
ing beat-based musical rhythms, above and beyond basic sensory and motor processes (Beat-based,

audio-motor control baseline), and 3) identify regions modulated by rhythmic complexity (Com-
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plexity). Critically, isolating the studies within the Beat-based category that used a low-level audi-
tory/motor control as a baseline condition should reveal a more speci ¢ and representative rhythm
network beyond the contribution of basic auditory and motor processes.

We also sought to understand how the musical experience of participants impacted the pro-
cessing of complex rhythms. To this end, we conducted an additional meta-analysis in SDM with
musician/non- musician as a covariate. Only the Complexity subset of contrasts had an equivalent
number of contrasts with musician and non-musician participants. We did not run a covariate analy-
sis with musicians and non-musicians for the Beat-based studies because it did not relate directly to
our experimental question (rhythm complexity and musical experience relationship). Additionally,

the number of studies in each category would not have been appropriate for such an analysis.

2.3 Results
2.3.1 Descriptive study characteristics
Across all papers included in the meta-analysis, we sought to characterize 1) musical experience
of participants, 2) presence of sparse sampling method, 3) type of stimulus, and 4) type of task
participants completed in the fMRI scanner. Data and gures presented here re ect studies pooled
across the Beat-based and Complexity meta-analyses (i.e., manuscript is the unit of analysis, rather
than fMRI contrast) because some papers were included in both the Beat-based and Complexity
meta- analyses.

First, we extracted information about the musical experience of the participants (Fig. 2.3A).
We de ned “musician” based on the number of years of formal musical training, which was about
a minimum of 5 years. However, the speci c de nition of “professional musician” varied across
papers, consistent with variability in how musicianship is reported in the eld (see Table S4 in the
published Supplement). Across the total 30 papers, 5 included professional musician participants,
17 included non-musician participants, and 8 included both musician and non-musician participants.
Though not our main question of interest, we noted 6 papers made direct comparisons between
musician and non-musicians participants for processing of rhythm (or processing of melody in the
case of Foster and Zatorre, 2010) (see Tables 2.1, 2.2).

Second, we categorized whether papers employed a sparse sampling method (Fig. 2.3B). The

sparse sampling method involves silent delay periods between fMRI volume acquisitions such that
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the loud, rhythmic noise of the scanner does not contaminate the presentation of auditory stimuli
(Hall et al., 1999; Perrachione and Ghosh, 2013. Few studies (n = 8) used sparse sampling.

Third, we categorized the type of stimulus across studies (Fig. 2.3C). Most commonly, studies
used a “simple sound sequence” - a sequence of sounds (usually presented as a pure tone, piano note,
or woodblock sound) with varying inter-onset- intervals, level of complexity (e.g., isochronous, met-
ric), and sequence length (e.g., 11 notes, 5 s, etc.). Studies also used naturalistic music (e.qg., “real”
music not designed for a laboratory setting such as Sting's “The Lazarus Heart” (Vuust et al., 2006;
Vuust et al., 2011), naturalistic music with manipulations, or multi-timbre percussion sequences
(e.g., layers of snare drum, bass drum, hi-hat as in (Herdener et al., 2014). One study used scripted
sheet music, where the participant read off of a visual musical score while listening in real time
to what they were playing (Bengtsson andéui] 2006). Another study used scripted sheet music
with improvisation, where the participant was required to improvise along one dimension (melodic
or rhythmic) while following a visual musical score, also while listening to what they were playing
(Berkowitz and Ansari, 2008).

Fourth, we characterized the type of tasks participants completed in the fMRI scanner (Fig.
2.3D). Several studies required participants to engage in two or three different tasks; each of these
separate “task phases” are represented in the gure (i.e., the denominator for this plot is not 30 (total
number of studies), but rather 36, for studies that had multiple task phases). For example, several
studies had patrticipants complete a “passive listening” and a “tapping” (i.e., synchronize with a
rhythm) task (Chen et al., 2008b; Chen et al., 2008a; Kung et al., 2013; Thaut et al., 2008; Vuust
et al., 2006; Vuust et al., 2011). In Berkowitz and Ansari (2008), participants had to improvise
rhythms on the piano as well as follow a musical score. Overall, there was quite a diverse range
of tasks employed across the studies included in the meta-analysis, with the most common being
tapping (n = 10) and passive listening tasks (n = 10).

Most tasks involved rhythm perception (i.e., passive listening, beat/ meter judgments, non-beat
musical judgments, music attention task, same/different rhythm discrimination). Non-beat musical
judgments included tasks involving intensity discrimination (Geiser et al., 2012) and judgments
about tempo (Grahn and Brett, 2009; Grahn and McAuley, 2009; McAuley et al., 2012) and interval
length (Teki et al., 2011). The two studies using beat/meter judgments either had participants rate

on a Likert scale “How much did the most recent rhythm have a beat?” (Grahn and Rowe, 2013)
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Figure 2.3: Donut/horizontal bar plots of study characteristics: A) musician status; B) scan protocol
(sparse sampling); C) type of stimulus; D) type of task. Visualizations were created using the
inauguration package (C. Bedford-Petersen, 2021).

or had participants complete a “beat vs. no-beat” discrimination task (Araneda et al., 2017). In the
music attention task, participants performed a pitch change detection, though they were also told
by the experimenter to focus on “feeling the beat” when listening to the stimuli (Grahn and Rowe,
2009).

Production tasks included tapping, improvisation, and scripted piano playing. Studies varied in
whether they asked participants to synchronize with the stimulus, tap to a beat, or drum a rhythm.
All these variations are considered under the “tapping” task category. Tasks that explicitly involved
both perception and production of rhythm included working memory (with attend/encode and re-
produce phases) and the singing recall tasks. Most production tasks required participants to use their
right hand or right index nger to execute the rhythms (Bengtsson aneghlJ2006; Berkowitz and
Ansari, 2008; Chapin et al., 2010;Chen et al., 2006; Chen et al., 2008b, Chen et al., 2008a; Konoike
etal., 2012; Lewis et al., 2004; Thaut et al., 2008; Vuust et al., 2006; Vuust et al., 2011), while only
two studies had participants alternate between using their left and right index ngers (Kokal et al.,
2011; Kornysheva and Schubotz, 2011). One study required participants to use multiple effectors

to produce rhythms (right and left index ngers, right foot, mouth (Konoike et al., 2015), one study
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involved singing (i.e., effector was the mouth, (Jungblut et al., 2012) and two studies did not specify

which effector participants used to produce rhythms (De Pretto and James, 2015; Kung et al., 2013).

2.3.2 Beat-based contrasts with a rest baseline

Twelve contrasts (221 participants, 266 activation foci) compared beat-based rhythms to a rest/si-
lence baseline. This analysis revealed 6 signi cant clusters that encompassed large activations in
the left and right temporal lobes (including the striatum and surrounding areas) bilateral cerebellum,
bilateral supplementary motor area (SMA), the right middle frontal gyrus (MFG), and the left ante-
rior thalamus (Table 2.6, Fig. 2.4). There were no signi cant clusters for the reverse contrast (i.e.,
rest> beat-based rhythm). Heterogeneity was low for all peak coordinatesA026) (Deeks et al.,

2021) and the Egger test indicated no evidence of publication bias (see Table S2 in the published
Supplement). Anatomical labelling of cerebellar activations was completed using the atlas from
Diedrichsen and colleagues (Diedrichsen et al., 2009). Brain maps are available open access at our

Neurovault repository: https://identi ers.org/neurovault.collection:12307.

2.3.3 Beat-based contrasts with an audio-motor control baseline

Eight contrasts (164 participants, 140 activation foci) had an auditory/motor control baseline condi-

tion (e.g., scrambled rhythms or non- beat-based auditory stimuli). This analysis revealed 4 signif-

icant clusters in the putamen bilaterally, left rolandic operculum, and left ventral precentral sulcus

(Table 2.6, Fig.2.4). There were no signi cant clusters for the reverse contrast (i.e., non-beat-based
> beat-based rhythm). Heterogeneity was low for all peak coordinates. See Table S2 in the pub-

lished Supplement.

2.3.4 Rhythm complexity

The Complexity analysis consisted of 16 contrasts (270 participants, 165 activation foci). This
analysis revealed 6 signi cant clusters for more compared to less complex rhythms in the bilat-
eral SMA/pre-SMA region, bilateral cerebellum, right supramarginal gyrus and ventral precentral
gyrus/sulcus, left precentral gyrus, left intraparietal sulcus, and right STG/MTG (Table 2.7 and Fig.
2.5). There were two signi cant clusters for the reverse contrast (i.e., less complex vs. more com-

plex rhythms) in the left STG and left putamen. Heterogeneity was low for all peak coordinates and
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