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ABSTRACT

Muscle power training is often avoided in vulnerable populations, such as older adults,
due to safety concerns associated with explosive movements. Yet, the age-related decline
in muscle power, a condition known as powerpenia, represents the earliest and most
critical loss of muscular function, increasing the risk of falls.

To address the challenge of safely delivering power training to those who need it most,
Acoustic Biofeedback (ABF) derived from muscle electrical activity can be leveraged to
guide training that targets muscle power.

This study aimed to investigate the acute effects of electromyography (EMG)-based
ABF on muscle power in young adults, assessing the feasibility of the tool, as an ini-
tial step toward its application in aging populations. Twenty-four healthy participants
performed a power test with bench press and squat exercises at multiple relative loads
across three sessions, under two auditory conditions: ABF and generic Gym Music (GM).
Power-related and EMG-derived metrics were extracted, complemented by participants’
subjective enjoyment of the power test under both stimuli.

Results showed that ABF elicited short-term improvements in men’s bench press
performance, particularly in Maximum Power (BF_y = 19.31) and Maximum Velocity
(BF-p = 9.198), whereas women displayed stable values largely influenced by physical
activity level rather than stimulus type. Intramuscular coordination of upper and lower
limbs did not change over sessions but revealed clear sex-related disparities. Although
perceived enjoyment was higher with GM in both sexes, only ABF demonstrated acute
performance advantages.

These findings support EMG-based ABF as a promising aid for power-oriented training,
suggesting that longer interventions could elicit further beneficial adaptations in muscular

power output.

Keywords: Powerpenia, Muscle Power, High-Velocity Training, ABF, EMG
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REsumMo

O treino de poténcia muscular é frequentemente evitado em populag¢des vulneraveis, como
os idosos, devido ao risco de seguranga associado a movimentos explosivos. No entanto,
o declinio da poténcia muscular, uma condi¢do designada de powerpenia, representa a
perda mais precoce e critica da fungdo muscular, aumentando o risco de quedas.

Para ultrapassar o desafio de promover treino de poténcia de forma segura a quem
mais necessita, o Biofeedback Actistico (ABF), derivado da atividade elétrica muscular,
pode ser utilizado para orientar o treino direcionado a poténcia muscular.

Este estudo investigou os efeitos agudos do ABF baseado em Eletromiografia (EMG)
na poténcia muscular em jovens adultos, avaliando a sua viabilidade, como primeiro
passo para aplicacdo em populagdes idosas. Vinte e quatro participantes realizaram um
teste de poténcia com exercicios de supino e agachamento, em vérias cargas relativas e
ao longo de trés sessdes, sob duas condi¢des auditivas: ABF e Musica de Ginasio (GM).
Foram extraidas métricas de poténcia e de EMG, complementadas pelo nivel de satisfagdo
percecionado com o teste de poténcia em relacdo aos dois estimulos.

Os resultados mostraram que o ABF provocou melhorias de curto prazo no desem-
penho do supino nos homens, particularmente na Poténcia Maxima (BF_o = 19.31) e na
Velocidade Méxima (BF_p = 9.198), enquanto as mulheres apresentaram valores estaveis
ao longo das sessoes, influenciados principalmente pelo nivel de atividade fisica e ndo
pelo tipo de estimulo. A coordenagdo intramuscular dos membros superiores e inferiores
ndo se alterou ao longo das sessdes, mas revelou disparidades claras entre sexos. Embora
a percecao de satisfagdo tenha sido superior com a GM em ambos os sexos, apenas o ABF
demonstrou vantagens agudas de desempenho.

Estes resultados apoiam o ABF baseado em EMG como uma ferramenta promissora
para o treino de poténcia muscular, sugerindo que interven¢des mais prolongadas poderado

induzir adaptacdes benéficas adicionais para a producdo de poténcia muscular.

Palavras-chave: Powerpenia, Poténcia Muscular, Treino de Alta Velocidade, ABF, EMG
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1

INTRODUCTION

1.1 Motivation

Muscle power training is commonly associated with athletes, where explosive performance
is crucial. By contrast, it is less often considered for elderly individuals or those with
neuromuscular diseases, largely due to concerns about safety and the assumption that
they are unable to perform explosive efforts. As a result, current guidelines tend to limit
these populations to low-intensity and long-duration endurance exercises [2].

However, aging and disease are accompanied by profound declines in muscle function-
ality [3], including sarcopenia (loss of muscle mass), dynapenia (loss of muscle strength),
and powerpenia (loss of muscle power). Among these, muscle power is the most critical
to address, as powerpenia precedes the other losses and shows the steepest decline [4].
Degenerative changes at the neuromuscular junction [5], together with a progressive
shift from fast-twitch to slow-twitch fibers, further explain this vulnerability. Since fast
and powerful movements are essential to prevent falls, the loss of power becomes a key
determinant of functional decline [6].

The challenge lies in safely delivering power training to fragile populations who need
it most. Here, sensory feedback may play a key role by leveraging the human ability to
follow sounds and adapt motor output accordingly, a process known as sensorimotor
integration [7].

This study aims to test an innovative solution within a power test protocol by applying
Acoustic Biofeedback (ABF) of the muscle response in a young population. As a training
aid, ABF could enable real-time corrections in muscle activation to better target muscle
power, that may improve exercise safety. This work is part of the ASTROPOWER project
[8], which explores the analogy between aging and microgravity adaptations to develop

new strategies against muscle power loss.



CHAPTER 1. INTRODUCTION

1.2 Objectives

Given the need to develop training strategies that combat muscle power loss and can
be safely and effectively applied to vulnerable populations, such as the elderly, the first
step is to evaluate the feasibility in a healthy cohort to establish a reference. Accordingly;,
the main objective of this work is to investigate the acute effects of Electromyography
(EMG)-based ABF on muscle power in young individuals, who serve as a benchmark for
the healthy population.

To ensure the success of this work, the following objectives must be attained:

1. To investigate whether ABF acutely influences muscle power production compared
to ordinary Gym Music (GM) in both males and females.

2. To investigate differences in intramuscular coordination of the upper and lower

limbs under both stimuli in males and females.

3. To evaluate the perceived exercise enjoyment of males and females when exposed
to ABF versus GM.

Since long-term adaptations result from both acute and chronic effects, this study first
sought to determine whether acute adaptations could be elicited with ABF. Demonstrating
short-term changes provides initial evidence that, if continued, this approach may also
promote long-term benefits, supporting its potential as a novel strategy to counteract
powerpenia.

The research work described in this dissertation was carried out in accordance with the
norms established in the ethics code of Universidade Nova de Lisboa. The work described
and the material presented in this dissertation, with the exceptions clearly indicated,
constitute original work carried out by the author.

In the present work, generative artificial intelligence tools, namely ChatGPT-5, were
employed for text reformulation, and for code debugging. These tools were used under
the supervision of the author, and all generated content was verified for accuracy. The
authorship and validation of the content remain entirely the responsibility of the author,
and the use of artificial intelligence is in full compliance with institutional standards of
academic integrity.



2

THEORETICAL CONCEPTS

This chapter introduces the theoretical foundations of the study, addressing the different
manifestations of muscle force and the concept of powerpenia. It further considers Muscle
Power Training (MPT) and the use of the ABF.

2.1 Force Manifestations

2.1.1 Maximal Strength

Maximal strength is the highest force value that the neuromuscular system can produce
in a single voluntary contraction against an resistance, regardless of the time needed to
produce it [9]. Maximal intensity is one of the characteristics of maximal strength and
refers to the highest effort that the body can produce, usually assessed through One
Maximum Repetition (1IRM) tests, where the goal is to lift the heaviest possible load only
once [10]. It is a quantity expressed in Newton (N). Maximal strength is considered the

basis for the other manifestations of strength, namely rapid force and strength endurance

[9].

2.1.2 Rapid Force

Rapid force is the ability of the neuromuscular system to generate the greatest impulse in
a limited time interval [9]. During concentric contractions, increasing movement speed
reduces the muscle’s ability to generate force, limiting the external resistance that can be
overcome (Figure 2.1a) [9]. At slower speeds, force production is greater due to more
time for motor unit recruitment. This reflects mechanical and neuromuscular limits in fast
actions. Thus, two important expressions of rapid force become relevant: Rate of Force

Development (RFD) and skeletal muscle power.

2.1.3 Rate of Force Development

The RFD is defined as the production of force per unit of time [9] and is therefore a

measure of how quickly the muscle produces force during a contraction. It is calculated



CHAPTER 2. THEORETICAL CONCEPTS

from the slope of the force versus time curve, as shown in Figure 2.1b, and is expressed
in Ns~! [9]. It is particularly important in activities that require explosive movements and

rapid responses to stimuli [2].

/ Peak Velocity
| | € Peak Power
\ ' l Peak Force
g i 5 I .
2l N 5 sl 7
vg t' .".‘ g 8 u
2 N\ . ."-._ ek one = E - Rate of Force Development = AForce
: N . ATime
Optimal ’ N, | ..
Load N i :
N T~ :
—~-. 0 200 . 500
Force (N) Time (ms)
(a) Relationship between force, velocity and  (b) Relationship between force and time, high-
powetr. lighting the Rate of Force Development.

Figure 2.1: Fundamental muscle performance relationships. Adapted from [11].

2.1.4 Skeletal Muscle Power

Muscle power is the amount of work done per unit of time, determined by the product
of force and velocity (the speed at which that force is applied) [12]. Muscle power is
expressed in Watt (W) and can be modulated by changes in force, velocity, or both [9].

To generate force quickly at relatively high speeds, three aspects must be considered:
developing maximal strength to increase force production, improving the RFD to accel-
erate force generation, and balancing force with velocity when performing high-speed
shortening contractions.

Muscle power is mainly determined by the composition of muscle fiber types, muscle

strength /mass and the level of neuromuscular activation during exercise [13].

2.2 Sarcopenia and Dynapenia

Sarcopenia is a condition characterized by gradual loss of muscle mass, observed with
age [14]. This process begins around the age of 40, with more significant muscle loss in
the following decades [15]. Several factors contribute to this decline, including hormonal
changes, decreased physical activity, and changes in protein synthesis [16].

Dynapenia is the age-related loss of muscle strength that is not caused by neurological
or muscular diseases. Recent studies suggest that the origin of this loss is related to
subclinical deficits in the structure and function of the nervous system and/or changes in

the intrinsic force-generating properties of skeletal muscle [17].



2.3. POWERPENIA

2.3 Powerpenia

The concept of powerpenia has recently been introduced to describe the loss of skeletal
muscle power across one’s lifespan, but also for clinical conditions and/or physical
inactivity. It highlights muscle power as an important biomarker of healthy aging [4].

The loss of power is due in part to the muscle loss and atrophy that occurs, with a
reduction in Cross-Sectional Area (CSA) of type Il muscle fibers, which can generate four
times more power than type I fibers [18]. This is because type II fibers are used less
frequently in daily activities and are more prone to atrophy due to disuse.

In addition, decreased motor unit recruitment and firing rates, increased coactivation
and decreased coordination of muscle groups, and a slowing of nerve conduction velocity

are all factors that contribute to the power deficit [19].

2.4 Muscle Power Training

Muscle Power Training is one of the key components of physical conditioning in older
adults. It is a form of exercise designed to improve muscle efficiency and the ability to
generate force quickly [16].

While high force at low velocity or high velocity at low force results in less power
production, peak power occurs at a balance between force and velocity [9]. This balance
allows the muscle to contract at a velocity that produces the most work in the shortest
time, maximizing power.

However, in the velocity-power relationship (see Figure 2.1), power production initially
increases as speed increases, reaches a peak, and then decreases as speed increases. At
high speeds, muscle force is too low to maintain high power output, leading to a decrease
in total power [9].

Therefore, it is important to balance speed and load in exercises to achieve maximum
power production, with the concentric phase emphasized to maximize movement velocity
[10].

2.5 Acoustic Biofeedback

ABF is a cognitive assistance technique that uses sound signals to provide the individual
with real-time information on physiological processes. It is a process by which the nervous
system processes sensory input and adjusts motor output. The characteristics of the
bioelectrical signal are mapped to the characteristics of the sound signal through various
conversion components that must be considered to create comfortable and intuitive sound
teedback [20]. In this study, ABF is based on muscle electrical activity and may enhance
the independence of older adults, during power training, by helping them consciously

adjust their behavior and perform exercises correctly without constant supervision.



3

LITERATURE REVIEW

This chapter reviews the literature on the key concepts underlying muscle power and
its decline with aging, highlights MPT as a preferred approach, and examines current
methods for its assessment together with the emerging role of auditory biofeedback.

3.1 Muscle Power Across the Lifespan

Aging entails a progressive neuromuscular decline [21], traditionally described by sar-
copenia and dynapenia biomarkers [22]. However, recent evidence highlights muscle
power loss as a more sensitive marker of functional performance [23], since it reflects not
only strength but also the capacity to generate force rapidly, a key requirement for many
daily activities [24].

Several studies emphasize that muscle power declines earlier and more rapidly than
muscle strength or mass. Evidence from healthy adults across a wide age range shows
that muscle power begins to decline as early as the third to fourth decade of life [25].
In older adults, this decline accelerates and reaches an estimated rate of 3—4% per year
[19]. It is essential to identify the specific life stages at which this decline begins, given
that detecting such critical periods may enable earlier interventions to prevent functional
loss in older age. Evidence from large cohort studies suggests that this decline follows a
curvilinear pattern, accelerating with advancing age [25]. Lower limb muscle power tends
to increase during growth, reaching its peak between 20 and 30 years of age in healthy,
untrained adults [26]. It remains relatively stable until around the age of 40, after which it
enters a phase of progressive and linear decline [25]. Importantly, muscle power relative
to body mass appears to be more relevant for daily functional performance than absolute
power [27], with its determinants varying across the lifespan and between sexes. In this
regard, Alcazar et al. [21] reported that, in healthy adults, relative muscle power decreases
with age, starting after 40 due to reduced specific power and increased body mass, and
after 70 as a result of declines in both specific power and leg lean mass. More recently,
Wiegmann et al. [28] reported, in a large cohort of adults aged 20-90, that muscle power
showed the earliest and steepest decline across age groups, beginning in early adulthood,
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while reductions in strength and mass appeared later. While the timing of decline is

important, understanding the mechanisms underlying this loss is equally critical.

3.2 Determinants of Muscle Power Decline

Early decline in muscle power is linked to several age-related neuromuscular changes
[29]. With age, there is a reduction in the number of large, fast-conducting myelinated
motor axons, due to demyelination and increased internodal distances [30]. These changes
lead to less effective neural transmission and delayed motor response, as reported by
Vandervoort et al. [31]. In addition to altered neural conduction, aging is also associated
with greater coactivation of antagonist muscles during walking [32], [33]. According to
Monaco et al. [34], this may function as a compensatory mechanism to increase joint
stability but reduces net torque and, consequently, muscle power output. Furthermore,
morphological changes at the neuromuscular junction occur throughout life. There is a
selective reduction in type II fast fibers [35], which are more vulnerable to the denervation
process and are often reinnervated by type I motor neurons. This process promotes a
predominance of slow fibers and compromises excitability and the ability to generate

rapid responses [5].

3.3 Functional Relevance of Muscle Power

Beyond its decline, the functional relevance of muscle power must also be emphasized.
Evidence indicates that muscle power is more closely associated with independence in
daily life than maximal strength or muscle mass. Suzuki et al. [36] showed that ankle
flexor power was a stronger predictor of functional performance than strength in tasks
such as repeated chair stands and stair climbing. Similarly, Cuoco et al. [37] demonstrated
that lower-limb power, particularly at 40% 1RM, was the best predictor of habitual gait
speed and showed stronger associations with stair climbing and chair rise than maximal
strength. These findings highlight powerpenia as a more sensitive and functionally

relevant predictor of musculoskeletal impairment than either dynapenia or sarcopenia.

3.4 Training Evidence: Muscle Power Training as a More
Effective Strategy than Strength Training

For several years, Strength Training (ST) has been defined as an important strategy for
preventing or delaying physical decline. However, this type of training primarily recruits
slow-twitch fibers, which are less effective for developing the rapid force production
required for muscle power. To address this limitation, MPT has been proposed, as it has
been shown to provide greater improvements in skeletal muscle power than traditional

low velocity ST [3].
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Research findings from intervention studies support this. Bottaro et al. [38] compared
10 weeks of power training (fast movements at 60% 1RM) with traditional ST (slow
execution) in older inactive men (60-76 years). While both groups increased maximal
strength, the power training group achieved superior gains in muscle power and functional
performance. Similarly, Orr et al. [39] found greater improvements in dynamic balance
with high-velocity resistance training compared to an inactive control group, particularly
when training at low intensity (20% 1RM). Miszko et al. [40] also showed that high-
speed training at 40% 1RM led to greater improvements in global functional capacity than
traditional resistance training. Together, these studies show that power-focused training
is more effective than traditional ST at improving function in older adults.

Although most research has focused on older adults, examining younger populations
helps clarify the role of muscle power in performance earlier in life. Robust evidence in
youth shows that power training improves jump performance, velocity, and overall power
capacity [41]. Dorrell et al. [42] reported that, in trained young men, six weeks of velocity-
based training produced similar or superior gains in maximal strength and increased
vertical jump height, whereas traditional percentage-based training did not. On the same
topic, Sekulovi¢ et al. [43] found that in elite young soccer players, training with a 15%
velocity loss threshold produced comparable strength gains but superior improvements
in vertical jump, reactive strength index, and agility compared to traditional ST or training

with 30% of velocity loss.

3.5 Neural and Muscular Adaptations to Muscle Power Training

The effects observed with MPT are likely not due to changes in body composition (i.e.,
muscle hypertrophy), but rather to neural adaptations [44]. Regulation may occur at
multiple levels of the neuromuscular system, ranging from central motor control to the
muscle fibers [45]. Van Cutsem et al. [46] reported that MPT modified muscle fiber
behavior, with fibers displaying faster contractile properties, as evidenced by an increased
doublet discharge rate. In line with this, Liu et al. [47] compared two bench press protocols
(BRM vs. 10 fast concentric repetitions at 30% 1RM) in men and observed that high-velocity
training promoted a shift from Myosin Heavy Chain (MHC)-I to MHC-IIa fibers. These
findings suggest that MPT may facilitate the transition from slow-to fast-twitch fibers.
Despite evidence for MPT as an effective strategy against age-related functional decline,
concerns remain about its safety in older adults [48]. This study proposes an ABF-based
approach that sonifies EMG activity into real-time auditory cues to support MPT.

3.6 Acoustic Biofeedback

Studies have consistently demonstrated that auditory stimuli, even in their basic forms, can
modulate muscle activity and performance, providing the foundation for more advanced
teedback systems like ABF. Jaskowski et al. [49] demonstrated in a reaction time task that

8
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force output increased proportionally with stimulus intensity only under auditory, but
not visual conditions. In a sport-specific context, Murgia et al. [50] tested auditory cues
linked to the lifting phases of the bench press (low-intensity sound in the eccentric phase,
high-intensity in the concentric). While peak power did not differ, average power was
higher in the auditory condition, suggesting that auditory input facilitates the expression
of athletes’ full potential. Beyond strength and power, motor learning studies have shown
that auditory feedback leads to greater improvements than visual feedback [51] and
enhances postural control [52].

Beyond simple auditory stimulation, structured biofeedback systems have been devel-
oped and applied across different contexts. Lorenzoni et al. [53] evaluated a music-based
biofeedback system during deadlifts, where correct movements triggered high-quality
sounds and incorrect executions produced distortions. They found it as effective as verbal
coaching for improving technique and motivation, supporting sonification as a valid tool
for safe and technology-assisted training. In the domain of balance, Chiari et al. [54]
developed a prototype converting trunk accelerations into stereo sounds, which enhanced
stability in healthy adults, particularly under challenging conditions. More recently, Lyons
etal. [55] applied auditory feedback based on ankle plantarflexion velocity in older adults,
finding that it promoted more efficient gait by increasing ankle contribution to propulsion
and reducing hip reliance.

While these systems rely on external measures such as motion or force, other ap-
proaches have explored direct EMG sonification. To date, however, there is no standard-
ized approach for mapping EMG into sound. Pauletto et al. [7] conducted an experiment
using amplitude modulation of EMG signals to generate timbres, finding that participants
could meaningfully associate sounds with natural gestures (e.g., breathing, ocean waves),
supporting the effectiveness of auditory EMG representation. Nakayama et al. [56] pro-
posed a real-time system for detecting and sonifying smiles via EMG signals, reporting
higher comprehensibility and pleasantness compared to visual or no feedback. Peres et
al. [57] further demonstrated that tailoring pitch and intensity of Surface Electromyog-
raphy (sEMG) sonification optimized participants” ability to estimate muscle activation
timing, strongly suggesting that EMG sonification design should be task specific. Collec-
tively, these findings support EMG-based sonification as a viable and intuitive method
for representing muscle activity.

Its aplication has been shown clinical benefits, improving gait in stroke and cerebral
palsy patients [58], [59] and enhancing knee mobility after surgery [60]. In young adults,
Yang et al. [61] combined EMG with kinematic data to provide auditory feedback during
biceps curls, which improved performance and reduced fatigue. In addition, Tsubouchi
et al. [20] reported that frequency- or rhythm-based sonification enabled participants to
correctly recognize EMG activity patterns in over 80% of cases, outperforming conventional
visual feedback. In this way, the present study takes advantage of the EMG-based ABF’s
potential to improve the effectiveness and safety of MPT.
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METHODS

This chapter describes the methodology adopted in this study. It begins by defining the
study type, followed by a detailed description of data collection procedures, including
participant recruitment and characteristics, materials used, and the experimental protocol.
Subsequent sections describe the signal processing steps, developed algorithms, and the
extracted metrics. Finally, the organization and structure of the resulting database are
outlined.

4.1 Study Type

This study follows a cross-sectional design, focusing on the acute responses to two
distinct auditory stimuli. Although each participant completed three sessions, these were
scheduled to familiarize participants with the protocol, increase measurement reliability,
and reduce the influence of random factors. Within this exploratory approach, the study
aimed to investigate the effect of muscle sonification on muscle power production during
a power test performed at different loads. The study was conducted in a young population
in order to assess the feasibility and usability of the ABF tool. This initial stage therefore
lays the groundwork for future longitudinal research in elderly populations.

4.2 Data Collection and Protocol

4.2.1 Participants

A total of 24 participants (12 males and 12 females) were recruited for this study, most of
whom were students from Faculdade de Ciéncias e Tecnologias da Universidade Nova de
Lisboa, with two participants from another institution. Their characteristics are presented
in Table 4.1. The sample size was determined a priori using G*Power (version 3.1) [62],
which indicated a minimum of 20 participants (f= 0.3, a = 0.05, power = 0.80). Considering
possible dropouts, the sample size was increased to 24.

In addition to anthropometric and maximal strength variables, Physical Activity En-
joyment Scale, Portuguese 8-item version (PACES-8) [63] [64] and the short version of
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the International Physical Activity Questionnaire (IPAQ) [65] were applied with scores
calculated according to official protocols [66] [67]. PACES-8 scores (with a range of 8-56;
higher values indicating greater enjoyment) were similar across conditions and between
genders, with slightly higher values observed under GM. Regarding the IPAQ, most
participants were classified as having a moderate to high level of physical activity.

All individuals received a detailed explanation of the study’s objective and exper-
imental protocol before being included in the study and signed an informed consent
form (see Appendix A). Sessions were scheduled flexibly in coordination with each
participant to ensure their comfort and availability. This study was conducted as part of
the ASTROPOWER project, and the experimental protocol was approved by the Ethics
Committee of Faculdade de Ciéncias e Tecnologias da Universidade Nova de Lisboa
(CE_FCT_021-2025).

Table 4.1: Sample characteristics by gender.

Variables Male (N=12) Female (N=12) Total (N=24)
Age (years) 21.2+21 232+19 222422
Body mass (kg) 782 +11.1 56.3 + 3.5 67.2+13.8
Body fat (%) 16.1 £5.2 263 +49 212 +72
Lean mass (%) 621+79 393+24 50.7 + 13.0
Height (m) 1.78 £ 0.07 1.60 £ 0.04 1.69 £0.11
Handgrip strength (kg) 412 + 8.7 26.4 +6.3 33.8 £10.6
1RM Bench press (kg) 60.8 £ 15.9 25.6 +5.3 432 +214
1RM Squat (kg) 108.9 + 15.0 69.5 +18.7 89.2 +26.1
Enjoyment (PACES) — ABF 40.0+7.8 40.0 £ 8.1 400+79
Enjoyment (PACES) — GM 42.0+8.3 43.0+3.7 424 + 6.4
Physical activity level (IPAQ)

Low 2 (17%) 4 (33%) 6 (25%)
Moderate 1 (8%) 5 (42%) 6 (25%)
High 9 (75%) 3 (25%) 12 (50%)

Legend: Data are presented as mean =+ standard deviation for continuous variables and n
(%) for categorical variables. PACES-8 (range 8-56) was reported separately for ABF and GM.
IPAQ follows the official short-form scoring protocol (Low/Moderate/High).

4.2.2 Instrumentation and Equipment

At the baseline session, anthropometric and body composition measurements were ob-
tained using a TANITA BC-601 bioimpedance scale [68], a portable stadiometer, and a
handheld digital dynamometer (OSDUE, model E108H, China) [69], the latter specifically
for assessing maximal handgrip strength. In addition, participants completed an initial
questionnaire with personal information, which also included the IPAQ [65] to assess their
level of physical activity.

For the experimental sessions, several instruments and tools were employed to perform

the exercises and to acquire biomechanical and physiological data. The exercises were
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performed using the Speediance® GYM Monster 2 digital weight machine (Shanghai,
China) [70]. The system offers a maximum load of 100 kg, adjustable in 0.5 kg increments,
enabling the resistance to be adapted to each participant’s needs for each exercise set.

To analyze the neuromuscular response to the two auditory stimuli during exercise, Ac-
celeration (ACC), force, EMG, and Electocardiography (ECG) signals were acquired. EMG
measurements were recorded by placing two disposable Ag/AgCl adhesive electrodes per
sensor cable, while three Ag/AgCl electrodes per cable were used for ECG. Acceleration
was measured using a triaxial accelerometer, and force was recorded using a uniaxial load
cell sensor. All sensors were connected to an eight-channel wireless Hub that transmitted
data from each sensor to the OpenSignals software (version 2.2.5, PLUX Wireless Biosignals
S.A., Lisbon, Portugal) [71]. These devices are all part of the biosignalplux Kit and all the
sensors were provided by PLUX Biosignals S.A (Lisbon, Portugal) [71].

Additionally, a custom Python program was developed to establish a connection
between the sensor channel of interest and the ABF tool. This software enabled Hub
configuration, sensor selection, and real-time muscle signal sonification. To further control
movement execution in the squat, the My Jump Lab App (version 5.0, Carlos Balsalobre,
i0OS/Android) [72] was used to check the execution angles and ensure, through verbal
tfeedback, that all participants performed the movement within a similar range.

To allow auditory stimuli to be delivered without restricting movement and minimizing
latency, participants used wired headphones connected to a computer via a 5-meter
extension cable.

To perform the EMG real-time sonification, a sliding window was applied to smooth
the signal’s amplitude. The base sound was a 340 Hz sine wave, frequency-modulated by
another 4 Hz sine wave. This low-frequency oscillator has its amplitude controlled by the
EMG amplitude. The volume of the final sound is also controlled by the EMG amplitude.
The samples were set to be stored in a 100 sample buffer. Rectification and smoothing
of the signal’s amplitude is done on a 0.1 s window. To normalize the signal an initial
strong contraction was necessary as reference for the remaining data collection with live
feedback.

At the end of each session, participants completed the PACES-8 [63] questionnaire
to assess their subjective perception of enjoyment and satisfaction during the power test

under the two auditory conditions.

4.2.3 Baseline Session

The session began with the reading and signing of the informed consent form. Afterwards,
anthropometric and body composition measurements were collected, including body mass
(kg), height (m), percentage of body fat, and percentage of fat-free mass. Maximal handgrip
strength (kg) was also assessed, with each test repeated twice to ensure the maximum
value was obtained.

To determine the loads to be applied during the power tests of the experimental sessions,
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maximal strength (1IRM) in the squat and bench press exercises was estimated using the
coefficient method, an indirect estimation approach. In this procedure, participants
performed as many repetitions as possible with a submaximal load, and the 1RM value
was subsequently estimated by applying a tabulated coefficient. A detailed description of
this method can be found in Appendix B.

4.24 Experimental Procedure

This section describes the experimental procedure of the study, including the setup of

equipment and sensors, as well as the protocol followed during the experimental sessions.

4.24.1 Equipment and sensor setup

The triaxial accelerometer and load cell sensors were previously attached to the bar of the
training machine. The accelerometer was placed under the load cell, aligning its z-axis
with the direction of movement. The sensors were positioned to minimize mechanical
noise resulting from the bar’s movement during exercises.

For surface sensors, the skin areas of interest were prepared in advance by removing
hair and cleaning with alcohol to optimize skin-electrode conductivity.

For EMG recordings, participants were instructed to contract the target muscles to
facilitate anatomical identification. Electrodes were placed on the Triceps Brachii (at the
midpoint between the posterior acromion and the olecranon) and on the Vastus Lateralis
(VL) (at two-thirds of the line from the anterior superior iliac spine to the lateral border
of the patella) of the dominant side, oriented parallel to the muscle fibers and over the
muscle belly to ensure effective signal capture. The EMG reference electrode was placed
over the olecranon process [73].

Subsequently, the three ECG electrodes were positioned to minimize motion artifacts,
following a placement previously established by the researchers. The positive electrode
was placed below the sternum, close to the medial plane and the negative electrode below
the leftbreast, close to the nipple. The ground electrode was positioned on the manubrium,
in the upper portion of the sternum.

All sensors were connected to the Hub and secured with an elastic band around
the participant’s waist to prevent interference with task performance. The signals were
acquired at a sampling frequency of 1000 Hz and transmitted to the recording software.

Headphones were positioned and connected to the computer during the setup to
ensure the delivery of auditory stimuli without interfering with task performance.

The setup of the sensors and equipment is illustrated in Figure 4.1.

4.2.4.2 Experimental Sessions

After setting up the equipment, resting signals were recorded for two minutes. This was
followed by a standardized joint warm-up consisting of circular movements of the major
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Figure 4.1: Equipment and sensor setup for signal acquisition.

segments for about five minutes. As part of the warm-up, since the power test exercises
were performed in the order of bench press followed by squat, participants completed 10
repetitions with a moderate load before each exercise. The load was defined according to
each subject’s previous experience and individual capacity.

After the warm-up, participants began the power test. Test intensities were predeter-
mined based on the 1RM values estimated during the baseline session. For the bench press,
five sets were performed at relative loads of 30%, 40%, 50%, 60%, and 70% of 1RM; for the
squat, five sets were performed at 40%, 50%, 60%, 70%, and 80% of 1RM. To minimize the
risk of order or learning bias, the sequence of intensities and auditory conditions were
randomized for each exercise.

For each exercise, subjects were exposed to two different auditory conditions: ABF
and GM (predefined rhythmic music).

Randomization was applied independently for each exercise. This is, in the bench
press, participants first completed five sets under one auditory stimulus (ABF or GM),
and then repeated the sets under the other stimulus. For the squat, the order of the stimuli
was randomized again and could differ from the bench press sequence.

Each intensity was performed in three consecutive repetitions, resulting in a total of
10 sets of 3 repetitions per exercise. The protocol included 2 minutes of rest between
sets and 3 minutes of rest between exercises, following the recommendations of the
American College of Sports Medicine (ACSM) [74], to minimize accumulated fatigue. The
volunteers were instructed to perform all repetitions with a controlled eccentric phase,
where movement speed and range of motion were verbally guided by the investigator,
followed by a concentric phase at maximal intended velocity.

Recordings were performed under controlled laboratory conditions to maintain am-
bient temperature and humidity. Data acquisition was conducted in the Department of
Physics (Laboratory 106) at the Faculdade de Ciéncias e Tecnologias da Universidade

14



4.3. SIGNAL PROCESSING

Nova de Lisboa.

At the end of each session, participants performed simple stretches focusing on the
main muscle groups involved, after which resting signals were collected for two minutes.
Each participant completed three experimental sessions, all conducted under the same
protocol and lasting approximately 90 minutes. The detailed experimental protocol is
provided in Appendix C, while a schematic representation of a testing session is presented
in Appendix D.

4.3 Signal Processing

For this study, only the ACC, load cell, and EMG data from the sensors were analyzed.

4.3.1 Units Conversion

The sensors provided raw digital values that needed to be converted into physical units.
For this purpose, the transfer functions described in the technical data sheets for each
sensor were applied [75], [76]. For the EMG sensor, each channel has a resolution of 16
bits (n = 16), with an operating voltage of VCC = 3 V. The same voltage conditions were
applied to the ACC sensor.

The loadcell physical values were obtained through static calibration using known
reference masses. The resulting equation was:

F(N)=(a-CH1+b)-g, (4.1)

where g =9.81 m/s”.
The transfer functions for the devices connected to the Hub are represented by the
following equations:

ADC 1 v
PZY R (4.2)
EMG(V) = EMG(mV) =EMG(V)-1000
GEmc
where Gy is equal to 1009.
LOADCELL(N) = (- 0.0029 - ADC + 94.2825) - 9.81 (4.3)

For the ACC sensor , prior calibration was performed as instructed in the datasheet to
obtain the C,;;;, and Cy;4x values corresponding to the calibration limits. The transfer
equation is given by:

ADC - Cpin

A =——Xx2-1 4.4
CC(g) Ciax — Cumin 8 ( )

4.3.2 ACC Filtering

To reduce noise from the triaxial accelerometer, a third-order Butterworth bandpass
filter (0.5-5 Hz) was applied to preserve the dynamic component of movement [77].
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Then, the signal was further smoothed using a Gaussian filter [78]. The ¢ value used
was 6 and determined experimentally to attenuate residual fluctuations without loosing
relevant information. The procedure was implemented using the SciPy library [79] and its
gaussian_filterld function. Finally, all accelerometer axes were converted from g-force
to m/s? ACC_ 2 = 9.8 x ACC,. However, only the z-axis component (parallel to the
vertical movement of the exercise) was used for the subsequent analyses and calculations.

4.3.3 Load Cell Filtering

To reduce the significant noise present in the load cell signal, a Gaussian filter with a ¢
value of 20 was applied [80]. A high sigma value was selected experimentally to provide
stronger smoothing while preserving the overall signal trend, resulting in a more stable
representation of the applied force.

4.3.4 Velocity Filtering

To obtain the velocity signal, the filtered acceleration data was integrated using the
cumulative_trapezoid function from the SciPy [79] integrate module. This function
applies the trapezoidal rule point by point to estimate the velocity at each instant by
successively summing the areas under the acceleration curve while accounting for the
sampling interval. The resulting velocity signal, expressed in m/s, was smoother and less
noisy than the acceleration signal, making it more suitable for segmenting movement
cycles.

The Seasonal-Trend decomposition using Loess (STL) method [81], implemented
through the statsmodels.tsa.seasonal module, was applied to the integrated signal.
A period of 300 samples was defined, as it provided the most effective balance between
smoothing and signal preservation. Only the trend component of the decomposition was
used, as it captured the underlying biomechanical pattern while removing high-frequency
noise and irregular fluctuations present in the observed signal.

4.3.5 Power Filtering

Power was calculated as the point-to-point product of the raw velocity signal (/s) and the
filtered load cell signal (N). The resulting output corresponded to the instantaneous power
signal, expressed in Watt (W). As with the velocity data, this signal was also smoothed
using the STL method with the same parameters described above.

4.3.6 EMG Filtering

Before processing the EMG signal, the offset of the raw signal was removed. Then, a
4th-order Butterworth bandpass filter with cutoff frequencies between 10 Hz and 499
Hz was applied. This frequency range is commonly used to preserve the physiological
content of surface EMG signals [82].
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4.4 Algorithms

It should be noted that the detection and analysis procedures described in the following
subsections were applied to each recorded file, under the same parameters and conditions.

Each file therefore corresponds to a set of three repetitions.

4.4.1 Concentric Phase Detection Algorithm

The concentric phases of the movement were identified based on the positive peaks of
the raw velocity signal. First, all local maxima of the velocity signal above a minimum
threshold, defined by the variable min_peak_height, were detected. Then, the detected
peaks were sorted by amplitude, and the N peaks (num_peaks) with the highest values
were selected. To ensure that no more than one peak was assigned to each repetition, a
minimum distance between peaks (min_distance_s) was imposed. For each detected peak,
the beginning of the concentric phase was defined as the first zero-crossing immediately
before the peak and the end of the concentric phase was defined as the first zero-crossing
immediately after the peak. The algorithm parameters are specified in Table 4.2, and a

schematic representation of the algorithm is provided in Appendix E .

Table 4.2: Parameters used in the Concentric Phase Detection Algorithm.

Variables Assigned Description
value
. . Minimum velocity threshold for a peak
min_peak_height 0.15m/s to be considered \}zlalid. ’
Number of peaks to detect
num_peaks 3 (corresponding to the 3 repetitions per
set).
Minimum distance between
min_distance_s 130 s consecutive peaks, ensuring that only

one repetition is associated with each
peak.

4.4.2 Repetition Start Detection Algorithm

The algorithm was developed based on the raw velocity signal and operates in two stages
within a window, window_back_s, before each previously identified concentric start:

i) Itsearches for the first zero-crossing (i.e, signal change) of the velocity whose distance

to the concentric start is greater than or equal to min_eccentric_duration.

ii) Once identified, the algorithm is refined by selecting the last local maximum im-
mediately preceding the zero-crossing. This point is only considered if its ve-
locity is less than or equal to max_inflection_velocity and if it occurs within dis-

tance_to_zero_cross_sec of the zero-crossing. This refinement was supported by
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external validation: synchronization of resampled velocity signals with real-time

motion video revealed that, in some cases, the actual start of the motion occurred

slightly before the zero-crossing. If this maximum did not satisfy all conditions, the

identified zero-crossing was considered the start of the repetition.

Each repetition ended exactly at the end of each concentric phase. The algorithm parame-

ters are specified in Table 4.3, and a schematic representation of the algorithm is provided

in Appendix E .

Table 4.3: Parameters used in the Repetition Start Detection Algorithm.

Variables Assigned Description
value
window back s 170 s Maximum backward. search window
before each concentric start.
Minimum required eccentric duration
min_eccentric_duration 0.60s between the zero crossing (or
inflection) and the concentric start.
Upper bound for the velocity at the
max_inflection_velocity 0.03m/s inflection point to ensure a subtle
deceleration close to zero.
Maximum allowed time gap between
distance_to_zero_cross_sec 0.01s the inflection point and the zero

crossing (proximity constraint).

4.4.3 EMG Onset Detection Algorithm

In order to identify the onset of concentric contraction for each repetition in the EMG signal,

an EstOpt model-based algorithm was developed [83] . The original method is a statistical

algorithm that models the onset as a decision problem between two probabilistic regimes:

before the onset, the signal is basal noise, and after the onset, the signal is described as a

rising ramp. The estimate is obtained through maximum likelihood, seeking the optimal

instant that minimizes the quadratic error of each model.

The algorithm developed can be considered as a simplified and deterministic version

of the existing model and can be described by the following sequential steps:

1. Application of the Teager-Kaiser Energy Operator (TKEO): This operator estimates

the signal’s instantaneous energy, which is consistent with muscle activation. This

results in greater sensitivity to abrupt transitions, highlighting the onset, while

reducing slow variations in the signal that can mask the actual start of the movement.

2. Rectification and Gaussian smoothing: Passage to absolute value and application

of a Gaussian filter over time (o = 50 ms). The resulting signal is a continuous and

stable envelope of muscle energy.
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3. Onset detection criterion: For each analysis window preceding the start of each
concentric phase, window_ms, a candidate onset k is evaluated. Before k, it is

assumed that the envelope is modeled by a constant baseline level (Epre(t) =

t
Zo (e(n) - Epre)z), whereas after k, it is modeled by a linear regression represent-
n=

N
ing the envelope rise (Epost(t) = X (e(n) — 8in(n))%). The EMG onset is defined
n=t
as the point k that minimizes the sum of the quadratic errors of the two models
(to = ZIntin (Epre(t) + Epost(t)))-

Additionally, the variables guard and min_window were also defined to (i) avoid false
onsets at the edges of the window and (ii) ensure that the window contained enough
signal to distinguish basal noise from muscle activation. The algorithm parameters are
specified in Table 4.4, and steps 1-3 are illustrated in Appendix E.

Table 4.4: Parameters used in the EMG Onset Detection Algorithms.

Variables Assigned Description
value
Standard deviation of the Gaussian
sigma_ms 50 ms kernel used to smooth the TKEO-based

envelope.

Backward analysis window before each
window_ms 300 ms concentric start in which the EMG

onset is searched.

Exclusion margin at the window edges
guard 10 ms to avoid spurious detections near

boundaries.

Minimum usable window length to
min_window 100 ms ensure sufficient signal for reliable

onset estimation.

Legend: TKEO — Teager—Kaiser Energy Operator.

4.5 Metrics

To ensure the metrics applied only to the relevant segments of the movement (three
repetitions and their respective concentric phases), the signals were cut. Each signal was
segmented two seconds before the start of the first repetition and three seconds after the

end of the last repetition.

4.5.1 Maximum Velocity

The Maximum Velocity value in each repetition, expressed in m/s, was obtained in two

steps:
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i) For each segment corresponding to the beginning and the end of each concentric
phase, the index of the maximum peak in the filtered velocity signal was identified

to ensure greater robustness and lower sensitivity to noise.

ii) For the same segment, the value at the identified index was extracted from the raw
velocity signal to preserve the actual magnitude of the signal.

4.5.2 Maximum Power

The Maximum Power value, expressed in Watt (W), was calculated using the same pro-
cedure already explained above for Maximum Velocity. For each concentric phase, the
time instant of the peak power in the filtered signal was detected, and the corresponding
value at that instant was extracted from the raw signal. Since measurements were taken
only from the dominant hand’s side, the obtained values corresponded only to unilateral
power. Therefore, a scaling factor of 2 was applied, assuming anatomical symmetry

between limbs.

4.5.3 Velocity Power Difference

For each repetition, the time difference between the instant of the maximum peak in the
filtered velocity signal and the instant of the maximum peak in the filtered power signal
was calculated. The result was expressed in seconds (s).

4.5.4 Correlation of Repetition Profiles

The correlation among the temporal profiles of each repetition was quantified by evalu-
ating the consistency of the velocity and acceleration curve patterns. This analysis was
performed only on these signals because they directly represent the kinematic pattern of
the movement. First, each concentric phase was normalized through linear interpolation
so that all curves contained 100 points, representing 0-100% of the concentric phase. A
Pearson correlation matrix was then constructed from these normalized segments to assess
the linear similarity of the profile shapes over the normalized time. Finally, unique pairs
of correlation values were extracted from the matrix, corresponding to the comparison of

each possible pair of repetitions.

4.5.5 Peak Velocity and Peak Power Index

To extract relevant information on neuromuscular coordination and force application
efficiency, a temporal analysis was performed on the instants when peak velocity and peak
power occurred in each repetition. First, each concentric phase was time-normalized as
described in subsection 4.5.4. Then, the index corresponding to the maximum value of
each signal within each concentric phase was identified and converted into to the relative
percentage of the concentric cycle at which it occurred. This approach made it easier to
compare peaks both across repetitions and between signals over time.
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4.5.6 Peak Rate of Power Development

In order to characterize the speed at which the power signal increased throughout the
concentric phase, the Rate of Power Development (RPD) defined as the temporal derivative
of power (%—f), was calculated using the gradient function from the NumPy module. This
process was applied to the filtered power signal in order to reduce the noise amplification
associated with differentiation. For each repetition, the maximum derivative value, ex-
pressed in W/s, and the respective instant were obtained. Higher values indicate a faster
rise in power, reflecting more effective neuromuscular coordination at the onset of the

concentric phase.

4.5.7 Window and Total Power Slopes

To characterize the temporal evolution of power from the beginning of the concentric phase
to the maximum peak power of each repetition, the slope of the signal was calculated.
This approach consisted of two aspects:

1. Segmental slopes: The defined segment was divided into consecutive windows with
a fixed duration of 50 ms. The slope was then calculated as the variation in power
per unit of time within each window, expressed in W/s. This division provided a
more detailed and instantaneous evolution of power development.

2. Total slope: The slope was also calculated as the ratio between the difference in
power values at the boundaries of the segment and the corresponding time interval,
expressed in W/s. This measure reflected the average rate of power increase across

the entire concentric effort.

4.5.8 EMG Onset to Peak Power

To assess the temporal effectiveness of how electrical muscle activation translates into the
expression of peak power, the time delay, expressed in seconds (s), between EMG onset
and the maximum peak power during the concentric phase was measured.

4.5.9 EMG Rise Time and Slope

In order to quantify the temporal efficiency of EMG activation up to its maximum peak,
the time delay, in seconds, between the EMG onset (the start of electrical activation) and
the envelope peak (maximum electrical activation) was calculated. The peak was defined
as the maximum local value of the Gaussian envelope (described in Subsection 4.4.3) that
occurs after the estimated onset and, when specified, within a bounded search window
after it (0.5 s). To improve robustness, only peaks showing a decline over the next 60 ms
were accepted; this was verified by requiring a negative average sample-to-sample change
in that window. When needed, a minimum peak prominence threshold was also applied

to suppress spurious fluctuations.
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Based on the same envelope peak, and in order to quantify how quickly the electrical
activity rose from the EMG onset to the peak, the slope was calculated as the ratio between
the change in envelope amplitude and the corresponding time interval. The value was

expressed in mV/s.

4510 EMG Median Frequency

The EMG median frequency corresponds to the frequency that divides the power spectrum
into two regions of equal power. In this study, the median frequency of the filtered EMG
signal was calculated from the EMG onset to the end of each repetition. The calculation

consisted of the following steps:

1. Spectral power density estimation: The power spectral density was computed using
the Welch method, with windows of maximum length sampling frequency/seconds
samples (or the segment length if shorter), providing a balance between spectral

resolution and stability.

2. Cumulative integration: The spectral density was then integrated cumulatively in

order to calculate the accumulated power as a function of frequency (total power).

3. Median frequency determination: The median frequency was identified as the
frequency below which 50% of the total spectral power is concentrated, indicating
the energy distribution of the EMG spectrum.

This metric is widely used to assess muscle fatigue and to observe changes in motor

unit recruitment.

4.6 Data Organization and Database Structure

All raw data were processed and organized into a hierarchical folder structure based on
participant, session and auditory stimulus. Each participant’s folder contains subfolders
for each session, and each session is divided into two folders corresponding to the auditory
stimuli (ABF and GM). Within each stimulus folder, the text files with the raw data are
stored in the Files directory, while the output images generated during processing are
saved in the Plots directory. The Plots directory is further subdivided by exercise type
(bench press or squat). A simplified diagram of the data structure and storage is presented
in Figure 4.2.
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Figure 4.2: Directory structure for participant data storage.

At the same time, a nested dictionary, participants_data, was created to store the
processed information in memory. This dictionary reproduces the same structure as the
database: the keys follow the hierarchy from participant to session, then to stimulus and
exercise, and the final values correspond to lists of text files representing the repetitions
of a given set.

Batch processing was implemented using a function that iteratively ran through all
participants, sessions, and stimuli, automatically calling the signal processing pipeline for
each file. Extracted metrics were stored in a structured dictionary, results_per_participant,
with metadata along with the results for each file and each repetition. The processed data
were exported to CSV format for statistical analysis. Outliers were then identified using
the z-score method and excluded when exceeding three standard deviations from the
mean.

4.7 Statistical Analysis

All statistical analyses were performed in JASP (Version 0.95; JASP Team, University
of Amsterdam) [84], where the Bayesian repeated-measures ANOVA is implemented
as a mixed-effects model including participants as random effects, with random slopes
specified for repeated measures factors. Numerical accuracy was set to manual with 10000
samples and a fixed random seed to ensure stability and reproducibility of Bayes Factor
estimates. For each exercise and session, only the signals corresponding to the load at
which each participant achieved their highest power output were retained for statistical
analysis, under both auditory conditions.

4.71 Full-Sample Analysis

A Bayesian two-way repeated-measures ANOVA was employed to analyze the data. To
test whether the dependent variables varied across sessions and stimuli, a factorial design
with two within-subject factors (Session and Stimulus) was applied to the full dataset. The
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analyses were conducted separately for the bench press and squat exercises and applied
to each dependent variable of interest. The Bayesian framework was selected given the
cross-sectional design of this study. This approach is particularly advantageous under
small-sample conditions and in exploratory contexts [85], as it avoids reducing inference to
dichotomous “significant” versus “non-significant” decisions [86]. Instead, Bayes Factors
provide a continuous measure of the strength of evidence, enabling a more nuanced
interpretation of whether ABF influenced performance outcomes. The classification of
evidence strength followed Jeffreys” conventional scale [87], where values of Bayes Factor
between 1 and 3 are considered anecdotal, between 3 and 10 moderate, and above 10
strong to decisive.

It should be noted that, for each table presented in the following chapter, only the best-
fitting model is reported. The best model is defined as the one with the highest posterior
model probability P(M | data), which quantifies the relative likelihood of a model given
the observed data [87]. Post-hoc comparisons were performed only for metrics where
Session contributed to model fit, given its three levels. Results are expressed as Bayes
Factor (BF1o,ur), together with the associated error percentage.

In addition, Gender was included as a between-subject factor to account for potential
differences between male and female participants, and body mass was added as a covariate
to examine whether the effects of Session and Stimulus were consistent across sexes after

controlling for body mass.

4.7.2 Sex-Specific Analysis

The data were stratified by sex, and separate Bayesian two-way repeated-measures
ANOVAs were carried out for male and female participants within each exercise. In
each stratified analysis, participants” physical activity level, as assessed by the IPAQ ques-
tionnaire, was included as a covariate to examine its potential impact on the dependent
variables. All conventions described above regarding evidence classification, reporting
of the best-fitting model, and the use of post-hoc comparisons were likewise applied to
these sex-stratified analyses.

Complementary tables from both the overall and the sex-specific analyses, including
all other candidate models tested for the metrics that showed evidence for the inclusion

of the factor Session in the best model, are provided in Appendix F.

4.7.2.1 Quantifying Adaptation

From the sex-stratified analyses, the dependent variables with the strongest evidence of
systematic effects were identified. In most of these variables, Session consistently appeared
as one of the key factors, highlighting the progressive evolution across sessions. To further
quantify these changes across stimuli, pairwise comparisons were carried out between
Session 1 and Session 2 and between Session 1 and Session 3. Bayesian paired-samples
t-tests were then performed separately by sex, stimulus condition, and exercise. The
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alternative hypothesis specified that performance in the later session would exceed that
in the earlier one (Measure 1 < Measure 2). Prior to these analyses, the normality of the
difference scores was verified using the Shapiro-Wilk test, which confirmed compatibility
with a normal distribution. On this basis, Student’s t was adopted as the statistical test,

and evidence was expressed using the Bayes Factor (BF_o).

4.7.2.2 Perceived Enjoyment

Finally, participants’ perceived enjoyment during the power test with ABF and GM was
evaluated using a Bayesian repeated-measures ANOVA, with Session and Stimulus as
within-subject factors and Gender as a between-subject factor.
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5

REsuLTs

This chapter presents the results of this thesis research, structured into two analyses of

the metrics proposed in Chapter 4. The first analysis includes all participants, with results

reported separately for each exercise. The second provides a sex-specific analysis, where

results are also presented by exercise.

5.1 Overall Analysis Across Participants

The results from the Bayesian two-way repeated-measures ANOVA for all metrics are

presented in Table 5.1 for the bench press and in Table 5.2 for the squat. Although Gender

was included as a between-subject factor in the analyses, only the overall descriptive

statistics are reported, without stratification by sex.

Table 5.1: Bayesian repeated-measures ANOVA results for all evaluated metrics in the
bench press exercise.

Session
Variables S1 BestM P(M | data) BFp R?
ABF GM ABF GM ABF GM

Max Power (W) 146.7 +95.4 146.7 +97.8 151.6 + 1025 152.0 + 101.6 166.9 +120.5 161.0 + 116.0  S+G+S*G 0323  17.686 0.941
Max Velocity (1/s%) 0.8+0.3 0.8+0.3 0.8+0.3 0.7+0.3 09+0.3 08+03 S+G+BM+S*G  0.138 5.911 0.692
Peak RPD (W/s) 250.3 +156.3 249.4 + 156.6 252.5 + 150.0 268.2 + 167.7 268.0 +171.4 275.6 +192.9  S+G+S*G 0.115 4.820 0.907
PP Index (%) 465+41  483+68  477+61  472+38  468+42  47.0+47 NM 0223  10.629 0.435
PV Index (%) 522+35 540+54 533+51 527+35 523434  524+43 NM 0.198 9.152 0.427
Velocity Power Dif (ms) 25.0+120 250+14.0 240+11.0 240+100 23.0+11.0 23.0+10.0 G 0292 15241 0.594
TP Slope (W/s) 169.5 + 100.2 168.4 +99.5 167.3+93.7 184.6 +111.0 177.9 + 106.2 186.9 + 128.3 G 0.155 6.807 0.873
WP Slope (W/s) 187.3 + 112.2 185.9 + 109.4 183.1 +102.6 206.7 + 127.5 201.0 + 122.8 211.9 + 146.5 G 0.086 3.483 0.865
Velocity Corr (-) 1.0£0.1 1.0 £0.0 1.0£0.1 1.0 £0.0 1.0 0.0 1.0 £0.0 NM 0.228  10.944 0.409
ACC Corr (-) 1.0£0.1 1.0 £0.1 1.0£0.1 1.0 £0.1 1.0+ 0.0 1.0 £0.0 NM 0.157 6.884 0.510
EMG Rise Time (s) 05+0.2 05+02 05+0.2 05+02 04+0.1 05+02 S+G+BM+S*G  0.154 6.712 0.721
EMG Rise Slope (mV/s) 0.1 £0.1 0.1+0.1 0.1+0.1 0.1+0.1 0.1+0.2 0.1+02 G 0.174 7.791 0.673
EMG Onset to PP (s) 03+0.1 0.4 +0.1 03+0.1 03+0.1 0.3+0.0 03+0.1 BM 0225  10.721 0.514
EMG Median Freq (Hz) 655+9.3 651+107 639+102 642+91 634+98 635+106 NM 0392 11.604 0.713

Legend: Max- Maximum; RPD- Rate of Power Development; PP- Peak Power; PV-Peak velocity; Dif- Difference; TP- Total
Power; WP- Window Power; Corr- Correlation; ACC- Acceleration; Freq- Frequency; BestM- Best Model; S- Session; G- Gender;
BM- Body Mass; NM- Null Model; P(M | data)- posterior model probability; BF)s- Bayes Factor comparing the best model

to all others; R2- explained variance of the model; “+” indicates inclusion of main effects;
interaction between factors. Results in bold reflect greater evidence with Session included.

The following analysis refers to the bench press exercise.
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5.1. OVERALL ANALYSIS ACROSS PARTICIPANTS

Regarding Maximum Power, the best model received very strong support (BFy =
17.686), highlighting Session effects and sex differences as the main determinants of
this metric. A near-equivalent model additionally including body mass (BFys = 15.060)
suggested only a minor contribution of the covariate. Post-hoc comparisons for sessions
showed moderate evidence for Session 2 and Session 3 (52-S3) (BFio,u = 3.818, € < 0.001)
and strong evidence for S1-S3 (BFjo,; = 7.698, € < 0.001).

Concerning Peak RPD, evidence was moderate (BFy; = 4.820) for the best model, with
Gender alone also being highly explanatory (BFy = 4.374). Post-hoc session contrasts
provided at most anecdotal evidence, consistent with the relatively low model probability
(P(M | data) = 0.115) and fragmented support across models.

With respect to Maximum Velocity, the best model showed moderate support (BFy
= 5.911), nearly identical to the model without body mass (BFy = 5.826). Post-hoc tests
indicated moderate-to-strong evidence for session effects, particularly S1-S3 (BFio,u =
7.606, € < 0.001) and S2-S3 (BFo,u = 3.213, € < 0.001).

As for EMG Rise Time, the best model showed moderate-to-strong support (BFy =
6.712), while a nearly equivalent model with the same factors but without body mass
yielded a similarlevel of evidence (BF 1 = 6.425). Post-hoc tests revealed moderate evidence
for differences in S1-S3 (BF1o,i1 = 4.932, € < 0.001). In Figure 5.1, the increasing evolution
of these variables across sessions by sex is shown for the bench press exercise.

The variability of Velocity Power Difference, Total Power Slope, Window Power Slope,
and EMG Rise Slope was primarily explained by sex differences (BFy € [3.482,15.241]).
For EMG Onset to Peak Power, body mass emerged as the dominant predictor (BFp; =
10.721). The remaining metrics are not explained by any of the independent factors, with
the null model receiving the strongest support.
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Figure 5.1: Descriptive plots of the variables most influenced by Session and Gender,
highlighting their progressive evolution across sessions in the bench press exercise. S =
Session; 1 = Male, 2 = Female.

Table 5.2: Bayesian repeated-measures ANOVA results for all evaluated metrics in the
squat exercise.

Session
Variables S1 S2 S3 BestM P(M | data) BFy R?
ABF GM ABF GM ABF GM

Max Power (W) 298.6 + 126.3 302.1 + 121.4 328.8 + 148.5 334.4 + 146.5 330.1 + 145.5 344.0 + 164.8 S+G+BM + S*G 0.336 18.720 0.885
Max Velocity (m/sz) 05+0.1 0.5+0.2 05+0.1 0.5+0.1 05+0.2 0.5+0.2 G 0.123 5.175 0.709
Peak RPD (W/s) 4509 +177.6 466.0 +194.2 498.7 +234.9 498.9 +220.0 492.7 +237.4 519.5 + 257.5 S+G+BM + S*G 0.245 11.987 0.859
PP Index(%) 69.1+74 674 +83 70.7 £ 8.5 71.5+9.0 712+ 8.7 69.7£7.1 5+G 0.113 4.737 0.623
PV Index (%) 69.6 +7.0 68.3+7.7 712 +£ 8.0 719 £ 8.5 71.8 £8.2 70.1 £ 6.8 G 0.116 4.865 0.626
Velocity Power Dif (ms) 3.0 3.0 5.0+5.0 3.0+40 3.0+4.0 3.0+3.0 3.0+3.0 NM 0.163 7.188 0.487
TP Slope (W/s) 249.2 +123.0 272.1 £152.7 271.1 +199.7 262.8 + 189.7 265.9 + 209.8 284.8 +203.8 G+BM 0.242 11.837 0.756
WP Slope (W/s) 261.1 +129.4 288.1 +164.5 285.9 +215.1 278.5 +209.2 282.6 +230.6 298.6 + 217.7 G+BM 0.210 9.836 0.804
Velocity Corr (-) 09+02 0.8+0.2 0.8+02 09 +0.1 0.8+02 0.8+0.2 NM 0.354 20.310 0.352
ACC Corr (-) 09+0.1 09 +0.1 09+0.1 09 +0.1 09+0.1 09 +0.1 NM 0.293 15.355 0.218
EMG Rise Time (s) 04+0.2 04+£0.2 04+0.2 0.5+0.2 04+0.1 0.5+0.2 NM 0.237 11.488 0.374
EMG Rise Slope (mV/s)  0.1+0.1 0.1+£0.1 0.1+0.1 0.1+0.1 0.1+0.1 0.1+£0.1 BM 0.157 6.881 0.439
EMG Onset to PP (s) 0.7+0.1 0.7+0.3 0.7+0.2 0.7+0.2 0.7+0.3 0.7+0.2 NM 0.191 8.753 0.628
EMG Median Freq (Hz) 64.0+7.5 65.9 £ 8.2 682+95 671x+126 639+93 65.1+74 NM 0.149 6.464 0.465

Legend: Max- Maximum; RPD- Rate of Power Development; PP- Peak Power; PV- Peak Velocity; Dif- Difference; TP- Total
Power; WP- Window Power; Corr- Correlation; ACC- Acceleration; Freq- Frequency; BestM- Best Model; S- Session; G- Gender;
BM- Body Mass; NM- Null Model; P(M | data)- posterior model probability; BF - Bayes Factor comparing the best model to all

others; R?- explained variance of the model; “+” indicates inclusion of main effects;
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between factors. Results in bold reflect greater evidence with Session included.

indicates inclusion of the interaction

Regarding the squat, certain effects were consistent with those observed in the bench

press.

There was very strong evidence (BFp; = 18.720) that Session, Gender, and their in-

teraction were the key determinants of the variable Maximum Power, with body mass

further strengthening the model. A nearly equivalent model without this covariate (BFy
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=11.511) confirmed that the main effects were driven by Session and Gender. The post-hoc
tests were consistent with this pattern, with strong to very strong evidence for session
differences (51-S2: BF1p,y =22.629, € < 0.001; S1-S3: BFj¢,uu = 55.980, € < 0.001).

Peak RPD followed a similar profile: the best model had strong support (BFy =
11.987), while the version without body mass remained strongly supported (BFy = 7.277),
implying a relevant but secondary contribution of this covariate. The post-hoc results
showed moderate session effects (51-5S2: BF1o,;1 = 5.879, € < 0.001; S1-S3: BF1¢,y = 6.038,
€ < 0.001). Figure 5.2 illustrates the upward progression of these variables across sessions
for each sex in the squat exercise.

For Peak Power Index, although the evidence was somewhat fragmented, the most
probable model was supported by moderate evidence (BFy; = 4.737), with a nearly equiva-
lent model including Gender alone (BF; = 4.364). This indicates that sex was the primary
explanatory factor. Post-hoc tests were consistent with this finding, showing moderate
evidence for session differences (51-S2: BFyg = 4.128, € < 0.001).

Despite the fragmented nature of the evidence, the variability of Maximum Velocity
and Peak Velocity Index was mainly explained by sex differences (BFy = 5.175 and BFy
= 4.865, respectively). For Total Power Slope and Window Power Slope, there was also
strong evidence that Gender was the dominant factor, with body mass adding only a
marginal contribution (BFy = 9.611 and BF 1 = 9.836, respectively). EMG Rise Slope was
primarily predicted by body mass (BFy = 6.881), followed by Gender, which also showed
relevance on its own (BF; = 6.483).

In contrast, none of the tested factors substantially explained the variance of the other
metrics, with the null model receiving the strongest support.
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Figure 5.2: Descriptive plots of the variables most influenced by Session and Gender,
highlighting their progressive evolution across sessions in the squat exercise. S = Session;
1 = Male, 2 = Female.

5.2 Sex-Specific Analysis

In this section, a detailed analysis by sex is presented.
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5.2.1 Male Participants Analysis

The results from the Bayesian two-way repeated-measures ANOVA for all metrics are

presented in Table 5.3 in the bench press.

Table 5.3: Bayesian repeated-measures ANOVA results for all evaluated metrics in the
bench press exercise among male participants.

Session
Variables S1 S2 S3 BestM P(M | data) BFy R?
ABF GM ABF GM ABF GM

Max Power (W) 2238 +72.7 223.8+789 2327+814 2354+747 265.2+927 2541+913 S 0.319 4.217 0.884
Max Velocity (m/sz) 09+0.3 09+0.3 09+0.3 0.8+0.3 1.1+03 1.0+ 0.3 S 0.273 3.381 0.537
Peak RPD (W/5s) 371.6 +£129.6 364.9 +134.7 371.0 + 116.5 402.3 + 130.5 406.9 + 130.4 425.3 + 163.1 S 0.162 1.745 0.643
PP Index (%) 476 +43 49.0+77 494 +76 47.7 £29 476 +£2.7 48.0+29 NM 0.362 5.108 0.416
PV Index (%) 519 +3.1 53.0 £ 6.6 53.8 £ 6.0 523 +28 521 +1.1 52.6 £23 NM 0.359 5.047 0.409
Velocity Power Dif (ms)  17.0+7.0 16.0+7.0 170+7.0 18.0 £ 5.0 17.0 £ 6.0 18.0 £ 5.0 NM 0.365 5.176 0.328
TP Slope (W/s) 2454 +84.8 2404 +847 239.0+751 2731+852 263.1+80.0 2834+1139 PAL 0.196 2.190 0.637
WP Slope (W/s) 2709 £96.6 266.6 +91.5 260.5+82.8 3084+97.8 299.5+92.6 322.2+129.1 S+PAL 0.141 1.479 0.620
Velocity Corr (-) 1.0+0.1 1.0+ 0.0 1.0+ 0.0 1.0+ 0.0 1.0+ 0.0 1.0 £ 0.01 NM 0.316 4.155 0.242
ACC Corr (-) 09+0.1 1.0+0.1 1.0+0.1 1.0+0.1 1.0+ 0.0 1.0+ 0.0 NM 0.294 3.745 0.276
EMG Rise Time (s) 05+0.2 04+0.2 04+0.1 04+0.1 04+0.1 05+0.2 NM 0.253 3.041 0.618
EMG Rise Slope (mV/s) 02 +0.1 02+0.2 0.1+0.1 0.2+0.1 02+0.2 02+0.2 NM 0.242 2.866 0.703
EMG Onset to PP (s) 03+0.1 03+0.1 0.3+0.1 0.3+0.1 0.3+0.0 03+0.1 NM 0.335 4.529 0.434

EMG Median Freq (Hz) 63.5+7.7 64.0 +10.1 62.7 +9.4 62.8 £ 6.3 63.1+8.2 60.8 +£9.1 NM 0.399 5.971 0.481

Legend: Max- Maximum; RPD- Rate of Power Development; PP- Peak Power; PV- Peak Velocity; Dif- Difference; TP-
Total Power; WP- Window Power; Corr- Correlation; ACC- Acceleration; Freq- Frequency; BestM - Best Model; S- Session;
PAL- Physical Activity Level; NM- Null Model; P(M | data)- posterior model probability; BF - Bayes Factor comparing
the best model to all others; R2- explained variance of the model; “+” indicates inclusion of main effects. Results in bold
reflect greater evidence with Session included.

For Maximum Power, Session was the strongest determinant (BFy; = 4.217), with
moderate support. The next most probable model included physical activity level (BFy; =
3.173), suggesting only a limited additional contribution. Post-hoc tests indicated the
largest differences between S1-S3 (BF19,i1 = 22.550, € < 0.001) and S2-S3 (BF1o,u1 = 23.310,
€ < 0.001).

For Maximum Velocity, the best model also included Session alone, with moderate
evidence (BFy = 3.381), supported by strong differences between S1-S3 (BF1o,u1 = 17.397,
€ < 0.001) and moderate evidence for S2-S3 (BF1o,uy = 3.563, € < 0.001). In contrast, Peak
RPD was best explained by Session, but with only anecdotal evidence, indicating that no
single factor clearly accounted for this metric.

For Total Power Slope and Window Power Slope, physical activity level consistently
appeared among the best predictors, although without strong statistical support. By
comparison, the null model was favored the remaining power- and velocity-related metrics,
showing that none of the tested factors substantially explained their variance.

For all EMG-derived metrics, model comparisons also consistently favored the null
model.

The results from the Bayesian two-way repeated-measures ANOVA for all metrics are

presented in Table 5.4 in the squat.
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5.2. SEX-SPECIFIC ANALYSIS

Table 5.4: Bayesian repeated-measures ANOVA results for all evaluated metrics in the
squat exercise among male participants.

Session
Variables S1 S2 S3 BestM P(M | data) BFy R2
ABF GM ABF GM ABF GM

Max Power (W) 378.8 +109.2 370.7 + 110.2 429.0 + 132.1 4355 + 125.1 434.5+121.6 4525+ 1494 S 0380  5.525 0.729
Max Velocity (11/s2) 05+0.1 0.6+0.2 0.6 +0.2 0.6+0.2 0.6+0.2 06+02 NM 0267  3.283 0.660
Peak RPD (W/s) 572.7 +124.9 582.5 +161.7 659.6 +199.1 648.4 + 1747 661.5 +201.2 685.1 £236.0 S 0364  5.144 0.835
PP Index (%) 678+81  645+82  684+90 681+103 684x10.0 674+59 NM 0336 4.554 0.561
PV Index (%) 683+78 654+78 689+86 687+96 69.0+94 677+57 NM 0335  4.537 0.564
Velocity Power Dif (ms) 3.0 + 2.0 40+30 3.0+3.0 3.0+40 3.0+4.0 30£20 NM 0365 5170 0.417
TP Slope (W/s) 335.7 +109.5 3725 +150.9 396.4 + 212.9 383.0 + 197.5 392.0 +234.3 398.9 + 2127 NM 0270  3.332 0.662
WP Slope (W/s) 352.4 +113.6 3955+ 162.6 419.8 +230.7 409.8 +220.5 420.3 + 258.7 419.7 + 2283 NM 0272  3.364 0.775
Velocity Corr (-) 0.8+02 0.8+02 09 +0.1 0902 09+0.1 08+03 NM 0359  5.049 0472
ACC Corr (-) 0.9 +0.1 09+02 1.0+0.1 0.9 +0.1 1.0 + 0.0 09+01 NM 0203 2290 0.258
EMG Rise Time (s) 04+02 04+0.1 04+02 05+02 04+02 05+01 NM 0323 4302 0417
EMG Rise Slope (mV/s) 0.1 +0.1 0.1+0.1 0.1+0.1 0.1+0.1 02+02 01+01 PAL 0351  4.876 0211
EMG Onset to PP (s) 0.6+0.1 0.7 04 0.7+02 0.7 +0.2 0.6+0.2 06+01 NM 0390  5.759 0.586
EMG Median Freq (Hz) 642+78  636+73 667+85 649+11.0 619+90 632+50 NM 0230  2.681 0.544

Legend: Max- Maximum; RPD- Rate of Power Development; PP- Peak Power; PV- Peak Velocity; Dif- Difference;
TP- Total Power; WP- Window Power; Corr- Correlation; ACC- Acceleration; Freq- Frequency; BestM- Best Model; S-
Session; NM- Null Model; P(M | data)- posterior model probability; BF- Bayes Factor comparing the best model to

all others; R?- explained variance of the model. Results in bold reflect greater evidence with Session included.

For Maximum Power, Session was the main determinant (BFy; = 5.525), followed
by a model including physical activity level (BFy; = 3.477), which provided weaker
support. Post-hoc tests showed decisive differences between S1-S2 (BFio,; = 252.827,
€ < 0.001) and S1-S3 (BF1o,u = 373.998, € < 0.001). A similar pattern was observed for
Peak RPD, where the best model highlighted Session (BFy = 5.144), with a secondary
model including physical activity level receiving lower support (BFy = 3.077). Post-hoc
tests again showed strong session effects between S1-S2 (BF1o,i; = 37.625, € < 0.001) and
S1-S3 (BFyo,u = 20.288, € < 0.001).

In the remaining power- and velocity-related metrics results favored the null model.

Regarding the EMG-derived metrics, only EMG Rise Slope showed an effect of physical
activity level (BFy = 4.876), whereas the others were best explained by the null model.

5.2.1.1 Progression of Adaptation

The following results describe how the variables that demonstrated progressive increases
across sessions evolved from Session 1 to Sessions 2 and 3, comparing their adaptation to
the experimental stimuli.

For the bench press, paired-samples t-tests were applied to Maximum Power and
Maximum Velocity. For Maximum Power under the ABF stimulus, the comparison across
sessions yielded BF_g = 19.31 (e = 0.001), providing very strong evidence for adaptation.
In contrast, the GM stimulus produced only anecdotal evidence (BF_o = 1.706, € < 0.001),
suggesting that adaptation was minimal. For Maximum Velocity, results again favored
ABF, with strong evidence of growth (BF_g = 9.198, € < 0.001), whereas GM showed very
weak support (BF_o = 1.287, € < 0.001).

For the squat, paired-samples t-tests were performed on Maximum Power and Peak
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RPD. For Maximum Power, both ABF (BF_y = 0.426, ¢ < 0.001) and GM (BF_y = 0.287,
€ < 0.001) provided only anecdotal evidence, with GM showing even weaker support.
Similarly, Peak RPD showed anecdotal evidence under both ABF (BF_y = 0.307, € = 0.007)
and GM (BF_ = 0.703, € < 0.001), suggesting no substantial adaptation for this metric

under either stimulus.

5.2.2 Female Participants Analysis

The results from the Bayesian two-way repeated-measures ANOVA for all metrics are

presented in Table 5.5 in the bench press.

Table 5.5: Bayesian repeated-measures ANOVA results for all evaluated metrics in the
bench press exercise among female participants.

Session
Variables S1 S2 S3 BestM P(M | data) BFy R2?
ABF GM ABF GM ABF GM

Max Power (W) 69.6 £28.0 69.6+282 70.6+31.6 68.6+289 687+268 67.8+288 PAL 0.648 16.534 0.705
Max Velocity (1m/s?) 0.7+0.2 0.7+0.2 0.7 +0.2 0.6+0.2 0.7+0.1 0.7+02 PAL 0.471 8.021 0.682
Peak RPD (W/s) 129.1 £47.1 133.8 £63.1 134.0 £ 53.0 134.2 +50.5 129.2 +48.4 1259 +48.0 PAL 0.465 7.810 0.742
PP Index (%) 455+39 475+61 460+3.6 466+45 460+54 46059 NM 0.377 5.442 0.452
PV Index (%) 525+39 549+39 527+43 530+42 524+48 52157 NM 0.328 4.401 0.514
Velocity Power Dif (ms) 33.0+10.0 34.0+13.0 30.0+12.0 30.0+10.0 29.0+120 28.0+120 PAL 0.292 3.710 0.441
TP Slope (W/s) 93.5+351 964+470 956+389 96.1+373 92.6+36.1 904 +339 PAL 0.452 7.434 0.790
WP Slope (W/s) 103.6 £ 41.5 105.3 £49.5 105.6 + 45.6 105.0 +43.2 102.5 +42.1 101.6 +40.9 PAL 0.501 9.037 0.796
Velocity Corr (-) 1.0+0.1 1.0+ 0.0 1.0+0.1 1.0+ 0.0 1.0+ 0.0 1.0+ 0.0 NM 0.311 4.064 0.785
ACC Corr (-) 1.0+0.1 1.0+ 0.0 09 +0.1 09+0.1 1.0+ 0.0 1.0+0.1 NM 0.270 3.337 0.724
EMG Rise Time (s) 0.6 £0.2 0.6 £0.2 0.5+0.2 0.6 +£0.1 0.5+0.2 0.5+0.2 S 0.388 5.701 0.750
EMG Rise Slope (mV/s) 0.1 +0.1 0.1+0.1 0.1+0.1 0.1+0.1 0.1+0.1 01+01 NM 0.346 4769 0.879
EMG Onset to PP (s) 04+0.1 04+0.1 0.3 +0.0 04=+0.1 0.3+0.0 0.3 +0.0 S 0.277 1.536 0.504
EMG Median Freq (Hz) 67.4+10.6 662+11.6 651+11.2 65.6+113 63.8+115 662+11.6 NM 0.562 5.124 0.800

Legend: Max- Maximum; RPD- Rate of Power Development; PP- Peak Power; PV- Peak Velocity; Dif- Difference;
TP- Total Power; WP- Window Power; Corr- Correlation; ACC- Acceleration; Freq- Frequency; BestM- Best Model;
S- Session; PAL- Physical Activity Level; NM- Null Model; P(M | data)- posterior model probability; BF ;- Bayes
Factor comparing the best model to all others; R2- explained variance of the model. Results in bold reflect greater

evidence with Session included.

For the bench press in women, the variability of Maximum Power, Maximum Velocity,

Peak RPD, Velocity Power Difference, Total Power Slope, and Window Power Slope was
explained by physical activity level (BFy € [3.710-16.534]), with moderate-to-strong evi-
dence. In contrast, the remaining power- and velocity-related metrics were best explained
by the null model, indicating the absence of systematic effects from the tested factors.

Among the EMG-derived metrics, Rise Time was most strongly explained by Session
(BFpm = 5.701), with post-hoc tests revealing strong differences between S1-S3 (BF1o,; =
20.137, € < 0.001) and S2-S3 (BF1o,u = 17.238, € < 0.001). Figure 5.3 illustrates the
decreasing trend of this metric across sessions.

EMG Onset to Peak Power was also best explained by Session (BF; = 1.536), though
the statistical evidence was insufficient to support a robust effect. Both EMG Rise Slope
and EMG Median Frequency were favored by the null model.
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Figure 5.3: Evolution of EMG Rise Time across sessions in the bench press for women.

The results from the Bayesian two-way repeated-measures ANOVA for all metrics are

presented in Table 5.6 in the squat.

Table 5.6: Bayesian repeated-measures ANOVA results for all evaluated metrics in the
squat exercise among female participants.

Session
Variables S1 S2 S3 BestM P(M | data) BFy R?
ABF GM ABF GM ABF GM

Max Power (W) 2184 +86.1 233.4+91.6 2287 +824 2334+834 2258+755 2355+93.8 NM 0.289 3.662 0.793
Max Velocity (m/sz) 04+0.1 0.5+0.1 0.5+0.1 0.5+0.1 04+0.1 05+0.1 AS 0.295 3.771 0.559
Peak RPD (W/s) 329.1 +134.2 349.5 +£152.0 337.8 +138.5 349.4 + 148.1 323.9 + 1234 3539 +£152.0 NM 0.243 2.887 0.661
PP Index (%) 703 +6.7 703 +£7.6 729 +£7.6 74.8 £6.3 74.0 £ 6.3 720+7.7 S+PAL 0.211 2.402 0.525
PV Index (%) 71.0 £ 6.1 712 £6.7 734+7.0 752 +58 745 +59 725+72 S+PAL 0.204 2.306 0.533
Velocity Power Dif (ms) 4.0 +3.0 6.0 6.0 3.0+5.0 2.0+5.0 3.0+4.0 3.0+4.0 PAL 0.198 2.222 0.448
TP Slope (W/s) 162.8 +57.5 171.7 £63.5 1458 +61.3 1427 +£69.0 1399 +50.0 170.7 +114.8 NM 0.286 3.603 0.580
WP Slope (W/s) 169.7 £ 62.6 180.7 +70.2 152.0+66.6 147.2+724 1449 +53.5 1774 +1223 NM 0.283 3.557 0.543
Velocity ACC (-) 0.9 +0.1 0.8+0.2 0.8+0.2 09+0.1 0.8+0.2 09+02 NM 0.371 5.315 0.310
ACC Corr () 0.9 +0.1 09+0.1 09 +0.1 1.0+£0.1 09 +0.1 1.0+£0.1 NM 0.270 3.336 0.260
EMG Rise Time (s) 04+0.2 0.5+0.3 0.5+0.1 0.5+0.1 04+0.1 04+0.2 NM 0.316 4160 0.444
EMG Rise Slope (mV/s)  0.1+0.1 0.1+0.0 0.1+0.1 0.1+0.0 0.1+0.0 0.1+0.1 NM 0.335 4.533 0.576
EMG Onset to PP (s) 0.7+0.1 0.7+0.2 0.8+0.2 0.8+0.2 0.8+0.3 0.8+0.2 PAL 0.220 2.536 0.557

EMG Median Freq (Hz) 63.7£7.6 68.2 + 8.8 69.7 £ 10.5 69.2 +14.2 659 +95 669 +£9.1 NM 0.204 2.303 0.365

Legend: Max- Maximum; RPD- Rate of Power Development; PP- Peak Power; PV- Peak Velocity; Dif- Difference; TP-
Total Power; WP- Window Power; AS- Acoustic Stimulus; Corr- Correlation; ACC- Acceleration; Freq- Frequency; BestM-
Best Model; S- Session; PAL- Physical Activity Level; NM- Null Model; P(M | data)- posterior model probability; BF -
Bayes Factor comparing the best model to all others; R?- explained variance of the model; “+” indicates inclusion of
main effects.

For Maximum Velocity, the best model (BFy = 3.771) identified Acoustic Stimulus as
the main factor, with the GM condition showing superior values compared to ABF. Peak
Power Index and Peak Velocity Index were linked to Session and physical activity level but
only with anecdotal evidence (BFy = 2.402 and BFj; = 2.306). Similarly, Velocity Power
Difference was best explained by physical activity level (BFy = 2.222), though weakly
supported. The remaining power- and velocity-related metrics favored the null model,
indicating no substantial effects of the tested factors.

Regarding the EMG-derived metrics, all were best explained by the null model except
for EMG Onset to Peak Power, where physical activity level emerged as the best predictor,
though only with anecdotal evidence (BFy; = 2.536).
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5.2.2.1 Progression of Adaptation

For women, only the variable EMG Rise Time during the bench press showed moderate
evidence of differences across sessions, justifying an analysis of its adaptation to the
auditory stimuli.

Results showed that, for ABF, the comparisons between Session 1-2 and Session
1-3 yielded BF_ = 0.130 (¢ < 0.001), providing only anecdotal support. Under the GM
stimulus, the same contrasts produced an even lower Bayes Factor (BF_y = 0.091, ¢ < 0.001),
further reinforcing that the observed differences across sessions lacked sufficient statistical

evidence.

5.3 Perceived Enjoyment with Auditory Stimuli

The Bayesian two-way repeated-measures ANOVA applied to PACES-8 scores across
sessions and auditory stimuli, revealed moderate evidence for differences between stimuli
(BFm = 6.184). The best model consistently explained the variability of the outcome
(R? = 0.596; P(M|data) = 0.256). Figure 5.4 shows the difference in perceived enjoyment
between the two auditory stimuli across sexes.
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Figure 5.4: PACES-8 scores comparing perceived enjoyment between the ABF and GM
auditory stimuli, stratified by sex. 1- Male; 2- Female.
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6

DiscussioN

This study aimed to evaluate the acute effects of EMG-based ABF on muscle power,
intramuscular coordination, and subjective enjoyment in young adults. Participants
performed the bench press and squat exercises at different loads (30-70% of 1RM for the
bench press and 40-80% of 1RM for the squat) under two auditory conditions (ABF and
GM) across three sessions.

The global analysis revealed distinct sex-related patterns. In the bench press, men
showed progressive increases across sessions in power- and velocity-related metrics, while
women’s values remained more stable. Other indicators of intramuscular coordination
and power also differed between sexes. In the squat, only limited progression in power
metrics was observed, mostly in men, while some velocity and power-related measures
showed disparities between sexes.

Beyond these overall results, the sex-stratified analysis made it possible to examine,
within each sex, how the most relevant variables evolved through the quantification of
their adaptation across sessions. Only men showed evident adaptations for power-related
metrics in the bench-press, with greater improvements under ABF than GM.

Finally, participants reported that GM was perceived as more enjoyable than ABF,
particularly among women.

In this discussion, only variables with a P(M | data) probability above 0.120 and an
R? greater than 0.5 were considered, ensuring both statistical support and explanatory
relevance.

6.1 Overall Analysis: Progression and Sex Differences

As previously noted, men showed a more pronounced progression than women in both
the bench press and the squat, which may be explained by multiple factors.

Early gains in strength and power after only a few training sessions are largely at-
tributable to neural adaptations [88], including improved motor unit recruitment, higher
firing rates, and enhanced intramuscular coordination [89]. However, the greater improve-

ments observed in men in this study may be linked to sex-related differences in motor
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performance. Evidence suggests that pubertal changes in the central nervous system
provide men an advantage in motor learning [90].

Biological differences further contribute to this divergence. Men generally exhibit
a greater CSA and greater distribution of type II muscle fibers [91] , which provides
a structural advantage for generating high power outputs for short period [92]. This
larger CSA represents a greater potential that can be exploited during the initial neural
adaptations, possibly contributing to the more pronounced progression observed in men
across the first testing sessions. In addition, higher testosterone levels in men can create
a more favorable environment for high-intensity neural adaptation, promoting protein
synthesis and neuromuscular explosiveness. Conversely, women’s higher estrogen levels
may support endurance and recovery adaptations, but are less directly aligned with rapid
power development [93]. Moreover, fluctuations across the menstrual cycle can also
influence neuromuscular function [94].

Experiential and behavioral aspects may also play a role. Men often have greater prior
exposure to high-intensity and power-oriented training [95], which accelerates their learn-
ing curve in explosive tasks. In this study, most male participants were highly active, which
may further explain their sharper progression. Finally, motivational factors are relevant:
men are frequently driven by competition and strength outcomes, whereas women may
emphasize consistency, supervision, and technical mastery [95]. Such tendencies could
explain why women displayed more stable performance, while men prioritize immediate

progression and maximal output, exhibiting faster improvements across sessions.

6.1.1 Bench Press: Sex-Based Performance Disparities

In addition to the observed progression in Maximum Power, Maximum Velocity and Peak
RPD, men also achieved higher values in this metrics compared with women, in the bench
press. This finding is consistent with previous research. In a recent cross-sectional study
[96], a velocity-based training bench press test at different %1RM loads, normalized by
body mass and fat-free mass, showed that men outperformed women in nearly all relative
strength and power variables. These differences were attributed to a greater predominance
of type II fibers, superior muscle quality, and higher glycolytic activity.

In this exercise, EMG Rise Time tended to decrease across sessions, with a more
pronounced reduction in women. However, when relative differences were examined,
this adaptation was not evident for either auditory condition, providing only anecdotal
evidence of change. Also, the EMG Onset to Peak Power showed to varied with body
mass.

Beyond this, the metrics Velocity Power Difference, Total Power Slope, and EMG Rise
Slope also revealed marked sex-related disparities, a pattern consistent with previous work.
Alonso-Aubin et al. [97] assessed male and female rugby players using force—velocity
profiling in both the squat and bench press. They observed sex differences in the time to
reach peak velocity and peak power (50-80% 1RM), supporting the view that temporal
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dynamics differ between men and women.

Although Total Power Slope itself has not been previously studied, related insights can
be drawn from research on the RFD. Men typically display higher absolute RFD values
[98], but these differences diminish once normalized to maximal strength [99]. Unlike
RFD, Total Power Slope reflects the combined progression of force and velocity, meaning
that velocity dynamics are equally critical to the rate at which power rises. This may
explain the sex-related disparities observed in this metric, beyond what is accounted for
by RFD.

Regarding EMG Rise Slope, although the tasks differed, the cross-sectional study
by Ives et al. [100] points in the same direction, reinforcing the presence of sex-related
differences. The authors examined rapid elbow extension movements and found faster
EMG rise in men, particularly in the triceps brachii, along with stronger reciprocal
activation patterns, whereas women displayed more gradual activation strategies. The
authors interpreted these findings as evidence that the higher EMG Rise Slope in men
reflects a greater capacity for rapid neural modulation, particularly for abrupt and efficient
antagonist activation during fast movements.

6.1.2 Squat: Sex-Based Performance Disparities

Beyond the progression observed in men for Maximum Power and Peak RPD, Maximum
Velocity in the squat did not display a clear trend over time but did reveal sex-related
differences. Previous research [97] reported sex differences in maximal squat velocity
across all relative loads, with women achieving lower peak velocities and requiring more
time to reach them. Sex-related disparities were also evident in the Total Power Slope and
Window Power Slope metrics.

With respect to the observed values, the present findings are consistent with those
reported in previous work [97] for Maximum Power and Maximum Velocity. In the
present study, both Maximum Power and Peak RPD values were higher in men than in
women and higher in the squat than in the bench press, reflecting the involvement of
larger lower-limb muscle groups and their greater muscle mass, which provide enhanced
capacity for force production. Prior research has shown that the VL, by virtue of being a
larger muscle, contains a substantial number of fast-twitch fibers in absolute terms [101],
and that leg muscles in general exhibit higher glycolytic potential compared with the
triceps brachii [102]. By contrast, Maximum Velocity was lower in the squat than in the
bench press. This is likely explained by the heavier loads and the greater technical and
postural demands of the squat [103], [104], which constrain bar velocity and make it less

responsive to short-term adaptations.
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6.2 Adaptation Analyses

While the overall analysis showed no differences between stimuli, the sex-stratified results
revealed that in men, and specifically in the bench press, adaptations appeared only in
Maximum Power and Maximum Velocity, with greater improvements under the ABF
condition.

Humans have a natural ability to follow auditory cues [105], and because in the
ABEF tool each contraction modifies the signal, participants can adjust their motor output
in real time. Unlike GM, which provides only a general rhythm, ABF delivers task-
specific information by mapping muscle activation to sound [7]. In the bench press, this
performance-linked feedback likely contributed to the superior adaptations observed in
men with ABF, whereas GM, although enjoyable, did not provide information that could
directly guide execution.

By contrast, in the squat, no differences in adaptation between auditory conditions
were observed for any metric. This may partly reflect men’s stronger preference for upper-
body over lower-body exercises [95], which could have increased engagement during
the bench press. Another factor concerns the sonification design: as noted by Peres et
al. [57], effectiveness depends on how well the auditory representation matches task
demands. Since the sonification was originally developed from biceps brachii EMG, it
was biomechanically more aligned with upper-limb actions such as the bench press than
with lower-limb movements like the squat, favoring clearer effects in the former.

Physiological and biomechanical differences between the muscles further support this
interpretation. In the bench press, the triceps brachii alternates between low activation
in the eccentric phase and sharp peaks in the concentric phase, producing a highly
discriminant EMG pattern and a clearer auditory signal [106], [107]. By contrast, during
the squat, the quadriceps, particularly the VL, remain continuously active, generating a
flatter EMG profile [106], [108] due to their pennate architecture and a greater relative
proportion of slow-twitch fibers [109]. Conversely, the triceps, with a more fusiform
structure and a higher relative proportion of fast-twitch fibers [109], supports sharper
EMG peaks and faster contractions. These distinctions are consistent with participants’
reports of perceiving ABF more clearly in the bench press than in the squat.

In women, bench press performance displayed relatively stable patterns across sessions.
Discrepancies in Maximum Power, Maximum Velocity, Peak RPD, Total Power Slope, and
Window Power Slope showed to stem from the heterogeneity in physical activity levels.
Supporting this, Miller et al. [110] showed that trained women reached maximal power at
lower relative loads and produced greater power at submaximal intensities than untrained
women. Although no studies have directly examined RPD or power-curve slopes, it is
reasonable to assume that similar neuromuscular adaptations underlie these variables,
given their dependence on explosive force and velocity. In the squat, Maximum Velocity
appeared to depend on the auditory condition, with higher values observed under GM
compared to ABF. This effect can be explained by the fact that woman benefit more from
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melodic or emotionally arousing music while men respond more positively to rhythm-

based auditory regulation of movement [111].

6.3 Limitations

In this study some limitations should be noted. First, physical activity levels were not
controlled across participants. The male group was relatively homogeneous, with most
reporting high activity levels, whereas the female group was more heterogeneous. This
imbalance may have influenced responsiveness to the auditory stimulus. Moreover, the
stable values observed in women may partly reflect that certain factors, such as menstrual
cycle phases, were not considered, as hormonal fluctuations can affect neuromuscular
function [94].

Second, selecting the VL as the target muscle may not have been optimal. Assessing the
ABEF stimulus in other muscles, such as the rectus femoris, and comparing meaningfulness
across sites could have provided further insight. The sonification design itself could also
have been more specifically tailored to each task.

Another limitation concerns the measurement tools. While squat angles were mon-
itored in real time, no equivalent system was implemented for the bench press, which
was guided only by verbal instruction. In addition, no device, such as a metronome,
was used to control eccentric velocity. Although such measures could have increased
methodological rigor, additional cues might also have interfered with the ABF, distracting
participants from the main stimulus.

Finally, the acute design, with few sessions and short intervals between them, limited

the potential to observe more pronounced effects, particularly in SEMG outcomes.
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CoNcLusiONS AND FUTurReE WORK

This study investigated the acute effects of EMG-based ABF on muscle power in young
individuals, with the purpose of establishing a reference in a healthy population before
extending applications to fragile groups such as the elderly.

The findings showed that, in men, ABF produced short-term adaptations in bench press
performance, with improvements in Maximum Power and Maximum Velocity compared
with GM. In women, no differences were observed between stimuli, as performance
values remained stable across sessions and depended mainly on physical activity level.

Intramuscular coordination in upper and lower limbs did not display acute adaptations
over the sessions nor between stimuli, likely due to the short duration of the intervention,
but showed marked sex-related disparities.

Participants reported greater enjoyment with GM than with ABF in both sexes, sug-
gesting that subjective perception is unrelated to performance across stimuli.

These results highlight the potential of EMG-based ABF as a valuable tool for enhanc-
ing power-oriented training. Its application may be further optimized by considering
differences in sex and prior activity level, ensuring more effective and individualized
strategies. To fully realize this potential, future studies should extend training duration to
allow sufficient familiarization and adaptation to the ABF cues. In addition, refining the
sonification system remains an important direction, as integrating alternative mechanical
signals (e.g., velocity) could provide complementary cues that better capture movement
dynamics and improve the meaningfulness and ecological validity of the feedback.

The observation of moderate-to-strong evidence after only three acute sessions suggests
that longer interventions may further amplify ABF’s benefits, reinforcing its potential as
a power training aid. Observing positive outcomes in a healthy population indicates
that ABF could benefit older adults, where age-related declines in muscle power impair
physical function. Even when applied earlier, in adulthood, it may also help to delay or
prevent such declines. Within the scope of the ASTROPOWER project, these findings point

to ABF as a promising tool to combat powerpenia also seen in microgravity environments.
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LIBPhys NOVA SCHOOL OF
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Informacgéao ao Participante e Consentimento informado, esclarecido e livre para
participagao
em estudos de investigagao

Por favor, leia com atengao a seguinte informagao. Se achar que algo esta incorreto ou que
nao esta claro, ndo hesite em solicitar mais informacdes.

Titulo do estudo: “Estudo do efeito agudo de estimulos auditivos para otimizar a produgao
de poténcia muscular durante o exercicio fisico.”

Enquadramento: No dmbito do projeto ASTROPOWER (https://astro-power.eu/), levado a
cabo pelo laboratério de biossinais do LIBPhys-UNL.

O investigador responsavel Hugo Gamboa atuara como responsavel pelo tratamento dos
dados pessoais, no sentido em que tais expressdes sao mencionadas no Regulamento Geral
sobre a Protecao de Dados.

Explicagdao do estudo: Este estudo envolve a recolha de dados fisiolégicos dos musculos
através de sensores de EMG, da atividade do coragao através de um sensor ECG e de
movimento através de um sensor de acelerometria e de forgca. A aquisicdo sera nas
instalagbes da Faculdade de Ciéncias e Tecnologias da Universidade NOVA de Lisboa. As
aquisicdes serao feitas 3 vezes, durante aproximadamente uma hora e quinze minutos.

Sera realizada uma sessdo prévia (baseline) destinada a recolha de métricas fisiolégicas e
de desempenho fisico, onde também sera efetuada uma breve apresentagédo do projeto com
os investigadores e esclarecimento de eventuais dulvidas. Antes desta sessdo, os
participantes devem preencher um questionario de caracterizagao da populacao, relativo a
realizagao de atividade fisica. No final do estudo cada participante recebera um relatério que
se baseia nos dados recolhidos dos sensores e nas medidas de composicdo corporal. E
importante mencionar que neste relatério integrara os seus dados pessoais, dos quais é o
Unico proprietéario, pelo que ndo deve ser partilhado com ninguém. Condigdes: E importante
referir que tera toda a liberdade para recusar a participagdo no estudo ou retirar o seu
consentimento, suspendendo a participagdo em qualquer momento. Ao longo de todo o
processo nao tera qualquer custo por participar neste estudo. Os participantes neste estudo
comprometem-se a cumprir os requisitos abaixo:

e Adultos com idade entre os 18 e os 29 anos.

¢ Individuos sem patologia neuroldgica, reumatica, oncoldgica ou cardiorrespiratoria.

e Audigao funcional preservada, adequada a recegédo de estimulos sonoros.

¢ Individuos que néo estejam a tomar medicamentos psicotrépicos.

¢ Individuos com capacidades motoras e cognitivas capazes de utilizar o equipamento
necessario.

e Voluntarios que nao estejam de férias ou ausentes durante o periodo de recolha.
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Confidencialidade e anonimato: Os dados pessoais recolhidos seréo utilizados apenas no

contexto desta investigacdo, ndo sendo divulgados em nenhum outro contexto. Dados
anonimizados (i.e., biossinais e dados demograficos) poderdo ser tornados publicos
(publicagdes cientificas e conferéncias).

Para assegurar que os seus dados pessoais sdo armazenados apenas durante o periodo
necessario, e considerando o objetivo da investigagao; os seus dados pessoais (como & o
caso do nome e e-mail), serdo armazenados em seguranga durante um periodo de 1 ano
apos o fim do estudo, por motivos de possibilidade de contactar algum participante, caso
necessario.

A qualquer momento, podera exercer os seus direitos, nomeadamente o direito de solicitar
mais informagdes sobre o tratamento dos seus dados pessoais, o direito de retificagéo e de
apagamento de dados, de remogdo do seu consentimento ou de oposi¢gdo as atividades de
tratamento, entre outros, de acordo com o disposto no Regulamento Geral sobre a Protecéo
de Dados.

Pode exercer os seus direitos contactando Hugo Filipe Silveira Gamboa, hgamboa@fct.unl.pt.
Caso entenda que o tratamento dos seus dados pessoais ndo cumpre com a legislagao
aplicavel tém, ainda, o direito de apresentar uma reclamacgéo junto da autoridade supervisora
competente. Em Portugal, pode contactar a Comissdo Nacional de Protecdo de Dados
(CNPD) em https://www.cnpd.pt/.

Identificagdao do Investigador que ira recolher os dados:
Nome: Hugo Gamboa

Profissdo: Professor e investigador principal do projeto
Contato telefonico: 962 611 197

Endereco eletronico: hgamboa@fct.unl.pt

Investigador

Confirmo que expliquei a pessoa abaixo indicada, de forma adequada e inteligivel, os
procedimentos necessarios ao estudo referido neste documento. Respondi a todas as
questdes que me foram colocadas e assegurei-me de que houve um periodo de reflexao
suficiente para a tomada da deciséo.

(Assinatura Legivel)

(Hugo Filipe Silveira Gamboa)
Data: [
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LIBPhys (A Techmotooy
Participante
Por favor, leia com atengédo todo o contetido deste documento. Nao hesite em solicitar
mais informagdes se ndo estiver completamente esclarecido(a). Verifique se todas as
informagdes estdo corretas. Se concordar com o procedimento descrito e com todas as

informacdes fornecidas acerca do estudo e pretender continuar, por favor, assine em baixo.

Eu, abaixo-assinado (nome completo do voluntario)

declaro ndo estar a participar em nenhum outro projeto de investigagdo neste
momento. Recebi o texto de Informacédo ao Participante referente ao procedimento que
concordei em efetuar. Compreendi a explicagao que me foi fornecida pelo investigador que
assina este documento. Foi-me ainda dada oportunidade de fazer as perguntas que julguei
necessarias, e de todas obtive resposta satisfatéria.

Tomei conhecimento de que, de acordo com as recomendag¢des da Declaragao de
Helsinquia, a informagéo ou explicagao que me foi prestada versou os objetivos, os métodos,
os beneficios previstos, os riscos potenciais e o eventual desconforto. Adicionalmente, foi-me
afirmado que tenho o direito de cessar a minha participagéo no estudo, a qualquer momento,
bem como pedir a imediata eliminagao de todos os meus dados recolhidos no ambito do
estudo, sem que isso possa ter como efeito qualquer prejuizo na assisténcia que me é
prestada.

Por isso, consinto de forma livre e esclarecida que me seja aplicado o método, o
tratamento ou o inquérito proposto pelo investigador.

Assinatura do voluntario:
Data: / /
Nome e assinatura do Investigador responsavel:

Data: / /
Anulagdo do Consentimento informado
Declaro que recebi a Informagao ao participante referente ao estudo/projeto
de investigagdo em questao, que me foi proposto pelo investigador que assina este
documento e pretendo anular o consentimento dado na data / /

Assinatura do voluntario:
Data: / /

Assinatura do Investigador responsavel:
Data: / /
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SUBMAXIMAL TEST FOR 1RM ESTIMATION

This chapter presents the submaximal protocol used to estimate the 1RM for the bench

press and squat exercises.

B.1 Maximal Strength Assessment

Maximal strength for both the bench press and squat was assessed using a submaximal

1RM prediction test. This protocol estimates the 1RM indirectly, based on the number of

repetitions performed with a predetermined submaximal load [112].

1.

The warm-up should consist of 10 repetitions performed without any external load.
After the warm-up, the exercise should begin with a load equivalent to 65% of
body mass for female participants and 80% of body mass for male participants, for
both exercises. These values may be adjusted based on the participant’s physical
condition and capacity.

. Allow a 1-minute rest interval after the warm-up set.
. Progressively increase the load by approximately 5 to 10% of the estimated maximum.

. Instruct the participant to perform as many repetitions as possible with proper form,

until volitional fatigue or technical failure.
Ensure the chosen load allows for no more than 10 repetitions.

If the participant completes more than 10 repetitions, the load should be increased
and the attempt repeated after a 1-minute rest period.

Once the participant completes a valid set with 1 to 10 repetitions, use the cor-
responding prediction coefficient (table B.1), based on the number of repetitions
performed to estimate the 1-RM:

Predicted 1IRM = Load lifted x Coefficient
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APPENDIX B. SUBMAXIMAL TEST FOR 1RM ESTIMATION

Table B.1: Coefficients of prediction of 1RM based on the number of repetitions. Adapted
from Baechle & Groves (1992).

Number of Repetitions (REP) Coefficients

1.00
1.07
1.10
1.13
1.16
1.20
1.23
1.27
1.32
1.36

O 0 IO U1 WN P~

—_
(@]

8. The test is concluded once a reliable value is obtained within the 1-10 repetition

range, using correct technique and full range of motion.
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ExPeErRIMENTAL PROTOCOL

This chapter outlines the experimental protocol applied in the study, describing the
procedures for participant preparation, instrumentation, and training plan to ensure

consistency and replicability.

C.1 Preparation (2 min)

Before starting any procedure, it is essential to ensure that the participant is properly
prepared and equipped both for the physical activity and for the correct placement of the
sensors. To guarantee safety, comfort, and the accuracy of the data collected, the following

guidelines must be strictly observed:

¢ Clothing should be comfortable, preferably a t-shirt and shorts, to facilitate the

placement of the sensors on the skin.

* Proper footwear is essential to provide stability and safety during exercise perfor-

mance, reducing the risk of injury and optimizing performance.

¢ Watches, bracelets, or other accessories that may interfere with the sensors should

be avoided.

C.2 Placement of Instruments (10 min)

C.2.1 Required Materials and Connection to BioPlux

The following sensors were used:

e 2 EMG sensors. ¢ 1 ACC sensor.

¢ 1 ECG sensor. ¢ 1 ]oad cell.

All sensors were connected to a single BioSignals by Plux device with 8 channels,

following the configuration shown in Figure C.1:
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APPENDIX C. EXPERIMENTAL PROTOCOL

¢ Each sensor was connected to its corresponding port, considering the requirements
of each type of device (e.g., accelerometers require three ports, whereas EMG sensors

use only one).

¢ Cable organization was arranged to minimize interference and avoid restricting the

participant’s movements.

M. superior

5
EMG 2 6
7

M. inferior
Y

ECG

Load Cell

Referéncia EMG

Figure C.1: Sensor arrangement in the BioPlux device.

C.2.2 Skin Preparation

For surface sensors, it is essential to properly prepare the skin to ensure clear signal
acquisition free from interference. Hair in the region should be removed with a razor, fol-
lowed by cleaning with a disinfectant solution. The skin should become slightly reddened,
indicating effective preparation. Finally, the area must be clean and dry to guarantee
proper electrode adhesion and to avoid failures in the acquisition of physiological signals.

C.2.3 Sensor Placement

At this stage, it is essential to ensure the correct application of the electrodes to guarantee
accurate and reliable data collection, minimizing interference and optimizing the quality

of the obtained signals.

C.2.3.1 EMG

If this is the first time performing the procedure or if there are doubts regarding sensor
placement, it is recommended to consult the Seniam website [73], which provides detailed
reference points for electrode positioning in each muscle.

It is important to consider individual variations in the muscular anatomy of each

participant.
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C.2. PLACEMENT OF INSTRUMENTS (10 MIN)

¢ For each muscle, two measurement electrodes should be used, positioned parallel
to the orientation of the muscle fibers and placed over the muscle belly to ensure

effective signal acquisition.

¢ To facilitate placement, it is advisable to ask the participant to contract the muscle
in order to better visualize its anatomy. If necessary, perform flexion or extension

against resistance.

¢ Although the order of the electrodes is not relevant, the distance between them
should not exceed 20 mm, and they should be positioned as close as possible within
this limit.

¢ Electrodes should only be placed on the right-side limbs.

EMG - Triceps Brachii: For the correct placement of the EMG sensors on the triceps
brachii, the electrodes should be positioned at 50% of the line between the posterior crest
of the acromion and the olecranon, at a distance of two finger-widths medially from this

line.

(a) Reference points (b) Example

Figure C.2: EMG - Triceps Brachii.

EMG - Vastus Lateralis: For the correct placement of EMG sensors on the vastus lateralis,
the electrodes should be positioned at two-thirds of the line between the anterior superior
iliac spine and the lateral border of the patella.

(a) Reference points (b) Examible

Figure C.3: EMG - Vastus Lateralis.
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APPENDIX C. EXPERIMENTAL PROTOCOL

C23.2 ECG

The ECG sensor used allows the acquisition of a single-lead electrocardiogram. Before
starting the signal acquisition, it is crucial to ensure the correct placement of the electrodes,
as illustrated in Figure C.4. The reference points for electrode placement are the following:

¢ ST (Sternum): Positioned below the sternum, close to the midline of the body.
* LC (Left Chest): Positioned below the left chest, near the nipple.

* M (Manubrium): Positioned on the manubrium, the prominent upper portion of
the sternum.

(a) Reference points (b) Example

Figure C.4: Recommended ECG electrode positions.

Table C.1: ECG lead configuration.

POSITIVE (+) NEGATIVE (-) REFERENCE
LEAD ST LC M

C.2.4 ACC and Load Cell

The triaxial accelerometer and load cell sensors were previously attached to the bar of the
training machine. The accelerometer was placed under the load cell, aligning its z-axis
with the direction of movement. The sensors were positioned to minimize mechanical

noise resulting from the bar’s movement during exercises.

C.2.5 Connection to the BioPlux

After the correct placement of the sensors, they must be connected to the BioPlux device
and to the custom Pyhton program to ensure the acquisition of physiological signals.

* Before starting data collection, it is essential to check all connections to ensure that
signals are being captured correctly and that no noise or transmission failures are
present.
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C.3. RESTING MEASUREMENTS (2 MIN)

¢ Pay attention to the chosen sampling rates and confirm that the signal type selected

on the computer has been properly predefined.

C.3 Resting Measurements (2 min)

At this stage, baseline data collection is performed before the beginning of the training

session, while the participant is at rest. The data and parameters to be collected are:

¢ Baseline heart rate (ECG).
¢ Resting muscle activity (EMG).

¢ Baseline ACC.

C.4 Start of Training

Before beginning the training session, a detailed explanation should be provided regarding
the purpose of the session, the exercises to be performed with a description of their
correct execution, the main muscle groups involved, and the precautions to be taken to
prevent injuries. Practical demonstrations should be provided whenever necessary, and
participants” questions should be clarified to ensure proper understanding and execution

of the movements.

C.4.1 Required Training Materials

The following materials were used:

e Barbell. ¢ Earphones.

¢ Bench.

C.4.2 Activation (10 min)
C4.21 Joint Warm-Up

Joint activation is a fundamental component of the warm-up, designed to mobilize and pre-
pare the joints for the movements required during training. This stage lasts approximately

10 minutes and consists of the following six exercises:

¢ Neck rotation: Standing position, perform neck rotations — 10 repetitions to each

side.

* Wrist rotation: Standing position, perform external and internal wrist rotations —

10 repetitions to each side.
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APPENDIX C. EXPERIMENTAL PROTOCOL

¢ Ankle rotation: Standing position, place the tip of one foot on the floor and perform
external and internal ankle rotations — 10 repetitions to each side; then repeat with
the other foot.

¢ Shoulder rotation: Standing position, rotate both arms forward — 10 repetitions to

each side. Rest for 10 seconds and repeat the movement backward.

¢ Hip rotation: Standing position, perform hip rotations — 10 repetitions to each side.
Rest for 10 seconds between directions.

¢ Knee rotation: Standing position, feet together and knees slightly flexed, perform
circular movements with the knees — 10 repetitions to each side.

Figure C.5: Shoulder rotation. Adapted from [70].

C.4.2.2 Exercise-Specific Warm-Up

As part of the warm-up, since the power test exercises were performed in the order of
bench press followed by squat, participants completed 10 repetitions with a moderate load
before each exercise. The load was defined according to each subject’s previous experience
and individual capacity. This warm-up also served to refine the exercise technique, which

had already been introduced during the maximal strength test in the baseline session.

C.4.3 Training Plan (50 min)

The training protocol consisted of two main exercises: the bench press and the squat. After
the warm-up, participants performed a power test at multiple relative loads based on the
1RM values estimated during the baseline session. All repetitions were executed with
maximal intended velocity during the concentric phase.

C.4.3.1 Bench Press Protocol

Participants performed five sets of three repetitions at the following relative loads:

Table C.2: Bench press protocol based on estimated 1RM values.

Exercise Sets Repetitions Load (%1RM)
Bench Press 5 3 30, 40, 50, 60, 70
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C.5. CORRECT EXECUTION OF THE EXERCISES

C.4.3.2 Squat Protocol

For the squat, participants also performed five sets of three repetitions, at slightly higher
relative loads:

Table C.3: Squat protocol based on estimated 1RM values.

Exercise Sets Repetitions Load (%1RM)
Squat 5 3 40, 50, 60, 70, 80

C.4.3.3 Auditory Conditions and Randomization

Each exercise was performed under two auditory conditions, presented in a randomized

order:
¢ ABF: Acoustic biofeedback condition.
* GM: Predefined rhythmic music.

Randomization was applied independently for each exercise. For the bench press,
participants first completed all five sets under one auditory condition (ABF or GM), and
then repeated the sets under the other condition. For the squat, the order of auditory
conditions was randomized again and could differ from the bench press sequence. The
sequence of load intensities was also randomized within each exercise to minimize order

and learning effects.

C.4.3.4 RestIntervals

Each set consisted of three consecutive repetitions. A restinterval of 2 minutes was allowed
between sets, and 3 minutes between exercises, in accordance with the recommendations

of the ACSM [74], in order to minimize the accumulated fatigue.

C.5 Correct Execution of the Exercises

C.5.1 Squat

The squat is one of the fundamental exercises for developing lower-limb strength, primarily

recruiting the quadriceps, hamstrings, and gluteal muscles.

¢ The bar should be positioned evenly across the trapezius.

¢ During execution, the participant should maintain the feet shoulder-width apart

with a slight external rotation.

¢ The spine should remain neutral, and the eccentric phase should be controlled until
the thighs are parallel to the ground.
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APPENDIX C. EXPERIMENTAL PROTOCOL

(a) Concentric phase (b) Eccentric phase

Figure C.6: Squat — Speediance. Adapted from [70].

C.5.2 Bench Press

The bench press is an essential exercise for developing the strength of the pectoralis major,
anterior deltoids, and triceps brachii.

¢ The participant should lie on the bench with the feet firmly on the floor, hold-
ing the bar with a grip slightly narrower than shoulder-width to increase triceps

involvement.

¢ The bar should be lowered in a controlled manner until it lightly touches the chest,

followed by full elbow extension.

¢ Aslightlumbararchis allowed, provided the glutes remain in contact with the bench,

and the scapulae should be retracted to avoid unnecessary shoulder overload.

(a) Concentric phase (b) Eccentric phase

Figure C.7: Bench Press — Speediance. Adapted from [70].

C.6 Stretching

Simple stretching exercises were performed for 30 seconds per arm and 30 seconds per leg
(approximately 3 minutes in total), focusing on the main muscle groups involved in the
training session. During execution, participants were instructed to maintain controlled

breathing and avoid sudden movements, ensuring a gradual and effective stretch.
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C.7. COOL-DOWN (4 MIN)

(a) Arms

(b) Legs

Figure C.8: Stretching. Adapted from [70].

C.7 Cool-Down (4 min)

After completing the training session, participants engaged in a cool-down phase. This
stage aimed to allow the body to gradually recover from physical exertion by normalizing
cardiovascular, respiratory, and muscular functions. During the cool-down, it was essential
to progressively reduce activity intensity, helping to avoid sudden cardiovascular stress
and to promote the clearance of accumulated metabolic by-products such as lactic acid.

C.7.1 Walking

Participants walked for approximately 2 minutes at a comfortable pace.

C.7.2 Rest

The participant remained at rest for approximately 2 minutes to allow for physiological
stabilization, during which signal acquisition was continued.
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APPENDIX C. EXPERIMENTAL PROTOCOL

C.8 Equipment Removal (10 min)
* Save the acquired signal files.
¢ Carefully remove the sensors to avoid discomfort.
¢ Dispose of the used electrodes.
¢ Sanitize the earphones.
¢ Sanitize the bench.
¢ Store the instruments in an organized manner to facilitate the next use.

¢ The participant may change clothes after the removal of all equipment.

C.9 Enjoyment Assessment (3 min)

At the end of each session, participants completed the PACES-8 questionnaire to evaluate
their subjective perception of enjoyment and satisfaction during the training under the

two auditory conditions.
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EXPERIMENTAL SESSION

This chapter presents the schematic representation of one experimental session.

Power Test Protocol

Exercise 1: Bench Press Exercise 2: Squat

5 intensities (30-70%) 1RM) ‘

5 intensities (40-80%) 1RM)

Randomize intensity order Randomize intensity order
for each auditory condition for each auditory condition

l l

‘ each ntensity =1 set <3 ‘

Each intensity = 1set x 3

reps reps
Randomize auditory Randomize auditory
condition (ABF vs GM) condition (ABF vs GM)

l l

Perform Condition 1 (5 sets)

Perform Condition 1 (5 sets) ‘

l !

Rest: 2 min between sets Rest: 2 min between sets

l l

‘ Repeat sets under ‘

Repeat sets under ‘

Condition 2 Condition 2
Rest: 2 min between sets Rest: 2 min between sets

Stretching

Resting signals (2 min)

PACES-8

Repeat x3 Sessions

Figure D.1: Experimental Session.

69



E

EvENT DETECTION ALGORITHMS AND EMG

PROCESSING

This chapter presents the algorithms used for concentric phase detection, repetition onset

and EMG processing.
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Figure E.1: Concentric Phase Detection Algorithm.
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Figure E.2: Repetition Start Detection Algorithm.
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APPENDIX E. EVENT DETECTION ALGORITHMS AND EMG PROCESSING

Teager-Kaiser Energy Operator (TKEQ) of EMG Signal
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Figure E.3: Application of the Teager-Kaiser Energy Operator (TKEO).
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Figure E.4: Rectification and Gaussian smoothing used to obtain a stable EMG activation
envelope.
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Figure E.5: EMG Onset Detection Algorithm.
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SUPPLEMENTARY STATISTICAL TABLES

This chapter presents the extended statistical outputs obtained from JASP, including

Bayesian repeated-measures ANOVA model comparisons.

Table E.1: Bayesian repeated-measures ANOVA model comparison for Maximum Power

in the bench press (overall analysis).

Models P(MM) P(M]|data) BFy  BFyp  error %
Sessions + Sex + Sessions * Sex 0.026 0.323 17.686 1.000

Sessions + Sex + BM + Sessions * Sex 0.026 0.289 15.060 0.894 7.910
Sessions + Stimulus + Sex + Sessions * Sex 0.026 0.089 3.598 0.274 4.177
Sessions + Stimulus + Sex + BM + Sessions * Sex 0.026 0.072 2.889 0.224 6.192
Sessions + Stimulus + Sex + Sessions * Sex + Stimulus * Sex 0.026 0.031 1.179 0.096 5.011
Sessions + Stimulus + Sex + BM + Sessions * Sex + Stimulus * Sex 0.026 0.029 1.094 0.089 10.447
Sessions + Sex 0.026 0.026  0.996 0.081 3.900
Sessions + Stimulus + Sex + Sessions * Stimulus + Sessions * Sex 0.026 0.025 0.935 0.076 6.086
Sessions + Stimulus + Sex + BM + Sessions * Stimulus + Sessions * Sex  0.026 0.023 0.853 0.070 8.806
Sessions + Sex + BM 0.026 0.022 0.836 0.068 5.764

Legend: BM- Body Mass; P(M | data)- posterior model probability; BF ;- Bayes Factor comparing the best model to all
others; P(M) — prior model probability; BF1g — Bayes Factor comparing each model to the best-fitting model (odds of

the model relative to the top model); “+” indicates inclusion of main effects;
between factors.

17

indicates inclusion of the interaction

Table F.2: Bayesian repeated-measures ANOVA model comparison for Maximum Velocity

in the bench press (overall analysis).

Models P(M) PM]|data) BFy BFjp error %
Sessions + Sex + BM + Sessions * Sex 0.026 0.138 5.911 1.000

Sessions + Sex + Sessions * Sex 0.026 0.136 5.826 0.988 7.339
Sessions + Stimulus + Sex + BM + Sessions * Sex 0.026 0.085 3.451 0.619 7.816
Sessions + Stimulus + Sex + Sessions * Sex 0.026 0.082 3.322 0.598 7.348
Sessions + Sex + BM 0.026 0.066 2.611 0.479 7.544
Sessions + Sex 0.026 0.063 2.488 0.457 7.168
Sessions + Stimulus + Sex + BM 0.026 0.043 1.660 0.312 10.752
Sessions + Stimulus + Sex + BM + Sessions * Sex + Stimulus * Sex 0.026 0.038 1.477 0.279 8.087
Sessions + Stimulus + Sex 0.026 0.038 1.450 0.274 7.267
Sessions + Stimulus + Sex + Sessions * Sex + Stimulus * Sex 0.026 0.036 1.374 0.260 7.360

Legend: BM- Body Mass; P(M | data)- posterior model probability; BF ;- Bayes Factor comparing the best model to
all others; P(M) — prior model probability; BF1g — Bayes Factor comparing each model to the best-fitting model

(odds of the model relative to the top model); “+” indicates inclusion of main effects;

interaction between factors.
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Table F.3: Bayesian repeated-measures ANOVA model comparison for Peak RPD in the

bench press (overall analysis).

Models P(M) PM|data) BFyn BFyg error %
Sessions + Sex + Sessions * Sex 0.026 0.115 4.820 1.000

Sessions + Sex + BM + Sessions * Sex 0.026 0.109 4.548 0.950 12.180
Sex 0.026 0.106 4.374 0.917  10.209
Sex + BM 0.026 0.083 3.362 0.723 9.382
Sessions + Sex 0.026 0.069 2.728 0.596 8.655
Sessions + Sex + BM 0.026 0.062 2.443 0.537 10.580
Sessions + Stimulus + Sex + Sessions * Sex 0.026 0.048 1.856 0.415 8.993
Stimulus + Sex 0.026 0.042 1.606 0.361 8.677
Sessions + Stimulus + Sex + BM + Sessions * Sex  0.026 0.041 1.578 0.355 10.130
Stimulus + Sex + BM 0.026 0.038 1.473 0.332  10.525

Legend: BM- Body Mass; P(M | data)- posterior model probability; BF - Bayes Factor comparing
the best model to all others; P(M) — prior model probability; BFjg — Bayes Factor comparing
each model to the best-fitting model (odds of the model relative to the top model); “+” indicates

17

inclusion of main effects;

indicates inclusion of the interaction between factors.

Table F.4: Bayesian repeated-measures ANOVA model comparison for EMG Rise Time in

the bench press (overall analysis).

Models P(M) PM|data) BFy BFjp error %
Sessions + Sex + BM + Sessions * Sex 0.026 0.154 6.712 1.000

Sessions + Sex + Sessions * Sex 0.026 0.148 6.425 0.964 5.854
Sessions + Stimulus + Sex + BM + Sessions * Sex  0.026 0.065 2.555 0.421 5.722
Sessions + Stimulus + Sex + Sessions * Sex 0.026 0.061 2.400 0.397 5.434
Sessions + BM 0.026 0.055 2.139 0.356 4.832
Sessions + Sex + BM 0.026 0.043 1.644 0.277 5.251
Sessions 0.026 0.041 1.598 0.270 4.145
Sessions + Sex 0.026 0.041 1.583 0.267 4.990
Wk_kg 0.026 0.032 1.214 0.207 4.802
Sessions + Stimulus + BM 0.026 0.026 0.972 0.167 4.851

Legend: BM- Body Mass; P(M | data)- posterior model probability; BF ;- Bayes Factor comparing
the best model to all others; P(M) — prior model probability; BFy — Bayes Factor comparing
each model to the best-fitting model (odds of the model relative to the top model); “+” indicates

g1

inclusion of main effects;

indicates inclusion of the interaction between factors.

Table E.5: Bayesian repeated-measures ANOVA model comparison for Maximum Power

in the squat (overall analysis).

Models P(M) P(M|data) BFy  BFy  error %
Sessions + Sex + BM + Sessions * Sex 0.026 0.336 18.720 1.000

Sessions + Sex + Sessions * Sex 0.026 0.237 11.511 0.706 19.86
Sessions + Stimulus + Sex + BM + Sessions * Sex 0.026 0.093 3.807 0.278 20.24
Sessions + Stimulus + Sex + Sessions * Sex 0.026 0.089 3.609 0.265 19.83
Sessions + Stimulus + Sex + BM + Sessions * Sex + Stimulus * Sex 0.026 0.049 1.904 0.146 27.64
Sessions + Sex + BM 0.026 0.033  1.272  0.099 21.18
Sessions + Stimulus + Sex + Sessions * Sex + Stimulus * Sex 0.026 0.030 1.148 0.090 19.84
Sessions + Sex 0.026 0.024 0.898 0.071 19.78
Sessions + Stimulus + Sex + BM 0.026 0.022 0.846 0.067 40.93
Sessions + Stimulus + Sex + BM + Sessions * Stimulus + Sessions * Sex  0.026 0.021 0.779 0.061 22.47

Legend: BM- Body Mass; P(M | data)- posterior model probability; BF ;- Bayes Factor comparing the best model to all
others; P(M) — prior model probability; BF1g — Bayes Factor comparing each model to the best-fitting model (odds of

the model relative to the top model); “+” indicates inclusion of main effects;

between factors.

73

17

indicates inclusion of the interaction



APPENDIX F. SUPPLEMENTARY STATISTICAL TABLES

Table F.6: Bayesian repeated-measures ANOVA model comparison for Peak RPD in the
squat (overall analysis).

Models PM) P(M]|data) BFy  BFyp error %
Sessions + Sex + BM + Sessions * Sex 0.026 0.245 11.987 1.000

Sessions + Sex + Sessions * Sex 0.026 0.164 7.277 0.672 19.27
Sessions + Stimulus + Sex + BM + Sessions * Sex 0.026 0.080 3.210 0.326 19.74
Sessions + Stimulus + Sex + Sessions * Sex 0.026 0.073 2912 0.298 19.26
Sessions + Sex + BM 0.026 0.057 2.238 0.233 21.73
Sessions + Stimulus + Sex + BM 0.026 0.046 1.803 0.190 39.72
Sessions + Sex 0.026 0.045 1.752 0.185 19.19
Sessions + Stimulus + Sex + BM + Sessions * Sex + Stimulus * Sex 0.026 0.043 1.648 0.174 24.78
Sessions + Stimulus + Sex + BM + Sessions * Stimulus + Sessions * Sex  0.026 0.027 1.028 0.110 22.43
Sessions + Stimulus + Sex + Sessions * Sex + Stimulus * Sex 0.026 0.027 1.015 0.109 19.27

Legend: BM- Body Mass; P(M | data)- posterior model probability; BF ;- Bayes Factor comparing the best model to all
others; P(M) — prior model probability; BF1y — Bayes Factor comparing each model to the best-fitting model (odds of
the model relative to the top model); “+” indicates inclusion of main effects; “*” indicates inclusion of the interaction
between factors.

Table F.7: Bayesian repeated-measures ANOVA model comparison for Power Peak Index
in the squat (overall analysis).

Models P(M) P(M/|data) BFy BFy error%
Session + Sex 0.026 0.113 4.737 1.000

Sex 0.026 0.106 4.364 0.930 2.577
Session + BM 0.026 0.079 3.189 0.699 2.649
Session 0.026 0.078 3.142 0.690 2121
BM 0.026 0.078 3.125 0.686 3.202
Session + Sex + BM 0.026 0.075 3.012 0.663 3.452
Null model (incl. subject and random slopes) 0.026 0.073 2.893 0.639 1.941
Sex + BM 0.026 0.066 2.636 0.586 2.586
Session + Stimulus + Sex 0.026 0.033 1.280 0.295 2.915
Stimulus + Sex 0.026 0.031 1.175 0.271 2.810

Legend: BM- Body Mass; P(M | data)- posterior model probability; BF ;- Bayes Factor com-
paring the best model to all others; P(M) — prior model probability; BF1y — Bayes Factor
comparing each model to the best-fitting model (odds of the model relative to the top model);
“+” indicates inclusion of main effects; “*” indicates inclusion of the interaction between
factors.

Table E.8: Bayesian repeated-measures ANOVA model comparison for Maximum Power
in the bench press (sex-specific analysis: men).

Models P(M) PM|data) BFym BFjo error %
Sessions 0.100 0.319 4.217 1.000

Sessions + PAL 0.100 0.261 3.173 0.817 3.617
Sessions + Stimulus 0.100 0.115 1.172 0.361 2.459
Sessions + Stimulus + PAL 0.100 0.099 0.990 0.311 3.901
Sessions + Stimulus + Sessions * Stimulus 0.100 0.050 0.475 0.157 3.381
Sessions + Stimulus + PAL + Sessions * Stimulus  0.100 0.047 0.447 0.148 6.133
Null model (incl. subject and random slopes) 0.100 0.040 0.379 0.127 1.681
PAL 0.100 0.040 0.373 0.125 4.571
Stimulus 0.100 0.015 0.136 0.047 2.357
Stimulus + PAL 0.100 0.013 0.122 0.042 2.711

Legend: PAL- Physical Activity Level; P(M | data)- posterior model probability; BF ;- Bayes Factor
comparing the best model to all others; P(M) — prior model probability; BFjy — Bayes Factor
comparing each model to the best-fitting model (odds of the model relative to the top model); “+”
indicates inclusion of main effects; “*” indicates inclusion of the interaction between factors.
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Table F.9: Bayesian repeated-measures ANOVA model comparison for Maximum Velocity
in the bench press (sex-specific analysis: men).

Models PM) PM|data) BFy BFyp error%
Sessions 0.100 0.273 3.381 1.000

Sessions + PAL 0.100 0.178 1.943 0.650 1.556
Sessions + Stimulus 0.100 0.161 1.723 0.588 1.426
Sessions + Stimulus + PAL 0.100 0.108 1.093 0.396 2.214
Null model (incl. subject and random slopes) 0.100 0.086 0.842 0.313 0.833
PAL 0.100 0.057 0.546 0.210 2.941
Stimulus 0.100 0.049 0.469 0.181 1.448
Sessions + Stimulus + Sessions * Stimulus 0.100 0.034 0.317 0.125 1.960
Stimulus + PAL 0.100 0.032 0.293 0.115 1.779
Sessions + Stimulus + PAL + Sessions * Stimulus  0.100 0.023 0.208 0.083 2.959

Legend: PAL- Physical Activity Level; P(M | data)- posterior model probability; BF ;- Bayes Factor
comparing the best model to all others; P(M) — prior model probability; BFjy — Bayes Factor
comparing each model to the best-fitting model (odds of the model relative to the top model); “+”
indicates inclusion of main effects; “*” indicates inclusion of the interaction between factors.

Table F.10: Bayesian repeated-measures ANOVA model comparison for Maximum Power
in the squat (sex-specific analysis: men).

Models P(M) PM|data) BFym BFyy error %
Sessions 0.100 0.380 5.525 1.000

Sessions + PAL 0.100 0.279 3.477 0.733 2.349
Sessions + Stimulus 0.100 0.139 1.454 0.366 2.300
Sessions + Stimulus + PAL 0.100 0.104 1.043 0.273 3.083
Sessions + Stimulus + Sessions * Stimulus 0.100 0.050 0.478 0.133 2.628
Sessions + Stimulus + PAL + Sessions * Stimulus  0.100 0.038 0.352 0.099 4.249
Null model (incl. subject and random slopes) 0.100 0.004 0.037 0.011 1.540
PAL 0.100 0.003 0.028 0.008 5.109
Stimulus 0.100 0.002 0.014 0.004 2.436
Stimulus + PAL 0.100 0.001 0.010 0.003 2.581

Legend: PAL- Physical Activity Level; P(M | data)- posterior model probability; BF ;- Bayes Factor
comparing the best model to all others; P(M) — prior model probability; BFjy — Bayes Factor
comparing each model to the best-fitting model (odds of the model relative to the top model); “+”
indicates inclusion of main effects; “*” indicates inclusion of the interaction between factors.

Table F.11: Bayesian repeated-measures ANOVA model comparison for Peak RPD in the
squat (sex-specific analysis: men).

Models P(M) PM|data) BFym BFjy error %
Sessions 0.100 0.364 5.144 1.000

Sessions + PAL 0.100 0.255 3.077 0.701 2.335
Sessions + Stimulus 0.100 0.125 1.282 0.343 2.128
Sessions + Stimulus + PAL 0.100 0.090 0.894 0.248 2.794
Null model (incl. subject and random slopes) 0.100 0.044 0417 0.122 1.395
Sessions + Stimulus + Sessions * Stimulus 0.100 0.036 0.340 0.100 2.756
PAL 0.100 0.033 0.307 0.091 4.775
Sessions + Stimulus + PAL + Sessions * Stimulus  0.100 0.027 0.247 0.073 4.539
Stimulus 0.100 0.015 0.141 0.042 2.039
Stimulus + PAL 0.100 0.011 0.098 0.030 2.305

Legend: PAL- Physical Activity Level; P(M | data)- posterior model probability; BF ;- Bayes Factor
comparing the best model to all others; P(M) — prior model probability; BFjy — Bayes Factor
comparing each model to the best-fitting model (odds of the model relative to the top model); “+”
indicates inclusion of main effects; “*” indicates inclusion of the interaction between factors.
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Table F.12: Bayesian repeated-measures ANOVA model comparison for EMG rise time in
the bench press (sex-specific analysis: women).

Models P(M) PM|data) BFym BFyy error %
Sessions 0.100 0.388 5.701 1.000

Sessions + PAL 0.100 0.251 3.018 0.647 1.944
Sessions + Stimulus 0.100 0.136 1.416 0.351 1.919
Sessions + Stimulus + PAL 0.100 0.091 0.897 0.234 2.527
Sessions + Stimulus + Sessions * Stimulus 0.100 0.038 0.355 0.098 2.390
Null model (incl. subject and random slopes) 0.100 0.032 0.293 0.081 1.215
Sessions + Stimulus + PAL + Sessions * Stimulus  0.100 0.025 0.235 0.065 3.481
PAL 0.100 0.021 0.197 0.055 2.812
Stimulus 0.100 0.011 0.101 0.029 1.925
Stimulus + PAL 0.100 0.007 0.065 0.019 1.972

Legend: PAL- Physical Activity Level; P(M | data)- posterior model probability; BF ;- Bayes Factor
comparing the best model to all others; P(M) — prior model probability; BFjy — Bayes Factor
comparing each model to the best-fitting model (odds of the model relative to the top model); “+”
indicates inclusion of main effects; “*” indicates inclusion of the interaction between factors.
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