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Chapter 1 

1. Introduction 
Cognitive function, including memory, attention, and executive control, is a major 

determinant of independence, quality of life, and long-term outcomes across 

neurological disorders. Impairments in these domains are frequently observed in 

conditions such as epilepsy, neurodegenerative diseases, and traumatic brain injury, 

and are strongly associated with reduced functional capacity and decreased quality 

of life1–4. Despite their clinical importance, cognitive functions are still primarily 

evaluated using behavioral and neuropsychological assessments, which are often 

time-consuming, context-dependent, and may not adequately capture rapid 

fluctuations in cognitive state5. Moreover, these assessments typically provide 

overall measures of performance while offering limited insight into the physiological 

processes underlying cognition. 

Recent advances in physiological measurement technologies have created new 

opportunities for studying cognitive function using objective and measurable signals. 

Techniques such as electroencephalography (EEG), intracranial EEG (iEEG), and 

pupillometry make it possible to investigate brain activity and pupil-related 

physiological changes associated with cognitive processes. EEG and iEEG measure 

electrical activity generated by neuronal populations8,9, whereas pupillometry 

measures changes in pupil size associated with cognitive effort, arousal, and 

attention6,7. These techniques provide complementary information about processes 

related to memory, attention, and executive control and may help identify 

measurable patterns related to differences in cognitive performance8–10. 

Throughout this thesis, the term physiological signals refers to both brain activity and 

pupil-related physiological responses. EEG and iEEG are considered measures of 

brain electrophysiological activity, whereas pupillometry reflects pupil-related 

physiological changes associated with cognitive processing. 

Against this background, this thesis investigates physiological indicators of cognitive 

performance using EEG, iEEG, and pupillometry. Specifically, it examines 

electrophysiological activity together with pupil dynamics to identify measurable 

patterns associated with memory and executive functioning. Through computational 

and statistical analysis of these signals, this work aims to contribute to the 

development of objective approaches for assessing cognitive performance and 

understanding variability across individuals and between trials. 
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1.1 Background and Motivation 
Understanding the physiological mechanisms underlying cognitive performance 

remains a central challenge in contemporary neuroscience. Cognitive processes 

such as memory, attention, and executive control depend on coordinated activity 

across distributed brain networks, making accurate assessment of these functions 

an important challenge in neuroscience3,11,12. Conventional neuropsychological 

assessments remain important tools for evaluating these functions in both clinical 

and research settings13. However, because they primarily rely on observable 

performance, they may not fully capture rapid fluctuations in cognitive state or the 

underlying behavior14,15. 

Neurophysiological recordings provide valuable tools for investigating the biological 

basis of cognition. EEG provides noninvasive recording of neural activity with high 

temporal resolution, enabling investigation of oscillatory dynamics relevant to 

cognitive processing.  Neural oscillations across distinct frequency bands have been 

shown to reflect coordinated communication among distributed brain regions and 

play a key role in cognitive information processing16. Studies of frontal cortical activity 

have demonstrated that oscillatory signals, especially within the theta frequency 

band, are closely associated with cognitive control and working memory 

performance11,17. 

Despite these advances, linking physiological signals to cognitive performance 

remains challenging because of variability across individuals, experimental 

conditions, and the complex nature of cognitive processes18,19. Physiological 

recordings also require computational approaches capable of extracting meaningful 

information from noisy and high-dimensional data. These challenges highlight the 

importance of structured analytical frameworks for relating physiological 

measurements to behavioral performance. 

1.2 Biomarkers: Definition and Need for Quantitative 

Cognitive Assessment 
Biomarkers have become increasingly important in neuroscience and clinical 

research, particularly for improving the assessment and monitoring of cognitive 

dysfunction. In general, a biomarker refers to a measurable indicator of a biological 

process, physiological state, or pathological condition that can be objectively 

quantified using standardized methods. The growing use of biomarker-based 

approaches reflects a broader shift from symptom-based evaluation toward 

approaches grounded in measurable biological signals. 

In the context of cognition, biomarkers are of particular interest because cognitive 

functions arise from complex physiological processes that cannot be directly 

assessed through behavioral performance alone. While behavioral assessments 

provide important indicators of cognitive performance, physiological measurements 
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may provide complementary insight into mechanisms underlying variability in 

behavioral outcomes. Consequently, physiological biomarkers may complement 

behavioral assessments by improving sensitivity to variability in cognitive 

performance. 

For a biomarker to be useful, it should demonstrate reliability, sensitivity to cognitive 

changes, robustness to noise, and interpretability in relation to established 

physiological mechanisms. Advances in physiological signal acquisition, statistical 

modeling, and machine learning have increasingly enabled extraction of 

reproducible features from complex biological signals, supporting the development 

of quantitative and computational approaches to cognitive assessment. 

Within this framework, physiological signals derived from electrophysiological 

recordings and pupil dynamics represent promising candidates for investigating 

variability in memory, attention, and executive functioning. These concepts form the 

basis for the methodological approaches explored in this thesis. 

1.3 Physiological Biomarkers of Cognitive Function 
Cognitive functions are supported by dynamic activity within distributed brain 

networks. These processes unfold over time through coordinated patterns of 

neuronal activity, which can be measured using electrophysiological recordings. In 

this context, physiological recordings provide measurable information about neural 

and behavioral processes underlying cognition20,21. 

Electrophysiological activity is commonly examined through neural oscillations 

across distinct frequency bands. Oscillatory activity reflects rhythmic changes in 

neuronal excitability and has been associated with communication among 

distributed brain regions22. Different frequency bands have been linked to different 

aspects of cognition, including perception, memory formation, attention, and 

decision-making23. Theta-band activity is strongly associated with memory encoding, 

retrieval, and cognitive control, particularly within frontal and temporal regions17,24–

28. Alpha-band activity has been related to attentional regulation and sensory 

selection29–31, whereas beta- and gamma-band activity have been associated with 

cognitive control, working memory maintenance, and information integration30,32. 

Beyond individual oscillatory components, cognitive performance depends on 

interactions across distributed neural networks and localized brain regions. Network-

level communication supports the integration of sensory, memory, and executive 

processes, allowing flexible adaptation to changing task demands20,21,33. At the same 

time, local activity within specialized structures, such as the medial temporal lobe 

and prefrontal cortex, contributes to memory formation, retrieval, and cognitive 

control. Direct intracranial recordings have shown that localized high-frequency 

activity is associated with successful encoding and retrieval, supporting the 

relevance of iEEG-derived features for studying memory-related processes34,35. 
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Pupil dynamics provide complementary information about cognitive state. Changes 

in pupil diameter are associated with cognitive effort, attentional allocation, arousal, 

and decision-making10,36. Although pupillometry does not directly measure neural 

activity, pupil responses provide an indirect physiological indicator of processes that 

influence cognitive performance. Importantly, pupil responses may occur before 

observable behavioral outcomes, suggesting that pupil dynamics can provide useful 

information about trial-by-trial variability in cognitive state and performance37. 

Increasing evidence suggests that cognitive performance cannot be fully understood 

by examining isolated physiological processes alone. EEG, iEEG, and pupillometry 

provide complementary perspectives: EEG captures non-invasive 

electrophysiological activity with high temporal resolution, iEEG provides localized 

electrophysiological information from cortical and subcortical regions, and 

pupillometry reflects pupil-related physiological changes associated with cognitive 

effort and arousal. Combining these signals may therefore provide a more 

comprehensive representation of cognitive performance than single-modality 

measurements alone38–41. 

From a computational perspective, the main challenge is to extract meaningful and 

reproducible features from complex physiological data and relate them to behavioral 

outcomes. Statistical modeling and machine learning approaches provide tools for 

identifying physiological patterns associated with cognitive performance and 

evaluating their predictive value18. This forms the theoretical basis for interpreting 

electrophysiological activity and pupil dynamics as physiological biomarkers of 

memory, attention, and executive function in this thesis. 

This thesis approaches cognitive assessment at two complementary levels. First, it 

examines whether scalp EEG spectral features can identify inter-individual 

differences in clinically measured memory and executive performance. Second, it 

investigates whether pupil dynamics can capture trial-to-trial variability in immediate 

memory performance and compares these non-invasive measures with iEEG-

derived spectral features. Together, these studies examine whether physiological 

signals can provide objective markers of both between-person differences in 

cognitive performance and trial-by-trial fluctuations in memory performance.  

Despite growing evidence linking electrophysiological activity and pupil dynamics to 

cognition, important limitations remain. Prior studies have often focused on isolated 

physiological modalities, group-level behavioral outcomes, or descriptive 

associations, with limited emphasis on quantitative characterization and 

classification of cognitive performance and trial-by-trial variability. In particular, direct 

comparison between non-invasive pupillometry and intracranial electrophysiological 

features in relation to memory performance remains limited. These gaps motivate 

the present dissertation, which investigates physiological biomarkers of cognition 

across both inter-individual and intra-individual levels of variability. 
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1.4 Research Objectives, Main Thesis, and Research 

Hypotheses 
The main thesis of this dissertation is that physiological signals recorded using EEG, 

iEEG, and pupillometry can be transformed through digital signal processing, 

statistical analysis, and machine learning approaches into quantitative biomarkers 

that enable objective measurement of cognitive performance and memory-related 

variability across individuals and trials. 

This dissertation approaches cognitive performance assessment from both inter-

individual and intra-individual perspectives. At the inter-individual level, it 

investigates whether electrophysiological features derived from scalp EEG differ 

systematically between individuals with different levels of cognitive performance. At 

the intra-individual level, it examines whether trial-by-trial physiological variability, 

reflected in pupil dynamics and iEEG-derived electrophysiological activity, is 

associated with successful and unsuccessful memory performance during free 

recall. 

To address the main dissertation thesis, several interconnected research objectives 

are pursued. First, this work aims to identify electrophysiological features 

discriminating different cognitive performance levels using spectral EEG features 

across distinct frequency bands and to evaluate their relationship with standardized 

cognitive outcomes. Second, it investigates pupil dynamics as a non-invasive 

physiological measure of memory performance, with particular emphasis on whether 

pupil-derived features contain discriminative information associated with successful 

and unsuccessful memory retrieval. Third, this dissertation compares pupil dynamics 

with iEEG-derived electrophysiological features in relation to trial-by-trial variability 

in memory performance. Finally, it develops and evaluates computational 

frameworks for physiological signal analysis, including structured preprocessing 

pipelines, time-resolved statistical analysis, and machine learning approaches for 

classifying cognitive performance states. 

To evaluate the main dissertation thesis, the following research hypotheses are 

formulated: 

H1. Spectral EEG features differ systematically between groups characterized by 

different levels of cognitive performance. 

H2. Pupil dynamics reflect trial-by-trial variability in memory performance. 

H3. Physiological features derived from EEG, iEEG, and pupil responses contain 

information about cognitive and memory performance that can be extracted using 

statistical and computational approaches. 

H4. Pupil-derived physiological features provide information about memory 

performance with timing and discriminative properties approaching those of 

simplified univariate iEEG power-in-band features. 
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These hypotheses collectively support the evaluation of the main dissertation thesis 

through the empirical studies presented in subsequent chapters. 

1.5 Structure of the Thesis 
This thesis is organized into six chapters that collectively present the theoretical 

background, methodological framework, empirical investigations, and interpretative 

discussion of neurophysiological biomarkers of cognitive performance. 

Chapter 1 introduces the conceptual background and motivation for the thesis. It 

outlines the importance of cognitive function in neurological contexts, discusses the 

need for objective physiological biomarkers in cognitive assessment, and presents 

the research objectives and hypotheses that guide the empirical studies. 

Chapter 2 provides a comprehensive overview of cognitive functions and memory 

systems relevant to the present work. This chapter introduces major cognitive 

domains, including memory, attention, and executive control, and discusses the 

interactions between these processes that support complex cognitive behavior. 

Chapter 3 focuses on neurophysiological measurement techniques used to 

investigate cognitive processes. The chapter describes electrophysiological 

recording methods, including EEG and iEEG, as well as pupillometry. It further 

introduces the transformation of physiological signals into operational biomarkers. 

Chapter 4 presents the methodological and analytical framework used in empirical 

studies. This chapter describes the study of populations, experimental paradigms, 

and procedures for defining cognitive performance groups in two studies. It provides 

further details about the recording procedures, signal preprocessing pipelines, 

feature extraction methods, statistical analysis strategies, and classification 

approaches used to evaluate physiological indicators of cognitive performance. 

Chapter 5 presents the empirical investigations conducted in this thesis. Study I 

examines spectral EEG features associated with differences in cognitive outcomes 

across groups classified as good, normal, and poor performance. Study II 

investigates pupil dynamics and iEEG-derived electrophysiological activity in relation 

to trial-by-trial variability in memory performance. Author-specific contributions to 

each empirical study are provided directly after the corresponding publication. 

Chapter 6 interprets the findings across both empirical studies, discusses their 

scientific and practical implications, identifies methodological limitations, verifies the 

dissertation theses, and outlines directions for future research. 
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Chapter 2 

2. Cognitive Functions and Memory Systems 
Understanding cognitive performance requires a conceptual framework for the 

cognitive functions examined in this thesis. Cognitive functions such as memory, 

attention, and executive functioning form the foundation of goal-directed behavior, 

enabling individuals to learn, adapt, and respond effectively to environmental 

demands. Rather than operating independently, these functions interact through 

coordinated neural systems, supporting the flexible integration of information across 

time and context20,42,43. 

The empirical investigations presented in this thesis focus on cognitive domains 

central to adaptive behavior and memory performance. Study I examines inter-

individual differences across visual memory, spatial memory, working memory, and 

executive functioning, whereas Study II investigates trial-to-trial variability in episodic 

memory performance within a verbal free recall paradigm. Accordingly, this chapter 

provides an overview of the cognitive systems most relevant to these investigations, 

with particular emphasis on memory systems, executive functioning, attentional 

processes, and retrieval mechanisms. 

Establishing this theoretical foundation is essential for interpreting later findings, in 

which neural and pupil-related signals are examined as measurable indicators of 

cognitive performance and memory-related variability. 

2.1 Cognitive Function 
Cognitive functions encompass the mental processes that enable individuals to 

perceive, interpret, store, and use information to guide behavior. These processes 

support learning, decision-making, problem solving, and behavioral regulation 

across changing task demands. 

Among the major domains of cognition, memory, attention, and executive functioning 

are particularly important for cognitive performance. Memory supports the encoding, 

storage, and retrieval of information across time. Attention determines which 

information is prioritized for further processing, thereby influencing perception and 

memory formation. Executive functions coordinate these processes by maintaining 

task goals, regulating behavior, and supporting flexible adaptation to changing 

demands12,44,45. 

Cognitive performance is inherently dynamic and can fluctuate across time, even 

under consistent task conditions. Moment-to-moment changes in attention and task 

engagement may contribute to differences in performance, both across individuals 

and across repeated trials within the same individuals46,47. Such variability is 
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particularly relevant to the present thesis, which investigates both inter-individual 

differences in cognitive performance and trial-to-trial fluctuations in memory 

performance. 

Understanding cognition as a dynamic set of processes provides an important 

foundation for examining how measurable biological signals relate to cognitive and 

behavioral outcomes. The following section focuses specifically on human memory 

systems, which are central to the empirical paradigms examined in this thesis. 

2.2 Human Memory System 
Human memory enables the acquisition, maintenance, and retrieval of information 

across time, forming the basis for learning, adaptation, and decision-making. Rather 

than representing a single unified system, memory consists of multiple interacting 

subsystems that support different forms of information processing and retention3,48. 

The present thesis focuses particularly on working, visual, spatial, and episodic 

memory, which are central to the cognitive paradigms examined in subsequent 

chapters. 

Working memory refers to the temporary maintenance and manipulation of 

information according to task demands. It plays a critical role in reasoning, learning, 

problem solving, and goal-directed behavior by supporting the maintenance of task-

relevant information during ongoing cognitive processing12.  

Neurophysiological studies have demonstrated that working memory depends on 

coordinated activity across frontal and parietal cortical networks, reflecting 

interactions between storage and executive control processes49. 

Visual memory supports the retention and recognition of visual information, enabling 

individuals to identify previously encountered objects, patterns, or scenes. This form 

of memory contributes to perception and recognition by allowing comparison 

between incoming sensory input and stored representations. Spatial memory 

supports the encoding and maintenance of spatial relationships and locations, 

enabling individuals to temporarily retain and manipulate visuospatial information. 

These memory systems are essential for tasks involving visuospatial processing and 

depend on interactions among occipital, parietal, and medial temporal regions50. 

Episodic memory enables recollection of previously experienced events and 

information. Successful episodic memory depends on the ability to encode, maintain, 

and later retrieve previously experienced information. This form of memory is 

particularly relevant to free recall paradigms, in which individuals retrieve previously 

presented information following a short retention interval and distraction period 

without external retrieval cues. Variability in episodic memory performance may 

therefore arise even under consistent task conditions, reflecting differences in 

encoding and retrieval processes as well as fluctuations in internal cognitive state51–

53. 
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The medial temporal lobe, particularly the hippocampus and surrounding cortical 

regions, plays a central role in episodic memory formation and retrieval. 

Experimental and clinical observations have shown that hippocampal dysfunction 

impairs the formation of new memories while leaving some previously stored 

information relatively preserved54–56. Interactions between hippocampal and cortical 

networks are therefore considered fundamental for successful memory performance 

and retrieval processes57,58. 

Memory processing is commonly described as a sequence of stages that include 

encoding, consolidation, storage, and retrieval. Encoding involves transforming 

sensory input into neural representations that can later be accessed. Consolidation 

refers to processes that stabilize newly formed memory traces and support long-

term retention. Retrieval involves accessing stored information and reconstructing 

previously encoded representations in response to internal or external cues52,59. 

Differences in the efficiency of encoding and retrieval may substantially influence 

memory outcomes, contributing to variability in cognitive performance across 

individuals and across trials. 

Understanding the organization of memory systems and the processes supporting 

encoding and retrieval provides an essential foundation for interpreting behavioral 

and physiological variability in cognitive performance. The following section 

examines executive functions and cognitive control, which regulate cognitive 

processes involved in memory and goal-directed behavior. 

2.3 Executive Functions 
Executive functions refer to higher-order cognitive processes that support the 

regulation of behavior according to task goals and environmental demands. These 

processes enable planning, behavioral control, problem solving, and flexible 

adaptation to changing situations. Executive functions allow individuals to maintain 

relevant information, ignore distractions, and adjust strategies when needed44,60,61. 

Executive functioning involves several interconnected processes, including working 

memory, inhibitory control, and cognitive flexibility. Working memory supports the 

temporary maintenance and manipulation of information required for ongoing tasks. 

Inhibitory control helps suppress irrelevant information or inappropriate responses, 

reducing interference during cognitive processing. Cognitive flexibility enables 

individuals to adjust behavior and switch strategies in response to changing 

demands62–64. Together, these processes support efficient goal-directed behavior 

and cognitive performance. 

Executive functions are strongly associated with activity in frontal brain regions, 

particularly the prefrontal cortex, which plays a key role in behavioral regulation and 

decision-making43,65. Neurophysiological studies have shown that frontal brain 

activity increases during tasks involving working memory, executive processing, and 

cognitive effort. In particular, theta oscillatory activity in frontal regions has been 
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linked to working memory and executive functioning66,67. These findings are relevant 

to the present thesis, in which frontal electrophysiological activity is examined in 

relation to cognitive performance. 

Executive functions also contribute to memory performance. During encoding, 

executive processes help organize relevant information and reduce interference 

from distractions. During retrieval, they support strategic search and maintenance of 

task goals, contributing to successful recall performance68,69. Variability in executive 

engagement may therefore influence differences in cognitive performance across 

individuals and across trials. 

Understanding executive functions is important for interpreting cognitive 

performance in tasks involving memory and behavioral regulation. The following 

section focuses on attentional processes, which further influence information 

processing and memory performance. 

2.4 Attention 
Attention refers to the cognitive processes that enable individuals to selectively focus 

on relevant information while filtering out irrelevant stimuli. By prioritizing certain 

information for further processing, attention supports efficient perception, learning, 

and task performance. Rather than functioning as a single mechanism, attention 

involves processes that regulate the selection and maintenance of information 

according to current goals and task demands45,70,71. 

Attention plays an important role in memory performance. Information that receives 

greater attentional resources is more likely to be successfully processed and later 

remembered, whereas reduced attention may weaken memory formation and 

decrease recall success72,73. Attentional processes therefore contribute substantially 

to differences in cognitive performance across tasks involving memory and executive 

functioning. 

Importantly, attentional state can fluctuate across time, even under consistent task 

conditions. Such fluctuations may contribute to variability in behavioral performance 

across individuals and across trials within the same individual74,75. Understanding 

attentional processes is particularly relevant to the present dissertation because 

fluctuations in attentional engagement may contribute to variability in both cognitive 

task performance and trial-by-trial memory outcomes. Such variability provides an 

important context for interpreting physiological signals examined in subsequent 

chapters. The following section focuses on retrieval regulation, which supports 

controlled access to stored information during memory retrieval. 

2.5 Retrieval Regulation 
Memory retrieval refers to the process of accessing previously stored information 

and bringing it into conscious awareness. Successful retrieval depends not only on 

how effectively information was encoded and stored, but also on cognitive processes 
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that support memory search and recall68,76. These processes are particularly 

important in free recall tasks, in which individuals must retrieve previously learned 

information without external cues. 

During free recall, individuals may successfully retrieve some items while failing to 

recall others, even when information is presented under similar conditions. Such 

variability may reflect differences in retrieval efficiency, retrieval strategy, or 

fluctuations in cognitive state25,77. Successful memory performance therefore 

depends not only on effective encoding but also on efficient retrieval processes. 

Retrieval processes are supported by coordinated activity across distributed neural 

systems, particularly interactions between prefrontal and medial temporal regions 

involved in memory organization and access. Prefrontal regions contribute to 

strategic memory search and organization, whereas medial temporal structures, 

including the hippocampus, support access to stored memory representations. 

These interactions are especially relevant in tasks requiring sustained recall over 

time56,78. 

Importantly, retrieval success is not uniform across trials, even under comparable 

task conditions. Variability in retrieval performance may reflect fluctuations in 

attentional engagement, retrieval strategy, neural readiness, or physiological state. 

Understanding these sources of variability is particularly relevant to the present 

dissertation, in which trial-by-trial physiological dynamics are examined in relation to 

successful and unsuccessful memory performance during free recall. 

Understanding retrieval processes is important for interpreting variability in memory 

performance, particularly in free recall paradigms where successful performance 

depends on both encoding and retrieval. The following section focuses on variability 

in cognitive performance, emphasizing factors that contribute to differences in 

performance across individuals and across trials. 

2.6 Variability in Cognitive Performance 
Cognitive performance is not static and may vary both across individuals and within 

the same individual over time. Even under similar task conditions, performance may 

fluctuate due to differences in cognitive state, task engagement, memory efficiency, 

and executive processes. Such variability contributes to differences in behavioral 

outcomes and may influence performance in tasks involving memory and executive 

functioning. 

Inter-individual variability reflects relatively stable differences in cognitive 

performance across individuals and may arise from differences in neural functioning 

or neurological status. In contrast, within-individual variability refers to moment-to-

moment fluctuations in performance observed across repeated trials, even when 

task demands remain constant. Variability across trials may reflect differences in 

encoding efficiency, retrieval success, or changes in cognitive state during task 

performance. 
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Understanding variability in cognitive performance is particularly relevant to the 

present thesis. Study I examines inter-individual differences in cognitive functioning, 

whereas Study II investigates trial-to-trial fluctuations in memory performance during 

free recall. Physiological signals may therefore provide objective indicators of both 

relatively stable cognitive differences and dynamic changes in cognitive state across 

time.  

Although cognitive processes such as memory, attention, and executive functioning 

are well characterized behaviorally, their underlying physiological mechanisms 

remain difficult to assess objectively and dynamically. Variability in cognitive 

performance across individuals and across trials suggests a need for measurable 

physiological indicators capable of capturing these processes in real time. The 

following chapter therefore focuses on neurophysiological measurement techniques 

and physiological biomarkers relevant to cognitive performance assessment. 
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Chapter 3 

3. Physiological Measurement of Cognitive 

Processes 
Neurophysiological measurement techniques provide access to the biological 

activity underlying cognitive performance. While behavioral assessments reflect 

observable outcomes of cognitive processing, physiological recordings enable 

investigation of the neural and physiological mechanisms associated with cognition 

at fine temporal scales79–81. Such measurements provide insight into processes 

involved in memory, attention, and executive functioning and support investigation 

of variability in cognitive performance across individuals and over time. 

Among available neurophysiological techniques, electroencephalography (EEG), 

intracranial electroencephalography (iEEG), and pupillometry have emerged as 

valuable tools for studying cognitive processes. These methods provide 

complementary information about neural and physiological activity, ranging from 

cortical electrophysiological dynamics to pupil-related responses associated with 

cognitive state. Together, they enable objective investigation of cognitive and 

memory performance and form the methodological foundation of the empirical 

studies presented in this thesis. 

This chapter introduces the principal neurophysiological measurement techniques 

relevant to the present thesis. The chapter begins with EEG as a noninvasive 

method for recording cortical activity, followed by iEEG, which enables localized 

measurement of neural activity from specific brain regions. Subsequent sections 

examine pupillometry as a physiological indicator of cognitive state and discuss the 

transformation of physiological recordings into quantitative biomarkers of cognitive 

performance. 

3.1 Electroencephalography (EEG) 
EEG is a noninvasive neurophysiological technique used to record electrical activity 

generated by neural populations in the cerebral cortex. EEG signals arise primarily 

from synchronized postsynaptic activity in cortical pyramidal neurons, producing 

measurable voltage fluctuations detectable at the scalp surface. Because these 

signals reflect ongoing neural activity, EEG provides valuable information about the 

temporal dynamics of cognitive processes82,83. 

One of the principal advantages of EEG is its high temporal resolution. Neural activity 

can be recorded on the order of milliseconds, enabling investigation of rapid 

cognitive processes involved in perception, attention, memory, and decision-

making79,81,84. This temporal precision makes EEG particularly suitable for studying 
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cognitive events that evolve over short time intervals and for identifying neural 

activity associated with behavioral performance. 

EEG recordings are typically obtained using multiple scalp electrodes arranged 

according to standardized systems, such as the international 10–20 electrode 

placement system. This arrangement enables measurement of activity across 

cortical regions and comparison of neural signals across individuals and 

experimental conditions. 

Neural oscillations represent a major feature of EEG activity and are commonly 

categorized into frequency bands, including delta, theta, alpha, beta, and gamma 

oscillations. These oscillatory patterns are associated with different aspects of 

cognitive function. In particular, theta-band activity has been consistently linked to 

memory encoding, retrieval, and executive functioning, especially within frontal 

cortical regions24,27,31. 

EEG has been widely used to investigate cognitive performance in domains 

including attention, working memory, and episodic memory. Changes in oscillatory 

power across trials may reflect variability in neural activity and cognitive state, 

providing insight into differences in behavioral performance85. This capability is 

particularly important for studying variability in cognitive performance across 

individuals and across repeated task conditions. 

Despite its strengths, EEG has several methodological limitations. Due to volume 

conduction effects, scalp-recorded signals provide limited spatial precision 

compared with invasive recording techniques. EEG recordings are also susceptible 

to artifacts arising from eye movements, muscle activity, and environmental noise, 

requiring careful preprocessing procedures to ensure signal quality86,87. 

Nevertheless, EEG remains one of the most widely used approaches for 

investigating cognitive processes because of its high temporal resolution, 

noninvasive nature, and suitability for studying dynamic changes in neural activity. 

These characteristics make EEG particularly valuable for investigating physiological 

correlates of cognitive performance. 

In the present dissertation, EEG is used to examine whether spectral electrophysiological 

features are associated with inter-individual variability in memory and executive 

performance. 

The following section introduces intracranial electroencephalography (iEEG), an 

invasive recording technique that provides highly localized measurements of neural 

activity from specific brain regions. 

3.2 Intracranial Electroencephalography (iEEG) 
iEEG is an invasive neurophysiological technique that enables direct recording of 

electrical activity from cortical and subcortical brain regions8,34,88. Unlike scalp EEG, 

which records signals transmitted through multiple tissue layers, iEEG electrodes 

are placed directly on the cortical surface or inserted into specific brain regions. This 
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configuration enables highly localized measurement of neural activity with improved 

spatial precision and signal fidelity. 

In clinical practice, iEEG is primarily used to localize epileptogenic regions in patients 

undergoing presurgical evaluation. Beyond its clinical role, intracranial recording has 

contributed substantially to understanding the neural mechanisms underlying 

cognitive processes. Because recordings are obtained from anatomically defined 

brain regions, iEEG enables detailed investigation of neural activity associated with 

memory and executive functioning89,90. 

A major advantage of iEEG is its ability to capture localized electrophysiological 

activity across a broad range of frequency bands, including high-frequency 

oscillations associated with local neuronal processing. Increases in gamma activity 

have been linked to neural processes involved in memory encoding and retrieval91–

93. Intracranial recordings have also demonstrated that electrophysiological activity 

within frontal and temporal regions differs according to memory performance during 

encoding and retrieval tasks94,95.  

Despite its strengths, intracranial recording is inherently limited to clinical populations 

and cannot be applied to healthy individuals without medical indication. Electrode 

placement is determined by clinical requirements rather than experimental design, 

resulting in variability in anatomical coverage across participants. Additionally, 

because iEEG involves surgical implantation, its use is restricted to specialized 

clinical settings. Nevertheless, the high spatial and temporal precision of intracranial 

recordings provides insights that cannot be obtained using noninvasive methods 

alone8,88. 

Overall, intracranial electroencephalography provides a powerful approach for 

investigating localized neural mechanisms underlying cognitive function. By enabling 

direct recording of region-specific neural activity, iEEG offers detailed insight into 

electrophysiological processes associated with memory and executive functioning. 

In the present thesis, intracranial electrophysiological measures further provide a 

reference for contextualizing the timing and predictive characteristics of non-invasive 

pupil-derived physiological signals. 

3.3 Pupillometry 
Pupillometry is a physiological measurement technique that quantifies changes in 

pupil diameter over time. It has become an increasingly valuable tool in cognitive 

neuroscience due to its sensitivity to cognitive processes. Variations in pupil size 

have been associated with cognitive effort, attentional engagement, and arousal. 

Because pupil responses can be recorded noninvasively and continuously, 

pupillometry provides a practical method for monitoring physiological changes 

associated with cognitive processing during task performance36,96,97. 

Studies have demonstrated that changes in pupil size are associated with 

differences in attention, task engagement, and cognitive performance9,10,98. The 
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relationship between pupil dynamics and cognition has been examined across a 

wide range of experimental paradigms, demonstrating that pupil responses vary 

according to task demands and behavioral performance. 

During memory encoding and retrieval tasks, variations in pupil size have been 

associated with differences in cognitive effort and memory performance99–102. Such 

findings suggest that pupil responses provide indirect information about internal 

processes related to cognitive performance. In addition, changes in pupil dynamics 

have been observed prior to behavioral responses and before the presentation of 

task-relevant stimuli, suggesting that pupil activity may be associated with 

subsequent task performance101,103.  

Variability in pupil diameter has also been linked to differences in performance 

across trials, indicating that moment-to-moment physiological changes may 

contribute to behavioral variability104,105. Because pupil signals can be recorded 

continuously, pupillometry provides a physiological measure that can be examined 

in relation to fluctuations in cognitive and memory performance over time. 

Despite its strengths, pupillometry also presents several methodological 

considerations. Pupil measurements are sensitive to environmental factors such as 

luminance changes, which can introduce variability unrelated to cognitive processes. 

Additionally, pupil responses may be influenced by fatigue, emotional state, and 

pharmacological effects. Careful experimental design, including control of lighting 

conditions and baseline normalization procedures, is therefore essential to ensure 

reliable interpretation of pupil data102,106,107. 

Overall, pupillometry provides a sensitive and noninvasive method for investigating 

physiological processes associated with cognitive function. By capturing continuous 

changes in pupil diameter, this technique enables investigation of variability in 

cognitive and memory performance across time. These characteristics make 

pupillometry particularly valuable for examining relationships between physiological 

activity and cognitive performance. 

In the present dissertation, pupillometry is investigated as a non-invasive 

physiological measure of trial-by-trial memory variability, with particular emphasis on 

whether pupil dynamics provide temporally informative signals associated with 

successful and unsuccessful recall performance. 

The following section introduces the concept of neurophysiological biomarkers of 

cognitive performance, focusing on how physiological signals can be transformed 

into quantitative indicators of cognitive function. 

3.4 From Signals to Features: Biomarkers of Cognitive 

Performance 
While physiological recordings provide continuous measurements of activity 

associated with cognitive processes, their direct interpretation requires 
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transformation into structured quantitative measures. This process enables 

identification of neurophysiological biomarkers, defined as measurable features 

extracted from physiological recordings that reflect aspects of cognitive functioning 

and behavioralvariability41,108. 

In electrophysiological recordings such as EEG and iEEG, quantitative features are 

commonly derived from oscillatory activity within specific frequency bands. Spectral 

decomposition methods are frequently used to characterize neural activity by 

estimating signal power across frequency ranges, including delta, theta, alpha, beta, 

and gamma oscillations23,80,81. Because different frequency bands have been 

associated with distinct cognitive functions, frequency-specific measures provide 

interpretable indicators of neural activity related to memory, executive functioning, 

and cognitive performance. 

Cognitive processes evolve over time and may involve rapid changes in neural 

activity. Time-resolved approaches therefore enable examination of how 

electrophysiological activity changes during different stages of task 

performance109,110. Such approaches support investigation of variability in cognitive 

processing across repeated task conditions and provide insight into dynamic 

changes associated with behavioral performance. 

In addition to electrophysiological signals, quantitative features can also be extracted 

from pupil recordings. Measures derived from pupillometry commonly include 

changes in pupil diameter over time and trial-related fluctuations associated with 

cognitive performance10,36,101. Because pupil responses can be recorded 

continuously, they provide information about variability in cognitive and memory 

performance across repeated trials. 

Transforming continuous physiological recordings into structured quantitative 

features provides important advantages for cognitive assessment. While behavioral 

outcomes reflect observable performance, physiological signals may provide 

additional information about processes occurring during task performance and 

variability that is not directly observable through behavior alone. Such measures 

therefore contribute to objective investigation of cognitive performance across 

individuals and across time. 

In the present thesis, quantitative features derived from EEG, iEEG, and pupillometry 

are examined in relation to cognitive and memory performance. Together, these 

approaches provide complementary perspectives on physiological activity 

associated with cognitive function and variability in performance. The following 

chapter introduces the computational and statistical approaches used to analyze 

these physiological signals.  
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Chapter 4 

4. Methodological and Analytical Framework 
This thesis employs two complementary methodological approaches to investigate 

physiological biomarkers of cognitive function. The first approach examines scalp 

electroencephalography (EEG) during structured computerized neuropsychological 

assessment to investigate electrophysiological correlates of cognitive performance 

across multiple domains, including memory and executive functioning. The second 

approach combines intracranial electroencephalography (iEEG) and pupillometry 

during a verbal free recall task to investigate trial-to-trial variability in immediate 

memory performance. Together, these approaches address the central aim of the 

thesis across complementary levels of analysis, spanning inter-individual differences 

in cognitive performance and within-individual variability in memory-related 

processes. This chapter outlines the methodological and analytical framework 

underlying these investigations, while detailed experimental procedures are 

presented in the included publications. 

4.1 Study Population 
This thesis integrates data from two clinical cohorts of patients with epilepsy to 

investigate physiological biomarkers of cognitive function across complementary 

levels of analysis. The use of epilepsy populations enabled simultaneous acquisition 

of physiological recordings during cognitive task performance and provided access 

to intracranial neural activity that cannot be obtained in healthy individuals for ethical 

reasons. 

Study I included 86 patients with epilepsy recruited from the Epilepsy Monitoring Unit 

(EMU) at the Mayo Clinic (Rochester, MN, USA). The cohort consisted of 45 males 

and 41 females, with a mean age of 36.0 ± 12.8 years. The mean age at seizure 

onset was 21.4 ± 15.6 years, with an average epilepsy duration of 14.0 ± 12.3 years. 

During routine EEG and video monitoring sessions, participants completed selected 

tasks from the Cambridge Neuropsychological Test Automated Battery (CANTAB), 

enabling simultaneous acquisition of behavioral and scalp EEG data. This cohort 

was used to investigate electrophysiological correlates of inter-individual differences 

in cognitive performance across visual memory, spatial memory, working memory, 

and executive functioning. 

Study II included seven patients with drug-resistant epilepsy undergoing intracranial 

monitoring for clinical seizure localization at the Mayo Clinic. Participants had a 

mean age of 21.4 ± 4.2 years, and four were male. Depth and subdural electrodes 

had been implanted exclusively for clinical purposes prior to participation in the 
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experimental protocol. During monitoring, participants completed a verbal free recall 

task while simultaneous iEEG and pupillometry recordings were obtained. This 

cohort enabled investigation of trial-to-trial variability in immediate memory 

performance using localized electrophysiological activity and pupil dynamics. 

Participants in both studies met clinical eligibility criteria for epilepsy monitoring and 

could complete cognitive tasks during recording sessions. In Study I, participants 

completed structured computerized neuropsychological assessment during scalp 

EEG monitoring, whereas in Study II, research procedures were conducted only after 

clinical stabilization to ensure that participation did not interfere with medical care. 

The use of epilepsy populations provided important methodological advantages for 

the present thesis. Clinical monitoring environments enabled physiological 

recordings during structured cognitive tasks, while intracranial monitoring provided 

access to localized neural activity with high temporal and spatial precision. At the 

same time, important limitations should be acknowledged, including clinical 

heterogeneity, medication effects, variability in electrode placement, and the 

relatively small sample size of the intracranial cohort. These factors should be 

considered when interpreting generalizability of the findings. 

4.2 Experimental Paradigms 
The experimental paradigms used in this thesis were selected to investigate 

complementary aspects of cognitive function. Study I employed standardized 

computerized neuropsychological assessment using the Cambridge 

Neuropsychological Test Automated Battery (CANTAB), enabling investigation of 

electrophysiological correlates of cognitive performance across multiple domains. 

Study II used a verbal free recall paradigm designed to investigate trial-to-trial 

variability in memory performance using simultaneous pupillometry and iEEG 

recordings. These paradigms were selected because they provide structured 

behavioral variability that can be examined in relation to physiological signals. 

4.2.1 Cambridge Neuropsychological Test Automated Battery 

(CANTAB) 

In Study I, cognitive performance was assessed using selected tasks from the 

Cambridge Neuropsychological Test Automated Battery (CANTAB), a computerized 

neuropsychological testing platform widely used in clinical neuroscience research. 

CANTAB provides standardized administration, automated scoring, and precisely 

timed stimulus presentation, making it suitable for integration with 

electrophysiological recordings. 

Three tasks were selected to assess cognitive domains relevant to the objectives of 

the thesis: Delayed Match to Sample (DMS), Spatial Span (SSP), and Spatial 

Working Memory (SWM). 
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Delayed Match to Sample (DMS) assessed visual recognition memory. Participants 

were presented with a complex abstract visual pattern and were subsequently 

required to identify the matching stimulus from four alternatives following delay 

intervals. This task evaluated visual memory performance while minimizing verbal 

encoding strategies. 

Spatial Span (SSP) assessed visuospatial working memory capacity. Participants 

observed a sequence of spatial locations presented in a specific order and were 

required to reproduce the sequence after presentation. Sequence length 

progressively increased, allowing estimation of working memory span. 

Spatial Working Memory (SWM) assessed working memory and executive 

functioning. Participants searched for tokens hidden across multiple locations while 

avoiding previously selected positions. Task performance reflected both memory 

updating and strategic planning processes. 

These tasks were selected because they collectively assessed visual memory, 

spatial memory, working memory, and executive functioning, which represent 

cognitive domains central to the aims of the thesis. Their standardized structure 

provided objective and reproducible measures of cognitive performance that could 

be examined in relation to scalp EEG spectral features across participants. 

4.2.2 Verbal Free Recall Memory Task 

In Study II, memory performance was investigated using a verbal free recall 

paradigm during simultaneous pupillometry and intracranial EEG recording. Unlike 

standardized neuropsychological testing, the free recall task enabled investigation 

of trial-to-trial variability in memory performance under controlled experimental 

conditions. 

Each trial consisted of four sequential phases: countdown, encoding, distractor, and 

recall. During the countdown phase, participants viewed a visual countdown from 10 

to 1, which prepared them for the upcoming encoding period and provided a stable 

pre-task interval before stimulus presentation. 

During the encoding phase, participants viewed a list of 12 nouns presented 

sequentially on a computer screen. Each word was displayed for 1500 ms, followed 

by a 1000 ms interstimulus interval. This phase enabled investigation of 

physiological activity associated with memory encoding. 

Following encoding, participants completed a brief distractor phase involving 

arithmetic problems designed to reduce active rehearsal of the word list and 

separate encoding from retrieval processes. 

The final recall phase consisted of a 30-second free recall period during which 

participants verbally recalled as many previously presented words as possible in any 

order. Vocal responses were recorded and temporally aligned with physiological 

recordings to enable analysis of neural and pupil dynamics associated with memory 

retrieval. 
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Memory performance was quantified as the number of correctly recalled words per 

trial. Based on recall performance, trials were categorized as good or poor memory 

performance, enabling investigation of trial-level variability in physiological activity 

associated with differences in memory performance. 

The free recall paradigm was particularly suitable for the objectives of this thesis 

because it enabled investigation of both encoding- and retrieval-related physiological 

activity while generating substantial variability in performance across repeated trials. 

This structure provided a framework for examining how electrophysiological and 

pupil-related physiological signals relate to trial-to-trial variability in memory 

performance. 

4.3 Definition of Cognitive Performance Groups 
A key methodological step in this thesis involved transforming behavioral outcomes 

into structured performance groups suitable for quantitative physiological analysis. 

Because the objective was to investigate relationships between physiological signals 

and cognitive performance, behavioral measures obtained during task execution 

were operationalized into performance conditions that enabled systematic 

comparison of electrophysiological and pupil-related physiological activity. 

Performance grouping was implemented differently across the two studies to reflect 

differences in experimental design and behavioral structure while maintaining 

conceptual consistency across paradigms. In Study I, behavioral outcomes were 

grouped at the participant level using standardized neuropsychological measures 

across cognitive domains. In Study II, behavioral outcomes were grouped at the trial 

level to capture variability in memory performance across repeated free recall trials. 

4.3.1 Performance Grouping in the CANTAB Paradigm (Study I) 

In Study I, cognitive performance was evaluated at the participant level across visual 

memory, spatial memory, working memory, and executive functioning domains using 

standardized outcomes derived from CANTAB. To enable meaningful comparison 

across individuals, behavioral outcomes were converted into age- and gender-

normalized z-scores according to standardized CANTAB procedures. 

Participants were grouped into three performance conditions based on normalized 

z-score thresholds: 

• Good performance: z-score > +1 

• Normal performance: −1 ≤ z-score ≤ +1 

• Poor performance: z-score < −1 

These thresholds enabled categorization of cognitive performance relative to 

normative distributions while accounting for demographic variability. Because 

cognitive domains were evaluated independently, participants could belong to 

different performance groups across tasks. For example, strong performance in 
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visual memory did not necessarily correspond to strong executive-function 

performance. 

Although three performance groups were defined, analyses primarily emphasized 

comparisons between good and poor performance because these categories 

represented the largest behavioral contrast and therefore provided clearer 

separation for examining physiological variation associated with cognitive 

performance. 

4.3.2 Performance Grouping in the Free Recall Paradigm (Study II) 

In Study II, performance grouping was conducted at the trial level to capture 

variability in memory performance across repeated free recall trials. Unlike the 

participant-level grouping used in Study I, this approach enabled investigation of 

within-individual fluctuations in performance during the memory task. 

Memory performance was quantified as the number of correctly recalled words 

following presentation of each 12-word list. Based on recall outcomes, trials were 

grouped into two performance conditions: 

• Good memory performance: ≥5 recalled words 

• Poor memory performance: ≤4 recalled words 

These thresholds were selected to provide sufficient separation between stronger 

and weaker recall performance while preserving an adequate number of trials in 

each condition across participants. Recall performance was z-scored within 

participants, with values greater than zero representing relatively stronger recall and 

values less than zero representing relatively weaker recall. The selected cutoff 

additionally reflected the observed distribution of recall performance and facilitated 

balanced comparison between relatively successful and less successful memory 

states. 

Trials with zero recall were excluded because they may reflect multiple non-memory-

related factors, including reduced task engagement, attentional lapses, or 

incomplete encoding, making interpretation of physiological differences less specific 

to memory-related processes. 

The use of trial-level grouping enabled physiological signals to be examined in 

relation to fluctuations in memory performance across repeated task conditions. By 

comparing electrophysiological and pupil-related physiological activity between good 

and poor memory performance conditions, it became possible to investigate 

physiological differences associated with variability in memory performance. 

Together, these performance definitions established the behavioral framework for 

subsequent analyses by enabling physiological recordings to be examined in relation 

to differences in behavioral performance across cognitive domains and memory 

tasks. 
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4.4 Recording Procedures 
This thesis employed three physiological recording modalities across the two 

studies: scalp EEG, iEEG, and pupillometry. These modalities were selected to 

capture complementary aspects of physiological activity associated with cognitive 

performance. EEG provided noninvasive measurements of large-scale cortical 

electrophysiological activity, iEEG enabled localized recording from clinically 

implanted brain regions, and pupillometry provided continuous measurement of pupil 

dynamics associated with cognitive processing. 

4.4.1 Electroencephalography (EEG) 

In Study I, scalp EEG recordings were acquired using the Quantum system (Natus, 

Middleton, WI, USA). Signals were recorded using a 31-channel electrode 

configuration arranged according to the international 10–20 system, with Cpz serving 

as the reference electrode. Data were sampled at 256 Hz, and a hardware high-pass 

filter with a cutoff frequency of 0.1 Hz was applied during acquisition. 

EEG data were recorded continuously during cognitive task performance and 

subsequently segmented to include active task periods corresponding to the 

selected CANTAB paradigms. EEG was selected because it enables noninvasive 

recording of electrophysiological activity with high temporal resolution, making it 

suitable for investigating neural activity associated with cognitive performance 

across distributed cortical regions. 

4.4.2 Intracranial Electroencephalography (iEEG) 

In Study II, intracranial EEG recordings were acquired from patients undergoing 

clinical monitoring for drug-resistant epilepsy. Signals were recorded from depth and 

subdural electrodes implanted exclusively for seizure localization purposes. Data 

were sampled at 32 kHz to enable high-resolution recording of localized 

electrophysiological activity. 

Electrode locations were identified through co-registration of pre-implantation 

magnetic resonance imaging (MRI) with post-implantation computed tomography 

(CT) scans using Statistical Parametric Mapping (SPM) software, followed by 

manual verification procedures. 

iEEG was selected because it enables direct recording of electrophysiological 

activity from anatomically localized brain regions with high spatial and temporal 

precision. In the present thesis, iEEG recordings were used to investigate 

physiological activity associated with memory encoding and retrieval during the 

verbal free recall task. 

4.4.3 Pupillometry 

In Study II, pupil diameter measurements were acquired using the i4tracking infrared 

eye-tracking system (Medicton Group Ltd., Prague, Czech Republic). Pupil signals 
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were recorded at a sampling rate of 150 Hz under controlled lighting conditions to 

minimize luminance-related variability. Participants were instructed to maintain 

fixation and minimize head movement during task performance. 

Pupillometry was selected because pupil dynamics provide a continuous 

physiological measure associated with cognitive processing. In the present thesis, 

pupil recordings were analyzed in relation to trial-to-trial variability in memory 

performance during the free recall task. 

Together, these recording procedures provided complementary physiological 

measurements that enabled investigation of cognitive performance across 

participant-level and trial-level analyses. EEG supported assessment of large-scale 

cortical electrophysiological activity during structured cognitive testing, whereas 

iEEG and pupillometry enabled examination of localized neural activity and pupil 

dynamics during memory performance. 

4.5 Physiological Signal Processing Pipelines 
Raw physiological recordings contain information relevant to cognitive processes but 

are also affected by noise and artifacts originating from physiological, environmental, 

and technical sources. Therefore, preprocessing procedures were applied to 

improve signal quality and ensure that subsequent analyses reflected physiologically 

meaningful activity. Because EEG, iEEG, and pupillometry differ in their signal 

properties, modality-specific preprocessing pipelines were implemented in this 

thesis. 

4.5.1 EEG Preprocessing 

EEG preprocessing in Study I was performed using MATLAB (R2022b) in 

combination with the EEGLAB toolbox. The preprocessing pipeline consisted of 

filtering, artifact removal, and segmentation procedures designed to isolate 

electrophysiological activity associated with cognitive task performance. 

First, EEG signals were filtered using a finite impulse response (FIR) band-pass filter 

between 1 and 57 Hz. This filtering range reduced low-frequency drift and high-

frequency noise while minimizing contamination from power-line interference. 

Following filtering, Independent Component Analysis (ICA) was applied to identify 

and remove physiological artifacts, including ocular activity associated with eye 

blinks and eye movements. Artifact-related components were identified using 

automated procedures and verified through visual inspection. 

After artifact removal, EEG recordings were segmented to include task-relevant 

periods corresponding to active cognitive testing intervals. Signals outside task 

periods were excluded from further analysis to ensure that subsequent feature 

extraction reflected cognitive task performance. 
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The resulting cleaned EEG signals were used for spectral analysis to examine 

electrophysiological activity associated with differences in cognitive performance 

across CANTAB domains. 

4.5.2 Intracranial EEG (iEEG) Preprocessing 

Intracranial EEG preprocessing in Study II was performed using Python-based signal 

analysis tools. Because iEEG provides high-resolution recordings of localized neural 

activity, preprocessing focused primarily on noise reduction and spectral 

decomposition, followed by identification of task-responsive electrodes for 

subsequent analyses. 

A notch filter centered at 60 Hz was applied using a second-order infinite impulse 

response (IIR) filter (Q = 30) to reduce power-line interference while preserving 

surrounding frequency content. 

Following noise removal, electrodes were selected based on task-related spectral 

responses using a Gaussian Mixture Model (GMM) approach. Spectral activity 

induced during task performance was quantified for each electrode, and electrodes 

exhibiting minimal task-related activity were excluded from further analysis. This 

procedure enabled identification of electrodes exhibiting task-related neural 

responses while excluding channels with minimal induced activity. Restricting 

analyses to active electrodes reduced the influence of non-informative signals and 

improved sensitivity to physiological activity associated with cognitive task 

performance. 

Spectral decomposition was subsequently performed using a Short-Time Fourier 

Transform (STFT) with a 0.5-second Hanning window and 25% overlap between 

consecutive windows. Power spectral density estimates were computed across time 

and transformed using a log10 transformation to reduce skewness and stabilize 

variance across frequency bands. Spectral power values were then normalized 

using z-score transformation to facilitate comparison across electrodes, frequency 

bands, and participants. 

Finally, iEEG power time series were interpolated to 150 Hz to match the temporal 

resolution of pupil recordings, enabling temporal alignment between 

electrophysiological and pupillometric signals during subsequent analyses. 

4.5.3 Pupillometry Preprocessing 

Pupil data in Study II were preprocessed in MATLAB R2023b to characterize pupil 

dynamics while minimizing artifacts associated with blinks, temporary signal loss, 

and tracking instability. 

Raw pupil measurements were extracted using an ellipse-fitting algorithm applied to 

infrared eye-tracking recordings. Horizontal and vertical pupil diameters were used 

to estimate pupil area, which served as the primary pupil measure. To improve 
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comparability across participants, measurements were converted from pixels to 

millimeters using individual interpupillary distance (IPD) calibration. 

Short periods of missing data caused by blinks or temporary signal loss were 

corrected using linear interpolation. Interpolation was applied only to gaps shorter 

than 90 ms (approximately 14 samples at 150 Hz), whereas longer gaps were 

excluded from analysis to avoid distortion of temporal dynamics. 

Following interpolation, pupil area values were z-score normalized within 

participants to reduce inter-individual baseline variability and emphasize task-related 

changes in pupil dynamics. 

Together, these preprocessing procedures ensured that electrophysiological and 

pupil-related physiological signals were suitable for subsequent statistical analyses 

examining relationships between physiological activity and cognitive performance. 

4.6 Feature Extraction 
Feature extraction involved transforming preprocessed physiological recordings into 

quantitative variables. While preprocessing improved signal quality and reduced 

noise, feature extraction defined how electrophysiological and pupil-related 

physiological activity was represented for examining relationships with cognitive 

performance. 

In this thesis, features were extracted from neural recordings (EEG and iEEG) and 

pupil recordings. These features were selected based on their relevance to cognitive 

and memory performance. 

Two principal feature categories were defined: 

• Spectral neural features derived from EEG and intracranial EEG signals 

• Time-resolved pupil features derived from pupillometry recordings 

4.6.1 Neural Spectral Features (EEG and iEEG) 

Neural features were derived from frequency-specific electrophysiological activity 

recorded using scalp EEG and iEEG. Because oscillatory activity within distinct 

frequency bands has been associated with cognitive and memory processes, 

spectral power measures served as the principal neural features examined in this 

thesis. 

In Study I, neural features were represented by spectral power estimates extracted 

from scalp EEG recordings across seven frequency bands: 

• Delta: 1–4 Hz 

• Theta: 4–8 Hz 

• Alpha: 8–12 Hz 

• Low Beta: 12–20 Hz 

• High Beta: 20–30 Hz 

• Low Gamma: 30–40 Hz 
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• High Gamma: 40–55 Hz 

Spectral power values were examined across scalp electrodes in relation to cognitive 

performance in visual memory, spatial memory, working memory, and executive-

function domains assessed using CANTAB. 

In Study II, neural features were represented by intracranial power-in-band (PIB) 

estimates extracted across six frequency bands: 

• Delta: 2–4 Hz 

• Theta: 4–8 Hz 

• Alpha: 8–12 Hz 

• Beta: 12–30 Hz 

• Low Gamma: 30–60 Hz 

• High Gamma: 60–150 Hz 

For intracranial recordings, PIB features were analyzed as time-resolved trajectories 

aligned to task events during memory encoding and retrieval. During encoding, 

electrophysiological activity was aligned to word presentation, whereas retrieval-

related activity was aligned to vocalization onset during recall. To facilitate regional 

analyses, electrodes were grouped according to anatomical regions, including 

frontal, temporal, parietal, occipital, and limbic areas. 

Neural spectral features were subsequently examined in relation to differences in 

cognitive and memory performance across studies. 

4.6.2 Pupillometry Features 

Pupil-related physiological features were derived from continuous pupil area 

recordings obtained during the verbal free recall task in Study II. In contrast to 

electrophysiological features represented by frequency-specific spectral power, 

pupillometric features were analyzed as time-resolved trajectories associated with 

memory task events. 

For encoding analyses, pupil signals were aligned to word presentation during the 

encoding phase, enabling examination of physiological changes associated with 

memory formation. For retrieval analyses, pupil signals were aligned to vocalization 

onset during the recall phase, allowing investigation of pupil dynamics associated 

with memory retrieval. 

Pupil trajectories were examined in relation to memory performance across trials 

categorized as good or poor memory performance. This event-based framework 

enabled assessment of temporal changes in pupil activity occurring before and 

during memory-related task events, allowing investigation of how pupil dynamics 

varied across encoding and retrieval periods. 
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4.7 Statistical Analysis Strategy 
Statistical analyses were conducted to evaluate relationships between physiological 

activity and cognitive performance across studies and to identify temporal intervals 

during which neural and pupil-related physiological signals differed according to 

variations in memory performance. Because cognitive processes unfold dynamically 

over time, statistical methods were designed to preserve temporal resolution and 

enable characterization of transient physiological effects associated with task 

performance. 

All statistical analyses were implemented using MATLAB (R2022b–R2023b) and 

Python-based analysis tools, depending on signal modality. Statistical procedures 

were applied to both neural spectral features and pupillometric measures, ensuring 

consistent evaluation across physiological modalities. The statistical framework of 

this thesis addressed three primary objectives: 

1. Evaluate physiological differences between performance conditions 

2. Identify temporal patterns of physiological activity associated with cognitive 

and memory performance 

3. Assess robustness and statistical reliability of observed effects 

4.7.1 Analysis of Group-Level Differences 

In Study I, statistical analyses were performed to evaluate relationships between 

EEG spectral features and cognitive performance across cognitive domains 

assessed using CANTAB, including visual memory, spatial memory, working 

memory, and executive function. Comparisons were conducted across participant 

groups representing good, normal, and poor cognitive performance as defined by 

standardized behavioral outcomes. 

To evaluate electrophysiological differences associated with cognitive performance, 

two-way analysis of variance (ANOVA) models were applied to EEG spectral power 

features across electrodes and frequency bands. The analysis incorporated 

behavioral performance group and electrode location as experimental factors, 

enabling assessment of performance-related electrophysiological variation across 

spatial recording sites. 

When significant effects were identified, post hoc comparisons were conducted 

using Tukey–Kramer correction procedures to evaluate differences between specific 

performance groups while accounting for multiple comparisons. These analyses 

enabled identification of frequency bands and electrode locations exhibiting 

significant associations with performance in visual memory, spatial memory, working 

memory, and executive-function domains. 

In addition to group comparisons, correlation analyses were performed to evaluate 

relationships between EEG spectral features and continuous cognitive performance 

measures. Correlation-based analyses enabled assessment of how variations in 
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electrophysiological activity related to behavioral performance across cognitive 

domains, providing complementary information beyond categorical group 

comparisons. 

Together, these analyses were designed to identify large-scale electrophysiological 

patterns associated with variation in cognitive performance across individuals, 

providing an initial characterization of neural features related to cognitive functioning. 

4.7.2 Time-Resolved Statistical Analysis  

In Study II, time-resolved statistical analyses were performed to examine 

physiological variability associated with memory performance during encoding and 

retrieval. Because electrophysiological and pupil signals evolved dynamically over 

time, analyses were designed to preserve temporal information while accounting for 

inter-subject variability. 

Physiological trajectories were examined at the temporal resolution of signal 

acquisition using approximately 7 ms time bins corresponding to the 150 Hz 

sampling rate of pupil recordings and temporally aligned intracranial EEG signals. At 

each time point, normalized physiological activity was compared between good and 

poor memory performance conditions to characterize temporal patterns associated 

with differences in memory performance. 

To evaluate temporally sustained physiological effects while controlling for multiple 

comparisons across time, participant-level cluster-based permutation analysis was 

performed on subject-wise physiological trajectories. Cluster formation was based 

on temporally contiguous intervals exceeding the cluster-forming threshold of p < 

0.05, and statistical significance was evaluated through permutation testing. 

Because cluster-based inference was conservative in the context of limited sample 

size and temporally correlated physiological signals, temporally sustained intervals 

identified through cluster analysis were subsequently used to define windows of 

interest for participant-level statistical inference. Within these intervals, subject-wise 

average good–poor differences were computed and evaluated using one-sample t-

tests, Wilcoxon signed-rank tests, and exact sign-flip permutation testing. 

This analytical framework enabled identification of temporal intervals during which 

physiological activity differed between memory performance conditions while 

preserving temporal resolution and accounting for inter-subject variability. 

4.7.3 Robustness Analysis  

In Study II, to evaluate the robustness of observed pupil-related physiological effects 

and determine whether results were disproportionately influenced by individual 

participants, leave-one-subject-out sensitivity analyses were performed in Study II. 

This procedure was particularly important given the limited sample size and inter-

individual variability characteristic of intracranial monitoring studies. 
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For each identified pupil-related temporal effect, analyses were repeated iteratively 

after excluding one participant at a time. Subject-wise physiological differences 

between good and poor memory performance conditions were recomputed for each 

iteration, enabling assessment of whether the observed effects remained consistent 

across participant subsets. 

In addition to statistical significance across iterations, the direction of pupil-related 

effects was examined to determine whether physiological differences between good 

and poor memory performance remained stable after removal of individual 

participants. This approach reduced the likelihood that observed pupil effects were 

driven disproportionately by a single participant or a small subset of participants. 

Consistency of pupil-related physiological effects across leave-one-subject-out 

iterations was interpreted as evidence of increased robustness and reliability of 

observed memory-related physiological patterns. 

4.7.4 Statistical Significance and Interpretation 

Statistical significance was evaluated using a threshold of p < 0.05. In Study I, 

significance testing focused on identifying differences in EEG spectral features 

across cognitive performance groups using analysis of variance, post hoc 

comparisons, and correlation analyses. In Study II, significance testing emphasized 

temporally sustained physiological effects associated with differences in memory 

performance during encoding and retrieval. 

Because time-resolved analyses in Study II involved repeated comparisons across 

time, subject-level cluster-based permutation analysis was used to control for 

multiple comparisons and identify temporally contiguous physiological effects. To 

further strengthen inference in the context of the limited sample size, complementary 

statistical procedures, including one-sample t-tests, Wilcoxon signed-rank tests, and 

exact sign-flip permutation testing, were applied within temporal windows identified 

through cluster-based analysis. 

In addition to statistical significance, interpretation of physiological effects 

considered the magnitude and temporal consistency of observed differences. t-

statistics were examined to compare the relative strength of physiological effects 

across neural and pupil-related features, while temporally sustained effects were 

interpreted more strongly than isolated transient differences. 

Together, these statistical procedures provided the analytical framework for 

examining relationships between physiological activity and cognitive performance 

across studies. Group-level statistical analyses were applied in Study I to examine 

associations between EEG features and cognitive performance across CANTAB 

cognitive domains, whereas Study II incorporated time-resolved statistical inference 

and robustness analyses to evaluate physiological variability associated with 

memory performance. 
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4.8 Classification Strategy  
In addition to statistical analyses, classification approaches were implemented in 

Study II to evaluate whether physiological features contained predictive information 

associated with memory performance. Whereas statistical analyses examined 

physiological differences between performance conditions, classification analyses 

evaluated whether electrophysiological and pupil-related physiological features 

could distinguish variations in memory performance at the trial level. 

4.8.1 Time-Resolved Feature Windows 
To preserve temporal information during classification analyses, physiological signals were 

segmented into overlapping temporal windows. This approach enabled evaluation of how 

the discriminative information contained within electrophysiological and pupil-related 

physiological signals evolved across encoding and retrieval periods. 

Feature extraction for classification was performed using a sliding-window approach with a 

67 ms window size and 33 ms step size, resulting in approximately 50% overlap between 

consecutive windows. These parameters were selected to balance temporal resolution and 

signal stability while preserving short-term physiological dynamics. Shorter windows may be 

overly sensitive to noise, whereas larger windows may obscure transient physiological 

changes associated with memory processes. 

For each temporal window, physiological features were computed independently and 

evaluated separately for encoding and retrieval phases. During encoding, features were 

aligned to word presentation, whereas retrieval-related features were aligned to vocalization 

onset. This event-based structure enabled examination of temporal intervals during which 

physiological activity exhibited the strongest separability between memory performance 

conditions. 

The use of overlapping temporal windows allowed characterization of how physiological 

information evolved across time, enabling identification of periods during which neural and 

pupil-related signals showed the greatest differentiation between good and poor memory 

performance. 

4.8.2 Classification Model 
Classification analyses in Study II were performed using a support vector machine (SVM) 

classifier to evaluate whether physiological features could distinguish differences in memory 

performance at the trial level. SVMs are widely used in physiological signal analysis because 

they are effective in high-dimensional settings, robust to noisy data, and capable of 

identifying discriminative patterns within complex physiological measurements. 

A radial basis function (RBF) kernel was selected to allow modeling of nonlinear 

relationships between physiological features and memory performance conditions. Separate 

classification analyses were performed independently for each physiological feature, 

including pupil-related and intracranial electrophysiological features, enabling direct 

comparison of their relative ability to distinguish good and poor memory performance. 

Classification models were applied separately across temporal windows during encoding 

and retrieval phases. For each time window, feature values were used to classify trials into 
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good or poor memory performance conditions, allowing evaluation of how physiological 

separability evolved across time. 

Hyperparameter optimization was performed within the training data during cross-validation 

to minimize overfitting and improve generalizability of classification performance estimates. 

This approach ensured that model evaluation reflected the discriminative information 

contained in physiological signals rather than optimization bias. 

4.8.3 Cross-Validation Strategy 
To evaluate classification performance while reducing overfitting, a leave-pairs-out cross-

validation (LPO-CV) strategy was implemented in Study II. Cross-validation is essential in 

physiological signal classification because it enables assessment of model performance on 

unseen data, thereby improving the reliability of performance estimates. 

In each cross-validation iteration, one pair of trials consisting of one good and one poor 

memory performance trial was excluded from model training and reserved for testing. The 

remaining trials were used to train the classification model. This procedure was repeated 

iteratively across all possible good–poor trial pairs, ensuring that classification performance 

was evaluated comprehensively across the dataset. 

The leave-pairs-out strategy was selected because it preserves class balance during testing 

while maximizing use of the available data. This consideration was particularly important 

given the limited sample size and unequal numbers of good and poor memory trials across 

participants. By repeatedly evaluating performance on unseen trial pairs, the procedure 

reduced the likelihood that classification results reflected overfitting to specific observations. 

To prevent information leakage, hyperparameter optimization was performed exclusively 

within training data during each cross-validation iteration. Test data remained completely 

independent until final evaluation, ensuring unbiased estimation of classification 

performance. 

4.8.4 Performance Metrics 
Classification performance was evaluated using multiple complementary metrics to assess 

how effectively physiological features distinguished differences in memory performance. 

Because the number of good and poor memory trials was not always balanced across 

participants, performance measures were selected to reduce sensitivity to class imbalance. 

The primary evaluation metric was the macro-F1 score, which was selected because it 

evaluates classification performance equally across classes by averaging F1 scores 

computed independently for good and poor memory performance conditions. This metric 

provides a balanced assessment of classification quality and is particularly appropriate when 

class distributions are unequal. 

In addition to macro-F1, weighted-F1 score and balanced accuracy were computed to 

provide complementary perspectives on classification performance. Weighted-F1 accounts 

for differences in class frequencies by weighting class-specific F1 scores according to the 

number of observations in each class. Balanced accuracy reflects the average sensitivity 

across performance conditions and provides an additional measure robust to class 

imbalance. 
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Classification performance was evaluated independently across temporal windows during 

encoding and retrieval phases. Peak performance values were subsequently identified to 

determine temporal intervals during which physiological features exhibited the strongest 

separability between memory performance conditions. 

To facilitate interpretation, classification performance was additionally compared with 

baseline expectations, enabling evaluation of whether physiological signals distinguished 

memory performance beyond chance levels. 

4.8.5 Permutation-Based Validation 
To evaluate whether observed classification performance exceeded chance levels while 

accounting for repeated temporal testing, permutation-based validation procedures were 

implemented in Study II. This approach was particularly important because classification 

analyses involved repeated evaluation across overlapping temporal windows, increasing the 

possibility of inflated performance estimates due to multiple comparisons and peak 

selection. 

Permutation testing was performed by randomly shuffling memory performance labels within 

participants while preserving the original trial structure. Following label permutation, the 

complete classification pipeline was repeated, including temporal windowing, model training, 

hyperparameter optimization, leave-pairs-out cross-validation, and performance evaluation. 

This procedure was repeated across multiple permutations to generate null distributions of 

classification performance under the assumption that no systematic relationship existed 

between physiological activity and memory performance. Peak classification performance 

observed in the original data was subsequently compared with the permutation-derived null 

distributions. 

To account for repeated testing across temporal windows, statistical inference was based 

on the distribution of maximum classification performance values obtained across 

permutations. This max-statistic approach controlled for inflation of performance estimates 

arising from repeated temporal scanning and enabled more conservative evaluation of 

classification significance. 

Permutation-based validation therefore provided an additional safeguard against overfitting 

and improved confidence that observed classification performance reflected meaningful 

physiological differences associated with memory performance rather than random 

variation. 

4.9 Computational and Methodological Contribution of the 

Analytical Framework 

The methodological contribution of this thesis lies in the integration of 

complementary computational approaches for transforming physiological signals 

recorded using EEG, iEEG, and pupillometry into quantitative biomarkers of 

cognition across multiple levels of variability. Although Study I and Study II employed 

different experimental paradigms and analytical procedures, both were designed to 

address the central dissertation thesis: that physiological signals can be processed 

through digital signal processing, statistical analysis, and machine learning 
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approaches to support objective characterization of cognitive performance and 

memory-related variability across individuals and trials. 

Study I focused on inter-individual variability by transforming scalp EEG recordings 

into frequency-specific spectral features and examining whether these features 

differentiated individuals with varying levels of memory and executive functioning. 

Through digital signal processing and statistical modeling, EEG-derived biomarkers 

were evaluated for their ability to characterize cognitive differences between 

participants. In contrast, Study II focused on intra-individual variability by analyzing 

trial-by-trial changes in pupil dynamics and intracranial electrophysiological activity 

during a verbal free recall task to identify physiological signatures associated with 

memory-related variability across trials. 

Because the characteristics of the physiological recordings and behavioral 

paradigms differed across studies, modality-specific analytical procedures were 

implemented. Nevertheless, both investigations applied structured computational 

pipelines involving physiological signal preprocessing, feature extraction, time-

resolved statistical inference, robustness evaluation, and machine learning 

approaches for physiological classification associated with behavioral outcomes. In 

Study II, additional methodological emphasis was placed on participant-level 

inference, leave-one-subject-out sensitivity analysis, and permutation-based 

validation to improve robustness in the context of limited sample size. 

The novelty of the analytical framework lies in the integration of complementary 

physiological signal analysis across both inter-individual and intra-individual levels 

of cognitive variability. Rather than relying on a single physiological modality or level 

of analysis, this thesis combines electrophysiological and pupil-related signal 

processing with digital signal processing, statistical inference, and machine-learning-

based validation to investigate cognitive performance and memory-related 

variability. Across two complementary experimental paradigms, the dissertation 

establishes a unified and reproducible computational framework for transforming 

physiological recordings into quantitative indicators of cognitive and memory-related 

variability, while enabling comparison between non-invasive and invasive 

physiological measurements. 
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Chapter 5 

5. Empirical Studies: Cognitive Performance 

Biomarkers 
The methodological framework described in the preceding chapter established the 

analytical procedures used to transform physiological signals into quantitative 

indicators of cognitive performance. Building upon this foundation, the present 

chapter presents two empirical studies that investigate relationships between 

physiological activity and cognitive function using complementary recording 

modalities and analytical approaches. 

The first study examined whether spectral EEG features recorded during 

standardized neuropsychological assessment were associated with inter-individual 

variability in memory and executive performance. The second study extended this 

investigation to trial-level variability in memory performance by combining 

intracranial electrophysiological recordings and pupillometry during a verbal free 

recall task. Together, these studies address the central aim of the dissertation by 

evaluating whether physiological signals contain measurable information associated 

with variability in cognitive and memory performance across individuals and trials. 

The following sections introduce each empirical study and its contribution to the 

overall dissertation framework before presenting the associated published work. 

5.1 Study I — Anterior prefrontal EEG theta activities 

indicate memory and executive functions in patients with 

epilepsy 
This study investigated whether non-invasive electrophysiological activity recorded 

using scalp electroencephalography (EEG) was associated with variability in 

cognitive performance across individuals. As the first empirical investigation of this 

dissertation, the study addressed whether physiological signals contain measurable 

information related to differences in memory and executive functioning. 

Using simultaneous EEG recordings during standardized neuropsychological 

assessment, the study examined relationships between neural oscillatory activity 

and performance across cognitive domains related to visual memory, spatial 

memory, working memory, and executive functioning. By evaluating 

electrophysiological variability across participants, the study provided an initial 

framework for identifying physiological features associated with cognitive 

performance. 
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Beyond its empirical findings, Study I established an important conceptual and 

methodological basis for the second study. While the present investigation focused 

on inter-individual variability in cognitive performance, it motivated subsequent 

examination of intra-individual, trial-by-trial physiological variability using multimodal 

recordings in Study II.  

The study additionally attracted scientific commentary emphasizing its potential 

translational relevance for objective cognitive assessment in epilepsy. In particular, 

reduced anterior prefrontal theta activity associated with poorer cognitive 

performance was highlighted as a promising electrophysiological marker of memory 

and executive dysfunction, with potential implications for diagnosis, monitoring, and 

future cognitive-targeted interventions111. 

The following publication presents the complete methodology, analyses, and 

findings of Study I. 

5.1.1 Publication I 
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5.1.2 Supplementary Material for Publication I 

 

Figure S1. Patients with good memory and executive performance exhibit significantly higher 

power in anterior low-frequency bands and posterior high-frequency bands. The average power 

across seven frequency bands is displayed for good and poor performers, along with the difference 

in power and the p-values from the ANOVA test, for (A) spatial memory, (B) working memory, and 

(C) executive functions. 
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Figure S2. Patients with good and poor performance in memory and executive function 

measures exhibit similar trends in the EEG activities during a control MOT task.  The average 

power across seven frequency bands is shown for good and poor performers, along with the power 

differences and ANOVA test p-values, for (A) visual memory, (B) spatial memory, (C) working 

memory, and (D) executive functions but during performance of a control MOT task. Notice similar 

effects in the anterior theta and posterior gamma activities between the four patient groupings induced 

even in this different sensorimotor attention task. 
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Figure S3. Anterior prefrontal EEG theta activities show the greatest spectral power and most 

significant differences between good and poor performers in memory and executive function 

tasks. Normalized average power across all frequency bands is compared between good (blue) and 

poor (red) performers in spatial memory, working memory, and executive tasks, with electrodes 

grouped from frontal to occipital cortical areas (color-coded as in Fig 3A) and bars indicating 95% 

confidence intervals. All plots are presented as in Fig 3B.  
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Figure S4. Anterior prefrontal EEG theta activities show the greatest spectral power and 

differences in poor and good memory and executive function performance. Spectral power 

differences (∆P) between good and poor patient performers are shown for the three task measures—

spatial memory, working memory, and executive functions—along with visual memory (presented in 

Fig 3C). Electrode groups are arranged from frontal to occipital cortical areas (color-coded as in Fig. 

3A), with all plots presented as in Fig 3C. 
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Figure S5. The anterior prefrontal cortex displays the highest and most consistent theta power 

peaks, significantly exceeding the gradual power increase observed in the surrounding 

regions. 3D surface plots identify global peaks (warmer colors indicate greater magnitudes) of the 

average spectral power (left and middle column) and the power difference (right column) in the 

anterior prefrontal theta (upper row) and not in the occipital gamma (lower row) band for the four 

behavioral measures: (A) visual memory, (B) spatial memory, (C) working memory, and (D) executive 

functions. Notice the characteristic ‘red hot’ peaks at the anterior EEG electrodes rising above the 

‘deep blue’ valley around the center of the 3D plane. 
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Figure S6. Increased anterior prefrontal theta power correlates with improved performance in 

memory and executive functions. (A) Representation of subjects’ theta power from the frontal 

electrodes (‘Fpz’, ‘Fp1’, and ‘Fp2’; ‘Nz’ shown in Fig 5B) is compared with z-scores of performance 

in:  visual memory (hexagons), spatial memory (circles), working memory (crosses), and executive 

(triangles) functions. Groups marked with a star indicate a significant difference between them 

(Tukey-Kramer post-hoc test, 𝑝 < 0.001). (B) The average theta power across the four task measures 

for the frontal electrodes (‘Fpz’, ‘Fp1’, and ‘Fp2’; ‘Nz’ in Fig 5C) is evaluated as the test statistic (F 

value), with post-hoc group comparisons shown as bars indicating 95% confidence intervals. 
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Figure S7. Increased anterior prefrontal theta power correlates with improved performance in 

memory and executive functions across the four frontal electrodes. The average theta power 

across the four task measures for each prefrontal electrode is evaluated as the test statistic (F value), 

with post-hoc group comparisons shown as bars indicating 95% confidence intervals for (A) ‘Fp1’, (B) 

‘Fpz’ and (C) ‘Fp2' electrodes. Notice that the ascending trend was not observed in case of the Fp1 

and Fpz electrode leads for the spatial memory measure, which may be explained by lateralization of 

this particular function to the right hemisphere as confirmed in case of the corresponding ‘Fp2’ 

electrode lead results. 
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Table S1. Summary of the patients’ task measure scores of their cognitive performance. The 

scores were normalized by the age and gender according to the CANTAB database of control 

population. 

Patient 

NO. 

Gender 

(F/M) 

Age 

range 

visual memory 

(z-scores) 

spatial memory 

(z-scores) 

working memory 

(z-scores) 

executive 

(z-scores) 

745 M 50-59 -1·81 -0·47 -1·43 -0·14 

709 F 40-49 -1·97 -0·09 -0·91 -0·75 

701 F 40-49 -3·41 -0·8 0·13 0·4 

625 M 70-79 0·19 0·09 1·48 -0·27 

657 M 50-59 -0·68 0·51 -0·33 0·96 

627 F 24-39 -2·25 -0·81 -2·13 -0·59 

727 F 16-23 -0·17 -0·46 -0·8 -0·03 

794 F 24-39 -0·78 1·59 0·95 1·58 

672 F 16-23 -1·09 -0·46 1·04 1·52 

705 M 24-39 -1·01 -0·62 -1·29 -0·91 

674 M 60-69 -0·85 -0·14 -0·05 0·59 

470 M 24-39 -1·01 -2·05 -0·95 -0·91 

659 F 16-23 -0·63 -1·21 -2·64 -1·41 

673 M 40-49 -1·25 -0·8 -2·24 -1·13 

758 F 40-49 0·20 -0·8 -2·51 -0·56 

245 M 24-39 -3·82 -2·05 -0·72 0·89 

749 F 40-49 -1·25 -0·8 -2·02 -1·13 

622 F 24-39 0·32 -0·81 -0·71 -0·26 

636 M 24-39 1·00 -1·34 -1·69 -1·89 

744 M 24-39 -1·81 -2·05 -1·46 -1·07 

624 M 24-39 0·60 0·09 -0·5 0·08 

742 F 24-39 1·06 0·79 -1·2 1·25 

610 F 16-23 1·66 0·29 0·63 1·69 

780 F 24-39 -4·83 -0·01 -0·59 0·41 

665 F 24-39 0·69 1·59 0·89 0·91 

621 M 40-49 -1·25 -0·80 -0·14 -1·32 

769 F 24-39 0·32 -1·61 -1·76 1·75 
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644 F 24-39 0·32 0·79 0·34 2·09 

739 M 50-59 -2·93 -0·47 -0·83 0·30 

740 F 40-49 -0·16 -0·09 -1·02 -1·13 

648 F 16-23 1·20 -1·21 -2·89 -1·06 

770 F 24-39 -0·41 -1·61 -0·28 -0·59 

645 M 40-49 -0·16 0·63 0·52 0·59 

774 F 16-23 -1·54 -1·21 -1·8 -0·55 

731 M 50-59 1·19 1·49 0·82 0·52 

722 M 24-39 0·20 -1·34 0·24 1·38 

667 F 24-39 -1·15 -0·01 -0·22 -0·93 

737 M 24-39 -0·61 0·81 0·69 1·38 

626 F 24-39 -5·19 -1·61 -2·25 -0·93 

772 F 40-49 -0·52 0·63 0·36 -0·56 

630 M 40-49 0·56 0·63 -0·53 0·02 

646 M 24-39 -0·61 -1·34 -0·67 0·89 

663 M 40-49 -1·25 -1·51 -1·3 -0·56 

655 M 16-23 1·66 0·52 -1·34 0·33 

656 M 24-39 -3·42 -1·34 -2·54 -1·23 

759 F 60-69 0·44 -0·13 -0·35 0·11 

666 F 40-49 -0·16 0·63 0·19 0·02 

669 F 60-69 1·13 0·95 2·19 3·35 

675 M 16-23 0·75 -0·30 1·07 2·07 

664 M 40-49 0·56 1·34 1·35 2·50 

704 F 24-39 1·43 -0·01 1·08 0·41 

708 F 24-39 -1·15 -2·41 -0·89 0·08 

746 F 40-49 -0·52 -0·09 0·25 -0·56 

724 M 24-39 0·60 -0·62 0·58 0·24 

728 F 24-39 0·32 -0·01 0·89 1·92 

700 F 24-39 0·69 -0·81 -2·19 -1·10 

720 F 40-49 -0·89 -0·80 -0·14 0·78 

717 F 40-49 0·20 -0·09 1·18 1·73 
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716 M 24-39 1·40 0·09 0·92 1·71 

757 F 24-39 -0·04 0·79 -0·03 1·75 

715 M 40-49 -0·52 -0·80 -1·36 1·35 

748 M 24-39 -2·21 -1·34 0·64 0·08 

738 F 16-23 0·75 1·05 1·04 1·69 

734 F 16-23 -0·17 -0·46 -3·39 -0·20 

741 F 40-49 -0·16 0·63 -0·91 -0·56 

736 M 16-23 0·29 -1·11 0·23 -0·76 

751 M 24-39 -0·61 -1·34 -0·44 0·40 

747 M 24-39 -0·61 0·81 -0·89 0·08 

752 M 40-49 -1·61 -0·80 -0·31 2·12 

755 M 16-23 1·20 -1·93 -3·38 -2·51 

768 M 60-69 0·62 -1·04 -2·04 -1·01 

743 M 16-23 -2·92 -3·57 -7·83 -1·42 

753 F 24-39 -1·52 -0·01 -1·45 -0·76 

803 M 60-69 -2·69 0·77 -0·05 0·01 

767 M 24-39 -0·61 -1·34 -1·35 -0·42 

761 F 24-39 0·32 0·79 0·34 1·75 

773 M 24-39 -1·41 -1·34 -0·78 -1·23 

754 M 16-23 0·75 -1·93 -0·97 2·07 

771 F 40-49 0·92 1·34 -0·69 -0·75 

776 M 24-39 -0·61 -0·62 0·13 -0·42 

795 F 40-49 0·20 1·34 0·96 1·54 

778 M 24-39 -0·21 1·52 0·07 0·57 

798 M 24-39 -2·21 -1·34 -1·57 -1·56 

658 M 24-39 -0·61 -1·34 -1·86 -0·25 

623 M 24-39 -0·21 0·09 0·75 0·89 

729 F 24-39 -0·04 1·59 0·95 1·08 
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5.1.3 Author’s Contribution to Study I 

The author was primarily responsible for the computational and analytical aspects of 

this study and independently conducted the electrophysiological data analyses. This 

included working directly with the EEG datasets and developing the analytical 

pipeline used for signal processing, feature extraction, and statistical evaluation of 

relationships between electrophysiological activity and cognitive performance. 

The author designed and performed the statistical analyses used to examine 

performance-related differences in EEG activity across cognitive domains assessed 

using CANTAB, including group-level comparisons and correlation-based analyses. 

The author further contributed to interpretation of the findings within the context of 

cognitive neuroscience and electrophysiological mechanisms of cognitive function. 

The author prepared the manuscript and contributed to revisions in response to 

reviewer feedback. 

5.2 Study II — Pupil size as an early and accessible 

biomarker of memory performance: A comparative 

intracranial EEG study 
Building Building upon the findings of Study I, the second empirical study 

investigated whether physiological signals could distinguish variations in memory 

performance at the level of individual task trials. Whereas the first study focused on 

electrophysiological correlates of inter-individual differences in cognitive 

performance, Study II extended the investigation toward dynamic, trial-by-trial 

physiological variability during memory processing. 

To address this objective, simultaneous intracranial electroencephalography (iEEG) 

and pupillometry recordings were obtained during a verbal free recall task. The 

combination of these modalities enabled examination of complementary 

physiological processes associated with memory function. Intracranial EEG provided 

localized measurements of neural activity from clinically implanted brain regions with 

high temporal precision, whereas pupillometry provided a non-invasive physiological 

measure associated with attentional engagement and cognitive state. 

A central motivation of this study was to evaluate whether a practical and accessible 

non-invasive physiological signal, namely pupil dynamics, contains information 

related to memory performance comparable to that derived from invasive neural 

recordings. Because intracranial EEG provides highly localized electrophysiological 

measurements and is regarded as one of the most physiologically precise recording 

methods available in human neuroscience, it served as an important reference for 

contextualizing the timing and discriminative characteristics of pupil-related 

physiological signals. 

By incorporating time-resolved statistical analyses and classification approaches, 

Study II examined whether physiological features derived from neural and pupil-
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related signals could distinguish good and poor memory performance during 

memory encoding and retrieval. This progression from inter-individual 

characterization to trial-level analysis represents an important methodological 

extension of the dissertation and advances the broader aim of developing 

physiologically grounded indicators of cognitive and memory performance. 

The following publication presents the complete methodology, analyses, and 

findings of Study II. 

5.2.1 Publication II 
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5.2.2 Supplementary Material for Publication II 

  
Fig. S1. Group-level PIB dynamics across frequency bands and cortical regions during the 
free-recall task. Group-level pupil area averaged across task phases from all subjects is plotted in 
the same way as in Fig. 1e. Abbreviations: PIB, power-in-band; FC, frontal cortex; PC, parietal cortex; 
OC, occipital cortex; TC, temporal.   
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 Fig. S2. Subject-wise pupil effects are broadly consistent across participants. Each point 

shows the mean good−poor pupil difference for one participant within the identified temporal window. 
Effects were positive in 6 of 7 subjects during encoding and in 6 of 7 subjects during recall. The 
dashed horizontal line indicates zero difference.  
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 Fig. S3. Time-resolved PIB dynamics across frequency bands and cortical regions during 

encoding and recalling. Normalized PIB features across example frequency bands and brain 
regions are plotted in the same way as in Fig. 2b. Abbreviations: PIB, power-in-band; FC, frontal 
cortex; PC, parietal cortex; OC, occipital cortex; TC, temporal.   
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 Fig. S4. Extended classification analyses reveal diverse and temporally distinct predictive 

profiles of PIB features. Across frequency bands and cortical regions, time-resolved single-feature 
classification showed that PIB features captured memory-related differences with heterogeneous but 
often comparable predictive strength to the pupil signal; these results are plotted in the same manner 
as in Fig. 4a. Abbreviations: PIB, power-in-band; FC, frontal cortex; PC, parietal cortex; OC, occipital 
cortex; TC, temporal.   
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Table S1. Demographic and clinical characteristics of the study participants. DRE stands for drug-
resistant epilepsy.  
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Table S2. Word lists presented during the verbal memory recall task. Each subject completed 15 
trials, with each trial consisting of 12 words randomly selected from a standardized pool of 300 high-
frequency nouns. Words are shown in the order presented during encoding. Words were not repeated 
within subjects but could overlap across subjects due to sampling from a shared standardized pool.   
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Table S3. Number of electrophysiologically active electrodes across subjects, brain regions, 
and frequency bands. Number of electrodes classified as active by Gaussian Mixture Model 
(GMM) analysis [61] of induced spectral power during encoding, reported for each participant, brain 
region (L, FC, PC, TC, OC), and frequency bands (Delta-High gamma). Abbreviations: PIB, power-
in-band; FC, frontal cortex; PC, parietal cortex; OC, occipital cortex; TC, temporal.   

Frequency band  Region  Sub1  Sub2  Sub3  Sub4  Sub5  Sub6  Sub7  Total subject  

Delta  

FC  18  15  19  13  15  2  24  7  

TC  37  39  33  15  18  23  7  7  

L  13  16  6  10  16  8  33  7  

PC  7  0  0  9  10  3  6  5  

OC  3  2  2  0  4  0  0  4  

Theta  

FC  0  4  1  13  7  2  16  6  

TC  2  17  14  1  4  10  10  7  

L  0  1  6  11  8  6  27  6  

PC  0  0  0  5  3  1  3  4  

OC  0  1  3  0  0  1  1  4  

Alpha  

FC  5  20  20  24  24  5  25  7  

TC  30  31  32  21  22  29  10  7  

L  13  18  14  19  20  8  25  7  

PC  7  0  0  9  11  6  6  5  

OC  3  2  1  0  0  0  2  4  

Beta  

FC  0  8  0  5  8  2  11  5  

TC  0  22  18  2  2  7  10  6  

L  0  8  3  3  0  0  11  4  

PC  0  1  0  5  1  3  0  4  

OC  0  2  0  0  4  0  5  3  

Low gamma  

FC  0  4  3  2  0  0  4  4  

TC  0  2  0  1  0  1  6  4  

L  0  1  0  2  0  2  14  4  

PC  0  2  0  2  0  0  0  2  

OC  0  0  0  0  3  0  2  2  

High gamma  

FC  0  0  1  2  16  0  4  4  

TC  0  11  11  0  21  0  8  4  

L  2  2  2  1  13  2  16  7  

PC  0  3  0  0  1  0  4  3  

OC  0  2  1  0  1  0  1  4  
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5.2.3 Author’s Contribution to Study II 

The author played a leading role in the methodological, computational, and analytical 

components of this study and was primarily responsible for the physiological data 

analyses. This included working directly with iEEG and pupillometry datasets and 

developing the analytical procedures used to examine relationships between 

physiological activity and memory performance. 

The author designed and implemented preprocessing and analytical procedures for 

both pupillometric and electrophysiological data, including signal processing, feature 

extraction, time-resolved statistical analyses, robustness analyses, and 

classification procedures for distinguishing good and poor memory performance. 

The author further developed the computational framework for temporal feature 

evaluation, cross-validation procedures, and permutation-based validation of 

classification performance. 

The author contributed substantially to interpretation of the findings, particularly 

regarding the comparison between pupil-related physiological features and 

intracranial electrophysiological measures as candidate physiological biomarkers 

associated with memory performance. 

The author prepared the manuscript and played a central role in the revision process 

in response to reviewer feedback.  
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Chapter 6 

6. Discussion, Limitations, and Future Directions 
The empirical studies presented in the preceding chapter investigated physiological 

signals as candidate biomarkers of cognitive performance using EEG, iEEG, and 

pupillometry together with signal processing, statistical analysis, and machine 

learning approaches. Across both inter-individual and trial-level contexts, this thesis 

examined how electrophysiological activity and pupil dynamics relate to variability in 

cognitive performance. 

The purpose of the present chapter is to interpret these findings within a broader 

scientific and methodological framework. Specifically, this chapter discusses the 

implications of the identified biomarkers, evaluates methodological strengths and 

limitations, and considers potential clinical, educational, and technological 

applications, as well as directions for future research. Through this discussion, the 

findings of this thesis are positioned within the broader effort to develop objective, 

accessible, and physiology-informed approaches for cognitive assessment and 

monitoring. 

6.1 Interpretation of Main Findings 
The findings obtained across the empirical studies presented in this dissertation 

provide important insight into how physiological activity reflects variability in cognitive 

performance and support the interpretation of physiological signals as biomarkers of 

cognitive function. By examining electrophysiological activity derived from EEG and 

iEEG alongside pupil dynamics across structured cognitive paradigms, this 

dissertation demonstrated that cognitive performance is accompanied by 

measurable physiological patterns associated with both relatively stable differences 

in cognitive performance across individuals and transient trial-by-trial fluctuations in 

memory performance. These observations support the interpretation that cognitive 

performance emerges through interactions between neural mechanisms and 

broader physiological regulatory processes rather than being reflected solely 

through behavioral outcomes. 

Study I demonstrated that neural oscillatory activity recorded using non-invasive 

scalp electroencephalography contains measurable information associated with 

differences in cognitive performance across individuals. Spectral EEG features 

varied systematically according to performance in memory- and executive-related 

cognitive domains, suggesting that electrophysiological activity reflects meaningful 

variation in cognitive functioning. Lower theta activity within anterior prefrontal 

regions was consistently associated with poorer performance across executive, 
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visual, spatial, and working memory domains, suggesting that frontal theta 

oscillations may reflect a shared physiological process supporting multiple aspects 

of cognitive performance. These findings are consistent with previous evidence 

linking frontal theta activity to executive control, working memory, and memory-

related processes17,24,26,27.  

The observation that anterior prefrontal electrophysiological activity differed 

according to cognitive performance suggests that variability in memory and 

executive functioning may be associated with differences in frontal neural activity 

involved in cognitive and memory-related processes. Specifically, lower anterior 

prefrontal theta activity was consistently observed in participants with poorer 

cognitive performance, whereas higher theta activity was associated with better 

performance. Given the established role of frontal theta oscillations in working 

memory, attention, and executive control, these findings suggest that frontal 

electrophysiological activity may reflect differences in the neural processes 

supporting cognitive performance19,21,22,42. 

Study II extended these findings by demonstrating that physiological signals also 

capture moment-to-moment variability associated with memory performance at the 

level of individual task trials. Whereas Study I focused primarily on relatively stable 

inter-individual differences, Study II showed that physiological activity evolves 

dynamically during memory encoding and retrieval and differs systematically 

according to subsequent behavioral outcomes. The ability of physiological features 

to distinguish good and poor memory performance supports the interpretation that 

transient physiological states contribute meaningfully to memory-related cognitive 

processes. These findings are consistent with previous work showing that episodic 

memory depends on temporally organized neural processes during encoding and 

retrieval8,35,48,51,53,56,68,77. 

A particularly important finding of this thesis was that pupil-derived physiological 

features demonstrated classification performance approaching that observed for 

simplified intracranial EEG power-in-band features. Although intracranial EEG 

provides highly localized and physiologically precise measurements of neural 

activity, its invasive nature restricts its use to specialized clinical settings8,34,88,89. In 

contrast, pupillometry provides a practical and non-invasive physiological 

measurement approach10,36,37. The observation that pupil-related physiological 

features exhibited meaningful discriminative capability supports the interpretation of 

pupillometry as a candidate non-invasive biomarker associated with memory 

performance.  

Another important interpretation emerging from Study II concerns the temporal 

organization of physiological activity during memory processing. Time-resolved 

analyses identified specific temporal intervals during encoding and retrieval in which 

physiological signals differentiated memory performance conditions. Importantly, 

temporally informative pupil-related effects emerged before recall responses, 
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suggesting that physiological indicators of memory performance may become 

observable before overt behavioral outcomes. These findings support the 

interpretation that memory-related cognitive processes unfold through temporally 

structured physiological stages that may be measurable prior to behavioral 

expression 6,9,10,74,75,101.  

An additional important observation concerns the robustness of pupil-related 

physiological effects across participants. Despite the limited sample size 

characteristic of intracranial studies, leave-one-subject-out analyses demonstrated 

consistent directionality of pupil-related effects and preserved statistical significance 

across participant subsets. These findings strengthen the interpretation that 

observed pupil dynamics reflect reproducible memory-related physiological 

processes rather than effects driven disproportionately by individual participants. 

Taken together, the findings of this thesis demonstrate that physiological signals 

capture complementary aspects of cognitive variability operating across different 

temporal scales. Study I identified electrophysiological patterns associated with 

relatively stable differences in cognitive performance across individuals, whereas 

Study II demonstrated that neural and pupil-related physiological activity also reflects 

dynamic trial-by-trial variability in memory performance. Together, these findings 

support the interpretation of electrophysiological and pupil-derived features as 

candidate biomarkers of cognitive function and memory-related variability.  

Beyond the empirical findings, an important contribution of this dissertation lies in 

the complementary investigation of physiological variability across both inter-

individual and intra-individual levels of cognition. While Study I examined relatively 

stable cognitive differences across individuals using scalp electrophysiological 

recordings during standardized neuropsychological assessment, Study II 

investigated trial-by-trial physiological dynamics during memory performance using 

intracranial electrophysiology and pupillometry in a distinct experimental paradigm. 

Although these studies employed different datasets, modalities, and behavioral 

tasks, together they provide complementary perspectives on how physiological 

activity relates to variability in cognitive and memory performance. Furthermore, by 

contextualizing non-invasive pupil-related physiological features against intracranial 

electrophysiological activity during memory processing, this work contributes 

additional evidence regarding the potential of accessible physiological 

measurements for objective cognitive assessment. 

6.2 Scientific and Practical Implications 
The findings of this thesis carry important implications for both physiological 

biomarker research and practical approaches to cognitive assessment. By 

demonstrating that physiological signals contain measurable information associated 

with variability in cognitive performance, this work contributes to the development of 

objective, physiology-based approaches for characterizing cognitive function. More 
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broadly, the findings support the interpretation that cognitive performance may be 

assessed not only through behavioral outcomes but also through measurable 

physiological processes associated with cognition. 

From a scientific perspective, this thesis contributes to the growing effort to identify 

physiologically grounded biomarkers of cognition. Traditional cognitive assessment 

methods primarily rely on behavioral measures such as accuracy and reaction time, 

which provide indirect information about underlying cognitive mechanisms. In 

contrast, electrophysiological and pupillometric signals provide continuous 

measurements capable of capturing dynamic physiological changes during task 

performance 36,37,79,81,112. The identification of physiological patterns associated with 

cognitive and memory performance therefore supports the development of more 

comprehensive models of cognition that integrate behavioral and physiological 

dimensions. 

An important scientific implication of this work concerns the complementary role of 

neural and broader physiological systems in shaping cognitive performance. While 

electrophysiological recordings provided information about neural processes 

associated with memory and executive functioning, pupil dynamics reflected broader 

physiological states associated with attentional engagement and cognitive 

readiness. The observation that both modalities contained information associated 

with memory performance supports the interpretation that cognition emerges 

through interactions between localized neural mechanisms and broader 

physiological regulatory systems10,17,43,44. 

The findings also have important implications for the development of candidate 

physiological biomarkers of cognitive performance. In particular, the observation that 

pupil-derived physiological features demonstrated classification performance 

approaching that observed for simplified intracranial EEG power-in-band features 

suggests that meaningful information related to memory performance may be 

extracted using practical and non-invasive physiological measurements. This finding 

is particularly relevant because invasive neural recordings remain restricted to 

specialized clinical settings, whereas pupillometry can be implemented using 

accessible and scalable technologies. 

From a clinical perspective, physiological biomarkers associated with cognitive 

performance may contribute to improved monitoring of cognitive variability in 

neurological conditions111–114. Memory-related impairment is a common feature 

across several neurological disorders, and objective physiological measurements 

may provide complementary information beyond conventional behavioral 

assessment. Because pupillometry can be acquired non-invasively and 

continuously, it represents a particularly promising modality for scalable cognitive 

monitoring in clinical environments. 

Beyond clinical applications, the methodological framework developed in this thesis 

may also have relevance for adaptive technologies, educational systems, and 
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human–computer interaction. Physiological indicators associated with attentional 

engagement and cognitive readiness may support the development of systems 

capable of adapting dynamically to changes in cognitive state40,74,75,104. For example, 

educational technologies may adjust learning demands according to physiological 

indicators of cognitive load, whereas adaptive interfaces may modify information 

presentation according to changes in attentional engagement. 

This thesis further demonstrates how continuous physiological recordings can be 

transformed into structured quantitative features suitable for computational analysis. 

The integration of signal processing, statistical analysis, and machine learning 

methods illustrates how physiological measurements may be incorporated into 

quantitative frameworks for cognitive assessment. More broadly, these findings 

support continued development of computational systems capable of integrating 

physiological information into adaptive and intelligent technologies. 

An additional practical contribution of this thesis concerns the methodological 

evaluation of physiological biomarkers under conditions of limited sample size and 

temporally evolving signals. By combining subject-level statistical inference, 

robustness analyses, and permutation-validated classification procedures, the 

proposed framework provides an approach for evaluating physiological information 

while reducing risks associated with overfitting, repeated temporal testing, and 

participant-specific effects. Such methodological considerations may be particularly 

valuable for future neurophysiological studies conducted in clinical populations. 

Overall, the findings presented in this thesis demonstrate the potential value of 

physiological biomarkers for advancing objective approaches to cognitive 

assessment. By combining neurophysiological measurement with computational 

analysis, this work provides a foundation for future systems capable of monitoring 

cognitive performance using practical and physiologically meaningful signals. 

6.3 Limitations 
Although the findings presented in this thesis provide evidence supporting the value 

of physiological signals as candidate biomarkers associated with cognitive 

performance, several methodological limitations should be considered when 

interpreting the results. 

First, both empirical studies were conducted in clinical populations of patients with 

epilepsy. Although epilepsy monitoring provides a unique opportunity to obtain 

simultaneous physiological recordings during cognitive task performance, 

neurological pathology, seizure-related factors, and medication effects may 

influence both physiological activity and behavioral performance89,111,113,114. 

Consequently, the generalizability of the findings to healthy populations and other 

clinical groups should be interpreted with caution. 

Second, Study II involved a relatively small sample size, reflecting the limited 

availability of participants undergoing intracranial monitoring. Although subject-level 
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statistical procedures, permutation testing, and robustness analyses were 

implemented to strengthen reliability, the limited sample size restricts statistical 

generalization and may reduce sensitivity to smaller physiological effects. 

Replication in larger cohorts will therefore be important for evaluating the 

reproducibility and robustness of the identified physiological biomarkers. Therefore, 

the Study II findings should be interpreted as evidence of feasibility and candidate 

physiological relevance rather than as definitive proof of generalizable biomarker 

performance. 

An additional limitation concerns intracranial electrode placement in Study II. 

Electrode implantation was determined exclusively by clinical requirements rather 

than experimental design, resulting in heterogeneous anatomical coverage across 

participants. Consequently, some brain regions relevant to memory processing may 

have been sampled inconsistently or not recorded in all participants. This constraint 

is inherent to human intracranial research and should be considered when 

interpreting region-specific electrophysiological findings8,34,88,89. 

The experimental paradigms used in this thesis also impose certain constraints on 

interpretation. Study I focused on structured neuropsychological testing using 

selected CANTAB tasks, whereas Study II employed a verbal free recall paradigm 

designed to investigate episodic memory. Although these paradigms enabled 

controlled investigation of cognitive processes, the identified physiological 

biomarkers may be task-dependent and may not necessarily generalize to broader 

or more naturalistic cognitive contexts. 

Another consideration concerns interpretation of classification performance in Study 

II. Although physiological features successfully distinguished differences in memory 

performance at the trial level, classification outcomes should not be interpreted as 

deterministic prediction of cognitive states or behavioral outcomes. Rather, the 

findings indicate that physiological signals contain meaningful information 

associated with variability in memory performance under controlled experimental 

conditions. 

Finally, while this thesis demonstrated the complementary value of 

electrophysiological and pupillometric measurements, the multimodal framework 

remained limited to a relatively small number of physiological modalities. Future 

studies incorporating additional physiological measures, such as autonomic or 

behavioral indicators, may enable more comprehensive characterization of cognitive 

state and improve the robustness of physiology-based biomarker models. 

Despite these limitations, the methodological framework developed in this thesis 

provides an important foundation for continued investigation of physiology-based 

cognitive biomarkers. By integrating neurophysiological recording, signal 

processing, statistical inference, and computational analysis, the present work 

demonstrates the feasibility of transforming physiological measurements into 

quantitative indicators associated with variability in cognitive performance. 
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6.4 Future Directions 
The findings presented in this thesis establish a foundation for continued 

development of physiology-based frameworks for characterizing cognitive and 

memory performance using measurable biological signals. Although the present 

work demonstrated that electrophysiological and pupillometric activity contains 

meaningful information associated with cognitive processes, several opportunities 

remain for extending both the methodological and translational contributions of this 

research. 

One important direction for future work involves expanding the range of cognitive 

functions investigated using physiological biomarkers. While the present thesis 

focused primarily on memory-related performance, future investigations may extend 

the proposed analytical framework to additional domains including attention, 

executive control, learning, and decision-making44,45,49,60,63,64. Such extensions may 

contribute to the identification of domain-specific biomarkers and improve 

understanding of how physiological dynamics vary across cognitive processes and 

behavioral demands. 

Future studies may also investigate larger and more diverse participant populations. 

Because the present work was conducted in clinical epilepsy cohorts, extending 

analyses to healthy individuals and broader neurological populations would improve 

generalizability and enable evaluation of how physiological biomarkers vary across 

demographic, clinical, and cognitive conditions. Longitudinal investigations may 

further characterize how physiological activity evolves across learning, fatigue, 

aging, or disease progression, thereby supporting development of individualized 

cognitive monitoring frameworks. 

Another important direction concerns continued development of noninvasive 

physiological biomarkers of cognition. A key finding of this thesis was that pupil-

related physiological features demonstrated classification performance approaching 

that observed for simplified intracranial electrophysiological measurements. Future 

work may therefore focus on optimizing pupillometry-based approaches for scalable 

cognitive assessment in naturalistic environments using portable and wearable eye-

tracking technologies36,37,95,101,115. Such developments may facilitate broader 

implementation of physiology-based monitoring outside specialized research and 

clinical settings. 

Methodologically, future research may further develop the analytical approaches 

used for physiological signal analysis. Although the present thesis employed 

preprocessing, time-resolved analysis, statistical evaluation, and classification 

methods to examine relationships between physiological activity and cognitive 

performance, future studies may improve these approaches by incorporating more 

advanced strategies for combining information across physiological measurements 

and improving characterization of physiological changes over time. Such 
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developments may support more robust identification of physiological patterns 

associated with cognitive performance and improve reliability of physiology-based 

cognitive assessment. 

The integration of additional physiological modalities represents another promising 

direction. While the present work demonstrated the complementary value of 

electrophysiological and pupillometric measurements, future multimodal frameworks 

may incorporate additional physiological signals such as heart rate variability, 

respiration, electrodermal activity, or eye-movement behavior38–40. Combining 

complementary measurements may improve characterization of cognitive state and 

support more comprehensive biomarker models. 

Future investigations may also explore integrated multimodal biomarker frameworks 

combining electrophysiological and pupil-related features rather than evaluating 

these modalities independently. Because neural and pupil-related physiological 

activity likely reflects complementary aspects of cognition, integrated approaches 

may improve sensitivity to changes in cognitive state and strengthen characterization 

of memory-related variability. 

Another important future direction involves real-time implementation of physiology-

based cognitive monitoring systems. The analytical framework developed in this 

thesis demonstrates that physiologically meaningful features can be extracted from 

continuously evolving signals during cognitive task performance. Extending these 

approaches toward real-time processing may support intelligent systems capable of 

adapting dynamically to changes in cognitive state. Such systems may have 

applications in adaptive learning environments, cognitive workload monitoring, 

personalized clinical assessment, and human–computer interaction. 

Finally, improving interpretability and transparency of computational biomarker 

models will remain essential as analytical approaches become increasingly 

sophisticated. Ensuring that identified biomarkers remain physiologically meaningful 

and scientifically interpretable will be important for supporting both clinical translation 

and practical deployment. Future research may therefore focus on explainable 

computational frameworks capable of identifying the physiological features 

contributing most strongly to cognitive-state classification. 

Overall, the future directions outlined in this section highlight the potential for 

continued advancement of physiology-based approaches to cognitive assessment. 

By integrating physiological measurement, computational modeling, and scalable 

sensing technologies, future work may support development of robust systems 

capable of monitoring cognitive performance across scientific, clinical, educational, 

and technological environments. 

6.5 Final Conclusion 
This thesis investigated whether physiological signals can serve as objective 

biomarkers associated with cognitive and memory performance. By integrating 
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electrophysiological recordings, pupillometric measurements, signal processing 

techniques, statistical analysis, and computational approaches, the work developed 

a structured framework for examining how physiological activity reflects variability in 

cognitive function across both inter-individual and trial-level contexts. 

The findings demonstrated that neural oscillatory activity recorded using noninvasive 

scalp electroencephalography contains measurable information associated with 

differences in memory- and executive-related cognitive performance across 

individuals. Furthermore, time-resolved analyses of intracranial electrophysiology 

and pupil dynamics showed that physiological activity differs systematically 

according to memory performance during encoding and retrieval. Together, these 

findings indicate that cognitive performance is accompanied by identifiable 

physiological patterns measurable across complementary physiological systems. 

A particularly important contribution of this thesis was the demonstration that pupil-

related physiological features exhibited classification performance approaching that 

observed for simplified intracranial electrophysiological features during memory-

related task performance. Given the accessibility and noninvasive nature of 

pupillometry, this finding highlights its potential as a practical physiological indicator 

of memory-related cognitive variability and supports further development of scalable 

approaches to cognitive assessment. 

Beyond the empirical findings, this thesis contributes a methodological framework 

for transforming continuous physiological recordings into quantitative 

representations suitable for statistical and computational analysis. By combining 

neurophysiological measurement with signal processing, time-resolved analysis, 

statistical inference, and classification approaches, the proposed framework 

demonstrates how physiological data may be transformed into measurable 

indicators associated with cognitive performance. 

Collectively, the findings support the central dissertation thesis that physiological 

signals derived from electrophysiological activity and pupil dynamics can be 

transformed into quantitative indicators associated with cognitive and memory 

performance across both inter-individual and intra-individual levels of variability. 

Overall, this thesis supports the broader view that cognition can be examined 

through measurable physiological processes in addition to behavioral outcomes 

alone. By integrating electrophysiological measurement, pupillometry, signal 

processing, statistical inference, and computational analysis, this work demonstrates 

how physiological recordings can be transformed into quantitative indicators 

associated with cognitive and memory-related variability. Taken together, the 

findings provide evidence that physiological signal analysis may support objective 

and computationally tractable approaches to cognitive assessment across 

complementary temporal scales. 

 

  



103 
 

References 
1. Hermann B, Seidenberg M, Bell B, et al. The Neurodevelopmental Impact of Childhood‐

onset Temporal Lobe Epilepsy on Brain Structure and Function. Epilepsia. 2002;43(9):1062-

1071. doi:10.1046/j.1528-1157.2002.49901.x 

2. Helmstaedter C. Cognitive outcomes of different surgical approaches in temporal lobe 

epilepsy. Epileptic Disorders. 2013;15(3):221-239. doi:10.1684/epd.2013.0587 

3. Squire LR, Wixted JT. The Cognitive Neuroscience of Human Memory Since H.M. Annu Rev 

Neurosci. 2011;34(1):259-288. doi:10.1146/annurev-neuro-061010-113720 

4. Cavanagh JF, Frank MJ. Frontal theta as a mechanism for cognitive control. Trends Cogn Sci. 

2014;18(8):414-421. doi:10.1016/j.tics.2014.04.012 

5. Poldrack RA. Mapping Mental Function to Brain Structure: How Can Cognitive 

Neuroimaging Succeed? Perspectives on Psychological Science. 2010;5(6):753-761. 

doi:10.1177/1745691610388777 

6. Huang R, Clewett D. The Locus Coeruleus: Where Cognitive and Emotional Processing Meet 

the Eye. In: Modern Pupillometry. Springer International Publishing; 2024:3-75. 

doi:10.1007/978-3-031-54896-3_1 

7. Ferencová N, Višňovcová Z, Bona Olexová L, Tonhajzerová I. Eye pupil – a window into 

central autonomic regulation via emotional/cognitive processing. Physiol Res. Published 

online December 30, 2021:S669-S682. doi:10.33549/physiolres.934749 

8. Lachaux JP, Axmacher N, Mormann F, Halgren E, Crone NE. High-frequency neural activity 

and human cognition: Past, present and possible future of intracranial EEG research. Prog 

Neurobiol. 2012;98(3):279-301. doi:10.1016/j.pneurobio.2012.06.008 

9. Aston-Jones G, Cohen JD. AN INTEGRATIVE THEORY OF LOCUS COERULEUS-

NOREPINEPHRINE FUNCTION: Adaptive Gain and Optimal Performance. Annu Rev Neurosci. 

2005;28(1):403-450. doi:10.1146/annurev.neuro.28.061604.135709 

10. Joshi S, Gold JI. Pupil Size as a Window on Neural Substrates of Cognition. Trends Cogn Sci. 

2020;24(6):466-480. doi:10.1016/j.tics.2020.03.005 

11. Miller EK, Cohen JD. An Integrative Theory of Prefrontal Cortex Function. Annu Rev 

Neurosci. 2001;24(1):167-202. doi:10.1146/annurev.neuro.24.1.167 

12. Baddeley A. Working Memory: Theories, Models, and Controversies. Annu Rev Psychol. 

2012;63(1):1-29. doi:10.1146/annurev-psych-120710-100422 

13. Harvey PD. Clinical applications of neuropsychological assessment. Dialogues Clin Neurosci. 

2012;14(1):91-99. doi:10.31887/DCNS.2012.14.1/pharvey 



104 
 

14. Woo CW, Chang LJ, Lindquist MA, Wager TD. Building better biomarkers: brain models in 

translational neuroimaging. Nat Neurosci. 2017;20(3):365-377. doi:10.1038/nn.4478 

15. Poldrack RA. Mapping Mental Function to Brain Structure: How Can Cognitive 

Neuroimaging Succeed? Perspectives on Psychological Science. 2010;5(6):753-761. 

doi:10.1177/1745691610388777 

16. Fries P. Rhythms for Cognition: Communication through Coherence. Neuron. 

2015;88(1):220-235. doi:10.1016/j.neuron.2015.09.034 

17. Cavanagh JF, Frank MJ. Frontal theta as a mechanism for cognitive control. Trends Cogn Sci. 

2014;18(8):414-421. doi:10.1016/j.tics.2014.04.012 

18. Varoquaux G, Thirion B. How machine learning is shaping cognitive neuroimaging. 

Gigascience. 2014;3(1):28. doi:10.1186/2047-217X-3-28 

19. Engel AK, Gerloff C, Hilgetag CC, Nolte G. Intrinsic Coupling Modes: Multiscale Interactions 

in Ongoing Brain Activity. Neuron. 2013;80(4):867-886. doi:10.1016/j.neuron.2013.09.038 

20. Bassett DS, Sporns O. Network neuroscience. Nat Neurosci. 2017;20(3):353-364. 

doi:10.1038/nn.4502 

21. Shine JM, Poldrack RA. Principles of dynamic network reconfiguration across diverse brain 

states. Neuroimage. 2018;180:396-405. doi:10.1016/j.neuroimage.2017.08.010 

22. Fries P. Rhythms for Cognition: Communication through Coherence. Neuron. 

2015;88(1):220-235. doi:10.1016/j.neuron.2015.09.034 

23. Siegel M, Donner TH, Engel AK. Spectral fingerprints of large-scale neuronal interactions. 

Nat Rev Neurosci. 2012;13(2):121-134. doi:10.1038/nrn3137 

24. Herweg NA, Solomon EA, Kahana MJ. Theta Oscillations in Human Memory. Trends Cogn 

Sci. 2020;24(3):208-227. doi:10.1016/j.tics.2019.12.006 

25. Kahana MJ. Foundations of Human Memory. Oxford University Press; 2012. 

26. Mitchell DJ, McNaughton N, Flanagan D, Kirk IJ. Frontal-midline theta from the perspective 

of hippocampal “theta.” Prog Neurobiol. 2008;86(3):156-185. 

doi:10.1016/j.pneurobio.2008.09.005 

27. Gärtner M, Rohde-Liebenau L, Grimm S, Bajbouj M. Working memory-related frontal theta 

activity is decreased under acute stress. Psychoneuroendocrinology. 2014;43:105-113. 

doi:10.1016/j.psyneuen.2014.02.009 

28. Hamedi N, García‐Salinas JS, Berry BM, Worrell GA, Kucewicz MT. Anterior prefrontal 

<scp>EEG</scp> theta activities indicate memory and executive functions in patients with 

epilepsy. Epilepsia. 2025;66(4):1274-1287. doi:10.1111/epi.18246 



105 
 

29. Klimesch W, Sauseng P, Hanslmayr S. EEG alpha oscillations: The inhibition–timing 

hypothesis. Brain Res Rev. 2007;53(1):63-88. doi:10.1016/j.brainresrev.2006.06.003 

30. Klimesch W, Sauseng P, Hanslmayr S. EEG alpha oscillations: The inhibition–timing 

hypothesis. Brain Res Rev. 2007;53(1):63-88. doi:10.1016/j.brainresrev.2006.06.003 

31. Klimesch W. EEG alpha and theta oscillations reflect cognitive and memory performance: a 

review and analysis. Brain Res Rev. 1999;29(2-3):169-195. doi:10.1016/S0165-

0173(98)00056-3 

32. Lundqvist M, Rose J, Herman P, Brincat SL, Buschman TJ, Miller EK. Gamma and Beta Bursts 

Underlie Working Memory. Neuron. 2016;90(1):152-164. 

doi:10.1016/j.neuron.2016.02.028 

33. Power JD, Cohen AL, Nelson SM, et al. Functional Network Organization of the Human 

Brain. Neuron. 2011;72(4):665-678. doi:10.1016/j.neuron.2011.09.006 

34. Parvizi J, Kastner S. Promises and limitations of human intracranial 

electroencephalography. Nat Neurosci. 2018;21(4):474-483. doi:10.1038/s41593-018-0108-

2 

35. Burke JF, Long NM, Zaghloul KA, Sharan AD, Sperling MR, Kahana MJ. Human intracranial 

high-frequency activity maps episodic memory formation in space and time. Neuroimage. 

2014;85:834-843. doi:10.1016/j.neuroimage.2013.06.067 

36. Mathôt S. Pupillometry: Psychology, Physiology, and Function. J Cogn. 2018;1(1):16. 

doi:10.5334/joc.18 

37. Mathôt S, Vilotijević A. Methods in cognitive pupillometry: Design, preprocessing, and 

statistical analysis. Behav Res Methods. 2022;55(6):3055-3077. doi:10.3758/s13428-022-

01957-7 

38. Pflieger ME, Barbour RL. Multimodal Integration of fMRI, EEG, and NIRS. In: Biomedical 

Optics and 3-D Imaging. OSA; 2012:BSu2A.1. doi:10.1364/BIOMED.2012.BSu2A.1 

39. Huster RJ, Debener S, Eichele T, Herrmann CS. Methods for Simultaneous EEG-fMRI: An 

Introductory Review. The Journal of Neuroscience. 2012;32(18):6053-6060. 

doi:10.1523/JNEUROSCI.0447-12.2012 

40. He H, Hong L, Sajda P. Pupillary response is associated with the reset and switching of 

functional brain networks during salience processing. PLoS Comput Biol. 

2023;19(5):e1011081. doi:10.1371/journal.pcbi.1011081 

41. Woo CW, Chang LJ, Lindquist MA, Wager TD. Building better biomarkers: brain models in 

translational neuroimaging. Nat Neurosci. 2017;20(3):365-377. doi:10.1038/nn.4478 



106 
 

42. Pessoa L. Understanding brain networks and brain organization. Phys Life Rev. 

2014;11(3):400-435. doi:10.1016/j.plrev.2014.03.005 

43. Miller EK, Cohen JD. An Integrative Theory of Prefrontal Cortex Function. Annu Rev 

Neurosci. 2001;24(1):167-202. doi:10.1146/annurev.neuro.24.1.167 

44. Diamond A. Executive Functions. Annu Rev Psychol. 2013;64(1):135-168. 

doi:10.1146/annurev-psych-113011-143750 

45. Petersen SE, Posner MI. The Attention System of the Human Brain: 20 Years After. Annu 

Rev Neurosci. 2012;35(1):73-89. doi:10.1146/annurev-neuro-062111-150525 

46. Garrett DD, Samanez-Larkin GR, MacDonald SWS, Lindenberger U, McIntosh AR, Grady CL. 

Moment-to-moment brain signal variability: A next frontier in human brain mapping? 

Neurosci Biobehav Rev. 2013;37(4):610-624. doi:10.1016/j.neubiorev.2013.02.015 

47. McIntosh AR, Mišić B. Multivariate Statistical Analyses for Neuroimaging Data. Annu Rev 

Psychol. 2013;64(1):499-525. doi:10.1146/annurev-psych-113011-143804 

48. Ranganath C, Ritchey M. Two cortical systems for memory-guided behaviour. Nat Rev 

Neurosci. 2012;13(10):713-726. doi:10.1038/nrn3338 

49. D’Esposito M, Postle BR. The Cognitive Neuroscience of Working Memory. Annu Rev 

Psychol. 2015;66(1):115-142. doi:10.1146/annurev-psych-010814-015031 

50. Ekstrom AD, Hill PF. Spatial navigation and memory: A review of the similarities and 

differences relevant to brain models and age. Neuron. 2023;111(7):1037-1049. 

doi:10.1016/j.neuron.2023.03.001 

51. Tulving E. Episodic Memory: From Mind to Brain. Annu Rev Psychol. 2002;53(1):1-25. 

doi:10.1146/annurev.psych.53.100901.135114 

52. Binder JR, Desai RH. The neurobiology of semantic memory. Trends Cogn Sci. 

2011;15(11):527-536. doi:10.1016/j.tics.2011.10.001 

53. Moscovitch M, Cabeza R, Winocur G, Nadel L. Episodic Memory and Beyond: The 

Hippocampus and Neocortex in Transformation. Annu Rev Psychol. 2016;67(1):105-134. 

doi:10.1146/annurev-psych-113011-143733 

54. Scoville WB, Milner B. LOSS OF RECENT MEMORY AFTER BILATERAL HIPPOCAMPAL 

LESIONS. J Neurol Neurosurg Psychiatry. 1957;20(1):11-21. doi:10.1136/jnnp.20.1.11 

55. Squire LR. Memory systems of the brain: A brief history and current perspective. Neurobiol 

Learn Mem. 2004;82(3):171-177. doi:10.1016/j.nlm.2004.06.005 

56. Preston AR, Eichenbaum H. Interplay of Hippocampus and Prefrontal Cortex in Memory. 

Current Biology. 2013;23(17):R764-R773. doi:10.1016/j.cub.2013.05.041 



107 
 

57. Rolls ET, Treves A. A theory of hippocampal function: New developments. Prog Neurobiol. 

2024;238:102636. doi:10.1016/j.pneurobio.2024.102636 

58. Norman KA, O’Reilly RC. Modeling hippocampal and neocortical contributions to 

recognition memory: A complementary-learning-systems approach. Psychol Rev. 

2003;110(4):611-646. doi:10.1037/0033-295X.110.4.611 

59. Squire LR, Genzel L, Wixted JT, Morris RG. Memory Consolidation. Cold Spring Harb 

Perspect Biol. 2015;7(8):a021766. doi:10.1101/cshperspect.a021766 

60. Friedman NP, Miyake A. Unity and diversity of executive functions: Individual differences as 

a window on cognitive structure. Cortex. 2017;86:186-204. 

doi:10.1016/j.cortex.2016.04.023 

61. Badre D. Cognitive control, hierarchy, and the rostro–caudal organization of the frontal 

lobes. Trends Cogn Sci. 2008;12(5):193-200. doi:10.1016/j.tics.2008.02.004 

62. Karr JE, Areshenkoff CN, Rast P, Hofer SM, Iverson GL, Garcia-Barrera MA. The unity and 

diversity of executive functions: A systematic review and re-analysis of latent variable 

studies. Psychol Bull. 2018;144(11):1147-1185. doi:10.1037/bul0000160 

63. Oberauer K. Working Memory and Attention – A Conceptual Analysis and Review. J Cogn. 

2019;2(1). doi:10.5334/joc.58 

64. Dajani DR, Uddin LQ. Demystifying cognitive flexibility: Implications for clinical and 

developmental neuroscience. Trends Neurosci. 2015;38(9):571-578. 

doi:10.1016/j.tins.2015.07.003 

65. Koechlin E. Prefrontal executive function and adaptive behavior in complex environments. 

Curr Opin Neurobiol. 2016;37:1-6. doi:10.1016/j.conb.2015.11.004 

66. Cole MW, Bassett DS, Power JD, Braver TS, Petersen SE. Intrinsic and Task-Evoked Network 

Architectures of the Human Brain. Neuron. 2014;83(1):238-251. 

doi:10.1016/j.neuron.2014.05.014 

67. Cole MW. Cognitive flexibility as the shifting of brain network flows by flexible neural 

representations. Curr Opin Behav Sci. 2024;57:101384. doi:10.1016/j.cobeha.2024.101384 

68. Rugg MD, Vilberg KL. Brain networks underlying episodic memory retrieval. Curr Opin 

Neurobiol. 2013;23(2):255-260. doi:10.1016/j.conb.2012.11.005 

69. Kuhl BA, Bainbridge WA, Chun MM. Neural Reactivation Reveals Mechanisms for Updating 

Memory. The Journal of Neuroscience. 2012;32(10):3453-3461. 

doi:10.1523/JNEUROSCI.5846-11.2012 



108 
 

70. Corbetta M, Shulman GL. Control of goal-directed and stimulus-driven attention in the 

brain. Nat Rev Neurosci. 2002;3(3):201-215. doi:10.1038/nrn755 

71. Chun MM, Golomb JD, Turk-Browne NB. A Taxonomy of External and Internal Attention. 

Annu Rev Psychol. 2011;62(1):73-101. doi:10.1146/annurev.psych.093008.100427 

72. Aly M, Turk-Browne NB. Attention Stabilizes Representations in the Human Hippocampus. 

Cerebral Cortex. Published online March 12, 2015:bhv041. doi:10.1093/cercor/bhv041 

73. Craik FIM, Eftekhari E, Binns MA. Effects of divided attention at encoding and retrieval: 

Further data. Mem Cognit. 2018;46(8):1263-1277. doi:10.3758/s13421-018-0835-3 

74. McGinley MJ, David SV, McCormick DA. Cortical Membrane Potential Signature of Optimal 

States for Sensory Signal Detection. Neuron. 2015;87(1):179-192. 

doi:10.1016/j.neuron.2015.05.038 

75. Unsworth N, Robison MK. A locus coeruleus-norepinephrine account of individual 

differences in working memory capacity and attention control. Psychon Bull Rev. 

2017;24(4):1282-1311. doi:10.3758/s13423-016-1220-5 

76. Badre D, Wagner AD. Selection, Integration, and Conflict Monitoring. Neuron. 

2004;41(3):473-487. doi:10.1016/S0896-6273(03)00851-1 

77. Rugg MD, Johnson JD, Uncapher MR. Encoding and Retrieval in Episodic Memory. In: The 

Wiley Handbook on the Cognitive Neuroscience of Memory. Wiley; 2015:84-107. 

doi:10.1002/9781118332634.ch5 

78. Ritchey M, Cooper RA. Deconstructing the Posterior Medial Episodic Network. Trends Cogn 

Sci. 2020;24(6):451-465. doi:10.1016/j.tics.2020.03.006 

79. Luck SJ. An Introduction to the Event-Related Potential Technique. The MIT Press; 2014. 

80. Buzsáki G. Rhythms of the Brain. Oxford University Press; 2011. 

81. Cohen MX. Analyzing Neural Time Series Data : Theory and Practice. The MIT Press; 2014. 

82. Nunez PL., Srinivasan Ramesh. Electric Fields of the Brain : The Neurophysics of EEG. Oxford 

University Press; 2006. 

83. Buzsáki G, Draguhn A. Neuronal Oscillations in Cortical Networks. Science (1979). 

2004;304(5679):1926-1929. doi:10.1126/science.1099745 

84. Homan RW. The 10-20 Electrode System and Cerebral Location. American Journal of EEG 

Technology. 1988;28(4):269-279. doi:10.1080/00029238.1988.11080272 

85. Waschke L, Kloosterman NA, Obleser J, Garrett DD. Behavior needs neural variability. 

Neuron. 2021;109(5):751-766. doi:10.1016/j.neuron.2021.01.023 



109 
 

86. Urigüen JA, Garcia-Zapirain B. EEG artifact removal—state-of-the-art and guidelines. J 

Neural Eng. 2015;12(3):031001. doi:10.1088/1741-2560/12/3/031001 

87. Mumtaz W, Rasheed S, Irfan A. Review of challenges associated with the EEG artifact 

removal methods. Biomed Signal Process Control. 2021;68:102741. 

doi:10.1016/j.bspc.2021.102741 

88. Jacobs J, Kahana MJ. Direct brain recordings fuel advances in cognitive electrophysiology. 

Trends Cogn Sci. 2010;14(4):162-171. doi:10.1016/j.tics.2010.01.005 

89. Jobst BC, Bartolomei F, Diehl B, et al. Intracranial EEG in the 21st Century. Epilepsy Curr. 

2020;20(4):180-188. doi:10.1177/1535759720934852 

90. Buzsáki G, Anastassiou CA, Koch C. The origin of extracellular fields and currents — EEG, 

ECoG, LFP and spikes. Nat Rev Neurosci. 2012;13(6):407-420. doi:10.1038/nrn3241 

91. Crone N. Functional mapping of human sensorimotor cortex with electrocorticographic 

spectral analysis. I. Alpha and beta event- related desynchronization. Brain. 

1998;121(12):2271-2299. doi:10.1093/brain/121.12.2271 

92. Ray S, Maunsell JHR. Different Origins of Gamma Rhythm and High-Gamma Activity in 

Macaque Visual Cortex. PLoS Biol. 2011;9(4):e1000610. doi:10.1371/journal.pbio.1000610 

93. Manning JR, Jacobs J, Fried I, Kahana MJ. Broadband Shifts in Local Field Potential Power 

Spectra Are Correlated with Single-Neuron Spiking in Humans. The Journal of Neuroscience. 

2009;29(43):13613-13620. doi:10.1523/JNEUROSCI.2041-09.2009 

94. Topçu Ç, Marks VS, Saboo K V., et al. Hotspot of human verbal memory encoding in the left 

anterior prefrontal cortex. EBioMedicine. 2022;82:104135. 

doi:10.1016/j.ebiom.2022.104135 

95. Kucewicz MT, Berry BM, Kremen V, et al. Electrical Stimulation Modulates High γ Activity 

and Human Memory Performance. eNeuro. 2018;5(1):ENEURO.0369-17.2018. 

doi:10.1523/ENEURO.0369-17.2018 

96. Beatty J. Task-evoked pupillary responses, processing load, and the structure of processing 

resources. Psychol Bull. 1982;91(2):276-292. doi:10.1037/0033-2909.91.2.276 

97. Laeng B, Sirois S, Gredebäck G. Pupillometry. Perspectives on Psychological Science. 

2012;7(1):18-27. doi:10.1177/1745691611427305 

98. Murphy PR, O’Connell RG, O’Sullivan M, Robertson IH, Balsters JH. Pupil diameter covaries 

with BOLD activity in human locus coeruleus. Hum Brain Mapp. 2014;35(8):4140-4154. 

doi:10.1002/hbm.22466 



110 
 

99. Peysakhovich V, Dehais F, Causse M. Pupil Diameter as a Measure of Cognitive Load during 

Auditory-visual Interference in a Simple Piloting Task. Procedia Manuf. 2015;3:5199-5205. 

doi:10.1016/j.promfg.2015.07.583 

100. Kang OE, Huffer KE, Wheatley TP. Pupil Dilation Dynamics Track Attention to High-Level 

Information. PLoS One. 2014;9(8):e102463. doi:10.1371/journal.pone.0102463 

101. van der Wel P, van Steenbergen H. Pupil dilation as an index of effort in cognitive control 

tasks: A review. Psychon Bull Rev. 2018;25(6):2005-2015. doi:10.3758/s13423-018-1432-y 

102. Kucewicz MT, Dolezal J, Kremen V, et al. Pupil size reflects successful encoding and recall of 

memory in humans. Sci Rep. 2018;8(1):4949. doi:10.1038/s41598-018-23197-6 

103. Jepma M, Nieuwenhuis S. Pupil Diameter Predicts Changes in the Exploration–Exploitation 

Trade-off: Evidence for the Adaptive Gain Theory. J Cogn Neurosci. 2011;23(7):1587-1596. 

doi:10.1162/jocn.2010.21548 

104. Wainstein G, Rojas-Líbano D, Crossley NA, Carrasco X, Aboitiz F, Ossandón T. Pupil Size 

Tracks Attentional Performance In Attention-Deficit/Hyperactivity Disorder. Sci Rep. 

2017;7(1):8228. doi:10.1038/s41598-017-08246-w 

105. de Gee JW, Knapen T, Donner TH. Decision-related pupil dilation reflects upcoming choice 

and individual bias. Proceedings of the National Academy of Sciences. 2014;111(5). 

doi:10.1073/pnas.1317557111 

106. Kret ME, Sjak-Shie EE. Preprocessing pupil size data: Guidelines and code. Behav Res 

Methods. 2019;51(3):1336-1342. doi:10.3758/s13428-018-1075-y 

107. Mathôt S, Fabius J, Van Heusden E, Van der Stigchel S. Safe and sensible preprocessing and 

baseline correction of pupil-size data. Behav Res Methods. 2018;50(1):94-106. 

doi:10.3758/s13428-017-1007-2 

108. Cohen MX. Where Does EEG Come From and What Does It Mean? Trends Neurosci. 

2017;40(4):208-218. doi:10.1016/j.tins.2017.02.004 

109. Cohen MX. Analyzing Neural Time Series Data : Theory and Practice. The MIT Press; 2014. 

110. Machetanz K, Gallotti AL, Leao Tatagiba MT, et al. Time-Frequency Representation of 

Motor Evoked Potentials in Brain Tumor Patients. Front Neurol. 2021;11. 

doi:10.3389/fneur.2020.633224 

111. Zawar I. An EEG in Time Saves Nine: Predicting Cognitive Decline in Epilepsy. Epilepsy Curr. 

2025;25(4):277-279. doi:10.1177/15357597251333158 

112. Harvey PD. Clinical applications of neuropsychological assessment. Dialogues Clin Neurosci. 

2012;14(1):91-99. doi:10.31887/DCNS.2012.14.1/pharvey 



111 
 

113. Hermann BP, Seidenberg M, Bell B. The neurodevelopmental impact of childhood onset 

temporal lobe epilepsy on brain structure and function and the risk of progressive cognitive 

effects. In: 2002:429-438. doi:10.1016/S0079-6123(02)35040-4 

114. Helmstaedter C. Cognitive outcomes of different surgical approaches in temporal lobe 

epilepsy. Epileptic Disorders. 2013;15(3):221-239. doi:10.1684/epd.2013.0587 

115. Kucewicz MT, Berry BM, Miller LR, et al. Evidence for verbal memory enhancement with 

electrical brain stimulation in the lateral temporal cortex. Brain. 2018;141(4):971-978. 

doi:10.1093/brain/awx373 

  


