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A B S T R A C T   

The brain extracts statistical regularities from sequential information around our environment. This is referred to 
as statistical learning (SL). Statistical learning is considered an innate function in the human brain and con-
tributes to the brain’s development. Within the framework of predictive coding, this learning system allows us to 
predict a future state to minimize sensory reaction and resolve uncertainty around the world. By auditory sta-
tistical learning, over the brain’s development, humans become able to comprehend language and music. An 
increasing number of studies has revealed that Western-classical musical training optimizes the brain’s proba-
bilistic model of music and enhances the accuracy of perceptive uncertainty (entropy) in newly encountered 
melody. No study, however, investigates how musical training modulates the probabilistic model of rhythm, and 
how the musical culture tunes them. The present study investigated how SL of temporal sequences with and 
without a beat is reflected in neural responses, and how the SL is modulated by the two types of musical training 
in different cultures: Western- and Japanese-classical music (i.e., Hougaku). The neural representation showed 
evidence that the SL effects of beat sequence were prominent in the left hemisphere. This finding was larger in 
Western- and Japanese-classical musicians compared with non-musicians. Further, the entropy (uncertainty) of 
the sequences negatively correlated with neural effects of SL, mainly in the left hemisphere of the both Western- 
and Japanese-classical musicians. These suggest that, regardless of musical culture, musical training may 
generally facilitate SL of rhythm. However, the specific neural components showed differences between groups of 
musicians: an earlier component, referred to as P1, represented the left lateralization for perceptive uncertainty 
in both groups of musicians, whereas a later component, referred to as N1, represented the left lateralization only 
in Japanese Classical musicians. These findings may suggest that the types of musical training differently 
modulate neural representation of underlying temporal SL, particularly global processing of uncertainty rather 
than local processing of transitional probability. The present study sheds new light on the neurophysiological 
account of Japanese classical music.   

1. Introduction 

1.1. Two levels of statistical learning: transitional probability and 
uncertainty 

The brain encodes probability over states in our environment. Based 
on the encoded probabilistic model, it can predict an incoming event 
and optimize both perception and action to resolve the uncertainty of 
the model (Pickering and Clark, 2014). Predictive coding (Friston, 2010) 
provides a neurophysiological framework of such predictive processes 
with regard to auditory functions. Neuronal representations in the 

higher cortical levels predict plausible representations in the lower 
cortical levels in a top-down manner, and are then compared with the 
lower cortical representations to assess the prediction error (Kiebel 
et al., 2008; Mumford, 1992; Rao and Ballard, 1999). The resulting 
mismatched signal between the prediction and actual input information 
is passed back up the hierarchy to update the probabilistic model and 
provide better predictions. This recursive exchange of signals, in coop-
eration with an active inference, also contributes to reducing uncer-
tainty over environmental information. Thus, perceptual processes are 
driven by active top-down systems (i.e., backward/inverse) and by 
passive bottom-up systems (i.e., forward) (Friston et al., 2016; 
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Rauschecker and Scott, 2009; Tishby and Polani, 2011). 
The statistical learning (SL) hypothesis appears to agree with this 

predictive model (Harrison et al., 2006). SL is an implicit mechanism by 
which the brain encodes the probability in sequential information such 
as music and language (Cleeremans et al., 1998; Saffran et al., 1996) and 
assesses the entropy (i.e., uncertainty) of the probability distribution 
(Hasson, 2017). Some literature also suggests that the generation of 
culture (Feher et al., 2016) and musical creativity and individuality 
(Daikoku, 2018b) are associated with common and individual statistical 
knowledge, respectively. It is an ability that is required for the devel-
oping brain (Daikoku, 2019d) that contributes to both music perception 
and production. Previous studies have shown that pitch prediction of 
novel melodies is closely linked to transitional probability (TP) distri-
bution sampled from a large corpus of music (Pearce, 2006; Pearce et al., 
2010a, 2010b). In addition, human can process chord sequences accu-
rately and quickly if the predictability of a chord (local event) and the 
uncertainty of the preceding sequence of six chords (global harmonic 
phrase) are correlated with each other (Tillmann et al., 1998, 2000). 
Recent computational studies also indicated that musical creativity and 
individuality are closely tied to fluctuation of uncertainty in music 
(Daikoku, 2019, 2019c,e). Actually, uncertainty perception of a tone 
depends on what types of music the listener has experienced in his/her 
lifetime. In contrast, local prediction of a tone depends on a piece of 
music itself (for the detailed explanation, please see (T Daikoku, 
2019a)). Thus, the two levels of SL, that is, probabilistic encoding of 
“TP” and distributional encoding of “uncertainty” may not function 
independently but, rather, they may be interdependent. Hansen et al. 
(Hansen and Pearce, 2014) have demonstrated that precision of uncer-
tainty perception in melody is higher in musicians than in 
non-musicians. That is, long-term musical training may allow us to 
generalize its probabilistic music model and optimize uncertainty in the 
model. In other words, musicians who have experienced long-term 
music training have advantage for auditory SL (Francois and Sch€on, 
2011; Paraskevopoulos et al., 2012). Thus, the development of SL ma-
chinery in the brain is required for the generalization of musical culture, 
music proficiency, and predictive processing efficiency. 

Together, to precisely expect individual events in sequences, the 
brain encodes uncertainty and complexity of the statistical distributions 
of the sequences, as well as the TP value of each event. The uncertainty 
can be evaluated using “entropy” (Daikoku, 2018a; Pearce, 2006). The 
statistical complexity and uncertainty of the sequential structure may 
account for the individuality of SL abilities (Du and Kelly, 2013) (Omigie 
et al., 2012, 2013; Omigie and Stewart, 2011). Computational modeling 
has suggested that individual differences of statistical knowledge grad-
ually emerge from the lower-to the higher-order SL models (Daikoku, 
2018b), and that statistical knowledge may shift from the lower-to the 
higher-order (deeper) hierarchy through experience (Daikoku, 2019b). 
Thus, distinct stages of SL strategies may be explained based on the 
information-theoretical concept of “order”. It is, however, unclear 
whether the individual experience of music (i.e., musical culture) 
modulates perceptive uncertainty and the order of SL. In the present 
study, we examine how musical experience leads to individual differ-
ence of perceptive uncertainty and the order of TP. 

1.2. Neural representation and musical training effects 

Electroencephalography (EEG) and magnetoencephalography 
(MEG) directly measure neural activity during SL (Di Liberto et al., 
2020; Koelsch et al., 2016; Paraskevopoulos et al., 2012; Quir-
oga-Martinez et al., 2020). When the brain encodes the TP in a stimulus 
sequence, it expects a probable future stimulus with a high probability 
and inhibits the neural activity for the predictable stimulus. Finally, the 
SL effect manifests as an amplitude difference in event-related potentials 
(ERP) and magnetic fields (ERF) between higher and lower TPs (Dai-
koku, 2018c). SL can be reflected even in early ERP/ERFs such as P1 (i. 
e., P50, around 50 ms after stimulus onset) (Paraskevopoulos et al., 

2012), N1 (i.e., N100, around 100 ms after stimulus onset) (Daikoku 
et al., 2014, 2015; Furl et al., 2011; Sanders et al., 2002), and mismatch 
negativity (MMN) (François et al., 2017; Koelsch et al., 2016; Moldwin 
et al., 2017; Tsogli et al., 2019). Recently, it has been claimed that the 
uncertainty/entropy of TP distribution modulates the ERP/ERF effects 
on SL (Daikoku et al., 2017). For example, the distinction between the 
uncertainty and probability encodings may partially be explained by the 
findings of ERP studies (Koelsch et al., 2018). An early component called 
MMN (100–200 ms after stimulus onset) is typically elicited by deviant 
stimuli of oddball sequences and is not affected by explicit and prior 
knowledge about upcoming deviant stimuli (Garrido et al., 2008; Rinne 
et al., 2001; Sussman et al., 2003; Winkler and Czigler, 2012). However, 
a later component called P300 or P3 is elicited by novel stimuli rather 
than repeated deviant stimuli (Friedman et al., 2001) and it is reduced 
by prior knowledge of an upcoming syntactic deviant stimulus (Ritter 
et al., 1999; Sussman et al., 2003). This suggests that, if an upcoming 
stimulus is “predictably” unpredictable (i.e., the event has a low prob-
ability and the sequence has low uncertainty), the later rather than 
earlier components may be decreased. Conversely, later components are 
considered to reflect higher levels of auditory processing such as 
contextual comprehension or predictability (Donchin and Coles, 1988; 
Feldman and Friston, 2010; Frens and Donchin, 2009). A recent study 
offered evidence that long-term experience with music modulates SL 
effect of pitch on an earlier component called P1, but not N1 (Para-
skevopoulos et al., 2012). This study reported that the SL effects on P1 
were larger in Western-classical musicians than in non-musicians, sug-
gesting that musical training modulates SL effect on P1 rather than N1. 
However, how musical training modulates SL of rhythm but not pitch 
still remains unknown. In this study, using MEG (i.e., EF), we examined 
how the SL of rhythm is modulated by the types of musical training. 
Other studies also indicated that long-term musical training facilitates 
two different levels of SL consisting of local prediction based on TPs 
(François et al., 2012) and global uncertainty encoding (Hansen and 
Pearce, 2014). Thus, the effect of long-term musical training on or about 
pre-existing differences in SL ability between people who have and have 
not experienced music training can be reflected in both earlier and later 
components. 

1.3. Temporal difference of auditory experiences between cultures 

Western Classical music basically keeps a regular beat and rhythm. In 
contrast, Japanese Classical music, referred to as Hougaku and which 
includes “Noh” or “Kabuki”, does not exactly follow a regular beat 
although music per se has somewhat a beat. That is, Japanese Classical 
music sometimes disturbs (i.e., expand or contract) a beat without 
mathematical regularity (Cooper and Meyer, 1960). This time interval is 
often referred to as “Ma”, which is an important notion in Japanese 
musical cultures. The time interval does not depend on a beat, but 
rather, likely to depend on preceding phrases and the meaning. The SL 
effect on neural responses has been mainly detected using spectral se-
quences with a consistent inter-onset interval (IOI) of pitch (Furl et al., 
2011), formant (Daikoku et al., 2015), timbre (Koelsch et al., 2016; 
Tsogli et al., 2019), musical chord (Daikoku et al., 2016), and speech 
(Daikoku et al., 2017a,b). To the best of our knowledge, however, few 
studies addressed how SL of “temporal” patterns such as rhythm and 
meter is reflected in neurophysiological responses. Furthermore, 
although it has been revealed that “spectral” SL is facilitated by musical 
training (Paraskevopoulos et al., 2012; Rao et al., 2017), there are few 
neurophysiological studies that have investigated whether musical 
training modulates temporal SL capacities and the uncertainty encoding 
of a rhythm sequence, and how musical culture tune them. 

The temporal as well as spectral information plays an important role 
in comprehension of auditory structure such as language and music. For 
example, even newborns can discriminate between stress-timed and 
mora-timed languages, whereas they cannot discriminate between two 
stress-timed languages (Nazzi et al., 1998). The stress-timed language 
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basically keeps a regular beat by stressing syllables at a time interval, 
while in “mora-timed” languages (McCawley, 1977; McCawley, 1968), 
each “mora”, instead of syllable, occurs at regular time intervals. Ac-
cording to the previous studies, language and music in a culture share a 
same type of auditory rhythmic pattern (Grabe and Low, 2002; Satoi, 
2003; Wells, 2006), and the perception of rhythmic grouping depends 
on auditory experience such as music (Iversen et al., 2008). The differ-
ences in speech rhythm partially correspond to those of the music: 
Japanese-classical music has less of a beat compared with 
Western-classical music, as seen in each language. A previous study 
partially indicated that Japanese-classical music does not exactly follow 
a regular beat although music per se has somewhat a beat, and some-
times disturbs (i.e., expand or contract) a beat without mathematical 
regularity (Cooper and Meyer, 1960). Also in speech, The syllable-timed 
language such as English basically keeps a regular beat by stressing 
syllables at a time interval, while mora-timed Japanese languages 
generate a tempo based on “mora” but not syllable (McCawley, 1977; 
McCawley, 1968). Additionally, speech and music environments and 
training may modulate perceptive mechanism of rhythm because each of 
them has their own rhythm such as mora- and syllable-time rhythms 
(Repp and Su, 2013). This suggests that the tempo of rhythm, which is 
usually measured from the IOI, is an important variable for 
sensori-motor synchronization that is also essential functions for music 
(e.g., tapping) and language (e.g., speaking) rhythm (Daikoku et al., 
2017, 2018a, 2018b) comprehension. Recent findings also established 
the importance of both auditory and motor brain areas in rhythm and 
beat processing (Nguyen et al., 2018). An ERP study (Ladinig et al., 
2009) found that humans are likely to hear repeating, rather than 
changing, rhythms. In the study, the certain notes in the rhythm were 
omitted entirely and there was silence where the note should have been. 
The omissions occurred on notes that were either metrically strong (e.g., 
downbeats) or metrically weak. The results suggested that metrically 
strong omissions elicited a larger MMN compared to metrically weak 
omissions. The MMN is considered to be an implicit processing regard-
less of intention and consciousness (N€a€at€anen et al., 2007), which has 
also been detected during SL (Koelsch et al., 2016; Tsogli et al., 2019). 
Therefore, the findings may imply that encoding of a metrical structure 
is involved in an implicit mechanism such as SL. However, many ques-
tions on rhythm encoding remain unanswered. For example, there is 
much that we still do not understand about how the temporal patterns of 
music are processed in the brain (Nguyen et al., 2018), and how cultural 
differences in musical/speech rhythms modulate our temporal pro-
cessing mechanisms. 

1.4. The aim of the present study 

SL of word segmentation is generally based on a hypothesis that 
chunking of sequence occurs by TP. However, the concept of SL has 
recently been expanding further. For example, SL mechanism contrib-
utes to chunking (word segmentation), motor action, and communica-
tion (e.g. (Monroy et al., 2017),). In a predictive coding framework, our 
brain automatically calculates statistical distribution of transition 
probabilities, and further grasps the “entropy (uncertainty)” of TP dis-
tribution. Entropy encoding is a ubiquitous phenomenon regardless of 
domains such as spectral (pitch) or temporal (rhythm) information. It 
has also been claimed that temporal (not spectral) prediction in music is 
modulated by these two predictive mechanisms (i.e., probability and 
entropy encodings) (Koelsch et al., 2018). The Markov model and the 
n-gram model, which is a framework of information theory that is 
frequently used in computational fields such as natural-language pro-
cessing and automatic music composition, can be applied to investigate 
neural mechanisms of entropy encoding (Harrison et al., 2006; M. T. 
Pearce et al., 2010a, 2010b). Thus, the present study used the Markov 
model and examined how temporal SL is represented in early neural 
components such as P1 and N1. Importantly, a previous study demon-
strated that music training modulates spectral (i.e., pitch) SL effects on 

an earlier neuromagnetic component called P1 (Paraskevopoulos et al., 
2012); the effects of SL on P1 were larger in Western-classical musicians 
than in non-musicians. This suggests that musical training modulates SL 
effect on P1 rather than N1. We hypothesized that the types of musical 
training differently modulate SL effect on P1. The present study inves-
tigated how SL of the rhythm is reflected in neural responses of P1 and 
N1, and how the SL is modulated by the two types of musical training in 
different cultures: Western- and Japanese-classical music (i.e., 
Hougaku). 

The left and right hemispheres are generally considered to domi-
nantly contribute to temporal and spectral processing, respectively 
(Okamoto et al., 2009; Zatorre and Belin, 2001). This can be explained 
by the difference in neural processing between language and music. 
Speech tones, which can be distinguished from each other mainly by 
temporal rather than pitch information, is dominantly processed in the 
left hemisphere including Broca’s area. Conversely, it is considered that 
musical melody, which is structured based on pitch rather than temporal 
information, is mainly processed in the right hemisphere. The different 
neural processing is also demonstrated by neurophysiological responses 
such as early left and right anterior negativities between 150 and 250 ms 
in latency (ELAN and ERAN, respectively) (Friederici et al., 1993; 
Koelsch, 2009). Thus, we also examined the laterality of temporal SL 
using source analysis. A recent study suggested that probability distri-
butions of temporal information within a genre of music or those within 
a composer has specific statistical characteristics (Daikoku, 2018b). This 
may imply that musical experience modulate SL of rhythm as well as 
pitch. The present study examined how musical training modulates 
temporal SL with and without a beat. We also investigated how different 
neural components such as P1 and N1 show different SL effects. As 
demonstrated by previous studies (Paraskevopoulos et al., 2012), we 
hypothesized that the difference in SL effect between musician and 
non-musician is detectable in P1 components compared with N1 com-
ponents. This is the first neural study that records Japanese Classical 
musicians. Thus, this study sheds new light on neurophysiological ac-
count of Japanese Classical music. 

2. Methods 

2.1. Participants 

Thirty-one right-handed (Edinburgh handedness questionnaires; 
laterality quotient ranged from 58.1 to 100 (Oldfield, 1971)) healthy 
participants with no history of neurological or audiological disorders 
were included (17 males, 14 females; age range, 24–46 years). No par-
ticipants possessed absolute pitch. They were classified into three 
groups: non-musicians (N ¼ 11), Western Classical musicians (N ¼ 10), 
and Japanese Classical musicians (N ¼ 10). The Western Classical mu-
sicians were learning to play Western musical instruments (e.g., piano, 
trumpet) based on Western Classical music (four females; mean age, 
27.42 years; mean age at the commencement of training, 7.68 years; 
mean training hours per week, 21.31 h). They had a conservatory degree 
or who were advanced students at music schools. The Japanese Classical 
musicians were learning to play Japanese musical instruments (e.g., 
Koto, Shamisen, Taiko) based on Japanese Classical music (three fe-
males; mean age, 34.13 years; mean age at the commencement of 
training, 11.32 years; mean training hours per week, 26.83 h). They had 
a conservatory degree or who were advanced students at music schools. 
Some Japanese Classical musicians also had training in Western Clas-
sical music, while no Western Classical musicians have trained Japanese 
Classical musicians. Conversely, non-musicians included 11 volunteers 
without formal musical education (two females; mean age, 26.84 years). 
Additionally, the non-musicians had never had any special musical 
training other than compulsory education, and they did not play or sing 
in bands. The Japanese-classical music is a historical, traditional art, 
which has been developed differently and passed down compared with 
other music genres in Japan. There are very few Japanese-classical 

T. Daikoku and M. Yumoto                                                                                                                                                                                                                  



Neuropsychologia 146 (2020) 107553

4

musicians even in Japan, compared with Western-classical musicians. 
Thus, all Japanese-classical musicians were recruited from a university 
that is the only institute for Japanese-classical music education. All of 
the participants were also provided with compensation. This study was 
approved by the Ethics Committee of The University of Tokyo and it was 
performed in accordance with the guidelines and regulations. All par-
ticipants were well informed of the purpose, safety, and protection of 
personal data in this experiment, and they provided written informed 
consent for this study. 

2.2. Experimental protocol 

Participants completed two sessions: beat and no-beat sessions. In 
each session, exposure to the sequence with 480 pure tones during MEG 
measurement was followed by a behavioral test. The order of the two 
sessions was counterbalanced across participants to ensure that specific 
transition patterns did not interfere with learning in adjacent experi-
mental sessions. The auditory stimulus sequence was 480 repetitions of 
pure tone (440 Hz, duration: 60 ms with rise/fall, 10/10 ms, binaural 
presentation, 70 dB SPL intensity) with variable IOI. The sequence of the 
IOI was defined according to the Markov processes, with the constraint 
that the probability of a forthcoming IOI was statistically defined (90% 
or 10%) by the previous IOI (Fig. 1). Fig. 1a shows a representative 
transition diagram of a Markov chain. Two types of transition diagram 
were actually generated. The distinct two types of Markov chains were 
used in each beat and no-beat sequence, and the use of Markov chains 
was counterbalanced across participants. In the beat session, four types 
of IOIs of 300, 600, 900, and 1200 ms were applied to sequence, which 
can be interpreted as a rhythm sequence with the 300-ms beat (beat 
sequence). Conversely, in the no-beat session, four other types of IOI of 
397, 613, 887, and 1103 ms were applied to the sequence, which can be 
interpreted as a sequence without a beat (no-beat sequence). The 60-ms 
bell tones were pseudo-randomly presented instead of pure tones within 

every set of 50 successive tones. Before the session, participants were 
instructed to raise their right hand at every bell tone. Using these ap-
proaches, we confirmed that all of the participants correctly raised their 
right hand at every bell tone, and that they were continuing to pay 
attention to the sequences. 

After each exposure to the sequence with 480 tones, participants 
completed an interview in which they were presented with 10 series 
with 12 tones, half of which were sequenced by the same Markov pro-
cess. Participants then reported whether each 12-tone series sounded 
familiar. The behavioral test was completed within 3 min. The logit 
transformation was applied to normalize the ratios of correct answers. 
We conducted an analysis of variance (ANOVA) with a within-subject 
factor sequence (beat or no beat) and a between-subject factor group 
(non-musician, Western, or Japanese Classical musician) to examine the 
ratios of the correct answers. Statistical significance levels were set at p 
¼ 0.05. 

2.3. Measurement 

Measurement was performed as in our previous studies. We recorded 
MEG signals from participants while they listened to the sequences. 
Auditory stimuli were sequenced using the STIM2 system (Compu-
medics Neuroscan, El Paso, TX, USA), and were binaurally delivered to 
participant’s ears at 70 dB SPL through ER-3A earphones (Etymotic 
Research, Elk Grove Village, IL, USA). MEG signals were recorded in a 
magnetically shielded room, using a 306-channel neuromagnetometer 
system (Elekta Neuromag Oy, Helsinki, Finland) with 204 planar first- 
order gradiometers and 102 magnetometers at 102 measuring sites on 
a helmet-shaped surface that covers the entire scalp. Auditory stimulus- 
triggered epochs were filtered online with a 0.1–200 Hz band-pass filter 
and were then recorded at a sampling rate of 600 Hz. 

Fig. 1. A representative transition diagram of a 
Markov chain used in the present study (a). Two 
types of transition diagram were actually generated. 
The distinct two types of Markov chains were used in 
each beat and no-beat sequence, and the use of 
Markov chains was counterbalanced across partici-
pants. The digits in the circles represent a tone in 
rhythm sequence. A forthcoming tone was statisti-
cally defined by the last two successive tones. The 
black and red arrows represent the higher and lower 
TPs (90% and 10%, respectively). Excerpts from the 
beat and no-beat sequences (b). (For interpretation of 
the references to colour in this figure legend, the 
reader is referred to the Web version of this article.)   
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2.4. MEG analysis 

The data and the code that support the findings of this study are 
available from the corresponding authors upon reasonable request. 

2.4.1. Equivalent current dipoles (ECDs) estimation 
Epochs with artifacts that exceeded 3 pT/cm or 3 pT for any MEG 

channel were excluded from analyses. Contamination from environ-
mental noise was reduced using the temporally extended signal space 
separation method with a buffer length of 10 s and a correlation limit of 
0.980 (Taulu and Hari, 2009). All responses to tones in the sequences 
were averaged for each participant to detect clear evoked response. The 
averaged responses were filtered offline with a 2–40 Hz band-pass. The 
baseline for magnetic signals in each MEG channel was defined by the 
mean amplitude in the pre-stimulus period from � 100 to 0 ms. The 
analysis window was defined as 0–300 ms. The ECDs for the P1 and N1 
responses in each hemisphere were separately estimated at the peak 
latency using 66 temporal channels for each participant. Participants 
who demonstrated poor ECD estimation, with a goodness-of-fit below 
75% in either the left or right hemisphere, were not used in further 
analysis. In the end, the 30 participants demonstrated ECD estimation 
with a goodness-of-fit above 75% (N ¼ 10 in each group). 

2.4.2. Source-strength waveform and statistical analysis 

2.4.2.1. SL effect based on conditional probability distribution. Selective 
response averaging was conducted separately for the higher and lower 
TP based on ‘conditional’ probability of the Markov model (Fig. 1). The 
source-strength waveforms for N1 in each hemisphere were calculated 
using the ECDs as templates. We conducted ANOVAs with a within- 
subject factor probability (high vs. low) � a within-subject factor 
sequence (beat vs. no beat) � a within-subject factor hemisphere (left vs. 
right), and a between-subjects factor group (non-musician, Western, vs. 
Japanese Classical musician) for peak amplitude and latency of source- 
strength of P1 and N1. When we detected significant effects, a 
Bonferroni-corrected post-hoc test was conducted for further analysis. 
Statistical significance levels were set at p ¼ 0.05. 

2.4.2.2. Order of SL based on joint probability distribution. The distri-
bution of joint occurrence was calculated from 2nd to 10th order 
(Fig. 2). The selective response averaging was conducted separately for 
the higher and lower TP based on ‘joint’ probability, which are solely 
distinct first tones in each order. For instance, in second order of Fig. 2, 
the rhythm patterns of 1-3-2, 2-4-1, 3-2-4, and 4-1-3 (high probability) 
and those of 2-3-2, 1-4-1, 4-2-4, and 3-1-3 (low probability) are solely 
distinct first tones, respectively. We compared the averaged responses to 
the last stimuli of all the rhythm patterns. The source-strength wave-
forms for P1 and N1 in each hemisphere were calculated using the ECDs 
as templates. If the difference can be detected, the results suggest that 
the first tone affects the prediction and the SL depends on this order and 
more. We conducted ANOVAs with a within-subject factor probability 
(high vs. low) � a within-subject factor order (2nd to 10th) � a within- 
subject factor sequence (beat vs. no beat) � a within-subject factor 
hemisphere (left vs. right), and a between-subjects factor group (non- 
musician, Western, vs. Japanese Classical musician) for peak amplitude 
and latency of source-strength of P1 and N1. When we detected signif-
icant effects, a Bonferroni-corrected post-hoc test was conducted for 
further analysis. Statistical significance levels were set at p ¼ 0.05. In 
addition, the joint entropy (H(n)) in n-th order was calculated from in-
formation content based on information theory (Shannon, 1948): 

HðABÞ ¼ �
X

i

X

j
Pðai; bjÞlog2Pðai; bjÞ ðbitÞ

where P(ai, bj) is a joint probability of sequence ai, bj. In each sequence, 
hemisphere, and group, the correlations between the order of TPs and 

the difference of the peak amplitudes for response to stimuli with high 
and low TPs, and between the order of TPs and the joint entropy in each 
order were analyzed by Pearson’s correlation coefficient. We used false 
discovery rate (FDR) to correct for multiple comparisons. 

3. Results 

3.1. Behavioral results 

The ratios of correct answers were significantly above chance level in 
all the groups (non-musician: beat, t[9] ¼ 2.69, p ¼ 0.025, no beat, t[9] 
¼ 2.45, p ¼ 0.037; Western Classical musician: beat, t[9] ¼ 3.20, p ¼
0.011, no beat, t[9] ¼ 3.23, p ¼ 0.010; Japanese Classical musician: 
beat, t[9] ¼ 4.53, p ¼ 0.001, no beat, t[9] ¼ 3.43, p ¼ 0.007) (Fig. 3). 
The ANOVA detected the main effect of beat (F[1, 27] ¼ 4.40, p ¼ 0.046, 
η2 ¼ 0.014). The ratios of correct answers were higher in the beat 
sequence than no-beat sequence. No significance was detected between 
groups (F[2, 27] ¼ 0.88, p ¼ 0.427, η2 ¼ 0.061), and interaction of beat- 
group (F[2, 27] ¼ 0.34, p ¼ 0.715, η2 ¼ 0.025). In sum, the present 
findings were consistent with previous studies: behavioral results 
showed that SL was performed in each group (Western Classical musi-
cian, Japanese Classical musician, and non-musician) and each condi-
tion (beat and no-beat). Furthermore, the behavioral performance is 
enhanced in the beat condition, compared with no-beat condition. On 
the other hand, no difference was detected between groups. 

3.2. Magnetoencephalographic results 

3.2.1. SL effect based on conditional probability distribution 

3.2.1.1. N1. In each hemisphere, the N1 peak amplitudes for stimuli 
with lower TP were significantly larger and longer than those with 
higher TP (F[1, 27] ¼ 4.31, p ¼ 0.048, η2 ¼ 0.14, left: p ¼ 0.001; right: p 
¼ 0.022) (Fig. 4d). In the no-beat sequence, the N1 peak amplitudes for 
stimuli with lower TP were significantly larger than those with higher 
TP in the both hemispheres (F[1, 27] ¼ 4.77, p ¼ 0.038, η2 ¼ 0.15, left: 
p ¼ 0.025; right: p ¼ 0.002) (Fig. 4a and e). In contrast, in the beat 
sequence, this finding could be detected only in the left hemisphere (p ¼
0.001). In the left hemisphere, the N1 amplitudes in the beat sequence 
were larger than those in the no-beat sequence (high: p ¼ 0.007; low: p 
¼ 0.013). In the right hemisphere, the N1 amplitudes for responses to 
stimuli with high TP in the beat sequence were larger than those in the 
no-beat sequence (p ¼ 0.003). In the left hemisphere, the N1 latencies in 
the beat sequence were shorter than those in the no-beat sequence (F[1, 
27] ¼ 8.24, p ¼ 0.008). In the no-beat sequence, the N1 latencies in the 
left hemisphere were longer than those in the right hemisphere (p ¼
0.022). 

The main probability effect on the N1 amplitudes and latencies were 
significant (amplitudes F[1, 27] ¼ 14.61, p ¼ 0.001, η2 ¼ 0.35; latencies 
F[1, 27] ¼ 24.75, p < 0.001, η2 ¼ 0.48). The N1 peak amplitudes and 
latencies for stimuli with lower TP were significantly larger and longer 
than those with higher TP (Fig. 4b and f). The main beat effect on the N1 
amplitudes were significant (F[1, 27] ¼ 8.48, p ¼ 0.007, η2 ¼ 0.24). The 
N1 peak amplitudes in the beat sequence were significantly larger than 
no-beat sequence (Fig. 4c). Together, the findings of N1 indicated that 
the SL of rhythm is reflected in both the beat and no-beat conditions. On 
the other hand, left lateralization was detected in the beat, but not no- 
beat conditions. That is, the neural findings agreed with behavioral re-
sults: SL is reflected in the both neural and behavioral responses. On the 
other hand, neural responses could also uncover laterality that cannot be 
found in the behavioral performance (see Table 1). 

3.2.1.2. P1. The averaged amplitudes and latencies of P1 are shown in 
Table 2 In the non-musicians, the P1 peak amplitudes for stimuli with 
higher TP were larger in the beat than no-beat sequences (F[2,27] ¼
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Fig. 2. The first-to tenth-order matrix of the number of joint occurrences of rhythm patterns in rhythm sequences. The total numbers of occurrences for first-to tenth- 
order Markov sequences are 481, 480, 479, 478, 477, 476, 475, 474, 473 and 472, respectively. The neural responses to the stimuli with high (blue) and low (red) 
TPs, which are solely distinct first tones from each order, were selectively averaged and compared, respectively. For example, in the second order, rhythm patterns of 
1-3-2, 2-4-1, 3-2-4, and 4-1-3 (high probability) and those of 2-3-2, 1-4-1, 4-2-4, and 3-1-3 (low probability) are each solely distinct first tones. We compared the 
averaged responses to the last stimuli among all the rhythm patterns. If the difference can be detected, the results suggest that the first tone affects the prediction and 
the SL depends on this order and more. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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3.94, p ¼ 0.032, η2 ¼ 0.23, p ¼ 0.032). In Western and Japanese Clas-
sical musicians, the P1 peak amplitudes for stimuli with lower TP in the 
beat sequence were larger than those with higher TP (Western Classical: 
p ¼ 0.031; Japanese Classical: p < 0.001, Fig. 5c), while in the non- 
musician, the P1 peak amplitudes for stimuli with lower TP in the no- 
beat sequence were larger than those with higher TP (p ¼ 0.001). In 
the beat sequence, the P1 peak amplitudes for stimuli with higher TP 
were smaller in Western and Japanese Classical musicians than non- 
musicians (Western Classical: p ¼ 0.006; Japanese Classical: p ¼
0.004, Fig. 5d). In the Western Classical musicians, the P1 peak ampli-
tudes for stimuli with higher TP were larger in the no-beat than beat 
sequences (p ¼ 0.028, Fig. 5c). The main probability effect on the P1 
amplitudes were significant (F[1, 27] ¼ 36.79, p < 0.001, η2 ¼ 0.58). 
The P1 peak amplitudes for stimuli with lower TP were significantly 
larger than those with higher TP (Fig. 5b). No significance was detected 
in the P1 latencies. In sum, P1 indicated that the SL of rhythm is re-
flected in both the beat and no-beat conditions. On the other hand, P1 
didn’t show the left lateralization in both conditions. That is, left lat-
erality was only detected in the N1 but not P1. These results suggest that 
P1 components uncover effects of musical training on SL of rhythm, 
which could not be detected in the behavioral responses. The findings 
agreed with previous finings on SL of pitch, but the present study is first 
time to report in the SL of rhythm. 

3.2.2. Correlation between order of transitional probability and neural 
effects of the SL 

It has been suggested that individual differences of statistical 
knowledge gradually emerge from the lower-to the higher-order SL 
models (Daikoku, 2018b), and that statistical knowledge may shift from 
the lower-to the higher-order (deeper) hierarchy through experience 
(Daikoku, 2019b). Thus, distinct stages of SL strategies may be explained 
based on the information-theoretical concept of “order”. It is, however, 
unclear whether the individual experience of music (i.e., musical cul-
ture) modulates perceptive uncertainty and the order of SL. In this an-
alyses, we examined how musical experience leads to individual 
difference of perceptive uncertainty and the order of TP. 

We conducted ANOVAs with a within-subject factor probability 

(high vs. low) � a within-subject factor order (2nd to 10th) � a within- 
subject factor sequence (beat vs. no beat) � a within-subject factor 
hemisphere (left vs. right), and a between-subjects factor group (non- 
musician, Western, vs. Japanese Classical musician) for peak amplitude 
and latency of source-strength of P1 and N1. The results were shown in 
Supplementary material. The higher-order SL effects could also be 
detected in both P1, N1, suggesting that higher-as well as first-order TPs 
affect the prediction based on SL. Although most studies only referred to 
first- or second-order TPs to detect the SL effects on neural responses, the 
present findings might suggest that various-order TPs should also be 
considered to understand SL mechanism in the brain. The SL effects on 
N1 responses were detected from the first-to eighth-order TPs. 

We also conducted correlation analysis. All of the results are shown 
in Fig. 6. First, the joint entropies of TP distribution were strongly (0.7≦| 
r|<1.0) related to the order of TPs (r ¼ 0.98, p < 0.001; Fig. 6a). This 
suggests that the higher-order TP distribution has the larger joint en-
tropy. In the beat sequence, Western and Japanese Classical musicians 
showed that the difference of the P1 peak amplitudes for response to 
stimuli with high and low TPs in the left hemisphere are strongly related 
to the order of TPs (r ¼ � 0.75, p ¼ 0.02; Fig. 6b). The difference of 
amplitudes for response to stimuli with high and low TPs (low -high) 
gradually decrease as the order becomes higher. Japanese Classical 
musicians also showed this significant findings in the N1 (r ¼ � 0.77, p ¼
0.015; Fig. 6c). In the no-beat sequence, nun musicians showed that the 
difference of the P1 peak amplitudes are strongly related to the order of 
TPs (r ¼ � 0.84, p ¼ 0.004; Fig. 6b). These findings also suggest that the 
difference of amplitudes (low -high) gradually decrease as the entropy 
becomes higher. In sum, entropy of the sequences negatively correlated 
with neural effects of SL, mainly in the left hemisphere of the both 
Western- and Japanese-classical musicians. That is, entropy encoding of 
beat but not non-beat sequences is left lateralised in both types of mu-
sicians, compares with non-musicians. Furthermore, only Japa-
nese–classical musicians showed N1 effect of entropy encoding, 
particularly in the left hemisphere. That is, specific neural components 
showed differences between groups of musicians: an earlier component, 
referred to as P1, represented the left lateralization for uncertainty 
encoding in both groups of musicians, whereas a later component, 
referred to as N1, represented the left lateralization only in the Japanese 
Classical musicians. These findings may suggest that the types of musical 
training differently modulate neural representation underlying temporal 
SL, particularly global processing of uncertainty rather than local pro-
cessing of TP. 

4. Discussion 

4.1. Neurophysiological representation on SL 

The brain encodes TP distributions in stimulus sequences, expects an 
incoming stimulus with a higher TP based on the encoded statistics, and 
inhibits the neurophysiological response to predictable stimuli for the 
efficiency and low entropy (i.e., uncertainty) of neural processing based 
on predictive coding (Friston, 2005). In accordance with previous MEG 
and EEG studies, the P1 and N1 responses to stimuli with a lower TP 
were increased compared to those with a higher TP (Abla et al., 2008; T. 
Daikoku and Yumoto, 2017, 2019; Furl et al., 2011; Yumoto and Dai-
koku, 2018). These effects, however, have been mainly detected in SL of 
spectral sequences such as pitch, formant, timbre, musical chord, and 
speech. The present study examined how SL of rhythm (i.e., metrical) 
sequences with and without a beat based on the first-to tenth-order 
Markov models is reflected in MEG responses and how the SL is modu-
lated by Western and Japanese Classical musical training. Given the 
previous findings that musical training facilitates SL of pitch (Para-
skevopoulos et al., 2012) and perception of rhythm (Iversen et al., 
2008), we hypothesized that musical training modulates SL of rhythm as 
well as pitch. SL has often been investigated as a word learning mech-
anism: humans can identify word boundary in sequence based on TP 

Fig. 3. Results of behavioral tests. In both beat and no-beat sessions, all of the 
groups correctly answered whether the rhythm series in the behavioral tests 
sounded familiar based on the rhythm sequences that had been presented 
during the MEG measurement. In addition, the ratios of correct answers were 
higher in the beat sequence than no-beat sequence. The error bars indicate the 
standard error of the mean (SEM). 
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(Saffran et al., 1996). However, recently, the concept of SL has been 
expanding. In predictive coding framework, our brain automatically 
calculates statistical distribution of transition probabilities, and further 
grasps the “entropy (uncertainty)” of TP distribution (Hasson, 2017). 
That is, entropy encoding is a ubiquitous phenomenon regardless of 
domains such as spectral (pitch) or temporal (rhythm) information. It 
has also been claimed that temporal (not spectral) prediction in music is 
modulated by these two predictive mechanisms (i.e., probability and 
entropy encodings) (Koelsch et al., 2018). However, the typical word 
concatenation sequence is difficult to information-theoretically manip-
ulate the entropy values. The Markov model and n-gram model, which 

are a framework of information theory and frequently used in compu-
tational fields such as natural-language processing and automatic music 
composition, can be applied for investigating the neural mechanism of 
entropy encoding (Harrison et al., 2006; Pearce et al., 2010a, 2010b). 
For this reason, the present study used the Markov model, and examined 
how temporal SL is represented in early neural components such as P1 
and N1. A previous study demonstrated that music training modulates 
spectral (i.e., pitch) SL effects on earlier neuromagnetic component 
called P1 (Paraskevopoulos et al., 2012); the effects of SL on P1 were 
larger in Western-classical musicians than in non-musicians. It is, how-
ever, unknown how music training modulates neural components 

Fig. 4. The results of the N1 source. Isofield contour maps for N1 source (a) are shown for each hemisphere (top). Outflux (red lines) and influx (blue lines) are 
stepped by 20 fT. The green arrows represent ECDs, and the yellow regions represent the time window for modeling ECD. The N1 responses were separately modelled 
as single attention ECDs in each hemisphere. Grand-averaged source-strength waveforms for the N1 responses to stimuli with higher (black) and lower (red) TPs in 
the beat (middle) and no-beat sequences (bottom) showed that SL effects were reflected in the N1 responses. The results were significant in the left hemisphere in the 
beat sequence, and both hemisphere in the no-beat sequence. The ANOVA results of the N1 peak amplitudes (b, c, d, and e) and latencies (f and g) of the source 
waveforms. The error bars indicate the standard error of the mean (SEM). (For interpretation of the references to colour in this figure legend, the reader is referred to 
the Web version of this article.) 

Table 1 
The peak amplitudes and latencies of the N1-source waveforms.   

Sequence Beat No beat 

Hemisphere Left Right Left Right 

Probability High Low High Low High Low High Low 

Amplitude Non-musician 10.5 � 1.8 12 � 1.3 7.7 � 1.8 9.2 � 2.1 8.7 � 1.6 13.3 � 2.1 4.6 � 0.9 11 � 3.4 
Western Classical 3.9 � 1.1 6.7 � 1.8 4 � 0.8 6 � 1.2 7.2 � 1.1 7.8 � 1.2 5.7 � 1.7 9.1 � 2 
Japanese Classical 3.8 � 0.5 8.9 � 2 3.6 � 0.9 9 � 1.6 4.9 � 1.1 8.1 � 1.5 4.3 � 0.7 6.2 � 1.3 

Latency non-musician 102.7 � 3.9 113.6 � 5 104.7 � 3.8 108.7 � 3.8 114.7 � 6.4 119.7 � 8.3 108.9 � 4.5 105.3 � 3.8 
Western Classical 98.8 � 1.5 100.8 � 1.8 99.4 � 1.6 99.9 � 2.2 102 � 1.8 107.5 � 2.7 100.4 � 1.8 102.2 � 2.6 
Japanese Classical 102.2 � 2.8 111 � 5.8 104.4 � 4 111.3 � 3.7 110 � 5.7 110.6 � 3 103.2 � 3.5 106 � 4.4  
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representing temporal (i.e., rhythm) SL, and how the types of musical 
training differently modulate the SL effect. The present study first 
investigated how SL of temporal sequences with and without a beat are 
reflected in neural responses, and how the SL is modulated by the two 
types of musical training in different cultures: Western- and 
Japanese-classical music (i.e., Hougaku). Because that entropy is inter-
preted as the average surprise of outcomes that were sampled from a TP 
distribution (Friston, 2010), it is hypothesized that higher entropy leads 
to a lower SL effect. 

4.2. SL effects on P1 and N1 responses in musicians and non-musicians 

The SL was reflected in neural responses of P1 and N1 sources, and 
behavioral responses, suggesting that SL of rhythm as well as pitch can 
be reflected in neural and behavioral responses. N1 responses also 
showed SL effects on latencies. The N1 peak amplitudes and latencies for 
stimuli with lower TP were larger and longer than those with higher TP, 
which is in agreement with previous SL studies (e.g. Sanders et al., 
2002). The left hemisphere dominance of SL was also detected in beat 
sequence (Fig. 4a). The N1 peak amplitudes were generally larger in 
beat than no-beat sequences. It has generally been considered that the 
left and right hemispheres dominantly contribute to temporal and 
spectral processing, respectively (Okamoto et al., 2009; Zatorre and 
Belin, 2001). This can be explained by the difference of neural pro-
cessing between language and music. Speech tones, which can be 
distinguished from each other mainly by temporal rather than pitch 
information, are dominantly processed in the left hemisphere including 
Broca’s area. Conversely, musical melody, which is structured based on 
pitch rather than temporal information, is mainly processed in the right 
hemisphere. The different neural processing is also demonstrated by 
neurophysiological responses such as early left and right anterior neg-
ativities between 150 and 250 ms in latency (ELAN and ERAN, respec-
tively) (Friederici et al., 1993; Koelsch, 2009). The present results may 
suggest that SL of beat sequences, which can be learned based on a 
regular beat, depends on temporal processing rather than no-beat 
sequence, which is difficult to learn based on the exact time because 
there is no beat. 

The SL effects on P1 responses were larger in Western and Japanese 
Classical musicians than in non-musicians. These results suggest that 
musical training facilitates SL of rhythm. According to the previous 
studies, learning effects on P1 responses were not correlated with the 
other neural responses such as N1 (Boutros et al., 1995; Boutros and 
Belger, 1999; Kisley et al., 2004). SL effects on P1 responses were more 
detectable than N1 responses in musical chord sequences (Daikoku 
et al., 2016). These findings suggest that P1 responses are modulated by 
music training (Kizkin et al., 2006; Wang et al., 2009). Neuroimaging 
studies suggest that the auditory P1 and N1 responses are generated in 
the auditory cortex with different topographies: P1 source is generated 
in the lateral part of the primary auditory cortex, whereas the N1 source 
is generated in the secondary auditory cortex that is more lateral and 
anterior to the primary auditory cortex (Li�egeois-Chauvel et al., 1994; 
Yvert et al., 2001). The recent SL studies of functional connectivity of the 
cortical network revealed the prominent role of informational 

processing pathways that bilaterally connect superior temporal and 
intraparietal sources with the left inferior frontal gyrus (IFG) (Para-
skevopoulos et al., 2017). They also demonstrated that musical expertise 
facilitates SL effects on the P1 source and connectivity of the superior 
temporal gyrus (STG) with other cortical regions, increased contribution 
of additional temporal and frontal sources, and enhanced global effi-
ciency of neural processing. According to previous studies, earlier 
auditory responses that peaked at 20–80 ms, which is around P1 latency, 
were attributed to thalamo-cortical and corticofugal projections (Adler, 
1982; Skoe et al., 2013). These processing pathways including the STG 
and the primary auditory cortex (Winer, 2005) could contribute to SL in 
the framework of predictive coding in a top-down manner. Thus, 
musical training may contribute to facilitation of top-down processing in 
SLDaikoku, 2019d, Daikoku, 2018, Daikoku et al., 2012. 

4.3. Correlation between orders and entropy of probability distribution 

The higher-order SL effects could also be detected in both P1, N1, 
suggesting that higher-as well as first-order TPs affect the prediction 
based on SL. Although most studies only referred to first- or second- 
order TPs to detect the SL effects on neural responses, the present 
findings might suggest that various-order TPs should also be considered 
to understand SL mechanism in the brain. The SL effects on N1 responses 
were detected from the first-to eighth-order TPs (see Supplementary 
material, Fig. 1e). One possible explanation may be related to working 
memory. Working memory refers to a brain system that provides tem-
porary and simultaneous storage and processing of the information for 
learning and comprehension of knowledge such as language and music 
(Baddeley, 1992). Miller (1956) indicated that working memory ca-
pacities in humans is approximately seven units of data, called “chunks”, 
although recent studies have demonstrated that the number limitation 
of units is four (Cowan, 2001) and the working memory capacities are 
variable by the types of information such as numbers, words, and pitch. 
According to the previous studies that investigated the relationships 
between SL and working memory, however, performance on SL is in-
dependent of general cognitive abilities such as intelligence, working 
memory, and executive function (Hall et al., 2015; Siegelman and Frost, 
2015). The present study did not explicitly test cognitive abilities such as 
intelligence and working memory. In the paradigm of the present study, 
the short mean path-length with higher TPs in our model (i.e., five 
stimuli including four types of IOI: 1-3-2-4) might limit the depth in SL 
until eighth-order TPs. Future study is needed to clarify the correlation 
between the order of SL and cognitive abilities such as intelligence and 
working memory and to investigate whether mean path-length could 
modulate the order of SL. In the higher-order models, non-musicians 
showed a larger P1 response than musicians. The general phenomenon 
that left hemispheres contribute to temporal processing (Okamoto et al., 
2009; Zatorre and Belin, 2001) may be stronger in the higher-order 
model of non-musicians than musicians. 

4.4. Entropy encoding and musical-training effect between cultures 

The ERFs detected the correlation among the order of SL, the entropy 

Table 2 
The peak amplitudes and latencies of the P1-source waveforms.   

Sequence Beat No beat 

Hemisphere Left Right Left Right 

Probability High Low High Low High Low High Low 

Amplitude non-musician 13.5 � 1.9 16 � 2.1 14.1 � 1.4 15.8 � 1.3 11 � 2.2 14.2 � 3 10.8 � 1.9 14 � 2.3 
Western Classical 15.9 � 2 19.8 � 2.8 18 � 2.5 17.7 � 2.4 14.5 � 2.1 16.1 � 3 16.3 � 3.3 17 � 3.7 
Japanese Classical 17.1 � 3 20.7 � 2.7 17.1 � 2.4 16.7 � 2.1 11.5 � 2.1 13.7 � 1.5 11.8 � 2.1 14.7 � 2.4 

Latency non-musician 62 � 2.8 56.5 � 4.9 58.1 � 6.1 62.7 � 5.7 63.2 � 2.7 60.3 � 4.1 53.8 � 4.1 52.7 � 4.5 
Western Classical 56.6 � 2.5 56.3 � 3.3 54.1 � 3.5 52.2 � 5.5 58.9 � 3 51.4 � 5.5 55.6 � 3.8 52.5 � 5 
Japanese Classical 44.8 � 5.4 62.2 � 10.1 52.2 � 3.8 50.9 � 4.8 61.5 � 3.9 57.7 � 7.9 49.1 � 4.1 54.2 � 7.6  
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of the TP distribution, and the SL effects (Fig. 6). In the beat sequence, 
lower SL effects were detected in higher-order models, particularly in 
the left hemisphere of Western and Japanese Classical musicians. 
Mathematically, the higher-order TP distribution had larger joint en-
tropy (Fig. 6a). Thus, the findings may suggest that the order- and 
entropy-dependent SL effects based on the information theory could be 
prominent in the left hemisphere of musicians. While this effect was 
prominent in the P1 component, Japanese Classical musicians also 
showed the effects on the N1 component, suggesting that there are some 

differences in the neural basis underlying SL between Western and 
Japanese Classical musicians as well as between non-musicians and 
musicians. These findings may suggest that types of musical culture and 
musical training specifically modulate SL of rhythm, even within the 
same country. Some participants in the Japanese Classical musicians 
group have also experienced training in Western Classical music. This 
means that Japanese Classical musicians may have further musical skills 
associated with Japanese Classical music in additional to those with 
Western Classical music, compared with Western Classical musicians 

Fig. 5. The results of the P1 source. Isofield contour maps for P1 source (a) are shown for each hemisphere (top). Outflux (red lines) and influx (blue lines) are 
stepped by 20 fT. The green arrows represent ECDs. The P1 responses were separately modelled as single attention ECDs in each hemisphere. Grand-averaged source- 
strength waveforms for the P1 responses to stimuli with higher (black) and lower (red) TPs in the beat (middle) and no-beat sequences (bottom) showed that SL 
effects were reflected in the P1 response in both hemispheres and both sequences. The ANOVA results of the P1 peak amplitudes (b and c) of the source waveforms. 
The responses to stimuli with higher TP (c and d) suggest that SL effects of beat but not no-beat sequences were larger in Western and Japanese Classical musicians 
than non-musicians. The error bars indicate the standard error of the mean (SEM). (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 
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who have only trained Western Classical music. Thus, the findings that 
Japanese Classical musicians showed SL effects on both N1 and P1 while 
Western Classical musician represented the effects only P1 may indicate 
that different types of musical training facilitates musical skills, and 
generalizes capacity of temporal processing regardless of the existence 
of beats. The ERFs also found that non-musicians performed entropy- 
dependent SL effects in a no-beat sequence. Further studies are neces-
sary to investigate the exact culture effects by comparing between mu-
sicians who have experienced each different type of music and never 
trained in another type of music, and to conclude how the entropy of TP 
distribution modulates SL and how musical training modulates entropy- 
dependent SL effects. 

In conclusion, the present study showed that SL effects of the beat 
sequence on early components were prominent in the left hemisphere. 
This finding was also larger in Western- and Japanese-classical musi-
cians compared with non-musicians. The entropy of the sequences 
negatively correlated with neural effects of SL, mainly in the left 
hemisphere of the both Western- and Japanese-classical musicians. 
These may suggest that, regardless of musical culture, musical training 
may generally facilitate SL of rhythm. These findings agreed with pre-
vious studies (e.g. Paraskevopoulos et al., 2012) that revealed that 
Western-classical musical training optimizes the brain’s probabilistic 
model of music, and enhances the accuracy of uncertainty encoding in 
newly encountered melody. Thus, musical training may modulate neural 
bases of both spectral and temporal SL. However, the specific neural 
components showed differences between groups of musicians: an earlier 
component, referred to as P1, represented the left lateralization for 
uncertainty encoding in both groups of musicians, whereas a later 
component, referred to as N1, represented the left lateralization only in 
Japanese Classical musicians. These findings suggest that the types of 
musical training differently modulate neural representation underlying 
temporal SL, particularly global processing of uncertainty rather than 
local processing of transitional probability. A growing body of literature 
has revealed that Western-classical musical training optimizes the 
brain’s probabilistic model of music and enhances the accuracy of un-
certainty encoding in newly encountered melody. No study, however, 
investigated how musical training and musical culture modulate the 
probabilistic model of rhythm. The present study first investigated how 
SL of temporal sequences with and without a beat is reflected in neural 
responses, and how the SL is modulated by the two types of musical 
training in different cultures: Western- and Japanese-classical music (i. 
e., Hougaku). The present study sheds new light on the neurophysio-
logical account of Japanese Classical music. 
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