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Abstract 

Understanding how we gain representations of music is crucial for a comprehensive 

understanding of music perception. Several studies suggest that listeners extract statistical 

regularities in music via passive exposure, i.e., statistical learning. Statistical learning could thus 

underlie our ability to learn about unfamiliar music. While research shows that musical short-

term knowledge can be gained via this process, it remains unclear whether longer lasting 

knowledge can be gained this way. This thesis aims to address this issue. 

In Study 1, participants gave probe-tone ratings before and after exposure to an artificial 

music genre defined by its tone distribution.  Participants’ responses to these tones revealed that  

they are sensitive to both the tone distribution of the preceding tone sequence and tone 

distributions encountered earlier in the experiment. This suggests that musical knowledge can be 

gained via statistical learning over and above short-term knowledge. Participants also 

distinguished the exposed music genre from another artificial genre after exposure. In Study 2a, I 

ascertain that this result is not due to prior familiarity with one of the artificial music genres. In 

Studies 2b and 2c, I show that participants can differentiate the two music genres based on pitch 

cues. 

In Studies 3a and 3b, I compared participants’ brain activity following congruent and 

incongruent tones to familiar or unfamiliar tone distributions using EEG. Activity at frontal 

electrodes from 380 to 450 ms post stimulus onset was larger for incongruent probe tones, but 

only when the preceding probe-tone context was based on the familiar tone distribution. This 

event-related potential can be considered an index of musical long-term knowledge because 

behavioral results suggest that participants were influenced not just by short-term knowledge 

when presented with familiar tone distribution probe-tone contexts. In Study 4, participants 
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completed Study 1’s paradigm. Key behavioral results from Study 1 were replicated. Further, 

EEG data suggest that musical long-term knowledge may form simply through encountering an 

unfamiliar music genre in short tone sequences, without extended exposure.  

These findings are discussed regarding their implications for the statistical learning of 

music, the influence of music training, and the field of statistical learning research in general.  
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Chapter 1: Theoretical background 

Music is ubiquitous in our everyday life. Not only do we actively seek out music, we 

also encounter it passively: we cue it up on our way to work and hear it as we select a head of 

lettuce. Perceiving and producing music involves not only perceptual and motor processes, but 

also a diverse range of cognitive processes. These cognitive processes give rise to our abilities to 

recall our favourite songs, appreciate new music, and recognize different music genres (i.e., 

categories of music the members of which are created using the same conventions, see Fabbri, 

1999). Based on our sense of a specific music genre, we are even able to identify points at which 

stylistic mistakes are made, when tones sound “off” or when a chord sounds “odd”. How do we 

gain this sense of music? How do we gain a representation of a specific music genre? 

In this chapter, I describe previous research showing that musical compositions in a 

given genre contain consistent distributions of tones. These distributions correspond to listeners’ 

implicit tonal schema or representation of this genre. The implicit nature of this representation 

often leads many listeners to proclaim that they “know nothing about music” while being able to 

make schema based responses. Further, research shows that listeners may gain this implicit 

musical knowledge by extracting distribution cues through statistical learning.  

This thesis aims to expand on this body of research to show that listeners may gain 

implicit knowledge about unfamiliar music genres in a short period of time. I further hope to 

contribute novel methodological tools to leverage in future research on this and similar research. 

Statistical learning was initially studied using auditory linguistic stimuli (Aslin, Saffran & 

Newport, 1998; Saffran, Aslin, & Newport, 1996; Saffran, Newport, Aslin, Tunick, & Barrueco, 

1997), but has also been shown in the visual domain (Kirkham, Slemmer & Johnson, 2002). By 

finding improved ways to study statistical learning, we can test the limits on transfer of statistical 
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learning, explore its scalability, and how it relates to other forms of learning (see Armstrong, 

Frost, & Christiansen, 2017). 

1.1 Tone distributions 

Corpus studies have obtained counts of each of the 12 chromatic scale tones within the 

Western tonal-harmonic style. Krumhansl (1990, Table 3.3) reported the frequency of occurrence 

of pitches from a wide range of Western tonal music, as counted by Knopoff and Hutchinson 

(1983) and Youngblood (1958). These counts show a particular pattern of distribution across the 

12 tones in which some tones occur more frequently than others.  

Notably, these counts correlate highly with tonality, the structure of the Western 

harmonic system as described by musicologists (see Krumhansl, 1990, 2003; for extended music-

theoretic treatments, see Lerdahl, 2001; Temperley, 2001). The latter propose that tonality is a 

hierarchic pitch structure. At the top of the hierarchy is the most prominent, stable tone within the 

Western 7-tone diatonic scale, the first tone within the scale, which is known as the tonic. At the 

next level of the hierarchy are the mediant and dominant tones that form the major triad together 

with the tonic. The rest of the diatonic tones (i.e., the rest of the scale tones) follow at the next 

level of the hierarchy, finally followed by the nondiatonic tones (Gauldin, 1997; Piston, 1987).  

This hierarchic organization, or tonal hierarchy, is a structural principle found in music 

throughout history and around the world (Krumhansl, 1990). Some pitches are ranked higher than 

others: these pitches occur more frequently; they are rhythmically emphasized and tend to appear 

at structurally important positions such as the beginning and ending of a piece. Musical cultures 

may be differentiated through their own hierarchic organization of tones. For example, South 

Indian classical (Carnātic) music employs a drone (sruthi) to establish the most prominent, stable 

tone, similar to the Western 7-tone diatonic scale tonic (Raman & Dowling, 2017). Similarly, 7-
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tone pelog scales used in Balinese music contain a tonic-like gong tone, four other tones at the 

next level of hierarchy, while the remaining two tones form the bottom of the hierarchy (Kessler, 

Hansen, & Shepard, 1984). 

1.2 Tonal schema 

Experimental studies have used the probe-tone paradigm developed by Krumhansl and 

Shepard (1979; see also Krumhansl, 1990) to demonstrate the psychological reality of musical 

pitch structure for the Western idiom. In this paradigm listeners are presented with a musical 

context (e.g., a short melody or chord sequence) followed by one of the 12 chromatic scale tones. 

The listener then rates how well this probe tone fits the context just heard. This is repeated with 

each of the 12 chromatic scale tones serving as probe tones. The probe-tone profile for that 

context is the collection of these ratings. Across several musical contexts, Western listeners’ 

probe-tone profiles closely correspond to the hierarchy proposed by musicologists as described 

above (Cuddy, 1991; Cuddy & Badertscher, 1987; Krumhansl & Keil, 1982; Krumhansl & 

Kessler, 1982; Krumhansl & Shepard, 1979; Vuvan, Prince, & Schmuckler, 2011).  

Similarly, probe-tone profiles obtained from Indian listeners after listening to North 

Indian tone sequences conform to predictions based on Indian music theory (Castellano, 

Bharucha, & Krumhansl, 1984). Notably, this is true even though North Indian music is highly 

improvisational. Across cultures, then, listeners possess tonal schema of the music of their 

culture. 

1.3 Statistical learning 

The correlation between listeners’ tonal schema and the distribution of tones suggests 

that we may gain our sense of music by extracting this statistical information from the music to 
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which we are exposed. Cross-cultural research, using stimuli drawn from Western tonal music to 

traditional Balinese music, shows that listeners are more attuned to the statistical distribution of 

tones in the music of their own culture (Castellano et al., 1984; Kessler et al., 1984). Assuming 

that listeners have the most exposure to music of their own culture this suggests that repeated 

exposure underlies listeners’ representation of tone distributions. 

Western adult listeners with little to no music training show knowledge of scale 

membership (i.e., whether or not a tone belongs to the 7-tone diatonic scale) and knowledge of 

triad membership (i.e., whether or not a tone belongs to the major triad, see Rojas, Cui, Brook, & 

Cuddy, 2018). Child listeners with similar levels of music training who were tested using the 

same paradigm used by Rojas et al. (2018) showed no such knowledge (Cui, Fry, Brook, & 

Cuddy, 2017). Other studies of development show a more detailed representation of tonal 

hierarchy, and thus the statistical distribution of tones, with age and music training (Trainor, 

Marie, Gerry, Whiskin, & Unrau, 2012; Trainor & Trehub, 1992). 

Both cross-cultural and developmental lines of inquiry suggest that listeners extract 

statistical regularities over time. Repeated exposure to musical compositions of the same genre 

provides access to the global tone distribution, the distribution of the genre, whose representation 

in listeners’ minds becomes more detailed with more exposure. Knowledge of the global 

distribution of a genre would thus be long-term knowledge. Here, the term “long-term 

knowledge” refers to the potential of its retrieval when present stimuli do not contain all 

information of the global distribution. An example of demonstrated long-term knowledge are 

listeners’ graded probe-tone profile that corresponds to the hierarchy proposed by musicologists 

when the probe-tone context used to elicit this probe-tone profile is a simple scale, that is, a tone 

sequence in which every tone occurs once.  
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At the same time, a number of studies have shown that humans are sensitive to statistical 

regularities in general (Ghatala & Levin, 1973; Greene, 1984; Hasher & Chromiac, 1977; Hasher 

& Zacks, 1979; Naparstek & Henik, 2010; Nevah-Benjamin & Jonides, 1986; Rose & Rowe, 

1976; Zacks, Hasher, & Sanft, 1982). This sensitivity may also predict listeners’ responses to the 

musical structure of unfamiliar cultures. Western listeners gave the highest probe-tone ratings to 

tones that occurred most often in the unfamiliar musical structures of the Slendro music of Bali 

(Kessler et al., 1984) and in the music of North India (Castellano et al., 1984), as well as South 

India (Raman & Dowling, 2016).  

Other probe-tone studies have used novel, experimentally constructed, idioms in which 

the surface cues were not correlated with the Western tonal idiom (Cui, Collett, Troje, & Cuddy, 

2015; Oram & Cuddy, 1995). These studies directly manipulated the frequency of occurrence of 

tones within short nontonal sequences and showed also that more frequently occurring tones were 

given higher probe-tone ratings than less frequent tones. Listeners may thus also extract the 

statistical regularities contained in the musical stimuli they encounter in laboratory studies, the 

local distribution, in the form of short-term knowledge. 

1.3.1 The history of statistical learning research 

Reber (1967) first demonstrated that participants were sensitive to regularities contained 

in a stimulus set without having been explicitly told about the existence of these underlying 

regularities. After participants successfully memorized a set of four letter sequences generated 

from a finite-state grammar, they became increasingly better at memorizing subsequent sets of 

four letter sequences generated from the same grammar. Furthermore, they also successfully 

judged whether new stimuli were based on the same grammar. In contrast, participants who were 

asked to memorize sets of letter sequences formed randomly (i.e., not based on any regularities) 



6 

 

did not show an improvement in memorizing new sets. Reber called the acquisition of knowledge 

about the regularities in a stimulus set without being able to verbalize the acquired knowledge, 

and without the intention to acquire it, implicit learning. Reber noted the similarity to “perceptual 

learning” as explored by Gibson and Gibson (1955), but chose to call it “implicit learning” to 

emphasize the implicit nature of the gained knowledge.  

Since then, implicit learning has been investigated in several studies (Bigand, Perruchet, 

& Boyer, 1998; Rohrmeier, Rebuschat, & Cross, 2011; Tillmann & Poulin-Charronnat, 2010). In 

these studies, participants are exposed to stimuli under incidental learning conditions: They do 

not receive explicit instruction to acquire knowledge about the underlying regularities of the 

stimulus set. Afterwards, it is determined whether knowledge has been acquired, and whether this 

knowledge is implicit or explicit. Successful acquisition of knowledge that participants cannot 

verbalize and are unaware of is called implicit learning; on the other hand successful acquisition 

of knowledge that is explicit such that it can be verbalized by the participant is called incidental 

learning (Rohrmeier & Rebuschat, 2012). 

The term statistical learning was introduced in 1996 by Saffran et al. They demonstrated 

the successful acquisition of knowledge about the frequency of co-occurrence of syllables found 

in syllable-triplets presented during exposure, which could subserve the segmentation of speech. 

The basic procedure used in statistical learning research is very similar, if not to say identical, to 

the procedure used in implicit learning research: participants are exposed to a stimulus set based 

on certain regularities and afterwards tested on their reaction to – sometimes new – stimuli based 

on the same regularities (Aslin et al., 1998; Saffran et al., 1997). In Saffran et al. (1996) these 

were transitional regularities.  
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The learning of statistical regularities has been proposed as not only underlying speech 

segmentation, but also other aspects of language learning. Jones and Mewhort (2007) modeled 

the forming of a semantic lexicon based on learning of transitional regularities. Maye, Werker, 

and Gerken (2002) argued that learning of distributional regularities underlies the acquisition of 

phonemic contrasts. 

Differences between the first studies on implicit learning and statistical learning existed 

in their focus of interest – grammar learning and speech segmentation respectively – and 

therefore in their utilized stimuli. Implicit learning research used stimuli based on finite-state 

grammar, whereas statistical learning research manipulated the statistical information contained 

in the stimulus set. However, more recently, the similarities between these two lines of research 

have led to the terms implicit learning and statistical learning being used interchangeably 

(Rohrmeier & Rebuschat, 2012). Perruchet and Pacton (2006) went so far as to suggest that both 

terms refer to the same phenomenon. 

To my best knowledge, the relationship between statistical learning research, 

specifically research on learning of distributional regularities, and research on probability 

learning has yet to be discussed. Probability learning, as explored for instance by Estes (1976) 

and as reviewed by Myers (2014), refers to the acquisition of knowledge about the probability 

with which one of multiple stimuli occurs. Typically, participants are asked to predict which of 

two stimuli will appear. One of these two stimuli occurs with a greater probability. Participants 

are found to match the probabilities with which stimuli occur in their predictions, such that 

participants predict the occurrence of the stimuli with similar probability. For example, 

participants are asked to predict whether a red or blue stimulus will occur, where the red stimulus 
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occurs in 70% of trials. Participants typically predict the occurrence of a red stimulus in 70% of 

trials. 

Although mostly used in the context of decision making research (Geng et al., 2013), the 

similarity of this research to statistical learning research on distribution learning should be 

apparent. To the degree that participants in statistical learning experiments learn the probabilities 

with which tones occur given a particular distribution of tones, these two strands of cognitive 

psychology are related. For Estes (1976), “the term probability learning characterizes a type of 

problem situation rather than a type of learning”. The same mechanisms underlying statistical 

learning of distributions could also serve our ability to learn probabilities. One crucial difference 

is the use of feedback in decision making research. Gómez (2017) noted that learning of 

regularities without overt reinforcement might recruit a network with different characteristics 

than learning of regularities with reinforcement.  

1.3.2 Alternative routes to tonal schema 

I do not assume that the representation of tonal hierarchy is entirely formed through 

statistical learning. For instance, one could propose psychoacoustic consonance as the basis our 

representation of tonal hierarchy (Krumhansl & Cuddy, 2010). To distinguish between these 

propositions, Krumhansl (1990) used psychoacoustic consonance values and tone distributions 

compiled from corpora of music pieces as predictors for measures of tonal hierarchy. While only 

the tone distribution was a significant predictor for the tonal hierarchy of minor key music, both 

predictors were significant for the tonal hierarchy of major key music. Thus, a psychoacoustic 

consonance based approach cannot fully capture tonal hierarchy, but may well have influenced 

the development of scales (Krumhansl, 1990, p. 76). 
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Other non-statistical explanations for tonal hierarchies argue that the frequency of 

occurrence of certain tones is driven by psychoacoustical similarity between tones, where the 

similarity could result from virtual pitch class commonality (Parncutt, 2011), or spectral pitch 

class similarity (Milne, Laney & Sharp, 2015), which in turn then are solidified in a ranking of 

stability. Large, Kim, Flaig, Bharucha, and Krumhansl (2016) proposed a neurodynamic model, 

in which each tone leaves a trace in an oscillatory neural network. The oscillations interact, 

creating different patterns of mode-locking. This model proposes that simpler mode-locks 

correspond to greater dynamical stability, which leads to greater tonal stability.  

This model would explain the high frequency of occurrence of perfect consonances, or, 

dynamically stable tone pairs, in the scales of many musical cultures (Patel, 2008, p. 88). 

However, the variety of hierarchies found between these cultures over and above common perfect 

consonances makes it unlikely that a pure psychoacoustical explanation can account for the tonal 

hierarchy. Patel (2008, p. 16) quoted Hermann von Helmholtz as saying “Just as little as the 

gothic painted arch, should our diatonic major scale be regarded as a natural product”. The 

question of how different tonal hierarchies develop is not the focus of this thesis, only how they 

are perceived. This question can probably only be answered through joint work with 

musicologists, who supply a theoretical account of musical systems, and  historians, who can 

retrace what tones could be produced given the instruments that were available to a particular 

culture at a particular time.  

1.3.3 Assessment of statistical learning 

Among the different behavioural ways to assess statistical learning, I consider the 

following two the most revealing. After exposure to music or a number of music-like sequences, 

which put forward the statistical regularities which the participant is supposed to learn, the 
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participant may be asked in a two-alternative forced-choice task which of two stimuli seems more 

familiar: one that is created using the same statistical regularities of the exposed stimulus set, or 

one that is created using different statistical regularities. The more prevalent choice of the 

stimulus created using the same statistical regularities is considered to reflect that participants 

have learned the statistical regularities underlying the exposed stimulus set.  

The classic statistical learning experiments mentioned above predominantly chose this 

method. Recent research has extended this literature by exposing participants to musical stimuli. 

This research has shown that listeners are able to learn about co-occurrences of tones in tone-

triplets (Saffran, Johnson, Aslin, & Newport, 1999), and timbres in timbre-triplets (Tillmann & 

McAdams, 2004), as well as non-local dependencies in sequences of eight tones (Kuhn & Dienes, 

2005), and finite-state grammar based tone sequences (Loui, Wessel, & Kam, 2010).  

Alternatively, a measure of tonal “fit” may be obtained using the probe-tone paradigm 

mentioned in section 1.2 (Krumhansl & Shepard, 1979). Listeners’ ratings obtained when the 

probe-tone context evokes a familiar music genre reveal the influence of genre specific 

knowledge, that is, knowledge of the global distribution. For instance, if using a C major scale, a 

Western diatonic tone sequence in which each pitch is played once, Western listeners rate the 

structurally more important probe tone “C” as more fitting than the probe tone “D sharp”, even 

though the tone “C” has occurred as often as “D sharp” in the probe-tone context (Krumhansl, 

1990).  

In contrast, listeners’ ratings often reflect the local distribution found in the probe-tone 

context if tested with unfamiliar music (Lantz, Kim, & Cuddy, 2014; Oram & Cuddy, 1995; 

Raman & Dowling, 2016). Thus, the probe-tone paradigm may reveal the influence of local 

distributions, the distributions found in the probe-tone context used to evoke a music genre, as 



11 

 

well as the influence of global distributions, the distributions of tones in the music genre in 

general. In this, the probe-tone paradigm is a more sensitive tool to uncover details of the learned 

hierarchy than two-alternative forced-choice tasks. 

In the probe-tone paradigm, participants are usually asked to indicate goodness-of-fit of 

probe tones on a 7-point Likert scale (Krumhansl & Cuddy, 2010). However, response styles may 

differ between participants, such that some participants tend to choose more extreme answers 

while others gravitate towards the center of the response scale, shown for instance by Krumhansl 

and Shepard (1979), or Cuddy and Badertscher (1987). In the study by Cuddy and Badertscher 

(1987), participants with more music training used a wider range of the 7-point Likert scale than 

participants with less music training resulting in a more sharply defined probe-tone profile. More 

recently, this effect was replicated in a study comparing participants who had either obtained a 

standardized certificate in instrumental or vocal music or were majoring in music to participants 

without such qualifications in our laboratory (Neto, Cui, Rojas, & Cuddy, 2019). 

It remains unclear whether this difference is due to a clearer representation of tonal 

hierarchy in listeners with a greater amount of music training or due to the latter’s higher 

confidence in a music listening task. An alternative route is to not ask how well but whether a 

probe tone fits. In order to obtain a graded response profile for the different probe tones one 

would include multiple trials for each probe tone, and regard the number of times each probe tone 

was classified “fitting” as a probe-tone rating. 

More recently, researchers have also suggested that electroencephalographic (EEG) 

rather than behavioural measures are more sensitive in detecting successful statistical learning. In 

2004, McLaughlin, Osterhout, and Kim reported that participants (American students) were 

unsuccessful in discriminating words (French words) from non-words (French words with one or 
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two changed letters) after exposure in a two-alternative forced-choice task. On the other hand, the 

brain activity, as measured by event-related potentials (ERPs), was different for words versus 

non-words. Specifically, words and non-words were differentiated by the N400, a negative 

component peaking at 400 ms after stimulus presentation sensitive to meaning (Kutas & 

Federmeier, 2011). Similarly, in a study using musical stimuli (Francois & Schön, 2010), a 

component likened to the N400 was more sensitive than behavioral measures in detecting 

differentiation between tone-triplets that occurred with high probability in the exposed stimulus 

set from tone-triplets that occurred with lower probability in the same stimulus set.  

A review of neurophysiological studies of statistical learning of music is offered in 

Chapter 4. These studies remain scant (see Tirovolas & Levitin, 2011): Koelsch, Busch, 

Jentschke, and Rohrmeier published the first EEG study on statistical learning of timbre triplets 

in 2016. Together with Francois and Schön (2010) they showed that it is possible to study 

segmentation of tone sequences using EEG. To my best knowledge, Carrión and Bly (2008) 

remain the sole authors to have used EEG to show successful learning of artificial grammar 

expressed in musical stimuli. No such study exists to show successful learning of tone 

distributions. 

1.4 Thesis outline 

With the studies described in the following chapters, this thesis aims to extend our 

knowledge of statistical learning as well as our arsenal of methods to measure it. In Study 1 

(described in Chapter 2), I introduce a modification to the classic probe-tone paradigm. This 

modification serves to make distinction possible between extreme response patterns due to 

knowledge and extreme response patterns due to response styles (see above). At the same time, 
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repeated trials lead to probe-tone ratings on a range from 0% to 100%. These then can still form a 

graded probe-tone profile capable of describing hierarchies with multiple levels.  

In Study 4 (described in Chapter 5) I add electrophysiological measurements to this 

paradigm to track a possible ERP marker for musical long-term knowledge. This ERP marker is 

first described in Study 3a, and further defined in Study 3b (see Chapter 4). Studies 2a, b, and c 

(described in Chapter 3) comment on other acoustical cues which could lead to differentiation 

between unfamiliar tone distributions. In several of these studies, I further explore the influence 

of formal music training on statistical learning in several of these experiments.  

Throughout this thesis formal music training is operationalized as the years of instructed 

music training a listener has received. Formal music training is differentiated from self-taught 

music training but does not capture finer nuances of music training. For example, years of 

instructed music training does not take into account whether music instruction took place in a 

group or one-on-one setting, or the quality or intensity of instruction. Instead it serves as a proxy 

for extended and engaged exposure to music.  

In Chapters 2 and 5 the Goldsmiths Musical Sophistication Index (Gold-MSI, 

Müllensiefen, Gingras, Musil, & Stewart, 2014) is used in an attempt to provide a demographic 

comparison point, in which finer details of music sophistication are captured. However, 

significant correlations between years of music training and the Gold-MSI’s General 

Sophistication subscale in both Chapter 2, r(33) = .48, p = .004, and Chapter 5, r(38) = .44, p  = 

.005, suggest that years of music training may serve as a rough estimate for music sophistication 

if collection of the whole Gold-MSI is too time-intensive. 

A brief overview of these experiments is given below. In each of the following four 

chapters I will report in detail the steps I have undertaken and the results which I have obtained.  
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1.4.1 Modification of the classic probe-tone paradigm – Chapter 2 

In my first experiment, Study 1, I created an unfamiliar music genre defined by an 

underlying tone distribution. These stimuli allowed differentiation between sensitivity to the 

distributional properties contained in probe-tone contexts (the local distribution), and 

representation of the distributional properties of the music genre overall (the global distribution). 

Forty listeners were exposed to this music genre in a 30 minute long exposure phase. Before and 

after the exposure phase listeners gave probe-tone judgements in a modified probe-tone 

paradigm. 

Using this modified probe-tone paradigm in conjunction with a two-alternative forced 

choice discrimination task, I show that listeners are able to extract local and global distributions 

of music through mere exposure, i.e., obtain short- and long-term knowledge. The choice of the 

term “long-term knowledge” here reflects its differentiation from short-term knowledge, in that 

listeners’ responses were influenced by aspects of the global distribution that were not contained 

in the immediately available information of the probe-tone contexts. The modification of the 

probe-tone paradigm is able to map graded probe-tone profiles. Listeners preferentially choose 

the exposed music genre in the two-alternative forced choice discrimination task. This 

performance is not linked to listeners’ formal music training.  

This study has been published as a paper in the journal PeerJ (Cui, Diercks, Troje, & 

Cuddy, 2016). 

1.4.2 Differentiation between unfamiliar tone distributions – Chapter 3 

Here, in Studies 2a, 2b, and 2c, I tested whether the results obtained in the two-

alternative forced choice discrimination task of Study 1 can be obtained without prior exposure. 
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These naïve listeners do not find one tone distribution more familiar than the other, suggesting 

that the results obtained in my first experiment are influenced by the exposure. I next tested 

whether naïve listeners are able to tell whether two tone sequences were generated from the same 

or different tone distributions. My results suggest that they are able to do so.  

Lastly, I tested whether this successful differentiation may be due to average pitch 

height differences between the distributions of the two used genres. Naïve listeners were able to 

differentiate the two distributions by their average pitch height. This suggests that listeners in my 

first experiment did not necessarily compare local distributions to their representation of tonal 

hierarchy when deciding which tone sequence sounds more familiar. Nevertheless, the 

preferential designation of one tone sequence as more familiar in Study 1, as corresponding to an 

exposed music genre, seems only possible after the exposure phase. I discuss the implications of 

these results for the prevalence of absolute pitch. 

1.4.3 A possible ERP marker for musical long-term knowledge – Chapter 4 

To define a possible ERP marker for musical long-term knowledge I collected EEG data 

from listeners who made probe-tone judgements in an experiment using familiar tone 

distributions. As laid out in 1.2 I can assume that Western listeners are familiar with tone 

distributions typical for 7-tone diatonic scale music. Activity at frontal electrodes between 380 

ms to 450 ms after the onset of the probe tone was different for probe tones which are part of the 

familiar tone distribution (congruent probe tones) and probe tones which are not part of the 

familiar tone distribution (incongruent probe tones). This formed Study 3a. 

In an extension to this experiment, in Study 3b, a different group of Western listeners 

repeated this experiment but also made probe-tone judgements in a block of trials using an 

unfamiliar tone distribution. The activity in the same window as defined through the former 
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experiment was different for congruent and incongruent probe tones in the block using the 

familiar tone distribution. There was no such difference in the block using the unfamiliar tone 

distribution. This suggests that this ERP may serve as a marker for musical long-term knowledge. 

Differentiation between congruent and incongruent probe tones in the familiar tone 

distribution block is linked to formal music training. Differentiation between congruent and 

incongruent probe tones in the unfamiliar tone distribution shows no link to formal music 

training. This finding is discussed regarding its implication about the influence of formal music 

training on statistical learning in general. 

1.4.4 Characterizing musical long-term knowledge using EEG – Chapter 5 

In this experiment, Study 4, participants completed the same behavioral task as 

participants in Study 1. EEG data was recorded concurrently with the probe-tone judgements. 

Key behavioral results were replicated, further supporting the idea that listeners are able to 

extract musical long-term knowledge through statistical learning. Assessment of the ERP defined 

in Chapter 4 however offered a more nuanced picture of the development of musical long-term 

knowledge. The ERP results suggested that musical long-term knowledge may form simply 

through encountering an unfamiliar music genre as probe-tone contexts over a period of time. 

It further suggested that over and above the knowledge about the unfamiliar music 

genre, participants also developed knowledge about the statistical regularities internal to the 

experiment, namely, how often they gave judgements to one particular category of probe tones. 

This finding calls into question past interpretations of similar ERPs described in the music 

psychology literature. Past research has described this ERP as an index of musical knowledge per 

se. My results suggest that a more nuanced interpretation of the ERP may be necessary to capture 

the process which it underserves. Here, I suggest that this ERP is an index for the potential for 



17 

 

expectations based on long-term knowledge to switch the participant’s attention. Future music 

listening studies manipulating expectations may be well served by considering the implications of 

this interpretation on experimental design. 

1.4.5 General discussion – Chapter 6 

In Chapter 6 I summarize my findings. I discuss the methodology of research on the 

statistical learning of music and what may be learned from my results about the statistical 

learning of music. I further discuss the influence of music training in the context of recent 

proposals of statistical learning as a person dependent skill. Lastly, I discuss the implications of 

my results for the field of statistical learning research in general. 
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Chapter 2: Modification of the classic probe-tone paradigm – Study 1 

In this chapter I present a behavioral experiment using a modified probe-tone paradigm 

to test whether participants are able to extract local and global tone distributions of unfamiliar 

music. Specifically, the goals of this particular experiment were threefold: to assess the 

usefulness of a simpler probe-tone task in mapping a graded probe-tone profile, to test whether 

participants are able to extract local and global tone distributions of an unfamiliar music genre 

within a short period of time, and to explore the influence of formal music training on this ability. 

2.1 Introduction 

In this experiment I implemented a modified probe-tone task. In the classic probe-tone 

paradigm, participants are asked to indicate goodness-of-fit of probe tones on a 7-point Likert 

scale (Krumhansl & Cuddy, 2010). As laid out in 1.3.3, participants may differ in response styles 

such that some tend to choose more extreme answers while others gravitate towards the center of 

the response scale, shown for instance by Krumhansl and Shepard (1979), or Cuddy and 

Badertscher (1987).  

Past studies using the classic probe-tone paradigm and familiar music genres as probe-

tone contexts have found that participants with more music training used a wider range of the 7-

point Likert scale than participants with less music training resulting in “sharper” profiles (Cuddy 

& Badertscher, 1987; Neto et al., 2019). The sharper, more strongly contoured probe-tone profile 

in musically trained participants can be interpreted as corresponding to clearer representations of 

tonal hierarchy in these participants. Alternatively, music training may influence the response 

style per se, such that participants with more music training generally use a wider range of 7-

point Likert scales.  
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Bigand and Poulin-Charronnat (2006) argued that the classic probe-tone paradigm may 

underestimate untrained participants’ sensitivity to tonal hierarchy. According to this view the 

more sharply defined probe-tone profile may simply be due to greater confidence of trained 

participants in their responses. By collapsing the 7-point Likert scale into two possible choices, 

namely “fit” and “does not fit”, I hope to provide a task that removes some of this uncertainty. A 

measure of confidence could still be provided in the reaction time of participants in this task 

(Bigand & Poulin-Charronnat, 2006). 

Particular attention was paid in this experiment to develop an unfamiliar music genre. 

Loui et al. (2010) used the Bohlen-Pierce scale in order to construct stimuli in an experiment on 

artificial grammar learning. The Bohlen-Pierce scale is based on a set of mathematical 

relationships which divide an interval formed by two tones with a fundamental harmonic ratio of 

3:1, which makes it different from 7-tone diatonic music systems which are based on 

relationships which divide an octave, an interval formed by two tones with a fundamental 

harmonic ratio of 2:1. The Bohlen-Pierce scale thus creates new tone categories. In order to 

prevent participants from having to learn new tone categories and thus assessing both the learning 

of statistical regularities and the learning of new tone categories I used a whole-tone scale as the 

basis for the unfamiliar music genre in order to minimize similarity to standard Western music. 

The whole-tone scale uses a sequence of 6 tones each separated by a whole-tone, and thus can 

either be constructed using the tones C, D, E, F♯, G♯, and A♯, or C♯, D♯, F, G, A, and B.  

To create stimuli that allowed differentiation between sensitivity to local and global 

distributions I manipulated the frequency of occurrence with which these 6 tones and other tones 

occur (described in detail in 2.2.3). In order to ensure that the local distribution of a probe-tone 

context can call to mind the global distribution of the genre I defined the frequency of occurrence 
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of tones such that the local distribution was highly similar to the global distribution. This 

similarity was designed to suggest that both the local and the global distribution were overall 

following the same compositional rules and thus are the same genre (Fabbri, 1999). Crucially, by 

defining the frequency of occurrence of certain tones which would be part of the global 

distribution but not occur in the local distribution of a probe-tone context I can test whether a 

representation of the global distribution can be activated by the more sparse local distribution. 

This design is based on studies showing that graded probe-tone profiles, showing several 

hierarchical levels of probe-tone ratings, can be obtained for 7-tone diatonic systems, even if the 

probe-tone context was a tone sequence, in which each of the system’s tones occurred once (see 

Krumhansl, 1990). Thus, the local distribution of the probe-tone context in these instances can 

activate the representation of the global distribution, the one of the 7-tone diatonic system, even 

with sparse distributional information. The graded probe-tone profiles in these studies suggest 

that long-term knowledge has influenced the responses, as no information available in the probe-

tone contexts would suggest such gradation. In my design, manipulating the local distribution of 

a probe-tone context, such that it does not contain tones which are part of the global distribution, 

allows me to test whether these tones can become part of the representation of the music system 

through exposure.  

With this design I hoped to eliminate the difficulty faced when trying to determine 

whether the obtained probe-tone profiles truly map existing long-term knowledge or the 

sensitivity to statistical characteristics of the probe-tone context. This experiment then not only 

tries to provide a simpler way of assessing the success of statistical learning, but also aims to 

show that learning of global distributions is possible after incidental exposure. This would 
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strongly support the hypothesis that musical knowledge is gained through passive exposure and 

that formal music training is not necessary.  

The question remains whether formal music training may aid participants in statistical 

learning of unfamiliar music genres or even statistical learning per se. Siegelman, Bogaerts, 

Christiansen, and Frost (2017) recently argued that statistical learning may be a person dependent 

skill. Given my argument that musical knowledge is gained through statistical learning and 

evidence showing enhanced musical knowledge in musicians (Cuddy & Badertscher, 1987; Neto 

et al., 2019), one could postulate greater statistical learning abilities in participants who have 

received formal music training. I explored this possibility in this experiment by measuring 

correlations between participants’ self-reported music training history and their performance in a 

two-alternative forced choice task after exposure to an unfamiliar music system.  

2.2 Methods 

2.2.1 Participants 

Participants were 29 female and 11 male students from various departments at Queen’s 

University who received monetary compensation. The average age was M = 21.13 years, SD = 

3.05 years. The average number of years of music training was M = 8.18 years, SD = 3.98. 

2.2.2 Procedure 

After obtaining written consent from the participant, participants were asked to sit in 

front of a 21.5’’ monitor (Dell E2214H) and wear earphones (𝐸𝑇𝑌𝑀�̅�𝑇𝐼𝐶 mkIsolatorTM). 

Participants were instructed to wear the earphones throughout the experiment and to follow the 

instructions on the screen. The stimuli were presented using E-Prime 2.0, running on a personal 

computer (Dell Optiplex 7020).  
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The experiment comprised four parts, which were presented in the following order:  

1. a block of probe-tone ratings, 

2. an exposure phase, 

3. a second block of probe-tone ratings, and 

4. a two-alternative forced-choice discrimination task. 

Before and after the exposure phase, participants were presented with probe-tone 

contexts immediately followed by a probe tone. They were then asked to indicate whether the 

probe tone fit the rest of the melody. Participants gave 160 probe-tone ratings both before and 

after exposure. These phases each took about 20 minutes.  

During exposure, they were exposed to a continuous stream of tones, the exposure 

sequence, for 30 minutes. During this time, participants were instructed to fill out questionnaires 

containing questions about demographic information and music training history and music 

interaction styles. Specifically, the questionnaires used were the Music Engagement 

Questionnaire (MusEQ, Vanstone, Wolf, Poon, & Cuddy, 2016), the Short Test of Music 

Preferences (STOMP, Rentfrow & Gosling, 2003), and the Gold-MSI (Müllensiefen et al., 2014) 

to assess music engagement, music preferences, and musical sophistication respectively (see 

Table 2. 

 At the end of the experiment, participants were presented with 40 pairs of tone 

sequences in a two-alternative forced choice task. Participants were asked to indicate which of 

the two tone sequences they found more familiar. This phase took about 10 minutes. 
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2.2.3 Stimuli 

All tone sequences heard during the experiment were constructed based on a distribution 

forming the basis of an unfamiliar music genre. To minimize similarity to standard Western 

music, the music genre was based primarily on a nondiatonic scale, namely, the whole-tone scale. 

Membership of a specific tone in one of four tone categories was defined by two criteria: whether 

it occurred in the exposure sequence (in the exposure sequence: 𝐸; not occurring in the exposure 

sequence: �̅�), and whether it occurred in the probe-tone contexts (occurring in probe-tone 

context: 𝑃; not occurring in probe-tone context: �̅�). The crossing of these factors resulted in tones 

which either occurred in the exposure sequence and in probe-tone contexts (𝐸𝑃), in the exposure 

sequence but not in the probe-tone context (𝐸�̅�), not in the exposure sequence but in the probe-

tone context (�̅�𝑃), or in neither the exposure sequence set nor probe-tone context (�̅��̅�).  

Figure 1A visualizes the structure underlying the stimuli. The four different colours 

correspond to one probe-tone category each. The genre consisted of tones falling into the grey 

(𝐸𝑃), the dark grey (𝐸�̅�), and the light grey areas (�̅�𝑃), with tones falling into the grey area 

contributing the most tones. All of these tones (𝐸𝑃, 𝐸�̅�, 𝐸�̅�) and form the global distribution of 

the music genre. Tones falling into the white area (�̅��̅�) were only heard as probe tones but not as 

part of any probe-tone contexts or in the exposure sequence. The local distribution of the probe-

tone contexts was entirely made up of tones in the grey and light grey areas (𝑃). The local 

distribution of the exposure sequence was made up of tones in the grey and dark grey areas (𝐸).  

Figure 1B illustrates which tone categories were heard throughout the experiment. After 

the first probe tone test, but before exposure (marked in Figure 1B by a triangle), participants 

have heard tones belonging to categories 𝐸𝑃 (grey) and �̅�𝑃 (light grey), after exposure (marked 

in Figure 1B by a diamond), participants have heard tones belonging to categories 𝐸𝑃 (grey) and 
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�̅�𝑃 (light grey), and also 𝐸�̅� (dark grey). Thus, it is only after exposure that participants have had 

access to the global distribution of the unfamiliar music genre.  

 

Figure 1 A: Underlying structure of stimuli: Tones belonged to one of four tone categories. B: 

Tone categories heard throughout the experiment: participants have heard tones belonging to 

categories 𝐸𝑃 (tones occurring in both exposure phase and probe-tone contexts) and �̅�𝑃 (tones 

not occurring during exposure, but in probe-tone contexts), and also 𝐸�̅� (tones occurring during 

exposure, but not in probe-tone contexts). The shadings in Figure 1B correspond to the 

respective shadings in Figure 1A and signify the relative proportions of tone categories heard 

during specific experiment parts. Thus, for example, probe-tone contexts contained mainly tones 

of probe-tone category 𝐸𝑃 but also some tones of probe-tone category of probe-tone 

category �̅�𝑃. The triangle marks the point at which participants have heard tones belonging to 

categories 𝐸𝑃and �̅�𝑃; the diamond marks the point at which participants have heard tones 

belonging to categories 𝐸𝑃and �̅�𝑃, and also 𝐸�̅�. 

Manipulation of the frequency of occurrence of each of the tone categories allowed for 

definition of the genre specific tonal hierarchy. Tones in tone category 𝐸𝑃 occurred most 

frequently in the unfamiliar music genre and were therefore regarded as occupying the top of the 

hierarchy. These were the tones of a whole-tone scale. Two other tones each were selected to 

form tone categories 𝐸�̅�, �̅�𝑃, and �̅��̅�. Tone categories 𝐸�̅� and �̅�𝑃 occupied the next level of the 

hierarchy, as they were part of the genre but did not occur as frequently as 𝐸𝑃. Tone category �̅��̅� 
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occupied the bottom level of the hierarchy, as it is not part of the genre and comparable to 

nondiatonic tones in the 7-tone diatonic system. The frequency of occurrence for each of the tone 

categories is listed in Table 1. An example of a stimulus written out in traditional staff notation is 

shown in Figure 2. 

 

Figure 2 Example stimulus in traditional staff notation. Each quarter note is 150 ms in duration. 

All tone sequences were generated in MATLAB using recordings of single tones on a 

Steinway & Sons grand piano B model from the online archive of the University of Iowa 

Electronic Music Studios (Fritts, 2013). Tones in tone sequences were all 150 ms long. These 

tones were randomly ordered into sequences used as probe-tone contexts, such that each probe-

tone context contained 30 tones belonging to tone category 𝐸𝑃 and four tones belonging to tone 

category �̅�𝑃 (see above for probabilities of each tone). To prevent expectations about the length 

of each stimulus which could imply an underlying rhythmic structure, one tone was cut from 25% 

of the tone sequences, and one tone was added to another 25% of the tone sequences. This tone 

was randomly selected from the eight tones that could occur in probe-tone contexts.  

Each probe-tone context was immediately followed by a probe tone, which lasted 800 

ms. To form the exposure sequence, 12000 tones were randomly ordered such that the majority of 

the tones were tones belonging to tone category 𝐸𝑃 and some of the tones belonged to tone 

category 𝐸�̅� (see Table 1 for probabilities of each tone). 

 For the discrimination task, 40 pairs of tone sequences were generated. Each tone 

sequence contained 34 randomly ordered tones. For one tone sequence of each pair, 30 tones 
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were selected from the tones C4, D4, E4, F♯4, G♯4, and A♯4, and four tones were selected from 

the tones C♯4, and G4, thus resembling in its distribution the continuous tone stream heard during 

the exposure phase (see Table 1). For the other tone sequence in each pair of tone sequences, 30 

tones were selected from the tones C♯4, D♯4, F4, G4, A4, and B4, and four tones were selected 

from the tones F♯4, and G♯4, thus being dissimilar to any of the tone sequences heard before the 

discrimination task. 

Table 1 Probability of occurrence of each tone   

Tone category Tone – Octave 4 Probability of occurrence in  

  in probe-tone contexts in the exposure sequence 

𝐸𝑃 C, D, E, F♯, G♯, A♯ .147 .147 

�̅�𝑃 D♯, A .06 .00 

𝐸�̅� C♯, G .00 .06 

�̅��̅� F, B .00 .00 

2.2.4 Analysis 

The number of times a participant had indicated that the probe tone fits for each probe-

tone category was regarded as a probe-tone rating for that category by that participant. Probe-tone 

ratings were analyzed using a mixed-effects model in MATLAB (fitglme). The effects included 

in this model were the random effect of “Participant”, the fixed effects “Exposure” (𝐸, �̅�), 

“Probe-Tone Context” (𝑃, �̅�), “Time” (before exposure, after exposure), and interactions between 

the fixed effects predictors. I expected the three-way interaction Time, Exposure, and Probe-Tone 

Context to be a significant predictor, such that probe-tone category 𝐸�̅�, that is, tones occurring in 
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the exposure stimulus but not in probe-tone contexts, receive higher ratings after the exposure 

phase relative to probe-tone category �̅��̅�. 

Further, probe-tone ratings obtained before exposure were analyzed with a mixed-effects 

model including the random effect of “Participant”. “Exposure” (𝐸, �̅�), “Probe-Tone Context” 

(𝑃, �̅�), and interactions between these predictors were included as fixed effects in the model. 

Here I expected a significant effect of Probe-tone context, such that tones occurring in the probe-

tone context (Probe-tone context = 𝑃) would receive higher probe-tone ratings, as only tones of 

probe-tone categories �̅�𝑃 and 𝐸𝑃 occur in probe-tone contexts, and thus are heard before 

exposure. 

As tones in probe-tone category �̅�𝑃 occured less often than tones in tone category 𝐸𝑃, I 

expected to see a significant difference between probe-tone ratings for these two categories. 

Probe-tone ratings for probe-tone categories �̅��̅� and 𝐸�̅� however should not differ. These 

contrast analyses were carried out using hypothesis tests on the appropriate fixed effects of the 

mixed-effects model. This analysis complemented the preceding analysis to investigate whether 

participants have a short-term representation of the tone distribution. An additional comparison of 

probe-tone ratings for probe-tone categories �̅��̅� and 𝐸�̅� obtained after exposure should show 

greater ratings for 𝐸�̅� if participants indeed extracted the global distribution of the music genre. 

From participants’ responses in the two-alternative forced-choice discrimination task I 

calculated the proportion of trials in which participants selected the tone sequence resembling the 

exposure phase tone sequence over the other tone sequence, which was dissimilar to any of the 

tone sequences heard prior to the discrimination task. The choice of the tone sequence resembling 

the tone stream heard during the exposure phase was classified as “correct”. Successful learning 

should be reflected in a performance significantly different from percent correct = 50%. 
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Average response times for each probe-tone category were analyzed with a standard 

ANOVA with three within subject variables (Time: before exposure, after exposure; Exposure: 

𝐸, �̅�; Probe-Tone Context: 𝑃, �̅�). These and the “percent correct” from the participants’ 

responses in the two-alternative forced choice discrimination task were additionally correlated 

with measures derived from participants’ responses in the questionnaires. 

2.3 Results 

2.3.1 Probe-tone ratings 

The probe-tone ratings for each category, before and after exposure, are depicted in 

Figure 3. As can be seen here, ratings were higher for tones occurring in the probe-tone contexts 

(𝑃), tones occurring during exposure (𝐸), and after exposure. The mixed-effects model of all 

probe-tone ratings was able to explain R² = .59 of the variability in the responses. Several 

predictors were significant: Time, t(312) = 7.94, p < .001, Exposure, t(312) = 5.61, p < .001, and 

Probe-Tone Context, t(312) = 19.76, p < .001. Additionally, the three-way interaction of Time, 

Exposure, and Probe-Tone Context was a significant predictor, t(312) = 2.89, p = .004. None of 

the other included fixed effects were significant, ps > .05. More specifically, tones occurring in 

the exposure stimulus but not in probe-tone contexts, receive higher ratings after the exposure 

phase as predicted by our hypotheses.  

I followed up the significant three-way interaction as outlined in 2.2.4. Probe-tone 

ratings obtained before exposure were entered into a second mixed-effects model. The predictor 

Probe-Tone Context was significant, t(156) = 13.00, p < .001, such that tones occurring in the 

probe-tone context yielded higher probe-tone ratings as expected. However, the predictor 

Exposure was also significant, t(156) = 3.47, p = .001. The interaction of Probe-Tone Context 

and Exposure was not a significant predictor, p > .05. Contrast analyses between the different 
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probe-tone ratings revealed that the effect of Exposure was driven by a significant difference 

between ratings for probe-tone category 𝐸𝑃 and ratings for probe-tone category �̅�𝑃, F(1, 156) = 

13.08, p < .001. The difference between ratings for probe-tone categories �̅��̅� and 𝐸�̅� was not 

significant, p > .05. Crucially, the difference between these ratings was significant after exposure, 

F(1, 156) = 25.75, p < .001, such that ratings for probe-tone category 𝐸�̅� were higher than ratings 

for probe-tone category �̅��̅�.  

 

Figure 3 Average probe-tone ratings, i.e., proportion of “yes” responses in trials, for each 

probe-tone category. Error bars depict the standard error of mean.  

2.3.2 Discrimination and reaction time 

Participants’ performance in the discrimination task was significantly higher than chance 

(50%), M = 75%, SD = 20%, as determined by a one-sample t-test, t(39) = 7.71, p < .001. There 

were four participants whose performance at the discrimination task was at 100%.  
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The ANOVA on the reaction time revealed a significant main effect of Probe-Tone 

Context, F(1, 39) = 8.83, p = .005, but no significant main effect of time, no significant main 

effect of Exposure, and no significant interactions, ps > .05. Reaction times were longer for probe 

tones, which did not occur in probe tone sequences, M = 1183.30 ms, SD = 556.19 ms, than for 

probe tones, which occurred in probe tone sequences, M = 1054.18 ms, SD = 465.51 ms. 

Table 2 Subscale averages of MusEQ on a scale from 1 (“Not at all”) to 5 (“Very much”); 

STOMP on a scale from 1 (“Not at all”) to 7 (“A great deal”); Gold-MSI subscales are reported 

as sums of all items for each index. MusEQ and Gold-MSI scores were compared to the norm 

data provided by the authors (MusEQ norm data were provided in ventiles and converted to 

percentiles for easier reading).  

Questionnaire Subscale M SD Comparison to normed 

data where provided 

MusEQ Music in Daily Life 4.09 0.71 percentile 70 

 
Emotional Listening Experience 4.31 0.58 percentile 95 

 
Musical Performativity 3.33 1.01 percentile 80 

 
Musical Consumer Behaviour 3.57 0.81 percentile 60 

 
Responsive Music Listening 3.76 0.8 percentile 70 

 
Musical Preference 4.23 0.64 percentile 60 

STOMP Reflexive and Complex 4.62 0.87 
 

 
Intense and Rebellious 4.37 1.46 

 

 
Upbeat and Conventional 4.6 1.01 

 

 
Energetic and Rhythmic 4.93 0.96 

 

Gold-MSI Active Engagement 40.05 9.56 percentile 44 

 
Perceptual Abilities 48.74 6.29 percentile 42 

 
Musical Training 32.36 8.09 percentile 66 
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Singing Abilities 31.49 7.14 percentile 48 

 
Emotions 29.95 3.8 percentile 15 

 
General Sophistication 82.89 17.23 percentile 51 

The correlation between participants’ performance and years of music training was not 

significant, r(37) = -.17, p > .05. Similarly, correlation between participants’ performance and 

measures of music engagement, music preferences, and musical sophistication were not 

statistically significant, ps > .05. For means and standard deviations of these measures refer to 

Table 2. Reaction time for probe-tone ratings did not correlate with participants’ years of music 

training, ps > .05.  

2.4 Discussion 

The rank order in probe-tone ratings obtained prior to the exposure phase corresponded 

to the relative frequency with which these tones occurred in probe-tone contexts (lowest ratings 

for �̅��̅� and 𝐸�̅�, which never occurred, higher rating for �̅�𝑃, which occur, and highest rating for 

𝐸𝑃, which occur most often). A mixed-effects model on probe-tone ratings obtained before 

exposure revealed that the predictor Probe-Tone Context was significant, such that probe tones 

occurring in probe-tone contexts (�̅�𝑃 and 𝐸𝑃) received higher probe tone ratings than probe 

tones, which did not occur in probe-tone contexts (�̅��̅� and 𝐸�̅�).  

The predictor Exposure was also significant, although subsequent contrast analyses 

showed that this was driven by a significant difference between probe-tone ratings for probe-tone 

category �̅�𝑃 and 𝐸𝑃, while the difference between probe-tone ratings for probe-tone category �̅��̅� 

and 𝐸�̅� did not differ significantly. Thus, the results suggest that the modified probe-tone task 

was able to assess participants’ sensitivity to the local distribution and provide graded probe-tone 

profiles in that probe-tone ratings reflected the tonal hierarchy as suggested by the local 
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distribution of the probe-tone contexts. This finding is in line with results from several studies 

demonstrating this sensitivity using tone sequences based on unfamiliar music genres (Lantz et 

al., 2014; Oram & Cuddy, 1995; Raman & Dowling, 2016).  

Crucially, I also found that the three-way interaction of Time, Exposure, and Probe-Tone 

Context was a significant predictor for probe-tone ratings in the mixed-effects model. More 

specifically, probe-tone ratings for probe-tone category 𝐸�̅� were not significantly different from 

probe-tone ratings for probe-tone category �̅��̅� before exposure. However, they were greater 

following the exposure phase, during which they were established as belonging to the global 

distribution of the overall music genre. Of note here is that tones of probe-tone category 𝐸�̅� do 

not occur in probe-tone contexts. Thus, participants’ probe-tone ratings elicited by a sparse 

probe-tone context not only reflect the influence of the local distribution but the global 

distribution as well.  

Furthermore, participants performed well in the two-alternative forced-choice 

discrimination task completed at the end of the experiment. Participants indicated that tone 

sequences, which resembled the exposed music genre, seemed more familiar than tone sequences, 

which did not resemble the exposed music genre. Four participants even exhibited perfect 

discrimination between the two types of tone sequences. This performance is interesting in light 

of the fact that tone sequences presented during the discrimination task were all based on whole-

tone scales. This means that intervals occurring in each tone sequence would be similar, with 

prevalent intervals such as major second, major third, tritone, minor sixth, and minor seventh. 

Discrimination between the two tone sequences would not be helped greatly by abstraction of 

sequential rules, such as one based on intervals or chunks of two tones. This suggests that 
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participants may have used absolute pitch representations during the discrimination task. This and 

alternative explanations for this performance will be explored in Chapter 3. 

Most studies conducted to study the statistical learning of musical material have used 

stimuli based on sequential rules (Bigand et al., 1998; Kuhn & Dienes, 2005; Loui et al., 2010; 

Saffran et al., 1999; Tillmann & McAdams, 2004). Given that the mental representation of music 

correlates with distributional properties of music (Krumhansl & Cuddy, 2010), I wanted to 

investigate whether listeners are able to extract distributional information contained in tone 

sequences to form a mental representation. This experiment shows that listeners are able to do so.  

Listeners’ probe-tone profiles in experiments using stimuli based on a familiar music 

genre – 7-tone diatonic music for Western listeners – have shown that probe-tone paradigms map 

long-term knowledge of music: Several researchers, for example, Krumhansl and Kessler in 

1982, but also more recently Vuvan et al. in 2011 have shown that a simple scale, in which every 

tone occurs once, can elicit graded probe-tone profiles which mirror the global distribution of the 

music genre. Crucially, the local distribution of the probe-tone contexts in these experiments did 

not correspond to the global distribution of the music genre. Listeners unfamiliar with the global 

distribution of music of a different culture produce probe-tone profiles which mirror only the 

local distribution of the used probe-tone contexts (Castellano et al., 1984; Kessler et al., 1984). 

This supports the hypothesis that life-long exposure to music of a certain culture leads to long-

term knowledge of this music which can then be activated by sparse probe-tone contexts. 

Here, I created a test case by purposefully creating an unfamiliar music system which 

allowed me to control access to the global distribution. I showed that after 30 minutes of 

exposure to an unfamiliar music system participants’ responses are influenced by aspects of the 

global distribution, which are not contained in the local distribution of the probe-tone contexts. 
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Thus, probe-tone contexts which do not provide access to the global distribution of the music 

genre are able to elicit probe-tone profiles which bear evidence that the global distribution was 

encountered in the past. This critically expands our knowledge of this field by providing concrete 

evidence that experimentally controlled global distributions can be extracted over and above local 

distributions (Cui et al., 2015; Oram & Cuddy, 1995). As I cannot comment on whether 

participants could verbalize the knowledge that they gained I conclude that participants showed at 

least successful incidental learning and potentially implicit learning (Rohrmeier & Rebuschat, 

2012). 

This suggests the following model of musical knowledge and enculturation: People gain 

a mental representation of music through mere exposure by extracting the distributional 

information contained in the music. The mental representation of this distributional information is 

updated, when music whose underlying distribution resembles this mental representation is 

encountered, such that novel information can be incorporated into the mental representation. We 

encounter music throughout our everyday lives, which ensures that our mental representation of 

the dominant music system around us can be updated and maintained on a regular basis. This 

then results in mental representations of tonal hierarchy that can be elicited even with probe tone 

contexts with sparse distributional information.  

This account of the process underlying the gaining of a mental representation of music 

would explain why listeners exhibit a more detailed representation of the tonal hierarchy with 

increased training and age (Cuddy & Badertscher, 1987; Trainor et al., 2012; Trainor & Trehub, 

1992). These listeners have presumably had more exposure to music and therefore more 

opportunity to update the mental representation of the tone distribution underlying the music, 

leading to a clearer distinction between tones occurring with different frequencies. Trainor and 
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Trehub (1992) found for instance, that adults included more of the diatonic tones in their 

representation of the Western diatonic music system than children. 

Two hypotheses attempt to account for the more detailed representation of musicians 

compare to nonmusicians. Trainor et al. (2012) proposed that active music making in a social 

context is a driving force in gaining our representation of tonal hierarchy. The implication here is 

that active music making provides additional, salient exposure to music. The alternative account 

is that music-making listeners are superior statistical learners. This hypothesis is supported by 

findings of superior statistical learning in participants with more music training for auditory 

materials both when statistical learning is tested behaviorally (Shook, Marian, Bartolotti, & 

Schroeder, 2013; Vasuki, Sharma, Demuth, & Arciuli, 2016) and with magnetoencephalography 

(Paraskevopoulos, Kuchenbuch, Herholz, & Pantev, 2012). 

However, the idea that music-making participants are superior statistical learners is not 

borne out by my data. Performance in the two-alternative forced-choice task  was not related to 

the extent of music training, nor to music engagement, music preference, and musical 

sophistication. This result is contrary to the results by Shook et al. (2013) and Vasuki et al. 

(2016). One possible explanation for this difference in results is the difference in stimuli. While 

the statistical regularities learned in the current experiment are based on a distribution, the 

statistical regularities underlying the stimuli in Shook et al. (2013) and Vasuki et al. (2016) are 

based on transitions.  

The extent of music training, music engagement, music preference, and musical 

sophistication were also unrelated to reaction times. This result suggests, that musicians are not 

more confident than non-musicians per se, contrary to what Bigand and Poulin-Charronnat 

(2006) proposed. Thus, the more sharply defined probe-tone profiles typically obtained from 
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musicians (Cuddy & Badertscher,  1987; Krumhansl & Shepard, 1979; Neto et al., 2019) most 

probably result from more detailed musical knowledge. This supports Trainor et al. (2012) 

hypothesis that active music making promotes the gaining of tonal hierarchy through earlier and 

more salient enculturation. 

In Chapter 4 I will explore the effect of music training on sensitivity to statistical 

information in music more closely. For now, my results suggest that either participants are 

generally experienced statistical learners or that music training only trains statistical learning of 

transitions but not distributions. The idea that participants are generally experienced statistical 

learners is based on the wide array of everyday life aspects, in which statistical learning has been 

suggested to play a pivotal role:  

We are suspected to rely on statistical learning for several aspects of language 

acquisition (Romberg & Saffran, 2010). Thus, one could conjecture that statistical learning is a 

general cognitive capacity employed with such regularity during development, that music 

training – during which one engages further with auditory stimuli governed by statistical 

regularity – does not readily influence ones statistical learning abilities. In a similar vein Bigand 

and Poulin-Charronnat wrote: “Moreover, given the richness of musical stimulations in everyday 

life, and given the remarkable ability of human beings to internalize regularities of the auditory 

environment through implicit learning processes […], it is likely that this initial predisposition 

could become considerably sophisticated in adulthood.” (2006, p. 101).  
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Chapter 3: Differentiation between unfamiliar tone distributions – Studies 2a, 2b, 2c 

Using both a probe-tone paradigm and a two-alternative forced-choice task I was able to 

show with Study 1 that listeners may gain knowledge about statistical characteristics of an 

unfamiliar music genre within the timespan of a laboratory experiment. This suggests that 

listeners may gain musical knowledge throughout their lives while being exposed to it in day-to-

day life. Results from the two-alternative forced-choice task also revealed that the statistical 

characteristics that may be gained do not have to be of sequential or higher-order nature.  

Next, I wanted to explore interpretations of this latter result other than that listeners were 

able to extract distributional information contained in tone sequences before this task and use this 

knowledge to guide their behavior. One alternative is that participants in Study 1 possessed prior 

familiarity with the distributions. Though unlikely given that the stimuli are based on the whole-

tone scale this should be tested nonetheless. This interpretation was explored in Study 2a in this 

chapter. Studies 2b and 2c explored the possibility that participants were aided by implicit 

absolute pitch. 

3.1 Introduction 

The two tone distributions that were used in the two-alternative forced-choice task in 

Study 1 necessarily restricted the formation of intervals, such that the prevalent intervals that can 

be formed from the two tone distributions used were near identical. The prevalent intervals based 

on the distributions were major seconds, major thirds, tritones, minor sixths, and minor sevenths. 

This suggests that participants retained at least some absolute pitch memory from the prior parts 

of Study 1. This chapter describes additional studies which I undertook to explore explanations 

for the results from the two-alternative forced-choice task other than the one advanced in Chapter 
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2, namely that participants were guided by long-term knowledge of the music distribution to 

which they were exposed.   

None of the participants claimed to have absolute pitch yet were able to tell apart two 

music genres which make use of mostly the same intervals. Absolute pitch has long fascinated 

researchers. Also referred to as perfect pitch it denotes the ability to name or produce a pitch 

without a reference note (Deutsch, Henthorn, Marvin, & Xu, 2006; Randel, 2003). While 

reported to be quite rare in the Western world (Profita, Bidder, Optiz, & Reynolds, 1988), the 

exact incidence is not known, and estimated to be between five to ten percent among music 

students (Levitin, 2019). 

This rarity has led many researchers to ask “why do some people possess absolute 

pitch?”. However, along the entire auditory pathway, from the cochlea to the auditory cortex, 

absolute information about the frequency of a tone is available through tonotopic frequency maps 

(Plack, 2013). Thus, the physiology of our auditory system should make researchers actually ask 

“why doesn’t everyone possess absolute pitch?”.  

A variety of studies have supported the idea that everyone possesses some form of 

absolute pitch. Halpern (1989) found long-term retention of absolute pitch. A series of studies by 

Diana Deutsch and her colleagues (Deutsch, 1987, 1991, 1994; Deutsch, Henthorn, & Dolson, 

2004b) suggested that listeners possess stable and absolute representations of tones which guides 

perception but also extends to pitch production (Deutsch, Henthorn, & Dolson, 2004a) in 

speakers with little to no music training. A recent study by Schellenberg, Weiss, Peng, and Alam 

(2019) further showed that listeners’ recognition of transposed melodies is similarly impacted by 

small (one semitone) to large (six semitone) transpositions. This again suggested stable absolute 

pitch representation. 



39 

 

Levitin’s (1994) finding of absolute long-term auditory memory led him to speculate 

that absolute pitch consists of two distinct components: pitch memory, common among listeners, 

and the rare pitch labeling ability. The ability to remember absolute pitch without the ability to 

name or label heard tones is defined by Levitin as implicit absolute pitch (2019).  

The studies described in this chapter are aimed to address whether prior familiarity, prior 

differentiation, or the use of pitch-based strategies may account for listeners’ performance in the 

two-alternative forced-choice task in Chapter 2. The three studies asked: 

a) whether the two artificial music genres used in the task differ in terms of familiarity 

without any exposure, 

b) whether listeners are able to tell whether a pair of tone sequences were generated 

from the same or different tone distributions, and 

c) whether listeners can use pitch-based strategies to identify one tone distribution over 

another.  

As a proxy for determining whether pitch-based strategies were used I asked participants 

in the third study to identify which tone sequence was higher in pitch. While not a true test of 

whether implicit absolute pitch is used in the task high performance in the second as well as the 

third study would indicate that pitch-based strategies may help listeners differentiate between 

unfamiliar music genres when differentiation based on sequential information is not possible. 

3.2 Methods 

3.2.1 General procedure 

After obtaining written consent from the participant, the participant were asked  to sit in 

front of a 21.5’’ monitor (Dell E2214H) and wear earphones (𝐸𝑇𝑌𝑀�̅�𝑇𝐼𝐶 mkIsolatorTM). 
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Participants were instructed to wear the earphones throughout the experiment and to follow the 

instructions on the screen. The stimuli were presented using E-Prime 2.0, running on a personal 

computer (Dell Optiplex 7020). In each of the three studies participants completed 40 trials of a 

two-alternative forced-choice task. Afterwards participants filled out a brief demographic 

questionnaire which assessed the years of music training as well as asked about the strategies 

used in the task. Each study took about 15 minutes. 

3.2.2 Stimuli 

The two unfamiliar music genres were defined by two tone distributions to mimic the 

two unfamiliar music genres used in the discrimination task for Study 1. The probability of 

occurrence of each tone is listed in Table 2. Two tone sequences were generated for each trial. 

Each tone sequence contained 34 randomly ordered tones. 

Table 2 Probability of occurrence of each tone in each genre. 

Genre Tone – Octave 4 Probability of occurrence of each tone 

Genre 1 C, D, E, F♯, G♯, A♯ .147 

Genre 1 C♯, G .06 

Genre 1 D♯, G, A, B .00 

Genre 2 C♯, D♯, F, G, A, B .147 

Genre 2 F♯, G♯ .06 

Genre 2 C, D, E, A♯ .00 
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3.2.3 Study 2a 

Five male participants and five female participants took part in this study. None of them 

had taken part in the experiment described in Chapter 2 or other studies described in this chapter. 

The average years of music training participants had received were M = 7.70, SD = 1.77. Two 

participants claimed to have absolute pitch.  

Each trial paired a tone sequence generated from Genre 1 with a tone sequence 

generated from Genre 2. The order in which the tone sequences were presented was randomized. 

Participants were asked to indicate which tone sequence sounded more familiar. The choice of 

the tone sequence generated from Genre 1 as more familiar was compared against chance 

performance (50%) using a one-sample t-test. 

3.2.4 Study 2b 

Two male participants and eight female participants took part in this study. None of 

them had taken part in the experiment described in Chapter 2 or other studies described in this 

chapter. The average years of music training participants had received were M = 6.60, SD = 1.77. 

One participant claimed to have absolute pitch.  

Ten trials paired a tone sequence generated from Genre 1 with another tone sequence 

generated from Genre 1. Ten additional trials paired a tone sequence generated from Genre 2 

with another tone sequence generated from Genre 2. The remaining 20 trials paired a tone 

sequence from Genre 1 with a tone sequence generated from Genre 2. The order in which trials 

were presented was randomized. Participants were asked to indicate whether tone sequences were 

from the same or different genres. The percentage of trials in which participants accurately 

identified whether the tone sequences were generated from the same or different tone distribution 
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(“percent correct”) was compared against chance performance using a one-sample t-test, percent 

correct = 50%. 

3.2.5 Study 2c 

One male participant and nine female participants took part in this study. None of them 

had taken part in the experiment described in Chapter 2 or other studies described in this chapter. 

The average years of music training participants had received were M = 5.60, SD = 1.45. One 

participant claimed to have absolute pitch.  

Each trial paired a tone sequence generated from Genre 1 with a tone sequence 

generated from Genre 2. The order in which the tone sequences were presented was randomized. 

Participants were asked to indicate which tone sequence sounded higher. As the average pitch 

height was higher for Genre 2, the percentage of trials in which participants indicated the tone 

sequence generated from Genre 2 as higher (“percent correct”) was compared against chance 

performance using a one-sample t-test, percent correct = 50%. 

3.3. Results 

Performance from all studies is shown in Figure 4. 

3.3.1 Study 2a 

Performance did not differ significantly from chance, M = 47%, SD = 11%, t(9) = 0.81, 

p = .437. Performance was not correlated with participants’ years of music training, p > .05.  

3.3.2 Study 2b 

Percent correct was significantly higher than chance, M = 60%, SD = 13%, t(9) = 2.35, p 

= .044. Performance was not correlated with participants’ years of music training, p > .05. Three 
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participants reported using no particular strategy to complete the task. Two participants compared 

segments of each melody but did not specify which criteria they used to compare the tone 

sequence segments. The remaining five participants indicated that they used pitch-based, or pitch 

height-based strategies. 

3.3.3 Study 2c 

Percent correct was significantly higher than chance, M = 76%, SD = 6%, t(9) = 13.49, p 

< .001. Performance was not correlated with participants’ years of music training, p > .05. Two 

participants reported using no particular strategy to complete the task. Two participants imagined 

the tone sequences playing on an instrument or transposing the tone sequences. One participant 

relied on absolute pitch. The remaining five participants tried to intuit a mean or average pitch.  

 

Figure 4 Choice of Genre 1 in Study 2a, and percent correct for Studies 2b and 2c. Error bars 

indicate standard errors of the mean. The dashed line indicates chance performance. 
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3.4 Discussion 

Results from Study 2a confirm that participants’ sense of familiarity in the experiment 

described in Chapter 2 was dependent on prior exposure. However, the results from Studies 2b 

and 2c imply that they may have been aided in their performance by implicit absolute pitch. This 

finding supports the hypothesis of common absolute pitch memory advanced by Deutsch et al. 

(2004a), Halpern (1989), and Levitin (1994). 

Participants in Study 2b were able to indicate whether tone sequences were generated 

from the same or different music genres. The definition of genre was left for the participant to 

decide. Their responses to a query of their strategies revealed that some participants based their 

responses on pitch or pitch height. Participants in Study 2c were further able to indicate which of 

two tone sequences was higher in pitch.  

Taken together these studies suggest that listeners possess an internal representation of 

pitch. Participants in the two-alternative forced-choice task described in Chapter 2 could have 

extracted an average pitch height during the exposure phase and probe-tone ratings. During the 

two-alternative forced-choice task they may have compared this extracted average pitch height 

with the average pitch height of each tone sequence. A mismatch in average pitch height would 

then have suggested an unfamiliar, a match in average pitch height a familiar tone sequence. 

This interpretation would not argue against the influence of exposure but it calls into 

question what exactly was extracted: the pitch distribution or a summary measure of the pitch 

distribution. Research has shown that summary perception and statistical learning are related 

(Zhao, Ngo, McKendrick, & Turk-Browne, 2011) suggesting that exposure could lead to both the 

extraction of the distributional regularities or a summary measure of the distribution. Only 

through the collected probe-tone profiles can I argue that participants did indeed extract the pitch 
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distribution. This also means that a replication of the experiment described in Chapter 2 should 

use improved stimuli in the two-alternative forced-choice task such that the average pitch height 

of both music genres is equated. 

Notably, participants who claimed to possess absolute pitch fell within one or two 

standard deviations around the mean. In Study 2a, two participants claimed to have absolute pitch 

and they chose the Genre 1 tone sequence in 43% and 45% of trials respectively. In Study 2b, the 

sole participant claiming to have absolute pitch scored percent correct = 45%. In Study 2c, the 

only participant claiming to have absolute pitch scored percent correct = 78%. 

Given that the two music genres were very similar in their predominant intervals only 

absolute pitch, implicit or not, should be able to facilitate differentiation between the two music 

genres. The finding that the participant claiming to possess absolute pitch from Study 2b showed 

performance close to chance is particularly intriguing. A replication of this study comparing 

absolute pitch participants to those who do not claim to possess absolute pitch as well as using a 

quantitative measure of absolute pitch rather than self-report would be able to shed light on the 

influence of absolute pitch in this task. 

In light of these results and results from Study 1 showing graded probe-tone profiles –   

evidence for the statistical learning of tone distributions – one can now relate them results to 

those by researchers interested in distributional learning per se. While rarely explored in music 

psychological research, a line of speech perception research has focused on distributional 

learning, the statistical learning of distributions, as a possible mechanism through which infants 

learn phonetic categories (see Werker, Yeung, & Yoshida, 2012 for a review). Researchers have 

shown for instance that the distributional regularity in a mother’s speech correlates with the 

phonetic category structure of her infant (Cristià, 2011), or that listeners may transfer 
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distributional learning from one learned phonetic contrast to another (Maye, Weiss, & Aslin, 

2008). Thus, one could reason that distributional learning of one music genre, perhaps through 

formal music training, might transfer to distributional learning of another music genre. 

However, performance in the tasks described in this chapter was not related to the extent 

of music training. Small sample sizes in each of the studies in this chapter preclude strong 

statements about the impact of music training. Yet taken together with results from Chapter 2 

they further suggest that the influence of music training does not reach into processing of 

unfamiliar music genres. Study 3b of Chapter 4 will delve into this question further by comparing 

processing of familiar and unfamiliar music genres. 

These results also suggest that past studies which assess statistical learning with two-

alternative forced-choice tasks should be re-assessed in terms of other available information that 

may have aided participants in completing the tasks, such as differences in pitch distribution or 

average pitch height differences. As an example, I examined the stimuli used by Saffran et al. 

(1999). In their study, participants preferentially chose tone-triplets to which they were exposed. 

The researchers interpreted this finding as successful learning of sequential regularities.  

However, the closer examination revealed that tone-triplets in the two-alternative forced-

choice task could have also been differentiated by other measures. The average pitch height of 

the two alternatives differed by about a whole tone. Further, the average range of pitches differed 

by one and a half semitones between alternatives. While both alternatives used the same tones 

overall the distribution differed substantially such that one of their tone hierarchies placed 

different tones at the top. Therefore, one could argue that the differentiation between the two 

alternatives may have also been aided through implicit absolute pitch. 
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In conclusion, consideration of the current results suggests that while participants were 

influenced by exposure to an unfamiliar music genre in Chapter 2, they may have extracted an 

average pitch height of the distributions rather than the distributions themselves. I take this 

conclusion into account in Chapter 4 by re-designing the stimuli used there in the two-alternative 

forced-choice task to equate the average pitch height. 
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Chapter 4: A possible ERP marker for musical long-term knowledge – Studies 3a, 3b 

To extend the methodological arsenal for statistical learning of music further my goal 

was to define a possible ERP marker for musical long-term knowledge. A key assumption made 

in this chapter is that Western listeners are familiar with tone distributions typical for 7-tone 

diatonic scale music. Thus, I could use these familiar tone distributions as probe-tone contexts to 

track ERPs which distinguish between diatonic or fitting probe tones and nondiatonic or ill-fitting 

probe tones. 

This chapter describes the two experiments I undertook to find such an ERP. In the first 

study, participants made probe-tone judgements following probe-tone contexts using a familiar 

tone distribution. Examination of the EEG data yielded an ERP of interest at frontal electrodes 

between 380 ms to 450 ms. In the second study I analyzed this ERP in a separate group of 

participants who made probe-tone judgements following probe-tone contexts using a familiar 

tone distribution but also made probe-tone judgements following probe-tone contexts using an 

unfamiliar tone distribution. I discuss the results of these studies in the context of statistical 

learning research more generally in the discussion following the second study. 

4.1 Introduction 

The neural underpinnings of auditory processing have long fascinated researchers. In the 

search of a suitable ERP indicator of musical long-term knowledge it is valuable to consider 

established ERPs which may be considered indicators of auditory knowledge, in particular those 

which were established with paradigms using non-linguistic auditory stimuli. Several ERPs in 

particular are of interest in this context; earlier negative components, and later positive 

components. 
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4.1.1 The mismatch negativity 

The mismatch negativity (MMN) is elicited when participants are presented with an 

oddball stimulus embedded in a stream of a repeating standard stimulus. The oddball stimulus 

deviates from the repeating standard stimulus in a specific feature, such as pitch, rhythm, timbre, 

or even a more global feature like melodic contour (Näätänen, Paavilainen, Rinne, & Alho, 2007; 

Putkinen, Tervaniemi, Saarikivi, de Vent, & Houtilainen, 2014; Saarinen, Paavilainen, Schröger, 

Tervaniemi, & Näätänen, 1992; Sams, Paavilainen, Alho, & Näätänen, 1985). The maximal peak 

of the MMN has been reported to lie between 100 ms to 250 ms after onset of the oddball 

stimulus and is reported at frontal sites, typically at the Fz electrode (Saarinen et al., 1992; 

Näätänen et al., 2007).  

The MMN is thought to reflect “the detection of failed auditory predictions” (Winkler, 

Denham, & Nelken, 2009, p. 535). A study by Horváth et al. (2008) supports this view as the 

authors found no relationship between the amplitude of the MMN and the magnitude of the 

deviance. Rather, the MMN seems more so to index the percentage of detected oddballs. The 

MMN thus can be thought of as an indicator of short-term auditory knowledge. Koelsch et al. 

(2016) described the emergence of an MMN after statistical learning of timbre triplets, further 

supporting the interpretation of the MMN as indicative of violations of auditory predictions. 

4.1.2 The early right anterior negativity 

The peak latency of the early right anterior negativity (ERAN) falls between 150 ms and 

270 ms after stimulus onset (Koelsch, 2009), and is therefore similar to the MMN in its time 

course. Studies differentiating between the MMN and the ERAN have shown a slightly later 

latency for the latter (Carrión & Bly, 2008; Koelsch et al., 2001). As the name suggests, the 

ERAN was typically observed at right frontal electrodes although recent research suggests that 
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the ERAN is not as lateralized as once thought (Jentschke & Koelsch, 2009; Koelsch, Maess, 

Grossmann, & Friederici, 2003). The term has been maintained however as it has been 

established for its functional significance as described below.  

Most importantly, the cognitive mechanisms underlying the MMN and the ERAN differ. 

MMN reflects violation of regularities extracted immediately from the auditory input, which 

means that the representation of regularities is stored in short-term memory (Koelsch, 2012). In 

contrast, the ERAN is elicited when regularities stored in long-term memory are violated: 

Western participants have knowledge of typical harmonic progressions. Chords presented at 

harmonically unexpected positions elicit an ERAN, but not when the same chord is presented at a 

harmonically acceptable position (Koelsch, Gunter, Friederici, & Schröger, 2000; Leino, 

Brattico, Tervaniemi, & Vuust, 2007; Loui, Grent, Torpey, & Woldorff, 2005; Steinbeis, 

Koelsch, & Sloboda, 2006).  

Koelsch, Schmidt, and Kansok (2002) further showed that expert musicians’ ERAN 

amplitudes are greater than those of listeners without music training, making it an interesting 

candidate for an ERP indicative of the musical long-term knowledge that seems to be clearer in 

trained listeners (see Chapter 1). It remains unclear however, whether the musical long-term 

knowledge violated in the ERAN paradigm can be regarded as identical to that described in 

Chapter 1. Crucially, Western diatonic chord sequences follow sequential rules that have been 

termed “musical syntax” (Sammler et al., 2009). This stands in contrast to the knowledge of tone 

distribution which was assessed in Chapter 2. 

Further, there are few syntactic universals in music (Patel, 2008, p. 242). To my best 

knowledge research on the ERAN has exclusively tested Western listeners (see also Morrison & 

Demorest, 2009). Only one study to my knowledge has used nondiatonic stimuli (Loui, Wu, 
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Wessel, & Knight, 2009). However, the underlying patterns of stimulus construction in Loui et al. 

(2009) maintained the sequential regularities typical for Western music. Thus, the interpretation 

of the ERAN advanced by Koelsch (2012) of indexing musical long-term knowledge should be 

classified with a specification of the type of musical long-term knowledge.  

4.1.3 Later positive components 

A third class of ERP components has frequently been described by researchers studying 

the neural underpinnings of musical knowledge. Deviant end notes to well-known melodies have 

also been shown to elicit a positive ERP called P3 or P300 with a latency between 200 ms and 

400 ms (Paller, McCarthy, & Wood, 1992; Verleger, 1990). The P3 has also been shown in 

experiments using the same oddball stimulus paradigm as described earlier (Picton, 1992), as 

well as when using chord sequences that manipulated the harmonic validity of a target chord 

(Carrión & Bly, 2008; Janata, 1995). The crucial difference seems to be that the P3 is elicited 

only when the participant is actively trying to detect the statistically infrequent event (i.e., the 

oddball stimulus or the target chord) while the MMN and ERAN may be elicited without 

participants attending to the musical stimuli (Koelsch & Jentschke, 2010).  

The P3a subcomponent has often been described as an orienting response, and as 

engaging attentional processes (Carrión & Bly, 2008; Polich & Criado, 2006) whereas the P3b 

has been referred to as the task-relevant P3 and indicates conscious detection of the stimulus 

(Maidhof, Vavatzanidis, Prinz, Rieger, & Koelsch, 2010). The P3 has been found at midline 

electrodes, with the P3a component typically found at more anterior electrodes (Friedman, 

Cycowicz, & Gaeta, 2001; Maidhof et al., 2010) and the P3b observed at more parietal sites 

(Carrión & Bly, 2008; Comerchero & Polich, 1999). Interestingly, researchers have also posited 

the involvement of memory in forming the P3b subcomponent such that it is the comparison with 
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memory that engages mechanisms associated with P3b production (Polich & Criado, 2006). The 

P3b is typically found later, with some of the described studies finding the peak beyond the 200 

ms to 400 ms time window (Carrión & Bly, 2008; Janata, 1995; Maidhof et al., 2010). 

Studies of brain responses of musical expectancy have found what could be described as 

a larger P3b component using stimuli with deviant end notes rather than expected to familiar 

melodies (Paller et al., 1992), dissonant rather than consonant chord resolutions (Janata, 1995; 

Koelsch et al., 2000), and nondiatonic rather than diatonic tones in the middle of a tone sequence 

(Vuvan, Zendel, & Peretz, 2018), or unfamiliar compared to familiar music (Jagiello, Pomper, 

Yoneya, Zhao, & Chait, 2018). Later positive components – with latencies between 500 ms and 

800 ms – have been found in similar paradigms, when listeners are presented with harmonically 

incorrect chords or tones (Halpern, Martin, & Reed, 2008). The latency and amplitude of these 

components seems to be modulated by music training in the participant (Besson & Faïta, 1995; 

Halpern et al., 2008), age (Halpern et al., 2017), as well as supervised learning (Guo & Koelsch, 

2015), and thus could serve as a marker for explicit knowledge. 

4.1.4 Present studies 

No study, to the best of my knowledge, has demonstrated a clear ERP which could be 

used to track the learning of tone distributions. To identify such a component the studies 

described in this chapter aimed to define the region of interest and time window of a component 

indicative of musical long-term knowledge. These studies assumed that Western listeners possess 

knowledge of the 7-tone diatonic music typically heard in Western countries (see Chapter 1.2).  

In Study 3a participants gave probe-tone judgements after hearing probe-tone contexts 

based on a diatonic tone distribution. Probe tones were either congruent with the tone distribution 

such that they occurred in the probe-tone contexts, or incongruent with the tone distribution such 
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that they did not occur in the probe-tone contexts. Given that the probe-tone contexts were 

diatonic, congruent probe-tones were diatonic tones and incongruent tones were nondiatonic 

tones. 

The presence of the identified ERP of interest was then studied in Study 3b, in which a 

separate group of participants repeated this experiment and further gave probe-tone judgements 

after hearing probe-tone contexts based on an unfamiliar music genre. Probe tones were again 

either congruent or incongruent with the tone distribution. Here, a true ERP marker of long-term 

knowledge should be present in the diatonic context condition but not in the unfamiliar context 

condition. 

The studies described in chapters 2 and 3 did not find a positive association between 

statistical learning and music training. Study 3b also presented a new opportunity to explore 

limitations of the transfer of statistical learning. The direct comparison between sensitivity to 

congruency in a familiar music genre and in an unfamiliar music genre should further our 

knowledge on whether statistical learning can be influenced by music training and music 

exposure. 

4.2 Methods – Study 3a 

4.2.1 Participants 

Participants were 23 female and 7 male students from various departments at Queen’s 

University who received monetary compensation. The average age was M = 21.40 years, SD = 

2.81 years. The average number of years of music training was M = 6.07 years, SD = 4.08. Data 

were excluded from six additional participants due to excessive movement and blinking (4), 

sweat artifacts (1), or corrupted EEG data file (1). 
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4.2.2 Stimuli 

All tone sequences were constructed using the sample recordings and time parameters as 

described in Chapter 2.2.3. Eighty probe-tone sequences with 34 tones each 150 ms long were 

generated with the tones C4, D4, E4, F4, G4, and C5 occurring with 14.7 % probability, and 

tones A4 and B4 occurring with 6 % probability. Note that all tones are part of the C-major scale 

and thus represents a 7-tone diatonic system.  

To prevent expectations about the length of each stimulus which could imply an 

underlying rhythmic structure, one tone was cut from 25% of the tone sequences, and one tone 

was added to another 25% of the tone sequences. This tone was randomly selected from the eight 

tones that could occur in probe-tone contexts. Each probe-tone context was followed by an 

interstimulus interval of random length between 800 ms and 1200 ms, and then followed by a 

probe tone, which lasted 800 ms. Four probe tones were used: C4 and G4, which were congruent 

with the tone distribution, and C♯4 and F♯4, which were incongruent with the tone distribution. 

Electrophysiological recordings were made during all 40 congruent and 40 incongruent trials. 

4.2.3 Electrophysiological recording 

Electrophysiological data was recoded using a 128-channel Geodesic Sensor Net, a 

network of 128 electrodes connected within an elastic geodesic tension structure. EEG activity 

was recorded in reference to a vertex electrode with a sampling rate of 250 Hz. Impedances of 

each electrode were kept below 50 kΩ. Raw EEG signals were filtered with a 0.1 – 30 Hz band-

pass digital filter to remove environmental noise, slow drifts, and high frequency muscle artifacts. 

Data were visually inspected to identify and remove bad channels, as well as time windows 

during recording with large or paroxysmal artifacts.  
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Independent components were then calculated using the EEGLAB toolbox (Delorme & 

Makeig, 2004). Artifactual components due to movements or blinks were removed based on 

visual inspection of component activity and its correspondence to electrode activity across the 

recording period, component scalp maps, and the activity power spectrum of the component. Bad 

channels were interpolated after removal of artefactual independent components using EEGLAB. 

Epochs time-locked to the presentation of the probe tone were created from the recomposed data, 

such that they were 800 ms long (which corresponds to the length of the probe tone) with a 100 

ms baseline. Epochs, in which activity exceeded 4 standard deviations at any electrode, were 

rejected to remove artifacts caused by drift or movement. After rejection an average of 28.77 

trials remained for each level of congruency (congruent: M = 28.77, SD = 3.58; incongruent: M = 

28.77, SD = 3.47). 

Given the scalp distribution of the MMN, ERAN, and P3 components regions of interest 

(ROIs) were selected as following (electrode numbers correspond to those on the 128-channel 

Geodesic Sensor Net): To capture activity along the midline three ROIs were formed around 

electrodes Fz, Cz, and Pz, based on the morphology of the EEG net (Fz: 4, 5, Fz/11, 12, 16, 19; 

Cz: 7, 31, 55, 80 106, Cz/129; Pz: 61, Pz/62, 67, 72, 77, 78). ROIs were also formed to capture 

left and right anterior regions (left: 24, 27, 28, 29, 33, 34, right: 111, 116, 117, 122, 123, 124) 

according to Koelsch et al. (2001). Given the variable time windows found in the studies 

described in Chapter 4.1 activity at these ROIs were visually analyzed for potential time windows 

of interest. 

4.2.4 Procedure 

After obtaining written consent from the participant, the EEG net was applied. The 

participants were asked to sit in front of a 21.5’’ monitor (Dell E2214H) and wear earphones 
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(𝐸𝑇𝑌𝑀�̅�𝑇𝐼𝐶 mkIsolatorTM). Participants were instructed to wear the earphones throughout the 

experiment and to follow the instructions on the screen. The stimuli were presented using E-

Prime 2.0, running on a personal computer (Dell Optiplex 7020). Participants were asked to 

indicate whether probe tones fit with the preceding probe-tone contexts. The study took about 20 

minutes.   

4.3 Results – Study 3a 

The proportion of times congruent tones were rated as fitting (M = 87%, SD = 13%) was 

higher than the proportion of times incongruent tones were rated as fitting (M = 8%, SD = 11%). 

Topographical maps illustrating brain activity at incongruent and congruent probe tones, the 

difference between activity at incongruent and congruent probe tones, as well as the p-value 

based on a Wilcoxon signed rank test of this difference are shown in Figure 5.  

Visual inspection of electrophysiological activity at the ROIs suggested possible effects 

of congruency at left and right ROIs between 150 ms and 280 ms and midline ROIs between 380 

ms and 450 ms, shown in Figure 6, corresponding to time windows described for the ERAN and 

P3 respectively (Carrión & Bly, 2008; Koelsch et al., 2001; Maidhof et al., 2010). Mean 

amplitude over 40 ms was calculated around the positive peak in both of these time windows for 

each participant to account for potential individual differences in peak latency while guarding 

against distortions from high-frequency noise (Luck, 2014). According to previous literature 

(Carrión & Bly, 2008; Koelsch et al., 2001), these are hereinafter referred to as the mean 

amplitudes of ERAN and P3 respectively. 
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Figure 5 Topographical maps illustrating A: activity at incongruent probe tones, B: activity at 

congruent probe tones, C: difference between activity shown in A and B, and D: the 

corresponding p-value of a Wilcoxon signed rank test of this difference. 

An ANOVA on the ERAN mean amplitudes with factors ROI (left, right) and 

Congruency (congruent, incongruent) yielded no significant effects, ps > .05. An ANOVA on the 

P3 mean amplitudes with factors ROI (frontal, central, parietal) and Congruency (congruent, 

incongruent) yielded a significant interaction of ROI and Congruency, F(2,58) = 4.21, p = . 020. 

Follow-up t-tests showed that the difference between congruent and incongruent trials was 

significant for the frontal and central ROI, tfrontal(29) = 2.21, p = .035, tcentral(29) = 2.46, p = .020, 

with incongruent activity eliciting more positive activity than congruent activity but not at the 

parietal ROI, tparietal(29) = 1.12, p = .271. 
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Figure 6 Averaged ERP traces at ROIs. Solid lines indicate ERPs elicited by diatonic probe 

tones, dashed lines indicate ERPs elicited by nondiatonic probe tones. Blue rectangles denote 

time window in which the mean amplitude was calculated. 

4.4 Discussion 

Behavioral results suggest that participants were sensitive to the local distribution of the 

probe-tone contexts. The marked difference between ratings for congruent and incongruent probe 

tones (87% to 8%) however stands in contrast to the more tempered difference between ratings 

for context-internal and context-external tones that participants gave in Study 1, described in 

Chapter 2 (67% to 44%). This additional sensitivity can thus be interpreted as reflecting the 

underlying long-term knowledge about a distribution that listeners have encountered throughout 

their lives. 

In the chosen ROIs, only activity along the midline electrodes in a later time-window 

corresponding to that described for the P3 component distinguished between congruent and 

incongruent probe tones. No differentiation was apparent in the MMN and ERAN time-windows. 

This implies either a difference in paradigm or stimulus from the study described above to the 



59 

 

multiple studies reporting these components in musical knowledge studies, or a difference in the 

underlying mechanisms. A major difference in paradigm is the fact that participants in my study 

were asked to actively identify the fit of the probe tone. The MMN and ERAN have mostly been 

observed in studies in which participants completely attend to other stimuli (e.g., a visual 

stimulus that is playing at the same time, see Koelsch et al., 2016), or are asked to judge other 

non-relevant aspects of the auditory stimulus (e.g., a change in timbre, see Leino et al., 2007).  

Furthermore, stimuli differed between my study and those described in 4.1.1 and 4.1.2. 

The oddball paradigm with which researchers typically find an MMN notably employs stimuli 

with much simpler statistical regularities than those present in tone distributions. In an “optimal” 

paradigm designed to minimize testing time (Näätänen, Pakarinen, Rinne, & Takegata, 2004), the 

MMNs are calculated from responses at a fronto-central electrode to five different deviants which 

each occur with 9.76% probability (60 occurrences in streams of 615 tones). The reactions to 

these deviants are compared with those to the same standard which occurs more than 50% of the 

time.  

This stands in contrast to the stimuli used in this study, in which there are multiple 

possible congruent probe tones, which might be considered standards, where incongruent probe 

tones could be considered oddballs. Each of the two congruent probe tones had been presented in 

the probe-tone context with 14.7% probability. Compared to the 50% probability, with which the 

standard is presented in the “optimal” paradigm (Näätänen et al., 2004), 14.7% is quite low. The 

overall range of tones that was presented as part of the probe-tone context was also far greater 

than those present in typical oddball paradigms. The absence of an MMN in my paradigm thus 

could be interpreted as further support for the idea that the MMN indexes the percentage of 
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detected oddballs, with the relative occurrence of the standards in my study being too low to 

detect a difference between a standard and an oddball. 

My stimuli also notably differed from those used in ERAN studies in that the statistical 

regularities underlying mine are based on a distribution governing the frequency of occurrence of 

tones. In contrast, stimuli used in ERAN studies are governed by sequential rules, specifically 

those called musical syntax. As laid out in 4.1.2 however, equating knowledge of musical syntax 

with musical long-term knowledge may be an overly Western-centric interpretation of musical 

long-term knowledge. Perhaps then, the ERAN does not index musical long-term knowledge per 

se, but long-term knowledge about sequential regularities. 

The only activity that distinguished between congruent and incongruent probe tones in 

my study occurred at frontal and central electrodes during a time-window reminiscent of those 

described for the P3 component. The fronto-central scalp distribution is akin to that described for 

the P3a yet the latency suggests the involvement of the P3b subcomponent. Both P3a and P3b 

components have been described by researchers who have found similar effects when asking 

listeners to attend to the contrast of interest (Carrión & Bly, 2008; Janata, 1995; Paller et al., 

1992; Vuvan et al., 2018). The present component then can be interpreted as an index of musical 

knowledge. 

However, the present component cannot yet be interpreted as an index of musical long-

term knowledge. To do so, its absence has to be shown in a similar paradigm that elicits short-

term knowledge. An interaction of stimuli and this component, such that it occurs when stimuli 

are used to elicit long-term knowledge but not when stimuli are used to elicit short-term 

knowledge, would characterize it as an index of musical long-term knowledge. Therefore, in the 

following study a different group of participants was asked to complete the same task using both 
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the diatonic music genre as above and a version of the unfamiliar music genre used in chapters 2 

and 3. If the described EEG activity were to only index musical long-term knowledge as opposed 

to short-term knowledge it should be found only in the block using the diatonic music genre, but 

not in the block using the unfamiliar music genre.  

4.5 Methods – Study 3b 

4.5.1 Participants 

Participants were 25 female and 9 male students from various departments at Queen’s 

University who received monetary compensation. The average age was M =  22.44 years, SD = 

5.59 years. The average number of years of music training was M = 5.32 years, SD = 4.39. Data 

were excluded from five additional participants due to excessive sweat artifacts (4) or uncommon 

net artifacts (1). 

4.5.2 Stimuli 

The same stimuli as in Study 3a, described in 4.2.2, were used in one block. For the 

other block, eighty probe-tone sequences with 34 tones each 150 ms long were generated with the 

tones C4, D4, E4, F♯4, G♯4, and A♯4 occurring with 14.7 % probability, and tones D♯4 and A4 

occurring with 6 % probability. The same four probe tones C4, C4♯, F♯4, and G4 were used in 

this block though the congruency of two of the four probe tones switched: C4 and F♯4, which 

were congruent with the unfamiliar tone distribution, and C4♯ and G4, which were incongruent 

with the unfamiliar tone distribution. The order in which the blocks were presented was 

randomized across participants. Electrophysiological recordings were made during all 40 

congruent and 40 incongruent trials in the familiar distribution block as well as during all 40 

congruent and 40 incongruent trials in the unfamiliar distribution block. 
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4.5.3 Electrophysiological recording 

Electrophysiological recording procedures were identical to those described in 4.2.3. 

After rejection an average of 30.26 trials remained for each level of congruency at each level of 

distribution (familiar congruent: M = 30.58, SD = 3.45; familiar incongruent: M = 30.12, SD = 

4.48; unfamiliar congruent: M = 29.96, SD = 2.94; unfamiliar incongruent: M = 30.4, SD = 2.77). 

The mean amplitude over 40 ms calculated around the positive peak in the P3 time window 

defined in 4.3 (380 ms to 450 ms) was analyzed across the three midline ROIs (frontal, central, 

parietal). 

4.5.4 Procedure 

After obtaining written consent from the participant, the EEG net was applied. The 

participant was asked to sit in front of a 21.5’’ monitor (Dell E2214H) and wear earphones 

(𝐸𝑇𝑌𝑀�̅�𝑇𝐼𝐶 mkIsolatorTM). Participants were instructed to wear the earphones throughout the 

experiment and to follow the instructions on the screen. The stimuli were presented using E-

Prime 2.0, running on a personal computer (Dell Optiplex 7020). Participants were asked to 

indicate whether probe tones fit with the preceding probe-tone contexts. The study took about 45 

minutes, including a break between the two blocks.  

4.6 Results – Study 3b 

The average probe-tone ratings (the proportion of times each probe tone was judged as 

fitting) are shown separately for the two blocks in Figure 10. They were analyzed in an ANOVA 

with factors Tone Distribution (familiar, unfamiliar), Probe Tone (C, C♯, F♯, G), and block order 

(familiar first, familiar second). There were no significant effects involving block order, ps > .05. 
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The interaction between Tone Distribution and Probe Tone was significant, F(3,78) = 79.28, p < 

.001.  

Follow-up ANOVAs with factors Congruency (congruent, incongruent) and Tone 

Height (low: C, C♯, high: F♯, G) were conducted to assess whether participants distinguished 

between congruent and incongruent probe tones. The main effect of Congruency held over both 

levels of Tone Height in the familiar block, F(1,33) = 156.15, p < .001, as well as in the 

unfamiliar block, F(1,33) = 116.43, p < .001, such that congruent probe tones were judged fitting 

more often in both blocks.  

Sensitivity d’ and response bias C were computed to compare participants’ performance 

in the familiar and unfamiliar block. To do so, the judged fit of congruent and incongruent probe 

tones were converted to hits and false alarm rates respectively. Sensitivity was higher for the 

familiar than the unfamiliar distribution, t(33) = 5.62, p < .001, such that participants 

distinguished between congruent and incongruent probe tones more so in the familiar block. The 

analysis of the response bias indicated that participants were more liberal in the unfamiliar block, 

t(33) = 2.97, p = .005, such that they were more likely to judge a probe tone as fitting in the 

unfamiliar block. Years of music training and sensitivity correlated positively for the familiar 

distribution, r(32) = .40, p = .018, but not for the unfamiliar, or with C for either distribution, ps > 

.05. 

Topographical maps illustrating brain activity at incongruent and congruent probe tones, 

the raw difference between incongruent and congruent probe tones, as well as the p-value based 

on a Wilcoxon signed rank test of this difference are shown in Figures 7 and 8 for the familiar 

and the unfamiliar block respectively. 
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Figure 7 Topographical maps illustrating for the familiar block A: activity at incongruent probe 

tones, B: activity at congruent probe tones, C: difference between activity shown in A and B, and 

D: the corresponding p-value of a Wilcoxon signed rank test of this difference. 

 

Figure 8 Topographical maps illustrating for the unfamiliar block A: activity at incongruent 

probe tones, B: activity at congruent probe tones, C: difference between activity shown in A and 

B, and D: the corresponding p-value of a Wilcoxon signed rank test of this difference. 
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The mean amplitude of P3 at the three midline ROI (see Figure 9) was analyzed in an 

ANOVA with factors Tone Distribution (familiar, unfamiliar), ROI (frontal, central, parietal), 

and Probe Tone (C, C♯, F♯, G). A significant interaction of these factors was found, F(6,198) = 

2.84, p = .011. Follow-up ANOVAs with the factors Congruency (congruent, incongruent) and 

Tone Height (low: C, C♯, high: F♯, G) showed that there was a significant effect of Congruency 

at frontal electrodes for the familiar genre, F(1,33) = 8.83, p = .006, but not unfamiliar genre, 

F(1,33) = 0.52, p = .476, or at any other ROI, ps > .05. 

 

Figure 9 Averaged ERP traces at midline ROIs. Solid lines indicate ERPs elicited by diatonic 

probe tones, dashed lines indicate ERPs elicited by nondiatonic probe tones. Blue rectangles 

denote time window in which the mean amplitude was calculated. Panels in the left column show 

ERP traces in the familiar block, panels in the right column show ERP traces in the unfamiliar 

block. 
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Figure 10 Average probe-tone ratings, i.e., proportion of “yes” responses in trials, for each 

probe-tone category, with corresponding P3 amplitude. Error bars indicate standard errors of 

the mean. Patterned bars indicate averaged probe-tone ratings for incongruent probe tones. 

Empty bars indicate averaged probe-tone ratings for congruent probe tones.  

To explore the relationship between behavioral and electrophysiological data (see Figure 

10), repeated measures correlations (Bakdash & Marusich, 2017) were calculated between  

behavioral and electrophysiological responses for the four probe tones for the familiar and 

unfamiliar blocks in R (rmcorr). rmcorr does not assume independence between measurements 

obtained from the same participant while guarding against erroneous conclusions that may be 

drawn when collapsing over multiple measurements. There was a significant correlation between 
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behavioral and electrophysiological responses in the familiar block, r(101) = -.26, p = .009, but 

not in the unfamiliar block, r(101) = -.08, p = .424.  

4.7 Discussion 

In the first study of this chapter, a possible ERP indicator of musical long-term 

knowledge, the mean amplitude of the P3 component, was identified. In this second study, the 

mean amplitude of the P3 component was again influenced by the congruency of the probe tone. 

Crucially, it was only influenced by the congruency of the probe tone when the context was based 

on a familiar distribution albeit only at frontal electrodes instead of both frontal and central 

electrodes.  

Additionally, the P3 amplitude was correlated with participants’ indicated fit in the 

familiar block but not in the unfamiliar block. This further supports the interpretation of the P3 as 

an indicator of musical long-term, as opposed to short-term, knowledge in my paradigm. This 

also now opens up the possibility of following this ERP in a study employing the same 

distributional learning paradigm used for Study 1 in Chapter 2. This new study, Study 4, is 

described in Chapter 5. 

Congruency of the probe tone influenced participants’ indication of fit in the unfamiliar 

block. This finding is in line with the results presented in Chapter 2 showing that listeners are 

sensitive to the local distribution of probe-tone contexts even if the global distribution is 

unfamiliar. However, greater sensitivity for the familiar distribution suggests that participants are 

not only influenced by the local tone distribution of the probe-tone context but by knowledge of 

the global distribution on which it is based that participants may have acquired throughout their 

lives.  
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Notably, more music training was associated with more sensitivity in the familiar block 

but not in the unfamiliar block. This suggests that a clearer representation of the tonal hierarchy 

of the 7-tone diatonic system may be acquired through formal music training but not a 

generalized sensitivity to any tone distributions. Thus, prior knowledge and music training jointly 

influence responses but not statistical learning itself. 

This result has implications about the limitations to the interpretation of statistical 

learning as a transferrable skill or one that varies to a measurable degree between listeners. The 

domain general interpretation of statistical learning would allow this pattern of result if one 

assumes that statistical learning is a crucial mechanism in language learning and thus could have 

been developed to a degree so high as to not allow great variation between listeners. Studies 

showing variation between statistical learners based on participant characteristics imply that 

statistical learning is a person dependent skill (Shook et al., 2013; Siegelman et al., 2017; Vasuki 

et al., 2016). However, my results suggest that in so far as statistical learning may be a person 

dependent skill it is not positively influenced by formal music training.  
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Chapter 5: Characterizing musical long-term knowledge using EEG – Study 4 

Researchers have recently suggested that EEG rather than behavioral measures are more 

sensitive in detecting the success of statistical learning (Francois & Schön, 2010; McLaughlin et 

al., 2004). Nevertheless, neurophysiological studies of statistical learning in music remain scant. 

Koelsch et al. (2016) published the first EEG study on statistical learning of timbre triplets only 

very recently. Together with Francois and Schön (2010), they show that it is possible to study 

segmentation of tone sequences using EEG. Carrión and Bly (2008) used EEG to show successful 

learning of artificial grammar expressed in musical stimuli. However, no such study exists to 

show successful learning of tone distributions and to inform us about the brain mechanisms 

underlying successful learning of tone distributions. 

Applying the results from Study 3a and 3b (see Chapter 4), the experiment described in 

this chapter aims to track the mean amplitude of the P3 as a correlate of musical long-term 

knowledge. The ERP was assessed both before and after an exposure phase in the behavioral 

paradigm established with Study 1 in Chapter 2. The goal of this experiment was to critically 

expand our knowledge on the statistical learning of music. This experiment aimed to explore 

whether the gaining of musical knowledge can be indexed via EEG and thereby inform us about 

how statistical learning takes place.  

5.1 Introduction 

Music psychology researchers have started to include EEG measures in their 

methodology and found it a useful tool to obtain a more fine-grained image of music processing. 

Peretz, Brattico, Järvenpää, and Tervaniemi (2009) were able to show using ERPs that listeners 

with and without amusia or tone-deafness show a similar early negative component to deviant 

tones even though listeners with amusia cannot distinguish melodies containing the deviant from 
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those without the deviant. However, a later positive component is only found in listeners without 

amusia who are able to distinguish melodies containing the deviant from those without the 

deviant. The association of the later positive component with corresponding behavior and thus 

conscious processing suggested to the researchers that while the neural circuitry for the detection 

of deviant notes is present in listeners with amusia, they lack awareness for this ability. Here, 

including EEG measures allowed Peretz et al. (2009) to posit a more detailed model of tone-

deafness.  

Granot and Donchin (2002) were able to show using EEG that listeners are influenced 

by their music training when generating expectancies about terminal notes in tone sequences with 

varying degrees of constraints based on the Western 7-tone diatonic system. They observed that 

P3 amplitudes unlike response times do differentiate between musically trained and musically 

untrained participants. This further supports the conclusion drawn in Chapter 4 that P3 

amplitudes may serve as an indicator of long-term musical knowledge. It also suggests the 

intriguing possibility that including EEG measures may help us pick up on differences between 

musically trained and untrained listeners which are not apparent in behaviour.  

In Chapter 2 I manipulated tone distributions such that local distributions (i.e., the tone 

distribution of probe-tone contexts) overlapped the global distribution (i.e., the tone distribution 

of the exposure sequence) of an unfamiliar music genre such that some tones would not be part of 

the local distribution of the probe-tone contexts. Using these tones as a test case I was able to 

show that listeners’ probe-tone ratings were influenced not only by the local distribution of the 

probe-tone context but the global distribution of the unfamiliar music genre. Behaviorally then, I 

argued that participants gained musical long-term knowledge through exposure. 
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Using the P3 as a neural signature of musical long-term knowledge I can test in what 

ways the long-term knowledge that listeners may gain over the period of a music psychology is 

similar to the musical long-term knowledge that all us carry in everyday life. Musical long-term 

knowledge is the critical basis for many music perceptual processes, chiefly evaluative processes 

(Chmiel & Schubert, 2017). I therefore view understanding how we gain musical long-term 

knowledge as a crucial step towards a comprehensive understanding of music perception.  

5.2 Methods 

5.2.1 Participants 

Of the 40 participants 23 identified as female and 17 as male. They were recruited from 

various departments at Queen’s University as well as from the community. All received monetary 

compensation. The average age was M = 26.33 years, SD = 4.96 years. The average number of 

years of music training was M = 4.43 years, SD = 4.32. Data of two additional participants were 

excluded from analysis due to corrupted EEG data file.  

5.2.2 Procedure 

The procedure for this experiment was identical to that described in Chapter 2. 

Electrophysiological data was recoded with the specifications described in Chapter 4 during the 

probe-tone task both before and after exposure, for all 40 trials for each probe-tone category in 

each probe-tone task block. After rejection an average of 30.19 trials remained for each probe-

tone category in each probe-tone task block (before exposure: 𝐸𝑃: M = 30.16, SD = 3.67, 𝐸�̅�: M 

= 29.68, SD = 3.93, �̅�𝑃: M = 29.97, SD = 3.84, �̅��̅�: M = 29.82, SD = 3.70; after exposure: 𝐸𝑃: M 

= 31.16, SD = 3.76, 𝐸�̅�: M = 30.32, SD = 3.90, �̅�𝑃: M = 30.21, SD = 3.84, �̅��̅�: M = 30.18, SD = 

4.21). 
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5.2.3 Stimuli 

Stimuli used during the probe-tone task were identical to those used in Study 1, 

described in Chapter 2. Membership of a specific tone in one of four tone categories was defined 

by two criteria: whether it occurred in the exposure sequence (in the exposure sequence: 𝐸; not 

occurring in the exposure sequence: �̅�), and whether it occurred in the probe-tone contexts 

(occurring in probe-tone context: 𝑃; not occurring in probe-tone context: �̅�). The crossing of 

these factors resulted in probe-tone categories 𝐸𝑃, 𝐸�̅�, �̅�𝑃, and �̅��̅�. Manipulation of the 

frequency of occurrence of each of the tone categories allows for definition of the genre specific 

tonal hierarchy, where tones in tone category 𝐸𝑃 occupy the top of the hierarchy, 𝐸�̅� and �̅�𝑃 

occupy the next level of the hierarchy, and �̅��̅� occupies the bottom level of the hierarchy. 

Stimuli during the exposure phase and the two-alternative forced-choice task were 

updated to prevent participants from determining the “correct” choice in the two-alternative 

forced-choice task based on the average pitch height of the tone sequences. Table 3 details the 

probability of occurrence for each tone for the updated stimuli. To form the exposure sequence, 

12000 tones were randomly ordered with the probabilities for Genre 1. For the discrimination 

task, 40 pairs of tone sequences were generated. Each tone sequence contained 34 randomly 

ordered tones. For one tone sequence of each pair, probabilities for Genre 1 were used. For the 

other tone sequence in each pair of tone sequences, probabilities for Genre 2 were used. 
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Table 3 Probability of occurrence of each tone for each tone category These probabilities reflect 

changes made to the distributions to equate the average pitch height between tone sequences 

from Genre 1 and Genre 2. 

Genre Tone Probability of occurrence of each tone 

Genre 1 D4, E4, F♯4, G♯4, A♯4 .147 

 C4 .096 

 C5 .051 

 C♯4, G4 .06 

 B3, D♯4, F4, A4, B4 .00 

Genre 2 C♯4, D♯4, F4, G4, A4 .147 

 B3 .051 

 B4 .096 

 F♯4, G♯4 .06 

 C4, D4, E4, A♯4, C4 .00 

5.2.4 Analysis  

The number of times a participant had indicated that the probe tone fit for each probe-

tone category was regarded as a probe-tone rating for that category by that participant. Probe-tone 

ratings were analyzed using the same mixed-effects models as described in Chapter 2. To check 

whether the effects I reported earlier replicated with this new group of participants I specifically 

conducted analyses of all probe-tone ratings, then analyses of probe-tone ratings obtained before 

exposure, and specific contrast analyses for tones of probe-tone categories �̅��̅� and 𝐸�̅�. 
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From participants’ responses in the two-alternative forced-choice discrimination task I 

again calculated the proportion of trials in which participants selected the tone sequence 

resembling the exposure phase tone sequence (Genre 1) over the other tone sequence (Genre 2). 

The proportion of trials in which participants chose the tone sequence resembling the tone stream 

heard during the exposure phase was called “percent correct” and compared against percent 

correct = 50%. 

The mean amplitude over 40 ms calculated around the positive peak in the P3 time 

window defined as defined in Chapter 4 (380 ms to 450 ms) was analyzed across the three 

midline ROIs (frontal, central, parietal). 

5.3 Results 

Probe-tone ratings, the proportion of “yes” responses expressed in percentages, averaged 

over participants are shown in Figure 11. The mixed-effects model of all probe-tone ratings was 

able to explain R² = .78 of the variability in the responses. Several predictors were significant: 

Exposure, t(312) = 12.33, p < .001, Probe-Tone Context, t(312) = 31.01, p < .001, and the 

interaction of Exposure and Probe-Tone Context, t(312) = 7.79, p < .001. Additionally, the three-

way interaction of Time, Exposure, and Probe-Tone Context was a significant predictor, t(312) = 

2.42, p = .016. Probe-tone ratings obtained before exposure were entered into a second mixed-

effects model. The predictor Probe-Tone Context was significant, t(156) = 22.78, p < .001, such 

that tones occurring in the probe-tone context yielded higher probe-tone ratings as expected. The 

predictor Exposure was significant, t(156) = 9.01, p < .001, as well as the interaction of Probe-

Tone Context and Exposure, t(156) = 7.13, p < .001.  
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Figure 11 Average probe-tone ratings, i.e., proportion of “yes” responses in trials, for each 

probe-tone category. Error bars depict the standard error of mean. 

Contrast analyses between the different probe-tone ratings revealed that the interaction 

effect and the main effect of Exposure were driven by a significant difference between ratings for 

probe-tone category 𝐸𝑃 and ratings for all other probe tone categories, �̅�𝑃: F(1, 156) = 129.32, p 

< .001, 𝐸�̅�: F(1, 156) = 428.02, p < .001, �̅��̅�: F(1, 156) = 475.94, p < .001. The difference 

between ratings for probe-tone categories �̅��̅� and 𝐸�̅� was not significant before exposure, p > 

.05, but was significant after exposure, F(1, 156) = 10.50, p = .002, such that ratings for probe-

tone category 𝐸�̅� were higher than ratings for probe-tone category �̅��̅�.  

Analysis of participants’ performance in the discrimination task revealed a percentage of 

correct answers significantly higher than chance (50%), M = 62%, SD = 10%, as determined by a 

one-sample t-test, t(39) = 7.15, p < .001. The correlation between participants’ performance and 

years of music training was not significant, r(38) = -.10, p > .05. Similarly, correlation between 

participants’ performance and measures of music engagement, music preferences, and musical 
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sophistication were not statistically significant, ps > .05. For means and standard deviations of 

these measures refer to Table 4.  

Table 4 Subscale averages of MusEQ, STOMP, and Gold-MSI subscales. MusEQ and Gold-MSI 

scores were compared to the norm data provided by the authors.  

Questionnaire Subscale M SD Comparison to normed 

data where provided 

MusEQ Music in Daily Life 3.92 0.68 percentile 65 

 
Emotional Listening Experience 3.99 0.68 percentile 85 

 
Musical Performativity 2.58 0.99 percentile 65 

 
Musical Consumer Behaviour 3.31 0.91 percentile 50 

 
Responsive Music Listening 3.7 0.73 percentile 65 

 
Musical Preference 4.03 0.74 percentile 55 

STOMP Reflexive and Complex 4.64 1.07 

  
Intense and Rebellious 4.85 1.1 

  
Upbeat and Conventional 4.26 1.02 

  
Energetic and Rhythmic 4.73 1.12 

 
Gold-MSI Active Engagement 35.41 9.71 percentile 28 

 
Perceptual Abilities 45.84 7.83 percentile 28 

 
Musical Training 23.92 11 percentile 41 

 
Singing Abilities 26.77 8.04 percentile 27 

 
Emotions 29.16 3.72 percentile 15 

 
General Sophistication 66.91 17.19 percentile 24 
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Topographical maps illustrating brain activity for four different comparisons are shown 

in Figures 12 to 15. Figure 12 shows activity for probe tones which do not occur in the probe-

tone context (�̅��̅� and 𝐸�̅�) and activity for probe tones which do occur in the probe-tone context 

(𝐸𝑃 and �̅�𝑃) before exposure, the raw difference between these two conditions, as well as the p-

value based on a Wilcoxon signed rank test of this difference. Similarly, Figure 13 shows activity 

for probe tones which do not occur in the exposure phase (�̅��̅� and �̅�𝑃) and activity for probe 

tones which do occur in the exposure phase (𝐸𝑃 and 𝐸�̅�) before exposure, the raw difference 

between these two conditions, as well as the p-value based on a Wilcoxon signed rank test of this 

difference. Figures 14 and 15 show the brain activity for these comparisons following the 

exposure phase.  

P3 amplitudes (see Figure 16) were analyzed in a repeated measures ANOVA with 

factors Exposure (𝐸, �̅�), Probe-Tone Context (𝑃, �̅�), Time (before exposure, after exposure), and 

ROI (frontal, central, parietal). There were significant interactions of ROI and Exposure, F(2,36) 

= 4.61, p = .016, and ROI and Probe-Tone Context, F(2,36) = 4.39, p = .020. Additionally, the 

interaction between Time, ROI, and Probe-Tone Context trended towards significance, F(2,36) = 

3.07, p = .059. There was no significant interaction between Time, ROI, and Exposure, F(2,36) = 

0.31, p = .734. 
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Figure 12 Topographical maps illustrating A: activity before the exposure phase at probe tones 

which do not and B: which do occur in the probe tone context, C: difference between activity 

shown in A and B, and D: the corresponding p-value of a Wilcoxon signed rank test of this 

difference.

 

Figure 13 Topographical maps illustrating A: activity before the exposure phase at probe tones 

which do not and, B: which do occur in the exposure phase, C: difference between activity shown 

in A and B, and D: the corresponding p-value of a Wilcoxon signed rank test of this difference. 
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Figure 14 Topographical maps illustrating A: activity after the exposure phase at probe tones 

which do not and B: which do occur in the probe tone context, C: difference between activity 

shown in A and B, and D: the corresponding p-value of a Wilcoxon signed rank test of this 

difference.

 

Figure 15 Topographical maps illustrating A: activity after the exposure phase at probe tones 

which do not and, B: which do occur in the exposure phase, C: difference between activity shown 

in A and B, and D: the corresponding p-value of a Wilcoxon signed rank test of this difference. 
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The Time, ROI, and Probe-Tone Context interaction was followed up by separating it 

into two analyses, one on probe-tone ratings obtained before exposure and the other on probe-

tone ratings obtained after exposure. The ROI and Probe-Tone Context interaction was 

significant for probe-tone ratings obtained before exposure, F(2,36) = 5.55, p = .008, such that 

probe tones which do not occur in the probe-tone context elicit more positive ERPs than those 

which do occur particularly at the frontal ROI. This interaction was not significant for probe-tone 

ratings obtained after exposure, F(2,36) = .734, p =.487. None of the other effects were 

significant either, ps > .05. 

In three follow-up tests for each ROI there was a significant effect of Probe-Tone 

Context at the frontal ROI, F(1,37) = 7.39, p = .010, such that probe tones which do not occur in 

the probe-tone context elicit more positive ERPs than those which do occur. At the central ROI 

two effects trend towards significance, the main effect of Exposure, F(1,37) = 3.79, p = .059, and 

the interaction of Exposure and Probe-Tone Context, F(1,37) = 3.35, p = .075, such that probe 

tones of probe-tone category 𝐸𝑃 elicit more negative ERPs than the other categories. At the 

parietal ROI, the effect of Probe-Tone Context trended towards significance, F(1,37) = 3.54, p = 

.068, such that the pattern observed at the frontal ROI was reversed. 
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Figure 16 Averaged ERP traces at midline ROIs. Solid lines indicate ERPs elicited by probe-tone 

category �̅��̅�, dashed lines indicate ERPs elicited by probe-tone category �̅�𝑃, dotted lines 

indicate ERPs elicited by probe-tone category 𝐸�̅�, mixed lines by probe-tone category 𝐸𝑃. Blue 

rectangles denote time window in which the mean amplitude was calculated. Panels in the left 

column show ERP traces before the exposure phase, panels in the right column show ERP traces 

after the exposure phase. 

Figure 17 shows the average ERP amplitudes for P3 amplitudes at the frontal ROI for 

each probe-tone category. To explore the relationship between behavioral and 

electrophysiological data (see Figures 11 and 17), the repeated measures correlation (Bakdash & 

Marusich, 2017) were calculated between the behavioral responses and P3 amplitudes at the 

frontal ROI for the eight probe tones before and after exposure in R (rmcorr). There was a 

significant correlation between behavioral and electrophysiological responses before exposure, 

r(265) = -.15, p = .013. This correlation was not significant after exposure, r(265) = -.10, p = .10.  
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Figure 17 P3 amplitudes for each probe-tone category. Error bars depict the standard error of 

the mean. 

5.4 Discussion 

Based on the design of this experiment and findings detailed in Chapter 2 I had several 

specific predictions about the effect of exposure to an unfamiliar music genre on participants’ 

probe-tone ratings (see Figure 11). I expected that participants’ responses would reflect the 

influence of the local distribution of the probe-tone context such that probe tones which occur in 

the local distribution receive higher probe-tone ratings. Further, I expected that participants’ 

responses would reflect the influence of the global distribution such that probe-tone category 𝐸�̅� 

would only elicit higher probe-tone ratings compared to probe-tone category �̅��̅� after the 

exposure phase, as the former are only introduced as part of the global distribution during this 

phase.  

Both these predictions were confirmed and the results shown in Chapter 2 were 

replicated. Participants’ responses reflected the influence of the local distribution of the probe-
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tone context, again corroborating conclusions drawn by researchers in the past (Lantz et al., 2014; 

Oram & Cuddy, 1995; Raman & Dowling, 2016). Crucially, after exposure participants’ 

responses also reflected the influence of the global distribution of the entire genre: probe-tone 

category 𝐸�̅� was regarded as more fitting than probe-tone category �̅��̅� after exposure. Since 

probe-tone category 𝐸�̅� does not occur in probe-tone contexts, and therefore is not part of the 

immediately available information about the unfamiliar music genre, this suggests that 

participants’ representation of its distribution did not solely consist of short-term memory. 

I further expected participants to choose the tone sequence based on the exposed genre 

in the two-alternative forced-choice task. Indeed, participants chose tone sequences which 

resembled the exposed sequences as more familiar in a two-alternative forced-choice task. 

However, they did so at a significantly lower success rate than participants in Study 1, t(78) = 

3.62, p = .001, see Figure 18. 

 

Figure 18 Percent correct in the two-alternative forced choice tasks in Study 1 and Study 4. 

Error bars indicate standard errors of the mean. The dashed line indicates chance performance. 
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Given that there are no associations between performance in the two-alternative forced-

choice task and measures of music engagement, music preferences, and musical sophistication, or 

length of music training, this difference may be ascribed to the change in stimuli. After equating 

the average pitch height for both music genres used in the two-alternative forced-choice task 

performance was still above chance yet the task became seemingly more difficult. This implies 

that one aspect that may have helped participants in Study 1 was the difference in average pitch 

height (see also Chapter 3).  

Based on the results from Studies 3a and 3b I had concluded that the mean amplitude of 

P3 at frontal electrodes may index musical long-term memory. Therefore I had anticipated no 

effects on the mean amplitudes of the P3 before the exposure phase, but an effect of Exposure 

after the exposure phase on the mean amplitudes of the P3. However, there was an unexpected 

effect of Probe-Tone Context at frontal electrodes as well as an unexpected effect of Exposure at 

central electrodes before the exposure phase, as well as the unexpected absence of the effect of 

Exposure after the exposure phase. 

I first consider the significant effects of Probe-Tone Context at frontal electrodes before 

the exposure phase. It was for those trials that electrophysiological data were related to 

behavioral responses as evidenced by the significant correlation of these two datasets. This then 

suggests that unlike participants in Studies 3a and 3b, participants in Study 4 were guided by 

long-term knowledge before the exposure phase. This could be due to the fact that participants in 

this experiment completed twice as many probe-tone rating trials for one genre than those in 

Study 3b.  

While participants in Study 3b where no effects were found on the P3 amplitude gave 

probe-tone ratings to probe tones following 80 tone sequences, participants in the current study 
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gave probe-tone ratings to probe tones following 160 tone sequences. Perhaps this doubling in 

trials led to the formation of long-term memory of the local distribution before the exposure 

phase began. It should be noted that this formation of long-term memory cannot be assessed 

through the behavioral measures of this experiment and thus, that this conclusion rests on the 

interpretation of the P3 amplitude based on my findings from Studies 3a and 3b presented in 

Chapter 4.   

Based on their findings one would have expected a similar pattern in the current 

experiment: P3 after the exposure phase, but no P3 without or before the exposure phase. Yet the 

procedure used here differed from that of Carrión and Bly’s (2008) in that listeners in their study 

were asked to listen to 72 tone sequences of which 36 contained the switched, “unexpected”, 

chord after listening to 84 tone sequences during a training phase. In contrast, participants in my 

experiment had judged 160 probe tones, 80 of which did not occur in the probe-tone context, by 

the time the exposure phase began.  

Next, I consider the fact that the central ROI P3 mean amplitudes seem to differ 

according to the factor Exposure. It is noteworthy that there is no interaction of Exposure and 

Time at this ROI, suggesting that a potential index of long-term knowledge differentiates 

between categories that cannot be learned until after the exposure phase. However, this effect 

seems to be primarily driven by more negative mean amplitudes for probe-tone category 𝐸𝑃 

specifically. Long-term knowledge of this probe-tone categories’ place in the tone hierarchy 

could again be due to the large number of trials completed by participants even before exposure. 

Lastly, the expected effect of Exposure on the P3 mean amplitudes after exposure did 

not occur. Although the behavioral data suggest that participants were guided by long-term 

memory, there were no effects in the proposed long-term memory index. This could be due to 
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two reasons: either the P3 is not the right index for long-term memory, or the P3 is a more 

malleable index than previously thought. As I will lay out next, I believe that the P3 may not 

have only indexed the tone distribution of the artificial music genre but also indexed the 

distribution of probe tones themselves. 

To this effect, Guo and Koelsch (2015) showed that the P3 amplitude at fronto-central 

electrodes can diminish after supervised training. Guo and Koelsch (2015) recorded EEG data 

while participants listened to 10 repetitions of 16 excerpts from music pieces which either ended 

on a musically regular or musically irregular chord. Participants were told about the regularity of 

the ending before each trial. P3 amplitude decreased during the learning trials. The authors 

attribute this decrease to the fact that perhaps participants became increasingly adept at predicting 

the irregular chord over the course of the learning trials. They liken this to the development of 

veridical knowledge about the musical excerpts that were used in the experiment. 

Interpreting the results of the current experiment in this framework would suggest that 

by the time participants are giving probe-tone ratings after exposure they are guided by 

knowledge about the probability of tones to occur as probe tones. While the long-term knowledge 

underlying the capacity of unexpected tones to switch attention and thus elicit greater P3 

amplitudes still exists, the knowledge about the experiment itself may be enough predictive 

information to reduce attention switching after exposure. Even though probe tones of category 

�̅��̅� did not occur in probe-tone contexts, enough trials may have given participants the indication 

that they were expected as probe tones. 

The P3 amplitude thus may not index musical long-term knowledge per se, but the 

potential for expectations based on musical long-term knowledge to switch attention. This 

potential may decrease based on experiment specific long-term knowledge. Participants may 
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come to expect the “unexpected”. Previous research that has found the P3 elicited by musical 

stimuli will be examined in the next paragraphs to contextualize this interpretation. To my best 

knowledge, only Guo and Koelsch (2015) have shown a decrease in the P3 amplitude with more 

training. The majority of studies which report a positive component in a similar time range do so 

in one test session with fewer trials and lesser proportion of trials in which the unexpected probe 

tone or probe chord occurs (24 critical trials/288 in Besson & Faïta, 1995; 36 critical trials/72 in 

Carrión & Bly, 2008; 48 critical trials/96 in Halpern et al., 2008). 

The larger number of trials in Guo and Koelsch (2015) who also used 7-tone diatonic 

stimuli may have led to the observed decrease in their experiment. Participants listened to 160 

tone sequences, 80 of which contained an irregular chord. In contrast to Besson and Faïta (1995), 

Guo and Koelsch (2015) used the same tone sequence in each block. In each block, participants 

listened to this tone sequence ten times, five times presented in the regular and the other five 

times presented in the irregular version. To study the effect of learning, the authors pooled EEG 

data from the first and second trial of each block, the third and fourth trial of each block etc. 

Thus, the decrease in P3 amplitude was observed over the course of ten exposure of the same 

tone sequence. 

This then may explain why there was no effect of Exposure on the P3 amplitude in my 

experiment after the exposure phase. Arguably, the stimuli in my experiment while randomly 

formed could be considered akin to slight variations of very similar melodies. Thus, it could be 

argued that P3 amplitudes declined over the course of the probe-tone rating block after the 

exposure phase so much so that any effect of Exposure vanished in the analysis of the pooled 

data. Further, the equal distribution of probe-tone categories across the trials (40 trials per probe-

tone category) meant a large number and equal likelihood of critical trials. I therefore propose 
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that the P3 may not have only indexed the tone distribution of the artificial music genre but also 

indexed the distribution of probe tones themselves. 

In conclusion, this experiment underscores the value of using a variety of measures to 

assess scientific hypotheses. Here, behavioral measures suggest the formation of musical long-

term memory: participants’ probe-tone ratings after an exposure phase were influenced by the 

local and global tone distribution of the stimuli they encountered. Whether probe tones were part 

of these distributions influenced the P3 amplitude before the exposure phase. This suggests that 

musical long-term knowledge already developed before the exposure phase began and thus 

before long-term memory could be indicated using the behavioral measures.  

Further, whether probe tones were part of these distributions did not influence the P3 

amplitude after exposure. This suggests that participants form memory about the experimental 

stimuli themselves. Not only did participants learn about the unfamiliar music genre, from which 

stimuli were generated, they also learned about the way, in which the stimuli were presented. 

Future music listening studies manipulating expectations may be well served by considering the 

implications of the interpretation of P3 amplitude as an index for the potential for long-term 

knowledge derived expectations to switch attention on experiment design. 
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Chapter 6: General discussion 

In this chapter, I organize my findings from the studies in chapters 2 to 5 as to address 

four broad themes: the methodology of research on the statistical learning of music, statistical 

learning of music itself, the influence of music training, and implications for the field of 

statistical learning research in general. 

6.1 New methods for statistical learning research 

This thesis advanced new methods for the study of statistical learning of musical 

materials. In Chapter 2, I reported on a study using a modified probe-tone paradigm (Study 1). In 

the original probe-tone paradigm, participants are asked to indicate the goodness-of-fit of probe 

tones on a 7-point Likert scale (Krumhansl & Cuddy, 2010). However, participants differ from 

each other in their response styles. Some participants tend to choose more extreme answers while 

others gravitate towards the center of the response scale, shown for instance by Krumhansl and 

Shepard (1979), or Cuddy and Badertscher (1987).  

Cuddy and Badertscher (1987) showed specifically that participants with more music 

training used a wider range of the 7-point Likert scale than participants with less music training. 

Overall, this resulted in a more sharply defined probe-tone profile for musically trained 

participants. This effect was replicated recently in a study comparing participants who had either 

obtained a standardized certificate in instrumental or vocal music or were majoring in music to 

participants without such qualifications (Neto et al., 2019). These results leave ambiguous 

however whether the difference is due to a clearer representation of tonal hierarchy in listeners 

with more music training as hypothesized by the authors or due to the trained participants’ higher 

confidence in a music listening task.  
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The modified probe-tone paradigm asks for a simple yes/no judgement following a 

query about the fit of the probe tone. This removes the room for confidence to affect the results. 

Results shown in chapters 2 and 5 indicate that at the same time, graded probe-tone profiles can 

be obtained by calculating the proportion of times a probe tone was judged fitting by listeners. 

The gradation of probe-tone ratings reflect the influence of the local distribution of the probe-

tone context before an exposure phase to an unfamiliar music genre, and the influence of the 

global distribution of this genre after the exposure phase.  

Results from Studies 3a and 3b (see Chapter 4) suggest that music training leads to a 

more detailed representation of the tonal hierarchy of the 7-tone diatonic system, supporting 

conclusions drawn by the authors cited above. In a comparison of probe-tone ratings for probe 

tones following tone sequences based on the 7-tone diatonic system and tone sequences generated 

from an unfamiliar music genre the amount of music training received by participants was 

associated with sharper probe-tone profiles for the stimuli based on the 7-tone diatonic system for 

those with more music training. The amount of music training was not associated with sharper 

probe-tone profiles for the stimuli generated from the unfamiliar music genre suggesting that 

listeners with more music training do not generally have one response style or more confidence in 

music listening tasks. 

Further, results presented in Chapter 2 suggest that probe-tone paradigms can more 

accurately map the representation of pitch distributions (see Studies 2b and 2c). Listeners were 

adept at comparing tone sequences based on average pitch height calling into question what 

exactly was learned by participants in Study 1: the pitch distribution or a summary measure of 

this pitch distribution, such as the average pitch height. Both are suggested to be possible 

outcomes after an exposure phase to stimuli with statistical regularities (Zhao et al., 2011). The 
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probe-tone profiles I collected in Studies 1 and 4 however suggest that participants did indeed 

extract the pitch distribution. Whether this happens rather than, or over and above the extraction 

of summary measures remains to be seen. 

Lastly, my results suggest that leveraging EEG methodology in statistical learning 

research can lead to novel insights. Behavioral results from Study 1 were replicated in Study 4. 

Both suggest the formation of musical long-term memory: participants’ probe-tone ratings after 

an exposure phase during which they listened to tone sequences generated from an unfamiliar 

music genre displayed the influence of the local and global distribution of the stimuli they 

encountered. However, due to the design of the experiment, this conclusion can be reached only 

after the exposure phase has taken place. 

A more complicated story emerges, after concluding that the P3 is a potential ERP index 

of musical long-term knowledge from Studies 3a and 3b, and assessing the influence of different 

variables on its presence in Study 4. Whether or not a probe tone was part of the local distribution 

of the probe-tone context influenced its presence even before the exposure phase began. In so far 

as the P3 is indeed indicative of long-term knowledge, this suggests that listeners very rapidly 

gain such knowledge about the stimuli. Taken together, these studies suggest that knowledge of 

an unfamiliar music genre may be gained as soon as after exposure to 80 and before exposure to 

160 exemplars beyond the short-term knowledge shown by participants in Study 3a.  

After the exposure phase, factors capturing whether probe tones were part of the local or 

global distribution did not influence P3 amplitude. This is surprising given that behavioral data 

indicate sensitivity to both local and global distribution after exposure. Two possibilities could 

account for this finding: On the one hand, this pattern could arise if there was no long-term 

knowledge. This is disputed by the presence of P3 effects before the exposure phase and 
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behavioral data. On the other hand, this pattern could arise if the P3 component is not an index of 

musical long-term knowledge per se. Past research has found that similar components 

differentiate between tones which conform and tones which do not conform with expectations 

derived from long-term memory (Besson & Faïta, 1995; Carrión & Bly, 2008; Halpern et al., 

2008; Jagiello et al., 2018; Janata, 1995). However, the prediction based on this research that P3 

would differentiate between probe tones based on whether they are part of the global distribution 

was not fulfilled.  

Instead, my results suggest that a more nuanced interpretation of the P3 amplitude 

should be considered. Guo and Koelsch (2015) reported on the modulation of the P3 amplitude 

based on learning. This then suggests that participants not only learned about the unfamiliar 

music genre, from which stimuli were generated, but also about the way, in which the stimuli 

were presented, meaning, how often the musically unexpected probe tone was to be expected to 

occur as a probe tone. Rather than an index of musical long-term knowledge, P3 amplitude may 

be an index for the potential for long-term knowledge derived expectations to switch attention on 

experiment design. 

Additionally, through the use of repeated measures correlation (Bakdash & Marusich, 

2017), I was able to explore the relationship between behavioral and electrophysiological data. In 

the past, studies rarely statistically related behavioral to electrophysiological data. Vuvan et al. 

(2018) correlated behavioral data with summary measures derived from electrophysiological 

data. Repeated measures correlation offers a way to relate multiple observations of one variable 

to multiple observations of another variable in the same participant across multiple participants. 

This method seems ideally suited to understand the behavior to which EEG data correspond. In 

summary, both the modified probe-tone paradigm and the combined use and analysis of EEG and 
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behavioral measures may lead to new findings about statistical learning of music. These are 

considered in the next section of this chapter. 

6.2 Statistical learning of tone distributions 

I view understanding statistical learning of music as an integral step towards developing 

a comprehensive understanding of music perception. Musical knowledge interacts in complicated 

ways with musical expectations and music preference (Chmiel & Schubert, 2017; Huron, 2006; 

Meyer 1956). This makes it impossible to ignore how musical knowledge develops. The ability to 

form expectations in music is thought fundamental to music enjoyment, and statistical learning is 

a potent mechanism able to predict melodic expectations in listeners (Morgan, Fogel, Nair, & 

Patel, 2019).  

In the field of music psychology, statistical learning was initially proposed as a 

mechanism to explain differences in musical knowledge between older and younger adults 

(Trainor et al., 2012; Trainor & Trehub, 1992), and musically trained and untrained listeners 

(Cuddy & Badertscher, 1987; Krumhansl & Shepard, 1979). Subsequent research has shown that 

statistical learning can explain why listeners are adept at quickly gaining knowledge about 

unfamiliar music genres (Cui et al., 2015; Lantz et al., 2014; Oram & Cuddy, 1995; Raman & 

Dowling, 2016). However, no experiment to date has explicitly addressed the question of whether 

musical long-term knowledge could be gained via the same mechanism. 

In Studies 1 and 4, I manipulated the availability of information about an unfamiliar 

music genre such that some could not be gained from the local distribution of the probe-tone 

contexts alone. This allowed me to show that listeners’ probe-tone ratings are not only affected 

by the immediately available statistical information in the probe-tone context, but also by the 

global distribution, the statistical regularities of the entire genre. This suggests that musical long-
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term knowledge can indeed be gained via statistical learning, explaining why listeners’ 

representation of the regularities of their own culture are more detailed than those of listeners 

unfamiliar with that music (Castellano et al., 1984; Kessler et al., 1984). Further, because of the 

early emergence of the P3 amplitude in Study 4 I was able to show that musical long-term 

knowledge may develop rapidly. 

Using EEG methodology I was also able to show that long-term knowledge develops on 

multiple levels in a music listening experiment. On the one hand, listeners are able to develop 

long-term knowledge about musical regularities, such that probe tones which are considered 

irregular evoke larger P3 amplitudes after a short period of time. The absence of this effect over 

80 trials in Study 3b but presence of this effect over 160 trials in Study 4 suggests that musical 

long-term knowledge develops after exposure to 80 but before exposure to 160 exemplars of an 

unfamiliar music genre albeit one that is defined by simple statistical regularities.  

It should also be kept in mind that the unfamiliar music genre developed for use in my 

experiments is based on melodic regularities. More complicated rule systems (e.g., the 7-tone 

diatonic music system which also contains rhythmic and harmonic regularities) perhaps would 

require more exposure before statistical learning can give rise to representations of these 

regularities in long-term memory. At the same time, these results suggest the rapid gaining of 

knowledge about music genres through statistical learning underlie our ability to learn about 

unfamiliar music, develop expectations based on this knowledge, which in turn allows for the 

development of affective judgements about this music. 

On the other hand, listeners may be able to develop long-term knowledge about the 

regularities of the experiment itself over and above statistical regularities of stimuli. To ensure 

adequate signal-to-noise ratio and a feasible length of the experiment, probe-tone categories were 
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presented in 40 trials each for each block of probe-tone ratings in Study 4. I interpreted the 

absence of effects of the regularities of the music genre on the P3 amplitude in the context of 

findings by Guo and Koelsch (2015) who reported a decrease in P3 amplitude effects with 

learning. Perhaps then, participants learned that the musically unexpected probe tones occurred 

with a certain regularity in the experiment. 

Thus, future research on the statistical learning of tone distributions should consider the 

statistical regularities of experiments themselves. Nonetheless, the short timespan over which 

musical long-term knowledge developed in listeners running the gamut from having received no 

music training at all to having trained to become a musician indicates a musical brain, a brain 

wired for learning new patterns in music. The next section will consider the influence of music 

training in more detail.  

6.3 The influence of music training 

Broadly, results from all preceding chapters suggest that music training does not 

influence listeners’ ability to gain knowledge about unfamiliar music genres. Performance in two-

alternative forced-choice tasks in Studies 1, 2a, 2b, 2c, and 4, were not correlated with the years 

of music training listeners had received. One could argue that years of music training is only a 

gross measure of the musical sophistication of listeners, with some having received training more 

casually than others. To this end, I obtained questionnaire measures of a wide array of variables, 

such as active engagement with music (Gold-MSI) or musical consumer behavior (MusEQ). 

None of the assessed variables correlated with the performance in two-alternative forced-choice 

tasks.  

The only study in my thesis in which associations between years of music training and 

sensitivity to statistical regularities were found used stimuli based on the 7-tone diatonic music 
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system. The crucial assumption here is that participants recruited primarily from Queen’s 

University campus have had a lifetime of exposure to this music system. More music training 

here was associated with more sensitivity to statistical regularities akin to those encountered in 

everyday life.  

Overall however, listeners were more sensitive to these regularities compared to those in 

tone sequences based on an unfamiliar music system. The absence of an association between 

music training and sensitivity to the latter suggests that a clearer representation of the tonal 

hierarchy of the 7-tone diatonic system may be acquired through formal music training but not a 

generalized sensitivity to any tone distributions. Thus, prior knowledge and music training jointly 

influence responses but not statistical learning itself. 

This finding is interesting to consider in the context of recent discussion on whether 

statistical learning is a person dependent skill such that some are more adept at statistical learning 

than others (Siegelman et al., 2017). Given the link between statistical learning and gaining of 

musical knowledge the idea that musical training would enhance statistical learning ability does 

not seem far-fetched. My results then either suggest that musical training is not the person 

dependent variable which influences statistical learning or that statistical learning is not domain 

general as previously thought (Kirkham et al., 2002). 

The fact that increased sensitivity to tones in one music genre does not translate to 

increased sensitivity to tones in another music genre even though all tones were drawn from the 

same tuning system suggests that statistical learning is a narrow ability. In the next section I 

consider the implications of my findings for the field of statistical learning at large. Specifically I 

discuss whether the domain general interpretation of statistical learning is tenable given my 
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results or whether statistical learning is best viewed as a componential ability (see Siegelman & 

Frost, 2015). 

6.4 Implications for the field of statistical learning at large  

The broad array of stimuli which humans have proved adept at processing via statistical 

learning has led researchers to propose that statistical learning is a domain general mechanism 

(Aslin et al., 1998; Kirkham et al., 2002; Patel, 2008; Saffran et al., 1996, 1997). However, others 

have argued that statistical learning shows patterns of domain specificity (Arciuli, 2017; 

Siegelman et al., 2017). This view would restrict the implications of my results to the field of 

statistical learning at large. In this section I outline what these implications would be if statistical 

learning is indeed a domain general ability. Then I outline what my results may tell us about the 

domain general interpretation of statistical learning itself. 

If statistical learning is indeed a domain general skill my results have implications for 

language learning research. Statistical learning of distributions has been proposed as a 

mechanism through which phonetic categories are learned (Werker et al., 2012). The absence of 

effects of explicitly learning about music on sensitivity to tone distributions suggests that prior 

experience in learning a language should not influence sensitivity to phonetic categories in an 

unrelated language but only for those in the learned or similar languages.  

This contradicts conclusions reached by Maye et al. (2008). In Maye et al. (2008) infants 

discriminated between phonetic categories based on voice-onset time after a familiarization phase 

to a bimodal distribution. Notably, the bimodal distribution used during familiarization was 

different from the one underlying the discrimination task stimuli: Infants who heard [ga] – [ka] 

contrast during the familiarization phase discriminated between [da] – [ta] during the test phase 
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and vice versa. The authors concluded that experience in learning one phonetic contrast allowed 

children to learn another contrast.  

However, it could be argued that the test contrast was similar to the familiarized 

contrast, as both were based on voice-onset time. The study by Maye et al. (2008) should be 

extended to test whether experience in language learning really can influence learning of an 

unrelated language. Through the use of a repeated measures design one could test whether 

discrimination of the familiar contrast and discrimination of the related contrast are correlated. 

Further, through the use of a phonetic contrast during the testing phase which is based on a 

different acoustical feature than the contrast presented during familiarization better informed 

conclusions could be reached on the issue of transfer of statistical learning. 

More so then, my finding that the influence of a person dependent variable is restricted 

to sensitivity to known material suggests limitations on the transfer of statistical learning. 

Moreover, it also suggests limitations to the domain general interpretation of statistical learning. 

In this context it is interesting to consider a study by Bly et al. (2009). In this study, the authors 

asked participants to listen to sequences based on an artificial grammar. These grammars could 

be expressed in letter sequences or chord sequences. After listening to 72 grammatical sequences, 

participants were asked to indicate for each of 72 sequences whether or not the sequence 

followed the same grammar as the familiarized sequences. Half of the test sequences followed the 

same grammar, the other half did not.  

Some participant groups participated in a within domain transfer condition: the 

familiarized stimuli were chord or letter sequences, and the test stimuli were chord or letter 

sequences based on the same grammar respectively albeit using different chords and letters. 

Other participant groups participated in a cross domain transfer condition: the familiarized 
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stimuli were chord or letter sequences, and the test stimuli were letter or chord sequences 

respectively. Participants in this condition were informed after the familiarization phase that the 

test sequences would now contain letters or chords instead of their familiarized domain and that 

they should indicate for each whether they followed the same grammar to which they had just 

been exposed. 

Participants who participated in a within domain transfer condition generally showed 

performance above chance, whereas participants in a cross domain transfer condition did not 

show performance above chance during the test phase. Even though the cross domain test stimuli 

were analogues to the exposed stimuli participants were unable to distinguish between 

grammatical and ungrammatical sequences. Two conclusions are of importance here: first, 

participants were able to transfer within domain knowledge they had gained during a 

familiarization phase, and second, participants were unable to transfer knowledge they had 

gained during a familiarization phase to another domain. 

The first conclusion stands in contrast to my conclusion that within domain knowledge 

transfer is limited. However, a closer look at the different conditions in Bly et al. (2009) reveals 

that participants familiarized with chord sequences not based on harmonic regularities of the 7-

tone diatonic system did not transfer knowledge to a within domain test phase, in which they 

judged chord sequences based on harmonic regularities of the 7-tone diatonic system. Thus, the 

case for within domain transfer is not as clear cut.   

A domain general interpretation of statistical learning would strongly suggest the 

possibility of within domain transfer. The fact that the case for within domain transfer is not 

made easily argues against a domain general interpretation of statistical learning. To this end, a 

study by Siegelman and Frost (2015) showed that participants’ performance in different statistical 
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learning tasks was uncorrelated. Research by Conway and Christiansen (2005, 2009) also show 

crucial differences in statistical learning in different domains. In an experiment comparing 

statistical learning in the visual, auditory, and tactile domain (Conway & Christiansen, 2005) the 

authors reported better learning for auditory sequences. A domain general interpretation would 

predict similar learning across domains. These results are better accommodated by a 

componential view of statistical learning. 

In a follow-up study, Conway and Christiansen (2009) further showed that domain 

specific constraints interact with statistical learning in different domains. The authors argued that 

visual statistical learning proceeds better when stimuli are presented simultaneously, arranged 

spatially, compared to when stimuli are presented sequentially, arranged in time, as auditory 

stimuli are usually presented. In contrast, Schapiro, Gregory, Landau, McCloskey, and Turk-

Browne (2014) showed domain general deficits in statistical learning in a patient with damage to 

the medium temporal lobe. Visual and auditory training sequences were both presented 

sequentially.  

This again suggests that temporal statistical learning relies at least partially on a shared 

system, with perhaps domain specific processing sites imposing the domain specific constraints 

leading to different performance in different domains. In future studies comparing statistical 

learning across domains I hope the methods I described advanced in this thesis will be tools to 

uncover commonalities and differences between statistical learning in the different domains. 

Further, along the path to learning more about statistical learning, I hope to have shown that 

considering the statistical learning of music provides an interesting and telling test case. 
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6.5 Conclusion 

Using a variety of measures of statistical learning, I have shown that statistical learning 

may underlie the gaining of musical long-term knowledge expanding our understanding of 

musical learning. More nuanced insights may be gained by using a broader arsenal of assessment 

tools: Here, I showed that musical long-term knowledge develops very rapidly and contains 

detailed information about statistical regularities over and above summary measures of these 

regularities. Comparison of listeners’ processing of familiar and unfamiliar musical stimuli reveal 

that informal exposure and formal training influence sensitivity to known material but not 

statistical learning per se. Above all, my results make the case that all listeners possess the 

potential to learn about unfamiliar music. Implied absolute pitch and statistical learning ability 

are fundamental faculties allowing each of us to gain musical long-term knowledge, derive 

expectations based on this knowledge, and form affective responses to music.   
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