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Abstract

Temporal expectations (e.g., predicting “when”) are a key element of musical rhythms,
which makes these rhythms an excellent way of looking at temporal expectations in the brain.
Temporal expectations can be based on regular, periodic beats, or on predictable patterns with
varying interval lengths (e.g., the morse code of the rhythm). However, it is unknown whether
beat-based and pattern-based expectations utilize different or shared neural networks. In an
fMRI study, 45 participants listened to rhythms and rated their complexity. We used
computational models of periodicity (quantifying beat-based expectations) and predictability
(quantifying pattern-based expectations) to select rhythms that maximally differed on these
aspects. Behaviorally, the absence compared to the presence of beats and patterns both
independently increased the perceived complexity of rhythms. Whole-brain and ROI analyses
revealed that the cerebellum and the SMA showed increased activity for unpredictable
compared to predictable rhythms, which is not in line with previous research. Additionally,
contrary to previous studies, there was no change in activity in the medial temporal lobes and
basal ganglia based on periodicity and predictability differences. Furthermore, multivariate
analyses revealed different activity patterns in the left caudate based on periodicity. However,
contrary to previous research, this was not true for the right caudate, SMA, and putamen.
Additionally, in line with previous absolute time interval research, the cerebellum and MTL
both showed different activity patterns based on predictability differences. However, this was
also true for the caudate, putamen, and SMA. These results especially question the role of the
SMA in processing temporal expectations, suggesting that beat-based and pattern-based
expectations may have been confounded in previous research with factors, such as complexity

task demands, and on-beat tones.



Introduction

The brain uses the temporal structure within sensory input to make predictions about
when something is going to happen in our environment (Nobre & Van Ede, 2018). In this way,
we can deal with sensory input in a flexible and proactive fashion (Rimmele et al., 2018).
These temporal expectations are a key element of musical rhythms. Thus, musical rhythms are
an excellent way of researching temporal expectations. This research shows that sensory
processing is improved for events that are aligned with rhythmic temporal expectations
(Bouwer et al., 2020; Bouwer & Honing, 2015; Herbst et al., 2022; Morillon et al., 2016;
Snapiri et al., 2023; Solli et al., 2025). Furthermore, rhythmic temporal expectations are also
influential for movement (Damm et al., 2020), perception (Nobre & Van Ede, 2018), memory,
and social reward (Fiveash et al., 2023).

Temporal expectations can be based on different types of environmental structural
input. Namely, they can be based on a regular, periodic beat (“beat-based’), but also on
predictable rhythmic patterns (“pattern-based”) (Bouwer et al., 2020, 2023). The beat is the
constant underlying pulse in music, which is what you would tap along to when listening to it.
A pattern is a sequence with differing predictable intervals, which is sort of the morse code of
rhythm. Schwartze and Kotz (2013) propose that these temporal expectations (“when’) are
processed separately from formal structure, which are the identifiable features of the sound
(“what”). However, they do not distinguish between beat-based and pattern-based temporal
expectations for this processing. Thus, from this it is unclear if these types of temporal
expectations have shared or different mechanisms. Additionally, there is quite some research
looking at the neural mechanisms of beat-based expectations (Hoddinott & Grahn, 2024;
Kasdan et al., 2022; Teghil et al., 2019; Teki et al., 2011), but there is less research that looks
directly at the neural mechanisms of pattern-based expectations. Namely, most research into

the neural networks of pattern-based expectations has been done using single interval



paradigms (Breska & Ivry, 2016; Paquette et al., 2017; Teki et al., 2011; Teki & Griffiths,
2016). Here, it is argued that this represents pattern-based expectations, because these
expectations rely on the memorization of these inter-onset interval timings. However, Bouwer
et al. (2026) found that the forming of pattern-based expectations might not rely on precise
representations of these absolute inter-onset intervals. Thus, it remains unclear what neural
networks are involved for pattern-based expectations and whether beat-based and pattern-
based expectations rely on shared or separate neural networks.

Some researchers argue that the processing of these beat-based and pattern-based
expectations relies on a shared neural network. Rimmele et al. (2018) propose that higher
order top-down and motor systems are utilized to prepare sensory information to process it in
a flexible and proactive manner by anticipating its timing. Importantly, they argue that this is
done through a top-down phase reset of neural oscillations for both periodic beats and
aperiodic patterns. There is some EEG research to back up the shared processing of beat-
based and pattern-based expectations. Namely, Cappotto et al. (2023) found that violations of
beat-based and pattern-based expectations were both associated with similar spatiotemporal
patterns of electroencephalogram (EEG) evoked activity modulations. Furthermore, these
were both linked to connectivity increases at late stages of cortical processing.

On the other hand, other research seems to suggest that beat-based and pattern-based
expectations might rely on separate networks. Namely, beat-based and pattern-based
expectations separately and differently affect performance on behavioral tasks. Bouwer et al.
(2020) showed improved detection of targets that were in line with either beat-based or
pattern-based expectations. However, they found that pattern-based expectations improved
target detections even when events were in line with beat-based expectations. Furthermore,
the presence of beat-based expectations decreased off-beat target detection, even when these

targets were in line with pattern-based expectations. Thus, it seems that beat-based and



pattern-based expectations influence target detection with partially separate mechanisms,
which would suggest some separate neural processing. Additionally, Bouwer et al. (2023)
looked at whether learned beat-based expectations and pattern-based expectations affected
ratings of how well probes fitted in rhythms. These probes were during a silent period after
the rhythm was heard. They showed that on-beat probe tones were rated as better fitting than
off-beat probe tones in rhythms that contained beat-based expectations. Furthermore, they
found that pattern-aligned probes were rated as better fitting compared to pattern-unaligned
probes in rhythms with pattern-based expectations, but only for early probes. However, these
effects of beat-based expectations lasted longer than the effects of pattern-based expectations.
Thus, beat-based and pattern-based expectations differently affected performance on this task.
This suggests that these effects may be reliant on different mechanisms.

Additionally, other research shows differing EEG activity for beat-based and pattern-
based expectations, also suggesting that they rely on separate neural mechanisms. Bouwer et
al. (2020) found that at expected time points, beat-based and pattern-based expectations
resulted in weaker P1 and N1 responses regardless of whether the expectations were task-
relevant. However, beat-based expectations uniquely led to an increased N1 responses at
events at unexpected times. Furthermore, Bouwer et al. (2023) found increased spectral power
at beat frequency when listening to, and during a silence after, rhythms with beat-based
expectations. This increased spectral power was also found at pattern frequency when
listening to rhythms with pattern-based expectations, but not during the silence after the
rhythms. This difference in spectral power between beat-based and pattern-based expectations
during the silence period suggests that these temporal expectations use different neural
mechanisms during that time. Additionally, Solli et al. (2025) found an increased P3b
amplitude for predictable compared to unpredictable rhythms. However, only periodic

rhythms induced an entrained modulation pattern. This again shows differing EEG effects



based on beat-based and pattern-based expectations. Lastly, Breska and Deouell (2017) found
that beat-based and pattern-based expectations lead to similar phase concentration
enhancement and anticipatory change in alpha activity. However, only beat-based
expectations led to a depression of preparation-related premotor brain activity when on-beat
events are omitted. They used a single interval discrimination task, so it is unclear whether
this is based on the actual processing of pattern-based expectations. Nevertheless, these
studies taken together suggest that beat-based and pattern-based expectations may rely on a
shared neural mechanism for earlier processing stages in the auditory cortex, but that they do
require different mechanisms at later processing stages.

For beat-based expectations, research seems to suggest that these later processing
stages are in a striato-cortical network consisting of the basal ganglia and supplementary
motor area (SMA). The action simulation for auditory processing prediction (ASAP)
hypothesis theorizes about how these beat-based expectations are processed. This hypothesis
posits that periodic movement is simulated in motor planning regions. This simulation leads
to a neural signal that helps the auditory system predict upcoming beats through connections
with motor planning regions and the parietal cortex (Patel & Iversen, 2014). Cannon and Patel
(2021) propose that this motor planning occurs through neural timekeeping in the SMA,
where activity is tuned to the inter-beat intervals and updated based on auditory cues. This
SMA activity is then orchestrated by the basal ganglia, which selects and disinhibits units of
SMA activity based on contextual input from motor and sensory cortices. If these neural
processes are of a consistent duration, then it would create a self-sustaining cycle of activity
that creates beat-based expectations for auditory processing. Studies using fMRI seem to
confirm the involvement of the SMA and the basal ganglia for processing beat-based
expectations. Teki et al. (2011) found an increased BOLD response in the SMA for beat-based

rhythms compared to rhythms without a beat when participants compared the duration of two



time intervals. Furthermore, a meta-analysis of fMRI studies found that the SMA and basal
ganglia are involved in processing temporal expectations (Teghil et al., 2019). They do not
distinguish between beat-based and pattern-based expectations, but most of the research they
included was based on beat-based expectations. Therefore, this paper probably indicates that
these areas are involved in beat-based expectation processing. Another meta-analysis that did
specifically look at beat-based expectations corroborates the involvement of the SMA and the
basal ganglia for beat-based expectations (Kasdan et al., 2022). Newer research looking at
multi-voxel activity patterns also points to a striato-cortical network for beat-based
expectations. Hoddinott and Grahn (2024) found that strong beat rhythms, as opposed to non-
beat rhythms, led to different multi-voxel activity patterns in the SMA and basal ganglia.
Furthermore, they found that this dissimilarity was associated with beat strength models.
Lastly, EEG research into basal ganglia lesions also indicates the involvement of this brain
region for beat-based expectations. Namely, Criscuolo et al. (2025) found that basal ganglia
lesions led to disruptions in delta-band oscillations whilst focusing on periodic rhythms.
Overall, it seems that there is a striato-cortical network for processing beat-based
expectations.

A different cerebellar-hippocampal network consisting of the cerebellum and the
medial temporal lobes (MTL) seems to be involved in processing interval timing within
rhythms, which is thought to be indicative of processing pattern-based expectations. An fMRI
study found an increased BOLD response in the cerebellum whilst participants compared the
duration of two time intervals in rhythms without a beat compared to beat-based rhythms
(Teki et al., 2011). Furthermore, Teki and Griffiths (2016) showed an increased BOLD
response in the cerebellum as a function of increased jitter in time intervals. They also found
that gray matter volume in the cerebellum was positively associated with precision on more

jittered trials. Additionally, Paquette et al (2017) found a positive association with interval



discrimination and gray matter volume in the cerebellum. Breska and Ivry (2016) also show
that the cerebellum seems to be necessary to time discrete intervals, but only if there is not a
beat present. These results indicate that the cerebellum is involved when time intervals differ
more and are not aligned with a beat. This also seems to be true for the medial temporal lobes
(MTL). Indeed, the MTL also has a larger BOLD response as jitter increased between time
intervals (Teki & Griffiths, 2016). This might indicate that the cerebellum and MTL are
involved for pattern-based expectation, because these expectations rely on processing the
differing intervals between tones. Lee et al. (2020) did find some more direct evidence for the
involvement of the MTL in pattern-based processing. In a meta-analysis, they found that the
MTL is involved in memorizing duration within a sequence of events, such as rhythms. This
is, in essence, memorizing patterns. Therefore, this indicates the processing of pattern-based
expectations. Altogether, this indicates a cerebellar-hippocampal network for processing
pattern-based expectations. However, it is still unknown if actual rhythmic patterns, and not
just single interval timings, are processed in this cerebellar-hippocampal network.

To summarize, EEG studies show mixed results about whether beat-based and pattern-
based expectations rely on shared or different neural networks. On the other hand, fMRI
research seems to indicate separate networks. Although, it is also unclear whether the single
interval results will generalize to complete pattern-based expectations. Therefore, the current
study aims to find the separate or shared neural networks of beat-based and pattern-based
expectations.

For beat-based expectations, | hypothesize that the previously discussed striato-
cortical network processes this type of temporal expectations. Furthermore, I hypothesize that
the discussed cerebellar-hippocampal network processes pattern-based expectations. This is
based on the evidence found from fMRI studies. To find this out, participants will listen to

rhythms varying in periodicity and predictability outside and inside an MRI scanner. They



will also rate how complex they find these rhythms. This MRI data will be analyzed using
whole brain analyses and univariate region-of-interest (ROI) analyses. Thus, I expect there to
be a larger BOLD response during periodic thythms compared to aperiodic thythms in the
SMA and the subparts of the basal ganglia (putamen and caudate). Additionally, I expect there
to be a larger BOLD response during predictable rhythms compared to unpredictable rhythms
in the cerebellum and MTL.

Additionally, the current study will look at the activity patterns for temporal
expectations in the striato-cortical and cerebellar-hippocampal networks. To date, Hoddinott
and Grahn (2024) has been the only study to look at activity patterns during temporal
expectations as far as [ am aware. I expect to reproduce their findings. Thus, I hypothesize
that activity patterns will differ in the striato-cortical network based on whether beat-based
expectations are present. On the other hand, no research has performed multivariate pattern
analyses (MVPA) to study pattern-based expectations to the best of my knowledge. However,
previous research seems to indicate that the cerebellar-hippocampal network is involved in
processing pattern-based expectations. Accordingly, I hypothesize that activity patterns will
differ in the cerebellar-hippocampal network based on whether pattern-based expectations are
present. To find this out, the same data as in the whole brain and univariate ROI analyses will
be used. This same data will be analyzed using MVPA. Thus, I expect that the areas in the
striato-cortical network will be able to decode periodic and aperiodic rhythms above chance-
level (50%). Furthermore, I expect that the areas in the cerebellar-hippocampal network will

be able to decode predictable and unpredictable rhythms above chance-level (50%).

Methods

Participants

We used a G*Power analysis to calculate the desired sample size. This analysis was

based on a meta-analysis by Kasdan et al. (2022) of neuroimaging studies that examined
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rhythm processing. They reported standardized effect sizes ranging from -0.36 to 1.08 for
contrasts looking at rhythm complexity and beat presence. A minimum standardized effect
size of 0.46 was found in these contrasts for the putamen, cerebellum, and supplementary
motor area (SMA), which are some of our ROIs. The primary planned analysis was a
dependent samples t-test with an effect size of 0.46, an alpha of 0.05, and a required power of
0.8. This analysis resulted in a required sample size of 40. Therefore, we aimed to get 48
participants for our analyses. To account for data loss, we wanted to get 52 participants in
total.

52 healthy adults participated in this study. Of those, 1 was excluded due to excessive
movement in the MRI scanner, 2 were excluded due to technical issues with the headphones
inside the MRI scanner, 2 were excluded because they did not complete the task in the MRI
scanner, and 2 were excluded due to other technical issues. Thus, 45 participants were
included in our analyses (Mage = 22.96, Sage = 3.12; 13 males, 31 females, 1 other).
Participants were included if they reported no hearing impairments, no history of neurological
or psychiatric disorders, and normal or corrected-to-normal vision. Furthermore, participants
were included if they were eligible to undergo fMRI testing. This means that the participants,
for example, did not have metal implants or had no previous adverse reaction to an MRI scan.
The participants were recruited via SONA, word-of-mouth, and social media. Furthermore,
our goal was to mainly find musically trained participants, because they show larger effect
sizes for our measures of interest compared to musical novices. Therefore, we also recruited
participants through local orchestras. The participants received 27.5 euros for partaking in the
study. Furthermore, the procedures of this study were approved by the Psychology Research

Ethics Committee at Leiden University.
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Rhythmic stimuli

The rhythms were created to maximally differ in terms of periodicity and
predictability (Figure 1). Predictability was computed using a probabilistic model of rhythmic
complexity (Pearce, 2018), and periodicity was computed using an entrainment model of
rhythmic complexity (Large et al., 2015). The outcomes were 4-second rhythmic stimuli
comprised of 8 sine tones with inter-onset-intervals between 200 and 800 ms. These sine
tones were 440 Hz, with Sms rise and fall time. These rhythms were computationally
classified as predictable or unpredictable, and as periodic or aperiodic resulting in 2x2
conditions. This resulted in 48 rhythms (12 per condition) which were extracted from a larger

set of rhythms.
Figure 1

Visual representation of four rhythm conditions differing in terms of periodicity and
predictability, where each thick vertical black line represents a sine tone
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Rating task

During the rating task, the participants listened to the 48 rhythms consisting of three
concatenated identical 4-second rhythmic patterns. Furthermore, the participants listened to
one block of 48 rhythms (12 per condition) outside of the scanner, and three blocks of 48
rhythms (12 per condition) inside the scanner. The order of the rhythms was randomized per
participant. For both versions, the participants looked at a fixation cross on a screen while
they were listening to the rhythms.

The participants rated the rhythm complexity on a 7-point Likert scale from
“extremely simple” to “extremely complex” after each rhythm. Outside the scanner, they rated
this on a computer keyboard using the “m” and “n” buttons to navigate a slider from 1-7.
Inside the scanner, they rated the rhythm complexity using the same scale, but on random
trials and with a button box. This was on average once every 4 rthythms, and so that it was
evenly distributed over the 4 conditions. Additionally, they rated each unique rhythm no more
than once over all three blocks. They rated this using a button box to navigate a slider from 1-
7. For both versions, the participants had 4 seconds to rate the rhythm complexity.

Furthermore, to avoid motor preparation, the order of the numbers of the slider were

randomly reversed for half the trials.

Image acquisition

Anatomical and functional scans were acquired using a 3T Philips Achieva TX MRI
scanner with a 32-channel head coil at the Leiden Institute for Brain and Cognition. T2-
weighted echo-planar imaging (EPI) were recorded with a multiband acceleration factor of 4,
a 55¢ flip angle, a 800 ms TR, and a 30 ms TE. This EPI data was acquired from 2.500 mm
and reconstructed with 2.292 mm isotropic voxels in a matrix of 220 x 220 x 120 mm. T1-

weighted anatomical images were recorded using a 8° flip angle, a 7.9 ms TR, and a 3.5 ms
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TE. This anatomical data was collected from 1.1 mm isotropic voxels in a matrix of 250 x

195.8 x 170.5 mm.

Procedure

Before the start of the study, the participants were informed about the study, gave their
consent, and confirmed their eligibility for the study. In the lab, the participants first
performed some computer tasks. First, they performed the rating task on a laptop outside the
scanner. Before starting the task, the participants did two practice trials to familiarize them
with the tasks and to anchor their complexity ratings according to our scale. Next, the
participants proceeded with a tapping task. Then, they moved on to The Goldsmith Musical
Sophistication Index (GMSI) (Miillensiefen et al., 2014). This questionnaire was done before
or after the scanning session based on convenience. The tapping task and GMSI were part of a
larger study and will not be discussed further in this paper. Lastly, the participants performed

the rating task in the MRI scanner. Overall, the study lasted around 2.5 to 3 hours.

Analyses

Behavioral rhythm complexity ratings

To see how complexity was influenced by beat-based and pattern-based expectations
outside and inside the MRI scanner, linear mixed model analyses were performed in R (R
Core Team, 2026) using the Imer function, which is part of the Ime4 package (Bates et al.,
2015). Here, each model predicted the complexity ratings with periodicity, predictability and
the interaction effect of these two as the fixed effects. Additionally, to account for repeated
measures within participants, a random intercept was included for each participant. This was
done separately for the rating task done outside and inside the scanner. We expect similar
results for the complexity ratings outside and inside the scanner, which would indicate that

they are processed similarly outside and inside the scanner. If any significant main effect was
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found, then the means of the groups within this main effect would be compared. Furthermore,
if any significant interaction effect was found, post-hoc tests would follow to look at the
specific differences between the conditions. This was done using the emmeans() function in
R, which is part of the emmeans R package (Lenth & Piaskowski, 2026).

Normality for these analyses was checked by inspection of a Q-Q plot of the residuals,
multicollinearity was checked by looking at whether there are no VIF values above 10.
Furthermore, a residuals versus fitted plot was inspected to see whether there is no distinct
non-linear pattern to check for linearity, and the same plot was inspected for equal variances
distributed across all points on the horizontal line to check for homoscedasticity (See
Appendix A for plots). For this, the check_model() function was used in R, which is part of
the performance package (Liidecke et al., 2021). These inspections revealed no violation of

assumptions.

JMRI preprocessing

MRI data was preprocessed using SPM25 (Tierney et al., 2025) in MATLAB 2023b
(The MathWorks Inc., 2023). First, fieldmap-based distortion correction was performed by
generating voxel displacement maps from dual-echo phase and magnitude images to correct
for BO inhomogeneities. Then, functional images were realigned to the mean functional image
using second-degree B-spline interpolation to correct for subject motion. Subsequently, using
slice-time correction, functional images were corrected for differences in slice acquisition
timing. Next, functional images were coregistered with their anatomical scan using a
normalized mutual information cost function for each subject. The anatomical scans were then
segmented into gray matter, white matter, and cerebrospinal maps with a segment function
and tissue probability maps. Next, coregistered images were normalized to the Montreal
Neurological Institute (MNI) template space. Lastly, these normalized images were spatially

smoothed with a 5-mm full-width half maximum kernel.



15

Next, a general linear model (GLM) was estimated. Four regressors were included that
corresponded to the four rhythm conditions (predictable-periodic, unpredictable-periodic,
predictable-aperiodic, and unpredictable-aperiodic), and three regressors corresponding to the
presentation of a fixation cross, the complexity question, and for key presses. Additionally, six

motion parameters were added as regressors of no interest.

Whole-brain analyses

Voxel-wise, whole-brain group analysis were performed using SPM25 (Tierney et al.,
2025) in MATLAB 2023b (The MathWorks Inc., 2023). For this, a rhythms versus rest
contrast was included to check for auditory cortex activity, and to find peak activations that
will be used to define the left SMA, and the bilateral cerebellum. We expect to find an
increased BOLD response in these brain regions for thythms versus rest. Additionally, a
periodic versus aperiodic, an aperiodic versus periodic, a predictable versus unpredictable,
and an unpredictable versus predictable contrast were created. This was to look at the specific
brain activations based on periodicity and predictability. For each participant, one contrast
image was created per contrast. These first-level contrast images were put into second-level
random-effects models to assess population-level effects. For each contrast, a separate
second-level model was specified as a one-sample t-test. The contrast images were treated as
independent observations. SPM’s classical ordinary least squares approach was used to
estimate every model. Next, it was tested whether the group mean contrast value differed
significantly from zero with a specified single t-contrast. From this, regions that had a group-
level effect could be identified. For the results, a threshold of p < 0.05 at the voxel level for
family-wise error correction was used to control for multiple comparisons across the whole

brain.
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Univariate ROI analyses

Region-of-interest (ROI) analyses were performed on the BOLD activity of the left
and right putamen, caudate, and hippocampus using SPM25 (Tierney et al., 2025) in
MATLAB 2023b (The MathWorks Inc., 2023). These areas were anatomically defined using
the 7" version of the Automated Anatomical Labelling Atlas 3 (AAL3), because these areas
are anatomically well defined. From this, labels were obtained and brought into the same
space as the EPI images obtained during the experiment. These were also resliced to the space
of the contrast images, because the voxel dimensions of the contrast maps of the atlas and the
subject might differ in voxel dimensions. Thus, labels were obtained from the AAL3 and
brought into the same space as the EPI images obtained during the experiment.

Additionally, a supplementary motor area (SMA), and a left and right cerebellum
spherical ROI were defined by the peak activation voxel in these regions for the rhythms
versus rest contrast. The radius of these ROIs was 8 mm. This method was used for these
ROIs, because the SMA is anatomically not that well defined (Hiroshima et al., 2014).
Furthermore, the cerebellum is quite large and has many distinct areas with varying functions
(Carey, 2024), and with this ROI definition, the specific cerebellar area for rhythm processing
can be found.

Within all ROIs, the average beta-weighted contrast value for all voxels within the
ROI were extracted from each participant’s contrast images. For this, a periodic unpredictable
versus rest, an aperiodic predictable versus rest, a periodic unpredictable versus rest, and an
aperiodic unpredictable versus rest contrast was created. Thus, there was one beta-weighted
contrast value per condition per ROI for every participant. Linear mixed model analyses were
performed on the mean beta-weighted contrast values in R (R Core Team, 2026) using the
Imer() function, which is part of the Ime4 package (Bates et al., 2015). Here, each model

predicted the mean beta-weighted contrast values for each ROI with periodicity, predictability
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and the interaction effect of these two as the fixed effects. Additionally, to account for
repeated measures within participants, a random intercept was included for each participant.
For each ROI, one linear mixed model analysis was performed. Thus, one analysis for the left
SMA, and left and right putamen, caudate, cerebellum and MTL.

If any significant interaction effect was found, post-hoc tests followed to look at the
specific differences between the conditions. This was done using the emmeans() function in R
(R Core Team, 2026), which is part of the emmeans R package (Lenth & Piaskowski, 2026).
The Holm-Bonferroni method (Holm, 1979) was used to account for familywise error rates of
multiple testing. This was applied to each main and interaction effect separately over all ROlIs.

Normality for these analyses was checked by inspection of a Q-Q plot of the residuals,
multicollinearity was checked by looking at whether there are no VIF values above 10.
Furthermore, a residuals versus fitted plot was inspected to see whether there is no distinct
non-linear pattern to check for linearity, and the same plot was inspected for equal variances
distributed across all points on the horizontal line to check for homoscedasticity (See
Appendix A for plots). For this, the check_model() function was used in R (R Core Team,
2026), which is part of the performance package (Liidecke et al., 2021). These inspections

revealed no violation of assumptions.

Multivariate pattern analyses.

Multivariate pattern analyses (MVPA) were conducted to examine whether distributed
patterns of voxel activity differ based on differences in beat-based and pattern-based
expectations. This was performed using SPM12 (Wellcome Centre for Human Neuroimaging,
London, UK) in MATLAB 2023b (The MathWorks Inc., 2023). SPM25 was not used,
because of compatibility issues with the toolboxes needed to do MVPA. A GLM was
estimated using the same regressors as in the univariate analyses. However, the input images

were unsmoothed and not normalized. These input images were already made during the
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preprocessing for the univariate analyses. The condition-, voxel-, and run-wise parameter
estimates of this GLM were used for the MVPA.

This MVPA was performed on the beta maps using The Decoding Toolbox (Hebart et
al., 2015). A searchlight classifier with a 12 mm radius was trained and tested in 2 different
setups using libSVM (ChangChih-Chung & LinChih-Jen, 2011). Firstly, a periodic versus
aperiodic rhythms setup was analyzed. Secondly, a predictable versus unpredictable rhythms
setup was analyzed. For both analyses, a classifier was trained on 2 out of the 3 runs, and the
leftover run was used to test the performance of the classifier. This was repeated 3 times, each
time a different run was left out (leave-one-run-out procedure).

All analyses resulted in decoded accuracy maps per subject. These maps were
normalized to MNI space to create the inverse normalization matrix. For the generation of
anatomy-based regions of interests, which are the same ROIs as in the univariate analyses, we
used the AAL3 and peak activations from the rhythms versus rest contrast. These ROIs were
created in MNI space and converted to individual brains using the previously created inverse
normalization matrix. Activity-based ROIs were created using the SPM-based tool “Marsbar”
(Brett et al., 2002).

This resulted in one decoding accuracy score per participant per ROI for both
distinguishing periodic versus aperiodic rhythms and predictable versus unpredictable
rhythms. One-samples t-tests were performed to test whether the average decoding accuracy
per ROI for both distinguishing periodic versus aperiodic thythms and predictable versus
unpredictable rhythms was above chance-level (50%). Thus, 18 one-sample t-tests were
performed in total (9 ROIs x 2 setups). This was done using the t.test() function in R (R Core
Team, 2026), which is part of the stats package (R Core Team, 2026). The Holm-Bonferroni
method (Holm, 1979) was used to account for familywise error rates of multiple testing. This

was applied to the periodic versus aperiodic setup and to the predictable versus unpredictable
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setup separately over all ROlIs.

Normality was checked by inspection of a Q-Q plot per ROI for periodicity and
predictability (See Appendix B for plots). This was done by using the ggqqplot() function in
R, which is part of the ggpubr package (Kassambara, 2026). This inspection revealed no

violation of normality.
Results
Behavioral rhythm complexity ratings

Linear mixed model analyses revealed that periodicity had a significant effect on
complexity ratings of the rhythms outside, y°(1, N =45) = 90.28, p < .001, and inside the
scanner, y° (1, N =45) = 40.20, p < .001. Outside and inside the scanner, aperiodic rhythms
(outside: M =3.72, s =2.02, inside: M =3.63, s = 1.79) were rated as more complex than
periodic rhythms (outside: M =3.22, s = 1.88; inside: M = 3.23, s = 1.67). Furthermore,
predictability also had a significant effect on the ratings of the rhythms outside, °(1, N = 45)
=2911.53, p <.001, and inside the scanner, °(1, N = 45) = 1320.69, p < .001. Outside and
inside the scanner, unpredictable rhythms (outside: M =4.89, s = 1.54; inside: M =4.52, s =
1.44) were rated as more complex than predictable rhythms (outside: M =2.04, s = 1.14,
inside: M = 2.35, s = 1.27). Lastly, the interaction effect between periodicity and predictability
also had a significant effect on complexity ratings of the rhythms outside, (1, N = 45) =
27.66, p <.001, and inside the scanner, y°(1, N=45) =16.81, p <.001. For both outside and
inside the scanner, it seems that periodicity had a larger effect on complexity ratings within
unpredictable rhythms than within predictable rhythms (See Figure 2). Outside the scanner,
post-hoc pairwise comparisons revealed that within predictable rhythms, aperiodic rhythms
were rated significantly higher in complexity than periodic rhythms, with an estimated
difference of 0.22 (SE = 0.07), #(2112) = 3.00, p = 0.003. Within unpredictable rhythms, this

difference seems to be larger with an estimated difference of 0.78 (SE = 0.07), #(2112) =
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10.44, p < 0.001. Inside the scanner, within predictable rhythms, aperiodic rhythms were not
rated significantly higher than periodic rhythms, with an estimated difference of 0.14 (SE =
0.08), #(1574) = 1.60, p = 0.111. Within unpredictable rhythms, this difference is larger and
significant with an estimated difference of with an estimated difference of 0.63 (SE = 0.08),
t(1574) =7.38, p <0.001. Thus, rhythm type had similar effects on complexity ratings outside
and inside the scanner. This indicates that the rhythms were processed similarly outside and

inside the scanner.

Figure 2

Mean complexity ratings (general and per participant) outside and inside scanner based on
periodicity and predictability with within-subject 95% confidence interval error bars
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Whole brain analyses

Consistent with our expectations, rthythms elicited a larger BOLD response in the
auditory cortex, the left supplementary motor area (SMA), and left and right cerebellum
compared to rest (See Table 1 and Figure 3). This indicates that there was increased auditory
and motor processing during rhythms versus rest. Therefore, like the complexity ratings, this

confirms that the participants processed the rhythms inside the scanner.
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Table 1

Peak voxel activation areas in rhythms versus rest contrast

Brain area Hemisphere x y z t  p(FWE corrected)
Auditory cortex Right 56  -17 0 13.10 <.001
Left -64 24 5 1039 <.001
SMA Left -4 0 65  8.59 <.001
Cerebellum Right 33  -60 -30 6.71 0.001
Left 27  -60 28 7.16 <.001
Somatosensory cortex Left -50 -7 50 7.43 <.001
Primary motor cortex Right 53 0 45 5.88 0.019
Figure 3

Rhythms versus rest: (4) Coronal and axial view of increased auditory cortex BOLD

response. (B) Sagittal view of increased left SMA BOLD response. (C) Axial view of increased
left and right cerebellar BOLD response.

Unexpectedly, the periodicity contrasts revealed no significant differences in BOLD

response when comparing periodic and aperiodic rthythms. Here, we would have expected
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significant increased BOLD responses in the striato-cortical network for periodic compared to
aperiodic rhythms. On the other hand, the predictability contrasts did reveal some brain areas
that showed an increased BOLD response when comparing predictable and unpredictable
rhythms. Here, we found increased BOLD responses in the bilateral cerebellum for
unpredictable rhythms compared to predictable rhythms. This contrasts with our expectations,
because we expected this increase in the bilateral cerebellum for predictable compared to
unpredictable rhythms. Additionally, unpredictable rhythms also showed an increased BOLD
response in the left SMA compared to predictable rhythms (see Figure 4). This is also not in
line with our expectations, because we would have expected this increase for periodic
compared to aperiodic rthythms. Additionally, unpredictable rhythms compared to predictable
also showed some increased BOLD responses in other brain regions, most notably the
auditory cortex and primary motor cortex (for a full overview see Table 2). Furthermore,
predictable compared to unpredictable rhythms did not show increased BOLD responses in
the expected cerebellar-hippocampal network. However, this comparison also showed some
increased BOLD responses in brain regions that we did not discuss in our expectations, such

as the precuneus and supramarginal gyrus (See Figure 5 and Table 3 for an overview).

Figure 4

Unpredictable versus predictable contrast: (4) Sagittal view of the left SMA showing an
increased BOLD response. (B) Axial view of the left and right cerebellum showing an
increased BOLD response.
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Table 2

Peak voxel activation in unpredictable versus predictable contrast

Brain area Hemisphere x y y/ t P(FWE corrected)
SMA left 0 3 65 8.27 <.001
Cerebellum Left 34 -62 -28 641 0.003
Right 30 -62 -25 6.10 0.009
Auditory cortex Right 60 -20 -2 7.39 <.001
Right 48 -37 8 5.72 0.029
Medial temporal gyrus Left -62 27 2 6.22 0.006
Left -64  -17 2 5.53 0.049
Primary motor cortex Left 50 0 48 5.96 0.014
Figure 5

Predictable versus unpredictable contrast Unpredictable:: (4) Coronal view of the left inferior
temporal gyrus showing an increased BOLD. (B) Coronal view of the lefi precuneus showing an
increased BOLD response. (C) Axial view of the left inferior frontal triangularis showing an increased
BOLD response
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Table 3

Peak voxel activation in predictable versus unpredictable contrast

Brain area Hemisphere x y // t P(FWE corrected)
Inferior temporal gyrus Left 50 -57 -8 6.22 0.006
Left -44 40 -15 5.88 0.018
Precuneus Left -7 -50 52 6.03 0.012
Left -14  -44 45 5.57 0.043
Supramarginal gyrus Left -62 40 35 6.03 0.012
Left -62 27 35 5.63 0.037
Inferior frontal triangularis Left -52 33 8 6.00 0.013
Medial cingulum Right 3 6 42 5.82 0.021
Insula Left 37 0 10 5.59 0.041
Gray matter (near Left 20 -37 52 6.16 0.007
somatosensory cortex) Right 23 -37 55 5.63 0.037

Univariate ROI analyses
Striato-cortical network

In the putamen, linear mixed model analyses revealed no significant main effect of
periodicity (left: y°(1, N=45) = 1.01, p = 0.316, pag; = 1.000; right: (1, N=45)=1.74,p =
0.187, pagj = 1.000), predictability (left: x°(1, N=45)=0.95, p = 0.329, paq; = .986; right:
21’(1, N=45)=3.05, p=0.081, pug = 0.403), and interaction effect between periodicity and
predictability (left: y°(1, N=45) = 1.53, p = 0.216, paqj = 1.000; right: (1, N=45)=0.62, p
=0.431, pagj = 1.000) on BOLD response (See Figure 6). We found similar results for the
caudate. In the caudate, linear mixed models also revealed no significant main effect of
periodicity (left: x°(1, N=45)=0.04, p = 0.842, pag; = 1.000; right: °(1, N=45)=0.45, p =
0.500, pagi = 1.000), predictability (left: (1, N =45) = 1.59, p = 0.207, pag; = 0.829; right:
1(1, N=45)=4.15, p = 0.042, p.q; = 0.249), and interaction effect between periodicity and

predictability (left: y°(1, N=45)=1.29, p = 0.256, pagj = 1.000 ; right: °(1, N=45)=0.29, p
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=0.589, pagj = 1.000) on BOLD response (See figure 6). Thus, contrary to our hypothesis, we
found no evidence that the putamen and caudate are involved in the processing of beat-based
and pattern-based expectations.

In the left supplementary motor area (SMA), a linear-mixed model unexpectedly
revealed no significant effects of periodicity and the interaction of periodicity and
predictability on BOLD response (periodicity: °(1, N =45) = 1.47, p = 0.224, pag = 1.000;
interaction: y°(1, N=45)=0.10, p = 0.749, p.q; = 1.000). However, there was an unexpected
significant main effect of predictability, y°(1, N = 45) = 71.23, p < .001, pug; < .001, on BOLD
response in the left SMA. Unpredictable rhythms (M = 1.33, s = 0.97) had a higher beta-
weighted contrast value than predictable rhythms (M = 0.82, s = 0.87) (See Figure 6). Thus,
contrary to our hypothesis, we did not find evidence that the left SMA processes beat-based
expectations, but we did find evidence that indicates that it might process the absence of

pattern-based expectations.



Figure 6
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Mean beta-weighted contrast values per ROl in the striato-cortical network (general and per
participant) based on periodicity and predictability with within-subject 95% confidence

intervals per condition
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Cerebellar-hippocampal network

In the cerebellum, linear mixed models revealed neither a significant main effect of
periodicity (left: y’(1, N =45) = 1.44, p = 0.230, paqj = 1.000; right: y°(1, N=45)=2.33,p=
0.127, pagj = 1.000), nor a significant interaction effect between periodicity and predictability
(left: y°(1, N=145)=0.62, p = 0.430, paqj = 1.000; right: y°(1, N=45)=0.01, p = 0.904, puq; =
1.000). The main effect of predictability was significant in both left (’(1, N = 45) = 31.32,
Pagi < .001) and right (x°(1, N = 45) = 20.36, p < .001, pag < .001) cerebellum, with higher
beta-weighted contrast values for unpredictable compared to predictable rhythms
(unpredictable left: M = 0.58, SD = 0.69, right: M = 0.58, SD = 0.70; predictable left: M =
0.30, SD = 0.61, right: M = 0.36, SD = 0.60) (See Figure 7). Thus, contrary to our
expectations, these results might indicate that the cerebellum is involved in processing the
absence of pattern-based expectations instead of the presence of these expectations.

In the medial temporal lobes (MTL), linear mixed model analyses revealed no
significant main effect of periodicity (left: y°(1, N=45)=1.19, p = 0.275, paqj = 1.000; right:
(1, N=45)=2.40, p = 0.121, pag; = 1.000), predictability (left: y°(1, N=45)=0.19,p =
0.662, pag; = 1.000; right: °(1, N =45) = 0.08, p = 0.779, pag; = 1.000), and interaction effect
between periodicity and predictability (left: y°(1, N =45) = 0.07, p = 0.787, pag; = 1.000; right:
(1, N=45)=0.27, p=0.601, p.q; = 1.000) on BOLD response (See Figure 7). Thus,
contrary to our expectations, we did not find evidence that the MTL is involved in processing

beat-based and pattern-based expectations.
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Figure 7

Mean beta-weighted contrast values per ROl in the striato-cortical network (general and per
participant) based on periodicity and predictability with within-subject 95% confidence
intervals per condition
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Striato-cortical network

For distinguishing between periodic and aperiodic rthythms, one-sample t-tests
revealed that the left and right putamen, the left SMA, and the right caudate all did not have a

significant above chance-level (50%) mean decoding accuracy (for an overview see Table 4
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and Figure 8). However, the mean decoding accuracy level for distinguishing between
periodic and aperiodic rhythms within the left caudate (M = 52.82, s = 6.15) was significantly
higher than chance-level (50%), #(44) = 1.35, p = 0.004, pag; = 0.032. Thus, in line with our
hypothesis, we found evidence that activity patterns differ in the left caudate based on
whether beat-based expectations were present or not. However, contrary to our hypothesis, we
did not find evidence for this in the left and right putamen, left SMA, and right caudate.

In the putamen, one-sample t-tests revealed that the mean decoding accuracy level for
distinguishing between predictable and unpredictable rhythms (left: M =57.11, s = 8.10;
right: M =55.97, s = 8.19) was significantly higher than chance-level (50%) (left: #44) =
5.89, p <.001, pug; < .001; right: #(44) = 4.88, p <.001, pug; < .001). We found similar results
for the caudate. In the caudate, one-sample t-tests revealed that the mean decoding accuracy
level for distinguishing between predictable and unpredictable rhythms (left: M = 53.48, s =
6.66; right: M =54.01, s = 7.65) was significantly higher than chance-level (50%) (left: #44)
=3.50, p = 0.001, pagj = 0.004; right: #(44) = 3.51, p = 0.001 puq; = 0.004). Additionally, the
left SMA also shows similar results. In the left SMA, a one-sample t-test revealed that the
mean decoding accuracy level for distinguishing between predictable and unpredictable
rhythms (M = 69.45, s = 11.67) was significantly higher than chance-level (50%), #(44) =
11.18, p <.001, pagj < .001 (See Table 5 and Figure 8 for an overview of the mean decoding
accuracies for predictability in each ROI). Thus, we unexpectedly found evidence that
indicates that the putamen, caudate, and left SMA show different activity patterns based on

whether pattern-based expectations are present or not.

Cerebellar-hippocampal network

For distinguishing between periodic and aperiodic rthythms, one-sample t-tests
revealed that the left and right cerebellum, and MTL all did not have a significant above

chance-level (50%) mean decoding accuracy (for an overview see Table 4 and Figure 8).
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Thus, we did not find evidence that the cerebellum and MTL show different activity patterns
based on whether beat-based expectations are present or not.

In the cerebellum, one-sample t-tests revealed that the mean decoding accuracy level
for distinguishing between predictable and unpredictable rhythms (left: M = 62.401, s = 9.36;
right: M =61.79, s = 10.87) was significantly higher than chance-level (50%), (left: #(44) =
8.61, p <.001, pug; < .001; right: #(44) =7.27, p <.001, pugj < .001). The MTL shows similar
results. In the left MTL, one-sample t-tests revealed that the mean decoding accuracy level for
distinguishing between predictable and unpredictable rhythms (left: M = 53.38, s = 8.33;
right: M = 53.90, s = 8.15) was significantly higher than chance-level (50%) (left: #44) =
2.72, p = 0.009, pug; = 0.009; right: #(44) = 3.21, p = 0.002, puq; = .005) (See Table 5 and
Figure 8 for an overview of the mean decoding accuracies for predictability in each ROI).
Thus, in line with our expectations, we found evidence that the cerebellum and MTL show
different activity patterns based on whether there are pattern-based expectations present or not

in rthythms.

Table 4

Descriptive and t-test statistics (to test for above chance-level of 50%) for mean decoding
accuracy of distinguishing periodic versus aperiodic rhythms

Brain area  Hemisphere M SD t df P Dadj
Putamen Left 5041 654 042 44 0.679 1.000
Right 50.87 837  0.70 44 0.487 1.000
Caudate Left 52.82  6.15  3.08 44 0.004™ 0.032"
Right 5144 690  1.40 44 0.170 1.000
SMA Left 5126 823 1.02 44 0.311 1.000
Cerebellum Left 5175 932 126 44 0.214 1.000
Right 51.79 8.07  1.49 44 0.144 1.000
MTL Left 4996 6.80 -0.04 44 0.970 1.000
Right 50.81 6.85  0.79 44 0.434 1.000

*p <.05, **p<.01, ***p<.00]
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Table 5

Descriptive and t-test statistics (to test for above chance-level of 50%) for mean decoding
accuracy of distinguishing predictable versus unpredictable rhythms

Brain area Hemisphere M SD t df ) Dadj

Putamen Left 57.11 810  5.89 44 <.001"™ <.001""
Right 5587 8.19  4.88 44 <.001™ <.001™"

Caudate Left 5348  6.66  3.50 44 0.001" 0.004™
Right 5401 7.65 3.1 44 0.001" 0.004™
SMA Left 69.45 11.67 11.18 44 <.001" <.001""
Cerebellum Left 62.01 936 8.6l 44 <.001" <.001""
Right 61.79 10.87 7.27 44  <.001™  <.001"

MTL Left 5338 833 272 44 0.009™ 0.009™
Right 5390 8.15 3.1 44 0.002" 0.005™

*p <.05 **p<.01, ***p <.001
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Figure 8

Mean decoding accuracy per ROI (general and dots indicating per participant) compared to
chance-level (50%) for periodicity and predictability with one standard error (SE) error bars
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Discussion

In the current study, we aimed to find out whether beat-based and pattern-based
expectations relied on shared or separate networks. This was done by looking at BOLD
responses and activity patterns in a cortico-striatal and a cerebellar-hippocampal network
whilst participants listened to and rated rhythms differing in periodicity and predictability
outside and inside an MRI scanner. Behavioral results showed that a lack of periodicity and
predictability both increased complexity ratings. Furthermore, periodicity and predictability
showed an interaction effect, so that periodicity impacted complexity ratings more in
unpredictable rhythms compared to in predictable rhythms. This was true for the complexity
rating inside and outside the MRI scanner. Thus, as expected, beat-based and pattern-based
expectations were both formed and used to process the rhythms. This is in line with previous
research that also shows that beat-based and pattern-based expectations affect behavior and
rhythm processing (Bouwer et al., 2020, 2023).

At a neural level, whole brain and univariate analyses both showed no effect of
periodicity on BOLD response in any brain area. This is not in line with our hypotheses,
because previous studies indicated that a striato-cortical network would be necessary for
processing beat-based expectations (Kasdan et al., 2022; Teghil et al., 2019; Teki et al., 2011).
On the other hand, both the whole brain and univariate analyses showed that the left SMA,
and the bilateral cerebellum showed an increased BOLD response for unpredictable compared
to predictable rhythms. However, this is contrary to our hypotheses, because previous
research indicated the reversed direction of this comparison for the cerebellum, and showed
no indications for the involvement of the SMA for processing pattern-based expectations
(Breska & Ivry, 2016; Paquette et al., 2017; Teki et al., 2011; Teki & Griffiths, 2016).
Furthermore, the medial temporal lobes (MTL) were also expected to be involved in

processing pattern-based expectations (Lee et al., 2020; Teki & Griffiths, 2016), but the whole
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brain and univariate analyses of the current study did not find this.

For neural activity patterns, multivariate pattern analyses (MVPA) showed that the left
SMA, and the left and right putamen, caudate, cerebellum, and MTL all showed an above
chance-level (50%) decoding accuracy for predictable versus unpredictable rhythms. Thus, we
found evidence that the cerebellar-hippocampal network, but also unexpectedly the striato-
cortical network, shows different activity patterns based on differences in pattern-based
expectations. For differences in beat-based expectations, this was only true for the left
caudate. Thus, we found some evidence that the activity patterns are different in the basal
ganglia based on whether beat-based expectations are present or not, which in line with our
hypotheses and the study by Hoddinott and Grahn (2024). However, contrary to our
hypotheses and previous research, this was not the case for all the parts of the basal ganglia
and for the left SMA.

Overall, these results might indicate that beat-based and pattern-based expectations do
rely on different neural networks, but not on the ones previous research has indicated. Firstly,
the results show some evidence that the left caudate might be involved in the processing of
beat-based expectations instead of the expected involvement of the whole striato-cortical
network. Additionally, pattern-based expectations do not seem to only rely on a cerebellar-
hippocampal network. Namely, the results show strong evidence for the involvement of the
left SMA and bilateral cerebellum and some evidence for the involvement of the putamen,
caudate, and MTL for processing of pattern-based expectations.

The whole-brain analyses also showed some other brain areas that might be involved
in processing pattern-based expectations. Firstly, the increased precuneus activation for
predictable compared to unpredictable rhythms might be because this area is an important part
of the default mode network (Azarias et al., 2025). This network becomes active during rest.

Thus, predictable rhythms might have allowed the participants to rest a bit more, because
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these were easier to follow. Furthermore, predictable rhythms showed an increased BOLD
response in the left inferior temporal gyrus compared to unpredictable rhythms. Mongelli et
al. (2017) also found an increased BOLD response in this region whilst reading music
annotation compared to rest. This might have activated a mental representation of the pattern
in the music, which might have also happened in the current study. Additionally, the increased
activation in the supramarginal gyrus might be explained by the repetition of the predictable
pattern. Heim et al. (2012) found that the supramarginal gyrus is involved during repetition of
speech and motor movement. So, the supramarginal gyrus might also cause some motor
responses due to repetition of patterns in predictable rhythms. This might also explain the
increased BOLD response in the inferior frontal triangulus for predictable compared to
unpredictable rhythms, because this area has also been found to be involved in speech
repetition (Thiel et al., 2005). Additionally, there is some bilateral gray matter activation that
is near the somatosensory cortex. Thus, it seems that pattern-based expectations also cause
some neural motor responses. Lastly, the role of the left insula is a little bit less clear. There is
some evidence that shows that the insula processes novel musical information (de Aquino et
al., 2019). However, our participants already listened to the same rhythms before going in the
scanner, so it is unlikely that they processed the rhythms as novel musical information.
Overall, this might indicate that these brain regions process pattern-based expectations by
having a repeated mental motor representation of the predictable patterns of these rhythms.
Thus, through the recruitment of this mental representation, the brain might predict the
upcoming event in the predictable patterns.

Furthermore, unpredictable compared to predictable rhythms also caused increased
BOLD responses in brain areas that were not part of our ROIs. Firstly, there was an increased
BOLD response in the primary motor cortex. Thus, unpredictable rhythms might elicit some

motor responses compared to predictable rhythms. Furthermore, there was a significant



36

increase in the BOLD response in the right auditory cortex for unpredictable compared to
predictable rhythms. One explanation for this is that this is due to prediction error, because the
tones violate the pattern-based expectations in unpredictable rhythms. Indeed, the auditory
cortex processes prediction errors in auditory sequences (Schlossmacher et al., 2022). The
role of the left middle temporal cortex for unpredictable versus predictable rhythms is a bit
less clear. It might be related to prediction error processing going on in the adjacent auditory
cortex. However, Schlossmacher et al. (2022) did not find middle temporal cortex activation
in the middle temporal cortex. Additionally, the auditory cortex activation in the current study
is also laterally opposite from the middle temporal cortex activation. Rogalsky et al. (2011)
did find an increased BOLD response in the left middle temporal cortex for sentences
compared to melodies. Thus, the lack of a melody increases left middle temporal cortex
compared to a present melody. Since melodies generally contain patterns, this could be seen
as the middle temporal cortex processing non-present versus present pattern-based
expectations, like in our comparison. Furthermore, language seems to have overlapping
rhythmic structure with music (Patel, 2003). Therefore, the sentences from Rogalsky et al.
(2011) might have had a similar unpredictable rhythmic structure compared to the rhythms we
used. Thus, the middle temporal cortex might be involved in the processing the absence of
pattern-based expectations in both music and language. This could mean that there might be
some overlapping neural processing between music and language.

The left and right cerebellum also seem to be involved in processing pattern-based
expectations, which was expected. However, the BOLD response unexpectedly increased for
unpredictable compared to predictable rhythms, instead of the other way around. This might
be because previous research looked at how people judged time intervals (Breska & Ivry,
2016; Lee et al., 2020; Paquette et al., 2017; Teki et al., 2011; Teki & Griffiths, 2016), which

might not actually indicate processing of pattern-based expectations. For example, they found
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that the cerebellum volume and activity is associated with increased jitter in time intervals
(Teki & Griftiths, 2016), with better interval discrimination (Breska & Ivry, 2016; Paquette et
al., 2017), and increased time interval discrimination when there was no beat presence (Teki
et al., 2011). On the other, Kasdan et al. (2022) found that more complex compared to less
complex rhythms led to more bilateral BOLD response in the cerebellum. Their definition of
complexity is based on heterogenous research where complexity is not defined consistently
across studies. Yet, they boil it down to less complex rhythms being rhythms with clearer
beats indicated by more stable recurring inter-onset intervals, whereas complex rhythms have
fewer clear beats with less stable recurring inter-onset intervals. This would then be in line
with the single interval discrimination tasks where increased jitters in the inter-onset intervals
can be seen as these intervals being less stable. Furthermore, this less versus more complex
definition also comes close to how the current study defines predictable versus unpredictable
rhythms. Namely, rhythms with stable recurring inter-onset intervals versus rhythms without
these. If this is taken into account, then the results of the complexity contrast by Kasdan et al.
(2022) are indicative of differences in pattern-based expectations. This supports the results of
the current study showing that the cerebellum becomes more involved for unpredictable
compared to predictable rhythms.

This might also explain why the left SMA, for which there are also indications that it
processes time intervals (Nani et al., 2019), also unexpectedly showed the same pattern of
results. Namely, this region also shows increased activity in more complex compared to less
complex rhythms (Kasdan et al., 2022). Thus, this could be seen as evidence that the SMA is
also more involved for unpredictable compared to predictable rhythms, which is line with the
results of the current study.

This might also explain why the current study did not find changes in BOLD

responses in the MTL based on difference in processing pattern-based expectations. Namely,
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Kasdan et al. (2022) did not find any MTL activity differences based on differences in rhythm
complexity. This could indicate that the MTL is not involved in processing pattern-based
expectations. Another explanation is that the complexity ratings used in the task of the current
study did not demand memorization. Lee et al. (2020) found that memorization of the
durations within the rhythms is needed for the involvement of the MTL. However, Bouwer et
al. (2026) found that humans rely on imprecise representations of patterns within rhythms,
and that these representations may be adapted based on what the task demands. Thus, the
complexity task used in the current study may not have required precise enough
representations of the patterns to warrant memorization, and thus the involvement of the
MTL. Therefore, the MTL might only be involved in processing pattern-based expectations
when the task demands memorization.

For pattern-based expectations, the MVPA showed a pattern of results that was similar,
but also slightly different compared to the univariate analyses. It again showed the
involvement of the left and right cerebellum for pattern-based expectations, which was
hypothesized. Furthermore, this was also again unexpectedly the case for the left SMA. This
is in line with the univariate analyses. However, the MVPA also showed increased above
chance-level mean decoding accuracies for the left and right putamen, caudate, and MTL.
This was expected for the MTL, but not for the putamen, and caudate. This is also not in line
with Kasdan et al. (2022), because they did not find the involvement of these brain regions for
more complex rhythms. They did find some involvement of the putamen for less compared to
more complex rhythms. So, this region might process the presence of pattern-based
expectations. However, the left and right putamen, caudate, and MTL do seem to show a
lower above chance-level mean decoding accuracy compared to the left SMA, and the left and
right cerebellum (see Table 5). This difference might be because pattern-based expectations

require more processing from the cerebellum and left SMA compared to the caudate,
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putamen, and MTL. This could explain why the cerebellum and left SMA show processing
involvement for the univariate and multivariate analyses and the caudate, putamen, and MTL
just show this involvement in the multivariate analysis. Thus, the left SMA, and left and right
putamen, caudate, cerebellum, and MTL, might all process pattern-based expectations instead
of just the cerebellar-hippocampal network.

For beat based expectations, it is unclear why the left SMA is not involved in
processing these temporal expectations. One explanation could be that the SMA only shows
increased activation for rhythms with beat-based expectations compared to rest and not for
rhythms with beat-based expectations compared to rhythms without beat-based expectations.
Indeed, this is exactly what Kasdan et al. (2022) found. However, the studies used by Kasdan
et al. (2022) for the periodic versus aperiodic contrast showed mixed results for SMA BOLD
responses. Furthermore, most studies that did not find an effect of periodicity on the SMA
might have possible confounding effects that could have interfered with this effect. Namely,
some used beat production instead of perception (De Pretto & James, 2015; Kornysheva &
Schubotz, 2011), Grahn and Rowe (2009) manipulated volume, and Geiser et al. (2012)
manipulated intensity. On the other hand, the studies that only manipulated periodicity during
beat perception did find an increased BOLD response in the SMA for periodic compared to
aperiodic thythms (Araneda et al., 2017; Grahn & Rowe, 2013; Teki et al., 2011). These
designs are more in line with the current study where the comparison was also purely based
on periodicity during the perception of rhythms. However, these studies that did find an effect
do have slightly different periodic rhythms compared to the current study. Namely, in their
periodic rhythms, the beat always coincided with a tone, whereas that is not the case for the
periodic rhythms in the current study (see Figure 1). Thus, the presence of a tone on each beat
might be a requirement for the involvement of the SMA in beat-based expectations, and this

might explain why the current study did not find this effect.
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This might also explain the lack of hypothesized putamen involvement for processing
beat-based expectations. In the studies used by Kasdan et al. (2022), the results were again
mixed about the involvement of the basal ganglia in processing beat-based expectations
(Araneda et al., 2017; De Pretto & James, 2015; Geiser et al., 2012; Grahn & Rowe, 2009,
2013; Kornysheva & Schubotz, 2011; Teki et al., 2011). However, Kasdan et al. (2022) did
find increased activation in the putamen, whereas the current study did not. This discrepancy
could again be explained by the fact that most studies in this meta-analysis used rhythms
where each beat coincided with a tone and that the current study did not have these kinds of
rhythms. These on-beat tones might be necessary for the involvement of the putamen in
processing beat-based expectations.

However, Kasdan et al. (2022) did not find increased activation in the caudate, which
the current study also did not find. Only a few studies in this meta-analysis found the caudate
to be involved in auditory beat-based expectations (Grahn & Rowe, 2009; Teki et al., 2011),
but most did not find this (Araneda et al., 2017; De Pretto & James, 2015; Geiser et al., 2012;
Grahn & Rowe, 2013; Kornysheva & Schubotz, 2011). Araneda et al. (2017), did find some
involvement of the caudate during beat-based expectations, but this was for visual beat-based
expectations and not for auditory beat-based expectations. Thus, this might indicate that the
caudate is not involved in processing beat-based expectations.

On the other hand, the MVPA did show some involvement of the caudate in
processing beat-based expectations. Namely, the left caudate showed a significant above
chance-level mean decoding accuracy. However, this was only 2.82 percentage points above
chance-level, which is not that big of an effect relative to the increases found for
predictability. On the other hand, Hoddinott and Grahn (2024) also found different activity
patterns in the caudate based on beat-based expectations, but this was just under the threshold

for statistical significance. This might be because the sample size of the current study was
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almost twice as big as theirs. Thus, their sample size might not have been large enough to find
a significant effect of beat-based expectations in the caudate, whereas the current study could
find this significant small effect in the left caudate. This indicates that the left caudate might
still be involved in processing beat-based expectations.

However, when it comes to activity patterns in the SMA and putamen, the current
study did not find that these regions were involved in processing beat-based expectations. On
the other hand, Hoddinott and Grahn (2024) did find different activity patterns based on
differences in beat-based expectations in the SMA and putamen. One explanation for this is
that Hoddinott and Grahn (2024) used a representational similarity analysis, whereas the
current study used decoding accuracies. However, these analyses both look at the same
activity patterns, thus it would be unlikely that this would cause this difference. An
explanation that does seem plausible is task differences. In the current study, the participants
listened to the rhythms and then rated the complexity of these rhythms for random trials.
Hoddinott and Grahn (2024), on the other hand, used a task where participants listened to two
rhythms per trial and were then asked whether a third rthythms was the same or different. They
had to make this judgment for every trial. It may be that having to constantly distinguish
between rhythms requires a more active processing of beat-based expectations, whereas a
sporadic complexity judgment might not require this. There is evidence that task demands can
alter the representation of rhythmic patterns (Bouwer et al., 2026), so this might also be true
for rhythmic beats. Thus, it might be that the SMA and putamen show different activity
patterns for differences in beat-based expectations, only when the task demands enough
processing of these beat-based expectations. Another explanation is again that the forming of
beat-based expectations requires the presence of a tone on each beat, because Hoddinott and
Grahn (2024) also found their results with these kind of rhythms.

These univariate and multivariate results implicate that the interplay between the basal
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ganglia and the SMA, proposed by Cannon and Patel (2021), might work differently than
proposed. This interplay might thus require every beat to coincide with a tone. Hoddinott and
Grahn (2024) found evidence for this, as they only found an increased BOLD response and
different activity patterns in the putamen for strong beat compared to non-beat rhythms. On
the other hand, they did not find this effect for weak beat compared to non-beat rhythms. They
found similar results for the SMA, but only for activity patterns and not for the BOLD
response. These strong beats did have a tone on each beat, and the weak beats did not. Thus,
these differences between the results for strong and weak beats might be due to the difference
in the number of beats that coincide with a tone. However, it remains unclear if this is the
reason for this. Therefore, future research is needed to see what the role is of beats coinciding
with tones for the involvement and interplay of the SMA and the basal ganglia for processing
beat-based expectations.

For processing pattern-based expectations in the SMA, we can be quite sure about our
activity pattern findings, because the mean decoding accuracy increased quite a lot for this
brain region for pattern-based expectations. This is also true for the cerebellum. However, all
our other ROIs also showed a significant increase in decoding accuracy based on
predictability. On the other hand, this increase was quite small for these other ROIs. Since all
ROIs showed this pattern, then this may also be true for other brain regions. Thus, this might
indicate that our predictability manipulation caused some general activity pattern changes
across larger parts of the brain, which might mean that our manipulation went wrong. For this,
it would have been better to have included a dummy-ROI to see if our manipulation was
specific to our ROIs. For example, we would not expect our auditory stimuli to influence
activity patterns in the visual cortex. Thus, the visual cortex would have been a great
candidate to be a dummy-ROI. If we would not find different activity patterns in this region

based on predictability, then we would be more confident that our manipulation was specific
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to our ROIs.

Additionally, in the current study, we did not make sure that the participants actually
processed beat-based expectations. This is also the case for pattern-based expectations. It is
frequently assumed that most people develop the ability to perceive beat-based expectations
(Honing, 2012). However, Bouwer et al. (2023) found that only two-thirds of their
participants showed evidence of processing beat-based expectations. This might be mitigated
in our study, because we recruited many participants that were musically trained. Bouwer et
al. (2023) found that musical training is positively associated with better perception of beat-
based expectations. They also found this for pattern-based expectations. Thus, any potential
lack of presence of processed pattern-based expectations might also be mitigated. However,
the current study did not take musical training into account in the analyses. Therefore, it
remains unclear what effect musical training has on the BOLD responses and activity patterns
in the striato-cortical and cerebellar-hippocampal network for processing temporal
expectations. Future studies should look at this relationship. Kasdan et al. (2022) did find that
musicianship does not greatly affect complexity processing in rhythms, where complexity
could be indicative of pattern-based expectations. However, it is uncertain whether this is
actually indicative of this.

Besides the musically trained people, another strength of the current study is that the
participants did not have to respond after each trial in the MRI scanner. In this way, the
participants often only listened to the rhythms without having to perform a task. Thus, the
rhythms were often the only present stimuli. This may have prevented any confounding
variable interfering with our results besides the beat-based and pattern-based expectations
within our thythms. This is unlike many previous studies that did require participants to
respond for every trial (Araneda et al., 2017; De Pretto & James, 2015; Geiser et al., 2012;

Hoddinott & Grahn, 2024; Teki et al., 2011). On the other hand, the lack of a required
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response on many trials might also be a limitation. It could be that this causes the participants
to pay less attention to the rhythms, which could cause less processing of the temporal
expectations. This might be the reason we found some increased activation in the precuneus,
which is part of the default-mode network (Azarias et al., 2025), in one of our whole brain
analysis contrasts. Grahn and Rowe (2013), also did not require a response on each trial where
participants listened to rhythms, and they also found some increased precuneus activation,
which was not found in the studies where a response was required for each trial. Furthermore,
they found this increased activation for periodic compared to aperiodic rthythms. These
periodic beats are likely less complex and easier to process. Thus, it could be argued that the
precuneus becomes active during easier trials. This is in line with what was found in the
current study, where the precuneus was active for less complex predictable compared to more
complex unpredictable rhythms. Thus, it seems important for future studies to make sure that
the participants are always paying attention to the rhythms, whilst also trying to limit any
confounding effects due to task demands.

Conclusion

In summary, we have provided evidence that beat-based and pattern-based
expectations might not rely on the same neural network in unexpected ways. Especially the
left SMA showed an unexpected role. It seems that this region processes the absence of
pattern-based expectations instead of beat-based expectations. These findings provide novel
evidence for how our brain processes rhythmic temporal expectations and indicate that
previous research might have confounded temporal expectations with other factors, such as

complexity, task demands, and on-beat tones.



45

References
Araneda, R., Renier, L., Ebner-Karestinos, D., Dricot, L., & De Volder, A. G. (2017). Hearing,
feeling or seeing a beat recruits a supramodal network in the auditory dorsal stream.
European Journal of Neuroscience, 45(11), 1439—1450.

https://doi.org/10.1111/ejn.13349

Azarias, F. R., Almeida, G. H. D. R., de Melo, L. F., Rici, R. E. G., & Maria, D. A. (2025).
The Journey of the Default Mode Network: Development, Function, and Impact on
Mental Health. Biology, 14(4), 395. https://doi.org/10.3390/biology 14040395

Bates, D., Méchler, M., Bolker, B., & Walker, S. (2015). Fitting Linear Mixed-Effects Models
Using Ime4. Journal of Statistical Software, 67, 1-48.
https://doi.org/10.18637/jss.v067.101

Bouwer, F. L., Damsma, A., Kaplan, T. M., Sarvestani, M. G., & Pearce, M. T. (2026).
Abstract representations underlie thythm perception and production: Evidence from a
probabilistic model of temporal structure. Cognition, 268, 106345.

https://doi.org/10.1016/j.cognition.2025.106345

Bouwer, F. L., Fahrenfort, J. J., Millard, S. K., Kloosterman, N. A., & Slagter, H. A. (2023). A
Silent Disco: Differential Effects of Beat-based and Pattern-based Temporal
Expectations on Persistent Entrainment of Low-frequency Neural Oscillations.
Journal of Cognitive Neuroscience, 35(6), 990—1020.
https://doi.org/10.1162/jocn_a 01985

Bouwer, F. L., & Honing, H. (2015). Temporal attending and prediction influence the
perception of metrical rhythm: Evidence from reaction times and ERPs. Frontiers in
Psychology, 6. https://doi.org/10.3389/fpsyg.2015.01094

Bouwer, F. L., Honing, H., & Slagter, H. A. (2020). Beat-based and Memory-based Temporal

Expectations in Rhythm: Similar Perceptual Effects, Different Underlying



46

Mechanisms. Journal of Cognitive Neuroscience, 32(7), 1221-1241.
https://doi.org/10.1162/jocn_a 01529

Breska, A., & Deouell, L. Y. (2017). Neural mechanisms of rhythm-based temporal
prediction: Delta phase-locking reflects temporal predictability but not rhythmic
entrainment. PLOS Biology, 15(2), €2001665.
https://doi.org/10.1371/journal.pbio.2001665

Breska, A., & Ivry, R. B. (2016). Taxonomies of Timing: Where Does the Cerebellum Fit In?
Current Opinion in Behavioral Sciences, 8, 282—-288.
https://doi.org/10.1016/j.cobeha.2016.02.034

Brett, M., Anton, J.-L., Valabregue, R., & Poline, J.-B. (n.d.). Region of interest analysis using
an SPM toolbox.

Brett, M., Anton, J.-L., Valabregue, R., & Poline, J.-B. (2002). Region of Interest Analysis
Using an SPM Toolbox [Abstract]. Neuroimage, 16. https://doi.org/10.1016/S1053-
8119(02)90013-3

Cannon, J. J., & Patel, A. D. (2021). How Beat Perception Co-opts Motor Neurophysiology.
Trends in Cognitive Sciences, 25(2), 137-150.
https://doi.org/10.1016/j.tics.2020.11.002

Cappotto, D., Luo, D., Lai, H. W., Peng, F., Melloni, L., Schnupp, J. W. H., & Auksztulewicz,
R. (2023). “What” and “when” predictions modulate auditory processing in a mutually
congruent manner. Frontiers in Neuroscience, 17.
https://doi.org/10.3389/fnins.2023.1180066

Carey, M. R. (2024). The cerebellum. Current Biology, 34(1), R7-R11.

https://doi.org/10.1016/j.cub.2023.11.048



47

ChangChih-Chung, & LinChih-Jen. (2011). LIBSVM. ACM Transactions on Intelligent
Systems and Technology (TIST). (New York, NY, USA).
https://doi.org/10.1145/1961189.1961199

Criscuolo, A., Schwartze, M., Nozaradan, S., & Kotz, S. A. (2025). Basal ganglia and
cerebellar lesions causally impact the neural encoding of temporal regularities.
Imaging Neuroscience, 3, imag_a 00492. https://doi.org/10.1162/imag _a 00492

Damm, L., Varoqui, D., De Cock, V. C., Dalla Bella, S., & Bardy, B. (2020). Why do we
move to the beat? A multi-scale approach, from physical principles to brain dynamics.
Neuroscience & Biobehavioral Reviews, 112, 553-584.
https://doi.org/10.1016/j.neubiorev.2019.12.024

de Aquino, M. P. B., Verdejo-Roman, J., Pérez-Garcia, M., & Pérez-Garcia, P. (2019).
Difterent role of the supplementary motor area and the insula between musicians and
non-musicians in a controlled musical creativity task. Scientific Reports, 9(1), 13006.
https://doi.org/10.1038/s41598-019-49405-5

De Pretto, M., & James, C. E. (2015). Principles of parsimony: fMRI correlates of beat-based
versus duration-based sensorimotor synchronization. Psychomusicology: Music, Mind,
and Brain, 25(4), 380-391. (2015-58237-003). https://doi.org/10.1037/pmu0000122

Fiveash, A., Ferreri, L., Bouwer, F. L., Késem, A., Moghimi, S., Ravignani, A., Keller, P. E.,
& Tillmann, B. (2023). Can rhythm-mediated reward boost learning, memory, and
social connection? Perspectives for future research. Neuroscience & Biobehavioral
Reviews, 149, 105153. https://doi.org/10.1016/j.neubiorev.2023.105153

Geiser, E., Notter, M., & Gabrieli, J. D. E. (2012). A Corticostriatal Neural System Enhances
Auditory Perception through Temporal Context Processing. Journal of Neuroscience,

32(18), 6177-6182. https://doi.org/10.1523/INEUROSCI.5153-11.2012



48

Grahn, J. A., & Rowe, J. B. (2009). Feeling the Beat: Premotor and Striatal Interactions in
Musicians and Nonmusicians during Beat Perception. Journal of Neuroscience,
29(23), 7540-7548. https://doi.org/10.1523/JINEUROSCI.2018-08.2009

Grahn, J. A., & Rowe, J. B. (2013). Finding and Feeling the Musical Beat: Striatal
Dissociations between Detection and Prediction of Regularity. Cerebral Cortex, 23(4),
913-921. https://doi.org/10.1093/cercor/bhs083

Hebart, M. N., Gorgen, K., & Haynes, J.-D. (2015). The Decoding Toolbox (TDT): A versatile
software package for multivariate analyses of functional imaging data. Frontiers in
Neuroinformatics, 8. https://doi.org/10.3389/fninf.2014.00088

Heim, S., Amunts, K., Hensel, T., Grande, M., Huber, W., Binkofski, F., & Eickhoff, S. B.
(2012). The Role of Human Parietal Area 7A as a Link between Sequencing in Hand
Actions and in Overt Speech Production. Frontiers in Psychology, 3, 534.
https://doi.org/10.3389/fpsyg.2012.00534

Herbst, S. K., Stefanics, G., & Obleser, J. (2022). Endogenous modulation of delta phase by
expectation—A replication of Stefanics et al., 2010. Cortex, 149, 226-245.
https://doi.org/10.1016/j.cortex.2022.02.001

Hiroshima, S., Anei, R., Murakami, N., & Kamada, K. (2014). Functional Localization of the
Supplementary Motor Area. Neurologia Medico-Chirurgica, 54(7), 511-520.
https://doi.org/10.2176/nmc.0a2012-0321

Hoddinott, J. D., & Grahn, J. A. (2024). Neural representations of beat and rhythm in motor
and association regions. Cerebral Cortex, 34(10), bhae406.
https://doi.org/10.1093/cercor/bhae406

Holm, S. (1979). A Simple Sequentially Rejective Multiple Test Procedure. Scandinavian

Journal of Statistics, 6(2), 65-70.



49

Honing, H. (2012). Without it no music: Beat induction as a fundamental musical trait. Annals
of the New York Academy of Sciences, 1252(1), 85-91. https://doi.org/10.1111/.1749-
6632.2011.06402.x

Kasdan, 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 and
Biobehavioral Reviews, 136, 104588. https://doi.org/10.1016/j.neubiorev.2022.104588

Kassambara, A. (2026). ggpubr: “ggplot2” Based Publication Ready Plots (Version 0.6.3)
[Computer software]. https://doi.org/10.32614/CRAN.package.ggpubr

Kornysheva, K., & Schubotz, R. I. (2011). Impairment of Auditory-Motor Timing and
Compensatory Reorganization after Ventral Premotor Cortex Stimulation. PLOS ONE,
6(6), €21421. https://doi.org/10.1371/journal.pone.0021421

Large, E. W., Herrera, J. A., & Velasco, M. J. (2015). Neural Networks for Beat Perception in
Musical Rhythm. Frontiers in Systems Neuroscience, 9.
https://doi.org/10.3389/fnsys.2015.00159

Lee, A. C. H., Thavabalasingam, S., Alushaj, D., Cavdaroglu, B., & Ito, R. (2020). The
hippocampus contributes to temporal duration memory in the context of event
sequences: A cross-species perspective. Neuropsychologia, 137, 107300.
https://doi.org/10.1016/j.neuropsychologia.2019.107300

Lenth, R. V., & Piaskowski, J. (2026). emmeans: Estimated Marginal Means, aka Least-
Squares Means (Version 2.0.3) [Computer software].
https://doi.org/10.32614/CRAN.package.emmeans

Liidecke, D., Ben-Shachar, M. S., Patil, 1., Waggoner, P., & Makowski, D. (2021).

performance: An R Package for Assessment, Comparison and Testing of Statistical



50

Models. Journal of Open Source Software, 6(60), 3139.
https://doi.org/10.21105/joss.03139

Mongelli, V., Dehaene, S., Vinckier, F., Peretz, 1., Bartolomeo, P., & Cohen, L. (2017). Music
and words in the visual cortex: The impact of musical expertise. Cortex, Is a “Single”
Brain Model Sufficient?, 86, 260-274. https://doi.org/10.1016/j.cortex.2016.05.016

Morillon, B., Schroeder, C. E., Wyart, V., & Arnal, L. H. (2016). Temporal Prediction in lieu
of Periodic Stimulation. Journal of Neuroscience, 36(8), 2342-2347.
https://doi.org/10.1523/JNEUROSCI.0836-15.2016

Miillensiefen, D., Gingras, B., Musil, J., & Stewart, L. (2014). The Musicality of Non-
Musicians: An Index for Assessing Musical Sophistication in the General Population.
PLOS ONE, 9(2), e89642. https://doi.org/10.1371/journal.pone.0089642

Nani, A., Manuello, J., Liloia, D., Duca, S., Costa, T., & Cauda, F. (2019). The Neural
Correlates of Time: A Meta-analysis of Neuroimaging Studies. Journal of Cognitive
Neuroscience, 31(12), 1796—1826. https://doi.org/10.1162/jocn_a 01459

Nobre, A. C., & Van Ede, F. (2018). Anticipated moments: Temporal structure in attention.
Nature Reviews Neuroscience, 19(1), 34—48. https://doi.org/10.1038/nrn.2017.141

Paquette, S., Fujii, S., Li, H. C., & Schlaug, G. (2017). The cerebellum’s contribution to beat
interval discrimination. Neurolmage, 163, 177-182.
https://doi.org/10.1016/j.neuroimage.2017.09.017

Patel, A. D. (2003). Rhythm in language and music: Parallels and differences. Annals of the
New York Academy of Sciences, 999, 140—143.
https://doi.org/10.1196/annals.1284.015

Patel, A. D., & Iversen, J. R. (2014). The evolutionary neuroscience of musical beat
perception: The Action Simulation for Auditory Prediction (ASAP) hypothesis.

Frontiers in Systems Neuroscience, 8. https://doi.org/10.3389/tnsys.2014.00057



51

Pearce, M. T. (2018). Statistical learning and probabilistic prediction in music cognition:
Mechanisms of stylistic enculturation. Annals of the New York Academy of Sciences,
1423(1), 378-395. https://doi.org/10.1111/nyas.13654

R Core Team. (2026). R: A Language and Environment for Statistical Computing (Version
4.5.3) [Computer software]. R Foundation for Statistical Computing. https://www.R-
project.org/

Rimmele, J. M., Morillon, B., Poeppel, D., & Arnal, L. H. (2018). Proactive Sensing of
Periodic and Aperiodic Auditory Patterns. Trends in Cognitive Sciences, 22(10), 870—
882. https://doi.org/10.1016/.tics.2018.08.003

Rogalsky, C., Rong, F., Saberi, K., & Hickok, G. (2011). Functional Anatomy of Language
and Music Perception: Temporal and Structural Factors Investigated Using Functional
Magnetic Resonance Imaging. The Journal of Neuroscience, 31(10), 3843-3852.
https://doi.org/10.1523/JNEUROSCI.4515-10.2011

Schlossmacher, 1., Dilly, J., Protmann, 1., Hofmann, D., Dellert, T., Roth-Paysen, M.-L.,
Moeck, R., Bruchmann, M., & Straube, T. (2022). Differential effects of prediction
error and adaptation along the auditory cortical hierarchy during deviance processing.
Neurolmage, 259, 119445. https://doi.org/10.1016/j.neuroimage.2022.119445

Schwartze, M., & Kotz, S. A. (2013). A dual-pathway neural architecture for specific
temporal prediction. Neuroscience & Biobehavioral Reviews, 37(10, Part 2), 2587—
2596. https://doi.org/10.1016/j.neubiorev.2013.08.005

Snapiri, L., Kaplan, Y., Shalev, N., & Landau, A. N. (2023). Rhythmic modulation of visual
discrimination is linked to individuals’ spontaneous motor tempo. European Journal
of Neuroscience, 57(4), 646—656. https://doi.org/10.1111/ejn.15898

Solli, S., Danielsen, A., Leske, S., Blenkmann, A. O., Doelling, K. B., Solbakk, A.-K., &

Endestad, T. (2025). Rhythm-based Temporal Expectations: Unique Contributions of



52

Predictability and Periodicity. Journal of Cognitive Neuroscience, 37(3), 555-581.
https://doi.org/10.1162/jocn_a 02261

Teghil, A., Boccia, M., D’ Antonio, F., Di Vita, A., de Lena, C., & Guariglia, C. (2019). Neural
substrates of internally-based and externally-cued timing: An activation likelihood
estimation (ALE) meta-analysis of fMRI studies. Neuroscience & Biobehavioral
Reviews, 96, 197-209. https://doi.org/10.1016/j.neubiorev.2018.10.003

Teki, S., & Griffiths, T. D. (2016). Brain Bases of Working Memory for Time Intervals in
Rhythmic Sequences. Frontiers in Neuroscience, 10.
https://doi.org/10.3389/fnins.2016.00239

Teki, S., Grube, M., Kumar, S., & Griffiths, T. D. (2011). Distinct Neural Substrates of
Duration-Based and Beat-Based Auditory Timing. Journal of Neuroscience, 31(10),
3805—-3812. https://doi.org/10.1523/INEUROSCI.5561-10.2011

The MathWorks Inc. (2023). MATLAB (Version 23.2.0 (R2023b)) [Computer software].
mathworks.com

Thiel, A., Haupt, W. F., Habedank, B., Winhuisen, L., Herholz, K., Kessler, J., Markowitsch,
H.-J., & Heiss, W.-D. (2005). Neuroimaging-guided rTMS of the left inferior frontal
gyrus interferes with repetition priming. Neurolmage, 25(3), 815-823.
https://doi.org/10.1016/j.neuroimage.2004.12.028

Tierney, T. M., Alexander, N. A., Avila, N. L., Balbastre, Y., Barnes, G., Bezsudnova, Y.,
Brudfors, M., Eckstein, K., Flandin, G., Friston, K., Jafarian, A., Kowalczyk, O. S.,
Litvak, V., Medrano, J., Mellor, S., O’Neill, G., Parr, T., Razi, A., Timms, R., &
Zeidman, P. (2025). SPM 25: Open source neuroimaging analysis software. Journal of
Open Source Software, 10(110), 8103. https://doi.org/10.21105/joss.08103

Wellcome Centre for Human Neuroimaging. (2014). SPM12 (Version 12) [Computer

software]. https://www.fil.ion.ucl.ac.uk/spm/


https://www.fil.ion.ucl.ac.uk/spm/

53

Appendix A
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Univariate analyses
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Left SMA
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Left Cerebellum
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Right Cerebellum
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Left medial temporal lobe

Posterior Predictive Check

Model-predicted lines should resemble observed data line
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Right medial temporal lobe

Posterior Predictive Check Linearity
Model-predicted lines should resemble observed data line Reference line should be flat and horizontal
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Appendix B
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Normality assumption checks for multivariate pattern analyses
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