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A B S T R A C T

Neuroscientific investigations of auditory perception have traditionally been conducted
in controlled laboratory settings, where participants are instructed to minimize move-
ment and respond to artificial stimuli such as click trains or isolated tones. While this
approach allows for precise experimental control, it limits the ecological validity of the
findings, raising questions about how well they generalize to real-world listening sce-
narios. Everyday hearing involves continuously changing acoustic environments that
contain overlapping sources and dynamically evolving sound events. Understanding
auditory perception in such naturalistic soundscapes requires approaches that balance
both experimental rigor and the use of naturalistic stimuli.

This thesis advances the study of naturalistic soundscape perception by developing
and evaluating methods for analyzing neural responses to complex auditory envi-
ronments using Electroencephalography (EEG). Across three studies, we investigated
how acoustic and perceptual features, temporal context, and real-world recording con-
ditions influence the neural representation of soundscapes.

In the first study, I examined how different categories of features, acoustic proper-
ties and perceptual meta-information, explain neural variability. Combining detailed
acoustic features with sound identity (sound labels) information improved model
predictions, demonstrating that incorporating perceptually relevant information en-
hances the ability to capture neural responses to complex auditory scenes.

The second study expanded this approach by integrating temporal dynamics, mod-
eling Inter Onset Interval (IOI) intervals to investigate neural adaptation. These find-
ings extend adaptation effects to complex naturalistic soundscapes, showing that sen-
sitivity to temporal regularities emerges even without explicit perceptual labeling.
The responses measured with EEG reflect large-scale cortical dynamics consistent with
adaptation as a fundamental property of auditory processing.

Where the first two studies explored various aspects of the soundscape to explain
neural variability, the third study evaluated whether minimal and mobile EEG hard-
ware can be used to record neural activity Beyond the Lab (BTL). Participants per-
formed an auditory attention task under both controlled laboratory and real-world
conditions (sitting and walking). The results demonstrated reliable decoding of atten-
tion in stationary outside the lab compared to laboratory settings. In the BTL walking
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condition, however, an artifactual response was detected in the walking condition.
This highlights the need for refined preprocessing and artifact detection methods
when measuring BTL situations.

Together, these studies provide a methodological framework for investigating how
the brain processes complex acoustic environments. The findings show that EEG cap-
tures large-scale neural dynamics consistent with auditory cortical processing, where
acoustic, contextual, and temporal features jointly shape neural responses. Ultimately,
this work bridges controlled laboratory research and real-world neuroscience, offer-
ing insights into how auditory information is represented in the brain and informing
future applications in neurotechnology and cognitive hearing science.
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Z U S A M M E N FA S S U N G

Neurowissenschaftliche Untersuchungen der auditiven Wahrnehmung werden tradi-
tionell in kontrollierten Laborumgebungen durchgeführt, in denen die Teilnehmer
angewiesen werden, ihre Bewegungen zu minimieren und auf künstliche Reize wie
Klickfolgen oder isolierte Töne zu reagieren. Dieser Ansatz ermöglicht zwar eine prä-
zise experimentelle Kontrolle, schränkt jedoch die ökologische Validität der Ergeb-
nisse ein und wirft Fragen darüber auf, inwieweit sie sich auf reale Hörsituationen
übertragen lassen. Das alltägliche Hören findet nämlich in sich ständig verändernden
akustischen Umgebungen statt, in denen sich verschiedene Schallquellen überlagern
und Klangereignisse dynamisch entwickeln. Um die auditive Wahrnehmung in sol-
chen naturalistischen Klanglandschaften zu verstehen, sind Ansätze erforderlich, die
sowohl experimentelle Genauigkeit als auch die Verwendung naturalistischer Reize
berücksichtigen.

Diese Arbeit treibt die Erforschung der Wahrnehmung naturalistischer Klangland-
schaften voran, indem sie Methoden zur Analyse neuronaler Reaktionen auf kom-
plexe auditive Umgebungen unter Verwendung von Elektroenzephalographie (EEG)
entwickelt und evaluiert. In drei Studien untersuchten wir, wie akustische und wahr-
nehmungsbezogene Merkmale, der zeitliche Kontext und reale Aufnahmebedingun-
gen die neuronale Repräsentation von Klanglandschaften beeinflussen.

In der ersten Studie haben wir untersucht, wie verschiedene Kategorien von Merk-
malen, akustische Eigenschaften und wahrnehmungsbezogene Metainformationen,
neuronale Variabilität erklären. Die Kombination detaillierter akustischer Merkma-
le mit Informationen zur Klangidentität (Klangbezeichnungen) verbesserte die Mo-
dellvorhersagen und zeigte, dass die Einbeziehung wahrnehmungsrelevanter Infor-
mationen die Modelle verbessert, neuronale Reaktionen auf komplexe Hörszenen zu
erfassen.

Die zweite Studie erweiterte diesen Ansatz durch die Integration zeitlicher Dynami-
ken und die Modellierung von dem Interval zwischen zwei Tönen, um die neuronale
Anpassung an den akustischen Kontext zu untersuchen. Diese Ergebnisse erweitern
bekannte Anpassungseffekte aus Laborstudien auf komplexe naturalistische Klang-
landschaften und zeigen, dass die Empfindlichkeit für zeitliche Regelmäßigkeiten
auch ohne explizite Wahrnehmungskennzeichnung auftritt. Die mit EEG gemessenen
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Reaktionen spiegeln kortikale Dynamiken wider, die mit der Anpassung als grundle-
gender Eigenschaft der auditiven Verarbeitung übereinstimmen.

Während die ersten beiden Studien verschiedene Aspekte der Klanglandschaft un-
tersuchten, um neuronale Variabilität zu erklären, wurde in der dritten Studie getestet,
ob minimale und mobile EEG-Hardware zur Aufzeichnung neuronaler Aktivität außer-
halb des Labors verwendet werden kann. Die Teilnehmer führten eine auditive Auf-
merksamkeitsaufgabe sowohl unter kontrollierten Laborbedingungen als auch unter
realen Bedingungen (sitzend und gehend) durch. Die Ergebnisse zeigten eine zuver-
lässige Dekodierung der Aufmerksamkeit im stationären Zustand außerhalb und im
Labor. Beim Gehen, außerhalb des Labors, wurde jedoch eine artefaktische Reaktion
festgestellt. Dies unterstreicht die Notwendigkeit verfeinerter Vorverarbeitungs- und
Artefaktdetektionsmethoden bei der Messung von BTL-Situationen.

Zusammen bieten diese Studien einen methodischen Rahmen für die Untersuchung,
wie das Gehirn komplexe akustische Umgebungen verarbeitet. Die Ergebnisse zeigen,
dass das EEG großräumige neuronale Dynamiken erfasst, die mit der auditorischen
kortikalen Verarbeitung übereinstimmen, bei der akustische, kontextuelle und zeitli-
che Merkmale gemeinsam neuronale Reaktionen formen. Letztendlich schlägt diese
Arbeit eine Brücke zwischen kontrollierter Laborforschung und realer Neurowissen-
schaft und bietet Einblicke in die Darstellung auditorischer Informationen im Gehirn
sowie Informationen für zukünftige Anwendungen in der Neurotechnologie und ko-
gnitiven Hörwissenschaft.
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Part I

I N T R O D U C T I O N

This part introduces the theoretical foundations that have guided the de-

velopment of my thesis. In addition to these conceptual considerations, I

have included quotes at the beginning of each chapter. Drawn from both

scienti�c and literary sources that have accompanied me over the past four

years, these quotes serve as re�ections of inspiration both scienti�cally and

personally.





1
M O T I VAT I O N

"How often do you hear a single sound by itself?

Only when doing psychoacoustic experiments

in a sound-proof booth!”

Darwin (2005)

I remember the exact moment when I got hooked on Neuroscience. It was while

I was reading a chapter on visual processing for the course Brain and Behavior at

Tilburg University during my Psychology Bachelor's. When learning how light falls

onto the differently distributed rods and cones on the retina, and their receptive �elds

get stimulated, collective neural activity triggers more neural activity distributed

around the brain to somehow create my visual perception. What struck me was the

absurdity of thinking about how the very processes I was reading about were actively

enabling me to read about those very processes. My fascination, which started with

vision, was quickly extrapolated to the other senses, higher-order cognitive functions,

emotions, and decision making. The core question that drove my interest in neuro-

science is to understand how the brain constructs from all the sensory impressions a

continuous and coherent everyday life experience.

What became apparent rather quickly, however, was that much of neuroscience,

though precise and informative, studies the brain under conditions far removed from

daily life. Controlled laboratory experiments often use stripped-down stimuli in care-

fully isolated environments, raising the question: do these neural responses generalize

to the richly layered experiences of real-world perception?

My �rst experience with taking neuroscience out of the laboratory was during my

master's in neuroeconomics, where I worked with Brain-Computer Interfaces (BCI).

BCIs are designed to utilize brain activity to interact with the world by obtaining

measurable brain states that can be distinguished (answering questions with yes and

no, by imaging raising the left or right arm). Here, the core goal of BCI research is not

to investigate those brain processes, but rather to �nd discernible brain states.

3
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Thus, I joined the Everyday Life neurophysiology group, which focused on inves-

tigating auditory perception in natural environments, BTL, using minimal, wearable

hardware. One question that encapsulated this line of research was: What happens in

the brain when a seemingly irrelevant detail suddenly dominates perception? For in-

stance, a classmate's casual remark, “Are you also annoyed by how often the professor

says `um'?”, can shift your entire auditory experience of a lecture. Previously unno-

ticed sounds become impossible to ignore. The interesting question then becomes,

what changed in the brain at that moment, and whether such a transition can be

tracked in situ, with mobile neuroimaging?

Admittedly, audition wasn't my initial area of focus. However, I became increas-

ingly intrigued by its selective and context-dependent nature, where certain sounds

are �ltered and do not reach conscious perception. What occurs in the brain when

sounds enter awareness? Why am I not perceiving names being called at the cafe,

but mine directs my attention instantly to the counter? Why do I sometimes have a

tune randomly in my head, to then realize it is being played very softly somewhere?

Is the solution to answer those questions to measure BTL? These are the questions

that motivate this thesis. My aim is to contribute to bridging the gap between con-

trolled laboratory settings and real-world perception by studying auditory processing

in complex, dynamic soundscapes using mobile EEG. I hope to lay foundational steps

towards neural measurement of auditory perception of everyday life.



2
A U D I T O RY PAT H WAY

"Not a single one of the cells that compose you

knows who you are, or cares."

Dennett (2006)

Key Takeaways

• Pathway: Cochlea - Brainstem - Inferior Colliculus - Thalamus - Auditory Cortex.

• Increasing selectivity: from basic frequency and timing to object-level representations,

neural selectivity increases along the auditory pathway.

• Dual pathway: lemniscal (high �delity), non-lemniscal (multimodal).

• Multi-timescale adaptation: adaptation to sound statistics occurs in every region along

the pathway.

What you will learn:

How sound is decomposed and transformed into neural code, from outside the head to

cortex-level processing.

This chapter provides a foundational overview of the anatomical and functional

organization of the auditory pathway to support the interpretation of non-invasive

neural recordings in later chapters. Understanding how sound information travels

from the cochlea to cortical regions is essential for linking observed EEG responses

to underlying neural processes. By detailing the structure and function of key audi-

tory processing centers, from the brainstem to the auditory cortex, this chapter con-

textualizes how naturalistic, dynamic soundscapes are transformed into neural rep-

resentations. The overview also highlights processing mechanisms such as tonotopy,

temporal precision, auditory object formation, and adaptation to dynamic acoustic

environments. Together, these insights establish a foundation to investigate the neural

basis of real-world auditory perception.

5



6 auditory pathway

2.1 anatomy

2.1.1 Cochlea

What we intuitively refer to as sound is not a physical object, but a perceptual ex-

perience constructed by the brain. This distinction is captured by the classic thought

experiment: “Does a tree falling in a forest with no living organism around produce

a sound?”. The answer depends on how we de�ne sound. If sound is the subjective

experience of hearing, it only exists in the presence of a perceiver. In contrast, physi-

cal sound refers to the mechanical propagation of pressure waves through a medium,

such as air. While it is dif�cult to determine at what point in time and space percep-

tion emerges, its precursor undoubtedly begins with these alternating compressions

and rarefactions of air. These eventually reach our ears and trigger the process of

auditory transduction (Plack, 2023).

The journey of these mechanical vibrations begins in the external ear, where the

auricle captures and funnels pressure �uctuations into the external auditory canal.

These �uctuations cause the tympanic membrane (eardrum) to vibrate, transmitting

mechanical energy via the ossicles of the middle ear: the malleus, incus, and stapes.

The stapes is connected to the oval window of the cochlea, the �rst stage of the inner

ear, where mechanical energy is converted into electrical signals (Figure 1A) (Kandel

et al., 2021, p. 599).

The cochlea is a spiral-shaped, �uid-�lled structure organized tonotopically: dif-

ferent regions respond to different frequencies. High-frequency sounds stimulate the

base of the cochlea, while low-frequency sounds travel further toward the apex. Com-

plex sounds that reach the cochlea are thus decomposed into their frequency content,

exciting the basilar membrane at different locations. This spatial gradient covers a fre-

quency range from approximately 20 Hz to 20 kHz, with a logarithmic distribution of

frequency mapping along the membrane (Figure 1B) (Greenwood, 1990; Kandel et al.,

2021, pp. 601–602).

The mechanical excitation of the basilar membrane at the frequency-tuned location

moves the inner hair cells of the organ of Corti, which sits atop the basilar membrane,

against the tectorial membrane. This shearing motion opens mechanosensitive ion

channels in the hair cells, resulting in depolarization (Fettiplace and Kim, 2014; Hud-

speth, 1985). Each hair cell synapses onto several spiral ganglion neurons, which form

the cochlear division of the vestibulocochlear nerve (cranial nerve VIII), also referred

to as the auditory nerve.
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Each hair cell and its associated ganglion cells have a characteristic frequency, the

frequency at which they are most sensitive. The frequency tuning curves of these

neurons are not strictly exclusive to a single frequency; they also respond to nearby

frequencies. The responsiveness to other frequencies depends on stimulus intensity,

meaning that with increasing loudness, tuning curves broaden (Robles and Ruggero,

2001). Some neurons have low response thresholds and are sensitive to quiet sounds,

while others only respond at higher intensity levels, up to 100 Dezibel (dB). However,

the �ring rate of any given neuron saturates at very high intensities due to physi-

ological limits, typically around 500 spikes per second (Kandel et al., 2021, pp. 622,

623). To process and convey information exceeding the physiological limit necessitates

population coding (Heil, 2004). Here, a distributed response across multiple neurons

conveys information about both sound intensity and frequency.

Ultimately, the auditory nerve transmits a rich, multidimensional signal to the brain,

conveying detailed information about the frequency content, temporal structure, and

intensity of incoming sounds, information that forms the basis of the information

processing chain, which ultimately triggers neural activity that can be measured non-

invasively.

2.1.2 Brain Stem

The auditory nerve terminates in the cochlear nucleus, the �rst relay station of the

auditory brainstem. The cochlear nucleus is subdivided into dorsal Cochlear Nu-

cleus (DCN) and ventral Cochlear Nucleus (VCN) regions. This structure follows the

tonotopically organization of the cochlea, with low-frequency inputs projecting ven-

trally and high-frequency inputs represented dorsally (Figure 1C).

The VCN transmits spectral and temporal features of the sound signal. This dis-

tinction is enabled by different types of neurons that code speci�cally for spectral

properties, on- and offsets, and interaural time differences of the sound signal (Joris,

Schreiner, and Rees, 2004). The cells sensitive to spectral and interaural time differ-

ences project to the SOC, the �rst major site of binaural integration, which has been

related to spatial decoding of sound sources (Grothe, Pecka, and McAlpine, 2010). Be-

yond the SOC's primary role of processing spatial cues, it also contributes to efferent

feedback mechanisms that modulate cochlear sensitivity. For instance, the SOC projects

back to both inner and outer hair cells, regulating their responsiveness and helping

shape the auditory nerve's encoding of sound intensity (Guinan, 2006). The neurons
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Figure 1: A: The human ear consists of the auricle, which channels sound into the ear canal,
where the sound pressure sets the tympanic membrane into motion. The resulting
mechanical energy is transmitted via the ossicles to the oval window. Here, the vibra-
tions stimulate different sections of the cochlea depending on the spectral content.
Mechanical energy is transduced into electrical signals, which are conveyed via the
cochlear nerve to the cochlear nuclei. B: The cochlea maps the spectral content spa-
tially. The base is sensitive to high- and the apex to low frequencies. Complex sounds
are thus decomposed into their spectral components. C: Sections of the brain stem
showing the afferent connections of the cochlear nuclei with the Superior Olivary
Complex (SOC) and lateral lemniscus. Adapted from Kandel et al. (2021), with mod-
i�cations. Created with BioRender.com.

then converge in the lateral lemniscus, which projects to the Inferior Colliculus (IC)

(Figure 1C) (Antunes and Malmierca, 2021).

Going back to the DCN, it integrates, among others, spectral, vestibular, and so-

matosensory information. The DCN is involved in conveying information regarding

sound localization to the IC via the lateral lemniscus. This allows for more accurate

spatial mapping of sound sources and enables adaptive responses to changing acous-

tic environments. For instance, neurons in the dorsal cochlear nucleus can suppress

responses to expected or self-generated sounds, re�ecting an early form of predictive

processing (Oertel and Young, 2004).
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Together, these subdivisions of the cochlear nucleus initiate parallel processing

streams that preserve and re�ne distinct aspects of the incoming sound signal for

further integration in higher auditory centers.

2.1.3 Inferior Colliculus

The IC is a major midbrain hub where ascending auditory pathways converge and

auditory information is integrated and re�ned. Located in the tectum of the midbrain,

the IC acts as a relay between brainstem structures and higher-order centers such as

the thalamus and auditory cortex. It receives both ascending inputs from the lateral

lemniscus and SOC, as well as descending projections from cortical areas, including

feedback from layer V of the auditory cortex (Figure 2A) (Cant, 2005; Scho�eld, 2005).

Functionally, the IC supports two major auditory processing streams: the lemniscal

and non-lemniscal pathways (Carbajal and Malmierca, 2018). The lemniscal pathway

is primarily formed by the Central Nucleus Inferior Colliculus (CNIC) and is composed

of tightly organized laminae of tonotopically aligned neurons. These so-called core

cells convey detailed bottom-up information about the physical properties of sounds,

such as frequency, intensity, and temporal structure. In the CNIC, the spectral tuning

of neurons is broader compared to previous structures of the auditory pathway and

is characterized by broad inhibitory circuits that sharpen the tuning of excitatory

neurons. From the CNIC projections reach the ventral Medial Geniculate Body (MGv)

in the auditory thalamus, preserving its high-�delity auditory information for further

processing in the cortex (Figure 2B) (Cant, 2005; Hackett, 2011).

In contrast, the non-lemniscal pathway arises from the dorsal, lateral, and rostral

regions of the IC and surrounds the lemniscal core (CNIC). It is composed of matrix

cells that are more broadly tuned, integrate multisensory input, and receive top-down

feedback from cortical areas (Malmierca, 2003). These neurons exhibit prediction error

activity, responding selectively when there is a mismatch between expected and ac-

tual auditory input, supporting their role in novelty detection and predictive coding

(Carbajal and Malmierca, 2018; Parras et al., 2017). The non-lemniscal neurons project

to other non-lemniscal areas in the thalamus, mainly the dorsal and medial geniculate

division (Figure 2B).

Together, these pathways and subdivisions highlight the IC as not just a passive

relay, but a dynamic processor involved in feature extraction, spatial localization, and

integrative auditory cognition (Du et al., 2025), linking early brainstem processing

with perception and expectation in the cortex.
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2.1.4 Thalamus

The thalamus is a bilateral structure located in the diencephalon of the brain, serving

as a central integrative hub with widespread projections across the central nervous

system. Traditionally viewed as a passive relay station, contemporary research, how-

ever, has identi�ed at least four overlapping canonical functions: (1) focal modulation

of functional cortical areas, (2) interregional coupling to facilitate information transfer,

(3) serving as a connector hub within large-scale brain networks, and (4) regulating

the �ow of information through dynamic gating mechanisms (Shine et al., 2023).

Within the auditory domain, the thalamus receives ascending input from the IC,

which projects into the Medial Geniculate Body (MGB), the principal auditory thala-

mic nucleus (Figure 2A). The MGB is anatomically and functionally subdivided into

three distinct regions: the ventral (MGv), dorsal Medial Geniculate Body (MGd), and

medial Medial Geniculate Body (MGm) divisions (Carbajal and Malmierca, 2018). Mir-

roring the dual auditory pathways established in the IC, the lemniscal pathway, orig-

inating from the CNIC, terminates in the MGv. This division contains core cells that

are sharply tuned, tonotopically organized, and transmit high-�delity auditory infor-

mation to the granular layer (III) of the primary auditory cortex (Figure 2B)(Antunes

and Malmierca, 2021; Carbajal and Malmierca, 2018). In contrast, the non-lemniscal

pathway, which arises from the lateral, rostral, and dorsal cortices of the IC, projects to

the MGd and MGm. These divisions contain matrix cells that are more broadly tuned,

integrate multimodal information, and project diffusely to supragranular (I, III), gran-

ular (IV), and infragranular (V) layers of the secondary auditory cortical areas. These

nonlemniscal regions of the thalamus are in turn densely innervated by descending

corticothalamic projections, which outnumber thalamocortical projections. This feed-

back loop has been suggested to play a prominent role in predictive coding and top-

down modulation of sensory processing (Figure 2B) (Antunes and Malmierca, 2014,

2021; Somervail et al., 2025).

Collectively, this thalamocortical architecture underscores the role of the thalamus

not merely as a conduit for auditory signals but as a dynamic regulatory node that

contributes to perceptual salience, adaptive behavior, and contextual modulation of

sound processing in everyday life. It is the last station before the auditory signals

reach the auditory cortex.
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2.1.5 Auditory Cortex

The auditory cortex is situated on the temporal lobe, encompassing the superior tem-

poral plane and the superior temporal gyrus. It is composed of three major regions:

the core, belt, and parabelt areas. The core region, including the primary Auditory

Cortex (A1), lies posteromedially on Heschl's gyrus and receives input predominantly

from the MGv of the thalamus via the lemniscal pathway (Bartlett, 2013). Surrounding

the core are the belt areas, which are innervated by both the MGm and MGd as well

as the auditory core. These, in turn, are surrounded by the parabelt, which receives

projections from the primary auditory cortex as well as inputs from adjacent cortical

regions (Figure 2A,B) (Celesia and Hickok, 2015). Importantly, the parabelt regions

of the auditory cortex receive thalamic projections from the non-lemniscal pathway

(Bartlett, 2013; Scott et al., 2017).

A1 follows the tonotopic organization of lower areas, with low frequencies repre-

sented rostrally and high frequencies caudally. In contrast to the one-dimensional

frequency representation of the cochlea, cortical tonotopy spans two dimensions: a

frequency gradient in one direction and isofrequency contours in the other. These con-

tours group neurons with similar frequency preferences. Within each contour, tuning

sharpness varies, with neurons at the center typically displaying narrower frequency

bandwidths than those at the edges (Formisano et al., 2003; Moerel, De Martino, and

Formisano, 2014).

Functionally, the belt and parabelt areas show specialization along the cortical axis,

paralleling the division seen in visual processing (Goodale and Milner, 1992). Caudal

and dorsal regions of the belt are involved in sound localization, whereas anterior-

ventral regions are engaged in sound identi�cation and spectrotemporal pattern anal-

ysis. These functional divisions support the dual-stream model of auditory processing,

with dorsal “where” and ventral “what” pathways (Rauschecker and Tian, 2000).

In addition to spatial and spectral processing, the auditory cortex plays a crucial

role in temporal coding. Along the ascending auditory pathway, the ability of neurons

to phase-lock to rapid modulations diminishes: from several kilohertz in the auditory

nerve, to 300 Hz in the thalamus, and down to 100 Hz in A1. Yet, humans can perceive

modulation rates well above these cortical limits. This is explained by a transition from

temporal coding to rate coding, wherein rapid modulations are represented not by

precise spike timing but by average �ring rates. Crucially, the change from temporal

to rate coding in the auditory cortex re�ects a transformation of temporal coding, from

moment-by-moment to segment-by-segment basis, allowing for complex integration
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over a larger window of time (Joris, Schreiner, and Rees, 2004; Lu and Brimijoin, 2022;

Wang et al., 2008b).

As auditory information ascends the neural hierarchy, neuronal responses become

increasingly selective and abstract. While auditory nerve �bers are tuned to single

stimulus dimensions such as frequency or intensity, cortical neurons respond to spe-

ci�c combinations of features, including frequency, spectral bandwidth, intensity, mod-

ulation rate, and spatial location. These neurons occupy small receptive �elds within

a multidimensional feature space, enabling �ne-grained auditory discrimination. In

A1 and belt regions, neural responses often follow a two-phase pattern: a widespread

onset response to any auditory input, followed by sustained �ring in neurons that

are selective for speci�c stimulus features (Wang, Gao, and Gao, 2005). Whereas core

areas respond robustly to simple sounds like pure tones, belt regions are more respon-

sive to spectrally and temporally complex stimuli, such as vocalizations and naturalis-

tic sounds (Brodbeck, Presacco, and Simon, 2018; Norman-Haignere, Kanwisher, and

McDermott, 2015; Norman-Haignere et al., 2022). This is of particular interest to the

thesis, as simple tones elicit different responses compared to more complex naturalis-

tic sounds. As will be shown next, a few recent studies have investigated the auditory

cortex in response to natural sounds and speech speci�cally.

For natural sounds, Giordano et al. (2023) recently showed that the transforma-

tion from acoustic input to semantic representations of natural sounds begins in non-

primary auditory regions. They compared acoustic models, semantic models, and

the internal layers of a deep neural network trained for sound recognition against

functional Magnetic Resonance Imaging (fMRI) data. Acoustic models best explained

activity in Heschl's gyrus (primary auditory cortex), while intermediate Deep Neural

Net (DNN) layers better predicted activity in the Super Temporal Gyrus (STG). Nei-

ther acoustic nor semantic models alone accounted well for STG responses, suggesting

that this region supports intermediate representations bridging acoustics and seman-

tics. The authors propose that these distributed, componential codes in the auditory

cortex form the basis for downstream auditory object categorization in higher-order

cortical areas, such as the ventrolateral prefrontal cortex.

In terms of speech processing, Hamilton, Edwards, and Chang (2018) showed that

speech onsets and continuous speech are coded separately in non-primary regions of

the auditory cortex, using Electrocorticography (ECoG) recordings. Speci�cally, poste-

rior STG regions exhibited transient responses time-locked to sentence onsets, whereas

more rostral STG regions showed sustained responses over the duration of speech. Im-

portantly, this spatial parcellation was not speci�c to intelligible speech, as reversed

and spectrally rotated stimuli elicited similar patterns, indicating that the responses
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re�ect general acoustic processing. These onset responses may provide crucial bound-

ary markers that support the segmentation of continuous auditory input. Moreover,

the encoding of phonetic features was not uniform but varied depending on whether

they occurred at sentence onsets or within ongoing speech, suggesting that temporal

context shapes phonetic representations. Hamilton et al. (2021) built on their earlier

demonstration of onset and sustained response zones in STG by showing that speech

processing in primary and non-primary auditory regions is more parallel and dis-

tributed. Speci�cally, the posterior STG areas responding to onsets showed similar

temporal latencies of activity as the primary auditory cortex (Heschel's gyrus). For

other non-primary regions, a temporal gradient from posterior medial areas to lat-

eral frontal areas was found. Interestingly, they showed that stimulation of Heschel's

Gyrus does not lead to deterioration of speech understanding, whereas lateral STG

stimulation does. This suggests that parabelt areas are vital for speech perception.

The presented research provides a rough overview of how auditory information is

processed by the brain. Most importantly, it provides a basis for what activity occurs

and thus could be potentially measured in response to real-life soundscapes. This

is critical, as the imaging modality of this thesis is non-invasive. Hence, the neural

activity that can be measured is limited. How that is exactly the case will be explored

in Chapter 4 in detail. Besides general processing of acoustic scenes, the adaptation to

a dynamic environment is critical. How the auditory pathway adapts to the concurrent

environment will be explored next.

2.2 neural adaptation

Adaptation in the brain is a fundamental process and refers to the capacity to dynam-

ically alter ongoing neural activity to account for variability, or lack thereof, in the

environment. The process of adaptation can occur on longer time scales, such as de-

velopmental adaptation induced by the lack of a diverse acoustic environment (Sanes

and Bao, 2009), or on a day-to-day basis, such as in response to ongoing and unchang-

ing sounds. This chapter exclusively deals with adaptation on a shorter timescale,

speci�cally stimulus-driven adaptation. Auditory adaptation begins at the earliest

stages of the auditory system, notably within the cochlea and the auditory nerve.

This foundation of dynamic regulation is crucial for higher-order functions such as

speech tracking, auditory scene analysis, and attentional modulation, which are im-

plemented further along the auditory pathway. Throughout, it will become apparent

that adaptation occurs at every stage of the auditory pathway to some degree inde-
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Figure 2: A: The lateral lemniscus projects to the IC in the midbrain. From there, the IC projects
to the MGB of the thalamus, which in turn, projects to the auditory cortex. B: The
auditory pathway comprises two main routes: the lemniscal (high �delity) and the
non-lemniscal (multimodal) pathway. The lemniscal pathway projects from the CNIC

to the MGv of the thalamus. The MGv in turn projects to layers III and IV of A1.
Both the CNIC and MGv receive descending cortical projections. The non-lemniscal
pathway originates from the shell of the IC, which projects to the MGd and MGm.
Neural projections from these two areas reach cortical layers I, III, IV, and V in
lemniscal and non-lemniscal areas of the auditory cortex. Both the shell of the IC and
MGm/MGd receive cortical back projections (adapted from Carbajal and Malmierca
(2018) with modi�cations). Created with BioRender.com.

pendently of higher-order stages, but generally becomes more pronounced the higher

the information traverses. This chapter follows the structure of the auditory pathway.

2.2.1 Cochlear and Auditory Nerve

The earliest adaption occurs in the cochlear and auditory nerve. Such early adaptation

mechanisms serve to optimize the dynamic range of the auditory system. By adjust-

ing sensitivity at the receptor and synaptic levels, the auditory system can amplify

weak signals, suppress sustained redundant input, and remain responsive to rapid

changes in the acoustic environment. For instance, in the cochlea, hair cells exhibit
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mechanical adaptation, dynamically adjusting their sensitivity to maintain effective

signal encoding over time (Fettiplace and Kim, 2014).

Outer hair cells, which are innervated by efferent projections from the medial SOC,

modulate cochlear mechanics by decreasing sensitivity, a process thought to con-

tribute to anti-masking, helping to extract relevant signals from background noise

(Winslow and Sachs, 1987). Inner hair cells, in turn, receive feedback from the lateral

SOC, which modulates the excitability of spiral ganglion neurons, in�uencing how

signals are transmitted to the brainstem (Guinan, 2006).

Adaptation continues at the level of the auditory nerve, where the primary form

of neural adjustment is �ring-rate adaptation. Upon prolonged stimulation, the dis-

charge rate of auditory nerve �bers progressively declines (Heil, 2004; Taberner and

Liberman, 2005).

2.2.2 Inferior Colliculus

The IC integrates converging brainstem pathways and exhibits several forms of short-

term adaptation to the recent acoustic context. First, IC neurons show dynamic range

adaptation to sound-level statistics. In other words, neurons adapt their threshold to

match the mean level intensity of the sound to avoid saturation. For more complex

sounds (bi-modal distribution), neuronal populations divide their threshold adjust-

ment to account for either of the probable sound pressure levels. Interestingly, the

ability of the neurons in the IC to rapidly adapt to statistics depends on prior ex-

posure. This has been suggested to re�ect a learning effect, where a model of the

environment has been generated, representing top-down cortical modulation (Dean,

Harper, and McAlpine, 2005).

Besides mean-level sound statistics, the contrast, or variability of sounds, is also crit-

ical. For instance, evidence in mice IC neurons has shown that during a low contrast

context (sound embedded in noise i. e., low Signal-to-Noise Ratio (SNR)), neurons re-

spond more strongly to changes in sound level (higher gain). For a high contrast

context (pure tone with now background noise, i. e., high SNR), the sensitivity of neu-

ronal responses is reduced (lower gain). These gain mechanisms have been found in

the CNIC, the lemniscal area of the IC (Willmore and King, 2023). Importantly, the adap-

tation to sound contrast is observed independently of the cortex; the response adap-

tation, however, appears to be prolonged when the same stimulus is re-encountered,

suggesting top-down learning effects (Robinson, Harper, and McAlpine, 2016).
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At last, Stimulus-Speci�c Adaptation (SSA), which refers to the reduced response to

repeating tones, is predominantly found in the non-lemniscal area of the IC. Neurons

are active when a sequence of tones is interrupted by a deviant tone, representing de-

viance detection/prediction error response (Carbajal and Malmierca, 2018). In terms

of top-down control, cortical deactivation typically attenuates but does not abolish IC

SSA. This indicates that corticofugal feedback modulates rather than generates these

midbrain adaptations (Parras et al., 2017).

Together, mean-level adaptation, contrast gain control, and SSA illustrate how the

IC re-centers, re-scales, and contextualizes the ascending code before it reaches the

thalamus.

2.2.3 Thalamus

The thalamus represents the next stage of auditory processing, after the IC. Similar

to the IC, the contrast gain control occurs in the lemniscal area (MGv). Here, neurons

respond strongly (high gain) when the contrast is low. However, the time window of

integration for the contrast control mechanism is longer than that in the IC, suggesting

that the additional processing stabilizes gain representations. Another aspect that is

shared with the IC is that this type of response adaptation occurs largely independent

of the cortical activity, which takes a predominant modulatory role (Lohse et al., 2020).

Following the functional division of the IC, SSA is predominantly found in the

non-lemniscal divisions (see Section 2.1.4). SSA persists when cortex is cooled/inacti-

vated, yet its magnitude and persistence are shaped by descending projections, consis-

tent with top-down gain control and predictive modulation (Carbajal and Malmierca,

2018). Functionally, the MGB represents another stage in auditory processing, which

�lters and re-emphasizes ascending signals of the IC. Speci�cally, the MGv maintains a

high-�delity, contrast-normalized channel to core cortex, whereas MGd/MGm convey

context- and deviance-sensitive signals to belt/parabelt of the auditory cortex.

2.2.4 Auditory Cortex

Following the lemniscal/non-lemniscal distinctions established subcortically, the audi-

tory cortex expresses complementary forms of short-term adaptation. A1 receives pre-

dominantly projections from the lemniscal areas of the thalamus, expressing contrast

gain regulation-related activity (Lohse et al., 2020). Here, the longest time windows of

integration are found compared to IC and MGB, suggesting additional cortical process-
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ing. In line with the cross-brain region interaction, this type of adaptation appears to

be largely independent of lower regions.

Notably, SSA has been observed in the A1 (Ulanovsky, Las, and Nelken, 2003),

which receives limited projections from non-lemniscal thalamic and IC regions. This

adaptation seems to result from local cortical processing rather than input from non-

lemniscal subcortical areas, as network modeling suggests that intracortical dynamics

account for the reduced response to repeated stimuli (Yarden and Nelken, 2017). Al-

though deviance detection elicited a large response in the A1 (lemniscal), a greater

response to deviance detection can be observed in the belt areas (non-lemniscal) (Car-

bajal and Malmierca, 2018). Additionally, in how far the top-down corticofugal net-

work, described previously, modulates lower-level activity remains uncertain (King,

Teki, and Willmore, 2018).

Besides external stimulation, Eliades and Wang (2008) have shown that during self-

generated vocalizations (speech), auditory cortical neurons exhibit pre-emptive sup-

pression, reducing responsiveness to expected input. This suppression likely origi-

nates in cortical circuits and appears earlier than similar effects in the IC or brainstem,

suggesting a top-down predictive mechanism that distinguishes self-generated from

external auditory stimuli.

Adaptation to more complex auditory environments has also been examined. For

example, when individuals are exposed to continuous environmental background

noise, the brain constructs an internal model of the noise's statistical properties. This

model allows the auditory system to �lter out irrelevant noise components and to

detect meaningful sound events more ef�ciently (Hicks and McDermott, 2024). Sup-

porting this mechanism, research has shown that the statistical features of background

noise are actively suppressed to enhance the neural representation of speech in the

left STG (Khalighinejad et al., 2019).

Most of the adaptation effects discussed so far have been observed using invasive

techniques in mostly animal studies and some in humans (see Section 2.1.5 for in-

vestigations in humans using ECoG). The advantage of such methods is the ability to

directly measure neural activity within the brain, offering higher spatial and temporal

resolution than non-invasive alternatives. However, invasive recordings are not feasi-

ble for the majority of participants in human neuropsychological experiments. In the

context of non-invasive measurements, the degree of stimulus-speci�c adaptation de-

pends on the Inter-Stimulus-Interval (ISI) (López-Caballero, 2025). Where the neural

response is reduced for shorter ISI. Furthermore, it has been shown that the direct con-

text in which the stimulus was presented impacted the degree of modulation (Lanting

et al., 2013). Another well-documented neural marker of neural adaptation involves
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interrupting a train of similar tones by a deviant one. Here, a large negative potential

is found, referred to as Mismatched Negativity (MMN), which peaks between 100-250

ms after stimulus onset (Garrido et al., 2009; Sams et al., 1985). Whether this is due to a

memory trace or neuronal depletion remains debated (May and Tiitinen, 2010; Näätä-

nen, 2001). Besides inter-stimulus distance, the frequency similarity between tones

has been shown to lead to neural adaptation. Here, the degree of adaptation depends

non-linearly on the spectral overlap of successive tones (Herrmann, Schlichting, and

Obleser, 2014).

While these �ndings have been reliably replicated, they are largely based on simpli-

�ed stimuli such as isolated, arti�cial tones. It remains unclear whether similar adap-

tation effects occur in response to more complex, continuous, naturalistic auditory

environments. The second study in this thesis aims to address this gap by investigat-

ing whether these adaptation mechanisms also apply to natural soundscapes. Before,

I will de�ne the concept of soundscape and how it can be investigated.
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S O U N D S C A P E

"Vi hör med örat, men lyssnar med hjärnan."

(Cognitive Hearing Science for

Communication Conference 2024)

Key Takeaways

• Natural soundscapes are inherently complex due to overlapping sounds and their

temporal dynamics.

• An important distinction is between the physical properties of the sound source

(proximal) and the subjective experience (perceptual).

• The proximal soundscape can be measured, and the perceptual needs to be inferred.

What you will learn:

What makes the soundscape complex, and how the proximal can be linked with the per-

ceptual soundscape.

The concept of a soundscape may seem intuitive; most of us know what it means

to “listen to our environment”, yet de�ning it scienti�cally is challenging. As with the

classic question of whether a falling tree produces a sound, the answer depends on

whether sound is understood as a physical signal or a perceptual experience. Sound-

scapes share this duality: they can be described as measurable acoustic signals (prox-

imal soundscape) or as subjective auditory experiences (perceptual soundscape). In

this section, I will outline what makes soundscapes complex, trace how they have

been de�ned in the literature, and highlight why the distinction between proximal

and perceptual soundscapes is critical for their scienti�c investigation. To illustrate

their diversity and richness, I invite the reader to explore examples of soundscapes

from around the world: https://aporee.org/maps/.

19
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3.1 soundscape complexity

Compared to the simpli�ed stimuli often used in laboratory experiments, real-world

soundscapes are vastly more complex. Imagine standing on Times Square in New

York and recording your environment. Chances are that this mental scenario was a

rather busy and loud one. From all the cars driving by, honking, humans chattering,

walking sounds, advertisements being played, music by street performers, dogs bark-

ing, to pigeons �apping their wings (Figure 3). All of these sounds overlap and con-

verge into a dense mix, constituting the proximal soundscape. In the recording, there

are an unknown number of concurrently active sound sources. Each source follows its

own dynamics, some continuous, others marked by onsets and offsets, or by spatial

movement. The superposition of these sound sources, their actions and events, as well

as their dynamically changing nature, constitute the complexity of soundscapes. This

complexity is central to the challenge of linking acoustic signals to perception and

motivates the need for clear operationalization.

Figure 3: Capturing the proximal soundscape with microphones can yield a mixture of sev-
eral sound sources. Exemplary, recording the soundscape at Times Square in New
York may contain sounds of pedestrians, pigeons, and dogs barking (generated with
ChatGPT 5).
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3.2 soundscape definit ion

The scienti�c investigation of soundscapes began with Southworth (1969) de�nition of

the soundscape as “the quality and type of sounds and their arrangements in space and time”.

While this formulation captures the intuitive idea of soundscapes, it is too vague to

serve as an operational framework. A signi�cant step forward was made by Farina

and Pieretti (2012), who de�ned the soundscape as “the acoustic context produced and, in

turn, perceived in different ways by both animals and humans”. This de�nition introduced

the perceiver as being a critical constituent of the soundscape, which represents a

crucial step in guiding future soundscape research by explicitly acknowledging the

subjective nature of perception. The role of the perceiver is also emphasized in the ISO

12913-1:2014(en), Acoustics — Soundscape — Part 1: De�nition and conceptual framework

(2014), which de�nes the soundscape as “an acoustic environment, as perceived and/or

understood by a person or group of people in context”. These developments highlight a vital

distinction between the physical properties of sound and the perceptual processes

of the listener, a theme that recurs throughout this thesis. However, none of these

de�nitions fully capture the physical aspects that constitute a soundscape.

A more recent approach addresses this gap by distinguishing three complemen-

tary categories: the distal, the proximal, and the perceptual soundscape (Grinfeder

et al., 2022). The distal soundscape is de�ned as the totality of "spatial and temporal

distribution of sounds in a prespeci�ed area in relation to sound propagation effects". While

conceptually useful, it is more of a theoretical than a measurable concept. In contrast,

the proximal soundscape is de�ned as "the collection of propagated sound signals that

occurs at a speci�c point in space". This category of soundscape is relevant for studying

sound perception in everyday life, as it provides a point at which the soundscape

can be obtained. In practice, however, it can only be approximated through record-

ings, which are limited by the acoustic range of the recording device. At last, the

perceptual soundscape is de�ned as "the individual subjective interpretation of a proximal

soundscape".

Here, I only consider the proximal and perceptual soundscape. This dual perspec-

tive provides a framework for linking measurable acoustic signals with subjective

auditory experience, which is the central goal of the thesis.



22 soundscape

3.2.1 Proximal Soundscape

The �rst step is to investigating the auditory perception of complex soundscapes is to

operationalize the proximal soundscape. This encompasses those aspects of the envi-

ronment that can be quanti�ed from the acoustic signal itself. This operationalization

of acoustic models is often inspired by the perceptual organization, as will be shown

below. Thus, the boundary between proximal and perceptual soundscape is blurry

and can shift with additional novel modeling techniques (for a detailed discussion,

refer to Section 11.2). The boundary in this thesis is the information and models that

can be extracted from the proximal soundscape alone, without additional information

on the perceptual state of the perceiver.

For instance, the segregation of complex soundscapes into separate sound sources

has been shown to rely on acoustic information. M�ynarski and McDermott (2019)

showed that the co-occurrence of acoustic onsets, harmonicity, spectral similarity,

and shared temporal modulation patterns are crucial acoustic cues for events to be

grouped into the same or separate source/s. Furthermore, time-frequency character-

istics such as harmonicity and temporal coherence bind features together into higher-

order qualities into timbre, which are used to determine the source's identity (Ogg

and Slevc, 2019).

Once the sound source has been determined, the process of chunking these continu-

ous streams into perceptually meaningful events is referred to as event segmentation

(Winkler, Denham, and Escera, 2013). Here, changes in acoustic attributes such as fre-

quency and intensity can be determinants of events' on- and offsets. Speech processing

is an example where event segmentation is relevant. Slow amplitude �uctuations cor-

respond to syllable rate in speech, which are crucial constituents of communication

(Ding et al., 2016; Oganian et al., 2023). Besides the chunking into separate events,

the acoustic context can be depicted by the temporal proximity of sound events, and

sudden energy changes over longer periods of time. For instance, Huang and Elhi-

lali (2017) showed that sudden changes in loudness, pitch, and the spectral pro�le

represent bottom-up acoustic cues of saliency.

These acoustic properties can be used to describe different aspects of the proximal

soundscape. In practice, the acoustic properties of the recorded soundscape of Times

Square (i. e., loudness, spectral properties, saliency) can be derived to estimate the

sources of sounds. Thus, they provide the bridge to perceptual interpretations by link-

ing physical signals to categories that listeners recognize. While, in principle, fairly

straightforward, obtaining real-world recordings of a proximal soundscape with a

suf�cient level of description poses a signi�cant challenge. Placing a microphone in
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Times Square and recording continuously may capture the proximal soundscape, but

extracting features to link to the perceptual soundscape is no easy task. For instance,

separating the different sound sources, a task which is solved with millisecond pre-

cision by the auditory pathway (Section 2.1.5), is a methodological challenge from

single-channel recordings (Ansari et al., 2023; Nourifard, 2025). The separation of neu-

ral sources, echoing the current issue, will be discussed in Section 4.3.1.

3.2.2 Perceptual Soundscape

The perceptual soundscape, in contrast, re�ects how listeners organize, interpret, and

experience incoming sounds (Grinfeder et al., 2022). Crucially, it cannot be directly in-

ferred from the proximal soundscape, since perception depends on internal, cognitive,

and contextual processes. For example, through acoustic feature analysis, I may have

been able to extract the different sources of sounds that were present in Times Square,

but whether each was perceptually relevant, we cannot know from the soundscape

alone. This has far-reaching consequences as auditory perception is strongly shaped

by top-down in�uences such as attentional focus (Ding and Simon, 2014; Obleser and

Kayser, 2019).

Perception is further shaped by subjective dimensions such as pleasantness, event-

fulness, and familiarity (Axelsson, Nilsson, and Berglund, 2010), as well as by affective

states: acoustically identical sounds (e.g., footsteps from upstairs neighbors) may be

experienced as neutral or highly irritating depending on the listener's affective state

(Frescura et al., 2025). Finally, multimodal integration also plays a decisive role. Visual

cues can override or reshape auditory processing, as in the ventriloquist effect (Bruns,

2019), the McGurk effect (Mcgurk and Macdonald, 1976), or audiovisual facilitation

of speech in noise (Puschmann et al., 2019; Stekelenburg and Vroomen, 2007). These

factors illustrate why the perceptual soundscape cannot be captured directly from

the proximal soundscape: it is an active construction, shaped by top-down attention,

affect, context, and multimodal cues.

This distinction highlights a central challenge for research: proximal soundscapes

can be measured, but perceptual soundscapes must be inferred. The question, then,

is how to obtain a measure of the perceptual soundscape. One approach would be

through experimental manipulation of cognitive states ("focus on the pigeon �apping on

Times Square") or self-reports ("does the pigeon �apping annoy you?"). While valid, both

approaches disrupt natural behavior (imagine being asked about your current level

of annoyance every 5 minutes) and provide only momentary assessment in the latter
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case. Besides these considerations, obtaining a suf�cient level of description from real-

world recordings already poses a challenge, due to the soundscape's complexity.

A common response has been to return to the laboratory, presenting isolated tones

that vary along a single acoustic dimension (e.g., amplitude or frequency). Yet, such

stimuli fall short of capturing the complexity of everyday listening (Hamilton and

Huth, 2020). A more progressive strategy is to present increasingly complex stimuli

under controlled conditions, allowing researchers to identify the driving factors of

perceptual experience (Holleman et al., 2020; Shamay-Tsoory and Mendelsohn, 2019;

Stangl, Maoz, and Suthana, 2023; Vallet and Van Wassenhove, 2023).

In this setting, a promising approach to obtaining continuous estimates of the per-

ceptual soundscape is to approximate it by measuring the underlying neural processes

outlined in Chapter 2. A suitable neuroimaging method is EEG, due to its temporal

precision and high mobility for future beyond the lab recordings (Larson and Lee,

2013; Winkler, Denham, and Escera, 2013). Although it does not provide direct ac-

cess to subjective qualia, it offers an indirect window into how proximal features are

transformed into perceptual representations. By modeling brain responses to acoustic

input and contrasting them with features tied to perceptual relevance, EEG enables us

to approximate aspects of the perceptual soundscape in ways that go beyond passive

description. This link forms the methodological and conceptual bridge between the

soundscape framework and the empirical studies presented in the following chapters.



4
E E G

"It's a popular fact that 90 percent of the brain is not used and, like most

popular facts, it is wrong. . . . It is used. One of its functions is to make the

miraculous seem ordinary, to turn the unusual into the usual.

Otherwise, human beings, faced with the daily wondrousness of everything,

would go around wearing a stupid grin, saying “Wow,” a lot.

Part of the brain exists to stop this from happening."

Pratchett (2010)

Key Takeaways

• The neural signal that is captured by EEG is generated by the synchronous activity of

predominantly cortical neuronal populations.

• EEG can be analyzed in the time and frequency domains and provides high temporal

resolution.

• Mobile solutions enable the continuous recording beyond the lab to study auditory

perception.

What you will learn:

How the signal that is measured by the EEG is generated and how it can be analyzed to

investigate auditory perception.

EEG measures the brain's electrical activity using electrodes placed on the scalp.

Importantly, EEG does not record the activity of single neurons but instead re�ects

the summed activity of large populations of neurons, integrated over cortical areas of

approximately 10 cm 2 or more (Buzsáki, Anastassiou, and Koch, 2012). In the context

of this thesis, EEG is of particular relevance because it allows us to investigate the neu-

ral processes underlying complex, naturalistic sound perception. Other neuroimaging

25
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methods, such as fMRI, functional Near-Infrared Spectroscopy (fNIRS) or Magnetic En-

cephalography (MEG), either lack the portability needed for everyday life studies or

do not provide the necessary temporal resolution. In the following sections, I will out-

line the fundamental principles that determine what EEG measures. This includes the

biophysical basis of current generation at the cellular level, the neural origins of the

EEG signal, the effects of volume conduction, the temporal characteristics of EEG, and

�nally, an overview of different measurement setups.

4.1 current generation in the brain

To understand the neural processes underlying sound perception, one needs to un-

derstand what neural signal the EEG measures. Thus, I explore how electrical current

activity in the brain is generated in the �rst place. This starts at the single neuron

level. Neurons maintain a resting potential of approximately –70 mV relative to their

extracellular environment. This electrical gradient is established by the unequal dis-

tribution of sodium (Na + ), potassium (K+ ), and chloride (Cl - ) ions across the cell

membrane. When a presynaptic neuron releases neurotransmitters into the synaptic

cleft, the permeability of the postsynaptic membrane changes, allowing charged ions

to �ow (Buzsáki, Anastassiou, and Koch, 2012).

Two major types of postsynaptic responses can occur, depending on the type of neu-

rotransmitter. One type of neurotransmitter release leads to the in�ux of positive ions,

and the postsynaptic membrane depolarizes, resulting in an Excitatory Postsynap-

tic Potential (EPSP). Importantly, once cell membrane depolarization passes a certain

threshold, an action potential occurs. It represents an all-or-nothing strong depolar-

ization of the cell membrane at the axon hillock and axons. Conversely, the other type

of neurotransmission causes the out�ow of positive ions, which leads to a hyperpo-

larization of the cell membrane, producing an Inhibitory Postsynaptic Potential (IPSP)

(Amzica and Silva, 2017).

In the case of an EPSP, the entry of positive ions into the apical dendrites produces

a local current sink, i.e., a region of negative extracellular potential at the site of ion in-

�ux. To preserve electroneutrality, this sink is balanced by a current source elsewhere

on the neuron, typically near the soma, where positively charged ions accumulate ex-

tracellularly. The migration of ions between these regions, termed return current, gen-

erates extracellular potentials, also referred to as Local Field Potential (LFP) (Buzsáki,

Anastassiou, and Koch, 2012) (Figure 4A). This spatial separation of sink and source

establishes an electrical dipole along the somatodendritic axis. Importantly, the dis-
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tance between the current source and sink signi�cantly determines the size and shape

of the LFP (Amzica and Silva, 2017). The voltage of single neuronal LFP, however, is

much too small to be picked up by the EEG. Instead, it requires the synchronous activ-

ity of a large population of neurons.

4.2 signal generation in eeg

The voltage of single neuronal LFP, however, is much too small to be picked up by

the EEG. Instead, it requires the synchronous activity of a large population of neurons.

Importantly, all neuronal current sources contribute to the LFP, however, here I will

only discuss the most dominant contribution, which is from Postsynaptic Potentials

(PSP) (for an overview of other neuronal current sources, refer to Buzsáki, Anastassiou,

and Koch (2012)).

The most prominent contributors to PSPs are pyramidal cells in the cortex. These

neurons possess long apical dendrites, are arranged in parallel, and are oriented per-

pendicular to the cortical surface. This geometry is particularly favorable for generat-

ing strong extracellular �elds. Their long dendrites create a large spatial separation

of sinks and sources along the somatodendritic axis, which establishes strong dipoles.

Their parallel alignment enables these dipoles of this neuronal population to super-

impose constructively, which results in a signal that can be measured at the scalp

(Figure 4B) (Buzsáki, Anastassiou, and Koch, 2012).

EEG is therefore most sensitive to neural activity at the cortical surface, where

aligned pyramidal dipoles dominate. Here, the amplitude of the recorded potential

depends on the distance between the current source and the electrode, decaying ap-

proximately with the square of the distance 1=r 2 (Amzica and Silva, 2017; Buzsáki,

Anastassiou, and Koch, 2012). Deeper sources generally lack the strength to be reli-

ably detected, although recordings from deep brain structures are possible, such as

measuring brain stem responses to sounds in infants (Hecox and Galambos, 1974; Ku-

lasingham et al., 2024). This emphasizes why EEG is particularly well-suited to capture

synchronous cortical surface activity, while being less sensitive to deeper or spatially

dispersed sources.

4.3 volume conduction

As outlined in the previous section, the ability of EEG to measure LFP depends on

several neural factors as well as the distance between the recording electrode and the
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neural current source. Importantly, electrical potentials generated in the brain do not

reach the scalp directly, but rather spread through the intervening tissues. This process

is known as volume conduction and refers to the passive propagation of electrical

currents through the head. In the case of cortical activity, the potential generated

at the source passes through multiple tissue layers, including the cortex, pia mater,

cerebrospinal �uid, dura mater, skull, and skin (Figure 4B). Each of these layers differs

in conductivity, with the skull in particular offering high resistance. As the potential

spreads through these tissues, it becomes attenuated, distorted, and diffused. The

resulting signal that arrives at the scalp electrode is therefore a spatially smoothed

version of the underlying brain activity (Broek et al., 1998).

Figure 4: A: Neurons can be broadly categorized by consisting of dendrites, a soma, and an
axon. An EPSP at the apical dendrites leads to a current sink (negative extracellular
potential) at the site of ion in�ux, and is balanced by a current source near the soma.
The resulting return currents establish an electrical dipole along the somatodendritic
axis. B: Cortical arrangement of pyramidal neurons oriented orthogonally to the
cortical surface. Synchronous activity of these neurons leads to LFP, which can be
detected by electrodes placed on the scalp. The black arrows are set to visualize the
effect of volume conduction, where their thickness represents the reduced source
signal strength that is captured at distant compared to proximal electrodes. Created
with BioRender.com.
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4.3.1 Sensor Source Relationship

A highly related concept to volume conduction is the sensor (electrode) and source

(LFP) relationship. EEG does not provide a direct measurement of isolated brain sources.

Instead, each electrode records a superposition of activity from multiple neural gen-

erators. This includes the source of interest as well as unrelated or distant sources

that also contribute to the scalp potential. This poses a signi�cant challenge for EEG

research, as activity measured at a single electrode cannot be attributed to a single

neural population, which is known as the inverse problem. What makes the inverse

problem particularly troublesome is that it has no unique solution, as the number of

potential brain sources is unknown. This was proven as early as 1853 by Helmholtz

(1853). Intuitively, the proof demonstrates that in�nitely many source con�gurations

can yield the same scalp distribution. This means that any solution is merely an ap-

proximation of the true underlying generators, making it dif�cult to draw de�nite

conclusions from the results alone 1.

In practice, the sensor–source mapping is often assumed to be the result of linear

mixing, whereby the scalp signal re�ects a weighted sum of the underlying sources.

This framing makes the problem mathematically tractable but still underdetermined.

Several different approaches exist to offer solutions to the mixing problem. The most

common in EEG research are Independent Component Analysis (ICA) (Hyvärinen and

Oja, 2000; Makeig et al., 1995) and Principal Component Analysis (PCA) (Hotelling,

1936; Pearce and Hirsch, 2000), which belong to the blind source separation algo-

rithms. Each has a different set of assumptions regarding the mixing process. For all

these approaches, however, the number of sources that can be estimated is constrained

by the number of electrodes used, that is, by the rank of the data matrix (Makeig et

al., 1995). This is highly relevant, as the number of sources that can be estimated

depends on the number of electrodes, and thus the type of EEG setup (discussed in

Section 4.4). Besides separating neuronal sources, ICA is commonly applied to deter-

mine non-neural sources that introduce electrical noise in the measured signal.

4.3.2 Noise

Another crucial concept related to volume conduction is that of noise. Since electrodes

record a superposition of activity from multiple sources, many of them unrelated to

1 This is the same problem encountered when determining the sound sources in a recorded complex
soundscape, see Section 3.1
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the source of interest, the measured signal can be conceptualized as the sum of the

signal of interest and noise. This relationship is often quanti�ed using the SNR. EEG

generally has a low SNR, as it is not only in�uenced by distant neural sources due to

volume conduction but also by a variety of non-neural signals that generate electrical

activity.

Noise can arise from several sources. Physiological noise includes muscle activity,

cardiac signals, respiration, and eye movements such as blinks and saccades. In ad-

dition, EEG is highly sensitive to environmental and instrumental noise, such as line

noise, poor electrode contact, or cable movement (for a comprehensive list see Kaya

(2021)). Because of volume conduction, noise from one source spreads widely across

electrodes, further complicating the separation of signal and noise. While this list is

not exhaustive, it illustrates how measuring the signal of interest is inherently prone

to distortions from multiple sources.

To mitigate these effects, EEG data can be subjected to preprocessing. Common

strategies include �ltering (e.g., removing line noise), artifact rejection, and regression-

based corrections. A powerful and widely used approach is ICA (Hyvärinen and Oja,

2000; Makeig et al., 1995), which assumes that sources mix linearly at the sensor level

and can be statistically separated into maximally independent components. In prac-

tice, ICA decomposes the EEG into components that can be classi�ed and, if appropri-

ate, rejected as artifacts (Pion-Tonachini, Kreutz-Delgado, and Makeig, 2019). Impor-

tantly, ICA does not attempt to localize neural sources in anatomical space; instead, it

separates the recorded signals into components that are maximally statistically inde-

pendent, which may re�ect distinct neural or non-neural processes.

Finally, it is important to note that the de�nition of noise is not absolute but depends

on the research question. A signal that is considered noise in one context may be the

feature of interest in another. For example, eye blinks are often removed because

of their large voltage de�ections, yet in certain perceptual or cognitive tasks, blink-

related activity is itself highly relevant and therefore constitutes a meaningful signal

(Holtze et al., 2023; Wascher et al., 2022).

4.4 eeg setup

EEG records weak electrical signals from the brain using electrodes placed on the

scalp. Because voltage represents a potential difference, each EEG channel requires at

least two electrodes: a recording electrode and a reference electrode. Together, they

measure the difference in potential between two sites on the head. Since the raw
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neural signals are extremely small, they must �rst be ampli�ed, typically by a factor

of 1,000 to 100,000 (Hari, 2017). The digitization on the recording device can range

from a laboratory ampli�er connected to a computer to more compact systems such

as mobile phones.

After digitization, researchers often apply of�ine re-referencing to improve the SNR.

The choice of reference electrode is crucial, as every channel re�ects the potential dif-

ference relative to this site. Ideally, the reference is electrically neutral with respect to

the processes under study, recording minimal and stable activity, and being placed

suf�ciently far from the electrode of interest to reduce contamination by volume con-

duction. Common approaches include linked mastoids and average referencing. In

this thesis, a linked-mastoid reference is used, as this method is well validated in au-

ditory EEG research (Mahajan, Peter, and Sharma, 2017) and is more suitable for the

low-density electrode setup employed here, which is not optimal for average referenc-

ing (Lei and Liao, 2017).

EEG setups vary in montage electrode type and number of electrodes. Electrodes

can be active or passive: active electrodes amplify the signal at the electrode site,

whereas passive electrodes transmit the raw signal to the ampli�er. Active electrodes

reduce the effects of high impedance and mitigate external noise sources such as

cable movement (Laszlo et al., 2014; Xu et al., 2017). However, in a real-world audi-

tory task, Scanlon et al. (2021) reported no difference in data quality between active

and passive electrodes during movement. In addition, electrodes may be wet, dry, or

sponge-based. Wet electrodes, which employ conductive gel between the scalp and

electrode surface, reduce electrical impedance and thereby increase SNR (Ehrhardt et

al., 2024). The datasets in this thesis were acquired using passive, wet electrodes.

Another de�ning factor is the number of electrodes, which determines spatial cover-

age. This can range from ultra-high-density caps with up to 1024 electrodes (Schreiner

et al., 2024), to high-density setups with 128–256 electrodes (Jaeger et al., 2020; Oosten-

veld and Praamstra, 2001), the standard 64-electrode montage (Mirkovic et al., 2015),

sparse setups with 32 or 16 electrodes (Debener et al., 2015; Rosenkranz and Bleichner,

2022), and minimal systems with as few as 2 electrodes (Kosmyna et al., 2019). The

choice of electrode density depends primarily on the research question. Additional

considerations include participant comfort, setup time, and spatial coverage require-

ments. In the context of auditory perception EEG investigation, non-traditional ap-

proaches such as around-the-ear electrodes (cEEGrids; (Bleichner and Debener, 2017;

Debener et al., 2015; Meiser, Knoll, and Bleichner, 2024) or in-ear electrodes (Geirnaert,

Kappel, and Kidmose, 2025; Mikkelsen et al., 2021) have been proposed. These unob-
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trusive cEEGrids are particularly promising for recordings outside the laboratory and

will be explored in Chapter 9.

4.5 temporal characteristics of eeg

This section provides a broad overview of how the EEG signal can be analyzed. Once

the core concepts are outlined, speci�c examples for auditory perception will be pro-

vided. Importantly, EEG data can be analyzed in the time and frequency domain. To

understand how the signal can be decomposed into different frequency bands and

in how far these provide a physiological basis in the brain, I will �rst introduce the

concept of oscillations. Next, I will introduce event-related potentials and how these

transient, evoked responses can be derived and used to investigate the brain.

Figure 5: The neural signal can be described in the time or frequency domain. In the time
domain, the signal is represented over time and the amplitude (for EEG in mV). Us-
ing the Fourier Transform, the signal can be displayed in the frequency domain.
In the frequency domain, the signal is plotted over frequencies f and their re-
spective magnitude b. Replicated from https://dibsmethodsmeetings.github.io/

fourier-transforms/
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4.5.1 Oscillations in the Brain

Fluctuations of PSP over time generate rhythmic patterns that appear in the EEG as os-

cillatory signals. By decomposing the time series into its frequency components using

a Fourier transform (see Peters (1998) for a detailed explanation). The resulting Fourier

coef�cients are de�ned by their amplitude and phase for each respective frequency.

Typically, the EEG spectrum follows a 1/f distribution, meaning that slower oscillations

carry greater power than faster ones. This scaling re�ects network properties: larger

neuronal populations can be recruited over longer temporal windows, giving rise to

stronger low-frequency activity (Buzsáki, Anastassiou, and Koch, 2012; Buzsáki and

Vöröslakos, 2023). In conventional scalp EEG, the frequency range of interest spans

approximately 0.1–100 Hz. Beyond this broad range, oscillations are commonly di-

vided into canonical frequency bands: delta (1–4 Hz), theta (4–8 Hz), alpha (8–13 Hz),

beta (13–30 Hz), and gamma (>30 Hz) (Figure 6A) (Burgess, 2012). Changes in power

within these bands have been associated with a variety of cognitive and perceptual

functions (Amzica and Silva, 2017). While it is tempting to map individual bands onto

speci�c cognitive functions, these rhythms may re�ect more general mechanisms of

neural organization. Indeed, concerns have been raised that the precise boundaries be-

tween bands are somewhat arbitrary (Burgess, 2012). However, converging evidence

supports the view that these divisions have a neurophysiological basis, as oscillations

in different bands are generated by distinct neural circuits and are associated with

different temporal scales of information processing (Buzsaki, 2006; Niedermeyer and

Silva, 2005). In this thesis, particularly the low frequency components < 10Hz are of

interest, as these have been linked to speech and sound perception (Ding and Simon,

2014).

In a seminal study, Luo and Poeppel (2007) demonstrated that spoken sentences

could be classi�ed based on the phase pattern of theta oscillations. This �nding in-

dicated that cortical activity in the phase of the theta band aligns, or entrains, to

the dynamic �uctuations of the speech signal. Subsequent studies extended speech

tracking relevant frequency components to the delta (Chalas et al., 2023; Gross et al.,

2013; Howard and Poeppel, 2010) and gamma band (Zion Golumbic et al., 2013). The

entrainment to the speech envelope has been a well-validated �nding and has been

extended to experimental designs.

For instance, neural entrainment is not purely stimulus-driven but also modulated

by attention. In dichotic listening tasks, where two competing speech streams are pre-

sented simultaneously, entrainment to the attended stream is consistently stronger

than to the unattended stream (Ding and Simon, 2012a; Jaeger et al., 2020; Zion
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Figure 6: A: Several frequency bands can be distinguished in the brain. These are commonly
grouped in the delta, theta, alpha, beta, and gamma bands. B: Their respective power
can be inspected in the frequency domain. C: To determine �uctuations in the power
of each of the frequencies, a time-frequency analysis can be plotted. Exemplary, the
data of a participant performing motor imagery is shown. Here, a strong decrease
in the alpha band power can be observed. Created with BioRender.com.

Golumbic et al., 2013). This suggests that oscillatory alignment to speech re�ects an

active process of selective attention, enabling listeners to focus on relevant auditory

input in noisy environments. Furthermore, recent studies have investigated whether

entrainment also re�ects higher-order processes such as syntactic or semantic inte-

gration (Agmon et al., 2023; Brodbeck, Presacco, and Simon, 2018; Ding et al., 2016)

or merely re�ects acoustic processing (Daube, Ince, and Gross, 2019). Clarifying this

distinction is crucial for understanding whether neural entrainment provides access

primarily to low-level auditory encoding or also to the hierarchical processing stages

underlying speech comprehension.

Despite the robustness of these �ndings, the underlying neural mechanisms remain

debated. One account proposes that speech-driven �uctuations re�ect phase reset-

ting of ongoing, endogenous oscillations, aligning intrinsic neural rhythms to exter-

nal acoustic events (Obleser and Kayser, 2019; Zoefel, Oever, and Sack, 2018). This
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is believed to aid the parsing of speech into meaningful segments (phonemes, sylla-

bles) driven by acoustic landmarks (Giraud and Poeppel, 2012). An alternative view

suggests that entrainment instead arises from the superposition of transient, evoked

responses (see Section 4.5.2) that mimic oscillatory patterns when repeated over time

(Breska and Deouell, 2017; Deoisres et al., 2023; Oganian et al., 2023). Current evidence

does not fully resolve whether speech entrainment is best understood as endogenous

oscillatory synchronization or as a byproduct of stimulus-locked responses. These

considerations are crucial when extending the investigation of auditory perception to

everyday life soundscapes that also contain non-speech objects (Section 3.2).

A natural question arises: if the focus lies only on those frequency bands that carry

neural entrainment to continuous stimuli, are the other frequency bands simply noise

that can be removed? The answer is yes, this is possible through digital �ltering. In

line with the general intuition of �lters, their main function is to pass certain frequency

components while attenuating others. In EEG, �lters are typically designed to suppress

activity outside the band of interest, thereby improving the SNR.

Filtering can be understood most intuitively in the frequency domain. Here, the

Fourier spectrum of the EEG signal is multiplied by the frequency response of the �lter.

This multiplication acts like a window: frequency components within the passband

are preserved, while others are reduced. The �ltered signal can then be transformed

back into the time domain. While this explanation is intuitive, it conceals an important

complication: the effect of �ltering on the phase of the signal.

Filters can be implemented with minimum-phase (causal) or zero-phase (acausal)

properties. In the causal case, the �lter introduces a temporal delay, which can shift

the apparent timing of neural events. Zero-phase �ltering, by contrast, eliminates net

temporal delay by applying the �lter forward and backward in time. However, this

approach is acausal: future samples in�uence past points, which can smear responses

backwards in time. Consequently, one might observe activity in the �ltered signal

before the actual event. This artifact is particularly problematic when interpreting

event-related timing (Widmann and Schröger, 2012; Widmann, Schröger, and Maess,

2015).

For these reasons, careful design and documentation of �lters is essential (for an

excellent review, see Cheveigné and Nelken (2019)). It is also important to recognize

that all �lters, regardless of implementation, alter the signal in some way. Neverthe-

less, �ltering is indispensable in EEG analysis—whether for suppressing slow drifts,

removing line noise, or isolating frequency bands of theoretical interest. Beyond anal-

ysis, �ltering also plays a role in stimulus design, for instance, when extracting the

envelope of a speech signal, as will be introduced in later sections.
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4.5.2 Event Related Potentials

Event-Related-Potential (ERP)s are a fundamental tool in EEG research for studying the

brain's time-locked responses to discrete sensory (Adler and Adler, 1989; Lanting et

al., 2013; Woodman, 2010), cognitive (Heidlmayr, Kihlstedt, and Isel, 2020; Proverbio,

Santoni, and Adorni, 2020; Zuk, Teoh, and Lalor, 2020), or motor events (Jacobsen

et al., 2022; Pfurtscheller, 1992). Given that the raw EEG signal is a superposition

of several different sources, it is dif�cult to isolate the response to a single event

within an individual trial. To improve the SNR of the event-speci�c neural response,

researchers present participants with the same stimulus repeatedly and then average

the corresponding EEG segments. This averaging process is based on the assumption

that event-unrelated activity, being random across trials, will average out, while the

consistent, event-related neural response will remain. As a result, averaging enhances

the SNR and reveals voltage de�ections that correspond to various stages of neural pro-

cessing (Figure 7A) (Luck and Kappenman, 2011). Although potentially not directly

apparent, these voltage de�ections largely originate from PSP of synchronously active

neuronal populations in response to the stimulus, as established in Section 4.1. Impor-

tantly, there remains an ongoing debate whether ERPs re�ect an event-locked phase

resetting of continuous oscillations or if they arise from the additive summation of

stimulus-evoked neural activity (Obleser and Kayser, 2019; Oganian et al., 2023).

The trajectory of anERP waveform is characterized by a sequence of positive and

negative voltage de�ections, commonly referred to as peaks, that occur at distinct

time points following stimulus onset. These peaks are typically labeled according to

either their polarity and sequence (e.g., P1 for the �rst positive peak, N1 for the �rst

negative peak) or their approximate latency in milliseconds (e.g., N170 for a negative

peak occurring around 170 ms post-stimulus) (Luck and Kappenman, 2011, p. 72). In

addition, some components are named after the cognitive processes they are thought

to re�ect, such as the MMN (May and Tiitinen, 2010). ERP components ideally re�ect

information processing related to the stimulus at different points in time. Carefully

controlled experimental designs allow researchers to link speci�c ERP components

to distinct cognitive or perceptual operations. For example, the brief presentation of

faces reliably elicits a larger N170 compared to non-face stimuli, suggesting that the

perceptual differentiation of faces from other objects occurs approximately 170 ms

after stimulus onset (Rossion and Jacques, 2012). Although voltage values of peaks

at each electrode contribute to a scalp topography that provides spatial distribution,

the actual neural sources of these signals are dif�cult to pinpoint due to volume

conduction (see Section Section 4.3). Even after averaging across trials to minimize
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unrelated activity, this challenge persists. Although no de�nitive solution currently

exists, combining EEG with other neuroimaging modalities, such as fMRI or MEG, pro-

vides physiological constraints under which the sources can be estimated reasonably

(Michel and Brunet, 2019; Nunez and Srinivasan, 2006). Furthermore, con�dence in

the anatomical interpretation of ERP components depends heavily on the replication

of �ndings across independent datasets (Luck and Kappenman, 2011, pp. 48, 55).

Auditory Evoked Potential (AEP) have been extensively studied, with the earliest

systematic observation attributed to Davis (1939), who reported auditory responses

in single-trial EEG data. AEPs are typically evoked by abrupt changes in auditory input,

such as sound onsets, offsets, or rapid changes in continuous sounds. Such changes

tend to recruit large neuronal populations in a synchronized manner, resulting in

prominent scalp-recorded components (Winkler, Denham, and Escera, 2013). The high

temporal resolution of EEG allows for the separation of auditory processing across dif-

ferent stages of the auditory pathway, ranging from brainstem responses (e.g., audi-

tory brainstem response, ABR), to mid-latency responses from the medial geniculate

body, and �nally to long-latency cortical responses. Detecting responses from deeper

brain structures generally requires a high number of repetitions to overcome attenua-

tion due to distance from the source to the electrode and volume conduction. Cortical

responses, on the other hand, are more readily accessible (Winkler, Denham, and Es-

cera, 2013). This section focuses on the long-latency cortical AEPs, particularly the

P1–N1–P2 complex (Figure 7B).

The P1-N1-P2 complex consists of two positive and one negative peak. The P1 is

a positive de�ection occurring approximately 50 ms after stimulus onset and is asso-

ciated with activity in the primary auditory cortex (Godey et al., 2001). It has been

linked to the early acoustic processing of auditory features (Haumann et al., 2021)

and the segregation of auditory streams (Jaeger et al., 2020; Snyder, Alain, and Pic-

ton, 2006; Snyder et al., 2012). The N1 is a prominent negative de�ection at around

100 ms, typically maximal at central scalp sites (Winkler, Denham, and Escera, 2013).

It is a complex component arising from multiple generators, both in primary (lem-

niscal) and secondary (non-lemniscal) auditory cortices (Kohl, Parviainen, and Jones,

2022; Pantev et al., 1995) and is sensitive to stimulus features (Beauducel et al., 2000;

Drennan and Lalor, 2019; López-Caballero et al., 2023), presentation rate (Lanting et

al., 2013; López-Caballero et al., 2023), and attentional manipulations (Debener et al.,

2002; Hillyard et al., 1973). Its amplitude and latency are in�uenced by the regularity

of auditory input, although its exact mechanism remains debated (May and Tiitinen,

2010; Näätänen, 2001). The N1 shows both tonotopic and amplitude-speci�c organi-

zation, with the location of its cortical generator varying based on the frequency and
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intensity of the auditory stimulus (Pantev et al., 1988, 1989). Following the N1, the

P2 emerges between 175 and 200 ms post-stimulus. It exhibits a positive polarity over

the vertex and has been shown to consist of two peaks, one in the auditory cortex an-

terior to those of the N1 (Bosnyak, Eaton, and Roberts, 2004; Steinmetzger and Rupp,

2023) and a later component in distributed areas of planum polare and planum tempo-

rale (Steinmetzger and Rupp, 2024). Although less well understood, the P2 has been

shown to respond to the spectral complexity of sounds (Shahin et al., 2005), the track-

ing of rapid acoustic changes (Steinmetzger and Rupp, 2023), learning (MacLean et al.,

2024), and increased attention (Snyder et al., 2012). Rather than providing an exhaus-

tive overview of all reported functions and localization results, the present section is

intended to highlight the temporal sequence of auditory processing and to illustrate

how EEG captures the progression of information along the auditory pathway.

Figure 7: A: The EEG data is segmented, locked according to the external event that was
being presented. Repeating this procedure results in several Trials (N). Averaging
over these trials is done to increase the SNR and results in an ERP. B: Presentation
of a tone elicits a neural response. Averaging over trials of repeated presentation of
the same tone yields a AEP. This AEP, here simulated, is characterized by the typical
P1-N1-P2 peak complex.
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4.6 mobile eeg

When monitoring neural activity underlying auditory perception during natural be-

havior, minimizing disruption from recording hardware is crucial. Portable setups,

termed mobile EEG, have been developed to address this need to measure perception

BTL (Bleichner and Debener, 2017; Bleichner and Emkes, 2020; Debener et al., 2012).

Mobile EEG systems can be evaluated along three dimensions: system speci�cation,

participant mobility, and device mobility. For example, maximal device mobility re-

quires a fully head-mounted system, while full participant mobility allows for uncon-

strained running or other vigorous activity. High system speci�cation, in turn, would

demand gel-based, active, shielded electrodes, combined with high sampling rates,

high bit resolution, long battery life, and reliable wireless transmission. In practice,

no existing setup achieves the highest score across all three dimensions simultane-

ously. Importantly, not all research questions require maximum speci�cation, but this

framework highlights the trade-offs in mobile EEG development (Bateson et al., 2017).

In the context of everyday auditory perception, Hölle and Bleichner (2023) investi-

gated sound processing in an of�ce setting using an unobtrusive setup with cEEGrids,

a neckspeaker, and a phone to record the signals. The system included an integrated

ampli�er and microphones to capture ambient sounds. AEPs were successfully ob-

tained for tones presented via the neckspeaker, but not for automatically derived

sound onsets in the ambient environment. This outcome highlights both the potential

and the limitations of mobile EEG for real-world soundscape research. While neural

activity can be recorded unobtrusively, the description of the acoustic environment is

critical. As discussed in Section 3.1, soundscapes are highly complex, and simplistic

representations such as indiscriminate sound onsets may be insuf�cient. Furthermore,

while AEPs are widely used to study auditory perception and associated cognitive

processes, they are limited in their applicability to naturalistic, continuous stimula-

tion. Averaging across trials requires repeated presentations of the same stimulus,

which rarely occurs in real-world listening situations. For this reason, classical ERP ap-

proaches are not suitable to capture how the brain processes continuous input, such as

ongoing speech. Therefore, I will introduce methods for analyzing neural responses

to continuous sound streams in Chapter 5.
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T E M P O R A L R E S P O N S E F U N C T I O N S

“Probably the last sound heard before the Universe folded

up like a paper hat would be someone saying,

'What happens if I do this?' ”

Pratchett (2008)

Key Takeaways

• Temporal Response Functions enable the mapping between the input and the output of

linear time-invariant systems.

• Forward models map stimulus (input) to neural data (output)

• Decoding models reconstruct the stimulus (output) from the neural data (input).

• Selection of features, which represent characteristics of the stimulus, in�uences the

extent to which neural variability can be explained.

What you will learn:

The conceptual and mathematical formulation of Encoding and Decoding models and

how they can be used to investigate continuous auditory perception.

5.1 the continuous world

We experience the world in a continuous manner, with sensory impressions integrated

into the perception of one seamless �ow of experience. To better understand how the

brain processes information in realistic settings, it is essential to analyze continuous

time series data. Such analyses acknowledge the ongoing and dynamic nature of per-

ception and align more closely with how sensory input is encountered in everyday

life.

41
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One promising approach to address this challenge is the use of Temporal Response

Functions (TRF). TRFs provide a mathematical framework that describes the relation-

ship between speci�c features of a stimulus and the neural responses using mapping

functions. The are two directions of modelling: encoding and decoding. Both of these

approaches fall under the broader framework of system identi�cation, which refers

to estimating a mathematical model that characterizes how an input signal is trans-

formed into an output signal. In the case of an encoding approach, a mapping func-

tion from stimulus property to neural activity is derived. In the case of decoding the

input and output switches Figure 8 (Marmarelis, 2004). The TRFs are rooted in the

framework of Linear Time-Invariant (LTI) systems. LTI systems assume that the brain's

response is proportional to the stimulus (linear) and stable over time (time-invariant).

These assumptions make them particularly useful in this context, as they provide a

simple yet powerful way to capture how continuous stimulus features consistently

shape neural responses (Crosse et al., 2021; Holdgraf et al., 2017). This enables the

estimation of interpretable models such as TRFs. While it is well recognized that the

brain is neither stationary nor always scales linearly with the sensory input (Bünau,

2012; Drennan and Lalor, 2019), non-linear models, which could capture non-linear

neural dynamics, are dif�cult to interpret (Crosse et al., 2021). Thus, LTI models offer

a practical and interpretable approximation of how stimulus features are processed.

Returning to the auditory pathway illustrates this point: information is progres-

sively transformed as it travels from the ear to the cortex, such that the raw acoustic

signal no longer directly matches cortical activity. The question then becomes, how

should the stimulus be represented so that it aligns with this transformed neural in-

formation? This line of reasoning re�ects a central aim of neuropsychological research:

to determine where and how properties of the external world are represented in the

brain, and how these representations are used to guide perception and behavior. 1

5.1.1 Encoding Models

The encoding models used in this thesis are a class of linear models that map stimu-

lus features onto neural data. Conceptually, they function as transfer functions, testing

whether a given feature is represented in the neural activity recorded with EEG. These

1 There is an interesting point to be made, in how far the concepts of psychological research describing
behavior, perception, or cognition i.e. emotions, attention, working memory, are actually meaningful
concepts for the brain. That is, rooting representations of stimuli in psychological concepts to explain
neural activity. Conceptually, this refers to the outside-in approach. Although vital to hypothesis gen-
eration and scienti�c investigation, it would diverge too much from the point of this section and the
interested reader is directed to the discussion between Poeppel and Adol� (2020) and Buzsáki (2020).
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Figure 8: The TRF describes how an input is mapped to an output over time. In neuroscience,
this framework links external stimuli to the recorded neural activity. The versatility
of this approach allows linking a variety of external stimuli (i.e., auditory, visual)
with neural recordings (i.e., EEG, fMRI, ECoG). In this example, the forward approach
maps audio recordings onto the EEG data using the TRF. In the decoding approach,
the audio is reconstructed from the EEG recording.

concepts (i.e., mapping functions, LTI systems) can be challenging to grasp, particu-

larly for those coming from non-technical backgrounds. A useful way to think about

these encoding models is that they provide a direct link between the activity of a brain

area of interest and the sensory information driving it. One can imagine the EEG data

as a fogged window, through which we see only a blurred re�ection of the true un-

derlying neuronal activity. Different aspects of the sensory signal can then be thought

of as different pairs of glasses placed in front of this window. Each pair emphasizes

certain features while obscuring others, thereby shaping what becomes visible. In this

analogy, the glasses represent the mapping functions: they determine how raw stimu-

lus features are transformed into the patterns of brain activity we observe. In practice,

one might ask whether the cortex tracks changes in the amplitude of a sound signal.

Here, tracking refers to systematic changes in the activity of neuronal populations in

response to �uctuations in loudness.

To approach this, we �rst derive the envelope s(t) of the sound signal over a record-

ing period of time t = 1...T . A naïve starting point would be to ask: if the envelope

increases at time point s(t + 1), does the neural response r(t + 1, c) (measured using
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channel c = 1...C) at the same time point also increase? Repeating this across all time

points and computing the inner product (assuming the signals are mean-centered)

between the two signals yields a measure of covariance. The outcome, normalized by

the variance, provides a measure of correlation.

However, this simple approach overlooks an important fact: changes in the stimu-

lus are not instantaneously re�ected in cortical activity. Due to biological processing

delays, changes in the envelope at time s(t + 1) may only be observable in the neural

signal at some later time r(t + k, c). To capture this, we systematically introduce time

lags by shifting the stimulus relative to the neural response and computing correla-

tions across these delays. The result is the cross-correlation function, which reveals the

temporal relationship between the stimulus feature and the neural response at each

lag.

Finally, to fully understand how temporal response functions operate as encoding

models, it is essential to account for the autocorrelation of the stimulus time series

itself. In forward modeling, this step ensures that correlations between stimulus and

response are not arti�cially in�ated by the inherent structure of the stimulus feature,

such as the temporal smoothness of an acoustic envelope (Figure 9).

In mathematical terms, we assume that the neural data r(t, c) can be estimated

through the convolution of the stimulus s(t) with a channel-speci�c set of weights

(TRF) w(k, c).

r(t, c) =
X

k

w(k, n) s(t - k) + "(t, c), (1)

"(t, c) presents the error term of residual variance not explained by the model. Im-

portantly, k de�nes a range of lags and has to be de�ned a-priori. The selection of

lags k = 1...K is typically based on the time range one would expect to observe cor-

tical response components, which are based on laboratory studies. Interestingly, the

w(k, c) at lag k = 100ms describes how one unit change in i.e. the envelope, affects

the predicted neural response 100ms later. The way to derive the TRF weights w(k, c)

is through minimizing the Mean Squared Error (MSE) between the predicted r̂(t, c)

and actual neural response r(t, c).

min "(t, c) =
X

t

[r(t, c) - r̂(t, c) ]2 (2)
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The minimization of the mean squared error can be solved using ordinary least

squares (OLS). This approach provides a closed-form solution, in which the weight

vector is estimated as

w =
�

STS
� -1

STr, (3)

Importantly, S is the lagged time series of the stimulus of dimension T x K, the en-

velope in this case. The matrix is zero-padded at non-zero lags to ensure causality

(Mesgarani et al., 2009). Here, the similarity between the neural response and the

envelope at each lag is computed and normalized by the autocovariance
�
STS

� -1
of

the stimulus. This is an important step and distinguishes TRF estimation from cross-

correlation, as autocorrelated stimuli, such as speech, would result in smearing. The

result is a set of weights w(k, c) at each time lag k.

Figure 9: To investigate auditory perception, features of the audio can be mapped onto the
EEG using TRFs to determine how they are processed. The derived model weights
are used to predict the EEG data of a held-out test set, by convolving the model
weights with the respective feature. The predicted time series is then correlated with
the actual EEG data. Here, exemplarily, the envelope and sound onsets are used as
features, and their respective model weights are shown. Furthermore, their respec-
tive predictions and correlations are displayed on the right side. Replicated from
Haupt, Rosenkranz, and Bleichner (2025a), with permission).
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5.1.2 Decoding Models

Decoding operates in the inverse direction compared to encoding. Instead of mapping

stimulus features onto neural data, the goal is to reconstruct the stimulus from the

recorded neural activity. While encoding models are primarily used to investigate how

the brain processes information, decoding models reveal which stimulus properties

are represented in the neural signals at a given point in time.

Returning to the earlier metaphor of the fogged window and glasses, encoding

describes how different glasses shape the way the sensory input is projected onto the

neural signals we observe. Decoding, in turn, asks whether we can look back through

the blurred window, using the patterns in the neural activity, to infer which glasses

were being worn and thus reconstruct what the original stimulus must have looked

like.

The decoder uses the distributed information across EEG channels to predict how

the stimulus evolved at different time lags. This contrasts with the encoding model,

where a separate set of weights is derived for each channel, effectively resulting in

a mass-univariate analysis. By combining information across all channels, decoding

exploits not only shared variance related to the stimulus but also channel correla-

tions, including those introduced by noise. This multivariate pooling typically leads

to higher reconstruction accuracies compared to forward prediction in encoding mod-

els (Hebart and Baker, 2018; Kriegeskorte and Douglas, 2019). A consequence of this,

however, is that the weights of the backward model should not be interpreted neu-

rophysiologically, as large weights do not necessarily represent being critical for the

stimulus (Haufe et al., 2014).

In practice, the decoder weights g(k, c) are derived analogously to the encoding,

merely the order of response and stimulus changes, as we try to minimize the MSE of

the actual stimulus s and the predicted ŝ.

g =
�

RTR
� -1

RTs, (4)

where R refers to the time-lagged neural response. Since backward modeling is acausal,

that is, the mapping of the neural data to the stimulus is backward in time, the lags

should consider this.
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5.2 regularization

A central challenge in both encoding and decoding models is over�tting. Ordinary

least squares provides an optimal solution for a given dataset, but this solution may

not generalize well to new data. For models �tted and tested on the same participant,

as is the case in this thesis, this is due to the noisy2 nature of neurological data (Crosse

et al., 2016; Wong et al., 2018). The regularization can be tuned to make the resulting

weights less speci�c to the dataset it was trained on and thus perform better on unseen

data.

Another issue is that the solution to the inverse of the autocovariance matrix can

be ill-posed, resulting in numerical instability. This can impact the resulting model

weights to be in�ated and thus suboptimal. Regularization can reduce the variance

by adding a bias term, improving the estimated inverse covariance matrix. Lastly,

the space over which features can be �tted can be unconstrained (Diedrichsen and

Kriegeskorte, 2017; Kriegeskorte and Douglas, 2019). That means that any number

of features could yield the same feature weights. In order to constrain this space,

regularization can be applied.

In the context of encoding and decoding, regularization involves adding a bias

term to the autocovariance matrix. A commonly used framework is ridge regression,

for which the mathematical expression looks as follows:

w =
�

XTX + �I
� -1

XTy, (5)

here the magnitude of � controls the amount of bias and has to be tuned. In practice,

this involves testing several different lambda values and choosing the most optimal

solution. In this thesis, the most optimal solution is the set of model weights that

yields the highest reconstruction/ prediction accuracy.

Several types of regularization exist, including ridge regression (Wong et al., 2018),

Tikhonov (Tikhonov and Glasko, 1965) regularization, and lasso (Tibshirani, 1996)

methods. In a comparative study, Wong et al. (2018) found that regularization had

the strongest impact on decoding performance, while its effect on forward encoding

was limited. The authors attributed this difference to the fact that the inverse problem

for neural data is particularly prone to being ill-posed. Nevertheless, regularization

remains crucial for ensuring stable and interpretable solutions in both modeling ap-

proaches.

2 refer to Section 4.3.2 for an explanation of noise in neural data.
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5.3 feature selection

An important consideration when building encoding or decoding models is the selec-

tion and transformation of stimulus features. The brain does not respond in a purely

linear manner to sensory input, and this non-linearity must be taken into account

when preparing features (Buzsáki and Mizuseki, 2014; Rahman et al., 2020). For exam-

ple, neural responses to aspects of sounds such as loudness are known to be non-linear

(Drennan and Lalor, 2019). To address this, features can be linearized by applying ap-

propriate non-linear transformations prior to modeling (Crosse et al., 2021). This step

ensures that the features fed into linear models more accurately re�ect how the brain

processes sensory information.

Another key aspect is that most natural stimuli are not adequately described by a

single univariate feature. Instead, they are inherently multidimensional. Speech, for

example, can be represented at multiple levels of description, ranging from acous-

tic properties such as the envelope, onsets, and spectrogram, to higher-level repre-

sentations such as phonetics and semantics (Brodbeck, Presacco, and Simon, 2018).

Incorporating multiple features f = 1...F into a model allows these complex and inter-

related aspects of the stimulus to be represented jointly. In practice, this is achieved

by concatenating the features, resulting in a matrix of size TxFk.

At last, echoing the proximal and perceptual soundscape, features regarding rele-

vancy cannot be obtained from the soundscape alone. That is, if a certain sound is a

target is not directly apparent from the soundscape alone.

By analyzing multiple features, one can capture not only the unique contribution

of each feature but also their interactions. This multivariate approach offers a richer

and more realistic account of how the brain processes naturalistic stimuli, moving be-

yond single-feature explanations to provide a comprehensive understanding of neural

encoding. I aim to answer the open question, which features of the soundscape are

most relevant for capturing neural responses. To address this, it is necessary to �rst

examine sound–brain relationships under controlled conditions, providing a reference

framework that can then be extended to more naturalistic settings. This issue is the

focus of Chapter 7 in this thesis.
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Figure 10: Several features can be derived from the soundscape, each differing in their descrip-
tive properties. Where onsets mark the beginning of a sound, they do not contain
continuous amplitude �uctuation information. Conversely, envelopes do not depict
changes in the frequency contents. The type of acoustic information that can be
characterized through speci�c features depends on the research question and the
quality of the audio recording. Meta information, such as whether a tone is per-
ceptually relevant by being declared a target, is not apparent from acoustics alone.
Replicated from Haupt, Rosenkranz, and Bleichner (2025a), with permission.
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O B J E C T I V E S

"The purpose of a storyteller is not to tell you how to think,

but to give you questions to think upon."

Sanderson (2010)

This thesis aims to advance the understanding of real-world soundscape perception

using mobile EEG neuroimaging. While studies have already attempted to measure

soundscape perception in everyday life and succeeded in obtaining ERPs to arti�cial

stimuli, they lacked a foundational understanding of which aspects of the soundscape

are driving the neural response. To address this, this thesis adopts a stepwise, nuanced

approach by �rst investigating complex soundscapes in controlled settings and then

moving to more uncontrolled settings beyond the lab. This balances ecological validity

with experimental control.

The �rst study addresses the foundational question of which features of a naturalis-

tic soundscape elicit measurable EEG responses in a controlled setting. Participants lis-

tened to a naturalistic soundscape, for which complete annotation was present, while

EEG was recorded using mobile-compatible hardware. Using encoding (TRF) models,

we predict the brain's response to both bottom-up acoustic features (e.g., onset, en-

velope, spectral modulation) derived from the proximal soundscape and higher-level

annotations (e.g., task relevance) representing top-down perceptual interpretations.

This approach allows for a direct comparison of how well each type of feature ex-

plains neural variance. The �ndings provide a conceptual and methodological basis

for interpreting EEG responses in later, less controlled environments and clarify the

limits of what can be inferred from proximal acoustic data alone.

Building on the �rst study, the second experiment investigates whether contextual

information, speci�cally, the temporal proximity of sound onsets, modulates EEG re-

sponses. This was investigated under the constraint that only proximal soundscape

information is available. Here, we analyzed the EEG data of the �rst study and used

51
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inter-onset intervals as a proxy for contextual acoustic structure. The results reveal

that EEG responses decrease with increasing onset proximity, suggesting adaptation

effects that generalize previous �ndings from isolated tones to continuous, complex

soundscapes. This demonstrates that contextual information can be inferred from the

acoustic signal (proximal soundscape) alone and shapes neural response dynamics in

naturalistic, dynamically changing environments.

The third study tests the generalizability of EEG-based auditory attention decoding

by extending established lab paradigms into real-world contexts using a minimal and

mobile setup (cEEGrids, a portable hearing lab, smartphone). Participants listened to

narrated stories (either one or two) under progressively more naturalistic conditions:

starting in the lab with free-�eld playback, followed by added cafeteria noise, then

moving outside the lab to a seated public hall, and �nally walking along a street. This

stepwise immersion allowed us to evaluate whether �ndings from controlled environ-

ments hold in mobile, everyday settings and to assess how real-world movement and

ambient noise affect EEG signal quality. Importantly, we observed that while attention

decoding is feasible using a minimal, mobile setup in stationary settings, movement

introduces artifacts that can obscure neural responses. These were only detectable via

forward modeling, which underscores the need for careful investigation of the un-

derlying signal. This study thus complements the previous two by testing whether

the theoretical and methodological insights derived from controlled experiments can

generalize to real-world auditory perception, thereby supporting the broader aim of

developing robust neuroimaging approaches for investigating soundscape perception

in daily life.

Together, these three studies establish an empirically grounded approach to study-

ing naturalistic sound perception. In the general discussion, I will put the results in

the context of my personal motivation for investigating auditory perception in every-

day life situations. Furthermore, I will discuss and critically re�ect on what types of

information EEG can meaningfully capture in naturalistic settings and the pitfalls of

model interpretation. At last, a future outlook on how these results can be used for

future studies will be presented.



Part II

S T U D I E S

This part showcases the empirical work that has been published or submit-

ted to peer-reviewed and open access journals.
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"He hadn't changed in one giant leap,

but across a million little steps."

Sanderson (2017)
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abstract

A comprehensive analysis of everyday sound perception can be achieved using Elec-

troencephalography (EEG) with the concurrent acquisition of information about the

environment. While extensive research has been dedicated to speech perception, the

complexities of auditory perception within everyday environments, speci�cally the

types of information and the key features to extract, remain less explored. Our study

aims to systematically investigate the relevance of different feature categories: dis-

crete sound-identity markers, general cognitive state information, and acoustic repre-

sentations, including discrete sound onset, the envelope, and mel-spectrogram. Using

continuous data analysis, we contrast different features in terms of their predictive

power for unseen data and thus their distinct contributions to explaining neural data.

For this, we analyse data from a complex audio-visual motor task using a naturalistic

soundscape. The results demonstrated that the feature sets that explain the most neu-

ral variability were a combination of highly detailed acoustic features with a compre-

hensive description of speci�c sound onsets. Furthermore, it showed that established

features can be applied to complex soundscapes. Crucially, the outcome hinged on

excluding periods devoid of sound onsets in the analysis in the case of the discrete

features. Our study highlights the importance to comprehensively describe the sound-

scape, using acoustic and non-acoustic aspects, to fully understand the dynamics of

sound perception in complex situations. This approach can serve as a foundation for

future studies aiming to investigate sound perception in natural settings.

Signi�cance Statement

This study is an important step in our broader research endeavor, which aims to

understand sound perception in everyday life. Although conducted in a stationary

setting, this research provides foundational insights into necessary environmental in-

formation to obtain to understand concurrent neural responses. We delved into the

analysis of various acoustic features, sound-identity labeling, and cognitive informa-

tion, with the goal of re�ning neural models related to sound perception. Our �ndings

particularly highlight the need for a thorough analysis and description of complex

soundscapes. Our study provides key considerations for future research in sound per-

ception across various contexts, from laboratory settings to mobile EEG technologies,

and paves the way for investigations into more naturalistic environments, advancing

the �eld of auditory neuroscience.
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7.1 introduction

Mobile electroencephalography (EEG) has opened new avenues for studying neural

activity Beyond the Lab (BTL), offering insights to expand our current understanding

of brain function in real-world settings (Gramann et al., 2011; Hölle and Bleichner,

2023; Studnicki, Downey, and Ferris, 2022). One critical aspect of interpreting EEG

data recorded BTL is understanding the environmental context driving the neural re-

sponse (Holdgraf et al., 2017; Robbins et al., 2021). Thus, suf�cient information about

the environment needs to be captured to accurately determine how it in�uences neu-

ral responses. For BTL recordings, however, there is typically a tradeoff between the

aspects that can be captured and the overall mobility implicating unobtrusive record-

ings (Bateson et al., 2017). Therefore, a selective approach is required, focusing on

environmental aspects that are within the scope of the setup and are most pertinent

to the research objectives (Bleichner and Debener, 2017).

In the study of auditory perception, particularly in understanding how we perceive

naturally occurring sounds in everyday life, it has yet to be shown, which auditory

features are most relevant to understand the concurrent neural response.

One well-studied feature category depicts the acoustic properties of the soundscape

on different levels of abstraction (Hamilton et al., 2021; Heer et al., 2017). Starting from

the most abstract, discrete sound onsets, to continuous broadband amplitude changes

captured by the envelope, to the mel-spectrogram depicting power �uctuations across

different frequency bands over time (Figure 11A). However, the choice of abstraction

is crucial; with greater abstraction relevant �ne structure information about the audio

is lost.

Beyond the acoustic depiction, additional layers of information (meta-information),

as illustrated in Figure 11B, should be considered for a comprehensive understanding

of auditory processing (Robbins et al., 2021). For instance, Zuk, Teoh, and Lalor (2020)

have demonstrated that the EEG response to music and speech stimuli is stronger

compared to other natural sounds. Here, knowing the sound identity, i.e., the category

of a sound, such as speech, rustle, etc., is a valuable insight for neural model building

(Figure 11B). Beyond the soundscape description, the cognitive state, or 'cognitive

priors', of the participant, such as how attentional resources are allocated, profoundly

affect how auditory information is processed and, consequently, the resulting EEG

responses (Holtze et al., 2021; Obleser and Kayser, 2019; Rosenkranz et al., 2023).

From a pragmatic perspective, the effort required to acquire various auditory fea-

tures can vary signi�cantly. Where Acoustic features can be directly and readily ob-

tained from the auditory waveform, deriving meta-information presents a greater
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Figure 11: A: This panel illustrates the levels of abstraction with which acoustic features de-
pict different tone sequences. Furthermore, it highlights the impact of the acoustic
detail the acoustic onset, envelope, and mel-spectrogram capture. In the �rst tone
sequence, onsets reveal the timing of sound occurrence, while the envelope extends
this information by showing both the timing and duration of the sound; the mel-
spectrogram further adds details about the frequency content. For the second tone
sequence, the limitation of onsets becomes apparent, as they do not convey any in-
formation about amplitude changes. In the third sequence, the frequency changes
are distinctly and exclusively captured by the mel-spectrogram, with the onset and
envelope methods remaining indifferent to these frequency variations. The fourth
sequence underscores a similar limitation of the envelope, which fails to distinguish
frequency variations in a continuous tone. The lower section of this panel demon-
strates the crucial role of meta-information. For instance, understanding which
sound in an experiment requires a behavioral response cannot be discerned from
the acoustic features alone. Meta-information thus complements the acoustic anal-
ysis by providing essential contextual and functional information. B: This panel
showcases acoustic feature representations—onsets, envelope, and mel spectrum –
for a complex naturalistic soundscape. Additionally, it highlights the diversity of
meta-information that can describe these soundscapes. The upper row features con-
tinuous classi�cation from Yamnet, providing labels for individual sound segments.
The lower row presents manual annotations, categorizing sounds into different con-
ditions (narrow and wide) and distinct types (beep, irrelevant, alarm, and speech
sounds). These labels, informed by task-speci�c knowledge, offer deeper contextual
and descriptive insights into the soundscape, illustrating the multi-layered nature
of acoustic analysis in naturalistic settings.
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challenge. These cannot be directly extracted from the audio signal but require addi-

tional processes (Robbins et al., 2021).

The question, then, is which features are relevant to the construction of neural

models, particularly in the context of naturalistic soundscapes. The current study aims

to explore the optimal feature selection and the impact of including sound identity

and cognitive priors in neural models, bearing in mind the practical limitations of

data collection in natural settings.

Our approach employs continuous forward modeling to investigate the link be-

tween the derived features and their representation in the neural signal (Crosse et al.,

2016; Ding and Simon, 2012b; Hamilton and Huth, 2020; Holdgraf et al., 2017). This

methodology allows for a nuanced understanding of the neural underpinnings of au-

ditory perception and examine our two primary study goals: First, if sound identity

and cognitive prior information enhance the estimation of neural response models.

This involves examining whether meta-information provides a signi�cant advantage

in modeling the neural correlates of auditory perception.

Second, we seek to understand the extent to which the level of acoustic detail in�u-

ences the effectiveness of neural response model estimation for natural soundscapes.

This aspect of the study focuses on assessing how varying degrees of detail in acoustic

feature representation impact the accuracy and robustness of our neural models.

By addressing these two objectives, our research contributes to a deeper understand-

ing of how different types of auditory information are encoded in neural responses,

particularly in rich, real-world acoustic environments.

7.2 method

7.2.1 Data Set

7.2.1.1 Experimental Design

The analysis in this study is based on an existing dataset by Rosenkranz et al. (2023).

The study aimed to investigate how altering attentional focus affects the perception of

auditory information. This was done in two separate conditions, where participants

had to respond to two different tones while they engaged in a complex audio-visual

motor task. These tones are integrated within a soundscape designed to mimic a

surgical auditory environment.

Speci�cally, the complex task involved an adapted 3-dimensional version of a Tetris

game, where participants received occasional auditory instructions to place a speci�c
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Tetris piece at a distinct location. The auditory background soundscape consisted of

various sounds, including alarms, monitor beeps, and speech as they are common

in an operation room. Additionally, a non-relevant coherent conversation split into

smaller segments was played to simulate background conversation.

In each of the conditions, the participants listened to the same audio track. Only the

instruction regarding the speci�c tone participants had to respond to changed. In the

�rst condition, participants were instructed to press the space bar when hearing an

alarm sound, which introduced a narrow focus. In the second condition, participants

had to respond to beep tones which were played from multiple directions together

with other sounds, necessitating a more comprehensive (wide) attentional focus. For

both conditions, the task-relevant instructions had to be monitored concurrently. In

this study we refer to conditional differences as cognitive priors, as these have been

shown to induce two different brain states. For a detailed procedural account, please

refer to the open source material of the previous study: Rosenkranz et al. (2023).

7.2.1.2 Auditory Stimuli

The soundscape included three added tones, each of which was played 48 times. A

hospital alarm and a task-irrelevant hospital monitor sound, which each lasted ap-

proximately 200ms. The last sound that was included, a beep tone, was generated

using Matlab, with a frequency of 800Hz, and a duration of 60ms.

Participants heard 12 times one of four instructions they had to comply with (“Place

the next stone in the [upper left| lower left|| upper right|lower right] corner"). The

same instruction was never played consecutively. The irrelevant speech segments were

taken from podcast conversations unrelated to the task and medical setting. There

were in total 48 task-irrelevant speech segments that were presented in a pre-de�ned

order and only once. Each snippet lasted approximately 3.5(�1.5) seconds and was

extracted using Audacity®.

All the extracted sounds were processed in Matlab, such that their Root-Mean-

Squared (RMS) value matched that of the average RMS of all sounds. Adjusting for

differences in loudness was achieved by applying speci�c gain parameters to each au-

ditory sound. Additionally, the tones were spatially separated using the head-related

impulse function (Kayser et al., 2009).

7.2.1.3 Code Accessibility

The code described in the paper is freely available online at https://github.com/

ThorgeHaupt/RelevantFeaturesSoundPerception. The analyzed dataset can be found
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under https://zenodo.org/records/7147701. A Dell Precision 3650 Tower running

Microsoft Windows 10 Education was used.

7.2.1.4 Data Acquisition

For measuring the EEG, participants were �tted with 24 Ag/AgCI passive electrodes

according to the 10-20 international system (EasyCap GmbH, Hersching Germany).

The collected data was ampli�ed using a wireless SMARTING system (mBrainTrain,

Belgrade, Serbia) and referenced to Fz, and grounded to AFz. The data was sampled

at 500Hz and the impedance of electrodes was kept below 20
 before the recording.

The audio presented during the experiment was sampled at 44.1 kHz. All data streams

recorded were synchronized using the Lab Recorder software, which is based on the

Lab Streaming Layer. Before measuring EEG data, participants were informed about

the procedure and had to sign the informed consent.

7.2.1.5 Preprocessing of EEG Data

The EEG data was preprocessed in MATLAB (version 2021a, MathWorks, Natick, MA)

using the EEGlab plugin and custom scripts. For detecting artifacts in the data we ran

an Independent Component Analysis (ICA). To obtain optimal ICA weights, Winkler

et al. (2015) proposed a pre-processing pipeline that runs separately from the actual

pre-processing of the data that will be analysed later on. In other words, the pre-

processing of the data for the ICA analysis does not impact the data used for analysis

later on, as merely the ICA weights are extracted and added back to the raw data. In

particular, we merged the two experimental conditions for each participant. Subse-

quently, the data has been resampled to 250Hz, after which a high- and then a low

pass �lter were applied (pop_�rws(EEG,

`fcutoff',1,'ftype','highpass','wtype','hann','forder', 568), pop_�rws(...,'fcutoff',42,'ftype'

,'lowpass',...,'forder',128)). The cutoff frequencies were chosen to eliminate drifts and

line-noise to obtain optimal ICA weight estimates (Winkler et al., 2015). Furthermore,

channels with poor signal quality were identi�ed and removed using the clean_channels

function. Lastly, the data was segmented into 1-second epochs and converted to dou-

ble digits. Artifactual epochs were removed using the pop_jointprob function using a

threshold of 3 standard deviations.

The ICA was computed using the pop_runica function utilizing the extended ver-

sion. The weights were added back to the raw and un�ltered data of each condition.

Next, the ICA components were automatically �agged as either, muscle, eye, heart,
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line noise, or channel noise using the pop_ica�ag function within a corresponding,

speci�ed threshold range of probabilities ([0.7 1;0.7 1;0.6 1;0.7 1;0.7 1]).

Following artifact removal, the raw data were �ltered using the same �lter setup

as previously described, with slight modi�cations to the �lter order and cutoff fre-

quencies. First, the lowpass �lter was applied: fcut 20Hz, forder: 100. The data was

subsequently resampled to 100Hz and subjected to high-pass �ltering: fcutoff 0.3Hz,

forder 518. The choice of lower �lter order for the low pass �lter was motivated by

recommendations of Crosse et al. (2021), as to minimize artifacts caused by sharp

roll-over introduced by higher-order �lters. Reducing the passband to [0.3 20] Hz was

done according to literature from speech tracking, demonstrating that most auditory

processing activity is found in the lower frequency ranges (Crosse et al., 2016; Di Lib-

erto, O'Sullivan, and Lalor, 2015). Finally, the data was referenced to the mastoids

(TP9/TP10).

7.2.2 Sound Features

A full description of the soundscape is available, including acoustic information, the

label of speci�c sounds (sound identity), behavioral responses, and conditional in-

formation. Here, we derived three types of features: Acoustic Features (AC), Sound

Identity (SI) markers, and Cognitive Priors (CP).

The acoustic features that we derived in our study were acoustic onsets (i.e. tran-

sient sound events), the envelope, and the mel spectrum. These features vary in their

level of acoustic detail, with acoustic onsets being the most sparse and the mel spec-

trogram providing the most detailed representation. Importantly, acoustic onsets are

discrete in contrast to the continuous envelope and mel-spectrogram. This has crucial

consequences for predicting unseen data, as for suf�ciently spaced onsets, not every

sample can be predicted ( Figure 12). These features have been validated in many dif-

ferent studies using speech stimuli (Brodbeck, Hong, and Simon, 2018; Daube, Ince,

and Gross, 2019; Desai et al., 2021; Heer et al., 2017; Mesik and Wojtczak, 2023). Here

we want to test whether these features can be extended to soundscapes with non-

speech soundscapes.

Sound identity and cognitive priors were available through the meta-information.

This information is not necessarily readily available from everyday recordings (Hölle

and Bleichner, 2023). For the current study, we selected a subset of tones for which

sound identity markers and cognitive prior information were present; alarm, beep,
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and irrelevant tone. The experimental relevance of the �rst two tones changed between

conditions, whereas the last tone remained irrelevant throughout the experiment.

In addition to directly comparing different features, we also explored multi-feature

models. For instance, we combined several acoustic features' information to assess

whether their properties were processed differently in the brain. A combination of

acoustic onsets and the envelope yielded a model we referred to as OnsEnv. Alter-

natively, we investigated the effect of providing SI and CP information in addition to

acoustic features. Here, combining acoustic onsets with alarm tones yielded a model

we referred to as AlarmOns. This approach proved particularly valuable for assessing

overall model improvement when incorporating additional information and examin-

ing the overlap and unique contributions of each feature. Throughout the analyses,

we employed the combination of different features multiple times.

It is important to note that when combining features, it was advised to normalize

them to a common scale. This was crucial as the magnitude of the feature impacted

the derivation of the model weights (Crosse et al., 2021). Thus, when different fea-

tures were combined, we applied a min-max normalization, such that the values were

bound to be between [0 1]. We opted for this particular normalization as it trans-

formed each non-binary feature to share the same scale as that of the acoustic onsets

and sound identity marker.

7.2.2.1 Acoustic Onsets

Acoustic onsets were derived for the entire soundscape, indicating the time point

when the intensity of the soundscape exceeded a prede�ned threshold. The acoustic

onsets here were represented as binary vector, where 1 indicates sound onset and 0

no sound onset. As we are interested in the impact acoustic detail has on explaining

neural variability, we opted for the most parsimonious representation of the sound-

scape: the onset of a sound. The extraction of onsets occurred unsupervised, thus for

any sound, indiscriminate of experimental relevance or presence of meta-information.

To derive the onsets, we used an energy novelty function (Müller, 2021). Initially,

the audio waveform was squared and smoothed using a Hann window (length= 2048

and overlap=128 samples). The resulting smoothed signal was then logarithmically

compressed with a gamma scaling factor of 10 to approximate the perception of sound

intensities in humans.

Subsequently, the difference function was applied to obtain the rate of change in

sound intensity, which was further smoothed. The resulting approximation of the �rst-

order derivative was half-recti�ed to produce the �nal output of the energy novelty
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function. This smoothed rate of change in sound intensity served as a representation

of sound gain.

To identify acoustic onsets, we employed a threshold peak detection function. In

this function, a peak was detected when the sound gain exceeded the threshold value.

The resulting feature vector was binary, where a value of one indicated the presence

of a sound onset.

7.2.2.2 Envelope

A plethora of studies have shown that EEG-measured neural activity tracks the acous-

tic envelope of auditory stimuli (Drennan and Lalor, 2019; Giraud and Poeppel, 2012;

Luo and Poeppel, 2007), even with transparent setups (Holtze et al., 2022; Mirkovic

et al., 2016). There are different ways to derive the acoustic envelope (Oganian and

Chang, 2019; Petersen et al., 2017). To highlight that not only the feature but also the

way of deriving the envelope impact model estimates, we have used two different

ways. For all envelope computations, we �rst converted the stereo audio recording to

mono and computed the envelope over the entire signal.

The �rst method, as described by Petersen et al. (2017), involves taking the absolute

value of the Hilbert transform of the audio. To ensure a smooth envelope, a third-

order Butterworth low-pass �lter with a cut-off frequency of 30 Hz was applied to the

resulting signal. Finally, the envelope was downsampled to match the sampling rate

of the EEG signal.

Second, the mTRFenvelope function from the mTRF toolbox was used. This method

involved computing the signal's power, followed by resampling through a moving

average �lter. To compress the signal, the square root of the power was applied, using

a compression parameter of log10(2).

The resulting envelopes are highly correlated rho = 0.94 indicating that they contain

almost the same information content. As can be seen from Figure 16, the spectrum dif-

ferences occur mostly in the below 1Hz spectrum and do not follow any systematicity.

The stark deviation around 0Hz is caused by an offset. Given the high correlation and

almost non-existent frequency differences, we inspected the estimated model weights.

Here, edge artefacts for the envelope are visible at extreme latency values. Reducing

the time lags manually and thus removing the edge artefacts did not impact the model

performance.

In conclusion, albeit being very similar, the mTRF contains more power in the lower

frequency ranges, which is highly relevant for tracking of soundscapes (Deoisres et

al., 2023; Howard and Poeppel, 2010). We believe that this may be the reason why the
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mTRF envelope outperformed the envelope. Henceforth, only the results of the mTRF

envelope are considered.

7.2.2.3 Mel-Spectrogram

The mel-spectrogram is a time-frequency decomposition of a continuous signal. The

40 frequency bins are spaced according to the mel-scale, which has been shown to

mimic the auditory perception of the human ear (Stevens, Volkmann, and Newman,

1937). We have used the MIR-toolbox (Lartillot, Toiviainen, and Eerola, 2008) function

with the following settings: mirenvlope ('audio.wav','Spectro','Mel','Sampling','100').

The output was adjusted to the length of the EEG signal.

The mel-spectrogram offers the most acoustic detail out of the three acoustic fea-

tures selected. While the broadband envelope depicts amplitude changes over time,

the mel-spectrogram represents power changes in the different frequency bins over

time. Like the envelope, the mel-spectrogram describes the soundscape at every sam-

ple.

7.2.2.4 Sound Identity Markers

Part of the original experiment was the presentation of three sounds that were em-

bedded in the soundscape. Through available meta-information we extracted their

marked onset and experimental condition information. We embedded this informa-

tion in a feature vector, for each tone and condition respectively, in the form of ones

and zeros. Here, ones mark the onset of the tone, whereas every other sample is 0.

This is in contrast to the acoustic features, which solely comprise acoustic data and

lack information pertaining to the sound identity and conditional information.

Similar to the acoustic onsets, however, sound identity markers are discrete. Thus,

using these features we cannot make predictions regarding unseen data at every sam-

ple point. Due to the sound speci�city of the features we can predict even fewer

samples compared to the acoustic onsets. This yielded a tradeoff between building

highly sound speci�c models and a proportion of explainable data (Figure 12).

7.2.2.5 Cognitive Priors

Besides acoustic characteristics, the cognitive state of the perceiver critically impacts

the neural response to any type of auditory stimulation. For example, a cognitive

prior could be the instruction given to a participant to pay attention to a speci�c

sound. When a participant is instructed to focus on a particular sound, the neural
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response is generally larger compared to when the sound is unattended (Rosenkranz

et al., 2023). This information cannot be derived from acoustic properties alone but is

crucial for understanding the neural response.

In the current data set, there were two conditions where participants receive sep-

arate instruction: attend to the alarm sound (narrow), or attend to the beep tone

(wide). The attentional manipulation should impact the perception of the soundscape

and thus the underlying neural activity. Including this information in the model esti-

mation should lead to more neural variability being explained. Speci�cally, we have

integrated this information by building models separately for the different conditions.

Exemplary for the alarm tone, we used two feature vectors, one indicating the sound

onset in the narrow condition and another vector depicting the alarm tone onsets in

the wide condition.

Figure 12: This �gure depicts the process of forward modeling. From the audio several fea-
tures are extracted. Using the EEG data and the features the temporal response
function is derived for each EEG channel. This temporal response function is then
used to predict unseen neural data based on the corresponding feature information.
The resulting prediction is correlated with the actual signal. If discrete features are
used, not every sample can be predicted. This is visualized in the pie charts, show-
ing the proportion of samples that can be predicted. AC = acoustic features, SI =
sound identity.
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7.2.3 mTRF

To analyze the neural time series, we employed the mTRF toolbox developed by

Crosse et al. (2016) in MATLAB. This toolbox enables one to derive a set of weights,

which establish the relationship between the output of a system to a given set of

input vectors through convolution. In our study the output of the system is the in-

stantaneous neural time series denoted as r(t, c), where c = 1, . . . , C represents the

channel index and t = 1, . . . , T the time points. The measured time series can be mod-

eled as the convolution of a set of channel c-speci�c weights w at a distinct timelag

� with the stimulus features shifted by �. This approach aims to replicate the brain's

processing, wherein the response to a stimulus is not immediate but rather delayed

by an unknown duration. The activity not accounted for by the response weights is

captured by the residual term "(t, c).

r(t, c) =
X

�

!(�, c)s(t - �) + "(t, c)

In this study, each of the features' set of channel weights was used to interpret the

morphology and topography, investigate model performance, compute multivariate

models, and utilized for cross-prediction.

The determination of the TRF involves solving an optimization problem aimed at

minimizing the MSE between the actual and predicted neural time series:

min
�(t,n)

=
X

t

[r(t, c) - r̂(t, c)] 2

The solution is obtained by computing the weight vector w:

w = (S TS)-1 STr

Where S is the design matrix containing the stimulus time series at the different time

lags �. The dimensionality of the resulting design matrix is sample points by numbers

of features and lags (T � N ft �). In this study, this would yield weight dimensionality

of 40x61x22 for the mel-spectrogram and 1x61x22 for all other AC and SI features.

Furthermore, the stimulus matrix is padded with zeros at non-zeros lags to ensure

causality (Mesgarani et al., 2009). The matrix operation where the transposed matrix S

is multiplied by the neural time series r yields an inner product between the stimulus

and neural time series at each time lag �, indicating the similarity between stimulus

and neural data. The autocorrelation of the stimulus is accounted for by the inverse
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of the autocovariance (note: the inverse operation can be read as a division for square

matrices). The resulting weight matrix w is of dimensionality N ft x � x C and describes

the set of weights that optimally predict the neural time-series at channel C.

Generally, a time lag of [-100 500]ms is used, unless stated otherwise. Furthermore,

if cross-validation is applied, the lambda parameter search is conducted on a linearly

spaced set of values ranging from 10e-4 to 10e4 in steps of 10.

Now that the mathematical operations underlying the analysis of continuous data

have been de�ned, the data set described, and the derivation of features explained,

we will detail the analyses that compare the different features.

7.2.4 Analyses

The data analysis was performed using MATLAB (version R2021a, MathWorks, Nat-

ick, MA) with the aid of custom scripts. Part of the analyses were inspired by the work

of Desai et al. (2021). For all of the following analyses, we split the data into 6 seg-

ments (M = 3.14 minutes, SD = 0.18), where each consists of the neural data and the

concurrent soundscape. At least one segment always served as a held-out test set for

which the performance metric was computed. The remaining segments were used for

deriving model weights and cross-validation parameter estimation. The neural data

was split accordingly and z-scored to ensure comparability between segments.

The model testing is done by predicting the neural response based on the held-out

test set. The performance metric used to assess each feature was the correlation be-

tween the predicted and actual neural time series, providing a measure of the model's

ability to capture the underlying neural activity. We opted to contrast the different

correlational distributions using the Wilcoxon sign rank tests at � = 0.05, since the

assumption of normality was violated for several prediction distributions. We have

refrained from computing the corresponding effect size, as the interpretation of such

does not provide meaningful information regarding the magnitude of differences be-

tween prediction performance. Multiple testing correction was applied according to

Benjamini and Yekutieli (2001) False Discovery Rate (FDR) method. For all analyses,

the chance level of the correlation for using acoustic onsets was estimated by creating

a random acoustic onset vector. For this, we randomly shuf�ed the temporal position

of the acoustic onsets, while preserving the inter-onset interval of the original data.

This was done for each condition and participant 100 times and the resulting 95%

con�dence interval was determined as noise �oor.
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7.2.4.1 Nested Model Design

The �rst crucial step in our analyses was to establish whether the selected meta-

information provides meaningful information for model estimation beyond the ex-

isting acoustic depictions. We opted for a nested design, where different factors of

meta-information were iteratively added to model estimation and resulting predic-

tion values compared. In particular, we tested three levels. The acoustic features rep-

resented the base level onto which we added sound identity, and at last, integrated

cognitive prior information.

The �rst level involved testing the different acoustic features and contrasting their

model prediction accuracy. For this, we concatenated the separate EEG data sets and

corresponding feature vectors. These were partitioned into 10 segments through which

iterated such that each segment became a test set once. In each iteration, the regular-

ization parameter was determined on the remaining 9 segments, and model weights

estimated. In the last step, we predicted the neural data on the held-out test set and

averaged the resulting correlation values over channels. As this was done for each

iteration, we �nally averaged over iterations.

To address the impact of adding sound identity information to model estimation

we added the sound identity marker of the three tones to each of the acoustic features

separately, i.e. combining the acoustic onsets once with the alarm, the irrelevant, or the

beep tone. The same training and testing procedure as described earlier was repeated.

The last step involved taking cognitive priors into consideration. To assess their

impact, we split each of the tones from the prior analysis (i.e., alarm, irrelevant, and

beep) into two separate feature vectors. One feature vector indicated the occurrence of

the tone in the narrow condition and the other feature vector indicated the occurrence

of the tone in the wide condition. These vectors were zero-padded such that the length

remained consistent with that of the neural data.

The statistical analysis involved contrasting the different levels of information con-

tent for each of the acoustic features and paired sound identity markers. The corre-

sponding correlational distributions were compared using the Wilcoxon signed rank

test and multiple comparison corrections was applied as outlined above. As an ad-

ditional analysis, we extracted the model weights corresponding to either condition

for each tone and compared these using cluster-based permutation testing as detailed

in (Mirkovic et al., 2019) using the �eldtrip toolbox (Oostenveld et al., 2011). This

was done to test whether the different cognitive priors from the study would impact

model weight estimation.
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7.2.4.2 Variance-partitioning

To address in how far the different models explained similar neural activity, we used

variance partitioning (Crosse et al., 2021; Desai et al., 2021; Heer et al., 2017). This

analysis allowed us to investigate the unique variance explained of each feature and to

pinpoint the degree to which combining different features led to model improvement.

The underlying concept of variance partitioning is that if models A and B share

some degree of similarity, the explained variance of the combined model should be

less than the sum of the individual models (A + B > A [ B). In other words, the

features are not independent. In our study, the correlational values are transformed

into the variance explained R2.

When determining the variance explained from each single and combined model, the

unique and mutual explained variance can be computed as A \ B = A + B - A [ B.

This can be extended to three variables as well, where:

A \ B \ C = A [ B [ C + A + B + C - A [ B - B [ C - A [ C

In the case of the current study, an example would be to derive a set of model weights

based on the envelope, onset, and mel-spectrogram information. For this particular

example, we could test how overall model performance improves compared to single

feature models i. e., Aons [ B env [ C mel vs. [Aons , Benv, Cmel ], but also which feature

contributed the most to the improvement and which features are redundant.

Aons=(Benv [ C mel ) = A ons - A ons [ B env - A ons [ C mel

We segmented the data into six segments, �ve for training and cross-validation, and

one held out test set for which we calculated the R 2. This was done for all features and

their combinations. For the subsequent variance partitioning analysis, we considered

only models with a maximum of three different features.

In our study, we calculated the R 2 value for each feature directly from the average

channel correlational values. However, in some cases where we sought to determine

the unique contribution of a feature in a multi-feature model, the resulting R 2 value

was negative. The negative R2 values, theoretically impossible, according to set theory,

are likely caused by over�tting of noise and by too large predictor sets. To address this

issue, we introduced a bias estimator post hoc based on Heer et al. (2017) work. The

optimal bias estimator was derived based on the underlying constraint that variance

partitioning should yield values that are at least zero. Here we expect that model

similarity is expressed by the degree of overlap.
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7.2.4.3 Cross Prediction

The similarity of information content between each model was assessed by the vari-

ance partitioning analysis. Our next goal was to evaluate the generalizability of a

model to predict the neural response to different features. Concerning the results of

the variance partitioning analysis, we expected the shared variance observed to re�ect

the strength of the correlation in this analysis.

In detail, we derived model weights on the training set containing information

of feature A and feature B. Then we used the derived weights (A w ,Bw ) to predict

neural time series on a test set based on feature B information. An example of such a

procedure was to select acoustic onsets and mTRF envelope for model training, and

applying both of the derived weights on the mTRF envelope of the test data set to

predict the neural time series. We pre-de�ned pairs of features to be tested, which

were derived for each participant and condition.

To ensure robust conclusions regarding cross-prediction scores, each of the seg-

ments (N=6) served as a testing set once. Within each fold, we derived two sets of

model weights, corresponding to either of the feature pair. These weights were used

to estimate the neural time series using both the original feature information and the

information from the other feature. This approach yielded four prediction scores (av-

eraged over channels) for each segment: two within-prediction scores and two cross-

prediction scores. The resulting cross-validation correlational scores were averaged

over folds. The mel-spectrogram was excluded from this analysis, as feature dimen-

sions had to be consistent.

We adopted a comparative approach by analyzing the relationships between within

and cross-prediction scores for the different feature pairs. The selected approach elim-

inated the need for normalizing explained variance, as some features inherently ex-

plain more variance than others, thus rendering a comparison based on absolute pre-

diction scores unsuitable.

A high correlation between scores suggests that if the within-feature model weights

accurately predict the neural time-series, so do the model weights from another fea-

ture. This indicates the generalizability of the model weights to other feature informa-

tion.

For some feature pairs, weights looked highly similar in their trajectory, but peaks

were shifted in time. This led to low cross-prediction scores, despite model similarity.

Correcting for that shift improved scores tremendously. Further testing revealed that

the weights' difference did not imply separate neural processes, but was caused by the

feature's properties. This further warrants caution when interpreting model weights
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(Haufe et al., 2014; Kriegeskorte and Douglas, 2019; Popov, Ostarek, and Tenison,

2018).

7.3 results

The main purpose of this study was to investigate feasibility of different features to

explain neural data in the context of a naturalistic soundscape. Speci�cally, we com-

pared acoustic features with respect to their level of acoustic detail. Furthermore, the

additional bene�t of including meta-information, speci�cally sound identity markers

and cognitive priors, in the neural model estimation was assessed systematically.

7.3.1 Nested Model Analysis

In the �rst analysis, we investigated the impact of including meta-information in the

model weight estimation. Speci�cally, we wanted to test whether adding information

of sound identity markers and cognitive priors would enhance model estimation. Here

we combined each of the three different acoustic features with sound identity markers

separately. This was done to determine the impact of sound identity information on

model estimation.

When combining the acoustic features with any of the three sound identity markers,

model performance improved compared to the acoustic features alone. Combining the

mTRF envelope with the alarm tone (W = 0.0, Z=-3.92, p= 0.001), with the irrelevant

(W= 0.0, Z=-3.92, p= 0.001), and with the beep tone (W= 1, Z=-3.88, p= 0.001) sig-

ni�cantly improved model performance. Similarly, for the acoustic onsets, specifying

experimental tones in the form of the alarm tone (W = 0.0 Z=-3.92, p= 0.001) (Fig-

ure 13), with the irrelevant (W = 0.0 Z=-3.92, p= 0.001) and with the beep tone (W=

1, Z=-3.88, p= 0.001) improved model prediction compared to using only the acoustic

onsets. The mel-spectrogram also improved, but by less compared to the other two

acoustic features. Here specifying the alarm tone (W=12, Z=-3.47, p= 0.0036), the ir-

relevant (W = 0, Z=-3.92, p= 0.001) and the beep tone (W = 32, Z=-2.73, p= 0.034)

improved model prediction.

Next, we tested whether additional consideration of cognitive priors would yield

further model improvement. Contrary to the expectations, including cognitive prior

information did not improve any feature combination, but led to decreased perfor-

mance for the irrelevant and beep tone in combination with mTRF envelope (Irr: W=
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198, Z=3.47, p= 0.0036; Beep: W= 184, Z=2.94, p= 0.018), and the acoustic onsets with

the irrelevant tone (W= 195, Z=3.36, p= 0.005).

The models that included cognitive prior information outperformed the respective

acoustic models in predicting unseen data. The only case where this effect was not ob-

served, was the combination of the mel spectrogram and cognitive prior information

of the beep tone (W = 40, Z = 2.43, p = 0.073).

In order to validate the �nding that CP did not yield any bene�cial information for

model estimation, we applied cluster-based permutation testing on the derived model

weights of the sound identity markers. The results revealed no signi�cant cluster

that compared to the windows selected in Rosenkranz et al. (2023), which found

signi�cant condition differences for both the alarm [336-432]ms. and beep [308-404]ms.

tone. Since we applied a more conservative measure of permutation testing compared

to the original linear mixed-model analysis for the pre-speci�ed windows, we re-ran

our analysis using the same statistical testing reported in Rosenkranz et al. (2023).

Again, the results did not yield any signi�cant differences between conditions (alarm:

ß = 0.1564, SE = 0.1444, t(19) = 1.083,p = 0.29; beep: ß = 0.1759, SE = 0.1839, t(19) =

0.975,p = 0.35). A visualization in (Extended Data Figure 14-1) revealed that the TRFs

of the narrow and wide condition did not deviate strongly during the pre-de�ned

period, for neither the alarm nor the beep tone marker, explaining the non-signi�cant

�ndings. The TRF trajectories deviate from those of Rosenkranz et al. (2023), which can

be attributed to different pre-processing decisions. Albeit no signi�cant differences

were found in the pre-de�ned windows, signi�cant deviations were detected for other

latencies (alarm:[180 310], [360 800]ms, beep: [400 800]ms.). However, when testing

whether these differences in TRF weights would impact the prediction accuracy, no

signi�cant differences were found, thereby supporting our previous �nding of the

nested model analysis. Based on this result we do not consider condition differences

to be relevant in the interpretation of the results of the subsequent analyses.

7.3.2 Variance Partitioning

One shortcoming of the previous analysis was that it did not reveal whether any

of the derived models explained similar aspects of the underlying neural processes.

Thus, the current analysis aimed to determine the degree of similarity of the different

models. First, we computed the model prediction accuracies of the different features

and used these values for the subsequent computation of the variance partitioning.

The statistical assessment was performed on the model predictions only.
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Figure 13: Exemplary model building of combining acoustic onset information with alarm
tones and the respective cognitive priors. A: Statistical comparison of prediction
distributions based on AC = Acoustic, combined with either SI= sound identity, CP

= cognitive prior information. * p< 0.05, **p< 0.01 ***p<0.000, N.S.=non-signi�cant
B: Example of model weights for acoustic onsets alone, extended by SI, or CP in-
formation. A comparison of the condition effect to the results of Rosenkranz et al.
(2023) can be found in the Extended Data Figure 14-1. The x-axis displays the time
lags for the different weights. In the last plot, the nw= narrow and we= wide con-
dition weights are displayed for the alarm tone.

The results of contrasting the acoustic features showed that model prediction dif-

fered between them. A direct comparison between models revealed that the mel-

spectrogram yielded model weights that were most successful in predicting unseen

neural data compared to all other base models (mel|ons: W 210, Z = 3.92, p= 0.002;

mel|menv: W = 207, Z = 3.36, p=0.010). The model based on the acoustic onsets

performed signi�cantly worse than the other models. Furthermore, the comparison

between the two different envelope models showed that the mTRF-implemented func-

tion to derive the envelope yielded a better performance (W = 210, Z = 3.92, p=0.002).

Each model's performance presented in Figure 15A was above chance level.

Comparing the results of combining the acoustic features pairwise revealed that per-

formance did not differ when acoustic onsets were added to either the mTRF envelope
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Figure 14: 1. Upper panel shows the TRF weights of the alarm tone for the two conditions. The
grey shaded area marks the window of interest as reported by Rosenkranz et al.
(2023). The black lines are the clusters detected by the permutation testing with
the corresponding topographies. The lower panel shows the same but for the beep
tone.

(W = 85 Z = -0.75, p = 1) or the mel-spectrogram (W = 108, Z = 0.11, p=1) compared

to respective, better performing, base model. Combining the mTRF envelope with the

mel-spectrogram, however, signi�cantly outperformed the respective base (menv: W

= 3, Z = 3.81, p = 0.003; mel: W= 0, Z = 3.92, p = 0.002) and any model combination

that included the acoustic onsets. Any acoustic base model that was outperformed by

the other acoustic base model was also outperformed by their combined model.

These results were also re�ected in the variance partitioning. Nearly all of the

variance that was explained by the acoustic onsets was also captured by the mel-

spectrogram (r2
ons=0.0023, r2ovlp = 0.0023) (Figure 15B). Similarly, most of the variance

explained by the mTRF envelope was contained in the mel-spectrogram (r 2
ovlp = 0.0039).
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The mTRF envelope did, however, explain unique aspects of the neural processing

(r2
unq = 0.0012).

Similar to the acoustic features each sound identity marker model yielded model

weights that predicted neural data above chance level (Figure 15A). Contrasting the

different sound identity markers with each other, the alarm tone yielded the highest

and the beep tone the lowest performance. While the alarm tone's performance did

not differ signi�cantly from that of the irrelevant tone (W = 171, Z = 2.46, p=0.136),

both differed signi�cantly from the beep tone's prediction accuracy (alarm: W = 200,

Z = 3.55, p = 0.005; irrelevant: W = 191, Z = 3.21, p = 0.015).

Inspecting the results of the pairwise combination of sound identity markers re-

vealed that only the combination of the beep and irrelevant tone did not outperform

both base models (Beep: W = 207, Z = 3.81, p = 0.003; Irr: W = 173, Z = 2.539, p =

0.112). When all three sound identity markers were used to derive a combined model

all of the pairwise combined models were outperformed signi�cantly (IrrAlarm: W =

185, Z = 2.99, p = 0.031; BeIrr: W =210, Z = 3.92, p = 0.002; BeAlarm: W = 206, Z =

3.77, p = 0.003).

The results of the variance partitioning of the sound identity marker showed that

most models explain relatively more unique variance than shared variance. This �nd-

ing is unsurprising, given that the sound identity markers describe different sections

of the soundscape. There were, however, differences in terms of the proportional

amount of unique variance explained between the different base models in their re-

spective pairings. In particular, the beep tone model shared the most overlap with

any other base model proportional to its total variance explained (r 2 = 0.0009, r2unq

= 0.0007). In contrast, if the irrelevant tone was combined with the alarm tone, most

of the explained variance is unique (Alarm: r 2
unq = 0.0041; Irr: r2unq = 0.0027; r2ovlp =

0.0001)(Figure 15B).

7.3.3 Proportion Explained

One aspect that has not been considered in the previous analysis, but is vital if one

aims to compare different sets of features, is the consideration of the features' struc-

ture. For instance, the acoustic envelope depicts amplitude changes over the entire

time course and hence allows to relate the ongoing EEG to the ongoing soundscape

at each time point. Whereas discrete features, e.g. sound onsets, only allow to model

the neural response around speci�c time points and do not provide a prediction of

the neural signal where no sound onsets occur. Considering the typical lag used in
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Figure 15: A: A comparison of the prediction distributions of the acoustic features and their
combinations. * p< 0.05, **p< 0.01 ***p<0.000, N.S.=non-signi�cant. A detailed com-
parison between the envelope and mTRF envelope can be found in Extended Figure
Figure 16-1. B: The result of the variance partitioning showing the unique contribu-
tion and shared explained data. The letters correspond to Table 1, which displays
the values of the variance partitioning analysis.

our model computation, which covers 500 milliseconds post-stimulus onset, viable

predictions are only feasible for periods immediately following an auditory event. In

contrast, during 'event-free' periods where no auditory onset event is present, the

model's prediction of EEG activity is effectively zero, rendering these predictions non-

informative. To determine the impact this distinction has on model prediction we

re-evaluate the accuracy of discrete features for sections where data can be predicted

using the analysis pipeline of the variance partitioning.

Here, we observed a non-linear negative trend in terms of prediction accuracy with

an increasing proportion of explainable data (Figure 17). While the sound identity

markers contributed only a fraction of the total explainable data (alarm: 3%, irrelevant:
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Figure 16: The left panel shows the distribution of the prediction accuracy for the envelope
and mTRF envelope model. Signi�cance is tested at * p< 0.05, **p< 0.01, ***p<
0.000. The panel in the middle shows the model weights averaged over partici-
pants, conditions, and channels. The panel on the right highlights the frequency
decomposition of the difference curve of the mTRF envelope and the envelope.

3%, beep: 4%), they showed high prediction accuracies for these small sections. We

again observed that the alarm tone yielded the best model predictions (M = 0.34, SD

= 0.11), followed by the irrelevant (M = 0.28, SD = 0.11), and then the beep tone (M =

0.15, SD = 0.06). Interestingly, combining these three markers into one model yielded

overall more data that can be explained (9%), but with reduced accuracy compared to

the separate models (M = 0.24, SD = 0.08). The prediction distribution of the combined

model appeared to be a linear combination of the results of the three separate models.

Using the acoustic onsets we could make predictions for roughly 26% of the data

using the described TRF settings. For the mTRF envelope and the mel-spectrogram on

the other hand, we were able to predict the neural data at every sample. Contrasting

the prediction distributions by accounting for the difference in samples where predic-

tions were made, we found that the difference between the acoustic onsets and the

mTRF envelope was no longer signi�cant (W = 144, Z = 1.46, p = 0.668). Furthermore,

the direct comparison between the acoustic onsets and the mel-spectrogram revealed

they were also no longer statistically different (W = 155, Z = 1.867, p=0.290). The con-

trast between the mel-spectogram and mTRF envelope remained signi�cant (W 0 195,

Z = 3.36, p=0.004).

The prediction accuracy as well as the proportion of explainable data were im-

proved if the sound identity markers were added to the acoustic onsets (29%, M =

0.11, SD = 0.04) (Figure 17). The increased proportion of data that could be explained

indicates that our detection of onsets can be further improved, as seemingly not all
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r2 r2
unq A\B A\C B\C A\B\C

Beep (A) 0.0009 0.0007 0.0003 0.0002 0.0001 0.0003

SI Irr (B) 0.0028 0.0027

Alarm (C) 0.0041 0.0041

Mel (A) 0.0072 0.0031 0.0023 0.0039 0.0020 0.0020

AC Ons (B) 0.0023 0

mEnv (C) 0.0052 0.0012

Table 1: Shows the variance explained for the acoustic (AC) and sound identity (SI) features.
Speci�cally, the �rst two columns display the total and unique variance explained by
each feature. The last four columns highlight the shared variance (\), where A refers
to the �rst, B to the second, and C to the third feature, for SI and AC respectively
(Figure 15).

SI markers were detected. We believe that the improved prediction accuracy for the

acoustic onset and SI markers was not only due to the increased data quantity that

could be explained. Rather, we found that the additional information of the SI markers

also improved the data prediction qualitatively, as highlighted by �nding increased

performance of combining SI markers with the mTRF envelope (M = 0.1, SD = 0.03) or

mel-spectrogram (M = 0.9, SD = 0.03). Since the mTRF envelope and mel-spectrogram

made predictions at every sample, the improved prediction accuracy can be attributed

to the additional information of the SI markers. Speci�cally, the combination of SI

markers with the mTRF envelope (W = 210, Z = 3.92, p = 0.001) or mel-spectrogram

(W = 207, Z = 3.808, p = 0.001) outperformed either base model.

The correlational values found for the sound identity markers for the explainable

data periods exceed those commonly found in other speech tracking studies (Dren-

nan and Lalor, 2019; Gillis et al., 2021; Mesik and Wojtczak, 2023). Here, generally,

values ranging around 0.02-0.05 are detected. To investigate if the values we observed

are plausible, we created 10 minutes of data where we randomly placed 396 triphasic

ERP responses (P1-N1-P2). On top of this signal, we added pink noise, where the noise

distribution followed the 1/f distribution. The noise was added at various amplitudes,

achieving SNRs that varied between –30 dB to 10 dB. We subjected this simulated data

to the same analysis pipeline as for the original data, and computed correlation coef-

�cients for the explainable segments as well as for the whole segment (Figure 18).

Another crucial aspect was determining the SNR level of our sound identity markers

and acoustic onsets model at a single trial level. For this, we computed the standard

deviation of a baseline period in each trial [-0.1 -0.01]s. and took the mean absolute
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