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The problem of neurology is to understand man

himself and to analyze the means by which man,

the creator of science, has done what he has done.

—Wilder Penfield, as quoted in Feindel (1977)

When I first arrived at the Montreal Neurological Institute, I was

greeted by a wall bearing a section of this quote. It captured the

essence of what I hoped to pursue by coming to McGill University,

and it has lived in mymind ever since. I hope this work contributes

to our understanding of auditory perception, and in doing so,

adds one more small piece in the vast and intricate puzzle of

human experience.
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Abstract

As we age, our brains undergo biological changes that negatively affect cognitive

processes such as selective attention and working memory. Perceptual learning,

defined as the improvement in sensory discrimination through training, offers a

promising avenue to mitigate these age-related declines by inducing behavioral and

cognitive improvements in older adults. While prior studies have documented changes

in neurological activity during perceptual training, how these changes dynamically

evolve over the learning process, and how they differ between younger and older

adults remains unclear. This thesis addresses this knowledge gap by investigating the

age- and training-related effects of auditory perceptual learning. Across twelve days

of training and four magnetoencephalography sessions, we examined longitudinal

changes in behavioral performance and neural responses in sixteen participants

divided into younger and older adults, focusing on cortical regions involved in auditory

perception and attentional control.

Behavioral analyses revealed significant performance improvements in both age

groups, with learning transfer to untrained tasks. Older adults showed gains in

auditory attention and memory, while both groups improved in inhibitory control.

Neurophysiological results highlighted different age-related patterns in the auditory

cortex (AC) and in the dorsal (DAN) and ventral (VAN) attention networks. In younger

adults, training was associated with reduced baseline activity in the left AC and increase

alpha power in auditory and attention-related regions both before and after stimulus

presentation. In contrast, older adults exhibited heightened right AC responses

alongside a progressive increase in pre-stimulus activity within the right DAN and

bilateral VAN. The dorsal preparatory attentional engagement, which was not observed



Abstract xiv

in younger adults or other brain regions, fully accounted for training-related increases

in right AC responses in older adults. Additionally, functional connectivity between right

AC and right DAN increased during the pre-stimulus period. These findings highlight

the role of attentional modulation in supporting auditory processing in older adults,

and underscore the distinct neural strategies employed by each group during the

same adaptive auditory training.

In summary, this work provides new insights into the neural mechanisms underlying

perceptual learning across the lifespan. Our results suggest that younger adults

adapted by increasing processing efficiency and requiring fewer neural resources,

while older adults relied on compensatory, hemisphere-specific strategies, particularly

within the right DAN and AC. These findings emphasize the importance of tailoring

training paradigms to age-specific neural dynamics and hold implications for designing

interventions to address cognitive decline in aging populations.
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Résumé

Avec l’âge, le cerveau subit des transformations biologiques qui peuvent nuire

aux fonctions cognitives telles que l’attention sélective et la mémoire de travail.

L’apprentissage perceptif, qui consiste à renforcer la discrimination sensorielle par

l’entraînement, représente une stratégie prometteuse pour atténuer ces déclins liés à

l’âge, en induisant des bénéfices tant comportementaux que cognitifs chez les adultes

plus âgés. Bien que des études antérieures aient documenté des modifications de

l’activité neurologique au cours de l’apprentissage perceptif, leur évolution dynamique

tout au long du processus d’apprentissage et leurs différences selon l’âge restent encore

mal comprises. Cette thèse a pour objectif de pallier cette lacune en explorant les effets

de l’apprentissage auditif en fonction de l’âge et de l’entraînement. Sur une période de

douze jours d’entraînement, comprenant quatre séances demagnétoencéphalographie,

nous avons étudié les changements longitudinaux de la performance comportementale

et des réponses cérébrales de seize participants, répartis en deux groupes d’âge, en

nous intéressant aux régions corticales impliquées dans la perception auditive et le

contrôle attentionnel.

Les analyses comportementales ont montré des améliorations significatives

des performances dans les deux groupes d’âge, ainsi qu’une généralisation de

l’apprentissage à des tâches non entraînées. Les adultes plus âgés ont démontré

des progrès en attention et mémoire auditives, tandis que les capacités de contrôle

inhibiteur des deux groupes ont vu une amélioration significative. Les résultats

neurophysiologiques ont révélé l’existence de dynamiques distinctes selon l’âge dans

le cortex auditif, ainsi que dans les réseaux d’attention dorsal (RAD) et ventral. Chez les

jeunes adultes, l’entraînement a été associé à une diminution de l’activité de base
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dans le cortex auditif gauche et à une augmentation de la puissance alpha dans les

régions auditives et attentionnelles, aussi bien avant qu’après la présentation du

stimulus. En revanche, les adultes plus âgés ont présenté des réponses accrues du

cortex auditif droit, accompagnées d’une élévation progressive de l’activité pré-stimulus

dans le réseau d’attention dorsal droit et ventral bilatéral. L’engagement attentionnel

préparatoire dorsal, absent chez les jeunes adultes et dans les autres régions cérébrales,

explique entièrement l’intensification des réponses du cortex auditif droit chez les

personnes âgées. En outre, la connectivité fonctionnelle entre le cortex auditif droit

et le RAD droit a augmenté avant la présentation du stimulus. L’ensemble de ces

résultats met en exergue le rôle de la modulation attentionnelle dans le soutien du

traitement auditif chez les personnes âgées, et indique que chaque groupe recourt

à des stratégies neurologiques distinctes pour s’adapter à un même entraînement

auditif adaptatif.

En somme, ce travail propose un nouvel éclairage sur les mécanismes cérébraux qui

sous-tendent l’apprentissage perceptif tout au long de la vie. Les résultats suggèrent

que l’entraînement des jeunes adultes s’est traduite par une amélioration de l’efficience

du traitement et une réduction de la demande en ressources cérébrales, tandis que les

adultes plus âgés ont recours à des stratégies compensatoires latéralisées, observées

dans le RAD et le cortex auditif droits. Ces observations soulignent la nécessité

d’adapter les protocoles d’entraînement à la dynamique cérébrale spécifique à chaque

groupe d’âge, et ouvrent des perspectives pour la conception d’interventions visant à

atténuer le déclin cognitif dans les populations vieillissantes.
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Resumen

A medida que envejecemos, nuestro cerebro sufre cambios biológicos que afectan

de forma negativa a funciones cognitivas como la atención selectiva y la memoria de

trabajo. El aprendizaje perceptivo, definido como la mejora en la discriminación de

estímulos sensoriales mediante la práctica sistemática de tareas específicas, representa

una herramienta prometedora para contrarrestar estos déficits asociados con el

envejecimiento, al favorecer mejoras cognitivas en las personas mayores. Aunque

investigaciones previas han documentado cambios en la actividad neurológica durante

este tipo de intervenciones, aún se desconoce cómo evoluciona a lo largo del proceso de

aprendizaje y en qué medida difieren entre adultos jóvenes y mayores. Esta tesis tiene

como objetivo estudiar el impacto de la edad sobre la plasticidad sensorial promovida

por la práctica de una tarea auditiva. A lo largo de doce días de entrenamiento auditivo

y cuatro sesiones de magnetoencefalografía, examinamos los cambios longitudinales

en el rendimiento conductual y en la actividad cerebral de dieciséis participantes

distribuidos en dos grupos según la edad, enfocándonos en las regiones corticales

implicadas en la percepción auditiva y el control de la atención.

Los análisis conductuales mostraron mejoras significativas en el rendimiento

de ambos grupos de edad, con evidencia de transferencia del aprendizaje a otras

habilidades. Los adultosmayoresmejoraron en atención ymemoria auditivas, mientras

que ambos grupos incrementaron su capacidad de control inhibitorio. Los resultados

neurofisiológicos revelaron patrones diferenciados según la edad en la corteza auditiva

y en las redes de atención dorsal y ventral. En los adultos jóvenes, el entrenamiento se

asoció con una disminución de la actividad basal en la corteza auditiva izquierda, así

como un aumento de la potencia de alfa en regiones auditivas y atencionales, tanto
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antes como después de la presentación del estímulo. En cambio, los adultos mayores

mostraron una mayor respuesta auditiva en el hemisferio derecho, acompañada de un

incremento progresivo de la actividad previa al estímulo en las redes de atención dorsal

derecha y ventral bilateral. El aumento en la actividad auditiva derecha observado tras

el entrenamiento en este grupo fue completamente explicado por el reclutamiento

anticipado de la red atencional dorsal, mientras que este efecto no se observó en

adultos jóvenes ni en otras regiones corticales. Además, la conectividad funcional entre

la corteza auditiva derecha y el sistema de atención dorsal derecho aumentó antes de

la presentación del estímulo. Estos resultados destacan el papel clave de la modulación

atencional en el procesamiento auditivo de adultos mayores y sugieren que cada

grupo recurre a mecanismos neurológicos distintos frente a un mismo entrenamiento

auditivo adaptativo.

En conjunto, esta investigación amplía nuestra comprensión de los procesos

cerebrales implicados en el aprendizaje perceptivo a lo largo de la vida. Los resultados

sugieren que los adultos jóvenes se adaptaron al entrenamiento mediante una mayor

eficiencia en el procesamiento de la información auditiva y, por ende, una menor

demanda de recursos cognitivos, mientras que los adultos mayores recurrieron a

estrategias compensatorias lateralizadas, especialmente en la red atencional dorsal y

la corteza auditiva del hemisferio derecho. Estos hallazgos recalcan la necesidad de

adaptar los programas de entrenamiento a las particularidades cerebrales propias de

cada etapa de la vida, y ofrecen una base valiosa para el diseño de intervenciones

orientadas a mitigar el deterioro cognitivo en la vejez.
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Contribution to original knowledge

The present thesis makes original contributions to the field of auditory neuroscience

and aging. Through behavioral, cognitive, and neurophysiological measures, this work

demonstrates that younger and older adults benefit from auditory perceptual training

via distinctive neural mechanisms. While both groups improved on the trained task

and generalized gains to untrained cognitive functions, including inhibitory control and

memory, the associated brain activity patterns diverged. Training in younger adults

was linked to increased alpha power and reduced baseline activation in auditory and

attentional regions, consistent with greater neural efficiency. In contrast, older adults

showed heightened right auditory responses and increased preparatory activity in the

right dorsal attention network, which fully mediated the observed auditory changes.

These results suggest that aging alters the neurophysiological pathways that support

learning, shifting from efficient internal modulation to reliance on compensatory

attentional engagement.

To the best of our knowledge, this thesis presents the first longitudinal study

to compare both behavioral and neural changes induced by auditory perceptual

training in younger and older adults using magnetoencephalography. By characterizing

time-resolved changes in both event-related and spectral activity within auditory and

attentional networks, this work advances the current understanding of how perceptual

learning unfolds across the lifespan. The evidence presented here reinforces the need

to better understand how auditory training shapes neural function differently across

age groups, and how such insights can inform age-appropriate interventions aimed at

supporting perceptual and cognitive health.
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Every one knows what attention is. It is the taking possession by

the mind, in clear and vivid form, of one out of what seem

several simultaneously possible objects or trains of thought.

—William James, The Principles of Psychology (1890)

No one knows what attention is.

—Hommel et al. (2019)
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1
Introduction

1.1 Aging and cognitive decline: challenges and

interventions

The world is experiencing a major demographic shift, with a growing number of older

adults and increasing health challenges associated with aging. In 2022, 10% of the

global population was aged 65 and over, and this proportion is predicted to increase to

almost 16% by 2050 (UN, 2022). This trend is even more pronounced in Canada, where

19% of the population is currently over 65 (Statistics Canada, 2024), and this figure

is expected to reach up to 32% by 2074 (Figure 1.1; Statistics Canada, 2025). While

advancements in medicine have contributed to longer lifespans, improvements in

healthy life expectancy (i.e., number of years lived in good health) have not kept the

same pace (Kyu et al., 2018). As a result, preserving cognitive and functional abilities in

older adults has become a critical public health priority.

Dementia is one of the most pressing health concerns associated with an aging

population, given its increasing global prevalence and substantial economic burden
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Figure 1.1: Population pyramid projections under low- and high-growth scenarios in Canada. Bars
represent Canadian population estimates by single year of age for 2023, while lines show projections
under low- (left) and high-growth (right) scenarios for 2050 (blue), 2075 (green), and 2100 (yellow). Each
pyramid separates the population by sex (males: left; females: right). Growth scenarios are based on
low- and high-fertility variants from UN projections (2024a; 2024b).

(WHO, 2012). In Canada, an estimated 7.1% of adults aged 65 and older live with

dementia, following a 20% increase in prevalence between 2003 and 2013 (PHAC,

2017). Nevertheless, mounting evidence suggests that dementia is not an inevitable

consequence of aging and that it may be delayed or prevented through targeted

interventions (Qiu and Fratiglioni, 2018). Among the modifiable risk factors identified,

hearing loss stands out as one of the most consistently associated with dementia, with

estimates suggesting it may contribute to around 7% of cases (Livingston et al., 2024,

2020, 2017). Consequently, the relationship between hearing loss and cognitive decline

has emerged as a key area of investigation, given its potential as a modifiable target

for the prevention of dementias.
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1.1.1 The interplay between hearing loss and cognitive decline

Sensory impairments, indicative of a decline in the quality of sensory inputs, increase

significantly with age (Dillon et al., 2010; Paraskevoudi et al., 2018; Schubert et al.,

2017), with hearing loss being among the most prevalent and underrecognized

conditions in older adults (Mick et al., 2021). Age-related hearing loss (ARHL), also

known as presbycusis, is characterized as a bilaterally symmetric sensorineural hearing

impairment, resulting from damage to the inner ear or auditory nerve (CAA, 2017;

Cheslock and Jesus, 2023; Pearlman, 1982). Its severity is typically determined using

pure tone averages (PTA), which are a measure of hearing thresholds across key

frequencies expressed in decibels hearing level (dBHL), with normal hearing defined

as below 25 dBHL, mild hearing loss as 26–40 dBHL, moderate as 41–60 dBHL, and

severe as greater than 60 dBHL (Mick et al., 2021; Olusanya et al., 2019; WHO, 1991).

In Canada, 54% of adults aged 40 to 79 exhibit mild hearing loss; however, 77% are

unaware of their condition (Ramage-Morin et al., 2019). Furthermore, its prevalence

increases with age, with more severe forms affecting nearly one-third of adults aged 71

and older (Reed et al., 2023). Beyond the challenges associated with communication,

ARHL has been associated with lower quality of life and increased risks of cognitive

decline and dementia (Brenowitz et al., 2019; Brewster et al., 2021; Fischer et al., 2016;

Maruta et al., 2020; Slade et al., 2020; Uchida et al., 2019). These findings suggest a

close relationship between age-related declines in auditory and cognitive processing

(Peelle and Wingfield, 2016), emphasizing the need to understand the neurobiological

effects of aging on both hearing and cognition.

Several hypotheses have been postulated to explain the observed association

between hearing loss and cognitive decline. The common cause hypothesis proposes

that both sensory and cognitive declines are manifestations of a shared underlying

factor, such as widespread neural degeneration, microcirculatory insufficiency, general

physical health, genetics, and oxidative stress among others (Roberts and Allen, 2016;

Slade et al., 2020; Uchida et al., 2019; Wayne and Johnsrude, 2015). Alternatively,
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the cognitive load on perception hypothesis reverses the typical direction of causality,

proposing that cognitive declinemay cause hearing loss by limiting themental resources

available for auditory perception, although empirical support for this view is limited

(Roberts and Allen, 2016; Wayne and Johnsrude, 2015). Furthermore, the overdiagnosis

or harbinger hypothesis raises a methodological concern, suggesting that hearing

impairment may compromise performance on cognitive assessments involving verbal

materials, leading to an apparent cognitive decline that actually stems from reduced

auditory acuity (Uchida et al., 2019). However, these explanations describe indirect

pathways connecting hearing loss to cognitive decline, and may account for only part

of the association, particularly in light of the many contributing factors identified in the

development of dementia (Livingston et al., 2024).

Conversely, other hypotheses suggest a direct causal pathway from hearing loss to

cognitive decline. The perceptual hypothesis, which encompasses both the information

degradation and sensory deprivation hypotheses, postulates that degraded auditory

input increases reliance on cognitive resources such as memory and attention to

support perception (Roberts and Allen, 2016; Slade et al., 2020; Wayne and Johnsrude,

2015). This chronic reallocation of mental effort, described in the Framework for

Understanding Effortful Listening (FUEL) and supported by the information degradation

hypothesis, may interfere with processes like encoding and memory consolidation, and

over time, contribute to measurable declines in cognitive performance (Pichora-Fuller

et al., 2016; Wayne and Johnsrude, 2015). The sensory deprivation perspective further

emphasizes how long-term auditory deprivation and resources relocation can lead to

structural and functional changes in the auditory cortex, including cortical atrophy and

reorganization (Slade et al., 2020; Wayne and Johnsrude, 2015). The cascade hypothesis

builds on this idea, proposing that peripheral hearing loss initiates a sequence of

changes, beginning with altered auditory processing and extending to reduced social

interaction, loneliness, and depression—all of which may accelerate cognitive decline

(Uchida et al., 2019). Collectively, these perspectives imply that early intervention to

preserve or improve auditory perception may offer a protective effect against later
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cognitive decline.

Adult aural rehabilitation refers to a comprehensive approach aimed at reducing

the functional, social, and quality-of-life impacts of hearing loss through a combination

of sensory management, education, perceptual training, and counseling (Boothroyd,

2007; Ferguson et al., 2019). Within this framework, the predominant strategy to

address presbycusis is the use of hearing aids (Gates and Mills, 2005; NIDCD, 2023),

which enhance the quality of auditory input and can partially compensate for peripheral

deficits. Their use has been associated with a range of cognitive and psychosocial

benefits in individuals with ARHL, including stabilization of cognitive decline, reductions

in depression and anxiety, and improvements in speech perception, memory, executive

function, attention, and quality of life (Amieva et al., 2015; Castiglione et al., 2016;

Glick and Sharma, 2020; Maharani et al., 2018; Manrique-Huarte et al., 2016; Nkyekyer

et al., 2019; Sarant et al., 2020). Despite these benefits and the high prevalence of

hearing loss, the use of hearing aids remains low: only 18% of adults with mild to

severe impairment (PTA > 25 dBHL) and 29% of those over 70 report using hearing

devices (Mick et al., 2021; Reed et al., 2023). This limited uptake may reflect a range

of factors, including stigma, discomfort, high cost, lack of awareness, and limited

insurance coverage (BCBS FEP, 2024, 2025; Jenstad and Moon, 2011; McKee et al.,

2019). Given the limitations on the use of hearing devices, it is imperative to investigate

complementary or alternative strategies to promote auditory and cognitive health in

older adults.

Perceptual learning has emerged as a promising approach to mitigate the effects

of age-related hearing loss through targeted auditory training (Boothroyd, 2007;

Ferguson et al., 2019; Livingston et al., 2017; Stropahl et al., 2020). It is defined as a

long-term change in stimulus perception resulting from repeated experience or practice

with that stimulus (Irvine, 2018). Such changes are typically reflected as improved

perceptual discrimination and may involve modifications in subjective experience, task

performance, neural processing, and cognitive or motor responses (Prettyman, 2019).
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As a form of perceptual learning, auditory training offers a non-invasive and accessible

strategy to potentially support auditory and cognitive functioning in older adults

(Stropahl et al., 2020). Indeed, evidence suggests that auditory perceptual training can

lead to functional benefits across a range of auditory and cognitive domains in older

adults, including those with and without hearing loss (Fostick et al., 2020; Heidari et al.,

2020; Mishra et al., 2014; Nkyekyer et al., 2019; O’Brien et al., 2017), and that extended

training may even enable older adults to match the performance of younger individuals

on cognitive tasks (Das and Steyvers, 2023). Findings from both human and animal

studies further indicate that such training may help counteract age-related changes

in auditory structure and function (Cheng et al., 2017; de Villers-Sidani et al., 2010;

Voss et al., 2016; Zatorre et al., 2012), and may also promote broader improvements in

attention and cognitive control through learning transfer (Adcock et al., 2009; Fisher

et al., 2009; Tremblay, 2007; Vinogradov et al., 2012). Consequently, auditory perceptual

training has emerged as a compelling intervention for promoting healthy cognitive

aging and potentially reducing the risk of cognitive decline by targeting both sensory

deficits and their cognitive consequences (Holman and de Villers-Sidani, 2014).
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1.2 Understanding brain aging: methods and hypotheses

Behavioral and cognitive studies have long established that aging is associated with

declines in processing speed, working memory, executive function, inhibition, and

attentional control (Daigneault et al., 1992; Harada et al., 2013; Murman, 2015; Park

and Reuter-Lorenz, 2009; Wecker et al., 2000). While these findings have shaped our

understanding of cognitive aging, behavioral measures alone provide a limited view of

the underlying neural mechanisms. Since the early 2000s, advances in neuroimaging

techniques have enabled researchers to examine brain activity during task performance

(Bigler, 2017; Hall et al., 2014; Roalf and Gur, 2017). These tools have significantly

deepened our understanding of how the aging brain supports cognition and have

revealed complex functional differences between younger and older adults that are

not always evident at the behavioral level (Holman and de Villers-Sidani, 2014; Murman,

2015; Reuter-Lorenz, 2002). The following subsections outline the principles and

applications of these techniques in cognitive aging research, as well as the main

structural and functional brain changes observed in aging and the theoretical models

proposed to explain them.

1.2.1 Functional neuroimaging techniques in human brain

research

A wide range of neuroimaging techniques are currently used to assess brain activity,

each differing in spatial and temporal resolution, their physiological basis and

the types of neural processes they best capture (Figure 1.2; Bandettini, 2009;

Minati, 2006). Among these, only functional magnetic resonance imaging (fMRI),

functional near-infrared spectroscopy (fNIRS), electroencephalography (EEG) and

magnetoencephalography (MEG) offer the temporal precision necessary to examine

changes in brain activity during task performance, while avoiding the invasiveness

of intracranial recordings (Baillet, 2017; Yang and Wang, 2025). Understanding the
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strengths and limitations of each technique is essential for interpreting findings and

selecting appropriate methods for investigating specific research questions.

Figure 1.2: Comparison of neuroimaging techniques by spatial and temporal resolution, and
relative invasiveness. Color bar indicates relative invasiveness. General layout adapted from
Zamrini et al. (2011). Techniques: magnetoencephalography (MEG)a,h, electroencephalography (EEG)a,b,
intracranial electroencephalography (iEEG)c, magnetic resonance spectroscopy (MRS)d, functional
magnetic resonance imaging (fMRI)a,h, single-photon emission computerized tomography (SPECT)e,h,
functional positron emission tomography (PET)f,h, and functional near-infrared spectroscopy (fNIRS)g,h.
Sources: Resolution: a(Hall et al., 2014; Savoy, 2001; Singh, 2014), c(Mercier et al., 2022), d(Stanley and
Raz, 2018), e(Cheng et al., 2025; Pellico et al., 2021), f(Hahn et al., 2023; Werner et al., 2015), h(Yang and
Wang, 2025). Adapted images: b(Nagel and Spüler, 2019), c(Mercier et al., 2022), h(OpenAI, 2025).

Functional magnetic resonance imaging

Functional magnetic resonance imaging (fMRI) has played a central role in advancing

neuroscience by uncovering patterns of brain activity that reflect how different

regions are involved in perception, cognition, and behavior (Roalf and Gur, 2017).

MRI was first commercialized in 1980, with systematic studies linking its findings to

neuropsychological outcomes emerging by 1988, and the first human fMRI studies

conducted in 1992 (Bandettini et al., 1992; Bigler, 2017; Minati, 2006; Wilson et al.,
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1988). Since then, fMRI has rapidly evolved into a robust, noninvasive tool that has

contributed to a methodological and conceptual shift in neuroscience by facilitating the

dynamic mapping of neural activity and revealing the brain’s functional organization

with unprecedented detail (Bandettini, 2012; Chen and Glover, 2015).

In order to accurately interpret fMRI research, it is important to understand that this

technique does not directly measure neural activity, but instead captures changes in

blood flow and oxygenation that occur as a consequence of neuronal activation (Minati,

2006). When neurons become active, their metabolic demand for oxygen and glucose

increases, prompting a rise in local arterial blood flow to meet these needs (Roalf and

Gur, 2017). This results in a higher concentration of oxygenated hemoglobin relative to

deoxygenated hemoglobin, which differ in their magnetic properties, and generate

measurable changes in the magnetic resonance signal that can be detected over time

(Hall et al., 2014). The resulting blood oxygenation level-dependent (BOLD) response is

closely associated with the spatial location of neuronal activity, providing high spatial

resolution in the order of millimeters. However, because the physiological response

underlying the BOLD signal unfolds over several seconds, the temporal resolution of

the fMRI remains limited (Hall et al., 2014; Roalf and Gur, 2017). This poses a particular

challenge for studying auditory processing, as many neural responses in the auditory

system occur on the order of milliseconds (Coffey et al., 2016; Shahin et al., 2007), far

faster than what fMRI can reliably resolve. Furthermore, the acoustic noise produced

by MRI scanners during image acquisition interferes with stimulus presentation and

perception, preventing continuous data acquisition in auditory paradigms (Brummett

et al., 1988).

Electrophysiology: electroencephalography and magnetoencephalography

To overcome the temporal and acoustic limitations of fMRI, electrophysiological

techniques such as electroencephalography (EEG) and magnetoencephalography

(MEG) are used to investigate the timing of neural responses with millisecond precision

(Savoy, 2001). The first study of electric fields generated by the brain was conducted
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by Pravdich-Neminsky in 1913, laying the foundation for EEG (Minati, 2006). Several

decades later, David Cohen (1968) successfully measured the magnetic fields produced

by intracranial currents using a Superconducting-Quantum-Interference-Device

(SQUID), establishing the basis for MEG.

Figure 1.3: Dipoles in different orientations relative to the skull and their contributions to M/EEG
signals. The main sources of measurable electric and magnetic signals are the postsynaptic currents
generated by layers of pyramidal neurons in the cortex. EEG can detect dipoles in all orientations but is
especially sensitive to radial sources (a). MEG is largely insensitive to radial signals but is highly sensitive
to tangential sources (b). Dipoles on opposite walls of a sulcus (c) tend to generate opposing fields that
can partially cancel, making them less likely to be detected. Dipoles located deeper within the cortex (d)
contribute less to the overall signal due to their distance from the sensors. Modified from Cohen (2014)
with permission from The MIT Press. *Source: Tanaka et al. (2025); Matsubara et al. (2022).

© 2017 Massachusetts Institute of Technology. All rights reserved.

Both techniques detect neural dynamics generated by coordinated activity across

populations of cortical neurons, from localized clusters spanning a few millimeters to

large-scale brain regions (Cohen, 2014). The main sources of electric signals measured

by EEG and their resultant magnetic fields detected by MEG are postsynaptic currents
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generated by layers of pyramidal neurons located in the cerebral cortex (Figure 1.3;

Buzsáki et al., 2012; Murakami and Okada, 2006). In particular, EEG can detect activity

from neurons with different orientations relative to the scalp, but it is especially

sensitive to those located at the top of cortical folds (gyri), where neurons are oriented

perpendicular (radial) to the scalp surface (Tivadar and Murray, 2019). In contrast, MEG

is most sensitive to activity from neurons located in the walls of cortical folds (sulci),

where the orientation is parallel (tangential) to the scalp, and has low sensitivity to

radial activity (Ahlfors et al., 2010; Baillet, 2017; Singh, 2014). Although both techniques

capture fundamentally similar neural signals (Buzsáki et al., 2012), these differences in

source sensitivity can lead to changes in the properties and detectability of specific

brain responses (see Section 1.3.2; Shahin et al., 2007; Srinivasan et al., 2006).

Both EEG and MEG detect neural activity generated in the cortex, but identifying

the precise location of these signals within the brain relies on source localization

techniques. Because both methods rely on extracranial recordings, spatial information

must be inferred by mathematically projecting the measured signals back onto the

brain (Hall et al., 2014; Minati, 2006). This inverse modeling process is inherently

ill-posed, as multiple source configurations can produce the same sensor data, thereby

requiring assumptions to constrain the solution and ultimately limiting the spatial

precision of both techniques (Baillet, 2010; Baillet et al., 2001; Barnes et al., 2006).

MEG, however, holds a key advantage over EEG in this regard, as magnetic fields

are less affected by the differences on conductivity of the cerebrospinal fluid, skull

and scalp, allowing for potentially more accurate forward models (Hall et al., 2014;

Lopes da Silva, 2013). Furthermore, MEG systems typically include a larger number

of sensors positioned around the head, yielding higher signal-to-noise ratios and

greater sensitivity (Cohen, 2014). While EEG and MEG may achieve comparable spatial

resolutions under similar sensor configurations (Baillet, 2017; Hedrich et al., 2017;

Klamer et al., 2015), preparing high-density EEG setups (e.g., with over 150 electrodes)

is considerably more time-consuming than standard MEG procedures, significantly

extending the duration of each recording session (Criscuolo and Brattico, 2023).
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1.2.2 Cognitive aging: neural changes and theoretical models

Neuroimaging studies of the aging brain have revealed consistent patterns of

anatomical and functional changes that include widespread reductions in gray matter

volume and decreased integrity of white matter tracts (Murman, 2015). These

structural declines are most pronounced in the prefrontal cortex and medial temporal

lobe structures, such as the hippocampus and amygdala, and have been linked to

poorer memory performance and executive control (Harada et al., 2013; Hedden

and Gabrieli, 2004). In parallel, functional imaging has shown both increased and

decreased activation across brain regions, reflecting processes of neural redistribution

or reorganization thatmay support compensatorymechanisms in older adults (Brehmer

et al., 2014). Among these functional alterations, declines in prefrontal structure and

function have been associated with reduced top-down attentional control over sensory

processing, explaining broader deficits in attention, inhibition, and processing speed

observed in cognitive aging (Zanto and Gazzaley, 2016). To interpret this complex

set of observations, several theoretical frameworks have been proposed, offering

complementary explanations for how the aging brain adapts to cognitive demands

and helping clarify the interplay between neural decline, compensatory mechanisms,

and interindividual variability.

HAROLD model

The Hemispheric Asymmetry Reduction in Old Adults (HAROLD) model, proposed in

2002 by Roberto Cabeza, suggests that neural activity, particularly in the prefrontal

cortex, exhibits reduced lateralization in older adults than in younger adults, a notion

primarily supported by studies on memory, perception and inhibitory control. The

auditory cortex is highly lateralized, showing hemispheric differences in activation that

depend on sound characteristics: the right hemisphere is more involved in processing

spectral features, while the left is more specialized for temporal features (Albouy

et al., 2020; Zatorre and Belin, 2001; Zatorre et al., 2002). In accordance with the
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HAROLD model, studies have reported reduced hemispheric asymmetry in auditory

processing with advancing age, which may reflect compensatory mechanisms but

could also disrupt the specialized functions of each hemisphere (Angenstein, 2024;

Bellis et al., 2000). Similar patterns of reduced lateralization have also been observed

in attention-related networks, further supporting the relevance of the HAROLD model

beyond memory and perception domains (Learmonth et al., 2017). However, some

have proposed that the HAROLD pattern may not be a standalone model, but rather

an instance of broader age-related compensatory mechanisms described by more

general frameworks (Berlingeri et al., 2013).

CRUNCH

Expanding the concept of compensatory recruitment, the Compensation-Related

Utilization of Neural Circuits Hypothesis (CRUNCH) offers a broader framework for

understanding how the aging brain maintains cognitive performance by engaging

supplementary brain regions that are not typically recruited by their younger

counterparts under the same task demands (Reuter-Lorenz and Mikels, 2006). This

compensatory activity can take the form of increased activation within task-relevant

brain regions, engaging more neural resources from the same functional system, or

the recruitment of additional, task-atypical regions that support performance through

alternative strategies when primary pathways are no longer sufficient (Reuter-Lorenz

and Cappell, 2008). Moreover, this compensation is not limitless, as older adults

may reach a ceiling in neural recruitment at higher levels of cognitive demand (the

“CRUNCH point”), leading to a decline in performance (Zahodne and Reuter-Lorenz,

2019). Moreover, not all increased activation is adaptive: overactivation may also

reflect maladaptive processes such as dedifferentiation, where regions lose functional

specificity and respond to a wider range of neural processes, or inhibition deficits,

where normally suppressed areas become active, potentially interfering with task

performance (Reuter-Lorenz and Lustig, 2005).

The CRUNCH framework has been widely supported by cognitive neuroscience
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research in aging paradigms (Cappell et al., 2010; Kang et al., 2022; Schneider-Garces

et al., 2010), although the “CRUNCH point” is not always observed (Jamadar, 2020).

Importantly, this model also implies that compensatory mechanisms can be modified,

as maladaptive activation patterns may be corrected and neural capacity strengthened

through interventions such as cognitive or perceptual training (Reuter-Lorenz and

Cappell, 2008; Reuter-Lorenz and Lustig, 2005; Reuter-Lorenz and Mikels, 2006).

Building on this framework, more recent findings have shown that older adults often

exhibit delayed activation in frontal regions across various cognitive tasks (Jimura and

Braver, 2010; Martins et al., 2012; Paxton et al., 2008; Velanova et al., 2007; Wingfield

and Grossman, 2006). These observations contributed to the development of the

Dual Mechanisms of Cognitive Control (DMC) account, which proposes an age-related

shift from proactive (anticipatory) to reactive (on-demand) control strategies (Braver

et al., 2007, 2009). The Temporal Hypothesis for Compensation (THC) integrates these

findings and expands the CRUNCH model further, suggesting that delayed (later onset

of activation) and sequential (step-by-step rather than parallel) neural engagement

allows older adults to preserve performance by trading processing speed for accuracy

and by postponing the use of cognitively expensive processes until task demands

explicitly require them (Martins et al., 2015).

Complementary theories of cognitive aging

In addition to the HAROLD and CRUNCH models, several other theories have been

proposed to explain for age-related changes in brain activity and their functional

implications. These include the dedifferentiation hypothesis, the Posterior-Anterior

Shift in Aging (PASA), and the Cognitive Reserve hypothesis. Each of these models

offers a different perspective on how the brain adapts or fails to adapt to the challenges

of aging.

The dedifferentiation hypothesis proposes that aging leads to a loss of functional

specificity, such that brain regions that were once selectively engaged for specific

tasks become more broadly activated. This decline in neural precision is thought to
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result from reduced dopaminergic modulation, which increases neural noise and

degrades the distinctiveness of cortical representations (Goh, 2011; Koen and Rugg,

2019; Rajah and D’Esposito, 2005). Dedifferentiation can be viewed as the reversal of

the developmental trajectory observed in childhood, where distinct cognitive abilities

become increasingly specialized. In aging, that specialization diminishes, and different

cognitive functions come to rely on overlapping neural resources (Cabeza, 2002).

Complementing this view, the Posterior-Anterior Shift in Aging hypothesis, first

reported by Grady et al. in 1994, describes a common neuroimaging pattern in which

reduced activity in posterior sensory regions is accompanied by increased activation

in anterior areas, particularly the prefrontal cortex. This anterior recruitment is

often interpreted as a compensatory mechanism, with prefrontal areas supporting

cognitive performance when sensory processing becomes less efficient with age

(Davis et al., 2008). PASA has been linked to visual attention demands and altered

functional connectivity, and is amplified in the context of neurological conditions

such as Alzheimer’s disease (Ansado et al., 2012; McCarthy et al., 2014). However,

other studies argue that this frontal increase may reflect dedifferentiation rather than

compensation, underscoring the complex and sometimes overlapping interpretations

of age-related neural reorganization (Morcom and Henson, 2018; Myrum, 2019).

Extending beyond task-specific reorganization, the Cognitive Reserve hypothesis,

proposes that lifelong experiences, such as education, multilingualism, and intellectually

stimulating activities, build resilience to age-related neural decline or pathology

(Christensen et al., 2008; Reuter-Lorenz and Park, 2014; Stern, 2009, 2012). According

to this framework, individuals vary in their ability to cope with neural changes, which

helps explain the heterogeneity in cognitive aging outcomes. Stern differentiates

between brain reserve, reflecting passive structural attributes such as brain size or

synaptic density, and cognitive reserve, which involves the active use of pre-existing

cognitive strategies (neural reserve) or the recruitment of alternative networks (neural

compensation) that help maintain cognitive function despite underlying damage (Stern,
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2009, 2012).

STAC and STAC-r models

While previousmodels concentrate on particular aspects of neural aging, the Scaffolding

Theory of Aging and Cognition (STAC) presents a more comprehensive framework.

It synthesizes findings on compensation, dedifferentiation, and, in its revised form

(STAC-r, Figure 1.4), incorporates cognitive reserve and life-course influences to explain

how the aging brain adjusts to structural and functional decline through the recruitment

of alternative circuits (Park and Reuter-Lorenz, 2009; Reuter-Lorenz and Park, 2014).

STAC-r posits that changes in brain integrity may be indicative of both positive and

negative outcomes, influenced by a dynamic interplay between plasticity, development,

and accumulated experiences. Themodel emphasizes that cognitive aging ismodifiable,

as neural scaffolding can be either reinforced or weakened by long-term enrichment or

depletion of cognitive resources. This adaptive neural support may also be sustained

later in life through targeted interventions such as physical activity, cognitive training,

or other cognitively engaging activities (Figure 1.4; Reuter-Lorenz and Park, 2014). For

example, the auditory training program used in the present studymay contribute to this

scaffolding process by enhancing perceptual processing and facilitating the recruitment

of compensatory neural resources. These changes could help mitigate age-related

decline in auditory and attentional functions and may also promote improvements

in cognitive function. However, the extent of these benefits likely depends on each

participant’s prior experiences and cognitive reserve, highlighting the importance of

accounting for individual differences.



Introduction 17

Figure 1.4: Modified version of the Scaffolding Theory of Aging and Cognition–revised (STAC-r).
This figure, adapted from Reuter-Lorenz and Park (2014), incorporates theoretical constructs relevant to
the present study, including the Hemispheric Asymmetry Reduction in Old Adults (HAROLD; Cabeza,
2002), Posterior–Anterior Shift in Aging (PASA; Davis et al., 2008), Compensation-Related Utilization of
Neural Circuits Hypothesis (CRUNCH; Reuter-Lorenz and Mikels, 2006), dedifferentiation hypothesis (see
Section 1.2.2), and Cognitive Reserve hypothesis (Stern, 2009, 2012). Positive influences on cognitive
function through compensatory scaffolding are indicated in green, and negative influences in red.
Asterisks (*) denote variables added or modified from the original model, and terms relevant to the
present project are bolded and underlined.
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1.3 Auditory perception in the aging brain

Hearing loss and aging are closely linked, with ARHL affecting more than 65% of adults

over the age of 70 (Reed et al., 2023; see Section 1.1.1). While age-related declines in

hearing ability are commonly attributed to peripheral degeneration, due to the loss of

hair cells and structural deterioration within the cochlea, they also entail widespread

effects throughout the auditory pathway, including cortical regions involved in auditory

processing (Peelle and Wingfield, 2016; Uchida et al., 2019). These central changes

are reflected in structural and functional alterations in the auditory cortex, thereby

affecting auditory perception (Campbell and Sharma, 2013; Eckert et al., 2012; Rigters

et al., 2017). Additionally, non-auditory regions such as attention-related networks

are also impacted by hearing loss, likely reflecting compensatory recruitment aimed

at maintaining perceptual performance in the face of sensory decline (Slade et al.,

2020). The following subsections describe the neural systems that support auditory

perception, as well as the electrophysiological responses that reflect their activity, to

better understand how aging influences auditory function.

1.3.1 Auditory perception system

While auditory perception relies on activation of the auditory cortex, it also engages

additional regions such as attention networks, particularly in environments where

sound is degraded or masked by background noise (Jäncke et al., 1999; Peelle, 2019;

Price and Moncrieff, 2021; Wong et al., 2009). Functional MRI studies show that

these attention networks undergo reconfiguration during challenging listening tasks,

suggesting flexible coordination between sensory and attentional systems in support of

perception (Alavash and Obleser, 2024). Auditory perceptual learning further extends

this recruitment, engaging not only sensory representations and attention networks,

but also systems involved in decision-making and reward processing to promote

adaptive changes in perception (Dosher and Lu, 2017; Irvine, 2018).
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This interaction between sensory and attentional systems can be interpreted

through the lens of predictive coding. According to this framework, perception arises

from a continuous comparison between sensory input and top-down predictions based

on prior experience, with the brain aiming to minimize the mismatch between the two

(Rao and Ballard, 1999). Within this framework, the interaction between attention

and auditory regions may reflect how attention modulates the precision of prediction

errors by adjusting the gain of bottom-up signals, while prediction provides top-down

expectations that guide interpretation (Chennu et al., 2013; Schröger et al., 2015). In

the context of aging, declines in sensory fidelity may lead the brain to rely more heavily

on internal predictions and to increasingly engage attention networks to regulate the

precision of degraded auditory input (Chan et al., 2021; Hsu et al., 2021).

Therefore, there is substantial evidence supporting the interaction between these

two systems to enable accurate auditory perception. Exploring their structure and

function provides insight into the neural mechanisms through which aging, training

and sensory decline reshape auditory perception.

Auditory cortex

The auditory cortex is located in Heschl’s gyrus (HG), also known as the transverse

temporal gyrus, on the dorsal surface of the superior temporal gyrus (STG; Henderson

et al., 2023). The primary auditory cortex (PAC), also referred to as A1 or the core

area, occupies the medial two-thirds of HG and corresponds to Brodmann area 41

(Figure 1.5; Khalil, 2018). Regions surrounding A1, including the posterior part of STG

and the planum temporale (PT), are thought to form the auditory association cortex,

also referred to as secondary auditory cortex, and are typically linked to Brodmann

area 42, although their precise boundaries remain under debate (Henderson et al.,

2023; Smiley, 2009; Trébuchon et al., 2021). Substantial variability has been observed

in both HG and A1 across individuals and between hemispheres, making consistent

anatomical definitions across participants difficult (Abdul-Kareem and Sluming, 2008).
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Figure 1.5: Anatomy of the human auditory cortex. Top view of the auditory cortex located on the
superior temporal plane and buried within the Sylvian fissure. Left hemisphere displays the large-scale
anatomical organization, while the right shows histological auditory cortex subdivisions. Primary
auditory cortex (A1) lies within Heschl’s gyrus and may also include the core medial (CM) and rostral
(R) fields. A1 is surrounded by secondary, or association auditory cortex, which includes medial and
lateral belt regions that extend into the planum temporale and circular sulcus, as well as the parabelt
that continues into the superior temporal gyrus. Reproduced with permission from Springer Nature
(Gutschalk, 2014).

Hemispheric specialization within the auditory cortex plays a key role in auditory

perception. While A1 in both hemispheres responds to temporal variation, sensitivity

to rapid temporal features such as those found in speech is typically greater in the left

hemisphere (Zatorre and Belin, 2001). In contrast, spectral aspects of sound, like those

found in music, are primarily processed in the secondary auditory cortex and show a

dominance in the right hemisphere (Albouy et al., 2020; Tervaniemi and Hugdahl, 2003;

Zatorre et al., 2002). However, this functional asymmetry tends to decrease with age,

as older adults show reduced hemispheric specialization in response to both speech

and tonal stimuli (Bellis et al., 2000; Chen et al., 2013; Côté, 2022). This reduction in

lateralization may be influenced by age-related declines in the efficiency of auditory

information transfer between hemispheres (Martin and Jerger, 2005).

The age-related decline in functional asymmetry is accompanied by structural

changes in the auditory cortex, including reduced gray matter (GM) volume in HG and
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PT, as well as decreased white matter (WM) integrity in HG, that are further exacerbated

by hearing loss (Eckert et al., 2012; Ouda et al., 2015; Profant et al., 2014). Even modest

elevations in PTA thresholds within the range typically classified as normal hearing

(≤ 25 dBHL) are associated with reduced brain activity in STG during speech processing,

lower GM volume in the right auditory cortex and decreased WM volume across the

brain (Peelle et al., 2011; Peelle and Wingfield, 2016; Rigters et al., 2017). The intricate

relationship between age and hearing loss poses significant challenges in disentangling

their respective contributions to brain changes (Ouda et al., 2015; Slade et al., 2020).

This underscores the necessity of accounting for hearing acuity when investigating the

neural substrates of auditory perception and brain aging.

Attention networks

The concept of attention has been rightly criticized for its ambiguity and conceptual

overuse (Anderson, 2011; Hommel et al., 2019). Still, a recent and integrative definition

describes attention as “the set of evolved brain processes that leads to adaptive and

effective behavioral selection” (Krauzlis et al., 2023). Despite the broad nature of the label,

decades of research have enabled the identification of specific brain networks involved

in the selection of relevant information from the environment. This prioritization

process is guided by endogenous or top-down signals, which reflect internal goals and

expectations; by exogenous or bottom-up signals, triggered by novel or unexpected

stimulus features; and by additional factors such as prior experience (Awh et al., 2012;

Vossel et al., 2014). Based on converging evidence from neuroimaging and lesion

studies, Corbetta and Shulman (2002) proposed two distinct attentional systems:

the dorsal attention network (DAN), or dorsal frontoparietal network (dFPN), which

modulates top-down or voluntary attention, and the ventral attention network (VAN),

or ventral frontoparietal network (vFPN), which supports bottom-up or involuntary

attention.

Although the specific brain regions comprising the attentional networks vary

across studies, several core areas are consistently identified. The dorsal attention
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network typically includes the frontal eye fields (FEF), superior parietal lobule (SPL),

and intraparietal sulcus (IPS; Corbetta and Shulman, 2002; Vossel et al., 2014), with

some studies also reporting involvement of the inferior frontal junction (IFJ) and

middle temporal area (MT+; Kim, 2014; Yeo et al., 2011). While the DAN is generally

described as bilaterally organized, especially in visual paradigms, evidence points

to functional asymmetries, with the right hemisphere exerting a dominant role by

controlling attention across both hemifields, whereas the left hemisphere is limited to

contralateral space (Bartolomeo and Seidel Malkinson, 2019; Mengotti et al., 2020).

In contrast, the ventral attention network is largely right-lateralized, less studied,

and shows greater variability in its anatomical definition across studies. It is commonly

described as comprising ventral frontal regions, such as the middle frontal gyrus

(MFG) and inferior frontal gyrus (IFG), as well as the temporoparietal junction (TPJ;

Bartolomeo and Seidel Malkinson, 2019; Corbetta and Shulman, 2002; Vossel et al.,

2014). Additional regions sometimes reported as part of the VAN are the supplementary

motor area (SMA), supramarginal gyrus (SMG), anterior insula (AI), anterior cingulate

cortex (ACC), and adjacent frontal operculum (aFO; Kim, 2014; Yeo et al., 2011). Several

of these regions, particularly SMA, AI, ACC, and aFO, have also been associated

with the cingulo-opercular network (CON), a distinct executive attention network

implicated in alertness maintenance, task performance and error monitoring (Coste

and Kleinschmidt, 2016; Freedman et al., 2020; Peelle, 2019). The CON is also recruited

during speech-in-noise tasks and is engaged differently in individuals with ARHL, with

evidence of increased connectivity to right HG that may reflect a compensatory role in

auditory attention (Fitzhugh et al., 2019; Peelle, 2019; Slade et al., 2020).

Large-scale network parcellations using resting-state fMRI have sought to establish

the boundaries between multiple functional systems in the brain, including attentional

networks. Both Yeo et al. (2011) and Schaefer et al. (2018) divided the brain into

seven networks that included the DAN and VAN, with the latter encompassing regions

commonly associated with the salience and cingulo-opercular networks (Figure 1.6).
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While these parcellations offer a valuable framework for distinguishing and studying

attentional systems, growing evidence suggests that DAN and VAN interact and may

not be as functionally segregated as originally assumed. Rather than operating in

isolation, these networks are interconnected both structurally and functionally (Cazzoli

et al., 2021; Katsuki and Constantinidis, 2014; Vossel et al., 2014), with anatomical

projections linking their frontal and parietal regions (Catani et al., 2017; de Schotten

et al., 2011) and coordinated activity supporting behavioral performance (Wen et al.,

2012).

Figure 1.6: Parcellation of the human brain into seven functional networks. Adapted from Yeo
et al. (2011). SM: somatomotor network; DAN: dorsal attention network; VAN: ventral attention network;
FP: fronto-parietal network.

Most of the evidence characterizing DAN and VAN comes from the visual domain

(Katsuki and Constantinidis, 2014), but studies in auditory attention have revealed

similar patterns of functional organization (Kim, 2014; Krumbholz et al., 2009; Mamashli

et al., 2020; Rossi et al., 2014; Salmi et al., 2009). The presence of both top-down

modulation and bottom-up feedback in auditory processing has been documented

in numerous studies (Henderson et al., 2023; Jääskeläinen and Ahveninen, 2014;

Kuchibhotla and Bathellier, 2018; Schönwiesner et al., 2007; Shamma and Micheyl,

2010). In addition, anatomical evidence indicates that HG projects to frontoparietal

regions involved in attentional control, including the inferior parietal lobule and frontal
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cortex (Behrmann et al., 2004; Maffei et al., 2015; Peers et al., 2005; Szczepanski et al.,

2010). In auditory contexts, however, the functional boundaries between endogenous

and exogenous attention appear less rigid, as regions typically associated with either

the DAN or VAN can be flexibly recruited by both attention types (Alho et al., 2015; Salmi

et al., 2009). This functional versatility underscores the intricate coordination between

the auditory system and both attention networks necessary to support successful

auditory perception.

1.3.2 Electrophysiological responses to auditory stimuli

Understanding how the brain responds to auditory stimuli requires examining not

only the regions involved in perception and attention, but also the neural dynamics

underlying these processes. In this work, we focus on three complementary analytical

approaches commonly applied to electrophysiological methods such as M/EEG:

• Time-domain analysis, through event-related potentials (ERPs) in EEG or

event-related fields (ERFs) in MEG, reflects activity that is both time- and

phase-locked to a stimulus or task.

• Time-frequency analysis characterizes how features of neural activity vary across

frequency bands and evolve over time.

• Connectivity analysis evaluates functional interactions within or between brain

regions.

Together, thesemethods offer a comprehensive examination of the neural dynamics

that support auditory perception and are described individually in the subsections that

follow.

Time-domain responses

The evoked responses captured by EEG or MEG reflect small changes in voltage or

magnetic field that are time- and phase-locked to an event, whether external, internal,
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or omitted (Parviainen and Kujala, 2023; Tivadar and Murray, 2019). Although their

precise neurophysiological origins remain debated (Cohen, 2014; Helfrich and Knight,

2019), ERP/Fs are thought to result from phase resetting of ongoing neural activity

(phase reset model) or from responses specifically elicited by events (additivemodel),

and they are often considered to involve a combination of bothmechanisms (Parviainen

and Kujala, 2023; Tivadar and Murray, 2019).

To study these responses, they are often classified into three categories based on

their latency (Figure 1.7), although the naming conventions and specific components

vary between studies (Eggermont, 2019; Pratt, 2011; Price and Moncrieff, 2021):

a) Early-latency responses, or auditory brainstem responses (ABRs), occur within

the first 8 ms after stimulus onset. They are not generated in the cortex, but

along subcortical structures of the auditory pathway, up to and including the

brainstem (Eggermont, 2019; Gutschalk, 2019).

b) Middle-latency responses occur within 10–50 ms following stimulus onset. Neural

generators of these responses include the ascending pathway beyond the

brainstem, thalamocortical projections, and cortical activity in Heschl’s gyrus,

particularly in A1 (Pratt, 2011). They are best elicited by chirps and clicks, though

pure tones can also evoke them with lower amplitude and altered morphology

(Gutschalk, 2019; Winkler et al., 2022).

c) Long-latency components refer to responses occurring after 50 ms and exhibit

larger amplitudes due to the increase in cortical recruitment as auditory

processing progresses (Figure 1.7; Pratt, 2011). These components have been

studied extensively and are particularly sensitive to attentional modulation

(Jääskeläinen and Ahveninen, 2014; Price and Moncrieff, 2021; Winkler et al.,

2022); therefore, they constitute the primary focus of the analysis presented in

this thesis.

The nomenclature of auditory long latency components, referred to as ERP/Fs
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Figure 1.7: Comparison across evoked potentials at different latencies. Early- (top), middle- and
long-latency (bottom) evoked potentials are shown, highlighting differences in timing and amplitude
(µV). As signals ascend the auditory pathway, increased neural recruitment leads to larger amplitudes,
but also to reduced synchrony that results in slower waveform oscillations and longer latencies per each
component. Adapted from Pratt (2011).

from herein, varies according to the polarity of the waveform observed in EEG (P for

positive and N for negative), the order of appearance, the typical peak latency, and the

recording modality (Winkler et al., 2022). For example, the first positive component is

referred to as P1 or P50 in EEG, reflecting its positive polarity and approximate 50

ms latency, and P1m or M50 in MEG. Under these conventions, ERP/Fs are typically

identified as P1, N1, P2 and N2 in EEG, or M50, M100 and M200 in MEG (Figure 1.8;

Eggermont, 2019).

The P1 component is the earliest auditory ERP, peaking around 50 ms after stimulus

onset and typically exhibiting the smallest amplitude among these responses. While its

primary generators are located in A1, additional sources in the hippocampus, PT and

lateral temporal cortex have been reported (Parviainen and Kujala, 2023; Pratt, 2011).

P1 is the first auditory response reliably modulated by attention (Price and Moncrieff,

2021; Winkler et al., 2022). However, its amplitude declines with age and may become
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undetectable in adults (Key et al., 2005), where the response is instead dominated by

N1 and P2 due to their temporal overlap (Eggermont, 2019).

The N1 component (also referred to as N100, N1m and M100) was the first auditory

ERP described over 80 years ago (Davis et al., 1939) and remains the most extensively

studied, likely due to its prominence in auditory responses. It peaks between 100–150

ms and is primarily generated in the superior temporal cortex, including Heshcl’s

gyrus and planum temporale, with additional contributions from other auditory

association areas and even motor and premotor cortices (Gutschalk, 2019; Key et al.,

2005; Parviainen and Kujala, 2023). N1 characteristics are modulated by stimulus

properties such as pitch, by presentation rate and by attention, with the latter increasing

its amplitude when sounds are attended (Key et al., 2005; Price and Moncrieff, 2021;

Schröger et al., 2015; Winkler et al., 2022). Functionally, it has been associated with the

detection of changes in the external auditory scene, the extraction of auditory features

and the retention of sensory information (Pratt, 2011; Winkler et al., 2022). Although

this stage of processing is not sensitive to linguistic information (Parviainen and Kujala,

2023), it supports the integration of spectral features of the sound (Jenkins et al., 2010).

Within predictive coding theories, the N1, along with the earlier P1, is proposed to

reflect the evaluation of the internal representation of auditory environment (Joos

et al., 2014). Supporting this view, N1-like responses have also been elicited by the

omission of predicted sounds (Bendixen et al., 2009; Schröger et al., 2015).

Following N1, a positive waveform known as P2 (also P175, P200, P2m or M200)

emerges between 150–250 ms post-stimulus. Its sources are located anterior to those

of the N1 and include both primary and secondary cortices (Gutschalk, 2019; Winkler

et al., 2022). This component has been associated with selective attention, stimulus

change, feature detection, and short-term memory, and may represent the attentional

modulation of non-target stimuli (Key et al., 2005; Winkler et al., 2022). Due to their

temporal proximity and functional overlap, P2 is often studied together with P1 and

N1 as part of P1–N1–P2 or N1–P2 complexes, though evidence suggests that these
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Figure 1.8: Comparison of auditory evoked responses as measured by M/EEG in response to pure
tones. Adapted from López-Caballero et al. (2025, panels a–c) and Ruhnau et al. (2011, panels d–i). EEG
(60 electrodes in a; 23 in d, g) and MEG (102 magnetometers) were recorded in adults with first-episode
psychosis (a–c), healthy adults (d–f), and children (g–i). Stimuli consisted of 50 ms 1kHz tones in panels
a-c, and 200 ms 500 Hz tones in panels d–i. (a, d, g) EEG butterfly plots showing responses across
all electrodes (a) or a fronto-central cluster (d,g), with FCz highlighted in red (a) and mean activity
overlaid in cyan (d, g). Shaded regions indicate specific ERP components, and scalp topographies show
their spatial distribution over the indicated time windows. (b, e, h)MEG sensor-level butterfly plots
showing responses across magnetometers. Insets show corresponding topographical field maps for the
component highlighted in red. (c, f, i) Source-reconstructed MEG responses averaged across bilateral
(c) or right hemisphere (f, i) auditory cortex. Cortical maps display the distribution of the selected
component projected onto an MNI template (L: left, R: right).



Introduction 29

components arise from distinct neural mechanisms (Eggermont, 2019; Parviainen and

Kujala, 2023). In conjunction, the N1–P2 complex has been linked to early perceptual

filtering processes that are sensitive to attentional state and show atypical patterns in

language-related disorders (Parviainen and Kujala, 2023; Price and Moncrieff, 2021).

While earlier event-related components are primarily generated within the auditory

cortex, later responses involve broader networks, including frontal and parietal regions.

One of the last major components frequently described in ERPs is the N2 (N200), a

complexwaveformoccurring between 150 and 350mspost-stimulus and encompassing

several subcomponents (Winkler et al., 2022). Its generators are located in medial

frontal regions, such as the ACC and the right ventral and dorsolateral prefrontal

cortex (Eggermont, 2019), and it has been linked to cognitive control, inhibition, and

initial decoding of phonemic information (Parviainen and Kujala, 2023). The mismatch

negativity (MMN), or mismatch field in MEG (MMF), is a subcomponent of N2 elicited by

deviant or unexpected sounds in oddball paradigms, typically observed between 100

and 250 ms, even in the absence of attention (Key et al., 2005; Winkler et al., 2022).

N2 responses are also sensitive to aging, with increased inter-individual variability,

amplitude reductions or even absence in older adults, and offer co-occur with later

components such as the P3 under active listening conditions (Eggermont, 2019; Hsiao

et al., 2014).

Unlike earlier auditory components, the P3 (or P300) emerges only during tasks

that require active attention and behavioral engagement (Price and Moncrieff, 2021).

Its latency (250–700 ms) and amplitude vary according to task demands, with more

complex tasks eliciting later and larger responses (Bertoli and Bodmer, 2016; Criscuolo

and Brattico, 2023). As such, P3 engages a distributed network that includes not only

the auditory cortex, but also frontal regions, hippocampus, and centro-parietal areas

(Eggermont, 2019). Its frontal activity has been associated with bottom-up attention

and the processing of novel information, while parietal components are thought to

reflect top-down attentional control andmemory-related functions (Helfrich and Knight,
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2019). Within the framework of predictive coding, P3 is thought to refine internal

models of the sensory environment, functioning alongside earlier components such as

the MMN (Chennu et al., 2013; Schröger et al., 2015).

Aging is associated with several changes in auditory event-related potentials that

reflect both sensory and cognitive alterations. Early components such as P1 and N1

show increased amplitudes in older adults in response to pure tones and auditory

speech (Müller et al., 2009), accompanied by reduced or absent N2 responses and

enhanced P3 to deviant stimuli, reflecting inhibitory deficits in sensory gating and

heightened attentional capture by irrelevant stimuli (Stothart and Kazanina, 2016).

However, reduced amplitudes have also been reported in older adults in response

to increased task demands, particularly in later components such as P3, alongside

increases in subsequent responses that may serve to compensate for these deficits

(Bertoli and Bodmer, 2016). Additionally, P2 responses tend to be both increased and

delayed in older adults, particularly those with hearing loss, and are accompanied by

reduced activation in auditory regions and compensatory increases in frontal areas

(Campbell and Sharma, 2013).

Auditory evoked responses recorded with EEG and MEG are similar in their overall

shape (Figure 1.8; Virtanen et al., 1998), but differences in the source orientations that

each method detects result in some component-specific distinctions. For example,

the T-complex, a subcomponent of N1, as well as certain frontal generators involved

in P1, N1, MMN, and P2, are less visible in MEG due to their predominantly radial

orientation (see Figure 1.3; Eggermont, 2019; Key et al., 2005; Pratt, 2011; Shahin et al.,

2007). These modality-related effects are evident in findings by Ruhnau et al. (2011),

who reported modulations in the N1 response of children using EEG that were not

detected in MEG recordings, likely due to differences in source sensitivity, sensor

distance, or signal cancellation. Moreover, most ERP studies have been conducted

at the sensor level, where the resulting waveforms reflect the combined activity of

multiple neural sources (Cohen, 2014). In contrast, source-localized MEG signals offer
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greater anatomical specificity, as the resulting ERFs primarily reflect activity from the

selected cortical region and reduce the influence of distant sources.

Time-frequency domain responses

While time-domain analyses have contributed meaningfully to the characterization of

auditory responses, they are limited in detecting neural activity with low amplitude,

widespread cortical distribution, or not strictly phase-locked to the stimulus (Winkler

et al., 2022). Time-frequency approaches address these limitations by capturing both

rhythmic and arrhythmic changes in brain activity, thereby enabling the characterization

of dynamic processes in M/EEG signals that may remain undetected in traditional

time-domain analyses (Cohen, 2014). While the precise physiological origin of these

spectral dynamics remains under investigation, they are thought to reflect cyclical

fluctuations in the balance of excitatory and inhibitory activity within neuronal

populations (Cohen and Gulbinaite, 2014; Jensen et al., 2014; Lopes da Silva, 2013).

The classification of spectral activity into frequency bands is based on historically

defined boundaries that are not firmly rooted in neurophysiological mechanisms.

As a result, their precise limits may vary across studies, but a common classification

includes delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta (15–30 Hz), and gamma

(30–90 Hz; Lopes da Silva, 2013; Tavano et al., 2023). Of particular interest in this

study are the alpha and theta frequency bands, as they have been recently associated

with task engagement, top-down attentional modulation and working memory in

auditory contexts (Albouy et al., 2017; Fontolan et al., 2014; Frey et al., 2014; Gourévitch

et al., 2020; Keller et al., 2017; López-Madrona et al., 2024; Yordanova et al., 1998), and

encompass the spectral content of long-latency auditory responses such as M100,

which lie primarily within the 3–10 Hz range (Gutschalk, 2019; Hari and Puce, 2023;

Zhang et al., 2024).

Alpha activity has traditionally been interpreted as a marker of inhibition due to its

presence when irrelevant or distracting stimuli are encountered (Foxe and Snyder,
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2011). Supporting this view, increased posterior alpha power is associated with reduced

BOLD activity, indicative of decreased neural activation (Laufs et al., 2006; Scheeringa

et al., 2009). In auditory paradigms, alpha activity exhibits dynamic spatial and temporal

modulations that vary with task demands and behavioral goals, and that are linked to

attentional control and memory maintenance (Bonnefond and Jensen, 2012). Spatially,

lateralized alpha reflects the distribution of attention, increasing on the ipsilateral

side to suppress processing in the contralateral hemisphere during focused listening

(Ahveninen et al., 2013; Deng et al., 2020; Wöstmann et al., 2021). Temporally, higher

alpha power has been observed before and after auditory stimulation (López-Madrona

et al., 2024; Wöstmann et al., 2019), and is more pronounced under challenging listening

conditions, including reduced signal quality and hearing impairment (Herrmann et al.,

2023; Obleser et al., 2012; Petersen et al., 2015). In cases of mild-to-moderate hearing

loss, elevated alphamay reflect a compensatory strategy to support auditory processing;

however, this mechanism fails in more severe impairment (>50 dB HL), where alpha

activity is instead diminished (Petersen et al., 2015). While these findings align with

an inhibitory role, recent evidence has also shown alpha power reductions, even

in the presence of distractors (Brilliant et al., 2024; Strunk and Duarte, 2019; Weisz

et al., 2020; Zhou et al., 2023), suggesting an alternative role for alpha in prioritizing

task-relevant information. These opposing dynamics, through which alpha activity

balances inhibition or prioritization depending on task demands, may operate in

parallel across hemispheres to facilitate target perception while suppressing irrelevant

input (Wöstmann et al., 2019).

The spatial localization of alpha activity spans multiple cortical regions, including the

supratemporal auditory cortex (Frey et al., 2014; López-Madrona et al., 2024), as well as

frontal and parietal cortices (Deng et al., 2019; Wöstmann et al., 2019). Notably, some

of these sources overlap with regions of the dorsal and ventral attention networks

(Kasten et al., 2024), underscoring the close relationship between alpha modulation

and attentional control. Moreover, the anatomical distribution of alpha sources is also

influenced by age: while younger adults show prominent modulations in superior
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parietal regions, older adults display stronger activity in posterior temporal areas and

reduced parietal engagement (Herrmann et al., 2023). Still, the modulatory properties

of alpha seem to be preserved in aging, as older adults retain the ability to engage

preparatory neural processes that support memory encoding (Strunk and Duarte,

2019). Finally, although spectral dynamics are typically studied independently from

event-related responses, recent evidence indicates that alpha modulations can partially

account for the amplitude, shape and localization of the P3 component (Studenova

et al., 2023).

Beyond alpha, theta oscillations also play a critical role in auditory processing and

cognitive functions such as attention and memory. Modulations of this frequency band

have been consistently observed in response to auditory stimulation (Brilliant et al.,

2024; Hsiao et al., 2009; Keller et al., 2017; López-Madrona et al., 2024; Mai et al., 2016).

However, as with alpha, the direction of the changes varies depending on task demands

and stimulus characteristics. Most effects emerge within 0 to 400 ms after stimulus

onset and include decreases in theta power following pure tones (López-Madrona et al.,

2024), as well as increases in response to auditory tasks that require greater attentional

engagement, such as detecting deviant stimuli across modalities or processing speech

in challenging conditions (Brilliant et al., 2024; Hsiao et al., 2009; Keller et al., 2017). In

addition, theta activity before stimulus onset influences how auditory information is

perceived and encoded (Kubetschek and Kayser, 2021; Ostrowski and Rose, 2024), with

the auditory system selectively tracking acoustic dynamics at this frequency (Teng et al.,

2017). Although the precise role of pre- and post-stimulus theta dynamics remains

unclear, both have been linked to memory-related processes. In particular, elevated

theta power prior to the stimulus is associated with better memory performance

(Ostrowski and Rose, 2024). Similarly, during memory retention, specific features of

theta activity reflect the content of memorized auditory items (Weisz et al., 2020), and

transcranial magnetic stimulation (TMS) in the theta range applied to parietal DAN

regions enhances auditory working memory performance (Albouy et al., 2017).
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The specific cortical sources of theta activity in the brain remain poorly defined, as

most studies have relied on sensor-level EEG analyses. Evidence from this method

typically shows theta activity over central and frontal scalp regions (Keller et al., 2017;

Kubetschek and Kayser, 2021; Ostrowski and Rose, 2024). Midfrontal theta in particular

is thought to arise primarily from radial dipoles, and is therefore underrepresented in

MEG studies (Cohen, 2014). In studies where source localization has been applied,

post-stimulus increases in theta power have been identified in the medial frontal

cortex and ACC (Ahveninen et al., 2013), with additional sources observed in STG and

attention-related regions including IFG and SPL (Brilliant et al., 2024).

Research on age-related differences in theta activity shows mixed findings, with

some evidence suggesting increases in older adults (Yordanova et al., 1998) and several

other studies observing reductions in theta power with age (De Blasio and Barry, 2018;

Cummins and Finnigan, 2007; Müller et al., 2009). In addition to power differences,

aging also influences the functional role of theta, with older adults showing greater

temporal consistency across trials, primarily in the theta band, and distinct influences

of pre-stimulus theta on later ERP components (De Blasio and Barry, 2018; Müller et al.,

2009), suggesting compensatory mechanisms that support task performance through

alternative neural dynamics.

While alpha and theta are often discussed as distinct frequency bands with some

shared functions in attention and memory, they are not always clearly dissociable.

These neural signals often emerge together in low-frequency clusters (e.g. 4–15

Hz) before or after auditory stimulation, and may jointly support similar cognitive

processes depending on task context (López-Madrona et al., 2024; Ostrowski and Rose,

2024). For example, increases in pre-stimulus power within the theta–alpha range

have been associated with more successful memory encoding (Ostrowski and Rose,

2024). Importantly, age-related spectral flattening and broadband power reductions

further complicate interpretations (McNair et al., 2019; Müller et al., 2009; Voytek et al.,

2015), highlighting the need for caution when attributing narrowly defined or exclusive
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cognitive roles to individual frequency bands. A comprehensive understanding of

time-frequency dynamics requires consideration of their interdependence, spatial and

temporal variability, and age-related changes.

Connectivity

As outlined by Brookes et al. (2019), different neuroimaging techniques can be used to

measure three types of connectivity: structural, functional, and effective. Structural

connectivity describes the anatomical pathways (i.e., white matter tracts) linking

different brain regions and is typically measured using diffusion-weighted imaging,

an MRI-based technique. In contrast, functional connectivity captures the statistical

relationships between neural signals recorded at spatially distinct brain locations.

Effective connectivity goes a step further by estimating the causal influence one region

exerts on another, often through computational models that infer the directionality

of information flow. In electrophysiological studies, functional connectivity is the

primary approach available to assess interactions within or between brain regions,

using methods such as power correlations, phase locking, and coherence (Bastos

and Schoffelen, 2016). Coherence, in particular, is a widely accepted measure of

connectivity (Fischer et al., 2023), that quantifies the degree of linear dependency

between two signals in the frequency domain, incorporating both phase and amplitude

information (Malekpour et al., 2018).

Studies using fMRI have identified functional and structural connections between

primary and secondary auditory areas, involving both anterior and posterior pathways

(Upadhyay et al., 2008), and between auditory areas and regions within the dorsal

and ventral attention networks, with overlapping engagement during bottom-up

and top-down attention (Maffei et al., 2015; Rossi et al., 2014). Moreover, functional

connectivity between auditory cortex and attention-related areas has been shown to

increase with higher auditory thresholds (Fitzhugh et al., 2019). Connectivity research

usingM/EEG has furthered our understanding of the timing and direction of information

exchange between primary and secondary auditory cortices (Guéguin et al., 2007), as
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well as their interactions with attentional networks (Hsiao et al., 2010; Mamashli et al.,

2020). In fact, these electrophysiological techniques showed that connectivity patterns

vary depending on the timing relative to stimulus onset, the brain regions involved,

the frequency bands examined, and the cognitive demands of the task (Mamashli

et al., 2020; Polomac et al., 2015; Weisz et al., 2014). Notably, coherence between the

inferior parietal lobule, a part of DAN, and STG increases during the anticipatory period

following a cue (Weisz et al., 2014), suggesting preparatory attentional modulation of

auditory cortex activity prior to stimulus presentation.

Age-related changes in connectivity have been observed primarily through fMRI

studies during resting-state and visual paradigms, revealing altered or reduced

functional connectivity across most cortical networks in older adults (Damoiseaux,

2017; Geerligs et al., 2014; Onoda et al., 2012; Sala-Llonch et al., 2015). These alterations

have been linked to cognitive decline and support the dedifferentiation theory of aging

(see Section 1.2.2). In the auditory domain, functional connectivity has been reported

to both increase (Müller et al., 2009) and decrease (Hsiao et al., 2014; Moezzi et al.,

2019) with age. Although differences in measurement approaches complicates the

interpretation of these changes (Brookes et al., 2019), available evidence suggests that

older adults tend to exhibit reduced and disrupted connectivity patterns, which may

contribute to cognitive decline.
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1.4 Auditory perceptual learning as an intervention against

cognitive decline

Auditory perceptual training has gained attention as a promising intervention to

counteract cognitive decline by promoting generalization of learning to untrained tasks

(Kattner et al., 2017; Mahncke et al., 2006; Tremblay et al., 1997; Wright and Zhang,

2009). This transfer of learning is typically categorized in two types: near-transfer,

where the trained and untrained tasks rely on similar processes or stimulus features,

and far-transfer, where improvements extend to tasks that involve different cognitive

abilities (Bürki et al., 2014). Both types of generalization have been explored in

auditory training studies. Examples of near-transfer include the transfer of frequency

discrimination from a trained ear to the other (Delhommeau et al., 2002), or from a

trained frequency to untrained frequency ranges (Amitay et al., 2005; Fitzgerald and

Wright, 2011). Other studies have investigated far-transfer effects, based on evidence

that degraded sensory representations, such as those observed in age-related hearing

loss (Lentz et al., 2022; Ouda et al., 2015), can negatively impact higher-order cognitive

processes (Roberts and Allen, 2016; Vinogradov et al., 2012). From this perspective,

improving the quality of sensory input through training may in turn support cognitive

functions such as attention, memory, and executive control (Vinogradov et al., 2012).

Indeed, complex auditory training programs have been shown to generalize to verbal

learning and global cognition in individuals with schizophrenia (Adcock et al., 2009;

Fisher et al., 2009), and to persist months after the intervention (Fisher et al., 2010;

Loewy et al., 2022). Together, these studies suggest that auditory perceptual training

may lead to enduring cognitive benefits, potentially driven by changes in brain plasticity

that could benefit older adults.
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1.4.1 Neurological impact of auditory perceptual training

Behavioral improvements and their generalization to other domains suggest that

auditory perceptual training drives plastic changes in auditory and attention-related

brain networks. Indeed, a substantial body of research over the past 25 years has

documented such neural adaptations in the auditory cortex and associated regions

(Irvine, 2018; Stropahl et al., 2020; Tremblay, 2007). Across this literature, oddball

paradigms remain the most common approach for auditory training, typically involving

frequency or speech contrasts, and consistently eliciting increases in neural responses

including the M100, P2, P3, and MMN (Menning et al., 2000; Reinke et al., 2003; Tong

et al., 2009; Tremblay et al., 1997). However, the observation of such changes does

not necessarily establish a causal link to learning, as certain components such as P2

may instead reflect stimulus exposure or task execution rather than learning-specific

plasticity (Tremblay et al., 2014). In contrast to these correlational findings, Matsushita

et al. (2021) provided causal evidence for the role of the right auditory cortex in pitch

learning, demonstrating that its disruption with transcranial direct current stimulation

impaired both pitch discrimination and its learning. This result also supports the notion

of hemispheric specialization in auditory processing, with the right hemisphere more

involved in spectral resolution (Albouy et al., 2020; Zatorre et al., 2002).

Auditory training has been shown to produce both near and far transfer effects, with

the extent of generalization depending on task difficulty: more challenging paradigms

tend to yield broader cognitive benefits (Flegal et al., 2019; Vinogradov et al., 2012).

Further, recent evidence indicates that while behavioral improvements and transfer

emerge early in training, corresponding neural changes in sensory perception often

require sustained practice to consolidate (Reetzke et al., 2018). These findings align

with the Reverse Hierarchy Theory of learning, which proposes that early stages of

learning rely on higher-order cognitive systems, such as attention, and that with

extended practice, these systems progressively engage and refine lower-level sensory

representations (Ahissar et al., 2009; Nahum et al., 2008). Supporting this framework,
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complex auditory training tasks have been associated with the recruitment of frontal

and parietal regions involved in attentional control, including the inferior frontal gyrus

and the inferior parietal lobule (Schneiders et al., 2012; de Souza et al., 2013).

Clinical populations with auditory-related deficits, such as those with dyslexia

or schizophrenia, have likewise demonstrated behavioral improvements following

auditory training, often accompanied by neurophysiological changes linked to cognitive

gains (Dale et al., 2016; Russo et al., 2005). In schizophrenia, for example, auditory

training has been found to restore reduced sensory representations in auditory cortex,

and this recovery underlies transfer effects to executive function tasks (Dale et al., 2016).

Moreover, in recent-onset cases, such training has been linked to reduced cortical

thinning, implying a potential neuroprotective effect (Ramsay et al., 2021). Together,

these findings highlight the capacity of auditory training to induce meaningful neural

adaptations across diverse populations and suggest that similar mechanisms could be

leveraged to help counteract the sensory and cognitive declines associated with aging.

1.4.2 Auditory perceptual training in an aging paradigm

Brain plasticity varies across the lifespan, with distinct patterns emerging at

different stages of development and aging (Cisneros-Franco et al., 2020; Voss et al.,

2017). Evidence from animal models suggests that while older brains can exhibit

experience-dependent plasticity, the changes observed following non-adaptive auditory

discrimination training tend to be short-lived and decay more rapidly than in younger

rats (Cisneros-Franco et al., 2018). In contrast, studies employing adaptive or cognitively

demanding auditory regimens have produced more durable effects, including the

reversal of age-related functional impairments in auditory cortex (de Villers-Sidani

et al., 2010) and improved distractor suppression (Mishra et al., 2014). Moreover, when

animals are exposed to attentionally demanding paradigms in young adulthood, the

resulting benefits can persist into old age, thereby delaying typical age-related decline

(Cheng et al., 2017). These findings suggest that, in humans, auditory training may
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serve not only to mitigate cognitive and sensory decline in older adults, but also to

delay its onset when implemented earlier in life, particularly through adaptive and

cognitively demanding interventions.

Perceptual and cognitive deficits are well documented in older adults, encompassing

impairments in auditory functions such as frequency discrimination and inhibitory

control (Freigang et al., 2011; Mishra et al., 2014; Moore et al., 2019; Stothart and

Kazanina, 2016), as well as declines in attention and memory (Brehmer et al., 2012;

Fernández-Rubio et al., 2024; Zanto and Gazzaley, 2016). Nevertheless, learning rates

in older adults are often comparable to those of younger individuals (Alain and Snyder,

2008; Brehmer et al., 2016; Colby et al., 2018; Karawani et al., 2016; Kishon-Rabin et al.,

2013; Scharenborg and Janse, 2013), suggesting that their capacity for learning remains

intact despite overall performance deficits. Behavioral evidence further indicates

that auditory training can lead to learning transfer in older adults with and without

hearing loss. In normal-hearing older adults, benefits have been observed in domains

such as working memory span (Mishra et al., 2014), problem solving (Strenziok et al.,

2014), attention (O’Brien et al., 2017), and speech-in-noise perception (Heidari et al.,

2020). Similarly, older adults with presbycusis have shown gains in auditory memory,

processing speed, neural timing, attention, and speech comprehension following

training (Karawani et al., 2016; Stropahl et al., 2020). The coexistence of perceptual and

cognitive decline with preserved learning capacity and evidence of transfer across

domains suggests that training engages distinct, potentially compensatory neural

mechanisms in older adults that may differ from those observed in younger individuals.

Despite extensive behavioral evidence, relatively few studies have examined the

neurophysiological changes that underlie auditory training in older adults (see Table 1.1).

Using MRI, Strenziok et al. (2014) reported that auditory cognitive training induces

both functional and structural modifications in attention-related networks, including

changes in white matter integrity and network connectivity. Electrophysiological studies

have further shown training-related modulations across multiple stages of auditory
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processing, from brainstem to cortical and spectral responses. These include restored

temporal precision and improved speech envelope encoding, even in older adults

with hearing loss where training restored exacerbated responses to levels observed in

normal-hearing peers (Anderson et al., 2013a, 2014, 2013b). Additional cortical changes

include latency and amplitude shifts in early ERP components (P1, N1, P2), reductions

in later components (P3), and increased frontal theta power linked to target detection

and distractor suppression (Alain and Snyder, 2008; Mishra et al., 2014; O’Brien et al.,

2017; Yang et al., 2018). Increases in alpha power and global functional connectivity

have also been reported following auditory and audiovisual training (Ren et al., 2024).

Notably, some of these neurophysiological effects have been found to persist for

several months after training (Anderson et al., 2014; Bugos et al., 2022).

However, only a limited number of studies have directly compared the

neurophysiological effects of auditory training between younger and older adults.

Among them, Alain and Snyder (2008) employed a rapid learning paradigm within a

single session, while Ren et al. (2024) and Yang et al. (2018) investigated audiovisual

integration. Although these approaches offer valuable insights, isolating auditory

processing from multisensory influences is essential to uncover the mechanisms of

auditory-specific plasticity available in older adults. Such understanding is critical

to evaluate the potential of auditory perceptual learning as a targeted intervention

for age-related hearing loss and its associated cognitive decline. Moreover, most

studies have examined neural activity only before and after training, overlooking the

dynamic changes that unfold across the learning process and that could reveal how

brain responses evolve over time and how these trajectories differ by age. Critically,

to the best of our knowledge, no prior work has leveraged the temporal and spatial

precision of magnetoencephalography to examine region-specific changes in neural

activity during auditory training in younger and older adults. In particular, the extent to

which attention networks, such as the dorsal and ventral attention systems, interact

with auditory cortex during training, and how these interactions differ with age,

remains unknown. Addressing this gap, the present thesis provides a time-resolved,
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region-specific comparison of auditory learning in younger and older adults, using MEG

to characterize age-related differences in neural activity during perceptual learning,

across time-domain, time-frequency, and connectivity-based measures.
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Table 1.1: Overview of literature on neural effects of auditory training in older adults. Comprehensive summary of studies investigating
the neural effects of auditory training in older adults, detailing experimental paradigms, imaging modalities, participant cohorts, and key
neurophysiological outcomes. Rows in purple highlight particularly relevant studies; the final row summarizes the present study. ABRs:
auditory brainstem responses, ERPs: event-related potentials, TF: time-frequency analysis, PLV: phase-locking value, SPIN: Speech-in-Noise
test, ITL: inferior temporal lobe, SPC: superior parietal cortex, AC: auditory cortex, DAN: dorsal attention network, VAN: ventral attention
network, 🠙/🠛: increase/decrease in amplitude or power, =: significant correlations between variables.

2008

Alain
and
Snyder

Rapid learning:
double-vowel
discrimination

One session with 5 blocks:
40 mins

Younger (YA): 16 (24±4.6)

Older (OA): 14 (67.8±5.8)

EEG: ERPs

Sessions: 1 across all blocks

Task: Same as training

OA: lower accuracy, but no
learning rate differences with
YA; higher response times than
younger

Training: 🠛 frontocentral N1 amplitude

OA: 🠛mastoid and cerebellar N1 amplitude;
🠙 P1; earlier N1; 🠙 P2, later and frontal

YA: 140-320 ms component related to
performance

2013a

Anderson
et al.

Brain Fitness™ auditory
cognitive training (Posit
Science Corporation)

8 weeks: 40 hours

Older: 58 (64.09±5.5)
Hearing loss control (HLC): 15
Hearing loss training (HLT): 15
Normal hearing control (NHC): 14
Normal hearing training (NHT): 14

EEG: ABRs

Sessions: 2; pre and post

Task: [da] synthetic syllable in
quiet and in background noise

HLT: 🠙 attention, 🠙 SPIN

NHT: 🠙 attention, 🠙memory

HLT: before training, increased envelope
representation. After training, decrease in
representation (similar to NHC/T)

2013b

Anderson
et al.

Brain Fitness™ auditory
cognitive training (Posit
Science Corporation)

8 weeks: 40 hours

Older: 67 (63.0±3.7)
Active training (AT): 35
Active control (AC): 32

EEG: ABRs

Sessions: 2; pre and post

Task: [da] synthetic syllable in
quiet and in background noise

AT: 🠙 SPIN, 🠙 auditory
short-memory, 🠛 processing
speed

AT: earlier syllable response in noise
compared with quiet; 🠛 latency in noise
only; 🠛 interpeak variability in noise

2014

Anderson
et al.

Brain Fitness™ auditory
cognitive training (Posit
Science Corporation)

8 weeks: 40 hours

Older: 30 [6-month follow-up from
Anderson et al. (2013b)]

EEG: ABRs

Sessions: 3; pre, post and
6-month follow-up

Task: [da] synthetic syllable in
quiet and in background noise

AT: processing speed
conserved

AT: decreased latency conserved

2014

Mishra
et al.

Two trainings:
Adaptive distractor training
(ADT; “Beep Seeker”)
Adaptive target training
(ATT)

4-6 weeks: 6 hours

Older: 47 (69)
ADT: 17
ATT: 15
untrained (UT): 15

Younger: 15 (24) [behavior only]

EEG: ERPs, TF, PLV

Sessions: 2; pre and post

Task: Same as training

ADT: 🠙 discrimination, 🠛 false
positives

ATT: 🠛 false positives, but due
to response bias and not
discrimination

ADT: 🠛 150-160 ms response that correlated
with 🠙 discrimination; located in STG and
BA22; 🠙 frontal theta (50-150ms) to targets;
🠛 theta = 🠛 150-160ms response

2014

Strenziok
et al.

Three trainings:
Brain Fitness™ (BF)
Space Fortress™ (SF)
Rise of Nations™ (RON)

6 weeks: 36 hours

Older: 42 (69±5)

fMRI: connectivity, axial
difussion (AD) and other
tractography measures

Sessions: 2; pre and post

Task: Resting state (no task)

BF: 🠙 performance, 🠙matrix
and everyday reasoning

SF: 🠙 performance, 🠙 working
memory, 🠙matrix and
everyday reasoning

RON: 🠙 performance,
🠛 working memory, 🠛matrix
reasoning

Training: 🠙 AD in left lingual gyrus and right
thalamus

BF: 🠙 AD in right temporo-occipital junction
(rTOJ) = better everyday reasoning, but
lower working memory accuracy; 🠛 ITL-SPC
connectivity = better everyday reasoning

SF: 🠛 AD in rTOJ; 🠛 ITL-SPC connectivity

RON: 🠛 AD in rTOJ; 🠙 ITL-SPC connectivity

Study Training paradigm Participants (age) Imaging settings Behavioral results Neural training effects

Continued on next page
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Table 1.1: Overview of literature on neural effects of auditory training in older adults. (Continued)

2017

O’Brien
et al.

Brain Fitness™ auditory
cognitive training (Posit
Science Corporation)

10 weeks: 16 hours

Older: 24
Trained (OT): 9 (69.69±7.66)
Control OC: 15 (71.60±8.29)

EEG: ERPs

Sessions: 2; pre and post

Task: active auditory oddball

No changes in oddball
identification (already at 99%
accuracy)

OT: 🠛 parietal and frontal P3b; no changes
in P1-N1-P2

🠙 posterior P3b amplitude = 🠙 self-reported
auditory cognitive difficulties

2018

Yang
et al.

Bimodal audio-visual
stimulus (block based
increase of difficult when
accuracy exceded 60% )

4 weeks: 4 hours

Older: 26
Training (OT): 13 (70.7)
Control (OC): 13 (68.1)

Younger: 26

Training (YT): 13 (20.1)
Control (YC): 13 (20.5)

EEG: ERPs (P3 only)

Sessions: 2; pre and post

Task: Active auditory
oddball-like task: count target
stimuli (20%)

OT: 🠙 performance, lower
MMSE scores than YT

YT: 🠙 performance

OT: 🠙 P3 amplitude

YT & YC: 🠛 P3 latency compared to OT

2019

Alain
et al.

Visual art or music classes
at Royal Conservatory of
Music

12 weeks: 36 hours

Older: 53
Music training (MT): 17 (67.7±5.8)
[15 at follow-up]
Visual art training (VT): 19 (68.9±6)
[14 at follow-up]
Control (C): 17 (68.5±6)

EEG: ERPs, TF

Sessions: 3; pre, post and
3-month follow-up

Task: Two auditory oddball
paradigms using pitch (piano
tones) or speech (/u/ or /ou/);
and one visual Go/NoGo task

MT: 🠛 Stroop speed,
maintained at 3-month
follow-up; 🠙 Digit Symbol task

VT: 🠙 Digit Symbol task

MT: 🠙 N1 and P2 for pitch oddball,
conserved after 3-month follow-up; 🠛MMN
latency

VT: 🠙 N1 and P2 for pitch oddball

More training effects observed for visual
Go/NoGo task.

2022

Bugos
et al.

Visual art or music classes
at Royal Conservatory of
Music

12 weeks: 36 hours

Older: 50
Music training (MT): 16
(67.75±6.02)
Visual art training (VT): 17
(68.47±6.21)
Control (C): 17 (57.5±5.99)

EEG: ERPs, TF

Sessions: 3; pre, post and
3-month follow-up

Task: Two oddball paradigms
using pitch (piano tones) or
speech (/u/ or /ou/)

Presented in Alain et al. (2019)

Training: 🠙 frontal theta power to standard
stimuli

VT &MT: 🠙 frontal and frontocentral theta
power (100–175ms); 🠙mid-frontal alpha
power (MT > VT); increase in theta power
preserved in 3-month follow-up

2024

Ren et al.

Adaptive bimodal
audio-visual training based
on Yang et al. (2018)
(difficulty change: 3 up, 1
down)

5 days: 5 hours

Older: 40
Training (OT): 20 (59.3±6.1)
Control(OC): 20(57.5±3.7)

Younger: 40

Training (YT): 20 (20.1±1.1)
Control(YC): 20(19.9±1.2)

EEG: ERPs, TF, connectivity

Sessions: 2; pre and post

Task: similar to training.
Non-adaptive audio-visual
discrimination task with
auditory (A), visual (V) and
audiovisual (AV) stimulus

OT & YT: 🠙 hit rate (AV > A or V),
🠛 false alarm, 🠙 perceptual
sensitivity (AV > A > V)

OT: 🠛 response time to AV

YT: 🠛 response time to A and V

Response bias greater and
response times slower for
older than younger

Significant audiovisual integration at N1, P1,
and P3, but training effect only in P3.

OT: 🠙 P3 in left anterior, right anterior and
central regions (and greater than younger);
🠙 alpha power in right anterior, left
posterior and right posterior; 🠙 global
functional connectivity (AV > A or V)

YT: no clear training effects

Current
work

Adaptive auditory
perceptual discrimination
task

12 days: 3 hours

Older (OA): 8 (61.63±13.76)

Younger (YA): 8 (23.38±5.29)

MEG: ERFs, TF, connectivity

Sessions: 4; day 1, 5, 9 and 12
of training

Task: Same as training

OA: 🠙 performance, 🠙 Stroop,
🠙 auditory attention (RAVLT)

YA: 🠙 performance, 🠙 Stroop

OA: 🠙M100 response in right AC;
🠙 preM100 response in right DAN; right
DAN🠚right AC mediation effect; 🠙 rightD
DAN–right AC connectivity; 🠛 pre-stimulus
theta in DAN; 🠙 preM100 response in VAN

YA: 🠛 baseline in left AC; 🠛 preM100 DAN;
🠙 post-stimulus theta; 🠙 alpha in AC & DAN
= 🠙 performance

Study Training paradigm Participants (age) Imaging settings Behavioral results Neural training effects
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2
Methodology

2.1 Participants

Sixteen adults participated in the auditory training study, divided into two age groups.

The younger adults group consisted of eight individuals aged 20–34 years (mean

age: 23.4 years; 5 females) and the older adult group included eight individuals aged

42–77 years (mean age: 61.6 years; 4 females). In addition, data from eight younger

individuals aged 20–28 years (mean age: 23.25 years; 7 females) who did not undergo

the training were included for test-retest reliability in the cognitive assessments (see

Section 2.7 and Section 3.1.4). All participants were right-handed except for one

left-handed individual in the younger trained group. They self-reported being healthy

and free from cognitive impairment. Participants provided informed consent for data

acquisition and use. This study was approved by the Research Ethics Board of the

Montreal Neurological Institute.

Demographic information was collected through a structured questionnaire.

Participants provided their date of birth, gender, handedness, and highest level
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of education attained (Table 2.2). They also indicated if they were currently enrolled in

an educational program or had an incomplete degree. Total years of education were

calculated by summing the standard years associated with each completed education

level, as outlined in Table 2.1. For instance, a participant who completed high school

(12 years) and a 4-year university degree would have a total of 16 years of education.

The unique Quebec education system includes CEGEP (Collège d’enseignement général

et professionnel), equivalent to two years of pre-university education.

Table 2.1: Equivalence of education levels to years of education.

Less than High school < 12

High school diploma 12

CEGEP (Quebec only) a 14

Bachelor’s degree 16

Master’s degree 18

Doctoral degree (Ph.D./MD) 23

Education level finished
Years of education

equivalence

a CEGEP: Collège d’enseignement général et professionnel
(General and Vocational College in Quebec).

Language Proficiency Index (LPI)

Participants reported the languages they spoke, the percentage of daily conversations

in each language, the age they began learning each language, years of practice, and

the age at which they achieved fluency. For each language, they self-assessed their

proficiency in reading, writing, speaking, and listening on a scale from 1 (“Very poor”)

to 7 (“Native-like”). The overall proficiency score for each language was obtained by

summing the scores across the four categories (maximum of 28 points per language).

The language proficiency index (LPI) was then computed as the sum of these

proficiency scores across all languages, divided by 28. An LPI of 1 corresponds to a

monolingual individual with native-like proficiency in all four skills, while an LPI of
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2 reflects a total proficiency score of 56, which can be achieved by a fully bilingual

individual or someone speaking three or more languages at varying proficiency levels.

No maximum value was set, as it depends on the number of languages spoken and

their respective proficiency levels. The formula for the LPI is as follows:

LPI =

∑n
j=1 (Rj +Wj + Sj + Lj)

28

where Rj,Wj, Sj, Lj are the self-assessed scores for reading, writing, speaking, and

listening, for language j, and n is the number of languages.

Musical education

Participants detailed their musical training, specifying:

a) Musical Education (ME): Total years of formal and informal musical education.

b) Average Weekly Practice during Past Musical Education (AWPpast): Average

hours per week practiced during those years.

c) Current Average Weekly Practice (AWPcurrent): Hours per week currently

dedicated to musical practice.

d) Musicality Index (MI): Calculated as MI=ME×AWPpast, representing the

cumulative musical practice over their lifetime.

Participants also listed instruments played and whether they were currently practicing

any instrument. The final scores for each measure were pooled across all described

instruments.

2.2 Audiometric evaluation

Each subject underwent a formal audiometric evaluation using a Maico MA 728

audiometer (Maico, Minneapolis, MN, USA) to confirm normal hearing thresholds.

Pure-tone audiometry was conducted at frequencies of 0.5, 1, 2, 3, 4, 6, and 8 kHz for
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each ear. The decibels hearing level (dBHL) per frequency (Avgf ) were calculated by

averaging the measurements from both ears:

Avgf =
dBHLLeft·f + dBHLRight·f

2

Figure 2.1: Audiometric thresholds averages across age groups with normal hearing reference.
Mean audiometric thresholds of hearing level (in dBHL) across frequencies (in kHz) are shown for
Younger (green) and Older (purple) participants, with a comparison group of diagnosed age-related
hearing loss individuals (ARHL, orange). Shaded areas represent 95% confidence intervals around the
means. The horizontal dashed line at 25 dB indicates the threshold for normal hearing.

The average hearing level at each tested frequency for each age group, along with a

comparison to a separate group with diagnosed age-related hearing loss, can be found

in Figure 2.1. From the average of each participant, three key values were derived:

a) Standard Pure Tone Average (PTAstd): As reported by Gates and Hoffman

(2011), this value is the four-frequency average of 0.5, 1, 2 and 4 kHz.

PTAstd =
Avg0.5 + Avg1 + Avg2 + Avg4

4

b) Full range PTA (PTAfull): The average of all measured frequencies.

PTAfull =
Avg0.5 + Avg1 + Avg2 + Avg3 + Avg4 + Avg6 + Avg8

7
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c) Higher frequencies PTA (PTAhigh): The average of the highest frequencies (4, 6

and 8 kHz) which are particularly affected by aging.

PTAhigh =
Avg4 + Avg6 + Avg8

3

A summary of the audiometric variables per age group can be found in Table 2.2.

Participants with PTAstd exceeding 25 dBHL were considered to have hearing

impairment. No participants were excluded based on standard audiometric criteria.

Table 2.2: Summarized demographic and audiometric data of trained participants divided by
age group. The table shows the number of participants (n), the number of females, the number of
left-handed participants, and the mean (µ), median (Mdn), and range of all the other collected variables
from the participants that underwent the auditory training, divided by age group.

n 8 8

Gender (n females) 5 4

Handedness (n left-handed) 1 0

Age

µ 23.4 61.6

Mdn 21 66

range 20–35 42–77

Education (total years)

µ 16.4 18

Mdn 16 17

range 14–23 14–23

Languages (n)

µ 2.3 2

Mdn 2 2

range 1–4 1–5

Language Proficiency Index (LPI)

LPI =

∑n
j=1 (Rj +Wj + Sj + Lj)

28

a

µ 1.9 1.6

Mdn 2 1.3

range 1–2.5 1–3.4

Demographic Younger Older

Continued on next page
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Table 2.2: Summarized demographic and audiometric data of trained participants divided by age
group. (Continued)

Musical Education (ME)

ME = years of musical education

µ 8.4 1.3

Mdn 9.5 1.5

range 0–14 0–3

Current Average Weekly Practice

Time (AWPcurrent): current hours/week

of musical practice

µ 1.1 1

Mdn 0.3 0

range 0–5 0–3

Musicality Index (MI)

MI = ME× AWPpast
b

µ 42.2 4.3

Mdn 35 4.5

range 0–96.5 0–11

Standard Pure Tone Average (PTAstd)

Avgf =
dBHLLeft·f + dBHLRight·f

2

c

PTAstd =
Avg0.5 + Avg1 + Avg2 + Avg4kHz

4

d

µ 3 13

Mdn 1.6 11.3

range 0.6–11.3 3.1–21.9

Full range PTA

PTAfull =
Avg0.5 + · · ·+ Avg8kHz

7

d e

µ 2.5 17.8

Mdn 2.0 15.5

range 0.4–6.8 2.9–31.8

Higher frequencies PTA

PTAhigh =
Avg4 + Avg6 + Avg8kHz

3

d

µ 2.8 26.4

Mdn 2.1 25

range 0–7.5 2.5–48.3

Demographic Younger Older

a Calculated per subject. n: number of languages spoken by selected subject. R,
W , S, and L: self-assessed scores for reading, writing, speaking, and listening,
respectively, for each language j. Each score ranged from 1 (”Very poor”) to 7
(”Native-like”).

b AWPpast: average weekly practice (AWP) during the years of musical education.
c f : frequency in kHz. dBHLLeft·f and dBHLRight·f : decibels hearing level (dBHL) for
the left and right ears, respectively, at frequency f .

d Average hearing loss (Avgf ) at specified frequency in kHz
e PTAfull: average hearing loss across all tested frequencies (0.5, 1, 2, 3, 4, 6 and 8
kHz).
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2.3 Auditory perceptual training task

A training session consisted of 125 trials, of which only one-third contained the target

stimulus. The structure of a single trial is illustrated in Figure 2.2. Each trial of the

perceptual training task required participants to determine whether they heard a

target stimulus or not. The target tone changed for each training session and was

presented twice at the beginning of the session for reference. Before the training,

participants were instructed to press a response button only when they identified the

target stimuli. Participants were instructed to keep their eyes open and fixate on a

cross at the center of a blank screen throughout the training duration, to minimize eye

movement artifacts. Each trial began with a random inter-trial interval (ITI) of 500–2000

ms. After this, an auditory cue (frequency: 5 kHz, duration: 25 ms) was presented to

prevent a startle response, followed by 750 ms of silence. Then, either a target or a

non-target stimulus was played for 250 ms, followed by 2200 ms of silence. Afterwards,

a visual cue (green cross) signaled the participant to press the response button if they

identified the stimulus as the target. Both, the cue and the stimuli signals had onset

and offset ramps lasting 5 ms.

This response period ended as soon as the button was pressed or after 2000 ms if

no response was registered. Finally, visual feedback was provided for 1000 ms, with

the fixation cross changing to “o” for a correct response or to “x” for an incorrect one.

2.4 Stimuli description and staircase procedure

The difficulty of the auditory perceptual training task varied trial-by-trial as a function

of the participant’s response following a standard staircase procedure. The difficulty

increased by one level each time the stimulus was correctly identified as the target

with a button press (hit). If the participant responded incorrectly, either by pressing the

button when a non-target stimulus was presented (false positive, FP) or by abstaining

from responding when the target was played (miss), the difficulty level decreased by
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Figure 2.2: Structure of a single trial of the auditory task. The trial begins with a random inter-trial
interval (ITI) followed by a brief auditory cue to prevent a startle response. After a period of silence, an
auditory stimulus (either the target or a non-target) is presented. Following another silence interval,
a change in the color of the fixation cross signals the subject to respond with a button press if they
identify the stimulus as the target. If a button press is registered, the response period ends immediately;
otherwise, it continues until 2000 ms have elapsed. Finally, visual feedback is provided via a change to
the fixation cross symbol (o = correct response, x = incorrect response).

one. If the participant correctly recognized a non-target and withheld the button press

(withhold, WH), the difficulty level did not change (Figure 2.3a).

All stimuli, whether target or non-target ones, were composed of five pure tones

(Figure 2.3b): a base tone with a frequency of 220 Hz and four additional tones whose

frequencies changed depending on the training session (target) and the difficulty level

(non-targets). At the start of each training session, the four tones composing the target

were randomly chosen in pairs from a frequency range of 0.6 to 4.8 kHz (equivalent to

1.6 and 4.4 octaves from the base frequency), while maintaining a fixed difference of

1.25 octaves between each pair of tones. The tones within each pair differed by 0.15

octaves.

Once the target was selected, task difficulty was manipulated in two ways: by

modifying the spectral similarity between target and non-target stimuli (Figure 2.3c),
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Figure 2.3: Description of the stimulus and its staircase difficulty progression. a) The difficulty level
increased following correct target identifications (hits) and decreased after incorrect responses: false
positives (FP) or missed targets. No change in difficulty occurred after correctly ignoring non-targets
(withholds, WH). The lower panel illustrates difficulty progression over the first 40 trials of a training
session, including response types and difficulty adjustments. b) Each stimulus consisted of a base
tone of 220 Hz and four additional pure tones that were selected in pairs. In the target stimuli only (*),
the difference between the two pairs was fixed at 1.25 octaves. Within each pair, the two tones were
always 0.15 octaves apart. The task increased in difficulty through two manipulations: increasing the
spectral similarity of the non-targets to the target (c), and reducing the amplitude of the distinguishing
frequency components of the stimuli (d). c) The frequencies of the target tones (blue) were selected at
the start of the training session and remained fixed throughout. Spectral similarity was manipulated by
dynamically selecting the non-target tone pairs from a frequency range (dotted line) that gradually
approached the target frequencies as the difficulty level increased, such that by level 40 the tones were
so similar that performance would be at chance level. d) Amplitude was manipulated by attenuating the
four modulated tones in both target and non-target stimuli as difficulty increased, while keeping the
amplitude of the base tone constant, effectively reducing the perceptual salience of the spectral features.
Example of intensity in decibels (dB) at each frequency component of the target and non-target tones at
levels 1 (variable tones: 37 dB, base tone: 37 dB), 5 (variable tones: 30 dB, base tone: 37 dB) and 10
(variable tones: 13 dB, base tone: 37 dB) are shown.
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and by adjusting the amplitude of the distinguishing frequency components of all

stimuli (Figure 2.3d). For the spectral similarity manipulation, the frequencies of the two

pairs of tones in non-target stimuli were dynamically selected throughout the training

session, becoming increasingly similar to the target frequencies as difficulty increased

(Figure 2.3c). Importantly, unlike the target stimuli, the difference in frequency between

the two pairs of tones in non-targets was not fixed, allowing greater variability across

trials. In parallel, the amplitude manipulation involved progressively attenuating the

amplitude of the four variable tones in both target and non-target stimuli at higher

difficulty levels, while keeping the amplitude of the base tone (220 Hz) constant

(Figure 2.3d). This attenuation reduced the perceptual prominence of the spectral

features that differentiated the stimuli, effectively decreasing the quality of the acoustic

signal (signal-to-noise ratio, SNR) andmaking it more challenging to distinguish between

target and non-target sounds at higher difficulties.

2.5 Evaluation of task performance

Given the adaptive nature of the task (Figure 2.3a), performancewas primarily evaluated

using the average level reached across all trials per training session, as it best captured

task performance (Figure 2.4). To relate task performance to the physiological data

acquired on Days 1, 5, 9 and 12 (Figure 2.5), we measured performance from those

specific sessions.

2.6 Longitudinal training paradigm

Each participant completed twelve consecutive days of training, as depicted in Figure 2.5.

The training task was performed either during MEG recordings (Days 1, 5, 9 and 12)

or at home using a provided tablet and headphones on the remaining days. Some

younger participants (Subjects 1 to 6) underwent a fifth recording on Day 3, as the

initial paradigm included five MEG sessions. However, it was later determined that this

schedule was too demanding for the older participants, so the number of sessions was
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Figure 2.4: Task performance evaluation measures. Example of a training session showing level
progression level across all trials. The solid line represents the average level reached during the session,
while the dashed line indicates the maximum level. The average level provides a better overall descriptor
of task performance.

reduced to four. To standardize the number of MEG sessions across participants, the

extra session on Day 3 was excluded from the analysis. The demographic information

and the audiometric evaluation, detailed in Sections 2.1 and 2.2, and Table 2.2, were

collected before the first training session on Day 1.

Figure 2.5: Study schedule. All participants underwent auditory perceptual training over twelve
consecutive days. The training task was performed either during MEG sessions (Days 1, 5, 9, and 12) or
at home using a tablet. Cognitive tests were also administered before training on Day 1 and following
the MEG training session on Day 12. A structural MRI volume was acquired on Day 12 following the last
MEG session. *Some participants in the younger group had an additional MEG session on day 3.
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2.7 Cognitive assessments

Three different cognitive tests were administered to each participant before the first

training session on Day 1 and after the last training session on day 12 (Figure 2.5):

the Rey Auditory Verbal Learning Test (RAVLT), the Aggie Figures Learning Test (AFLT)

and the Stroop Color and Word Test (SCWT). This section describes the tests and the

scoring methods used to evaluate participant performance.

Figure 2.6: Description of the cognitive tests used to evaluate generalization to untrained tasks.
a) Description of the Rey Auditory Verbal Learning Test. b) Description of the Aggie Figure Learning Test
modified from Robertson et al. (2018). c) Example of the written Stroop Color Word Test used.

A separate group of eight younger participants (20–28 years; mean age: 23.5 years;

6 females) who did not undergo auditory training was included to control for potential

test-retest effects on the cognitive assessments (Bürki et al., 2014; Fehr et al., 2014). This

untrained control group completed the same cognitive tests as the trained participants
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during two sessions separated by twelve days (same time interval as the training

period).

Rey Auditory Verbal Learning Test (RAVLT)

The RAVLT is a neuropsychological tool used to assess episodic memory by evaluating

verbal learning and memory (Rey, 1964). The test involves five consecutive

presentations of a 15-word list (List A). After each presentation, the participant is asked

to verbally recall as many words as possible (Trials 1–5). Next, a new 15-word list (List

B) is presented, followed by a recall test for List B (Trial 6). Afterwards, the participant

is asked to recall the words from List A again (Trial 7). After completing other tasks

for approximately 30 minutes, the participant is asked to recall the words from List A

again (Trial 8). Finally, two recognition trials follow, where all the words from List A are

mixed with some words from List B and with 20 distractor words absent on either list.

The participant then identifies which words belong to List A (Trial 9), and the same

process is repeated for List B (Trial 10) using all words from List B, some words from

List A, and the distractor words (Figure 2.6a). To minimize test-retest effects, different

word lists were used for each session.

To score the RAVLT, five measures were selected, as described in Table 2.3.

Total Score reflects the retention of words across the five repetitions (Trial 1–5).

Learning Gainmeasures learning progress by showing the difference in word retention

between the first (Trial 1) and the last (Trial 5) trials. The Delayed Recall Index

represents the forgetting rate of learned words, indicating how many words were

forgotten during delayed recall (Trial 8), which occurs around 30 minutes after the final

repetition (Trial 5). Retroactive Interference illustrates the difficulty of retaining List A

in memory after learning List B. Proactive Interference captures the challenge of

learning new words (List B) when a previous list (List A) already exists in memory.
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Table 2.3: Score calculation and interpretation of RAVLT performance.

Total Score
Trial1 + Trial2 +

Trial3 + Trial4 + Trial5

Total retention of words across

repetitions
Moradi et al. (2017)

Learning

Gain

(Trial5− Trial1)

Trial1

Retention difference after trial

repetition: higher number

means more learning

Modified from

“RAVLT Learning”

Moradi et al. (2017)

Delayed

Recall Index

(Trial8− Trial5)

Trial5

Forgetting rate of learnt words:

negative numbers mean words

forgotten

Modified from

“RAVLT forgetting” in

Moradi et al. (2017)

Retroactive

Interference

(Trial5− Trial7)

Trial5

Interference of List B to retain

List A information: higher

number means more words

forgotten due to interference

Modified from

Ricci et al. (2012)

Proactive

Interference

(Trial1− Trial6)

Trial1

Interference of List A retention

to learn List B information:

higher number means less

words learnt from List B due to

interference

Modified from

Ricci et al. (2012)

Name Calculation Interpretation Reference

Aggie Figure Learning Test (AFLT)

The AFLT is a visual memory test designed as a non-verbal analog of the RAVLT

(Majdan et al., 1996; Sziklas and Jones-Gotman, 2008), and thus has a similar structure

(Figure 2.6b). Participants are first presented with a set of 15 abstract symbols (List A)

and asked to draw as many symbols as they can remember. This process is repeated

five times (Trial 1–5). Next, a second set of 15 abstract symbols (List B) is presented, and

the participant must recall and draw symbols from List B (Trial 6), followed by another

recall attempt for List A (Trial 7). After a 30-minute delay, during which other tasks are

completed, participants are asked to recall symbols from List A again (Trial 8). Finally,

all symbols from List A are then mixed with symbols from List B and distractor symbols

not found in either List, then participants must identify which symbols belonged to List

A (Trial 9). The same procedure is repeated for List B (Trial 10). To compare between

visual (AFLT) and auditory (RAVLT) modalities, AFLT performance was evaluated using
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the same scoring measures as the RAVLT (Table 2.3). Additionally, retest effects were

minimized by using different symbol lists on each testing session.

Stroop Color and Word Test (SCWT)

The SCWT is widely used to evaluate cognitive interference inhibition, with several

scoring methods available (Scarpina and Tagini, 2017). For this study, we employed a

simplified, time-constrained version of the Stroop test, focusing solely on the color-word

condition. Each participant received a printed Stroop list (Figure 2.6c) consisting of

two sections: the color-word Stroop task with 100 words and response boxes, both

arranged in four columns. The layout was adapted to each participant’s handedness

by positioning the response boxes on the left for left-handed individuals, and to

their language preference by using either French or English words. Participants were

instructed to write the first letter of the ink color in which each word was printed in the

corresponding box. The final score for this task, referred as “color-word score”, was

based on the total number of correct responses recorded within the 40-second time

limit.

2.8 Magnetic Resonance Imaging

For each participant, a three-dimensional T1-weighted structural MRI volume covering

the entire brain was acquired on Day 12 (Figure 2.5) using a 3T Siemens Prisma

scanner with an 8-channel head coil, to obtain high-resolution anatomical images

for segmentation and co-registration with the functional imaging data. The scanning

parameters were: repetition time = 27 ms, echo time = 9.20 ms, between 176 and 192

sagittally oriented slices with a slice thickness of 1 mm, voxel size of 1×1×1 mm3, and

field of view = 240×256 mm2.
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2.9 Magnetoencephalography

All MEG recordings were processed following recommended good practices for group

analysis (Gross et al., 2013; Tadel et al., 2019) using MATLAB 2021b in combination

with the Brainstorm software (Tadel et al., 2011). Each step of the analysis, from data

acquisition to connectivity assessment, is described in subsequent sections.

2.9.1 MEG acquisition and stimuli presentation

First, the head of each participant was digitized with at least 100 points distributed

across the scalp, eyebrows, and nose, using a Polhemus FASTRACK system (Polhemus

Inc., Colchester, VT, USA), to co-register individual MEG data with structural MRI. To

control for head movement inside the MEG helmet, three head-positioning coils were

placed at fiducial anatomical locations (nasion, left and right pre-auricular points).

Blinks and eye movements were recorded using bipolar electro-oculographic (EOG)

leads placed about 1 cm above and below one eye, and about 1 cm lateral of the

outer canthi. Two channels, placed under the right clavicle and at the bottom left

of ribcage, were used to record electrocardiographic (ECG) activity. An electrical

ground was located at the left clavicle. MEG was recorded using a 275-channel (axial

gradiometers) whole-head MEG system (CTF MEG International Services Ltd.) in a

magnetically shielded room at a rate of 12 kHz. An empty room recording (a recording

without the participant inside the shielded room) was acquired immediately before or

after each MEG session.

Stimuli were generated using a Sound Blaster X-Fi Titanium HD audio card (Creative,

Jurong East, Singapore) connected to a pair of E-A-RTONE 3A insert earphones (3M

Company, Indianapolis, Indiana) via a plastic tube. The inducers were secured under a

shielded sheath on the floor to prevent electromagnetic contamination of MEG signals.

The audio output was measured against the stimulus using a sound level meter and an

ear-canal adapter, revealing no significant attenuation below 7 kHz.
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2.9.2 MEG pre-processing

Head tissue segmentation and cortical surface tessellationwere obtainedwith Freesurfer

(Dale et al., 1999; Fischl et al., 2002; Reuter et al., 2012), which is documented and freely

available online (http://surfer.nmr.mgh.harvard.edu/). The anatomy, head mask and

surface reconstruction were reviewed and co-registered with the scalp digitization

from the MEG sessions, as detailed by Tadel et al. (2023).

All data were resampled to 600 Hz. A band-pass filter (0.3–200 Hz) and notch

filters (60, 120, and 180 Hz) were applied to remove noise from lower frequencies and

power line contaminations. Using the EOG and ECG channels, vertical and horizontal

eye movements and cardiac events were detected and removed using signal-space

projection (SSP).

A power spectral density (PSD) of MEG sensor data was estimated using Welch’s

method to identify noisy channels and detect artifacts. Any repeatable artifacts not

removed by previous processing were then eliminated by applying generic SSPs or

rejecting bad segments.

Each trial was identified by their response type (Hit, WH, Miss and FP) and imported

to Brainstorm. Epochs were defined as the period from -1 to 4 seconds, with 0

corresponding to the onset of the cue, as detailed in Figure 2.2. Any epochs still

containing artifacts were excluded if they deviated by more than ±3 median absolute

deviations from the calculated median of either signal amplitude or gradients, using an

algorithm described by Wiesman et al. (2022), now integrated into Brainstorm (Tadel

et al., 2024).

2.9.3 MEG Source Mapping

Cortical source models were constrained to the cortical surface of each participant.

Individual head models were computed using the overlapping-spheres method

implemented in Brainstorm, with default parameters and a resolution of 15,000 vertices.

http://surfer.nmr.mgh.harvard.edu/
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The orientations of the MEG dipoles were constrained to be perpendicular to the

cortical surface.

Dynamic statistical parametric mapping (dSPM) was used for source estimation

(2018 Brainstorm version), incorporating noise covariance statistics derived from

empty-room recordings, with regularization based on the median eigenvalue. All other

parameters followed the default Brainstorm settings, including a regularization SNR of

3, and a depth-weighting order of 0.5.

Table 2.4: Brainstorm “scouts” used to create each ROI. The scout labels shown can be found as-is in
the Brainstorm version of the 100-parcel 7-Network Schaefer surface under the label “Schaefer_100_7net”.

Auditory

cortex

Left SomMot_1 L

Right SomMot_1 R

Dorsal

Attention

Network

Left

DorsAttn_FEF_1 L, DorsAttn_Post_1 L, DorsAttn_Post_2 L,

DorsAttn_Post_3 L, DorsAttn_Post_4 L, DorsAttn_Post_5 L,

DorsAttn_Post_6 L, DorsAttn_PrCv_1 L

Right

DorsAttn_FEF_1 R, DorsAttn_Post_1 R, DorsAttn_Post_2 R,

DorsAttn_Post_3 R, DorsAttn_Post_4 R, DorsAttn_Post_5 R,

DorsAttn_PrCv_1 R

Ventral

Attention

Network

Left

SalVentAttn_FrOperIns_1 L, SalVentAttn_FrOperIns_2 L,

SalVentAttn_Med_1 L, SalVentAttn_Med_2 L,

SalVentAttn_Med_3 L, SalVentAttn_ParOper_1 L,

SalVentAttn_PFCl_1 L

Right

SalVentAttn_FrOperIns_1 R, SalVentAttn_Med_1 R,

SalVentAttn_Med_2 R, SalVentAttn_TempOccPar_1 R,

SalVentAttn_TempOccPar_2 R

Visual cortex

Left
Vis_1 L, Vis_2 L, Vis_3 L, Vis_4 L, Vis_5 L, Vis_6 L, Vis_7 L,

Vis_8 L, Vis_9 L

Right
Vis_1 R, Vis_2 R, Vis_3 R, Vis_4 R, Vis_5 R, Vis_6 R, Vis_7 R,

Vis_8 R

ROI Hemisphere Brainstorm “scout” label

Sources were estimated for each individual trial and subsequently projected onto

the ICBM 152 2009c Non-linear Asymmetric brain template (Fonov et al., 2009, 2011) to
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Figure 2.7: Regions of interest. The auditory cortex (AC; red), dorsal attention network (DAN; blue),
ventral attention network (VAN; orange), and visual cortex (green), as defined by Yeo et al. (2011)
and Schaefer et al. (2018; see Figure 1.6), are shown across lateral, medial, dorsal, and ventral views.
Subregions are labeled according to common nomenclature in the literature: auditory cortex includes
Heschl’s gyrus (HG) and posterior superior temporal gyrus (pSTG); DAN includes frontal eye fields (FEF),
intraparietal sulcus (IPS), superior parietal lobule (SPL), middle temporal area (MT+), and inferior frontal
junction (IFJ); VAN includes anterior insula (AI), anterior middle frontal gyrus (aMFG), anterior cingulate
cortex (ACC), supplementary motor area (SMA), anterior frontal operculum (aFO), and temporoparietal
junction (TPJ).

enable group analyses.

2.9.4 ROI definition

Based on the background described in Introduction (Section 1.3.1), the following regions

of interest (ROIs) were selected: auditory cortex (AC), dorsal attention network (DAN),

ventral attention network (VAN), and the visual cortex as a control region. Each of these

ROIs was defined using multiple parcels from the 100-parcel 7-Network Schaefer surface

atlas (Schaefer et al., 2018) adapted for Brainstorm (labelled as “Schaefer_100_7net”).
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The specific parcels chosen for each ROI and hemisphere are indicated in Table 2.4,

and a visualization of the ROIs on the cortex is shown in Figure 2.7.

2.9.5 Time-domain analysis

For the analysis of event-related responses, individual trials were first low-pass filtered

at 20 Hz, following the recommendations of Zhang et al. (2024). Subsequently, all

trials from each response type (Hits, Withholds, or both) were averaged, and their

absolute values were calculated. A z-score baseline correction was applied using the

-500 to 0 ms interval as the baseline. The average across all vertices in each defined

ROI (as listed in Table 2.4) was then extracted.

We defined five time segments of the event-related MEG responses as of interest

to our study, as detailed in Table 2.5. The period preceding the cue, referred to

as “Baseline”, captured baseline activity prior to the cue and was extracted from

non-baselined averages of the trials. The maximum cortical response to the cue was

termed “Cue”, while the maximum response to the training stimuli was referred to

as “M100”, representing the primary auditory response. The preparatory activity

leading up to the M100 response was measured in the ERF time segment labelled as

“preM100”. Finally, the time segment labelled “Later component” was used to explore

the extended activity following the M100 response.

To assess hemispheric differences, we calculated a laterality index for the selected

ERF segments (Table 2.5), following the method described by Seghier (2008). The

index was computed as the difference in activation between the left (L) and right (R)

hemispheres, scaled by their sum of absolutes:

Laterality index =
L− R

|L|+ |R|

This approach provides a normalized measure of hemispheric dominance, where

positive and negative values indicate left- and right-hemisphere dominance,

respectively. The use of the absolute sum ensures the calculation is robust when the
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measures used might include negative values such as z-scores. For bilateral ROIs such

as the DAN and VAN (Figure 2.7), activation was separated into regions corresponding

to the left and right hemispheres before calculating the index, as detailed in Table 2.4.

Table 2.5: Overview of selected event-related fields components and their related measures.
Time periods are relative to Cue onset unless specified otherwise.

Baselinea Baseline activity prior to the cue -500 to 0 ms Average amplitude

Cue Cortical response to the cue 50 to 150 ms Maximum amplitude

preM100
Preparatory activity leading up to

the M100

475 to 775 ms

(-300 to 0 ms)b
Average amplitude

M100 Primary auditory response
825 to 925 ms

(50 to 150 ms)b
Maximum amplitude

Later

component

Extended response following

M100, reflecting later cognitive

effects

975 to 1275 ms

(200 to 500 ms)b
Average amplitude

ERF segment Descriptor Time period Measure

a Non-baselined data was used to calculate the average amplitude.
b Period relative to the Stimulus onset.

2.9.6 Time-frequency analysis

To transform the cortical time series into the time-frequency domain, we used the

mtmconvol function from the FieldTrip toolbox (Oostenveld et al., 2011), as implemented

in Brainstorm. A Hann (i.e., “hanning”) taper with a fixed window length of one second

and time steps of 25 ms was applied prior to a Fast Fourier Transform (FFT) across the

full epoch (-1 to 4 s) for frequencies from 2 Hz to 50 Hz in steps of 1 Hz, selecting power

as the output measure. Then, the average power of each cortical source time series

across individual trials for each response was computed. Finally, the mean power

across all cortical sources within each ROI was calculated.

Three periods within the epoch were selected based on the observed spectral

activity in the grand average of all recording sessions across all participants (Figure 2.8).

The “Baseline” period, spanning from -500 to -25 ms before cue onset, was chosen
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to examine changes independent of the task. The pre-stimulus (“preStim”) period,

covering from 250 to 650ms after cue onset, was selected to assess preparatory activity

leading up to the response to the stimuli. Finally, the post-stimulus (“postStim”) period,

from 1000 to 1500ms after cue onset (or 225 to 725ms following stimulus presentation),

was used to examine response-related activity. For pre- and post-stimulus periods,

baseline normalization was applied to the average power of each ROI using the

event-related perturbation method on the interval between -500 and -25 ms before

the cue. No baseline correction was applied for the analysis of the Baseline period.

The average power across these periods in the alpha (8–12 Hz) and theta (4–7 Hz)

bands was extracted.

2.9.7 Connectivity

To assess the functional connectivity between the right dorsal attention network (right

DAN) and right auditory cortex (right AC), complex coherence was computed through

Brainstorm on active (preM100: 475 to 775 ms after the Cue or -300 to 0 ms prior

stimulus onset) and passive (baseline: -300 to 0 ms) periods between the cortical time

Figure 2.8: Time sections selected for the time-frequency analysis. Both panels show the average
spectrograms across all recorded training sessions for all participants without baseline normalization (a)
to extract the “Baseline” period, or with baseline normalization using the event-related perturbation
method (b) to obtain the pre- and post-stimulus periods (“preStim” and “postStim”, respectively).
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series of the right AC and the right DAN per each individual trial.

Coherence was estimated using the magnitude-squared coherence method,

which evaluates the consistency of phase and amplitude between time series. A

Fourier transform with default parameters was chosen to obtain the time-frequency

transformation. After obtaining the connectivity metric, the mean coherence was

determined for each ROI, and coherence estimates were then averaged across all trials.

Then, the average coherence across all frequencies between 1 and 20 Hz was computed,

using the same frequency range as in the time-domain analysis (Section 2.9.5).

Finally, coherence estimates during the preM100 period were scaled with respect

to connectivity values observed over the passive (baseline) periods:

% change =
active− passive

passive

This resulted in percent-change estimates from baseline for each participant, day, and

response type.

2.10 Statistical analysis

Considering the repeated measures design (age group > subject > training day)

implemented in this project (Figure 2.5), we used general linear models and linear

mixed models, as they accommodate dependent variables by including both fixed

and random effects. Statistical analysis formulas are provided in the supplementary

tables (Section S.1) displaying the statistical estimates (est.), with participants and

training sessions treated as random effects where appropriate. All linear mixed-effects

modeling was conducted using the lme4 package (Bates et al., 2015) in R (R Core

Team, v4.3.1; 2023), with the predictmeans package (Luo et al., v1.0.8; 2022) used for

significance testing, easystats (Lüdecke et al., v0.7.0; 2022) for model diagnostics and

dplyr (Wickham et al., v1.1.3; 2023) for data processing. When interaction terms were

not significant, models were simplified to include only the main effects to provide

a clearer interpretation of the primary relationships. Multiple comparisons were



Methodology 68

corrected across related hypotheses using the Benjamini and Hochberg (1995) method

to control the false discovery rate (FDR), with a significance threshold set at pFDR <

0.05. Outliers were identified and excluded based on standardized residuals from

each model. Data points with absolute residuals exceeding the 97.5th percentile were

removed from the analysis.

2.10.1 Regressions and correlations

The association of different regressors, such as demographic or cognitive variables,

with the behavioral and neurophysiological data was computed using linear models.

To evaluate the contribution of individual regressors to the explained variance, the

difference in marginal coefficients of determination (R2) was calculated using the

MuMIn package (Barton, v1.47.5; 2023) in R. The marginal R2 represents the proportion

of the variance explained solely by the fixed effects of a linear mixed model. First,

the marginal R2 of the full model (R2full), which included all regressors of interest,

was computed. Next, a reduced model was constructed by excluding the regressor

of interest (fixed effect), and its marginal R squared (R2red) was determined. Finally,

the contribution of the specific regressor to the explained variance was obtained by

subtracting the marginal R2 of the reduced model (R2red) from that of the full model

(R2full). This approach isolates the variance uniquely attributable to the regressor of

interest while controlling for the influence of other fixed effects in the model.

2.10.2 Mediation

A causal mediation analysis was performed to examine whether the effect of the

independent variable (training day) on the dependent variable (outcome) was facilitated

by an intermediary variable (mediator). The model employed linear mixed-effects

models to account for the hierarchical structure of the data. The mediator model was

specified as:

[Mediator variable] ~ Day + (1 + Day | Subject)
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while the outcome model was represented as:

[Outcome variable] ~ Day + [Mediator variable] + (1 + Day | Subject).

Model specifications and statistical results for each mediation analysis are provided in

their respective supplementary table (Section S.1). The mediation package in R (Tingley

et al., 2014) was used to perform this analysis.

2.11 Visualization

All cortical maps and time-frequency visualizations were produced with Brainstorm.

Event-related response plots and task descriptions were created with MATLAB R2021b.

Additional visualizations were produced in R using the ggplot (Wickham, 2016) and

ggprism (Dawson, v1.0.4; 2022) packages.



70

3
Results

In this chapter, we present the results of our study on the effects of auditory perceptual

training in younger and older adults. We begin by describing participants’ behavioral

performance on the auditory task, including improvements over the course of training

and transfer effects to untrained cognitive tasks (Section 3.1). Next, we analyze

training-induced neurophysiological changes in the auditory cortex, focusing on the

M100 component of auditory event-related responses and differences associated with

age (Section 3.2). We then investigate the role of attention in training-induced auditory

cortical plasticity, assessing pre-stimulus activity in attention networks and changes in

power in the alpha and theta frequency bands (Section 3.3). Finally, we explore the

relationship between behavioral performance and the observed neurophysiological

changes (Section 3.4).
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3.1 Age-related differences in performance and learning

transfer of an auditory perceptual training task

3.1.1 Overview and rationale

We mentioned in the Introduction (Section 1.4) that studies of perceptual learning

have reported beneficial behavioral effects in both younger and older adults (Bieber

and Gordon-Salant, 2021; Colby et al., 2018; Gilbert and Rogers, 1996; Karawani et al.,

2016). However, other studies show decreased performances in older adults (Alain and

Snyder, 2008; Brehmer et al., 2016). Following perceptual training with an auditory task,

generalization of performance gains to other tasks has been observed inconsistently

(Delhommeau et al., 2002; Fitzgerald and Wright, 2011; Karawani et al., 2016; Zaltz

et al., 2020), but becomes more robust when training paradigms are more challenging

(Flegal et al., 2019).

In the present study we aimed to:

1) Measure changes in performance on the auditory perceptual discrimination task

throughout training in both age groups.

2) Assess the generalization of any gain in task performance induced by auditory

training to other cognitive tasks.

We hypothesized that both older and younger participants would benefit from

auditory perceptual training, showing significant improvements in task performance

across training days. Additionally, given the challenging nature of the auditory task, we

anticipated that training benefits would generalize to other cognitive tasks such as the

Rey Auditory Verbal Learning Test (RAVLT). In particular, we expected that older adults,

who generally have lower baseline cognitive performances compared to younger adults

(Daigneault et al., 1992; Van Der Elst et al., 2005; Savage and Gouvier, 1992; Tuokko

et al., 2017; Wecker et al., 2000), would have greater potential for improvement.
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3.1.2 Perceptual task performance improves with training

We implemented linear mixed effects models (LMM) to examine the effect of training

on task performance across age groups. We found a significant interaction between

training day and age group on the average performance level reached per day (est.=0.29,

Figure 3.1: Performance improves across training days. a) Average level reached per day per
participant (individual points), separated by age group (younger: green, older: purple). The linear mixed
model fit (solid line) per age group is shown across training days, with the shaded area representing the
95% confidence interval. Slopes for each participant (right panel) are displayed, showing significant
differences between age groups (interaction effect) and the improvement in task performance with
training. b) Average level reached per day with continuous age as predictor. Each line represents the
linear fit for a participant, with colors representing their age (color scale from 20 to 77 years). The
right panel shows the model fit for each participant, highlighting the age effect on performance. The
interaction effect between training day and group (pgroup×day) or age (page×day) is shown. pyounger and polder
represent the main effects of training day for the younger and older groups, respectively. Significance
threshold is set as p<0.05 for all comparisons.
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p=0.003), suggesting distinct improvement patterns for each age group over time

(Figure 3.1a). Additionally, to test whether this relationship was influenced by the

grouping of participants by age, we used another LMMwith age in years as a continuous

predictor instead of age group. This model also indicated a significant interaction

between age and training day (est.=-0.01, p=0.001) as shown in Figure 3.1b. When each

age group was evaluated separately, both showed significant task improvement over

time (Younger: est.=0.45, p=4×10-4; Older: est.=0.16, p=0.002; Figure 3.1a). All sixteen

participants improved in the task, with mean slopes of 0.43 (SD=0.21) in younger adults

and 0.16 (SD=0.11) in older adults. Similar results were observed while evaluating

performance with the maximum level reached on each day, as described in Table S.1.

3.1.3 Experimental setting influences behavioral performance

For a comprehensive assessment of task performance, we also analyzed the behavioral

data collected from tablets during the home training sessions and compared behavioral

performances between the at-home and MEG sessions (Table S.2). We found that

average performances during MEG sessions were substantially lower than during

at-home sessions (est.=-2.54, p=4×10-14; Figure 3.2) with no significant interaction

between group and day (est.=0.16, p=0.145). In both experimental settings, we observed

significant improvements in performance with training for both groups, both when

pooled together (est.=0.30, p=5×10-5) and separately (Younger: est.=0.36, p=1×10-6;

Older: est.=0.23, p=0.026). The experimental setting did not exhibit differential effects

on the performance of older and younger adults (est.=-0.81, p=0.187).

3.1.4 Gains in performance generalize to untrained memory and

inhibition tasks

We tested whether learning transfer effects manifested on the Rey Auditory Verbal

Learning Test (RAVLT) and the Stroop Color-Word Test (SCWT), as described in Methods

(Section 2.7). In the RAVLT (Figure 3.3a, Table S.3), participants showed higher
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Figure 3.2: Performances are affected by experimental settings. Average task performance levels of
younger (green) and older (purple) participants across MEG sessions (dashed line) and at-home sessions
(solid line). Performances were significantly different between session types (psession), although both
groups of participants improved across training days in both settings (pday, pyounger and polder).

LearningGain scores (est.=0.36, pFDR=0.029) and lower Proactive Interference (est.=-0.31,

pFDR=0.004) after the training protocol. When each age group was analyzed separately,

older participants exhibited significant improvements in both measures, with 87.5% of

them improving in Learning Gain (µ=0.61±0.43, est.=0.61, pFDR=0.016) and 100% in

Proactive Interference (µ=-0.41±0.18, est.=-0.42, pFDR=0.003). Younger adults showed

mixed results, with 42.9% (µ=0.11±0.63, est.=0.09, pFDR=0.663) and 62.5% (µ=-0.20±0.43,

est.=-0.20, pFDR=0.476) of the participants improving in Learning Gain and Proactive

Interference, respectively. Interaction effects were not significant after correcting for

multiple comparisons (Learning Gain: est.=-0.52, pFDR=0.168; Proactive Interference:

est.=0.32, pFDR=0.168). However, without the interaction term, we found significant

group differences in Total Score (est.=8.69, pFDR=0.013) and Proactive Interference

(est.=-0.22, pFDR=0.038), with younger adults outperforming older adults.

We then performed t-tests to compare the respective performances of the two
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Figure 3.3: Learning transfer effects on RAVLT, SCWT and AFLT measures. We observed significant
learning transfer effects in measures from the Rey Auditory Verbal Learning Test (RAVLT, panel a)
and Stroop Color and Word Test (SCWT, panel b). Scores are shown per individual and group for Pre-
(S1) and Post-training (S2) sessions. Participants are split by age and training status, with untrained
and trained younger adults shown in gray and green, respectively, and trained older adults in purple.
a) Learning gain (left) and Proactive Interference (right) scores exhibit significant improvements only in
older adults after training. b) Color-word score of each participant in the SCWT, showing significant
training effects on both age groups. c) Learning gain (left) and Proactive Interference (right) scores in
the Aggie Figure Learning Test (AFLT), used to evaluate whether transfer effects were specific to the
auditory modality. No significant training effects were observed. Only effects with p-values below 0.05
after multiple comparisons corrections are signaled. For statistical results on non-significant effects or
additional comparisons, refer to Tables S.3 to S.5. **p<0.01, *p<0.05.

age groups before and after training. For Learning Gain, we observed no significant

differences between the two groups in any session (all p>0.05). In contrast, we observed

a reduction in performance disparity in Proactive Interference, where the performance

of older adults improved and became statistically equivalent to that of younger adults
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after training (Pre-training: est.=-0.33, p=0.015; Post-training: est.=-0.10, p=0.447).

In the SCWT (Figure 3.3b, Table S.4), training led to higher color-word scores in 86.67%

of participants (est.=5.03, pFDR=0.001). Specifically, 87.50% of younger (µ=5.88±4.02,

est.=5.88, pFDR=0.026) and 85.71% of older adults (µ=4.00±3.87, est.=4.17, pFDR=0.035)

showed significant improvements in Stroop scores. We also observed significant

differences between younger and older adults (est.=12.47, pFDR=0.002) that persisted

in both pre- (est.=11.62, p=4×10-4) and post-training (est.=13.16, p=0.002) sessions,

with younger adults consistently outperforming older adults.

To confirm that the observed transfer effects were not driven by repeated exposure

to the cognitive tasks, we included an untrained younger control group, which

showed no change between sessions on any measure (all p>0.3; Figure 3.3). We next

evaluated whether the transfer effects were specific to the auditory modality through

performances on the visual-attention Aggie Figure Learning Test (AFLT, Figure 3.3c,

Table S.5), which would reveal broader cognitive benefits of the auditory training

beyond those that are modality specific. We observed an interaction effect for Learning

Gain (Session×Group: est.=-0.86, p=0.041), indicating that the performance of all

younger adults declined after training (µ=-0.60±0.68, p=0.043), while 57.14% of older

adults showed improvements (µ=0.23±0.84, p=0.651). No other significant training

effects were found (all p>0.05). Significant group differences emerged across multiple

measures: Total Score (est.=21.69, p=0.001), Delayed Recall Index (est.=0.13, p=0.003),

Retroactive (est.=-0.17, p=8×10-5) and Proactive Interference (est.=-0.48, p=0.001), with

younger adults generally performing better than older adults, as expected.

Finally, we assessed potential relationships between task performance and the

cognitive measures showing learning transfer. We computed correlations for each

age group between the change in task performance, determined by the slope of each

participant’s average level across training days, and the change in cognitive scores

between sessions (Table S.6). The cognitive scores were based on the difference

between Post- and Pre-Session values for Learning Gain and Proactive Interference



Results 77

measures in the RAVLT, as well as the SCWT scores. We found a correlation trend

between task performance and Learning Gain in RAVLT in older adults (p=0.050).

3.1.5 Summary

We measured the performance of younger and older adults in the auditory

perceptual training task, their progress across training days, and evaluated possible

learning transfers to untrained cognitive tasks. Both age groups showed significant

improvements in task performance across training days, with older adults exhibiting

more modest performance increases. Task performances were lower during MEG

sessions compared to at-home sessions, but both training settings yielded significant

improvements over sessions. Training effects generalized to the RAVLT and SCWT,

with significant gains for RAVLT measures only by older adults, while both age groups

showed improvements in the SCWT. However, no significant relationships were found

between task performance and measures of learning transfer.

Overall, these results align with our initial hypotheses, demonstrating that both

younger and older participants benefited from auditory perceptual training. Both

groups showed significant task improvements across training days, with evidence of

learning transfer to untrained cognitive tasks, particularly in older adults. These findings

establish the training paradigm’s ability to elicit meaningful behavioral improvements.

In the next section, we explore whether these gains correspond to measurable changes

in brain activity.
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3.2 Age-dependent activation of right auditory cortex

during perceptual auditory training

3.2.1 Overview and rationale

To investigate the cortical mechanisms underlying improvements in task performance

after auditory training, we examined related neurophysiological changes in the auditory

cortex. As outlined in Section 1.4.1, auditory training has been previously linked to

variousmanifestations of neural adaptation, especially modulations of ERP components

with EEG. Accordingly, we analyzed auditory responses across multiple segments of

evoked brain responses, with a focus on the M100 MEG component.

Our specific aims were to:

1) Evaluate whether longitudinal perceptual learning differentially influences cortical

auditory processes in young and older individuals, especially around the∼100-ms

M100 latency.

2) Perform an exploratory analysis of possible modulations of other event-related

cortical responses with auditory training.

3) Examine if these changes are associated with improved task performance and/or

the generalization to untrained cognitive tasks.

The auditory cortex displays functional lateralization, with the right hemisphere

exhibiting superior auditory spectral resolution (Albouy et al., 2020; Zatorre and Belin,

2001). Because our training task involved frequency discrimination, we expected

most changes induced by learning to manifest in the right auditory cortex. Based

on cognitive aging models (CRUNCH and HAROLD), we predicted that older adults

would exhibit higher activity and reduced right-hemisphere lateralization in auditory

cortices for similar levels of task performance compared to younger adults. We also
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hypothesized that these age-related differences would be mitigated or even reversed

after training, with responses from the auditory cortex of older adults becoming more

aligned with those of younger adults.

3.2.2 Age-related amplitude differences of the M100 auditory

response across training

The M100 auditory response within 50–150 ms following stimulus onset reflects the

initial cortical encoding stages of the auditory stimulus (Biermann and Heil, 2000; Pratt,

2011). Therefore, we did not expect to observe amplitude or latency differences of

the M100 between the Hit versus Withhold trials. For this reason, we combined both

trial types into a single category labelled as “Correct Responses”. Incorrect responses,

comprising Misses and False Positives, were excluded from the analysis as these

response errors may have resulted from either distraction or genuine mistakes on

behalf of the participants.

For each MEG training session per participant, the maximum amplitude of the

M100 response (50–150 ms post-stimulus onset; 825–925 ms after Cue onset) was

extracted bilaterally from the auditory cortex (see Table 2.4 and figure 2.7 for ROI

definitions), using MEG cortical source maps averaged across all correct trials (Hits and

Withholds). We used linear mixed models (Table S.7) to examine changes in these

M100 amplitudes in each hemisphere across age groups and training sessions.

There was no significant interaction between training sessions and age groups, nor

any training-related effect, in the left auditory cortex; however, a significant group

difference was identified (est.=-5.63, p=0.010; Figure 3.4c): older adults exhibited

stronger M100 responses in the left auditory cortex, compared to younger adults

(Figure 3.4a). In the right auditory cortex, we found a significant interaction between

training day and group (est.=-0.52, p=0.002; Figure 3.4b,d). Separate analyses for each

age group revealed a significant increase of the M100 amplitude over the course of

training in older adults (est.=0.41, p=0.007), with 100% of participants in this group
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Figure 3.4: Age-related differences in the M100 component of the right auditory event-related
response. Top panels (a and b): Comparison of the averaged response per training day in the left
(a) and right (b) auditory cortices for each group (top row: younger adults, bottom row: older adults).
The shaded region (50–150 ms after stimulus onset) highlights the time window used to extract the
maximum M100 amplitude. Inlaid cortical maps, using a 40% amplitude threshold and projected onto a
default brain, show the difference in baseline-corrected brain activity between Day 12 and Day 1 at
the average latency of the maximum M100 amplitude (marked by a dashed grey line in the response,
with latency values in ms). Arrows point to the ROI (unshaded region) used to extract the averaged
response. Bottom panels (c and d): Individual maximum M100 amplitude per day, divided by group
(green: younger, purple: older) and hemisphere (left: c, right: d). Linear mixed model fits (solid lines) are
shown per age group across training days, with shaded areas representing 95% confidence intervals.
The inset displays the slopes fitted for each participant. Only a main effect of group was observed in the
left auditory cortex (c). In the right auditory cortex, an interaction between group and training day was
observed: older adults showed a significant increase in M100 amplitude with training, while younger
adults showed no significant differences (d). **p<0.01.
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exhibiting a positive slope (µ=0.60, SD=0.65). In contrast, no such change was observed

in younger adults (est.=-0.12, p=0.238), with only 25% of the participants showing such

increases (µ=-0.12, SD=0.17). To explore this effect further, we used years of age as a

predictor instead of age group. This approach also revealed a significant interaction

of the M100 amplitude with training days and years of age, albeit only in the right

auditory cortex (est.=0.01, p=0.031).

Figure 3.5: Auditory hemispheric differences in M100 amplitude during auditory training. a)
Laterality index [(L-R)/(|L|+|R|)] over training days for younger (green) and older (purple) adults.
Positive and negative values indicate left- and right-hemisphere dominance, respectively. No significant
interactions nor main effects were observed across training days or between age groups. Linear mixed
model fits (solid lines) are shown per age group across training days, with shaded areas representing 95%
confidence intervals. The inset displays the slopes fitted for each participant. b)Mean amplitude across
days in the left (solid line) and right (dashed line) auditory cortices, by age group. Linear model revealed
main effects of group and hemisphere: both younger and older adults showed greater activation in the
right auditory cortex compared to the left.

Because M100 amplitude changes were observed only in the right hemisphere and

older adults exhibit a loss of hemispheric asymmetry in cortical processes (Cabeza,

2002), we examined whether M100 lateralization changed as a function of training

day or age group (Figure 3.5 and table S.8). We used the laterality index described

in Methods (Section 2.9.5) to get a normalized measure of hemispheric dominance.

There was no significant interaction nor main effects on lateralization, either across

participants or within the older adult group only (all p> 0.1, Figure 3.5a).

We used linear models to analyze the interaction between training day, age group,
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Figure 3.6: Visual cortex does not exhibit the M100 changes observed in the auditory cortex. a)
Comparison of the averaged response per training day in the visual cortex of younger (top) and older
(bottom) adults. The shaded region (50–150 ms after cue onset) highlights the time window used to
extract the maximumM100 amplitude. b) Cortical maps, using a 40% amplitude threshold and projected
onto a default brain, show the difference in baseline-corrected brain activity between Day 12 and Day 1
at the average latency of the maximum M100 amplitude (marked by a dashed grey line in panel a, with
latency values in ms). Arrows indicate the ROI (unshaded region) used to extract the averaged response.
c) Individual maximum M100 amplitude per day, divided by group (green: younger, purple: older).
Linear mixed model fits (solid lines) are shown per age group across training days, with shaded areas
representing 95% confidence intervals. The inset displays the slopes fitted for each participant. While a
significant interaction was found between group and age, no main effect of training was observed in
either younger or older adults.

and hemisphere. Multiple models were tested (Table S.8); the one with the lowest AIC

(Akaike information criterion, indicating the best fit with lesser model complexity) did

not reveal significant interaction effects (Group×Hemisphere: est.=2.28, p=0.099), but

highlighted main effects of Group (est.=-5.33, p=0.004) and Hemisphere (est.=2.77,

p=0.006). Subsequently, we examined each age group separately and found significantly

stronger M100 responses in the right versus left hemisphere in 75% of both younger

(est.=5.05, p=2×10-9) and older adults (est.=2.77, p=0.02; Figure 3.5b).
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Finally, as a control measure, we examined possible MEG source leakage of M100

responses in the occipital visual cortex (Figure 3.6). While a significant interaction

between group and training day was observed (est.=-0.11, p=0.046), no significant

changes were found when analyzing the groups separately (Younger: est.=-0.06,

p=0.173; Older: est.=0.06, p=0.143), nor when age was used as a predictor (est.=2×10-3,

p=0.155).

3.2.3 Response to the cue is not affected by auditory training

We investigatedwhether the training-relatedmodulations of theM100 response in older

adults were also present in response to the Cue (Table S.9). In the left auditory cortex,

no interaction between Training Day and Group, and no main effects were found (all

p>0.10; Figure 3.7a, left). In the right auditory cortex, no interaction was observed either;

however, we identified a significant Group main effect, with younger adults showing a

stronger M100 response to the Cue across all days (est.=3.24, p=0.039; Figure 3.7a,

center). No significant effect of Training Day was detected in either hemisphere.

Motivated by these Group differences in the right auditory cortex, we compared

the M100 responses to the Cue between the two hemispheres in both age groups

(Figure 3.7a, right) and found a significant interaction between Group and Hemisphere

(est.=2.68, p=0.003). Among younger adults, 62.5% exhibited significantly stronger

M100 responses on the right versus left auditory cortex (est.=2.13, p=0.002). In contrast,

while 50% of older adults also showed right-hemispheric dominance, this effect was

not significant (est.=-0.55, p=0.352).

3.2.4 Age-specific effects of auditory training on baseline

activation

Since there were no training-related differences in response to the Cue, we investigated

whether the increase of M100 amplitude in response to the stimuli could be attributed



Results 84

Figure 3.7: Changes in auditory activation during the Cue, Baseline, preM100 and Later Component
periods. The amplitude of the auditory response is compared between younger adults (green) and
older adults (purple) in multiple components of the event-related response: a) Cue (50–150 ms post-Cue
onset), b) Baseline (-500–0 ms pre-Cue onset), c) preM100 period (-300–0 ms pre-stimulus onset), and d)
Later Component (200–500 ms post-stimulus onset). Left and center columns show the activation in the
left and right auditory cortices, respectively. Right column displays either a comparison of the mean
amplitudes across all training days between the left (solid box) and the right (dotted box) hemispheres
(a, c, d); or the laterality index changes over training days (b). Linear mixed model fits (solid lines) are
presented per age group across training days, with shaded areas representing 95% confidence intervals.
The inset displays the slopes fitted for each participant. Baseline amplitudes (b) were extracted from
non-baselined trial averages. Averages from Correct Responses were used for panels a, b and c, while
only withholds (WH) are shown in panel d. p-values are displayed for comparisons where significant
differences were detected. Detailed statistics can be found in Tables S.9 to S.12.
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to an overall increase in baseline activity. We first extracted the average baseline

activity of the auditory cortex from trial-averaged responses with no baseline correction

(-500 to 0 ms prior to Cue onset; Figure 3.7b) and used linear mixed models to examine

its relationship with training day and age group. In the left auditory cortex, we

observed a significant interaction between Group and Training Day (est.=-0.01, p=0.007;

Figure 3.7b, left). Among younger adults, 75% showed a training-related decrease in

average baseline activity (µ=-5×10-3, SD=4×10-3; est.=-0.01, p=0.007). Older adults

did not exhibit such decrease (est.=5×10-4, p=0.739). This relationship was further

supported by a significant interaction between Day and Age (est.=1×10-4, p=0.008;

Table S.10). In the right auditory cortex, no significant interaction or main effects were

observed (all p>0.15; Figure 3.7b, center).

In light of the relationship between Training Day and left hemisphere baseline

activity, we searched for changes in baseline lateralization (Figure 3.7b, right). We found

a significant interaction between Age group and Training Day (est.=-0.01, p=0.032);

however, no significant differences were observed when each group was analyzed

independently (Younger: est.=-0.01, p=0.141; Older: est.=0.01, p=0.189). No other

hemispheric differences were identified (Table S.10).

We then examined the period directly preceding stimulus onset (-300 to 0 ms)

to detect whether the observed training-related M100 changes could be related to

pre-stimulus activity (Table S.11). There were no significant interactions nor main

effects of such preM100 activity in either auditory cortex (all p>0.05; Figure 3.7c, left

and center). Additionally, we found no differences in preM100 activity between the two

hemispheres (all p>0.05; Figure 3.7c, right).

3.2.5 Later auditory responses exhibit hemispheric lateralization

but no training effects

Later ERP components such as the P2 (∼200 ms post stimulus) and P3 (∼300 ms

post stimulus) are influenced by auditory training (Tong et al., 2009; Tremblay et al.,
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2014) and are also affected by top-down processes in response to auditory stimuli

(Joos et al., 2014; Pratt, 2011). For this reason, we conducted an exploratory analysis

of auditory responses beyond the M100 period, analyzing Hits and Withholds (WH)

separately. We measured the mean cortical activity 200–500 ms post-stimulus for each

response type and used linear mixed models to assess relationships with age group

and training (Table S.12). We found no significant association between training day and

later brain responses of the left nor right auditory cortex, for either response types

(all p>0.05; Figure 3.7d, left and center). However, our analysis revealed that the right

hemisphere exhibited significantly higher later activity during Withholds (est.=0.54,

p=4×10-4; Figure 3.7d, right). Furthermore, we found this effect was significant in

younger participants (est.=0.64, p=0.001), with 62.5% of them exhibiting higher activity

on the right auditory cortex. Similarly, 87.5% of the older participants also showed this

pattern with a statistical trend (est.=0.44, p=0.052).

3.2.6 Relationships between training-related auditory and

behavioral measures

To explore the association between cortical responses and behavioral changes induced

by training, we compared the training-related neural correlates identified above with

the behavioral variables reported in Section 3.1. Specifically, we examined the M100

amplitude in the right auditory cortex and the baseline amplitude in the left auditory

cortex in relation to the average performance level achieved during training, the RAVLT

Learning Gain and Proactive Interference measures, and SCWT scores (Table S.13).

There was no association between the amplitude of the right M100 response and

training task performance across age groups (est.=-0.05, p=0.340). Since differences in

M100 amplitude were observed exclusively in older adults, we conducted a separate

analysis focusing on this group, which did not reveal any significant association

(est.=0.04, p=0.503). Similarly, baseline activity of the left auditory cortex was not

associated with the average training task level reached per day across both age groups
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(est.=4.38, p=0.154). A follow-up analysis of younger adults, where training-related

effects were observed, suggested a statistical trend (est.=8.11, p=0.063).

We then derived the slope of M100 and baseline changes across training days in

each individual, and assessed their correlation with changes in cognitive test scores

between Post and Pre-training sessions. We found a weak association in older adults

between improvements in RAVLT Learning Gain and M100 amplitude increases in the

right auditory cortex (est.=1.43, p=0.075). All other comparisons, detailed in Table S.13,

were not statistically significant (all p>0.2).

3.2.7 Summary

In this section, we examined changes in auditory cortical responses associated with

perceptual training, focusing on the M100 component as a key indicator of auditory

perception. Only older adults exhibited significant training-related increases of the

M100 amplitude in the right auditory cortex. Left auditory cortex M100 responses were

higher in older adults compared to younger adults, but no significant training-related

differences were observed. Despite these hemispheric differences, no changes in

lateralizationwere identified across training sessions. Cortical responses to the auditory

cue remained unaffected by training.

Younger adults exhibited a training-related decrease in baseline activity in the

left auditory cortex, while older adults maintained stable baseline activity. Analysis

of later components of the cortical event-related auditory responses revealed no

significant training effects. However, right hemisphere activity was higher than the left

during withholds, primarily in younger adults. Finally, the M100 amplitude and baseline

activation changes showed limited associations with task performance improvements

or cognitive gains.

These results partially align with our initial predictions. As hypothesized, significant

training-related changes were observed in the right auditory cortex, consistent with

its prominent role in frequency discrimination. However, contrary to expectations,
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older adults showed increased auditory cortex activation with training, rather than

the anticipated reduction or normalization toward the activation patterns of younger

adults. Additionally, while lower hemispheric asymmetry was observed in older adults,

training did not alter lateralization.

These findings suggest that auditory learning in older adults may be related

to compensatory mechanisms, such as increased brain activation and stronger

involvement of the left auditory cortex, resulting in reduced lateralization of auditory

responses during pitch discrimination. While aligning with the CRUNCH and HAROLD

models, these observations also diverge from the prediction that training counteracts

age-related neural adaptations. To better understand these cortical changes, it is

essential to consider the influence of higher cognitive processes, such as attention. To

this end, the next section studies how attention mechanisms regulate the observed

changes in auditory cortex activity.



Results 89

3.3 Dorsal attention network age-dependent modulation of

auditory perceptual response

3.3.1 Overview and rationale

As reported in Introduction (Section 1.3.1), attention is essential for the prioritization and

selection of relevant sensory inputs, bridging bottom-up sensory inputwith higher-order

perception (Price and Moncrieff, 2021; Vossel et al., 2014). The dorsal attention network

(DAN), in particular, exerts top-down control over perceptual resources (Katsuki and

Constantinidis, 2014). The ventral attention network (VAN) is involved in the processing

of salient stimuli (Rossi et al., 2014) and is activated during top-down attention shifts

in auditory paradigms (Alho et al., 2015; Salmi et al., 2009). Considering the role of

attention in auditory regulation and themodulation of auditory cortex following training,

we investigated whether attentional networks were associated with the increase in

auditory M100 amplitude in older adults and the behavioral improvements observed

after training.

Beyond canonical event-related responses like the M100, we also investigated

whether effects would manifest in the alpha (8–12 Hz) and theta (4–7 Hz) bands, known

to be involved in attentional regulation and sensory processing (Harris et al., 2017; Keller

et al., 2017; Strauß et al., 2014; Wiesman and Wilson, 2020), prominently in regions

related to the dorsal and ventral attention networks (Kasten et al., 2024). Specifically,

alpha modulation is associated with selective attention, the inhibition of irrelevant

stimuli, and the protection of memory against distractors (Bonnefond and Jensen,

2012; Deng et al., 2020; Kasten et al., 2024; Weisz et al., 2014; Wöstmann et al., 2019;

Zhou et al., 2023). Likewise, theta oscillations are implicated in top-down cognitive

control, stimulus recognition, and memory maintenance (Harris et al., 2017; Keller

et al., 2017; Ostrowski and Rose, 2024; Wiesman and Wilson, 2020). They have also

shown sensitivity to both aging and auditory training (McNair et al., 2019; Mishra et al.,

2014; Strzelczyk and Langer, 2024). Building on this previous evidence, we explored
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whether frequency-specific activity within attention networks was associated with the

observed training effects on auditory processing and behavior.

Accordingly, we pursued the following specific objectives:

1) Characterize pre-stimulus activity in dorsal and ventral attention networks and

evaluate age-related differences.

2) Determine whether these changes are related to the increased activation of the

auditory cortex and to behavioral changes.

3) Investigate whether alpha or theta activity is modulated by training and whether

such modulation varies across age.

We hypothesized that attention networks, particularly the DAN, would exhibit

changes induced by training, especially in older adults. Given our main hypothesis that

these networks modulate auditory cortex activation in response to stimuli, we also

expected that changes in attentional activity would be associated with the observed

increases of M100 amplitude in older adults following perceptual training. Additionally,

we anticipated that these attentional changes would also correlate with the behavioral

improvements in the training task and in untrained cognitive measures. Finally, we

tested whether alpha and theta activity was modulated by age and related to the

training-induced changes observed in the auditory cortex and, putatively, the dorsal

attention network.
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3.3.2 Training and aging shape pre-stimulus right dorsal attention

network activity

As described in Introduction (Section 1.3.1), the DAN is organized bilaterally, with

each hemisphere primarily allocating perceptual and attentional resources to the

contralateral hemifield. However, there is evidence of asymmetric or bilateral functions,

such as with right DAN regions being involved in the control of both hemifields, unlike

the left (Bartolomeo and Seidel Malkinson, 2019; Mengotti et al., 2020). In addition,

the HAROLD and CRUNCH models (see Section 1.2.2) describe an age-related loss

of lateralization, which is compensated by the recruitment of more brain regions.

Therefore, to account for potential hemispheric differences, wemeasured the activation

of DAN regions for each hemisphere separately.

This hemispheric distinction is particularly relevant to the training-related increase

of M100 amplitude observed exclusively in right auditory cortex of older adults

(Section 3.2). We anticipated that this auditory cortex modulation may be driven

by increased involvement of the dorsal attention network prior to the emergence of

M100 (50 to 150 ms after stimulus onset). We therefore analyzed early DAN activation

averaged across the network’s regions over the preM100 period (-300 to 0 ms before

stimulus onset; see Table 2.4 and figure 2.7 for ROI definitions). We then used linear

mixed models to evaluate whether this pre-stimulus DAN activation was associated

with age group and training day (Table S.14).

We did not observe an interaction between training day and age group across left

hemisphere DAN regions. However, we measured a significant increase of DAN activity

during the preM100 period, with a prevalence of 75% across participants (est.=0.02,

p=0.019; Figure 3.8a,c). This effect remained significant when using age as a continuous

predictor (est.=0.02, p=0.018). When analyzed separately, neither age group showed

a significant training day effect, despite 87.50% of younger (est.=0.02, p=0.120) and

62.50% of older participants (est.=0.02, p=0.163) exhibiting higher pre-stimulus left
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Figure 3.8: Age-related differences in right dorsal attention network activity during preM100
period. Top panels (a and b): Comparison of the averaged response per training in the left (a) and
right (b) dorsal attention network (DAN) for each group (top row: younger adults, bottom row: older
adults). The shaded region (-300 to 0 ms before stimulus onset) highlights the time window used to
extract the mean preM100 amplitude. Inlaid cortical maps, using a 40% amplitude threshold and
projected onto a default brain, show the difference in average preM100 activity between Day 12 and
Day 1. Bottom panels (c and d): Individual mean preM100 activity per day, divided by group (green:
younger, purple: older) and hemisphere (left: c, right: d). Linear mixed model fits (solid lines) are shown
per age group across training days, with shaded areas representing 95% confidence intervals. The inset
displays the slopes fitted for each participant. A training day effect was observed in the left DAN (c),
but no interaction or group effect. In the right DAN, an interaction between group and training day
was observed (d): older adults showed a significant increase in preM100 activity, while younger adults
showed a non-significant decrease (d). **p<0.01.
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DAN activation.

In contrast, we found a significant interaction between training day and age group in

the right DAN (est.=-0.10, p=1×10-4; Figure 3.8b,d). Specifically, older adults displayed a

significant effect of training (est.=0.07, p=0.002), with 87.50% of participants showing

increased activity in the preM100 period across days (µ=0.06, SD=0.05). Younger adults,

however, exhibited a non-significant trend toward reduced right DAN activity (est.=-0.03,

p=0.058), observed in 75% of participants (µ=-0.03, SD=0.03). This interaction effect

was replicated using years of age as a continuous predictor (est.=2×10-3, p=4×10-4).

Figure 3.9: Training-related changes in preM100 laterality in dorsal attention network depend on
age. Laterality index [(L-R)/(|L|+|R|)] over training days for younger (green) and older (purple) adults.
Positive and negative values indicate left- and right-hemisphere dominance, respectively. Linear mixed
model fits (solid lines) are shown per age group across training days, with shaded areas representing 95%
confidence intervals. The inset displays the slopes fitted for each participant. A significant interaction
between training day and age group was found, but no significant effects were observed when analyzing
each group separately.

Since preM100 activity was different between hemispheres, we investigated whether

preM100 lateralization changed over the course of training or between groups.

We identified a significant interaction between training day and group (est.= 0.05,

p=0.048; Figure 3.9). However, no significant effects were observed when each group

was analyzed separately, even though 75% of older adults showed increased right

lateralization (est.=-0.02, p=0.243) and 75% of younger participants displayed higher

left lateralization (est.=0.03, p=0.140). Notably, the interaction effect persisted with age

as predictor (est.=-1×10-3, p=0.024). While these findings highlight training-related
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changes in preM100 DAN activity and lateralization, we found no significant correlation

between the average task level reached per day and the preM100 DAN activity nor its

lateralization (all p>0.05).

3.3.3 Dorsal attention network fully mediates training-related

changes in the auditory response of older adults

Thus far, our findings have indicated that auditory perceptual training leads to increased

neural responses in older adults both before and after stimulus onset: enhanced

pre-stimulus activity in the right DAN (-300–0 ms; Section 3.3.2 and figure 3.8) and

increased M100 responses in the right auditory cortex (50–150 ms; Section 3.2.2

and figure 3.4). Given these observations, we performed a regression analysis to

determine if preM100 DAN activity predicted auditory M100 amplitudes beyond the

effects of training day (Table S.15 and figure 3.10). We found that preM100 right DAN

activity significantly predicted M100 amplitude in the right auditory cortex, only in older

adults (est.=5.27, p=0.014; Younger: est.=-0.69, p=0.603). Notably, adding preM100

right DAN activity as a predictor removed the previously observed training day effect

on right AC M100 amplitude (before: est.=0.41, p=0.007; Table S.7; after: est.=0.07,

p=0.746; Table S.15), suggesting that the right DAN may play a role in mediating

training-related changes in the auditory cortex of older adults.

We then conducted a causal mediation analysis to determine whether the effect

of training day on the right auditory cortex in older adults operated through right

DAN activation (Table S.16). We found that right DAN exhibited a full mediation effect

on right auditory cortex (Figure 3.11), as indicated by a significant average causal

mediation effect (ACME = 0.38, p=0.010) and a non-significant average direct effect

(ADE = 0.04, p=0.834). Mediation accounted for 91% of the total effect of training day

on the right AC M100 amplitude (Total Effect = 0.42, p=0.002), supporting the role

of DAN in facilitating training-induced neuroplasticity in the auditory cortex of older

adults.
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Figure 3.10: Right preM100 dorsal attention network activity predicts right auditory M100
amplitude in older adults. a) Simple regression analysis comparing younger (bottom) and older (top)
adults on the linear relationship between right preM100 dorsal attention network (DAN) and right
auditory M100 amplitude. Each data point represents individual activity measured across different days
and ROIs. b) Relationships between left and right DAN preM100 activity and right (top) and left (bottom)
auditory M100 amplitude. Data points correspond to residuals from linear mixed models that included
day as a factor (see Table S.15 for statistical details). Solid lines indicate linear model fits, with shaded
areas representing 95% confidence intervals. Highlighted plots illustrate the same relationship before
(a) and after (b) accounting for training day effects.

To determine whether preM100 DAN activation and mediation in older adults were

distinct effects rather than a consequence of an increased preM100 auditory activity,

we conducted a regression and a mediation analysis between preM100 and M100

right auditory activity. No significant relationship (est.=-0.54, p=0.534; Table S.15)

nor mediation (ACME=-0.02, p=0.812; Table S.16) were found. Instead, we observed

that the training-related increase in M100 amplitude was primarily explained by a

direct effect (ADE=0.44, p=0.004). These findings suggest that changes in DAN activity

preceded and contributed to M100 modulation, rather than being a consequence of
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Figure 3.11: Right DAN fully mediates training-related changes in right auditory cortex M100
response in older adults. Averaged responses across training days (right) for the right DAN (top)
and the right auditory cortex (bottom). The shaded regions highlight the time windows used to extract
average preM100 (-300 to 0 ms) and maximum M100 (50 to 150 ms) amplitudes. The path diagram (left)
illustrates the relationship between training day, right DAN preM100 activity and right auditory M100
response. Linear mixed effects model statistics (t-values) are shown in red, with asterisks indicating
statistical significance. The bold t-value in the bottom path represents the relationship between training
day and right auditory M100 response when right DAN preM100 activity is included in the model. The
average causal mediation effect (ACME) and the average direct effect (ADE) estimates and p-values are
shown, confirming a full mediation effect. Cortical maps depict the difference in averaged brain activity
between Day 12 and Day 1 during the preM100 period (top) and the M100 peak (bottom). For additional
mediation models, refer to Table S.16. **p<0.01, *p<0.05.

pre-stimulus auditory activation.

To further investigate the functional asymmetry of DAN, we examined whether

left and right DAN activation predicted auditory activity in either hemisphere beyond

training-related effects (Figure 3.10b). No significant relationships were found between

preM100 DAN and M100 auditory activity in either age group (all p>0.05); however,

trending effects emerged (Table S.15). In older adults, specifically, we found a weak

association between right DAN and left AC activity (est.=3.59, p=0.051), but further
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mediation analysis revealed no significant training-related effect (est.=0.13, p=0.296;

Table S.16). Additionally, a marginal relationship was observed between left DAN

and right AC activity (est.=3.23, p=0.065). Subsequent analysis showed a significant

direct effect of training day on right AC activity (ADE=0.46, p=0.040) but no significant

mediation via left DAN (ACME=0.14, p=0.106). These results suggest that training-related

changes in right AC activation are primarily mediated by right preM100 DAN activity,

with no evidence of left DAN involvement in this process.

3.3.4 Widespread training-related increase of alpha power in

younger adults, but not older adults

In the previous section, we found that early (preM100) DAN activity mediated the

training-related increase of auditory M100 amplitude in older adults. To further explore

the role of the dorsal attention network in shaping auditory processing, we analyzed

frequency-specific activity in the auditory cortex and DAN around stimulus presentation.

Specifically, we focused on alpha-band activity (8–12 Hz) because of its involvement in

sensory processing and attention suppression (Deng et al., 2020; Kasten et al., 2024;

Weisz et al., 2014). We first examined baseline alpha power (-500 to -25 ms before Cue)

to assess training-related changes in spontaneous alpha activity (Iemi et al., 2017). We

found no significant training-related effects in either younger or older participants

across all ROIs (all p>0.05; Table S.17).

Alpha desynchronization (power reduction) following sensory cues marks selective

attention and regulates cortical excitability in sensory regions (Weisz et al., 2014).

Therefore, we analyzed the pre-stimulus period (-525 to -125 ms before the stimulus) to

determine whether the observed DAN mediation of the auditory M100 was associated

to a reduction in alpha power. We evaluated withholds (WH) trials because their greater

number improved signal-to-noise ratio and because no differences were expected

between Hit and Withhold trials before stimulus presentation. Across both age groups,

we found a significant training-related increase in alpha power in left auditory cortex
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Figure 3.12: Training-related changes in spectral power in the auditory cortex and dorsal attention
network by response type and age group. Grand-averaged spectrograms of the auditory cortex and
DAN, separated by hemisphere, showing the difference in percent change from baseline (%, color bar)
between Day 12 and Day 1 of training. Power changes are plotted across frequencies (Hz, y-axis) and
time (s, x-axis). Vertical lines represent the onset of the Cue (black, dashed) and the stimulus (red, solid),
which was either a target (hits) or a non-target sound (withholds). Each spectrogram corresponds to a
specific combination of age group, ROI, hemisphere, and response type. Black rectangles outlined
the analyzed frequency bands (alpha: α, dotted, 8–12 Hz; theta: θ, dashed, 4–7 Hz) and time periods
(pre-stimulus and post-stimulus). Colored boxes highlight time-frequency regions where significant
effects were found (green: pre-stimulus, Figure 3.13 and table S.18; yellow: post-stimulus, Figure 3.14
and table S.19).

(est.=0.64, p=0.001; time-frequency representations in Figure 3.12, individual data in

Figure 3.13 and statistical results in Table S.18). In younger adults, 87.50% (µ=0.81,

SD=0.52) exhibited such increase over training days (est.=0.80, pFDR=0.001), which also

predicted changes in task performance (est.=0.10, p=0.021, pFDR=0.064). No significant

changes were observed in older participants, nor in right auditory cortex of either
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group (p>0.05; Table S.18).

In left DAN, alpha power showed a significant overall increase with training across

all participants (est.=0.60, p=0.009). However, separate analyses by age group revealed

that this effect was primarily driven by younger adults, with 87.50% showing increases

(p=0.026, pFDR=0.103, µ=0.65±0.42), while no significant changes were observed in older

adults (p>0.05). In right DAN, there was a significant interaction between training day

and age group (p=0.017), suggesting that training influenced alpha power differently

in younger versus older participants. However, training-related effects within each

group were not statistically significant. Specifically, 87.50% of older adults exhibited a

decrease in alpha power (µ=-0.23±1.26, p=0.127, pFDR=0.323), while 87.50% of younger

adults showed increased alpha power (µ=0.55±0.83, p=0.070, pFDR=0.140).

Alpha-band activity is also involved in stimulus-driven (exogenous) attentional

modulation via top-down processes, contributing to the suppression of irrelevant

stimulus features (Harris et al., 2017; Wiesman and Wilson, 2020). Additionally,

post-stimulus alpha activity marks the reactive suppression of distractors and shifts

toward endogenous attention to prioritize and protect relevant information from

interference (Bonnefond and Jensen, 2012; Kasten et al., 2024; Weisz et al., 2020; Zhou

et al., 2023). Therefore, we examined post-stimulus (225 to 725 ms after stimulus onset)

changes of alpha activity, reflecting how training would facilitate the reallocation of

attentional resources in response to the stimulus. Given the expected differences in the

processing of targets (Hits) and distractors (Withholds), we analyzed them separately.

We found training-related changes in alpha power across all examined conditions,

either as a main effect of training day or as an interaction with age group (Table S.19).

Specifically, Group×Day interactions emerged in right auditory cortex (p=0.006) and

right DAN (p=0.077) in Hits. During Withholds, significant interactions were found in

left auditory cortex (p=0.010) and bilateral DAN regions (left: p=0.026; right: p=0.036).

Additionally, significant main effects of day indicated training-related increases in alpha

power in the left auditory cortex (p=0.028) and left DAN (p=0.028) for Hits, and in the
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right auditory cortex (p=0.019) for Withholds.

Figure 3.13: Training-related changes in pre-stimulus alpha and theta power in the auditory
cortex and DAN. The power of alpha- (α, 8–12 Hz, left) and theta-band (θ, 4–7 Hz, right) activity during the
pre-stimulus period (-525 to -125 ms before stimulus onset) is shown for withholds in each hemisphere
of the auditory cortex and dorsal attention network (DAN). Each plot presents individual data points for
younger (green) and older (purple) participants. Linear mixed model fits (solid lines) are provided per
age group across training days, with shaded areas representing 95% confidence intervals. The inset in
each panel displays individual participant slopes. p-values for significant effects (p<0.05) are reported,
with FDR corrections applied when necessary. Non-significant effects and statistical results for hits can
be found in Table S.18.

Group-specific analyses revealed that these effects were primarily driven by younger

participants, who exhibited a significant increase in post-stimulus alpha across both

response types and ROIs (all pFDR<0.05), with the exception of right auditory cortex

in Withholds (see Figure 3.12 for time-frequency representations, Figure 3.14 for

individual data and Table S.19 for statistical results). Specifically, younger adults

displayed higher alpha power across days in left (Hits: Prev.=62.50%, µ=0.70±0.79,

pFDR=0.046; WH: Prev.=87.50%, µ=2.31±1.63, pFDR=4×10-4) and right auditory cortex

(Hits: Prev.=75%, µ=1.07±1.30, pFDR=0.012), in addition to left (Hits: Prev.=87.50%,

µ=0.82±1.01, pFDR=0.029; WH: Prev.=100%, µ=1.54±0.95, pFDR=0.008) and right (Hits:
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Prev.=75%, µ=1.04±1.38, pFDR=0.029; WH: Prev.=87.50%, µ=1.32±1.48, pFDR=0.011)

dorsal attention network. No significant training-related effects were found in older

adults (all p>0.05).

These findings indicate training-related modulations of pre- and post-stimulus

alpha power in both the auditory cortex and DAN of younger adults; however, only the

increase in pre-stimulus alpha power in the left auditory cortex was associated with

task performance (est.=0.10, p=0.021, pFDR=0.064). No other significant relationships

were found between any alpha power changes and the daily average level reached in

the training task (all p>0.05, Tables S.18 and S.19).

3.3.5 Training-related modulation of theta power differs across

time windows and age groups

Because we did not find significant training-related changes in alpha power in older

adults, we investigated potential sensory and cognitive processing effects reflected in

the theta band. Pre-stimulus theta activity has been associated with the integration of

acoustic information (Kubetschek and Kayser, 2021), as well as successful memory

encoding (Ostrowski and Rose, 2024) and retrieval (Addante et al., 2011). Notably,

age-related differences in pre-stimulus theta activity have also been reported during

learning (Strzelczyk and Langer, 2024). Moreover, post-stimulus theta activity has

similarly been linked to perceptual processing and discrimination (Brilliant et al.,

2024; Harris et al., 2017; Mishra et al., 2014; Wiesman and Wilson, 2020). Based on

this evidence, we focused on both pre- and post-stimulus theta activity as potential

neurophysiological markers of training-related behavioral changes in older adults.

We examined pre-stimulus theta activity (4–7 Hz; -525 to -125 ms before stimulus

onset) to explore age-related changes in preparatory activity following training. To

optimize signal quality, and because no pre-stimulus differences were expected

between conditions, we focused our analysis on the more frequent WH trials. We found

a significant interaction between age-group and training day in right DAN (p=0.023; see
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Figure 3.14: Age- and training-related changes in alpha and theta during the post-stimulus
period in auditory cortex and dorsal attention network. The power of alpha- (α, 8–12 Hz, top) and
theta-band (θ, 4–7 Hz, bottom) activity during the post-stimulus period (225 to 725 ms after stimulus
onset) is shown for hits (left) and withholds (right) in each hemisphere of the auditory cortex and dorsal
attention network (DAN). Each plot presents individual data points for younger (green) and older (purple)
participants. Linear mixed model fits (solid lines) are provided per age group across training days,
with shaded areas representing 95% confidence intervals. The inset in each panel displays individual
participant slopes. p-values for significant effects (p<0.05) are reported (pint: age×group interaction
effect, pgrp: group main effect), with FDR corrections applied when necessary. Non-significant effects

and more statistical details can be found in Table S.19.
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Figure 3.12 for time-frequency representations, Figure 3.13 for individual data, and

Table S.18 for statistical results). Follow-up analyses within each group revealed a

significant decrease in theta power in right DAN in 87.50% of older adults following

training (p=0.018, µ=-0.43±0.83). No significant changes were found in younger adults

or in other brain regions (all p>0.05). Informed by the mediation effect of the right

M100 auditory response by right DAN preM100 activity in older adults reported in

Section 3.3.3, we tested whether the pre-stimulus decrease in theta power was related

to training-related increases in auditory or DAN activity. However, we found no such

associations, nor any relationship with task performance (all p>0.05; Table S.18).

We then analyzed whether post-stimulus theta activity changed in response to

the stimuli. Based on prior evidence that theta responses differ depending on

whether the stimulus is a target or a distractor (Mishra et al., 2014), we analyzed

Hits and Withholds separately. In contrast with the pre-stimulus period, we observed

significant interactions or main effects in response to targets (see Figure 3.12 for

time-frequency representations, Figure 3.14 for individual data, and Table S.19 for

statistical results). Specifically, during Hits, there was a trend in right auditory cortex

(pDay×Group=0.074), as well as significant interactions in left (p=0.014) and right DAN

(p=0.012). Additionally, we observed amain effect of day in left auditory cortex (p=0.019).

ForWithhold trials, only amain effect of day was found in right auditory cortex (p=0.035).

Only younger adults showed training-related changes. During Hits, they exhibited

non-significant increases in theta power in left (Prev.=75%, µ=1.17±1.80, pFDR=0.076)

and right auditory cortex (Prev.=75%, µ=2.71±4.70, pFDR=0.076), and significantly higher

theta activity in left (Prev.=87.50%, µ=0.95±1.57, pFDR=0.047) and right DAN (Prev.=75%,

µ=0.34±1.84, pFDR=0.047). In response to non-target stimuli (WH), younger adults

showed a trend toward higher theta power in right auditory cortex (Prev.=62.50%,

µ=0.98±1.47, pFDR=0.076). No other effects were observed during withholds or in older

adults. The observed changes in theta power in younger adults were not related to

task performance (all p>0.05; Table S.19).
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Figure 3.15: Training-related increase in DAN-auditory coherence in older adults. Changes in
coherence (percent change from baseline) between DAN and auditory cortex during the preM100 period
(-300 to 0 ms before stimulus onset). Each panel shows individual data points and linear mixed model
fits (solid black line) with 95% confidence intervals (shaded area). Individual slopes for each participant
are displayed as colored lines. p-values for the effect of training day are shown.

3.3.6 Training-related increase of pre-stimulus connectivity in

older adults

In older adults, we previously reported an M100 amplitude increase in right auditory

cortex following training (Section 3.2.2) and higher pre-stimulus activity of the right

dorsal attention network, which mediated the training-related change in auditory

cortex activity (Sections 3.3.2 and 3.3.3). Therefore, we examined whether training also

modulated pre-stimulus functional connectivity between auditory cortex and DAN. As

we did not find training modulations of auditory or DAN alpha and theta-band activity

in older adults, we measured coherence between these two sets of regions across a

broad frequency range (1–20 Hz; see Section 2.9.7), consistent with the bandwidth

used in time-domain analysis (Section 2.9.5). We found coherence between right DAN

and right auditory cortex significantly increased with training in 75% of older adults

(µ=0.63±1.07, p=0.025; Figure 3.15 and table S.20). This effect was absent in younger

adults (µ=0.04±1.14, p=0.575). However, this increase in coherence did not predict the

M100 amplitude changes in right auditory cortex and showed a trend with right DAN
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over the preM100 period (p=0.064). No significant association was found between

coherence and task performance.

3.3.7 Increased activation of bilateral ventral attention network

with training in older adults not predictive of auditory

response

The ventral attention network (VAN) has been associated with top-down modulation of

auditory attention (Alho et al., 2015; Salmi et al., 2009). Given our above findings that the

dorsal attention network mediated auditory cortex responses, we examined whether

VAN also contributed to the regulation of auditory processing. We computed the

average VAN activity across the preM100 period (-300 to 0 ms prior to stimulus onset),

and assessed the effects of age and training using linear mixed models (Table S.21).

In left VAN, we observed a trending interaction between training day and age

group (p=0.056). Additionally, training day had a significant main effect across all

participants (Prev.=68.75%, est.=0.05, p=0.008), and older adults showed significantly

higher activation on left VAN across all days (est.=0.38, p=0.038; Figure 3.16c). This

significant training-related effect across all participants remained when age was used as

a continuous predictor (est.=0.05, p=0.007). When examined separately, training-related

increases in VAN activation were only observed in older participants (Prev.=87.50%,

µ=0.08±0.06, p=0.019; Figure 3.16a), with no significant effects in younger adults

(p=0.245).

A similar patternmanifested in right VAN, where training effects differed significantly

both between age groups (pDay×Group=0.035; Figure 3.16d) and when age was used as

predictor (pDay×Age=0.001). Among older adults, 87.50% exhibited a training-related

increase in average preM100 activity of right VAN (µ=0.07±0.06, p=0.010). In contrast,

no significant changes were found in younger participants (Prev.=75%, µ=0.01±0.04,

p=0.528).



Results 106

Figure 3.16: Age-related differences in ventral attention network activity during preM100 period.
Top panels (a and b): Comparison of the averaged response per training in the left (a) and right (b)
ventral attention network (VAN) for each group (top row: younger adults, bottom row: older adults). The
shaded region (-300 to 0 ms before stimulus onset) highlights the time window used to extract the mean
preM100 amplitude. Inlaid cortical maps, using a 40% amplitude threshold and projected onto a default
brain, show the difference in average preM100 activity between Day 12 and Day 1. Bottom panels (c
and d): Individual mean preM100 activity per day, divided by group (green: younger, purple: older)
and hemisphere (left: c, right: d). Linear mixed model fits (solid lines) are shown per age group across
training days, with shaded areas representing 95% confidence intervals. Insets display the slopes fitted
for each participant. A significant training day effect was observed in the left VAN (c) and an interaction
between group and training day was found in the right VAN (d); in both, only older adults showed a
significant increase in preM100 activity across training sessions. **p<0.01, *p<0.05.
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We performed linear mixed-effects analyses (Table S.21) to determine whether

increased bilateral VAN activation in older adults was related to modulations of the

right M100 auditory response (Section 3.2.2). We found that preM100 VAN activation

in either hemisphere did not significantly predict right auditory M100 amplitude

beyond the effects of training day (all p>0.05). Interestingly, the previously observed

training-related effect on right auditory M100 amplitude in older adults (est.=0.41,

p=0.007; Figure 3.4d and Table S.7) was no longer significant when either the left

(est.=0.33, p=0.091) or right (est.=0.23, p=0.285) VAN preM100 activity was added to

the model.

We then modified the model to account for our previously observed mediation by

dorsal attention network (Section 3.3.3), in order to assess the independent contribution

of VAN activity to auditory cortical responses. In the adjusted model, DAN activity

remained the only significant predictor of right auditory M100 amplitude when the

left (right DAN: est.=5.10, p=0.034) and right VAN (right DAN: est.=6.14, p=0.026) were

added to the model, consistent with DAN’s role as a mediator of the auditory response.

In contrast, VAN activation remained non-significant in both hemispheres (left VAN:

p=0.867; right VAN: p=0.586). We did not find a significant association between changes

in left and right VAN with the daily average task performance level in older adults (all

p>0.05; Table S.21).

3.3.8 Summary

In this section, we examined the contribution of training-related changes in dorsal

attention network (DAN) activity to auditory plasticity in older adults, band-specific

neurophysiological activity related to attention mechanisms (alpha and theta bands),

functional connectivity between DAN and auditory cortex, and the potential regulatory

role of the ventral attention network (VAN).

Our results revealed that while left DAN activity increased across all participants,

only right DAN exhibited an age-dependent training effect, with increased activation
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in older adults and a slight reduction in younger adults. Notably, this preparatory

activity in the right DAN of older adults predicted the auditory plasticity reported

in Section 3.2.2, with a mediation analysis confirming that training-related changes

in auditory responses in older adults were fully driven by right DAN activation. No

evidence of predictive or mediating effects were found for pre-stimulus auditory

activation or for left DAN in older adults. Furthermore, none of these effects were

observed in younger adults, who showed no significant association between DAN

activity and auditory cortex responses.

We next examined whether alpha and theta band activity contributed to the

observed training-related effects in auditory cortex and dorsal attention network.

Younger adults exhibited broad increases of alpha activity during both pre- and

post-stimulus periods in bilateral auditory cortices and DAN. Importantly, increased

pre-stimulus alpha power in younger adults predicted task performance. Theta power

also increased in younger adults during the post-stimulus period, particularly in

response to targets (Hits), not to withholds. In contrast, older adults showed no

training-related changes in alpha activity but exhibited a reduction in pre-stimulus

theta power in right DAN. This decrease was not associated with auditory or DAN

event-related responses, nor with behavioral performance. We then measured

pre-stimulus coherence between DAN and auditory cortex, and found a significant

training-related increase in functional connectivity in older adults only.

Finally, we assessed the influence of the ventral attention network in the regulation

of auditory perception. We found a training-related increase in pre-stimulus activity in

both the left and right hemispheric regions of this network; however, unlike the dorsal

attention network, these changes did not predict the amplitude of M100 auditory

responses.

These findings support our main hypothesis that attentional mechanisms contribute

to auditory plasticity in aging. As predicted, the dorsal attention network, particularly

in its right hemisphere portion, showed training-related changes in older adults and
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modulated auditory cortex activation. However, in contradiction with our hypotheses,

alpha-band activity did not show training-related changes in older adults. Furthermore,

while pre-stimulus theta power decreased in right DAN with training, this effect was

not associated with auditory nor DAN event-related responses, nor to behavioral

performance. The ventral attention network also exhibited increased preparatory

activity in older adults; however, this effect was not related to the amplitude of M100

auditory cortex activation.

In contrast, younger adults did not exhibit training-related activation increases

in either the dorsal or ventral attention networks; instead, they showed a trend

of decreased pre-stimulus DAN activity, supporting our hypothesis that learning

mechanisms differ with age. Younger participants also displayed increased alpha and

theta activity, with pre-stimulus alpha modulations associated with task performance.

These observations are consistent with our prediction of age-dependent modulations

of band-specific activity, although the patterns observed in both age groups differed

from our expectations.

Collectively, our results highlight distinct neural mechanisms supporting auditory

learning in aging, with older adults relying more on top-down attentional modulation,

and younger adults engaging neurophysiological dynamics linked to attentional

engagement and task performance.
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3.4 Influence of individual differences on behavioral and

neural plasticity

3.4.1 Overview and rationale

Individual differences influence how auditory and cognitive processes are affected

in aging and by training. For instance, hearing acuity (Campbell and Sharma, 2013;

Karawani et al., 2016; Lentz et al., 2022), musical experience (Alain et al., 2014; Dittinger

et al., 2019; Grassi et al., 2017) and language background (Gresele et al., 2013; Motlagh

Zadeh et al., 2018; Ressel et al., 2012) are inter-individual factors influencing auditory

plasticity and perception, and potentially affecting both baseline neurophysiological

activity and changes induced by auditory training. Understanding the contribution of

these personal characteristics is essential for interpreting inter-individual variability,

and for assessing whether observed group-level effects are driven by training or

underlying demographic differences, especially in smaller cohorts as in the studies

reported herein.

The primary objective of this section was to examine whether the behavioral and

neural changes reported in Sections 3.1 to 3.3 were related to individual demographic

variables. We focused on factors most likely to affect auditory processing and training

outcomes, including hearing thresholds and musical experience. We hypothesized that

while some demographic variables, particularly those related to the auditory system,

would be associated with specific neural or behavioral outcomes, they would not fully

account for the training-related effects reported earlier.

3.4.2 Hearing ability predicts individual variability in older adults

but does not account for training-related effects

We first identified all the outcome measures that showed significant training-related

effects in either younger or older adults (see Table 3.1 for the selected demographic
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Table 3.1: Demographic predictors and selected outcome measures with significant
training-related effects. This table lists all behavioral and neural measures that showed significant
training-related changes, along with the demographic variables used to assess potential associations. The
section number indicates where each training-related effect was originally reported. For demographic
predictors definition or computation, refer to Methodology (Sections 2.1 to 2.2).

Education (total years) Average level reached per day 3.1.2

Language Proficiency Index (LPI) RAVLT Proactive Interference 3.1.4

Musical Education (ME) RAVLT Learning Gain 3.1.4

Current Average Weekly Practice

Time (AWPcurrent)
Stroop Color-Word Score 3.1.4

Musicality Index (MI) Right auditory M100 amplitude 3.2.2

Standard Pure Tone Average

(PTAstd; binaural or contralateral)
Left auditory baseline amplitude 3.2.4

Full Range PTA

(PTAfull; binaural or contralateral)
Right DAN preM100 amplitude 3.3.2

Higher Frequencies PTA

(PTAhigh; binaural or contralateral)

Pre-stimulus alpha power

(left AC and bilateral DAN)
3.3.4

Post-stimulus alpha power

(bilateral AC and DAN)
3.3.4

Pre-stimulus theta power

(right DAN)
3.3.5

Post-stimulus theta power

(bilateral AC and DAN)
3.3.5

Pre-stimulus coherence

(right DAN - right AC)
3.3.6

Left VAN preM100 amplitude 3.3.7

Right VAN preM100 amplitude 3.3.7

Demographic predictors Training-sensitive measure Section

and outcome variables). We then used linear models to examine which demographic

factors predicted the observed changes, represented by each participant’s slope

across training days. Across all the computed models, we found 18 cases in which

demographic variables significantly predicted the rate of change across training days

in behavioral or neural outcomes (Table 3.2). For these relationships, we included the

relevant demographic variable as a covariate in the original models in which training
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effects were observed, to assess whether the training-related changes persisted after

covariate adjustment or were attributable to individual differences.

Table 3.2: Significant associations between demographic variables and training-related outcome
changes. All combinations in which a demographic variable significantly predicted the rate of change
across training days in behavioral or neural outcomes are listed. These relationships were identified
using linear models (slope ∼ demographic + group) and are shown either across both age groups
or within the age group that exhibited training-related effects in the corresponding outcome (see
Table 3.1). For each case, the outcome measure, relevant demographic predictor, and corresponding
statistics are reported. Rows shown in bold and shaded in purple indicate relationships where the
demographic variable remained significant after including it as a covariate in the updated model (refer
to Figures 3.17 and 3.18 for visualizations). No corrections for multiple comparisons were applied
to capture all potentially relevant covariates. Additional model details and statistics are provided in
Tables S.22 to S.28.

Older Average level Standard PTA (PTAstd) -4.27 0.005

Older RAVLT Learning gain Standard PTA (PTAstd) -2.70 0.036

Older Stroop score Weekly music practice (AWPcurrent) 3.61 0.022

Older M100 right AC amplitude Standard PTA (PTAstd) -2.84 0.029

Both preM100 right DAN amplitude Education years 2.79 0.015

Older preM100 right DAN amplitude Musical education -3.63 0.022

Older preM100 right DAN amplitude Musicality index -4.02 0.016

Both Left AC pre-stim. α power Language proficiency index -2.52 0.026

Both Right DAN pre-stim. θ power Musical education 2.42 0.034

Both Right DAN pre-stim. θ power Musicality index 3.04 0.011

Younger Right AC post-stim. α power (Hit) Language proficiency index 4.07 0.007

Younger Left AC post-stim. α power (WH) Musical education 3.01 0.030

Both Left AC post-stim. α power (WH) Standard PTA (PTAstd) 2.49 0.028

Both Right AC post-stim. α power (WH) Education years -2.32 0.039

Both Right AC post-stim. α power (WH) Weekly music practice (AWPcurrent) 3.09 0.011

Both Left DAN post-stim. α power (WH) Standard PTA (PTAstd) 3.21 0.008

Younger Right DAN post-stim. α power (WH) Weekly music practice (AWPcurrent) 4.01 0.007

Both preM100 right VAN amplitude Language proficiency index -2.56 0.024

Group Outcome measure Demographic variable t p

Hearing ability showed the most associations with training-related outcomes.

Hearing thresholds, measured through different variants of pure tone averages

(standard PTA, range PTA, and high-frequency PTA; see Section 2.2 for details), were

associated with several behavioral and neural outcomes in older adults. Specifically,
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Figure 3.17: Effect of hearing thresholds on task performance and post-stimulus alpha power in
older adults. Panels a and c: Simple regression models in which hearing thresholds, measured by the
standard pure tone average in decibels hearing level (dBHL), significantly predicted the training-related
change (slope) for average level reached in the task (a) and left DAN post-stimulus alpha power (c).
Panels b and d: Relationship between PTA and each outcome measure using individual observations
across days: task performance in b and left DAN post-stimulus alpha in d. Marker colors reflect training
day, with darker shades corresponding to later sessions. Solid lines indicate linear model fits, with
shaded areas representing 95% confidence intervals.

greater hearing loss was linked to lower average task performance (est.=-0.01, p=0.005;

Figure 3.17a, Table S.22), reduced RAVLT learning gain (est.=-0.05, p=0.036; Table S.23),

smaller M100 amplitudes in right auditory cortex (est.=-0.02, p=0.029; Table S.24), and

higher post-stimulus alpha power in left auditory cortex (est.=0.15, p=0.030) and left

DAN (est.=0.14, p=0.040; Figure 3.17c, Table S.27). Within these associations, hearing

thresholds significantly predicted average task performance and post-stimulus alpha
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power in left DAN when included as covariate in the full models, whereas all other

relationships were not significant anymore (all p>0.2). Notably, both hearing acuity

(est.=-0.17, p=0.003) and training day (est.=0.16, p=0.007) significantly predicted average

level reached per day (Figure 3.17b), indicating that task performance improved across

training sessions, and that individuals with better hearing (lower hearing thresholds)

consistently reached higher performance in the training task (Table S.22). In earlier

analyses (Section 3.3.4), we did not observe training-related changes in post-stimulus

alpha power in older adults; yet, greater hearing loss predicted increased alpha activity

in the left DAN in the covariate models (PTAstd: est.=1.20, p=0.082; Figure 3.17d),

with the association reaching significance specifically for high-frequency hearing loss

(PTAhigh: est.=0.54, p=0.023; Table S.27).

Musical experience, assessed through years of musical education (ME), musicality

index (MI), and average weekly music practice duration (AWPcurrent; see Section 2.1

for details), was also associated with training-related changes in both older and

younger adults. Among older participants, musicality was related to better Stroop

performance (AWPcurrent: est.= 3.61, p=0.022; Table S.23), and lower right DAN preM100

activation (ME: est.=-0.04, p=0.022; MI: est.=-0.01, p=0.016; Table S.25). For the younger

group, musical training was associated with increased pre-stimulus right DAN theta

power (ME: est.=0.10, p=0.089; MI: est.=0.02, p=0.039; Table S.26), as well as higher

post-stimulus alpha power in bilateral auditory cortices (Left-ME: est.=0.17, p=0.030;

Right-AWPcurrent: est.=0.60, p=0.055) and right DAN (AWPcurrent: est.=0.78, p=0.007;

Table S.27). However, none of these musicality-related variables remained significant

predictors when included as covariates in the full models (all p>0.3; Tables S.23

and S.25 to S.27), suggesting that while musical experience may be linked to individual

variability in these behavioral and neural traits, it does not account for their observed

training-related outcomes.

In older adults, education, quantified with total years of schooling (see Section 2.1

and Table 2.1 for details), was associated with increased right DAN preM100 amplitude
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Figure 3.18: Effects of education and language proficiency in neural training-related changes.
Panels a and c: Simple regression models showing significant associations between years of education
and training-related change (slope) in right auditory post-stimulus alpha power (a), or language
proficiency index and training-related change in right ventral attention network (VAN) pre-stimulus
amplitude (c) in older (O, purple) and/or younger (Y, green) adults. Panels b and d: Corresponding
relationships using individual observations across training days for each outcomemeasure: post-stimulus
alpha power in right auditory cortex (AC, b) and pre-stimulus amplitude in right VAN (d). Marker colors
reflect training day, with darker shades corresponding to later sessions. Solid lines indicate linear model
fits, with shaded areas representing 95% confidence intervals.

(est.=0.01, p=0.057; Table S.25) and decreased post-stimulus alpha power in right

auditory cortex (est.=-0.29, p=0.020; Figure 3.18a, Table S.27). After including education

as a covariate in the model, only the association with post-stimulus alpha power



Results 116

remained significant, although the direction of the effect changed (est.=4.41, p=0.025;

Figure 3.18b), suggesting that individuals with higher formal education exhibited

greater right auditory alpha activity but showed smaller training-related changes in

this region.

Finally, we observed a relationship between Language Proficiency Index (LPI), a

normalized measure of self-assessed language proficiency (Section 2.1) and several

neural measures in both groups. In older adults, LPI was negatively associated with

pre-stimulus alpha power in left auditory cortex (est.=-1.04, p=0.069; Table S.26), while

in younger adults, it showed a positive relationship with right auditory post-stimulus

alpha activity (est.=2.70, p=0.007; Table S.27). Across both groups, higher LPI was linked

to lower right VAN preM100 amplitude (est.=-0.05, p=0.024; Figure 3.18c, Table S.28).

When included as a covariate in the full models, LPI remained a significant predictor

only of right VAN preM100 amplitude across both groups (est.=-0.49, p=0.017), and

showed non-significant trends in older (est.=-0.38, p=0.080; Figure 3.18d) and younger

participants (est.=-0.80, p=0.097), indicating that higher language proficiency predicted

lower pre-stimulus activation in right VAN. However, LPI did not account for the

training-related increase in preM100 amplitude observed in older participants, as this

effect remained significant after controlling for LPI both across groups (Day×Group:

p=0.029) and within older adults (est.=0.07, p=0.010).

3.4.3 Summary

In this section, we examined whether individual demographic variables, such as

hearing thresholds, musical experience, education, and language proficiency, were

associated with the behavioral and neural changes observed throughout training.

Most associations emerged in older adults, with hearing ability being the strongest

and most consistent relationship, predicting task performance and post-stimulus

alpha power even when included as a covariate. Educational attainment and language

proficiency were also related to several training-related outcomes. However, no single
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demographic variable entirely accounted for the observed training-related effects,

indicating that while these characteristics contribute to inter-individual variability, the

observed neuroplastic changes were primarily induced by training.

Overall, these results are consistent with our original hypothesis, showing that

individual characteristics closely related to the auditory system, such as hearing

thresholds and language proficiency, only partially account for the inter-individual

variability of our study outcomes, particularly in older adults. However, none of these

factors accounted for the reported training-related effects, supporting the idea that

the observed neural and behavioral changes effectively reflect plasticity driven by the

auditory training task.
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4
Discussion

In this study, we investigated the effects of auditory perceptual training on behavioral

performance, cognitive function, and neural dynamics in younger and older adults.

Our results revealed distinct age-related patterns of training-induced neuroplasticity

within auditory and attentional brain networks. In older adults, training enhanced

anticipatory activity within the right dorsal attention network, which fully mediated the

observed increase in right auditory cortical responses. In contrast, younger adults

did not exhibit this pattern. Instead, training modulated both pre- and post-stimulus

oscillatory activity, particularly within the alpha frequency band, with pre-stimulus

alpha power predicting individual differences in task performance. Overall, these

findings suggest that, while both younger and older adults demonstrated behavioral

improvement and learning transfer, they relied on differentiated neural processes

during auditory learning, providing a foundation for the discussion that follows.
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4.1 Overview of the results and key findings

Our investigation began by assessing participants’ behavioral performance on the

auditory task. Over twelve days of training, both age groups improved significantly in

the perceptual discrimination task, with younger adults demonstrating greater gains

in performance. Regardless of age, performance was lower during MEG sessions

compared to at-home training. Beyond the training task, learning effects generalized to

other cognitive functions, as both groups showed better inhibitory control after training,

while older adults also exhibited enhancements in verbal learning and reduced auditory

memory interference. These behavioral changes prompted us to examine whether

such improvements were reflected in training-induced changes in brain activity.

We focused first on auditory cortical responses, where training elicited

age-dependent patterns of neural modulation. Older participants exhibited increased

M100 amplitude in the right auditory cortex after training, while responses in younger

adults remained stable. In contrast, younger adults showed a reduction in baseline

activity within the left auditory cortex. Across all auditory measures, responses were

generally stronger in the right hemisphere; however, this lateralization was reduced in

older adults. This modulation of perceptual responses in older adults pointed to a

potential role of attentional mechanisms in shaping auditory processing.

To test whether attentional engagement accounted for the observed auditory

changes, we examined pre-stimulus activity in dorsal and ventral attention networks. In

the right dorsal attention network (DAN), older adults showed increased pre-stimulus

activity across training, which fully accounted for the training-related increase in

M100 amplitude in the right auditory cortex. This attentional modulation was further

supported by increased pre-stimulus functional connectivity between the right DAN and

right auditory cortex in older adults. This pattern was not observed in younger adults,

who instead exhibited a slight reduction in right DAN activity and no significant changes

in connectivity. For younger participants, training was associated with widespread

increases in alpha activity, both before and after stimulus presentation, which also
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predicted better task performance. Older adults did not exhibit changes in alpha

power but showed a training-related decrease in right DAN pre-stimulus theta activity.

In contrast, post-stimulus theta power increased with training exclusively in younger

adults. Additionally, pre-stimulus activity in bilateral ventral attention network regions

increased across training in older participants; however, this effect did not predict

training-related auditory cortical modulations and was not observed in younger adults.

Taken together, these findings indicate that although both age groups benefited

behaviorally from training, the neural substrates underlying these improvements were

markedly distinct. Older adults relied on attentional network engagements to enhance

and reorient perceptual resources, whereas younger adults drew on spectral dynamics,

particularly in the alpha and theta bands, to support improved performance.

In addition to training-related brain activity, we explored whether individual

differences in demographic factors would account for some of the variability in

learning outcomes. Hearing thresholds emerged as the most robust and consistent

predictor, particularly in older adults, where greater hearing loss was linked to lower

task performance and elevated post-stimulus alpha power. While education and

language proficiency were linked to some neural outcomes, none of the demographic

variables fully accounted for the training-induced changes, suggesting that the observed

plasticity was primarily driven by the training paradigm itself.
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4.2 Learning gains and generalization of training across age

groups

Both younger and older adults showed improvements in performance on the

auditory discrimination task across training sessions (Figure 3.1), demonstrating

that the training paradigm was effective in eliciting learning throughout the adult

lifespan. The improvement observed in older adults supports the notion that

perceptual training remains beneficial even later in life, consistent with evidence

of sustained neuroplasticity across the lifespan in both animal models (Cheng et al.,

2017; Cisneros-Franco et al., 2018; de Villers-Sidani et al., 2010; Voss et al., 2016) and

human studies (Mishra and Gazzaley, 2013; Mishra et al., 2014).

Despite evidence of learning in older adults, the magnitude of improvement

was not equivalent across age groups, with younger adults showing greater overall

gains. Several factors may account for these differences in performance, many of

which are likely rooted in the specific cognitive and perceptual demands of the task

design (Figures 2.2 and 2.3; Sections 2.3 and 2.4). As part of the adaptive perceptual

discrimination paradigm, participants were required to retain in memory a target tone

that was presented only twice at the beginning of the session. As the task progressed,

they needed to detect increasingly subtle frequency changes while ignoring non-target

stimuli that could interfere with their representation of the memorized target. This

combination of abilities, including frequency discrimination, working memory and

selective attention, is particularly susceptible to age-related decline. Indeed, prior

research has shown that older adults often experience deficits in discriminating

between frequencies, even when hearing thresholds are accounted for (Freigang et al.,

2011; Moore et al., 2019; Moore and Peters, 1992). Moreover, aging has been linked to

a reduced capacity to suppress irrelevant auditory information (Espinoza-Varas and

Jang, 2006; Kang et al., 2022; Mishra et al., 2014; Stothart and Kazanina, 2016), likely

reflecting broader declines in selective attention (Kramer and Madden, 2008; Zanto

and Gazzaley, 2016) and memory (Brehmer et al., 2012; Cappell et al., 2010; Choi et al.,
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2014; Fernández-Rubio et al., 2024), all of which can impair performance in frequency

discrimination tasks. Additionally, age-related differences in learning rates have been

documented across several training paradigms, including those targeting processing

speed and working memory (Brehmer et al., 2012; Bürki et al., 2014). Even within the

older adult cohort, younger individuals tend to benefit more from training compared

to their older counterparts (Verhaeghen et al., 1992). These age-related performance

differences underscore the need to examine the neural mechanisms that may account

for these differences. This question is addressed in the present study, and the relevant

findings will be discussed in subsequent sections.

In addition to age-related differences in learning, we also observed

setting-dependent performance differences. In particular, participants exhibited

lower performance during MEG-based training sessions compared to at-home

sessions (Figures 2.5 and 3.2). This difference likely reflects environmental and

contextual factors associated with the MEG setting. Prior research has shown

that cognitive performance can be negatively impacted in imaging environments

due to increased anxiety, physical constraints, diminished attentional focus, or

the presence of observers (van Maanen et al., 2016; Paulus, 1983; Schult et al.,

2017). Although some studies report reduced cognitive performance outside the

lab due to external distraction (Varao-Sousa et al., 2018), others have highlighted

that lab-based restrictions, such as the requirement to remain still, may interfere

with task engagement (Ladouce et al., 2017). As a result, there is growing interest in

developing wearable neuroimaging technologies, including portable MEG systems

(Boto et al., 2018; Mellor et al., 2023; Tierney et al., 2020) and mobile MRI solutions

(Deoni et al., 2023, 2022), as well as in designing ecologically valid testing environments

(Ladouce et al., 2017; Parker et al., 2020). While current MEG systems cannot yet be

used in truly naturalistic settings, some neural measures, such as auditory brainstem

responses, have shown consistency across lab and home-like environments (Parker

et al., 2020). The observed differences in performance between MEG and at-home

sessions in this study highlight the importance to consider experimental context
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when interpreting task outcomes. However, our longitudinal design demonstrated

consistent training-related improvements across both environments, reinforcing the

robustness of the behavioral findings and the validity of the training paradigm.

Beyond task-specific improvements, we also observed generalization of training

effects to untrained cognitive domains. Both groups showed improved cognitive

inhibition, while older adults additionally demonstrated gains in verbal learning and

reduced memory interference. While such generalization effects have been reported

in previous studies using auditory training programs, with benefits observed in verbal

learning, global cognition, problem-solving, and working memory (Adcock et al., 2009;

Fisher et al., 2009, 2015; Mishra et al., 2014; Strenziok et al., 2014), the literature on

far-transfer effects, especially in older adults, remains inconsistent (Bürki et al., 2014;

Dahlin et al., 2008; Fitzgerald andWright, 2011; Karawani et al., 2016). Generalization has

been suggested to depend strongly on task characteristics, with greater learning transfer

observed for adaptive paradigms involving well-defined cognitive skills practiced at

sufficient difficulty, intensity, and duration (Brehmer et al., 2012; Ferguson et al., 2019;

Flegal et al., 2019; Green and Bavelier, 2008; Lustig et al., 2009; Vinogradov et al.,

2012). In line with these recommendations, our auditory task was designed to engage

perceptual processing, working memory, and selective attention, and was adaptively

tailored to each individual’s performance, requiring sustained effort across multiple

sessions, which likely contributed to the observed transfer effects.

However, this generalization was not uniform across all examined cognitive domains

or age groups. Transfer to the RAVLT was observed only in older adults (Figure 3.3a),

which may reflect training-related remediation of age-specific cognitive deficits (Braver

and West, 2008; Vinogradov et al., 2012). The overlap in cognitive systems involved in

auditory discrimination and verbal learning, such as selective attention and auditory

memory (White et al., 2013), may explain why older adults benefited in verbal learning

measures. In contrast, the absence of transfer in younger adults could be due to

ceiling effects, as their high baseline RAVLT scores left little room for improvement,
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as reported in previous studies (Bürki et al., 2014). In the Stroop task, we found

training-related improvements in both age groups (Figure 3.3b), suggesting that

cognitive inhibition was positively influenced by the auditory training. This is consistent

with prior research showing that auditory training can enhance attentional control

and reduce distractibility, particularly in older adults (Ferguson and Henshaw, 2015;

Mishra et al., 2014). Furthermore, no training effects were observed in AFLT, a visual

learning task, indicating that training enhanced auditory functions and attentional

processes that benefit tasks such as the RAVLT and SCWT, but not the AFLT, which

relies on visual processing. The neural changes observed in DAN activity among older

adults and alpha power modulation in younger adults support this interpretation, as

discussed in the following sections.
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4.3 Auditory gains and attention engagement as neural

signatures of learning in older adults

Auditory training in older adults induced neurophysiological changes in both attentional

and auditory regions. Specifically, we observed an increase in pre-stimulus activity

within right-hemispheric regions of the dorsal attention network (Figure 3.8), which

mediated the training-related increase of M100 amplitude in the right auditory

cortex (Figures 3.4 and 3.11). All training effects in older adults were localized to

right-lateralized cortical regions, consistent with the specialization of the right auditory

cortex for fine spectral resolution (Albouy et al., 2020; Zatorre and Belin, 2001) and

the dominance of the right hemisphere in attentional control (Bartolomeo and Seidel

Malkinson, 2019; Mengotti et al., 2020; Weisz et al., 2014). Importantly, no changes

were observed in auditory responses to the cue, indicating that training selectively

modulated the processing of the training stimulus, rather than inducing a general

increase in auditory responsiveness.

However, the observed increases in auditory and attentional activity contrasted

with our initial hypothesis, which predicted elevated baseline responses in older

adults, followed by a decline across training sessions. Previous studies have reported

reductions in neural activity following training (Alain and Snyder, 2008; Mishra et al.,

2014; O’Brien et al., 2017), often interpreted as evidence of increased efficiency and

decreased cognitive effort (Lustig et al., 2009). These studies documented EEG-based,

sensor-level reductions in later components (N1–P3: 150–400 ms), used non-equivalent

tasks (O’Brien et al., 2017), brief or non-adaptive training paradigms (Alain and Snyder,

2008), or examined changes specific to distractor processing (Mishra et al., 2014).

Methodological differences likely account for the discrepancies between those previous

studies and our results (see Section 1.3.2 and Table 1.1), as our study employed MEG

with anatomical source localization to isolate activity in specific cortical regions and

a challenging task with two sources of difficulty (spectral proximity and amplitude

loss; see Section 2.4 and Figure 2.3). In contrast to previous studies focusing on later
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processing, our findings revealed training-relatedmodulation of early sensory encoding

(50–150 ms) and increased pre-stimulus activity, suggesting that training in older adults

enhanced early encoding via preparatory attentional engagement, rather than reducing

neural demands.

This pattern of increased engagement aligns with compensatory frameworks

of aging. According to the CRUNCH model (Reuter-Lorenz and Cappell, 2008), the

Scaffolding Theory of Aging and Cognition (STAC; Park and Reuter-Lorenz, 2009) and its

revised version (STAC-r; Reuter-Lorenz and Park, 2014), older adults recruit additional

neural resources to counteract structural and functional declines, particularly in

response to cognitive challenge. In line with this view, and as discussed by Lustig et al.

(2009), the progressive increases in right DAN and auditory cortical activation, along

with changes in functional connectivity, suggest sustained compensatory recruitment

that strengthens task-relevant networks. Thus, our results show that auditory training

promotes adaptive reorganization, where older adults engage top-down attentional

mechanisms to support stimulus encoding. Such findings highlight that neuroplasticity

in aging can involve the reinforcement of alternative neural pathways, not just increased

efficiency.

Similar increases in neural activity have been observed in other perceptual learning

studies. Increased post-training activity has been reported in audiovisual (Ren et al.,

2024) and visual discrimination tasks (Mishra et al., 2015), though often at later stages,

such as the P3 component (∼300 ms). The increase in early evoked activity observed in

our study is particularly consistent with the work of McNair et al. (2019), who reported

stronger P1 and N1 responses in older adults during a frequency discrimination task,

as well as an influence of pre-stimulus spectral power, primarily via theta-band activity,

on sensory encoding in aging. Our findings build on this by showing that pre-stimulus

activity in attention networks is not static in aging, but can be dynamically modulated

by training, enhancing auditory cortical responses through increased engagement and

functional connectivity between the DAN and auditory cortex.
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Interestingly, we also observed a reduction in pre-stimulus theta-band power across

training sessions that occurred alongside the increased pre-stimulus engagement in

right DAN (Figure 3.13). This theta reduction diverges from prior work associating higher

pre-stimulus theta power with successful stimulus identification and memory-related

processes (Addante et al., 2011; Ostrowski and Rose, 2024; Strzelczyk and Langer, 2024).

However, in our study, this reduction occurred alongside increased regional activity

(Figure 3.8), mediation of M100 enhancement (Figure 3.11), and elevated connectivity

between DAN and auditory cortex (Figure 3.15). Together, these findings suggest

that training promoted a functional reorganization in the right DAN—shifting from

memory-related preparatory theta activity to direct attentional engagement with

auditory input. This may reflect a reduced reliance on auditory memory processes,

consistent with well-established age-related memory decline (Brehmer et al., 2012;

Choi et al., 2014; Fernández-Rubio et al., 2024).

Two theoretical frameworks from distinct areas of neuroscience research may

explain this functional reorganization. First, the Reverse Hierarchy Theory (Ahissar et al.,

2009) posits that perceptual learning begins with high-level cognitive processes and

progressively recruits lower-level sensory representations via top-down mechanisms.

For older adults with compromised memory, this top-down shift may be essential

for improving perceptual encoding in demanding tasks (Bieber and Gordon-Salant,

2021). Second, predictive coding models by Rao and Ballard (1999) propose that during

perception, the brain generates predictions about incoming sensory input and updates

these predictions based on the difference between expected and actual input. In the

context of aging, predictive coding models suggest that age-related declines in sensory

processing and working memory drive the brain to prioritize more stable internal

models over degraded external input when interpreting sensory information (Chan

et al., 2021; Hsu et al., 2021). Our results suggest that training can counteract this

trend by strengthening top-down sensory processing, providing an active alternative to

passive prediction, a notion supported by animal studies showing that aging auditory

systems increasingly recruit attentional mechanisms to process expected input (Cai
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et al., 2016).

While training modulated theta-band activity and enhanced pre-stimulus

engagement within the dorsal attention network, we found no significant

training-related changes in alpha-band power. We observed the expected alpha

desynchronization (i.e., decrease relative to baseline) following the Cue, as reflected

by consistently negative post-Cue (pre-stimulus) alpha power across all training days

(Figure 3.13). This pattern aligns with prior findings linking alpha desynchronization to

attentional orienting and sensory preparation (van Ede et al., 2014; Foxe and Snyder,

2011; Müller and Weisz, 2012; Weisz et al., 2014). However, the lack of training-related

modulations in alpha activity may be explained by age-related changes such as spectral

flattening (McNair et al., 2019; Voytek et al., 2015), reduced spontaneous alpha power

(Clements et al., 2021), and deficits in attentional reorientation (Arif et al., 2020). These

factors may diminish the functional specificity of alpha responses and limit their

trainability in older populations. Additionally, recent evidence shows that alpha activity

during attentive listening arises from different cortical regions across the lifespan. In

younger adults, alpha is most prominent in the superior parietal cortex, a key node of

DAN, whereas older adults show reduced parietal involvement and greater activity in

posterior temporal regions, potentially limiting our ability to capture alpha modulations

in older adults (Herrmann et al., 2023).

Beyond the DAN, training was also associated with increased pre-stimulus activity

in bilateral regions of the ventral attention network (Figure 3.16). While VAN activation

did not independently predict changes in auditory cortex responses, its inclusion in the

model attenuated the effect of training day, suggesting shared variance between VAN

engagement and training-induced plasticity. Such reduction in the training effect may

reflect a functional interaction between the VAN and other networks in support of

perceptual learning in aging, aligning with evidence linking VAN to top-down auditory

attention (Alho et al., 2015; Salmi et al., 2009). The recruitment of both dorsal and

ventral attention networks during training may also reflect compensatory mechanisms



Discussion 129

supporting perceptual performance in aging, consistent with the CRUNCH model

(Reuter-Lorenz and Cappell, 2008). These networks share structural and functional

connections that may facilitate efficient attentional control (Mengotti et al., 2020).

Additional evidence reinforces the functional relevance of VAN recruitment in aging:

white matter integrity in VAN regions has been linked to cognitive improvements

following auditory training (Strenziok et al., 2014), and functional DAN-VAN interactions

predict behavioral outcomes in visual tasks (Wen et al., 2012). Collectively, these

findings indicate that coordinated recruitment of dorsal and ventral attention networks

may support auditory plasticity in aging, though future studies are needed to clarify

the nature and functional impact of these interactions.
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4.4 Increased alpha power and reduced neural responses: a

signature of efficiency in younger adults?

In contrast to older adults, younger participants showed no training-related changes

in the amplitude or lateralization of M100 auditory responses (Figure 3.4). However,

we observed a reduction in spontaneous activity in the left auditory cortex across

training sessions (Figure 3.7b). Interestingly, lower baseline activity in this region was

linked to lower average performance levels, independent of training day, suggesting

that reduced activation may hinder performance when considered in isolation. Yet,

because behavioral performance improved over time despite this reduction, this

change may reflect a broader reorganization of auditory processing rather than a

detrimental effect. Specifically, this activity reduction may represent the functional

inhibition of task-irrelevant regions, consistent with right-hemisphere specialization for

pitch-based stimuli (Albouy et al., 2020; Zatorre and Belin, 2001). This interpretation is

supported by evidence that disruption of the right auditory cortex during pitch-based

tasks impairs discrimination learning, whereas disruption of the left auditory cortex

does not (Matsushita et al., 2021). Moreover, interference in the right auditory cortex

can lead to compensatory increases in left auditory activity, especially in individuals

with strong interhemispheric connectivity (Andoh and Zatorre, 2011, 2013). Thus, the

training-related reduction in left auditory activity observed in our study may reflect

adaptive downregulation of irrelevant processing streams, facilitating more efficient

right-lateralized encoding.

Beyond reduced spontaneous activity in auditory cortex, a slight decrease in

pre-stimulus activity in the right DAN (Figure 3.8d) also pointed toward greater

processing efficiency reachedwith training in younger adults. This reductionmay reflect

that anticipatory attentional engagement becomes less necessary as the task becomes

more familiar. While younger adults are generally more reliant on bottom-up sensory

input than on internal predictions (Chan et al., 2021), predictive coding frameworks

suggest that repeated exposure to predictable stimuli should progressively reduce
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prediction error, leading to attenuated neural responses with learning (Friston, 2005).

Benedek et al. (2014) further proposed that suppressed or attenuated activity in

attention-related regions may reflect top-down modulation to prevent the reorienting

of attention toward task-irrelevant stimuli, thereby supporting goal-directed behavior.

This interpretation also aligns with the training-related reduction in baseline activity

observed in the left auditory cortex, likely to suppress distracting input from that

region. Collectively, these decreases in neural activity suggest that training promoted

more efficient neural processing by minimizing reliance on anticipatory engagement

and inhibiting irrelevant perceptual channels.

Auditory training also led to widespread increases in alpha power, both pre- and

post-stimulus, across auditory and attention-related regions (Figures 3.12 to 3.14). In

particular, pre-stimulus alpha power increased across training days (i.e. decreased

desynchronization) in left auditory cortex and marginally in bilateral DAN regions

(Figure 3.13). The increase in alpha power in the left auditory cortex predicted

task performance, with higher alpha associated with higher average performance

levels. Given that alpha power has been repeatedly linked to attentional regulation

and perceptual resource allocation (Deng et al., 2020; Harris et al., 2017; Kasten

et al., 2024; Keller et al., 2017; Strauß et al., 2014; Weisz et al., 2014), these results

suggest that younger participants required fewer perceptual resources to perform

the task as learning progressed, providing additional evidence of improved neural

efficiency. This behavioral association reinforces the role of pre-stimulus alpha activity

as a learning mechanism in younger adults, consistent with findings that increased

ipsilateral alpha supports attentional focus on contralateral auditory input (Weisz

et al., 2014). Interestingly, no pre-stimulus alpha modulation was observed in right

auditory cortex—the most critical region for our spectral discrimination task—which

supports the idea that increased alpha reflects top-down suppression of irrelevant

regions rather than direct engagement of sensory processing.

Alpha power is also known to increase in response to degraded signal quality, such
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as when auditory input is diminished (Obleser et al., 2012; Weisz et al., 2011; Wöstmann

et al., 2015). It is therefore possible that the training-related increase in alpha reflects

the gradual reduction in stimulus quality embedded in our adaptive paradigm (see

Figure 2.3d). As participants advanced to higher difficulty levels, they encountered

stimuli with increasingly attenuated spectral cues, which may have triggered stronger

alpha responses. Beyond attention and perception, alpha dynamicsmay also contribute

to memory encoding. Recent studies have shown that increased pre-stimulus alpha

power supports stimulus association and recognition (Ostrowski and Rose, 2024), and

that training can amplify preparatory alpha activity in visual memory tasks (Strzelczyk

and Langer, 2024), suggesting that alpha activity may contribute to target encoding

and recognition in the auditory task. However, most evidence linking alpha to memory

processes has focused on post-stimulus activity, which also showed training-related

modulations in younger adults.

Indeed, post-stimulus alpha power increased exclusively in younger adults with

training, potentially reflecting stimulus-driven attentional modulation (Harris et al.,

2017; Wiesman and Wilson, 2020), or a shift toward internal attention to protect

task-relevant information from interference (Bonnefond and Jensen, 2012; Kasten

et al., 2024; Zhou et al., 2023). In support of the latter, Bonnefond and Jensen (2012)

demonstrated that alpha synchronization during the encoding phase predicted better

memory performance, consistent with an inhibitory role for alpha when distractors

are expected. In contrast, other studies have reported that decreased post-stimulus

alpha power (i.e., increased desynchronization) is associated with stronger memory

representations in both auditory and visual tasks (Strunk and Duarte, 2019; Weisz et al.,

2020). While these studies examined distractor interference during memory encoding,

our task differs in that any given stimulus could function either as a distractor (i.e.,

non-target) that must be ignored to prevent interference, or as the target that must

be encoded to strengthen the internal representation. Therefore, the post-stimulus

alpha increase in our study may reflect a blend of reduced attentional demand and

heightened memory prioritization: early in training, alpha desynchronization may
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aid encoding, whereas with learning, alpha synchronization may indicate increased

efficiency and reduced cognitive load.

Another consideration is that the observed post-stimulus alpha increases may not

solely reflect independent stimulus-evoked activity. Findings from Strzelczyk and Langer

(2024) highlight the importance of interpreting post-stimulus alpha desynchronization

in the context of pre-stimulus dynamics. In their visual memory task, training was

initially associated with increased post-stimulus alpha desynchronization; however,

this effect reversed when pre-stimulus alpha power was included in the model,

revealing a training-related increase in post-stimulus alpha activity (Strzelczyk and

Langer, 2024). In our study, we did not isolate post-stimulus alpha power from

the influence of pre-stimulus dynamics due to the constraints of the trial structure

(Figure 2.2). Time-frequency data were baseline-corrected across both pre- and

post-stimulus windows using the same reference interval (-500 to -25 ms relative to

the Cue; Section 2.9.6). As a result, the post-stimulus alpha modulations we observed

may partially reflect effects originating from preparatory activity.

Additionally, we observed training-related increases in post-stimulus theta power

across auditory and attention regions, particularly in response to targets. This increase

may reflect enhanced target recognition (Harris et al., 2017; Mishra et al., 2014;

Ostrowski and Rose, 2024; Wiesman and Wilson, 2020), though it may also be shaped

by pre-stimulus theta dynamics (Strzelczyk and Langer, 2024). However, results from

Hit trials should be interpreted with caution, as the number of Hits was lower than

withholds, which limits the reliability of post-stimulus estimates for this condition.

Finally, to clarify the distinct contributions of pre- and post-stimulus alpha and theta

activity in auditory training, future studies should incorporate trial-by-trial analyses,

apply methods that separate oscillatory from evoked components, and consider

approaches such as neural decoding or brain stimulation to probe the functional

relevance of these dynamics for task performance and working memory.
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4.5 Divergent neural pathways support learning across age

Themain finding of this study is that auditory learning induced different neural changes

in younger and older participants, emphasizing age-related differences in how the

brain adapts to the same learning experience. Younger adults showed training-related

modulations in spectral dynamics, particularly alpha power, both before and after

stimulus presentation. In contrast, older adults displayed increased engagement

of attention-related networks, especially the right DAN, where pre-stimulus activity

and functional connectivity with auditory cortex increased across training sessions.

Building on prior evidence of age-related differences in neural recruitment (Braver

et al., 2009; Nguyen et al., 2020; Reuter-Lorenz, 2002; Strzelczyk and Langer, 2024;

Voytek et al., 2015), the present work demonstrates these differences also emerge

during learning-related neural plasticity.

These distinct neural adaptations likely reflect differences in cognitive strategies, the

use of neural resources, and compensatory mechanisms associated with aging. Prior

work has proposed the existence of two distinct cognitive control modes (Braver et al.,

2007), later shown to be differentially engaged with age depending on task demands

and goals (Braver et al., 2009). Younger adults typically rely on a proactive control

strategy, where task-relevant information is maintained and sustained by preventing

interference. In contrast, older adults engage a reactive control mode, modulating

attention only after interference occurs to then manage competing information. In

addition, predictive coding frameworks (Chan et al., 2021; Hsu et al., 2021; Rao and

Ballard, 1999) suggest that younger adults relymore onperceptual feedback tominimize

prediction error, whereas older adults depend on predictions, particularly when

sensory input is compromised. These two complementary accounts can be integrated

to interpret our results: in younger adults, increased alpha power and reduced

DAN engagement may reflect efficient sensory encoding and proactive interference

prevention; while in older adults, degraded input biases the system toward internal

models, with training prompting a shift toward greater perceptual engaging through
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attentional recruitment, consistent with the Reverse Hierarchy Theory of learning

(Ahissar et al., 2009; Bieber and Gordon-Salant, 2021).

In addition to age-specific mechanisms supporting auditory learning, we observed

intrinsic differences in auditory processing between younger and older adults.

Across both age groups, auditory processing was characterized by right-hemispheric

dominance. However, older adults exhibited greater recruitment of left auditory

cortex (Figure 3.4) and reduced amplitude and hemispheric asymmetry in the auditory

response to the Cue (Figure 3.7). These patterns are consistent with the HAROLD

model (Cabeza, 2002; Section 1.2.2) and align with our hypotheses on higher neural

recruitment in older adults. In particular, the reduced response to the Cue in older

adults is likely related to well-documented age-related declines in high-frequency

hearing sensitivity (Keay and Murray, 1988; Wang and Puel, 2020; Wiley et al., 1998),

since the Cue tone was set at 5 kHz, a frequency in which older adults typically show

elevated thresholds even though none of the participants met clinical criteria for

age-related hearing loss (Figure 2.1). Nonetheless, these age-related patterns did not

change with training, likely because they were not directly engaged by task demands.

Rather than altering perceptual responses to the Cue or activity in the left auditory

cortex that is not critically involved in spectral discrimination (Matsushita et al., 2021),

auditory training primarily enhanced perceptual processing in right auditory cortex

and higher-order functions such as selective attention and memory.

While both younger and older participants benefited behaviorally from auditory

training, our findings reveal fundamental differences in the neural changes elicited

by the same training protocol. These results highlight the dynamic nature of

neuroplasticity across the adult lifespan and emphasize the importance of tailoring

training interventions to age-specific cognitive and neurophysiological profiles.



Discussion 136

4.6 The role of hearing and other demographic factors in

learning variability

To better understand the sources of individual variability in training outcomes,

we examined different demographic factors that could contribute to the observed

behavioral and neural changes (Table 3.1). We found that inter-individual variability

in learning outcomes was shaped not only by age, but by demographic factors such

as hearing ability, education and language background (Table 3.2). Differences in

hearing ability emerged as key predictors of both behavioral performance and neural

activity, particularly in older adults. Participants with greater hearing loss showed

lower task performance and higher post-stimulus alpha power (Figure 3.17). Previous

reports have shown that differences in hearing thresholds account for age-related

variability in behavioral and neural responses (Alain and Snyder, 2008; Lentz et al.,

2022), and that alpha activity increases under challenging listening conditions (Obleser

et al., 2012; Petersen et al., 2015; Wöstmann et al., 2015). Furthermore, the central

auditory system undergoes neural changes with aging that often occur independently

of peripheral hearing loss and can impair the ability to process and interpret auditory

input (Ouda et al., 2015; Profant et al., 2014). These age-related neural changesmay help

explain the observed relationships between hearing ability, behavioral performance

and alpha activity; and they underscore the importance of accounting for hearing

variability when interpreting neural data, particularly in aging and auditory paradigms.

However, training-related improvements in performance remained significant even

after controlling for hearing thresholds, indicating that auditory perceptual learning is

preserved despite age-related perceptual decline.

Beyond hearing, we explored the influence of education, musical training, and

language proficiency. Although musicality has been proposed as a protective factor

in auditory aging (Fernández-Rubio et al., 2024; Grassi et al., 2017), we did not

observe consistent associations with behavioral or neural plasticity, likely due to

limited variability in musical experience within our sample. Similarly, education is a
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well-established contributor to cognitive reserve (Christensen et al., 2008; Reuter-Lorenz

and Park, 2014; Stern, 2009) and has been shown to influence attention and working

memory (Choi et al., 2014). While our findings in older adults revealed that higher

educational attainment was associated with changes in neural activity in right auditory

and attentional regions, the direction and significance of these effects varied across

analyses (Figure 3.18a,b). Specifically, individuals with more years of formal education

exhibited greater right auditory alpha power but showed smaller training-related

changes, pointing to a potential role of cognitive reserve in reducing the need for

additional neuroplastic adaptation during training.

We also found that higher language proficiency predicted lower pre-stimulus activity

in the right VAN across both age groups (Figure 3.18c,d). Indeed, multilingualism

has been linked to enhanced executive control and increased cognitive reserve, with

evidence of delayed cognitive decline as well as structural and functional changes

across the lifespan (Antolovic et al., 2023; Baum and Titone, 2014; Chung-Fat-Yim

et al., 2023; Reuter-Lorenz and Park, 2014). Most neural effects have been reported

in left-hemisphere language regions such as the inferior frontal gyrus (Fedorenko

et al., 2024; Klein et al., 2014, 2001; Thieba et al., 2019); but more recent work

has also identified associations with ventral attention network activity and global

efficiency, particularly in early multilinguals (Arredondo et al., 2017; Balboni et al.,

2025; Berken et al., 2016; Gracia-Tabuenca et al., 2024; Yee et al., 2023). Therefore,

the observed reduction in pre-stimulus VAN activity may reflect greater efficiency in

attentional preparation among individuals with higher language proficiency, consistent

with evidence that multilingualism refines control network function. However, our

conclusions are constrained by the limited sample size and by the scope of our language

measures, which did not include age of acquisition or degree of language use (see

Section 2.1), both commonly used in multilingualism research (Chung-Fat-Yim et al.,

2023; Gracia-Tabuenca et al., 2024).

Although our findings indicate that individual characteristics such as hearing ability,
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education, and language proficiency are associated with differences in behavioral and

neural outcomes, none fully accounted for the training-related changes reported in

earlier sections, suggesting that these effects primarily reflect learning-driven plasticity

and not variability inherent to individual backgrounds. The small sample size and

high variability between individuals, especially among older adults, limit how these

associations can be generalized; however, the consistency of certain effects, particularly

the relationship between hearing ability, performance and neural activity, aligns with

previous research and strengthens their interpretive value. Together, these preliminary

findings provide a foundation for future studies with larger and more diverse cohorts

to better understand how demographic factors shape neuroplasticity in response to

auditory training across the lifespan.
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4.7 Limitations

Despite the strengths of this study, notably its longitudinal design with four imaging

sessions per participant, several limitations must be acknowledged. First, the relatively

small sample size limited the statistical power to detect subtle effects, such as

associations between neural changes and behavioral outcomes, and reduced the

generalizability of the findings. This limitation was further amplified by the broad age

range in the older group (42–77 years), which likely introduced additional variability in

cognitive and auditory function. On the other hand, the younger group (20–35 years)

consisted largely of university students, who may have shared more homogeneous

characteristics in terms of education, lifestyle and cognitive reserve. This variability is

supported by the STAC-r framework (Reuter-Lorenz and Park, 2014), which emphasizes

that lifelong experiences contributing to neural resource enrichment (e.g. education,

physical activity, multilingualism) or depletion (e.g. chronic stress, depression)

shape individual trajectories of neural maintenance and compensation. As a result,

increased neural recruitment in older adults does not necessarily correspond to

better performance, as individuals with greater neural compromise may exhibit more

activation yet perform worse than those requiring less compensation (Zahodne and

Reuter-Lorenz, 2019).

Methodologically, we opted to examine large-scale regions of interest (Figure 2.7)

to compensate for the small sample size and reduce the likelihood of false positives

from multiple comparisons. While this approach provided us with network-level

interpretations, it may have obscured localized differences, as region-specific changes

in activation (Schönwiesner et al., 2007) and spectral power (Arif et al., 2020;

López-Madrona et al., 2024; Mishra et al., 2014; Müller and Weisz, 2012) have been

reported in auditory and learning paradigms. Future studies with larger sample sizes

may benefit from the use of finer anatomical subdivisions, to distinguish between

primary and secondary auditory cortices, as well as between parietal and frontal

components of attentional networks.
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In addition, the time-frequency windows used in this study were defined based

on visual inspection of grand-averaged data (see Figure 2.8) to avoid overlapping

with signal from the evoked responses. However, more rigorous approaches such as

cluster-based permutation testing could improve objectivity and sensitivity to subtle

training effects (Meyer et al., 2021). Furthermore, restricting the time-frequency analysis

to non-phase-locked activity by removing the event-related response prior to spectral

decomposition (Harris et al., 2017), as well as separating oscillatory components from

the aperiodic (1/f) signal (Voytek et al., 2015; López-Madrona et al., 2024) could help

isolate functionally meaningful neural oscillations and reduce contamination from

broadband changes. Finally, our investigation focused on alpha and theta activity;

however, evidence linking beta (15–30 Hz) and gamma (30–90 Hz) frequency bands to

attention reallocation, memory and cognitive processes (Ahveninen et al., 2013; Arif

et al., 2020; Doesburg et al., 2012; Ostrowski and Rose, 2024; Polomac et al., 2015; Weisz

et al., 2020) suggests that additional frequencies may also contribute to training-related

plasticity and warrant further examination.

While this study provides new insights into the neural dynamics of auditory learning

across the adult lifespan, it remains constrained by the challenges of integrating

multiple sources of individual variability within a relatively small sample. Nonetheless,

training-related effects emerged across both behavioral and neural domains, and

clear differences were observed between younger and older adults. Therefore, these

findings establish a path to be followed by future research, which should aim to

replicate and expand upon them in larger, more diverse populations, by incorporating

time-resolved imaging, more anatomically specific ROI analyses, and longitudinal

follow-ups to evaluate the durability and generalizability of training-induced changes.

Such efforts will be essential for refining age-sensitive interventions and advancing

our understanding of the neural mechanisms that support perceptual and cognitive

learning in aging.
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4.8 Implications and future directions

The present findings offer new insights into the neural mechanisms that support

auditory learning across aging. While both younger and older adults demonstrated

behavioral improvements following training, the underlying neural adaptations

diverged: younger adults showed spectral changes in alpha power, whereas older adults

exhibited increased recruitment of attentional networks. These age-related differences

suggest that auditory learning does not rely on a single set of neural processes. Instead,

the aging brain may shift from a proactive to a reactive attentional control strategy,

recruiting different systems depending on available cognitive resources. Future studies

with larger and a more continuous age distribution are needed to characterize the

specific mechanisms underlying this transition and to determine whether it emerges

gradually with age, and to what extent it is driven by accumulated neural changes or

sensory decline.

These findings also contribute to growing evidence that cognitive benefits are more

likely to emerge when training tasks are both adaptive and sufficiently challenging

(Ferguson et al., 2019; Flegal et al., 2019; Lustig et al., 2009; Vinogradov et al., 2012).

However, longitudinal studies are needed to determine whether the neurophysiological

changes observed here persist after training ends, and whether the behavioral

improvements generalize to real-world cognitive functioning in older adults. While

prior work has shown that auditory training benefits can be retained for at least six

months in clinical populations such as individuals with schizophrenia (Fisher et al.,

2010), it remains unknown whether similar long-term retention occurs in healthy

aging or whether associated neural changes are maintained. Encouragingly, a recent

study found that older adults who completed a three-month music training program

exhibited increased theta power that persisted three months after the intervention

(Bugos et al., 2022). Although the training involved complex cognitive, emotional

and social factors, such as social engagement, that may have contributed to the

observed outcomes, the results suggest that structured auditory experiences can
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induce long-lasting neuroplastic changes. This highlights the need for follow-up studies

using simpler yet scalable auditory training paradigms like the one presented here.

Finally, the training paradigm used in this study could be adapted for application

in clinical populations, where perceptual and cognitive decline is more pronounced.

Conditions such as age-related hearing loss or mild cognitive impairment may benefit

from targeted auditory training interventions, particularly given their potential for

neural compensation and plasticity. Comparing learning-related changes in healthy

versus clinical aging could help clarify how disease burden interacts with neuroplastic

potential. Future research should explore how adaptive auditory training can be

optimized to support cognitive function and perceptual abilities in these populations.
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5
Conclusion

The central aim of this dissertation was to determine whether auditory learning benefits

older adults and how their neural adaptations compare to those of younger adults. By

combining behavioralmeasures, cognitive assessments, andmagnetoencephalography,

our findings demonstrate that both age groups improved behaviorally and generalized

learning to untrained tasks, albeit through distinct neurophysiological mechanisms.

Younger adults showedmodulations in spectral dynamics, particularly in alpha-band

activity, and reductions in auditory and dorsal attention activity, consistent with

more efficient sensory and attentional processing. In contrast, older adults exhibited

increased engagement of attention-related networks, especially the dorsal attention

network, which mediated training-related changes in right auditory cortex responses.

These findings suggest that older adults may rely on compensatory recruitment of

attentional systems to maintain auditory performance.

Although the relatively small sample size and the broad age range within the older

group may have limited our ability to detect finer-grained relationships between neural

and behavioral outcomes, consistent patterns emerged. Specifically, the engagement
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of attention networks in older adults and alpha modulation in younger adults align

with prior research on age-related changes in cognitive control and sensory processing.

These results underscore the need for future studies with larger samples and extended

follow-up periods to better understand individual differences in training outcomes

and the persistence of neurophysiological changes. Such work will be essential for

translating these findings into targeted interventions for clinical populations with

sensory or cognitive decline.

A key contribution of this study is the longitudinal characterization of training-related

neurophysiological changes in both younger and older adults using a unified auditory

learning paradigm. Overall, our results provide compelling evidence that aging does

not diminish the brain’s capacity for learning-driven adaptation. Rather, it prompts

a shift in the neural strategies and resources recruited to support this adaptation.

This work lays the foundation for the development of age-sensitive auditory training

programs aimed at enhancing perceptual and cognitive function in older populations.
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Courage doesn't always roar.

Sometimes courage is the quiet voice

at the end of the day saying,

“I will try again tomorrow”.

—Mary Anne Rademacher in

Rawson and Miner (2008)
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Supplementary Materials

S.1 Statistical Tables

Table S.1: Statistical models of training task performance. Results of statistical models used to
assess the average and maximum levels reached in the training task. Post-hoc analyses were conducted
to evaluate each group separately. Prevalence (Prev.) represents the percentage of subjects (either
across or within groups) that showed a performance improvement, as defined by a positive slope. The
mean and standard deviation (SD) of the slopes are also provided. Significant results (p < 0.05) are
highlighted in bold and results referenced in Results (Section 3.1.2) are shaded in purple.

Model: AvgLevel ∼ Day * Group + (1 + Day | Subject)

Both Day 0.16 2.85 0.013 100% 0.29 (±0.21)

Both Group 1.40 1.69 0.121

Both Day:Group 0.29 3.60 0.003

Model: AvgLevel ∼ Day + (1 + Day | Subject)

Younger Day 0.45 6.20 4×10-4 100% 0.43 (±0.21)

Older Day 0.16 3.92 0.002 100% 0.16 (±0.11)

Model: AvgLevel ∼ Day * Age + (1 + Day | Subject)

– Day 0.62 7.37 3×10-6

– Age -0.03 -1.69 0.121

– Day:Age -0.01 -4.23 0.001

Model: MaxLevel ∼ Day * Group + (1 + Day | Subject)

Both Day 0.25 2.70 0.015 93.75% 0.36 (±0.29)

Both Group 1.01 1.03 0.313

Both Day:Group 0.33 2.47 0.024

Model: MaxLevel ∼ Day + (1 + Day | Subject)

Younger Day 0.58 5.52 0.001 100% 0.48 (±0.33)

Older Day 0.25 2.70 0.025 87.50% 0.24 (±0.21)

Group Effect Estimate t value p value Prev. Mean (± SD)
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Table S.2: Statistical models of the effect of environmental setting on task performance. Results
of statistical models used to assess the impact of the session location (Setting) on task performance.
Post-hoc analyses were performed to evaluate each group separately in the simplified model (without
interaction terms). Significant results (p < 0.05) are highlighted in bold and results referenced in Results
(Section 3.1.3) are shaded in purple.

Model: AvgLevel ∼ Day + Group + Setting + (1 + Day | Subject)

Both Day 0.30 5.66 5×10-5

Both Group 3.38 2.10 0.054

Both SettingMEG -2.54 -8.37 4×10-14

Model: AvgLevel ∼ Day + Setting + (1 + Day | Subject)

Younger Day 0.36 5.33 1×10-6

Younger SettingMEG -2.87 -6.16 3×10-8

Older Day 0.23 2.82 0.026

Older SettingMEG -2.14 -5.61 3×10-7

Model: AvgLevel ∼ Day * Group + Setting + (1 + Day | Subject)

Both Day 0.23 3.12 0.008

Both Group 2.19 1.26 0.231

Both SettingMEG -2.56 -8.35 5×10-14

Both Day:Group 0.16 1.55 0.145

Model: AvgLevel ∼ Day + Group * Setting + (1 + Day | Subject)

Both Day 0.29 5.55 6×10-5

Both Group 3.76 2.30 0.037

Both SettingMEG -2.17 -4.91 2×10-6

Both Group:SettingMEG -0.81 -1.32 0.187

Group Effect Estimate t value p value
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Table S.3: Statistical models of RAVLT performance. Results of statistical models used to assess each
RAVLT performance measure. Post-hoc analyses were performed to evaluate each group separately and
to compare against an untrained group of younger adults. Correction for multiple comparisons was done
across related hypotheses (same effect and group in RAVLT and SCWT) using the Benjamini-Hochberg
method. Prevalence (Prev.) represents the percentage of subjects (either across or within groups)
who showed an improvement in the RAVLT measure, based on the direction of their slopes. For most
measures, improvement corresponds to positive slopes; however, for interference measures, negative
slopes indicate better performance. The mean and standard deviation (SD) of the slopes are also
provided. Significant results (pFDR < 0.05) are highlighted in bold and results referenced in the Results
(Section 3.1.4) are shaded in purple.

Model: RAVLT_LearningGain ∼ Session * Group + (1 | Subject)

Both Session 0.61 3.36 0.002

Both Group 0.09 0.52 0.609

Both Session:Group -0.52 -2.00 0.056 0.168

Model: RAVLT_Proactive_Interference ∼ Session * Group + (1 | Subject)

Both Session -0.43 -3.99 5×10-4

Both Group -0.33 -3.14 0.004

Both Session:Group 0.32 2.06 0.049 0.168

Model: RAVLT_TotalScore ∼ Session + Group + (1 | Subject)

Both Session -2.69 -1.44 0.172 0.207 40% -2.87 (±7.38)

Both Group 8.69 3.40 0.004 0.013

Model: RAVLT_TotalScore ∼ Session + (1 | Subject)

Older Session -3.76 -1.22 0.263 0.315 28.57% -4.14 (±8.43)

Younger Session -1.75 -0.72 0.479 0.600 50% -1.75 (±6.69)

Untrained Session -1.12 -0.75 0.476 37.50% -1.12 (±4.22)

Model: RAVLT_LearningGain ∼ Session + Group + (1 | Subject)

Both Session 0.36 2.61 0.014 0.029 66.67% 0.37 (±0.57)

Both Group -0.16 -1.15 0.260 0.260

Model: RAVLT_LearningGain ∼ Session + (1 | Subject)

Older Session 0.61 4.00 0.005 0.016 87.50% 0.61 (±0.43)

Younger Session 0.09 0.45 0.663 0.663 42.86% 0.11 (±0.63)

Untrained Session -0.03 -0.14 0.890 50% -0.03 (±0.59)

Group Effect Est. t value p value pFDR Prev. Mean (± SD)

Continued on next page
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Table S.3: Statistical models of RAVLT performance. (Continued)

Model: RAVLT_DelayedRecallIndex ∼ Session + Group + (1 | Subject)

Both Session -0.05 -2.10 0.053 0.080 18.75% -0.05 (±0.09)

Both Group 0.11 1.27 0.226 0.260

Model: RAVLT_DelayedRecallIndex ∼ Session + (1 | Subject)

Older Session -0.06 -3.05 0.019 0.035 12.50% -0.06 (±0.06)

Younger Session -0.03 -0.81 0.446 0.600 25% -0.03 (±0.12)

Untrained Session -0.13 -2.27 0.058 12.50% -0.13 (±0.16)

Model: RAVLT_Retroactive_Interference ∼ Session + Group + (1 | Subject)

Both Session -0.003 -0.05 0.958 0.958 33.33% 0.03 (±0.17)

Both Group -0.07 -1.32 0.198 0.260

Model: RAVLT_Retroactive_Interference ∼ Session + (1 | Subject)

Older Session -0.03 -0.32 0.773 0.773 42.86% 0.02 (±0.19)

Younger Session 0.03 0.69 0.500 0.600 25% 0.03 (±0.17)

Untrained Session 0.08 1.51 0.174 25% 0.08 (±0.15)

Model: RAVLT_Proactive_Interference ∼ Session + Group + (1 | Subject)

Both Session -0.31 -3.59 0.001 0.004 80% -0.30 (±0.34)

Both Group -0.22 -2.49 0.019 0.038

Model: RAVLT_Proactive_Interference ∼ Session + (1 | Subject)

Older Session -0.42 -6.33 0.001 0.003 100% -0.41 (±0.18)

Younger Session -0.20 -1.49 0.159 0.476 62.50% -0.20 (±0.43)

Untrained Session 0.01 0.05 0.957 50% 0.007 (±0.41)

Model: RAVLT_LearningGain ∼ Group

Both Pre 0.09 0.66 0.523

Both Post -0.42 -1.92 0.077

Model: RAVLT_Proactive_Interference ∼ Group

Both Pre -0.33 -2.76 0.015

Both Post -0.10 -0.78 0.447

Group Effect Est. t value p value pFDR Prev. Mean (± SD)
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Table S.4: Statistical models of Stroop task performance. Results of statistical models used to
assess Stroop color-word scores between younger and older participants. Post-hoc analyses were
performed to evaluate each group separately and to compare against an untrained group of younger
adults. Correction for multiple comparisons was done across related hypotheses (same effect and
group in RAVLT and SCWT) using the Benjamini-Hochberg method. Prevalence (Prev.) represents the
percentage of subjects (either across or within groups) that improved their SCWT score, as defined by a
positive slope. The mean and standard deviation (SD) of the slopes are also provided. Significant results
(pFDR < 0.05) are highlighted in bold and results referenced in the Results (Section 3.1.4) are shaded in
purple.

Model: Stroop_CWScore ∼ Session + Group + (1 | Subject)

Both Session 5.03 4.99 2×10-4 0.001 86.67% 5.00 (±3.93)

Both Group 12.47 4.64 4×10-4 0.002

Model: Stroop_CWScore ∼ Session + (1 | Subject)

Older Session 4.17 2.93 0.024 0.035 85.71% 4.00 (±3.87)

Younger Session 5.88 4.14 0.004 0.026 87.50% 5.88 (±4.02)

Untrained Session 2.25 0.98 0.358 62.50% 2.25 (±6.48)

Model: Stroop_CWScore ∼ Group

Both Pre 11.62 4.61 4×10-4

Both Post 13.16 3.94 0.002

Group Effect Estimate t value p value pFDR Prev. Mean (± SD)
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Table S.5: Statistical models of AFLT performance. Results of statistical models used to assess
each AFLT performance measure. Group post-hoc analyses were only performed in the presence of
a significant Session (“SessionPost”) main effect and included an untrained group of younger adults.
Prevalence (Prev.) represents the percentage of subjects (either across or within groups) who showed
an improvement in the AFLT measure, based on the direction of their slopes. For most measures,
improvement corresponds to positive slopes; however, for interferences, negative slopes indicate
better performance. The mean and standard deviation (SD) of the slopes are also provided. Correction
for multiple comparisons were not computed, as this test was used to assess the specificity of the
transfer effects on the auditory modality. Significant results (p < 0.05) are highlighted in bold and results
referenced in Results (Section 3.1.4) are shaded in purple.

Model: AFLT_LearningGain ∼ Session * Group + (1 | Subject)

Both Session 0.26 0.96 0.353 26.67% -0.21 (±0.85)

Both Group 0.23 0.80 0.428

Both Session:Group -0.86 -2.25 0.041

Model: AFLT_LearningGain ∼ Session + (1 | Subject)

Older Session 0.27 0.89 0.651 57.14% 0.23 (±0.84)

Younger Session -0.60 -2.47 0.043 0% -0.60 (±0.68)

Untrained Session 0.66 1.08 0.317 50% 0.66 (±1.73)

Model: AFLT_TotalScore ∼ Session + Group + (1 | Subject)

Both Session 2.81 1.79 0.094 62.50% 2.81 (±6.28)

Both Group 21.69 4.02 0.001

Model: AFLT_DelayedRecallIndex ∼ Session + Group + (1 | Subject)

Both Session 0.02 1.02 0.322 46.67% 0.03 (±0.10)

Both Group 0.13 3.65 0.003

Model: AFLT_Retroactive_Interference ∼ Session + Group + (1 | Subject)

Both Session -0.06 -1.75 0.092 53.33% -0.04 (±0.11)

Both Group -0.17 -4.60 8×10-5

Model: AFLT_Proactive_Interference ∼ Session + Group + (1 | Subject)

Both Session 0.10 1.00 0.332 40% 0.09 (±0.39)

Both Group -0.48 -4.04 0.001

Group Effect Estimate t value p value Prev. Mean (± SD)
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Table S.6: Correlation between cognitive measures and training performance. Results of statistical
models used to assess the relationship between cognitive measures that were deemed significant, and
the average level reached per day. A single data point was obtained per subject, using the slopes of the
performance in the task and the difference between Post and Pre sessions on the cognitive measures.
Coefficients of determination (R2) were calculated as described in Section 2.10.1. No significant results
(p< 0.05) were found. R2 values higher than 0.2 are highlighted in bold and comparisons referenced in
Results (Section 3.1.4) are shaded in purple.

Model: diff_RAVLT_LearningGain ∼ slope_AvgLevel

Older slope_AvgLevel 2.85 2.44 0.050 0.46

Younger slope_AvgLevel -0.40 -0.36 0.732 0.02

Model: diff_RAVLT_Proactive_Interference ∼ slope_AvgLevel

Older slope_AvgLevel -0.02 -0.02 0.988 < 0.01

Younger slope_AvgLevel 0.50 0.74 0.486 0.07

Model: diff_Stroop_CWScore ∼ slope_AvgLevel

Older slope_AvgLevel 15.47 0.98 0.371 0.14

Younger slope_AvgLevel -9.77 -1.85 0.113 0.33

Group Effect Estimate t value p value R2
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Table S.7: Statistical models of auditory M100 peak amplitude. Results of statistical models used to
assess the effect of training and age on the maximum M100 amplitude in the auditory cortex. Visual
cortex was evaluated during the same time period to determine the specificity of observed auditory
changes. Post-hoc analyses were conducted to evaluate each group separately. Prevalence (Prev.)
represents the percentage of subjects (either across or within groups) that showed an M100 amplitude
increase, as defined by a positive slope. The mean and standard deviation (SD) of the slopes are
also provided. Significant results (p<0.05) are highlighted in bold and results referenced in Results
(Section 3.2.2) are shaded in purple.

Model: MaxAmp_M100_auditory_Left ∼ Day * Group + (1 + Day | Subject)

Both Left Day 0.13 1.37 0.180

Both Left Group -4.26 -1.98 0.067

Both Left Day:Group -0.17 -1.37 0.177

Model: MaxAmp_M100_auditory_Left ∼ Day + Group + (1 + Day | Subject)

Both Left Day -0.01 -0.21 0.835 43.75% 4×10-4 (±0.29)

Both Left Group -5.63 -2.98 0.010

Model: MaxAmp_M100_auditory_Left ∼ Day + (1 + Day | Subject)

Older Left Day 0.01 0.08 0.939 37.50% 0.04 (±0.38)

Younger Left Day -0.04 -0.55 0.592 50% -0.04 (±0.19)

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + (1 + Day | Subject)

Both Right Day 0.40 3.39 0.002 62.50% 0.24 (±0.59)

Both Right Group 0.37 0.18 0.860

Both Right Day:Group -0.52 -3.26 0.002

Model: MaxAmp_M100_auditory_Right ∼ Day + (1 + Day | Subject)

Older Right Day 0.41 3.16 0.007 100% 0.60 (±0.65)

Younger Right Day -0.12 -1.21 0.238 25% -0.12 (±0.17)

Model: MaxAmp_M100_auditory_Left ∼ Day * Age + (1 + Day | Subject)

– Left Day -0.04 -0.25 0.801

– Left Age 0.09 1.80 0.092

– Left Day:Age 2×10-3 0.58 0.563

Model: MaxAmp_M100_auditory_Left ∼ Day + Age + (1 + Day | Subject)

– Left Day 0.04 0.56 0.577

– Left Age 0.10 1.98 0.068

Group Hem. Effect Estimate t value p value Prev. Mean (± SD)

Continued on next page
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Table S.7: Statistical models of auditory M100 peak amplitude. (Continued)

Model: MaxAmp_M100_auditory_Right ∼ Day * Age + (1 + Day | Subject)

– Right Day -0.24 -1.34 0.190

– Right Age -0.02 -0.37 0.718

– Right Day:Age 0.01 2.27 0.031

Model: MaxAmp_M100_visual ∼ Day * Group + (1 + Day | Subject)

Both – Day 0.05 1.50 0.156 50% 5×10-4 (±0.11)

Both – Group 1.07 1.21 0.247

Both – Day:Group -0.11 -2.19 0.046

Model: MaxAmp_M100_visual ∼ Day + (1 + Day | Subject)

Older – Day 0.06 1.65 0.143 75% 0.06 (±0.09)

Younger – Day -0.06 -1.52 0.173 25% -0.06 (±0.10)

Model: MaxAmp_M100_visual ∼ Day * Age + (1 + Day | Subject)

– – Day -0.08 -1.38 0.190

– – Age -0.02 -1.18 0.257

– – Day:Age 2×10-3 1.51 0.155

Model: MaxAmp_M100_visual ∼ Day + Age + (1 + Day | Subject)

– – Day -2×10-3 -0.08 0.935

– – Age -1×10-3 -0.09 0.928

Group Hem. Effect Estimate t value p value Prev. Mean (± SD)
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Table S.8: Statistical models of laterality and hemispheric differences in auditory M100 amplitude.
Results of statistical models used to assess the effect of training and age on laterality on the maximum
M100 amplitude in the auditory cortex. Post-hoc analyses were conducted to evaluate each group
separately. Prevalence (Prev.) represents the percentage of subjects (either across or within groups) that
showed the specified effect through either an increase in the laterality index throughout days, as defined
by a positive slope (less activation on the right), or higher activation on the right hemisphere, as defined
by a negative laterality index. The mean and standard deviation (SD) of the slopes (Day) or laterality
(Hemisphere R) are also provided. To examine the 3-way interaction between hemisphere, group
and training day, multiple models were computed, and only the one with the lowest AIC was chosen.
Significant results (p<0.05) are highlighted in bold and results referenced in Results (Section 3.2.2) are
shaded in purple.

Model: MaxAmp_M100_auditory_Laterality ∼ Day * Group + (1 + Day | Subject)

Both Day -0.01 -1.54 0.145

Both Group -0.19 -1.54 0.146

Both Day:Group 0.01 0.94 0.362

Model: MaxAmp_M100_auditory_Laterality ∼ Day + Group + (1 + Day | Subject)

Both Day -4×10-3 -1.24 0.232 43.75% -4×10-3 (±0.01)

Both Group -0.12 -1.21 0.246

Model: MaxAmp_M100_auditory_Laterality ∼ Day + (1 + Day | Subject)

Older Day -0.01 -1.55 0.143 25% -7×10-3 (±0.01)

Younger Day -1×10-3 -0.21 0.836 62.50% -1×10-3 (±0.01)

Model: MaxAmp_M100_auditory ∼ Day * Group * Hemisphere + (1 | Subject) [AIC = 715.11]

Model: MaxAmp_M100_auditory ∼ Day * Hemisphere + Group + (1 | Subject) [AIC = 719.09]

Model: MaxAmp_M100_auditory ∼ Day * Group + Hemisphere + (1 | Subject) [AIC = 714.45]

Model: MaxAmp_M100_auditory ∼ Day + Group + Hemisphere + (1 | Subject) [AIC = 716.34]

Model: MaxAmp_M100_auditory ∼ Day + Group * Hemisphere + (1 | Subject) [AIC = 713.12]

Both Day 0.06 0.78 0.436

Both Group -5.33 -3.21 0.004

Both Hemisphere R 2.77 2.83 0.006 75% -0.18 (±0.21)

Both Group:Hemisphere 2.28 1.67 0.099

Group Effect Est. t value p value Prev. Mean (± SD)

Continued on next page
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Table S.8: Statistical models of laterality and hemispheric differences in auditory M100 amplitude.
(Continued)

Model: MaxAmp_M100_auditory ∼ Day + Hemisphere + (1 | Subject)

Older Day 0.27 1.91 0.062

Older Hemisphere R 2.77 2.40 0.020 75% -0.11 (±0.23)

Younger Day -0.12 -1.45 0.154

Younger Hemisphere R 5.05 7.15 2×10-9 75% -0.25 (±0.18)

Group Effect Est. t value p value Prev. Mean (± SD)
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Table S.9: Statistical models of auditory Cue peak amplitude. Results of statistical models used
to assess the effect of training and age on the maximum M100 amplitude (50 to 150 ms after Cue)
in response to the Cue in the auditory cortex. Post-hoc analyses were conducted to evaluate each
group separately. Prevalence (Prev.) represents the percentage of subjects (either across or within
groups) that showed the specified effect through either an M100 amplitude increase throughout days,
as defined by a positive slope; or higher activation on the right hemisphere, as defined by a negative
laterality index. The mean and standard deviation (SD) of the slopes (Day) or laterality (Hemisphere R)
are also provided. Significant results (p<0.05) are highlighted in bold and results referenced in Results
(Section 3.2.3) are shaded in purple.

Model: MaxAmp_Cue_auditory_Left ∼ Day * Group + (1 + Day | Subject)

Both Left Day 0.05 0.88 0.386

Both Left Group 0.98 0.54 0.598

Both Left Day:Group -0.12 -1.44 0.159

Model: MaxAmp_Cue_auditory_Left ∼ Day + Group + (1 + Day | Subject)

Both Left Day 0.01 0.35 0.726 50% 2×10-3 (±0.13)

Both Left Group -0.23 -0.15 0.885

Model: MaxAmp_Cue_auditory_Right ∼ Day * Group + (1 + Day | Subject)

Both Right Day 0.13 2.30 0.030

Both Right Group 3.03 2.09 0.054

Both Right Day:Group -0.11 -1.38 0.181

Model: MaxAmp_Cue_auditory_Right ∼ Day + Group + (1 + Day | Subject)

Both Right Day 0.08 1.84 0.077 68.75% 0.08 (±0.16)

Both Right Group 3.24 2.26 0.039

Model: MaxAmp_Cue_auditory_Right ∼ Day + (1 + Day | Subject)

Older Right Day 0.13 1.94 0.089 62.50% 0.14 (±0.19)

Younger Right Day 0.02 0.33 0.746 75% 0.02 (±0.11)

Model: MaxAmp_Cue_auditory ∼ Day + Group * Hemisphere + (1 | Subject)

Both – Day 0.06 1.13 0.261

Both – Group -0.12 -0.09 0.931

Both – Hemisphere R -0.55 -0.85 0.396 56.25% -0.07 (±0.36)

Both – Group:Hem. 2.68 2.99 0.003

Group Hem. Effect Est. t value p value Prev. Mean (± SD)

Continued on next page
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Table S.9: Statistical models of auditory Cue peak amplitude. (Continued)

Model: MaxAmp_Cue_auditory ∼ Day + Hemisphere + (1 | Subject)

Older – Day 0.12 1.71 0.094

Older – Hemisphere R -0.55 -0.94 0.352 50% 0.05 (±0.36)

Younger – Day 0.01 0.08 0.938

Younger – Hemisphere R 2.13 3.17 0.002 62.50% -0.19 (±0.33)

Group Hem. Effect Est. t value p value Prev. Mean (± SD)
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Table S.10: Statistical models of auditory baseline average amplitude. Results of statistical models
used to assess the effect of training and age group on the baseline average amplitude (-500 to 0 ms
before Cue onset) in the auditory cortex. Post-hoc analyses were conducted to evaluate each group
separately. Prevalence (Prev.) represents the percentage of subjects (either across or within groups) that
showed the specified effect through either an M100 amplitude increase throughout days or an increase
in the laterality index throughout days (less activation on the right), as defined by positive slopes; or
higher activation on the right hemisphere, as defined by a negative laterality index. The mean and
standard deviation (SD) of the slopes (Day) or laterality (Hem. R) are also provided. Significant results
(p<0.05) are highlighted in bold and results referenced in Results (Section 3.2.4) are shaded in purple.

Model: AvgAmp_Baseline_auditory_Left ∼ Day * Group + (1 + Day | Subject)

Both Left Day 7×10-4 0.45 0.652 37.50% -2×10-3 (±4×10-3)

Both Left Group 0.10 1.73 0.105

Both Left Day:Grp -0.01 -2.83 0.007

Model: AvgAmp_Baseline_auditory_Left ∼ Day + (1 + Day | Subject)

Old Left Day 5×10-4 0.34 0.739 50% 5×10-4 (±2×10-3)

Young Left Day -0.01 -3.16 0.007 25% -5×10-3 (±4×10-3)

Model: AvgAmp_Baseline_auditory_Left ∼ Day * Age + (1 + Day | Subject)

– Left Day -0.01 -3.60 0.001

– Left Age -2×10-3 -1.58 0.136

– Left Day:Age 1×10-4 2.80 0.008

Model: AvgAmp_Baseline_auditory_Right ∼ Day * Group + (1 + Day | Subject)

Both Right Day -2×10-3 -1.21 0.235

Both Right Group 0.03 1.20 0.248

Both Right Day:Grp 6×10-4 0.29 0.770

Model: AvgAmp_Baseline_auditory_Right ∼ Day + Group + (1 + Day | Subject)

Both Right Day -1×10-3 -1.45 0.157 37.50% -1×10-3 (±4×10-3)

Both Right Group 0.03 1.24 0.234

Model: AvgAmp_Baseline_auditory_Laterality ∼ Day * Group + (1 + Day | Subject)

Both – Day 0.01 1.69 0.099 43.75% 1×10-3 (±0.01)

Both – Group 0.11 1.01 0.330

Both – Day:Grp -0.01 -2.23 0.032

Group Hem. Effect Est. t value p value Prev. Mean (± SD)

Continued on next page
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Table S.10: Statistical models of auditory baseline average amplitude. (Continued)

Model: AvgAmp_Baseline_auditory_Laterality ∼ Day + (1 + Day | Subject)

Old – Day 0.01 1.50 0.189 50% 7×10-3 (±0.02)

Young – Day -0.01 -1.53 0.141 37.50% -5×10-3 (±7×10-3)

Model: AvgAmp_Baseline_auditory ∼ Day + Group + Hemisphere + (1 | Subject)

Both – Day -2×10-3 -1.62 0.108

Both – Group 0.04 1.46 0.166

Both – Hem. R -0.01 -0.60 0.549 56.25% -3×10-3 (±0.21)

Model: AvgAmp_Baseline_auditory ∼ Day + Hemisphere + (1 | Subject)

Old – Day -10×10-4 -0.67 0.504

Old – Hem. R 2×10-3 0.13 0.896 62.50% -0.01 (±0.18)

Young – Day -4×10-3 -1.46 0.150

Young – Hem. R -0.02 -0.75 0.456 50% 6×10-3 (±0.25)

Group Hem. Effect Est. t value p value Prev. Mean (± SD)
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Table S.11: Statistical models of auditory preM100 average amplitude. Results of statistical models
used to assess the effect of training and age group on the average preM100 amplitude (-300 to 0
ms before Stimulus onset) in the auditory cortex. Significant results (p<0.05) are highlighted in bold.
Prevalence (Prev.) represents the percentage of subjects (either across or within groups) that showed
the specified effect through either an increase in the average preM100 amplitude throughout days,
as defined by a positive slope; or higher activation on the right hemisphere, as defined by a negative
laterality index. The mean and standard deviation (SD) of the slopes (Day) or laterality (Hem. R) are also
provided. See Section 3.2.4 for interpretation and plots.

Model: AvgAmp_preM100_auditory_Left ∼ Day * Group + (1 + Day | Subject)

Both Left Day 0.07 2.68 0.017

Both Left Group -0.30 -0.46 0.651

Both Left Day:Group -0.07 -1.96 0.070

Model: AvgAmp_preM100_auditory_Left ∼ Day + Group + (1 + Day | Subject)

Both Left Day 0.03 1.59 0.134 68.75% 0.04 (±0.09)

Both Left Group -0.83 -1.44 0.172

Model: AvgAmp_preM100_auditory_Left ∼ Day + (1 + Day | Subject)

Older Left Day 0.06 2.08 0.081 87.50% 0.09 (±0.11)

Younger Left Day -2×10-4 -0.01 0.990 50% -2×10-4 (±0.05)

Model: AvgAmp_preM100_auditory_Right ∼ Day * Group + (1 + Day | Subject)

Both Right Day 0.08 2.48 0.026

Both Right Group 0.22 0.61 0.556

Both Right Day:Group -0.09 -1.99 0.066

Model: AvgAmp_preM100_auditory_Right ∼ Day + Group + (1 + Day | Subject)

Both Right Day 0.03 1.40 0.182 62.50% 0.01 (±0.14)

Both Right Group -0.18 -0.59 0.565

Model: AvgAmp_preM100_auditory_Right ∼ Day + (1 + Day | Subject)

Older Right Day 0.08 2.20 0.062 87.50% 0.08 (±0.10)

Younger Right Day -0.01 -0.32 0.755 37.50% -0.05 (±0.16)

Model: AvgAmp_preM100_auditory ∼ Day + Group + Hemisphere + (1 | Subject)

Both – Day 0.03 1.59 0.114

Both – Group -0.66 -1.88 0.081

Both – Hem. R -0.27 -1.59 0.115 31.25% 0.18 (±1.50)

Group Hem. Effect Estimate t value p value Prev. Mean (± SD)
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Table S.12: Statistical models of auditory later component average amplitude. Results of statistical
models used to assess the effect of training and age group on the average amplitude of the later
component (200 to 500 ms after Stimulus onset) in the auditory cortex. Prevalence (Prev.) represents
the percentage of subjects (either across or within groups) that showed the specified effect through
either an increase in the average activation during the later component throughout days, as defined
by a positive slope; or higher activation on the right hemisphere, as defined by a negative laterality
index. The mean and standard deviation (SD) of the slopes (Day) or laterality (Hem. R) are also provided.
Significant results (p<0.05) are highlighted in bold and results referenced in Section 3.2.5 are shaded in
purple.

Model: AvgAmp_LaterComp_auditory_Left ∼ Day + Group + (1 + Day | Subject)

Hit Both L Day 9×10-5 5×10-3 0.996 50% 0.03 (±0.16)

Hit Both L Group 0.20 0.56 0.585

WH Both L Day 0.01 0.21 0.837 50% 0.01 (±0.10)

WH Both L Group 0.12 0.35 0.734

Model: AvgAmp_LaterComp_auditory_Right ∼ Day + Group + (1 + Day | Subject)

Hit Both R Day 2×10-3 0.13 0.894 56.25% -0.001 (±0.06)

Hit Both R Group 0.12 0.44 0.665

WH Both R Day -0.02 -1.02 0.315 43.75% -0.02 (±0.09)

WH Both R Group 0.35 0.93 0.365

Model: AvgAmp_LaterComp_auditory_Right ∼ Day * Group + (1 + Day | Subject)

WH Both R Day 0.02 0.55 0.588 43.75% -0.02 (±0.09)

WH Both R Group 0.66 1.57 0.133

WH Both R Day:Grp -0.08 -1.74 0.092

Model: AvgAmp_LaterComp_auditory_Right ∼ Day + (1 + Day | Subject)

WH Older R Day 0.02 0.55 0.594 62.50% 0.02 (±0.09)

WH Young R Day -0.06 -1.95 0.070 25% -0.06 (±0.08)

Model: AvgAmp_LaterComp_auditory ∼ Day + Group + Hemisphere + (1 | Subject)

Hit Both – Day -0.01 -0.60 0.551

Hit Both – Group 0.10 0.33 0.749

Hit Both – Hem. R 0.22 1.84 0.068 68.75% -0.10 (±0.25)

WH Both – Day -2×10-3 -0.14 0.892

WH Both – Group 0.08 0.24 0.815

WH Both – Hem. R 0.54 3.65 4×10-4 75% -0.11 (±0.16)

Rsp. Group Hem. Effect Est. t p Prev. Mean (± SD)

Continued on next page
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Table S.12: Statistical models of auditory later component average amplitude. (Continued)

Model: AvgAmp_LaterComp_auditory ∼ Day + Hemisphere + (1 | Subject)

WH Older – Day 0.04 1.62 0.111

WH Older – Hem. R 0.44 1.99 0.052 87.50% -0.10 (±0.19)

WH Young – Day -0.04 -1.94 0.057

WH Young – Hem. R 0.64 3.35 0.001 62.50% -0.11 (±0.15)

Rsp. Group Hem. Effect Est. t p Prev. Mean (± SD)
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Table S.13: Regressions and correlations between auditory measures and behavior performance.
Results of statistical models used to assess the relationship between auditory neural correlates that were
deemed significantly related to the training progression, and the behavioral and cognitive measures
identified on Section 3.1. Models between auditory measures and the average level used all available
data points, while models between auditory measures and cognitive measures used a single data point
per subject. Coefficients of determination (R2) were calculated as described in Section 2.10.1. For main
and interaction effects (Day, Day:Group), the R2 values represent the marginal R squared of the reduced
model (R2red). No significant results (p<0.05) were found, but some trends were observed (p<0.1). R2

values higher than 0.2 are highlighted in bold and comparisons referenced in Results (Section 3.2.6) are
shaded in purple.

Model: AvgLevel ∼ Day * Group + MaxAmp_M100_auditory_Right + (1 + Day | Subject)

Both Day:Group 0.27 3.08 0.007 0.61

Both MaxAmp_M100_auditory_Right -0.05 -0.97 0.340 < 0.01

Older Day 0.15 2.96 0.010 0.21

Older MaxAmp_M100_auditory_Right 0.04 0.68 0.503 0.02

Model: AvgLevel ∼ Day * Group + AvgAmp_Baseline_auditory_Left + (1 + Day | Subject)

Both Day:Group 0.27 3.15 0.007 0.59

Both AvgAmp_Baseline_auditory_Left 4.38 1.48 0.154 0.02

Younger Day 0.46 6.00 3×10-4 0.36

Younger AvgAmp_Baseline_auditory_Left 8.11 2.25 0.063 0.14

Model: diff_RAVLT_LearningGain ∼ slope_MaxAmp_M100_auditory_Right

Older slope_MaxAmp_M100_auditory_Right 1.43 2.15 0.075 0.40

Model: diff_RAVLT_Proactive_Interference ∼ slope_MaxAmp_M100_auditory_Right

Older slope_MaxAmp_M100_auditory_Right -0.26 -0.38 0.720 0.02

Model: diff_Stroop_CWScore ∼ slope_MaxAmp_M100_auditory_Right

Older slope_MaxAmp_M100_auditory_Right 5.79 0.69 0.519 0.07

Younger slope_MaxAmp_M100_auditory_Right -3.40 -0.35 0.737 0.02

Model: diff_Stroop_CWScore ∼ slope_AvgAmp_Baseline_auditory_Left

Older slope_AvgAmp_Baseline_auditory_Left 363.05 0.91 0.404 0.12

Younger slope_AvgAmp_Baseline_auditory_Left 499.87 1.36 0.223 0.21

Model: slope_MaxAmp_M100_auditory_Right ∼ Day01_RAVLT_LearningGain

Older Day01_RAVLT_LearningGain -0.22 -1.13 0.302 0.15

Model: slope_MaxAmp_M100_auditory_Right ∼ Day01_RAVLT_Proactive_Interference

Older Day01_RAVLT_Interference_Proactive 0.06 0.17 0.872 < 0.01

Group Effect Estimate t value p value R2

Continued on next page
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Table S.13: Regressions and correlations between auditory measures and behavior performance.
(Continued)

Model: slope_MaxAmp_M100_auditory_Right ∼ Day01_Stroop_CWScore

Older Day01_Stroop_CWScore 0.01 0.22 0.834 < 0.01

Younger Day01_Stroop_CWScore -0.01 -1.03 0.343 0.13

Model: slope_AvgAmp_Baseline_auditory_Left ∼ Day01_Stroop_CWScore

Older Day01_Stroop_CWScore 4×10-4 0.77 0.473 0.08

Younger Day01_Stroop_CWScore 10×10-5 0.41 0.698 0.02

Group Effect Estimate t value p value R2
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Table S.14: Statistical models of dorsal attention network average preM100 activity. Results of
statistical models used to assess the effect of training and age on the averaged preM100 amplitude in the
dorsal attention network (DAN). Post-hoc analyses were conducted to evaluate each group separately.
Prevalence (Prev.) represents the percentage of participants (either across or within groups) who
exhibited higher preM100 activation across days, as defined by a positive slope. The mean and standard
deviation (SD) of the slopes are also provided. When the model corresponded to regressions, the R
squared is presented instead. Significant results (p<0.05) and R2 values higher than 0.2 are highlighted
in bold and results referenced in Section 3.3.2 are shaded in purple.

Model: AvgAmp_preM100_DAN_Left ∼ Day * Group + (1 + Day | Subject)

Both Left Day 0.03 1.92 0.063

Both Left Group -0.12 -0.64 0.532

Both Left Day:Group -3×10-3 -0.17 0.868

Model: AvgAmp_preM100_DAN_Left ∼ Day + Group + (1 + Day | Subject)

Both Left Day 0.02 2.47 0.019 75% 0.02 (±0.03)

Both Left Group -0.18 -1.03 0.320 75% 0.02 (±0.03)

Model: AvgAmp_preM100_DAN_Left ∼ Day + (1 + Day | Subject)

Older Left Day 0.02 1.57 0.163 62.50% 0.02 (±0.03)

Younger Left Day 0.02 1.65 0.120 87.50% 0.02 (±0.03)

Model: AvgAmp_preM100_DAN_Left ∼ Day * Age + (1 + Day | Subject)

Both Left Day 0.02 1.16 0.257

Both Left Age 2×10-3 0.36 0.720

Both Left Day:Age 3×10-5 0.07 0.945

Model: AvgAmp_preM100_DAN_Left ∼ Day + Age + (1 + Day | Subject)

Both Left Day 0.02 2.47 0.018

Both Left Age 3×10-3 0.82 0.425

Model: AvgAmp_preM100_DAN_Right ∼ Day * Group + (1 + Day | Subject)

Both Right Day 0.07 5.49 1×10-4 56.25% 0.02 (±0.06)

Both Right Group 0.48 2.89 0.012

Both Right Day:Group -0.10 -5.32 1×10-4

Model: AvgAmp_preM100_DAN_Right ∼ Day + (1 + Day | Subject)

Older Right Day 0.07 5.46 0.002 87.50% 0.06 (±0.05)

Younger Right Day -0.03 -2.24 0.058 25% -0.03 (±0.03)

Group Hem. Effect Estimate t value p value Prev./R2 Mean (± SD)

Continued on next page
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Table S.14: Statistical models of dorsal attention network average preM100 activity. (Continued)

Model: AvgAmp_preM100_DAN_Right ∼ Day * Age + (1 + Day | Subject)

Both Right Day -0.07 -3.23 0.007

Both Right Age -0.01 -2.63 0.020

Both Right Day:Age 2×10-3 4.79 4×10-4

Model: AvgAmp_preM100_DAN_Laterality ∼ Day * Group + (1 + Day | Subject)

Both – Day -0.02 -1.24 0.235 50% 6×10-3 (±0.05)

Both – Group -0.39 -1.28 0.222

Both – Day:Group 0.05 2.16 0.048

Model: AvgAmp_preM100_DAN_Laterality ∼ Day + (1 + Day | Subject)

Older – Day -0.02 -1.28 0.243 25% -0.02 (±0.04)

Younger – Day 0.03 1.67 0.140 75% 0.03 (±0.05)

Model: AvgAmp_preM100_DAN_Laterality ∼ Day * Age + (1 + Day | Subject)

Both – Day 0.06 2.47 0.027 50% 6×10-3 (±0.05)

Both – Age 0.01 1.24 0.236

Both – Day:Age -1×10-3 -2.52 0.024

Model: AvgLevel ∼ Day + AvgAmp_preM100_DAN_Right + (1 + Day | Subject)

Older Right Day 0.14 2.29 0.034 0.21

Older Right DAN R 0.25 0.38 0.705 < 0.01

Model: AvgLevel ∼ Day * Age + AvgAmp_preM100_DAN_Laterality

+ (1 + Day | Subject)

Both – Day:Age -0.01 -4.09 0.001 0.65

Both – DAN Lat. 0.19 0.44 0.660 < 0.01

Group Hem. Effect Estimate t value p value Prev./R2 Mean (± SD)
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Table S.15: Regressions between auditory M100 amplitude and preM100 DAN activity. Results of
linear mixed effects models assessing the relationship between auditory M100 amplitude and preM100
DAN activity, accounting for the influence of training day. Coefficients of determination (R2) were
calculated as described in Section 2.10.1. For main and interaction effects (Day, Group, Day:Group), the
R2 values represent the marginal R squared of the reduced model (R2red). Significant results (p<0.05) and
R2 values higher than 0.2 are highlighted in bold and comparisons referenced in Results (Section 3.3.3)
are shaded in purple.

Model: MaxAmp_M100_auditory_Right ∼ AvgAmp_preM100_DAN_Right

Both AvgAmp_preM100_DAN_Right 4.02 3.35 0.001 0.16

Older AvgAmp_preM100_DAN_Right 4.91 2.84 0.008 0.22

Younger AvgAmp_preM100_DAN_Right 0.85 0.55 0.586 < 0.01

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + AvgAmp_preM100_DAN_Right

+ (1 + Day | Subject)

Both Day:Group -0.44 -2.41 0.021 0.16

Both AvgAmp_preM100_DAN_Right 1.08 0.95 0.347 < 0.01

Older Day 0.07 0.33 0.746 0.09

Older AvgAmp_preM100_DAN_Right 5.27 2.65 0.014 0.15

Younger Day -0.12 -1.23 0.234 0.02

Younger AvgAmp_preM100_DAN_Right -0.69 -0.53 0.603 < 0.01

Model: MaxAmp_M100_auditory_Left ∼ Day + Group + AvgAmp_preM100_DAN_Right

+ (1 + Day | Subject)

Both Day -0.08 -1.02 0.326 0.29

Both Group -5.05 -2.73 0.017 0.29

Both AvgAmp_preM100_DAN_Right 2.23 2.48 0.017 0.04

Older Day -0.12 -0.71 0.482 < 0.01

Older AvgAmp_preM100_DAN_Right 3.59 2.08 0.051 0.13

Younger Day -0.12 -1.19 0.274 0.02

Younger AvgAmp_preM100_DAN_Right 1.07 0.91 0.372 0.01

Group Effect Estimate t value p value R2

Continued on next page
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Table S.15: Regressions between auditory M100 amplitude and preM100 DAN activity. (Continued)

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + AvgAmp_preM100_DAN_Left

+ (1 + Day | Subject)

Both Day:Group -0.56 -3.42 0.002 0.18

Both AvgAmp_preM100_DAN_Left 1.46 1.48 0.145 0.01

Older Day 0.34 2.15 0.058 0.11

Older AvgAmp_preM100_DAN_Left 3.23 1.94 0.065 0.07

Younger Day -0.12 -1.14 0.268 0.02

Younger AvgAmp_preM100_DAN_Left 0.02 0.01 0.990 < 0.01

Model: MaxAmp_M100_auditory_Left ∼ Day + Group + AvgAmp_preM100_DAN_Left

+ (1 + Day | Subject)

Both Day -0.12 -1.49 0.145 0.30

Both Group -5.68 -2.65 0.019 0.30

Both AvgAmp_preM100_DAN_Left 1.64 1.85 0.071 < 0.01

Older Day -0.04 -0.31 0.758 < 0.01

Older AvgAmp_preM100_DAN_Left 1.57 0.99 0.332 0.02

Younger Day -0.18 -1.68 0.132 0.02

Younger AvgAmp_preM100_DAN_Left 1.78 1.91 0.070 0.05

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + AvgAmp_preM100_auditory_Right

+ (1 + Day | Subject)

Both Day:Group -0.52 -3.18 0.003 0.16

Both AvgAmp_preM100_auditory_Right -0.01 -0.03 0.979 < 0.01

Older Day 0.45 3.19 0.007 0.09

Older AvgAmp_preM100_auditory_Right -0.54 -0.63 0.534 < 0.01

Younger Day -0.12 -1.19 0.249 0.02

Younger AvgAmp_preM100_auditory_Right 0.01 0.02 0.988 < 0.01

Group Effect Estimate t value p value R2

Continued on next page
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Table S.15: Regressions between auditory M100 amplitude and preM100 DAN activity. (Continued)

Model: MaxAmp_M100_auditory_Left ∼ Day + Group + AvgAmp_preM100_auditory_Left

+ (1 + Day | Subject)

Both Day -0.02 -0.32 0.752 0.32

Both Group -5.09 -2.51 0.025 0.32

Both AvgAmp_preM100_auditory_Left 0.40 0.97 0.338 < 0.01

Older Day 0.02 0.14 0.888 < 0.01

Older AvgAmp_preM100_auditory_Left -0.13 -0.24 0.815 < 0.01

Younger Day -0.04 -0.49 0.639 < 0.01

Younger AvgAmp_preM100_auditory_Left 0.42 0.73 0.473 0.03

Group Effect Estimate t value p value R2
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Table S.16: Mediation analysis of training effects on auditory M100 amplitude via preM100 DAN
activity in older adults. For each model, the mediator and outcome models are specified, detailing
the relationship of the treatment variable (training day) with the mediator and outcome variables.
The average causal mediation effect (ACME), average direct effect (ADE), total effect, and proportion
mediated are reported along with their respective p-values. Significant results (p<0.05) are highlighted in
bold, and estimates referenced in Results (Section 3.3.3) are shaded in purple.

Mediator: AvgAmp_preM100_DAN_Right

Mediator model: AvgAmp_preM100_DAN_Right ∼ Day + (1 + Day | Subject)

Outcome: MaxAmp_M100_auditory_Right

Outcome model: MaxAmp_M100_auditory_Right ∼ Day + AvgAmp_preM100_DAN_Right

+ (1 + Day | Subject)

Treatment: Day

Older ACME 0.38 0.010

Older ADE 0.04 0.834

Older Total Effect 0.42 0.002

Older Proportion Mediated 0.91 0.012

Mediator: AvgAmp_preM100_DAN_Right

Mediator model: AvgAmp_preM100_DAN_Right ∼ Day + (1 + Day | Subject)

Outcome: MaxAmp_M100_auditory_Left

Outcome model: MaxAmp_M100_auditory_Left ∼ Day + AvgAmp_preM100_DAN_Right

+ (1 + Day | Subject)

Treatment: Day

Older ACME 0.25 0.038

Older ADE -0.11 0.490

Older Total Effect 0.13 0.296

Older Proportion Mediated 1.32 0.330

Group Effect Estimate p value

Continued on next page
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Table S.16: Mediation analysis of training effects on auditory M100 amplitude via preM100 DAN
activity in older adults. (Continued)

Mediator: AvgAmp_preM100_DAN_Left

Mediator model: AvgAmp_preM100_DAN_Left ∼ Day + (1 + Day | Subject)

Outcome: MaxAmp_M100_auditory_Right

Outcome model: MaxAmp_M100_auditory_Right ∼ Day + AvgAmp_preM100_DAN_Left

+ (1 + Day | Subject)

Treatment: Day

Older ACME 0.14 0.106

Older ADE 0.32 0.040

Older Total Effect 0.46 0.004

Older Proportion Mediated 0.28 0.110

Mediator: AvgAmp_preM100_auditory_Right

Mediator model: AvgAmp_preM100_auditory_Right ∼ Day + (1 + Day | Subject)

Outcome: MaxAmp_M100_auditory_Right

Outcome model: MaxAmp_M100_auditory_Right ∼ Day + AvgAmp_preM100_auditory_Right

+ (1 + Day | Subject)

Treatment: Day

Older ACME -0.02 0.812

Older ADE 0.44 0.004

Older Total Effect 0.42 0.004

Older Proportion Mediated -0.02 0.812

Group Effect Estimate p value
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Table S.17: Statistical models of baseline alpha oscillations in auditory cortex and DAN. Results of
statistical models assessing training-related changes in baseline alpha (α). Linear mixed-effects models
were used to examine whether spontaneous alpha oscillatory activity during the baseline period (-500
to -25 ms before cue onset) changed with training in the auditory cortices (AC) and dorsal attention
network (DAN) in both hemispheres (L: left, R: right). Both response types (Hits and withholds/WH) were
analyzed. Prevalence (Prev.) represents the percentage of participants across groups who exhibited
higher oscillatory activity across days, as defined by a positive slope. The mean and standard deviation
(SD) of the slopes are also provided. See Section 3.3.4 for interpretation.

Model: Alpha_Baseline_auditory_Left ∼ Day + Group + (1 | Subject)

α AC L Hit Both Day 9×10-4 1.01 0.320 62.50% 9×10-4 (±3×10-3)

α AC L Hit Both Group -0.01 -0.14 0.889

α AC L WH Both Day 5×10-4 0.64 0.528 62.50% 2×10-4 (±4×10-3)

α AC L WH Both Group -2×10-3 -0.03 0.973

Model: Alpha_Baseline_auditory_Right ∼ Day + Group + (1 | Subject)

α AC R Hit Both Day 7×10-4 0.93 0.358 56.25% 2×10-3 (±7×10-3)

α AC R Hit Both Group 0.01 0.32 0.752

α AC R WH Both Day 5×10-5 0.09 0.931 43.75% 4×10-5 (±2×10-3)

α AC R WH Both Group -9×10-4 -0.02 0.987

Model: Alpha_Baseline_DAN_Left ∼ Day + Group + (1 | Subject)

α DAN L Hit Both Day 9×10-4 0.61 0.542 43.75% 4×10-5 (±9×10-3)

α DAN L Hit Both Group 0.04 0.43 0.676

α DAN L WH Both Day 2×10-3 1.32 0.195 53.33% 2×10-3 (±6×10-3)

α DAN L WH Both Group 0.04 0.42 0.683

Model: Alpha_Baseline_DAN_Right ∼ Day + Group + (1 | Subject)

α DAN R Hit Both Day 1×10-3 0.80 0.427 37.50% 1×10-3 (±7×10-3)

α DAN R Hit Both Group 0.08 0.97 0.351

α DAN R WH Both Day 1×10-3 1.05 0.301 62.50% 3×10-3 (±7×10-3)

α DAN R WH Both Group 0.08 0.81 0.433

f ROI Resp. Group Effect Est. t p Prev. Mean (± SD)
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Table S.18: Statistical analysis of pre-stimulus alpha and theta power dynamics in auditory cortex
and DAN. Results of statistical models used to investigate preparatory training-related changes in alpha
(α) and theta (θ) oscillations. Linear mixed-effects models were used to assess whether pre-stimulus
oscillatory activity (-525 to -125 ms before stimulus onset) was associated with the observed mediation of
auditory M100 activation by preM100 DAN activity in older adults. Analyses were conducted separately
for each hemisphere (L: left, R: right) and response (Rsp) type (Hits and withholds/WH) in both, the
auditory cortex (AC) and the dorsal attention network (DAN). Prevalence (Prev) represents the percentage
of participants (either across or within groups) who exhibited higher oscillatory activity across days, as
defined by a positive slope. The mean and standard deviation (SD) of the slopes are also provided. When
the model corresponded to regressions, the R squared is presented instead. Significant results (p<0.05)
and R2 values higher than 0.2 are highlighted in bold and results referenced in Section 3.3.4 (alpha) and
Section 3.3.5 (theta) are shaded in purple. See Figure 3.12 for time-frequency representations and
Figure 3.13 for individual data points.

Model: Alpha_PreStim_auditory_Left ∼ Day + Group + (1 | Subject)

α AC L Hit Both Day 0.16 0.71 0.484 56.25% 0.04 (±1.19)

α AC L Hit Both Group 4.22 0.91 0.377

α AC L WH Both Day 0.64 3.53 0.001 81.25% 0.71 (±0.92)

α AC L WH Both Group 2.96 0.60 0.558

α AC L WH Old Day 0.46 1.44 0.165 0.604 75% 0.61 (±1.23)

α AC L WH Young Day 0.80 4.38 2×10-4 0.001 87.50% 0.81 (±0.52)

Model: Alpha_PreStim_auditory_Right ∼ Day + Group + (1 | Subject)

α AC R Hit Both Day -0.04 -0.12 0.903 56.25% -0.05 (±1.97)

α AC R Hit Both Group -2.27 -0.46 0.654

α AC R WH Both Day 0.24 1.33 0.189 62.50% 0.29 (±0.78)

α AC R WH Both Group 0.31 0.05 0.957

Model: Alpha_PreStim_DAN_Left ∼ Day + Group + (1 | Subject)

α DAN L Hit Both Day 0.19 0.56 0.578 56.25% 0.17 (±1.58)

α DAN L Hit Both Group 8.90 2.11 0.053

α DAN L WH Both Day 0.60 2.72 0.009 81.25% 0.69 (±1.24)

α DAN L WH Both Group 5.84 1.62 0.128

α DAN L WH Old Day 0.55 1.46 0.161 0.323 75% 0.74 (±1.76)

α DAN L WH Young Day 0.65 2.38 0.026 0.103 87.50% 0.65 (±0.42)

Model: Alpha_PreStim_DAN_Right ∼ Day + Group + (1 | Subject)

α DAN R Hit Both Day 0.22 0.64 0.524 56.25% 0.01 (±1.66)

α DAN R Hit Both Group 0.41 0.09 0.928

f ROI Rsp Group Effect Est t p pFDR Prev/R2 Mean (± SD)

Continued on next page
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Table S.18: Statistical analysis of pre-stimulus alpha and theta power dynamics in auditory cortex
and DAN. (Continued)

Model: Alpha_PreStim_DAN_Right ∼ Day * Group + (1 | Subject)

α DAN R WH Both Day -0.53 -1.63 0.110 50% 0.16 (±1.11)

α DAN R WH Both Group -2.17 -0.36 0.725

α DAN R WH Both Day:Grp 1.09 2.48 0.017

α DAN R WH Old Day -0.52 -1.59 0.127 0.323 12.50% -0.23 (±1.26)

α DAN R WH Young Day 0.55 1.90 0.070 0.140 87.50% 0.55 (±0.83)

Model: Theta_PreStim_auditory_Left ∼ Day + Group + (1 | Subject)

θ AC L Hit Both Day 1.00 2.56 0.014 62.50% 1.00 (±1.69)

θ AC L Hit Both Group 4.72 0.81 0.428

θ AC L WH Both Day 0.31 1.18 0.245 68.75% 0.27 (±1.02)

θ AC L WH Both Group -0.20 -0.04 0.966

Model: Theta_PreStim_auditory_Right ∼ Day + Group + (1 | Subject)

θ AC R Hit Both Day 0.42 1.28 0.207 56.25% 0.38 (±1.16)

θ AC R Hit Both Group 8.65 1.72 0.107

θ AC R WH Both Day 0.14 0.61 0.545 56.25% 0.04 (±0.99)

θ AC R WH Both Group 3.05 0.62 0.543

Model: Theta_PreStim_DAN_Left ∼ Day + Group + (1 | Subject)

θ DAN L Hit Both Day 0.18 0.68 0.502 62.50% 0.08 (±1.12)

θ DAN L Hit Both Group 8.73 2.65 0.019

θ DAN L WH Both Day 0.08 0.50 0.619 46.67% 0.11 (±0.71)

θ DAN L WH Both Group 4.85 1.53 0.148

Model: Theta_PreStim_DAN_Right ∼ Day + Group + (1 | Subject)

θ DAN R Hit Both Day 0.21 0.73 0.466 56.25% 0.17 (±1.08)

θ DAN R Hit Both Group 3.57 0.98 0.344

Model: Theta_PreStim_DAN_Right ∼ Day * Group + (1 | Subject)

θ DAN R WH Both Day -0.60 -2.61 0.013 37.50% -0.14 (±0.84)

θ DAN R WH Both Group 1.17 0.25 0.805

θ DAN R WH Both Day:Grp 0.74 2.36 0.023

θ DAN R WH Old Day -0.61 -2.59 0.018 12.50% -0.43 (±0.83)

θ DAN R WH Young Day 0.13 0.63 0.534 62.50% 0.14 (±0.81)

f ROI Rsp Group Effect Est t p pFDR Prev/R2 Mean (± SD)
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Table S.18: Statistical analysis of pre-stimulus alpha and theta power dynamics in auditory cortex
and DAN. (Continued)

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + Theta_PreStim_DAN_Right

+ (1 + Day | Subject)

– – WH Both Day:Grp -0.55 -3.83 4×10-4 0.18

– – WH Both θ DAN R -0.08 -1.50 0.139 0.03

– – WH Old Day 0.43 3.80 0.001 0.14

– – WH Old θ DAN R -0.05 -0.68 0.502 0.01

Model: AvgAmp_preM100_DAN_Right ∼ Day * Group

+ Theta_PreStim_DAN_Right + (1 + Day | Subject)

– – WH Both Day:Grp -0.09 -4.67 5×10-4 0.24

– – WH Both θ DAN R 0.01 1.44 0.157 0.03

– – WH Old Day 0.06 4.93 1×10-4 0.25

– – WH Old θ DAN R 0.01 1.31 0.203 0.04

Model: AvgLevel ∼ Day + Alpha_PreStim_auditory_Left + (1 + Day | Subject)

– – WH Young α AC L 0.10 2.48 0.021 0.064 0.04

Model: AvgLevel ∼ Day + Alpha_PreStim_DAN_Left + (1 + Day | Subject)

– – WH Young α DAN L 0.01 0.35 0.732 0.732 < 0.01

Model: AvgLevel ∼ Day + Alpha_PreStim_DAN_Right + (1 + Day | Subject)

– – WH Young α DAN R -0.05 -1.47 0.157 0.235 0.01

Model: AvgLevel ∼ Day + Theta_PreStim_DAN_Right + (1 + Day | Subject)

– – WH Old θ DAN R -0.01 -0.31 0.760 < 0.01

f ROI Rsp Group Effect Est t p pFDR Prev/R2 Mean (± SD)
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Table S.19: Statistical analysis of task-related post-stimulus alpha and theta oscillatory activity in
auditory cortex and DAN. Results of statistical models assessing task-related changes in post-stimulus
alpha (α) and theta (θ) oscillatory activity. Linear mixed-effects models were used to examine whether
training influenced post-stimulus (225 to 725 ms after stimulus onset) alpha and theta power in the
auditory cortex (AC) and dorsal attention network (DAN) across hemispheres (L: left, R: right), given
their role in attentional modulation and distractor suppression. Analyses were conducted separately
for Hits (targets) and Withholds (WH, distractors) to account for expected differences in stimulus
processing. Prevalence (Prev) represents the percentage of participants (either across or within groups)
who exhibited increased oscillatory activity across days, as defined by a positive slope. The mean (µ) and
standard deviation (SD) of the slopes are also provided. When the model corresponded to regressions,
the R squared is presented instead. Significant results (p<0.05) and R2 values above 0.2 are highlighted
in bold, and results referenced in Section 3.3.4 (alpha) and Section 3.3.5 (theta) are shaded in purple.
See Figure 3.12 for time-frequency representations and Figure 3.14 for individual data points.

Model: Alpha_PostStim_auditory_Left ∼ Day + Group + (1 | Subject)

α AC L Hit Both Day 0.52 2.28 0.028 62.50% 0.46 (±1.00)

α AC L Hit Both Group 17.61 2.19 0.046

α AC L Hit Old Day 0.33 0.96 0.346 0.462 62.50% 0.22 (±1.19)

α AC L Hit Young Day 0.70 2.25 0.034 0.046 62.50% 0.70 (±0.79)

Model: Alpha_PostStim_auditory_Left ∼ Day * Group + (1 | Subject)

α AC L WH Both Day 0.35 0.76 0.451 68.75% 1.31 (±1.79)

α AC L WH Both Group 3.47 0.37 0.714

α AC L WH Both Day:Grp 1.77 2.71 0.010

α AC L WH Old Day 0.35 0.73 0.472 0.472 50% 0.30 (±1.39)

α AC L WH Young Day 2.13 4.81 0.0001 0.0004 87.50% 2.31 (±1.63)

Model: Alpha_PostStim_auditory_Right ∼ Day * Group + (1 | Subject)

α AC R Hit Both Day -0.58 -1.41 0.165 43.75% 0.26 (±1.29)

α AC R Hit Both Group -4.96 -0.46 0.648

α AC R Hit Both Day:Grp 1.65 2.92 0.006

α AC R Hit Old Day -0.58 -1.29 0.212 0.424 12.50% -0.55 (±0.59)

α AC R Hit Young Day 1.08 3.07 0.006 0.012 75% 1.07 (±1.30)

Model: Alpha_PostStim_auditory_Right ∼ Day + Group + (1 | Subject)

α AC R WH Both Day 0.53 2.45 0.019 62.50% 0.61 (±1.10)

α AC R WH Both Group 13.02 1.56 0.141

α AC R WH Old Day 0.55 1.96 0.065 0.260 62.50% 0.57 (±0.86)

α AC R WH Young Day 0.52 1.57 0.132 0.132 62.50% 0.65 (±1.35)

f ROI Rsp Group Effect Est t p pFDR Prev/R2 µ (± SD)
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Table S.19: Statistical analysis of task-related post-stimulus alpha and theta oscillatory activity in
auditory cortex and DAN. (Continued)

Model: Alpha_PostStim_DAN_Left ∼ Day + Group + (1 | Subject)

α DAN L Hit Both Day 0.58 2.28 0.028 68.75% 0.55 (±1.07)

α DAN L Hit Both Group 24.78 3.20 0.006

α DAN L Hit Old Day 0.32 0.87 0.396 0.971 50% 0.27 (±1.12)

α DAN L Hit Young Day 0.82 2.33 0.029 0.029 87.50% 0.82 (±1.01)

Model: Alpha_PostStim_DAN_Left ∼ Day * Group + (1 | Subject)

α DAN L WH Both Day 0.02 0.04 0.967 75% 0.75 (±1.50)

α DAN L WH Both Group 12.94 1.66 0.108

α DAN L WH Both Day:Grp 1.51 2.31 0.026

α DAN L WH Old Day 0.02 0.04 0.971 0.971 50% -0.05 (±1.58)

α DAN L WH Young Day 1.53 3.53 0.002 0.008 100% 1.54 (±0.95)

Model: Alpha_PostStim_DAN_Right ∼ Day * Group + (1 | Subject)

α DAN R Hit Both Day -0.03 -0.07 0.942 68.75% 0.50 (±1.32)

α DAN R Hit Both Group 7.92 0.79 0.437

α DAN R Hit Both Day:Grp 1.07 1.82 0.077

α DAN R Hit Old Day -0.02 -0.06 0.952 0.971 62.50% -0.04 (±1.08)

α DAN R Hit Young Day 1.04 2.44 0.023 0.029 75% 1.04 (±1.38)

α DAN R WH Both Day 0.02 0.07 0.947 68.75% 0.70 (±1.47)

α DAN R WH Both Group 13.38 1.55 0.136

α DAN R WH Both Day:Grp 1.08 2.17 0.036

α DAN R WH Old Day 0.03 0.08 0.941 0.971 50% 0.08 (±1.25)

α DAN R WH Young Day 1.10 3.11 0.006 0.011 87.50% 1.32 (±1.48)

Model: Theta_PostStim_auditory_Left ∼ Day + Group + (1 | Subject)

θ AC L Hit Both Day 1.09 2.45 0.019 75% 0.98 (±1.88)

θ AC L Hit Both Group -1.40 -0.17 0.866

θ AC L Hit Old Day 1.02 1.34 0.196 0.595 75% 0.78 (±2.06)

θ AC L Hit Young Day 1.15 2.12 0.045 0.076 75% 1.17 (±1.80)

θ AC L WH Both Day 0.41 1.18 0.244 56.25% 0.54 (±1.69)

θ AC L WH Both Group -8.21 -0.94 0.365

f ROI Rsp Group Effect Est t p pFDR Prev/R2 µ (± SD)
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Table S.19: Statistical analysis of task-related post-stimulus alpha and theta oscillatory activity in
auditory cortex and DAN. (Continued)

Model: Theta_PostStim_auditory_Right ∼ Day * Group + (1 | Subject)

θ AC R Hit Both Day -0.18 -0.33 0.741 62.50% 1.23 (±3.61)

θ AC R Hit Both Group -9.22 -0.87 0.392

θ AC R Hit Both Day:Grp 1.45 1.83 0.074

θ AC R Hit Old Day -0.18 -0.32 0.751 0.751 50% -0.24 (±0.96)

θ AC R Hit Young Day 1.27 2.32 0.030 0.076 75% 2.71 (±4.70)

Model: Theta_PostStim_auditory_Right ∼ Day + Group + (1 | Subject)

θ AC R WH Both Day 0.67 2.18 0.035 56.25% 0.61 (±1.41)

θ AC R WH Both Group -4.14 -0.53 0.602

θ AC R WH Old Day 0.48 1.07 0.298 0.595 50% 0.24 (±1.35)

θ AC R WH Young Day 0.85 2.00 0.057 0.076 62.50% 0.98 (±1.47)

Model: Theta_PostStim_DAN_Left ∼ Day * Group + (1 | Subject)

θ DAN L Hit Both Day -0.65 -1.51 0.139 56.25% 0.09 (±1.65)

θ DAN L Hit Both Group -3.04 -0.35 0.727

θ DAN L Hit Both Day:Grp 1.54 2.55 0.014

θ DAN L Hit Old Day -0.65 -1.52 0.145 0.145 25% -0.77 (±1.30)

θ DAN L Hit Young Day 0.90 2.10 0.047 0.047 87.50% 0.95 (±1.57)

Model: Theta_PostStim_DAN_Left ∼ Day + Group + (1 | Subject)

θ DAN L WH Both Day 0.13 0.56 0.576 56.25% 0.07 (±1.00)

θ DAN L WH Both Group 5.63 0.93 0.367

Model: Theta_PostStim_DAN_Right ∼ Day * Group + (1 | Subject)

θ DAN R Hit Both Day -0.84 -1.98 0.055 56.25% -0.29 (±1.70)

θ DAN R Hit Both Group -3.86 -0.41 0.684

θ DAN R Hit Both Day:Grp 1.61 2.61 0.012

θ DAN R Hit Old Day -0.84 -1.72 0.100 0.145 37.50% -0.93 (±1.37)

θ DAN R Hit Young Day 0.78 2.11 0.047 0.047 75% 0.34 (±1.84)

Model: Theta_PostStim_DAN_Right ∼ Day + Group + (1 | Subject)

θ DAN R WH Both Day 0.19 0.84 0.404 50% 0.12 (±1.14)

θ DAN R WH Both Group 7.42 1.08 0.297

Model: AvgLevel ∼ Day + Alpha_PostStim_auditory_Left + (1 + Day | Subject)

– – Hit Young α AC L 0.01 0.51 0.614 < 0.01

– – WH Young α AC L 0.02 1.17 0.258 < 0.01

f ROI Rsp Group Effect Est t p pFDR Prev/R2 µ (± SD)
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Table S.19: Statistical analysis of task-related post-stimulus alpha and theta oscillatory activity in
auditory cortex and DAN. (Continued)

Model: AvgLevel ∼ Day + Alpha_PostStim_auditory_Right + (1 + Day | Subject)

– – Hit Young α AC R 0.02 1.03 0.312 < 0.01

Model: AvgLevel ∼ Day + Alpha_PostStim_DAN_Left + (1 + Day | Subject)

– – Hit Young α DAN L 0.04 1.30 0.205 0.02

– – WH Young α DAN L -0.002 -0.11 0.914 < 0.01

Model: AvgLevel ∼ Day + Alpha_PostStim_DAN_Right + (1 + Day | Subject)

– – Hit Young α DAN R 0.03 1.22 0.233 < 0.01

– – WH Young α DAN R 0.01 0.33 0.747 < 0.01

Model: AvgLevel ∼ Day + Theta_PostStim_auditory_Left + (1 + Day | Subject)

– – Hit Young θ AC L -0.02 -1.03 0.313 < 0.01

Model: AvgLevel ∼ Day + Theta_PostStim_auditory_Right + (1 + Day | Subject)

– – Hit Young θ AC R -0.01 -0.72 0.475 < 0.01

– – WH Young θ AC R 0.01 0.22 0.828 < 0.01

Model: AvgLevel ∼ Day + Theta_PostStim_DAN_Left + (1 + Day | Subject)

– – Hit Young θ DAN L -0.02 -0.62 0.538 < 0.01

Model: AvgLevel ∼ Day + Theta_PostStim_DAN_Right + (1 + Day | Subject)

– – Hit Young θ DAN R -0.002 -0.07 0.942 < 0.01

f ROI Rsp Group Effect Est t p pFDR Prev/R2 µ (± SD)
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Table S.20: Statistical models of DAN–auditory coherence and its relationship to training-related
changes. Results of statistical models examining pre-stimulus coherence (1–20 Hz) between the right
dorsal attention network (DAN) and right auditory cortex (AC), and its relationship to training-related
changes in auditory M100 amplitude, preM100 DAN activation, and average performance level. Each
group was evaluated separately. Prevalence (Prev.) represents the percentage of participants within
each group who exhibited higher coherence across days, as defined by a positive slope. The mean
and standard deviation (SD) of the slopes are also provided. In regression models, the R squared is
presented instead. Significant results (p<0.05) and R2 values higher than 0.2 are highlighted in bold and
results referenced in Section 3.3.6 are shaded in purple. See Figure 3.15 for individual data points.

Model: Coherence_preM100_DAN-Right_auditory-Right ∼ Day + (1 | Subject)

Older Day 0.75 2.42 0.025 75% 0.63 (±1.07)

Younger Day 0.19 0.57 0.575 75% 0.04 (±1.14)

Model: MaxAmp_M100_auditory_Right ∼ Day

+ Coherence_preM100_DAN-Right_auditory-Right + (1 + Day | Subject)

Older Day 0.44 3.01 0.010 0.11

Older Coherence 0.03 0.37 0.716 < 0.01

Model: AvgAmp_preM100_DAN_Right ∼ Day

+ Coherence_preM100_DAN-Right_auditory-Right + (1 + Day | Subject)

Older Day 0.06 5.01 2×10-4 0.27

Older Coherence 0.01 1.94 0.064 0.03

Model: AvgLevel ∼ Day

+ Coherence_preM100_DAN-Right_auditory-Right + (1 + Day | Subject)

Older Day 0.17 3.70 0.002 0.21

Older Coherence -0.01 -0.47 0.644 < 0.01

Group Effect Estimate t value p value R2 Prev. Mean (± SD)
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Table S.21: Statistical models of ventral attention network average preM100 activity and its
relationship to auditory cortex and training. Results of statistical models used to assess the
effect of training and age on the averaged preM100 amplitude in the ventral attention network (VAN).
Post-hoc analyses were conducted to evaluate each group separately. Prevalence (Prev.) represents the
percentage of participants (either across or within groups) who exhibited higher preM100 activation
across days, as defined by a positive slope. The mean and standard deviation (SD) of the slopes are
also provided. When the model corresponded to regressions, the R squared is presented instead.
Significant results (p<0.05) and R2 values higher than 0.2 are highlighted in bold and results referenced
in Section 3.3.7 are shaded in purple.

Model: AvgAmp_preM100_VAN_Left ∼ Day * Group + (1 + Day | Subject)

Both L Day 0.08 3.93 0.002 68.75% 0.05 (±0.06)

Both L Group -0.13 -0.61 0.552

Both L Day:Grp -0.06 -2.10 0.056

Model: AvgAmp_preM100_VAN_Left ∼ Day + Group + (1 + Day | Subject)

Both L Day 0.05 3.06 0.008 68.75% 0.05 (±0.06)

Both L Group -0.38 -2.30 0.038

Model: AvgAmp_preM100_VAN_Left ∼ Day + (1 + Day | Subject)

Old L Day 0.07 3.13 0.019 87.50% 0.08 (±0.06)

Young L Day 0.02 1.21 0.245 50% 0.02 (±0.04)

Model: AvgAmp_preM100_VAN_Left ∼ Day * Age + (1 + Day | Subject)

Both L Day 3×10-3 0.10 0.920 68.75% 0.05 (±0.06)

Both L Age 3×10-3 0.62 0.546

Both L Day:Age 1×10-3 1.58 0.138

Model: AvgAmp_preM100_VAN_Left ∼ Day + Age + (1 + Day | Subject)

Both L Day 0.05 3.12 0.007 68.75% 0.05 (±0.06)

Both L Age 0.01 1.70 0.110

Model: AvgAmp_preM100_VAN_Right ∼ Day * Group + (1 + Day | Subject)

Both R Day 0.07 3.83 0.002 81.25% 0.04 (±0.06)

Both R Group 0.20 0.63 0.536

Both R Day:Grp -0.06 -2.33 0.035

Model: AvgAmp_preM100_VAN_Right ∼ Day + (1 + Day | Subject)

Old R Day 0.07 3.49 0.010 87.50% 0.07 (±0.06)

Young R Day 0.01 0.66 0.528 75% 0.01 (±0.04)

Group Hem. Effect Est. t p R2 Prev. Mean (± SD)

Continued on next page
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Table S.21: Statistical models of ventral attention network average preM100 activity and its
relationship to auditory cortex and training. (Continued)

Model: AvgAmp_preM100_VAN_Right ∼ Day + Group + (1 + Day | Subject)

Both R Day 0.04 2.71 0.016 81.25% 0.04 (±0.06)

Both R Group -0.30 -1.26 0.228

Model: AvgAmp_preM100_VAN_Right ∼ Day * Age + (1 | Subject)

Both R Day -0.02 -0.94 0.352 81.25% 0.04 (±0.05)

Both R Age -0.01 -1.13 0.272

Both R Day:Age 2×10-3 3.67 0.001

Model: AvgAmp_preM100_VAN_Laterality ∼ Day + Group + (1 + Day | Subject)

Both – Day 1×10-3 0.10 0.924 43.75% 1×10-3 (±0.05)

Both – Group 0.06 0.29 0.777

Model: MaxAmp_M100_auditory_Right ∼ Day + AvgAmp_preM100_VAN_Left

+ (1 + Day | Subject)

Old – Day 0.33 1.80 0.091 0.11

Old – VAN L 1.68 1.16 0.257 0.02

Model: MaxAmp_M100_auditory_Right ∼ Day + AvgAmp_preM100_VAN_Left

+ AvgAmp_preM100_DAN_Right + (1 + Day | Subject)

Old – Day 0.10 0.48 0.634 0.11

Old – VAN L 0.26 0.17 0.867 < 0.01

Old – DAN R 5.10 2.24 0.034 0.15

Model: MaxAmp_M100_auditory_Right ∼ Day + AvgAmp_preM100_VAN_Right

+ (1 + Day | Subject)

Old – Day 0.23 1.10 0.285 0.09

Old – VAN R 2.09 1.08 0.292 0.03

Model: MaxAmp_M100_auditory_Right ∼ Day + AvgAmp_preM100_VAN_Right

+ AvgAmp_preM100_DAN_Right + (1 + Day | Subject)

Old – Day 0.11 0.52 0.612 0.09

Old – VAN R -1.26 -0.55 0.586 < 0.01

Old – DAN R 6.14 2.40 0.026 0.15

Group Hem. Effect Est. t p R2 Prev. Mean (± SD)

Continued on next page



Supplementary Materials 184

Table S.21: Statistical models of ventral attention network average preM100 activity and its
relationship to auditory cortex and training. (Continued)

Model: AvgLevel ∼ Day + AvgAmp_preM100_VAN_Left + (1 + Day | Subject)

Old L Day 0.15 2.59 0.019 0.21

Old L VAN L 0.19 0.42 0.677 < 0.01

Model: AvgLevel ∼ Day + AvgAmp_preM100_VAN_Right + (1 + Day | Subject)

Old R Day 0.16 2.85 0.011 0.21

Old R VAN R -0.03 -0.07 0.948 < 0.01

Group Hem. Effect Est. t p R2 Prev. Mean (± SD)
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Table S.22: Demographic predictors of task performance. Results of linear models used to explore
whether demographic factors predicted individual differences in training-related changes in task
performance. Only combinations that showed significant relationships in the initial models (individual
slopes across days ∼ demographic + group), either across both groups or within the age group that
exhibited training-related effects in the corresponding outcome, are included. For each case, both the
initial and updated models with the relevant demographic variable added as a covariate are displayed.
Group-specific estimates are presented where applicable. Significant results (p<0.05) and R2 values
greater than 0.2 are highlighted in bold, and results referenced in Section 3.4.2 are shaded in purple.
For the models where the training-related effect on average level was originally reported, see Table S.1.

Model: slope_AvgLevel ∼ PTAstd + Group

Both PTAstd -0.01 -0.96 0.357 0.42

Older PTAstd -0.01 -4.27 0.005 0.72

Younger PTAstd 0.01 0.26 0.805 < 0.01

Model: AvgLevel ∼ Day * Group + PTAstd + (1 + Day | Subject)

Both Day:Group 0.25 2.87 0.012 0.59

Both PTAstd -0.16 -2.35 0.036 0.07

Older Day 0.16 3.55 0.007 0.21

Older PTAstd -0.17 -5.00 0.003 0.42

Model: slope_AvgLevel ∼ PTAfull + Group

Both PTAfull -0.01 -1.23 0.241 0.44

Older PTAfull -0.01 -3.93 0.008 0.69

Younger PTAfull 2×10-3 0.05 0.962 < 0.01

Model: AvgLevel ∼ Day * Group + PTAfull + (1 + Day | Subject)

Both Day:Group 0.29 3.50 0.003 0.62

Both PTAfull -0.08 -1.69 0.119 0.04

Older Day 0.16 3.67 0.006 0.21

Older PTAfull -0.11 -4.01 0.012 0.37

Model: slope_AvgLevel ∼ PTAhigh

Both PTAhigh -5×10-3 -1.16 0.265 0.44

Older PTAhigh -5×10-3 -3.23 0.018 0.60

Younger PTAhigh 5×10-4 0.02 0.987 < 0.01

Group Effect Estimate t value p value R2

Continued on next page
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Table S.22: Demographic predictors of task performance. (Continued)

Model: AvgLevel ∼ Day * Group + PTAhigh + (1 + Day | Subject)

Both Day:Group 0.29 3.53 0.003 0.62

Both PTAhigh -0.03 -1.12 0.287 0.01

Older Day 0.16 3.84 0.006 0.21

Older PTAhigh -0.05 -2.58 0.057 0.26

Group Effect Estimate t value p value R2
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Table S.23: Demographic predictors of training-related changes in cognitive tests. Results of linear
models used to explore whether demographic factors predicted individual differences in training-related
changes in cognitive tests. Only combinations that showed significant relationships in the initial models
(individual slopes across days ∼ demographic + group), either across both groups or within the age
group that exhibited training-related effects in the corresponding outcome, are included. For each case,
both the initial and updated models with the relevant demographic variable added as a covariate are
displayed. Group-specific estimates are presented where applicable. Significant results (p<0.05) and R2

values greater than 0.2 are highlighted in bold, and results referenced in Section 3.4.2 are shaded in
purple. For the models where the training-related effects on cognitive tests were originally reported, see
Tables S.3 and S.4.

Model: diff_RAVLT_LearningGain ∼ PTAstd + Group

Both PTAstd -0.05 -2.15 0.051 0.31

Older PTAstd -0.05 -2.70 0.036 0.51

Younger PTAstd -0.08 -1.13 0.301 0.15

Model: RAVLT_LearningGain ∼ Session + Group + PTAstd + (1 | Subject)

Both Session 0.36 2.58 0.016 0.22

Both Group -0.21 -1.11 0.278 0.22

Both PTAstd -0.01 -0.42 0.679 < 0.01

Older Session 0.61 4.00 0.005 0.46

Older PTAstd -2×10-4 -0.01 0.989 < 0.01

Younger Session 0.09 0.46 0.655 0.01

Younger PTAstd -0.02 -0.83 0.421 0.05

Model: diff_Stroop_CWScore ∼ AWPcurrent + Group

Both AWPcurrent -0.20 -0.31 0.764 0.14

Older AWPcurrent 1.75 3.61 0.022 0.72

Younger AWPcurrent -1.25 -1.63 0.154 0.28

Model: Stroop_CWScore ∼ Session + Group + AWPcurrent + (1 | Subject)

Both Session 4.64 4.55 0.001 0.55

Both Group 12.44 3.85 0.003 0.55

Both AWPcurrent 2×10-3 2×10-3 0.999 < 0.01

Older Session 3.00 2.37 0.064 0.14

Older AWPcurrent 0.62 0.55 0.610 0.02

Younger Session 5.88 4.14 0.004 0.15

Younger AWPcurrent -0.33 -0.21 0.838 < 0.01

Group Effect Estimate t value p value R2
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Table S.24: Demographic predictors of training-related changes in auditory processing. Results
of linear models used to explore whether demographic factors predicted individual differences in
training-related changes in auditory responses. Only combinations that showed significant relationships
in the initial models (individual slopes across days ∼ demographic + group), either across both groups or
within the age group that exhibited training-related effects in the corresponding outcome, are included.
For each case, both the initial and updated models with the relevant demographic variable added as a
covariate are displayed. Group-specific estimates are presented where applicable. Significant results
(p<0.05) and R2 values greater than 0.2 are highlighted in bold, and results referenced in Section 3.4.2
are shaded in purple. For the models where the training-related effect on auditory responses were
originally reported, see Table S.7.

Model: slope_MaxAmp_M100_auditory_Right ∼ PTAstd + Group

Both PTAstd -0.02 -2.79 0.015 0.80

Older PTAstd -0.02 -2.84 0.029 0.54

Younger PTAstd -0.02 -0.88 0.412 0.10

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + PTAstd
+ (1 + Day | Subject)

Both Day:Group -0.51 -3.26 0.002 0.16

Both PTAstd -0.16 -0.81 0.431 < 0.01

Older Day 0.40 3.14 0.005 0.09

Older PTAstd -0.30 -1.15 0.295 0.08

Younger Day -0.12 -1.20 0.243 0.02

Younger PTAstd 0.33 1.18 0.282 0.10

Model: slope_MaxAmp_M100_auditory_Right ∼ PTAfull + Group

Both PTAfull -0.02 -2.92 0.012 0.80

Older PTAfull -0.01 -2.68 0.036 0.51

Younger PTAfull -0.04 -1.75 0.131 0.30

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + PTAfull
+ (1 + Day | Subject)

Both Day:Group -0.51 -3.26 0.002 0.16

Both PTAfull -0.17 -1.28 0.224 0.04

Older Day 0.40 3.13 0.006 0.09

Older PTAfull -0.19 -1.10 0.314 0.07

Younger Day -0.12 -1.21 0.241 0.02

Younger PTAfull 0.23 0.47 0.654 0.02

Group Effect Estimate t value p value R2

Continued on next page
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Table S.24: Demographic predictors of training-related changes in auditory processing. (Continued)

Model: slope_MaxAmp_M100_auditory_Right ∼ PTAhigh + Group

Both PTAhigh -0.01 -2.78 0.016 0.79

Older PTAhigh -0.01 -2.35 0.057 0.44

Younger PTAhigh -0.04 -3.27 0.017 0.60

Model: MaxAmp_M100_auditory_Right ∼ Day * Group + PTAhigh
+ (1 + Day | Subject)

Both Day:Group -0.51 -3.25 0.002 0.16

Both PTAhigh -0.11 -1.41 0.180 0.05

Older Day 0.40 3.12 0.006 0.09

Older PTAhigh -0.10 -1.00 0.356 0.06

Younger Day -0.12 -1.21 0.241 0.02

Younger PTAhigh -0.40 -1.30 0.240 0.12

Group Effect Estimate t value p value R2



Supplementary Materials 190

Table S.25: Demographic predictors of training-related changes in the dorsal attention network.
Results of linear models used to explore whether demographic factors predicted individual differences
in training-related changes in dorsal attention network (DAN). Only combinations that showed significant
relationships in the initial models (individual slopes across days ∼ demographic + group), either across
both groups or within the age group that exhibited training-related effects in the corresponding outcome,
are included. For each case, both the initial and updated models with the relevant demographic
variable added as a covariate are displayed. Group-specific estimates are presented where applicable.
Significant results (p<0.05) and R2 values greater than 0.2 are highlighted in bold, and results referenced
in Section 3.4.2 are shaded in purple. For the models where the training-related effect on DAN responses
were originally reported, see Table S.14.

Model: slope_AvgAmp_preM100_DAN_Right ∼ Education years + Group

Both Education 0.01 2.79 0.015 0.56

Older Education 0.01 2.35 0.057 0.44

Younger Education 0.01 1.54 0.174 0.25

Model: AvgAmp_preM100_DAN_Right ∼ Day * Group + Education years

+ (1 + Day | Subject)

Both Day:Group -0.10 -5.43 1×10-4 0.27

Both Education 0.05 1.90 0.077 0.09

Older Day 0.07 5.45 0.002 0.27

Older Education 0.06 1.58 0.164 0.13

Younger Day -0.03 -2.25 0.058 0.14

Younger Education 0.02 0.63 0.550 < 0.01

Model: slope_AvgAmp_preM100_DAN_Right ∼Musical Education + Group

Both Musical Education -4×10-3 -1.13 0.283 0.31

Older Musical Education -0.04 -3.63 0.022 0.73

Younger Musical Education -3×10-3 -0.73 0.493 0.07

Model: AvgAmp_preM100_DAN_Right ∼ Day * Group +Musical Education

+ (1 + Day | Subject)

Both Day:Group -0.09 -4.25 0.001 0.20

Both Musical Education -5×10-3 -0.20 0.845 < 0.01

Older Day 0.06 3.56 0.020 0.17

Older Musical Education -2×10-3 -0.01 0.992 < 0.01

Group Effect Estimate t value p value R2

Continued on next page
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Table S.25: Demographic predictors of training-related changes in the dorsal attention network.
(Continued)

Model: slope_AvgAmp_preM100_DAN_Right ∼Musicality Index + Group

Both Musicality Index -2×10-4 -0.43 0.676 0.25

Older Musicality Index -0.01 -4.02 0.016 0.76

Younger Musicality Index -1×10-4 -0.25 0.812 < 0.01

Model: AvgAmp_preM100_DAN_Right ∼ Day * Group +Musicality Index

+ (1 + Day | Subject)

Both Day:Group -0.09 -4.26 0.001 0.20

Both Musicality Index -2×10-3 -0.63 0.544 < 0.01

Older Day 0.06 3.53 0.021 0.17

Older Musicality Index 0.01 0.27 0.799 < 0.01

Group Effect Estimate t value p value R2
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Table S.26: Demographic predictors of training-related changes in pre-stimulus oscillations.
Results of linear models used to explore whether demographic factors predicted individual differences
in training-related changes in pre-stimulus oscillatory activity. Only combinations that showed significant
relationships in the initial models (individual slopes across days ∼ demographic + group), either across
both groups or within the age group that exhibited training-related effects in the corresponding outcome,
are included. For each case, both the initial and updated models with the relevant demographic
variable added as a covariate are displayed. Group-specific estimates are presented where applicable.
Significant results (p<0.05) and R2 values greater than 0.2 are highlighted in bold, and results referenced
in Section 3.4.2 are shaded in purple. For the models where the training-related effects on alpha and
theta pre-stimulus power were originally reported, see Table S.18.

Model: slope_Alpha_PreStim_auditory_Left ∼ Language Proficiency Index + Group

WH Both LPI -0.86 -2.52 0.026 0.30

WH Older LPI -1.04 -2.21 0.069 0.41

WH Younger LPI -0.28 -0.54 0.610 0.04

Model: Alpha_PreStim_auditory_Left ∼ Day + Group + Language Proficiency Index

+ (1 | Subject)

WH Both Day 0.64 3.52 0.001 0.07

WH Both LPI 7.20 1.90 0.080 0.13

WH Older Day 0.46 1.43 0.167 0.02

WH Older LPI 6.82 1.22 0.267 0.11

WH Younger Day 0.80 4.37 3×10-4 0.15

WH Younger LPI 8.46 1.53 0.180 0.15

Model: slope_Theta_PreStim_DAN_Right ∼Musical Education + Group

WH Both Musical Education 0.10 2.42 0.034 0.47

WH Older Musical Education 0.09 0.48 0.659 0.04

WH Younger Musical Education 0.10 2.03 0.089 0.37

Model: Theta_PreStim_DAN_Right ∼ Day * Group +Musical Education

+ (1 | Subject)

WH Both Day:Group 0.63 2.22 0.033 0.22

WH Both Musical Education 0.37 0.63 0.542 < 0.01

WH Older Day -0.75 -2.90 0.011 0.08

WH Older Musical Education -3.62 -1.00 0.375 0.12

WH Younger Day -0.13 -0.83 0.415 < 0.01

WH Younger Musical Education 0.53 1.09 0.318 0.11

Response Group Effect Estimate t value p value R2

Continued on next page
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Table S.26: Demographic predictors of training-related changes in pre-stimulus oscillations.
(Continued)

Model: slope_Theta_PreStim_DAN_Right ∼Musicality Index + Group

WH Both Musicality Index 0.02 3.04 0.011 0.56

WH Older Musicality Index 0.03 0.59 0.588 0.06

WH Younger Musicality Index 0.02 2.64 0.039 0.50

Model: Theta_PreStim_DAN_Right ∼ Day * Group +Musicality Index

+ (1 | Subject)

WH Both Day:Group 0.63 2.22 0.033 0.22

WH Both Musicality Index 0.02 0.20 0.842 < 0.01

WH Older Day -0.75 -2.90 0.011 0.08

WH Older Musicality Index -0.99 -0.95 0.398 0.11

WH Younger Day -0.13 -0.83 0.414 < 0.01

WH Younger Musicality Index 0.02 0.36 0.733 0.01

Response Group Effect Estimate t value p value R2
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Table S.27: Demographic predictors of training-related changes in post-stimulus oscillatory
activity. Results of linear models used to explore whether demographic factors predicted individual
differences in training-related changes in post-stimulus oscillations. Only combinations that showed
significant relationships in the initial models (individual slopes across days∼ demographic + group), either
across both groups or within the age group that exhibited training-related effects in the corresponding
outcome, are included. For each case, both the initial and updatedmodels with the relevant demographic
variable added as a covariate are displayed. Group-specific estimates are presented where applicable.
Significant results (p<0.05) and R2 values greater than 0.2 are highlighted in bold, and results referenced
in Section 3.4.2 are shaded in purple. For the models where the training-related effects on alpha and
theta pre-stimulus power were originally reported, see Table S.19.

Model: slope_Alpha_PostStim_auditory_Right ∼ Language Proficiency Index + Group

Hit Both LPI 0.98 2.62 0.021 0.53

Hit Older LPI 0.44 1.80 0.121 0.32

Hit Younger LPI 2.70 4.07 0.007 0.70

Model: Alpha_PostStim_auditory_Right ∼ Day * Group + Language Proficiency Index

+ (1 | Subject)

Hit Both Day:Group 1.65 2.92 0.006 0.05

Hit Both LPI 2.02 0.23 0.818 < 0.01

Hit Older Day -0.58 -1.28 0.213 0.01

Hit Older LPI 5.15 0.46 0.664 0.02

Hit Younger Day 1.07 3.07 0.006 0.06

Hit Younger LPI -7.96 -0.51 0.627 0.02

Model: slope_Alpha_PostStim_auditory_Left ∼Musical Education + Group

WH Both Musical Education 0.17 2.13 0.059 0.57

WH Older Musical Education 0.19 0.35 0.742 0.02

WH Younger Musical Education 0.17 3.01 0.030 0.60

Model: Alpha_PostStim_auditory_Left ∼ Day * Group +Musical Education

+ (1 | Subject)

WH Both Day:Group 2.24 3.05 0.004 0.22

WH Both Musical Education -0.11 -0.10 0.923 < 0.01

WH Older Day -0.11 -0.17 0.864 < 0.01

WH Older Musical Education -0.68 -0.11 0.918 < 0.01

WH Younger Day 2.13 4.80 1×10-4 0.21

WH Younger Musical Education -0.09 -0.08 0.943 < 0.01

Response Group Effect Estimate t value p value R2

Continued on next page
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Table S.27: Demographic predictors of training-related changes in post-stimulus oscillatory
activity. (Continued)

Model: slope_Alpha_PostStim_auditory_Left ∼ PTAstd + Group

WH Both PTAstd 0.13 2.49 0.028 0.51

WH Older PTAstd 0.15 2.83 0.030 0.53

WH Younger PTAstd 0.05 0.40 0.706 0.03

Model: Alpha_PostStim_auditory_Left ∼ Day * Group + PTAstd + (1 | Subject)

WH Both Day:Group 1.77 2.71 0.010 0.22

WH Both PTAstd 0.19 0.23 0.825 < 0.01

WH Older Day 0.35 0.73 0.474 < 0.01

WH Older PTAstd 0.34 0.33 0.755 0.01

WH Younger Day 2.13 4.81 1×10-4 0.21

WH Younger PTAstd -0.33 -0.19 0.854 < 0.01

Model: slope_Alpha_PostStim_auditory_Right ∼ Education years + Group

WH Both Education -0.24 -2.32 0.039 0.32

WH Older Education -0.29 -3.14 0.020 0.58

WH Younger Education -0.16 -0.73 0.497 0.08

Model: Alpha_PostStim_auditory_Right ∼ Day + Group + Education years

+ (1 | Subject)

WH Both Day 0.53 2.45 0.019 0.13

WH Both Education 1.40 0.97 0.351 0.04

WH Older Day 0.54 1.94 0.067 0.01

WH Older Education 4.41 2.97 0.025 0.46

WH Younger Day 0.52 1.55 0.137 0.02

WH Younger Education -2.75 -1.63 0.153 0.21

Response Group Effect Estimate t value p value R2

Continued on next page
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Table S.27: Demographic predictors of training-related changes in post-stimulus oscillatory
activity. (Continued)

Model: slope_Alpha_PostStim_auditory_Right ∼ AWPcurrent + Group

WH Both AWPcurrent 0.55 3.09 0.011 0.45

WH Older AWPcurrent 0.41 2.29 0.106 0.57

WH Younger AWPcurrent 0.60 2.37 0.055 0.45

Model: Alpha_PostStim_auditory_Right ∼ Day + Group + AWPcurrent
+ (1 | Subject)

WH Both Day 0.42 1.83 0.075 0.07

WH Both AWPcurrent -2.30 -0.77 0.458 0.02

WH Older Day 0.27 0.95 0.359 < 0.01

WH Older AWPcurrent -4.84 -0.78 0.479 0.07

WH Younger Day 0.53 1.57 0.132 0.02

WH Younger AWPcurrent -0.93 -0.29 0.782 < 0.01

Model: slope_Alpha_PostStim_DAN_Left ∼ PTAstd + Group

WH Both PTAstd 0.14 3.21 0.008 0.70

WH Older PTAstd 0.14 2.76 0.040 0.56

WH Younger PTAstd 0.16 1.60 0.162 0.27

Model: Alpha_PostStim_DAN_Left ∼ Day * Group + PTAstd + (1 | Subject)

WH Both Day:Group 1.52 2.33 0.024 0.39

WH Both PTAstd 1.00 1.68 0.115 0.05

WH Older Day 4×10-3 0.01 0.993 < 0.01

WH Older PTAstd 1.20 2.08 0.082 0.24

WH Younger Day 1.53 3.53 0.002 0.15

WH Younger PTAstd 0.26 0.18 0.866 < 0.01

Response Group Effect Estimate t value p value R2

Continued on next page
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Table S.27: Demographic predictors of training-related changes in post-stimulus oscillatory
activity. (Continued)

Model: slope_Alpha_PostStim_DAN_Left ∼ PTAfull + Group

WH Both PTAfull 0.09 2.67 0.020 0.65

WH Older PTAfull 0.08 2.51 0.054 0.51

WH Younger PTAfull 0.24 1.46 0.196 0.23

Model: Alpha_PostStim_DAN_Left ∼ Day * Group + PTAfull + (1 | Subject)

WH Both Day:Group 1.51 2.31 0.026 0.39

WH Both PTAfull 0.81 1.97 0.070 0.08

WH Older Day 0.02 0.03 0.975 < 0.01

WH Older PTAfull 0.85 2.47 0.048 0.29

WH Younger Day 1.53 3.53 0.002 0.15

WH Younger PTAfull -0.22 -0.09 0.930 < 0.01

Model: slope_Alpha_PostStim_DAN_Left ∼ PTAhigh + Group

WH Both PTAhigh 0.05 2.27 0.042 0.61

WH Older PTAhigh 0.05 2.18 0.081 0.44

WH Younger PTAhigh 0.12 0.93 0.390 0.11

Model: Alpha_PostStim_DAN_Left ∼ Day * Group + PTAhigh + (1 | Subject)

WH Both Day:Group 1.50 2.29 0.027 0.39

WH Both PTAhigh 0.50 2.12 0.053 0.09

WH Older Day 0.03 0.07 0.947 < 0.01

WH Older PTAhigh 0.54 2.99 0.023 0.35

WH Younger Day 1.53 3.53 0.002 0.15

WH Younger PTAhigh -0.81 -0.51 0.630 < 0.01

Response Group Effect Estimate t value p value R2

Continued on next page
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Table S.27: Demographic predictors of training-related changes in post-stimulus oscillatory
activity. (Continued)

Model: slope_Alpha_PostStim_DAN_Right ∼ AWPcurrent + Group

WH Both AWPcurrent 0.62 3.55 0.005 0.62

WH Older AWPcurrent 0.11 0.43 0.699 0.04

WH Younger AWPcurrent 0.78 4.01 0.007 0.70

Model: Alpha_PostStim_DAN_Right ∼ Day * Group + AWPcurrent
+ (1 | Subject)

WH Both Day:Group 1.38 2.70 0.011 0.26

WH Both AWPcurrent -1.62 -0.55 0.593 < 0.01

WH Older Day -0.27 -0.76 0.459 < 0.01

WH Older AWPcurrent -5.45 -0.97 0.386 0.13

WH Younger Day 1.10 3.09 0.006 0.08

WH Younger AWPcurrent 0.45 0.13 0.897 < 0.01

Response Group Effect Estimate t value p value R2
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Table S.28: Demographic predictors of training-related changes in ventral attention network.
Results of linear models used to explore whether demographic factors predicted individual differences in
training-related changes in ventral attention network (VAN). Only combinations that showed significant
relationships in the initial models (individual slopes across days ∼ demographic + group), either across
both groups or within the age group that exhibited training-related effects in the corresponding outcome,
are included. For each case, both the initial and updated models with the relevant demographic
variable added as a covariate are displayed. Group-specific estimates are presented where applicable.
Significant results (p<0.05) and R2 values greater than 0.2 are highlighted in bold, and results referenced
in Section 3.4.2 are shaded in purple. For the models where the training-related effect on VAN responses
were originally reported, see Table S.21.

Model: slope_AvgAmp_preM100_VAN_Right ∼ Language Proficiency Index

+ Group

Right Both LPI -0.05 -2.56 0.024 0.50

Right Older LPI -0.04 -1.82 0.118 0.32

Right Younger LPI -0.06 -1.68 0.145 0.29

Model: AvgAmp_preM100_VAN_Right ∼ Day * Group

+ Language Proficiency Index + (1 + Day | Subject)

Right Both Day:Group -0.06 -2.44 0.029 0.16

Right Both LPI -0.49 -2.75 0.017 0.14

Right Older Day 0.07 3.45 0.010 0.25

Right Older LPI -0.38 -2.09 0.080 0.12

Right Younger Day 0.01 0.44 0.672 < 0.01

Right Younger LPI -0.80 -1.96 0.097 0.21

Hem. Group Effect Estimate t value p value R2
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Roads go ever on and on,

Over rock and under tree,

By caves where never sun has shone,

By streams that never find the sea;

Over snow by winter sown,

And through the merry flowers of June,

Over grass and over stone,

And under mountains in the moon.

Roads go ever on and on,

Under cloud and under star,

Yet feet that wandering have gone

Turn at last to home afar.

— J.R.R. Tolkien (1937)
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