
 

 

 

Music to the brain

Citation for published version (APA):

Disbergen, N. R. (2020). Music to the brain: investigating auditory scene analysis with polyphonic music.
[Doctoral Thesis, Maastricht University]. Ipskamp Printing BV. https://doi.org/10.26481/dis.20200401nd

Document status and date:
Published: 01/01/2020

DOI:
10.26481/dis.20200401nd

Document Version:
Publisher's PDF, also known as Version of record

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can
be important differences between the submitted version and the official published version of record.
People interested in the research are advised to contact the author for the final version of the publication,
or visit the DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright
owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these
rights.

• Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
• You may not further distribute the material or use it for any profit-making activity or commercial gain
• You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above,
please follow below link for the End User Agreement:
www.umlib.nl/taverne-license

Take down policy
If you believe that this document breaches copyright please contact us at:

repository@maastrichtuniversity.nl

providing details and we will investigate your claim.

Download date: 22 May. 2023

https://doi.org/10.26481/dis.20200401nd
https://doi.org/10.26481/dis.20200401nd
https://cris.maastrichtuniversity.nl/en/publications/16058a3a-6ca2-4091-966d-20fd7dd3d5c4


-

Music to the Brain: investigating
auditory scene analysis with

polyphonicmusic

Niels R. Disbergen



©Niels R. Disbergen, Maastricht 2020

All rights reserved. No part of this publication may be reproducred, stored in a retrieval system
or transmitted in any form or by any means, electronic, mechanical, photocopying, recording, or
otherwise, without prior written permission of the publisher.

The work in this thesis was supported by The Netherlands Organisation for Scientific Research
(NWO) Research Talent grant (406-12-126) to Niels R. Disbergen and Elia Formisano, NWO Vici
grant (453-12-002) to Elia Formisano, European Union Erasmus Mundus Exchange Scholarship
to Niels R. Disbergen, Maastricht University, and operating funds from the Canadian Institutes
for Health Research to Robert Zatorre.

Cover design: Niels R. Disbergen
Production: Ipskamp Printing, Enschede
ISBN: 978-94-028-1978-6



Music to the Brain: investigating
auditory scene analysis with

polyphonic music

DISSERTATION

to obtain the degree of Doctor at Maastricht University, on the authority of the Rector
Magnificus Prof. Dr. Rianne M. Letschert, in accordance with the decision of the
Board of Deans, to be defended in public on Friday 29 May 2020 at 16:00 hours

by

Niels Robert Disbergen



Supervisors
Prof. Dr. Elia Formisano
Prof. Dr. Robert J. Zatorre, McGill University, Montreal, Canada

Co-supervisor
Dr. Giancarlo Valente

Assessment Committee
Prof. Dr. Bernadette Jansma (chair)
Prof. Dr. Elvira Brattico, Aarhus University Hospital, Aarhus, Denmark
Dr. Fabrizio Esposito, Scuola Medica Salernitana, Salerno, Italy
Dr. Lars Riecke



Contents

1 General Introduction 1

2 Assessing top-down and bottom-up contributions to auditory stream segre-
gation and integration with polyphonic music 19

3 Segregation or integration of polyphonic music modulates cortical auditory
response patterns 53

4 Modulating cortical instrument-representations during auditory stream segre-
gation and integration with polyphonic music 89

5 General Discussion 117

Knowledge Valorisation 127

Publications 131

Curriculum Vitae 133



”Experience is merely the name men gave to their mistakes”
- Oscar Wilde







1
General Introduction

1



Chapter 1 : General Introduction

In the subway station, during rush hour. You are trying to decipher the service announcement

while simultaneously suppressing the morning commute playlist playing in your earphones as

well as the many buzzing sounds around you. After the announcement ends, you return to your

music and immerse yourself again in the ongoing instrument solo. Such a situation exemplifies

the typical auditory scene analysis challenges which our auditory system faces on a daily basis.

In many cases, the auditory system is presented with multiple sounds entering our ears simulta-

neously, which are mixed into a single blur of sound waves. These sound waves are transmitted

through the ear canal and make the tympanic membrane vibrate. The tympanic vibrations are

for the first time analyzed within the cochlea, separating them purely based on their frequency

content. In order to perceive a sound of interest (e.g., the service announcement), the auditory

system somehow needs to group all the separate frequencies which belonging to the sound of

interest again, segregating them from the concurrent frequencies of all the other sounds which

are present within the mixture.

This thesis investigates how the auditory system achieves such a seemingly daunting task. More

specifically, it examines the neural mechanisms responsible for separating these multiple simul-

taneous sounds present in the auditory scene. Aside from sound separation, it is possible to

combine these same sounds into single merged coherent percepts, which is especially topical

in the context of multi-instrument music perception (Fig. 1.1).

The current chapter will provide the theoretical andmethodological background for the empirical

studies presented in the remainder of this thesis. Auditory scene analysis and music perception

concepts are introduced, followed by a discussion of the experimental approaches and analysis

methodology employed, and concluding with a general outline of the thesis.

Auditory Scene Analysis

Mechanisms involved in auditory scene analysis (ASA) are essential to hearing in daily circum-

stances. An elegant framework for this perceptual organization of sounds has been comprehen-

sively described in Albert Bergman’s seminal book (Bregman, 1990). In general, ASA, sometimes

referred to as perceptual grouping (Darwin, 1981), describes those mechanisms underlying the

organization of acoustic sources comprised in sound mixtures into distinct auditory events (for

reviews, see Bregman, 1990; Ciocca, 2008). A sequential organization of auditory events can

be referred to as an auditory stream, or in short stream; note that in this work both terms will

be employed interchangeably. A stream is, therefore, the perceptual representation from a se-

ries of sounds which is perceived as one single (continuous) entity, invariantly so with respect

to changes in acoustics and background noise (e.g., Griffiths & Warren, 2004). Within typically
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Niels R. Disbergen

Figure 1.1: Schematic Representation of Music Scene Analysis. Listeners are presented with two-
instrument polyphonic music played by a Bassoon and a Cello. Both of these instruments are blended
into a single soundwave when entering the ear. The brain performs a multitude of computations upon this
signal, among which the interaction between temporal auditory and frontal (attentional) regions is of great
importance in order to once again separate the mixed sound signal into the individual melodies played by
the distinct instruments.

highly dynamic auditory scenes, such invariant representations provide the necessary mecha-

nisms to capture the acoustic signal variance and allow for the continuous tracking of sounds.

The presence of (rudimentary) ASA mechanisms has also been demonstrated for several non-

human species, including monkeys, birds, and fishes (Bee & Micheyl, 2008; Fay, 1998, 2000;

Hulse et al., 1997; Izumi, 2002).

Due to a stream’s definition as a perceptual entity, it is useful to note that streams do not nec-

essarily represent the physical sound sources they originated from. It is in general beneficial for

discussion to create a distinction between a sound source and a stream, as in literature these

are often employed interchangeably, even though Bregman (e.g., Bregman, 1990) also distin-

guished between them. A sound source is the physical entity which gives rise to the acoustic

pressure waves (e.g., a speaker), while the auditory stream is the percept from a group of con-

secutive and/or simultaneous sound elements as one coherent item, which does not correspond

necessarily with a single sound source.

Perceptual ASAMechanisms

Stream segregation forms an essential process in ASA, underlying the parcellation of scenes

containing multiple spectrally and temporally overlapping sounds into their distinct auditory

streams. Auditory streaming mechanisms are classically divided into two distinct types, gen-
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Chapter 1 : General Introduction

eral purpose (i.e., primitive) and schema-based (e.g., Bregman, 1990; Ciocca, 2008; Shamma &

Micheyl, 2010). General purpose mechanisms are responsible for the on-line acoustical analysis

of spectral and temporal relations between scene elements and are hypothesized to be mostly

bottom-updriven andpre-attentive. Sequential grouping based on these general-purposemech-

anisms could, for example, be performed by frequency similarity or temporal proximity. Simul-

taneous matching could employ, among others, spectral regularities, coherent spectral mod-

ulations, common onset, or spatial cues (e.g., Bregman, 1990; Ciocca, 2008). Schema-based

mechanisms, on the contrary, are higher-level mechanisms which are mostly under top-down

influence and considered to be domain specific, for example applying to music. Schemas can

strongly vary with regard to their complexity and are modulated by previous exposure and learn-

ing. Schemas are hypothesized to perform, for example, both the matching of ongoing sound

features with existing categories, as well as being involved in the generation of perceptual at-

tributes such as pitch or loudness by employing dynamic combinations of lower-level features,

such as spectral and temporal regularities. A classic example of a higher-level schema-based

mechanism is the phonemic restoration effect in speech, where a physically omitted phoneme

is restored by the brain and the word is nonetheless perceived as continuous (Warren, 1970).

Analysis of naturalistic auditory scenes involves a dynamic interaction between these general-

purpose and schema-based mechanisms, where the segregation and possible combination of

sounds can be further influenced by the listener’s attention (e.g., Elhilali et al., 2009b).

Top-down and bottom-up mechanisms refer to general perceptual system operations, not to

be equated to the schema-based and general-purpose mechanisms, respectively, upon which

they operate. Bottom-upmechanisms represent the input-driven information flow typically orig-

ination from the senses, while top-down refers to the influences higher-level processing stages

can exert onto the ongoing bottom-up driven stimulus analysis. Formation of auditory streams

can, in general, be influenced by various top-down mechanisms, among which are, most fitting

so to the current thesis, attention and extensive training (e.g., Bregman, 1990; Kraus & Chan-

drasekaran, 2010; Snyder et al., 2012; Sussman, 2017). Attentive mechanisms in particular may

influence the analysis of auditory scenes at many different levels, for example biasing towards

the employment of specific grouping mechanisms, or the modulation of specific sound feature

representations (see Fig. 1.2; (Sussman, 2017)).

The current work focuses on top-down attentive processes and did not implement any manip-

ulation of physical top-down cues which are additionally capable of influencing streaming to-

wards segregation or integration, even though they are an important part of (music) ASA (e.g.,

McAdams & Bregman, 1979; Bregman, 1990). For example, when performing stream segregation

of two interleaved melodies, it has been shown that prior perception of the target sequence re-

sults in better subsequent segregation performance, while after performing a frequency-transposition
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Figure 1.2: Bottom-up and Top-down ProcessingMechanisms in ASA. Generalized perceptual pro-
cessing mechanisms can be divided in a bottom-up stimulus driven system (blue arrow) as well as a top-
down attention-driven system (red circle). Top-down attentive processes are capable of modulating the
ongoing bottom-up processing during a multitude of different processing levels, ranging from ‘low-level’
feature extractions up until high-level multi-dimensional auditory event building.

of this same melody these effects were reduced (Bey & McAdams, 2003). For an in-depth dis-

cussion of ASA in general, along with the low-level features involved in both the grouping and

segregation of sounds, see, for example, Bregman (1990) and Ciocca (2008).

Neural ASAMechanism

Since the publication of Bregman’s (1990) work, a large body of additional psychophysical re-

search on ASA has been performed, even though the underlying neural mechanisms have been

studied to a much more limited extend. The majority of neuroscientific investigations have em-

ployed sounds presented in isolation or within elementary auditory scenes, such as tones in

noise or alternating tone sequences. Classically, ASA mechanisms have been studied by using

variations of the ABA paradigm (Bregman&Campbell, 1971; van Noorden, 1971). Within this setup,

two pure tones of different frequencies are presented alternating rapidly. These sequences are

perceived as one or two streams, dependent, among others, on their acoustic differences. Com-

mon tone-sequencemanipulations include differences in their frequency or timbre (e.g., van No-

orden, 1977; Bregman, 1990). These streaming effects are often not instantaneous and build up

over a time-course of several seconds, the neuronal adaptations to which have been observed

along the auditory pathway as early as in the cochlear nucleus (e.g., Bregman, 1978; Pressnitzer

et al., 2008).

In the context of explaining streaming effects for alternating tone-sequences, population sep-

aration models suggest that the individual streams are represented by distinct neuronal popu-
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Chapter 1 : General Introduction

lations (e.g., Fishman et al., 2012; Micheyl et al., 2007). The temporal coherence model adds to

this the subsequent importance of synchronicity cues in further sharpening the population sep-

aration, which facilitates sound-feature extraction and grouping (Elhilali et al., 2009a; Shamma

et al., 2010). An additional line of reasoning addsmodules for predictive coding (e.g., Winkler et al.,

2012), where higher-level cortices perform continues predictions based on previous experience

and incoming sensory signals, stressing the importance of top-down mechanisms alongside

the previously established bottom-up mechanisms. Streaming tasks have been shown to also

involve large sections of cortex beyond the classical auditory areas, including frontal, temporal,

and parietal regions (Dykstra et al., 2011). Sources for the top-down control of auditory cortex

involved in stream formation may also include regions in the intraparietal sulcus or the superior

temporal sulcus (Belin et al., 2000; Binder et al., 2000; Cusack, 2005; Teki et al., 2011).

Emergence of auditory percepts from incoming acoustical information spans a large array of

neural mechanisms, as diverse as early feature extraction until higher order cognitive processes

such as schema based matching (e.g. Alain & Bernstein, 2008; Bregman, 1990; Ciocca, 2008). A

debate remains as to whether stream segregation requires attention, or it is a fully pre-attentive

bottom-up driven mechanism (e.g., Carlyon et al., 2001; Lakatos et al., 2013; Macken et al., 2003;

Winkler et al., 2003). The necessity of attention for stream maintenance mechanisms per se

is much less debated (e.g., Sussman et al., 2007), even though it remains elusive as to exactly

where and when in the brain it is capable of influencing the ongoing sound processing. This

thesis will focus mostly on the mechanisms involved in the analysis of complex sounds, id est

those containing two or more temporally overlapping frequency components, unless otherwise

specified.

Analysis of complex sound scenes requires some form of multi-level analysis, incorporating

in a task-dependent fashion a dynamic interaction between stimulus-driven bottom-up and

attentively-guided top-downmechanism (e.g., Sussman, 2017). Early stimulus analysis windows

probably mostly reflect the processing of physical features important for their grouping, for ex-

ample spectral information, representing a first lower-level stimulus abstraction which forms the

basis for the eventual formation of perceptual streams. The more stimulus analysis progresses,

themore activation patterns potentially start to represent their perceptual attributes as opposed

to direct physical acoustic relationships. One possible approach to implementing such an anal-

ysis would be a multi-level mechanism, which entails a first bottom-up driven analysis sweep

leading to the initial segregation of stimuli, presuming sufficient physical differences exist be-

tween them. Following this initial analysis sweep, attention and other top-down processes could

interact with the ongoing stimulus representations, potentially modulating them at these lower

levels. Under common processing circumstances, the attentively-driven mechanisms probably

operate on the higher-level stream representations as opposed to their lower-level acoustic vari-
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ants. Even though the systemcould gain access to these earlier, potentially subcortical, stimulus

representations at rapid time-scales in a reverse hierarchical fashion (Nahum et al., 2008). Mod-

ulations of early analysis windows, albeit subtle, have been observed at the level of the inferior

colliculus and auditory cortex (Poghosyan & Ioannides, 2008; Rinne et al., 2008; Sorqvist et al.,

2012; Woldorff & Hillyard, 1991). Those encephalic or brainstem regions upon which attention

exerts its influence are probably highly task-dependent.

Adopting such analysismechanisms additionally allows unattended sound sources to notmerely

be disregarded by the system, they could be processed at limited depth. Unattended represen-

tationsmay, for example, only be downregulated at later (cortical) processing stages, preventing

their interference with the developing percept while still allowing for necessary source represen-

tation flexibility. These multi-level interactive sound representations in the brain would allow for

the necessary flexibility to perform rapid adjustments of ongoing task demands, facilitation the

parcellation of heavily overpopulated and highly dynamic auditory scenes (Sussman, 2017). A

further interesting feature of such model is that the system does not necessarily need to have

direct access to all sound features. Depending on ongoing task-demands, it can gain such input

at rapid time-scales via its backward projections in a potentially reverse-hierarchical fashion.

Music Perception

The physical organization of multiple simultaneous sounds into carefully orchestrated mixtures

can lead to very specific and sometimes unexpected percepts. Music composition raises such

a combination of sounds to an artform, the true skill of which requires something beyond the

straight-forward deployment of composition rules. Music composition has a long tradition and

its heuristics are, at least in part, an indirect representation of the underlying sound analysis

mechanisms of our central nervous system, more specifically auditory scene analysis.

Music essentially employs common sounds and organizes them within an elaborate framework

of spectral and temporal relationships, leading to an esthetically pleasing perceptual entity, at

least to most (Mas-Herrero et al., 2014; Zatorre, 2015). Testifying to this, music is in general

perceived by humans as much more than the simple raw combination of its individual physical

sound properties would suggest. When perceiving music, listeners employ a multitude of per-

ceptual schemas, the makeup of which is dependent on the amount of (formal) musical training

listeners have undertaken (e.g., Bregman, 1990). One such example is that prior music knowl-

edge reduces the influence of task-irrelevant distractors during music melody recognition tasks

(e.g. Bey & McAdams, 2002, 2003). Development of knowledge-based music schemas is a rele-

vant topic in music psychology, albeit outside the scope of this thesis; an overview can be found
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Chapter 1 : General Introduction

Figure 1.3: Schematic Representation of Music Structures. When a music piece is structured
around a single instrument (left-most pane, black bars), or multiple instruments are present (center pane,
black and gray bars) of which one melodic line is very dominant, this is typically a monophonic structure.
When multiple melodic lines are present which overlap, or are in close proximity, and there is no single
highly dominant line, it is typically a polyphonic structure (right-most pane).

in Deutsch (2013b).

Music typically contains combinations of horizontal and vertical relations between its elements,

that is its temporal and pitch dimensions. These perceptual relationships are very much ana-

logue to musical notation; even though the notation structures per se are not a direct analog

for the physical makeup of sounds, notation does often correspond to the listeners perceived

sound groupings (Bregman, 1990). Vertical relations tend to be present across multiple voices

(i.e., separate lines) and form larger interactive structures, leading to the possibility of perceiving

merged multi-voice versions of a piece, often generated by different instruments.

Polyphony is a texture regularly found in classical music pieces and consists of two or more si-

multaneous lines containing independent yet proximal or overlapping melodies (Fig. 1.3). Within

polyphonic music pieces, counterpoint music refers to the presence of a specific vertical depen-

dency between the melodic lines, which creates a harmonic link between them while remaining

rhythmically independent. Music pieces written in a contrapuntal structure hence possess both

an appreciable horizontal structure (i.e., within each instrument/voice), and an additional per-

ceptible vertical dimension when the voices are attended to as an aggregate. By changing the

physical dependencies between lines, for example their pitch-difference, it is possible to influ-

ence the degree of voice segregation or integration.

Music does not only represent an art form of interest, it can also be employed in the formal study

of general auditory processing. In this context, the investigation of naturalistic ASAmechanisms

could be achieved by virtue of polyphonic music. Adopting such stimuli, additionally allows for

the investigation of stream integration mechanisms across instruments, as opposed to being

limited to the study of classical segregative mechanisms only. Source integration is a prominent

part of general ASA theory, even though its formal investigation, especially at a neurological level,

has been relatively understudied in the literature (Deutsch, 2013a; Ragert et al., 2014; Sussman,
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2005; Uhlig et al., 2013). Bottom-up driven changes of integration or segregation percepts can

be achieved by modulating, for example, the instrument timbre or pitch differences (e.g., Breg-

man & Pinker, 1978; Cusack & Roberts, 2000; Deutsch, 2013a; Marozeau et al., 2013; McAdams,

2013a,b; Wessel, 1979), while top-down switches could be achieved by changing the listener’s

locus of attention (e.g., Besle et al., 2011; Carlyon & Cusack, 2005; Carlyon, 2003; Cusack et al.,

2004; Lakatos et al., 2013; Sussman et al., 2007). Initial segregation of sufficiently physically dif-

ferentmusic voices is probably needed in order to perceive polyphony, even though the eventual

percept is likely formed by integrating across the instruments under higher-level top-down in-

fluence (Bigand et al., 2000; Bregman, 1990; Gregory, 1990). Aside from the investigation of

ASA mechanisms, the employment of music could provide further insight into the relationships

between music-specific cognitive capacities and their extendibility to the processing of sounds

in non-musical contexts.

Measuring and Analyzing Brain Activity

In this thesis, brain activity ismeasuredwith twonon-invasive neuroimaging techniques, namely

functional magnetic resonance imaging (fMRI) and electroencephalography (EEG). Functional

MRI provides an indirectmeasure of neuronal activity at the neural population level bymeasuring

the metabolic changes in blood oxygen concentration. EEG measures the electrical activity of

neural populations using electrodes placed on the scalp and intercepts the electric potential

changes originating from ionic currents flowing around the neurons. To a certain degree, these

two methods offer complementary insight into brain processes, where fMRI has a high spatial

and a low temporal resolution, EEG has a high temporal and a low spatial resolution.

Functional MRI

FunctionalMRImeasures changes in the ratio between oxygenated anddeoxygenated hemoglobin

in the blood, termed the blood-oxygen-level dependent (BOLD) hemodynamic signal (e.g., Logo-

thetis et al., 2001). Therefore, such measures are an indirect measure highlighting where in the

brain neuronal activity changes took place. Due to its good spatial resolution, this technique has

been employed to investigate, among many other brain functions, the processing of sounds in

the human (auditory) cortex. Classical fMRI analysis has focused on the detection of stimulus-

responsive brain regions using the general linear model (GLM; Friston, 1995), which is aimed at

highlighting local response differences between conditions. Response difference assessment

is performed for eachmeasured spatial location (i.e., voxel) separately and is typically referred to

as mass-univariate analysis. Due to the large number of voxels present in the brain, statistical

assessment of significant activation changes is performed by correcting for false positives us-
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Chapter 1 : General Introduction

ing, for example, cluster size thresholding (Forman et al., 1995) or false discovery rate correction

(FDR; Genovese et al., 2002).

About two decades ago, researchers realized that fMRI activity changes related to, among oth-

ers, perceptual processes can be detected by analyzing simultaneously a multitude of voxels.

Haxby et al. (2001) demonstrated that image categories can be decoded based on patterns of

voxels in the ventral temporal cortex, which eventually led the field to adopt pattern recognition

and machine learning methods. These methods allowed investigating response pattern repre-

sentations to stimulus or taskmodulations as opposed to focusing only on single-voxel changes,

marking the beginning of multi-voxel pattern analysis (MVPA) methods in fMRI research.

One of the most common implementations of MVPA is the training of a classifier to distinguish

between the experimental conditions present in the data. In the more general machine learning

context, classification is defined as the problem of identifying to which data-category a previ-

ously unseen set of observations belongs. To this end, a classifier is trained based on a subset of

the data (i.e., training-data) containing labeled observations identifying their category member-

ship. After completion of the fitting-procedure, the generalization of these class-identifications

is assessed on the basis of independent test-data. Classifiers are part of a wider group of pattern

recognition techniques, aimed at detecting regularities in complex datasets.

Even though the exact models at the heart of a given MVPA approach may vary, classification-

based analysis tends to follow a specific structure diverging from GLM analysis. First, the fea-

tures to be employed for classification are extracted from the fMRI data; typically response ampli-

tude estimations at the voxel level extracted from the GLM model have been used. The number

of features present in a dataset may have a large influence on model identification, especially

due to the noisy nature of fMRI data, often leading to the employment of some form of feature

reduction/selection. Many selection methods have been proposed, among which the more clas-

sical approach of limiting analysis to a predefined region of interest (ROI), or other restrictions

based on forms of anatomical and functional combinations. Second, the (classification) model,

which within neuroimaging applications tends to be of a linear nature, is fitted on the class-

labeled training-data, hence linearly combining/weighing features. Third, model generalization

is tested on independent testing-data, a stage during which the model assigns labels to previ-

ously unseen data. Model performance is often assessed based on accuracies, namely the pro-

portion of correct classifications with respect to the full test-set size. Importantly, since training

and testing data are generally derived from the same dataset in neuroscience, various combi-

nations of data-splits need to be tested in a cross-validation setup and model performance is

computed by averaging across all folds.
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In order to assess whether classification performance is significantly above chance, its accura-

cies need to be compared to an empirical null-distribution estimated on the same data. To this

end, the aim is to represent model performance capacities in situations where the trial labels do

not match the conditions present in the data. Estimation of these non-parametric distributions

in the MVPA context are mostly performed on the basis of permutations (Golland & Fischl, 2003),

which fit a large number ofmodels on the same data used for true-label classification only provid-

ing a random ordering of the class-labels. Such calculations tend to be computationally heavy,

as for each cross-validation fold typically a 1000 or more permutations are performed. Accord-

ingly, true-label classification is compared to the permutation-based accuracies distribution and

the significance of above-chance classification can be assessed.

Electroencephalography

Due to the nature of the measurement’s signal, EEG, as well as Magnetoencephalography (MEG),

allow for the investigation of more fine-grained temporal profiles as compared to fMRI. Even

though the signal is more directly related to neuronal activity, it is nonetheless an indirect mea-

surement andmostly reflects very large amounts of spatially similarly oriented neurons firing syn-

chronously. Since differences in electric potential are to be measured through scalp-electrodes,

the signal has to be sufficiently strong to spread through both the neural and bone tissue. In or-

der to generate an electrical field which is sufficiently strong to achieve this, it is necessary that

thousands of neurons fire simultaneously at a very similar orientation, forming large aggregate

ion currents flowing in the same direction and hence measurable signals at the scalp. When

neurons are not similarly oriented, their currents will not sum sufficiently and hence not reach

the minimum potential flow which can be measured. The classical methodology for analysis

of these EEG signals, is aimed at improving its signal to noise ratio (SNR) by averaging all trials

pertaining to the same experimental condition while preserving the temporal domain, resulting

in an event-related potential (ERP) for each condition (e.g., Luck, 2005). Even though pattern

recognition techniques have been extended into EEG analysis, the method focus of this work

lies elsewhere.

Sound stream representations at the cortical level have been hypothesized to reflect to a certain

degree the sound’s amplitude variation over time: its envelope. A methodological paradigm has

been put forward which aims at reconstructing the cortical representation of sound envelopes

present in electrophysiological data, among others with EEG, MEG, and electro-corticography

(ECoG; e.g., Crosse et al., 2015; Dijkstra et al., 2015; Ding&Simon, 2012; Kerlin et al., 2010; Kubanek

et al., 2013; Nourski et al., 2009; O’Sullivan et al., 2015). Such analysis setup is specifically well

suited for investigating the cortical representation of multiple concurrently present sounds and

their potential modulation based on cognitive changes. To this end, stimulus envelopes are esti-
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Chapter 1 : General Introduction

mated for each sound and in combination with the EEG data a sound-envelopemodel is fitted on

the training-data. By exclusion of stimulus on and offset windows, emphasis can be placed on

the influence of cognitive processes on the ongoing sound representations. After fitting, model

performance is tested on the independent test-data, computing a correlation between the re-

constructed and the true sound envelope of a stimulus. In order to assess model generalization

for the whole stimulus set, performance is assessed in a cross-validation setup and correlations

averaged over its respective folds. Model reconstruction capacities can then be compared be-

tween conditions, for example a male speaker which is attended to versus an ignored female

one, and vice versa.

Outline of the Thesis

Chapter 2 introduces a novel paradigm designed for the investigation of ASA using polyphonic

music, focusing on stream segregation and integration specifically. The use of a validated be-

havioral paradigm is of great importance in contexts where higher-level cognitive mechanisms

are investigated, especially so when combined with naturalistic stimulus sets. The developed

paradigm allows for the investigation of both top-down and bottom-up contributions to these

mechanisms by integrating an attentive as well as an instrument timbre manipulation within

the same ASA framework. Participants with limited to no musical education are the target pop-

ulation for investigation of these mechanisms, therefore it has been optimized for this group

while still permitting for the study of these same mechanisms in highly-trained musicians. This

chapter describes the paradigm and its stimuli in detail, validating its employability for the inves-

tigation of ASA in a large number of participants. Two versions of the paradigm are considered,

first an attention-only manipulation, and second an attention plus timbre variant. In addition to

the empirical validation, its suitability for employment in neuroimaging paradigms as well as its

integration in both the music and general ASA literature is discussed. In the following chapters

this paradigm is used to investigate the cortical areas involved in music scene analysis, employ-

ing different neuroscientific tools to highlight its spatial (chapter 3) and temporal (chapter 4)

characteristics.

Neuronal mechanisms supporting the integration and segregation of auditory streams are in-

vestigated in chapter 3. The music paradigm is employed in combination with high-resolution

fMRI at 7 Tesla and state-of-the-art analysis methodology. More specifically, it provides insight

into the contribution of the temporal-frontal cortical network to the auditory scene analysis of

music. Temporal-frontal network selection and consecutive multivariate classification analysis

is performed in a within-subject setup, providing a powerful means of detecting subtle attentive

effects at the individual subject level. Further insight into which auditory cortical areas within

12
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the network contribute to observed effects is obtained by anatomically restricting the analysis

to individually defined ROIs.

The fMRI-based investigation of chapter 3 provided for a high spatial resolution insight into mu-

sic ASA processes, shedding light onto which cortical areas may contribute to its analysis, albeit

at a poor temporal resolution. Chapter 4 investigates these same mechanisms, only employing

a technique with a very high temporal resolution, providing valuable insight concerning effect

timing as well as their possible nature. This method provides a certain level of understanding

whether observed effects are based on early physically-driven (i.e., bottom-up) or later top-

down driven modulations. In order to achieve such classification, this chapter discusses an EEG

study where the attentive modulation of stream segregation and integration is investigated by

virtue of sound envelope reconstruction methods. Employment of this technique allows for the

reconstruction of sound envelopes from the recorded EEG data, permitting the study whether

these envelopes aremodulated by the subject’s locus of attention and duringwhich delays these

effects take place.

Finally, chapter 5 summarizes and discusses the findings of the empirical chapters, further re-

flecting upon the analysis methods employed, and outlining future research directions for both

analysis methodology and empirical work.

13
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”Thinking does not guarantee you will not make mistakes, but not thinking gen-

erally guarantees that you will.”

Leslie Lamport

2
Assessing top-down and bottom-up

contributions to auditory stream

segregation and integrationwith

polyphonicmusic

Based on: Disbergen, N. R., Valente, G., Formisano, E., and Zatorre, R. J. (2018). Assessing

Top-Down and Bottom-Up Contributions to Auditory Stream Segregation and Integration with

Polyphonic Music. Frontiers in Neuroscience, 12:121.
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Chapter 2 : Auditory Scene Analysis with Polyphonic Music

Abstract

Polyphonic music listening well exemplifies processes typically involved in daily auditory scene

analysis situations, relying on an interactive interplay between bottom-up and top-down pro-

cesses. Most studies investigating scene analysis have used elementary auditory scenes, how-

ever real-world scenes are far more complex. In particular, music, contrary to most other au-

ditory scenes, can be perceived by either integrating or, under attentive control, segregating

sound streams, often carried by different instruments. One of the prominent bottom-up cues

contributing to multi-instrument music perception is their timbre difference. In this work, we

introduce and validate a novel paradigm designed to investigate, within naturalistic musical

scenes, attentive modulation as well as its interaction with bottom-up processes. Two psy-

chophysical experiments are described, employing custom-composed two-voice polyphonic

music pieces within a framework implementing a behavioral performance metric to validate lis-

tener instructions requiring either integration or segregation of scene elements. In experiment 1,

the listeners’ locus of attention was switched between individual instruments or the aggregate

(i.e., both instruments together), via a task requiring the detection of temporal modulations (i.e.,

triplets) incorporated within or across instruments. Subjects responded post-stimulus whether

triplets were present in the to-be-attended instrument(s). Experiment 2 introduced the bottom-

up manipulation by adding a three-level morphing of instrument timbre distance to the atten-

tional framework. The taskwas designed to be usedwithin neuroimaging paradigms; experiment

2 was additionally validated behaviorally in the functional Magnetic Resonance Imaging (fMRI)

environment. Experiment 1 subjects (N=29, non-musicians) completed the task at high levels of

accuracy, showing no group differences between any experimental conditions. Nineteen listen-

ers also participated in experiment 2, showing a main effect of instrument timbre distance, even

though within attention-condition timbre-distance contrasts did not demonstrate any timbre

effect. Correlation of overall scores with morph-distance effects, computed by subtracting the

largest from the smallest timbre distance scores, showed an influence of general task difficulty

on the timbre distance effect. Comparison of laboratory and fMRI data showed scanner noise

had no adverse effect on task performance. These experimental paradigms enable to study both

bottom-up and top-down contributions to auditory stream segregation and integration within

psychophysical and neuroimaging experiments.
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Introduction

Listening to an orchestral performance demonstrates the auditory system’s extraordinary ca-

pability to both segregate and integrate sound sources within a complex mixture of simulta-

neously playing instruments and background sounds. While most listeners can segregate indi-

vidual melodic lines, for example a flute and a harp from the mixture, the same excerpt could

be differentially perceived by integrating multiple instruments into a single percept, focusing

on, for example, their harmonic relationships. Mechanisms contributing to resolving such Au-

ditory Scene Analysis (ASA) challenges have been extensively studied psychophysically and

comprehensively described in Albert Bregman’s (1990) work, proposing a framework for the per-

ceptual organization of sounds. Stream segregation is responsible for parceling an auditory

scene with multiple sound sources into individual acoustic events or auditory streams (Breg-

man, 1990; Ciocca, 2008; McAdams & Bregman, 1979; Micheyl et al., 2007). Segregation and

integration of sources within mixtures of spectrally and temporally overlapping sounds is mainly

driven by physical (i.e., bottom-up) differences, and may be further facilitated by, among others,

selective attention (i.e., top-down modulations; Bregman, 1990; Brochard et al., 1999; Shamma

& Micheyl, 2010). In polyphonic music, pitch and instrument timbre differences have been indi-

cated as prominent examples of bottom-up cues (for example, Bregman & Pinker, 1978; Cusack

& Roberts, 2000; Deutsch, 2013; Marozeau et al., 2013; McAdams, 2013a,b; Wessel, 1979), with

top-down attention potentially modulating sound feature representation(s) or general source

salience (Besle et al., 2011; Carlyon & Cusack, 2005; Carlyon, 2003; Cusack et al., 2004; Lakatos

et al., 2013; Riecke et al., 2016; Sussman et al., 2007).

Polyphonic music very well exemplifies ASA in naturalistic complex auditory scenes as encoun-

tered by many listeners on a daily basis, comprising multiple sources from various instruments

combined with changing degrees of spectral-temporal overlap. However, contrary to traditional

cocktail-party designs, polyphonicmusic stimuli not only permit studying classical source segre-

gation, they also add the possibility to investigate the relatively neglected ASA aspect of stream

integration across (complex) sounds (Deutsch, 2013; Ragert et al., 2014; Sussman, 2005; Uhlig

et al., 2013). Even though initial segregation of music voices is probably necessary to perceive

polyphony, the simultaneous percepts of coherent melodic lines is most likely achieved by in-

tegration (Bigand et al., 2000; Bregman, 1990; Gregory, 1990), which is potentially modulated

by top-down influences. A general performance benefit is observed on divided attention tasks

employing polyphonic music, as compared to many experiments using other types of stimuli

such as multiple simultaneous speech streams (for example, Bigand et al., 2000). Observed

superior performance is hypothesized to be driven by the existence of both a perceptual and

structural relationship between the multiple music voices comprising counterpoint/polyphonic
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pieces. Counterpoint music contains structural relationships both across the notes of individual

voices (i.e., horizontal coherence) and between the individual melodic lines (i.e., vertical integra-

tion). Music voices, therefore, need to have sufficient commonalities to express their musical

relationship and allow their integration, by, for example, top-down processes, even though the

need remains for preserving ample differentiating factors, such as pitch or timbre, to allow for

their segregation.

The majority of psychophysical and neuroscientific studies on ASA have been implemented us-

ing relatively elementary auditory sceneswith, for example, tones in noise ormultiple alternating

tone sequences (for reviews see, Alain & Bernstein, 2015; Bregman, 1990, 2015; Carlyon, 2003;

Ciocca, 2008). Whilemusic listening and processing has been studied extensively in recent years

(for reviews see, McDermott & Oxenham, 2008; Peretz & Zatorre, 2005; Zatorre & Zarate, 2012),

very few have attempted to investigate ASA employing more complex and realistic polyphonic

music (Janata et al., 2002; Ragert et al., 2014). Conversely, some studies did apply ASA segre-

gation mechanisms to explain polyphonic/multi-part music perception (for example, Deutsch,

2010, 2013), even though no tasks have been developed to allow the study of ASA with natural-

istic stimuli. The present work tries to address these factors and describes two psychophysical

experiments employing polyphonic music, aimed at introducing amore ecologically valid stream

segregation and integration paradigm as compared to the commonly used schematic stream-

ing designs (for example, Bregman, 1990, 2015; Carlyon, 2003; Ciocca, 2008). We introduce a

task for investigation of both stream integration and segregation with custom-composed poly-

phonic music stimuli, and, contrary to most previous ASA studies, provide a selective attention

behavioral performance metric for both the segregation and integration of scene elements, al-

lowing behavioral validation of task performance. The polyphonic music used was specifically

designed to remain as close as possible to highly controlled stimuli typically employed in more

schematic stream segregation tasks, while still being perceived as a complex music stimulus

frequently encountered by listeners. Designing stimuli in this way aids task interpretation and

integration within existing ASA literature, while the use of full complex music stimuli, for exam-

ple extracted from existing compositions, would render the literature integration more difficult.

In the current study we will introduce the task, demonstrate its validity, including its use with

non-musically trained subjects, document its reliability, andmake both task and stimuli available

to the community for future use.

When ample physical differences between sound sources exist, such as in the case of instru-

ments with different timbres, the integrative condition is not expected to show reduced per-

formance compared to the segregative conditions (for example, Bregman, 1990, 2015; Moore

& Gockel, 2002; van Noorden, 1977). To test this hypothesis, in experiment 1 the participant’s

locus of attention was varied via visual instructions. While listening to polyphonic music, partic-

22



Niels R. Disbergen

ipants were asked to attend individual instruments or the aggregate (i.e., both instruments) and

detected rhythmic modulations incorporated within or across instruments. Our main goal was

to develop a task that was challenging to non-musicians while equating difficulty across con-

ditions, maintaining high correct scores and preserving the possibility to monitor participant’s

locus of attention. By reducing instrument timbre differences, more challenging segregation

conditions can be created (for example, Bey & McAdams, 2003; Cusack & Roberts, 2000; Gre-

gory, 1994; Melara & Marks, 1990; Moore & Gockel, 2002; Cusack & Roberts, 2000; Sussman,

2005; van Noorden, 1977), possibly improving performance on the less demanding task of source

integration. Conversely, an increase of timbre difference could facilitate the source segrega-

tion and decrease integration performance, giving rise to a instrument-timbre interaction: more

attentional resources are recruited for segregating sources with smaller physical (i.e., bottom-

up) differences compared to their integration, while less attentional resources are required for

segregation than integration when there are larger physical differences. Such possible effects

are tested in experiment 2, which adds a bottom-up manipulation to the attentive modulation

framework of experiment 1 by introducing a three-level change in instrument timbre distance.

Both experimentswere specifically designed to facilitate eventual investigation of top-down and

bottom-up contributions to stream segregation and integration processes for complex sounds

using both behavioral and neuroimaging paradigms. To generalize the task to the latter applica-

tion, experiment 2 was additionally validated within the functional Magnetic Resonance Imag-

ing (fMRI) scanner environment. Subjects were tested either in a sound attenuated chamber

without background scanning sequence noise (LAB group), or during a multi-session fMRI ex-

periment (SCAN group) with a continuous imaging sequence, allowing assessment of whether

group-level task performance was affected by the addition of scanner noise to the auditory

scene. The factor of background noise in fMRI scanning (Andoh et al., 2017; Belin et al., 1999;

Amaro et al., 2002; Hall et al., 2014) is often ignored, but becomes of special significance in the

case of stream segregation studies.

Methods

Stimuli

Twenty polyphonic counterpoint music pieces were custom-composed in close collaboration

with a composer, providing desired control over acoustical content while remaining recogniz-

able as polyphonic music. All pieces were 28 seconds (s) long and included two voices written

in treble and bass clef, respectively synthesized in bassoon and cello, at tempo 60. Compo-

sitions were controlled for, among others, pitch distance between voices (never touching or
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Maximum

b) d)

a)

...Attention
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Run
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.

3 33 3

None
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Figure 2.1: Experimental Design. Different Triplet versions for each music composition (a): no triplets,
upper voice (i.e., bassoon; blue notes), lower voice (i.e., cello; green notes), crossing voices (red notes).
Trial buildup (b) with stimulus, response window, a 3s (Experiment 1 & Experiment 2 LAB ) or 10s (Experi-
ment 2 SCAN) silence; experiment 1 (c) and 2 (e) trials presented in attentive blocks, preceded by attention
instruction and silence. Experiment 2 instrument timbre manipulation (d) per triplet version: original tim-
bre (maximum; blue), morph perception center-point (minimum; pink), or morphed 20% more towards
maximum from minimum (intermediate; yellow).

crossing), rhythmic modulations, and pitch modulation size (Fig. S2.1). Tempo of 60 beats per

minutewas selected among other faster alternatives to allownotmusically-trained individuals to

detect temporal modulations within themusic. Sixty-two additional unique pieceswere custom-

written for training and testing purposes, of which six were composed meeting the exact same

requirements as the experimental pieces. All training music was unrelated to the experimental

compositions and not repeated anywhere other than in their respective training round or the

pre-test (see Participant selection and Training). Music pieces were synthesized from Musical

Instrument Digital Interface (MIDI) files in mono for bassoon (treble clef) and cello (bass clef)

independently, sampled at 44.1 kilo Hertz with a 16Bits resolution using Logic Pro 9 (Apple Inc.,

Cupertino, California, USA). Stimuli were combined into polyphonic pieces, Root Mean Square

(RMS) equalized, and onsets-offsets exponentially ramped with 100ms rise-fall times. Stimulus

processing and manipulation after sampling was performed with custom-developed MATLAB

(The MathWorks Inc., Natick, Massachusetts, USA) codes.

To provide a control on the locus of selective attention, participants detected rhythmic modula-

tions comprising a pattern of triplets incorporated in the polyphonic music. Triplets, in our spe-
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cific case, are defined as three eighth notes played in the time of one beat, typically perceived

by (non-musically trained) listeners as a ‘speeding-up’ of the music compared to its flanking

notes. Temporal modulations in the form of triplets were chosen because they are orthogonal to

pitch changes, facilitating detection by non-musically trained listeners and providing maximum

independence from pitch-based segregation mechanisms. Patterns detected by subjects con-

sisted of four eighth-note triplets in a row, comprising a total duration of four seconds, and were

either present within bassoon (Fig. 2.1a, blue notes), or cello (Fig. 2.1a, green notes), or occurred

across voices (Fig. 2.1a, red notes), or were not present. When patterns crossed voices, they

started randomly with the first triplet in bassoon or cello and accordingly alternated between

voices; when located within a single voice, all triplets were only present inside the respective

instrument’s melody. Patterns were pseudo-randomly incorporated in the second half of each

excerpt between 14 and 19 seconds, and surrounding music contained no specific information

concerning pattern location or presence. To prevent triplets standing out too obviously from

neighboring notes, the patterns followed the excerpt’s melody. Adopting such a design resulted

in stimuli which only differed as to the inclusion and position of triplets. Incorporating the same

four-triplet pattern within and across voices ensured participants detected the same pattern

independently of condition. Experimental stimuli are available for download via the Zatorre lab’s

website*.

Instrument timbrewasmanipulated for eachmelody separately via interpolation using the STRAIGHT†

vocoder speech manipulation software tool in MATLAB (Kawahara & Matsui, 2003). Morphing

was performed individually for each melody (i.e., voice), interpolating the melody from the ver-

sion played by a bassoon towards that played by the cello, hence modulating the melody’s tim-

bre/instrument. To achieve this, time-frequency landmarks were created on each instrument’s

synthesized melody, with landmark time centered on the middle of each note and frequency

tagged as the note’s f0. Within each music voice, instrument timbres were morphed by loga-

rithmic interpolation of spectral density and aperiodicity. For a subset of five experiment 1 com-

positions (1, 4, 5, 8, and 10), instrument timbre was manipulated by morphing individual voices

played by their original instrument towards the other instrument in 10% increments, for example

leading to the following combinations: 100% bassoon & 0% cello, 90% bassoon & 10% cello, 80%

bassoon & 20% cello, et cetera. Resulting stimuli were combined into polyphonic pieces, RMS

equalized, exponentially ramped with 100ms rise-fall times, and filtered per individual channel

with Sensimetrics equalization filters in MATLAB.

*http://www.zlab.mcgill.ca
†http://www.wakayama-u.ac.jp/~kawahara/STRAIGHTadv/
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Participants

Twenty-nine adult volunteers (18 women; age 23.4 +/- 3.7 years,mean +/- standard deviation)

with self-reported normal hearing, motor, and vision abilities participated in experiment 1. None

of the participants spoke a tonal language and all had less than two years of (formal) music train-

ing on a lifetime basis with instruments other than bassoon or cello, as assessed via theMontreal

Music History Questionnaire (Coffey et al., 2011). After completing experiment 1, a group of 19

listeners also participated in experiment 2 (13 females, age 22.7 +/- 2.6 years). Participants in

experiment 2 were initially recruited for a fMRI experiment, however, when not eligible for MRI

due to safety concerns, the experiment was completed in a sound-attenuated chamber (N=9;

LAB). The remaining subjects (N=10; SCAN) performed the task inside the fMRI scanner over the

course of two or three scanning-sessions. Subject assignment to LAB or SCAN group was solely

depended on their MRI eligibility, and hence should not have resulted in any bias with respect

to task performance ability. Volunteers were mostly students recruited from McGill University

(N=7) or Maastricht University (N=22), with both McGill and Maastricht volunteers participating in

experiment 1, and a subgroup of Maastricht volunteers in experiment 2. Subjects provided writ-

ten informed consent and experimental procedures were approved by the ethical committees

of each university.

Experiment 1

Task

Participants completed a forced-choice delayed-response target detection taskwithin or across

music voices, attending to the same instrument(s) during a block of 16 trials (Fig. 2.1c); before

initiation of each block they were visually instructed to attend to the bassoon, cello, or aggre-

gate. After each stimulus ended, listeners indicated via a button press whether the triplet pat-

tern was present in the instrument(s) instructed to be attended or not. Post-stimulus responses

were adopted to reduce the influence of cognitive decision and motor processes in the stimulus

presentation window, specifically beneficial for task employment in neuroimaging experiments.

Depending on the attentive condition, triplet presence and/or position differed: in the attend

to both instruments condition, half of the trials had triplets crossing over the voices and half

contained no triplets; in the attend to bassoon condition, half the trials contained a target pat-

tern in the bassoon voice, as a control one-fourth of the trials contained triplets in the unat-

tended (cello) voice, and one-fourth of the trials contained no triplets; similarly, in the attend

cello condition half the trials comprised triplets in cello, one-fourth in bassoon and one-fourth

no triplets. Equal distribution between target and no-target trials was adopted to prevent re-

sponse bias. No-triplet trials along with triplet patterns in the opposite voice were employed
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to check for false alarms and whether subjects switched attention between instruments as op-

posed to exclusively focusing on a single voice. Furthermore, opposite-voice patterns provided

information if the correct instrument was attended and, in case of a large number of misses,

allowed determining whether triplet detection in the opposite voice was achieved. Even though

it is not possible to determine with absolute certainty whether a subject was attending to the

cued instrument(s) in the various conditions, high performance on the task in conjunction with

the above-mentioned measures does provide a strong indicator of a subject’s capacity to seg-

regate and integrate music streams.

Trial duration was 33s and comprised a stimulus of 28s, response window of 2s, and a 3s si-

lence (Fig. 2.1b). After nine trials simulating the experiment, 96 trials from 16 (N=7 participants;

McGill University volunteers), or a sub-set of 10 (N=22; Maastricht University volunteers), unique

compositions were presented over six attentive blocks. Each stimulus block represented a con-

dition and all conditions were repeated twice, each time with a unique stimulus order. Within a

participant the same conditions could not follow each other and the order within the first and

second block of three conditions had to be unique (e.g., ACB-CAB); condition ordering was bal-

anced across subjects. Stimulus presentation order was pseudo-random, controlling that within

a block of sixteen trials, stimuli of thesame composition could not follow one another, and a com-

position could not be repeated more than once. Stimuli were delivered through Shure SRH1440

professional open-back headphones (impedance 37Ω; Shure Inc., Niles, Illinois, USA) at approx-

imately 85 dB SPL in a sound-attenuated chamber via a Creative Sound Blaster Audigy 2ZS

(Creative Technology Ltd., Singapore) sound card, employing Presentation 17.0 (Neurobehavioral

Systems Inc., Albany, California, USA) for stimulus presentation and response recording. Before

participation in the experiment, subjects completed a training session and a pre-test for learning

assessment; see Participant selection and Training for details.

Experiment 2

Task

In experiment 2, a manipulation of bottom-up information (timbre) was added to the experiment

1 design, keeping all task and stimulus aspects not otherwise mentioned below equal to exper-

iment 1. The difference between instrument timbres was varied across three discrete levels

while subjects performed the attentive task as described in experiment 1. Timbre morphs were

combined to create three instrument timbre distances: each melody played by their respective

original instruments (i.e., no timbre manipulation; maximum; Fig. 2.1d, blue), minimum timbre

difference between instruments (minimum; Fig. 2.1d, pink), and 20% closer towards maximum

from the minimum distance values (intermediate; Fig. 2.1d, yellow). Minimum timbre distance
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between voices was determined perceptually for each subject in a separate experiment, rating

their instrument perception for all timbre morphs per voice (see Timbre Perception). Individual

matching of timbre distance was adopted to account for subject variation with respect to their

perceptual center points, based on a pilot experiment suggesting such differences.

Participants attended the same instrument(s) during an attentive block of five trials, each com-

prising a stimulus of 28s, response window of 2s, and a 3s (LAB) or a 10s (SCAN) post-silence

(Fig. 2.1e). After several practice trials, a total of 90 (LAB) or 135 (SCAN) trials were presented

across six (LAB) or nine (SCAN) runs of three attention blocks each (Fig. 2.1b). Composition

version distribution across conditions was equal to experiment 1, with the only exception that

eight target trials and seven control trials were included in a run. Within the bassoon and cello

conditions, this distribution resulted in control trials comprising uneven numbers of no-triplet

versions and opposite-to-attention-voice triplet versions (three or four of each). To mitigate any

effects of such imbalance, their numbers alternated across experiment repetitions: three-four

or four-three. Stimulus order was pseudo-random, controlling that each timbre distance version

of each composition was covered by all conditions over the course of three runs/nine attentive

blocks. Within attention blocks, compositions could occur only once, same timbre distances

could not follow, a composition’s timbre distance had to occur at least once, and the same tim-

bre distance could not occur more than twice. Within a run, stimuli could only occur once, the

first stimulus of a consecutive attentive block could not be the same as last of the previous, and

number of timbre distance occurrences for each composition had to be equal. In one experi-

ment repetition (i.e., three runs/nine attentive blocks), all conditions uniquely occurred at each

position within the three-block sequence, for example: ABC-BCA-CAB. For all three experiment

repetitions (i.e., nine runs/twenty-seven attentive blocks), condition order blocks appeared in

all positions, for example: repetition 1) ABC-BCA-CAB, 2) BCA-CAB-ABC, and 3) CAB-ABC-BCA.

Across participants, condition run order was balanced, for example: participant 1) BCA-CAB-

ABC versus 2) CBA-BAC-ACB. Stimuli were presented through Sensimetrics (Sensimetrics Cor-

poration, Malden, Massachusetts, USA) S14 ear-buds at approximately 83 dB SPL via a Creative

Sound Blaster Audigy 2ZS sound card (LAB). During the fMRI sessions (SCAN) stimuli were pre-

sented via Sensimetrics S14 ear-buds and a Creative Sound Blaster X-Fi Xtreme Audio sound

card at around 94 dB SPL, a gain of approximately 30dB over the scanner sequence noise.

Timbre Perception

During a separate session, each participant’s minimum instrument timbre distance point was

perceptually determined by rating their perception of all timbre morphing steps per individual

voice. Each subject was presented with all 10%morph steps to allow assessment of their chang-

ing percept, as we were not aware of any other data quantifying these timbre modification ef-
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ID Triplet
Type

Melody Instrument(s) Triplet Lo-
cation

Task
(test-
stim)

Min.
Cor-
rect
(%)

R1

Single

Scales
Bassoon

Single Voice PA (6) 100

R2 Cello

R3
Basic

Bassoon

R4 Cello

R5

Complex

Bassoon

R6 Cello

R7

Pattern Bassoon & Cello

Bassoon

PA (5)

85

R8 Cello

R9 Crossing

R10
Experimental Variable

PA (8)

Pre-test Exp (24)

Table 2.1: Training Structure. Training rounds and pre-test with their respective triplet types, melody
complexity, included instruments, triplet location, task and number of test stimuli, and minimum score
needed to pass the round. R = training round, PA = rate triplet(s) as present or absent, Exp = experimental
task.

fects. Listeners were first habituated to the unaltered instrument timbre, corresponding to max-

imum timbre difference across voices, with 10 stimuli per instrument. Next, we assessed with

10 different test stimuli per instrument whether they correctly identified the timbre of both bas-

soon and cello. Subjects ranked their timbremorph perception of 176 trials on a one-to-five scale:

1=bassoon, 3=intermediate, 5=cello. Morphs were pseudo-randomly presented over eight equal-

length blocks, controlling that the same composition or the same voice did not follow each other.

The rating scale was visually presented throughout the experiment, fading to the background

during stimulus presentation and turning brighter for the two-second response window which

was followed by a two-second silence. Stimuli spanned all 10% timbre morphing steps, giving a

total of 11 versions per instrument voice per composition. Perceptualmidpointswere determined

by fitting a sigmoid to all voice’s data points r, with minimum a=1 (bassoon percept rating) and

maximum b=5 (cello perception rating). Center point x50 as well as slope m was estimated per

individual voice by nonlinear regression with iterative least squares estimation and initial values

m=1 and x50=voice mean rating:

S = 1+ b− a
1+ 10(x50−r)∗m
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Sigmoid center point x50 was subsequently selected as the voice’s timbre perception center,

and morphs were combined into the three instrument timbre distances (see Experiment 2 Task):

maximum (Fig. 2.1d, blue, i.e. original instruments), minimum (Fig. 2.1d, pink, i.e., perceptual

center for each instrument), and intermediate (Fig. 2.1d, yellow, i.e., perceptual center minus 20

percent).

Participant Selection and Training

Participants received experiment 1-specific training, exposing them over 10 training-rounds to

music of increasing complexity, ranging from scales including isolated triplets in a single voice

until polyphonic melodies at melodic complexity equal to experimental stimuli and including

the triplet pattern (Table 1). Training rounds consisted of initial instructions including examples

and, to assess learning, several test stimuli with varying performance requirements (see Table

1). Protocols provided the option to repeat examples as desired and were developed to be self-

explanatory as well as adaptive to participant performance. Feedback was presented after each

trial requiring response, and if training round test performance was insufficient, the full round

could be repeated maximum twice. After training, generalization was tested via a pre-test simu-

lating a shortened version of experiment 1, employing four custom written compositions across

24 trials. Training was completed in two different groups, the first (N=14) started with training

and completed experiment 1 if requirements were met (N=10). The second group (N=68) first

completed the perceptual rating experiment of instrument timbres and if perceiving differences

between morphs (N=21), continued to the training phase, which was completed successfully

by the 19 subjects who participated in experiment 2. Pooling over both groups, 83 percent of

participants could be successfully trained.

Analysis

Responses to both experiments were classified as hits H, missesM, false alarms FA, and correct

rejectionsCR. Due to scores occurring close to ceiling, d-prime valueswere edge-corrected (see

for example, Stanislaw & Todorov, 1999) for visualization, Bayesian model initiation (see below),

and comparison purposes only:

d
′
ec = Φ−1(

H+ 0.5
H+M+ 1

)− Φ−1(
FA+ 0.5

FA+ CR+ 1
)

where Φ−1 denote the inverse normal cumulative distribution function with μ = 0 and σ = 1.

Differences between experimental conditions were statistically evaluated with an ANOVA-like hi-

erarchical Bayesian model including multiple grouping variables, with each subject contributing
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measures to all groups. Hierarchical models are particularly well suited to describe data from in-

dividuals within groups, comprising parameters for each individual as well as higher-level group

distributions, allowing integrating group and individual parameters in the same model. Such

an integration has several advantages, among which the possibility to correctly estimate the

variance due to subject effects with different/smaller sample sizes across groups. Additionally,

these models can seamlessly handle participant performance close to ceiling, an unequal num-

ber of trials per condition, and possible heteroscedastic variances across conditions (based on

a pilot experiment suggesting such variance differences). One of the strengths of incorporat-

ing Bayesian methods in a hierarchical framework, comprises the possibility of reallocating the

model’s parameter value credibility over more restrictive options when more data is added to

the model, providing as output a distribution of credible parameter values (e.g., a condition’s ef-

fect) which inherently capture the estimated parameter’s uncertainty. Furthermore, the use of

Gibbs sampling in the Bayesian framework allows to perform inference on those models which

cannot be analytically derived, as is the case for our model, preventing the need for approxima-

tions/simplifications to make the problem tractable. Estimation and inference with hierarchical

models presents many challenges in the standard (frequentist) setting, therefore, in this work,

both for computational reasons and model flexibility, we chose to employ instead Bayesian es-

timation.

The use of a standard frequentist analysis on d-prime would be suboptimal in our case, due

to several subjects performing at ceiling. It would be necessary to perform such analysis on

edge-corrected d-prime values, since ceiling d-prime is infinite, which, among others, leads to

a loss of sensitivity in the higher ranges. Furthermore, submitting an estimated d-prime to a

standard statistical test, for example an ANOVA, would rely on the assumption that all measure-

ments have similar uncertainty. However, this is not the case for d-prime values close to ceiling,

which have a different variance compared to those in the lower ranges. The most employed sta-

tistical tool to handle such heteroscedasticity is a hierarchical (i.e., mixed effects) model, which

can weigh different measurements based on their uncertainty and produce a reliable popula-

tion estimate. These models can be estimated in a frequentist or a Bayesian framework, given

themodel considered in our work the Bayesian approachwasmost suited. Bayesian hierarchical

models provide further advantages over both frequentist and non-hierarchical models, however

full coverage of strengths, weaknesses, and differences between models is beyond the scope

of this paper; for an introduction to Bayesian data analysis, see Kruschke (2014).

Hierarchical model parameter estimate ranges will be expressed as Highest Density Intervals

(HDIs; for example, Kruschke, 2014), whose range spans x-percent of the parameter estima-

tion distribution and is analogous to the parametric confidence interval; an HDI of, for example,

95% from a standard normal distribution would extend from -1.96 to 1.96. When an effect’s HDI
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range includes zero it indicates there is probably no effect of respective condition. Models were

estimated with JAGS‡ (Just Another Gibbs Sampler, version 3.3.0) via its Matlab integration MAT-

JAGS§ (version 1.3.1) employing Gibbs sampling Markov Chain Monte Carlo (MCMC) simulations.

JAGSmodels are defined by nodes, which in the model definition are written as either a stochas-

tic relationship “∼” (i.e., random variable), or a deterministic relation “←” where the respective

node value is determined by its parents. Each model was estimated with 10.000 MCMC sam-

ples and a burn-in of 2.000 samples. Edge-corrected d-primes were used as model initiation

variables, providing condition specific values for each subject from which to start model fitting.

Correlation of subject performance between experiment 1 and experiment 2 for those subjects

who completed both experiments (N=19) was performed using Spearman linear rank correlation

on correct rates over all trials for experiment 1 and maximum morph distance only trials for

experiment 2. Experiment 2 correlation between correct rates for all trials and subject morph

effect, was calculated with a Spearman linear rank correlation by subtracting accuracy for all

minimummorphing distance trials from all maximumdistance trials. Correct rates were selected

due to a different number of trials between comparisons, hence a difference in their maximum

edge-corrected d-prime values.

Hierarchical Model Specification

Experiment 1model is a simplification of the experiment 2model (Fig. S2.2), hence only the latter

is discussed here in detail. Subject observations per condition were labeled as measurements

m, three attention and three timbre distance conditions resulted in nine samples per participant

and a total of m=171. Hits (H) and false alarms (FA) were, respectively, binomially modeled with

the number of hits nhit, trials including triplets ntri, false alarms nfa, and trials excluding triplets nntri;

note that this modeling of d-prime is not equivalent to the edge-correction described above. Hit

and FA distributions were transformed using the standard normal cumulative distribution func-

tion Φ, within which the bias-model (biasm) links to the d-prime model. By modeling H and FA

with the Binomial distribution, we assume all trials are independent and identically distributed:

H ∼ Bin(nhit, ntri)

ahit ← Φ(0.5 ∗ d
′
m − biasm)

FA ∼ Bin(nfa, nntri)

afa ← Φ(−0.5 ∗ d
′
m − biasm)

‡http://mcmc-jags.sourceforge.net
§http://psiexp.ss.uci.edu/research/programs_data/jags/
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Group d-prime values over measurements m were modeled as normally distributed with mean

μd′ ,m and variance σd′ ,attn, by which we assume equal variance across subjects and timbre con-

ditions but not for attentive conditions:

d
′
m ∼ N (μd′ ,m, σ

2
d′ ,attn)

σd′ ,attn ∼ Unif(0, 4)

Expected values of the d-prime distribution were estimated with an ANOVA-like model, em-

ploying normally distributed parameters: intercept β0, attention βatt, timbre βtimb, attention-by-

timbre interaction βa∗ti, and subject βsubj:

μd′ ,m = β0,m + βatt,m ∗ xm + βtimb,m ∗ xm + βa∗ti,m ∗ xm + βsubj,m ∗ xm

β0,m ∼ N (0, 1000)

βatt,m ∼ N (0, σβ21
); σβ1 ∼ Γ(1.64, 0.32)

βtimb,m ∼ N (0, σβ22
); σβ2 ∼ Γ(1.64, 0.32)

βa∗ti,m ∼ N (0, σβ23
); σβ3 ∼ Γ(1.64, 0.32)

βsubj,m ∼ N (0, σβ24
); σβ4 ∼ Γ(1.64, 0.32)

where Γ(a, b) denotes a gamma distribution with shape a and rate b.

Distribution of β0,m was centered on zero with large variance to allow a wide range of intercept

values, capturing possible d-prime differences between conditions. Beta prior values for all other

predictors are limited in their range via variance σβn . Allowing Beta standard deviations to range

freely between close to minimum and maximum probability would result in an unrealistically

large standard deviation and range. Such an exaggeration would have too large an influence

on our data set with only a moderate number of samples. Based on suggestions by Kruschke

(2014, Chapter 21) and considerations concerning number of trials as well as d-prime range,

gamma prior values were restricted to Γ(1.64, 0.32), which has mode 2 and standard deviation

4. Experiment biases were modeled equivalently to the described d-prime model, however, for

conciseness, only the d-prime model is described in detail, even though the bias is an integral

part of the full hierarchical model (see Fig. S2.2).

Experiment 1 resulted in threemeasurements per participant, a total ofm=87. Hierarchical model

implementation was identical to experiment 2, with only exception being a parameter reduction
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on μd′ ,m to intercept, attention, and subject effects:

μd′ ,m = β0,m + βatt,m ∗ xm + βsubj,m ∗ xm

Results

Experiment 1

Inspection of Figure 2a suggests that there was no difference between attention conditions for

edge-corrected d-primes in experiment 1. Bayesian hierarchical model contrasts between all

pairs (Fig. 2.2f-h) confirmed that none of the attention effects differed from the grand mean

(i.e., subject factor). The grand mean demonstrated that mean performance was relatively com-

parable across subjects (95%HDI = [3.14 3.76]; Fig. 2.2b); the biasmodel terms for each condition

were strongly centered on zero. Results indicate that the training was successful and subjects

were able to complete the task with overall high correct scores, while at the group level task

difficulty did not differ across attentive conditions. No systematic group difference was found

for False Alarms generated by control trials containing no triplets versus those with triplets in

the unattended instrument. Assessment of accuracy across all trials for included compositions

showed comparable values at the group level (Fig. S2.1c). Split-half reliability on edge-corrected

d-prime values for the full experiment yielded a correlation coefficient of 0.74 (p<.001).

Experiment 2

Subject timbre perception center points for the upper voice were determined at 0.4 (i.e., 60%

bassoon & 40% cello; N=1), 0.5 (N=11), 0.6 (N=6), and 0.7 (N=1); for the lower voice 0.4 (N=3),

0.5 (N=10), and 0.6 (N=6). Group mean values of edge-corrected d-prime (Fig. 2.3) indicated

that intermediate and minimum timbre distance for both bassoon and cello conditions resulted

in lower d-prime values compared to their respective maximum timbre distances as well as all

three aggregate timbre distances. The observed change in edge-corrected d-prime values was

caused by both an increase in False Alarm rate and a decrease in Hit rate (Fig. S2.4), confirming

effects were not driven by participant bias; no False Alarm bias was found across subjects for tri-

als with no triplets versus unattended instruments. Accuracy levels across all trials for included

compositions were comparable at group level (Fig. S2.1d). Edge corrected d-prime scores com-

puted over all trials resulted in a split-half correlation of 0.84 (p<.001), and subject performance

on experiment 2 was predictable by experiment 1 scores (r=0.49, p=0.031; Fig. 2.5a).
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Figure 2.2: Experiment 1 Results. Group data (N=29) for edge corrected d-prime per condition (a), with
median (horizontal bar) and 25th-75th percentile. Bayesian hierarchical model (b-h), with group grand
mean (b), attention effects (c-e), and contrasts between attention conditions (f-h). Horizontal lines below
b-h indicate 95% HDI.

Inspection of the Bayesian model grand mean ([4.02 5.34]; Fig. 2.4a), demonstrated a moderate

mean performance variation across subjects. Attention main effect did not differ from the grand

mean (Fig. 2.4b), nor did subsequent attentive condition contrasts (Fig. S2.3) indicate a main

effect of attention. Timbre distance effect (Fig. 2.4c) of the minimum timbre difference condi-

tion did differ from zero ([-1.18 -0.24]), indicating that this condition may be more difficult than

both the maximum and intermediate timbre distances. Respective contrasts confirmed that the

timbre distance main effect was driven by the minimum timbre distance, with both maximum-

minimum ([0.25 1.87]; Fig. 2.4g) and minimum-intermediate ([0.27 1.88]; Fig. 2.4h) differing from

zero. The within-attention condition timbre distance effects (Fig. 2.4d-f) and their respective

contrasts (Fig. S2.3), yielded no differences between timbre distance conditions. This obser-

vation confirmed that within attention condition timbre distances did not differ in difficulty; the

model bias terms were centered on zero and showed no effect of condition.

Even though no timbre distance effect was foundwithin attention conditions, the data displayed

a trend towards the minimum timbre difference being more difficult than both maximum and

intermediate timbre distances when segregating (bassoon and cello conditions), while the op-

posite was observed when integrating (aggregate condition). Further inspection of several con-

trasts testing for interaction effects did not indicate any differences (Fig. S2.3). However, when
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Figure 2.3: Experiment 2 Behavioral Data. Group and individual edge corrected d-prime results (N=19)
per condition and instrument morph distance. Timbre distance: Max = maximum, Int = intermediate, Min =
minimum. Vertical gray bars in group plot range 25th-75th percentile; horizontal gray lines median. Partici-
pants: S = experiment in sound attenuated chamber (LAB), M = experiment during fMRI (SCAN).
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correlating subject morph effects, computed by subtracting maximum andminimum timbre dis-

tance scores, with their correct rates over all trials, those with lower overall scores showed the

largest influence of morphing distance (r=.76, p<.001; Fig. 2.5b), suggesting that behavioral

effects of timbre distance may be masked in those subjects performing close to or at ceiling.

Comparing experiment 2 LAB (.90 [.73 .95], Median [Inter Quartile Range]) and SCAN (.99 [.94

1.0]) group data for correct rates over all trials, the addition of scanner noise to the scene did not

have a detrimental effect on task performance; experiment 1 LAB (.90 [.83 .96]) and SCAN (.92

[.91 .97]) group performance did not show differences.

Discussion

We presented a novel paradigm developed to investigate both top-down and bottom-upmodula-

tions of auditory stream segregation and integration with custom-composed polyphonic music

suitable for use by musically untrained listeners, and adaptable to neuroimaging protocols. In

experiment 1, subjects listened to two-part polyphonic music containing triplet patterns that

served as attentional targets, and were instructed to attend to individual instruments (segrega-

tion), or to the aggregate (integration). Experiment 2 added a bottom-up modulation of instru-
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Figure 2.5: Experiment and Trial Correlations. (a) Experiment 1 and experiment 2 (maximum timbre
distance trials only) correlation between correct rates across trials; for experiment 1 only those subjects
who completed both experiments were included (N=19). (b) Correlation between experiment 2 subject
morph effects and correct rates across all trials. Morph effect calculated by subtracting correct rates over
all minimum morphing distance trials from correct rates of all maximum distance trials.

ment timbre distance into the attention-modulation framework of experiment 1. Analysis of both

experiment 1 and experiment 2 indicated that listeners were able to correctly identify the target

in both tasks, after only modest training, at high performance levels. We observed no group-

level performance difference between attentive conditions or instrument timbre distances, for

both integration and segregation. In a subset of subjects, however, there appears to be a trend

towards smaller timbre distances leading to a performance decrease, more specifically among

those participants showing overall lower performance (Fig. 2.5b), even though no significant

interactions were found (Fig. S2.3). As demonstrated in experiment 2, the addition of scanner

noise to the task had no adverse effect on task performance, validating the task’s suitability

for fMRI studies with continuous pulse sequences. Aside from performance metrics, subjects

tested in the scanner indicated having no difficulty segregating stimulus from scanner noise

due to both the loudness difference and its continuous/repetitive nature. Overall, the findings

demonstrated that non-musicians could be trained to both detect triplet patterns and reliably

switch attention between scene elements, enabling the task to be employed in experiments

studying stream segregation and integration in a natural listening context.

Task Considerations and Future Applications

High correct scores within our paradigm are desirable, both from the perspective of task compli-

ance and task suitability for imaging experiments. We believe that a subject’s capacity to detect

the triplets correctly in individual voices, or across voices in the integrated condition, provides a
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strong indication they were either segregating or integrating, respectively. Each occurrence of

triplets was incorporated into the melodic structure so as not to stand out from the surrounding

music; this feature was explicitly designed during the composition in order to prevent any form

of triplet pop-out, as this could lead to unintentional attention-target switches or alternative task

strategies. The experimental design specifically focused on creating stimuli and task conditions

which require listening effort, but are nonetheless feasible, to ensure that subjects are engaged

in performing the desired task. Subjects reported that they needed strong attentional engage-

ment to perform the task, both inside and outside of the scanner environment, especially due

to their limited musical training. The subjects’ capacity to detect the triplets correctly is primary

evidence that they managed to segregate the mixture into individual streams. If listeners had

not streamed the twomelodies, they would not have been able to correctly respondwhether the

triplets were present or absent within a single instrumental voice. If the two streams are not seg-

regated, the main remaining source of information differing between them would be rhythmic

cues (tone onsets and offsets), based on which it would not be possible to assign the triplet’s

occurrence to one or the other of the voices. What we aim to investigate with this design is the

brain’s mechanisms which allows a listener to experience distinct melodic voices (or integrate

across them) despite that the input arriving at the ear consists of a single mixed waveform of

all sounds present in the scene.

Our paradigm was not designed for the detection of subject or condition differences, as demon-

strated by a partial ceiling effect on the scores. Future iterations of the experimental protocol

can possibly be sensitized to these effects by making the task more difficult for high-performing

subjects. Pitch distance betweenmelodic lines could, for example, be parametrically varied at an

individual level to determine minimal pitch disparity needed for segregation (for examples see,

van Noorden, 1977; Bregman, 1990) and hence maximal engagement of top-down processes.

Conversely, pitch differences could be increased until segregation becomes almost inevitable

for maximum reliance on bottom-up processes. Such designs would allow studying stream

segregation and integration at various rates of top-down and bottom- up reliance. Increasing

difficulty without adjustment of pitch could also be achieved by further reduction of timbre dis-

tance between instruments (for examples see, Cusack & Roberts, 2000; Bregman, 1990). As

mentioned, timbre distance reduction appears to have a more pronounced effect on subjects

who are not performing close to ceiling, compared to those who are (see Fig. 2.3 & Fig. 2.5b).

This observation could be explained by a reduced cognitive load in high-performing subjects,

allowing for compensation of the difficulty increase caused by timbre distance reduction, and

possibly preventing emergence of a within-condition timbre effect and the hypothesized inter-

action effect. Insight into whether this hypothesis holds could be provided by testing these

subjects with a timbre distance smaller than that based on their perceptual center points; alter-
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natively, a higher tempo of the music could be adopted to make the task more challenging.

Due to the observed general performance increase/learning effect between experiment 1 and

experiment 2 (Fig. 2.5a), for future use we recommend that the two tasks be carried out in sep-

arate groups, possibly providing more challenging conditions and leading to a timbre-distance

sensitivity of the performance metric. Subsequent task iterations could adopt the triplet pres-

ence or absence response immediately upon target detection, allowing, among others, the in-

vestigation of possible reaction time differences. Measuring reaction time could provide a han-

dle on both intra- and inter-subject difficulty differences between conditions or trials, highlight

possible cognitive load differences between subjects, and allow further investigation of whether

specific stimuli are driving, or inhibiting, factors. A delayed response was adopted in the current

setup to allow testing for task applicability to the neuroimaging setting, in which such a design is

favored to reduce signal contamination by motor and decisional components. Even though the

current sample showed better performance in the group tested in the scanner compared to the

lab, we do not believe that subject performance is likely to be enhanced by being tested inside a

large magnet, or by the presence of scanner noise. Most likely, observed group difference was

due to sampling error; never the less this demonstrates that, at minimum, testing inside the fMRI

scanner environment did not interfere with task performance. Presented experimental designs

could provide a future vehicle to investigate plasticity and training effects in ASA with highly

trained musicians. In order to perform experiments in an equally challenging ASA environment

as for non-musicians, task design could be adjusted to include melodies synthesized by the

same instrument which incorporate incorrect and/or incomplete cues in only one stream for the

aggregate condition, mis-tuned notes within triplets, or incomplete triplet patterns consisting of

two or three triplet notes. Further differences may exist within musicians based on their specific

training, with soloists possibly showing more difficulty with source segregation than conductors

or orchestra members who are constantly separating their own instruments in the presence of

multiple competing music streams, and a more general enhanced perceptual segregation of

their main performing instrument (for example, Carey et al., 2015; Pantev et al., 2001). Further

understanding of both subject’s locus of attention and polyphonic listening behavior could be

achieved by employing trials which contain a non-matching instruction and response, for exam-

ple an instruction indicating attention to the aggregate and a response whether or not triplets

were present in the bassoon.

Observed learning effects in subjects may be specific to the pitch ranges and instruments em-

ployed in the paradigm, not reflecting a general stream segregation performance gain which is

transferable to other instruments or more common streaming tasks such as speech in noise de-

tection. Within polyphonic music pieces, the upper voice is typically more salient (Crawley et al.,

2002; Palmer & Holleran, 1994), suggesting that the segregation taskmay bemore difficult when
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attending to the cello. Even though no performance difference is observed between the bas-

soon and cello condition in either of the experiments, verbal reports do confirm that subjectively

listeners found the cello conditionmore difficult. In an attempt to control for the influence of tim-

bre on the learning effects, timbres of voices could be switched to provide an indication whether

learning was specific for the instrument-pitch relationship or resulted in general music stream-

ing improvements. To try and reduce some specificity effects of learning, both the training and

experimental melodies were uniquely written with a maximum variation in melody and pitch to

maintain recognition as common polyphonicmusicwhile not destroying the similar pitch relation

necessary amid voices across compositions. It is currently unknown whether performance on

a music stream segregation task reflects general stream segregation or is more specific to mu-

sic. A better understanding of their link could be achieved by performance comparison towards

standardized complex sounds in background noise tasks such as speech in noise (for examples

see, Wilson, 2003; Killion et al., 2004; Kalikow et al., 1977; Nilsson et al., 1994) or, in addition, a

music-specific stream segregationmeasure such as themusic in noise test (Coffey et al., 2017b).

This would allow insight into whether music streaming employs similar mechanisms as themore

widely established segregation task of isolating speech from background sounds. Subject per-

formance will probably be very comparable on the music and speech in noise tasks, although

an increase in subjects’ musical training may cause larger performance gains on the music in

noise paradigm compared to the speech in noise task.

Polyphonic Music Perception

Several cognitive theories have been proposed to explain attention to polyphonic music, even

though its neural processes are relatively unknown (for examples see, Janata et al., 2002; Ragert

et al., 2014). Two of themain competing hypotheses are a divided attention (Gregory, 1990) and a

figure-ground model (Sloboda & Edworthy, 2016). The divided attention model explains superior

performance on polyphonic tasks, as compared to, for example, speech, by listeners’ apparent

capacity to divide their attentional resources over multiple melodic lines (Gregory, 1990). The

figure-ground model, on the contrary, proposes that listeners attend only to a single melody

while all others are assigned to the background (Sloboda & Edworthy, 2016), achieving multi-

voiced perception by shifting their locus of attention between scene elements, therefore ex-

plaining perception via undivided attention. Contrary to what these models suggest, subjects

are probably not simply dividing or alternating attention, they develop strategies to counter-

act divided attention issues by allowing for a true integration of melodies (Bigand et al., 2000).

Even though listening strategies slightly differ between non-musicians, who appear to only in-

tegrate the melodic lines into streams, and musicians who are capable of constantly switching

their attention between the integration and segregation of melodic lines, the general integrative
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model does appear to hold for both groups (Bigand et al., 2000), suggesting that attention to

music may indeed differ from general auditory attention processes. The underlying neural at-

tentional mechanism per se does probably not differ, it is the horizontal and vertical relationship

which exists betweenmelodies in combination with music-specific schema development which

allows to both integrate and segregate music voices, further explaining musicians’ superior per-

formance on these tasks. Schema-based processes are developed on the basis of acquired

knowledge and provide an additional form of top-down information important for stream forma-

tion (Bey & McAdams, 2002; Bregman, 1990), operating either in an attentive or pre-attentive

mode, depending on task demands. Schemas have been shown to modulate music segregation

performance in auditory scenes where integration is strongly driven by primitive (i.e., bottom-

up) processes (Bey & McAdams, 2002; Bregman, 1990). When, for example, performing a seg-

regation task with two interleaved melodies, it has been demonstrated that prior presentation

of the to-be-attended sequence aids subsequent separation performance, while a frequency-

transposition of the melody caused a reduction of these effects (Bey & McAdams, 2003). Within

the current task we opted to not implement a modulation of top-down cues and focused on

bottom-up attentive effects only, even though these cues are of great importance in ASA (Breg-

man, 1990; Ciocca, 2008; McAdams & Bregman, 1979; Micheyl et al., 2007) and could be em-

ployed to both investigate their contribution to music streaming and further aid or impede both

the segregation and integration performance. Taken together, the interaction of both bottom-

up and top-down processes appears to be capable of modulating whether subjects perceive

multi-voiced music as integrated or segregated.

These considerations regarding musical stream segregation and the possible distinct mecha-

nisms that are at play during music listening are also relevant for a broader understanding of

how musical training may influence auditory cognition. For example, considerable evidence

indicates that musicians outperform those without training in speech-in-noise tasks (Parbery-

Clark et al., 2009; Zendel et al., 2015; Swaminathan et al., 2015, for review, see Coffey et al.,

2017c). The neural mechanisms underlying this enhancement are not fully understood, even

though there is evidence that both bottom-up mechanisms, centered within brainstem nuclei

and auditory cortices (Bidelman et al., 2014; Coffey et al., 2017a), and top-down mechanisms

(Kraus & Chandrasekaran, 2010), engaging motor and frontal-lobe systems (Du & Zatorre, 2017),

play a role due to music’s reliance on both kinds of processes. The task presented here could

be used in conjunction with other tasks requiring segregation of targets from backgrounds to

generate a better understanding of the relationship between music-specific auditory cognitive

abilities, and their possible generalization to non-musical contexts.
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Conclusion

In this work we demonstrated that participants with limited to no musical education could be

trained to isolate triplet patterns in polyphonic music, and complete both a selective attention

task and a combined attention-timbre manipulation auditory streaming task with high accuracy.

Triplet detection provided uswith an objective variable assessing the listener’s locus of attention,

as well as their general task compliance, showing they were able to both successfully segregate

individual instruments and integrate across the music streams. Insight into ASA processes with

long complex music stimuli could be employed to inform research into, among others, hearing

aid design and brain-based algorithm development for hearing aids, Brain Computer Interfaces,

and provide a powerful means to investigate the neural mechanisms underlying both stream

segregation and integration in naturalistic though well-controlled auditory scenes. An under-

standing of general ASA processes in the brain may very well be one of the necessary hurdles

to cross in order to discern those processes underlying general music processing (Nelken, 2008).
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Supplementary Figure 2.1: Composition Details and Accuracies. Mean pitch (a) and mean absolute
frequency modulation (b) for bassoon (blue dots) and cello (green dots) per composition included in Exper-
iment 1. Accuracy per composition across all trials for experiment 1 (c) and experiment 2 (d).
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”As long as our brain is a mystery, the universe, the reflection of the structure of

the brain will also be a mystery”

Santiago Ramón y Cajal

3
Segregation or integration of polyphonic

musicmodulates cortical auditory

response patterns

Based on: Disbergen, N. R., Valente, G., Zatorre, R. J., and Formisano, E. (to be submitted). Seg-

regation or integration of polyphonic music modulates cortical auditory responses patterns.
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Abstract

Music is typically perceived by integrating the various instruments present in the piece. How-

ever, under attentional control it is alternatively possible to selectively attend to individual instru-

ments. We investigated the neural correlates of this top-down modulation for auditory stream

segregation and integration with functional MRI at 7 Tesla, using a previously validated behav-

ioral paradigm. Nine non-musicians listened to custom-composed polyphonic music compris-

ing a bassoon and cello timbre under two conditions: attending to the individual instruments

or to the aggregate, all while detecting triplet patterns in the music as a control for task perfor-

mance. Data were analyzed via a novel combination of independent component analysis and

multivoxel pattern analysis techniques. Results indicated that the listener’s attentional state (i.e.,

integration or segregation) could be decoded above chance at the individual subject level within

the frontal-temporal attention network, despite that the stimuli and behavioral responses were

identical across tasks. Subsequent region of interest analysis demonstrated significant above-

chance classification as early as in primary auditory areas. Findings support the hypothesis of

early auditory area involvement in auditory feature integration and stream formation.
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Introduction

When listening to a song of our favorite rock band or a classical music concert, we are typically

unaware that what we are appreciating is the result of a carefully orchestrated combination

from many different sound sources, id est the various musical instruments or lines of music.

At times we do attempt to single out a specific instrument to enjoy, for example, a stunning

solo of the lead guitarist or the virtuosity of the piano soloist. In this context, music listening

provides an exemplary illustration of how our ongoing listening intention canmodify the auditory

processing and perception of complex mixtures of sounds (or auditory scenes), leading to either

the perceptual integration or segregation of simultaneously present sound streams (Pressnitzer

et al., 2011).

Psychophysical (e.g., Bregman, 1990; Brochard et al., 1999; Carlyon & Cusack, 2005; Cusack

et al., 2004) and neuroscience (e.g., Besle et al., 2011; Carlyon, 2003; Elhilali et al., 2009; Lakatos

et al., 2013; Shamma & Micheyl, 2010; Riecke et al., 2016; Sussman et al., 2007) research has

shown that the extent to which simultaneous sound streams are segregated or integrated de-

pendsmostly on their physical (i.e., acoustic) characteristics, such as their inter-relationship and

degree of overlap in both time and frequency. This type of bottom-up processing of acoustic

features interacts with and can be modulated by intention or attention driven top-down pro-

cesses. For polyphonic (i.e., multi-instrument) music, pitch and timbre differences between the

instruments (i.e., voices) provide prominent bottom-up cues for their segregation (e.g., Breg-

man & Pinker, 1978; Cusack & Roberts, 2000; Deutsch, 2013; Marozeau et al., 2013; McAdams,

2013b,a; Wessel, 1979). The structural relationship existing between the individual voices in poly-

phonic music, instead, promotes their integration into a single holistic percept of multiple simul-

taneously playing instruments (Bigand et al., 2000; Bregman, 1990; Gregory, 1990). Based on

these characteristics, polyphonic music is well suited for the study of Auditory Scene Analy-

sis (ASA) in complex and naturalistic scenarios, as typically encountered by listeners on a daily

basis. Within a contrapuntal polyphonic music piece, the composer achieves instrument inte-

gration by employing specific melodic links between the individual notes both within a voice

(i.e., horizontal coherence) and between the voices (i.e., vertical coherence). Contrary to the

more traditional speech-based cocktail-party experiments which permit only the investigation

of source segregation, polyphonic music additionally allows for the investigation of stream inte-

gration processes across sounds, which has been investigated only to a limited extent (Deutsch,

2013; Disbergen et al., 2018; Ragert et al., 2014; Sussman, 2005; Uhlig et al., 2013).

In the present study we exploit this unique quality of music and investigate the neural mecha-

nisms underlying the segregation and integration of auditory streams within complex auditory
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scenes using polyphonic music. While the neuroscientific investigation of music listening and

processing per se has increased in recent years (for reviews see, McDermott & Oxenham, 2008;

Peretz & Zatorre, 2005; Zatorre & Zarate, 2012), only a small number of studies have employed

functional magnetic resonance imaging (fMRI) in combination with complex music stimuli to ex-

amine its attentional aspects. Ragert et al. (2014) demonstrated that in musicians, integration

and segregation elicited differential cortical activations in the intraparietal sulcus (IPS) and the

planum temporale (PT). Janata et al. (2002), showed that areas in the left fusiform gyrus and

a multitude of occipital areas were modulated during segregation, whereas during integration

changes were seen in bilateral parietal, right superior frontal, and left anterior cingulate cortex.

In addition, they showed general task activation changes in the superior temporal gyrus (STG),

intraparietal sulcus (IPS), and several frontal areas, similar to those involved in speech scene

analysis. Evidence from these studies showed little convergence regarding the brain networks

involved. Studies investigating the attentional modulation of complex music listening or scene

analysis were mostly conducted in expert musicians, which have been shown to have modified

listening behavior compared to non-musicians (e.g., Puschmann et al., 2018; Coffey et al., 2017).

Furthermore, the lack of effects at the level of early auditory cortex in previous experiments

employing music, is in contrast with the majority of studies which have investigated the neu-

ral basis of auditory scene analysis by virtue of relatively schematic scene elements, such as

multiple alternating tone sequences or tones in noise. Electrophysiology in animals has shown

that already at the level of primary auditory cortex, top-down modulations of schematic stimuli

can be observed (e.g., Atiani et al., 2009; Fritz et al., 2003), typically leading to an enhanced

processing of the attended sound’s feature(s). In humans, several fMRI studies suggested com-

parable effects in primary auditory cortex for simple auditory scenes containing tone-sequences

(Da Costa et al., 2013; Paltoglou et al., 2009; Riecke et al., 2016).

Under more naturalistic listening conditions, ASA has often been investigated in the context of

multi-talker environments (Snyder & Alain, 2007), combinedwith various neuroimagingmethods

these provided evidence for selective enhancement of the attended speaker’s representation in

early auditory cortex (e.g., Mesgarani & Chang, 2012; Golumbic et al., 2013; Ding & Simon, 2012;

O’Sullivan et al., 2015; Puschmann et al., 2018). Modulations observed in early auditory areas

probably originate in frontal areas, especially the ventral prefrontal cortex (Cohen et al., 2009;

Hill & Miller, 2010; Ahissar et al., 2009; Atiani et al., 2014; Bizley & Cohen, 2013; Griffiths & Warren,

2004; Shinn-Cunningham, 2008; Hausfeld et al., 2018). Either with tone sequences or in multi-

talker environments, most of the previous work has focused on neural mechanisms underlying

the attentive selection (i.e., segregation) of an individual streamwithin the auditory scene, while

much less is known about those mechanisms facilitating the integration of auditory streams.
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In the present study, we investigated the neural mechanisms of both stream integration and

segregation by combining high-spatial resolution fMRI at 7 Tesla with a previously validated psy-

chophysical music ASA paradigm employing custom-composed polyphonic pieces (Disbergen

et al., 2018, Chapter 2). During fMRI measurements, listeners (N=9, non-musicians) were pre-

sented with two-voice polyphonic music pieces synthesized in bassoon and cello timbre. They

were asked to detect a pattern of rhythmic modulations incorporated either within or across

the two musical instruments. Patterns were located within the second half of the stimulus to

stimulate attentional deployment during the majority of the segment (Fig. 3.1a). The locus of at-

tention was changed between individual instruments (i.e., segregation) and the aggregate (i.e.,

both instruments; integration) by a visual instruction.

We expected that listening to themusical pieceswhile segregating or integrating the component

voices would modulate activity in a frontal-temporal network of cortical areas typically involved

in attentive (music) listening. In addition, we hypothesized that, in agreement with ASA studies

employing tone sequences, these modulatory effects could be observed in early auditory cortex

(i.e., Heschl’s gyrus). To allow for the discovery of such potentially subtlemodulations, which typ-

ically remain undetectedwithmassive univariate approaches, we investigated these hypotheses

via a novel methodological approachwhich combined independent component analysis (ICA) for

the unbiased definition of region of interests with multivariate decoding for the discrimination

of activity patterns. In addition to this generalized network approach, we investigated decod-

ing performance within a multitude of anatomical sub-regions of this frontal-temporal network,

including Heschl’s Gyrus.

Methods

Subjects

Nine right-handed adult volunteers (four women; age 23.6 +/- 2.4 years, mean +/- standard de-

viation) with self-reported normal hearing, motor, and vision abilities participated in this study.

None of the subjects spoke a tonal language and all had less than two years of (formal) musical

training on a lifetime basis, as assessed with the Montreal Music History Questionnaire (Coffey

et al., 2011). Volunteers were mostly students recruited from Maastricht University and provided

written informed consent in accordance with the protocol as approved by the Maastricht Uni-

versity Ethics Review Committee Psychology and Neuroscience.
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Figure 3.1: Design & Coverage. Different triplet versions for each music composition (a): no triplets,
upper voice (i.e., bassoon; blue notes), lower voice (i.e., cello; green notes), crossing voices (red notes). Trial
buildup (b) with 28s stimulus, 2s response window, and a 10s silence. Trials (c) were presented in attentive
blocks of five trials each, preceded by a visual attention instruction and silence. Typical slice coverage (d)
for functional MRI acquisitions.

Stimuli

In this experiment, we made use of five custom-composed two-instrument polyphonic coun-

terpoint music pieces of 28 seconds (s) duration, synthesized in a bassoon (treble clef) or cello

(bass clef) timbre at a tempo of 60 beats per minute*. Frequency ranges of the voices var-

ied between compositions within a range of 82-277Hz for the lower and 220-880Hz for the

upper voice; see Disbergen et al. (2018, Chapter 2) for further stimulus design details. Music

was synthesized in mono for bassoon and cello independently, employing Musical Instrument

Digital Interface (MIDI) files with Logic Pro 9 (Apple Inc., Cupertino, California, USA) and sam-

pled at 44.1 kHz with a 16Bits resolution. Single-instrument files were Root Mean Square (RMS)

equalized, combined into polyphonic pieces, their onsets and offsets ramped exponentially with

a rise-fall time of 100ms, and filtered per individual channel with Sensimetrics (Sensimetrics

Corporation, Malden, Massachusetts, USA) equalization filters in MATLAB (The MathWorks Inc.,

Natick, Massachusetts, USA). All stimulus processing and manipulation aside from synthesizing

was performed via custom-developed MATLAB codes.

Listeners detected rhythmic modulations in the music, comprising a pattern of triplets which

*Experimental stimuli are available for download via the Zatorre lab’s website: http://www.zlab.mcgill.ca
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were carefully incorporated into the melodic structure as not to stand out from the surround-

ing music (Fig. 3.1a). Triplets consisted of three eighth notes each and were played in the time

of one beat, which in non-musically trained individuals typically leads to the perception of a

slight ‘speeding-up‘ compared to the neighboring notes. This specific temporal modulation was

selected due to its orthogonality with respect to pitch-based segregation mechanisms, further

aiding its detection by non-musically trained listeners, as previously validated in Disbergen et al.

(2018, Chapter 2). The patterns detected by subjects comprised four eighth-note triplets in a

row, with a total duration of four seconds. Patterns followed the excerpt’s melody and could be

located within the bassoon (Fig. 3.1a, blue notes), the cello (Fig. 3.1a, green notes), across voices

(Fig. 3.1a, red notes), or not present. When the triplets crossed voices, they initiated randomly

with the first triplet in the bassoon or cello, and accordingly alternated between the voices. When

patterns were located within a single music voice, they were only present in the respective in-

strument’s voice. Starting time of the triplet patterns was pseudo-randomly distributed in the

second half of the stimulus between 16 and 19 seconds, resulting in a stimulus set which was

physically identical up to 16 seconds and only differed as to the inclusion and position of triplets.

Design and Behavioral Analysis

In order to gain insight into the subject’s locus of attention during scanning, participants per-

formed a forced-choice delayed-response target detection task within a single musical voice

(bassoon or cello) or integrated across voices. Stimuli were presented in blocks of five trials

each under the same attentive condition (Fig. 3.1c). A trial contained the stimulus, a response

window of 2s, and a 10s post-stimulus silence. Before the beginning of each attention-block,

listeners were visually instructed to attend to the bassoon, the cello, or the aggregate (i.e., both

instruments), which was followed by a 15s silence. On each trial subjects responded via a post-

stimulus button press whether or not the pattern of triplets was present in the instrument(s)

they had been instructed to attend to. Within a run 15 trials were presented, covering all three

attention conditions, and containing eight target and seven control trials. A total of 135 trials was

presented across nine functional runs, hence the full stimulus set was presented three times,

albeit with a unique stimulus order for each repetition.

Triplet presence and/or location differed depending on the condition: when attending both in-

struments, target trials contained a pattern crossing voices and control trials had no triplets;

in the attend bassoon condition, target trials contained a pattern in the bassoon, control trials

contained a pattern in the cello or no triplets; similarly, when attending cello the target trials

contained a pattern in the cello and control trials included a pattern in bassoon or no triplets.

Due to the employment of seven control trials per run, bassoon and cello conditions contained

an uneven number of trials with triplets in the unattended instrument or with no triplet present.
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Within the current experiment, an additional modulation of instrument timbre across three dis-

crete values was included (see Disbergen et al., 2018, Chapter 2, Experiment 2 for details): each

melody was presented in its original timbre (i.e., no manipulation), a perceptually determined

minimum timbre difference between instruments, and a third intermediate distance which was

20% closer to the maximum distance measured from the minimum distance. For improved sen-

sitivity, we have opted to analyze the attentive modulation by inclusion of all timbre distance

trials.

Stimulus presentation order was pseudo-random, controlling that within an attention block of

five trials, compositions could only occur once. Within a run, stimuli could only occur once, the

first stimulus of a consecutive attentive block could not be the same as the last of the previous,

and each condition could occur only once. Each timbre distance version of each composition

was covered by all conditions over the course of three runs/nine attentive blocks, while within an

attention block the same timbre distances could not follow, a composition’s timbre distance had

to occur at least once, and the same timbre distance could not occurmore than twice. Condition

order across three runs (i.e., one experiment repetition) had to be unique, with each condition

appearing once at each position within the three-block sequence, for example: ABC-BCA-CAB.

Within a participant across all three experiment repetitions (i.e., nine runs) the condition order

blocks appeared in all positions, for example: repetition 1) ABC-BCA-CAB, 2) BCA-CAB-ABC,

and 3) CAB-ABC-BCA. Across subjects the condition run order was further balanced, for exam-

ple: participant 1) BCA-CAB-ABC versus 2) CBA-BAC-ACB. Stimulus presentation and response

recording was carried out with Presentation 17.0 (Neurobehavioral Systems Inc., Albany, Califor-

nia, USA), employing Sensimetrics S14 ear-buds with foam-tips providing hearing protection,

and a Creative Sound Blaster X-Fi Xtreme Audio (Creative Technology Ltd., Singapore) sound

card at approximately 94 dB SPL.

To allow nonmusically-trained individuals to participate in the experiment and achieve adequate

task performance, theywere subjected to a training session. Training initiatedwith scales includ-

ing triplets and concludedwith complex experiment-level melodies which had the triplet pattern

incorporated. During each step, instruction and examples were provided, followed by several

test-stimuli to evaluate learning. Examples could be repeated as often as desired and training

protocols were automatically adapted to participant performance. At the end of a training ses-

sion, generalization was tested via a pre-test which simulated an abbreviated version of the

experiment, including 24 trials across 4 unique compositions, scoring a minimum of 85 percent

correct; all subjects completed training successfully. Any music employed outside of the main

experiment was custom written for these purposes and unrelated to the experimental melodies.

For an in-depth discussion of the task and training, along with a demonstration of its validity, in-

cluding its use with non-musically trained subjects inside the MRI scanner environment, please
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refer to Disbergen et al. (2018, Chapter 2).

Subject behavioral responses were classified as hits H, misses M, false alarms FA, and correct

rejections CR. Due to scores occurring close to or at ceiling, their d-prime values were edge-

corrected (e.g., Stanislaw & Todorov, 1999):

d
′
ec = Φ−1(

H+ 0.5
H+M+ 1

)− Φ−1(
FA+ 0.5

FA+ CR+ 1
) (3.1)

where Φ−1 denotes the inverse normal cumulative distribution function with μ = 0 and σ = 1.

MRI Acquisition

Anatomical and functional data were acquired on a 7 Tesla Siemens Magnetom MRI system em-

ploying a Nova Medical head radiofrequency coil (single transmit, 32 receive channels; Nova

Medical Inc., Wilmington, MA, USA). Anatomical T1-weighted images were collected at a 0.65mm

isotropic resolution with amodified Magnetization Prepared 2 Rapid Acquisition Gradient Echoes

(MP2RAGE; Marques et al., 2010) sequence (240 sagittal slices, repetition time (TR) = 5000ms,

inversion time 1 (TI1)/TI2 = 900/2750ms, flip angle 1 (FA1)/FA2 = 5/3 degrees, echo time (TE)

= 2.51ms, generalized autocalibrating partial parallel acquisition (GRAPPA) = 3, acquisition time

(TA) = 10:17 minutes). Functional T2*-weighted data were measured at a 1.2mm isotropic reso-

lution using a continuous multi-band gradient echo echo planar imaging sequence (mb-EPI; TR

= 2000ms, TE = 19ms, GRAPPA = 3, Multi-band = 2, partial Fourier = 6/8, anterior to posterior

phase encoding, 60 interleaved transverse slices per volume with no inter-slice gap, 354 vol-

umes per run, TA = 12:10 min; Feinberg et al., 2010; Moeller et al., 2010; Setsompop et al., 2012).

A functional volume covered the full brain transversally, while limiting coronal coverage by ex-

cluding part of the dorsal-parietal lobe and a section of anterior-dorsal frontal lobe (Fig. 3.1d). In

order to allow post-hoc estimation and correction of susceptibility-induced off-resonance field

distortions, five reverse phase-encoded volumes were measured at the beginning of each func-

tional block within a session as well as after each individual run. Functional acquisitions were

divided over a total of nine runs, acquired across two (7 subjects) or three (2 subjects) scanning

sessions of about three hours each on separate days.

Anatomical Analysis

T1-weighted (UNI) MP2RAGE images were employed for both functional alignment and segmen-

tation purposes; all processing was performed with BrainVoyager 20.2 (Brain Innovations, Maas-

tricht, The Netherlands) and custom MATLAB codes. UNI images were first masked with the

second inversion time (TI2) image to remove noise outside of the tissue, and transformed (sinc
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Figure 3.2: Functional Analysis Overview. Data were split into three sets of three runs (i.e., one experi-
ment repetition), and a GLM was fitted for each split withing a GM mask. A split’s active voxel’s Betas (FDR,
q=.05) were injected into an ICA analysis, and for each split the Temporal-Frontal Network component was
extracted. IC-based ROIs were generated by selecting only those IC voxels intersecting across the two
training data splits. SVM models were fitted per TR for the first eight triplet-free time points.

interpolation) from 0.65mm isotropic to a 0.60mm isotropic resolution, corresponding to half the

functional resolution. For each subject, a reference UNI image was selected from one of their

sessions and ACPC-transformed (sinc interpolation), to which the UNI images of the other ses-

sions were aligned via multi-scale intensity-driven alignment. When image quality allowed, the

UNI images frommultiple sessions were averaged in ACPC space to further improve data quality

(7 subjects). Following the skull-stripping procedure, tissue contrast was enhanced by applying

Gaussian smoothing with image boundary preservation. Due to data quality issues, subject S9’s

UNI reference image was further noise-reduced with FSL’s SUSAN non-linear noise filter (Smith

& Brady, 1997).

Cerebellums were manually removed from the volume, followed by gray matter (GM) to white

matter (WM) boundary estimation via adaptive region growing. To reduce noise around the WM-

GM boundary it was polished, after which sub-cortical structures and ventricles were manually

tagged as WM and WM-GM boundaries adjusted where necessary. The GM was estimated by

dilating WM borders until the cerebral spinal fluid (CSF), followed by a polishing of the GM-CSF

border. GM masks were generated, to later be applied to the functional data, via GM thickness

measures employing the Laplace method (Jones et al., 2000) as implemented in BrainVoyager.

Anatomical regions of the Temporal lobe were defined on the GM-WM boundary inflated cor-

tical mesh, employing individual anatomical markers in the volume based on the parcellation

scheme by Kim et al. (2000) and considerations discussed in Moerel et al. (2014). For each indi-

vidual brain and hemisphere, six anatomical ROIs (Fig. 3.6a) were defined: Heschl’s Gyrus (HG),

Planum Polare (PP), Planum Temporale (PT), anterior Superior Temporal Gyrus (aSTG), medial
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STG (mSTG), and posterior STG (pSTG). Volumetric representations of these areas were gener-

ated by a 5mm expansion along the vertex normals, followed by a masking of these projections

to the GM volume only. Possible overlap between regions in the volume was resolved by assign-

ing overlapping-voxels to a single region based on a ranking system, selecting the highest rank

of the pair in the following order: HG, PP, PT, mSTG, pSTG, aSTG.

Functional Analysis

Overview

In order to identify networks of voxels responding similarly to attentive music listening, we di-

vided the nine functional runs into their three respective experiment repetitions: 1-2-3, 4-5-6,

and 7-8-9 (Fig. 3.2). Data were separated into a training and test set based on the experiment

repetitions, for example training with runs 1-2-3 and 4-5-6, while testing with runs 7-8-9. A

separate GLM was fitted for each of the three experiment repetitions within the individually de-

fined GM-masks, selecting only active voxels for further analysis based on a false discovery rate

(FDR) with q=.05. Remaining voxels time series were employed to perform blind source sepa-

ration on each experiment repetition separately by means of Independent Component Analysis

(ICA; Formisano et al., 2004; McKeown, 2003). From the resulting ICs, for each training-data

repetition only, the components representing subject’s frontal-temporal networks were consid-

ered and their union was used as the functionally defined frontal-temporal mask of that given

training-set. The test-dataset was entirely left out of this procedure, hence preventing bias in

the decoding results.

Employing a within-subject cross-validated setup we investigated whether this individually-

defined frontal-temporal network was modulated by task. Initially, a multivariate classifier was

trained on a TR-basis for the integration versus segregation classes within the entire IC-defined

network of the training-data. Generalization performance was tested by masking the testing

data with the training-data defined frontal-temporal network and predicting the attentive con-

ditions of the before unseen test-data. Accordingly, to gain further insight into those anatomical

areas displaying different response patterns, the attention task was classified within individually

defined temporal anatomical ROIs as well as a ’difference-ROI’ which contained those voxels not

included in any of the anatomical definitions. Classification significance was assessed via within-

subject permutation testing and multiple comparison corrections across TRs based on their em-

pirical null-distributions; population-level inference was implemented based on the prevalence

metric (Allefeld et al., 2016).
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GLM and Response Estimation

Functional MRI data were preprocessed with BrainVoyager QX 2.8 and custom MATLAB codes,

consisting of slice scan time correction based on the slice time acquisition table (sinc inter-

polation) and three-dimensional motion correction towards the first functional volume of the

session (trilinear detection and sinc interpolation). Reversed phase-encoded EPI volumes were

employed to estimate and correct susceptibility-induced off-resonance field distortions with

the Topup algorithm implemented in FSL (Andersson et al., 2003; Smith et al., 2004), followed

by temporal high-pass filtering at 11 cycles per run. Images were accordingly co-registered to

their session-specific UNI image in native space via gradient-based affine alignment, allowing

translation, rotation, and scaling adjustments; results were inspected and manually adjusted

when necessary. Resulting images were transformed from native into ACPC space (sinc inter-

polation), as defined by the reference-session anatomical image (see Anatomical Analysis), fol-

lowed by manual alignment inspection and correction if necessary. Resulting functional images

in ACPC space were spatially smoothed with a Gaussian of 2.0mm full width at half maximum,

based on considerations discussed in Gardumi et al. (2016). The nine runs were split into their re-

spective balanced experiment repetitions of three runs each (1-2-3, 4-5-6, and 7-8-9; Fig. 3.2).

GLMs were fitted for each split of three runs separately, employing a FIR model including both

instructions and trials, id est each data-point was fitted with a separate stick predictor, adding

additional three predictors at the end of the stimulus to improve modeling. Each GLM was com-

puted within the GM mask only, applying a percent-signal-change transformation on a per-run

basis. Within each run-split, only active voxels (FDR-based, q=.05) were selected and an ICA (60

ICs) performed on their respective GLM-Betas matrix.

ICA-based Pattern Selection

All ICAs were computed on temporally z-scored data with the FastICA algorithm (version 2.5; Hy-

varinen, 1999), employing a deflation decorrelation approach and hyperbolic tangent nonlinearity

(a=1). From each split’s ICA, the subject’s temporal-frontal component was extracted. In order

to perform pattern-classification based inference and avoid a circular procedure which may in-

troduce bias, any further analysis was performed in cross-validation of run-splits. For each fold,

two run-splits (e.g., 1-2-3 and 4-5-6) were selected for training purposes and the intersection

of their temporal-frontal ICs set as the functionally-defined ROI for that specific fold; see Fig.

3.3 for an overview of these ROIs and their overlap per subject. The third run-split (e.g., 7-8-9)

was separated for testing purposes, and masked with the fold-specific temporal-frontal ROI as

defined by the training-set (Fig. 3.2). Anatomical ROIs for classification were defined by the in-

tersection between the temporal-frontal ROI and the anatomically defined ROI (see Anatomical

Analysis). All functional assessments were performed in the pre-triplet occurrence window only,
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id est time-point 1-8, during which stimuli were physically identical independent of their triplet

version (see Stimuli).

Multivariate Classification & Performance Evaluation

Binary classification was performed with integration (aggregate condition) versus segregation

(mix of attention to bassoon and attention to cello conditions) trials. Adopting a distribution in-

cluding all trials would lead to largely unbalanced classes, therefore aggregate condition trials

were classified against a balanced random sample containing an equal number of bassoon and

cello condition trials, which resulted in 60 training-trials and 30 test-trials per fold; number of

trials for S4 varied slightly due to exclusions based on motion artifacts, depending on the split

combinations number of training trials was 54 or 56 and testing trials 26 or 28. Random trial

selection for the segregation class was repeated 10 times per fold and classification accuracies

were averaged across the repetitions. The adopted analysis strategy (Fig. 3.2) resulted in three

unique functionally defined ROIs, within which all possible combinations of train and test sets

were classified; for example, ROI estimation and training on run-split 1 and 2 (i.e., run 1-2-3 and

4-5-6), and testing on trials of run-split 3 (i.e., run 7-8-9). Training sets always included the

run-splits from which the respective ROI was estimated, maintaining full independence of the

test set. Training trials were temporally z-scored across TRs, while testing trails were z-scored

using the training trials mean and standard deviation. The analysis was conducted with a binary

linear Support Vector Machine (SVM) model, fitted per TR for all training trials. Following training,

model’s generalization performance was tested on a per-TR basis employing the independent

testing data. Testing performance is reported as percent accurate, computed by averaging clas-

sifier accuracy over all folds within a given TR.

True-label classification accuracy divergence from chance was assessed at the single subject

level by permutation testing (Golland et al., 2005), randomly scrambling trial labels 1000 times for

each random selection of integration and segregation trials. All permutations were performed

with the same data and in an identical manner as for true-label classification; permutations were

performed at the level of the run-presentation order. For each permutation n (n = 1, 2, . . . ,N)

the accuracy observed under the null was computed at each TRm (m = 1, 2, . . . ,M). The p-value

associated with observed accuracy am at a given subject and TR was then computed as:

pm =

N∑
i=1

I
(
ã(i)
m ≥ am

)
+ 1

N+ 1
(3.2)

where am is the observed classification accuracy at TR m, ã(i)
m denotes the observed accuracy

obtained at the i-th permutation at the same TRm and the indicator function I(A) is 1 if event A
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occurs, otherwise it is zero.

To correct for multiple comparisons (i.e., multiple TRs) within each subject, we employed a max-

imum permutation statistic correction (Nichols & Holmes, 2002), with α = .05. For each permu-

tation we considered the maximum value observed across all TRs

ã(i) = max
(
ã(i)
1 , ã(i)

2 , . . . , ã(i)
M

)
(3.3)

and computed the corrected p-value p∗
m of a TR m as:

p∗
m =

N∑
i=1

I
(
ã(i) ≥ am

)
+ 1

N+ 1
(3.4)

With this approach, we could therefore identify within a single subject those time-points where

decoding accuracy significantly differed from chance.

For group-level inference we did not constrain subjects to the same temporal decoding profile,

instead we constructed a surrogate measure for each subject which was accordingly employed

for population inference, for which we used two different approaches. First, a partial conjunc-

tion approach computed via the method suggested in Heller et al. (2007), which combines the

p-values obtained at each TR (see eq. (3.2)) to produce an aggregated p-value associated with

the null hypothesis that none of the subject’s time-points showed a significant classification ac-

curacy. Since the Blood Oxygen Level Dependent (BOLD) responses at consecutive time-points

are highly correlated, we cannot assume that the p-values at different TRs are independent,

and therefore made use of a generalization of the Simes p-value correction (Heller et al., 2007)

for each individual subject, performing a partial conjunction whether at least one out of eight

time-points showed an effect. The correction proposed by Heller et al. (2007) results in:

pu/m = min
{
(m− u+ 1)p(u)

m ,
(m− u+ 1)

2
p(u+1)
m , . . . ,

(m− u+ 1)
m− u

p(m−1)
m , p(m)

m

}
(3.5)

where p(u)
m are the sorted p-values across the time points, with p(1)

m being the smallest. Setting

u = 1 and m = 8, resulting p-value is associated with the partial conjunction null that no time

point has an effect, and, therefore, the alternative that at least 1 time point out of 8 has a true

effect.

Second, we considered another maximum statistics approach, testing the maximum perfor-

mance of each subject across TRs versus the maximum of each permutation, which resulted

in a temporally unspecific p-value against the null hypothesis that all the observed accuracies

come from chance. Denoting a the maximum accuracy of a given subject across TRs, the cor-
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responding p-value was calculated as:

p∗ =

N∑
i=1

I
(
ã(i) ≥ a

)
+ 1

N+ 1
(3.6)

Both the Simes and maximum statistic correction are associated with the null hypothesis that

no time-point has an effect, where the alternative is that at least one time-point has a true effect.

Whereas the Simes correction is based on the use of dependent p-values associated with single

time-points, themaximumstatistic correction takes explicitly into account the correlation (under

H0) between different TRs, and therefore the results of the two procedures may vary slightly.

Second-level analysis was performed with a prevalence metric (Allefeld et al., 2016), suggested

as a valid method to perform inference with cross-validated performance measures, both using

the maximum permutation statistic p∗ and the partial conjunction p-values pu/m. The subject

with the worst performance aw, namely that subject with the highest p-value pw, was employed

to estimate the probability that such a value could be observed under the null hypothesis that

the true effect has a prevalence γ lower than γ0 in the population.

p(aw|γ ≤ γ0) = [(1− γ0) pw + γ0]
Ns (3.7)

whereNs denotes the number of subjects. As suggested in Allefeld et al. (2016), a sensible value

for the prevalence is 50% of the population, which results in the following population p-value

estimate:

p(aw|γ ≤ 0.5) = (0.5pw + 0.5)Ns (3.8)

Results

Behavior

Listeners indicated not having difficulty segregating the stimulus from the continuous scanner

noise due to its repetitive nature and a clear loudness difference. Subjects behavioral scores in-

dicated that learning was successful after moderate training and that they could correctly iden-

tify targets at high performance levels in the aggregate (3.56 [3.12 4.05];Median edge-corrected

d-prime [Inter Quartile Range])), bassoon (4.1 [3.54 4.05]), and cello (4.1 [3.39 4.05]) conditions.

Observed edge-corrected d-prime values resulted from a decrease in subject’s Hit rate along-

side an increase in False Alarm rate, indicating that scores were not driven by a participant bias;

furthermore, no bias was observed in false alarms which originated from trials that contained

triplets in the unattended instrument as compared to those generated by trials with no triplets
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Figure 3.3: Subject IC-based ROIs. Temporal-frontal ICA-based ROIs per subject, showing the anatom-
ical overlap between the three ROI masks employed in cross-validation (purple = all three masks overlap,
white = single mask only; see Fig. 3.2); masks were independently generated from the training data for
each cross-validation fold.
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present. Accuracies across the different compositions were comparable at group level.

Temporal-frontal Network Estimation

We performed a ROI analysis based on ICAs, selecting those sound-responsive ICs containing a

network of frontal-temporal cortical areas typically involved in attentive music listening. Such

selection of ICs resulted in ROIs which were highly reliable within subjects and spatially com-

parable across subjects (Fig. 3.3); the number of voxels within the ROIs was left to vary freely

across subjects (Fig. S3.1, left column). Temporal-frontal networks contained large sections of

the Superior and Medial Temporal Gyrus (STG, MTG), including HG, PP, and PT, as well as sec-

tions of inferior parietal lobe including the Angular Gyrus (AG). Varying portions of medial and

inferior frontal cortex were included, most notably the Inferior Frontal Gyrus (IFG). Inspection

of mean responses across all voxels contained in the temporal-frontal networks showed similar

shapes across subjects, displaying no overall pattern of mean difference between conditions

(Fig. 3.4). Consistent with this observation, GLM-contrast maps showed no significant effects,

neither during the full pre-triplet window (TR 1-8) nor per individual time-point.

Network-based Classification of Integration vs. Segregation trials

We further investigated a possible task effectwithin the functionally defined temporal-frontal ROI

by virtue of a multivariate SVM-based decoding of integration versus segregation trials. After

performing multiple-comparison correction based on the maximum permutation statistic p∗
m,

decoding results showed significant above-chance classification at the α = .05 level for at least

one time-point in all subjects except S3 (Table S3.1). The Simes corrected p-values pu/m, testing

whether at least one of eight TRs showed an effect, resulted in significant effects at the α = .05

level in all except subject S3 (pu/m = .0639; Fig. 3.5a).

Second-level analysis via the prevalence metric, a measure suitable for group inference with

cross-validated performance measures (see Multivariate Classification & Performance Evalua-

tion), indicated a significant group effect both considering the maximum permutation statistic

corrected p-value p∗ (γp∗m = .0034) and the partial conjunction p-value pu/m (γpu/m = .0031). Con-

fusion matrices for those time-points which passed multiple comparison correction showed no

distinct confusion at group level (Fig. 3.5b), indicating that classifier performance did not result

from a biased identification of single classes.
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Figure 3.4: Voxel Responses. Mean responses per condition (% BOLD signal change) of all voxels in-
cluded in the frontal-temporal ROI, for both the group (top-left) and individual subjects. Orange ellipses at
the x-axis bottom indicate those pre-triplet time-points during which the integration versus segregation
task could be classified significantly above chance after multiple comparison correction (see also Table
S3.1). Red line, aggregate condition; blue line, bassoon condition; green line, cello condition; light-gray
shading, post-triplet stimulus window; dark-gray shade, post-stimulus silence

ROI-based Classification of Integration vs. Segregation trials

To gain further insight into those spatial locations contributing to the distinction between in-

tegration and segregation conditions, we classified these conditions in an identical manner as

for the temporal-frontal ROI, only now within the anatomically restricted temporal ROIs HG, PT,

PP, anterior STG (aSTG), medial STG (mSTG), and posterior STG (pSTG; Fig. 3.6a) as well as for

a difference ROI (Diff; Fig. S4) comprising all voxels not included within the temporal ROIs. All

ROIs were individually defined for the left hemisphere (LH) and the right hemisphere (RH; see
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Figure 3.5: Network Classification Results. Integration versus segregation classification (a) as Simes
p-values, testing whether at least one of subject’s eight TRs showed an effect. Confusion matrices (b) for
integration versus segregation classification, computed over all TRs which passed multiple comparison
correction, for both the group (top left) and individual subjects.

Fig. S3.1 right-side for ROI sizes).

The Heschl’s Gyrus ROI showed significant above-chance classification for all subjects, even

though when inspecting results per hemisphere, this indicated no significant effects on the left

for two subjects (S2 and S6) and only one on the right (S9; Fig. 3.6b). Medial STG (Fig. 3.6b)

showed a pattern of higher classification in the RH, with two subjects (S2 and S8) not classifying

significantly on the left and one on the right (S1) side. The difference ROI (Fig. 3.6b) showed

highest accuracies in the LH, on both the left and the right one subject showed no significant

classification (S3 and S2, respectively). Remaining areas showed similar patterns with above-

chance classification in most subjects and ROIs (Fig. 3.6b & Fig. S3.3): PT (9/7, number of

subjects with left/right hemispheres showing above chance classification), PP (9/8), aSTG (7/7),

and pSTG (7/8). For all subjects except S4 there was at least one of the ROIs for which no time-

points could be significantly classified (Fig. S3.3), as well as several ROI time-point combinations

during which no subject showed significant classification. There does not appear to be a trend

of specific time-points within subjects driving classification across ROIs, nor a clear underlying

regional differentiation in average BOLD signal allowing for explanation of classifier performance

differences (Fig. S3.4).

ROI-based Classification of Attended Instruments

We additionally tested whether the activation patterns within the ROIs, most notably in HG, en-

able the decoding of the attended instrument during the segregation trials, similar to the de-
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Figure 3.6: Temporal ROI Definition & Regional Classification Results. Example of left and right
hemisphere temporal ROIs in a single subject (a); the Difference ROI (see Fig. S3.2) was defined as all vox-
els differing between the full temporal-frontal IC-based ROI (see Fig. 3.3) and the overlap of all temporal
cortical anatomical ROIs (a). Classification results for integration versus segregation per ROI (b), display-
ing the group median of the highest uncorrected accuracy across a subject’s TRs (gray bars) along with
their respective pie-chart (green) indicating the percentage of subjects with at least one TR passing the
multiple-comparison threshold.

coding of the attended speaker in classical speech-based paradigms. Multivariate classification

with permutation-based inference was performed as described above, only now classifying at-

tention to bassoon versus attention to cello trials. When inspecting the number of subject’s with

at least one TR passing multiple-comparison correction (Fig. 3.7, green pie-charts), HG showed

significant above-chance classification at the α = .05 level for all except subject S3. Inspection

per hemisphere indicated a discrepancy between left and right, with the RH displaying signifi-

cant classification in 8 out of 9 subjects while the LH only showed such effect in 4 listeners. The

same trend can be observed in the HG’s median of the maximum accuracy across subjects (Fig.

3.7, gray bars), where HG on the right is among the ROIs with the highest accuracy.

Discussion

In this work, we combined high-spatial resolution functional MRI at 7 Tesla with a previously

validated psychophysical auditory scene analysis paradigm employing polyphonic music (see

72



Niels R. Disbergen

Figure 3.7: Classification Results for Bassoon Versus Cello. Displaying the group median of the high-
est uncorrected accuracy across a subject’s TRs (gray bars) along with a pie-chart (green) indicating the
percentage of subjects which had at least one TR passing the multiple-comparison threshold.

Disbergen et al., 2018, Chapter 2). During functional MRI measurements, subjects listened to

polyphonic music consisting of two instruments, while their locus of attention was changed be-

tween individual instruments or the aggregate (i.e., both instruments). Listeners were instructed

to detect a triplet pattern located in the second half of the stimulus (Fig. 3.1).

Behavioral scores showed that subjects completed the task at desired high performance levels.

Listener’s triplet detection capacity indicated they managed to segregate the instruments pre-

sented in the mixture. If segregation had not been achieved, correct responses to the presence

of triplets within single instruments would not have been possible, since unsegregated streams

would only differ as regards their rhythmic cues (i.e., tone on- and off-sets), based on which

triplet assignment to either of the two voices would not have been possible. With this paradigm

we aimed to investigate those cortical mechanisms allowing subjects to perceivemelodic voices

separately or integrate across them, even though the input arriving in their ear consisted solely

of their mixed waveforms.

For the current investigation we focused on the contributions of each individual’s (functionally

defined) frontal-temporal network to attentive music listening (Fig. 3.3), specifically studying its

modulationwhen subjects segregate or integratemusical voices. The results demonstrated that

within the temporal-frontal ROI there were no significant effects present in the GLM-contrast

maps, while attentional state could be classified above chance during the pre-target stimulus

window on an individual subject basis (Fig. 3.5). To allow further specification of regional in-

volvement within this network, we additionally investigated their contributions via anatomically

defined ROIs, most notably showing that effects can be reliably obtained as early as in Heschl’s
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Gyrus (Fig. 3.6). Observed changes probably originated further up-stream from auditory cor-

tex, driven by the cognitive differences which exist between the integration and segregation

conditions and fed back to lower-level regions. The regional results within the Difference ROI in-

dicated that both integration versus segregation and the individual segregation conditions can

be reliably decoded within these non-auditory areas.

Distributed Attentional Network Involvement

Attentive conditions could be decoded across the multitude of ROIs included in the frontal-

temporal IC (Fig. 3.7), suggesting that regions included in the fronto-temporal network are in-

volved in both a purely cognitive (integration vs. segregation) and more physically (bassoon

vs. cello) driven scene analysis task. Effects suggest that auditory areas form stimulus-driven

representations which are modulated by attention, potentially originating in medial and inferior

frontal cortical regions and displaying a flexible interaction between bottom-up and top-down

driven mechanisms. Supramodal models of top-down control and attention have previously im-

plicated extended front-parietal networks in similar tasks, which are typically separated into a

dorsal and ventral branch (Corbetta & Shulman, 2002; Corbetta et al., 2008; Corbetta & Shul-

man, 2011). General auditory-based figure-ground segregation plays an important role in ASA

and has been linked to these areas located outside of auditory cortex, more specifically the dor-

sal branch, implicating its involvement in a generalized top-down modulation of auditory corti-

cal sound representations (e.g., Bizley & Cohen, 2013; Griffiths & Warren, 2004; Hausfeld et al.,

2018; Shinn-Cunningham, 2008; Zatorre et al., 2002). Activity changes in the ventral branch

of this prefrontal network have been linked more to the task-driven processing of auditory ob-

jects (Cohen et al., 2009; Hill & Miller, 2010), suggesting this hub may serve as the origin of the

task-related modulations we observed here in (early) auditory cortex.

Regions typically comprised in our IC-based frontal-temporal network indeed show partial over-

lapwith those classified as part of the ventral network, suggested as an amodal attention system

(Corbetta & Shulman, 2002; Corbetta et al., 2008). The exact regional inclusion in the ventral

networkmay bemodality-specific and task-dependent, indicating the inclusion of posterior mid-

dle temporal gyrus and middle frontal gyrus as auditory-specific (Braga et al., 2013). In general,

frontal cortex appears to play an important role in the higher-level cognitive processeswhich are

an essential part of the ASA of complex sounds, allowing for the need of reliable and flexible rep-

resentations of task-relevant sounds. Frontal areas could fulfill such role by virtue of downward

projections of selective attention sources onto the auditory cortices, driving attention-based

filtering in these areas which in turn provide feed-forward information assisting in the mainte-

nance of representations along the cortical processing pipeline.
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Region Specific Involvement

In the absence of physical differences between the presented stimuli, we observed top-down

modulations of response patterns as early as in auditory cortex, including primary areas on HG.

Previous studies have mostly focused on the segregation aspect of auditory scene analyses

(e.g., Besle et al., 2011; Carlyon, 2003; Elhilali et al., 2009; Lakatos et al., 2013; Shamma &Micheyl,

2010; Sussman et al., 2007), while here we extended these observations into the music integra-

tion condition as well. We have demonstrated that activation patterns in HG still allowed for the

decoding of the attended instrument during the segregation trials, implicating that HG activity is

modulated by both bottom-up and top-down processing. During situations where the stimulus

is acoustically identical, the analysis requirements for integration and segregation tasks differ

strongly. When separating instruments, the neural populations representing the attended in-

strument, probably in a tonotopic fashion, could be enhanced while the unattended instrument

is unaffected or suppressed (e.g., Fritz et al., 2007b,a; Lakatos et al., 2013; O’Connell et al., 2014;

Da Costa et al., 2013). This is in line with previous work employing speech stimuli and demon-

strating that the representations of talkers are modulated in early auditory cortex (e.g., Golumbic

et al., 2013; Puschmann et al., 2018). An integrative task would require the attentional focus to

be pooled more across the same single-instrument neural populations previously up- and/or

down-regulated for segregation, hence creating neural conditions which would allow detection

of activation pattern differences with fMRI.

The capacity of our models to differentiate between the segregation conditions within HG, pro-

vides an indication that early auditory areas contribute to observed effects and its activity is

probably modulated by higher-order areas. Among the other temporal regions within which

effects were detected, PT plays a role in general sound segregation processing by virtue of

integrating both spectral-temporal and spatial information (Smith et al., 2010; Griffiths & War-

ren, 2002; Zatorre et al., 2002; Hausfeld et al., 2018). The PP and part of the anterior STG has

been demonstrated to perform a more music-specific role in auditory processing, potentially

in a right-lateralized fashion as well (Angulo-Perkins et al., 2014; Leaver & Rauschecker, 2010;

Norman-Haignere et al., 2013). Within the frontal parts of the network, the IFG is of special

interest due to its anatomical connections with both auditory belt and parabelt areas (Hack-

ett, 2011; Kaas & Hackett, 2000; Rauschecker & Tian, 2000; Romanski & Averbeck, 2009), as

well as its implication in generalized task-driven auditory processing (Atiani et al., 2014; Cohen

et al., 2009; Hill & Miller, 2010). The angular gyrus has been hypothesized as a cross-modal

attention-modulated combinatorial and integrative hub for multisensory information (for a re-

view, see Seghier, 2012), potentially contributing to both music perception and production. Re-

gional decomposition strengthens the observation that music ASA involves a combination of
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regions which have been classically observed in scene analysis paradigms and music percep-

tion, operating alongside a larger-scale generalized top-down driven auditory attention network.

Limitations and Considerations

Attending to a single instrument in a musical mixture is a task which could potentially be more

attentionally demanding than integrating the instruments, as typical music perception tends to

be multi-instrumental. We do not observe behavioral differences between conditions, neither

here nor in our larger-scale behavioral study (Disbergen et al., 2018, Chapter 2). However, this

might be due to ceiling effects and/or partial insensitivity of the performance metric; see Dis-

bergen et al. (2018, Chapter 2) for a more elaborate discussion. Importantly, we did not observe

an overall change in BOLD response between conditions, as supported by the observation that

GLM-contrast maps showed no significant effects, which would be expected in the case of large

attentive load differences.

Even though we employed individually-defined temporal ROIs based on each subject’s macro-

scopic anatomical landmarks, we cannot exclude that the HG-ROI contained non-primary audi-

tory cortical tissue, aside from cautions based on the continuing discussion of the in vivo defini-

tion of primary AC (e.g., Baumann et al., 2013; Moerel et al., 2014). While we demonstrated that

attentional modulations are reflected in large-scale cortical pattern changes, it is not possible

to disambiguate at which time-points or delays these are present, nor which underlying neural

changes may be driving the observed BOLD modulations.

Within the current work, we opted to acquire a large amount of functional and behavioral data

per subject while limiting the number of participants as compared to typical sample sizes em-

ployed in human neuroimaging studies. Imaging data collection at ultra-high-field and high-

resolution, provides improved sensitivity and specificity compared to the common lower fields,

lower-resolution, and limited within-subject data typically employed in human neuroimaging

(De Martino et al., 2018). Reduction of measurement error generally has a larger effect on

model identifiability compared to sampling error reduction, id est more data versus more sub-

jects, which appears to be independent of the signal to noise ratio (Kolossa & Kopp, 2018). In

the current set-up we acquired on average 6 hours of imaging data for each subject, roughly

equivalent to 3-4 subjects when employing common protocols. This increase in data quantity

and quality is employed to allow for optimized and advanced within-subject analysis strategies,

otherwise unfeasible with commonly acquired data-sets. Employing our analysis technique in

combination with individual subject-level permutation-based statistical corrections, we have

demonstrated significant effects in all of our participants alongside a significant group-level

inference. Moreover, although there were some differences in the detail of individual cortical
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activity patterns, there was a broad consistency across individuals which further supports the

validity of our results.

Conclusion

By virtue of a novel within-subject multivariate classification-based analysis approach, this work

has demonstrated that in music scene analysis, a large temporal-frontal network of sound-

responding cortical areas ismodulated by top-down attention. We showed that the task subjects

perform - integration or segregation of the instruments - can be decoded above chance across

most of the subject’s individually defined frontal-temporal network. The more classically investi-

gated sound segregation conditions (i.e., attending a single instrument), also remain decodable

above chance in a multitude of individual ROIs within this same network. Significant decoding

of attentional state was observed as early as in HG, contrary to previous studies which have

employed music stimuli. Current results extend the involvement of HG and its top-down mod-

ulation into the music realm, demonstrating effects similar to those previously shown for more

schematic scene elements, as well as the special-case scenario of speech. Future research into

the timing of these effects would allow insight into whether what we are observing here is re-

lated to the initial bottom-up driven analysis or modulations of ongoing sound-representations

being fed back to lower-level auditory areas.
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Supplementary Figures

Supplementary Figure 3.1: ROI Sizes. Number of voxels included in the full temporal-frontal network
(left-most) and all the ROIs (box = 25th percentile - median - 75th percentile; see Fig. 3.6 for ROIs.)

S1 S2 S3 S4 S5 S6 S7 S8 S9 Total

TR1 0.875 1.000 0.482 0.001 1.000 1.000 1.000 0.875 0.848 1

TR2 0.004 1.000 0.051 0.001 1.000 1.000 0.151 1.000 0.014 3

TR3 0.001 0.001 1.000 0.002 0.639 0.827 0.145 0.001 0.029 5

TR4 0.174 0.001 0.114 0.002 0.001 0.339 1.000 0.001 0.029 4

TR5 0.001 0.001 0.999 1.000 0.001 0.001 0.997 0.494 0.018 5

TR6 0.001 0.991 1.000 1.000 0.018 0.009 1.000 0.001 0.185 4

TR7 0.001 0.776 1.000 0.324 0.714 1.000 1.000 1.000 0.001 2

TR8 0.001 1.000 0.993 1.000 0.001 1.000 0.001 1.000 0.001 4

Total 6 3 0 4 3 2 1 3 6 -

Supplementary Table 3.1: Network Classification Results. Maximum permutation statistic corrected
p-values (p∗m) for each time-point and subject, indicating those TRs passing the α = .05 threshold with
gray boxes, as well as the total number of subjects/time-points meeting this criterion.
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Supplementary Figure 3.2: Difference ROIs. Displaying the Difference ROI overlap per subject. Re-
gions include all those voxels included in the frontal-temporal ROIs (Fig. 3.3) which are not part of any
anatomical temporal-ROIs (Fig. 3.6a).
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Supplementary Figure 3.3: Regional Classification Overview. Per subject integration versus segre-
gation classification accuracies passing multiple comparison correction (gray), separated for each ROI and
time-point.
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Supplementary Figure 3.4: Group ROI Signals. Group median Betas (in % signal change) per ROI
across all voxels and trials (box = 25th percentile - median - 75th percentile).
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”All you really need to know for the moment is that the universe is a lot more

complicated than you might think, even if you start from a position of thinking

it’s pretty damn complicated in the first place”

Douglas Noel Adams

4
Modulating cortical

instrument-representations during

auditory stream segregation and

integrationwith polyphonicmusic

Based on: Disbergen, N. R.†, Hausfeld, L.†, Valente, G., Zatorre, R. J., and Formisano, E. (to be

submitted). Modulating cortical instrument-representations during auditory stream segregation

and integration with polyphonic music. † equal contribution.
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Abstract

Music containing multiple instruments can be appreciated by focusing on all instruments simul-

taneously (i.e., integration) or on its individual entities (i.e., segregation). Here we investigated

the neural correlates of attentive listening to segregated or integrated music instruments us-

ing electroencephalography (EEG) and sound envelope reconstruction methods. We made use

of twenty uniquely composed music pieces played by bassoon and cello and a previously val-

idated behavioral paradigm for music auditory scene analysis (Disbergen et al., 2018, Chapter

2). Training both single- and multi-delay EEG-based decoders and examining their capacity to

reconstruct the music envelopes. During the segregation task, attended instruments could be

reconstructed better than unattended ones. This effect was present during a middle-latency

window for both the bassoon (170-270ms) and cello (150-200ms). In addition, an attention ef-

fect was found during a late window (320-370 ms) only when reconstructing the bassoon en-

velopes. During the integration task, neither delay-general nor delay-resolved models displayed

significant attentive modulations to the music envelopes. Subsequent analyses indicated that

this may be due to heterogeneous strategies listeners employ during the integration task. Re-

sults from the segregation task suggest that for polyphonic music scenes, the segregation of an

individual instrument (i.e., stream) is achieved through the top-downmodulation of the relevant

instrument’s neuronal representation, which occurs subsequent to an initial acoustically-driven

scene segmentation.
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Introduction

Listening to a sound of interest in an environment with multiple competing sounds represents

a common though challenging task which the auditory system solves seemingly without effort.

When this sound of interest is music, our auditory system is able to segregate it into its individual

components (or streams) which represent, for example, multiple simultaneously playing instru-

ments. The perceptual mechanisms for analyzing and resolving auditory (and musical) scenes

have been described in a comprehensive theoretical framework by Bregman (1990). Research in-

spired by Bregman’s theory has detailed the conditions under which acoustical scene elements

are segregated or integrated, driven by physical differences between sounds (i.e., bottom-up)

as well as by top-down mechanisms, among which the listener’s locus of attention (Besle et al.,

2011; Bregman, 1990; Brochard et al., 1999; Carlyon, 2003; Carlyon & Cusack, 2005; Cusack et al.,

2004; Lakatos et al., 2013; Shamma & Micheyl, 2010; Riecke et al., 2016; Sussman et al., 2007).

Here we focus on the contributions of top-down attentive processes to auditory scene analysis

(ASA) in the context of music listening, even though other cues, such as perceptual modula-

tions by previous exposure, form an essential part of top-down mechanisms as well (e.g., Bey &

McAdams, 2003; McAdams & Bregman, 1979; Bregman, 1990).

Most studies investigating ASA mechanisms have employed simple auditory scenes such as

pure tones in noise or alternating tone sequences (for reviews see, Alain & Bernstein, 2015; Breg-

man, 1990, 2015; Carlyon, 2003; Ciocca, 2008). Since the auditory system has been optimized to

process sounds that are relevant for behavior, naturalistic auditory sceneswith ecologically valid

stimuli are very valuable to gain a better understanding of ASA (for a review, see Theunissen &

Elie, 2014). To date, most research on ASA with naturalistic stimuli has focused on language and

employed multi-speaker environments in combination with selective attention tasks. Several

studies used these paradigms in conjunction with magnetoencephalography (MEG), electroen-

cephalography (EEG), or electro-corticography (ECoG) and identified effects of selective atten-

tion using sound envelope tracking/reconstruction methods (e.g., Crosse et al., 2015; Dijkstra

et al., 2015; Ding & Simon, 2012b; Kerlin et al., 2010; Kubanek et al., 2013; Nourski et al., 2009;

O’Sullivan et al., 2015). This research showed that for scenes containing two simultaneous speak-

ers, the attended speech could be better reconstructed as compared to the unattended speech

(Ding & Simon, 2012b,a; Mirkovic et al., 2015) at delays of approximately 100ms onwards (Haus-

feld et al., 2018; O’Sullivan et al., 2015; Power et al., 2012). This suggests an attention-mediated

biasing mechanism which enhances the neural representation of the relevant speech stream

after an initial acoustical analysis of the sound mixture.

The investigation of multi-speaker scenes has provided insight into the processing of speech,
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however a generalization of these mechanisms to auditory scenes including sounds other than

speech is not straight-forward and requires additional investigations (e.g., Alho et al., 2014). Mu-

sic, especially when containing multiple instruments (i.e., polyphonic), is very well suited for the

investigation of ASA in naturalistic and complex listening scenarios. Polyphonic music contains

rich but acoustically well-controlled soundmixtures with a continuously varying degree of spec-

tral and temporal overlap. Furthermore, multi-instrument music allows for the study of both the

typical segregation aspect of ASA as well as the less investigated integration condition.

Schaefer et al. (2011) demonstrated, in musically experienced participants, that there is a high

correlation between the evoked response potentials (ERPs) and the envelopes of the musical

stimuli, mostly at 70-100ms after stimulus onset. They proposed that these correlations are

representative of bottom-up processing potentially occurring outside the focus of attention.

Treder et al. (2014) reported similar effects, even though during later times, around 200ms

post-stimulus onset. They compared ERP responses for attended and unattended instruments

within multi-instrument music which contained standard or deviant structures in the individ-

ual instruments. Results suggest that higher-level cortical processing influenced the ongoing

sound representations, specifically of the to-be-attended instrument. Taken together, these

studies indicate that music envelopes are represented in the EEG signal and are, similarly to

speech, modulated by attention during later time-windows. These studies should be interpreted

with caution since investigations of music stream representation and attentive modulation have

mostly focused on expert musicians, who typically display modified listening behavior as com-

pared to non-musicians (e.g., Puschmann et al., 2018; Coffey et al., 2017). Very few studies have

investigated the processes involved in auditory stream integration, and even less have used

music stimuli in their investigation (Deutsch, 2013; Disbergen et al., 2018; Ragert et al., 2014;

Sussman, 2005; Uhlig et al., 2013).

In our functional magnetic resonances imaging (fMRI) study employing a music ASA paradigm

(Chapter 3), we demonstrated that integrating or segregating music instruments, as well as fo-

cusing attention on only one of the instruments, resulted in differential cortical activity patterns

in a large frontal-temporal network of sound-responding cortical regions. This network included

several regions early in the auditory processing hierarchy, such as Heschl’s gyrus (HG). Even

though fMRI is well suited to localize the effects of attention, it is lesswell suited to determine the

time-course and order of effects. For example, results in HG could have originated from both an

early modulation of the initial bottom-up driven sound analysis as well as later top-down driven

mechanisms that influence sustained responses in HG through feedback. Here we aimed to in-

vestigate these same attention effects with a high temporal resolution and identify when these

attentive effects take place. To this end, we employed a previously validated psycho-physical

paradigm (Disbergen et al., 2018, Chapter 2) in combination with an EEG envelope-based neural
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tracking method (Hausfeld et al., 2018). Non-musicians performed a task requiring stream seg-

regation or integration of custom-composed polyphonic music pieces, attending either single

instruments or integrating across them.

During the segregation condition, we expected higher reconstruction accuracy when an instru-

ment was attended to as opposed to unattended. Effects were predicted at delays beyond

100ms due to earlier windows mostly representing initial bottom-up mechanisms, driving the

stimulus processing based on acoustical features. Effects during early delay windows could ad-

ditionally contain preparatory top-down influences, the segregation of which from bottom-up

mechanisms is not possible with the current design. In general, early windows are not expected

to be strongly biased by attentive mechanism, albeit subtle modulations may already take place

(e.g., Poghosyan & Ioannides, 2008; Woldorff & Hillyard, 1991). Integration of instruments was

hypothesized to differ from segregation mostly regarding its timing, since integration is typi-

cally understood as a cognitively higher-level task as compared to segregation, hence potential

differences are expected to emerge during later delay-windows for instrument integration as

compared to segregation.

Methods

Subjects

Nineteen adult volunteers (10 women; age 23.9 +/- 3.3 years,mean +/- standard deviation) with

self-reported normal motor and vision abilities participated in this study. All subjects displayed

normal hearing thresholds (<25 decibels Hearing Level), as measured via pure-tone audiometry

in both ears at frequencies of 0.25, 0.5, 0.75, 1.0, 2.0, 3.0, 4.0, and 6.0 kHz. None of the partic-

ipants spoke a tonal language and all had less than two years of (formal) musical training on a

lifetime basis with instruments which were not bassoon or cello, as assessed via the Montreal

Music History Questionnaire (Coffey et al., 2011). Volunteers weremostly students recruited from

Maastricht University and provided written informed consent in accordance with the protocol as

approved by the Maastricht University Ethics Review Committee Psychology and Neuroscience

(#167_09_05_2016). Five subjects were excluded from the EEG analysis due to low behavioral

performance metrics in one or multiple conditions, hence subsequent analyses were performed

on 14 participants (see also Fig. S4.1).
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Figure 4.1: Experiment Design. Different triplet versions for each music composition (a): upper voice
(i.e. bassoon; blue notes), lower voice (i.e. cello; green notes), crossing voices (red notes), no triplets. Trial
buildup (b) with 28s stimulus, 2s response window, and 1.5s silence. Trials were presented in attentive
blocks of 10 stimuli each and preceded by a visual attention instruction and silence.

Stimuli

In this experiment we employed a previously validated psychophysical paradigm for the study

of ASA with multi-instrument music. For the reader’s convenience, we include an overview be-

low while an in-depth discussion of the stimuli, task, training, and a demonstration of its validity,

including its use with non-musically trained subjects, can be found in Disbergen et al. (2018,

Chapter 2). Twenty custom-composed polyphonic counterpoint music pieces (28s duration)

consisting of two instrument voices were synthesized for bassoon (treble clef) and cello (bass

clef) at a tempo of 60 beats per minute. Melodies were synthesized independently for bassoon

and cello from Musical Instrument Digital Interface (MIDI) files, with a sampling rate of 44.1 kHz

and a 16 Bits resolution in Logic Pro 9 (Apple Inc., Cupertino, California, USA). Resulting stim-

uli were post-hoc combined into polyphonic pieces with Root Mean Square (RMS) equalization

and their onsets and offsets exponentially ramped with a rise-fall time of 100ms. All stimulus

processing and manipulation aside from synthesizing was performed with custom-developed

MATLAB codes (The MathWorks Inc., Natick, Massachusetts, USA).

We aimed to examinemodulations of amusical instrument’s neural representations by both com-

paring the integration versus segregation listening conditions as well as attended versus unat-

tended within the segregation conditions. To achieve these different listening contexts under

fixed acoustic circumstances, we varied the listener’s focus of attention using a temporal detec-

tion task, whichwas implemented through rhythmicmodulations incorporated in the polyphonic

music (see Disbergen et al., 2018, Chapter 2). Modulations comprised four consecutive triplets

(total duration 4s), each containing three eighth notes played in one single beat and carefully

integrated into the melodic structure (see Fig. 4.1a). Patterns of four consecutive triplets could

be located in the upper voice melody (i.e., bassoon; Fig. 4.1a, blue notes), lower voice (i.e., cello;

Fig. 4.1a, green notes), across voices (Fig. 4.1a, red notes), or not be present. If triplets were

located across instruments, they started randomly in bassoon or cello and alternated voices ac-
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cordingly, while patterns present in a single voice were only locatedwithin that respective instru-

ment. Triplets were always incorporated in the second half of the melodies, pseudo-randomly

starting between 14 to 19s after music onset, resulting in stimuli which were physically identical

up until triplet occurrence. Temporal modulations in the form of triplets were chosen due to

their orthogonality towards pitch based segregation mechanisms, facilitating their detection by

listeners with little to no musical training.

Paradigm

Listeners were instructed to complete a forced-choice delayed-response target detection task

within or across instruments, attending the same instrument(s) during an attention block of 10

consecutive trials (Fig. 4.1c). Each trial comprised the music stimulus of 28s, a 2s response

window, and a 1.5s silence (Fig. 4.1b). A visual instruction was presented before the beginning

of each attention block, cuing which instrument(s) to attend: bassoon, cello, or aggregate (i.e.,

both instruments; Fig. 4.1c). After the stimulus ended, listeners responded via a button-press

whether the triplet pattern was present in those instrument(s) they were instructed to attend.

Stimuli were presented pseudo-randomly in sets of three consecutive attention blocks of 10 tri-

als each, covering all three attention conditions. This three-block scheme was repeated four

times, covering all stimuli under all attention conditions twice, hence resulting in two fully bal-

anced experiment repetitions. Each attention block of 10 trials contained five control-trials with

triplets located either in the unattended instrument or no triplets present. For the bassoon and

cello conditions, the inclusion of five control-trials resulted in an uneven distribution of no-triplet

and opposite-to-attention-voice trials. To mitigate possible effects caused by this imbalance,

the number of trials of each version was alternated between experiment repetitions, three-four

or four-three. When attending to both instruments, only control trials containing no triplets were

employed.

Due to the limited musical education of participants, they were first subjected to a training ses-

sion during which they listened to music slowly increasing in complexity, initiating with scales

including individual triplets and completing with melodies containing the triplet patterns and

at equal complexity as the actual experiment; for training details see Disbergen et al. (2018,

Chapter 2).

EEGData Acquisition & Preprocessing

Electroencephalographic scalp-data was recorded in an electrical and sound insulated chamber

from 63 electrodes using BrainAmp amplifiers (Brain Products, Munich, Germany) in a modified

10-20% electrode system (EasyCap, montage 11) and referenced to electrode TP9. The vertical
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and horizontal electro-oculogram (EOG)were recorded from electrodes placed below and next to

the right eye. During acquisition, the electrodes’ impedance was kept below 5kΩ, the EEG signal

was bandpass-filtered with an analog filter at cutoffs 0.01 and 200Hz and digitized at a 500Hz

sampling rate. EEG data preprocessing was performed using the EEGLAB toolbox (Delorme &

Makeig, 2004) in MATLAB and custom MATLAB codes. Preprocessing steps included band-pass

filtering with a finite impulse response (FIR) filter at cutoffs 0.5 and 45Hz, re-referencing to an

average electrode reference, and epoching from 1-28s relative to the onset of the auditory stim-

ulus. Epoched data was fed to an independent component analysis (ICA) for artifact removal,

employing the EEGLAB runica() function. Component estimation was followed by a manual def-

inition of artifact components containing eye movements, blinks, muscle activity, and channel

noise. EOG and component statistics were employed to aid artifact identification. For each par-

ticipant, artifact componentswere removed (4.7 +/- 1.9, groupmean +/- standard deviation) and

data from remaining components back-projected into sensor space. Finally, the signal across

all channels was band-pass filtered between 2-8Hz in order to extract the slow-fluctuating sig-

nals typically employed in analysis methods tracking neural responses to continuous acoustical

input (Mirkovic et al., 2015; O’Sullivan et al., 2015). Following Di Liberto et al. (2015), who demon-

strated that for segregating speech stimuli the envelope tracking performance with EEG was

highest in the δ- (1-4Hz) and θ-bands (4-8Hz), we additionally assessed the tracking of individ-

ual frequency bands by band-pass filtering the EEG signal with FIR-filters into δ, θ, α (8-15Hz),

β (15-30Hz), and γ (30-45Hz) bands.

Analysis

Behavioral Analysis & Sound Envelope Estimation

Behavioral responses were classified as hits, misses, false alarms, and correct rejections per

condition, and, due to possibly differing number of trials across subjects, reported as percent

accuracy. Sound onset envelopes were extracted from the music stimuli and were used in com-

bination with EEG data to train a sound-envelope model E (i.e., decoder) separately for bassoon

(Eb) and cello (Ec; Fig. 4.2). To this end, measured EEG data was re-epoched from 2-14s to

exclude activity related to both initial streaming processes or motor responses as well as any

possible modulations caused by the presence of triplets in the second half of the stimulus (see

Stimuli). Sound envelopes were extracted by determining the absolute Hilbert transform of each

instrument independently and passing the resulting signal through a low-pass filter with a cut-

off of 8Hz, of which the derivative was taken and half-wave rectified; see Hausfeld et al. (2018)

for a similar approach. Such processing emphasizes short-term sound intensity fluctuations,

salient in both the ongoing low-frequency EEG signals as well as in music (Hertrich et al., 2011;
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Figure 4.2: Sound Envelope ReconstructionMethod. Envelopes were extracted from each instru-
ment’s waveform via an absolute Hilbert transform, its derivative was employed to estimate both single-
delay and multi-delay envelope models on N-1 training trials. To assess generalization, the estimated en-
velope model was used to predict the sound envelope of the single unseen trial and its output correlated
with the trial’s actual sound envelope. Multi-delay models provided output in a single correlation value en-
compassing the evidence of all delays between 0-400ms (10ms step-size), while the single-delay models
generated a correlation for each individual delay between -200ms to 500ms (10ms step-size).

Petersen et al., 2017; Fiedler et al., 2017); for brevity, we will refer to sound onset envelopes as

sound envelopes unless specification is required.

Sound Envelope Modeling

Similar to previous EEG studies investigating envelope reconstruction (e.g., Mirkovic et al., 2015;

O’Sullivan et al., 2015; Fuglsang et al., 2017), we adopted a deconvolution approach which fits,

for each trial k, a multi-delay model g (i.e., decoder) using the sound envelope Ek and EEG data

Xk from 63 channels across 41 delays between 0-400ms (i.e., 10ms step-size). The convolution

kernel gk was estimated by L2-regularized least-squares regression:

gk = (XT
kXk + λI)−1XT

kEk (4.1)

Regularization was performed using the identity matrix I, with the regularization parameter set

to λ = 104 for both tasks and for all participants; this choice was based on a previous study by

Hausfeld et al. (2018). The EEG data matrix Xk was constructed by concatenating the responses

of all EEG channels and delays for the presented sound envelope at each individual time-point

t, resulting in gk with dimension 1201 (time points) x 2583 (channels x delays). Independent

test data and sounds were employed to evaluate models on their generalization capacity to

reconstruct/predict the onset envelopes from unseen bassoon, cello, or aggregate tracks (Êb,

Êc, and Êa respectively). Model prediction and matches to sound envelopes from the test data
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sets were assessed with Pearson’s correlation coefficient r (Ding & Simon, 2011; Mirkovic et al.,

2015; O’Sullivan et al., 2015). Generalization performance was tested within a leave-one-trial-

out scheme, averaging the N-1 decoders of the training trials and applying this to the EEG data

of the remaining test trial; this procedure was repeated for all trials and the correlations were

averaged. The decoder gi applied to test trial i was estimated as

gi =
1

N− 1
∑
j ̸=k

gj (4.2)

reconstructing the unseen trial’s envelope Êi by convolution

Êi = giXT
i (4.3)

Envelope Model Estimation & Statistical Comparison

Within the segregation conditions, we computed models for bassoon and cello independently

across all respective trials. This resulted in four different decoders: bassoon in the attention to

bassoon task (Êb
b), cello in the attention to bassoon task (Êb

c), and vice versa (Êc
b and Êc

c, respec-

tively). For the aggregate condition (Êa) we estimated the decoders based on the envelopes of

both instruments combined.

Statistical comparisons of potential task or decoder differences for the multi-delay models were

performed by virtue of non-parametric Wilcoxon signed-rank tests. In order to gain insight into

those EEG delays which contribute to envelope decoding, we adopted an identical approach as

above, only restricting training and testing to single delays as opposed to multiple ones. Such

approach resulted in Xk representing the measurements of all channels for all time points, only

at one single delay. In total 71 single-delays were tested between -200 and 500 ms; differences

betweenmodels were assessed by employing a Wilcoxon signed-rank test and subsequent mul-

tiple comparison correction by a cluster-size based permutation test (Maris & Oostenveld, 2007).

Specifically, we tested for each delay whether two conditions differed significantly using the

Wilcoxon’s sign-rank test (p < .05) and then summed the corresponding z-values of consecu-

tively significant delays to obtain for each cluster its zsum. These values were then compared

to an empirical null-distribution obtained by permuting labels of conditions for each participant

(nperm = 214). For each permutation, clusters of significant differences were determined and

the maximal zsum values were extracted. This process was repeated for all permutations, each

contributing a single measure to the distribution of zsum values under chance given the data.

Comparison of true-label valueswith this distribution resulted in a probability estimate corrected

for multiple comparison, and those clusters which passed the p < .05 threshold were labeled
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Figure 4.3: Group Behavioral Results. Accuracies across all condition trials for included subjects; box =
25th percentile - median - 75th percentile.

as significant. The EEG tracking capacity for music within frequency bands was assessed as

described for multi-delay analysis, only limiting data to the δ, θ, α, β, and γ ranges.

Empirical chance level performance of the decoding models was estimated by performing the

analysis as discussed, albeit with phase-scrambled versions of the stimuli (nscr = 104). Such an

approach keeps the frequency components of the envelopes constant. Average model perfor-

mance obtained from these scrambled envelopes was compared to the non-scrambled recon-

struction capacities. Note that if instrument envelopes were to be permuted instead, chance

level would be overestimated due to the preservation of temporal note onsets between trials (cf.

Stimulus section; Disbergen et al., 2018, Chapter 2).

In order to attempt a further disentanglement of thosemechanisms at play during the integrative

condition, the aggregate single-delay reconstruction time-course (ragg) for each participant was

fitted from a linear combination of the individual instrument reconstruction single-delay time-

courses obtained during the aggregate task (rab and rac) using ordinary least-squares estimation:

ragg = β0 + βbr
a
b + βcr

a
c + ε (4.4)

where β0, βb, and βc weigh a constant and both instrument time courses, respectively.

Channel Contributions

To gain insight into which EEG channels contributed to the segregation condition’s reconstruc-

tion capacity, we adopted a leave-one-channel-out approach for the single-delay models. Re-

construction of sound envelopeswas achieved identically as above, only leaving one channel out

for each iteration. Single-delay decoders for trial k were trained on data Xc
k (1201 [time points] x

99



Chapter 4 : Attentive Modulation of Music Envelope Reconstruction

Figure 4.4: General Attended and Unattended Reconstruction Results. Multi-delay model recon-
struction correlations (a) for attended (dark gray) and unattended (light gray) instruments, showing a sig-
nificant difference (p = .035). Average empirical chance-level estimation displayed as superimposed black
waves. Single-delay plots (b) displaying a significant time-resolved difference between attended (thick
black solid line) or unattended (thick black dashed line) instruments during 150-220ms (*, p = .001) and
320-360ms (**, p = .036). Difference between attended and unattended reconstruction as thin gray line.
Average chance-level estimations as thin solid black (attended) and thin dashed black (unattended) lines.

2542 [62 channels x 41 delays]), where c denotes the index of the left-out channel. Reconstruc-

tion correlations of the leave-one-channel-out datasets were compared with the all-channel

data and their difference mapped to scalp topographies. A lower reconstruction accuracy of the

left-out model results in negative values in the topographies and indicates that the respective

channel possesses information relevant for the model’s observed sound envelope reconstruc-

tion.

Results

Behavior

Subjects completed the experiment at high accuracy for all attention tasks: aggregate (.93 [.85

1.0],Median [Inter Quartile Range]), bassoon (.85 [.75 .94]), and cello (.90 [.81 .95]; Fig. 4.3). Errors

resulted from a decrease in Hit rates alongside an increase in False Alarm rates, hence errors

were generated equally across both of these categories, indicating there was no participant bias;

comparison of false alarms from trials containing triplets in the unattended instrument versus

those with no triplets present did not show differences.
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Figure 4.5: General Attended and Unattended Instrument Reconstruction Results per
Frequency-band. Multi-delay model reconstruction correlations for attended and unattended instru-
ments per EEG frequency band: delta (δ, 1-4Hz), theta (θ, 4-8Hz), alpha (α, 8-15Hz), beta (β, 15-30Hz), and
gamma (γ, 30-45Hz). Showing model reconstruction capacity in the δ, θ, and α bands, with only a signifi-
cant difference between attended and unattended conditions for the Theta band (p = .030).

Sound Envelope Tracking of Music

To examine whether there was a generalized effect on the neural representation of the attended

instrument in the segregation conditions, we analyzed the data pooled across both instruments

when attended vs. unattended. Correlating the envelope predictions obtained by the multi-

delay models to the envelopes of test-trials, revealed that - during segregation trials - the at-

tended (rz = .1069±.008;mean±s.e.m.) vs. unattended (rz = .096±.007) instruments displayed

significantly better reconstruction of the former (z = 2.103, p = .0355, x̃att−unatt = .012, Wilcoxon

signed-rank test; Fig. 4.4a). Single-delay model correlations for the same effect indicated sig-

nificantly higher reconstructions for the attended instruments at 150-220ms (p = .001) and at

320-360ms delay windows (p = .036, cluster-size based permutation test; Fig. 4.4b). Additional

analysis separating the EEG data into frequency-bands indicated that, similar to speech stimuli,

the tracking of attendedmusical instrumentswas best in the low frequency bands (Fig. 4.5), with

better tracking for the θ- (rz = .099± .008) compared to the δ-band (rz = .087± .007; z = 2.354,

p = .0186, x̃θ−δ = .014). In addition, only the θ-band showed enhanced tracking of attended ver-

sus unattended instruments (z = 2.166, p = .030, uncorrected, x̃att−unatt = .011). The tracking

of instruments within higher EEG frequency bands was considerably lower (α: rz = .024± .004)

or absent (β- and γ-band) and no attention effects were present (p ≥ .43, uncorrected).

Additional investigations were performed into whether attended versus unattended reconstruc-

tion effects differed per instrument. Models were estimated separately for each instrument

when attended or unattended, for example reconstructing bassoon during the attend to bas-

soon task versus the bassoon during the attend to cello task. Overall, multi-delay reconstruction
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resulted in significantly higher envelope tracking for the bassoon compared to the cello instru-

ment, both when instruments were attended (z = 3.296, p < .001, x̃b−c = .086) or unattended

(z = 3.296, p < .001, x̃b−c = .077). For instrument tracking with multi-delay models, signifi-

cantly higher tracking was found for the bassoon during the bassoon task versus the cello task

(z = 2.4797, p = .0132, x̃ = .013; Fig. 4.6a, left-hand columns), while the attention effect for

the cello was not significant (z = 1.1614, p = .2456, x̃ = .010; Fig. 4.6a, right-hand columns).

Single-delay analysis showed that the bassoon was reconstructed better when attended dur-

ing two delay windows, namely 170-270ms (p = .001) and 320-370ms (p = .029; Fig. 4.6b, left

frame). The cello displayed a higher reconstruction correlation while attended only at delays

150-200ms (p = .009; Fig. 4.6b, center frame), which is comparable to the first interval for the

bassoon.

The topographical contribution of EEG channels to the reconstruction of sound envelopes per

instrument was obtainedwith a leave-one-channel-out approach, demonstrating that channels

at temporal sites contributed most to the reconstruction (Fig. 4.6c). Additionally, topographies

were very similar when an instrument was attended or unattended to (Fig. 4.6c).

Contrary to our hypothesis, reconstruction of aggregate time courses was not significantly bet-

ter when the aggregate was the target as opposed to when only one of the instruments was

attended, neither for multi-delay nor single-delay models (Fig. 4.7). Fitting of the aggregate

single-delay reconstruction time-course for each participant with a linear combination of the in-

dividual instrument reconstruction time-courses obtained during the aggregate task (see Meth-

ods) suggested two distinct subgroups of subjects. A first subgroup showed similar coefficients

for the bassoon (βb) and the cello (βc; N = 5; Fig. S4.2a, red stars; β̄b = .608 and β̄c = .599); a

larger second group had higher coefficients for the bassoon compared to the cello (N = 9; Fig.

S4.2a, blue squares, β̄b = .752 and β̄c = .361). Inspection of their respective single-delay aggre-

gate condition reconstruction (Fig. S4.2b) showed significant differences between the groups

during a very late delay window (400-450ms), potentially indicating distinct cognitive strategies

to aggregate perception. No differences in behavioral performancewere found between the two

groups.

Discussion

In this work, we combined a previously validated ASA behavioral paradigm employing polyphonic

music (Disbergen et al., 2018, Chapter 2)with EEG-based sound-envelope trackingmethods (see

Hausfeld et al., 2018, for a comparable approach) to investigate the contribution of top-down

attention mechanisms to ASA. During EEG recordings, subjects were asked to detect a triplet

102



Niels R. Disbergen

Figure 4.6: Attended and Unattended Reconstruction Results Separated per Instrument. Multi-
delay model correlations (a) between reconstructed envelopes and test sounds for each condition when
attended (dark gray) or unattended (light gray). Bassoon and cello reconstruction for trials trained on bas-
soon (left two bars) and on cello (right two bars), showing a significant difference between attended and
unattended trial correlations for the bassoon instrument (p = .013) and not for the cello (p = .245). Av-
erage chance-level estimation displayed as superimposed black waves. Single-delay plots (b) showing a
significant time-resolved difference for bassoon reconstruction during the 170-270ms (p = .001) and 320-
370ms (p = .029) window. Cello reconstruction difference was found only during the 150-200ms window
(p = .009). Difference between attended and unattended reconstruction as thin pink lines. Thin horizon-
tal wavy lines within the plot indicate the average empirical chance-level estimation. Horizontal lines in
the negative indicate those time-points significantly differing from chance. Topographical representation
(c) of correlation change for the leave-one-electrode out analysis of both the attended and unattended
conditions for each instrument during the significant delay-windows. Showing similar attended and unat-
tended topographies for both instruments.

pattern located within or across a bassoon and cello instrument (Fig. 4.1).

Summary of the results

Results indicated that the EEG signal tracked the sound envelope of musical instruments, while

across instruments the envelopes of the to-be-attended instrument was reconstructed better

than those of the unattended instrument. These effects were restricted to the delay windows of

150-220ms and 320-360ms (Fig. 4.4). Separation on a per-instrument basis revealed that for

multi-delaymodels only the envelopes of the bassoonwere reconstructed betterwhen attended

to as opposed to unattended (Fig. 4.6a). In the case of time-resolved (i.e., single-delay) models,
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Figure 4.7: Attended and Unattended Aggregate Reconstruction Results. Multi-delay model re-
construction correlations during the aggregate condition (a) for the aggregate (gray), bassoon (blue), and
cello (green), displaying no significant differences between reconstruction capacities. Average chance-
level estimation displayed as superimposed black waves. Single-delay models (b) showing reconstruction
capacity for the aggregate (black solid line), bassoon (blue dashed line), cello (green dashed line), and dif-
ferences between aggregate and the bassoon or cello reconstruction (thin light-gray and dark-gray lines,
respectively). Thin horizontal wavy lines within the plot indicate the average empirical chance-level esti-
mation. Horizontal lines in the negative indicate those time-points significantly differing from chance.

results showed that both bassoon and cello representations were modulated by the task during

a middle-latency window of 170-270ms for bassoon and 150-220ms for cello (Fig. 4.6b). In

addition, we found that bassoon envelope tracking was modulated by task during an additional

late-latency window of 320-370ms (Fig. 4.6b). Decoding model topographies indicated that

temporal channels contributed strongest to observed effects, while topographies were similar

for instruments when attended to or not (Fig. 4.6c). In contrast to our hypothesis, we did not find

an attention effect for aggregate reconstruction, showing that, for both multi-delay and single-

delay models, the aggregate and individual instrument envelopes were similarly reconstructed

during the aggregate task (Fig. 4.7).

StreamSegregation of Instruments and Speakers

Most previous studies employing EEG-based tracking of sound-envelopes examined speech

segregation in multi-speaker environments and found that physically driven mechanisms dom-

inate effects at delays below approximately 100ms. For example, those examining temporal

response functions (e.g., Crosse et al., 2015), showed that initial peaks below 100ms were not

modulated by attention, whereas they were by acoustical changes (Ding & Simon, 2012a,b). In

addition, works examining the processing ofmultiple unattended sounds provided evidence that

during delays below 100ms, unattended sounds remain segregated based on their acoustics,
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while they get merged based on other factors only during later processing stages (Hausfeld

et al., 2018; Puvvada & Simon, 2017). Consistently, the present study found that modulation by

attention mainly occurred during later stages of auditory processing. In early processing win-

dows envelope reconstruction accuracy was high but similar in the attended and unattended

condition. This result is in agreement with the aforementioned speech-based ASA studies and

provides a complimentary observation, suggesting similarities between speech and music re-

garding the early-late bisection of attentional selection. Differences between speech and mu-

sic stimuli were observed mostly in the later delay windows, potentially representing top-down

mechanisms from later cortical processing stages projected onto the ongoing stimulus repre-

sentations.

At those time-points during which there was a significant difference between attended and

unattended envelope reconstruction accuracy for individual instruments, we did not observe

topographical changes when the instrument was attended to or not. The single-delay recon-

struction shapes, both for general as well as instruments specific effects, were very similar be-

tween the attended and unattended condition, appearing to be enhanced when sources are

attended. Taken together, these observations suggest that these effects reflect modulations

of a similar cortical network, which possibly relates to the temporal-frontal network observed

in our fMRI study (Chapter 3). That work showed that the listener’s attended instrument could

be decoded above chance at the individual subject level from the activity of frontal-temporal

auditory networks, comprising large sections of the superior and medial temporal gyrus (STG,

MTG), including the HG, planum polare (PP), and planum temporale (PT), sections of the inferior

parietal lobe including the angular gyrus (AG), as well as varying portions of the medial and infe-

rior frontal cortex among which the inferior frontal gyrus (IFG). Based on these observations, the

attention modulations detected in the present study are potentially located in auditory cortex,

originating from the medial and inferior frontal cortical regions or, alternatively, relate to more

localized feedback-mechanisms within or outside of auditory areas. Described regions in the

temporal-frontal network have previously been implicated in the ventral branch of the atten-

tion system, which in audition has been linked to the task-driven modulation of auditory objects

(Corbetta & Shulman, 2002; Corbetta et al., 2008; Corbetta & Shulman, 2011; Cohen et al., 2009;

Hill & Miller, 2010). Based on the inferior parietal lobe’s role in music scene analysis, attention-

related effects observed here during later delay windows could potentially contain parietal con-

tributions which were not, or to a lesser extend, present during the earlier windows. Parietal

areas have been implicated in supramodel models of top-down control and attention while per-

forming comparable tasks (e.g., Corbetta & Shulman, 2002; Corbetta et al., 2008; Corbetta &

Shulman, 2011). General task activation changes as well as integration versus segregation task

differences in musicians have been observed, among others, in the intraparietal sulcus (IPS;
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Janata et al., 2002; Ragert et al., 2014). The role of angular-gyrus sections has been hypothe-

sized as an attention-modulated multisensory integrative hub (e.g., Seghier, 2012). The IPS has

been hypothesized as one potential site for the origin of top-down control of auditory cortices

during auditory scene analysis (e.g., Cusack, 2005; Teki et al., 2011). Within such larger-scale

network, the parietal areas may also be involved in coding the temporal structures of auditory

scenes (e.g., Sohoglu & Chait, 2016). In general, parietal regions appear to be part of larger-scale

interactive network between auditory cortices and other non-auditory regions, associated with

many complex cognitive tasks, among which musical processing.

Observation of the relatively late first occurrence of attention effects suggests that there are

contributions of feedback processes to the representation and processing of music streams in

a multi-instrument environment. One possible interpretation points towards a dual-stage con-

tribution of the (early) auditory areas, a first acoustically (i.e., bottom-up) driven feed-forward

analysis followed by top-down feedback modulations from higher-level auditory or frontal ar-

eas. Providing there are sufficient physical differences between sounds, stimulus segregation

would represent the initial feed-forward driven analysis, after which attention may interact with

these ongoing bottom-up processes in these areas. Effects demonstrated here support the

re-entrant activity models of stimulus representation, where active listening would modulate

feedback interactions between the primary and non-primary areas, driving adaptive neuronal

selection (for a review, see Gilbert & Sigman, 2007). On a network-scale, ASA probably involves

a task-dependent multi-level analysis of the stimulus with a dynamic interplay between the

bottom-up and, among others, attentive mechanisms (for a review, see Sussman, 2017).

Polyphonic Music Perception

Different theories of polyphonic music perception have been proposed, among which are the

divided attention (Gregory, 1990) and the figure-ground model (Sloboda & Edworthy, 1981). The

former suggests subjects truly divide attentional resources over the differentmelodic lines, while

the latter poses that undivided attention is focused only on single melodic lines and polyphonic

perception is achieved by rapidly alternating betweenmelodic streams. A third dominant theory,

which may potentially co-exist with the previous, suggests that listeners perform a true integra-

tion of the melodies leading to merged perception (Bigand et al., 2000). Prominent bottom-up

cues which are employed in the formation of music streams are (instrument) pitch and timbre

(e.g., Bregman & Pinker, 1978; Cusack & Roberts, 2000; Deutsch, 2013; Marozeau et al., 2013;

McAdams, 2013a,b; Wessel, 1979). Musical notes of the same instrument are potentially first

grouped based on combinations of these specific bottom-up cues, followed by interactions with

top-down mechanisms.
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Shapes of the single-delay reconstruction curves from the aggregate condition very much re-

sembled that of the bassoon instrument, suggestive of a perceptual dominance for this instru-

ment. From a music-theoretical perspective, the cello tends to be perceptually subordinate

(Crawley et al., 2002; Palmer & Holleran, 1994), potentially explaining such observation. Even

though we cannot provide a direct investigation into the perceptual strategies of participants,

the aggregate reconstruction results hint at what subjects may potentially be employing. Dur-

ing aggregate reconstruction we did not find an attention effect, we did however discover two

distinct subgroups of subjects with regards to their aggregate reconstruction fit regression beta-

values. A first group displayed equivalent values for each instrument, while a second had a

clearly stronger bassoon-weighing. One of the possible interpretations could be that these two

groups differ as regards their aggregate condition perception strategies. Since the second group

displayed a bassoon bias in the regression analysis, this could indicate that there was a need

of more attention allocation to the cello voice, as compared to the first group. The neural rep-

resentation of bassoon in group one may have been weaker compared to the subjects of group

two, hence a larger beta was needed to compensate for this when fitting. When comparing the

two beta-groups with regard to the shapes of their true aggregate reconstruction, we found a

significant difference between them during a very late time-window (400-450ms). The late oc-

currence of this effect suggests it may be a very high-level cortical modulation of ongoing sound

representation, which could be linked to music-specific mechanisms operating at higher-order

perceptual levels (e.g., Bey & McAdams, 2002; Bregman, 1990; McAdams & Bregman, 1979).

Limitations and Considerations

No behavioral differences were found between conditions, neither here, during fMRI (Chapter

3), nor in a larger-scale behavioral study (Disbergen et al., 2018, Chapter 2). This might, how-

ever, be related to an insensitivity and/or ceiling effect of the performance metric; please see

Disbergen et al. (2018, Chapter 2) for a more elaborate discussion on this as well as other task-

related considerations. Across EEG analyses, we found less reconstruction capacity for models

representing envelopes of the lower music voice (i.e., cello), when compared to the upper music

voice (i.e., bassoon). This difference may be related to a general upper-voice dominance effect

in the perception of polyphonic music, caused by, for example, its higher pitch (salience) or gen-

eral loudness effects (Fujioka et al., 2005; Palmer & Holleran, 1994). Acoustically, there may be a

continuous loudness difference between voices due to our loudness equalization method based

on the overall root mean square measure, as opposed to perceptual matching. In addition, the

analysis focused on rapid sound envelope fluctuations which occur more often for the bassoon

as its envelope slopes are typically steeper than those of cello due to its faster attack and de-

cay. Even though such factors may contribute to reconstruction capacity differences between
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instruments, they probably did not have a great impact on discussed observations since here

task-modulations of the same instrument were investigated.

In the present study, no attention effect was found for the attention to aggregate condition. De-

tection of such effect might be impeded by the specific task performed during the aggregate

condition. Presuming the same neuronal populations represent both instruments during segre-

gation as well as the integration tasks, the difference between both task versionsmay only result

in very minor changes. The integrative approach could, for example, pool attentional resources

more equally across those instrument-specific neuronal populations which during segregation

conditions are otherwise up- and/or down-regulated. This may result in minor changes which

are potentially not detectable with EEG in combination with our analysis method. We did observe

awithin-instrument attention effect, showing themethod is sensitive to attentional changes per

se, albeit the modulation effects for attending or ignoring sources are probably larger.

Due to the subject’s task not requiring continuous attention allocation to the required instrument,

it may be that subjects did not attend instructed instrument(s) during the full stimulus duration.

Alternatively, they could have been rapidly alternating attention between the different instru-

ments, especially in the integrative conditions. Based on previous experiments employing this

paradigm, we believe that the capacity to detect triplets both within and across voices indicates

that subjects were capable of segregating and integrating the instruments. Triplet detectability

under both conditions provides for evidence that they managed to segregate the instruments

into their individual streams. In case segregation would not have taken place, they would not

have been able to respond correctly whether triplets were present within individual instruments

or not. Without segregation, instruments would only differ concerning their tone on and off-sets

(i.e., rhythmic cues), making it impossible to assign triplets to a single voice. In general, with this

paradigm we aimed at investigating which neural mechanisms permit listeners to perceive seg-

regated or integratedmelodic voices even though the physical signal arriving in their ear consists

of the same identical mixed waveform under all conditions; please see Disbergen et al. (2018,

Chapter 2) for additional task reflections.

Conclusion

Employing an envelope reconstruction method for EEG data, we showed that within a music

ASA paradigm, attended music instruments can be significantly better reconstructed than unat-

tended ones. Attention effects were found during delays indicative of top-down driven modula-

tions on ongoing stimulus representations. Effects were shown both when testing a generalized

attention effect across instruments as well as for the individual instruments, even though dur-

ing slightly different delays. No attention effect was found for aggregate reconstruction when
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compared to individual instrument reconstruction, even though two distinct subjects subgroups

emerged when fitting the aggregate single-delay reconstruction time-course from a linear com-

bination of the instrument time-courses. Discussed results extend the attentive modulation

of sound envelopes in ASA into the domain of music stimuli, providing insight that similar ef-

fects previously observed with fMRI are possibly driven by top-down modulations which effect

processing in the (early) auditory areas. Future research allowing for a more detailed neuronal

effect localization while preserving the temporally sensitive component could shed a more de-

tailed light onto the neuronal processes observed both here and during fMRI.
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Supplementary Figures

Supplementary Figure 4.1: Group and Individual Accuracies for all Participants. Accuracies per
condition (red = aggregate, blue = bassoon, green = cello) for the group (top-left pane) and all individual
subjects; excluded participant labels in gray.
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Supplementary Figure 4.2: Aggregate Condition Instrument Reconstruction Results. Fitting
single-delay aggregate reconstruction time courses from bassoon and cello with a linear regression (a)
resulted in two distinct groups: one with a balanced beta for both (group one, red stars, N=5) and one with
a larger beta for the bassoon (group two, blue squares, N=9). Single-delay model reconstruction shapes
(b) of group one (solid red-line) and group two (solid blue line) differed significantly (p = .015) during the
late delay-window 400-450ms. The aggregate reconstruction model fit per group is shown by the dashed
lines, while differences between the reconstructed time courses and their model-fits are displayed by
thin red (RecG1-FitG1) and blue lines (RecG2-FitG2). Reconstruction time-courses separated per group
(c) for bassoon (solid black line), cello (dotted black line), and aggregate envelopes while performing the
aggregate task.

116



5
General Discussion

117



Chapter 5 : General Discussion

Main Findings

This thesis investigated the contribution of bottom-up and top-down mechanisms to auditory

scene analysis using custom composed polyphonic music, both within a behavioral and a neu-

roimaging setting. Two main motivations inspired the conducted studies: first, the development

of a naturalistic scene analysis paradigm encompassing a behavioral metric for stimuli other

than speech (chapter 2), and second, the investigation of the neural mechanisms underlying

such natural complex scene analysis at high spatial (chapter 3) and temporal resolution (chap-

ter 4).

Chapter 2 introduced an original behavioral paradigm for the investigation of ASA based onmulti-

instrument music. Daily ASA situations comprise an interactive interplay between bottom-up

and top-down driven mechanisms. Finding a means to manipulate, in a controlled experimen-

tal setting, the relative contribution of these bottom-up and top-down mechanisms was the

main goal of this study. Under the influence of attention, music can be appreciated from both

a segregation and integration perspective, contrary to most other naturalistic auditory scenes.

This chapter provided a behavioral validation of our paradigm in two versions: the first one in-

vestigated attentive-only (top-down) effects on the segregation and integration of music, while

the second included an additional bottom-up driven modulation. During experiment 1, listeners’

locus of attention was changed between integrating across both instruments (i.e., integration)

or attending individual instruments (i.e., segregation) while detecting triplets in the music as a

control for task performance. As an additional bottom-up manipulation, experiment 2 included

the variation of instrument timbre distance across three discrete levels. Results of both exper-

iments demonstrated that subjects could be trained to perform the tasks at high performance

levels and there were no group differences between the attention conditions within either ex-

periment. Experiment 2 additionally showed a main effect of instrument timbre distance, albeit

failing to demonstrate this within the individual attention conditions. Intriguingly, the correlation

of overall performance scores with the timbre-distance effect showed an influence of general

task difficulty on the timbre-distance effect, suggesting timbre effects may be masked by task

difficulty. Results confirmed that our paradigms enable the study of bottom-up and top-down

driven mechanisms for auditory stream segregation and integration in both psychophysical and

neuroimaging experiments.

Chapter 3 built upon the experimental paradigm introduced in chapter 2, employing it in an

fMRI study at high spatial resolution which examined the cortical contributions to music ASA.

Specifically, we investigated the neural correlates of top-down attentive modulations to audi-

tory stream integration and segregation at 7 Tesla. Subjects listened to polyphonic music and
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attended either the individual instruments or the aggregate while detecting the triplet patterns.

Imaging data were analyzed combining independent component analysis for the unbiased defi-

nition of regions of interest with multivariate pattern classification techniques. These methods

were employed to investigate the contribution of individually defined frontal-temporal auditory-

responding networks to the integration and segregation of music scene elements. Results

showed that the listeners’ attentional state could be decoded above chance within this network,

which displayed differential cortical patterns when integrating or segregating music streams.

Further regional differentiation of those areas included in the temporal-frontal network showed

significant above-chance classification across most of these areas, most notably already in pri-

mary auditory areas on Heschl’s Gyrus. Activation patterns additionally differed when listeners

attended either the bassoon or the cello, once more as early as on Heschl’s Gyrus. Observations

support hypotheses that indicate early auditory areas as a target of a larger-scale attentive net-

work involved in auditory scene analysis. These early auditory areas appear to be modulated by

attention in interaction with the ongoing stimulus-driven bottom-up processing mechanisms.

Chapter 4 aimed to supplement the high spatial-resolution fMRI observations of chapter 3 by

adding high temporal-resolution information. This is essential for disentangling whether cortical

differences observed with fMRI relate to early stimulus-driven or later top-down driven transfor-

mations of ongoing sound (feature) representations. To this end, we employed EEG in combina-

tion with the attention-only version of our paradigm (chapter 2, experiment 1), including twenty

unique polyphonic pieces. EEG data were analyzedwith envelope-reconstructionmethods, aim-

ing to reconstruct instrument sound-envelopes based on the measured scalp electrode data.

Both single andmulti-delaymodels showed that during the integration condition, reconstruction

was not significantly modulated by attention. Vice-versa, in the instrument-segregation condi-

tions, attended sources could be reconstructed better than unattended ones, more specifically

during delays of 150-220ms and 320-360ms. Attention modulations separated per instrument

only showed multi-delay model effects for the bassoon, while single-delay models indicated

both bassoon and cello could be reconstructed better when attended to at middle delay win-

dows 170-270ms and 150-200ms, respectively. Bassoon reconstruction displayed an additional

late-window modulation at 320-370ms. The occurrence of attentive effects during these mid

and late delay windows provided for a strong suggestion that the observed effects reflect top-

down drivenmodulations, as opposed to purely acoustically-driven effects typically taking place

at much shorter delays.

Overall, results discussed in this thesis are in favor of models suggesting contributions of au-

ditory feedback mechanisms in the representation and processing of multiple music streams.

This is in line with dual-stage models of (early) auditory cortex involvement, proposing a first

feed-forward physically driven sounds analysis which is accordingly modulated by top-down
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feedback arriving from later cortical processing stages, potentiallymodulating the feedback con-

nectivity between primary and non-primary auditory areas (for a review, see Gilbert & Sigman,

2007). In sum, discussed results demonstrated that the integration and segregation of auditory

streams resulted in different cortical representations during the analysis of naturalistic auditory

scenes. They suggest that, under attentive control, separate neuronal mechanisms are driving

the blending or separation of concurrent auditory streams.

Future Developments

Novel Approaches to fMRI Data Analysis

The acquisition of large individually-defined high-resolution MRI datasets at ultra-high fields

opens up interesting possibilities regarding the data analysis methodology. The advantages

of improved sensitivity and specificity compared to lower MRI field strengths (e.g., De Martino

et al., 2018) and typical measurement error reduction (e.g., Kolossa & Kopp, 2018), have been

previously discussed (see chapter 3). In addition, the availability of larger amounts of data per

subject as well as multiple volumes per trial opens up new (classification) analysis possibilities.

Bayesian analysis methods are an exciting venue for fMRI data analysis, especially when, like in

the current situation, there are both a larger amount of data across a multitude of conditions

and multiple volumes per trial.

Bayesian models in general, estimate the posterior distribution of all parameters incorporated

in the model by integrating information contained in both the observations and any prior knowl-

edge present on the problem; for an introduction to Bayesian data analysis, see Kruschke (2014).

Such methods can also be employed to evaluate differences between activation patterns. Typi-

cally, the model’s parameter value credibility gets more restricted when additional data is added,

which results in a distribution of possible values for each model parameter that inherently de-

scribes the estimation’s uncertainty. Returning to the idea behind hierarchical Bayesian models

of chapter 2, it is possible to think of these activation patterns in a hierarchical fashion as well.

More specifically, when a dataset comprises multiple conditions that are represented by a mul-

titude of volumes, this naturally leads to a hierarchical model structure.

Within fMRI classification, the workhorse has for a long time been the SVMmodel, as employed in

chapter 3, even though such a model remains limited due to the employment of two-class prob-

lems as well as single volumes (or activation estimates) per trial. The use of multiple volumes in

the classification of fMRI data requires some form of data-integration, creating a merged multi-

kernel which can then be used for model fitting (Fig. 5.1a), an approach which is very much

120



Niels R. Disbergen

Figure 5.1: Multi-kernel andMulticlass ClassificationModels. When data (a) contains multiple con-
ditions (C) and multiple volumes (V) per trial, analysis with typical binary classification models (e.g., SVMs)
encompasses a large number of comparisons; see right-side. Such approach limits the amount of data
available for model fitting. The employment of multi-class, multi-kernel, or multi-class multi-kernel over
binary models offers a great increase of available data per model. Kernels (b) can represent TRs and be
combined into a multi-kernel space via linear weighing, additionally providing the possibility to extract
information on TR-specific contributions to the model classification capacities.

analogous to multi-sensor fusion in engineering applications (e.g., Castanedo, 2013). Linear

hierarchical kernel combinations weigh each kernel into a multi-kernel space, where each ker-

nel would represent a TR, hence the multi-kernel weight-mapping reflects the contributions of

TRs to the model’s classification capacity (Fig. 5.1b). Due to the nature of multi-kernel fusion

approaches, kernels can seamlessly represent different datatypes and hence potential diver-

gence in kernel formatting due to, for example, different number of trials, will be automatically

accounted for. In their rational, hierarchical Bayesian kernel combination models employed for

classification (e.g., Girolami & Rogers, 2005), are very much similar to hierarchical Bayesian mod-

els such as employed in chapter 2.

When data contains a multitude of conditions in addition to multiple trial TRs, this opens up a fur-

ther interesting venue for model extension and hence data-volume increase. Relevance Vector
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Machines (RVMs) are of great interest in such context, as they are linear and comparable to the

SVM model, even though with a Bayesian flavor and capable of seamlessly handling multiclass

problems, if desired (e.g., Damoulas et al., 2008; Psorakis et al., 2010; Tipping, 2001). They are

inherently sparse regression models of which classification is a special case scenario. Contrary

to SVMs, they are fully probabilistic, which offers a posterior probability of class-membership for

classification, which is greatly advantageous over the SVM’s ‘hard-boundary’ decision method.

It is possible to blend the hierarchical multi-kernel rational and the RVM model (e.g., Damoulas

et al., 2008; Psorakis et al., 2010), leading to a potentially very powerful multi-class multi-kernel

classifier. Suchmodel is capable of informingwhether classes can be disentangled in the data as

well as which TRs contribute most to classification. Even though multi-class multi-kernel RVMs

possess great potential for the classification of neuroimaging data, adaptations to the unique

field of fMRI classification are necessary in order to successfully and meaningfully employ these

models at larger scale.

Automated Cortical Network Detection

Within our current fMRI investigation, we focused on the auditory driven temporal-frontal at-

tention network, even though a larger number of networks appears to be consistently activated

across subjects. Automated detection and cross-validation of ICA-based cortical networks both

within and across participants would greatly facilitate such investigations and strongly reduce

the manual effort typically involved in this type of analysis (e.g., De Martino et al., 2007; Esposito

et al., 2002, 2005; Himberg et al., 2004).

Voxels with consistent task-related activation should theoretically be present in the majority of

the data, hence a first approach to find the most stable networks could be to split the data and

search for networks present in all these analyzed splits. In the case of our experiment there

is a natural split into the three experiment repetitions, hence this may form the basis of a po-

tential within-subject network detection analysis. Identical to the chapter 3 approach, first an

ICA would be performed on the active voxels GLM-Betas (Fig. 5.2). The first data-split is then

used as a basis from which to start the network search, performing minimum spatial correlation

selection between each base-IC and all other ICs included in the remaining data-splits. If ICs

are indeed (partially) present in other data splits, this results in a (first) reduction of the possi-

ble number of matching ICs. Following initial selection, it could be checked in cross-validation

whether these same spatial networks are present when the other splits form the basis from

which the correlations are computed. Such an approach would result in maps representing po-

tentially stable within-subject networks that can then be manually inspected. In order to detect

likely between-subject matches of these networks within non-standardized anatomical space,

the component time-courses could be correlated across subjects. Such time-course matching
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Figure 5.2: Automated Cortical Network Detection. As exemplified on the approach of chapter 3,
data could be split into three experiment repetitions and ICAs estimated on their active voxel’s GLM-Betas.
Each of these splits ICs would accordingly be used to compute a minimal spatial correlation to all other
spatial ICs from the remaining splits. Repeating this process with all the possible data-splits as a basis,
allows assessment whether these spatial networks exist in all these situations.

may be performed on, for example, the raw component time-courses of voxels, or, alternatively,

after computing meaningful averages, such as for experimental conditions or stimuli. This ap-

proach typically results in a large reduction of the number of stable IC-based spatial networks

to be considered within subjects and could hence form the basis for further network-based

analysis based on within-subject analysis methods such as discussed in chapter 3.

Further Application to the Neuroscience of Music

Here we have discussed investigations into both the behavioral and neural processes underly-

ing ASA of long multi-instrument music stimuli. From a behavioral perspective, investigations

manipulating both task and stimulus parameters provided a further in-depth understanding of

both music scene analysis and its link to general ASA processes. Throughout our experiments

we reached very high behavioral performance across subjects on all task-elements, as a con-

sequence of which our behavioral metric may not be sensitive enough to detect potential sub-

ject differences in streaming performance. As such differences may be of potential interest

for future (behavioral) research with our paradigm, individual changes to the stimulus parame-

ters could be implemented to potentially introduce such sensitivity, for example by individually

matching instrument pitch or timbre distance to a given performance threshold. Engagement of

top-down and bottom-up processes could be further modulated by changing the pitch distance

to minimum levels needed for segregation and investigating the effect instrument timbre differ-

ences have on the segregation or integration percept of listeners at this threshold. Reversely, a

further reduction of instrument timbre distance could be performed by employment of instru-
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ments other than bassoon and cello, for example synthesizing voices on a single instrument

capable of spanning a large number of pitches or very similar within-category instruments such

as a viola and cello.

Extending beyond non-musician subjects, the paradigm could be adjusted to investigate plas-

ticity and training effects in highly trained musicians. Such application would require a modifi-

cation of the triplet detection task, as in its current version it is too simplistic for assessment in

this highly skilled sub-group. A potential modification could include overlapping the instrument

voice pitches while synthesized on the same instrument in combination with mistuned and/or

incomplete triplets within the triplet patterns. Within this highly specialized group, research

could investigate potential perceptual differences between players of the various instrument

sub-groups and those trained in orchestral or soloist performance.

Our neuroimaging studies provided a first insight into both the auditory-attentive brain network

involved in the ASA of music and the influence locus of attention has on the cortical represen-

tations of instruments. Within the discussed MRI research, we focused on the auditory driven

temporal-frontal attention network, even though a larger number of networks appears to be

consistently activated across subjects. Our within-subject analysis setup employed in the fMRI

experiment in conjunctionwith proposed automated cortical network detection could be used to

further such investigations. In addition to the study of attentive modulations it is possible to dis-

entangle effects based on instrument timbre differences included in the design. Such research

would be more challenging due to the restricted number of trials available per condition, since

investigations need to be performedwithin each attention condition to prevent biasing of timbre

difference results. The number of available examples could be increased by acquiring new data

focusing only on the segregation conditions while keeping three timbre-difference levels. Due

to the observation of attentional modulation in early auditory areas it would be of interest to try

and further disentangle these regional effects by acquiring the same experiment with MRI at a

very high spatial and temporal resolution, keeping a very limited field of view including only the

auditory temporal regions. Additionally, the employment of magnetoencephalography would al-

low to further investigate timing effects with a greatly enhanced spatial resolvability compares

to EEG. Aside from design and acquisition improvements, the employment of novel analysis ap-

proaches for functional MRI data, as discussed above, could greatly enhance model sensitivity

for complex data classification purposes such as encountered with our paradigms.
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Knowledge Valorisation

During everyday listening situations we are exposed to a multitude of simultaneous sounds. Our

brain processes these sounds to allow us, among other actions, to have conversations with one

another or enjoy listening to music. This task becomes especially impressive when observing

the signal our auditory system has to analyze: a complex pattern of air pressure changes con-

taining information from the sound mixture. The auditory system transforms these complex

mixtures into segregated sound representations to allow for the extraction of behaviorally rele-

vant information. This thesis provided insights as to how the human brain achieves such tasks,

the potential social and economical implications of which are discussed here.

Within Domain Applications
This thesis investigated the neural basis of sound perception and organization, aiming to ex-

plain the auditory system’s capacity to select and respond to relevant acoustic stimuli mixed

with other competing sounds. Mechanisms for music listening as have been discussed here,

are of further relevance for the study of how musical training may influence general auditory

cognition. Disentangling the processes underlying the Auditory Scene Analysis (ASA) of music

stimuli may be fundamental to understand the neural processes supportingmusic processing in

general (Nelken, 2008). The experimental design introduced here could be combined with other

tasks which are focused on the segregative or integrativemechanisms in audition to get a better

understanding of the links which exist between music-specific and general auditory cognitive

abilities.

Additionally, an improved understanding of the neuronal mechanisms supporting auditory per-

ception is of interest to other cognitive neuroscience domains, such as language and vision.

Language and music have been proposed to share common processing systems, while a com-

parisons to vision would allow for the investigation of analogies among the senses. Research

into emotion could be furthered by the employment of music stimuli as well, since they tend

to evoke emotional responses in most listeners. Questions related to (music) ASA are of im-

portance not only to cognitive neuroscience, but also neuropsychology, cognitive psychology,

and, especially in this case, music psychology. Methodological advancements for MRI acquisi-

tion and analysis are transferable to other neuroscientific areas of investigation and provide the

wider scientific community with novel tools to investigate brain activity.
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Hearing Dysfunction and Disease
To date, most of the treatments for conductive hearing loss have focused on trying to overcome

perceptual losses by virtue of sound amplitude enhancement through hearing aids. The perfor-

mance of these devices is notoriously bad in noisy environments, especially so regarding speech

intelligibility and music perception. The simple intra ear-canal amplification of incoming sound

mixtures results in a loss or distortion of acoustical information which is essential for the audi-

tory system to perform source segregation or integration. As a consequence of this, auditory

perception may be heavily distorted. The topic of this thesis is of additional relevance to the

general study of aging, since aside from this type of hearing loss the capacity to track separate

auditory streams diminishes with age.

Patients employing the current hearing aid technology are often unable to perform common

and socially important tasks, such as having a coffee in one’s favorite cafe with a friend. Due

to the many competing sound sources present in such an environment, it becomes very chal-

lenging to filter out the voice of your conversation partner while wearing a hearing aid, even

though they may only be one meter away from you. Results discussed here could be of rele-

vance to develop and enhance the general design and algorithms of both classical hearing aids

and cochlear implants. An improved understanding of how the brain performs sound segrega-

tion could inform novel algorithms employing similar approaches to be implemented in these

artificial hearing devices. Currently, more sophisticated algorithms are offered in hearing aids

which can selectively filter and enhance relevant frequencies, in this case of speech. Unfortu-

nately, current algorithms do not allow to overcome most of the limitations because of, among

others, the erroneous ’leaking’ of frequencies from other competing sound sources or general

background noise.

In general, resolvingmentioned hearing-aid difficulties is highly complex and potentially requires

a combination of amplification modulation, selective frequency enhancement, general noise re-

duction, and directionality selection. If it were possible for a user to optimize their hearing-aid

filtering parameters to their preference, both in general and in a situation-specific manner, via

an interactive application on, for example, their smartphone, this could potentially greatly en-

hance their lives. One of the possible implementations could be the employment of acoustic

filters which are optimized for the selection of familiar voices, introducing hearing profiles for

those we interact with most. Great advancements have been made in recent years with re-

gard to active noise canceling headphones, algorithms employed in these devices to determine

what is noise and how to accordingly cancel it out could be implemented in hearing aids for

noise-detection and filter adjustments. The amount of ambient noise a hearing aid perpetuates

could additionally be set by the user, or automatically detected, dependent on the environment



they are in. For example, when walking around the city ambient noise is of great importance,

while during a conversation it serves mostly as a distraction. Sound directionality estimations

may additionally be employed to allow selection as to where the majority of sound sampling

takes place, for instance on the frontal midline when having a one-on-one conversation. Con-

sidering all the possible parameter combinations which could be set on such hearing devices, it

becomes of topical interest to automate them to a very large extend, preventing the need for

users to spend excessive amounts of time switching between profiles or settings. Such a task

requires learning a large amount of tuning parameters over time, introducing the need for learn-

ing algorithms which are capable of selecting optimal combinations of settings from a very large

number of candidates, potentially in a context-dependent manner. Combining a multitude of

learning architectures and algorithms, for example Bayesian reinforcement learning and data-

fusion techniques, could permit the necessary combination and reduction of parameter space

while continuing to allow for learning based on both algorithmic and user feedback.

Even though the research discussed here has been conducted in healthy volunteers, the ad-

vancements of its knowledge may be additionally employed to disentangle more general patho-

physiological deficits of auditory cognition. For example, disorders of music cognition and per-

ception are observed in listeners with amusia who are typically incapable of pitch perception

and suffer from other deficits in both music processing and memory. Listeners with musical

anhedonia show (strongly) reduced pleasure responses to music, despite having normal music

perception and global functioning of the reward network. Our experimental approachmay assist

in developing a means to improve the characterization and diagnosis of such dysfunctions.

General Technological Applications
From a more technical perspective, general algorithm development related to stream segrega-

tion tasks, both in science and engineering, can profit from discussed advances. Both artificial

speech and sound recognition relies on versions of stream segregation problems. Now that

technology has become an integral part of most people’s lives, there has been a great increase

in efforts towards the improvement of algorithms capable of recognizing, separating, and ana-

lyzing sounds. Examples include speaker identification, speech recognition, music recognition,

and most notably virtual assistants. Despite the recent phenomenal accuracy increase of these

algorithms, which has beenmostly driven by advancements in deep learning, these systems are

far from perfect, especially in situations where there are many competing sound sources. Ex-

amples where these algorithms are heavily deployed is within the virtual assistant frameworks

of Siri (Apple Inc.), Google Assistant (Google LLC), and Alexa (Amazon.com, Inc). Interaction with

smart devices in both our homes and the wider environment are more and more driven through

virtual assistant services, potentially becoming our main source of interaction with technology



over time. These systems make use of highly advanced algorithms, often inspired by how the

brain analyses its environment. Even though we have seen great improvements, the replica-

tion of human-level performance in sound segregation and analysis still appears to be far away.

Results discussed in this work could be employed in the development of novel brain-based in-

formation representation systems, potentially aiding to equate or exceed human-level perfor-

mance.
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