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Contemporary athletic performance is increasingly shaped by complex interactions among
Received: December 19, 2025  physiological readiness, psychological state, and the quality of decisions made by athletes and
support staff. Although wearable sensing technologies and artificial intelligence (Al) have
Accepted: January 12, 2026 expanded the volume and granularity of performance data, many sport systems continue
. to analyze these data in isolation, limiting their practical value for training optimization and
Published:uaei(h2026 injury I;revention (Boutdon et al., 2017; glauding et al., 2019). Addressingg thi challenge, the
present study develops an integrative, decision-oriented framework the Human Performance
Decision Model (HPDM) designed to translate multidimensional data into actionable
performance decisions. Grounded in systems theory, human—technology interaction theory,
and cognitive physiological performance models, the study synthesizes evidence from Q1-
level literature in sports science, psychology, and Al to propose a coherent, multi-layered
architecture. The HPDM comprises three interconnected components: (i) a data acquisition
layer integrating physiological, psychological, and contextual variables; (i) an Al processing
layer employing machine learning, uncertainty modeling, and risk estimation; and (iii) a
human-centered decision interface that supports coaches and athletes without displacing
expert judgment. The model advances theory by reframing performance optimization as a
problem of decision intelligence rather than data accumulation, and advances practice by
offering a scalable and ethically governed framework applicable across elite, developmental,
and rehabilitative sport contexts. Practical implications are discussed for training
periodization, injury risk management, return-to-play decisions, and mental performance
regulation, with particular attention to data governance and athlete welfare (Gabbett, 2016).
Overall, the HPDM aligns closely with the innovation-oriented and applied focus of The
American Journal of Sports Science and Innovation.

Keywords

Abrtificial Intelligence, Athletic
Performance, Decision Intelligence,
Exercise Physiology, Performance
Analytics, Sports Psychology

INTRODUCTION environments demand rapid judgments regarding

Elite sport in the twenty-first century operates within
an environment characterized by unprecedented data
density. Advances in wearable sensors, global positioning
systems (GPS), motion capture, psychometric assessment
tools, and performance analytics platforms have enabled
athletes’  physiological,
psychological, and contextual states across training,

continuous monitoring  of
competition, and recovery phases. Heart rate variability,
neuromuscular fatigue indices, training load metrics, sleep
quality, perceived exertion, mood states, and cognitive
readiness are now routinely collected in both elite and sub-
elite sport settings (Bourdon e 4/, 2017; Halson, 2014).
In principle, this expansion of data availability should
enhance performance optimization, reduce injury risk,
and support long-term athlete development. In practice,
however, competitive outcomes continue to hinge less on
the volume of data collected and more on the quality of
decisions derived from that data.

Context: From Data Abundance to Decision Scarcity
Although elite sport has become data-rich, it remains
decision-poor. Coaches, sports scientists, and medical
teams frequently face difficulties in translating complex,
multidimensional datasets into clear, timely, and context-
sensitive decisions (Claudino ez a/, 2019). Performance

training load adjustment, recovery strategies, return-to-
play clearance, and competition readiness. These decisions
must account not only for physical capacity but also for
psychological readiness, tactical demands, and environmental
conditions. Yet, existing performance systems often present
fragmented outputs that require subjective interpretation,
increasing cognitive load on practitioners and elevating the
risk of decision error (Saw ¢# al., 2016).

This challenge is particularly evident in high-stakes
competitive contexts, where marginal gains determine
success or failure. Empirical evidence suggests that
inappropriate interpretation of workload data contributes
to both undertraining and overtraining, each of which can
negatively affect performance and injury risk (Gabbett,
2016). Similarly, psychological factors such as competitive
anxiety, attentional disruption, and mental fatigue have
been shown to impair decision-making speed and accuracy
during competition, even when physiological indicators
appear optimal (Gould & Maynard, 2009). These findings
highlight a central paradox of modern sport: more data
does not automatically yield better decisions.

Problem Statement: The Limits of Siloed Analytics
A core reason for this paradox lies in the siloed structure

of  contemporary sports analytics. Physiological
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monitoring  systems,  psychological  assessments,
biomechanical analyses, and tactical evaluations are
typically developed and applied as separate domains, each
with its own metrics, software platforms, and interpretive
frameworks (Bishop, 2008). While specialization has
advanced knowledge within individual subfields, it has
also reinforced fragmentation in applied decision-making
contexts.

For example, training load models often prioritize external
and internal load indicators without systematically
integrating psychological stress or cognitive fatigue
(Malone e al, 2017). Conversely, sports psychology
interventions may focus on mental skills training
without explicit linkage to physiological readiness or
neuromuscular recovery states. Medical decision-making
related to injury prevention and return-to-play frequently
relies on biomechanical and clinical indicators, with
limited incorporation of psychological confidence or
decision-making readiness (Dijkstra e al, 2014). As
a result, practitioners are left to synthesize disparate
information streams informally, relying on experience
and intuition rather than structured, evidence-based
decision intelligence.

Artificial intelligence (AI) and machine learning have
been introduced as potential solutions to this challenge.
Predictive
forecasting injury risk, estimating performance potential,
and identifying workload thresholds (Rossi e af., 2018).
However, many Al applications remain narrowly focused,
opaque in their decision logic, and poorly integrated
into human-centered coaching environments. Without

models have demonstrated promise in

a coherent integrative framework, Al risks becoming
another isolated analytical layer rather than a tool for
enhancing holistic decision quality.

Research Gap: Absence of Integrative and Ethically
Governed Frameworks

Despite extensive research in exercise physiology, sports
psychology, and sports analytics, there is a notable absence
of integrative frameworks that explicitly connect these
domains within a unified decision-making architecture.
Existing models tend to emphasize prediction accuracy
rather than decision relevance, focusing on what is
statistically likely to occur rather than how practitioners
should act under uncertainty (Robertson ez af., 2017).
Moreover, ethical considerations related to athlete data
governance are often treated as secondary concerns.
Continuous monitoring raises critical issues of data
privacy, informed consent, surveillance, and power
asymmetries between athletes and institutions (Kellmann
et al, 2018). In the absence of transparent and ethically
grounded decision frameworks, data-driven performance
systems risk undermining athlete autonomy and well-
being, even when intended to enhance performance.
The lack of integrative, ethically informed decision
frameworks represents a critical gap in contemporary
sports science. Addressing this gap requires a conceptual
shift from performance analytics as data accumulation

toward performance analytics as decision intelligence—
an approach that prioritizes actionable insight, human
judgment, and ethical responsibility.

Objectives of the Study

In response to these challenges, the present study
proposes and justifies the Human Performance Decision
Model (HPDM), an integrative framework designed to
translate multidimensional data into structured, human-
centered performance decisions. The specific objectives
of this study are threefold:

Conceptual Integration

To synthesize theoretical and empirical insights from
artificial intelligence, exercise physiology, and sports
psychology into a unified decision-oriented framework.

Applied Mapping

To demonstrate how the HPDM can be applied across key
performance contexts, including training periodization,
injury prevention, mental performance regulation, and
return-to-play decision-making;

Validation Agenda

To establish a clear research agenda for empirical validation,
including sport-specific adaptation, longitudinal testing,
and ethical evaluation.

By focusing explicitly on decision processes rather than
isolated metrics, this study aims to contribute both
theoretically and practically to high-performance sport.

Sport-Specific Relevance and Case Contexts

The relevance of integrative decision frameworks
becomes particularly evident when examined across
different sport categories. In endurance sports, such as
marathon running or cycling, performance outcomes
the
efficiency, pacing decisions, and psychological tolerance

depend on interaction between physiological
of fatigue. Overreliance on physiological thresholds
without accounting for mental fatigue can result in
suboptimal pacing strategies and performance decline
(Noakes, 2012). In team sports, such as football or
basketball, congested competition schedules amplify
the importance of integrating workload data with
psychological stress and contextual demands, including
travel and tactical complexity (McCall ez a/, 2017). In
combat and precision sports, where cognitive load and
emotional regulation are central, physiological readiness
alone provides an incomplete basis for decision-making,
These sport-specific variations underscore the need for
a flexible yet coherent framework capable of adapting to
diverse performance environments while maintaining a
consistent decision logic.

Policy Relevance and Sustainability in Sport

Beyond performance outcomes, integrative decision
frameworks have important implications for sports
policy and sustainability. Athlete burnout, early career
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termination, and long-term health consequences are
increasingly recognized as systemic issues within high-
performance sport (Meeusen ef al, 2013). Data-driven
decision systems that prioritize short-term performance
gains without considering cumulative psychological and
physiological stress contribute to these problems.

The HPDM aligns with emerging policy discourses that
emphasize athlete-centered development, duty of care, and
sustainable performance pathways. By embedding ethical
governance and long-term perspective into decision-
making processes, the model supports not only competitive
success but also athlete welfare and career longevity.
This orientation is particularly relevant for federations,
academies, and development programs seeking to balance
performance excellence with social responsibility.

Alignment with AJSSI Scope

The focus of this study directly aligns with the aims
and scope of The American Journal of Sports Science
and Innovation. The proposed framework is inherently
interdisciplinary, integrating exercise physiology, sports
psychology, and technological innovation. It emphasizes
applied relevance by addressing real-world decision
challenges faced by practitioners, while also advancing
conceptual understanding of performance optimization.
Furthermore, the model reflects AJSSI’s commitment to
innovation, rapid knowledge translation, and international
visibility by offering a scalable framework applicable
across diverse sporting and institutional contexts.

In sum, this introduction establishes the conceptual
foundation for reframing athletic performance optimization
as a problem of decision intelligence. The following
sections elaborate the theoretical grounding, methodological
approach, and practical implications of the Human
Performance Decision Model, positioning it as a meaningful
contribution to Q1-level sports science scholarship.

Theoretical Foundations
The athletic
contemporary sport requites an integrated theoretical

optimization — of performance in
foundation that accounts for the complex interactions
among physiological, psychological, and technological
dimensions. This section outlines three key frameworks
systems theory, human—technology interaction, and
cognitive—physiological coupling and demonstrates how
each informs the design of the Human Performance
Decision Model (HPDM). The integration of these
perspectives provides the conceptual scaffolding for
generating  testable  propositions
ready constructs relevant to elite, developmental, and

and hypotheses-
rehabilitative sports contexts.

Systems Theory in Performance

Systems theory conceptualizes performance as an
emergent property arising from the interaction of
multiple interconnected subsystems rather than from
isolated components (Bertalanffy, 1968; Bishop, 2008). In
sport, these subsystems include:

* Physiological domains: cardiovascular, neuromuscular,
metabolic, and endoctine functions;

* Psychological domains: motivation, attention, anxiety,
and emotional regulation;

* Contextual and environmental factors: training
environment, competition schedule, travel, and climate;

* Organizational and social structures: team dynamics,
coaching strategies, and institutional policies.
Performance outcomes are nonlinear and adaptive,
meaning that small changes in one subsystem can
disproportionately affect the overall result. For instance,
cumulative neuromuscular fatigue may impair cognitive
decision-making during a high-pressure competition,
while mental stress can influence hormonal responses,
affecting endurance and power output (Noakes, 2012).

Proposition 1 (P1)

Athletic performance is best predicted by models that
capture dynamic interactions among physiological,
psychological, and contextual subsystems rather than

isolated metrics.

Proposition 2 (P2)
Feedback loops
cognitive load create nonlinear effects on performance,

between physiological stress and

which linear models fail to capture.

Proposition 3 (P3)

Integrative monitoring of subsystem interactions enables
early identification of potential overtraining, performance
decline, or injury risk.

Systems theory provides the rationale for modeling
performance as a multi-layered network in which
physiological and psychological inputs are continuously
evaluated, and adjustments are made in real-time or near
real-time to optimize outcomes.

Human-Technology Interaction

The incorporation of artificial intelligence (AI) and
advanced analytics into sports science introduces the
critical perspective of human—technology interaction
(HTT). HTT examines how technology can augment
human expertise rather than replace it (Norman, 2013;
Rossi et al, 2018). In the context of HPDM, Al tools
analyze complex, multidimensional data streams to
generate predictive insights. However, ultimate decisions
regarding training modifications, competition readiness,
or injury management remain the responsibility of
coaches, athletes, and medical professionals.

Key principles from HTT relevant to HPDM include:

e Usability and interpretability: Al outputs must
be understandable to practitioners to ensure accurate
application (McCarthy et al., 2020).

* Trust and accountability: Human actors must trust Al
recommendations without abdicating responsibility.

* Ethical transparency: The decision-making process
must respect athlete autonomy, privacy, and informed
consent (Kellmann ez al,, 2018).
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Proposition 4 (P4)
Al enhances decision quality only when its outputs are

interpretable, context-sensitive, and aligned with human
expertise.

Proposition 5 (P5)

Decision compliance and athlete outcomes improve when
Al systems incorporate feedback mechanisms that allow
continuous evaluation and refinement of predictions.

By embedding HTT principles, the HPDM ensures that
Al functions as a decision support system, maintaining
a balance between technological insight and human
judgment.

Cognitive—Physiological Coupling

Athletic performance is a product of tightly coupled
physiological and cognitive processes. Psychological
factors such as focus, motivation, and stress interact
with  physiological ~variables, including hormonal
responses, cardiovascular efficiency, and neuromuscular
fatigue, producing non-linear and context-dependent
performance effects (Gould & Maynard, 2009; Meeusen
et al., 2013).

For example, an athlete with optimal physical readiness
may underperform if mental fatigue or competitive
anxiety is high, while psychological resilience can
sometimes
deficits.
mediate this interplay, influencing both physical output
and cognitive control (Noakes, 2012).

compensate for moderate physiological

Hormones such as cortisol and adrenaline

Proposition 6 (P6)

Mental and physiological readiness interact synergistically
to determine performance outcomes; neither domain
alone provides a complete picture of readiness.

Proposition 7 (P7)

Continuous, integrative monitoring of  cognitive
and physiological markers enhances prediction of
performance readiness, reduces injury risk, and supports

individualized training adjustments.

Hypotheses-Ready Constructs

Based on the propositions above, the HPDM
operationalizes ~ constructs  suitable for empirical
validation:

1. Subsystem Interaction Index (SII): Quantifies the
dynamic interplay of physiological, psychological, and
contextual variables.

2. Al-Augmented Decision Compliance (AIDC):
Measures the extent to which practitioners incorporate
Al-generated insights into actual decisions.

3. Cognitive—Physiological Readiness Score (CPRS):
Integrates cognitive focus, fatigue, hormonal markers,
and physiological load into a single readiness metric.
These support the testable
hypotheses:

constructs following

e H1: Higher SII values will correlate positively with

actual athletic performance across diverse sports.

* H2: Greater AIDC will predict enhanced performance
outcomes and lower incidence of overuse injuries.

e H3: CPRS scores will mediate the relationship
between training load and competitive performance
outcomes, supporting individualized interventions.

Integration into the HPDM
The theoretical foundations justify the HPDM’s three-
layered architecture:

1. Data Acquisition Layer: Captures physiological,
psychological, and contextual indicators using wearables,
surveys, and environmental sensors.

2. Al Processing Layer: Applies machine learning
models to evaluate subsystem interactions, predict
readiness states, and estimate risk.

3. Decision Interface ILayer: Presents actionable,
interpretable insights to coaches and athletes, supporting
ethical, context-aware decisions.

By embedding systems theory, human—technology
interaction, and cognitive—physiological coupling, the
HPDM provides a robust, testable framework for
translating complex data into actionable, ethically sound
performance decisions. This model is applicable across
elite, developmental, and rehabilitative contexts, bridging
the gap between analytical sophistication and practical

usability.

LITERATURE REVIEW

The literature on optimizing athletic performance
demonstrates substantial advances in the use of
artificial intelligence (AI), physiological monitoring,
and psychological assessment. However, persistent
limitations in existing models highlight the need for
integrative, ethically governed frameworks such as the
Human Performance Decision Model (HPDM). This
section synthesizes contemporary research in sports
analytics, exercise physiology, and sports psychology,
with a focus on applied implications across diverse
sports contexts.

Artificial Intelligence in Sports Analytics

Al has emerged as a transformative tool in sports science,
offering the ability to process complex, multidimensional
datasets that exceed human cognitive capacity (Rossi ef
al., 2018; Claudino et al,, 2019). Applications are evident
in three primary areas:

Injury Prediction

Machine learning algorithms can identify patterns
in training load, biomechanics, and recovery metrics
to forecast injury risk. For example, Gabbett (2016)
demonstrated that workload spikes exceeding 10% per
week significantly increase soft tissue injury likelihood
in team sports. Al models, particularly ensemble and
recurrent neural network approaches, improve prediction
accuracy by accounting for non-linear interactions among
physiological, psychological, and contextual factors.
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Workload Modeling

Al facilitates personalized training prescriptions by
integrating external (e.g., distance, speed) and internal
(e.g, heart rate, perceived exertion) load measures.
Data-driven periodization enables coaches to balance
performance gains with injury prevention (Impellizzeri
et al., 2019). For example, in elite soccer, neural network
models have predicted optimal training intensity windows
to minimize fatigue accumulation across congested match
schedules.

Tactical Decision Support

Beyond individual performance, Al assists in team-level
tactical analysis. Computer vision and spatiotemporal
models capture positional data and movement patterns,
enabling coaches to optimize formations and in-
game strategies (Hughes & Bartlett, 2002). Al-driven
simulations allow rapid scenario testing without exposing
athletes to excessive physical or psychological strain.
Despite these advances, Al applications are often
unidimensional or opaque, limiting interpretability for
practitioners. Many predictive models fail to integrate
physiological, psychological, and contextual variables
simultaneously, resulting in fragmented decision-making
support.

Physiological Monitoring
Physiological monitoring provides objective insight into
athlete readiness, recovery, and adaptation to training
stimuli. Key metrics include:

Heart Rate Variability (HRV)

HRYV reflects autonomic nervous system balance and is a
widely used marker for fatigue, recovery, and overtraining
risk (Buchheit, 2014). Meta-analyses indicate that daily
HRV tracking allows eatly detection of maladaptive
responses to training, guiding periodization decisions.

Neuromuscular Fatigue Assessment

Tools such as countermovement jump (CM]) analysis,
force plates, and electromyography provide information
and

about muscular power,

asymmetries (Gathercole ¢ a/, 2015). These markers are

fatigue accumulation,

critical for adjusting load to prevent injury and optimize
performance.

Recovery Kinetics

Biochemical and physiological markers—such as creatine
kinase, lactate clearance, and hormonal responses—
inform individualized recovery protocols. Integrating
these measures with training data supports precise
intervention timing and workload adjustments (Meeusen
et al., 2013).

While physiological monitoring is robust, current
practices often lack integration with psychological and
contextual data, limiting their utility in comprehensive
decision-making, For instance, an athlete may show
physiological readiness but experience cognitive fatigue

or stress that impairs actual performance.

Psychological Determinants

Psychological factors are critical determinants of athletic
performance, yet they are often undervalued in traditional
performance models. Key constructs include:

Resilience

The capacity to maintain or regain mental equilibrium under
pressure affects both performance consistency and recovery
from setbacks (Fletcher & Sarkar, 2012). Al-enhanced
monitoring of resilience through behavioral and self-report
indicators can inform adaptive training strategies.

Anxiety Regulation

Competitive anxiety influences attentional focus, decision
speed, and motor coordination. Psychophysiological
coupling models suggest that elevated pre-competition
anxiety can impair performance despite optimal physical
readiness (Jones ez al, 2009).

Decision Speed and Cognitive Flexibility

Rapid decision-making under dynamic conditions is
crucial in team sports and combat sports. Cognitive load
interacts with physiological state, creating non-linear
effects on performance outcomes (McMortis, 2016).
Existing models frequently assess psychological factors
in isolation or through retrospective surveys, limiting
predictive accuracy. Integrating psychological metrics
with physiological and contextual data is necessary to
generate actionable insights for coaches and athletes.

Limits of Current Models
Despite notable advances, current sports performance
models exhibit several limitations:

Unidimensionality

Many models focus exclusively on physiology, psychology,
or tactical analytics, failing to capture interactions among
subsystems (Bishop, 2008). For example, training load models
may optimize physical adaptation while ignoring cognitive
fatigue or motivation, potentially increasing injury risk.

Opacity

Al models, especially deep learning algorithms, often
function as “black boxes,” limiting transparency and
practitioner trust. Without clear interpretability, adoption in
applied settings remains constrained (McCarthy e/ al, 2020).

Ethical Gaps

Continuous monitoring and Al analytics raise privacy
concerns, consent issues, and power asymmetries
between athletes and organizations. Models rarely
incorporate ethical governance or athlete-centered

decision frameworks (Kellmann e7 a/,, 2018).

Contextual Neglect

Performance is situational; travel schedules, environmental
conditions, and team dynamics significantly affect
outcomes. Many current models fail to incorporate these
variables, reducing ecological validity.
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Meta-Analytic Contrasts and Sport-by-Sport Synthesis
Meta-analyses across endurance, team, and combat sports

reveal sport-specific differences in predictive model
performance.

Endurance Sports

Studies in marathon running and cycling demonstrate
that integrating HRV, training load, and mental fatigue
metrics predicts performance variability more accurately
than any single metric (Plews ez al, 2013).

Team Sports

In soccer, basketball, and rugby, Al-driven tactical analysis
combined with workload and cognitive assessment
improves decision-making on substitutions, formations,
and training intensity, reducing injury incidence (Gabbett,
2016; McCall ¢t al., 2017).

Combat and Precision Sports

Fencing, shooting, and martial arts benefit from
combining reaction-time assessment, cognitive flexibility
to predict
competitive performance under stress (Vickers, 2007).

measures, and physiological readiness
Overall, across sport domains, models that integrate
physiological, psychological, and contextual dimensions
approaches, the

integration is rarely realized in practice.

outperform  unidimensional yet

Synthesis and Implications for HPDM
The literature review establishes a clear rationale for the
HPDM:

Integration Required

Al, physiological monitoring, and psychological
assessment each provide valuable insights but are
insufficient in isolation. A unified, decision-oriented

framework is necessary.

Ethical Governance
Athlete-centered ethical protocols must be embedded into
data collection, analysis, and decision-making processes.

Actionable Insights
Models
interpretable,

data into

recommendations

must convert multidimensional

actionable for

practitioners, preserving human judgment.

Sport-Specific Adaptability

The framework must accommodate unique demands
across endurance, team, and combat sports.

By addressing these gaps, the HPDM provides a
comprehensive, scalable, and ethically grounded solution
for optimizing elite athletic performance.

MATERIALS AND METHODS

This study adopts a conceptual-analytical design to
develop the Human Performance Decision Model
(HPDM) by integrating insights from sports science,

artificial intelligence (AI), and sports psychology. The
methodology combines systematic literature synthesis
with conceptual mapping to create a robust, ethically
governed framework for enhancing athletic performance
decisions.

Research Design

The study follows a conceptual-analytical approach,
which emphasizes theory-driven integration of empirical
evidence (Jabareen, 2009). Unlike purely empirical studies,
this approach allows for the construction of a multi-
layered model by synthesizing diverse findings across
multiple domains and reconciling them into a coherent
framework.

Key aspects include:

* Timeframe: Literature published between 2010 and
2025 was included to capture the most recent advances
in Al applications, physiological
psychological determinants in sports.

monitoring, and

* Scope: Elite, developmental, and rehabilitative sport
contexts were considered to ensure generalizability
and applicability of the HPDM across diverse athletic
populations.

* Outcome: The primary goal was to develop an
integrative model that maps multidimensional data streams
(physiological, psychological, contextual) into actionable
decision pathways for athletes and practitioners.

Data Sources
The study relied on high-quality, peer-reviewed Q1
journal articles to ensure academic rigor and relevance.
Sources were drawn from:

* Sports science journals: Journal of Sports Sciences,
Sports  Medicine, of Sports
Physiology and Performance.

International  Journal

e Al and computational modeling journals: IEEE
Access, Journal of Artificial Intelligence Research, Expert
Systems with Applications.

e Psychology and science
Psychology of Sport and Exercise, Journal of Applied
Sport Psychology.

Additional sources included systematic reviews, meta-

cognitive journals:

analyses, and consensus statements relevant to athlete
monitoring, injury prevention, and decision-making
frameworks (Bourdon e a/, 2017; Gabbett, 2016;
Claudino ¢# al., 2019).

Inclusion Criteria

1. Peer-reviewed Q1 articles published between 2010—
2025.

2. Studies focusing on physiological, psychological, or
Al-based interventions in sport.

3. Research that provides quantitative, qualitative, or
mixed-method evidence for performance optimization.

Exclusion Criteria
1. Non-peer-reviewed sources or grey literature.
2. Studies outside sports contexts (e.g., clinical-only
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populations without athletic relevance).
3. Articles
transparency or reproducibility.

lacking  sufficient —methodological

Analysis

The study employs a thematic integration and conceptual
mapping approach to synthesize the literature. The
process involves:

1. Coding and categorization: Key constructs were
identified across Al analytics, physiological monitoring,
and psychological factors.

2. Thematic synthesis: Cross-domain themes were
integrated to identify relationships and gaps, including
subsystem interactions, decision support mechanisms,
and ethical considerations.

3. Conceptual mapping: Findings were organized into a
three-layer HPDM structure:

o Data acquisition layer (physiological, psychological,
contextual data)

o Al processing layer (machine learning, risk modeling,
uncertainty quantification)

o Human-centered decision interface (interpretation,

feedback, ethical governance)
This method allows the model to capture non-linear
interactions, dynamic feedback loops, and multi-factor
dependencies that are typical in elite athletic performance
scenatios (Bishop, 2008; Norman, 2013).

Ethical Considerations

Ethical governance was central to model development,
reflecting current best practices in sport science and Al
ethics (Kellmann ez a/, 2018). Key principles include:

* Privacy: Athlete data are anonymized in datasets and
models.

e Informed consent: All data integration methods
respect consent procedures for participants.

* Transparency: Model algorithms are interpretable and
decision pathways clearly documented.

* Bias mitigation: Potential biases in AI models (e.g,
gender, sport type, or cultural differences) are identified
and controlled.

Ethical adherence ensures that HPDM not only optimizes
performance but also protects athlete welfare and upholds
professional integrity.

PRISMA-Style Flow and Quality Appraisal
A PRISMA-style flow diagram was employed to document
the systematic review and synthesis process (Moher ¢z al.,
2009). Steps included:

1. Identification: 1,245 records retrieved from electronic
databases.

2. Screening: 862 records screened based on title and
abstract relevance.

3. FEligibility: 374 full-text articles assessed for
methodological quality, relevance, and transparency.

4. Included: 156 articles included in final synthesis for
conceptual model development.
Quality appraisal: FEach study was evaluated using

standardized criteria:

* Study design robustness (experimental, longitudinal,
observational).

* Sample size and statistical power.

* Validity and reliability of measures (e.g.,, HRV sensors,
psychological scales).

e Transparency of Al algorithmic methods and
performance metrics.

* Relevance to sport-specific contexts and practical
applications.
Articles meeting at least 80% of the quality criteria were
considered high-quality inputs for conceptual mapping;
This process ensured evidence-based construction of the
HPDM and minimized potential biases.

The Human Performance Decision Model (HPDM)
The Human Performance Decision Model (HPDM) is
an integrative, decision-oriented framework designed to
convert complex, multidimensional data into actionable
insights for athletes, coaches, and support staff. By
combining physiological, psychological, and contextual
monitoring with artificial intelligence (AI) processing
and human-centered interfaces, the HPDM facilitates
real-time, ethically governed decision-making across elite,
developmental, and rehabilitative sports contexts.

Architecture

The HPDM is structured as a three-layer system (Figure
1) to capture data, generate predictions, and deliver
actionable guidance:

Layer 1: Data Acquisition Layer
This layer captures multidimensional variables reflecting
an athlete’s readiness, adaptation, and environmental
conditions. Key domains include:

* Physiological variables: Heart rate variability (HRV),
neuromuscular fatigue, recovery kinetics, sleep quality,
and hormonal markers such as cortisol and testosterone
(Buchheit, 2014; Meeusen ¢ al., 2013).
variables:  Stress

levels, focus,

resilience, and competitive anxiety, assessed via validated

* Psychological

psychometric  instruments and behavioral —proxies
(Fletcher & Sarkar, 2012; Jones ¢z al., 2009).
e Contextual variables: Travel schedules, climate

conditions, competition density, and team dynamics that
influence readiness and adaptation.

Data are continuously or periodically collected using
wearable sensors, mobile applications, self-report surveys,
and environmental sensors. Integration of these variables
creates a holistic, real-time profile of the athlete.

Layer 2: Al Processing Layer
The second layer applies machine learning (ML) and
statistical algorithms to analyze complex interactions
among Layer 1 variables:

* Ensemble learning models: Random forests, gradient
boosting machines, and stacked ensemble architectures
are used to predict performance readiness and injury
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risk, capturing non-linear relationships (Rossi e af,, 2018;
Claudino e al., 2019).

e Uncertainty estimation: Bayesian inference and
probabilistic modeling quantify confidence levels in
predictions, allowing practitioners to understand the
reliability of Al-generated insights (Kellmann ez a/,, 2018).

e Risk scoring: Composite risk indices integrate
physiological, psychological, and contextual predictors,
enabling prioritization of interventions. For instance,
high-risk athletes may receive modified training loads or
targeted mental skills interventions.

This layer emphasizes interpretability, ensuring that Al
outputs support rather than replace human judgment
(Norman, 2013).

HPDM Architecture

Layer 3: Human-Centered Decision Interface
The final layer delivers actionable insights through
intuitive dashboards, alerts, and decision rules:

e Dashboards: Visual representations of readiness
scores, risk levels, and performance trends. Customizable
interfaces allow coaches to filter variables by sport,
competition phase, or individual athlete.

* Decision rules: Pre-defined adaptive thresholds guide
interventions. For example, if HRV is below a specified
percentile and stress scores are high, the system may
recommend active recovery and mental skills training,

* Feedback loops: Practitioners input outcomes, adjustments,
and subjective assessments to refine the Al models continuously,
maintaining alignment with real-world conditions.

Feedback Loops & Adaptive Thresholds

Layer 1: Data Acquisition

Physiological - Psychological - Contextual

<

Stress / Focus
@ Travel / Environment

Multisource Data Input
w

S—

HRV / Fatigue

Figure 1: Conceptual Architecture of HPDM

Layer 2: Al Processing

Machine Learning - Risk Assessment

Ensemble Models

‘ | & Uncertainty Analysis
A Risk Scoring

Predictive Analytics

Layer 3: Human Decision Interface
Dashboards - Decision Rules

Readiness Alerts

| g = Adaptive Guidelines I

M Coach / Athlete Interface -«

b 4

Figure shows Layer 1: Data Acquisition — Layer 2: AI Processing — Layer 3: Human Decision Interface with feedback loops and

adaptive thresholds.

Decision Logic
Decision-making in the HPDM is state-driven:

* Readiness states: The model categorizes athletes into
distinct states—“Optimal,” “Caution,” “High Risk”—
based on composite physiological, psychological, and
contextual scores.

* Risk thresholds: Risk indices trigger alerts when
variables exceed or fall below normative ranges. These
thresholds are sport-specific and customizable.

e Adaptive feedback: Recommendations are context-
aware and dynamically updated as new data become
available. For example, sudden travel-induced fatigue
triggers revised training load prescriptions for the next
48 hours.

Proposition 8 (P8)

Adaptive decision rules that integrate physiological,
psychological, and contextual data improve training
outcomes and reduce injury risk.

Proposition 9 (P9)

Continuous feedback loops between Al predictions and
human judgment enhance model accuracy, user trust, and
adherence to recommendations.

Applications
The HPDM supports multiple domains of athlete
management:

Training Periodization

By integrating fatigue, recovery, and psychological data,
HPDM enables data-driven load adjustments, balancing
performance gains with injury prevention (Impellizzeri ez
al., 2019).

Return-to-Play Decisions

The model assesses readiness post-injury by combining
physiological recovery markers, cognitive readiness,
and contextual stressors to ensure safe and effective
reintegration.

Mental Performance Optimization

Al identifies periods of elevated anxiety or decreased
focus, guiding interventions such as mindfulness,
biofeedback, or cognitive training exercises (Fletcher &

Satkar, 2012).

Talent Development and Rehabilitation
Layered monitoring supports long-term development

https:

journals.e-palli.com/home/index.ph

ajssi
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by mapping individual performance trajectories and
highlighting areas for targeted improvement.

Ethical and Governance Applications
Athlete data integrated
transparency,

governance  is through

privacy safeguards, and algorithmic

accountability mechanisms.

Algorithms and Validation Metrics
Algorithms:

* Random Forest & Gradient Boosting: Capture non-
linear relationships between variables; handle missing
data and reduce overfitting;

* Bayesian Networks: Estimate probabilistic readiness
and quantify uncertainty in predictions.

Table 1: Example of HPDM Validation Metrics

* Support Vector Machines (SVMs): Classify readiness
states and predict injury risk based on high-dimensional
inputs.

* Dynamic Time Warping: Align temporal sequences of
physiological and psychological data to detect deviations
from individual baselines.

Validation Metrics:

* Predictive Accuracy: Correct classification of readiness
states and injury events (sensitivity, specificity, F1 score).

* Calibration Metrics: Comparison of predicted versus
observed outcomes for risk scores.

* User Compliance and Adoption: Percent adherence
to Al recommendations in practice.

* Outcome Improvement: Quantitative gains in
performance, recovery times, and injury reduction.

Metric Definition

Target Outcome Measurement Tool

Correct classification of
athlete state

Readiness Accuracy

290% accuracy Confusion matrix, F1 score

Injury Prediction Sensitivity | True positive detection of

injuries

285% sensitivity ROC curves

Recovery Optimization
post-intervention

Reduction in recovery time

HRY, lactate clearance,
CMJ

=10% improvement

Mental Performance Impact | Improvement in focus or

anxiety regulation

Significant increase in | Psychometric scales,

SCOfres reaction tests

Governance and Ethical Considerations
The HPDM embeds governance protocols at multiple
layers:

1. Data Privacy: Anonymization of personal data;
compliance with GDPR-like standards in sport science.

2. Transparency: Decision rules, algorithms, and
uncertainty estimates are fully documented for
practitioner review.

3. Bias Mitigation: Algorithms are audited for potential
gender, sport, or cultural bias to ensure fairness.

4. Informed Consent: Athletes participate voluntarily,
with access to their own data and interpretations.
By combining technical sophistication with human-

centered governance, the HPDM ensures actionable,

Table 2: HPDM vs. Siloed Models

ethical, and reliable in

performance management.

decision-making sports

Results / Model Appraisal

The Human Performance Decision Model (HPDM) was
conceptually validated through systematic comparison
with existing siloed approaches in sports analytics,
exercise physiology, and sports psychology. Validation
focused on theoretical plausibility, integrative coherence,
and applied relevance, drawing on literature triangulation
and evidence from studies.

Feature Siloed Models HPDM Comparative Advantage

Data Integration | Single-domain focus Multidimensional (physiological + Captures complex
(physiological OR psychological + contextual) interactions and emergent
psychological) properties (Bishop, 2008)

Decision Support | Limited; relies on

expert intuition

Al-assisted decision logic with
adaptive thresholds

Enhances precision,
consistency, and timeliness
of interventions

Feedback Loops | Rarely included Continuous feedback from human Enables iterative refinement
interface to Al and data layers and dynamic adaptation
Risk Management | Minimal predictive Probabilistic risk scoring with Facilitates injury prevention
capability uncertainty modeling and readiness monitoring
(Meeusen ez al., 2013)
Ethical Oversight | Often overlooked Embedded governance: privacy, Ensures athlete safety, data

transparency, bias mitigation

integrity, and trust
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Cross-Domain

Sport-specific only
Applicability

Applicable across elite, developmental, | Increases generalizability
and rehabilitative contexts

and utility

Comparative Advantages
Conceptual Validation
Validation relied on triangulating evidence from:

Sports Science Literature

Evidence supports integration of physiological markers
(HRY, fatigue indices) and psychological variables (stress,
focus) in predicting performance outcomes (Buchheit,
2014; Fletcher & Sarkar, 2012).

AI and Computational Studies

Ensemble learning, Bayesian modeling, and risk
scoring are established methods for predicting complex
outcomes in dynamic, noisy environments (Rossi e/ al,

2018; Claudino e# al,, 2019).

Applied Case Studies

Multi-factor monitoring in professional football, Olympic
training camps, and rehabilitation programs demonstrates
superior  decision-making ~ when  physiological,
psychological, and contextual factors are integrated

(Gabbett, 2016; Impellizzeri ef al., 2019).

Plausibility
The HPDM’s layered structure aligns with systems theory,
human—technology interaction principles, and cognitive—
physiological coupling, confirming theoretical soundness
(Norman, 2013). Its architecture mirrors emergent
properties observed in elite athlete performance, where
interactions between subsystems (e.g, neuromuscular
mental focus, environmental

readiness, stressors)

Siloed Models

Physiological Models

',vﬂ HRV / Fatigue

Psychological Models

Stress / Focus

)4

|

S

J \
l@ s 3

| /
@gf\f‘l”:‘:r‘:mmr ?

Single-Domain Focus,
Limited Feedback

— Human Performance Decision Model (HPDM)
Comparative Advantages Over Siloed Models

Layer 1: Data Acquisition

Physiological - Psychological - Contextual

@YD HRV/Fatigue

Layer 2: Al Processing
Machine Learning - Risk Assessment

& Ensemble Models

A Uncertainty Analysis
A Risk Scoring

Predictive Analytics

determine outcomes.
Practical Insights

* Training Optimization: By continuously monitoring
readiness states and applying adaptive decision rules,
coaches can fine-tune periodization schedules to optimize
performance while minimizing injury risk.

* Return-to-Play Decisions: The model provides a
structured, data-informed framework to evaluate post-
injury readiness, integrating objective markers and
subjective assessments.

* Mental Performance Regulation: Integration of
psychological monitoring allows early detection of
stress, anxiety, or motivational deficits, enabling targeted
interventions.

* Governance and Ethics: Embedded privacy, transparency,
and bias mitigation features ensure decisions are ethically
defensible, enhancing athlete trust and adherence.

Model Robustness
Key conceptual validation points:

1. Evidence Triangulation: HPDM components atre
supported across independent studies spanning Al
physiology, and psychology.

2. Dynamic Adaptation: Feedback loops enhance
model robustness by continuously updating predictions
based on new data.

3. Predictive Plausibility: Probabilistic risk scoring
aligns with observed injury patterns and performance
fluctuations documented in longitudinal studies.

4. Interdisciplinary Integration: By combining multiple
disciplines, HPDM addresses gaps present in siloed models

Multidimensional Integration
Captures Emergent Properties
(Bishop, 2008)

- Physiological =*Models

- Psychological =# Contextual

Probabilistic Risk Assessment

Mformed, Context-Sensitive Decisions
(Meeusen et al, 2013)

\l Continuous, Actionable Insights

Improve Decision Accuracy & Timeliness
(Bishop, 2008, Meeusen et al, 2013)

W

Feedback Loops & Adaptive Thresholds

| Embedded Ethical Oversight
Ensures Privacy, Transparency, Bias Mitigation

(Bishop, 2008, Meeusen et al., )

Figure 2: Conceptual Appraisal of HPDM vs. Siloed Models
Figure can depict a three-layer HPDM with arrows showing integration, feedback loops, and comparative annotations highlighting

advantages over single-domain models.
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and enables more comprehensive decision-making;
Limitations and Future Directions

e Empirical Validation Required: While conceptually
robust, HPDM requires empirical testing in real-world
settings across multiple sports to quantify predictive
accuracy and usability.

e Data Quality
recommendations  depends on

Dependence:  Reliability — of

sensor  precision,
psychometric validity, and contextual data accuracy.

* Model Complexity: High dimensionality may challenge

practitioners with limited Al literacy, emphasizing the
need for user-friendly interfaces and training.
Future work should involve pilot implementations,
longitudinal outcome tracking, and refinement of
adaptive decision rules based on real-world performance
and recovery metrics.

Discussion

The Human Performance Decision Model (HPDM)
represents a paradigm shift in sports science by reframing
athletic performance as a function of decision intelligence
rather than merely a collection of physiological or
psychological data points. This approach integrates
theory, practice, and ethical innovation to provide
actionable, scalable solutions for elite, developmental,
and rehabilitative contexts.

Theoretical Implications

Traditional performance models often treat physiological
psychological  states,
conditions as isolated variables, resulting in fragmented
decision-making (Bishop, 2008). HPDM integrates these
domains within a systems-theoretic framework, highlighting

readiness, and  environmental

emergent properties—for example, how subtle interactions
between fatigue, stress, and environmental stressors
produce complex, non-linear performance outcomes.

The decision intelligence perspective emphasizes the
translation of data into actionable choices, bridging the
gap between measurement and intervention. Cognitive—
physiological coupling theory supports this integration,
demonstrating that performance outcomes are co-
determined by attentional focus, stress responses, and
hormonal dynamics (Fletcher & Sarkar, 2012; Meeusen
et al., 2013). By embedding Al processing and adaptive
feedback loops, HPDM operationalizes these theoretical
insights into real-time decision support.

Proposition 10 (P10)

Framing performance optimization as decision
intelligence increases predictive validity and enhances

athlete-coach collaboration.

Proposition 11 (P11)

Integrating multidimensional data within ethically
governed frameworks strengthens trust, adoption, and

long-term sustainability.

Practical Implications
Safer, More Consistent Outcomes

HPDM facilitates proactive management of training load,
recovery, and injury risk. By integrating physiological,
psychological, and contextual data, practitioners can
identify high-risk states before performance deterioration
occurs, reducing injury incidence and enhancing training
efficiency (Impellizzeri e al., 2019; Rossi ef al., 2018).

Adaptive Training Periodization

The model supports dynamic adjustments to training
schedules based on readiness states, allowingindividualized
interventions that balance performance gains with
recovery needs. Real-time feedback loops ensure that
changes are responsive to short-term fluctuations while
aligning with long-term developmental objectives.

Return-to-Play Decisions

The inclusion of psychological and contextual metrics
alongside physiological recovery markers creates a multi-
dimensional readiness profile, improving the safety and
efficacy of return-to-play decisions post-injury (Claudino
et al., 2019).

Mental Performance Regulation

Continuous monitoring of anxiety, focus, and resilience
enables targeted mental skills interventions, which can
improve decision-making under pressure, enhance
performance consistency, and reduce performance
anxiety (Fletcher & Sarkar, 2012).

Sport-Agnostic Application: HPDM’s modular, layered
design allows it to be implemented across diverse
sports and athletic levels, from elite football teams
to developmental training academies, highlighting its
scalability and generalizability.

Ethical-by-Design Innovation

The framework embeds governance principles, ensuring
privacy, transparency, and fairness. Bias audits and adaptive
thresholds ~ prevent
promoting athlete trust and data-driven ethics (Norman,
2013; Buchbheit, 2014).

inequitable  recommendations,

Counterarguments and Implementation Barriers
While HPDM presents substantial theoretical and
practical advantages, challenges exist:

Data Complexity
Integrating high-dimensional physiological, psychological,
and contextual data requires sophisticated sensor

networks, Al infrastructure, and expert interpretation.
Smaller organizations may lack resources or technical
expertise.

Model Transparency and Trust

Despite interpretability efforts, some practitioners may
distrust Al-generated recommendations, especially when
algorithms suggest modifications contrary to experiential
intuition (Norman, 2013).
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Inter-Individual Variability

Athletic responses to training loads and interventions
are highly individualized. HPDM must continuously
recalibrate models to accommodate unique physiological
and psychological profiles.

Ethical Concerns

Even with governance mechanisms, ethical dilemmas may
arise in handling sensitive psychological data, particularly
concerning consent, privacy, and long-term data storage.
Mitigation Strategies:

* Training and Education: Coaches and staff must be
trained to interpret dashboards and integrate Al insights
with experiential knowledge.

* Pilot Implementations: Gradual deployment with
iterative refinement can reduce resistance and improve
model accuracy.

e Standardization of Data Protocols: Adoption of
uniform measures and validated instruments ensures
comparability across athletes and settings.

* Ethical Oversight Committees: Regular audits and
compliance checks maintain adherence to privacy and
fairness standards.

Sustainability and Policy Relevance

HPDM aligns with sustainable sports science practices
by promoting injury prevention, optimizing resource
utilization, and extending athlete career longevity. From
a policy perspective, the model can inform:

e National sports federations: Guidelines for talent
development, rehabilitation protocols, and performance
monitoring,

e Public health initiatives: Athlete-centered, injury-
prevention strategies and mental health programs.

* Data governance frameworks: Ethical standards for
Al integration in sports science, contributing to global
best practices.

Proposition 12 (P12)

Adoption of HPDM-informed policies enhances national
and organizational sustainability by reducing injuries,
optimizing training, and ensuring ethical data use.

Limitations & Future Research

While the Human Performance Decision Model (HPDM)
presents a theoretically robust, integrative framework for
enhancing athlete decision-making and performance
optimization, it is essential to acknowledge its conceptual
limitations and outline avenues for future empirical
research.

Limitations

Conceptual Nature

HPDM is primarily conceptually and analytically derived,
based on literature synthesis across Q1 sports science,
Al, and psychology journals. Although grounded
in validated theoretical constructs systems theory,
cognitive physiological coupling, and human—technology

interaction the model has not yet undergone extensive

real-world, empirical validation. Consequently, predictive
accuracy, practical feasibility, and contextual adaptability
remain hypothetical.

Sport-Specific Variability

Athletic responses to physiological load, psychological
stress, and contextual influences vary significantly across
sports, competition levels, and individual characteristics
(e.g, age, sex, training history). The current model
proposes generalizable architecture, but the specific
thresholds, weighting of variables, and decision rules
require sport-specific calibration to ensure precision.

Data Dependency

HPDM relies on high-quality, multidimensional data
streams, including wearable sensor outputs, psychometric
assessments, and contextual metrics. Measurement ertors,
incomplete datasets, or unreliable self-reports could
compromise decision outputs. Organizations with limited
technological resources may face challenges in consistent
data collection.

Complexity of Implementation

Integrating Al-driven insights with human decision-
making introduces cognitive and operational complexity.
Coaches and practitioners need training to interpret
dashboards,
integrate Al

understand  probabilistic and
with

judgment. Lack of adequate training may limit adoption

outputs,
recommendations experiential
or result in suboptimal utilization.

Ethical and Privacy Considerations

While HPDM embeds ethical governance principles, real-
world deployment must continually monitor for privacy
breaches, algorithmic bias, and consent-related challenges.
Handling sensitive psychological or physiological data
requires ongoing oversight, especially when used in youth
or high-stakes competitive environments.

Future Research Directions

To advance HPDM from a conceptual framework to a
validated, sport-ready tool, several research avenues are
recommended:

Longitudinal Empirical Studies

Conduct prospective, longitudinal trials across multiple
sports to assess the model’s predictive accuracy for
performance outcomes, injury prevention, and mental
Comparing  HPDM-guided
interventions against standard practice will provide

performance  metrics.

evidence of efficacy.

Sport-Specific Adaptation

Develop customized versions of HPDM for team-based
sports (e.g.,, football, basketball), individual endurance
sports (e.g., swimming, cycling), and high-skill precision
sports (e.g., gymnastics, archery). This includes calibrating
readiness thresholds, decision rules, and weighting
variables to reflect sport-specific dynamics.
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Technological Integration

the
technologies, advanced sensors, and Al algorithms (e.g,,

Explore integration of emerging wearable
deep learning, reinforcement learning) to enhance the
granularity and predictive power of Layer 2 Al processing;
Testing real-time integration in training and competition

settings will inform usability and responsiveness.

Human—AI Interaction Studies
Investigate how coaches and athletes interact with
HPDM interfaces, focusing on trust, adherence to
recommendations, and decision-making confidence.
inform design,

requirements, and adaptive feedback mechanisms.

Insights  can interface training

Ethics and Data Governance Research

Examine the implications of Al-driven decision-making
on athlete autonomy, privacy, and equity. Develop
guidelines and best practices for ethical deployment in
diverse cultural and regulatory environments.

Validation of Mental Performance Integration
Evaluate HPDMs ability to predict and enhance mental
resilience, focus, and stress regulation, particularly under
high-pressure conditions such as major tournaments or
post-injury return-to-play scenarios.

Sustainability and Policy Studies
how HPDMe-informed practices
athlete longevity, injury reduction, and organizational

Assess influence
resource efficiency, contributing to evidence-based policy
recommendations for federations and national sports

bodies.

CONCLUSION

The Human Performance Decision Model (HPDM)
offers a comprehensive, integrative framework that
redefines athletic performance as a function of
decision intelligence, rather than the mere aggregation
of physiological or psychological data. By combining
multidimensional monitoring, Al-driven processing,
and human-centered interfaces, HPDM bridges the gap
between complex data streams and actionable, real-time
decisions, providing a scientifically grounded approach
to optimize training, injury prevention, and mental
performance.

From a practical standpoint, HPDM supports safer and
more consistent outcomes across elite, developmental,
and rehabilitative contexts. Its adaptive, sport-agnostic
architecture enables personalized periodization, targeted
interventions, and dynamic readiness assessment, while
embedded governance ensures ethical data handling,
transparency, and fairness. These features collectively
enhance athlete trust, adherence, and performance
sustainability, aligning with AJSSI’s focus on innovation
and applied sports science.

While conceptually robust, HPDM requires longitudinal,
sport-specific empirical validation to confirm predictive

accuracy, usability, and generalizability. Future research
should focus on integrating emerging technologies,
refining Al algorithms, and examining human—Al
interaction in real-world environments. By addressing
these challenges, HPDM has the potential to establish
a next-generation standard for evidence-based, ethically
responsible decision-making in sports performance
management.
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