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Abstract

Background Artificial intelligence (Al) and machine learning (ML) are rapidly transforming the medical field. The aim
of this review was to outline the current scientific state of Al and ML application in sports medicine, evaluate the level
of clinical validation and readiness for implementation, and identify key priorities to guide future advancements and
implementation into injury risk assessment, diagnosis, rehabilitation and clinical decision-making in sport medicine.

Methods A scoping review was conducted with a literature search performed on February 5, 2026, using the
MEDLINE, EMBASE and Web of Science databases which targeted Al or ML application on individuals within a sports
medicine context.

Results Of 8,677 studies, 97 studies were included. Most research covered orthopaedics (70.1%) and neurology
(18.6%), where Al was applied for injury prediction, diagnostic image analysis, and recovery estimation. Predictive
and estimation models were the dominant application (57.7%). Reported discriminative performance was frequently
high. However, the majority of studies relied on retrospective datasets and internal validation. Calibration reporting
was uncommon, and prospective workflow integration was rare, with a single study attempting an interventional
prevention strategy. Substantial heterogeneity in modelling approaches, data inputs, and outcomes definitions was
observed.

Conclusion Although Al'and ML applications in sports medicine frequently demonstrate strong within-sample
performance, most remain in early-stage development. Currently, these tools should be viewed as supportive
adjuncts rather than autonomous decision-making systems.
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Introduction

Artificial intelligence (AI) and machine learning (ML) are
transforming healthcare by enabling machines to effec-
tively analyze data, recognize patterns, and aid decision-
making [1]. There is research that suggests that Al and
ML might outperform humans within specific healthcare
domains [2-4]. For example, ML models have, based
on radiographic analysis, identified patients at risk for
poor outcomes after unicompartmental knee replace-
ment with greater accuracy than surgeons [2]. Similarly,
chatbots powered by large language models (LLMs) have
in one study surpassed physicians in diagnostic accu-
racy [3]. Furthermore, Al has reduced the miss rate for
colorectal neoplasia detection by half [4]. These examples
highlight the potential and increasing role of AI and ML
in improving healthcare outcomes.

Within sports medicine, Al and ML applications have
attracted considerable interest. For example, Hu et al.
[5] demonstrated that the use of a convolutional neural
network (CNN) could detect anterior cruciate ligament
(ACL) injury through magnetic resonance imaging (MRI)
with an accuracy of 96.5%. Furthermore, Allen et al. [6]
reported that a decision tree model could discriminate
between early, typical and delayed recovery after sports-
related concussion (SRC). Moreover, an extreme gradi-
ent boosting (XGBoost) model was used to predict level
of match participation in football athletes after Achilles
tendon rupture [7]. In addition, a recent scoping review
found that ML models have been widely applied to sup-
port ACL injury prediction, rehabilitation monitoring
and return to sport (RTS) decision-making [8]. These
studies showcase the potential of Al and ML in sports
medicine. However, the literature remains fragmented,
with limited understanding of how applications vary
across fields and whether current work has progressed
beyond retrospective analyses toward prospective or
interventional use. Furthermore, it remains unclear
whether existing AI and ML applications have reached
sufficient developmental and clinical maturity to inform
decision-making in sports medicine.

The aim of this review was to outline the current scien-
tific state of Al and ML application in sports medicine,
evaluate the level of clinical validation and readiness
for implementation, and identify key priorities to guide
future advancements and implementation into injury risk
assessment, diagnosis, rehabilitation and clinical deci-
sion-making in sport medicine.

Method

Protocol and registration

As this was conducted as a scoping review with the pur-
pose to map a rapidly growing field a formal review pro-
tocol was not considered needed.
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Eligibility criteria

To be included in this review, papers needed to be writ-
ten in English, published year 2000 or later, and were
required to report on the use of AI or ML within the
context of sports medicine. Peer-reviewed papers on all
levels of evidence in accordance with the Oxford clas-
sification were included. All empirical study designs,
including quantitative, qualitative, mixed-methods,
case studies, and pilot studies, were considered with
no restrictions with regards to cohort size or patient
characteristics. Reviews, conference abstracts, com-
mentaries (editorials, opinion pieces), system proposals
(frameworks, protocols, datasets), articles without full-
text availability, and pre-prints were excluded. System
proposals were excluded, as the scope of this review was
limited to studies that investigated the application of AI/
ML within sports medicine.

Information sources

This study was conducted and presented in accor-
dance with the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses extension for Scoping
Reviews (PRISMA-ScR) checklist [9]. A scoping review
approach was performed due to the heterogeneity of
Al methods, outcomes, and study designs, which made
a quantitative synthesis and detailed risk of bias assess-
ment less feasible. A literature search was planned in col-
laboration with and was executed out on 2026-02-05 by
medical university librarians, with expertise in electronic
database searching. The search strategies were peer
reviewed by another senior medical university librarian
prior to execution in accordance with the PRESS Check-
list [10]. No additional manual searching of references
list or grey literature was conducted after the primary
database search. The literature search included the MED-
LINE, EMBASE, and Web of Science databases, to pro-
vide comprehensive coverage of sports medicine research
relevant to the clinical scope of this study.

Search

The initial search strategy was developed to identify stud-
ies which involved the use of Al or ML technologies in
the context of sports medicine. The search targeted two
core elements. First, the population: Individuals within a
sports medicine context (athletes, physically active indi-
viduals or patients with or at risk of sports related injury).
Second, the concept: Utilization of AI- or ML-based
technologies, tools, or platforms intended to support the
prevention, diagnosis, rehabilitation, or RTS decision-
making within sports medicine. The broad search strat-
egy was adopted to comprehensively map the diversity
of Al and ML applications in sports medicine. The com-
plete search strategy can be found in the Supplementary
information.
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Selection of sources of evidence

The screening process was performed with the Rayyan
reference management platform (rayyan.ai) [11]. Screen-
ing of studies was performed by two independent
reviewers (JL and KHT) starting with title and abstract
screening followed by full-text evaluation. At all stages,
any differences were resolved by mutual agreement. For
title and abstract screening, agreement between the
authors was assessed with Cohen’s Kappa coefficient.
Inter-rater reliability for full-text screening was not for-
mally quantified; disagreements were resolved through
discussion and consensus between reviewers.

Data charting process

Draft data charting tables were developed in Microsoft
Excel (Version 16, Microsoft Corporation, Remond, WA,
USA) to record extracted data from the included articles,
guided by the scoping review research statement. The
first two authors (JL and KHT) performed the data chart-
ing process.

Data items

Study characteristics extracted included: bibliographic
details (author(s), year of publication, and scientific jour-
nal), study characteristics (medical field, and country
of origin), field of population (sport, sample size, age,
study participant sex), AI-/ML application, data sources
and input variables, output variables (outcomes), Al-/
ML model(s) used, and key findings. Medical field clas-
sification was based on the primary clinical focus of each
study. Studies were categorized as orthopaedics when the
AI or ML application addressed musculoskeletal pathol-
ogy, surgical outcomes, or rehabilitation related to ortho-
paedic conditions.

The AI applications were categorized into four mutu-
ally exclusive application groups based on the primary
aim of the AI component for each study. This categori-
zation was not based on a single established or univer-
sally accepted classification framework; however, was
pragmatically developed for the purpose of synthesizing
the heterogeneous literature. Categories were defined
a priori as follows: 1) predictive and estimation models,
in which algorithms were primarily used to predict out-
comes, risks, or clinical parameters; 2) classification and
pattern recognition models, which focused on classifica-
tion, clustering, feature extraction, or anomaly detection;
3) diagnostic and detection models, which aimed to iden-
tify diseases, conditions, or abnormalities; and 4) reason-
ing and summarization assistance models, where LLMs
were central. When a study could plausibly fit more
than one category, it was assigned to the group that best
reflected the dominant role of the AI-/ML component.
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Critical appraisal of individual sources of evidence

Due to the exploratory and descriptive nature of scoping
reviews, and the heterogeneity of included studies, risk of
bias and study quality assessments were not feasible and
did not influence scoping review outcomes.

Synthesis of results

The results from the included studies were synthesized
descriptively with a narrative approach, supported by
tables and figures where appropriate [9]. Data charted
from each study was grouped and summarized in accor-
dance with key themes. These included: medical fields
studied, AI-/ML applications, years and countries of pub-
lication, study populations, AI-/ML models used in gen-
eral, with more detailed subgroup analyses performed for
orthopaedics and neurology due to the higher number
of included studies in these fields, and lastly, the overall
model development stage.

No meta-analysis or quantitative pooling was con-
ducted due to the heterogeneity of study designs, AI-/ML
approaches, and reported outcomes. Instead, findings
were mapped to highlight the breadth of research activity,
common areas of application, and gaps in the literature.

Results

In total, 8,677 records were identified, of which 97 were
included (Fig. 1). For title and abstract screening, the
Cohen’s Kappa coefficient was calculated to 0.877, which
suggests near perfect agreement. Of the included studies,
the medical fields represented were as follows: orthopae-
dics (=68, 70.1%), neurology (n=18, 18.6%), radiology
(n=3, 3.1%), cardiology and cardiopulmonary (n=2,
2.1%), nephrology (n=1, 1.0%), odontology (n=1, 1.0%),
endocrinology (n=1, 1.0%) and various (self-reported
participation-restricting injuries [non-diagnosis-spe-
cific]; sports rehabilitation and digital health) (n =3, 3.1%)
(Table 1). Within orthopaedics, Al was primarily applied
for injury prediction, outcome estimation, and rehabilita-
tion monitoring, particularly concerning lower-extremity
and ACL-related injuries. In neurology, models predomi-
nantly focused on SRC management, including classifica-
tion of SRC severity and prediction of recovery duration.
Radiology studies used Al for automated image optimi-
zation, detection of ligament injuries and bone marrow
lesions, while the remaining medical fields involved iso-
lated applications in injury-risk estimation (cardiopul-
monary and cardiology), acute physiological responses
(nephrology), dental injury prediction (odontology), and
low bone mineral density (endocrinology).

Al applications

The AI application categories of the included studies
were as follows: predictive and estimation models (n =56,
57.7%), classification and pattern recognition models
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[ Identification of studies via databases and registers ]
)
g Records identified from Databases:
E MEDLINE (n = 2,935) Records removed before screening:
b EMBASE (p=2,355) Duplicate records removed (n = 4,273)
H Web of Science (n = 7,460) P ’
= Total (n = 12,950)
—
v Records excluded:
— Unrc.:lated topic (n=6,676)
Records screened: _ Review (n =697)
(n=8,677) g No AI/ML application (n = 396)
System proposal (n = 287)
Retracted (n=227)
Commentary (n=172)
A/ Total (n = 8,455)
Reports sought for retrieval: N -
- (n=222) ”| Reports not retrieved:
£ No full-text availability (n = 6)
§ Pre-print (n = 3)
S Total (n=9)
# v
o Reports excluded:
Reports_assessed for eligibility: > No athletes included for validation (n =45)
(n=213) System proposal (n =42)
Undefined population (n=17)
No AI-/ML application (n = 8)
Unrelated topic (n=3)
Review (n=1)
— Total (n =116)
A
- Studies included in review:
-§ @=97)
] Reports of included studies:
= @=97)

Fig. 1 PRISMA flowchart for the inclusion process. Al= Artificial intelligence, ML=Machine learning, n=number

(n=20, 20.6%), diagnostic and detection models (n=11,
11.3%), and reasoning and summarization assistance
models (=10, 10.3%) (Table 1). Within orthopaedics,
predictive models were most common (43/68, 63.2%),
whereas classification models were most common within
neurology (9/18, 50.0%). Across Al applications, pre-
dictive and estimation models were mainly employed
to forecast injury risk (n=34), or recovery-related out-
comes (n=15), including RTS probability and functional
improvement after orthopaedic injury/surgery. Classifi-
cation and pattern-recognition models (n=17) were pri-
marily used to distinguish between injured and uninjured
states, classify SRC or gait patterns, and identify biome-
chanical risk clusters. Diagnostic and detection models
(n=8) were mainly applied for image- or video-based

injury identification, such as ACL or lumbar spine pathol-
ogy. Reasoning and summarization assistance studies
(n=10) exclusively investigated LLM models (ChatGPT,
Gemini, Bard, DeepSeek) for patient education and infor-
mation quality assessment.

Annual distribution and countries of published studies

Only two studies were identified before 2018, while the
number increased thereafter, and peaked in 2025 (20
publications, 20.6%) (Fig. 2 and Table 1). Of all included
studies, 86.6% were published between 2020 and 2026. Of
the included studies, most studies were conducted in the
USA (n=26, 26.8%), followed by China (n=10, 10.3%),
Canada (n=6, 6.2%), Spain (n=>5, 5.2%), Japan, Germany,
and Turkey (n=4, 4.1%, respectively), Chile, France, and
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Table 1 Overview of included studies
Author Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings Data
cal population ple mean males ap- outcome used
field size, years % pli-
n or ca-
range tion
Abasiet 2025 Bio- Iran Car- Elite football 256 NR NR Pre-  Predic-  SVM, Cat- CatBoost; Acc:  Cardio-
al[12] Data dio- dic-  tion of Boost, RF, 0.9138, F1: pulmo-
Minin pul- tive & reinjury  XGBoost 0.9148; SVM: nary
mo- Esti-  risk AUC: 0.9725 data
nary ma-
tion
mod-
els
Allenet 2023 Journal USA Neu-  Pediatric 493 15.7 68 Pre-  Predic- DT AUC: 0.80, Demo-
al.[6] of Neu- rology athletes dic-  tionof Youden:0.44.  graphics,
rosur- tive & early Sen: >0.90 post-
gery: Esti-  (<14), (Classified early  SRC
Pediat- ma-  typical recovery) symp-
rics. tion  (15-27), tom
mod- delayed scales,
els (=28) time-
recovery to-clinic
time presen-
(days) tation,
from concus-
SRC sion
history,
pres-
ence of
defined
symp-
tom
clusters
Aoyaget 2021 Spine  Japan Or- Junior 223 13.5 72 Diag- Distin- CART Sen: 0.64, Spec: Demo-
al[13] tho-  high-school nos-  guish 0.92, AUC:0.79  graphics,
pae-  athletes tic&  lumbar school
dics De-  spondy- grades,
tec-  lolysis symp-
tion  from tom
mod- non- onset
els specific time,
low back history
pain of lower-
back
pain,
pre-
existing
condi-
tions
and
anthro-
pometry
Ayalaet 2019 Inter-  Spain Or- Professional 96 NR 100 Pre-  Predic- DT AUC: 0.837, Pre-
al.[14] na- tho-  football dic-  tion Sen: 0.778, season:
tional pae- tive & of risk Spec: 0.838 psycho-
Journal dics Esti-  factors of logical,
of ma-  ham- neuro-
Sports tion  string muscu-
Medi- mod- injury lar, and
cine els demo-
graphi-

cal data
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Bazarian 2021 JAMA  USA Neu-  Athletes 580 19.5 54 Clas- Clas- Genetic Sen: 0.860, EEG,

etal[15] Net- rology sifica- sification algorithm  Spec 0.708, cogni-

work tion  of SRC NPV: 0.901, tive
Open & based on PPV: 0.620, tests,
Pat-  EEG AUC: 0.89 symp-
tern tom
rec- invento-
ogni- ries
tion
Bergeron 2019 Medi- USA Neu-  High-school 2004 NR NR Pre-  Estima-  NB,SVM, NB and RF Symp-
etal[16] cine & rology football dic-  tionof  5-nearest with 100 or tom and
Sci- tive & symp- neighbours, 500 trees: AUC: recovery
encein Esti-  tomre- DT, RF,MLP  0.656-0.742 data
Sports ma-  solvment radial basis
& tion  after SRC function
Exercise mod- network
els
Briand et 2022 Fron-  Canada Vari-  Short-track 11 21 0 Pre-  Predic-  RF Sen:0.5,Spec  Longi-
al[17] tiersin ous speed skaters dic-  tion of 0.7 tudinal:
Sports (or- tive & injury training
& tho- Esti- load,
Active pae- ma- physi-
Living dics tion ological,
and mod- neuro-
neu- els mus-
rol- cular,
ogy) psycho-
logical
well-
being,
heart
rate
variabil-
ity and
injury
history
data

Calder- 2023 Sensors Chile Or- Professional 110 NR 100 Pre-  Predic- DT, dis- XGBoost: Prec:  Biome-

on-Diaz tho-  football dic-  tionof  criminant  78%. chanical

etal[18] pae- tive& muscle  methods, and
dics Esti-  injury NB, SVM, muscle
ma- KNN, NN, perfor-
tion XGBoost mance

mod- data

els
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Caoet 2008 IEEE USA Neu-  Rugby and 61 20 44 Clas- Classifi-  SVM Acc: 77.1%, EEG
al.[19] Trans- rology American sifica- cation of Sen: 80.0%,

actions football tion  residual Spec: 75.0%

on & func-

Neural Pat-  tional

Sys- tern  deficit

tems & rec-

Reha- ogni-

bilita- tion

tion

Engi-

neer-

ing

Castel- 2021 Sports  USA Neu-  US Military 15682 19 65 Pre-  Predic-  SVM AUC: 0.73 Baseline

lanos et Medi- rology cadettes dic-  tionof demo-

al.[20] cine tive & SRC risk graphic,
Esti- clinical,
ma- cogni-
tion tive and
mod- behav-
els joral
data

Chenet 2022 Com-  China Or- Basketball 935 20 76 Clas- Classifi-  Deeplearn-  Acc: 86.4%, cT

al[21] puta- tho- sifica- cation of ing:Faster ~ Cohen's kappa: images

tional & pae- tion  thoraco- RCNN 0.850

Mathe- dics & lumbar

matical Pat-  vertebral

Meth- tern  fractures

ods in rec-  (ABC)

Medi- ogni-

cine tion

Chuet 2022 An- USA Neu-  Youthathletes 655 137 55 Pre-  Predic-  CatBoost,  CatBoost: AUC: Prein-
al[22] nals of rology (male), dic-  tion DT, elastic 0.8 (males), and jury risk

Physi- 14.0 tive & of SRC net, RF, 0.78 (females)  factors,

cal & (fe- Esti-  recovery XGBoost, injury

Reha- male) ma- TabNet sever-

bilita- tion ity mea-

tion mod- sures,

Medi- els post-

cine SRC
func-
tional
and
symp-
tom

data
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Dan- 2025 BMJ France Vari-  Trackandfield 112 34 62 Pre-  Investi-  Negative AUC: 0.63 Longi-

drieux et Open ous dic-  gateas-  binomial tudinal:

al[23] Sport & tive & sociation regression training
Exer- Esti-  between activity,
cise ma-  in- psycho-
Medi- tion  jury risk logical
cine mod- estima- state,
els tion and sleep
injury quality,
burden and self-
reported
injury
status

De la 2023 Sci- Chile Or- Football 21 225 0 Clas-  Cluster-  umap 3 clusters of Biome-

Fuente ence & tho- sifica- ingto biomechanical  chanical

etal.[24] Medi- pae- tion  deter- properties data

cinein dics & mine risk
Football Pat-  profiles

tern  based on
rec-  biome-
ogni- chanical
tion  proper-

ties
de 2022 Euro-  Nether- Or- Volleyball 10 27 100 Pre-  Predic-  Subgroup  Jumploadwas Longi-
Leeuw et pean  lands tho- dic- tionof  discovery animportant  tudinal:
al.[25] Journal pae- tive & overuse predictor for training
of dics Esti-  injuries 70% of players  load,
Sport ma- subjec-
Science tion tive
mod- wellness
els reports
and
overuse
symp-
tom
ques-
tion-
naires
DiCesare 2020 Annals USA Neu-  Football 20 16 0 Clas- Classifi-  XGBoost Acc: 83.5% Wear-
et al.[26] of Bio- rology sifica- cation of able
medi- tion  sub-SRC sensor
cal & impact data,
Engi- Pat-  exposure video-
neer- tern verified
ing rec- head
ogni- impact
tion record-
ings and

MRIs
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Dinizet 2022 Knee  Various Or- Football 209 283 100 Pre-  Predic- Clustering,  XGBoost: AUC:  Match

al.[7] Sur- tho- dic-  tionof XGBoost 0.81 partici-

gery, pae- tive & level of pation
Sports dics Esti-  match and
Trau- ma-  partici- perfor-
matol- tion  pation mance
ogy, mod- data
Arthros- els

copy

Dinizet 2024 Knee  Various Or- Football 236 266 100 Pre-  Cross- OpenAl's Sen: 88.4%, Publicly

al.[27] Sur- tho- dic-  valida-  GPT-40 mini Spec: 99.3% available

gery, pae- tive & tion of textual
Sports dics Esti-  identi- and da-
Trau- ma-  fied ACL tabase
matol- tion injury data
ogy, mod- mentions
Arthros- els
copy
Elkinet 2018 Ap- USA Or- Mixed 469 44 50 Diag- Diag- Bayesian Specificity- Patient-
al.[28] plied tho- nos-  Nosis and heuris-  based Bayes-  reported
Clinical pae- tic& ofknee  tic model ian model ques-
Infor- dics De- injury significantly tionnaire
matics tec- outperformed
tion heuristic
mod- model
els
Eskofier 2012 Com-  Canada Or- Runners 80 41.1 50 Clas- Classifi-  AdaBoost Acc: 100%. Biome-
et al.[29] puter tho- (male), sifica- cation of chanical
Meth- pae- 36.0 tion  par- data
ods in dics (fe- & ticipants
Biome- male) Pat-  with or
chan- tern  without
ics & rec-  patello-
Bio- ogni- femoral
medi- tion  pain syn-
cal drome
Engi-
neer-
ing

Evanset 2024 PLoS UK Or- Rugby 36 20.7 100 Clas-  Classifi-  Bayesian AUCO0.76 Longi-

al.[30] ONE tho- sifica- cation of pattern (severe non- tudinal:
pae- tion  non- recogni- contact lower  training
dics & contact  tionand limb), 0.70 load,

Pat-  lower assessed by (non-contact  perfor-
tern  limbin-  means of: lower limb), mance
rec-  juriesrisk NB,J48 DT, and0.71 (non- test
ogni- factors SVM, KNN contact ankle)  results,
tion mus-
culo-
skeletal
screen-
ing
metrics
and
injury

history
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Table 1 (continued)
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Farhad- 2020 BMC Iran Odon- Pediatric 356 11.3 54 Pre-  Predic- RF Acc: 89.3% Demo-

ian et Sports tology athletes (in- dic-  tionof graphic

al.[31] Sci- jured), tive & dental and be-
ence, 10.6 Esti-  injury havioral
Medi- (unin- ma- data
cine jured) tion
and mod-
Reha- els
bilita-
tion
Ferriset 2021 Ameri- USA Neu-  Collegiate 388 199 63 Diag- Diagno- AdaBoost  Increased Multi-
al[32] can rology athletes nos-  sis of SRC diagnosticac-  modal
Journal tic & curacy by 44% concus-
of De- to AUC: 0.848,  sion as-
Sports tec- andincreased  sess-
Medi- tion Sen by 9% ment
cine mod- data
els

Freitaset 2025 PLoS Portugal Or- Professional 34 263 100 Pre-  Predic- SVM, Feed-  SVM: Acc: 74%, Wear-

al.[33] ONE tho-  football dic- tionof  forward NN, Sen:71%, Spec: able GPS
pae- tive & non- AdaBoost  74% data
dics Esti-  contact

ma-  injuries
tion infoot-
mod- ballers
els

Garciaet 2019 Journal USA Neu-  Athletesand 24561 193 58 Pre-  Predic-  CART Sen:91.07%to  Concus-

al.[34] of Neu- rology military dic-  tion 97.40% sion

rotrau- tive & of SRC assess-

ma Esti-  levels ment
ma- and
tion demo-
mod- graphic
els data

Gaudet 2019 Journal Canada Or- Swimmers 34 217 0 Clas- Cluster-  K-mean Sen: 86%, Func-

etal.[35] of Sci- tho-  and handball sifica- ingto clustering Spec: 100%, tional

ence & pae- tion  deter- diagnostic OR:  perfor-
Medi- dics & mine 229.67 (KJOC).  mance
cinein Pat-  shoulder Sen: 86%, Spec: and self-
Sport tern injury 37%, diagnos-  reported
rec-  based on tic OR: 3.53 clinical
ogni- subjec- (CKQUEST) assess-
tion  tive out- ment
comes data

Giorgino 2024 Diag- ltaly Or- NA NA NA NA Rea- Useofan Google Both models  Text-

et al.[36] nostics tho- son- LLMfor Bard& show good based
pae- ing & patient  ChatGPT-3.5 promisein pa- conver-
dics sum- educa- tient education sation

ma-  tion respons-
riza- es

tion

assis-

tance
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Girardet 2025 Knee  Canada Or- Adolescents 134 153 30 Clas-  Clas- o1 Entire group: Biome-

al.[37] Sur- tho-  withand (ACL  (ACL  sifica- sification Acc 0.675, chanical

gery, pae-  without ACL in- injured) tion  of ACL Sen 0.70,Spec  data
Sports dics  injury jured), 44 & injury 0.65, F10.684;

Trau- 13.8 (con-  Pat-  status Females: Acc

matol- (con-  trols)  tern 0.769; Males:

ogy, trols) rec- Acc 0.533

Arthros- ogni-

copy tion

Goggins 2022 Inter- UK Or- Elite pathway 17 18.2 0 Pre-  Predic-  DT,RF DT: AUC: 0.66.  Longi-

etal[38] na- tho-  cricket dic-  tion of RF: AUC:0.72  tudinal:

tional pae- tive & injury training
Journal dics Esti- load and
of ma- perfor-
Sports tion mance
Medi- mod- monitor-
cine els ing data
Gultekin - 2025 Knee  Turkey Or- NA NA NA NA Rea- Evalua-  ChatGPT-40, Both highac-  Text-
etal.[39] Sur- tho- son-  tion of DeepSeek  curacy (3.9/4)  based
gery, pae- ing& LLM- R1 and consis- conver-
Sports dics Sum- generat- tency (4/4); sation
Trau- ma- ed ACL ChatGPT more  respons-
matol- riza-  surgery comprehen- es
ogy, tion  patient sive (4.0 vs
Arthros- mod- educa- 3.2,p<0.001);
copy els tion re- DeepSeek
sponses clearer 3.9 vs
3.0,p<0.001)
and more read-
able (FKGL 8.9
vs 14.2; FRES
61.3vs32.7)

Guo et 2025 Peer)  China Or- Collegiate 104 204 100 Pre-  Predic- RF, SVM, RF: AUC 0.80; Demo-

al.[40] tho- basketball dic-  tion of XGBoost, LR Accuracy 0.962; graphic,
pae- tive & ACL XGBoost AUC injury
dics Esti-  injury 0.79; Logistic history,

ma-  incidence regression AUC  biome-

tion 0.76; SYM AUC  chanical

mod- 0.66 and

els EMG
data

Heckst- 2023 Sci- Germany  Or- Professional 88 246 100 Pre-  Forecast- GBoost, LR GBoost: CV Physical

eden et ence tho-  football dic-  ingnon- AUC0.61;Test  perfor-

al[41] and pae- tive & contact AUC 0.62; with- mance,
Medi- dics Esti-  time-loss out screening  clinical,
cinein ma-  injuries data AUC injury
Football tion 0.56; without history
mod- upsampling and
els AUC 0.48 daily
training,
recovery
and ex-
posure

data
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Hen- 2020 Fron-  USA Or- Student 122 19.6 59 Pre-  Predic-  RF Acc: 79% Biome-

riquez et tiers in tho-  athletes dic-  tion of chanical,

al.[42] Sports pae- tive & muscu- physical
& dics Esti-  loskeletal perfor-
Active ma- injury mance,
Living tion demo-
mod- graphic
els and
injury
history
data
Hopk- 2022 Euro-  Various Or- Rugby 246 NR NR Clas- Classifi-  RF Acc: 0919, Sen:  Video-
ingson pean  European  tho- sifica- cation of 0.995, Spec: derived
et al.[43] Journal pae- tion injurious 0.525 tackle
of dics & or no- charac-
Sport Pat-  injurious teristics
Science tern  tackles
rec-
ogni-
tion
Hsu et 2022 Journal Various Ne- Ultramara- 22 44 95 Pre-  Predic- SVM Sen: 90%, Spec  Baseline
al.[44] of phrol-  thon runners dic-  tion of 100% psycho-
Human ogy tive & acute logical,
Kinetics Esti-  kidney biochem-
ma-  injury ical, and
tion body
mod- compo-
els sition
data
Hu et 2025 Scien-  Croatia Radi-  Mixed 3064 NR NR Diag- Detec- CNN+mod- Acc: 96496%, MRI
al.[5] tific ology nos-  tion of ified Sen: 99.767%,
Reports tic& ACL political Spec: 98.557%
De-  injury optimizer
tec-
tion
mod-
els
Huang 2022 Fron-  China Or- Youth 16 16.6 0 Pre-  Predic-  Fusion Fusion model:  Longi-
etal.[45] tiers in tho- basketball dic-  tion of model, XG-  Prec: 0.9932, tudinal:
Physi- pae- tive & lower Boost, RF recall: 0.9976,  training
ology dics Esti-  extrem- F2:0.9967 load,
ma- ity non- (non-injured).  per-
tion  contact Prec:0.9317, ceived
mod- injury recall: 09167,  well-
els F2:0.9171 being,
(minimal LE psycho-
NQ). Prec: logical
0.9000, recall: respons-
0.9000, F2: es,
0.9000 (mild physical
LE NC) perfor-
mance
metrics,
and
injury

history
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Huang 2023 Fron-  China Or- Youth 17 15 0 Pre-  Predic-  Cost-sensi-  AUC: 0.8590, Physical

et al.[46] tiers in tho-  basketball dic-  tionof  tive NN Prec: 0.6360, fitness,

Physi- pae- tive & lower recall: 0.8700,  physi-
ology dics Esti-  limb F2:0.7980, ological
ma-  non- Brier: 0.1020 data:
tion  contact perfor-
mod- injury mance
els metrics,
bio-
chemi-
cal
markers,
physi-
ological
respons-
es, and
per-
ceived
exertion
Hwang 2025 Ortho- South Or- Athletes 11327 67 Pre-  Predic-  GBoost, GBoost: AUC:  Iso-
etal.[47] paedic  Korea tho- dic-  tion of SVM, LR, 0.844,F1:0.889 kinetic
Journal pae- tive & subjec- DT, RF (Successful muscle
of dics Esti-  tive recovery of strength
Sports ma-  function, PASS, IKCD). and y-
Medi- tion  symp- RF: AUC: 0.835, balance
cine mod- toms, F1:0.732 (PASS  test re-
els and ACL-RSI) sults and
psycho- patient
logical reported
readiness out-
comes

Hwang 2024 Digital South Or- Athletes 102 30 74 Pre-  Predic-  RF GBoost ~ RF:AUC:0.952  Physical

etal.[48] Health  Korea tho- dic-  tion of (single leg perfor-
pae- tive & return hop), and 0.949 mance
dics Esti-  to sport (Tegner activity data:

ma-  after ACL scale). GBoost:  balance,
tion  recon- AUC: 0.868 and iso-
mod-  struction (single leg kinetic
els vertical hop) muscle

strength

Jacobet 2022 Scien- Iceland Neu-  Elite athletes 54 384 0 Clas- Classifi-  RF, GBoost,  SVM: Acc: EEG,

al.[49] tific rology sifica- cation of AdaBoost,  95.5% EMG;

Reports tion  SRC SVM, MLP heart
& rate, and
Pat- center of
tern pressure
rec- and con-
ogni- cussion
tion assess-
ment
scale

(SCAT5)
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Table 1 (continued)

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Jauhi- 2022 Ameri- Various Or- Elite football 791 21 0 Pre-  Predic-  SVMlinear  Linear SVM: Pre-

ainen et can tho-  and handball dic-  tionof and with AUC: 0.63 season

al.[50] Journal pae- tive & ACL imbalance biome-
of dics Esti-  injury handling, chanical
Sports ma- RF, L2- and
Medi- tion regularized physical
cine mod- LR perfor-
els mance
data
Jauhi- 2020 Inter-  Finland Or- Youth bas- 314 16.0 45 Pre-  Predic- RF AUC: 0.63 Baseline
ainen et na- tho-  ketball and (male), dic-  tion of biome-
al[51] tional pae-  floorball 154 tive & injury chanical
Journal dics (fe- Esti-  risk and
of male) ma- physical
Sports tion perfor-
Medi- mod- mance
cine els dataand
anthro-
pomet-
rics
Jia et 2022 Com-  China Or- Gymnasts 126 153 0 Clas-  Identi- Fuzzy |dentified Image
al.[52] puta- tho- sifica- fication  pattern injury situa- data and
tional pae- tion  ofinjury recognition. tion through biome-
Intel- dics & through  NN. images chanical
ligence Pat-  images force
& tern analysis
Neuro- rec-
science ogni-
tion
Karbalaie 2026 Journal Sweden Or- Mixed: 107 252 36 Clas- Clas- CNN, LR CNN: Acc Biome-
etal[53] of tho-  Patients with (ACLR), sifica- sification 75.6%,F10.6,  chanical
Sports pae-  ACL-R 224 tion  of high MCC 0.52; data
Sci- dics (con- & versus 8.6% higher
ences trols) Pat-  low Acc compared
tern  fear of to LR
rec-  re-injury
ogni-
tion
Kolodziej 2023 Scandi- Germany  Or- Youth elite 56 17.2 100 Pre-  Predic-  LASSO. LASSO: AUC: Biome-
etal.[54] navian tho-  football dic-  tion of Leave-One- 0.63,5en:35%, chanical,
Journal pae- tive & lower Out Spec: 79% neuro-
of dics Esti-  extrem- muscu-
Medi- ma- ity injury larand
cine & tion  risk postural
Sci- mod- control
encein els data
Sports
Kunze et 2021 Journal USA Or- Athletes 1118 30 32 Pre-  Predic- ENPLR, ENPLR: AUC: Clinical,
al.[55] of tho- dic- tionof  stochastic  0.77,intercept: demo-
Bone pae- tive & func- GBoost, RF, 0.7, slope: 1.22, graphic
& Joint dics Esti-  tional AdaBoost, Brier: 0.14 and
Surgery ma-  Improve- NN, SVM radio-
tion  ment graphic
mod- registry
els data
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Kunzeet 2021 Ortho- USA Or- Mixed: 442 29 52 Pre-  Predic-  Stochastic  ENPLR: AUC: Clinical

al.[56] paedic tho-  Patients with dic- tionof  GBoost, RF,  0.82,intercept: and

Journal pae-  ACLR tive & clinically NN, SVYM, 0.10, slope: surgical
of dics Esti-  mean- AdaBoost, 1.15, Brier: registry
Sports ma-  ingful ENPLR 0.068 data
Medi- tion  improve-
cine mod- ment
els after ACL

recon-

struction

Lipps 2024 Journal France Or- Athletes 96 219 64 Diag- Identifi- DT, MLP, DT and MPL: Biome-

Lene et of tho- (male), nos- cation of XGBoost AUC: 0.94, Acc:  chanical

al.[57] Experi- pae- 21.1 tic&  par- 0.95,Prec:10, and

mental dics (fe- De-  ticipants Recall:0.88,F1:  psycho-
Ortho- male) tec-  with ear- 0.93 logical
pae- tion  lierknee data
dics mod- injury

els

Lopez- 2018 Medi- Spain Or- Professional 132 NR 100 Pre-  Predic-  C4.50T, ADTree: AUC:  Pre-

Valenci- cine & tho-  football and dic-  tionof  SimpleCart, 0.747, Sen: season

ano et Sci- pae-  handball tive & muscle  ADTree, 65.9%, Spec: demo-

al.[58] encein dics Esti-  injury RandomTree 79.1% graphic,
Sports ma- psycho-
& tion logical
Exercise mod- and neu-
els romus-
cular
data

Lovdalet 2021 Inter-  Nether- Or- High-level 74 NR 64 Pre-  Predic-  XGBoost AUC: 0.724 Longi-

al.[59] na- lands tho- middle- and dic-  tion of (day), and tudinal

tional pae-  long-distance tive & injury 0.678 (week) training
Journal dics  runners Esti- load

of ma- data
Sports tion (GPS
Physi- mod- and sub-
ol- els jective
ogy & training
Perfor- feed-
mance back)

Luet 2022 Ortho- USA Or- Elite 2103 26 100 Pre-  Predic-  XGBoost, RF, XGBoost AUC:  Longi-

al.[60] paedic tho-  basketball dic-  tion of NN, SVM, 0.840 tudinal

Journal pae- tive & lowerex- elastic net player
of dics Esti- tremity  penalized perfor-
Sports ma- muscle LR, general- mance
Medi- tion  strain/ ized LR and his-
cine mod- injury torical
els injury
data

Mar- 2020 Sensors Spain Or- Triathletes 19 14.6 53 Pre-  Predic-  RF AUC: 0.8, Sen:  Biome-

tinez- tho- dic-  tion of 0.6, Spec: 0.8, chanical,

Gramage pae- tive & running NPV 0.7, Mat-  neuro-

etal[61] dics Esti-  injury thews correla-  muscu-

ma- tion coefficient lar, and
tion 04 injury in-
mod- cidence
els data
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Maxin et 2024 Diag-  USA Neu-  Collegiate 93 20 100 Diag- Diag- RF, KNN, Post-SMOTE RF: Smart-

al.[62] nostics rology football nos- nosisof  SVM, LR Acc 91%, Sen  phone-

tics & acute (SMOTE) 98%, Spec 86%, based

De-  SRC AUC 091, F1 quan-

tec- 0.92 titative
tion pupil-

mod- lometry
els

McBee 2024 JMIR USA Vari-  NA NA NA NA Rea- LLMfor  ChatGPT-4  Reasonably Text-

etal.[63] medi- ous son- interdis- pointed to based

cal ing & ciplinary various ben- conver-
educa- sum-  panel efits such as sation
tion ma-  discus- 24/7 support,  data
riza-  sionon personal-
tion  sports ized advice,
assis- medicine automated
tance tracking, and
reminders
Murray 2024 Sports  USA Neu-  Student 409 20 56 Clas-  Clas- LR Single-task Biome-
et al.[64] & rology athletes sifica- sification tests were chanical
Health tion  par- slower in and be-
& ticipants patients with havioral
Pat-  with or SRC perfor-
tern  without mance
rec-  SRC data
ogni- includ-
tion ing
cogni-
tive task
re-
sponse
rates
Nechita 2025 Diag-  Romania Cardi- Youthathletes 312 7to17 NR Diag- Detec-  RF,CNN RF: Acc: Physi-
et al.[65] nostics ology nos- tion of 97.87%, Sen: ological
tic& cardio- 75%, Spec: ECG
De-  vascular 98.3%, Prec: data
tec- injury 98%
tion  risk
mod-
els
Nolteet 2025 Journal Germany  Or- Mixed: 549 222 67 Pre-  Predic-  RF AUC: 0.90 Iso-
al.[66] of tho- Patients with/ (male), dic-  tion of (male), AUC: kinetic
Sports pae-  without ACL 23.0 tive & par- 0.92 (female) strength
Sci- dics  injury (fe- Esti-  ticipants test data
ences male) ma-  being
tion  ACL-
mod- injured
els or not
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Nonnen- 2025 Bone  Germany  Or- Athletes with 235 319 17 Pre-  Predic- LR, Condi-  Early RTS as- Preop-

macher & Joint tho-  periacetabular dic-  tionof  tionalinfer- sociated with  erative

etal[67] Open pae-  osteotomy tive & early RTS ence tree surgical ap- demo-
dics Esti- at3and proach, sport  graphic

ma-  6months frequency, and

tion  after psychological  patient-

mod- surgery factors, and reported

els pain; delayed  ques-
RTS with male  tionnaire
sexand older  data
age.

Nose- 2025 Physi-  Japan Endo- Athletes 614 209 0 Pre-  Predic-  LASSO Development  Preop-

Ogura et cian crinol- (de- dic-  tion AUC 0.89; erative

al.[68] and ogy velop- tive & of low Validation AUC  ques-

Sports- ment), Esti-  bone 0.74; Sensitivity  tionnaire
medi- 196 ma-  mineral 0.83;NPV0.85 and
cine (valida- tion  density dual-
tion) mod- energy
els X-ray
absorp-
tiometry
data

Ohlsen 2025 Cureus USA Or- NA NA NA NA Rea- Agree-  ChatGPT-4o, ChatGPT:82%  Text-

etal.[69] tho- son- ment Gemini 2.5 agreement, based
pae- ing& of LLM Pro Gemini: 73% conver-
dics Sum- recom- agreement; sation

ma- menda- no significant  data
riza-  tions difference be-
tion  with tween models
assis-  clinical
tance guide-
mod- lines for
els ACL and
meniscal
injuries
Oliveret 2020 Journal England Or- Youth elite 355 143 100 Pre-  Predic- Multi- DT: AUC: 0.663, Pre-
al.[70] of Sci- tho-  football dic-  tion of variate LR, Sen: 55.6%, season
ence & pae- tive & non- supervised  Spec: 74.2% neuro-
Medi- dics Esti- contact  learning DT mus-
cinein ma-  lower cular
Sport tion  extrem- screen-
mod- ity injury ing data
els and an-
thropo-
metric
measures

Ozbeket 2025 Ar- Turkey / Or- NA NA NA NA Rea- Quality  ChatGPT4.0 20/25 rated "ex- Text-

al.[71] thros-  USA tho- Son-  assess- cellent’;5/25  based

copy pae- ing & ment “satisfactory” conver-

dics Sum- of LLM sation

ma-  respons- data
riza- estohip
tion  arthros-
assis-  copy
tance patient
mod- questions

els
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Pérez- 2025 Ap- Chile Or- Professional 41 223 56 Pre-  Predic- LR, DT, KNN, KNN: Acc 87%, Pre-

Contre- plied tho-  football dic- tionof  RF, GBoost, AUCO0.87;Gra- season

ras et Sci- pae- tive & non- NN dient Boosting:  biome-

al[72] ences- dics Esti-  contact Acc 84%, AUC  chanical
Basel ma-  muscle 0.90; Logistic and

tion injury Regression training
mod-  risk AUC 0.50 load
els data

Pitkaet 2023 Sensors Poland Or- Football 36 24 100 Pre-  Predic- XGBoost Prec: 92.4%, Train-

al[73] tho- dic-  tion of recall: 96.5%, ing and
pae- tive & football F1:94.4% match
dics Esti-  injury load

ma- data
tion

mod-

els

Quinnet 2024 Ar- USA Or- NA NA NA NA Rea- LLM ChatGPT-4, ChatGPT-4 and Text-

al.[74] thros- tho- son-  totest Gemini Gemini: Overall based

copy pae- ing & quality of good ability conver-
dics sum-  informa- to generate sation
ma-  tion with accurate and data
riza-  regard relevant
tion  to ACL responses
assis-  recon-
tance struction
Rossiet 2023 Sport ltaly Or- Elite football 18 24.7 100 Pre-  Predic- DT, GBoost, Accincreased — GPS-
al.[75] Scienc- tho- dic-  tionof  k-mean t063% (15%  derived
es for pae- tive & non- cluster improve- external
Health dics Esti-  contact ment) after work-
ma-  injury blood profile  load and
tion  risk was addedto  blood
mod- workload-only  bio-
els models marker
data
Richter 2023 Sports Norway Or- Elite football 822 21 0 Pre-  Predic- DT, RF, dis-  Cluster of Biome-
etal[76] Biome- tho-  and handball dic-  tion of criminant models: Aver-  chanical
chan- pae- tive & par- analysis, NB, age AUC0.62, data
ics dics Esti-  ticipants KNN,SVM,  Sen:0.59, Spec:
ma-  with LR, NN 0.58
tion  previ-
mod- ous-/
els future-/
no ACL
injury

Robin- 2022 Ameri- USA Neu-  Athletes 273 21 52 Pre-  Predic- DT Acc: 0.7636, Symp-

son et can rology dic-  tion of Sen: 0.6429, tom

al[77] Journal tive & pro- Spec: 0.8889, evalua-
of Esti-  longed PPV:0.8571, tion data
Physi- ma-  recovery NPV: 0.7059 (SCAT5)
cal tion  after SRC
Medi- mod-
cine & els
Reha-
bilita-

tion
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Rom- 2020 Medi-  Belgium Or- Youth elite 734 11.7 100 Pre-  Predic- XGBoost Acc: 85%, Prec:  Pre-

mers et cine & tho-  football dic-  tionof 85%, recall: season

al.[78] Sci- pae- tive & muscu- 85% anthro-
encein dics Esti-  loskeletal po-
Sports ma-  injury metric,
& tion motor
Exercise mod- coordi-
els nation
and
physical
perfor-
mance
data
Ruddy et 2018 Medi- Australia  Or- Australian 362 232 10 Pre-  Predic-  NB,LR,RF,  Medianofall5 Pre-
al.[79] cine & tho-  football (2103 dic-  tion of SVM, NN models: AUC:  season
Sci- pae- sea- tive & ham- 0.58 (2013 sea- demo-
ence in dics son), Esti-  string son), 0.57 (2015 graphic,
Sports 25.0 ma-  injury season) injury
& (2015 tion history
Exercise season) mod- and
els strength
test data

Ruiz- 2021 Fron-  Spain Or- Elite Futsal 139 225 52 Pre-  Predic- ~ C45, Alter-  Various mod-  Pre-

Pérez et tiers in tho- dic-  tion nating DT,  els: AUC:0.701  season

al.[80] Psy- pae- tive & of soft SVMwith 10 0.767 psycho-

chol- dics Esti-  tissue SMO, KNN, logical

ogy ma- injury Instance- and
tion Based neuro-
mod- Learning muscu-
els lar data

Saghafi 2018 Pro- USA Neu-  Youth and 122 9to 18 N/A Clas- Clas- CNN AUC: 85.71%, Neuro-

etal[81] ceed- rology high-school sifica- sification F1:8333% imaging

ings of football tion  of white and

SPIE & matter biome-
Pat-  changes chanical
tern  after data
rec-  head

ogni- impact
tion  exposure

Saglam 2025 BMC Turkey Or- NA NA NA NA Rea- Com- GPT-4, GPT-4 signifi- ~ Text-
etal[82] Medi- tho- son- parison  GPT-3.5 cantly outper-  based
cal pae- ing& of GPT’s formed GPT-3.5 conver-
Infor- dics Sum- in clinical (p<0.001; Co-  sation
matics ma-  decision- hensd=142); data
& Deci- riza-  making higher
sion tion treatment and
Making assis- rehabilitation
tance suitability
mod- (p<0.001)

els
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Schulcet 2024 Ortho- USA Or- Professional 129 NR NR Diag- Identi- Recurrent AUC: 0.88,F1:  Video-

al.[83] paedic tho-  athletes with nos- fication NN 0.63 derived

Journal pae-  ACLinjury tic& of ACL biome-
of dics De-  injury chanical
Sports tec-  through data
Medi- tion  video
cine mod- analysis
els
Shibata 2019 Journal Japan Or- Patients with 386 237 53 Pre-  Predic- DT, Step- Preoperative Preop-
etal[84] of tho-  ACL-R dic-  tion of wise mul- QSl, age, and erative
Ortho- pae- tive & quad- tiple linear  pre-injury isokinet-
paedic dics Esti-  riceps regression  Tegner score ic quad-
Science ma-  strength predicted riceps
tion  recovery 6-month QSI;  strength,
mod- 6months decision tree demo-
els after correctly clas-  graphic,
ACL-R sified 46.8% of  clinical
cases and in-
traop-
erative
finding
data
Songet 2022 Wire-  China Or- Track and field 12 19.5 N/A Pre-  Evalua-  Probabilistic Al+virtual Physi-
al.[85] less tho- dic-  tionof  NN,SVM reality group ological
Com- pae- tive & reha- achieved >96% blood
muni- dics Esti-  bilitation physical func-  mea-
cations ma-  effective- tion recovery;  sures,
& tion  ness overall reha- func-
Mobile mod- using bilitation score  tional,
Com- els Al and 93.79vs 8238  strength
puting virtual (control) and
reality- speed
assisted assess-
training ment
data
Sparkset 2024 JB&JS USA Or- NA NA NA NA Rea- LLMto  ChatGPT-3.5 Moderately ac- Text-
al.[86] Open tho- son-  inves- curate outputs  based
Access pae- ing & tigate ac- for general conver-
dics sum-  curacy of inquiries. Lack  sation
ma-  patient inthe quantity data
riza-  educa- of information
tion  tion with for risk factors
assis- regard to and treatment
tance ortho- options.
paedic
condi-

tions
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Stirling 2025 Journal Canada Radi- Patientswith 100 336 32 Clas-  Auto- CNN Bone marrow  MRIand

etal.[87] of ology ACLinjury sifica- mated lesions present  patient-

Ortho- tion  quanti- in 95%; 96.1%  reported
paedic & fication volume reduc-  ques-
Re- Pat-  of bone tion at 1year tionnaire
search tern  marrow (p<0.001); data
rec-  lesion baseline
ogni- volume BML volume
tion and modestly as-
associa- sociated with
tion with symptoms
pain out-
comes

Tamez- 2021 Fron-  Unknown Neu-  Student 122188 53 Clas-  Classifi-  SVM Sen: 0.80, Spec:  Neuro-

Pefa et tiers in rology athletes sifica- cation of 0.74 imaging

al.[88] Neurol- tion  SRC radiomic

ogy & data
Pat-
tern
rec-
ogni-
tion

Tedesco 2020 Sensors lreland Or- Non-elite 12 26 100 Diag- Identi-  KNN, MLP: Acc: Inertial

et al.[89] tho- rugby nos- fication  NB, SVM, 73.07; GBoost:  sensor
pae- tic& of gait GBoost, Sen: 81.8% data
dics De-  patterns  MLP,

tec- inpar- stacking

tion  ticipants
mod-  with or
els without

ACL
injury
Thanja- 2021 Fron-  Canada Neu-  Adolescent 58 134 100 Clas- Classifi-  ConcNet2  Acc: 94%, AUC: EEG data
vur et tiersin rology athletes (in- sifica- cationof and 3 0.971
al.[90] Human jured), tion  SRC
Neuro- 14.7 &
science (unin- Pat-
jured) tern
rec-
ogni-
tion
Tsil- 2024 Journal Greece Or- Professional 25 N/A 100 Pre-  Predic- SVM Acc:0.78,Sen:  Physi-
imigkras of tho-  football dic-  tion of 0.73, Spec: 0.85 ological
etal[91] Sports pae- tive & muscle and me-
Sci- dics Esti-  injury chanical
ence & ma-  risk work-
Medi- tion load
cine mod- data

els




Lindskog et al. BMC Medical Informatics and Decision Making

Table 1 (continued)

(2026) 26:212

Page 22 of 35

Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Usamiet 2024 Knee Japan Or- Mixed: 386 25.1 49 Diag- Detec- NN AUC: 0.81 (graft Clinical,

al.[92] Sur- tho-  Patients with nos-  tion of rupture), 0.74  demo-

gery, pae-  ACLR tic& graft (contralateral  graphic,
Sports dics De-  rupture ACL injury) and
Trau- tec-  and con- surgical
matol- tion  tralat- medical
ogy, mod- eral ACL record
Arthros- els injury data
copy

Vallance 2020 Ap- France Or- Elite football 40 294 100 Pre-  Predic- KNN, DT, RF,  1-month GPS-

et al.[93] plied tho- dic-  tionof  XGBoost, prediction: derived

Sci- pae- tive & non- SVM, MLP, XGBoost AUC  external
ences- dics Esti-  contact Lineardis-  0.97; 1-week load,
Basel ma-  injury criminant  prediction: rating of
tion  risk analysis, questionnaires  per-
mod- LR, Ridge outperformed  ceived
els regression,  GPS data; exertion
NB internal load and
strongest well-
short-term being
predictor ques-
tionnaire
data
Valleet 2022 Sports Spain Or- Elite football 76 242 100 Pre-  Predic-  Linear re- XGBoost (days  Clinical
al.[94] Medi- tho- dic-  tion of gression, RF, to recovery): and MRI
cine pae- tive & recovery XGBoost Mean absolute data
dics Esti- error: 9.78884,
ma- Root mean
tion squared error:
mod- 12.1450,
els R-squared:
0.4847

Villarreal- 2024 Knee  USA Or- NA NA NA NA Rea- LLMfor  ChatGPT-4  5/10responses Text-

Espinosa tho- son-  patient completely based

etal[95] pae- ing & educa- accurate (by conver-
dics sum-  tion with two review- sation

ma-  regard ers),and 3/10  data
riza-  to ACL completely
tion  surgery accurate (by
assis- at least one
tance reviewer).
Inter-rater reli-
ability: weight-
ed kappa:

0.57.80% of
responses were
reproducible
over time
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Wanget 2026 Scien- Various Or- Professional 312 247 100 Pre-  Predic- RF, SVM, Ensemble AUC  Iso-

al.[9e] tific tho-  football dic-  tionof  GBoost, 0.759 kinetic

Reports pae- tive & non- DNN, strength,
dics Esti-  contact  Ensemble training
ma-  lower ex- model load, in-
tion  tremity jury his-
mod- injuries tory and
els biome-
chanical
data
Weng et 2025 Journal Taiwan Or- Various level 98 180 100 Pre-  Predic-  GIRD, LR, RF, CatBoost: AUC:  Clinical
al.[97] of tho- baseball (in- dic-  tion of CatBoost, 0.66, Acc:0.70  and
Sports pae- jured), tive & upper SVM muscu-
Sci- dics 17.5 Esti-  extrem- loskel-
ences (unin- ma- ity injury etal data
jured) tion
mod-
els
Yateset 2025 BMJ England Neu-  Contact sport 375 242 78 Pre-  Predic- RF Acc: 94.6%, Clinical
al.[98] Open rology athletes dic-  tion Sen: 100%, and MRI
Sport & tive & of SRC Spec: 93.8%, data
Exer- Esti-  recovery PPV:71.4%,
cise ma- NPV: 96.3%
Medi- tion
cine mod-
els
Ye et 2023 Fron- Nether- Or- Elite runners 64 N/A 65 Pre-  Predic- GASF- AUC 0.985, Longi-
al.[99] tiersin  lands tho- dic-  tion of DCAE-DNN  Gmean:0.930, tudinal
Physi- pae- tive & running Sen: 0.997, training
ology dics Esti-  injury Spec: 0.868. load,
ma- Test: AUC: and
tion 0.891, Gmean:  physi-
mod- 0.830, Sen: ological
els 0.816, Spec: perfor-
0.845 mance
data

Yiceet 2024 Cureus Turkey Or- NA NA NA NA Rea- LLMfor  ChatGPT-4  DISCERN: 44.75 Text-

al.[100] tho- son-  patient points. Sports  based
pae- ing & educa- surgery-specif-  conver-
dics sum- tion with ic scoring: 133 sation

ma-  regard points data
riza-  tosports

tion  surgery

assis-

tance
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings  Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Zhanet 2025 Ar- China Or- Mixed: 218 NR NR Pre-  Predic- RF, LR, SVM, Various mod-  Clinical,

al[101] thros- tho-  Patients with dic-  tionof DT, imple-  els: AUC: 0.760 demo-

copy pae-  MPFL-R tive & clinical  mented t00.969,and  graphic
dics Esti-  out- MLP, KNN Acc: 768%to  and
ma-  comesin 95.2% (Subjec-  radio-
tion  patients tive outcomes); graphic
mod- with AUC: 0.952, data
els medial and Acc.
patello- 95.2% (Return
femoral to pre-injury
ligament sport); AUC:
recon- 0.756, and Acc:
struction 75.4% (Return
to pivoting

sports); AUC:
0.943, and Acc:
94.9 (Recurrent

instability)
Zhanet 2023 Journal USA Neu-  Mixed: Lab, 3262 NR NR Clas- Clas- RF Acc: 96% Biome-
al.[102] of rology MMA, Ameri- sifica- sification chanical
Sport & can football, tion  of head data
Health automobile, & impact from
Science NASCAR Pat-  subtypes head
tern impact
rec- record-
ogni- ings
tion
Zhanget 2022 Con-  China Radi-  Mixed: 920 39 60 Diag- Image iDose4 Improved Clinical
al.[103] trast ology Patients with nos- optimi-  Iterative image quality ~ CT data
Media ACL injury tic&  zation Recon-
& Mo- De-  toassess struction
lecular tec-  ACL Algorithm.
Imag- tion integrity
ing mod-

els
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Author  Year Journal Country Medi- Field of Sam- Age, Sex, Al Al Model(s) Key findings Data
cal population  ple mean males ap- outcome used
field size, years % pli-

n or ca-
range tion

Zhuet 2026 BMC China Or- Patients with 30 319 73 Clas- Identifi-  LASSO AUC range Urinary

al.[104] Sports tho-  ACL-R (RTS (RTS sifica- cation of 0.827-0.876 pro-

Sci- pae- group), group), tion  urinary teomic,
ence, dics 369 60 (no & pro- iso-
Medi- (no- RTS Pat-  teomic kinetic
cine RTS group) tern  biomark- strength,
and group) rec-  ersas- hop test,
Reha- ogni- sociated thigh
bilita- tion  with RTS circum-
tion ference
and
patient-
reported
ques-
tionnaire
data
Zhuet 2026 Journal China Or- Patients with 79 309 89 Pre-  Evaluate Intelligent  Trial group Non-
al.[105] of tho-  ACL-R dic-  effective- Functional  showed signifi- wear-
Clinical pae- tive& nessofa Movement cantly greater  able
Medi- dics Esti-  reha- and Physi-  improvements three-
cine ma-  bilitation cal Fitness  in patient- dimen-
tion  protocol Assessment reported sional
mod- incorpo- System (ZD- outcomes motion
els ratingan 2005-JG) andrangeof  capture,
Al-based motion and clinical
assess- rehabilitation  and
ment adherence patient-
and cor- reported
rection ques-
system tionnaire
on func- data
tional
recovery

ACL-RSI=Anterior cruciate ligament-return to sport after injury, Acc=Accuracy, AdaBoost=Adaptive boosting, Al=Artificial intelligence, AUC=Area under the
receiver operating curve, CART =Regression tree analysis, CatBoost=Categorical boosting, CNN =convolutional neural networks, DT =Decision tree, CT=Computer
tomography, ECG=electrocardiogram, EEG=electrocochleography, EMO=Electromyography, ENPLR=Elastic-net penalized logistic regression, F1=F1-Score,
F2=F2-Score, GASF-DCAE-DNN=Gramian Angular Summation Field-Deep Convolutional Auto-Encoder-Deep Neural Network, GBoost=Gradient boosting,
GPS=Global positioning system, GPT=Generative pre-trained transformer, IKCD=International Knee Documentation Committee, KNN=K-nearest neighbor,
LASSO=Least Absolute Shrinkage and Selection Operator, LE=Lower extremity, LR=Logistic regression, MLP =Multilayer perceptron, MRI=Magnetic resonance
imaging, NA=Notapplicable, NB=Naive Bayes, NN =Neural networks, NPV =Negative predictive value, NR=Not reported, OR=0dds ratio, PASS =Patient acceptable
symptom state, PPV =Positive predictive value, Prec=Precision, RF=Random forest, RTS=Return to sport, Sen = Sensitivity, Spec =Specificity, SRC=Sports-related

concussion, SVM=Support Vector Machine, Youden =Youden index

Netherlands (n =3, 3.1%, respectively), Italy, South Korea,
England, United Kingdom, and Iran (n=2, 2.1%, respec-
tively), and Australia, Ireland, Norway, Poland, Finland,
Iceland, Croatia, Sweden, Romania, Belgium, Portugal,
Taiwan, and Greece each had one (1.0%) contribution,
while six (6.2%) studies were conducted across multiple
countries, and one (1.0%) study had unknown origin.

Fields of population

The most common specific fields of population were
football (n=26), followed by basketball (n=6), rugby
(n=4), handball (n=4), and runner-related popula-
tions (n=4). Studies which included mixed athlete

populations (n=22) and a combination of athletes and
non-athletes (n=10) were also common. The distribu-
tion of study population across sport categories and
levels of participation is presented in Fig. 3. Data envi-
ronments differed by sport: football and running stud-
ies predominantly analyzed global positioning system
(GPS)-based workload and accelerometry, whereas bas-
ketball, handball, and volleyball more often used labora-
tory biomechanical tests, balance/fatigue assessments,
or physical performance analysis. Rugby studies included
video-derived tackle characteristics. Sample sizes ranged
from small elite squads (n=10) to large youth/registry
cohorts (n=24,561), with prospective designs typical for
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Fig. 2 Annual distribution of published studies. For year 2026, only publications up until 5 of February were included

load-monitoring studies and cross-sectional designs were
common for imaging/electroencephalogram (EEG) tasks.
Across sports, participant sex distribution varied across
studies, and no studies specifically included para-sport
populations. While many studies integrated multidimen-
sional inputs that combined load, wellness/psychological,
and clinical variables, relatively few integrated truly mul-
timodal data that combined different modalities such as
imaging, senosor-based signals, or video [15, 26, 40, 44,
49, 68, 75, 85, 87, 101, 104, 105].

Al models

The five most included models used overall were ran-
dom forest (RF) (n=29), support vector machine (SVM)
(n=27), decision tree (DT) (n=20), neural network (NN)
(n=15), and XGBoost (n=12) (Table 2). Among the three
most common population groups, RF models were most
frequently used in studies which involved general athlete
populations (9/20, 45.0%) and mixed populations (4/7,
57.1%). In studies focused on football, SVM and XGBoost
models were the most commonly used, each applied in 10
out of 25 studies (40.0%). Beyond these core algorithms,
categorical boosting (CatBoost), adaptive boosting (Ada-
Boost), Light gradient boosting machine, and elastic-net
penalized regression were frequent ensemble or regular-
ized variations, and 14 studies explored newer architec-
tures such as deep-learning models (TabNet, ConcNet,
CNNss, feedforward NN, recurrent NNs [RNNs], Faster
region-based CNN [Faster R-CNN]) for imaging or
signal-based classification. Model selection generally
reflected data type: tree-based ensembles and SVMs
dominated structured tabular datasets (e.g., sensor, GPS,
clinical, or performance data), while CNNs and RNNs

were used for imaging and video, and task-specific net-
works such as ConcNet for EEG. Unsupervised clustering
(umap, k-means, subgroup discovery) appeared occasion-
ally for identifying biomechanical or risk profiles. In total,
42 studies incorporated explainable AI methods (feature
importance or Shapley additive explanation values). Ten
studies investigated LLMs (ChatGPT, Gemini, Bard,
DeepSeek) for patient education rather than prediction.
Across studies, reported model performance was gen-
erally favorable, with accuracy ranging between 63 and
100%, area under the receiver operating characteristics
curve (AUC) between 0.57-0.985, sensitivity between 35
and 100%, precision between 63.6%-100%, and F1-score
between 0.6-0.944 depending on study design and out-
come definition; in studies that compared approaches,
ML models generally demonstrated higher discrimina-
tive performance than traditional regression methods
[40, 53, 70, 72]. However, the model performance metrics
were predominantly derived from internal cross-valida-
tion (n=68), or no validation (n=15) procedures, while
external/temporal validation and reporting of calibration
metrics were rare (n=4), which underscores that while
Al model performance was often strong, methodological
maturity and reproducibility remain limited across sports
medicine applications.

Studies in orthopaedics

Within orthopaedics (n=68), Al was applied to three
main areas: injury prediction, diagnostic imaging/video
analysis, and outcome estimation after ligament recon-
struction (Table 1). Common inputs included isokinetic
knee strength, hop and balance tests, jump biomechan-

ics, GPS-derived loads, clinical/radiographic fields,
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Fig. 3 Distribution of study populations across included studies. The inner ring represents sport, and the outer ring level of participation. n=number

and MRI/computer tomography (CT) or match-video
frames. Most studies (43/68, 63,2%) implemented predic-
tive/estimation models, which typically used preseason
screening (neuromuscular tests and anthropometrics),
training-load/GPS and wellness logs, or clinical/surgi-
cal registry data to forecast ACL injury/reinjury, muscle
strain, or RTS and functional recovery. Discrimination
was generally poor to excellent (AUC 0.61-0.97, accuracy
65-98%), with tree-based ensembles (RF, XGBoost, gra-
dient boosting) frequently achieved AUC=>0.80 [7, 40, 43,
47, 60, 61, 78] and, in a few ACL-specific outcome mod-
els, approached 0.90-0.95 [48, 66]. Diagnostic/detection
studies (9%) focused on imaging and video, for example,
CNN or RNN models to identify ACL injury from online
match footage or to distinguish lumbar spondylolysis
from non-specific low-back pain, reported accuracies of
73-96%. Beyond imaging, several works modeled post-
operative trajectories (e.g., graft rupture risk, subjective
function, and psychological readiness), drawing on iso-
kinetic strength, hop tests, y-balance tests and patient

reported outcomes. A small subset evaluated LLMs for
orthopaedic patient education (e.g., ACL reconstruc-
tion and sports surgery information quality), which
represented methodological exploration rather than
prediction. Taken together, the orthopaedic literature
reports strong within-sample performance on structured,
tabular data and promising results for image/video-based
detection, however, external/temporal validation and
diverse cohorts (including female athletes) remain lim-
ited, which constrained generalizability.

Studies in neurology

In neurology-focused research (n=18), nearly all stud-
ies (17/18, 94.4%) examined SRC, that used models to
predict recovery time or classify concussion presence/
severity (Table 1). Inputs were predominantly clinical
and neurocognitive assessments (e.g., sport concussion
assessment tool 3/5, vestibular ocular motor screening,
symptom inventories, prior SRC, and time-to-clinic), sen-
sor-based biomechanics (head-impact kinematics, and
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Prediction and
estimation,
n=>56

AI-/ML model used

Classification and
pattern recognition,

Diagnosis and
detection,
n=11

Reasoning and
summarization,

n=20 n=10

RF

SVM
CatBoost
XGBoost
GBoost
DT
CART
NB

KNN
MLP

NN
AdaBoost
LR

CNN
LASSO
K-mean cluster
ChatGPT
Bard
Gemini
DeepSeek
Undefined GPT
Other

15%

9%

* = Within each task category, proportions were calculated as the number of studies using a specific model divided by the

total number of studies in that category

AdaBoost = Adaptive boosting, CART = Regression tree analysis, CatBoost = Categorical boosting, CNN = convolutional
neural networks, DT = Decision tree, GBoost = Gradient boosting, GPT = Generative pre-trained transformer, KNN = K-
nearest neighbour, LASSO = Least Absolute Shrinkage and Selection Operator, LR = Logistic regression, MLP = Multilayer
perceptron, NB = Naive Bayes, NN = Neural networks, RF = Random forest, SVM = Support Vector Machine

dual-task gait/behavioral performance), and physiologi-
cal signals including EEG (resting-state and task-based)
and radiomics from MRI/diffusion tensor imaging, where
several studies combined these into multimodal feature
sets [15, 26, 32, 49, 81, 98]. Reported performance was
moderate to excellent, with AUC 0.70-0.96 and accuracy
75-96%. For recovery-time prediction, decision-tree and
boosting approaches achieved AUC ~0.80 and sensitiv-
ity >0.90 for early-recovery classification in pediatric and
youth cohorts [6, 22]. For SRC classification, SVM/RF/
boosting models commonly reached AUC>0.80 [32, 49,
62], while deep-learning on EEG (e.g., ConcNet) reported
the highest accuracy (94%) and AUC (0.971) [90]. Over-
all, neurology applications show strong within-sample
discrimination across both predictive and classification
use-cases and growing interest in multimodal modeling.

However, external/temporal validation, standardized fea-
ture sets, and explainability remain limited, which con-
strained generalizability beyond single-site cohorts.

Model validation and translational stage

Across all included studies, the majority relied on ret-
rospective datasets or observational prospective and
internal validation procedures, most commonly cross-
validation or train-test splits. Only four studies employed
external datasets to assess generalizability, and report-
ing of calibration metrics was uncommon [15, 68, 76,
96]. Prospective implementation within preventive or
decision-making workflows was rare, with only one study
attempting a feedback-based interventional approach
[23]. Two studies evaluated Al-integrated rehabilita-
tion systems within structured training programs, which



Lindskog et al. BMC Medical Informatics and Decision Making

included one randomized controlled trial in postopera-
tive ACL rehabilitation [105] and one application which
combined Al and virtual reality for athlete rehabilitation
training [85].

Discussion

This scoping review provides a synthesis of Al applica-
tions across sports medicine, and demonstrates that,
although methodological development has accelerated
in recent years, most studies remain in an early devel-
opmental stage. Artificial intelligence has been widely
applied for injury prediction, diagnostic imaging, and
recovery estimation across diverse athletic and clinical
populations, mostly within orthopaedics and neurology.
Despite frequently high reported performance metrics,
the literature is characterized by substantial heterogene-
ity in model selection, data modalities, outcome defini-
tions, and validation procedures. Most studies relied on
retrospective or observational prospective datasets and
internal validation methods, whereas external or tem-
poral validation and prospective prevention or interven-
tion frameworks were rare. Consequently, the current
evidence base does not yet support routine clinical inte-
gration of Al-driven decision tools in sports medicine.
In practice, AI models should currently be interpreted
as adjunct tools to support, rather than replace, clinician
judgement in injury risk assessment, diagnosis, and reha-
bilitation planning.

Although many models demonstrated strong dis-
criminative performance, which often achieved AUC
values >0.80, these findings must be interpreted in the
context of important methodological limitations. High
within-sample accuracy suggests that Al can effectively
identify patterns associated with injury risk, recovery
trajectories, or RTS potential. However, the vast majority
of studies performed validation within the same dataset,
typically through internal cross-validation or train-test
splits. Only four studies employed external datasets to
assess generalizability [15, 68, 76, 96]. This represents
a critical methodological limitation, as internal valida-
tion tends to overestimate model performance and fails
to account for differences in population characteristics,
data collection methods, or sporting environments [106].
In addition, the prediction timeframes across included
studies varied, with short-term models typically based
on repeated within-subject measurements (e.g., training
load or wellness data) and longer-term models relying
on baseline variables, which introduces heterogeneity in
model design and clinical applicability. Without robust
external or temporal validation, the true predictive value
and clinical reliability of these models remain uncer-
tain. Accordingly, the literature reflects predominantly
early-stage model development, with limited progression
toward external validation, prospective integration, or
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demonstrated impact on clinical decision-making. Future
studies should prioritize multi-center external valida-
tion across teams, seasons, and demographic groups, to
evaluate whether reported performance translates into
meaningful clinical utility. Clinically, the uncertainty of
findings limits the use of AI models for individual-level
decision-making, such as identification of athletes at
high risk of reinjury or determination of readiness for
RTS, where reliable generalization across populations is
important.

While Al-driven prediction models have been reported
with strong retrospective accuracy, only Dandriex et al.
[23] attempted to integrate predictions into a prospec-
tive, feedback-based prevention strategy, in which daily
individualized feedback was provided to track-and-field
athletes based on self-reported wellness data. However,
adherence was low (average daily response rate of 37%),
and no significant association with injury burden was
observed, although a modest protective effect was sug-
gested among participants with at least 9% response
rate [23]. In addition to predictive frameworks, a small
number of studies have integrated Al directly into struc-
tured rehabilitation programs. For example, one random-
ized controlled trial evaluated an Al-based assessment
and correction system after ACL reconstruction [105],
which demonstrated improvements in functional out-
comes and rehabilitation adherence, while another study
applied Al and virtual reality technology within ath-
lete rehabilitation training [85]. These findings illustrate
both the potential and the current limitations of Al-sup-
ported frameworks, namely, information alone does not
yield benefit unless it is coupled with consistent athlete
engagement, integration into clinical or training work-
flows, and actionable feedback mechanisms capable of
influencing real-word decision-making, such as modifi-
cation of training load, or informing RTS clearance.

Sports injuries are inherently multifactorial, which
arise from complex interactions between training load,
biomechanics, physical fitness, psychological status, and
contextual factors such as playing surface and competi-
tion demands [107, 108]. Consequently, models that rely
solely on single wellness or workload metrics are unlikely
to capture the full spectrum of injury risk. This highlights
the need for multimodal data integration that combines
these factors to better reflect the complexity of athletic
performance and health [109]. Recent work demonstrates
that combination of factors such as genetics, biomechan-
ics, nutrition, and training load can improve injury pre-
diction, although the approach was represented within a
single tabular data modality rather than true multimodal
frameworks [110]. In the context of sports medicine,
models intended to inform RTS decisions or reinjury risk
estimation must also be interpretable, to allow stakehold-
ers to understand which variables drive predictions and
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how they align with established clinical reasoning [109],
particularly in clinical settings where practitioners must
justify decisions related to rehabilitation progression or
RTS clearance based on transparent and clinically inter-
pretable information.

The growing use of high-performing yet opaque black-
box models, such as DNNs, poses a barrier to practical
implementation, as limited explainability can erode user
confidence and hinder clinical decision-making [111].
Accordingly, development of Al frameworks that bal-
ance predictive strength with transparency will be crucial
to support actionable and trustworthy decision support.
Future research should extend beyond prediction to
design and evaluate controlled, prospective, decision-
driven systems that integrate real-time recommendations
and test whether Al-supported interventions can mean-
ingfully reduce injury incidence or improve recovery out-
comes [112].

Overall, studies that evaluate the capabilities of LLMs
in sports medicine suggest that these tools can generate
generally accurate and informative responses, particu-
larly for patient education. However, two key concerns
were identified. Firstly, Sparks et al. [86] reported that
LLM outputs often lacked sufficient detail with regard
to risk factors and treatment options. Secondly, Villar-
real-Espinosa et al. [95] found that two of ten responses
about ACL surgery did not reach a very accurate rating,
and that 80% responses were reproducible over time. In
addition, LLMs are inherently susceptible to hallucina-
tions, distribution shifts between training data and real-
world use, and potential instability of output, all of which
may further undermine their reliability in clinical athletic
contexts [113-115]. These findings highlight the poten-
tial risk that patients may receive incomplete, inaccurate,
or inconsistent information. Taken together, LLMs have
serve as accessible adjunct educational tools, but current
evidence does not support unsupervised clinical deploy-
ment. At present, their use should remain supervised by
clinicians, particularly when addressing diagnosis, surgi-
cal decision-making, or RTS guidance. Future research
should focus on benchmarking LLM performance against
verified clinical standards and explore how these tools
can be safely embedded into patient communication and
rehabilitation pathways without compromising informa-
tion accuracy. Future work should explore fine-tuning
and retrieval-augmented generation to incorporate
domain-specific knowledge and possibly improve clinical
utility and reliability.

Image and diagnostic Al applications showed prom-
ise in accuracy for identification of ligament injuries,
bone fractures, and concussion-related imaging patterns.
These approaches leverage automated feature extraction
from radiological or video data, which reduces reliance
on manual interpretation [116]. However, most studies
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were limited by small sample size, and lack of external
or multi-center validation, thus restricting clinical appli-
cability [117]. Furthermore, image-based models often
function as black boxes, with limited explainability of
which image features drive decisions, which underscores
the need for interpretable visualization methods to sup-
port clinical implementation. In practice, Al applications
may assist clinicians in improving diagnostic accuracy
and reducing inter-observer variability, although cur-
rent limitations restrict independent use in clinical
decision-making.

Across studies in which ML models were used along-
side traditional regression approaches [40, 53, 70, 72],
ML algorithms demonstrated higher discriminative per-
formance. However, these studies were limited to within-
sample or internally validated analyses, and formal
benchmarking with strict comparisons between methods
was rare. Consequently, although ML models may offer
incremental gains in discrimination, it remains unclear
whether these improvements translate into superior cali-
bration, generalizability, or meaningful enhancement of
clinical decision-making. Future research should there-
fore include structured comparative evaluations that
assess not only discrimination but also calibration, inter-
pretability, and net clinical benefit to determine whether
increased algorithmic complexity provides practical
advantages over established biostatistical methods.

Across studies, substantial model heterogeneity was
observed, with each investigation employing diverse
algorithms, feature sets, and outcome definitions. This
diversity underscores the exploratory nature and limits
consensus on optimal model families or architectures for
specific sports or data types [118]. In parallel, the gener-
alizability of existing models remains uncertain, as most
datasets were small, and single-site, with minimal or no
inclusion of youth, or para-sport athletes and limited rep-
resentation outside Europe and North American leagues
[106]. These sampling biases restrict the broader appli-
cability of reported findings. Furthermore, the validity of
any Al model ultimately depends on the quality of data
input [119]. Inconsistent data collection methods, and
missing contextual variables can all undermine predictive
accuracy, regardless of algorithmic sophistication [119].
Collectively, this methodological variability reinforces
that the field remains in developmental phase, in which
foundational issues of data standardization, and report-
ing transparency must be addressed before reliable large-
scale implementation can be achieved. Addressing these
foundational issues through standardized data handling,
and transparent reporting will be important to build
robust, and trustworthy Al systems in sports medicine.

This review indicates that most current applications of
Al and ML in sports medicine remain in an early devel-
opmental exploratory stage and should be interpreted
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cautiously in clinical settings. Consequently, these mod-
els should not yet be relied upon to independently guide
clinical decision-making, diagnosis, prognosis, or RTS
recommendations. Instead, the current role of AI and
ML models lies in supporting clinicians by synthesizing
complex data patterns that may not be readily identifi-
able through traditional assessment alone. At present,
many models rely on retrospective or prospective obser-
vational datasets, lack external validation, and have not
undergone evaluation in real-world clinical workflows,
which limits their immediate clinical reliability and gen-
eralizability. Furthermore, the majority of the included
studies focused on orthopaedics or neurology, therefore,
the findings observed in these areas may not be directly
applicable to other domains within sports medicine.
The main contribution of this review was to provide cli-
nicians and researchers with a clearer understanding of
the current maturity and limitations of Al and ML tech-
nologies within the field. By synthesizing the available
evidence, this work aims to support more informed, criti-
cal appraisal of algorithm-generated outputs and to help
clinicians recognize when such tools may complement
rather than replace clinical reasoning. Furthermore, the
review outlines priority areas in which rigorous model
validation, prospective study designs, bias assessment,
and implementation research are important. Addressing
these gaps will be crucial to ensure that future AI- and
ML-based tools can transition safely and effectively from
experimental settings to practical, patient-centered clini-
cal application.

This study has several limitations. The included stud-
ies varied widely in sport, level of play, sample size, data
modality, outcomes, and performance metrics which did
not allow for a quantitative synthesis and limits com-
parison across models. Therefore, it was determined
to synthesize narratively to emphasize patterns rather
than pool effects. In addition, due to the heterogeneity
of included studies, no risk of bias or quality assessment
was performed. Moreover, the predominance of internal
validation limits the generalizability of findings. Thus,
results must be interpreted cautiously. Furthermore,
publication bias might skew the picture of the accurate
results of included studies, and true performance of Al
models might not be captured. Given the rapid growth
of this field, relevant studies may have been published
after our search and were therefore not captured. Engi-
neering-led studies focused solely on algorithmic devel-
opment without application to human data in a sports
medicine context were excluded; therefore, the technical
foundation of Al methods may be underrepresented. To
organize this heterogeneous literature, Al applications
were pragmatically grouped into four mutually exclusive
categories. While this approach facilitates synthesis, it
simplifies the inherently multidimensional nature of Al
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systems, which often vary substantially in data sources,
modelling approaches, and validation strategies within
the same clinical task. Accordingly, the categories should
be interpreted as heuristic groupings to support interpre-
tation rather than rigid distinctions between fundamen-
tally different AI methodologies. Given the large number
of included studies, it was not feasible to verify the repro-
ducibility of individual models or reported performance
metrics; limited availability of code, data, and method-
ological detail further restricted independent validation
and highlights the need for improved transparency in AI-
and ML-based sports medicine research.

Conclusion

The use of Al applications in sports medicine demon-
strate strong within-sample discriminative performance
for injury risk, recovery, and diagnostic imaging, yet
most remain limited to retrospective analysis with lim-
ited external validation and minimal evidence of clinical
workflow integration. This review shows that the field is
characterized by substantial methodological heteroge-
neity and limited progression toward prospective imple-
mentation. For clinicians within sports medicine, current
Al tools should therefore be regarded as exploratory
decision-support adjuncts rather than implementation-
ready systems.
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