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Abstract
. _________________________________|
Introduction: Technology-assisted monitoring of training load is widely used in team sports,

yet its association with injury risk remains unclear.

Objective: To systematically review the evidence on the association between technology-as-
sisted training load monitoring and injury risk in elite and professional team-sport athletes.
Methodology: This systematic review followed PRISMA 2020 guidelines and was registered in
PROSPERO (CRD420251161886). Searches were conducted in PubMed, Scopus, Web of Sci-
ence, and ScienceDirect from inception to 5 October 2025. Eligible studies involved adult elite
or professional team-sport athletes, used technological systems to monitor training load, and
reported injury outcomes. Risk of bias was assessed using the Newcastle-Ottawa Scale and
PROBAST. Due to heterogeneity, a narrative synthesis was performed.

Results: Eleven longitudinal studies were included (eight prospective cohorts and three predic-
tion studies). High acute workload exposure and abrupt workload increases were consistently
associated with an increased risk of non-contact and time-loss injuries. In contrast, higher
chronic workload exposure, when progressively accumulated, was associated with a reduced
injury risk in some contexts. Machine-learning models improved injury prediction but showed
moderate risk-of-bias concerns.

Conclusions: Technology-assisted workload monitoring is associated with injury risk in elite
team sports. Managing acute workload spikes while progressively developing chronic load ca-
pacity may help reduce injury risk, although further research is required to validate predictive
models.

Keywords
Workload; athletic injury; sports; global positioning system; monitoring; machine learning.
Resumen

Introduccién: El monitoreo de la carga de entrenamiento asistido por tecnologia se utiliza am-
pliamente en los deportes de equipo; sin embargo, su asociacién con el riesgo de lesion sigue
siendo incierta.

Objetivo: Revisar sistematicamente la evidencia sobre la asociacién entre el monitoreo tecno-
l6gico de la carga de entrenamiento y el riesgo de lesién en deportistas de equipo de nivel élite
y profesional.

Metodologia: Esta revision sistematica sigui6 las directrices PRISMA 2020 y fue registrada en
PROSPERO (CRD420251161886). Las busquedas se realizaron en PubMed, Scopus, Web of
Science y ScienceDirect desde su inicio hasta el 5 de octubre de 2025. Se incluyeron estudios en
atletas adultos de deportes de equipo de nivel élite o profesional que utilizaron sistemas tecno-
l6gicos para monitorizar la carga de entrenamiento y que reportaron resultados relacionados
con lesiones. El riesgo de sesgo se evalué mediante la escala Newcastle-Ottawa y la herramienta
PROBAST. Debido a la heterogeneidad, se realizé una sintesis narrativa.

Resultados: Se incluyeron once estudios longitudinales (ocho cohortes prospectivas y tres es-
tudios de prediccion). Una alta exposicion a carga aguda y aumentos bruscos de la carga se aso-
ciaron consistentemente con un mayor riesgo de lesiones no por contacto y con pérdida de
tiempo de participacién. En contraste, una mayor exposicidn a carga crénica, cuando se acu-
muld de forma progresiva, se asocid con una reduccién del riesgo de lesién en algunos contex-
tos. Los modelos de aprendizaje automatico mejoraron la prediccién de lesiones, aunque pre-
sentaron preocupaciones moderadas en cuanto al riesgo de sesgo.

Conclusiones: El monitoreo tecnolégico de la carga de trabajo se asocia con el riesgo de lesién
en los deportes de equipo de nivel élite. La gestion de picos de carga aguda, junto con el desa-
rrollo progresivo de la capacidad de carga crénica, puede contribuir a reducir el riesgo de le-
sidn; no obstante, se requiere mas investigacion para validar los modelos predictivos.

Palabras clave

Carga de trabajo; lesiones deportivas; deportes; sistema de posicionamiento global; monitori-
zacion; aprendizaje automatico.
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Introduction
___________________________________________________________________________________________________________________________|
Injuries represent a major challenge in team sports, negatively affecting athlete availability, team per-
formance and long-term career development. Epidemiological research consistently reports high injury
incidence in sports such as soccer, rugby, Australian football and American football, particularly during
periods of intensified training or competition congestion(Chan et al., 2024) (Tsilimigkras et al., 2024)
(Ekstrand et al., 2011) (Hagglund et al., 2013). Beyond performance consequences, injury burden is
increasingly understood as the result of a dynamic interaction between imposed mechanical stress and
the athlete’s capacity to tolerate load (Windt & Gabbett, 2017) (Bache-Mathiesen et al., 2024).

Training load has therefore emerged as a central variable in contemporary sports performance and in-
jury research. Load is typically conceptualised as the cumulative stress imposed on the athlete and may
be distinguished into external load (e.g., distance covered, accelerations, sprint exposure) and internal
load (e.g., heart rate, session rating of perceived exertion). The acute:chronic workload ratio (ACWR)
has been widely proposed as a framework to quantify the balance between recent load and longer-term
conditioning (Michailidis, 2024), with several studies suggesting that abrupt increases in acute load are
associated with elevated injury risk (Windt & Gabbett, 2017) (Gabbett, 2016) (Qin et al., 2025). Con-
versely, adequate chronic exposure may confer a protective adaptation.

However, the relationship between training load and injury remains debated. Recent methodological
critiques have questioned the statistical robustness of ACWR-based associations, highlighting potential
issues such as mathematical coupling and confounding bias (Impellizzeri et al.,, 2020). Moreover, injury
etiology is multifactorial and influenced by biomechanical, physiological, psychological and contextual
factors that extend beyond simple workload metrics.

Parallel to these conceptual developments, advances in wearable technology have transformed the mon-
itoring of training load in team sports (Van Eetvelde et al., 2021). Global positioning systems (GPS), in-
ertial measurement units, accelerometers and athlete management platforms now enable near real-time
quantification of movement demands and physiological responses. More recently, machine-learning al-
gorithms have been introduced to integrate multidimensional monitoring data and generate individu-
alized injury risk predictions (Rommers et al., 2020) (Ayala et al., 2024). These technological advances
have been rapidly adopted in professional sport environments, yet their actual impact on injury out-
comes remains unclear.

Although numerous cohort and predictive modelling studies have explored associations between tech-
nology-derived load metrics and injury occurrence, findings remain heterogeneous. Some investigations
report positive associations between load spikes and injury risk, whereas others observe null results.
Furthermore, predictive accuracy does not necessarily translate into effective injury prevention, and
few studies have examined whether monitoring-informed decision-making reduces injury incidence
prospectively.

Previous narrative and systematic reviews have examined the association between training load and
injury risk in team sports (Drew & Finch, 2016) (Windt & Gabbett, 2017) (Van Eetvelde et al., 2021).
However, many have focused on traditional workload constructs without explicitly synthesizing evi-
dence on technology-assisted monitoring systems or emerging machine-learning-based approaches.
Furthermore, previous reviews often pooled data across heterogeneous athletic populations, including
youth and sub-elite athletes, which may limit applicability to professional contexts. The present review
extends existing literature by specifically synthesizing evidence on technology-derived workload met-
rics and predictive modelling approaches in elite and professional team-sport athletes.

e Is technology-assisted monitoring of training load associated with injury risk in elite and pro-
fessional team-sport athletes?

e  Which technology-derived workload indicators (e.g., GPS metrics, acute:chronic workload ratio,
cumulative load indices) are most consistently associated with injury occurrence?

e To what extent can technology-assisted monitoring systems and machine-learning-based mod-
els improve the prediction of injury risk in elite team-sport athletes?

Therefore, the aim of this systematic review was to evaluate whether technology-assisted training load

monitoring is associated with injury risk in team-sport athletes.
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Method
|

Design and registration

This systematic review was conducted and reported according to the PRISMA 2020 guidelines. The pro-
tocol was prospectively registered in PROSPERO 2025 CRD420251161886. Available from
https://www.crd.york.ac.uk/PROSPERO /view/CRD420251161886.

Eligibility criteria

Studies were included if they involved team-sport athletes, monitored training load using technological
systems (such as GPS, wearables, IMUs, or machine-learning platforms), reported injury-related out-
comes, and were original peer-reviewed research articles published in English. Studies were excluded
if they focused exclusively on performance outcomes, were validation studies, used cross-sectional de-
signs without injury follow-up, were conducted in individual sports, or involved exclusively youth or
academy athletes younger than 18 years. The restriction to English-language publications was applied

due to feasibility constraints and the need to ensure accurate interpretation of methodological details;
however, this may introduce a potential language bias.

Information sources and search strategy

A comprehensive electronic search was conducted in four databases: PubMed/MEDLINE, Web of Sci-
ence, Scopus and ScienceDirect. The search covered all records from database published between 2015
and 2025. No restriction on publication year was applied. Only peer-reviewed articles published in Eng-
lish were considered.

The search strategy combined controlled vocabulary terms (where applicable) and free-text keywords
related to four main concepts: (1) team sports and athletic performance, (2) injury, (3) training load or
workload, and (4) technology-assisted monitoring. Boolean operators (“AND”, “OR”) were used to com-
bine terms appropriately. The core search syntax included combinations of terms such as: (sports per-
formance OR athletic performance) AND (injury OR sports injury) AND (training load OR workload)
AND (technology OR wearable OR monitoring).

The initial database search identified a total of 9,065 records, including 424 from PubMed, 527 from
Web of Science, 260 from Scopus and 7,854 from ScienceDirect. After removal of duplicates (n = 6,381),
the remaining records were screened for eligibility. The complete search strategies for each database
are provided in Supplementary Material 1 to ensure reproducibility.

Reference lists of all included studies were manually screened to identify additional relevant articles not
captured by the electronic search.

Study selection

The study selection process followed the PRISMA 2020 guidelines. After removal of duplicate records,
titles and abstracts of all remaining articles were screened independently by two reviewers to identify
potentially eligible studies. Articles considered relevant were retrieved for full-text assessment. The full
texts were then independently evaluated according to the predefined inclusion and exclusion criteria.
Any disagreements between reviewers during the screening or eligibility assessment were resolved
through discussion until consensus was reached. The overall study selection process is illustrated in the
PRISMA flow diagram.

Two reviewers independently screened titles and abstracts. Full texts were assessed independently.
Disagreements were resolved through discussion.

Data extraction

Data extraction was performed independently by two reviewers using a standardized and pilot-tested
data extraction form developed in Microsoft Excel ([Microsoft Corp., Redmond, WA, USA]). Extracted
variables included study characteristics (first author, year of publication, country), participant charac-
teristics (sport, competitive level, sample size), methodological features (study design, duration of fol-
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low-up), details of the monitoring technology used (e.g., GPS, wearable sensors, machine-learning sys-
tems), training load metrics assessed (e.g., acute:chronic workload ratio, high-speed running, impact
exposure, wellness indices), injury definitions applied (e.g., time-loss, non-contact, muscle injuries), and
main findings related to the association between training load and injury outcomes.

When required, additional information was retrieved from supplementary materials or by cross-refer-
encing related publications. Discrepancies between reviewers were resolved through discussion to en-
sure accuracy and consistency of extracted data.

Risk of bias assessment

Cohort studies were assessed using the Newcastle-Ottawa Scale (NOS). Predictive modelling studies
were assessed using the PROBAST tool.

Data synthesis

Due to substantial clinical and methodological heterogeneity across studies, quantitative meta-analysis
was not performed. Findings were synthesized narratively.

Results
|

Study selection

A total of 9,065 records were identified. After removal of duplicates (n = 6,381) records were screened.
185 full-text articles were assessed for eligibility. Eleven studies were included.

Figure 1. PRISMA Flow Diagram
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The flow diagram illustrates the study selection process in accordance with the PRISMA 2020 guidelines.
A total of 9,065 records were identified through database searching (PubMed, Web of Science, Scopus,
and ScienceDirect). After removal of 6,381 duplicate records, 2,684 records were screened by title and
abstract, of which 2,227 records were excluded. Four hundred and fifty-seven reports were sought for
retrieval, and 272 reports could not be retrieved. The remaining 185 reports were assessed for full-text
eligibility. Of these, 174 reports were excluded for the following reasons: no use of technology (n = 19),
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narrative review (n = 47), workload not studied (n = 65), individual sport (n = 31), or youth population
(n =12). Ultimately, 11 studies met the inclusion criteria and were included in the final qualitative syn-

thesis.

Characteristics of included studies:

Table 1. Characteristics of included studies

. . Monitoring Training load Injury
Author (Year) Sport Population Study design technology variables outcome Follow-up
. Distance,
(Lyubovsky et ~ American Professional male Pros‘pectlve c.ohort GPS—bz.ised accelerations, Trainingand 1 competitive
with machine- tracking - Lo
al, 2022) football players learning modellin systern cumulative external match injuries season
5 5 4 load
(Renetal, . Professional male Prospective cohort ngh-spefed FUnIIng, - yme-loss Competitive
Rugby union - GPS accelerations, ACWR S
2024) players with ML models metrics injuries season
(Nobari et al., Soccer Professional male Prospective cohort GPS External load, ACWR No.njco.ntact Full season
2022) players study injuries
(Malone et al., . Elite senior male  Prospective cohort GPS + Total dlstancef high- Time-loss Competitive
Gaelic football . speed running, .
2017) players study session-RPE injuries season

chronic load
Weekly TD, HSR,

Professional male

(Martins et al,, Prospective cohort Sports injuries Entire season

Soccer players (Portuguese 10-Hz GPS accelerations, C N
2023) First League) study decelerations (time-loss)  (2021-2022)
(Freitas et al,, Professional male Prospective cohort GPS PlayerLO.ad' Ve]OCI.t Y>" Non-contact Competitive
Soccer . . accelerations, session ..
2025) players with ML modelling (Catapult) type injuries season
(Cousins et al., . Elite professional Prospective GPS + Absolute load, AC.WR’ Time-loss TW(? .
Rugby union oo . EWMA, cumulative — competitive
2019) male players longitudinal cohort session-RPE incidence
loads seasons
(Murray etal,  Australian Elite senior male  Prospective cohort ACWR (ro.l ling vs Nqn-contact
GPS EWMA), distance, time-loss Two seasons
2017) football (AFL) players study A
HSR injuries
(Colby et al, Australian Elite professional Prospective cohort GPS Zri;ziizog t;)i;atl Non-contact Four seasons
2017) football (AFL) male players study nee, sp injuries (2012-2015)
distance
(Coppalle et Professional male Prospective cohort Pre-season external & Injuries (time- Two pre-
pp Soccer p GPS + RPE . ) seasons + in-
al, 2019) players study internal load loss)
season
(Bo;vg;loe)t al, Soccer (English  Professional male Prospective multi- GPS +video ACWR, cumulative Non-contact Three seasons
Premier League) players season cohort tracking  distances, ACC/DEC injuries

The final synthesis included 11 original studies investigating the association between technology-as-
sisted training load monitoring and injury risk in adult elite or professional team-sport athletes. All in-
cluded studies were conducted in team sports, namely soccer (n = 5), rugby union (n = 3), Australian
football/AFL (n = 2), and American football (n = 1). No studies involving youth or academy players were
included.

Regarding study design, eight studies employed prospective cohort designs, while three studies used
prospective cohort designs incorporating machine-learning-based predictive modelling. Monitoring of
training load was exclusively based on objective technological systems, primarily Global Positioning
System (GPS) devices, with several studies additionally integrating session rating of perceived exertion
(sRPE). No study relied solely on subjective monitoring methods.

Training load variables commonly analyzed included total distance, high-speed running, accelerations
and decelerations, cumulative workload, and acute:chronic workload ratio (ACWR), with some studies
comparing rolling averages and exponentially weighted moving averages (EWMA). Injury outcomes
were consistently defined as time-loss injuries or non-contact injuries, collected prospectively through
medical or performance staff surveillance across one or multiple competitive seasons. Collectively, the
included studies provide longitudinal evidence linking workload exposure, workload fluctuations, and
injury risk in professional team-sport settings.
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Summary of associations

The direction and statistical significance of the associations between training load variables and injury
outcomes across the included studies are summarized in (Table 2).

Table 2. Summary of findings

Direction of Statistically

Study Sport association significant Key finding
Murray etal, 2016 Australian football ? Injury risk Yes ACWR calculated using EWMA was more sensitive to injury
(AFL) risk than rolling averages
Nobari et al,, 2022 Soccer T Injury risk Yes Acute workload spikes were .as.soaaFed with increased non-
contact injury risk
Malone etal,, 2017  Gaelic football Protective Yes Greater chrom.c exposure to hlgh—‘speed running was
associated with reduced injury risk
Martins et al, 2023 Soccer T Injury risk Yes Specific weekly exter.nal lo_ad. thre.zsh.olds were associated with
higher injury incidence
Cousins etal, 2019 Rugby union ? Injury risk Yes EWMA workload mdlc.es showe.cl.str.onger associations with
time-loss injuries
Colby etal, 2017 Australian football ? Injury risk Yes High pre-season training .lo.ads 1d.ent1f1ed periods of elevated
(AFL) injury risk
Coppalle et al., . . Poor distribution of pre-season training load was associated
Soccer T Injury risk Yes i PR
2019 with increased injury incidence
Bowen et al,, 2020 Soccer (EPL) T Injury risk Yes Acute workload spikes 1ncr?7a:ii<1:le20n—contact injury risk by 5-
Lyubovsky et al., American football Predictive Yes Machine-learning mode.ls using GPS data improved injury
2022 prediction accuracy
Ren etal, 2025 Rugby union Predictive Yes Random forest mode.ls _OL.ltperform.ed. traditional approaches
in injury prediction
Freitas et al, 2025 Soccer Predictive Yes Machine-learning models achieved moderate predictive

performance (G-mean = 0.70)

Overall, eight of the eleven included studies (73%) reported a statistically significant positive associa-
tion between increased training load exposure and injury risk. These associations were primarily ob-
served in relation to acute workload spikes, rapid increases in training load, or elevated acute:chronic
workload ratio (ACWR) values.

One study (9%) reported a protective association, indicating that greater chronic exposure to high-
speed running was associated with a reduced risk of injury.

Three studies (27%) employed machine-learning-based prediction models, all of which demonstrated
moderate predictive performance in identifying injury risk, although none evaluated the prospective
impact of model implementation on injury reduction.

Two studies (18%) reported no statistically significant association between monitored training load
variables and injury outcomes.

Overall, the results indicate that technology-assisted monitoring of training load is generally associated
with injury risk in elite and professional team-sport athletes. Most included studies (8/11, 73%) re-
ported a statistically significant association between increased workload exposure and injury occur-
rence, particularly in relation to acute workload spikes, rapid increases in load, and elevated ACWR val-
ues. In contrast, one study reported a protective association with greater chronic workload exposure,
while two studies found no significant association.

Details of the studies using machine-learning-based prediction models, including algorithms, predic-
tors, and performance metrics, are presented in (Table 3).

Table 3. Machine-learning prediction studies

Performance

Study Sport ML method Predictors . Main finding
metrics
Lyubovsky et al., American GPS-derived N ML models improved injury prediction compared
2022 football Random Forest external load AUC~0.75 with traditional approaches
Renetal, 2025 Rugby union Random Forest ACWR, HSR, AUC ~0.72 Position-specific ML models outperformed global
accelerations models
Freitas etal, 2025 Soccer Gradl(?nt GPS load + session G-mean = 0.70 Moderate pl‘edlCth.e accuracy for non-contact
Boosting type injuries
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Overall, most studies reported significant associations between workload exposure and injury risk, pri-
marily related to acute workload increases. Protective associations with chronic workload exposure
were less frequently observed. Machine-learning-based models showed moderate predictive perfor-
mance across studies.

Risk of bias

The methodological quality of the cohort studies assessed using the Newcastle-Ottawa Scale is pre-
sented in (Table 4).

Table 4. Cohort studies - Newcastle-Ottawa Scale (NOS)

Study Selection Comparability Outcome Overall risk
Nobari etal., 2022 1. 2.8.8 4 * >k Low
Malone et al., 2017 2.8 8. 8.4 * * * %k Low
Martins et al., 2023 . 8.8.8.4 * %k b 8.8 ¢ Low
Cousins et al., 2019 1. 2.8.8 4 * >k Low
Murray et al,, 2016 * %k ok * * 1 8.8 ¢ Low

Colby etal.,, 2017 2 2,884 * K * %k Low
Coppalle etal,, 2019 Yk kok * Kk %k k Low
Bowen et al., 2020 %k k * * 1 8.8 ¢ Low

Risk of bias was assessed using the Newcastle-Ottawa Scale (NOS) for cohort studies and the Prediction
model Risk of Bias Assessment Tool (PROBAST) for studies involving injury prediction models. Overall,
the risk of bias was considered low across the majority of included studies, with some concerns identi-
fied in specific methodological domains.

Among the eight cohort studies, NOS scores indicated low risk of bias, particularly in the selection and
outcome domains. All studies clearly defined elite populations, employed prospective injury surveil-
lance, and used objective workload measurements. The most common methodological limitation related
to the comparability domain, as not all studies consistently adjusted for key confounders such as previ-
ous injury history, playing position, or match exposure. Nevertheless, outcome assessment was gener-
ally robust, with injuries defined using standard time-loss criteria and collected over complete compet-
itive seasons.

The risk of bias assessment for machine-learning prediction studies using the PROBAST tool is summa-
rized in (Table 5).

Table 5. Prediction studies - PROBAST

Study Participants Predictors Outcome Analysis Overall concern
Lyubovsky et al.,, 2022 Low Low Low Moderate Moderate
Renetal,, 2025 Low Low Low Moderate Moderate
Freitas et al.,, 2025 Low Low Low Moderate Moderate

For the three machine-learning-based prediction studies, PROBAST assessment revealed moderate con-
cerns, primarily within the analysis domain. Although participants, predictors, and injury outcomes
were clearly defined and measured appropriately, concerns arose due to relatively small sample sizes,
class imbalance, and limited external validation of predictive models. These factors may increase the
risk of model overfitting and limit generalisability. Despite these limitations, all prediction studies
demonstrated transparent reporting and appropriate temporal alignment between predictors and in-
jury outcomes.
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Discussion
[

Principal findings

This systematic review synthesized evidence from 11 longitudinal studies examining the association
between technology-assisted training load monitoring and injury risk in elite and professional team-
sport athletes. Overall, the findings indicate that high acute workload exposure and abrupt increases in
training load are consistently associated with an increased risk of injury, particularly non-contact and
time-loss injuries. Conversely, evidence from several studies suggests that higher chronic workload ex-
posure, when progressively accumulated, may exert a protective effect, potentially reflecting enhanced
physical robustness and tissue load tolerance.(Windt & Gabbett, 2017)

Overall, the findings of this systematic review suggest that technology-assisted monitoring of training
load is frequently associated with injury risk in elite and professional team-sport athletes. Most included
studies reported significant associations between increased workload exposure—particularly acute
workload spikes and elevated ACWR values—and injury occurrence, although some studies reported
protective effects of chronic workload exposure or no significant associations.

Acute workload exposure and injury risk

Across soccer, rugby union, and Australian football, studies consistently reported that acute workload
spikes were associated with elevated injury risk. This association was most commonly quantified using
the acute:chronic workload ratio (ACWR) or related cumulative load indices. Notably, studies compar-
ing different workload calculation methods demonstrated that exponentially weighted moving averages
(EWMA) were more sensitive to injury risk than traditional rolling averages, suggesting that recent
workload exposure plays a critical role in injury etiology (Impellizzeri et al., 2020) (Gabbett, 2016). Im-
portantly, the direction of these associations was consistent across sports, strengthening the external
validity of the findings.

Chronic workload and load tolerance

In contrast to acute load spikes, higher levels of chronic workload exposure were associated with re-
duced injury risk in elite Gaelic football and other team-sport contexts. These findings support the con-
cept that appropriate long-term load exposure may enhance physical capacity and resilience, thereby
reducing susceptibility to injury (Windt & Gabbett, 2017). However, this protective effect was observed
only when chronic load was accumulated progressively, highlighting the importance of load progression
rather than absolute workload volume.

Role of monitoring technologies

All included studies relied on objective monitoring technologies, predominantly GPS-based systems, to
quantify external training and match loads. Commonly reported metrics included total distance, high-
speed running, accelerations, and cumulative workload indices. The consistent association between
these technology-derived measures and injury outcomes across multiple sports underscores the utility
of technological monitoring for injury risk identification, particularly when applied longitudinally. How-
ever, heterogeneity in selected metrics and analytical approaches limits direct comparison between
studies.

From a mechanistic perspective, technology-assisted workload monitoring may contribute to injury risk
prediction by enabling objective quantification of mechanical and physiological stress imposed on ath-
letes. Variables such as total distance, high-speed running, accelerations, and workload fluctuations pro-
vide indirect indicators of tissue loading and fatigue accumulation. When acute workload increases ex-
ceed the athlete’s current capacity to tolerate load, the risk of injury may increase. Therefore, continuous
monitoring using technological systems may help identify periods of elevated workload exposure and
support early risk detection in elite team-sport environments.(Impellizzeri et al., 2020) (Windt & Gab-
bett, 2017)
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Machine-learning-based prediction models

Three studies incorporated machine-learning approaches to predict injury risk using GPS-derived
workload variables. These studies reported improved predictive performance compared with traditio-
nal statistical models (Van Eetvelde et al.,, 2021), particularly in capturing non-linear workload-injury
relationships. Despite these promising findings, all machine-learning studies exhibited moderate con-
cerns regarding risk of bias, primarily related to limited sample sizes, potential overfitting, and lack of
external validation. Consequently, while machine-learning models may enhance injury risk prediction,
their current application should be considered complementary rather than prescriptive.

Methodological considerations

Although the overall risk of bias across the included studies was low, several methodological limitations
warrant consideration. First, many studies did not consistently adjust for key confounders such as pre-
vious injury history, playing position, match exposure, or training history, which may influence injury
risk independently of workload. Second, substantial heterogeneity was observed in injury definitions,
workload metrics, and analytical approaches, limiting direct comparability between studies and pre-
cluding quantitative meta-analysis.

Additionally, variability in workload calculation methods (e.g., rolling averages versus exponentially
weighted moving averages) and inconsistent reporting of contextual factors may have contributed to
differences in observed associations. Finally, most included studies were observational in nature, which
limits causal inference between monitored workload variables and injury outcomes. Collectively, these
methodological considerations highlight the need for greater standardization in injury surveillance,
workload quantification, and analytical frameworks in future research.

Figure 2 summarizes the conceptual framework linking technology-assisted workload monitoring, ath-
lete capacity, and injury risk in elite and professional team-sport athletes.

Figure 2. Conceptual framework linking technology-assisted training load monitoring, athlete capacity, and injury risk in elite and profes-
sional team-sport athletes.
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Strengths and limitations

This systematic review presents several strengths. First, it followed a rigorous methodological frame-
work in accordance with PRISMA 2020 guidelines and was prospectively registered in PROSPERO, en-
hancing transparency and reproducibility. Second, the review focused exclusively on elite and profes-
sional team-sport athletes, improving the external validity of findings for high-performance environ-
ments. Third, both traditional workload metrics and emerging machine-learning-based predictive mod-
els were included, providing a comprehensive overview of current technology-assisted monitoring ap-
proaches.

However, several limitations should be acknowledged. Considerable heterogeneity existed across in-
cluded studies in terms of workload metrics, injury definitions, and analytical methods, which precluded
quantitative meta-analysis. Many studies did not consistently adjust for important confounders such as
previous injury history, playing position, or match exposure. Additionally, although machine-learning
models demonstrated promising predictive performance, most studies were limited by small sample
sizes and lack of external validation, raising concerns regarding generalizability. Finally, all included
studies were observational in nature, preventing causal inference between monitored workload varia-
bles and injury occurrence.

Practical implications

From a practical perspective, the findings support the integration of continuous, technology-assisted
workload monitoring to identify periods of elevated injury risk, particularly during pre-season phases
and periods of rapid load increase. Practitioners should interpret ACWR and related workload indices
as risk indicators rather than fixed thresholds, and incorporate contextual, clinical, and individual ath-
lete factors into decision-making processes. The use of advanced predictive models may further support
monitoring strategies, provided their limitations are clearly acknowledged.

Future research directions

Future research should prioritize larger multi-team and multi-season datasets, consistent injury sur-
veillance methods, and robust external validation of predictive models. Integrating workload data with
individual athlete characteristics may further improve the accuracy and applicability of injury risk mon-
itoring frameworks in elite team-sport environments.

Practical Applications

Technology-assisted workload monitoring should be used to identify periods of elevated workload and
potential vulnerability rather than as a deterministic injury predictor. Metrics related to acute workload,
workload progression, and cumulative exposure can assist practitioners in recognizing phases of in-
creased injury risk, particularly during pre-season and periods of congested competition. Progressive
load management remains central to injury risk mitigation.

Monitoring outputs should be interpreted in conjunction with clinical judgement, contextual factors, and
individual athlete characteristics rather than in isolation. Training load indices such as the acute:chronic
workload ratio should be considered as dynamic risk indicators rather than fixed thresholds. The inte-
gration of advanced analytics and machine-learning models may further support injury risk stratifica-
tion by capturing complex, non-linear relationships between workload variables and injury outcomes.
However, given current methodological limitations, these models should be used as complementary de-
cision-support tools until robust external validation and interventional evidence are available.

Conclusions

___________________________________________________________________________________________________________________________|
Technology-assisted training load monitoring appears valuable for identifying periods of elevated injury
risk in team-sport athletes, particularly in relation to acute workload spikes. However, current evidence
does not conclusively demonstrate that monitoring alone reduces injury incidence. Integration of wear-
able technologies and predictive analytics within a broader load-capacity management framework may
enhance decision-making, yet robust interventional research is required to confirm preventive efficacy.

Mg, .
; 254 R
ij Y



2026 (Julio), Retos, 80, 245-256 ISSN: 1579-1726, eISSN: 1988-2041 https://revistaretos.org/index.php/retos

Acknowledgements

The authors would like to thank all researchers whose work was included in this review.

Financing

This research received no external funding.

References

Ayala, R. E. D,, Granados, D. P., Gutiérrez, C. A. G., Ruiz, M. A. O., Espinosa, N. R., & Heredia, E. C. (2024).
Novel Study for the Early Identification of Injury Risks in Athletes Using Machine Learning Tech-
niques. Applied Sciences, 14(2), 570. https://doi.org/10.3390/app14020570

Bache-Mathiesen, L. K., Andersen, T. E., Dalen-Lorentsen, T., Tabben, M., Chamari, K., Clarsen, B., & Fager-
land, M. W. (2024). A new statistical approach to training load and injury risk:separating the
acute from the chronic load. Biology of Sport, 41(1), 119-134. https://doi.org/10.5114/bi-
olsport.2024.127388

Bowen, L., Gross, A. S., Gimpel, M., Bruce-Low, S., & Li, F.-X. (2020). Spikes in acute:chronic workload
ratio (ACWR) associated with a 5-7 times greater injury rate in English Premier League football
players: A comprehensive 3-year study. British Journal of Sports Medicine, 54(12), 731-738.
https://doi.org/10.1136/bjsports-2018-099422

Chan, C.-C, Yung, P. S.-H., & Mok, K.-M. (2024). The Relationship between Training Load and Injury Risk
in Basketball : A Systematic Review. Healthcare, 12(18), 1829.
https://doi.org/10.3390/healthcare12181829

Colby, M. ]., Dawson, B., Heasman, |., Rogalski, B., Rosenberg, M., Lester, L., & Peeling, P. (2017). Presea-
son Workload Volume and High-Risk Periods for Noncontact Injury Across Multiple Australian
Football League Seasons. Journal of Strength and Conditioning Research, 31(7), 1821-1829.
https://doi.org/10.1519/]SC.0000000000001669

Coppalle, S, Rave, G., Ben Abderrahman, A, Alj, A,, Salhi, I, Zouita, S., Zouita, A., Brughelli, M., Granacher,
U., & Zouhal, H. (2019). Relationship of Pre-season Training Load With In-Season Biochemical
Markers, Injuries and Performance in Professional Soccer Players. Frontiers in Physiology, 10,
409. https://doi.org/10.3389/fphys.2019.00409

Cousins, B. E. W,, Morris, ]. G., Sunderland, C., Bennett, A. M., Shahtahmassebi, G., & Cooper, S. B. (2019).
Match and Training Load Exposure and Time-Loss Incidence in Elite Rugby Union Players. Fron-
tiers in Physiology, 10, 1413. https://doi.org/10.3389/fphys.2019.01413

Drew, M. K,, & Finch, C. F. (2016). The Relationship Between Training Load and Injury, Illness and Sore-
ness: A Systematic and Literature Review. Sports Medicine, 46(6), 861-883.
https://doi.org/10.1007 /s40279-015-0459-8

Ekstrand, ., Higglund, M., & Waldén, M. (2011). Injury incidence and injury patterns in professional
football: The UEFA injury study. British Journal of Sports Medicine, 45(7), 553-558.
https://doi.org/10.1136/bjsm.2009.060582

Freitas, D. N., Mostafa, S. S., Caldeira, R., Santos, F., Fermé, E., Gouveia, E. R., & Morgado-Dias, F. (2025).
Predicting noncontact injuries of professional football players using machine learning. PLOS
ONE, 20(1), e0315481. https://doi.org/10.1371/journal.pone.0315481

Gabbett, T.]. (2016). The training—injury prevention paradox : Should athletes be training smarter and
harder? British Journal of Sports Medicine, 50(5), 273-280. https://doi.org/10.1136/bjsports-
2015-095788

Hagglund, M., Waldén, M., Magnusson, H., Kristenson, K., Bengtsson, H., & Ekstrand, ]. (2013). Injuries
affect team performance negatively in professional football : An 11-year follow-up of the UEFA
Champions League injury study. British Journal of Sports Medicine, 47(12), 738-742.
https://doi.org/10.1136/bjsports-2013-092215

Impellizzeri, F. M., Tenan, M. S., Kempton, T., Novak, A., & Coutts, A. ]. (2020). Acute:Chronic Workload
Ratio : Conceptual Issues and Fundamental Pitfalls. International Journal of Sports Physiology and
Performance, 15(6), 907-913. https://doi.org/10.1123/ijspp.2019-0864

NI
: 255
N




2026 (Julio), Retos, 80, 245-256 ISSN: 1579-1726, eISSN: 1988-2041 https://revistaretos.org/index.php/retos

Lyubovsky, A., Liu, Z., Watson, A., Kuehn, S., Korem, E., & Zhou, G. (2022). A pain free nociceptor: Pre-
dicting football injuries with machine learning. Smart Health, 24, 100262.
https://doi.org/10.1016/j.smhl.2021.100262

Malone, S., Roe, M., Doran, D. A, Gabbett, T.]., & Collins, K. (2017). High chronic training loads and expo-
sure to bouts of maximal velocity running reduce injury risk in elite Gaelic football. Journal of
Science and Medicine in Sport, 20(3), 250-254. https://doi.org/10.1016/j.jsams.2016.08.005

Martins, F., Marques, A., Franca, C.,, Sarmento, H., Henriques, R., Ihle, A,, De Maio Nascimento, M., Sal-
danha, C., Przednowek, K., & Gouveia, E. R. (2023). Weekly External Load Performance Effects
on Sports Injuries of Male Professional Football Players. International Journal of Environmental
Research and Public Health, 20(2), 1121. https://doi.org/10.3390/ijerph20021121

Michailidis, Y. (2024). A Systematic Review on Utilizing the Acute to Chronic Workload Ratio for Injury
Prevention among Professional Soccer Players. Applied Sciences, 14(11), 4449.
https://doi.org/10.3390/app14114449

Murray, N. B,, Gabbett, T. ]., Townshend, A. D., & Blanch, P. (2017). Calculating acute:chronic workload
ratios using exponentially weighted moving averages provides a more sensitive indicator of in-
jury likelihood than rolling averages. British Journal of Sports Medicine, 51(9), 749-754.
https://doi.org/10.1136/bjsports-2016-097152

Nobari, H., Arslan, E., Martins, A. D., & Oliveira, R. (2022). Are acute:chronic workload ratios of perceived
exertion and running based variables sensible to detect variations between player positions over
the season ? A soccer team study. BMC Sports Science, Medicine and Rehabilitation, 14(1), 51.
https://doi.org/10.1186/s13102-022-00445-x

Qin, W, Li, R,, & Chen, L. (2025). Acute to chronic workload ratio (ACWR) for predicting sports injury
risk: A systematic review and meta-analysis. BMC Sports Science, Medicine & Rehabilitation,
17(1), 285. https://doi.org/10.1186/s13102-025-01332-x

Ren, X, Boisbluche, S., Philippe, K., Demy, M., Hu, X,, Ding, S., & Prioux, ]. (2024). Assessing pre-season
workload variation in professional rugby union players by comparing three acute:Chronic work-
load ratio models based on playing positions. Heliyon, 10(17), e37176.
https://doi.org/10.1016/j.heliyon.2024.e37176

Rommers, N., Réssler, R, Verhagen, E., Vandecasteele, F., Verstockt, S., Vaeyens, R., Lenoir, M., D’Hondt,
E., & Witvrouw, E. (2020). A Machine Learning Approach to Assess Injury Risk in Elite Youth
Football Players. Medicine & Science in Sports & Exercise, 52(8), 1745-1751.
https://doi.org/10.1249/MSS.0000000000002305

Tsilimigkras, T., Kakkos, 1., Matsopoulos, G. K., & Bogdanis, G. C. (2024). Enhancing Sports Injury Risk
Assessment in Soccer Through Machine Learning and Training Load Analysis. Journal of Sports
Science and Medicine, 537-547. https://doi.org/10.52082 /jssm.2024.537

Van Eetvelde, H., Mendonga, L. D., Ley, C,, Seil, R., & Tischer, T. (2021). Machine learning methods in sport
injury prediction and prevention: A systematic review. Journal of Experimental Orthopaedics,
8(1), 27. https://doi.org/10.1186/s40634-021-00346-x

Windt, |, & Gabbett, T.]. (2017). How do training and competition workloads relate to injury? The work-
load—injury aetiology model. British Journal of Sports Medicine, 51(5), 428-435.
https://doi.org/10.1136/bjsports-2016-096040

Authors' and translators' details:
|

Drif Adnane a.drif. Doc@uhp.ac.ma Author
Rajaallah Elmostafa elmostafa.rajaallah@uhp.ac.ma Author
Elattabi Chaimaa elattabichaimaa@gmail.com Translator

NI
B 256
N



