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When people talk, listen completely. Most people never listen.
— Ernest Hemingway






Abstract

Understanding how the human brain selectively attends to a single speaker in multi-speaker
environments is central to both auditory neuroscience and the development of hearing tech-
nologies. A promising approach for addressing these challenges, and learning how the brain
encodes speech, is auditory attention decoding (AAD), which aims to infer a listener’s at-

tended speech stream from measurements of neural activity, such as electroencephalography
(EEG).

Challenges within the field of AAD includes developing reliable and usable measure for
selective attention in wearers. These methods should be both applicable in wearable EEG and
robustly decode attention. Additionally, these methods should not bias decisions without
necessity. Furthermore, the spectrum of listening scenarios is broad. AAD methods should be
applicable to a wide variety of languages, talkers, acoustic listening conditions, and listening
tasks such as switching attention between conversations of interest. Solutions should also
work for both normal hearing and hearing aid users, as their acoustic experiences differ.

This thesis develops and evaluates methods for tackling some of these challenges. The work
investigates how preprocessing choices affect AAD performance, proposes model-based meth-
ods for quantifying relationships between continuous speech signals and concurrent neural
recordings. The work also evaluates spatial feature extraction approaches for decoding the
directional focus of auditory attention. Furthermore, a novel dataset is introduced, captur-
ing more ecologically valid listening conditions including conversational speech, attention
switching, and mobile EEG recordings. The generalization of state-of-the-art AAD methods
to these settings is examined. Finally, methods for tracking auditory attention dynamically
over time are explored as a step toward real-time applicability. The results highlight both the
potential and current challenges of integrating neural attention decoding into future hearing
aid technology, with the long-term goal of understanding and enabling selective attention in
varied acoustic scenes.
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Popular summary

As kids we are taught that the ear is the organ that does the hearing in our body. In reality, this
is not the case. Our perception of what we hear is a result of cognitive processing in the brain.
In everyday life, auditory experiences are highly varied. One particularly straining scene is
when multiple speakers are present in the same room as the person you are trying to listen to.
This can happen in meetings at work, during morning commutes or at a cocktail-party. The
last example has inspired the name of the natural ability of our auditory system to subliminally
focus on a particular speaker: the cocktail party effect.

Although picking out single speakers in noisy environments can be straining, normal hearing
individuals are often able to solve the cocktail party problem. However, for people with
deteriorating hearing and hearing aid users this ability can be heavily encumbered. Tiredness
and wanting to disconnect is common for hearing aid users, where the user turns the device oft
after being in a multiple speaker situation for too long. This is because the cocktail party effect
does not come as naturally. Perhaps you even have experienced this with an older relative.

This thesis develops different methods for looking at measurements of brain activity when
people are attending specific people in multi-speaker scenarios. We can measure brain re-
sponses using electroencephalography (EEG), which measures electrical neural activity. The
connection between the signals in the brain and speech is different for attended and ignored
speech, which makes it possible to work out where a listeners attention is targeted, and this
practice is called auditory attention decoding (AAD).

First, in Paper I we look at how much of an influence different variations of EEG cleaning has
on results within AAD. The second paper of this thesis, Paper II, a method is developed for
detecting connections between the speech we hear and concurrent measured brain signals,
without imposing too much prior assumptions about the data. Work in Paper IV focuses on
analyzing data from a slightly different perspective, by instead looking at the problem: “to
which spatial angle is a person currently attention?” In the paper, we compare performance
of spatial feature extraction methodology common in EEG, on different online-available
datasets.

In Paper IIT a novel dataset is introduced, showing that state-of-the-art methods within AAD
generalizes to scenarios, including speaker in conversations, attention switching, and mobile
brain signal measuring techniques. Finally, in Paper V we attempt to take step further towards
application in hearing aid technology, by developing methods for analyzing the auditory
attention of a listener over time.

If this methodology becomes both real-time and robust, it could be applied to improve the
living experience for hearing aid users, and therefore simplify for these individuals participation
in society. However, these AAD methods will never work in listening scenarios where the
noise is too loud, or too similar to the sounds one is trying to attend. In these cases, hearing

XV



aids will fail, like how older hearing aids fail in an even wider range of cases. Nevertheless, these
contributions to AAD research will hopefully widen the range of scenarios where hearing
aids are useful.

Looking forward, there are many challenges before these models can be applied to help
hearing aid users. For example, there is a further need for methods that can track how auditory
attention dynamically changes over time and scenarios, as well as taking into account all the
hard-to-predict peculiarities of everyday life.
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Populirvetenskaplig sammanfattning

Nir vi 4r barn ldr vi oss att 6ronen 4r de organ som skoter hérseln i vir kropp. I verkligheten 4r
detta inte fallet. Var uppfattning av vad vi hor 4r ett resultat av kognitiv bearbetning i hjirnan.
I vardagen kan hérselupplevelser vara mycket varierande. Ett sirskilt anstringande scenario r
nir flera talare 4r nirvarande i samma rum som personen du f6rsoker lyssna pa. Detta kan
hinda under méten pa jobbet, under morgonpendling eller vid ett cocktailparty. Det sista
exemplet har inspirerat namnet pa den naturliga férmdgan hos vart horselsystem att sublim-
inalt fokusera pd en viss talare: cocktailparty-effekten. Aven om det kan vara anstringande
att vilja ut enskilda talare i bullriga miljoer, kan oftast normalhérande personer 16sa cock-
tailpartyproblemet. Men f6r personer med forsimrad horsel och hérapparatanvindare kan
denna férmaga vara kraftigt begrinsad. Trétthet och en 6nskan att koppla bort 4r vanligt f6r
hérapparatanvindare, dir anvindaren stinger av apparaten efter att ha varit i en situation
med flera talare for linge. Detta beror pa att cocktailparty-effekten inte kommer lika naturligt.
Kanske har du till och med upplevt detta med en ildre slikting.

Denna avhandling utvecklar olika metoder f6r att undersoka hjirnaktivitet nir minniskor
lyssnar pa specifika personer i scenarier med flera talare. Vikan mita hjirnaktivitet med hjilp
av elektroencefalografi (EEG), som miiter elektriska nervaktiveringar. Sambandet mellan
hjirnsignaler och tal 4r olika for tal man lyssnar pa jimfért med tal man ej lyssnar pd, vilket
gor det mojligt att ta reda pd var en lyssnares uppmirksamhet riktas. Med nya analysmetoder
ir det majligt att spara, i tid och position, hjirnaktivitet i férhillande till det tal som hors.
Utover detta dr det ocksd mojligt att ta reda pd vilken talare en viss person lyssnar pa.

Forst, i artikel I, undersdks hur stort inflytande olika variationer av EEG-reng6ring har pa
resultaten inom AAD. I artikel II utvecklas en metod for att uppticka samband mellan
det uppfattade talet och samtidiga uppmitta hjirnsignaler, utan att ligga till f6r minga
forhandsantaganden om data. I artikel IV analyseras data frin ett nigot annorlunda perspektiv,
genom att istillet undersoka: vilken rumslig vinkel en person f6r nirvarande 4r uppmirksam
pa. I artikeln jaimfors prestandan hos metoder, vanliga inom EEG, pa olika datamingder,
tillgingliga pa internet.

Artikel IIT introducerar en nytt experiment-dataset som visar att metoder inom AAD general-
iserar till olika scenarier, med talare i samtal, med uppmirksamhetsvixling och med tekniker
for mitning av mobila hjirnsignaler. Slutligen tar viiartikel V ytterligare ett steg mot tillimpn-
ing inom horapparatteknik, genom att utveckla metoder for att analysera en lyssnares auditiva
uppmirksamhet 6ver tid.

Om dessa metoder blir bide realtidsbaserade och robusta, skulle de kunna tillimpas for att
forbittra livsupplevelsen for hérapparatanvindare och dirmed f6renkla for dessa individers
deltagande i samhillet. Dessa AAD-metoder kommer dock aldrig att fungera i lyssningss-
cenarier dir bruset dr for hogt eller for likt de ljud man forséker uppmirksamma. I dessa
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fall kommer horapparater att misslyckas, precis som dldre horapparater misslyckas i ett innu
storre antal fall. Trots detta kommer dessa bidrag till AAD-forskning férhoppningsvis att
bredda antalet scenarier dir hrapparater ir anvindbara.

Framéver finns det manga utmaningar innan dessa modeller kan tillimpas f6r att hjilpa
hérapparatanvindare. Till exempel finns det ytterligare behov av metoder som kan spira hur
hérseluppmirksamhet dynamiskt forandras 6ver tid och scenarier, och som tar hinsyn till alla
svarforutsigbara sirdrag som uppkommer i vira vardagar.
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Chapter 1

Introduction to Hearing, Auditory
Attention and Neural Decoding

Most people are taught that the ear is the organ that does the hearing in our body. In reality,
which has been known for a very long time, this is not the case. Our perception of what
we hear is a result of cognitive processing in the brain as well as combination of multiple
sensory networks. The biological process from detection of the physical sound to hearing and
understanding is complicated to say the least.

In everyday life the auditory environmental experiences are highly varied. One particularly
straining scene is when multiple speakers are present in the same room as the person one is
trying to listen to. This can happen in meetings at work, during morning commutes or a
cockrtail party. The last example has inspired the name of the natural ability of our auditory
system to subliminally focus on a particular speaker: the cockzail party effect, first named by
Cherry in the 1950s [1].

Although picking out single speakers in noisy environments can be straining, normal hearing
(NH) individuals are often able to solve the cocktail party problem. However, for people with
deteriorating hearing and hearing aid (HA) users this ability can be heavily encumbered. To
intuitively understand the problem, one can imagine a situation that most people have been in
nowadays. In an online video call meeting, it is often the case that multiple people on difterent
ends of the call start talking at the same time. If you try distinguishing a certain speaker from
the others, this will require a high amount of effort compared to a normal meeting. This is
because all speakers are jumbled in the speakers of the computer, where the visual and auditory
scene may not match. At the end of the meeting, you can feel very tired. This tiredness is
also quite common for HA users, where the user turns the hearing device off after being in a
multiple speaker situation for too long.



HA technology has advanced significantly during the last decades. Modern HAs are able to
adaptively filter sounds, attenuating background noise and enhancing speech signals. Looking
at the largest HA companies (Sonova, Demant, WS Audiology, GN Store Nord, Starkey), their
most modern HAs at the moment leverage techniques such as deep-learning, multi-sensor
modalities and processing personalization to enhance user experience. However, with current
HAs it is still not known which speaker the wearer is trying to listen to. Thus, if multiple
speakers are present, HA can attenuate sounds from certain preset directions, but cannot
specifically filter out the speaker attended at the moment. This is where auditory attention
decoding (AAD) comes into play.

By working out which sound a HA user is focusing on, one could attenuate other disruptive
sounds in the HA, helping the wearer. This requires continuously measuring brain activity,
relating this to the sounds of which the individual hears and work out which source to enhance.
To decipher this cognitive processing, understanding the processing of sounds in the auditory
system is important. There have been many studies that identify and characterize speech-
entrainment to natural stimuli, and how this is attenuated/amplified by auditory attention
[2—7]. Similar brain responses have been found in hearing impaired (HI) individuals and
HA users [8—13]. Furthermore it has been extended to bi-directional models [14, 15], and to
non-linear models [16-19].

1 What is the cocktail party effect?

The cocktail party problem was formalized as the task to solve by humans to recognize what
one person is saying when others are speaking at the same time. Multiple aspects can alleviate
or exacerbate the difficulty of this task. If the attended speech is relatively soft compared to
other speakers, then focusing becomes harder. The separation is also harder if speakers are
similar, for example in fundamental frequency, accent or talking speed. Although spatial clues
and information of the sound is useful for separating speakers, separation is not purely a result
of these types of inferences. Interestingly, although it is harder to separate speakers that share
the same direction to the listener, it is still very much possible [20].

The auditory cortex is involved in the processing of sounds and speech [21]. In particular this
involvement can be measured during listening in multi-talker scenarios [4]. In the primary
auditory cortex both attended and ignored sounds can be tracked. Moving from the primary
auditory cortex, outwards to other parts of the auditory cortex, the observed connection
to sounds is reduced to attended speech alone [22]. In auditory processing of speech in a
multi-talker scenario, tracking is stronger in the left hemisphere compared to the right [23].
This is true although there certainly is a bilateral aspect to hearing and listening processes in
the brain.

AAD is the process and research field of determining which, out of multiple concurrent
speakers, a certain listener is attending. This is done by measuring brain signatures in some



way. Multiple analogue approaches are available for AAD. Attention can be spatially decoded,
working out the locus of attention, i.e. which direction the person is devoting mental resources
to interpret [24—26]. Attention decoding can also focus more about the connection between
measured brain responses and the content of what is spoken in each speech source. Significant
research has been made relating both acoustic and linguistic speech features to corresponding
brain responses [27-30].

2 Hearing, from vibrations to neuronal activity

A brief overview of the biological processes that connect sound to brain activity is given here,
although this should by all means not be seen as a complete description of the auditory system.
The aim is to convince the reader of the assumption that the connection between sound
pressure and electrical signal recorded in the brain is measurable.

Sound is a series of changes in sound pressure that propagate through all mediums [31].
These mechanical pressure waves travel through multiple biological structures before they are
converted into signals in the brain. These structures can be seen in the schematic view of the
human ear shown in Fig. 1.1. Vibrations in air reach the outer ear and travel into the ear canal.
At the end of the ear canal, the sound waves push on the eardrum. The eardrum separates
the outer ear and the middle ear. In the middle ear lies three bones, called the mallens, incus
and stapes. The eardrum pushes on the malleus and the pressure from sound is propagated
through the bones. At the end of the stapes the concentrated pressure (due to a very small
surface area) is transferred into the cochlea.

When sound enters the fluid-filled cochlea, it enters one side of it [31]. The cochlea is split in
two by the basilar membrane, which is a tapered wall that separates two tubes that make up
the spiral-shaped cochlea. As pressure must be dispersed, sound waves move from one side of
the basilar membrane to the other. Because of the tapered structure, different frequencies of
sounds will take different paths, separating themselves along the basilar membrane. Within
the basilar membrane, these mechanical oscillations of different frequencies are extracted and
converted into electrical signals. These electrical signals are then carried by neurons through
the auditory nerve to the central auditory pathway. These signals are frequency dependant as
well as amplitude dependant of the oscillations caused by sounds.

As the fibres of the auditory nerve leaves each left and right cochlea they enter the correspond-
ing cochlear nucleus, where they bifurcate. Roughly speaking, the nerves travel to a range of
different nuclei that make up the cochlear nuclei, before they travel to various parts of the
ascending auditory pathway. Signals reach the superior olivary complex, the nuclei of the
lateral lemniscus, the inferior colliculus and the medial geniculatae body before arriving to
the auditory cortex. The auditory cortex is the most recent evolutionary part of the auditory
system and thus is important for processing of sound that is specific to humans [31]. High-level
processing of sounds heard is done here in connection to other parts of the brain. It is located
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Figure 1.x: Parts that make up the human ear. Taken from the website of the National
Institute on Deafness and Other Communication Disorders, National Institutes of Health

(public domain).

bilaterally, at the upper sides of the temporal lobes in areas such as the Heschl’s gyri and
superior temporal gyri. The location of the auditory cortex is shown in Fig. 1.2.

Although this is the main path leading from sound coming into our ears to us actually hearing
and listening, other paths and areas are included in the hearing process. These areas can
be connected in undefined ways or be connected to specific biological processes, such as a
connection from the inferior colliculus to the gaze control centre for reflexive eye movements
towards sounds. Additionally, the auditory pathway is not a one way path for sound processing.
In reality, feedback loops are incorporated into the biological structures, with descending
projections back as far as the cochlea.

Thus, although the entire system is complex, sound is transformed from pressure waves in
air, to mechanical vibrations in the ear, to electrical signals in the auditory nerve, to neuronal
activity in the brain. Along this path, multiple processing steps are done that extract relevant
features of sound for further processing. In AAD, we try to analogously extract features of
sounds thatare relevant for listening and attention, and relate these to measurable brain activity.
Examples of these features are the envelope of speech [s], the fundamental frequency of speech
[32], speech onsets or higher-level linguistic features such as phonemes or words [33-35]. Each
of these features carry different information about the speech signal, and will therefore have
different relations to brain activity. For example, for many of the aforementioned features,



Figure 1.2: Location of the auditory cortex, highlighted in pink, on the surface of the brain.
The anterior of the brain is to the left, and the posterior to the right. Source: Author.

they are tracked in the brain less when ignored, compared to when attended. This is the basis
for many AAD methods. Features can also be learned with deep learning based approaches,
although this is not explored in this thesis.

3 Probing brain activity

Measuring what goes on in the brain is non-trivial, to say the least. Inferring neural activity non-
invasively can be done in different ways. Techniques such as functional magnetic resonance
imaging (fMRI) measure the blood flow in the brain. Blood flow is coupled to neurological
activity, i.e. blood flows to regions that are activated in neuro-processing. The technique of
fMRI has a high spatial resolution, but lacks temporal resolution to see fast cortical changes.
A more portable technique is functional near-infrared spectroscopy (fNIRS), which measures
blood oxygenation changes in the brain, similar to fMRI, but with a wearable set-up. However,
fNIRS has a low temporal resolution, and is currently not widely used in AAD research.

Other techniques, such as the electroencephalography (EEG) and magnetoencephalography
(MEG), measure electrical activity in the brain. Both techniques have a significantly higher
temporal accuracy. Although both techniques are measured outside the head and MEG has
better spatial source estimation qualities, EEG is significantly cheaper and easier to set-up.
EEG is currently seen as the most probable technique to have use in future HAs. Recently
there have also been parallel advancements in EEG to make it more portable, which is suitable
for psychophysiological measurements in real-world scenarios [36].

The first human EEG was captured in 1924, by Hans Berger [37]. By placing as many as 32, 64
or 128 electrodes on the scalp, and measuring the electrical potential of each electrode, one
can observe a spatial map of electrical potentials at each sample during EEG. An example
of an EEG cap is shown in Figure 1.3. The sample rate is in the range of thousands of Hz,
although this usually is reduced during analogue to digital conversion. Measuring electrical
potential requires setting a reference potential, which is non-trivial. Commonly one designates
a reference electrode with minimal contribution from cortical sources or that has a stable



Figure 1.3: In the top, a Biomsei EEG cap (left) with corresponding EEG electrodes (right).
The bottom left show cEEGrid arrays with electrode placement around ears (source: https:
//commons.wikimedia.org/wiki/File:CeeGRID. jpg). The bottom right shows an
battery driven amplifier for a mobile EEG cap.

baseline. Although in practice no site is fully electrically neutral, but commonly reference
electrodes are place at the mastoids, ear lobes or the vertex.

After measurement, data can either be analyzed or visualized. Commonly, EEG activity
is interpreted through its spectral signature. Activity is split into the following frequency
bands; ~ [1,4] Hz as delta, ~ [4, 8] Hz as theta, ~ [8, 12] Hz as alpha, ~ [12,30] Hz as beta,
~ [30, 64] Hz as low gamma, and ~ [64, 128] Hz as high gamma. An an example of an EEG
signal and it’s decomposition into frequency bands is shown in Fig. 1.4. The EEG caps used
for measurements mentioned in this thesis have 32 or 64 channels spread out over the head
of the wearer. Generally, they can be grouped into frontal, central, parietal, and occipital,
as well as into the left (L) and right (R) hemispheres. In paper IV and V a mobile EEG cap
(mBrainTrain Smarting Pro) is used, which allows measurements without being tethered to a
stationary amplifier. This allows measurements in more naturalistic scenarios. This mobile
set-up is augmented to include cEEgrid arrays around each ear [38], with 10 electrodes each.
Example images of both of these technologies are shown in Fig. 1.3. Ideally, similar arrays can
be used in future hearing devices to measure brain activity in a compact way.

Although multiple limitations plague EEG analysis, perhaps the main limitation is the poor
spatial resolution. EEG cannot sense activation of individual neurons. Instead, EEG captures
the synchronized activation of thousands of individual neurons. Thus source estimation is
very hard, compared to fMRI. Additionally, EEG is influenced heavily by aperiodic so-called
pink noise, 1/ f-shaped in the frequency domain. Recalling Fig. 1.4, the energy of EEG tapers

off as the frequency increases. Noise sources originate from ocular activity, heart beats, line
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Figure 1.4: An example EEG signal from a single channel is shown (top), together with the
same signal filtered to different bands.

noise, channel noise in electrodes, muscles artifacts, as well as brain activity that is not of
interest to the particular study or clinical trial [39]. These noise sources disturb measurements

both spatially and temporally.

4 Outline of thesis

Within the research field, multiple advancements are needed to understand auditory attention
in natural scenarios, and make AAD usable in real-world applications. This thesis presents
improvements and answers to some of these challenges.

In Chapter 2, a system perspective is first presented in order to analyze brain responses in
relation to auditory stimuli. Mathematical models, widely adopted within the field, are
presented, and bases for some different analytical view points are given. An introduction to
the stochastic signal processing techniques used in this work follows, showing standard signal
processing techniques common for EEG analysis to continuous stimuli.

Subsequently, Chapter 3 presents an outline of research questions and challenges within in the
field of AAD. This includes discussions on usability and reliability of measures of attention,
comparisons of results within AAD (and neurophysiological signal analysis in general), and
the path towards realistic experimental design.

In Chapter 4, the aim and contributions of this thesis is summarized. We share the scientific
contributions of each included work, as well as an outline of the author contributions within



each paper.

Lastly, each work included in the thesis is appended, together with Appendix A, which is
supplementary material to Paper IV.



Chapter 2

System Perspectives on Auditory
Attention Decoding

1 Modelling connection between sound and brain responses

Consider recorded EEG with N, channels, measured during an auditory attention experiment,
as y,(¢), during I\, trials lasting 7" seconds each. During experiments, subjects are presented
with speech from multiple concurrent speakers. Analogously to the conversion of sound
pressure to electrical signals in the inner ear, transforms of the speech can be calculated. These
are denoted speech features, which for instance can be the envelope of speech. The speech
feature, denoted s(¢), can be for attended but also ignored speakers.

Measured EEG at channel ¢ is denoted

2:(8) = 7(2) + ¢.(¢) (2.1)

where ¢.(¢) is noise, including measurement noise and background processing of the brain.
The EEG response is assumed to be the output of some processing of the attended speech
feature

7(2) = f:(s(7), 7 < 2) (2:2)

This processing is assumed to be stationary in time, and only s(#) and y,(#) are observable.
Our system of signals can be summarized as

Speech feature 2 os(2)
EEG measured, channel ¢ = y.(¢)
EEG response, channel ¢ = 7(¢)
EEG noise, channel ¢ :oe(r)



2 Linearity

There is no reason to believe £ is a linear operator. As described in Chapter 1, there is a
large amount of different processes that connect sound heard to measurable brain processes.
However, with this being said, there are multiple examples where linear modelling have been
successful in describing the system in Eq. (2.1) for making meaningful inference.

Restricting the system model to be linear, one can write

7(t) = £ (s5(2)) = h() xs5(z) = [m h.(7)s(¢t — 7)dr (2.3)

where /,(¢) is the impulse response of the system at channel ¢. The brain does not have an
instantaneous response to stimuli, thus /,(z) has support over multiple time lags. And since
the brain has limited memory capacity, /,(¢) has finite support.

As a brief comment on the causality of this system, one may ask whether the brain pro-
cesses events before they occur. Although predictive processing models that challenge strict
causality are prevalent in the literature, we assume a causal framework in general for analysis.

Accordingly, 2.(¢) = 0 for ¢ < 0.

This linear assumption has been used widely in the field, and has provided meaningful insights
into auditory attention processing as the shape of & changes in different attentional states [2,
5]. Assessing /.(¢) can be done in multiple ways, both parametrically and non-parametrically.
Here follows a brief overview of some ways of looking at system in Eq. (2.1).

3 Discretization of the biological system

In practice, signals are measured in discrete time. Thus, the continuous time system in Eq.
(2.1) is effectively discretized in all applications and analysis. By denoting discrete time with
index 7, and sampling period Az, we have r = nAr. The discrete time version of the linear
system Eq. (2.3) is then

r[n) = hn] * s[n] = 2 h.[m]s[n — m]. (2-4)
In practice, both s[#] and y,[#] are measured for N samples, and /_[#] has finite support of
M samples. Thus, the summation in Eq. (2.4) is limited toz = 0, 1, ..., M — 1.

EEG is sampled at some rate, in this thesis between 250 Hz and 1000 Hz. An important
assumption to the set-up of EEG, is that brain responses are band-limited to below half the
sampling rate, according to the Nyquist-Shannon sampling theorem. This is generally a valid
assumption, as most cortical responses captured in AAD are below 32 Hz [2, 5], with some
captured amplitude modulation in the high gamma band [4]. Even in non-linear modelling
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of information, there has been no observed benefit of including frequencies above 150 Hz.
Thus, by sampling at these rates, it is plausible that no essential information is lost when
capturing EEG. Assuming a linear system between speech features and EEG, any component
in speech features above half the sampling rate of EEG will not be represented in the EEG
measured. Therefore, speech features are commonly low-pass filtered and down-sampled to
match the sampling rate of EEG before any analysis.

4 Non-parametrical quantification and coherence

A real valued stationary random processes, x(¢), and its Fourier transform X ( /) is related

through
X(f) = F ) = [ 20 s (25)

Now assuming a linear system of the form in Eq. (2.3), y(¢) = h(z) *x(£) +¢(z), the frequency
response of the system is defined as

H(f) = Fh()] = / h(r)e 2 dt (2.6)

Using the properties of the Fourier transform, the Fourier transform of the output, Y'( f) is
related to the Fourier transform of the input X ( /) through

Y(f) = H()X(f) + E(f) (27)
and the auto-spectrum of the output signal is
S,y () = [H() 2S5 (F) + S (f) (2.8)

where S, (/) is the auto-spectrum of the input and S, (/) is the auto-spectrum of the noise
process, in turn defined as

SN =E[IX(NIP], SN =E[ENI]. (2.9)
Furthermore, the cross-spectrum between input and output signals is defined as

The magnitude squared coherence, or simply coherence, between two signals x(z) and y(z) is

defined as 5.0 |2
_ *y
D =505,

where a cross-spectrum S, y (f) is normalized by the two respective auto-spectra of the signals.

(2.11)

The common interpretation of the coherence measure is that it measures the relative linearity
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between the two processes. If y(#) can be explained by a linear filtering of x(¢), then C(f) =
1 at the frequencies where x and y have power. If there is no linear connection between
the processes at a frequency, coherence is zero instead. Another way of putting this is that
coherence can detect spectral components in channels x(z) and y(z) that are phase-locked.

Thus, as EEG response to stimulus can be described by a linear filter with usefulness, one can
estimate this filter and its relative power non-parametrically. One advantage of this, is that
there is no imposed statistical prior on the filter. This in turn can avoid systematic bias in
imposing filter models, if proper model priors are hard to derive.

s Parametric estimation

Commonly, one wants to parametrically estimate the filter 4.(¢) of Eq. (2.3). The advantages
of this includes using priors and regularization to improve robustness to noise. Parametric
estimation can be done in multiple ways. One way is to estimate each time lag of /() directly,
for example through least squares estimation or maximum likelihood estimation. This is
commonly done in AAD research, where the filter is called a temporal response function
(TRF) [s]. This is further detailed in Section 8.1, where other options are also explained.

If the goal of finding /, € RM, that predicts the response in channel ¢, 72 from s, one can set
up the following optimization problem,

. N M-1 2
h, = argmin " (yc[n] = hmlsln - m]) + 2 P (212)
< =1 m=0

where A is a regularization parameter. This is a ridge regression problem, which has a closed
form solution. The regularization term is important to avoid overfitting to noise in the data,
especially when A1 is comparatively large compared to N. The filter found by Eq. (2.12) seeks
to maximize the correlation between estimated response and measured EEG, which is called
forward modelling, as one tries to model the forward path of the system in Eq. (2.1).

Alternatively, one can try to find a filter that estimates the speech features s from the EEG
Yi» o Yoo This is called backward modelling, as one tries to model the inverse path of the
system in Eq. (2.1). The optimization problem is then

> glmlyln-ml| + gl (2.13)

0

g= arg ) mln s[n] -

.....

N M-1 2
=1 m=

where g [m] is the filter element for channel ¢ at lag 7. The solution to Eq. (2.13) also has a
closed form solution. Backward modelling has been shown to perform better in AAD tasks
compared to forward modelling [27], as it leverages information from all EEG channels simul-
taneously. A drawback of backward modelling is that the filter g is less interpretable compared
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to 4, in forward modelling, and it requires more computational resources to estimate, as all
channels are estimated simultaneously.

It is also possible to combine forward and backward modelling into a hybrid model. For
example, this can be done through canonical correlation analysis applied on lagged data, where
both speech features and EEG from multiple time lags are projected into subspaces where
their correlation is maximized [14].

6 Non-linear modelling of the system

Although linear models have been shown to be useful in describing the system in Eq. (2.1),
non-linear models have the potential capture more complex behaviour. For the past 10 years,
this has been an active area of research in AAD. One path of modelling the non-linear system
is to use co-called neural networks, to approximate f.. The universal approximation theorem
states that a neural network exists that can approximate any continuous function to arbitrary
accuracy. In it simplest form, this holds for a feed-forward neural network [40]. This is
caveated by assuming models have wide or deep enough hidden layers, and that the activation
functions within used is non-polynomial [41]. Similar results exist for other deep learning
architectures, such as convolutional neural networks [42] and recurrent neural networks [43].

Thus, in theory, neural networks can approximate the system in Eq. (2.1) to arbitrary accuracy.
Note that this only states the existence of such a neural network. The largest issue comes in
finding proper weights. In practice, data amounts, overfitting, and computational costs limit
the performance of neural networks. Also, . is not necessarily continuous as neural spiking
are discrete events. Furthermore, /. is not time-invariant, as the brain changes its processing
strategies depending on context, effort, fatigue, and other cognitive processes. Thus, neural
networks may not be able to approximate f; perfectly in practice, as data labelling is insufficient.
As a final point, stochasticity in brain processing and brain measuring limits the performance
of any model, linear or non-linear.

After these caveats and limitations have been stated, it still remains that neural networks have
been used both in forward and backward modelling of AAD systems successfully, often beating
performance compared to linear models [18, 26, 44]. In [26], authors showed that including
non-linearities in stimulus reconstruction through neural networks improved reconstruction
metrics compared to linear models. Although this can be partly explained by the neural
network learning the structure of speech features better (for example common lengths of
words and phonemes), it still shows that non-linear models can capture more complex relations
between speech and brain activity. Using these non-linear model to classify attention between
candidate speakers, by looking at which speaker is better reconstructed, has also been shown
to improve performance compared to linear models.
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7 Analysis and classification of the output of the system

Again, the linear model of /2 is a considerable simplification, but has proven useful. However,
the model has limits to what behaviour it can capture. As it also may be hard to define the
non-linear £, one can analyse the output alone to circumvent these problems. In this case,
one is essentially performing pattern recognition on the output y(¢) of the system. Typically,
data is labelled depending on current attentional state. For example, this can be attention
towards left or right. This view-point can simplify the process of decoding attention to these
specific directions. However, the output-only viewpoint introduces other problems instead.
Classification models may overfit to other patterns in the data, and care is therefore needed
when defining metrics and labels on the output alone.

Additionally, if one rejects to use the speech signals at all, how does one gauge where in time
EEG data is interesting and carries information? Commonly the application of labels is done
on a macro level, in a top-down manner, where labels are set as the instructed attentive state
(such as "attend left speaker!”). In reality, things are not as stable or binary. But as continuous
true labels are hard to impossible to capture in real data, one is left with the binary class labels.
Changes to experimental design are needed to get closer to continuous labels, but this is out
of scope for the thesis.

To do classification, multiple approaches are again possible. Any type of classifier can be used
on the output data. Commonly, data is first commonly pre-processed to extract relevant
features. Although there is no exhaustive list of methods used, examples include neural
networks [4s], linear discriminant analysis [46], and common spatial patterns [47].

Key challenges in classification is to avoid overfitting to noise and other patterns in the data.
These issues are mitigated through regularization, cross-validation, as well as careful design
of training and test sets. Additionally, interpretability of models is important to understand
what patterns in the data that are used for classification. With this being said, overfitting
remains a key challenge in AAD research, as auditory attention can be heavily connected with
other cognitive processes in the brain. An example of this is that a listener will intuitively look
towards the attended speaker. Thus, eye-movements and auditory attention are confounded
in many experimental set-ups.

Employed in the work is primarily a common spatial pattern (CSP)-based classification
paradigm, with linear classification of output features. This is described in more detail in
Section 8.

8 Signal processing methods in AAD

This section presents methodological considerations, when performing different types of
inference on the system of Eq. (2.1), Eq. (2.3) and Eq. (2.4).
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8.1 Temporal filter estimation

As explained previously, parametrical estimations of the forward or backward filter between
speech features and EEG responses, entails solving the optimization problem of Eq. (2.12) or
Eq. (2.13). In practice, this problem can be underdetermined, or at least very susceptible to
noisy measurements. Commonly, regularization is used to mitigate these issues.

There are many options for applying regularization to the optimization problem at hand. Each
regularization infers some prior knowledge about the filter sought. Utilizing L2 regularization
(ridge regression) infers that filters should be smooth and distributed between times (and
channels in the case of backwards models). Li regularization (lasso regression) infers that
filters should be sparse, and thus only a few time lags (and channels) should be used in the
filter. Tikhonov regularization (generalized ridge regression), where the regularization term
can be defined as || LA|*, where L is a matrix that defines the structure of the regularization.
For example, if L is the identity matrix, it reduces to ridge regression. If L is a matrix that
computes the second derivative of the filter, it infers that filters should be smooth in terms of
their second derivative. The choice of regularization depends on the desired properties of the
filter and the amount of data available for estimation. In the case of AAD, L can be defined to
infer spatial covariance between channels, or temporal smoothness. A combination of L2 and
Li regularization, often called elastic net regression, can also be used to combine the properties
of both regularization methods. Grouped lasso, where the regularization term is defined as
A Zg I72,]l,, where h, is a group of parameters, can also be used to infer that certain groups
of parameters should be selected together. For example, in the case of backwards models, one
could define groups of parameters corresponding to each channel, and use grouped lasso to
select which channels are important for the filter. Each of these regularization methods has its
own advantages and disadvantages, and the choice of regularization should be based on the
specific problem at hand and the desired properties of the filter as it infers priors assumptions
about the connection between speech and brain responses.

Another way to explicitly assume a certain prior, is to introduce a parametric form of /,(z),
for example as a sum of basis functions, and estimate the parameters of these basis functions.
Both forward and backward modelling can utilize basis functions instead of estimating each
time lag directly. For example, /[#] can be modelled as a sum of P basis functions o [#] in
discrete time, such that

P
heln) = Y a.p8,1n] (2.14)

p=1

where 4, ,, are the weights of each basis function for channel ¢. This reduces the number of
parameters to estimate, and can improve robustness to noise. Depending of the basis function
used, the implicit prior implied on /,(#) changes. For example, using Gaussian basis functions

imposes smoothness on /z).
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8.2 Spectral density estimation

A continuous signal x(#) can be sampled to x[7] at some sample rate £, resulting in /N samples.
In this case the Fourier transform, formulated in Eq. (2.5), instead becomes

N-1

X[f1= > xlnle (2.15)
n=0
where 0 < f < /2. The Fourier transform can be computed efficiently through the fast
Fourier transform (FFT) algorithm [48], making spectral analysis a viable option in real-time
applications such as HA technology.

To estimate the spectral density of a signal, multiple methods exists. The most simple is the
periodogram method, where the Fourier transform of a signal is calculated, and the auto-
spectrum is estimated as

$ulf1= HIXUAP (2.16)

However, this method is known to be a biased and inconsistent estimator of the true spectral
density [49]. Thus, other methods are commonly used instead. The modified periodogram is
one such method, where the signal is windowed before calculating the Fourier transform,

N-1

X,1f1= > wlnlx[n]e > (2.17)
n=0
where w[#] is a window function, such as a Hamming or Hann window. The modified
periodogram is then estimated as Eq. (2.16). This reduces spectral leakage, at the cost of some
narrow-band bias in the estimate.

Reducing noise and bias of spectral density estimates

The periodogram and modified periodogram methods have high variance, making them noisy
estimates of the spectral density. To reduce this variance, multiple averaging methods exists.
The perhaps most common methods are the Welch method [50] and the Thomson method
[s1]. Both these methods seek to reduce the variance of the spectral density estimate, at the
cost of some increased bias. We shall first describe the two methods and then discuss their
properties in variance reduction and bias.

The Welch method divides the signal into L overlapping segments of length A4, where each
segment is windowed with a window function w[z]. The Fourier transform of each segment
is calculated, and the modified periodogram is estimated for each segment as

A 1
S = IS AP (2.18)

where U is a normalization factor depending on the window function. The windowing
functions used in the Welch affect the bias and variance of the spectral density estimate.
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Common window functions include the Hamming, Hann, and sine windows. The choice
of window function depends on the desired trade-off between bias and variance. The final
spectral density estimate is then obtained by averaging the modified periodograms of each
segment,

S~ =

L
A A 1
S.lA1=7 > 8317 (219)
/=1

The Thomson method, also known as the multitaper method, uses multiple orthogonal
window functions of length N, called tapers, to reduce the variance of the spectral density
estimate. The tapers are designed to have optimal spectral concentration within a certain
bandwidth. The Fourier transform of the signal is calculated for each taper, and the spectral
density estimate is obtained by averaging the modified periodograms of each taper,

N 1 & .
Seelf] = T ZSx(f)[f] (2.20)
k=1

where S®[ f1is the modified periodogram for taper £. The tapers are found by solving an
eigenvalue problem that maximizes the spectral concentration within a certain bandwidth,

N-1

sin 2z (n — m)) B
D iyl = Al (221
where 7 is the half-bandwidth parameter, and v, [#] are the tapers. The eigenvalues 4, indicate
the spectral concentration of each taper, and only the tapers with the highest eigenvalues are
used in the spectral density estimate.

The variance reduction of the Welch and Thomson methods comes from averaging multiple
modified periodograms, which reduces the variance of the estimate. So, for white noise
the variance is reduced by a factor of L or K, in the Welch method or Thomson method
correspondingly.

The bias of each estimate is increased due to the windowing and tapering of the signal, which
introduces spectral leakage. The bias increases as the effective bandwidth increases. The
effective bandwidth for the Welch method with a Hann window is 4 £,/ M, where M is the
length of each segment [s0]. The effective bandwidth for the Thomson method is 2NT/ £,/ N,
where 7 is the signal duration and 7 is the half-bandwidth parameter [s1]. Increasing the
segment length in the Welch method reduces the bandwidth and therefore reduces bias, while
decreasing the half-bandwidth parameter in the Thomson method reduces the bandwidth
and bias of the estimate.

The choice of window function and tapers affects the trade-oft between bias and variance,
and should be chosen based on the desired properties of the spectral density estimate, and the
characteristics of the signals being analyzed.
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Metrics for comparing signals

Many parts of this thesis will use correlation between different signals as a metric for comparing
similarity. Correlation can be computed in both time and frequency domain. In time domain,
the Pearson correlation coeflicient is commonly used, defined as

SN (xln] = ) (yln] - 7)

7, = (2.22)

T N Gl - S, Gl - )2

where x and  are the means of signals x[#] and y[#], respectively.

8.3 Spatial techniques

In AAD, multiple EEG channels are measured. Channels measure the electrical activity at
different locations on the scalp, but also contain the same information. In this thesis the
methods that utilize spatial information and patterns between the electrodes, are denoted
spatial techniques. These techniques can be used for various purposes, such as improving
signal-to-noise ratio, reducing dimensionality, and extracting relevant features, or performing
classification. Two common spatial techniques used in AAD research are the CSP algorithm
and independent component analysis (ICA).

Common spatial pattern

The CSP algorithm is a widely used technique in brain-computer interface (BCI) research
for spatial filtering of multichannel EEG data. The goal of CSP is to find spatial filters that
maximize the variance of the filtered signals for one class while minimizing it for another
class. This is particularly useful in binary classification tasks. The CSP algorithm works by
solving a generalized eigenvalue problem. Given two classes of EEG data, X;, X, € ROV,
and the covariance matrices for each class, R}, R, € R, the CSP are found by solving the
optimization problem
max M (2.23)
v [lw" X2
or equivalently,
wTle
max
v wlRyw

(2.24)

where R; and R, are the covariance matrices for class 1 and class 2, respectively. Similar to how
the eigenvalue problem R, w = Aw finds directions that maximize variance in data, Eq. (2.24)
is solved by

Ryw = AR,w (2.25)

where w is the spatial filter, and 1 is the corresponding eigenvalue. The eigenvectors corre-
sponding to the largest eigenvalues maximize the variance for class 1 while minimizing it for
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class 2, and vice versa for the smallest eigenvalues. This problem can be reformulated by
exchanging R, to R; + R, in order to have better conditioned matrices in optimization. On
this form the eigenvalue problem becomes

Ryw = AUR; + R,))w. (2.26)

This formulation will produce the same eigenvectors, but the eigenvalues will be scaled. Again,
the eigenvectors corresponding to the largest eigenvalues maximize the variance for class 1 while
minimizing it for class 2, and vice versa for the smallest eigenvalues. Thus, in classification
pipelines, the eigenvectors corresponding to the largest A4 and smallest A eigenvalues are
commonly used as spatial filters, where A/ is a hyperparameter.

Note that Eq. (2.24) assumes that the covariance matrices are full rank. If they are not,
some eigenvalues can be zero or infinity, leading to numerical instability. To mitigate this,
regularization techniques can be applied, such as adding a small constant to the diagonal of
the covariance matrices. Also, the dimension of data can be reduced through methods such
as principal component analysis (PCA) before applying CSP to ensure that the covariance
matrices are full rank.

Independent component analysis

ICA is a computational method for separating a multivariate signal into additive, independent
components. It is commonly used in EEG signal processing to separate brain activity from
artifacts such as eye blinks and muscle movements. The basic assumption of ICA is that the
observed signals are linear mixtures of statistically independent source signals. The goal of
ICA is to find a demixing matrix 4 such that

S=A4X (2.27)

where S € R™« is the matrix of 7., independent source signals, and X € RV is the matrix
of observed signals. The demixing matrix 4 is estimated by maximizing the statistical indepen-
dence of the source signals. This is commonly done by maximizing the non-Gaussianity of the
source signals, as independent signals are assumed to be non-Gaussian (since mixing increase
Gaussianity according to central limit theorem). Alternatively, the entropy can be maximized.
Various algorithms exist for estimating the demixing matrix, and is a whole field of itself, but
in this work two very commonly used algorithms are applied: the FastICA algorithm [52] and
the Infomax algorithm [s3].

Application to EEG cleaning ICA is commonly used in EEG signal processing to separate
brain activity from artifacts such as eye blinks and muscle movements. The independent
components are estimated from the observed EEG signals, and components corresponding
to artifacts are identified and removed. The cleaned EEG signals are then reconstructed by
multiplying the remaining components with the mixing matrix. The idea is that by removing
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components corresponding to artifacts, the relevant EEG components will have a higher
signal-to-noise ratio (SNR) and be more suitable for further analysis.

Solving Eq. (2.27) only finds independent spatial components that make up the observed
EEG data. No information about identifing the sources of the component is included at this
stage. Thus, the components found by ICA are not automatically labeled as brain activity or
artifacts, but left to manual interpretation. Packages for artifact identification and removal,
such as MNE and EEGLAB for Python and Matlab respectively, have built-in ICA artifact
analysis applications. In these applications the components found by the ICA algorithm can
be visualized and manually inspected. Traditionally, components corresponding to artifacts
can be identified by their spatial topography, time course, and frequency content. Once
identified, these components can be removed from the data, and the cleaned EEG signals can
be reconstructed. In Fig. 2.1, examples of identified artifact components are shown. The step
of identifying which component to remove requires technical expertise, as misidentifying
components can lead to loss of important brain activity information.
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Figure 2.1: Some examples of independent components found in EEG data using ICA. Each
component is represented by its time course (left column) and power spectral density (middle
column) and topographic pattern (right column). Components corresponding to artifacts
such as eye blinks and muscle movements can be identified by their characteristic patterns.
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Chapter 3

Practical Challenges and
Advancements of Auditory Attention
Decoding

With these perspectives on the system in mind, a plethora of challenges and research questions
exist in order to understand auditory attention in naturalistic scenarios, and to make AAD
usable in real-world applications. Here follows an outline of some of these challenges, which
we have focused on in this thesis, as well as some relevant advancements.

1 Usable and reliable measures of attention

One aspect of designing methods for assessing auditory attention, is to have reliable and
objective measures of behaviour in relation to the technology. If these measures are to be used
to make decisions about human behaviour, they need to actually measure what clinicians and
designers think they do. This is important both for research purposes, but also for clinical
applications. Two examples follow, to illustrate this need.

The first example, assume one wants to assess how well a listener is able to attend a certain
speaker in a noisy environment. This could be useful for tuning the settings of a HA. One
can use an AAD measure to give objective feedback for this. However, if the measure is not
reliable, it may give different results depending on unknown factors. For example, if the
measure has overfitted to ocular activity during training, it may overestimate how well the
listener is performing, as the listener will probably look the correct way.

As a second example, assume one wants to analyze the shape of the filters found in AAD
experiments, to understand how the brain processes attended and ignored speech. If the
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researcher goes in with the assumption that filters should be smooth and literally look like the
known auditory evoked potentials, they may impose priors on the filter estimation that bias
the results. For example, if the researcher uses a basis function set that only allows smooth
filters, any non-smooth behaviour in the data will be ignored. Thus, the researcher may miss
important aspects of auditory attention processing. As SNR is high, one may have to impose
strong priors to get any results at all, but care is needed to not bias results too much.

Development of reliable measures is thus important in both these aspects. Designing models
that do not overfit to noise and other confounding factors is vital. Additionally, proper
validation of methods is needed to ensure that they measure what they are intended to measure.
Only then, when methods are trustworthy, can they be used in evaluating hearing conditions
for individuals.

Examples of work advancing the field of objective evaluation of hearing conditions have had
various focus. In [s4], authors show that speech-in-noise tests show effects from different
HA functions. In a series of works, [55—58] focus has been on how pupilometry can be used
as an objective measure of listening effort and other metrics in different hearing conditions.
In [59] authors show increased speech neural representation with decreased sound quality
and in a series of papers, [12], [13], authors show effects of HA noise reduction on the neural
representations of speech.

Further advancements in objective evaluation would be valuble and a progression in signal
processing techniques to improve reliability would make that easier. Making analysis methods
that are based on solid statistical, model-based foundations is essential.

2 How can one compare data and results between datasets and

labs?

Research is a collective effort. A single person or lab cannot and should not solve all problems
on their own. Instead, sharing data, methods, and results is fundamental to advance the
field. Thus, being able to compare results between different labs and datasets is important.
However, this is not trivial. Different experimental set-ups, different measurement devices, as
well as different analysis methods can lead to results that are not comparable. In other fields,
such as computer vision and automatic speech recognition, the research community relies
heavily on common datasets and benchmarks for comparison of methodologies.

There is strife and ambition within the field to increase the amount of consensus and harmo-
nization in regards to data. Recent work that have helped in this aspect include the publication
of public datasets for AAD research, [60-62]. Additionally, challenges such as the Auditory
EEG decoding challenge at ICASSP 2023 and 2024 have been useful in comparing methods
between labs [63, 64]. The challenges have also released a comparatively large corpus of data
for EEG decoding of audio. A broad application of novel methods between datasets is vital, to

24



see how well they generalize. Also, more insights into each dataset can be gained by applying
different methods to the same dataset.

With this being said, one can run into data sharing problems. EEG data is considered sensitive
personal data in many countries, and sharing it can be legally complicated. Thus it is unavoid-
able that the field needs to compare results and methods between datasets, without sharing
data. Different labs have different experimental set-ups, making direct comparison of results
hard. For example, different EEG caps have different electrode placements, making it hard to
apply spatial filters between datasets. Different stimulus material and experimental paradigms
can make comparison of results hard. Also, the researchers’ choices, such as in preprocessing
of data can vary between labs. Thus, it is important to understand how each of these factors
affect results, to be able to compare results from different labs and datasets.

3 Moving towards varied and naturalistic scenarios

Eventually, AAD methods should be usable to understand auditory attention in the real
world, no matter if it is for clinical or research purposes. However, most research in AAD is
done in controlled laboratory settings, with limited variation in set-up compared to what is
possible in every-day life. Moving towards more naturalistic scenarios is thus important to
make AAD usable in real-world applications. Here follows some areas to where this thesis aims
bringing the lab closer to the world out side. Please remember the caveat that moving towards
naturalistic scenarios introduces new degrees of freedom in experimental set-up which can be
problematic in drawing scientific conclusions.

3.1 Varied talkers and conversations

Natural progression of auditory experiments have gone from short clicks, to words, to sen-
tences, to continuous speech; not necessarily in such a straight path as the list might suggest.
Additionally, moving from single speaker scenarios to multiple speaker scenarios have been
done. However, most experiments still use a limited set of speakers, commonly only two
monologuing speakers at +£30° or in earphones. This is far from real-world scenarios, where
multiple speakers are present, and many of them are engaged in the same conversation. Thus
moving towards including conversation data has been recently done in [65], where two and
three sets of conversations, each presented on one screen, were used in classic auditory at-
tention decoding. One of the conversations was to be attended at a time, and some trials
included attention switching within trials. Other conversational behavioral studies have been
performed, but nothing else where neural responses are captured, to my knowledge. Multiple
challenges arise during analysis of conversations. The characteristic of the speech from each
speaker changes compared to the characteristics of a single monologuing speaker. Also, atten-
tion switches between the participants of the conversations are expected and happen often.
Multiple ways of looking at the conversations are available, where either each conversation is
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Figure 3.1: Examples of stimuli presented to participants of AAD studies. To the left four
single AV speakers are shown. To the right an example of conversation AV stimuli is shown.
(Images taken videos from Sporg Direkte and HEAR TBEATS DK Youtube channels, both
under CC-BY)

considered a target or each participant of all conversations. Examples of single speaker AV
stimuli and conversation AV stimuli is shown in Fig. 3.1. One can see how sticking to the left
single speaker corpus may not capture the full range of variability in speech and attention that
is perhaps more common in real-world scenarios.

Moving towards more speakers and more varied talkers is also important to understand
how auditory attention works in different real-world scenarios. Speech entails diverse sets
of languages, speaking styles, accents, dialects and voice characteristics. It is important that
models generalize between these conditions, and do not overfit to certain patterns that are the
most common in experimental conditions.

3.2 Varied acoustic conditions

Listening changes depending on the conditions where it is done. As an example, if it is easy
to hear someone, little to no effort is needed for the task. Comparing this to listening in
highly noisy environments, which be can be very taxing, one immediately realizes that neural
signatures can differ. This is also backed up by many studies on listening effort.

Arugably this is the area where most progress have already been made. Within the field, scien-
tists have varied the stimuli presentation methods from different type of headphones to free
field presentation through speakers. Signals have been presented alone, with one to multiple
competing speakers. It has been done in quiet rooms and in rooms with background noise.
The type of this background noise has also been varied. Experiments have been performed in
anaechoic chambers, normal rooms, and outside [66, 67]. All this is important as it makes it
possible to gauge the large and small changes to AAD behaviour and performance. Recently,
work has been done to create computational models that directly relate peripheral auditory
processing, by emulating human behaviour in hearing tasks, such as [68, 69]. Further evolu-
tions of this could be used to pick out interesting acoustic settings to run specific experiments
on, as well as to be used in AAD method development.
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3.3 Varied listening tasks

Designing effective EEG experiments is a challenge, where leveraging different aspects is
challenging. One needs to make sure the neurological mechanisms of interest are measurable,
while at the same time not making the laboratory setting so unnatural that results are irrelevant.
Generally, these are opposing each other, where the extremes at either end make experiments
inadequate.

In most AAD experimental set-ups, the listening task has been to sustain attention to one out
of multiple speakers for the entirety of experimental trials. In reality, listening could be to listen
to one talker and switch, or to try to have considerable attention to both to pick up important
information. There are multiple works that have advanced the field in these directions. In
[70] method development for dynamic tracking of attention was presented. In [71], authors
verified the commonly AAD methods on experiments spatially moving speakers. The effects
of attention switches on pupilometry and alpha power of EEG was investigated in [72].
Furthermore, in [65], author investigated auditory attention and attention switches between
sets of conversations. In [73], authors showed asymmetric disengagement and engagement
processes for TRF models during attention swtiches, indicating that the newly attended
speaker is encoded before the previously attended speaker is disengaged fully.

In real-life one often look at the speaker whom one is listening to. By processing congruent
visual input enhances auditory, perception is improved. As evidence for this, studies have
shown that this is objectively the case. Recent advancements include [74], where neural repre-
sentations of audio is increasing, even when measuring EEG in experiments with unscripted,
natural speech audiovisual (AV)-stimuli from untrained speakers within a virtual acoustic
environment. The same study even specifically show the importance of lip movements in
adverse listening conditions, by including experimental conditions where lip movement is
masker to the participants. This yields similar neural representations to the audio-only condi-
tion. This clarifies the importance of including multiple sensory modalities in AAD research,
which in the past have seldom taken into account during auditory research.

3.4 Including hearing impaired

For individuals with HI, the cocktail party problem is harder. Due to HI, the auditory
pathway deteriorates in its ability of processing sounds in noisy environments [7s]. Exactly
what mechanisms triggers this decline is not fully understood. Both the ability of individuals
with HI to discern sounds, as well as the binaural fusing of sound information can play part.
Hearing loss is also in and of itself an early indicator for both depression and dementia [76,
771, another reason to alleviate the perceptual barriers for people with HI.

HAs help individuals in selective attention in noisy environments. However, the mechanisms
in play can be affected. Since HAs themselves augment the listening experience for the user,
this adds a degree of freedom in estimation. The same algorithms that can decode attention
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of NH individuals, may fail when applied to HA users.

Therefore it is of utmost importance to include this group into the development of methods
and scientific progression, so the path from research to translation is short. It is also HA users,
or at least hearing device users, that will make the most use of the results from this research

field.

Ideally, future HAs fused with some brain monitoring system can decode the attention of a
listener and attenuate disturbing sounds. A schematic illustration of a simplified potential
system is shown in Figure 3.2. For example, in any real application one has to be able to let
enough of other speakers through so users can change attention naturally in a conversion.
Also, the HA needs to let through salient or potentially threatening sounds.

As a side note, measuring how HAs help users in cocktail party scenarios is important, as this
can be used clinically. HAs have to be fitted which means setting appropriate enhancement
levels of sounds at different frequencies. Additionally, modern HAs are employed with
noise reduction schemes and different settings for different audio environments. Objective
evaluation of performance of settings and algorithms in HAs are constantly sought after to
help users in systematic ways [78], which also relates back to the challenges described in Sec. 1.
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4 Trusting labels

An important factor to keep in mind when interpreting results in this thesis, and an inherent
problem in AAD research, is the problem of trusting labels too much. In most AAD research,
labels are used to define which parts of the data are interesting and what parts are not. For
example, in a classic AAD experiment, one may have two speakers, and the label is which
speaker is attended at a certain time window. However, these labels are not always reliable.
For example, if a participant is supposed to attend to one speaker, but their attention drifts to
the other speaker for a moment, the label will be wrong for that time window. Additionally,
if a participant is supposed to attend to one speaker, but they are not able to do so due to HI
or other factors, the label will also be wrong. Furthermore, there is again a conflict of interest
moving towards realistic scenarios, which is opposed to having reliable and specific labels
and knowing what subjects are actually doing in the lab. Moving towards more naturalistic
scenarios increases the degrees of freedom in what participants can do, and thus makes it harder
to define reliable labels. The extreme would be to have an experiment where participants
are free to switch attention whenever they want, and there is no way to know what they are
attending to at any given time.

One recent work, that have touched upon this problem is [79], where the authors show that
in a classic AAD experiment, the performance of a model can be explained by confounding
factors in experiments such as eye-movements, rather than actual auditory attention. This is a
clear example of how trusting labels too much can lead to wrong conclusions about what is
actually being measured.

In order to mitigate this problem, researchers often use behavioural measures to validate
the labels. For example, they may ask participants to answer questions about the content
of the attended speaker after the experiment, to ensure that they were paying attention and
managed to perform the listening task. However, it is not possible to ask questions about
all time points in a given trial, and thus questions must be asked about things said by the
speaker at some points in time within the trial. This means that there might not be any
behavioural information wether the participant was able to understand the attended speaker
on trial segments far away from these time points. Furthermore, asking questions is not always
possible, especially if one wants to move towards naturalistic scenarios where attention can
switch frequently whenever the participant wants to.

One might naively ask, why not just ask participants more questions to cover the entire trial?
However, even if it would be possible, this is not practical. It would make the experiment
too long and tedious for participants. It would decrease the amount of time one can actually
capture neural data, and thus decrease the amount of data available for analysis. Therefore,
different approaches have been proposed to get more reliable labels. One example is to give
participants a button and tell them to press it whenever they hear a certain word or phrase
in the attended speaker. The trial ends when the button is pressed, and restarted with a new
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word to listen for. This can give more information about whether the participant is paying
attention during the continuity of the trial, as a trial probably should be discarded if the
participant fail to press the button at all. However, this approach is not perfect either, as data
may be thrown away in cases where the participant is paying attention but just fails to press
the button, or if they are not paying attention but just happen to press the button at the right
time. Additionally, this approach can be problematic in naturalistic scenarios, where one
cannot define specific words or phrases to listen for. It may also be challenging for participants
to design experiments around this type of task, in regards to factors such as randomization of
conditions. A technique that could be used together with this is extending quality estimation
metrics, which is standard practice in event-related potential (ERP) analysis [80], to TRF
analysis.

Another way is to use eye-tracking data to infer where the participant is looking, and thus
which speaker they are visually attending to. However, this means that eye artifacts will be
present in data, and additionally sometimes one may look at one speaker but have auditory
attention to another speaker, which becomes problematic. Additionally, eye-tracking data
can be noisy and loss of data can make entire experiment session unusable.

To mitigate the problem of trusting labels too much, further development on the experimental
design side is needed, but also on the analysis side. Further developments include unsupervised
methods that do not rely on labels, such as [81, 82]. Developing methods that can detect
when labels are unreliable, and either discard those data points or give them less weight in
analysis, could be useful. Additionally, developing methods that can leverage other sources of
information, such as eye-tracking data, to improve the reliability of labels could also be useful.
In the end, it will always be impossible to know the true, instantaneous intention of humans.
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Chapter 4

Summary and Contributions

Co-authors are abbreviated as follows:
Oskar Keding (OK), Johanna Wilroth (JW), Emina Alickovic (EA), Martin A. Skoglund
(MAS), Maria Sandsten (MS), Martin Enqvist (ME).

I Effect of Independent Component Artifact Rejection on EEG-Based Auditory
Attention Decoding
Oskar Keding, Johanna Wilroth, Martin A. Skoglund, Emina Alickovic
32nd European Signal Processing Conference (EUSIPCO), Lyon, France, 2024

Scientific contributions:  While the rest of this thesis focuses on analysis of EEG data in a
AAD context, this paper instead anlyzes the rather important preprocessing steps, that are
common practice in all EEG analysis. Understanding the influence of EEG preprocessing
is critical to make conclusions in analysis. One step in this preprocessing step is performing
artifact cleaning of EEG data, where parts of the signals that are known to not be of interest
are removed, which is commonly done with ICA. In the specific field of AAD, there is a
research gap in how reliable results are in relation to the methodology used when rejecting
EEG artifacts with ICA. There is a level of subjectivity in assesment of each component,
since the spectral, temporal and spatial characteristics are visually analyzed. Also, this task is
done recording-wise, so an increased risk of mis-identification when fatigue of the researcher
increases. In this work, multiple automatic labellers of artifacts are analyzed and compared
to traditional manual inspection, for specifically an AAD experiment. If automatic artifact
rejection schemes are satisfactory, this would save a lot of time. We show that there are only
small deviations in the performance of TRF-based decoders on the investigated dataset, but
we are able to extrapolate some patterns. For example, omitting artifact rejection can actually
increase performance in backward modelling, but manual artifact rejection was superior
compared to automatic artifact rejection schemes for finding encoding of attention in frontal
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EEG channels.

Authors’ contributions: OK had the first idea for the paper, but the idea was then devel-
oped by all authors (JW, EA, MAS and OK). JW and OK wrote the code for the investigation
and produced results. Result analysis was done by all authors (JW, EA, MAS and OK). The
majority of the paper was written by OK, but with substantial parts written by JW, and review
from EA and MAS.

I Novel bias-reduced coherence measure for EEG-based speech tracking in listeners
with hearing impairment
Oskar Keding, Emina Alickovic, Martin A. Skoglund, Maria Sandsten
Front. Neurosci., Volume 18 - 2024

Scientific contributions: Due to success of linear input-to-output methods in AAD, the
measure of spectral coherence should be a suitable method to detect cognitive connections
between speech features and EEG responses. Compared to parametric methodology, the
advantage of this approach is that the risk of overfitting and misspecified statistical priors
are significantly lower, both important aspects in gathering interpretable quantitive results.
Spectral coherence measures have previously been shown to differentiate attended and ig-
nored speech on group levels for NH individuals, in [83]. Firstly, this paper shows that this
observation extends to a HI population, where coherence is applied on a free-field HI ex-
perimental dataset. In parallel, methodology developments are made, specifically in relation
to AAD research. High amounts of measurement noise in EEG and non-linearities cause
very low values of coherence in these applications, even though there is a linear connection.
We present a methodological improvement in coherence estimation compared to previous
applied coherence methods in the field, which increases performance. Thirdly, a EEG-specific
characterisation of the coherence estimation method, Thomson’s multi-window method, is
made. We present an analytical bias expression to show an inherent bias of coherence peak
towards higher frequencies, due to 1/ f— shaped noise. This needs to be taken into account
when interpreting possible peaks in analysis. Additionally, the use of improved coherence is
shown advantageous for decoding auditory attention of hearing impaired. Finally, an applica-
tion of coherence in evaluation of hearing conditions is also presented, showing possible use
in objective evaluation of listening conditions.

Authors’ contributions:  The idea for the paper was realized by all authors (OK, EA, MAS
and MS). OK developed the method changes to multitaper coherence estimation presented in
the paper. OK identified the bias caused by 1/ f-noise. OK made the application of methods
to data and was main contributor to the writing process. MS, EA and MAS contributed to
method development and writing.

III Neural Tracking of Sustained Attention, Attention Switching, and Natural Con-
versation in Audiovisual Environments using Wearable EEG
Johanna Wilroth, Oskar Keding, Martin A. Skoglund, Maria Sandsten, Martin En-

32



qvist, Emina Alickovic
Submitted Manuscript

Scientific contributions:  This work advances AAD by introducing a comprehensive wear-
able EEG framework for tracking selective attention in dynamic, more naturalistic audiovisual
listening environments. Unlike most prior studies that often rely on controlled, audio-only
paradigms with sustained attention to a single talker, we present a novel dataset and subsequent
analysis encompassing sustained attention, attention switching, and unscripted two-talker
conversation. By using TRF modelling on all these conditions, this study significantly im-
proves the ecological validity of neural attention tracking and is a step towards bridging the
gap between laboratory paradigms and everyday communication scenarios.

We demonstrate that attention-related neural signatures, particularly modulations of the
P2 and N4o00 components, are robustly preserved across listening tasks and stimulus types,
enabling reliable decoding even during active attention switches and conversational listen-
ing. Our results show that models trained under sustained attention conditions generalize
effectively to switching and conversational tasks, supporting the feasibility of task-invariant
attention decoding. Furthermore, this work provides systematic evaluations of scalp EEG
and around-the-ear cEEGrid electrodes in complex audiovisual environments, highlighting
both the promise and current limitations of wearable EEG for real-world applications. To-
gether, these contributions offer methodological guidance and empirical evidence toward the
development of practical, neuro-steered hearing technologies capable of operating in realistic,
multisensory settings.

Authors’ contributions: OK and JW jointly share first authorship. OK, JW, EA and
MAS jointly developed the study concept and experimental design. OK and JW prepared
AV stimuli, prepared and tested the experimental set-up. EA performed the majority of data
collection, with substantial contribution from OK and JW. OK and JW jointly led data
preprocessing and analysis, with methodological input from remaining authors (EA, MAS,
MS, ME). Interpretation of the quantitive analysis was done by OK, JW, EA and MAS. The
manuscript was primarily written by OK and JW, with significant contributions and revisions
from EA, MAS, ME and MS.

IV A Comparison of Common Spatial Patterns Algorithms for Auditory Attention
Decoding
Oskar Keding, Emina Alickovic, Martin A. Skoglund, Maria Sandsten
Submitted Manuscript

Scientific contributions: ~ Classification methods utilizing CSP are proven in EEG classifica-
tion, in certain fields such as motor imagery and BCI. However, applications of these methods
within the field of AAD have been scarse. This paper employs and reports performance
of a variety of CSP methods from other field of EEG classification to three different AAD
datasets. These datasets are from EEG of listeners that are both NH and hearing impaired,
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enabling us to compare performance of CSP between the two subsets. Classification of left
or right locus of attention has higher accuracy for the dataset with NH participants, while it
is still possible to predict locus of attention for individuals with hearing impairment as well.
Additionally, the paper continues a discussion from [46], and calculates how much a linear
discriminant analysis (LDA) classifier overestimates performance if train and test splits have
not been properly performed, such as when leave-one-trial-out” is not employed. Specifically,
the bias is calculated for the case when test samples share dependence on one or some training
samples. This could be employed to estimate true performance of classifiers if papers report
performance with improper training and testing split.

Authors’ contributions: OK developed the idea for the paper, with support from MS,
EA and MAS. OK gathered the CSP methodologies and conducted the application on the
different datasets. OK, with support from MS developed the analysis of performance bias.
Results analysis and writing was done by OK, in discussion with the other authors. MS, EA
and MAS provided substantial feedback on the manuscript.

V' Dynamic Audiovisual Selective Attention Tracking, with Attention Switching
Oskar Keding, Martin A. Skoglund, Emina Alickovic, Maria Sandsten
Manuscript

Scientific contributions: ~Expanding the analysis on the dataset presented in Paper I1I, this
paper focuses on the feasibillity of real-time applications of AAD algorithms. By recursively
updating model estimates, it is demonstrated that tracking attention robustly in real-time is
subject, with high performance in a subset of the subjects. Both stimulus ccorelation-based
methods and CSP methods for locus of attention decoding are investigated, showing that
locus of attention decoding is more robust and has faster response times during attention
switches. Furthermore, it is shown that these locus of attention decoding methods generalize,
firstly between conditions, but also between subjects. The models also generalize between
conditions from different subjects, which lends support to the promise of a task-invariant
attention decoding model, even in real-time applications.

We also discuss the possible combination of different types of information, such as locus
of attention estimates and speech reconstruction scores and other EEG based metrics, to
make filter based state estimates of the whole attentional state. This incorporates the idea
that attention is not a binary state, but rather a continuous states that has more dimensions
than just attention to one or the other talker. This is an important step towards practical
applications of AAD in hearing devices.

Authors’ contributions: OK, MAS and EA developed the idea for the paper. OK per-
formed the majority of analysis, with significant contribution from MAS. Method develop-
ment was done by OK and results interpretation was done by all authors. OK wrote the
manuscript, with contribution and revisions from EA, MAS and MS.
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1 Conclusions and Outlook

In this thesis, we have investigated neural markers of selective attention in listeners across
various hearing conditions. We have shown that spectral coherence can be used as a measure of
cognitive connections between speech features and EEG responses, applicable to the objective
evaluation of hearing conditions. We have also shown performance generalization of both
stimulus correlation-based methods and locus of attention decoding methods across various
conditions and datasets. Furthermore, we showed that both stimulus correlation-based
methods and locus of attention decoding methods can be used to track selective attention in
real time.

With this being said, there are still many open questions and challenges to be addressed in
future research. Although there are many more, we describe here some of the key areas for
future investigation.

Understanding the reason for the high variability in performance across subjects is an impor-
tant step towards developing applicable neural decoding models and reliable, fair technologies.
It is common in EEG for some subjects to have little to no measurable neural response to
stimuli, and this is also the case in AAD research. However, a subset of subjects thought to be
in this category can in fact reach meaningful levels of performance with other types of mod-
elling than then ones implemented in current frameworks. Discerning and understanding
the reasons for poor performance is of utmost importance to make sure that the technologies
we develop are not only applicable to a subset of the population, but also to make sure that
we can make the best use of the data we have and understand the underlying neural processes
in more detail.

Additionally, moving away from a classification approach to attention and instead estimating
current neural states would be valuable for more information-dense AAD in hearing devices.
Incorporating listening effort, engagement, and similar metrics would enhance the under-
standing of the cognitive processes involved in auditory attention. This, of course, requires
both development in the types of experiments conducted and a deeper understanding of how
neural processes interact in the brain during listening in everyday scenarios. This is a very
exciting area of research, and there are many open questions to be addressed in the future.
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