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ABSTRACT

Exercise and sport sciences increasingly rely on statistical models to analyse complex data arising from experimental, obser-
vational, and longitudinal designs. However, applied research frequently shows misalignment between research questions,
data structure, and analytical strategies, leading to biased inference, limited reproducibility, and reduced interpretability.
Common challenges include small sample sizes, clustered and repeated measurements, suboptimal model selection, insufficient
assessment of model assumptions, and the growing use of machine learning methods without transparent validation or report-
ing. This methodological narrative review synthesises key statistical challenges through a targeted literature search and pro-
poses a decision-oriented framework to guide statistical model selection and reporting in exercise and sport sciences. The
framework integrates study objective (explanatory vs. predictive), outcome type, data structure, and information content to
support coherent and transparent analytical decisions. Classical models, penalised regression, and supervised machine learn-
ing approaches are discussed in terms of applicability, assumptions, interpretability, and validation requirements. A workflow
figure and practical decision tables are provided to support model selection, test selection, validation, and robustness assess-
ment. The overarching goal is to strengthen applied statistical reasoning and promote robust, interpretable, and reproducible

quantitative research in exercise and sport sciences.
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Introduction

Exercise and sport sciences increasingly rely on
quantitative methods to investigate complex relation-
ships between physical activity, health outcomes, and
human performance. Contemporary research designs
frequently involve repeated measurements, clustered
observations (e.g, teams, schools, training groups), mul-
tidimensional outcomes, and heterogeneous popula-
tions. These characteristics reflect the inherently multi-
level and dynamic nature of exercise-related phenomena,
in which individual responses are embedded within
contextual, temporal, and organisational structures.
As a consequence, statistical analyses must explicitly
account for dependency, heterogeneity, and temporal
dynamics to avoid biased estimates and misleading
conclusions. While advances in statistical modelling
and data-driven techniques have expanded the analyti-
cal toolbox available to researchers, their application
in exercise and sport sciences remains methodologi-

cally inconsistent and, in many cases, insufficiently
transparent.

Recent methodological discussions in exercise and
sport sciences have highlighted persistent concerns
related to transparency, reproducibility, statistical pow-
er, reporting practices, questionable inferential ap-
proaches, and the need for stronger collaboration be-
tween applied researchers and statisticians [1-6]. These
issues include inadequate alignment between research
questions and statistical models, insufficient sample-
size planning, inappropriate handling of correlated or
repeated data, limited assessment of model assump-
tions, and overreliance on dichotomous or insufficiently
justified interpretations of statistical evidence. Such
limitations are particularly critical in applied contexts,
where statistical results are often used to inform train-
ing prescriptions, clinical decision-making, rehabili-
tation protocols, and public health recommendations.
In these settings, weak statistical practices may trans-
late directly into suboptimal or ineffective interven-
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tions. These challenges are further amplified by the
increasing adoption of machine learning approaches,
which, despite their predictive potential, are often im-
plemented as “black-box” models with limited inter-
pretability and insufficient validation [7, 8].

In this context, methodological rigour in exercise
and sport sciences depends not solely on the sophisti-
cation of statistical techniques, but on the coherence
between study objectives, data structure, and analyti-
cal decisions. A mismatch between these elements may
lead to biased inference, inflated performance estimates,
and reduced reproducibility across studies. Recent
methodological literature emphasises the need to dis-
tinguish clearly between explanatory and predictive
modelling, to account explicitly for dependency struc-
tures in the data, and to adopt transparent and repro-
ducible statistical practices [9, 10].

Contemporary methodological contributions high-
light the need to move beyond dichotomous interpreta-
tions of statistical evidence and instead promote esti-
mation-focused, decision-relevant inference. This shift
is particularly important in applied health and sport
science research, where nuanced interpretation of un-
certainty is essential for informing practice. McShane
et al. [11] argue that the conventional threshold-based
approach to statistical significance obscures practical
relevance and encourages misleading binary conclu-
sions, advocating instead for an integrative evidential
perspective in which p-values are interpreted along-
side effect sizes, confidence intervals, direction and
magnitude of effects, model assumptions, sensitivity
analyses, practical relevance, and consistency with prior
evidence. In a sport science context, this means eval-
uating whether an observed effect is not only statisti-
cally detectable, but also meaningful for training pre-
scription, rehabilitation, performance monitoring, injury
prevention, or clinical decision-making. Similarly, Holm-
berg [12] emphasises that recurring debates on statis-
tical significance reflect deeper conceptual misunder-
standings about probability and inference, and calls for
clearer, actionable guidance to support sound decision-
making in applied research settings. In parallel, recent
methodological work on interpretable machine learn-
ing highlights the need for the growing uptake of data-
driven models to be accompanied by transparent vali-
dation, interpretability, and clear communication of
model uncertainty and limitations [13].

The aim of this methodological narrative review is
to provide a methodological synthesis of common sta-
tistical challenges in exercise and sport sciences and
to propose a decision-oriented framework for model
selection and reporting. The intended audience includes
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applied exercise and sport science researchers, early-
career investigators, doctoral students, journal review-
ers, and interdisciplinary collaborators who have basic
statistical knowledge but require structured guidance
for aligning research questions, data structures, and
analytical strategies. By framing statistical modelling as
a sequence of explicit analytical decisions, this contri-
bution seeks to support researchers in selecting appro-
priate methods that are aligned with both substantive
research questions and empirical data characteristics.
Rather than introducing new statistical methods or
presenting a newly validated statistical model, this
contribution focuses on improving applied statistical
reasoning by translating established methodological
principles into a practical decision-oriented framework
for exercise and sport science research.

Methodological approach

This paper was designed as a methodological nar-
rative review with applied sport-science examples and
a practical focus on supporting decision-making. Ad-
vanced approaches, such as penalised regression, ma-
chine learning, and dimensionality reduction, are dis-
cussed at a conceptual level, with the aim of clarifying
when they may be appropriate and when expert sta-
tistical collaboration may be required. The purpose
was not to quantify the prevalence of statistical errors
or to provide an exhaustive mapping of all available
literature, but to synthesise key methodological issues
that repeatedly arise in exercise and sport sciences and
to translate them into practical decision-oriented guid-
ance for researchers, reviewers, and practitioners.

A targeted literature search was conducted to iden-
tify methodological contributions relevant to statistical
modelling, inference, prediction, validation, reproduci-
bility, and applied data analysis in exercise, sport, health,
and biomedical research. Searches were performed in
major scientific databases and academic search engines,
including PubMed, Scopus, Web of Science, and Google
Scholar. Search terms included combinations of key-

words such as “exercise science”, “sport science”, “sta-
”» <

tistical modelling”, “mixed-effects models”, “multilevel
models”, “machine learning”, “prediction models”, “vali-
dation”, “calibration”, “overfitting”, “estimand”, “repro-
ducibility”, “robust statistics”, and “statistical inference”.

The selection of sources followed a purposive and
concept-driven approach. Priority was given to: (i) meth-
odological papers and textbooks that define core sta-
tistical principles; (ii) sport- and exercise-science pa-
pers highlighting applied analytical problems; (iii) recent
methodological contributions published between 2020

Human Movement, Vol. 27, No 4, 2026



HUMAN MOVEMENT

G. Greco, Statistical decision in exercise science

and 2025; and (iv) papers relevant to the construction
of a practical decision framework for model selection
and reporting. Particular attention was given to recent
exercise- and sport-science-specific methodological
literature addressing transparency, reproducibility, sta-
tistical power, statistical collaboration, questionable
research practices, reporting bias, and the need for im-
proved analytical planning [1-6]. Foundational refer-
ences published before 2020 were retained when they
represented widely accepted methodological stand-
ards or concepts that remain central to contemporary
statistical practice. Sources were included when they
contributed directly to one or more of the review aims:
defining methodological problems, clarifying statistical
concepts, illustrating applied sport-science challenges,
or supporting the development of the decision-oriented
framework. Sources were not prioritised when they were
unrelated to statistical modelling, did not address meth-
odological decision-making, or provided only narrow
technical details without relevance to applied exercise
and sport science research. Although no standardised
extraction form was employed, the selected sources
were consistently mapped onto the main conceptual
domains of the review: study design and data struc-
ture, model selection and overfitting, assumptions and
interpretability, validation and reporting, and practical
application of the decision-oriented framework. To
clarify the screening procedure, potentially relevant
sources were first assessed for methodological rele-
vance to statistical modelling and applied exercise,
sport, health, or biomedical research. Eligible full texts
were then retained when they contributed conceptually
to at least one review domain or to the construction of
the decision-oriented framework.

The synthesis was therefore critical and integrative
rather than exhaustive. It did not aim to restate statis-
tical principles in isolation, but to identify recurrent
mismatches between research objectives, data struc-
tures, model assumptions, validation practices, and re-
porting standards in exercise and sport sciences. These
recurring mismatches were used to define the main de-
cision points of the proposed framework. The synthesis
was organised around four conceptual domains: study
design and data structure, model selection and over-
fitting, assumptions and interpretability, and model
validation and reporting. These domains were selected
because they correspond to recurrent decision points
in applied exercise and sport science research. The de-
cision-oriented framework and accompanying tables
were then developed by mapping these domains onto
common analytical scenarios, including explanatory
and predictive aims, continuous and categorical out-

comes, repeated or clustered data, and different levels
of model complexity.

Because this manuscript was designed as a meth-
odological narrative review rather than as a systematic
review or meta-analysis, no formal study-level risk-of-
bias tool was applied. However, the selected literature
was assessed qualitatively for methodological relevance,
conceptual rigour, field-specific applicability, consist-
ency with established statistical principles, and con-
tribution to the development of the decision-oriented
framework. The review therefore uses a transparent
narrative synthesis to integrate methodological litera-
ture, reporting recommendations, and applied exam-
ples into practical guidance for exercise and sport sci-
ences. Because this was not a systematic review, the
conclusions should be interpreted as a methodological
synthesis based on the triangulation of established sta-
tistical principles, reporting guidance, and recurrent
applied problems, rather than as evidence weighted by
formal risk-of-bias scores or quantitative synthesis.

Common methodological challenges in
exercise and sport sciences

Study design and data structure

Research in exercise and sport sciences encompass-
es a wide range of study designs, including randomised
controlled trials, quasi-experimental interventions, ob-
servational cohort studies, and cross-sectional anal-
yses. Each design implies specific assumptions about
causal inference, dependency structures, and potential
sources of bias. These design-related implications are
not always explicitly acknowledged during the statis-
tical analysis phase, which may lead to the use of models
only partially compatible with the underlying data-gen-
erating process. In many cases, statistical models are
selected without explicit consideration of these design
features, increasing the risk of biased inference and
suboptimal analytical choices.

Small sample sizes are particularly common in in-
tervention studies involving athletes or clinical popu-
lations, leading to limited statistical power and increased
uncertainty in parameter estimates [1]. In such con-
texts, conventional asymptotic approximations may be
unreliable, and the risk of both type I and type II er-
rors increases substantially. Additionally, many data-
sets involve repeated measures over time, nested struc-
tures (e.g, athletes within teams), or clustered sampling
designs. In longitudinal or time-dependent designs,
repeated measurements may also be affected by tem-
poral artefacts, circadian or biological rhythms, and
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time-of-day effects, which should be distinguished from
genuine intervention or performance-related changes
through appropriate temporal control and modelling
strategies [14]. Concrete measurement-derived exam-
ples furtherillustrate this issue. Force-plate assessments,
for instance, often generate repeated trials within the
same athlete and may be influenced by sampling fre-
quency, filtering procedures, movement execution, de-
vice calibration, and signal-processing choices. In push-
up power assessment, methodological issues related to
force-plate use can affect the interpretation of force-
derived outcomes and should therefore be considered
prior to statistical modelling [15]. These complexities
may increase when kinetic signals are integrated with
mathematical movement models, because derived vari-
ables such as flight time, displacement, height, and
mechanical power depend not only on raw force data,
but also on the assumptions and parameterisation of
the biomechanical model used to quantify movement
[16]. From an analytical perspective, repeated force-
plate trials should not be treated as fully independent
observations. When these dependencies are ignored and
standard regression or analysis of variance models are
applied, standard errors and confidence intervals can
be biased; hence, mixed-effects or related approaches
are required to account for clustering and repeated
measures [17].

Violations of fundamental assumptions, such as the
independence of observations, remain among the most
common and consequential methodological errors in
applied sport science research. This issue is particu-
larly salient in longitudinal training studies, school-
based physical activity interventions, and team sport
analyses, where hierarchical data structures naturally
induce within-unit correlation. Mixed-effects and mul-
tilevel models offer statistically appropriate solutions
for handling such dependency, yet their correct appli-
cation requires careful attention to underlying assump-
tions, which are frequently violated in practice [17].

Model selection and overfitting

Model selection in exercise and sport sciences is
often driven by convention rather than explicit criteria.
Multiple regression models are frequently constructed
by including all available predictors or by relying on
automated stepwise procedures, practices that increase
the risk of overfitting and unstable estimates [18]. Over-
fitted models may exhibit apparently strong in-sample
associations while failing to generalise to new samples
or settings, thereby limiting their practical utility. These
issues are particularly problematic in small samples or
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when the number of predictors approaches the sample
size. In predictive modelling, overfitting may also occur
through data leakage when feature selection, pre-pro-
cessing, dimensionality reduction, or model tuning is
performed on the full dataset before cross-validation or
testing. This allows information from the validation or
test data to influence model development, leading to
optimistically biased performance estimates. To avoid
this problem, feature selection and pre-processing steps
should be performed within the resampling loop or
within a clearly separated training set.

A further conceptual issue concerns the frequent
lack of distinction between explanatory and predictive
modelling. Explanatory models aim to estimate inter-
pretable associations or causal effects, whereas pre-
dictive models prioritise out-of-sample performance.
Failure to clarify this distinction may result in inappro-
priate model evaluation, such as assessing predictive
models solely on statistical significance rather than on
predictive accuracy or calibration. Confusing these ob-
jectives can lead to inappropriate evaluation metrics
and misleading conclusions [19]. A practical example
is the prediction of one-repetition maximum (1-RM)
from submaximal loads or body-mass-related indica-
tors in strength and conditioning research. In this case,
the aim is not primarily to interpret each predictor as
a causal determinant of maximal strength, but to esti-
mate 1-RM accurately in athletes not used to develop
the model. Therefore, model evaluation should focus on
prediction error, calibration, and out-of-sample gener-
alisability rather than only on the statistical signifi-
cance of individual predictors. In this context, inde-
pendent validation cohorts are particularly important
because they test whether prediction equations retain
acceptable accuracy in athletes not used for model de-
velopment, thereby reducing the risk of overfitting and
inflated performance estimates [20]. Recent methodo-
logical discussions emphasise that explicitly defining
the estimand and clarifying the modelling objective are
essential steps to avoid misinterpretation and analyti-
cal pitfalls. The International Council for Harmonisa-
tion (ICH) E9(R1) framework highlights how a precise
formulation of the estimand aligns the study question,
design, data collection, and analysis, thereby improv-
ing the transparency and validity of statistical infer-
ence [21]. For example, in a resistance-training inter-
vention comparing two protocols, the estimand should
specify whether the objective is to estimate the causal
effect of the assigned protocol on post-intervention
strength, adjusted for baseline strength, or the effect
among participants who fully adhered to the pro-
gramme. It should also clarify how missing follow-up
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assessments, training non-adherence, or protocol devi-
ations are handled. In this scenario, the estimand di-
rectly informs whether the model should prioritise ad-
justed effect estimation, per-protocol interpretation,
intention-to-treat reasoning, or sensitivity analyses.
Explicit articulation of the estimand is therefore a pre-
requisite for coherent model selection, appropriate in-
terpretation of results, and transparent communica-
tion of study findings in exercise and sport sciences.

Assumptions, robustness, and interpretability

Statistical models rely on assumptions that are often
insufficiently assessed or reported in applied research.
Linearity, normality, homoscedasticity, and independ-
ence are frequently assumed rather than empirically
evaluated. In exercise and sport sciences, violations of
these assumptions are common due to physiological
variability, ceiling or floor effects, and non-linear dose-
response relationships. When violated, these assump-
tions may compromise both inference and prediction
[22].

The growing use of machine learning models has
further intensified concerns regarding interpretability.
While complex algorithms may improve predictive ac-
curacy, their practical value in clinical and sport set-
tings depends on the ability to explain and contextualise
results. Without adequate interpretability, statistical
models may be difficult to translate into actionable
recommendations for practitioners, coaches, and clini-
cians. Recent methodological work emphasises the im-
portance of model interpretability, transparency, and
robustness as central components of responsible data
analysis [13].

Statistical modelling approaches in
exercise and sport sciences

Classical statistical models

Classical statistical models remain foundational in
exercise and sport sciences. Linear and generalised
linear models allow the estimation of associations be-
tween predictors and outcomes under clearly defined
assumptions. Mixed-effects and multilevel models
extend these approaches to accommodate hierarchi-
cal data structures, repeated measures, and individual
variability [23]. These models offer a favourable bal-
ance between interpretability and flexibility, making
them particularly suitable for explanatory research
questions.

Medjiation and moderation analyses are frequently
used to investigate mechanisms and effect modifica-
tion in intervention studies. However, causal interpre-
tation of mediation effects requires stronger assump-
tions than ordinary association models. These include
correct model specification, adequate sample size, ap-
propriate temporal ordering of exposure, mediator, and
outcome, no unmeasured exposure-outcome confound-
ing, no unmeasured exposure-mediator confounding,
no unmeasured mediator-outcome confounding, and
no mediator-outcome confounders affected by the ex-
posure [24]. These assumptions are often difficult to
satisfy in observational sport and exercise studies, where
training exposure, motivation, baseline fitness, fatigue,
recovery status, and contextual factors may jointly in-
fluence both mediators and outcomes. Measurement
error in the mediator is another important concern, be-
cause imprecise or unreliable mediator assessment
may bias both direct and indirect effect estimates and
weaken the interpretation of mediation pathways [24].
When these assumptions and measurement-related
requirements are not met, mediation results should
be interpreted as exploratory or associational rather
than as evidence of a causal mechanism.

Advanced and data-driven approaches

Penalised regression techniques, such as ridge re-
gression and the least absolute shrinkage and selec-
tion operator (LASSO), offer solutions to multicollin-
earity and high-dimensional predictor spaces. LASSO
is a regularisation method that simultaneously performs
variable selection and coefficient shrinkage by impos-
ing an L1 penalty on regression coefficients, thereby
reducing model complexity and improving generalis-
ability. These approaches, together with related methods
such as elastic net regression, are extensively described
in modern statistical learning resources [25] and are
particularly useful in contexts involving numerous cor-
related performance or physiological indicators. For
example, in multi-sensor wearable technology datasets,
researchers may collect numerous correlated predictors,
including global positioning system (GPS)-derived
distance, speed zones, accelerations, decelerations,
heart-rate responses, training load indicators, and rat-
ings of perceived exertion. In such settings, LASSO or
elastic net regularisation can reduce high-dimensional
collinearity and overfitting by shrinking unstable co-
efficients and selecting a more parsimonious subset
of predictors for prediction or exploratory modelling.

In predictive modelling, penalisation alone does not
prevent all sources of optimistic performance estima-
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tion. A particularly important risk is data leakage, which
occurs when feature selection, pre-processing, dimen-
sionality reduction, or model tuning is performed using
information from the full dataset before cross-valida-
tion or testing. In such cases, the validation procedure
is no longer independent, and predictive performance
may be substantially overestimated [26]. Therefore,
feature selection and pre-processing steps should be
conducted within the resampling loop or within a clearly
separated training set.

Similarly, high-dimensional biological data in sport
science may arise from electromyography, kinematic
time-series, and musculoskeletal modelling outputs.
These datasets often contain correlated signals across
muscles, joints, movement phases, or repeated trials,
making dimensionality reduction and advanced mod-
elling essential for extracting interpretable neuromus-
cular patterns. For example, Tajik et al. [27] used non-
negative matrix factorisation to analyse shoulder muscle
synergies during the badminton forehand overhead
smash, integrating electromyography-derived signals
with musculoskeletal modelling outputs. This type of
application illustrates how dimensionality reduction
can transform complex multidimensional sport data
into interpretable structures relevant to performance
analysis, injury prevention, and rehabilitation.

Supervised machine learning models have gained
popularity for prediction and classification tasks in
sport performance and health risk assessment. Never-
theless, their application requires careful validation
and an explicit trade-off between predictive perfor-
mance and interpretability [7]. In applied sport sci-
ence, prioritising predictive accuracy without adequate
interpretability may limit the explanatory and trans-
lational value of findings. This issue is particularly
relevant for athlete sensor technologies and artificial
intelligence applications, where algorithmic transpar-
ency, standardised assessment procedures, and clear
reporting of model inputs, pre-processing steps, and
decision rules are essential for interpreting and com-
paring results across studies [28]. Recent guidance
further emphasises that predictive performance should
not be evaluated solely in terms of discrimination, but
also in terms of calibration and clinical or practical
utility, particularly when models are intended to sup-
port decision-making in health and sport settings [26].

These advanced approaches should not be treated
as interchangeable technical options. Penalised regres-
sion is mainly useful for shrinkage, multicollinearity,
and high-dimensional predictors; machine learning is
primarily suited to prediction and classification when
validation, calibration, leakage prevention, and inter-
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pretability are addressed; Bayesian estimation may be
useful when probabilistic interpretation, prior informa-
tion, hierarchical structures, or shrinkage are relevant;
and causal modelling requires explicit assumptions
about the estimand, confounding structure, temporal
ordering, and missing data.

Model validation and performance assessment

Robust statistical practice requires both internal
and external validation. Cross-validation and bootstrap
procedures provide estimates of model stability and
predictive performance, while sensitivity analyses as-
sess robustness to analytical choices. External valida-
tion, although less frequently performed, is essential for
evaluating generalisability across populations and con-
texts. Importantly, reliance on p-values alone is insuf-
ficient; effect sizes, confidence intervals, and calibra-
tion metrics should be routinely reported [29].

A decision-oriented framework for
statistical modelling

Statistical modelling in exercise and sport sciences
is often treated as a purely technical step performed
after data collection. However, inappropriate or implicit
analytical choices frequently represent a major source
of bias, limited interpretability, and reduced reproduci-
bility. To address this issue, the present framework con-
ceptualises statistical modelling as a decision-oriented
process, in which analytical choices are explicitly de-
rived from substantive research objectives and em-
pirical data characteristics. The framework should be
understood as a methodological decision aid rather
than as a newly validated statistical model. Its contri-
bution lies in organising established statistical princi-
ples into an explicit sequence of analytical decisions
tailored to common problems in exercise and sport
sciences.

The proposed framework operationalises statistical
modelling as a sequence of explicit analytical decisions.
Rather than starting from available software tools or
conventional tests, researchers are encouraged to first
clarify the primary aim of the analysis (explanatory
vs. predictive), followed by the definition of the out-
come scale, the identification of dependency or cluster-
ing in the data, and an evaluation of information content
relative to model complexity. These steps collectively
define the estimand and constrain the set of statisti-
cally coherent modelling options, reducing analytical
flexibility and post-hoc decision-making.
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Decision-Oriented Statistical Workflow

Applying the framework in exercise and sport sciences

I Define objective
Explanatory, predictive, causal, descriptive, or exploratory?

Specify outcome

Outcome scale and substantive question: continuous, binary, count, time-to-event, or complex signal.

Assess data structure

Repeated measures, clustering, nesting, within-athlete dependency, and measurement protocol.

Evaluate information

Participants, clusters, repeated observations, candidate predictors, events per parameter, validation feasibility.
o

Missing data, measurement error, multicollinearity, interaction effects, assumptions, diagnostics.

Select model family

Regression, mixed-effects models, GEE, penalised models, dimensionality reduction, or machine learning.

Validate and report

o
9
o
s
o
o

Robustness checks, calibration, prediction error, sensitivity analyses, effect sizes, confidence intervals.

Iterate if diagnostics, validation, or sensitivity analyses |
indicate poor fit or instability. i

[ % Use together with Table 1 and Table 2: the workflow supports transparent reasoning, not automatic model selection.

The workflow illustrates the main analytical steps involved in model selection and reporting: (1) define the study objective; (2) identify the outcome
type and substantive question; (3) assess the data structure, including repeated measures, clustering, and dependency; (4) evaluate information
content and model complexity; (5) consider key analytical issues such as missing data, measurement error, multicollinearity, assumptions,
and interaction effects; (6) select an appropriate model family; and (7) perform validation, diagnostics, and transparent reporting. The workflow
is intended as a practical decision aid and should be used together with Table 1 and Table 2. GEE — generalised estimating equations.

Figure 1. Step-by-step workflow for applying the decision-oriented statistical framework in exercise and sport sciences

To make the framework more operational, Figure 1
presents a step-by-step workflow for applying decision-
oriented statistical reasoning in exercise and sport
sciences. The workflow is intended to guide research-
ers from the initial definition of the analytical objective
to model selection, validation, and reporting. Rather
than replacing statistical judgment, the figure illus-
trates the main sequence of decisions that should be
made explicitly when choosing and justifying a statis-
tical approach. Table 1 and Table 2 should be inter-
preted as complementary tools that provide more de-
tailed guidance for specific analytical scenarios and
methodological options.

In practical terms, the workflow encourages re-
searchers to move from the research question to the
statistical model through a transparent sequence of
justified decisions, rather than selecting analytical meth-
ods only on the basis of convention or software avail-
ability.

Table 1 presents a decision-oriented framework for
statistical model selection in exercise and sport sciences.
The framework does not classify sample size using rigid
labels such as “small”, “moderate”, or “large.” Instead,
it emphasises information content, including the num-
ber of participants, repeated observations, clusters,
candidate predictors, events per parameter, and the
feasibility of validation. The table also incorporates
additional analytical considerations that are essential
in real research settings, including missing data, meas-
urement error, multicollinearity, interaction effects,
model assumptions, diagnostics, and robustness checks.
The framework is not intended to replace specialised
statistical expertise, but to make explicit the main
analytical decisions that are often left implicit in ap-
plied exercise and sport science manuscripts. Its added
value is therefore primarily editorial and methodologi-
cal: it provides a structured basis for planning, justi-
fying, reviewing, and reporting statistical analyses.
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Table 1. Decision-oriented framework for model selection in exercise and sport sciences

Study Outcome / Key analytical Recommended Sample size/information Validation and
objective data structure issues model family guidance diagnostics
Explanation/ continuous outcome, linearity, residual linear regression/ power analysis based on residual diagnostics,
effect independent distribution, influential ANCOVA expected effect size; avoid influence analysis,
estimation observations observations, covariate excessive predictors relative effect sizes and

adjustment to sample size confidence intervals
Explanation/ continuous outcome, within-subject linear mixed-effects consider number of random-effects structure,
effect repeated or correlation, clustering, models participants, number of residual diagnostics,
estimation clustered data unequal follow-up, repeated measures, and sensitivity analyses

missing repeated number of clusters; avoid

observations overfitting random effects
Explanation/  binary or count non-normal outcome logistic, Poisson, consider events per calibration, goodness-
effect outcome distribution, negative binomial, parameter, including of-fit, overdispersion
estimation overdispersion, or generalised linear ~ conventional events-per- checks, confidence

sparse data mixed models variable heuristics for intervals

logistic models; assess
overdispersion and avoid
unstable models with
sparse events

Causal/ exposure, temporal ordering,  mediation/moderation requires sufficient sensitivity analysis
mechanism- mediator, outcome, confounding, mediator- models; causal sample size for indirect for confounding,
oriented observational or outcome confounding, modelling when effects and clear effect decomposition,
analysis intervention data interaction effects, assumptions are explicit temporal structure transparent assumption
missing data, reporting

assumption reporting

Prediction continuous or multicollinearity, penalised regression, consider predictor-to- cross-validation,
categorical outcome high-dimensional elastic net, supervised observation ratio, events- bootstrap validation,
with multiple predictors, overfitting, machine learning  per-variable for categorical calibration,
predictors model instability outcomes, model optimism, discrimination,
and feasibility of internal or prediction error

external validation

Prediction/ complex sensor, high dimensionality, dimensionality requires sufficient internal validation,
classification wearable, signal processing, reduction, penalised observations relative external validation
GPS, EMG, or correlated predictors, models, machine to feature space; feature ~ when possible, feature
biomechanical data interpretability learning, interpretable reduction or regularisation importance, calibration,
models is often necessary interpretability checks
Population-  repeated or clustered correlated responses, generalised estimating requires adequate robust standard errors,
average data where marginal cluster-level inference, equations number of clusters working correlation
inference effects are of interest ~ population-average for stable estimation structure, sensitivity
interpretation checks

ANCOVA - analysis of covariance, EMG - electromyography, GPS - global positioning system

Sample-size adequacy should not be interpreted through universal labels such as “small”, “moderate”, or “large”. Instead, model
complexity should be justified through a priori power analysis for explanatory models, effective sample size, number of clusters,
number of repeated observations, number of candidate predictors, and events per parameter for binary or sparse event-based
outcomes, including conventional events-per-variable heuristics and, where possible, context-specific prediction-model sample-

size calculations. For predictive models, feasibility of internal or external validation should also be considered.

For binary outcomes and categorical prediction mod- The framework emphasises that statistical model
els, events-per-variable criteria may provide useful pre- selection cannot be based solely on outcome type or
liminary heuristics, such as the conventional 10 events- conventional sample-size labels. Instead, researchers
per-variable rule for logistic regression, although more should evaluate whether the available data contain
recent guidance recommends context-specific sample- enough information to support the planned model
size calculations that account for outcome prevalence, complexity. For example, a study with a modest number
anticipated model performance, shrinkage, and vali- of participants but several repeated measurements may
dation needs [30, 31]. support a mixed-effects model, whereas a prediction
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Table 2. Common analytical scenarios and contemporary statistical options in exercise and sport sciences

L . . Non-parametric Robust/ contemporar
Objective Data characteristics Classical approach par / mporaty
option alternatives
Independent continuous outcome, t-test/ ANOVA Mann-Whitney/ Welch t-test / Welch ANOVA,
group two or more groups Kruskal-Wallis bootstrap confidence intervals,
comparison trimmed means
Paired continuous pre-post paired t-test Wilcoxon bootstrap confidence intervals
comparison or paired data signed-rank test for mean or median change;
robust paired estimators
Repeated continuous repeated repeated-measures Friedman test linear mixed-effects models,
measures observations ANOVA robust mixed models, Bayesian
hierarchical models
Association continuous variables Pearson correlation/ Spearman robust correlation, robust
linear regression correlation regression, bootstrap confidence
intervals
Binary event/non-event logistic regression/ Fisher’s exact test penalised logistic regression,
outcome outcome y test Bayesian logistic regression,
calibration assessment
Count counts, rates, Poisson regression - negative binomial regression,
outcome event frequency zero-inflated models, generalised
linear mixed models
High-dimen- wearables, GPS, EMG,  multiple regression - penalised regression,

sional sport
data

force-plate or

biomechanical features

dimensionality reduction,
machine learning, Bayesian
shrinkage models

Prediction/
classification

continuous or
categorical outcome

regression /
classification models

vross-validation, bootstrap
validation, calibration, decision-
curve or utility-based assessment

ANOVA - analysis of variance, EMG - electromyography, GPS - global positioning system

Parametric procedures assume adequate model assumptions, including approximate residual normality for linear models,
homogeneity of variance where appropriate, and independence or correctly modelled dependency according to the study
design. Non-parametric tests are useful under severe non-normality, ordinal data, small samples, or strong outliers, but
they are not the only solution to assumption violations. Robust statistics, bootstrapping, generalised models, mixed-effects
models, and Bayesian estimation may provide more informative alternatives depending on the research question, data
structure, and target estimand. Where feasible, hypothesis tests should be accompanied by effect sizes and confidence
intervals, and robustness should be assessed through graphical diagnostics, sensitivity analyses, and transparent reporting

of model assumptions.

model with many candidate predictors may require pe-
nalisation or dimensionality reduction even when the
total sample size appears acceptable. Similarly, the
presence of missing data, measurement error, multi-
collinearity, or sparse outcomes may require alterna-
tive model specifications or sensitivity analyses. Thus,
the framework is intended to support transparent rea-
soning rather than replace statistical judgment.

By formalising statistical modelling as a sequence
of justified decisions, this framework supports trans-
parent reporting, facilitates peer review, and enhances
reproducibility. Moreover, it provides a common meth-
odological language for interdisciplinary research

teams, improving communication between statisticians,
exercise scientists, clinicians, coaches, and practitioners.

To complement the model-selection framework,
Table 2 summarises classical, non-parametric, robust,
and model-based alternatives for common analytical
scenarios in exercise and sport sciences. The purpose
is to avoid presenting non-parametric tests as the only
alternative to violated parametric assumptions. In con-
temporary applied statistics, assumption violations can
often be addressed using robust methods and resam-
pling procedures, such as trimmed means, robust es-
timators, and bootstrap confidence intervals [32], as
well as model-based approaches that explicitly account
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for outcome distribution, dependency structure, and
uncertainty [33]. Bayesian estimation may also be con-
sidered when probabilistic interpretation, prior infor-
mation, or shrinkage-based reasoning are relevant to
the research question [34].

Table 2 should be interpreted as a practical decision
aid, not as a rigid algorithm for test selection. In particu-
lar, the choice between parametric and non-paramet-
ric methods should not be based exclusively on formal
normality tests, which may be underpowered in small
samples and overly sensitive in moderate or large sam-
ples. Researchers should combine graphical diagnos-
tics, distributional summaries, sensitivity analyses,
and estimation-focused reporting, including effect siz-
es and confidence intervals where appropriate. When
assumptions are violated, possible solutions include
non-parametric procedures, robust estimators, boot-
strap confidence intervals, generalised linear models,
mixed-effects models, or Bayesian estimation, depend-
ing on the analytical objective and data structure [32-
34]. This broader perspective is especially relevant in
exercise and sport sciences, where repeated measure-
ments, clustered observations, outliers, skewed physio-
logical variables, and high-dimensional sensor-derived
data are common.

Applied exercise and sport science examples:
operationalising the framework

To address the practical application of the proposed
decision-oriented framework, this section presents four
applied examples from exercise and sport sciences,
ranging from sport performance and biomechanics to
clinical exercise interventions. These examples are not
intended as new empirical analyses, but as applied
scenarios showing how the framework can be used to
connect research objectives, data structure, measure-
ment characteristics, and model selection.

Force-plate-derived biomechanical data

Force plates are widely used in sport science to as-
sess power, force production, jump performance, and
movement mechanics. However, force-plate data of-
ten involve repeated trials, high-frequency measure-
ments, and technical sources of variability related to
sampling frequency, filtering, signal processing, move-
ment execution, and device calibration. Consequently,
observations derived from repeated trials within the
same athlete cannot be treated as fully independent.

For example, when assessing push-up power through
force plates, methodological issues related to measure-

10

ment setup and data processing may directly affect the
reliability and interpretation of the derived outcomes
[15]. When force-plate signals are combined with ana-
lytical or mathematical movement models, addition-
al modelling assumptions may influence the estima-
tion of flight time, arc displacement, maximum height,
and mechanical power output, as illustrated by rigid-
body pendulum modelling of plyometric push-up bi-
omechanics [16]. Within the proposed framework, the
researcher should first clarify whether the objective is
explanatory, such as estimating the effect of a training
intervention on force output, or predictive, such as clas-
sifying athletes according to performance profiles. If
repeated trials are collected from each participant,
mixed-effects models may be preferable to standard
linear regression or repeated univariate tests because
they can account for within-athlete correlation and
inter-individual variability.

This example illustrates that the data structure is
not determined only by the statistical question, but also
by the measurement technology and protocol. Instru-
ment-derived variables should therefore be modelled
in a way that reflects the dependency structure gener-
ated by the assessment procedure.

Predicting maximal strength from submaximal
performance

Strength and conditioning research often aims to
predict one-repetition maximum (1-RM) from sub-
maximal loads, body mass, or repetition-based perfor-
mance indicators. In this context, the primary aim is
typically predictive rather than explanatory: the model
is expected to estimate future or unobserved maximal
strength values with acceptable accuracy in athletes
not included in the model development sample.

Recent applied research has examined the predic-
tion of 1-RM and 4-6 repetition maximum performance
in free-weight bench press and Smith machine squat
based on body mass in male athletes [20]. Within the
proposed framework, this type of study requires ex-
plicit separation between model development and model
evaluation. Model performance should not be judged
only by statistical significance of predictors, but by pre-
dictive accuracy, calibration, and out-of-sample perfor-
mance. Internal validation through resampling proce-
dures is useful for estimating optimism, butindependent
validation cohorts remain essential when prediction
equations are intended for practical use in new athletes
or settings. External validation helps verify whether
the model maintains acceptable prediction error, cali-
bration, and generalisability beyond the development

sample.
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This example clarifies the practical difference be-
tween explanatory and predictive modelling. A regres-
sion coefficient may be statistically significant and
theoretically interpretable, but the resulting model may
still perform poorly when used to predict strength in
new athletes. Therefore, predictive sport-science mod-
els should be evaluated with metrics that reflect pre-
diction error, calibration, and practical usefulness.

Multi-sensor electromyography and musculo-
skeletal modelling

Another example concerns high-dimensional bio-
mechanical and neuromuscular data, such as electro-
myography, kinematic time-series, and musculoskele-
tal modelling outputs. These data often include many
correlated variables measured across muscles, joints,
movement phases, or trials. In such contexts, classical
univariate analyses may be inadequate because they
ignore multicollinearity, temporal dependency, and
the multidimensional structure of the signal.

Recent work integrating electromyography and mus-
culoskeletal modelling during the badminton forehand
overhead smash illustrates this complexity. Tajik et al.
[27] used non-negative matrix factorisation to quantify
shoulder muscle synergies and compared experimen-
tally derived electromyographic synergies with mus-
culoskeletal model outputs. Such an approach exem-
plifies how dimensionality reduction methods can
transform complex multi-muscle activation patterns
into interpretable lower-dimensional structures.

Within the proposed framework, the modelling strat-
egy should be guided by the objective of the analysis.
If the aim is to explain coordination patterns, dimen-
sionality reduction methods, such as non-negative ma-
trix factorisation, may be appropriate. If the aim is to
predict performance or injury risk from multi-sensor
data, penalised regression or supervised machine learn-
ing may be considered, provided that validation, cali-
bration, and interpretability are explicitly addressed.
This example shows that advanced modelling is not
simply a matter of using complex algorithms, but of
matching the analytical strategy to the biological struc-
ture of the data and the practical question being asked.

Clinical exercise interventions in
non-communicable diseases

The framework can also be applied to clinical exer-
cise science, particularly to exercise interventions in
populations living with non-communicable diseases.
For example, in a trial evaluating a multicomponent

exercise programme for adults with cardiovascular
disease, type 2 diabetes, obesity, or cancer-related func-
tional limitations, the primary objective may be explan-
atory, predictive, or both. If the aim is to estimate the
intervention effect on functional capacity, fatigue, gly-
caemic control, blood pressure, or quality of life, the
model should account for baseline values, repeated
follow-up assessments, missing data, adherence, medi-
cation changes, and relevant clinical covariates. These
choices should be aligned with the target estimand and
the intended interpretation of the intervention effect
[21]. Linear mixed-effects models or generalised mixed
models may be appropriate when outcomes are re-
peatedly measured or when participants are clustered
within centres, exercise groups, or rehabilitation set-
tings [17].

In this context, the decision-oriented framework
helps clarify whether the analysis is intended to esti-
mate an average intervention effect, identify modera-
tors of response, predict individual adaptation, or sup-
port clinical decision-making. It also emphasises the
need to distinguish intention-to-treat and per-protocol
questions, handle missing follow-up data transpar-
ently, and report effect sizes, confidence intervals, clini-
cally meaningful changes, and sensitivity analyses.
When prediction is involved, calibration, prediction
error, internal validation, and, where possible, external
validation should also be considered [26, 29]. This
example extends the framework beyond sport perfor-
mance and biomechanics to clinical exercise interven-
tions in which statistical decisions may influence reha-
bilitation, prevention, and the long-term management
of non-communicable diseases.

Discussion and future perspectives

The methodological issues highlighted in this re-
view article reflect a broader tension in exercise and
sport sciences: the rapid growth of available analytical
tools has not always been accompanied by parallel
improvements in methodological reasoning, transpar-
ency, and reproducibility. The increasing use of machine
learning and high-dimensional datasets affords op-
portunities for more accurate prediction and richer
modelling of complex phenomena, but also increases
the risk of overfitting, misinterpretation, and limited
generalisability when validation and reporting prac-
tices are inadequate. In applied domains, where re-
search findings may influence training prescription,
rehabilitation protocols, and public health recommen-
dations, these risks carry direct practical implications.
In this context, the proposed framework and decision
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tables offer pragmatic tools to translate methodologi-
cal principles into day-to-day analytical practice.

A key contribution of this paper is the proposal of
a decision-oriented framework that translates method-
ological principles into a sequence of explicit analytical
decisions. By aligning model choice with study objec-
tive, outcome type, data structure, and information
content, the framework is intended to support coherent
statistical reasoning and facilitate communication
within interdisciplinary teams. This is particularly
relevant in exercise and sport sciences, where collabo-
ration between methodologists, clinicians, coaches,
and sport scientists requires a shared language to in-
terpret quantitative evidence. Embedding statisticians
or methodological experts early in the research pro-
cess, rather than only at the analysis stage, can improve
study design efficiency, reduce analytical flexibility,
and strengthen the credibility of results. This recom-
mendation is consistent with the call by Sainani et al.
[4] to increase statistical collaboration in sports science,
sport and exercise medicine, and sports physiotherapy.
The subsequent responses to this call further rein-
force that improving statistical practice should not be
viewed only as an individual researcher responsibility,
but as a shared responsibility involving authors, statis-
tical collaborators, reviewers, editors, and journals.

From a future-oriented perspective, three priorities
emerge. First, methodological education in exercise and
sport sciences should increasingly emphasise “deci-
sion literacy” rather than software-driven analysis: re-
searchers should be trained to justify model selection,
interpret uncertainty, and recognise common pitfalls
such as model fishing and post-hoc hypothesis con-
struction. Second, greater adoption of structured ana-
lytical planning (e.g., brief statistical analysis plans,
pre-registration where feasible, and transparent report-
ing of deviations) could reduce waste and improve re-
producibility. Third, modern applied research should
incorporate stronger validation culture, including in-
ternal validation as a minimum standard for predic-
tive models and external validation whenever gener-
alisability claims are made.

To make decision literacy more operational for jour-
nals, editorial boards, and peer reviewers, Table 3 pro-
vides a practical checklist that can be used during
manuscript evaluation. This checklist is not intended
to replace expert statistical review, but to support a more
transparent assessment of whether the main analytical
decisions are justified, reproducible, and aligned with
the study objective.

Table 3 provides a practical mechanism for trans-
lating decision literacy into routine editorial practice.

12

It encourages reviewers to evaluate not only whether
a statistical technique is technically acceptable, but
also whether it is appropriate for the research objec-
tive, data structure, and intended interpretation of the
findings.

The relevance of decision-oriented statistical mod-
elling is particularly evident in biomechanics. Biome-
chanical research frequently involves force-plate sig-
nals, kinematic time-series, electromyography, wearable
sensors, and musculoskeletal modelling outputs, which
generate complex, high-dimensional, and dependen-
cy-rich data structures. In this sub-discipline, robust
statistical reasoning is not only a methodological re-
quirement, but also a prerequisite for translating data
into valid conclusions about performance optimisa-
tion, injury-risk mitigation, and rehabilitation plan-
ning. Recent perspectives on biomechanics emphasise
that advances in hardware, software, sensor technolo-
gies, and modelling approaches can improve sports
performance, reduce injury risk, and support athlete
rehabilitation, but only when analytical methods are
sufficiently rigorous, transparent, and interpretable
[35]. Therefore, methodological education in exercise
and sport sciences should include sub-discipline-spe-
cific training that helps researchers connect statisti-
cal decisions with the biological, biomechanical, and
practical meaning of the data.

It should also be acknowledged that this method-
ological narrative review does not provide a quantita-
tive estimate of the prevalence or severity of statistical
problems in exercise and sport sciences. The issues
discussed in this paper should therefore be inter-
preted as recurrent methodological concerns identified
through the selected literature and applied examples,
rather than as findings from a systematic meta-research
analysis. Future studies could extend this work by con-
ducting systematic methodological audits or meta-re-
search investigations to quantify the frequency of small-
sample designs, assumption violations, overfitting,
inadequate validation, and incomplete reporting across
exercise and sport science journals.

The proposed framework should therefore be in-
terpreted as a practical methodological synthesis and
decision aid, and not as an empirically validated pre-
diction tool or a new statistical model. Accordingly,
claims regarding improved reproducibility and ana-
lytical reasoning should be interpreted as the intended
methodological purpose of the framework, rather than
as empirically demonstrated effects. Future studies
could extend this work by testing the framework through
simulation studies, real-data applications, or evalua-
tions of its impact on statistical reporting quality in
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Table 3. Editorial and peer-review checklist for statistical decision literacy in exercise and sport sciences

Checklist item

Purpose for editorial and peer-review assessment

Has the primary analytical objective been clearly defined as
explanatory, predictive, causal, descriptive, or exploratory?

Clarifies whether the analysis is intended to estimate effects,
predict outcomes, describe patterns, or explore hypotheses.

Is the selected statistical model aligned with the study design,
outcome type, data structure, and target estimand?

Ensures coherence between the research question and
the analytical strategy.

Are repeated measurements, clustering, nesting, or within-
athlete dependencies explicitly modelled or justified?

Prevents biased standard errors and misleading inference
due to ignored dependency structures.

Is sample-size adequacy justified through power analysis,
effective sample size, number of clusters, repeated observa-
tions, events per parameter, or predictor-to-observation
considerations?

Assesses whether the available data support the planned
model complexity.

Are missing data, protocol deviations, measurement error,
and influential observations described and handled trans-
parently?

Improves interpretability and reduces hidden analytical
bias.

Are model assumptions assessed through diagnostics,
graphical inspection, robustness checks, or sensitivity
analyses?

Evaluates whether the reported findings are robust to plau-
sible analytical choices.

Are effect sizes, confidence intervals, uncertainty estimates,
and practical relevance reported alongside p-values?

Promotes estimation-focused interpretation rather than
dichotomous significance-based conclusions.

For predictive models, are internal validation, calibration,
prediction error, and, where possible, external validation
reported?

Assesses whether predictive performance is likely to
generalise beyond the development sample.

Are complex or machine-learning models accompanied
by adequate interpretation, validation, and explanation
of practical utility?

Reduces the risk of black-box modelling without
translational value for sport science practice.

Are analytical decisions, deviations from the planned
analysis, and limitations clearly reported?

Allows readers, reviewers, and editors to evaluate
credibility, transparency, and reproducibility.

Are the statistical software, software version, packages or
libraries, package versions when relevant, random seed
numbers, and main pre-processing or analysis scripts
reported or made available when feasible?

Supports computational reproducibility and allows readers,
reviewers, and editors to understand the analytical environ-
ment and workflow used to generate the results.

Where relevant, are missing-data mechanisms, multiplicity,
model instability in small samples, feature-engineering
steps, fairness or bias in predictive modelling, and alignment
with reporting guidelines explicitly addressed?

Encourages reviewers to evaluate methodological issues
that are increasingly relevant in sport-science analytics
but may not apply uniformly to all study designs.

exercise and sport science manuscripts. Future meth-
odological work should also provide reproducible code,
real-data demonstrations, diagnostic interpretation,
and comparisons among alternative modelling strat-
egies. The examples included in the present manuscript
should therefore be interpreted as decision-mapping
scenarios rather than as empirical demonstrations with
model outputs, diagnostic plots, or comparative perfor-
mance analyses.

Finally, the field would benefit from a clearer dis-
tinction between explanatory and predictive goals in
study reporting. Explanatory models are central for

mechanism-oriented science and causal interpretation,
whereas predictive models support risk stratification
and decision support. This distinction should also be
operationalised through established reporting guide-
lines, including Strengthening the Reporting of Ob-
servational Studies in Epidemiology (STROBE) for
observational studies and Transparent Reporting of
a Multivariable Prediction Model for Individual Prog-
nosis or Diagnosis (TRIPOD) for prediction model
studies, because these frameworks help researchers
report study design, model development, validation,
and interpretation more transparently [36, 37]. Both
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approaches are valuable, but they require different eval-
uation criteria and reporting standards. Recognising
this distinction explicitly is critical to prevent the com-
mon error of interpreting predictive accuracy as evi-
dence of causality or interpreting statistically signifi-
cant coefficients as predictive tools.

Conclusions

Improving statistical practice in exercise and sport
sciences requires a shift from technique-driven analy-
sis to decision-oriented modelling and transparent re-
porting. The methodological challenges discussed in
this paper, small sample sizes, dependency structures,
analytical flexibility, and interpretability, are not merely
technical issues, but determinants of the credibility
and transferability of scientific evidence. The proposed
framework and decision tables are intended to provide
pragmatic tools for aligning model selection with re-
search objectives and data characteristics, reducing
preventable analytical errors, and supporting inter-
disciplinary communication.

Future progress will depend on the systematic in-
tegration of methodological expertise into research
teams, the routine use of validation and robustness
checks, and the adoption of reporting practices that
emphasise estimation, uncertainty, and practical rel-
evance. By strengthening statistical reasoning and
transparency, exercise and sport sciences can produce
more reliable evidence to inform clinical practice, train-
ing prescription, and public health decision-making.
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