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Abstract

This thesis investigated how two high-intensity interval training (HIIT) protocols—
Psychological HIIT with fixed bout durations and Physiological HIIT with individ-
ualized bout durations based on each participant’s time limit at maximal aerobic
speed (MAS)—influence EEG oscillations and affect responses in untrained fe-
male participants. The primary research question examined whether differences
in interval structure led to distinct neural recovery patterns and post-exercise af-
fect responses. Three objectives were addressed: (1) to assess the effects of each
HIIT protocol on enjoyment, perceived exertion, affective valence, and mood; (2)
to compare post-exercise changes in EEG theta, alpha, and beta power, including
frontal asymmetry, between protocols; and (3) to examine correlations between
EEG changes and perceptual and affect measures. Twenty untrained female partic-
ipants completed both HIIT protocols in a within-subjects crossover design. EEG
activity (theta, alpha, and beta power, as well as frontal asymmetry) was recorded
before and after exercise during seated rest and a cognitive task (Tetris). Affect mea-
sures included enjoyment (Physical Activity Enjoyment Scale; PACES), perceived
exertion (RPE), affective valence (Feeling Scale), and mood state (Profile of Mood
States; POMS). EEG signals were preprocessed using ICA for artifact removal and
analyzed using Welch’s power spectral density method.

Results showed that Psychological HIIT was associated with higher post-exercise
enjoyment (p = 0.009) and lower anger scores (p = 0.040) compared with Physi-
ological HIIT, despite similar perceived exertion during exercise. EEG analyses
revealed greater post-exercise increases in theta, alpha, and beta power follow-
ing Psychological HIIT, particularly over frontal and central regions. During the
post-exercise Tetris task, a distinct theta-band frontal asymmetry pattern emerged:
Physiological HIIT was associated with a right-dominant shift, whereas Psycholog-
ical HIIT showed a left-dominant shift. Exploratory correlation analyses further
indicated inconsistent and protocol-specific associations between EEG changes and
affect outcomes.

Overall, these findings indicate that HIIT interval structure influences both EEG
oscillatory activity and affect responses. Differences between Psychological and
Physiological HIIT were observed in post-exercise neural and perceptual outcomes,
indicating that interval structure is associated with exercise-related responses.
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Chapter 1

Introduction

High-Intensity Interval Training (HIIT) is a form of interval training that alter-
nates between short bouts of high-intensity exercise and periods of lower-intensity
rest. In several cases, high-intensity exercise is prescribed at intensities associ-
ated with an important predictor of performance: maximal oxygen consumption
(VOomax) [12]. These intensities are often referred to as Maximal Aerobic Speed
(MAS) since VO,max is an indicator of aerobic fitness. These high-intensity inter-
vals at MAS typically last from a few seconds to a few minutes and are followed by
active (easy exercise) or passive (no exercise) recovery periods [44]. The health ben-
efits of HIIT are significant, as it has been shown to improve cardiovascular health,
reduce fat mass, and increase fitness (e.g., VO,max) [85]. HIIT’s time efficiency is
a key advantage when compared to traditional exercise modalities (e.g., moderate-
intensity continuous training). While continuous exercise typically requires longer
periods of sustained effort at light-to-moderate intensity, HIIT can achieve similar
benefits in much shorter session durations (e.g., 20 minutes versus 60 minutes),
making it particularly appealing for individuals with busy schedules [35, 99].

A specific design of HIIT sessions became popular in the exercise science litera-
ture due to its positive psychological responses. In this thesis, we refer to this type
of HIIT as Psychological HIIT. The bout duration of Psychological HIIT is usually one
minute, and the work-to-rest ratio is commonly 1:1, meaning one minute of effort
followed by one minute of rest. The number of bouts depends on the plan for the
total session duration, but it tends to be no more than 15 bouts (approximately 30
minutes total duration) [94, 98]. Research has shown that running bouts of approx-
imately one minute appear to be more enjoyable when compared to longer bout
durations [98].

Another alternative to prescribing HIIT at MAS, comprehensively studied dur-
ing the 1990s and 2000s, is the one proposed by Billat et al. [11]. In this thesis, we
refer to this type of HIIT as Physiological HIIT. Similar to Psychological HIIT, the
work-to-rest ratio of Physiological HIIT is commonly 1:1. However, the duration of
the high-intensity exercise bout is determined by another variable, called time limit
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(tim) at MAS. Besides determining MAS, prescribing this type of HIIT requires par-
ticipants to complete the tjim at MAS test, which consists of measuring how long an
individual can exercise at their MAS. The use of tji, at MAS is justified by its greater
individualization for bout duration, as it presents a large inter-individual coefficient
of variation (25-34%, varying approximately from 2 to 12 minutes, with an average
of about 6 minutes) even when MAS is homogeneous [11]. This large variation is ex-
plained by inter-individual differences in anaerobic capacity, which physiologically
reflects the ability to sustain intensities near the occurrence of VO,max [68]. Even
though this HIIT approach is associated with performance-related benefits due
to its enhanced physiological foundation, it is not well known whether this HIIT
design results in more positive affect responses given its greater individualization.

Affect responses, especially exercise enjoyment, are considered key compo-
nents in explaining exercise adherence [34]. This is particularly relevant for un-
trained populations that use running to increase physical activity levels, which
has increased among female individuals [60]. Research has shown mixed results
regarding affect experienced during HIIT, with some studies reporting negative
affect [39, 96], whereas others have noted positive affect [55, 59, 66]. These discrep-
ancies may be explained by neurophysiological factors and the interaction between
brain activation, feelings, and emotions.

The relationship between brain activation and emotion can be conceptualized
through electroencephalographic (EEG) asymmetry in frontal brain regions, which
has been linked to affect responses [80]. Asymmetry in these regions reflects pre-
dispositions to emotional reactions, with right frontal activation associated with
negative emotions and left frontal activation linked to positive emotions [90]. Rest-
ing EEG asymmetry serves as a biological marker for affect responses, predicting
emotional responses to stimuli [97]. Heller’s framework [52, 53] proposes that affect
responses can be evaluated along two dimensions: valence (pleasure vs. displea-
sure) and arousal (high vs. low). According to this framework, valence is assessed
through EEG activity in anterior brain regions, while arousal is linked to activity
in the right parietal region, reflecting physiological and autonomic responses to
emotional stimuli.

In the context of exercise, EEG activity changes across frequency bands, includ-
ing delta (1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), and gamma (>30 Hz), reflect
shifts in cognitive and emotional states. Acute exercise has been shown to increase
cortical activity, enhancing cognitive functions such as attention and working mem-
ory, and altering EEG frequencies [45]. Moreover, Gramkow et al. [45] highlighted
that changes in theta, alpha, and beta oscillations are commonly reported when
assessing the effects of HIIT.

Acute exercise is not only a peripheral physiological stressor; it may also be
accompanied by short-term changes in brain activity that can be examined with
EEG. High-intensity exercise, in particular, is likely to engage processes such as
attentional control, interoceptive monitoring, and fatigue-related regulation, which
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have been associated with fronto-central networks and oscillatory dynamics. For
instance, theta-band activity has been linked to cognitive control and performance
monitoring [21], processes that may be especially relevant during HIIT where par-
ticipants repeatedly regulate effort across bouts and recovery. In parallel, prior
HIIT research suggests that protocol characteristics (e.g., interval duration and
work-rest structure) can influence perceptual and psychological responses such as
perceived exertion and enjoyment [6, 57, 58, 74]. Taken together, this literature mo-
tivates examining whether different HIIT prescriptions (fixed-bout “Psychological”
vs. individualized-bout “Physiological”) are associated with differences in post-
exercise EEG measures (e.g., theta/alpha/beta power changes) that may reflect
variation in neural responses to intermittent physiological demands.

EEG is also relevant to the study of mood and affect because several theoretical
and empirical frameworks relate frontal activity patterns to emotional and moti-
vational tendencies. Frontal EEG asymmetry—often operationalized as relative
left-right differences in alpha-band activity—has been used to study approach-
versus withdrawal-related motivational states and traits [27]. This perspective is
useful in exercise research because acute exercise is frequently associated with
changes in affective state (e.g., shifts in mood dimensions such as tension, vigor,
or overall mood disturbance) [14, 31, 103], and affective responses are thought to
contribute to adherence and engagement, including in demanding modalities such
as HIIT [6, 57]. Moreover, exercise can be treated as a state manipulation that may
alter frontal activity relative to baseline (i.e., from “activity” at rest to post-exercise
“activation”), consistent with recommendations to interpret asymmetry measures
as potentially reflecting both trait-like and state-sensitive processes depending on
context. In the exercise literature, a systematic review has summarized evidence
linking prefrontal asymmetry to psychological responses to exercise [91], and re-
lated work has examined whether regional brain activation measures are associated
with affective responsivity to acute exercise [79]. Collectively, these findings pro-
vide a rationale for testing whether post-HIIT EEG changes covary with enjoyment,
perceived exertion, and mood outcomes in the present thesis.

The relationship between EEG measures and affect responses has been largely
examined in different types of exercise (e.g., light and moderate continuous exer-
cise), but not in HIIT. Exercise and affect research has consistently demonstrated
that exercise elicits a “feel-better” effect, including decreased state anxiety, anger,
and tension, and increased perceived vigor and pleasure [101]. Investigations have
examined how EEG alterations, specifically in the frontal areas, relate to these affect
responses. For example, aerobic continuous exercise research has demonstrated
that brain activation changes, such as increased alpha and theta activity [61, 69].
These investigations, however, have largely looked at moderate-intensity aerobic
exercise or less intense forms of it. Conversely, the extent to which HIIT affects neu-
rophysiological responses and the relationship these responses have with affect,
specifically enjoyment and emotional engagement, is less understood. For instance,



CHAPTER 1. INTRODUCTION 4

whereas brain activation changes due to exercise have been demonstrated in ex-
ercises such as running and tracking [69], how HIIT specifically influences these
neurophysiological responses and how they relate to affective states like enjoyment
or exertion is yet to be investigated. This constitutes a significant literature gap in
that the HIIT protocols, including psychological and physiological HIITs, due to
their distinct intermittent nature (i.e., number of bouts and bout duration), may
induce a different pattern of brain activation and emotional responses that are not
accounted for in research on other types of exercise.

From a computer science perspective, the current study utilizes advanced com-
putational approaches to process and analyze large, multimodal datasets. Data
acquisition is the first step, where EEG signals are collected alongside percep-
tual variables (rating of perceived exertion [RPE], enjoyment, pleasure/displeasure
feelings, and mood state). Next, the EEG signals are subjected to signal processing
methods such as the Fast Fourier Transform (FFT) and Welch’s method to estimate
power spectral densities and extract relevant spectral features. Then, the data are
pre-processed using Independent Component Analysis (ICA) to remove noise and
artifacts (i.e., eye movements and muscle activity), ensuring signal integrity and
reliability for subsequent analysis. These methods showcase the practical applica-
tion of computer science tools in neuroscience, highlighting their role in managing,
processing, and analyzing complex datasets. In this study, we further explore the
potential to apply these tools in the context of exercise science to better understand
differences in perceptual affect markers.

Main Objective The main objective of this thesis is to determine whether two HIIT
prescriptions—a fixed-bout protocol (Psychological HIIT) and an individualized-
bout protocol (Physiological HIIT)—are associated with different post-exercise EEG
responses and affective outcomes (enjoyment, perceived exertion, affective valence,
and mood) in untrained female participants, and to evaluate whether EEG changes
are related to these perceptual and mood measures.

Specific Objectives and Work Steps

Step 1 (Data preparation). EEG and questionnaire data are organized by partici-
pant, protocol (Psychological vs. Physiological), and timepoint (pre vs. post).
Standardized preprocessing is applied to obtain artifact-reduced EEG signals
suitable for analysis.

Step 2 (EEG feature extraction). For each protocol and timepoint, spectral features
are extracted by computing band-limited power in theta, alpha, and beta
ranges, and deriving pre-to-post change scores.

Step 3 (Protocol comparison). Post-exercise EEG power changes are compared be-
tween Psychological and Physiological HIIT to test whether the two prescrip-
tions are associated with different neurophysiological responses.
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Step 4 (Affective and perceptual outcomes). Enjoyment, perceived exertion, affec-
tive valence, and mood outcomes are quantified and compared between pro-
tocols to characterize differences in subjective response profiles.

Step 5 (Brain—-behavior relationships). Associations between EEG changes (the-
ta/alpha/beta power) and affective/perceptual measures are examined to
identify potential neurophysiological correlates of enjoyment, exertion, and
mood responses.

Contribution This thesis contributes empirical evidence on whether fixed-bout
versus individualized-bout HIIT prescriptions are associated with different post-
exercise EEG oscillatory responses and affective outcomes in an untrained female
sample. Methodologically, the work provides a reproducible workflow for extract-
ing band-power features (theta, alpha, beta) from pre/post exercise EEG recordings
and relating these neurophysiological indices to enjoyment, perceived exertion,
affective valence, and mood measures. By combining standardized EEG prepro-
cessing with feature extraction and brain-behavior analyses, the study offers a
structured approach for investigating neurophysiological correlates of affect dur-
ing HIIT.

Thesis Structure This thesis is organized as follows: Chapter 1 introduces HIIT,
distinguishes the Psychological and Physiological prescriptions, and motivates the
study by linking affective responses with EEG-based markers of brain activity.
Chapter 2 reviews the relevant literature on HIIT protocol design, affect and per-
ceptual responses to exercise, and EEG-based findings (including oscillatory activity
and frontal asymmetry) in the context of exercise and mood. Chapter 3 details the
methodology, including participant recruitment, the four-visit experimental proto-
col, EEG and perceptual measurements, and the preprocessing and statistical anal-
ysis pipeline. Chapter 4 presents the results, first describing perceptual and mood
outcomes and then reporting post-exercise EEG changes (theta, alpha, and beta
power, including frontal asymmetry) and exploratory EEG-behavior associations.
Chapter 5 discusses the findings in relation to prior work, outlines limitations and
strengths, and highlights implications for understanding affective and neurophysi-
ological responses to different HIIT prescriptions. Finally, Chapter 6 concludes the
thesis by summarizing the main contributions and proposing directions for future
research.



Chapter 2

Literature Review

This chapter positions the thesis within two complementary research areas: sports
science and computer science. From the sports science perspective, we summarize
how HIIT can be prescribed (including fixed-bout and individualized approaches)
and how interval structure relates to perceptual and affective responses that are
relevant to adherence. From the computer science perspective, we summarize the
signal-processing and analytical methods required to extract reproducible EEG fea-
tures from noisy recordings (e.g., spectral estimation using FFT/Welch methods
and artifact correction using ICA), and we motivate why these methods are neces-
sary for studying exercise-related brain dynamics. Together, these sections establish
the conceptual and methodological foundation for comparing Psychological versus
Physiological HIIT using integrated behavioral and EEG outcomes.

2.1 Overview of High-Intensity Interval Training (HIIT)

In 2007, HIIT was defined by Gibala et al. as a type of exercise involving alternating
bouts of very high-intensity exercise, usually at 80-100% of maximal effort, with
low-intensity active recovery or passive rest [42, 43]. In many cases, the high-
intensity work is prescribed at intensities associated with VO,max, a key predictor
of aerobic performance, and expressed as maximal aerobic speed (MAS) [12]. Later,
in 2014, Gibala et al. specified that these intervals at MAS generally last from a few
seconds to a few minutes and are interspersed with either active (light exercise) or
passive (rest) recovery periods [44].

Interval training was first described in cardiac rehabilitation research in 1972,
where patients cycled at high work rates for 60 seconds with 30 seconds of rest be-
tween periods, allowing them to exercise for at least double the duration compared
with continuous cycling [92]. By 1979, high-intensity exercise was recommended to
improve cardiovascular function in patients with recent myocardial infarctions [77].
These findings were important, and evidence from both the general population and
athletic cohorts has demonstrated that higher exercise intensity augments training

6
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adaptations, including VO,max, anaerobic threshold, stroke volume, and perfor-
mance [99]. One of the major advantages of HIIT is its time efficiency, as it can
provide similar or superior health benefits compared to continuous training in a
shorter duration, addressing common barriers such as lack of time and motiva-
tion [99]. Compared with moderate-intensity continuous training (MICT), HIIT
can achieve equal or greater improvements in VO,max, stroke volume, and overall
cardiovascular fitness in less total exercise time [99]. Furthermore, for individuals
with long-term health conditions, brief bouts of high-intensity exercise may feel
easier on breathing than sustained continuous exercise without breaks [9]. Collec-
tively, evidence accumulated over the past several decades has established HIIT as a
time-efficient and effective approach for both clinical and public health applications.

The design of a HIIT protocol, particularly the length of work intervals, can sig-
nificantly influence training adaptations. Franch et al. [38] showed that prolonged
intense running and longer intervals improved running economy and time to ex-
haustion more than shorter intervals, even though each session was designed to
induce exhaustion in approximately 20 minutes. However, differences in running
velocity, work-to-rest ratios, and accumulated distance between protocols likely
contributed to observed physiological differences, as blood and plasma lactate con-
centrations are sensitive to work rate and exercise duration [7, 22, 23, 83]. When
these variables are controlled, it suggests that different HIIT formats may rely on
different energy systems and produce distinct adaptations. Beyond physiological
outcomes, interval length may also influence perceptual responses such as rating
of perceived exertion (RPE), which is linked to buffering capacity and lactate accu-
mulation. Since RPE can affect both exercise adherence and the number of intervals
completed in a session, understanding these responses is important for the optimal
design of HIIT protocols [84].

Two specific HIIT formats are particularly relevant to the present study. The
tirst, referred to here as psychological HIIT, uses short bout durations, typically
around one minute, with a 1:1 work-to-rest ratio (e.g., one minute of effort followed
by one minute of rest). These sessions usually last no more than 30 minutes and
have been reported to be more enjoyable than protocols involving longer work
intervals [94, 98]. The second format, referred to here as physiological HIIT, prescribes
work intervals based on an individual’s time limit (i) at MAS, determined through
a test in which the participant maintains MAS until exhaustion [11]. Although this
approach also uses a 1:1 work-to-rest ratio, the individualized bout duration may
enhance the precision of the training stimulus. This is particularly relevant because
tiim at MAS varies widely between individuals (approximately 2-12 minutes, with
an average of about 6 minutes), even when MAS is homogeneous, largely due
to differences in anaerobic capacity [68]. While physiological HIIT has a strong
physiological rationale for improving performance, its effects on affect responses
remain less well understood.
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In summary, HIIT is a time-efficient and effective method for improving cardio-
vascular fitness and performance [42, 43, 99]. However, outcomes depend on proto-
col design, as factors such as interval length, work-to-rest ratio, and total workload
influence both physiological adaptations and perceptual responses [38, 84]. Psycho-
logical and physiological HIIT illustrate how variations in interval prescription can
alter the balance between enjoyment and physiological optimization, underscoring
the importance of examining their relationship with EEG changes and perceptual
indicators, including enjoyment, perceived exertion, mood, and heart rate variabil-
ity (HRV).

2.2 Affect and Perceptual Findings in Exercise and HIIT

Affect responses during exercise, defined as the emotional experiences individuals
have while being physically active, are critical for understanding long-term exercise
participation [19, 100]. Rhodes and Kates [87] reviewed the literature and noted
that many dominant theories of physical activity behavior, such as the Theory of
Planned Behavior and Social Cognitive Theory [1, 8], primarily emphasize cognitive
processes while underrepresenting affective experiences [33, 64]. Their findings
suggest that affective valence, or how pleasant or unpleasant exercise feels, plays
a central role in shaping future motivation to exercise [87]. This view aligns with
operant conditioning theory, which posits that behaviors associated with positive
feelings are more likely to be repeated [49]. Affect responses therefore contribute to
broader motivational constructs, such as enjoyment and confidence, and ultimately
influence adherence to physical activity. Consequently, how individuals feel during
exercise is as important as the physiological effectiveness of the exercise itself,
particularly for sustaining long-term healthy behaviors [87].

HIIT has been shown to elicit a distinct pattern of affect responses. Although
HIIT and continuous exercise may impose similar cardiovascular demands, par-
ticipants often report more negative affect during HIIT sessions, including lower
scores on the Feeling Scale and higher post-exercise fatigue measured by the Profile
of Mood States (POMS) [72]. At the same time, HIIT is associated with higher
perceived exertion and arousal, indicating a more intense perceptual experience
despite matched physiological intensity [72]. These findings suggest that affect
responses during exercise are closely linked to physiological load. As exercise
intensity approaches an individual’s physical limits, feelings of pleasure tend to
decline in a dose-dependent manner [29, 89]. This has led some researchers to
caution against prescribing HIIT to untrained or inactive individuals, based on the
assumption that high intensity may be perceived as unpleasant [10, 50]. However,
more recent evidence challenges this assumption, demonstrating that individuals
with lower fitness levels can experience similar or even greater enjoyment during
HIIT compared to moderate-intensity continuous exercise [71, 73, 93].

Evidence summarized in a review indicates that how pleasant or unpleasant
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Table 2.1: Validated scales for assessing affective and perceptual responses during
exercise.

Measure Scale Format

POMS Items are rated on a 5-point Likert scale (0 = Not at all to 4 = Extremely).
The “Iceberg Profile” reflects an optimal mood state characterized by
low negative moods and high vigor.

RPE Two common versions are used:
the Borg 620 scale (6 = very, very light to 20 = maximal exertion) and the
Borg CR10 scale (0 = nothing at all to 10 = extremely strong [maximal]).

PACES Items are rated on a 7-point bipolar scale anchored by opposing de-
scriptors (e.g., “I enjoy it” to “I hate it”). Higher scores indicate greater
enjoyment.

FS The scale ranges from +5 (Very good) to —5 (Very bad), with 0 represent-

ing a neutral feeling. Positive values indicate pleasure, while negative
values indicate displeasure.

exercise feels is closely linked to how hard the body is working, and that very
intense exercise often feels unpleasant [32]. However, recent research evidence have
found that HIIT, even at very high intensity, can feel just as pleasant or even more
pleasant than moderate exercise and is often rated as more enjoyable [71, 73, 93].

2.3 Common Measures of Affect and Perceptual Responses

Several validated tools are used to assess affect and perceptual responses during
and after exercise.

The Profile of Mood States (POMS) [67, 82] is a questionnaire that measures six
mood dimensions: tension, depression, anger, fatigue, confusion, and vigor. It is
widely used in sport and exercise psychology to detect changes in mood, with the
“iceberg profile” describing a healthy mood state in which negative moods are low
and vigor is high [70].

The Ratings of Perceived Exertion (RPE) scale [16] is a self-report measure of how
hard exercise feels, based on sensations of effort, strain, breathlessness, and fatigue.
The Borg CR10 and 620 scales are commonly used, with higher scores indicating
greater perceived effort [88].

The Physical Activity Enjoyment Scale (PACES) [56] is an 18-item questionnaire
designed to measure how much a person enjoys a specific physical activity. It
is considered a reliable and valid tool for assessing enjoyment, which is strongly
linked to long-term exercise adherence.

The Feeling Scale (FS) [51] is a single-item measure of affective valence. It captures
the basic feeling of pleasure or displeasure during exercise, independent of specific
emotions [32, 36].

To provide a concise overview, these measures are summarized in Table 2.1.
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2.4 EEG-Based Affect and Cognitive Responses to HIIT

In exercise psychology research, two commonly used methods for measuring
psychological responses are self-report instruments and electroencephalography
(EEG) [18, 102]. Self-report tools, such as mood scales or questionnaires, allow
individuals to reflect on and rate their own emotional or cognitive states [102]. Al-
though subjective measures are essential, they may be prone to bias or influenced by
individual differences in perception and interpretation [18, 102]. By contrast, EEG
provides a physiological index of brain activation by recording electrical activity
across different frequency bands, including delta, theta, alpha, and beta [61, 69].
This method allows researchers to move beyond subjective evaluations, offering a
more objective lens into how exercise influences neural dynamics [61].

Numerous studies have used EEG to investigate how brain activity changes
during or after exercise, revealing distinct patterns that help explain cognitive and
emotional responses [61, 102]. For example, Boutcher and Landers [18] found
that participants who completed a 20-minute treadmill run exhibited increased
post-exercise alpha activity compared to a reading control condition. Similarly,
Petruzzello and Landers [78] reported increased alpha power in the right frontal
region following a 30-minute treadmill run, which they interpreted as reduced
brain activation. In contrast, Youngstedt et al. [61] observed post-exercise increases
in both alpha and beta activity, along with decreased theta power, suggesting en-
hanced brain activation. More recent research has challenged the assumption of
alpha-specific changes. Ciria et al. [24] reported that oscillatory brain activity in-
creased across the entire frequency spectrum during moderate-to-high intensity
exercise, with stronger effects at parieto-occipital sites. Similarly, Mierau et al. [69]
demonstrated that exhaustive exercise was accompanied by altered EEG activity
that coincided with improvements in sensorimotor adaptation, highlighting the
role of central nervous system modulation. Complementing these findings, Woo
et al. [102] showed that frontal EEG asymmetry following exercise reflected a shift
toward approach-related affect states, supporting the link between neural activa-
tion patterns and emotional outcomes. Together, these studies illustrate how EEG
provides a direct window into brain function during exercise, revealing both global
and region-specific changes in neural activity.

Overall, the combination of EEG and self-report measures provides a multidi-
mensional understanding of how exercise influences both psychological and neural
processes [61,102]. While self-report methods offer insight into subjective emotional
experience, EEG captures underlying neural activity that may not be consciously
accessible [69, 102]. These studies demonstrate that exercise can elicit measurable
changes in brain function, including shifts in alpha, beta, and theta activity, as well
as frontal asymmetry, depending on factors such as exercise intensity, duration,
and individual fitness levels [18, 24, 69, 78]. Consequently, this body of research
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supports the growing use of EEG in exercise science to complement subjective as-
sessments and to improve understanding of the psychophysiological mechanisms
underlying physical activity [24, 102].

2.5 EEG Spectral Analysis Methods: FFT, Welch, and Log
Transformations

EEG is widely used in neuroscience and clinical practice because it records brain
activity with very high temporal resolution and without the need for invasive proce-
dures [105]. EEG captures small electrical signals generated by synchronized neu-
ronal activity, which are valuable for studying cognitive functions such as memory;,
attention, language, and emotion, as well as for diagnosing neurological conditions
including epilepsy and sleep disorders [105]. Compared with intracranial EEG
(iEEG), which is recorded directly within the brain and provides higher signal fi-
delity, scalp EEG has lower spatial precision but is safer and easier to apply in most
experimental and clinical settings [105]. One of the main challenges in EEG analy-
sis is that the recorded signals are often weak and contaminated by noise, making
signal processing techniques essential for extracting meaningful information. Over
the past two decades, a wide range of analysis methods have been developed, in-
cluding event-related potential (ERP) analysis and power spectral analysis across
frequency bands [2]. These techniques enable researchers to link EEG features with
mental and affective states; however, careful selection of processing approaches is
critical, as assumptions made during data transformation can significantly influence
results [4].

EEG signals recorded at the scalp reflect a mixture of neural sources and non-
neural activity (e.g., ocular, muscular, and cardiac artifacts) and therefore require
preprocessing and signal processing steps before meaningful comparisons can be
made across conditions. In this work, preprocessing included standard steps such
as filtering to attenuate slow drifts and high-frequency noise, exclusion of non-EEG
channels, and identification/interpolation of noisy channels to improve data qual-
ity and comparability across participants. After preprocessing, spectral analysis
was used to quantify oscillatory activity in predefined frequency bands of inter-
est. Frequency-domain methods are widely used in EEG because they summarize
rhythmic activity as power distributed across frequencies, which can be interpreted
as an index of neural state and can be compared across timepoints and experimen-
tal conditions. In particular, power spectral density (PSD) estimation provides a
principled representation of how signal energy is distributed across frequencies.
PSD estimation can be implemented via FFT-based approaches; however, to obtain
more stable spectral estimates, Welch’s method is often applied by computing pe-
riodograms across overlapping, windowed segments of the signal and averaging
them. This approach reduces variance and yields smoother PSD estimates that are
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well suited for estimating band-limited power (e.g., theta, alpha, and beta). Be-
cause power values can span a large dynamic range and are often right-skewed,
logarithmic (dB) transformations are commonly applied to improve interpretabil-
ity and support statistical analysis. These concepts motivate the core EEG outcome
variables in this thesis, where band-power measures were extracted from pre- and
post-exercise recordings and summarized as pre-to-post change scores to quantify
protocol-related effects.

A second essential methodological component is artifact correction using In-
dependent Component Analysis (ICA), which is frequently used in EEG research
to separate mixed sensor-level signals into statistically independent components
that correspond to underlying sources. ICA is based on the assumption that the ob-
served EEG is a linear mixture of temporally independent sources, allowing the data
to be decomposed into components with distinct scalp maps and activation time
courses. In practice, this decomposition enables identification of artifact-related
components, such as eye blinks (typically showing strong frontal projections and
slow transient deflections), eye movements, and muscle activity (often characterized
by high-frequency content and focal scalp patterns). Removing these components
and reconstructing the signal from the remaining components reduces non-neural
variance while preserving neural activity of interest. After artifact correction and
spectral feature extraction, statistical analysis in this thesis focused on within-subject
comparisons between the Psychological and Physiological HIIT protocols. For EEG
band power, protocol effects were assessed primarily through comparisons of pre-
to-post change (POST — PRE) to control for stable individual differences in baseline
power. Normality was assessed using Shapiro-Wilk tests to guide selection of
parametric (paired ¢-test) or non-parametric (Wilcoxon signed-rank) inference, and
multiple-comparison control was considered when interpreting electrode-wise re-
sults. Finally, exploratory association analyses examined whether EEG changes
covaried with perceptual and mood outcomes, using Pearson or Spearman correla-
tions depending on normality. Together, these methods provide a coherent frame-
work for transforming raw EEG and questionnaire data into interpretable indices of
oscillatory activity and affective response, and for testing whether interval-structure
differences in HIIT are associated with distinct neurophysiological and perceptual
outcomes.

2.5.1 Fast Fourier Transform (FFT)

The Fast Fourier Transform (FFT) is one of the most commonly used methods for
analyzing EEG signals. It converts data from the time domain, which represents
how the signal evolves over time, into the frequency domain, which reflects the
strength of different neural oscillations [3]. Compared with the traditional Discrete
Fourier Transform (DFT), the FFT is computationally more efficient, making it well
suited for large EEG datasets and real-time applications [4].
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The FFT operates on short data segments, often referred to as epochs, whose
length must be equal to 2" data points (e.g., 256, 512, or 1024 samples). The trans-
formation yields two primary outputs: the power spectrum, which represents the
distribution of signal energy across frequencies, and the phase spectrum, which
reflects the timing relationships of oscillatory activity. In most EEG research, em-
phasis is placed on the power spectrum, as it captures key neural rhythms including
delta, theta, alpha, beta, and gamma bands [4].

By averaging spectral estimates across multiple epochs, FFT-based analysis re-
duces the complexity of raw EEG data and produces a stable representation of
brain activity. Owing to its computational efficiency and effectiveness, the FFT is
widely applied in domains such as brain—-computer interfaces, clinical diagnosis,
and rehabilitation engineering [3].

2.5.2 Welch’s Method for Power Spectral Density Estimation

A common approach for examining neural oscillations in EEG is the estimation
of power spectral density (PSD), which describes how signal power is distributed
across frequencies. One of the most widely used techniques for PSD estimation
is Welch’s method, which can be considered a modified and improved version of
the FFT [2]. In Welch’s method, the EEG signal is segmented into overlapping
windows, each of which is windowed and transformed into the frequency domain.
The resulting spectra are then averaged, reducing variance and yielding a smoother
and more reliable PSD estimate than that obtained from a single FFT [2].

Due to these advantages, Welch’s method is extensively used in EEG research, in-
cluding studies of brain-state classification and event-related neural activity. How-
ever, Alam et al. [2] noted that different studies often employ different PSD estima-
tion approaches, such as FFT-based methods, Welch’s method, or autoregressive
models. These methodological choices can contribute to inconsistencies across find-
ings. Consequently, careful selection, transparent reporting, and methodological
consistency in PSD estimation are essential to enhance comparability and repro-
ducibility in EEG research.

2.5.3 Welch’s Method

Welch’s method estimates the power spectral density (PSD) of EEG signals by
dividing the signal into overlapping segments, applying a window function to
each segment, computing a periodogram for each windowed segment, and then
averaging the resulting spectral estimates. Let the discrete EEG signal be x(n). The
signal is divided into L overlapping segments of length M samples with step size
D (in samples), such that

xi(n)=x(n+iD), i=0,1,...,L-1, n=0,1,..., M -1, (2.1)
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where x;(1n) denotes the ith segment. Overlap occurs when D < M, and the total
number of segments L depends on the signal length, the window length M, and
the step size D [3].

For each segment, a modified periodogram is computed as
2

M-1
Pi(f) = oz | O xilm)w(m) e 27 @2)
n=0

where w(n) is a window function (e.g., Hamming or Hann) applied to reduce
spectral leakage, and U is a normalization factor that corrects for the change in
signal power introduced by windowing. Here, MU denotes the product M - U, and
U is defined as

| M=
_ 2
u= i ;) w?(n). (2.3)

Finally, the Welch PSD estimate is obtained by averaging the periodograms across
the L segments:

L
Pua(f) = 7 D Pif) 4
i=1

This averaging reduces the variance of the spectral estimate and typically yields a
smoother PSD than a single FFT-based periodogram [3] (see figure 2.1).

2.5.4 Logarithmic Transformation (dB Scale)

In EEG analysis, power values are commonly converted to a logarithmic scale,
expressed in decibels (dB), to improve interpretability and normalize the data dis-
tribution. The logarithmic transformation is defined as

P4 = 10log,,(P), (2.5)

where P represents the power at a given frequency and Pgg is the corresponding
log-transformed value. Expressing power in decibels compresses large numerical
differences, facilitating comparisons across participants, conditions, and recording
sessions [2].

In summary, EEG spectral analysis involves transforming raw time-domain
signals into frequency-domain representations that reveal underlying neural oscil-
lations. The Fast Fourier Transform (FFT) provides a rapid and efficient means of
computing the power spectrum, while Welch’s method extends this approach by
averaging across overlapping segments to yield smoother and more reliable power
spectral density estimates [2]. Finally, logarithmic transformation using the dB scale
enhances interpretability and helps normalize power distributions across individu-
als and experimental conditions. Together, these techniques form the foundation of
modern EEG frequency analysis and are widely used in both research and clinical
applications [2].
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Figure 2.1: Welch’s method windowing for power spectral density (PSD) estimation.
A continuous EEG signal is segmented into overlapping windows (length M, step
D). Each segment is tapered with a window function w(n) (e.g., Hamming or
Hann), its periodogram is computed, and the spectra are averaged to obtain the
final PSD.

2.6 Artifacts in EEG

Electroencephalography (EEG) signals capture neural activity but can also contain
noise from non-neural sources, such as eye movements, eye blinks, and muscle ac-
tivity [46, 81]. These artifacts can reduce data quality and, if not properly managed,
may affect the interpretation of findings in frontal EEG asymmetry research [4]. x
Ocular artifacts occur when electrical activity generated by the eyes, caused by blinks
or eye movements, spreads to scalp electrodes. The eyes possess a natural electrical
polarity, and changes in gaze direction alter the surrounding electrical field, which
can be detected in EEG recordings [41, 48]. Most ocular artifact energy is concen-
trated in low-frequency bands, particularly delta and theta, although some overlap
can occur with the alpha band commonly used in asymmetry studies [54]. Evidence
suggests that ocular artifacts tend to spread relatively symmetrically across hemi-
spheres, resulting in a limited effect on alpha asymmetry indices [48]. However,
frontal pole electrodes are more susceptible to contamination, and frequent blinks
or eye movements may still influence the relationship between EEG measures and
behavioural or psychological outcomes.

Facial muscle activity represents another common source of EEG contamina-
tion [20, 40], typically measured using facial electromyography (EMG). Although
facial EMG power is predominantly expressed at higher frequencies, some activity
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Figure 2.2: Typical topographic patterns of ocular, muscular, and impedance-related
EEG artifacts.

may extend into the alpha range. In addition, facial EMG can exhibit asymme-
tries that resemble cortical activation patterns [17]. Studies that statistically ad-
just EEG data for facial EMG variance often report minimal changes in primary
results [25, 28]. Nevertheless, muscle activity originating from the forehead or
temporal regions, particularly during facial expressions or speech, can overlap with
signals recorded by nearby EEG electrodes.

Other sources of noise include changes in electrode impedance and electrical
activity associated with the heartbeat, both of which can generate misleading scalp
patterns if not identified and corrected [3].

Recognizing artifacts in scalp maps is an important step in EEG preprocessing.
Figure 2.2 illustrates typical EEG topographic patterns associated with different
artifact types. Eye blinks and horizontal eye movements often produce strong
activity at frontal or lateral electrode sites, muscle artifacts typically appear over
temporal regions, impedance-related artifacts create localized irregular patterns,
and heartbeat artifacts show rhythmic activity over central or frontal areas. In
contrast, genuine neural signals exhibit spatial distributions consistent with known
cortical sources [86]. Accurate recognition of these patterns is essential for reliable
preprocessing and subsequent analysis.

Artifact management involves rejecting contaminated data, applying correction
methods, or controlling for electrooculographic (EOG) and EMG influences. EOG
activity from eye movements and blinks can contaminate frontal EEG channels.
While these artifacts may not strongly affect alpha asymmetry, they can bias frontal
signals, making careful detection and handling essential [3].
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2.7 Independent Component Analysis (ICA) for Artifact Re-
moval

Independent Component Analysis (ICA) is a widely used technique for separating
EEG data into statistically independent components, allowing researchers to iden-
tify and remove artifacts such as eye blinks, horizontal eye movements, and muscle
activity. ICA assumes that the recorded EEG signals are linear mixtures of inde-
pendent neural and non-neural sources, which can be unmixed through statistical
decomposition [37].

The ICA-based artifact removal procedure typically involves several key steps:

* Preprocessing: Filtering and down-sampling the EEG data to improve signal
quality and prepare the dataset for decomposition.

¢ ICA Decomposition: Decomposing the EEG signal into independent com-
ponents, each characterized by a distinct spatial topography and temporal
activation pattern.

¢ Component Identification: Inspecting component scalp maps, time courses,
and spectral properties to identify components associated with artifacts (e.g.,
strong frontal topographies for eye blinks or lateralized patterns for horizontal
eye movements).

¢ Artifact Removal: Removing the identified artifact-related components and
reconstructing the cleaned EEG signal from the remaining components.

This approach enables selective removal of non-neural activity while preserving
neural signals of interest, making ICA a standard preprocessing step in modern
EEG analysis pipelines (see Figure 2.3).

2.8 Computational Perspective: EEG Feature Extraction,
Multimodal Integration, and Reproducible Pipelines

From a computer science perspective, EEG-based exercise research can be framed as
a data-pipeline problem in which high-dimensional time-series recordings must be
transformed into stable, interpretable features that support statistical comparisons
and brain-behavior analyses. Raw scalp EEG has a low signal-to-noise ratio and is
commonly contaminated by non-neural sources such as eye movements and muscle
activity. Asaresult, the validity of downstream spectral measures depends strongly
on standardized preprocessing and transparent reporting of analytical choices.
In studies that focus on oscillatory activity, a typical pipeline includes filtering
and channel selection, artifact identification and correction, spectral estimation,
and feature aggregation. Each stage reduces complexity while aiming to preserve
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Figure 2.3: Example independent component scalp maps used for artifact identifi-
cation.

physiologically meaningful neural information, ultimately producing a structured
dataset suitable for hypothesis testing.

In the present thesis, this computational framing is directly aligned with the
study design and research question. EEG was recorded in standardized states
(rest and a computerized task) at two timepoints (pre- and post-exercise) for two
HIIT prescriptions, and the analysis required that all recordings be processed con-
sistently to enable within-subject contrasts. Accordingly, the workflow converts
continuous EEG recordings into band-limited features by estimating power spec-
tral density using FFT- and Welch-based approaches and summarizing activity
within canonical frequency bands (theta, alpha, and beta). Because spectral esti-
mates can be biased by artifacts, Independent Component Analysis (ICA) is used
as an essential intermediate step to reduce structured noise sources prior to feature
extraction. The resulting features are then expressed in comparable units (including
log-transformed power in dB when appropriate) and summarized as pre-to-post
change scores (POST — PRE) for each condition and state. These change scores
provide a compact representation of exercise-related neural modulation that can be
compared between protocols and related to perceptual and mood outcomes.

A second computational requirement in this work is multimodal integration.
The perceptual and mood measures (e.g., PACES, RPE, Feeling Scale, and POMS)
represent complementary outcome variables that must be aligned with EEG-derived
features at the participant and session level. This motivates a structured data rep-
resentation in which each observation corresponds to a participant X protocol X
timepoint X state combination, with associated EEG feature vectors and question-
naire variables. The within-subject crossover design supports this integration by
allowing protocol comparisons to be made using paired contrasts, reducing the in-
fluence of stable individual differences. Finally, reproducibility considerations are
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addressed by retaining raw EEG files unchanged, exporting intermediate deriva-
tives (cleaned EEG, feature tables, and statistical outputs), and documenting key
methodological decisions (e.g., preprocessing parameters, PSD estimation settings,
artifact handling, and statistical test selection rules). Together, these principles posi-
tion the thesis within a broader research landscape where sports-science questions
about HIIT prescription are answered using transparent signal-processing pipelines
and statistically controlled inference on extracted EEG features.



Chapter 3

Methodology

3.1 Proposed Framework and Experimental Protocol Over-
view

This study followed a within-subject crossover framework in which each participant
completed two HIIT conditions (“Psychological” and “Physiological”) on separate
visits, allowing protocol effects to be evaluated while controlling for stable inter-
individual variability. Untrained female participants (age > 18) were recruited and
screened using standardized health and eligibility forms (screening interview, in-
formed consent, PAR-Q+, and GIQ), and only participants meeting inclusion criteria
and without contraindications to maximal or submaximal exercise were enrolled.
The protocol consisted of four laboratory visits completed in the Sports Studies
Laboratory, with visits separated by 48 hours to seven days. Visit 1 determined
maximal aerobic speed (MAS), Visit 2 determined time limit at MAS (tji,), and
Visits 3 and 4 comprised the two HIIT sessions delivered in randomized order.

During each HIIT visit, EEG was recorded at two standardized timepoints (pre-
exercise and post-exercise) under two states: seated resting and a computerized
attention task (Tetris). EEG was acquired using a 64-channel actiCAP/actiCHamp
system (Brain Products GmbH) positioned according to the international 10-20 sys-
tem, recorded at 1000 Hz, referenced to FCz during acquisition and re-referenced
offline to a common average. Electrode impedances were maintained below 20 kQ,
and event markers were synchronized with the EEG stream to label recording seg-
ments and task periods. In parallel, perceptual outcomes (PACES, RPE, Feeling
Scale) and mood (POMS) were collected at standardized timepoints to enable inte-
gration of neurophysiological and subjective responses.

All data were de-identified and stored in a structured directory organized by
participant identifier and visit/condition, with separate folders for raw EEG record-
ings, processed EEG outputs, and tabulated questionnaire measures. Raw EEG files
were retained unchanged, and all preprocessing outputs and analysis tables were
exported as separate derivative files to support traceability and reproducibility. The

20
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detailed participant criteria, visit procedures, and analysis steps are described in
Sections 3.1-3.3.

3.2 Data Description

The dataset comprises synchronized neurophysiological and self-report measures
collected during two HIIT sessions (“Psychological” and “Physiological”) in a
within-subject crossover design. The primary physiological signal is scalp EEG
acquired with a 64-channel actiCAP/actiCHamp system (Brain Products GmbH)
sampled at 1000 Hz, with electrodes positioned according to the international 10-20
system. For each HIIT visit, EEG was recorded at two timepoints (PRE and POST)
and under two standardized states: a seated resting period and a computerized
attention task (Tetris). Accordingly, each participant contributed up to four EEG
recordings per condition (PRE-REST, PRE-TETRIS, POST-REST, POST-TETRIS). In
addition to EEG, perceptual and affective variables were collected using validated
instruments, including the Profile of Mood States (POMS; pre- and post-session),
the Physical Activity Enjoyment Scale (PACES; post-session), and session-level rat-
ings of perceived exertion (RPE; 0-10) and affective valence (Feeling Scale; -5 to
+5), enabling integration of neural and subjective responses.

The analytical features derived from EEG focused on oscillatory activity in
established frequency ranges, specifically theta (4-7 Hz), alpha (8-13 Hz), and beta
(13-30 Hz). For each participant, condition, channel, and state, power spectral
density (PSD) was estimated from cleaned EEG data using Welch’s method, and
band-limited power was computed by averaging PSD values within each target
band. Power was expressed on a logarithmic (dB) scale to improve interpretability
and comparability across participants and sessions. The primary EEG outcome
variable was the pre-to-post change score (APower = POST — PRE), computed
separately for REST and Tetris and, for some analyses, averaged across states to
produce a single condition-level change estimate. A secondary derived feature was
frontal asymmetry, computed as the right-minus-left difference in power across
homologous frontal electrode pairs, with asymmetry change computed as AFA =
POST - PRE.

Data were organized and stored in a structured directory by participant identi-
fier and condition, with raw EEG recordings retained unchanged and all processing
outputs saved as derivative files to support traceability. Questionnaire data were
stored in tabulated format and merged with EEG-derived features by participant
and condition for statistical testing and exploratory association analyses. Prepro-
cessing and transformations prior to final analysis included band-pass filtering
(1-60 Hz), removal of non-EEG channels, bad-channel detection and interpolation,
and ICA-based artifact correction to reduce ocular and muscle contamination. Fol-
lowing preprocessing, spectral estimation, log transformation, and the computation
of change scores (POST — PRE) constituted the main transformations applied before
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statistical comparison between HIIT protocols.

3.3 Participants

A total of 20 untrained female participants (age > 18 years) were recruited through
the researchers’ professional network and word-of-mouth referrals. All participants
completed a standardized eligibility screening prior to their first laboratory visit and
provided written informed consent before taking part in any study procedures.

Before Visit 1, eligibility and health status were assessed using four documents:
a screening interview, an informed consent form, the 2020 Physical Activity Readi-
ness Questionnaire (PAR-Q+) from the Canadian Society for Exercise Physiology,
and an in-house General Information Questionnaire (GIQ). Participants were in-
cluded if they were biologically female, at least 18 years old, able to communicate
in English or French, and untrained in endurance running, defined as not having
followed a systematic running program (self-guided or supervised) for at least four
consecutive weeks and not having breaks longer than 14 days. Participants were
excluded if they reported medical conditions contraindicating maximal or submax-
imal exercise based on the PAR-Q+, a medically diagnosed cardiovascular disease,
or acute/chronic musculoskeletal injuries that could compromise safe participa-
tion in treadmill testing or HIIT sessions. When an injury or medical concern was
identified, participants were advised to consult a health-care provider to confirm
whether participation was safe.

The GIQ was used to characterize the sample by collecting demographic in-
formation (e.g., age, height, and weight), exercise and injury history, menstrual-
cycle information, pregnancy-related exercise experiences (if applicable), pelvic-
floor symptoms, gastrointestinal health, and menstrual function. Participation was
voluntary and participants could withdraw at any time without penalty. Ethical ap-
proval was obtained from the Bishop’s University Research Ethics Board (Protocol
No. 102842), and all procedures were conducted in accordance with the Declaration
of Helsinki.

3.4 Procedures

The experimental protocol consisted of four laboratory visits conducted in the
Sports Studies Laboratory, where the treadmill and EEG systems were located. Vis-
its were separated by a minimum of 48 hours and a maximum of seven days to
allow adequate recovery while maintaining scheduling consistency. All running
tests and HIIT sessions were performed on a Woodway treadmill (4Front, Wauke-
sha, WI, USA).

Visit 1 was used to determine each participant’s maximal aerobic speed (MAS)
using a graded treadmill test. Visit 2 assessed the individual time limit at MAS (tjim)
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by having participants run continuously at their MAS until volitional exhaustion.
Visits 3 and 4 consisted of two randomized HIIT sessions: a fixed-bout protocol
(“Psychological” HIIT) and an individualized-bout protocol (“Physiological” HIIT).
The order of these two HIIT visits was counterbalanced across participants as
described below.

The order of Visits 3 and 4 was randomized using block randomization to
minimize order effects. Both HIIT protocols were matched for total duration (3-
minute warm-up, approximately 20-minute main exercise bout, and 2-minute cool-
down; ~25 minutes total), exercise intensity (MAS), work-to-rest ratio (1:1), warm-
up and cool-down intensity (60% MAS), and treadmill grade (1%).

The following measures were collected at standardized time points across visits:

¢ Heart Rate (HR). continuously monitored (visits 1-4) during treadmill run-
ning tests (goal: confirm individuals reached their maximal effort).

* Rating of Perceived Exertion (RPE). Borg 6-20 scale or Borg 0-10 scale [15]
recorded at specific times during each test (visits 1 and 2 = Borg 6-20 scale;
goal: confirm individuals reached their maximal effort) or training sessions
(visits 3 and 4 = Borg 0-10 scale; goal: determine session RPE based on
measurements taken throughout the session in pre-set time points).

¢ Pleasure/Displeasure (Feeling Scale). collected during HIIT sessions in pre-
set time points (visits 3 and 4). We used the —5 (most unpleasant) to +5 (most
pleasant) Feeling Scale, and averages for each HIIT session were reported for
analysis [51].

¢ Profile of Mood States (POMS). completed pre- and post-HIIT sessions (vis-
its 3 and 4). We applied the POMS questionnaire originally developed [67].
The questionnaire allowed us to calculate five negative mood dimensions
(confusion, anger, depression, tension, and fatigue) and one positive mood
dimension (vigour). Higher values represent a greater predominance of a
given mood dimension. To complete mood state analysis, we summed the
five negative scales and subtracted the positive one. To this result, we added
100 to avoid negative numbers. This score is called Total Mood Disturbance
(TMD), and the greater it is, the worse the individual’s mood state.

* Physical Activity Enjoyment Scale (PACES). Completed following each HIIT
session (Visits 3 and 4) [56]. Scores range from 18 to 126, with higher values
indicating greater enjoyment.

¢ Electroencephalography (EEG). EEG data were collected using an actiCAP
slim system (Brain Products GmbH, Gilching, Germany) with 64 active Ag
/AgCl electrodes positioned according to the international 10-20 system.
Electrode impedance was maintained below 20 k() for all channels. Signals
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were referenced to FCz during acquisition and re-referenced to the common
average offline.

Role of the Tetris condition In addition to a seated resting recording, a brief
computerized task (Tetris) was included before and after each HIIT session to pro-
vide a standardized cognitive engagement period. Importantly, Tetris was not used
as a validated or diagnostic measure of attention; rather, it served as a practical,
repeatable task that reliably keeps participants visually engaged under consistent
instructions. The purpose of this condition was to complement resting-state EEG
with a task context in which attention, monitoring, and mental effort are more con-
sistently engaged across participants, thereby offering a second and more controlled
measurement state for post-exercise EEG. Practically, this approach also helped re-
duce extended passive sitting and uncontrolled variability in mental state during
recording (e.g., boredom, mind-wandering, or drowsiness), which can substantially
influence oscillatory activity during “rest” even when participants remain seated
and quiet. From a neurophysiological perspective, task engagement has been asso-
ciated with changes in fronto-central oscillatory dynamics, including theta activity,
which has been linked to cognitive control and performance monitoring [21, 95].
The same task timing and procedure were applied at both PRE and POST recordings
to support within-subject comparability across timepoints and protocols. Accord-
ingly, EEG outcomes were computed separately for REST and Tetris (PRE and
POST) and, for the primary topographic analyses, were also summarized using a
state-averaged index (REST+Tetris) to capture overall post-exercise change while
reducing dependence on any single recording context.

EEG signals were amplified using an actiCHamp Plus amplifier (Brain Products
GmbH, Germany) with 24-bit analog-to-digital conversion and recorded at a sam-
pling rate of 1,000 Hz. The system provided high input impedance (>1 GQ) and
low noise. Experimental event markers were synchronized with the EEG stream
via the amplifier’s marker input. EEG recordings were obtained during pre- and
post-HIIT sessions in Visits 3 and 4 (see Figure 3.1).

3.4.1 Visit 1: Baseline and MAS Assessment

The first laboratory visit aimed to determine each participant’s maximal aerobic
speed (MAS) using a maximal incremental treadmill test.

Participants began with a 3-minute warm-up at 6 km-h™!. The test started at a
speed of 8 km-h~!, with treadmill speed increasing by 1 km-h! every 3 minutes
until volitional exhaustion was reached [63]. The treadmill grade was set at 1% for
the entire duration of the test. Heart rate (H10 Polar, Kempele, Finland) and rating
of perceived exertion (RPE; Borg 6-20 scale) [15] were recorded near the end of each
stage (approximately 2 minutes and 45 seconds). Maximal effort was confirmed
when participants achieved both a heart rate >95% of age-predicted maximal heart
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Figure 3.1: Standard 10-20 EEG electrode placement system.

rate (calculated as 220 — age) and an RPE value >18. The test was terminated when
the participant was unable to maintain the required running speed despite verbal

encouragement.
MAS was determined using one of the following approaches:

* Direct MAS: If the participant completed the final stage in full, MAS was
defined as the running speed of that stage.

¢ Estimated MAS: If the final stage was not completed, MAS was calculated
using the following equation [62, 63]:

ti
MAS = Viagt + {;Sl AV (3.1)

where Vi, is the speed of the last fully completed stage (km/h), tgina is the
time (in seconds) completed in the final, incomplete stage, and AV is the speed

increment between stages (1 km/h).

3.4.2 Visit 2: Individual’s Time Limit (t};,,) Test

The objective of the second laboratory visit was to determine each participant’s time
limit (tjim) when running continuously at the MAS obtained during Visit 1.

Participants began with a 10-minute warm-up at 60% of their MAS. Immedi-
ately after, they ran continuously at their MAS speed until they reached voluntary
exhaustion [26]. Treadmill grade was also kept constantly at 1%. Heart rate and
RPE were recorded near the end of each minute to verify that maximal effort was
achieved, following the same criteria used in Visit 1.

The total running time at MAS, measured in minutes, was recorded as the
participant’s tjiy,. This value was subsequently used to determine the individualized

work-bout duration for the “Physiological” HIIT protocol.
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3.4.3 Visits 3 and 4: Randomized HIIT Protocols (“Psychological” and
“Physiological”)

Visits 3 and 4 were used to complete two treadmill-based HIIT sessions: “Psycholog-
ical” HIIT and “Physiological” HIIT. The order of these sessions was randomized
for each participant to minimize order effects. Both protocols were matched for
total duration (~25 minutes), exercise intensity (MAS), warm-up and cool-down
procedures, work-to-rest ratio (1:1), and treadmill incline (1%). The only difference
between protocols was how the high-intensity bout duration was defined: fixed
1-minute intervals for the “Psychological” HIIT and 60% of the individual’s tji, for
the “Physiological” HIIT. This adjustment consequently influenced the number of
bouts performed by each participant. Each visit lasted approximately 90 minutes
to accommodate all measurements.

Pre-Exercise Procedures At the beginning of each visit, EEG setup was performed
and required approximately 20 minutes. Once the EEG system was in place, a 15-
minute pre-exercise recording was collected, consisting of: The pre-exercise record-
ing consisted of 5 minutes of seated rest followed by 10 minutes of a computerized
attention task (Tetris).

HIIT Protocols Participants completed both HIIT sessions while wearing the EEG
cap (temporarily disconnected during exercise). Heart rate was continuously mon-
itored using the Polar Beat app (Polar, Kempele, Finland). Ratings of Perceived
Exertion (RPE; 0-10) were collected at specific intervals during exercise and later
averaged for analysis.

¢ “Psychological” HIIT: Started with a 3-minute warm-up at 60% MAS, fol-
lowed by 10 X 1-minute running bouts at 100% MAS. Each bout was followed
by 1 minute of passive recovery (1:1 ratio). The session ended with a 2-minute
cool-down at 60% MAS, for a total duration of approximately 25 minutes.

¢ “Physiological” HIIT: Used the same warm-up and cool-down procedures
but individualized the work intervals. Each high-intensity bout lasted 60%
of the participant’s time limit at MAS (tjim; measured in Visit 2), followed
by an equal duration of passive recovery. The number of intervals was ad-
justed so that the total main exercise time matched the “Psychological” HIIT
(approximately 20 minutes for the main part and 25 minutes total).

Post-Exercise Procedures After completing the treadmill session, a 15-minute
post-exercise EEG recording was collected, consisting of 5 minutes of seated rest
followed by 10 minutes of the Tetris task (see Figure 3.2).
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POMS Questionnaire EEG Rest (Pre-Exercise) EEG Tetris (Pre-Exercise) HIIT (~25 Minutes)

EEG Rest (Post-Exercise) EEG Tetris (Post-Exercise) PACES Questionnaire

Figure 3.2: Experimental timeline of a HIIT session.
3.5 Data Analysis

The perceptual and EEG datasets were analyzed in six sequential computational
phases: (1) processing of perceptual data, (2) preprocessing and cleaning of EEG
signals, (3) detection and removal of artifacts using Independent Component Anal-
ysis (ICA), (4) computation of spectral power and extraction of relevant features, (5)
statistical analysis, and (6) integration of EEG and perceptual datasets for combined
interpretation.

All analyses were performed in Python using a modular, object-oriented pipe-
line, employing established scientific computing libraries, including MNE-Python,
SciPy, NumPy, Statsmodels, Pandas, and Matplotlib for statistical modeling and
data visualization.

3.5.1 Perceptual Data Processing and Analysis

Raw perceptual measures, including enjoyment (PACES), rating of perceived exer-
tion (RPE), Feeling Scale scores, and Profile of Mood States (POMS) subscales, were
compiled into structured spreadsheets and imported into Python for analysis. Data
from the two HIIT conditions were loaded as separate data frames:

Perceptual data for the Psychological and Physiological sessions were imported
into Python as separate data frames and then harmonized by participant identifier
and condition. The corresponding code is provided in Appendix A.1.
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Data were harmonized by participant identifier and HIIT condition (“Psycholog-
ical” or “Physiological”). For mood-related outcomes, pre-to-post changes (A) were
computed programmatically for each POMS subscale (Tension, Depression, Anger,
Fatigue, Confusion, and Vigour), as well as for Total Mood Disturbance (TMD).
Normality of each variable was assessed using the Shapiro-Wilk test. Based on the
normality results, paired t-tests were applied for normally distributed variables,
while Wilcoxon signed-rank tests were used for non-normally distributed variables
to compare conditions within subjects.

Visualization followed the same decision rule. Normally distributed variables
were displayed using bar plots (mean + SD), whereas non-normally distributed
variables were visualized using box plots (median, interquartile range, and whiskers
spanning the 5th to 95th percentiles). Individual participant data points were
overlaid as small scattered dots with a slight horizontal offset to illustrate inter-
individual variability.

Figures were organized as follows: Figure 4.1 presents PACES, mean RPE, and
Feeling Scale outcomes in three panels, whereas Figure 4.2 presents POMS change
scores (A = Post — Pre) for Tension, Depression, Anger, Fatigue, Confusion, and
Vigour, along with Total Mood Disturbance (TMD), displayed across two rows of
three panels for the mood subscales and a third row containing a single panel for
TMD.

3.5.2 EEG Signal Preprocessing

EEG preprocessing was performed in MNE-Python using a standardized pipeline
to improve signal quality prior to ICA and spectral analysis. Continuous data were
band-pass filtered between 1-60 Hz with a finite impulse response (FIR) filter using
a Hamming window to attenuate slow drifts and high-frequency noise. Non-EEG
sensors were excluded so that subsequent analyses were restricted to EEG channels
only. Bad channels were identified based on abnormal signal variance (z-score > 3)
and were then interpolated using spherical spline interpolation. This preprocessing
produced a clean and consistent EEG dataset suitable for artifact decomposition and
band-power estimation.

3.5.3 ICA-Based Artifact Removal

Independent Component Analysis (ICA) was employed to identify and remove
structured EEG artifacts, including ocular activity (e.g., blinks and saccades) and
muscle-related noise. The ICA procedure consisted of the following steps:

For ICA-based artifact removal, EEG recordings from all four experimental
states (PRE-REST, PRE-TETRIS, POST-REST, and POST-TETRIS) were concate-
nated within each participant and condition to improve the stability of the decom-
position. The concatenated data were re-referenced to the standard 10-20 montage
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Figure 3.3: Representative ICA artifact component removed from the EEG data.
The scalp map shows a frontal-dominant projection, and the activation time course
includes large transient deflections characteristic of ocular activity (eye blinks/eye
movements). The component’s spectral profile is dominated by low-frequency
power, indicating potential inflation of frontal low-frequency activity in the recon-
structed EEG.

and band-pass filtered between 1-60 Hz prior to ICA. For each participant, 50 in-
dependent components were extracted. Components were then visually inspected
using their scalp topographies, activation time courses, and spectral profiles to
identify artifact-related sources (e.g., ocular or muscle activity). Identified artifact
components were removed and the cleaned EEG signals were reconstructed and
saved for subsequent analyses.

Example of removed ICA component Figure 3.3 shows a representative indepen-
dent component that was removed during preprocessing. This component displays
a strong frontal scalp projection and large transient deflections in its activation time
course, consistent with ocular activity (eye blinks/eye movements). Because ocular
artifacts are dominated by low-frequency energy and project strongly to frontal
electrodes, retaining them can artificially increase frontal low-frequency power and
bias comparisons of post-exercise changes, particularly in the theta band. After
excluding this component and reconstructing the data, these non-neural transients
were visibly reduced in frontal channels, improving the interpretability of subse-
quent spectral power analyses

3.5.4 Spectral Power Computation

For each participant, EEG frequency band, and electrode, power spectral density
(PSD) values were estimated at pre- and post-exercise time points using Welch’s
method. Power values were converted to decibels (dB) and averaged across fre-
quency bins corresponding to the target frequency bands: theta (4-7 Hz), alpha
(8-13 Hz), and beta (13-30 Hz).
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For each electrode c, frequency band b, condition (PS or PH), and recording state

s € {REST, TETRIS}, the change in spectral power between post- and pre-exercise
was computed as:

AP(b, c) = Ppost,s(b, c) = Ppre,s (b, ¢) (3.2)

In practice, band-limited power was computed in Python following the proce-
dure described in Appendix A.2.

3.5.5 EEG-Behavior Correlation Analysis

To examine whether protocol-specific neural changes covaried with affective and
perceptual outcomes, we performed within-condition correlation analyses between
EEG band-power change and questionnaire-based measures. EEG power was first
summarized as a pre-to-post change score (APower = POST — PRE) at the channel
level, after averaging power across REST and TETRIS within each timepoint. Next,
for each frequency band (theta, alpha, beta), analyses were restricted to a predefined
set of electrodes identified as significant in the corresponding topographic contrast
(PSvs. PH). For each participant and condition, APower values were averaged across
these band-specific electrodes to obtain a single summary predictor per band (e.g.,
APowerg,sig), enabling a reduced-dimensionality EEG metric for correlation testing.

Behavioral variables included session-level enjoyment (PACES), mean perceived
exertion (RPE), mean affective valence (Feeling Scale), and pre-to-post mood chan-
ges derived from POMS subscales (POST — PRE). EEG summaries and behavioral
variables were merged by participant identifier and condition (PS or PH), and
correlations were computed separately within each protocol (PS and PH) to avoid
conflating between-condition differences with within-condition associations. For
each band—outcome pair, participants with missing data in either variable were
excluded listwise for that specific test.

For inferential choice, normality of each variable was evaluated using the
Shapiro-Wilk test within the available sample for that condition. If both the EEG
predictor and the behavioral outcome were approximately normal (Shapiro-Wilk
p > 0.05 for each), Pearson’s correlation coefficient (r) was reported; otherwise
Spearman’s rank correlation (p) was used. To reduce unstable estimates, correla-
tions were computed only when at least five paired observations were available for
a given condition and variable combination. For visualization, scatter plots were
produced separately for each band and outcome, with PS and PH shown in separate
colors, and a least-squares line overlaid for each condition to aid interpretation; cor-
relation coefficients, p-values, and sample sizes were retained in a summary results
table for reporting.

Outliers and statistical validity Correlation analyses were treated as exploratory
and interpreted with caution due to the modest sample size and the possibility that
a small number of participants could exert disproportionate influence on bivariate
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associations. To reduce bias from missingness, each correlation was computed us-
ing only participants with complete data for the specific band-outcome pair, and
analyses were stratified by condition (PS vs. PH) to avoid mixing protocol-level
differences with within-condition relationships. As a basic robustness safeguard,
we required a minimum number of paired observations (at least five) prior to re-
porting any correlation. In follow-up sensitivity checks (reported as supplementary
material when applicable), associations can be re-estimated after inspecting scat-
ter plots for influential points and repeating correlations with robust alternatives
(e.g., Spearman rank correlations, or correlations computed after excluding a sin-
gle high-leverage observation) to evaluate whether the direction and approximate
magnitude of effects are stable.

3.5.6 Statistical Analysis

The statistical analysis phase aimed to determine whether changes in EEG power
(APower = POST — PRE) differed between the two HIIT protocols (“Psychological”
and “Physiological”) and to identify which scalp regions and frequency bands
showed significant effects.

In Results Sections 4.2—4.4, analyses focused on changes in EEG spectral power
(AP) computed for each participant, electrode, and frequency band as the differ-
ence between post- and pre-exercise. For the main topographic analyses, AP was
calculated using the mean APower averaged across both REST and TETRIS states
for each participant:

APgrgst(b, ¢) + APteTRIS(D, C)

AP(b,c) = >

(3.3)
where b denotes the frequency band and c denotes the EEG channel.

This averaged index AP (b, c) was used to generate the topographical scalp maps
shown in Figures 4.3— 4.5 and to perform paired comparisons between “Psycholog-
ical” (PS) and “Physiological” (PH) HIIT sessions for each frequency band.

Normality testing and test selection Before conducting PS-PH comparisons, nor-
mality was assessed using the Shapiro-Wilk test applied separately to the PS and
PH distributions for each channel. This step determined whether parametric as-
sumptions were met.

¢ If both conditions were normally distributed (p > 0.05), a paired t-test was
used to compare PS and PH values.

¢ If either condition violated normality (p < 0.05), a Wilcoxon signed-rank test
was used instead.
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Correction for multiple comparisons Because each frequency band involved sta-
tistical testing across multiple electrodes, the risk of Type I error was addressed us-
ing False Discovery Rate (FDR) correction via the Benjamini—-Hochberg procedure.
Adjusted g-values were computed for each electrode within each band. Electrodes
with g < 0.15 were considered significant at an exploratory level, and uncorrected
results with raw p < 0.05 were also displayed to illustrate spatial patterns. Notably,
no electrodes met the g < 0.15 criterion.

Summary tables and log outputs For each electrode, an automated summary
table was generated reporting the Shapiro-Wilk p-values for PS and PH (normality
outcomes), the statistical test applied (paired t-test or Wilcoxon), the uncorrected
p-value for the PS vs. PH comparison, the FDR-adjusted g-value, and a binary
indicator of significance (p < 0.05).

Topographical visualization of statistical results To support spatial interpreta-
tion, statistical results were visualized using MNE-Python’s plot_topomap function.
For each frequency band (theta, alpha, and beta), three scalp maps were generated:
the mean APower (POST — PRE) distribution for the Psychological condition (PS),
the mean APower distribution for the Physiological condition (PH), and a difference
map representing PS — PH. Channel coordinates were obtained from the standard
10-20 electrode layout using a representative BrainVision header file. A diverg-
ing color scale centered at zero was applied, where positive values indicate in-
creased power after exercise (POST > PRE) and negative values indicate decreased
power. Electrodes showing statistically significant PS-PH differences (p < 0.05)
were marked with yellow circles.

Interpretation of results The topographical maps and corresponding summary
tables provided a spatial overview of EEG power changes across the scalp and
enabled comparison between HIIT protocols within each frequency band. These
results are reported in the frequency-specific subsections for theta (Section 4.2),
alpha (Section 4.3), and beta (Section 4.4). Collectively, this approach allowed
identification of band- and region-specific modulations associated with each pro-
tocol and supported interpretation alongside the perceptual and mood outcomes
presented in the results chapter.

3.5.7 Integration of EEG and Perceptual Datasets for Interpretation of
Potential Associations

For correlation figures and summaries (Sections 4.5-4.6), channel-level EEG in-
formation was reduced to a single value per band X participant X condition by
averaging the state-averaged APower (Sections 4.2—4.4) across the set of electrodes
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identified as significant in the topographic analyses for each band:

APggst(b, ¢) + APtgTRIS(D, C)
2

ﬁ 3 AP, ¢) (3.5)

ceSy

AP(b, c) (3.4)

APy,

where S;, denotes the band-specific set of electrodes identified as significant in the
topographic analysis.

e Theta: AF3, AFz, F1, F7, FC1, C3, C4, C6, FP2, TP8
e Alpha: AF3, AFz, TP8
e Beta: AFz, F1,FC1, Fz

Perceptual variables were extracted from visit spreadsheets and included en-
joyment (PACES), session RPE (0-10), Feeling Scale (=5 to +5), and POMS change
scores (POST — PRE) for Tension, Depression, Anger, Fatigue, Confusion, Vigour,
and TMD. Datasets were merged by Participant and Condition (PS or PH).

Correlations were computed separately within each condition (PS, PH) and
for each frequency band using the following decision rule .For a given perceptual

variable Y and band summary X = ESig(b):

¢ Ifboth X and Y passed Shapiro-Wilk normality (p > 0.05), Pearson correlation
(r) was reported.

¢ Otherwise, Spearman rank correlation (p) was reported.

Scatter plots included fitted regression lines (red = PS; blue = PH). Correlation
analyses were treated as exploratory and interpreted alongside exact p-values.

Frontal asymmetry analysis Frontal asymmetry (FA) was computed from homol-
ogous left-right electrode pairs: (Fpl-Fp2), (AF3-AF4), (F3-F4), (F5-F6), (F7-F8),
(FC3-FC4), (FC5-FC6). The asymmetry convention was defined as:

FA = PRight — PLeft, (3.6)

where positive values indicate right-frontal dominance.
Per-state and per-timepoint FA: For each participant, condition, band, and state
(s € {REST, TETRIS}), FA was computed by averaging across available homologous
pairs:
1
FAb,s,t = K Z (Pb,R,s,t - Pb,L,s,t) (3.7)

(L,R)eP
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where K is the number of valid electrode pairs.where P is the set above and K is
the number of pairs present for that participant (pairs with a missing channel were
skipped).

Change scores were calculated as:

AFA = FApost — FApR. (3.8)

Within each state s, frontal asymmetry change was computed as the difference
between post- and pre-exercise values, and a state-agnostic index was obtained by
averaging REST and TETRIS deltas.

AFAp rest + AFA TETRIS

AFA, = 5

(3.9)

Statistical tests of frontal asymmetry: All FA analyses were performed separately
for each frequency band (theta, alpha, beta) and state (REST, TETRIS).

Within-condition PRE vs. POST comparisons: For each HIIT condition (“Psycho-
logical” = PS; “Physiological” = PH), we tested whether frontal asymmetry changed
from before (PRE) to after (POST) the exercise session within each recording state.
For each participant, the within-condition difference

FAyp,s,post — FAp,s PRE

was computed for each frequency band b and state s. The Shapiro-Wilk test was
applied to these paired differences to assess normality. When the distribution of
AFA values was approximately normal (p > 0.05), a paired t-test was used to test
whether the mean change differed from zero; otherwise, a Wilcoxon signed-rank
test was applied. This approach allowed us to evaluate whether frontal asymmetry
increased, decreased, or remained stable within each HIIT protocol for both REST
and TETRIS states.

Between-Condition Comparisons on AFA per State Next, we assessed whether
the change in frontal asymmetry (AFA) differed between the two HIIT protocols
within each recording state by pairing PS and PH sessions within the same partic-
ipant. For each participant, AFA was computed separately for PS and PH and the
paired difference AFAps — AFApy was then calculated. Shapiro-Wilk normality
testing was applied to these paired differences, and either a paired ¢-test (if normal)
or a Wilcoxon signed-rank test (if non-normal) was used to determine whether the
two protocols produced significantly different asymmetry changes. This analysis
indicated whether one protocol elicited a stronger hemispheric shift than the other
within a given state.
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Between-Condition Comparisons on State-Averaged AFA Finally, to obtain an
overall index independent of task state, we computed each participant’s average
AFA across REST and TETRIS and repeated the same between-condition compari-
son procedure. This test provided a general measure of protocol-related asymmetry
effects, summarizing across both states.

Outputs and Interpretation For each frequency band and state, the analysis out-
put included the p-value for within-condition PRE-POST changes (reported sepa-
rately for PS and PH), the p-value for the between-condition comparison (PS vs. PH)
on AFA within each state, and the p-value for the between-condition comparison
based on the state-averaged AFA.

Positive values of AFA indicate greater right-frontal dominance post-exercise
(i.e., increased relative power in right vs. left homologous electrodes). Accordingly,
a positive PS-PH difference suggests a stronger right-frontal activation shift during
“Psychological” HIIT compared with “Physiological” HIIT.

Participant Withdrawal and Handling of Dropouts One participant withdrew
from the study after completing Visits 1 and 2 due to an injury sustained outside
of the experimental sessions. As a result, this participant did not complete either
of the HIIT visits (Visits 3 and 4) and had no post-exercise EEG or questionnaire
data. Because the study used a within-subject crossover design requiring complete
paired observations for both HIIT conditions, this participant’s data were excluded
from all inferential analyses. All statistical tests were therefore conducted on the
final sample of participants who completed the full protocol (i.e., complete-case
analysis), and no imputation was performed.
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Results

4.1 Baseline Measures (Pre-Exercise)

A total of n = 20 untrained female participants were included in the final analyses
(mean age: 37.54 years). The average maximal aerobic speed (MAS) determined
during Visit 1 was 9.7 km/h. The average time limit at maximal aerobic speed (tiim
at MAS), measured during Visit 2 and used to prescribe the individualized-bout
protocol, was 5.5 minutes. Menstrual history collected during screening indicated
that 18 participants reported regqular menstrual cycles and 2 reported irreqular cycles;
however, menstrual-cycle phase at the time of testing and hormonal contraceptive
use were not systematically recorded in a way that could be modeled in the present
analyses. HIIT visits (Visits 3 and 4) were scheduled with a minimum separation
of 48 hours and a maximum of seven days; the exact time between sessions varied
across participants and was not treated as a predictor in the primary analyses.
Baseline (PRE) measures were collected in both conditions prior to the HIIT
session and were used as each participant’s within-subject reference point. For
perceptual outcomes, baseline mood was assessed using the POMS questionnaire
completed immediately before each HIIT session. For EEG outcomes, baseline
recordings consisted of two standardized pre-exercise states: 5 minutes of seated
rest and 10 minutes of the Tetris task. These baseline recordings were preprocessed

Table 4.1: Mean + SD of affect responses during “Psychological” and “Physiologi-
cal” HIIT sessions. *p < 0.05 compared with Physiological HIIT.

Psychological HIIT = Physiological HIIT

Measure Mean SD Mean SD

Enjoyment (PACES) 91.35* 24.33 78.10 20.04
RPE Mean 3.94 1.16 4.07 1.12
Feeling Mean 1.91 1.58 1.33 1.42

36
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Enjoyment PACES
t=2.90, p=0.009,d=0.65

RPE Mean
t=-0.43,p=0.672,d =-0.10

Feeling Mean
t = 0.070
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Figure 4.1: Behavioral responses following “Psychological” versus “Physiological”
HIIT, including enjoyment (PACES), perceived exertion (RPE; 0-10), and affective
valence (Feeling Scale; —5 to +5). Data are shown as mean + SD with paired t-tests
when normality was met; otherwise, boxplots show median and IQR with Wilcoxon
signed-rank tests. Black dots indicate paired participant values (n = 20), and white
circles indicate condition means.

using the same pipeline described in Chapter 3 and served as the PRE term in
all subsequent change-score calculations (POST — PRE). Because the study used a
within-subject crossover design, baseline comparisons were handled implicitly by
analyzing within-participant change from PRE to POST for each condition rather
than relying on between-participant baseline matching.

4.2 Perceptual Responses

A series of bar plots and boxplots were used to compare perceptual and affect
responses between the “Psychological” and “Physiological” HIIT protocols. Results
are summarized in Figures 4.1 and 4.2.

Enjoyment (PACES) was significantly higher following “Psychological” HIIT
compared with “Physiological” HIIT (p = 0.009), indicating greater positive en-
gagement. No significant differences were observed for session RPE (p = 0.672)
or affective valence measured by the Feeling Scale (p = 0.070), suggesting com-
parable perceived exertion and pleasure-displeasure responses between protocols.
Descriptive statistics are reported in Table 4.1.

Anger scores were significantly lower following the “Psychological” HIIT pro-
tocol (p = 0.040), indicating a more positive mood response in that dimension. No
significant differences were found for Tension (p = 0.831), Depression (p = 0.755),
Fatigue (p = 0.427), Confusion (p = 0.955), Vigour (p = 0.058), or Total Mood
Disturbance (p = 0.286). Table 4.2 provides a clear view of descriptive statistics for
mood dimensions.

In sum, perceptual responses showed that enjoyment (PACES) was significantly
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Figure 4.2: Changes in POMS mood subscales (A = Post—Pre) after “Psychological”
and “Physiological” HIIT: Tension, Depression, Anger, Fatigue, Confusion, Vigour,
and total mood disturbance (TMD). Panels report the specific test used (paired
t-test or Wilcoxon signed-rank) based on Shapiro-Wilk. Black dots show paired
participants; white circles are means; boxes show median and IQR (or bars = mean
+ SD for t-test panels).
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Table 4.2: Mean + SD changes (A = POST — PRE) in Profile of Mood States (POMS)
subscales for “Psychological” and “Physiological” HIIT sessions. Negative values
indicate reductions in mood states from pre- to post-exercise. *p < 0.05 compared
to Physiological HIIT mean.

Psychological HIIT ~ Physiological HIIT

Measure Mean SD Mean SD
A Tension -1.45 4.30 -0.95 3.47
A Depression  -1.50 4.05 -1.85 2.37
A Anger -1.50* 3.17 0.65 2.98
A Fatigue -0.20 3.11 0.55 2.44
A Confusion 0.10 3.28 0.15 2.72
A Vigour 0.70 2.96 -1.25 3.42
A TMD -5.25 12.79 -0.20 8.26

higher during the “Psychological” HIIT (p = 0.009), while anger was significantly
lower (p = 0.040), indicating a more positive affect experience. No significant dif-
ferences were found for RPE, Feeling Scale, or other mood dimensions (depression,
tension, fatigue, confusion, vigor).

4.3 Theta Band Analysis

Figure 4.3 highlights the difference between the “Psychological” and “Physiologi-
cal” HIIT sessions (PS — PH), indicating that theta power was significantly higher
following the “Psychological” HIIT than the “Physiological” HIIT, particularly over
frontal and central regions.

Overall, theta power differed between the two HIIT protocols: “Psychological” HIIT
showed larger post-exercise theta increases than “Physiological” HIIT at several
frontal and central electrodes

4.4 Alpha Band Analysis

Based on Figure 4.4, the “Psychological” HIIT session showed a greater increase in
alpha power compared to the “Physiological” HIIT session, particularly over frontal
and temporal regions; however, this effect was not as pronounced as that observed
for theta power (i.e., fewer electrodes showed significant differences, see Table 4.4).

In summary, alpha power changes distinguished the two HIIT conditions: “Psy-
chological” HIIT produced greater frontal-temporal alpha enhancement (typically
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THETA Band: APower Topoplots (Averaged REST + TETRIS)
PH Mean APower APower Diff (PS — PH)

Figure 4.3: Scalp topographies of theta (4-7 Hz) power change (APower = POST
— PRE), averaged across REST and Tetris. Left: Psychological HIIT (PS); middle:
Physiological HIIT (PH); right: difference (PS — PH). Warmer colors indicate in-
creased post-exercise theta power and cooler colors indicate decreases; marked
electrodes indicate significant PS-PH differences (p < 0.05).

Table 4.3: Significant electrodes showing theta band changes (POST — PRE) in the
“Psychological” HIIT session compared to the “Physiological” HIIT session. Paired-
sample tests revealed significant differences across several electrodes. The test type
(paired t-test or Wilcoxon signed-rank test) was selected based on Shapiro-Wilk
normality results.

Electrode  p-value Test Type

AF3 0.023 Wilcoxon
AFz 0.030 Paired t-test
F1 0.048 Wilcoxon
F7 0.040 Wilcoxon
FC1 0.007 Paired t-test
C3 0.044 Wilcoxon
C4 0.017 Wilcoxon
Co6 0.025 Wilcoxon
FP2 0.044 Wilcoxon

TP8 0.019 Wilcoxon
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ALPHA Band: APower Topoplots (Averaged REST + TETRIS)
PH Mean APower APower Diff (PS — PH)

Figure 4.4: Significant electrodes showing theta band changes (POST — PRE) in the
“Psychological” HIIT session compared to the “Physiological” HIIT session. Paired-
sample tests revealed significant differences across several electrodes. The test type
(paired t-test or Wilcoxon signed-rank test) was selected based on Shapiro-Wilk
normality results. (see Table 4.3)

Table 4.4: Significant electrodes showing alpha band changes (POST - PRE) in
the “Psychological” HIIT session compared to the “Physiological” HIIT session.
Paired-sample tests revealed significant changes in several electrodes. The test type
(paired t-test or Wilcoxon signed-rank test) was selected based on Shapiro-Wilk
normality results.

Electrode p-value Test Type

AF3 0.016 Paired t-test
AFz 0.007 Paired t-test
TP8 0.023 Wilcoxon

linked to positive affect) compared to “Physiological” HIIT; however, this effect was
limited to three electrodes.

4.5 Beta Band Analysis

Figure 4.5 outlines the difference between the “Psychological” and “Physiological”
HIIT sessions (PS — PH), indicating that beta power was significantly higher follow-
ing the “Psychological” HIIT than the “Physiological” HIIT, particularly over frontal
regions. Similar to the alpha band, fewer electrodes showed significant differences
compared to the theta band. (see Table 4.5)

Overall, beta power changes differentiated the two HIIT conditions, with “Psy-
chological” HIIT showing significant effects in four frontal electrodes, suggesting
stronger frontal beta activity (i.e., greater cortical activation and engagement) com-
pared to “Physiological” HIIT.

All EEG inferential comparisons were performed on change scores (APower =
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BETA Band: APower Topoplots (Averaged REST + TETRIS)
PH Mean APower APower Diff (PS — PH) ©

Figure 4.5: Scalp topographies of beta (13-30 Hz) power change (APower = POST
— PRE), averaged across REST and Tetris. Left: Psychological HIIT (PS); mid-
dle: Physiological HIIT (PH); right: difference (PS — PH). Warmer colors indicate
increased post-exercise beta power and cooler colors indicate decreases; marked
electrodes indicate significant PS-PH differences (p < 0.05).

Table 4.5: Significant electrodes showing beta band changes (POST — PRE) in the
“Psychological” HIIT session compared to the “Physiological” HIIT session.

Electrode p-value Test Type

AFz 0.012 Wilcoxon
F1 0.008  Wilcoxon
FC1 0.021 Wilcoxon
Fz 0.040 Wilcoxon

POST — PRE) rather than on POST values alone. This approach was selected be-
cause the primary aim was to quantify protocol-related differences in post-exercise
change while accounting for stable individual differences in scalp power and any
day-to-day variability between sessions. Using APower also aligns with the within-
subject crossover design, where each participant serves as their own baseline within
each condition. For visualization, Figures 4.3— 4.5 display the mean APower to-
pographies for each protocol and the PS-PH difference map; the underlying PRE
and POST power values are not shown separately to keep figures compact and to
emphasize the main inferential target (protocol differences in pre-to-post change).
For completeness, future versions could include supplementary PRE and POST
topographies; however, the statistical conclusions in the present thesis are based on
APower as defined above.

4.6 Frontal Asymmetry Analysis

Frontal asymmetry (FA), computed as the difference in power between homologous
right and left frontal electrode pairs (e.g., F4 — F3, AF4 — AF3), was examined for
the theta, alpha, and beta bands. The FA index was averaged across all predefined
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Table 4.6: Statistical comparison of frontal asymmetry (FA) indices across theta, al-
pha, and beta bands. The table reports paired-sample p-values for within-condition
changes (Post—Pre) in “Psychological” (PS) and “Physiological” (PH) HIIT proto-
cols, as well as between-condition comparisons (PS vs. PH) for each state (Rest and
Tetris). A significant effect (p < 0.05) was observed for theta asymmetry during the
Tetris state. The interpretation of this significant difference is further explained in
Figure 4.9

Band State p-value PS p-value PH p-value PS vs. PH
(Post-Pre)  (Post-Pre)
) Rest 0.464 0.394 0.821
0 Tetris 0.372 0.030" 0.030"
0 Average (Rest+Tetris) — — 0.057
a Rest 0.508 0.271 0.691
a Tetris 0.782 0.156 0.332
o Average (Rest+Tetris) — — 0.362
B Rest 0.085 0.948 0.190
B Tetris 0.810 0.697 0.709
B Average (Rest+Tetris) — — 0.856

frontal pairs for each participant, condition, and state (Rest, Tetris), and compared
across timepoints (POST — PRE) and protocols (“Psychological” vs. “Physiological”
HIIT). Table 4.6 summarizes the resulting p-values from paired ¢-tests or Wilcoxon
signed-rank tests, depending on normality (see Figure 4.6).

Overall, no significant PRE-POST changes in frontal asymmetry were detected
within the “Psychological” HIIT (PS) condition across any frequency band. In
contrast, a significant effect emerged in the theta band during the “Physiological”
HIIT (PH) protocol under the Tetris condition (p = 0.03), and this difference was also
significant when directly comparing the two protocols (p = 0.03). The frontal theta
asymmetry results during Tetris reveal a meaningful neural difference between
the HIIT formats: PS produced a left-dominant increase in theta power (Right —
Left ~ —0.42), a pattern typically associated with enhanced cognitive readiness,
greater task engagement, and a more adaptive affect state. Conversely, PH elicited
a right-dominant increase in theta power (= +0.46), which is commonly linked
to heightened cognitive strain, reduced regulatory efficiency, or greater perceived
fatigue. Together, these findings suggest that the psychologically structured HIIT
protocol supports a more favorable post-exercise emotional state compared to the
physiologically prescribed protocol.
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TETRIS: Frontal asymmetry APower (POST — PRE, theta)
1.01 p =0.030

0.5 A 0}6
N -

—0.5

APower Asymmetry (Right — Left, dB)

PS (TETRIS) PH (TETRIS)

Figure 4.6: Frontal theta (4-8 Hz) asymmetry change during Tetris (APower = POST
— PRE; Right — Left across frontal pairs) for Psychological (PS) and Physiological
(PH) HIIT. Bars show mean + SEM; the between-protocol comparison is annotated
(p = 0.030).

4.6.1 Theta Band Correlations

Correlational analyses were performed to explore associations between theta power
changes (APower = POST — PRE; averaged across significant electrodes) and per-
ceptual measures across the “Psychological” (PS) and “Physiological” (PH) HIIT
sessions. Within the “Physiological” condition, greater theta power increases were
significantly associated with reductions in total mood disturbance (TMD; r = —0.46,
p = 0.040) and tension (r = —0.51, p = 0.020), suggesting that enhanced theta ac-
tivity after exercise was linked to more positive mood states. A marginal positive
trend was also observed between theta power and self-reported pleasure (Feeling
Scale; r = 0.44, p = 0.054). In contrast, no significant associations were found in the
“Psychological” protocol.

4.6.2 Alpha Band Correlations

Correlational analyses examined the relationships between alpha power changes
(APower = POST - PRE; averaged across significant electrodes) and perceptual
variables across both HIIT sessions (Figure4.7). The “Physiological” HIIT session
showed a more consistent pattern of negative relationships between AAlpha power
and mood disturbance indicators. In particular, higher post-exercise alpha power
was marginally related to lower scores in tension (r = —0.42, p = 0.068) and anger
(r = =0.40, p = 0.082). Overall, most correlations in the “Physiological” HIIT
condition were weak and non-significant. In “Psychological” HIIT, correlations
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were weaker, less consistent, and non-significant across all cases (see Figure’4.8).

4.6.3 Beta Band Correlations

Correlations between beta (13-30 Hz) power changes (APower = POST — PRE; aver-
aged across significant electrodes) and behavioral or affective variables showed that,
among all frequency bands, beta exhibited the strongest association, with a signifi-
cant positive correlation between ABeta power and enjoyment (r = 0.61, p = 0.005)
during the “Psychological” HIIT protocol. This suggests that greater increases in
beta activity were linked to higher reported enjoyment, potentially reflecting en-
hanced cortical activation and affective engagement. In contrast, correlations in
the “Physiological” HIIT protocol were weak and non-significant, with small neg-
ative or near-zero associations across most affective measures, indicating limited
coupling between beta modulation and perceptual responses. Overall, higher beta
power during “Psychological” HIIT may reflect greater alertness and engagement;
however, these findings should be interpreted with caution, as this was the only
significant correlation observed.
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Figure 4.7: Correlations between mean theta APower (POST — PRE; averaged across
significant electrodes for both HIIT protocols and across the Rest and Tetris condi-
tions) and behavioral or affective variables for “Psychological” (red) and “Physio-
logical” (blue) HIIT protocols. Data points represent individual participants, with
regression lines shown for each condition. Correlation coefficients are displayed as
r for normally distributed data (Pearson’s correlation) and p for non-normal data
(Spearman’s correlation), along with their corresponding p-values.
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Figure 4.8: Correlations between mean alpha APower (POST - PRE; averaged across
significant electrodes) and perceptual variables for “Psychological” (red) and “Phys-
iological” (blue) HIIT sessions. Points represent participants, with regression lines
for each condition. Correlation coefficients are reported as r (Pearson) or p (Spear-
man), with corresponding p-values.
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Figure 4.9: Correlations between mean alpha APower (POST-PRE; averaged across
significant electrodes) and perceptual variables for “Psychological” (red) and “Phys-
iological” (blue) HIIT sessions. Points represent participants with regression lines
for each condition. Correlations are reported as r (Pearson) or p (Spearman) with
corresponding p-values.



Chapter 5

Discussion

This thesis investigated how two types of high-intensity interval training (HIIT)
protocols—“Psychological” HIIT with fixed bout durations and “Physiological”
HIIT with individualized bout durations (i.e., based on the individual’s time limit
at MAS)—influence EEG oscillations and affect responses in untrained female par-
ticipants. The overarching research question examined whether these two HIIT
formats, which differ primarily in their interval structure, elicit different neural re-
covery patterns and post-exercise affect responses. To address this question, three
objectives were pursued: (1) to examine the effects of each HIIT protocol on enjoy-
ment, perceived exertion, affective valence, and mood; (2) to compare post-exercise
changes in EEG theta, alpha, and beta power (including frontal asymmetry) between
the two protocols; and (3) to investigate the relationships between EEG changes and
these perceptual and affective measures to provide an integrated understanding of
how neural activity and psychological responses co-vary following HIIT.

Regarding the first objective, perceptual and affective measures revealed con-
sistent patterns across both protocols. Perceived exertion was comparable be-
tween conditions (RPE = 3.94 + 1.16 vs. 4.07 £ 1.12; p = 0.67), confirming sim-
ilar workload. However, enjoyment (PACES) was higher following the “Psycho-
logical” HIIT (91.35 + 24.33 vs. 78.10 + 20.04; p = 0.009, d = 0.65), and Feeling
scores were more positive (1.91 + 1.58 vs. 1.33 + 1.42; p = 0.070). POMS sub-
scales showed small-to-moderate improvements, including a significant reduction
in Anger (A = -1.50 + 3.17; p = 0.040) and a trend toward increased Vigour
(A =0.70 £2.96; p = 0.058). These findings suggest that although both protocols
imposed comparable physiological effort, the fixed and shorter bouts and the pat-
tern of the “Psychological” HIIT likely contributed to higher enjoyment and more
positive mood.

The second objective focused on EEG dynamics following exercise. Post-exercise
increases in theta, alpha, and beta power were observed in the “Psychological” HIIT
condition compared to the “Physiological” HIIT. Theta power increased across
frontal and central sites (e.g., AF3, AFz, FC1, C4). Alpha power also increased,
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with the strongest changes seen over frontal and temporal regions (AF3, AFz, TP8).
Beta power showed post-exercise increases at frontal and fronto-central electrodes
including AFz, F1, FC1, and Fz. No asymmetry effects were detected in the al-
pha or beta bands; however, a theta-band asymmetry emerged during the Tetris
condition, driven by a right-frontal shift following the “Physiological” HIIT proto-
col (p = 0.030) and a corresponding difference between the two protocols. Overall,
these results indicate that the “Psychological” HIIT protocol produced greater post-
exercise oscillatory changes across multiple frequency bands, particularly within
frontal and central regions.

The third objective examined correlations between EEG and perceptual mea-
sures. Although most correlations were not significant and inconsistent, a few
meaningful patterns emerged. In the “Psychological” condition, beta power change
positively correlated with enjoyment (r = 0.61, p = 0.005), suggesting that greater
beta enhancement corresponds to a more positive affect response. In the “Physiolog-
ical” condition, theta power was negatively correlated with total mood disturbance
(r = —0.46, p = 0.040) and tension (r = —0.52, p = 0.020), consistent with the role
of theta in affect regulation. Weak negative trends between alpha power and anger
or tension (r = —0.4) also suggested links with emotional stability; however, these
results should be interpreted with caution. Although preliminary and inconsistent,
these relationships point toward possible connections between neural activity and
affective experience following HIIT.

5.0.1 Perceptual Responses

Our findings on participants’ post-exercise experiences align with evidence that
a single exercise session can improve mood and reduce negative affect responses
such as anxiety and fatigue [103]. Work in exercise psychology indicates that affect
responses during exercise influence future exercise behavior and are shaped by the
structure of the workout [31, 32].

Research comparing interval formats shows that shorter work intervals, as op-
posed to longer or time-to-exhaustion bouts, are often associated with higher enjoy-
ment and lower perceived exertion, even when overall workload is similar [6, 12, 73].
A comparable pattern emerged in our study. Although the “Psychological” and
“Physiological” HIIT protocols elicited similar levels of perceived exertion (RPE),
the “Psychological” HIIT produced higher enjoyment (PACES) and a more positive
mood response in the anger dimension.

Evidence from the HIIT literature shows that high-intensity exercise does not
necessarily lead to negative affect when it is performed in intervals, as recovery
periods support more positive affect responses [57]. Short, near-maximal intervals
of approximately 60 seconds have been shown to elicit affect responses compara-
ble to continuous moderate-intensity exercise and more positive than continuous
vigorous exercise across inactive and clinical populations [5, 47, 57]. Research on
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perceived exertion further indicates that shorter intervals are experienced as less
demanding than longer intervals or continuous exercise, even when total workload
is matched. Longer intervals (e.g., 2 minutes) tend to feel more difficult, partly
because anticipating a sustained effort increases discomfort [58]. Supporting this
interpretation, studies on mental fatigue demonstrate that increased cognitive effort
elevates perceived exertion and reduces endurance performance without changes
in muscle function, highlighting the importance of cognitive recovery during high-
intensity exercise [65, 75].

Consistent with these findings, Olney et al. reported higher enjoyment (PACES)
during low-volume HIIT compared with high-volume HIIT in women, despite
greater physiological stress in the higher-volume condition [74]. Martinez et al.
also showed that HIIT protocols with shorter intervals (e.g., 60 seconds) were asso-
ciated with higher post-exercise enjoyment than longer intervals (e.g., 120 seconds),
with enjoyment declining primarily in the longest-interval and continuous exercise
conditions [66]. Together, these results suggest that shorter and lower-volume HIIT
sessions may be perceived as more enjoyable and less demanding, underscoring
the importance of interval duration and structure in shaping affect and perceptual
responses to high-intensity exercise.

Within this context, the structured and time-limited design of the “Psycho-
logical” HIIT protocol in the present study may have supported a more positive
perceptual experience despite similar physical demands across protocols.

5.0.2 EEG Responses

The second objective of this thesis was to compare neurophysiological responses
across the two HIIT protocols, focusing on post-exercise changes in theta, alpha,
and beta power and on frontal asymmetry. EEG is appropriate for this purpose
because it offers a physiological complement to self-report affective measures and
allows examination of exercise-related changes in cortical activity [14]. In exercise
research, EEG has been used to study fluctuations in brain rhythms related to
emotional, cognitive, and attentional states [27, 30], and both acute and short-term
exercise have been shown to influence oscillatory activity across several frequency
bands [45].

Early investigations often reported increases in alpha power following aerobic
exercise [78]. Youngstedt [104] observed decreased theta, increased alpha, and
increased beta, indicating a shift toward faster activity and higher cortical activation.
These varied findings highlight the need to examine multiple frequency bands.
Accordingly, the present study assessed changes in theta, alpha, and beta power
across both HIIT protocols to characterize exercise-related neural responses and to
explore their association with affective and cognitive outcomes [61].

Research in affective neuroscience indicates that anterior hemispheric asymme-
try can serve as an index of affective tendencies. Reduced alpha power over the left
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frontal hemisphere (greater left activation) has been linked to positive affect and
approach-oriented tendencies, whereas reduced alpha over the right hemisphere
(greater right activation) has been associated with negative affect and withdrawal
tendencies [14, 91]. As affect responses influence exercise adherence, frontal asym-
metry provides a useful framework for interpreting neural patterns observed after
exercise.

In this study, the “Psychological” HIIT protocol produced larger post-exercise
increases in theta, alpha, and beta power than the “Physiological” HIIT protocol,
with effects most apparent over frontal and central regions. These changes may
reflect differences in cortical engagement or recovery processes. Frontal theta is
particularly relevant in this context because it has been associated with cognitive
control, performance monitoring, and emotion-regulation processes [13, 21, 76, 95].
Although alpha and beta asymmetry did not differ between protocols, a difference
emerged in the theta band during the post-exercise Tetris phase. The “Physiolog-
ical” HIIT protocol showed a right-dominant theta pattern, whereas the “Psycho-
logical” HIIT protocol showed a left-dominant theta pattern.

In the present dataset, post-exercise power changes tended to be larger in the
Psychological HIIT condition than in the Physiological HIIT condition at several
frontal (and fronto-central) electrodes across theta, alpha, and beta bands. This pat-
tern may reflect differences in how the two interval prescriptions were experienced
or regulated (e.g., predictability of bout duration, cognitive effort, or recovery de-
mands), but it should be interpreted cautiously because the electrode-wise effects
were not robust to multiple-comparison correction and substantial inter-individual
variability was observed. Accordingly, we treat this frontal pattern as a consistent
descriptive trend that motivates replication with larger samples and more targeted
region-of-interest analyses to determine whether it represents a reliable protocol-
related difference.

The stronger frontal-central theta increases observed after the Psychological
HIIT protocol may reflect differences in post-exercise cognitive or regulatory de-
mands between protocols. Frontal-central theta has been discussed in the liter-
ature as an index related to cognitive control and monitoring processes, and in
the present study this pattern was most apparent over fronto-central sites. Given
the exploratory nature of the electrode-wise findings, this interpretation is offered
cautiously. Baseline predictors of mood change were not a primary objective of the
present study and were therefore not formally tested. In the current analyses, base-
line (pre-exercise) measures were used to compute within-session change scores
(POST - PRE) for each mood outcome, and comparisons focused on differences in
these change scores between the Psychological and Physiological HIIT conditions.
As a result, we cannot conclude from the planned analyses whether baseline mood
or baseline EEG features predicted subsequent mood changes in either condition;
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Rationale for within-condition analyses The primary statistical focus of this the-
sis was the within-subject comparison between protocols (Psychological vs. Physi-
ological), and for EEG band power this was implemented by comparing pre-to-post
change scores (APower = POST — PRE) between conditions. This approach directly
tests whether the two protocols differ in the magnitude of post-exercise change
while controlling for stable individual differences in baseline power. For question-
naires, the availability of baseline measurements differs by instrument: POMS was
collected both pre- and post-session and is therefore reported as A (POST — PRE),
whereas PACES was administered only after each session and RPE/Feeling Scale
were recorded during the session (and summarized as session-level values), so
pre—post testing is not applicable for those measures. Frontal asymmetry was addi-
tionally examined within each condition (PRE vs. POST) because it is a derived left—
right index and testing within-condition change provides a direct check of whether
each protocol produced a hemispheric shift relative to baseline. Within-condition
PRE-POST tests for band power can be added as supplementary analyses; how-
ever, they were not emphasized because the main inferential question concerned
between-protocol differences in pre-to-post change.

Taken together, these findings suggest that the “Psychological” HIIT protocol
may influence post-exercise neural patterns differently than the “Physiological”
HIIT protocol.

5.0.3 EEG-Behavior Correlations

The primary purpose of the present study was to investigate whether changes in
EEG activity arerelated to perceptual and affect responses following HIIT, providing
an integrated understanding of how neural and psychological processes co-vary
after exercise. Previous research by Petruzzello and colleagues [78] has shown that
pre-exercise resting levels of frontal alpha asymmetry were moderately associated
with pre- to post-exercise improvements in mood, specifically decreases in anxiety
and increases in energetic arousal. Their findings also indicated that reductions in
anxiety following exercise were related to changes in alpha asymmetry, although
their later study did not replicate this association [79].

Only a limited number of studies have examined how exercise duration influ-
ences affect responses, but existing evidence suggests that duration may follow a
threshold pattern—producing affective benefits up to a certain point, after which
valence may deteriorate [35, 101]. In the context of the present HIIT protocols,
our results showed that theta power in the “Physiological” condition was related
to tension, while beta power in the “Psychological” condition was associated with
increased vigour and greater enjoyment, and alpha changes showed associations
with anger. To our knowledge, no previous study has specifically investigated
EEG-affect correlations in HIIT exercise, making the current findings an initial step
toward understanding how high-intensity interval exercise shapes the interplay
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between neural activity and affective experience.

5.0.4 Strengths and Limitations

One of the main strengths of this study is its within-subjects crossover design, mean-
ing that every participant completed both the “Psychological” and “Physiological”
HIIT sessions. This helped reduce natural inter-individual variability, making it eas-
ier to identify differences attributable to the protocols themselves. Another strength
is that the order of the HIIT sessions was randomized, and participants were not
informed of the protocol order across participants. This reduced the risk of bias
or preconceived expectations influencing their experience or responses. In addi-
tion, the exercise sessions were individualized based on each participant’s maximal
aerobic speed (MAS) and time limit at MAS, ensuring that both protocols were tai-
lored to individual fitness levels and improving the accuracy of between-condition
comparisons.

Despite these strengths, the study also has important limitations. First, the sam-
ple size was relatively small, particularly for EEG analyses in the context of HIIT
exercise, which remains largely unexplored. With fewer participants, individual
differences or outlier responses can exert a stronger influence on group-level results,
although efforts were made to mitigate these effects. A larger sample size would
likely reduce the impact of variability and improve statistical robustness. Second,
the study examined only acute, post-exercise effects. Chronic or long-term training
adaptations were not assessed, and EEG and behavioral responses may differ fol-
lowing repeated exposure over weeks or months. As a result, the findings cannot
be generalized to long-term adaptations. Finally, the study focused exclusively on
untrained female participants, limiting the generalizability of the results to other
populations, such as trained individuals or male participants.

5.0.5 Interpretation and Implications of the Findings as a Whole

When considered together, the perceptual and EEG results suggest that interval
structure may shape the post-exercise experience even when perceived effort is
similar. In this sample, the fixed-bout protocol was associated with higher enjoy-
ment and a more favorable change in the anger subscale, while also showing larger
post-exercise oscillatory changes (theta/alpha/beta) in frontal-central regions. A
cautious interpretation is that shorter, predictable bouts may reduce the psycho-
logical burden of sustained high-intensity effort (e.g., less uncertainty about how
long a bout will last) and may support a more positive immediate experience of
HIIT. In parallel, the observed EEG patterns (including stronger frontal-central
theta in PS and a protocol-related theta asymmetry during the post-exercise cog-
nitive task) may reflect differences in post-exercise cognitive-emotional regulation,
engagement, or recovery. Importantly, because most correlations were exploratory
and electrode-wise effects did not survive strict correction, these EEG findings
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should be interpreted as candidate mechanisms rather than definitive neural mark-
ers. Nonetheless, the convergence of higher enjoyment with protocol-related EEG
differences supports the broader conclusion that “how HIIT is structured” can mat-
ter for both affective experience and measurable brain dynamics following exercise.

From a sports science perspective, the combined perceptual and EEG results are
consistent with the practical view that interval structure can shape the immediate
exercise experience even when perceived exertion is similar. In this sample, the
fixed-bout (Psychological) protocol was associated with higher enjoyment and a
more favorable anger response, alongside larger post-exercise oscillatory changes
over frontal-central regions. A conservative interpretation is that shorter, pre-
dictable bouts may reduce the psychological cost of sustaining near-maximal effort
(e.g., reduced uncertainty about bout duration) and may support a more positive
affective response in untrained participants. From a computer science perspec-
tive, the study also demonstrates that reproducible signal-processing workflows
can translate noisy, high-dimensional EEG recordings into interpretable features
(band-limited power and asymmetry indices) that can be aligned with behavioral
outcomes. In particular, the convergence of protocol-related differences across mul-
tiple bands and frontal electrodes suggests that feature engineering choices (e.g.,
PSD estimation approach, artifact correction, and pre/post change scoring) may
meaningfully influence the sensitivity of EEG markers to exercise manipulations.
While these findings should be interpreted cautiously given the exploratory nature
of electrode-wise effects and the limited sample size, they collectively support the
broader conclusion that protocol design and analytical pipeline decisions both con-
tribute to what can be detected about post-exercise brain dynamics and affective
experience.

5.0.6 Generalizability and Hormone-Related Considerations

A key limitation of this study is that it was conducted only in untrained female
participants, so the findings may not generalize to males, trained individuals, or
other populations. It is possible that sex-related physiological differences could
influence both affective responses to HIIT and post-exercise EEG patterns, mean-
ing that the direction or magnitude of effects may differ in men. In addition,
although menstrual-cycle factors were considered during screening, the study was
not designed or powered to test cycle-phase effects, and hormonal status (e.g., cycle
phase, hormonal contraception use, or endocrine conditions such as PCOS) was not
systematically controlled, recorded, or modeled. As a result, potential hormone-
related influences on mood, perceived exertion, and neural responses may have
been missed or may have contributed to unexplained variability. Future studies
should include male participants and prospectively track hormonal factors to eval-
uate whether protocol-related effects differ across sex and hormonal profiles.
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5.0.7 Practical Use of the Findings

From an applied perspective, the results provide a practical hypothesis for exercise
prescription in untrained populations: when the goal is to encourage adherence
and maintain positive engagement, a fixed-bout HIIT format with short, predictable
intervals may be a reasonable starting point. In community or coaching settings, a
protocol that participants perceive as more enjoyable can be used to reduce early
dropout, improve confidence, and support repeated participation—even if both
protocols are physiologically demanding. Practitioners could implement this by
beginning with short intervals (e.g., around 60 seconds) and gradually adjusting
interval number or intensity as tolerance improves, while monitoring enjoyment,
RPE, and affective valence. Although EEG measures are not typically available in
applied settings, the current findings support the idea that affective reports (PACES,
Feeling Scale, mood subscales) can serve as meaningful indicators of how a protocol
is being experienced and may help guide individualized progression.

In terms of recommendations, an applied sports science interpretation is that
fixed, short-interval HIIT may be a reasonable entry-point for untrained individuals
when the goal is to promote adherence through a more positive subjective expe-
rience, provided that intensity and progression are managed responsibly. Based
on expert judgment in exercise prescription, practitioners could prioritize inter-
val structures that are easy to understand and anticipate (e.g., short work bouts
with clear recovery), monitor enjoyment and affective valence alongside RPE, and
adjust volume gradually to maintain tolerability while preserving the intended
training stimulus. From an analytics and computer science standpoint, the results
motivate practical recommendations for future EEG-based exercise studies and
potential monitoring applications: (i) prioritize standardized preprocessing and
artifact correction to reduce non-neural variance, (ii) report PSD estimation choices
transparently to support reproducibility, and (iii) use within-subject change met-
rics (POST — PRE) when the aim is to isolate intervention-related effects from stable
individual differences. If replicated, the combination of brief self-report measures
and robust EEG feature extraction could support more individualized exercise pro-
gramming by identifying protocol formats that better align with positive affect and
recovery-related neural signatures in specific subgroups.

5.0.8 Novelty and Next Steps

The present work is novel in that it combines a within-subject crossover com-
parison of two HIIT prescriptions with post-exercise EEG outcomes and multiple
affective/perceptual measures, allowing protocol effects to be examined while re-
ducing inter-individual variability. It also introduces an analysis strategy that
evaluates EEG changes both in a resting context and during a standardized cog-
nitive engagement period, providing complementary windows into post-exercise
brain dynamics. Building on these findings, several next steps are recommended.
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First, replication with larger samples is needed to evaluate the stability of the
electrode-wise patterns and to support stronger statistical correction. Second, fu-
ture studies should explicitly record and model menstrual cycle phase, hormonal
contraceptive use, and cycle-related conditions (e.g., PCOS), and should include
male participants to test sex-related generalizability. Third, studies could extend
beyond acute responses to examine whether affective preference and EEG recov-
ery patterns predict adherence over weeks of training. Finally, incorporating more
targeted neural outcomes (e.g., predefined regions of interest, or task-evoked EEG
features during cognitive control paradigms) may help clarify whether the observed
theta/alpha/beta changes reflect regulation, fatigue, or motivational engagement
after different HIIT prescriptions.



Chapter 6

Conclusions

This thesis investigated whether two high-intensity interval training (HIIT) pre-
scriptions—a fixed-bout “Psychological” protocol and an individualized-bout “Phy-
siological” protocol based on time limit at maximal aerobic speed (tjim at MAS)—
are associated with different affective responses and post-exercise EEG dynamics
in untrained female participants. By integrating standardized self-report measures
(PACES, RPE, Feeling Scale, and POMS) with pre/post EEG recordings collected
during resting and cognitive-task states, the work provides an initial multimodal
characterization of how interval structure may shape both subjective experience
and measurable neural responses following HIIT.

Main contributions and advantages of the approach: The first contribution is
an experimental comparison of two practically relevant HIIT designs under a
within-subject crossover framework, which reduces inter-individual variability and
supports more direct protocol-level inference. The second contribution is the de-
velopment of a reproducible analysis workflow that translates high-dimensional
EEG recordings into interpretable oscillatory features (theta, alpha, and beta band
power and frontal asymmetry) and links these features to affective and percep-
tual outcomes using transparent statistical decision rules. A key advantage of this
combined approach is that it complements subjective reports with objective neural
indices, enabling future work to test candidate mechanisms through which protocol
structure could influence engagement, recovery, and adherence-related outcomes.

Summary of key findings: Across protocols, perceived exertion (RPE) was similar,
suggesting comparable subjective intensity. However, the “Psychological” HIIT
protocol produced higher enjoyment (PACES) and a more favorable change in the
anger mood subscale, while other mood dimensions showed no clear between-
protocol differences. In the EEG results, post-exercise power changes tended to be
larger following “Psychological” HIIT than “Physiological” HIIT across theta, alpha,
and beta bands at several frontal and fronto-central electrodes. No clear alpha- or
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beta-asymmetry effects were observed, while a theta-band asymmetry difference
emerged during the post-exercise cognitive task. EEG-behavior associations were
limited and should be interpreted cautiously; nevertheless, beta changes showed
a positive association with enjoyment in the Psychological condition, and theta
changes were associated with reductions in mood disturbance and tension in the
Physiological condition.

Strengths and limitations: Strengths of this study include the within-subject
crossover design, standardized pre/post EEG recordings under two states (rest
and task), and the use of validated affective instruments alongside a transparent
EEG processing and statistical workflow. Important limitations include the modest
sample size and the exploratory nature of electrode-wise EEG findings, which were
not robust under strict multiple-comparison control. In addition, the study focused
on acute responses and on untrained female participants; generalizability to males,
trained individuals, and different hormonal profiles (e.g., menstrual cycle phase,
hormonal contraception, endocrine conditions) remains uncertain. Finally, because
not all questionnaires were collected both pre and post (e.g., PACES is post-only),
not all outcomes can be analyzed using within-session change scores.

Societal, health, and practical implications: From a public health and exercise-
adherence perspective, the results support the practical hypothesis that fixed, short,
and predictable HIIT intervals may be better tolerated and more enjoyable for
untrained individuals, which could be relevant when designing programs intended
to increase physical activity participation. Although EEG is not routinely available
in applied settings, the present findings reinforce the value of combining simple self-
report measures (enjoyment, perceived exertion, affective valence, and mood) with
structured training design to improve early engagement and reduce dropout risk.
From a broader methodological perspective, the proposed workflow illustrates how
computer science tools for signal processing, feature extraction, and reproducible
analysis can help quantify neurophysiological responses to exercise and generate
testable hypotheses about brain-behavior relationships during recovery.

Recommendations for future work: Future studies should (i) replicate these find-
ings in larger samples to improve statistical power and enable stricter multiple-
comparison control; (ii) test generalizability by including male participants, trained
participants, and prospectively tracking hormonal status (cycle phase, contracep-
tion use, and endocrine conditions); (iii) extend beyond acute designs to determine
whether protocol-specific affective and EEG patterns predict adherence and train-
ing response over weeks of repeated HIIT exposure; and (iv) refine neural outcomes
by using predefined regions of interest, task-evoked EEG markers, and complemen-
tary physiological measures (e.g., HRV) to better characterize recovery dynamics.
Multimodal designs that combine EEG-derived features with practical coaching
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variables may ultimately support more individualized HIIT prescriptions that pri-
oritize both physiological effectiveness and sustainable engagement.
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Appendix A

Supplementary Code

A.1 Dataimport snippet

from visit_psychological import df_psychological as df_psych
from visit_physiological import df_physiological as df_phys

A.2 Band-power computation snippet

band_power = 10 * np.loglO(psd.get_data() .mean(axis=1))
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Appendix B

Additional Data and Figures

B.1 Detailed EEG Analysis and Behavioral Correlation Pipe-
line

B.1.1 Libraries and Dependencies

The analysis utilized MNE, Pandas, NumPy, SciPy, Statsmodels, Seaborn, and Mat-

plotlib for EEG processing, data manipulation, statistical analysis, and visualization.

B.1.2 Configuration and Setup

Data paths, participant lists, experimental conditions (PS, PH),
states (REST, TETRIS), timepoints (PRE, POST), and EEG frequency bands
(Theta 4-8 Hz, Alpha 8-13 Hz) were defined. Artifact channels were excluded.
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