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Abstract: Musculoskeletal injury (MSI) risk screening has gained significant attention in 

rehabilitation, sports, and fitness due to its ability to predict injuries and guide preventive 

interventions. This review analyzes the Functional Movement Screen (FMS) and the Y-Balance Test 

(YBT) landscape. Although these instruments are widely used because of their simplicity and ease 

of access, their accuracy in predicting injuries is inconsistent. Significant issues include reliance on 

broad scoring systems, varying contextual relevance, and neglecting individual characteristics such 

as age, gender, fitness levels, and past injuries. Meta-analyses reveal that the FMS and YBT overall 

scores often lack clinical relevance, exhibiting significant variability in sensitivity and specificity 

among different groups. Findings support the effectiveness of multifactorial models that consider 

modifiable and non-modifiable risk factors such as workload ratios, injury history, and fitness data 

for better prediction outcomes. Advances in machine learning (ML) and wearable technology, 

including inertial measurement units (IMUs) and intelligent monitoring systems, show promise by 

capturing dynamic and personalized high-dimensional data. Such approaches enhance 

understanding of how biomechanical, physiological, and contextual injury aspects interact. This 

review emphasizes the problems of conventional movement screens, highlights the necessity for 

workload monitoring and personalized evaluations, and promotes the integration of technology-

driven and data-centered techniques. Adopting tailored, multifactorial models could significantly 

improve injury prediction and prevention across varied populations. Future research should refine 

these models to enhance their practical use in clinical and field environments. 

Keywords: musculoskeletal injuries; functional movement screen; y balance test; injury risk factors; 

workload; injury prediction; machine learning 

 

1. Introduction 

Injury risk screening has been the subject of extensive research with the apex objective of 

accurately predicting first-time injury. In recent decades, field-expedient screens have become 

popular in rehabilitation, sports, and fitness training settings owing to their appeal among 

practitioners attempting to tailor programs for their patients/clients. Arguably, the most popular of 

these screens include the Star Excursion Balance Test (SEBT)/Y-balance test (YBT) and the Functional 

Movement Screen (FMS). Although early work demonstrating the predictive value of these screens 

was promising, recent works have raised several concerns concerning validity. The most critical of 

these concerns is that performances in a limited but fundamental set of movements can predict future 

performances in a broader range of movements and that faulty fundamental movements predict 

injury. Early works questioned this premise based on the available evidence. However, acceptable 

levels of reliability, perceived field utility, and lack of studies on validity may have suspended deeper 

inquiry [1,2]. Since then, several systematic reviews and meta-analyses have attempted to quantify 

the overall injury-predictive capabilities of movement screens, often recommending caution or use 

in conjunction with other approaches. Despite abundant studies in this area, few updated approaches 

to injury risk assessment have been proposed. In this review, we will address questions such as:  
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What are the theoretical underpinnings of movement screens?  

Are movement screens effective in predicting injury risk? 

What factors affect the predictive value of movement screens? 

Are the underlying premises of current movement screens valid?  

What other factors affect injury risk?  

Where do we go from here?  

Although other movement screens exist, we will focus on the FMS and YBT because their 

premises are emblematic of key issues of a field-expedient approach to injury risk prediction. We will 

also consider other supported methods of injury risk assessment and extract recurring themes to 

formulate recommendations for future directions in injury risk assessment.  

2. Materials and Methods 

To cover the breadth of research concerning this topic, we conducted several literature searches 

using a variety of keywords and databases, including PubMed/MEDLINE, Scopus, Web of Science, 

ScienceDirect, Cochrane Library, PubMed, PsycINFO, Scopus, and SPORTDiscus. Table 1 outlines 

the keywords and search results. Study abstracts were reviewed and categorized based on 

publication date, relevance to the research questions, and level of evidence. Concerning inclusion 

within the narrative, studies within the last 15 years and a combination of high relevance and high 

level of evidence were prioritized. Inclusion of earlier works about the 

theoretical/historical/biomechanical underpinnings of movements screens were included but limited.  

3. Results 

Table 1. Relevant to the theoretical underpinnings and predictive validity of the FMS and SEBT/YBT. 

Combinations of the following keywords were used to yield the search results: musculoskeletal injury 

risk factors, Y-Balance Test (YBT), Star Excursion Balance Test (SEBT), Functional Movement Screen (FMS), 

injury prediction, joint hypermobility, occupational injury risk, sleep disturbances, biomechanics, training 

loads, workloads, task-specific, machine learning, injury prevention. 

Authors Topic Study type Year Sample 

Uehli et al. Sleep problems 

and work injuries  

Systematic 

review, meta-

analysis 

2014 Occupational workers 

Toohey et 

al. 

Association of 

previous injury 

and lower limb 

injury 

Systematic 

review, meta-

analysis 

2017 Athlete populations 

Stroud et al. Obesity and 

mechanisms of 

injury 

Systematic 

review, meta-

analysis 

2018 Injury patients 

Snoeker et 

al. 

Meniscal tear risk 

factors 

Systematic 

review, meta-

analysis 

2013 Older adults  
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Silverwood 

et al. 

Risk factors for 

knee osteoarthritis 

in older adults 

Systematic 

review, meta-

analysis 

2015 Older adults  

Rhon et al. Musculoskeletal 

injury risk in 

military service 

members 

Systematic 

review, meta-

analysis 

2022 Military personnel  

Plisky et al. Validity and 

reliability of Y-

balance test lower 

quarter 

Systematic 

review, meta-

analysis 

2021 Athletes 

Pacey et al. Generalized joint 

hypermobility and 

risk of lower limb 

joint injury 

Systematic 

review, meta-

analysis 

2010 Athletes  

Moran et al. Predicting injury 

with FMS 

Systematic 

review, meta-

analysis 

2017 Athletes, military, firefighters, police 

Moore et al. Predicting injury 

with FMS 

Systematic 

review, meta-

analysis 

2019 Athlete populations 

Macedo et 

al. 

Occupational 

loading and spine 

degeneration 

Systematic 

review, meta-

analysis 

2019 Occupational workers 

Lietz et al. Risk factors of 

musculoskeletal 

diseases and pain 

among dental 

professionals  

Systematic 

review, meta-

analysis 

2018 Dental professionals 

Liaghat et 

al. 

Joint hypermobility 

and shoulder 

injuries 

Systematic 

review, meta-

analysis 

2021 Athletes and military personnel 

Hulshof et 

al. 

Occupational risk 

factors and 

osteoarthritis 

Systematic 

review, meta-

analysis 

2021 Occupational workers 

Fischer et al. Occupational 

injuries and work 

schedule 

Systematic 

review, meta-

analysis 

2017 Occupational workers 
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Epstein et 

al. 

Musculoskeletal 

disorders among 

surgeons and 

interventionalists 

Systematic 

review, meta-

analysis 

2018 Surgeons 

Dzakpasu et 

al. 

Musculoskeletal 

pain and sedentary 

behavior 

Systematic 

review, meta-

analysis 

2021 Adults 

Du et al. Occupational 

exposures and 

musculoskeletal 

diseases 

Systematic 

review, meta-

analysis 

2021 Nurses 

dos Santos 

Bunn et al. 

Risk factors for 

musculoskeletal 

injuries in military 

personnel 

Systematic 

review, meta-

analysis 

2021 Military personnel  

Dorrel et al. Predicting injury 

with FMS 

Systematic 

review, meta-

analysis 

2015 Active adults 

Coenen et 

al. 

Occupational 

exposures and 

musculoskeletal 

diseases 

Systematic 

review, meta-

analysis 

2018 Adults 

Clari et al. Musculoskeletal 

disorders among 

perioperative 

nurses 

Systematic 

review, meta-

analysis 

2021 Nurses 

Bonazza et 

al. 

Predicting injury 

with FMS 

Systematic 

review, meta-

analysis 

2017 College sports teams, military personnel  

van der 

Horst et al. 

Nordic hamstring 

exercise and 

hamstring injuries 

Randomized-

controlled trial  

2015 Soccer players 

Verschueren 

et al. 

Acute fatigue and 

injury risk 

Systematic 

review 

2020 Athletes, active adults 

Van 

Eetvelde et 

al. 

Predicting injury 

with machine 

learning 

Systematic 

review 

2021 Athletes 

Pfeifer et al. Risk factors for 

ACL injury 

Systematic 

review 

2018 NCAA athletes  
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Lisman et 

al. 

Sleep and 

musculoskeletal 

injuries in military 

personnel 

Systematic 

review 

2022 Military personnel  

Gribble et 

al. 

SEBT and lower 

extremity injury 

Systematic 

review 

2012 Active populations 

Fulton et al. Previous injury an 

injury risk 

Systematic 

review 

2014 Active adults 

Eckard et al. Training load and 

injury 

Systematic 

review 

2018 Athlete, military, first responders 

Bullock et 

al. 

Methods of 

predicting sports 

injuries 

Systematic 

review 

2022 Active populations 

Asgari et al. Predicting injuries 

in females with 

FMS 

Systematic 

review 

2021 Active female adults 

Wang et al. Predictors of low 

back pain 

Review 2016 NA 

Virgile & 

Bishop 

Task specificity in 

fitness testing 

Review 2021 NA 

Rinaldi et al. Strength deficits in 

dynamic knee 

valgus 

Review 2022 NA 

Quatman & 

Hewett 

ACL injury and 

valgus collapse 

Review 2009 NA 

McDevitt et 

al. 

Regional 

interdependence 

Review 2015 NA 

Matzkin & 

Garvey 

Sex differences in 

injuries 

Review 2019 NA 

Kraus et al. Predicting injuries 

with FMS 

Review 2014 NA 

Eckart et al. Injury risk models 

in the US 

population 

Case control 2024 Active US citizens 

Chennaoui 

et al. 

Sleep and injury 

recovery 

Review 2021 NA 

Beardsley & 

Conteras  

Predicting injuries 

with FMS 

Review 2014 NA 

Bahr Predicting injury 

with screens 

Review 2016 NA 
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Wang et al. Predicting injuries 

with FMS 

Prospective 

cohort 

2017 Division I college athletes 

Uhorchak et 

al. 

Risk factors for 

ACL injury 

Prospective 

cohort 

2003 Cadets 

Teyhen et 

al. 

Risk factors for 

injury 

Prospective 

cohort 

2015 US Army Rangers 

Teyhen et 

al. 

Risk factors for 

injury 

Prospective 

cohort 

2020 US Army soldiers 

Svensson et 

al. 

Performance tests 

and injury risk 

Prospective 

cohort 

2018 Athletes 

Smits-

Engelsman 

et al. 

Beighton score and 

generalized joint 

laxity 

Prospective 

cohort 

2011 Youth 

Smith et al. YBT and injury Prospective 

cohort 

2015 Division I athletes 

Ruan et al. Sleep quality and 

injuries 

Prospective 

cohort 

2021 Military personnel  

Robles-

Palazon et 

al. 

Predicting injuries 

with machine 

learning 

Prospective 

cohort 

2023 Youth athletes 

Plisky et al. Predicting injuries 

with SEBT 

Prospective 

cohort 

2006 Basketball players 

Pfeifer et al. Predicting injuries 

with FMS 

Prospective 

cohort 

2019 Youth athletes 

O'Connor et 

al. 

Predicting injuries 

with FMS 

Prospective 

cohort 

2011 Marine officer candidates 

Nambiema 

et al. 

Occupational 

factors and upper 

body injuries 

Prospective 

cohort 

2020 Occupational workers 

Lehr et al. Predicting injuries 

with field-

expedient screens  

Prospective 

cohort 

2013 Physically active adults 

Konopinski 

et al. 

Hypermobility and 

injuries 

Prospective 

cohort 

2012 Soccer players 

Knapik et 

al. 

Predicting injuries 

with FMS 

Prospective 

cohort 

2015 Coast Guard cadets 

Kiesel et al. Predicting injuries 

with FMS 

Prospective 

cohort 

2007 Professional football players 

Evans et al. Risk factors for 

ACL injury 

Prospective 

cohort 

2012 Military personnel  
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Chorba et 

al. 

Predicting injuries 

with FMS 

Prospective 

cohort 

2010 Female, Division II athletes 

Armstrong 

& Greig 

Predicting injuries 

with FMS 

Prospective 

cohort 

2018 Rugby players 

Abeler et al. Pain and sleep Prospective 

cohort 

2021 Patients with sleep problems 

Karnuta et 

al. 

Predicting injuries 

with machine 

learning 

Epidemiological 2020 Professional baseball players 

Whitehead 

et al. 

Beighton score and 

shoulder laxity 

Cross-sectional 2018 Patients with no history of shoulder pain 

Singh et al. Beighton score cut-

offs 

Cross-sectional 2017 Australian population 

Sell et al. Predictors of 

proximal tibia 

anterior shear force 

Cross-sectional 2007 Athletes 

Scott et al. Risk factors for 

injury 

Cross-sectional 2015 Cadets 

Perry & 

Koehle 

FMS normative 

data 

Cross-sectional 2013 Middle-aged adults 

Parchmann 

& McBride 

FMS and athletic 

performance 

Cross-sectional 2011 Athletes 

Li et al. FMS factor analysis Cross-sectional 2015 Elite athletes 

Koehle et al. FMS factor analysis Cross-sectional 2016 Adults 

Kazman et 

al. 

FMS factor analysis Cross-sectional 2014 Marine officer candidates 

Kazman et 

al. 

Physical fitness 

and injuries 

Cross-sectional 2015 National Guard/Reserve 

Hincapié et 

al. 

FMS and joint 

range of motion 

Cross-sectional 2022 College athletes  

Gnacinski et 

al. 

FMS factor analysis Cross-sectional 2016 College athletes  

Frost et al. FMS and practice 

effect 

Cross-sectional 2013 Firefighters 

Dauty et al. Risk factors for 

ACL injury 

Cross-sectional 2022 Athletes 

Chimera et 

al. 

Effect of injury 

history, sex, and 

performance on 

FMS, YBT 

Cross-sectional 2015 Division I athletes 
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Aleixo et al. Deep squat and 

joint mobility 

Cross-sectional 2024 College students 

Lai et al. Predicting injuries 

with YBT 

Case-control  2017 Athletes 

Kramer et 

al. 

Risk factors for 

ACL injury 

Case-control  2007 Female athletes 

Jauhiainen 

et al. 

Predicting ACL 

injuries with 

machine learning 

Case-control  2022 Elite female athletes 

Dasgupta et 

al. 

Joint laxity and 

injury 

Case-control  2024 Indian population 

Welsh et al. Regional 

interdependence 

approach to rehab 

Case report 2023 Dancer 

Ting & 

Macpherson 

Muscle synergies 

during postural 

task 

Animal study 2005 Cats 

Horn et al. Central program 

generators 

Animal study 2004 Intact animals 

Teyhen et 

al. 

Predicting injuries 

with FMS 

Theoretical 

framework 

2014 NA 

Stern et al. Non-linear nature 

of injury prediction 

Theoretical 

framework 

2020 NA 

Malek et al. Beighton score for 

generalized joint 

laxity 

Theoretical 

framework 

2021 NA 

Cook et al. Fundamental 

movement 

screening 

Theoretical 

framework 

2006 NA 

Clifton et al.  Challenges in 

injury prediction 

Theoretical 

framework 

2016 NA 

4. Discussion 

4.1. Theoretical Underpinnings 

Musculoskeletal injuries generally occur due to excessive passive loading of tissues, which can 

result from externally applied forces, delayed or insufficient motor responses to sensory stimuli, or 

impaired afferent signals caused by disease or prior injury. Extensive research on the relationship 

between muscle performance, biomechanics, and clinical outcomes has helped to shape an accepted 

theoretical framework on which approaches to injury risk assessment are built. Four core tenants 

could describe this framework. 

1. Movement performances depends on the kinetic chain, which encompasses the synergistic 

behavior of bone, muscles, connective tissues, and nerves spanning multiple joints. Closed-chain 

exercises involving fixed distal body segments help promote functional joint stability.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 December 2024 doi:10.20944/preprints202412.1579.v1

https://doi.org/10.20944/preprints202412.1579.v1


 9 

 

2. Muscle performance deficits cause compensatory behavior in local or adjacent body segments, 

promoting fatigue and decreasing overall movement efficiency. For example, one proposed cause of 

knee valgus is ipsilateral weak gluteus medius [3].   

3. Compensatory patterns are dictated by the forces acting on a joint (e.g., tension, compression, 

shear, etc.). For example, valgus knee responses lead to anterior tibial shear forces contributing to 

anterior cruciate ligament (ACL) injury [4]. 

4. Joint and muscle performance depends on the performance of proximal or distal segments, a 

phenomenon known as regional interdependence [5,6].  

Since muscle synergies among joint agonists, antagonists, and other kinetic chain segments 

proximal to the primary effectors facilitate human movement, compensatory movement is often 

viewed as a pervasive manifestation of suboptimal muscle synergies at one or more loci. 

Key insights into motor learning and control processes have helped shape an understanding of 

the mechanisms involved in compensatory movement. Early work showing autonomous task-based 

muscle synergies in response to spontaneous perturbations highlighted the specificity of neural 

adaptations to environmental stimuli [7,8]. The biomechanical outcome of specific movements is the 

byproduct of neuromechanical tuning, which relies on task-specific sensory inputs that, in turn, refine 

the central program generator (CPG) involved in the task. Moreover, the variability in the CPG 

pattern for a given task is history-dependent, emphasizing the plasticity of neuromotor activity and 

inferring the importance of movement experience on future performances. Although the exact 

mechanisms governing neuromotor control are unclear, experiments on the effects of attentional foci 

on muscle activity have provided practical utility for sports training and rehabilitation. Whereas 

internal focus of attention (IFOA) involves attention to the specific actions of muscles and limbs 

during a movement, EFOA involves conscious selective attention to the outcome, causing task-

specific constraints on coordination. An EFOA has been convincingly shown to improve motor 

efficiency for functional skills compared to an IFOA [9]. Moreover, it has been accepted that 

biomechanics are affected by local muscular imbalances and task-specific neuromuscular 

deficiencies. This likely contributed to the idea that biomechanical limitations would be better 

evaluated in situ - within the context of a functional movement rather than in isolation.  

Mounting evidence suggests that programs centering on functional context result in similar, if 

not better, outcomes compared to interventions focused on the local area [5]. Consequently, there has 

been a notable increase in the popularity of task-based programs within the rehabilitation community 

despite relatively slow adoption [6]. In contrast, abundant research extolling the benefits of ground-

based strength and power training for athletic performance led to the rapid adoption of kinetic chain 

approaches within the fitness and sports performance industries. When movement screens like the 

FMS and YBT became commercially available, there were no reliable methods of assessing functional 

limitations from a biomechanical perspective geared towards non-clinical professionals such as 

personal trainers or strength and conditioning specialists. Consequently, the FMS (later packaged 

with the YBT) became widely popular. It gave exercise professionals a perceived competitive 

advantage by providing a quasi-clinical assessment to optimize exercise prescription, address injury 

prevention, and enhance overall training effects. However, over the 20-plus years since the 

introduction of the SEBT/YBT and FMS, accumulating research raises doubts about the ability of 

criterion-referenced movement screens to forecast injury by identifying movement compensations. 

4.2. Current Evidence on the Predictive Value of Field-Expedient Movement Screens 

4.2.1. Star Excursion Balance Test/Y-Balance Test 

The YBT (and its earlier version, the SEBT) was an outgrowth of the neuromuscular revolution 

in training and rehabilitation. The YBT is a dynamic balance test requiring the performer to reach in 

various directions with one leg while balancing on the other. Reach distances are summed and 

normalized to lower leg length. A few systematic reviews and meta-analyses have been conducted 

on the predictive value of the SEBT/YBT [10,12]. Gribble et al. conducted an initial systematic review 

on the reliability and validity of the SEBT to identify dynamic balance deficits in patients with lower 

extremity injury and to predict lower extremity injury risk [10]. Only one study by Plisky et al. on the 
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predictive value of the SEBT was included in the review due to high heterogeneity among the studies 

meeting the inclusion criteria [11]. In that study, basketball players with anterior reach asymmetries 

of ≥4 cm were 2.5 times more likely to sustain lower extremity injuries. Furthermore, girls with a 

composite reach score below 94% of their limb length were 6.5 times more likely to sustain a lower 

extremity injury. Recently, Plisky and colleagues attempted to conduct an updated systematic review 

and meta-analysis on the predictive validity of the YBT-LQ (lower quarter) [12]. Inclusion criteria 

were narrowed to those studies in which the YBT assessment kit or YBT procedures were adhered to 

strictly. Sixteen studies on predictive validity were included. Like the previous study, a meta-analysis 

could not be conducted due to the high heterogeneity among the included studies. Studies on 

relationships of future injury based on reach asymmetries were mixed among varying populations, 

cutoff scores, and injury definitions. In one of the included studies, injuries and surgeries were shown 

to be associated with lower scores in the FMS, but YBT scores were not impacted [13]. There were 

significant differences in reach scores across multiple subgroups, including sex and sport, but no 

differences when analyzed by competition level. Due to a lack of female studies, they were eliminated 

from the subgroup analysis. One out of 13 studies reported an odds ratio of 3.5 for future injury using 

a composite score cutoff of 89.6%, with 100% sensitivity and 71.7% specificity. However, other studies 

used a range of composite score asymmetry thresholds and found no significant relationship with 

future injury. Smith et al. reported a two-fold increased injury risk using a >4 cm asymmetry cutoff, 

with a specificity of 72% and a sensitivity of 58% [14]. Lai et al. also reported poor sensitivity and 

specificity when cutoff scores were optimized by receiver operating characteristic (ROC) analysis 

[15].  

4.2.2. The Functional Movement Screen 

The FMS is a criterion-based screen for mobility and stability deficits, left-right asymmetries, 

and pain determined from performances in seven so-called fundamental movement patterns [16]. 

The creators assert that FMS tests cover simple and complex movement patterns and that 

performances in these movements are interdependent. Scores from all subtests are tallied to create a 

composite score meant to quantify overall motor competence. Early studies confirmed that a cut score 

of ≤14 was associated with a marked increase in injury risk [17]. Nevertheless, these findings were 

criticized for poor study design and lack of support for the unidimensional construct of the FMS [1]. 

A factor analysis study on marine officer candidates and another on elite athletes found weak FMS 

subtests factor loadings leading to incoherent factor structures [18,19]. Conversely, in a general 

healthcare sample of 1,113 participants, a two-factor structure explainable by “basic” (FMS tests: 

shoulder mobility and active straight leg raise) and “complex” (FMS tests: deep squat, hurdle step, 

in-line lunge, trunk stability push up, and rotary stability) movement was revealed [20]. Overall, 

however, component coefficients ranged from weak to moderate, and the internal consistency of the 

FMS scoring was below acceptable levels for all but one model [18–20].  

In a meta-analysis that included six studies in active adult samples (athletes, military, and 

firefighters), the authors found an overall sensitivity of 24.7%, a true positive value of 42.8%, and a 

true negative value of 72.5% [21]. In another meta-analysis that included nine studies on athletes and 

military personnel, an FMS score of ≤14 was associated with pooled odds of 2.74 for sustaining an 

injury [22]. However, the authors noted several limitations, including differences in the optimal cutoff 

score for males and females, differences in the definition of injury, and methodological issues in 

determining individual subtest score variance. Furthermore, three studies that included 225 

participants did not find a statistically significant correlation between FMS scores and the risk of 

injuries.  

Moore et al. conducted a meta-analysis of 29 prospective studies to clarify research gaps and 

identify factors influencing the relationship between FMS scores and injury risk [23]. Noteworthy 

findings from the pooled analysis of 36 studies show that for FMS scores ≤14, the odds of injury 

trended higher in sports with a greater prevalence of contact injuries but were inconsistent. Odds 

were significantly higher for injuries defined by limited or full training or match time loss and higher 

in males but not females. Specificity and sensitivity for ≤14 scores and injury risk varied greatly 
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among all subgroups. However, having ≥1 asymmetrical test significantly increased the odds for all-

cause injuries when defined by limited or full training or match time loss. Pain during ≥1 subtest was 

significantly associated with increased odds of injury in seniors but not junior athletes. Overall, 

specificity was higher than sensitivity. The presence of ≥1 asymmetry yielded higher sensitivity than 

specificity for injury risk regardless of age or injury type. However, all three studies concluded that 

effect sizes for relationships between the FMS group and injury risk were likely not clinically 

meaningful.  

4.3. Factors Affecting Predictive Validity of Movement Screens 

Several studies have either recommended against the use of movement screens or recommended 

their use in conjunction with other factors [21–25]. Some early reviews did not evaluate confounding 

regarding sex, sports, or injury definitions, leading to conflicting findings [21,22]. Subsequently, 

Moran et al. reported that there were only a few FMS studies in military and athlete cohorts with 

sufficient homogeneity to perform a meta-analysis. They concluded that the true magnitude of the 

effect was small [25]. In a more recent review, Moore et al. confirmed Moran's findings, adding that 

differences in athlete age, sex, sport type, and asymmetries explained some of the mixed findings of 

FMS injury risk studies. Overall, review studies on the FMS and YBT revealed vast differences in 

composite scores and asymmetries across sport, sex, and age and suggested further studies to 

determine the unique cutoffs associated with good predictive validity in each subpopulation 

[23,25,26].  

4.3.1. Age and Sex 

Age strongly predicts musculoskeletal disorders in the general population, such as knee 

osteoarthritis and lower back pain [27]. However, because age is strongly associated with many other 

predisposing factors, risk analysis often uses age-matched controls or narrow age ranges, providing 

more relevant estimates for specific age groups. For example, after adjustment for age, Eckart et al. 

reported attenuated associations between a multifactorial risk model and injury rates in a US 

population-representative sample [27]. In a meta-analysis on risk factors for knee osteoarthritis, age 

was significant, although obesity and previous injury accounted for the highest population-

attributable factors [28]. In another meta-analysis, low back pain prevalence was generally higher in 

females versus males, with prevalence in females fluctuating across age ranges from 6 to >50 years. 

However, sex differences in low back pain were not apparent in studies with narrow age ranges [29]. 

A meta-analysis on military personnel reported that while age was not a significant predictor for 

studies using a narrow age range, significant differences were found when the age range was wider 

[30]. This suggests that other predictors such as sex, BMI, physical activity levels, and occupational 

factors appear to be better predictors than age when samples are stratified by age. 

Sex plays a role in susceptibility to specific injuries. For example, females are at a higher risk for 

ACL injury, whereas males are more susceptible to instability-related shoulder injuries [31]. Overall 

evidence indicates that females score higher in the composite FMS score and perform better on 

movements involving flexibility and balance, which aligns with known sex-based musculoskeletal 

characteristics [13,24,32]. Multiple studies on the predictive validity of the FMS and YBT in athlete 

populations show sex differences in the composite and component scores, with no significant 

differences in injury risk [32–34]. However, Kapnik et al. found that cut scores that maximized 

sensitivity and specificity were lower for males (≤11) than females (≤14). However, sensitivity and 

specificity were much higher for females (60% sensitivity, 61% specificity) than for males (22% 

sensitivity, 87% specificity) [34]. In a factor analysis study, Gnacinski et al. observed a lack of 

measurement invariance within sex, suggesting that the recommended ≤14 cutoff score did not hold 

between sexes, and thus, different cutoff values would be needed for male and female cohorts [35].  

4.3.2. Injury Definitions 
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Multiple systematic reviews have reported concerns regarding heterogeneity in the 

definition/mechanisms of injury, making it challenging to conduct meta-analyses [23,25]. However, 

Moore et al. found no significant relationship between injury definition and FMS score, but sensitivity 

was highest for injuries defined by match time loss [23]. The FMS composite score had marginally 

higher sensitivity to non-contact injury than all-cause injury, albeit with only a few studies on non-

contact injuries. Moore et al. recommended that future studies use a narrower definition of injury to 

include only serious injuries associated with meaningful time loss (e.g., one or more weeks) [23].  

4.3.3. Injury History  

It is well established that previous injury dramatically increases the risk for recurrent injury, and 

mounting evidence suggests that injury history increases the risk of novel injury in other locations 

[36,37]. For example, multiple studies have demonstrated a link between ACL, groin, and back 

injuries and subsequent hamstring injuries [37]. Although oversimplified, plausible explanations for 

increased risk following the initial injury relate to changes in biomechanics and motor control and 

the return to inappropriately high training and competition workloads following recovery. Since 

injury risk screening aims to foresee future and first-time injuries, relying on injury history becomes 

redundant. Many injury risk studies advance methodological flaws by attempting to identify risk 

factors using retrospective designs [38]. Some studies suggest that the FMS detects pre-existing 

injuries rather than identifying predisposing risk factors [31,37]. However, one study showed that 

the FMS composite score could not detect previous ACL injury in a female-only cohort of collegiate 

athletes, resulting from the lack of norm-referenced criterion validity [39].  

4.4. Can Movement Screens Predict Future Injury? 

The core idea behind an injury-predictive movement screen is its ability to identify motor control 

limitations in movement patterns considered universal to physical functioning. As such, only a select 

number of idealized movements that supposedly represent essential motor skills are included. 

Movement performances are scored against a predefined ideal presumed to accurately reflect optimal 

neuromuscular control.  

This system is purported to cast a 'wider net' to catch functional limitations [16]. For example, if 

a person has trunk instability, this could manifest as a compensatory movement in several FMS 

movement tests. Likewise, if a person has ankle stiffness, this may result in relatively short reaches 

in the YBT or low scores in the deep squat or the in-line lunge. There is little evidence for the validity 

of this theory. However, performance-based movement screens are widely used, likely due to a 

common logical fallacy prevalent in the fitness and rehabilitation communities. That is, the 

assumption that a motor skill encompassing a combination of general physical characteristics will be 

a good test of athletic or functional performance, regardless of the test's specificity to the movement 

context. To improve sport-specific performance, trainers and therapists often use exercises as proxies 

for sporting movements. These proxies are further abstracted to represent ‘fundamental’ movements, 

becoming ‘movement assessments’ because they are viewed as composites of the underlying motor 

skills necessary for athleticism. This logic, illustrated below, is often used to justify the applicability 

of movement screens to functional or sporting actions. For example, dynamic single-leg balance is 

prized in many sporting actions because it requires whole-body motor control, strength, and 

flexibility. Therefore, assessments of single-leg dynamic balance are used to screen for functional 

limitations and as a baseline for exercise programming. For the following logic rule, let C represent 

the plant phase of the lower body during a baseball pitch; B represents the common lunge exercise 

often done in training; and A represents the FMS in-line lunge or the lower limb reaches of the YBT. 

If A→B→C, then A→C 

Although the YBT can be compared to sporting actions, several key aspects concerning its 

applicability are often ignored, such as experience performing the test and differences in the fatigue 
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effects, forces, velocities, kinematics, and otherwise distinct coordination patterns of the test versus 

similar actions during gameplay.  

 

Figure 1. Conceptual Framework of Movement Screening Tests. 

Another example impacting validity concerns the deep squat of the FMS. The deep squat is an 

overhead squat with a dowel and is sometimes used as a stand-alone test of athletic gross motor 

function due to high demands on neuromuscular coordination, trunk stability, and joint mobility. Its 

direct transfer to athletic performance seems limited to specific sporting events like Olympic 

weightlifting or CrossFit. Despite this, the justification for using the overhead squat assessment is 

often based on the assumption that proficiency in this supposed proxy of whole-body motor control 

infers general athletic ability. One explanation for the broad acceptance of this assumption is the 

common error of attributing causes where only associations are evident. Athletes are exposed to 

multiple training regimes and are likelier to experience exercises like those in movement screens. It 

is also possible that athletes who perform challenging exercises like the deep squat are more willing 

to engage in new exercises, leading to an expanded movement repertoire. 

Even so, athletes engage in a broader diversity of exercises and movements than their sedentary 

counterparts. However, the question is whether criterion-referenced proficiency in these exercises 

confers resilience to injury. If this were the case, evidence would show a relationship between higher 

screen scores and athletic event performance. However, a review of the relationship between the FMS 

and athletic performance countervails movement performance assessments by proxy [40]. In one 

study, the deep squat detected only trivial deficits in track and field performance. In another study, 

the deep squat and the other gross motor patterns, the in-line lunge and hurdle step, were not 

predictive of athletic performance. Equally important is the evidence showing a practice effect on 

subsequent FMS scores not accounted for by the scoring criteria. Frost et al. asked a cohort of 

firefighters to perform the FMS without prior knowledge of the scoring criteria. Following the initial 

trial, firefighters were informed of the criteria for each score, leading to improvements in composite 

scores in the second trial [41]. This suggests that scores partly reflect performance expectations rather 

than problematic motor deficiencies.  

With the bias toward experience noted, the next question is whether the FMS scoring criteria is 

sensitive enough to detect compensations associated with injury. The initial screening procedures 

require measurements of key body segments used to score specific tests. For example, the shin length 

measured from the floor to the tibial tuberosity is used to set the height of the hurdle step and position 

the feet in the in-line lunge. Keeping with the deep squat example, if the criteria for a score of 3, 

considered to be optimal performance, is not achieved after several tries, the approximately 1.5-inch-

thick board that comes with the FMS kit is placed under the heels. This effectively 'lengthens' the 
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posterior chain and ‘increases’ ankle dorsiflexion by allowing more degrees of freedom between two 

fixed points - the feet and the dowel affixed overhead with both hands. Curiously, the height of the 

heel raise is completely arbitrary and universal to all participants regardless of individual 

morphologies. This modification might lead to successful completion, corresponding to a score of 2, 

considered ‘satisfactory.’ This presents yet another conundrum. Besides the score being decreased by 

one, the compensation is not necessarily flagged as problematic, as if to suggest that the criteria for a 

score of 3 might be an unreasonable standard. A starker example of an unreasonable standard is the 

criteria to score a 3 on the rotary stability test. In the quadruped position, with the hands and knees 

arbitrarily kept approximately 4 inches apart, participants must perform an ipsilateral arm/leg reach 

without losing balance. If three attempts to perform this are unsuccessful, the participant is asked to 

perform the same action contralaterally, which offers vastly more stability. Once again, if successful, 

the performance is scored at 2, which is considered satisfactory. These examples underscore 

inconsistency in the FMS scoring system by acknowledging the proclivity of participants to 

compensate strategically and yet incorporating arbitrary modifications as a correction to an 

unreasonable standard.  

Movement screens may only be predictive insofar as a particular test involves joints or body 

segments integral to a participant's sport or function or where the scoring criterion exposes injury-

specific deficiencies. For example, Chorba et al. analyzed the relationship between FMS scores and 

lower extremity injuries in a female cohort from multiple sports. The association between FMS scores 

and injury was strong, but only when shoulder mobility scores were excluded from the total score 

[39]. The composite score includes scores from upper and lower body subtests, which compromise 

overall predictive sensitivity for athletes whose injuries primarily involve the areas used during 

sport, such as the lower extremities in soccer players. However, evidence suggests that the validity 

of the subtest criteria is also questionable. Scoring criteria were developed on the assumption that 

specific compensations are inherent to fundamental movement patterns and that the differences in 

scores would indicate specific levels of dysfunction. Recent studies have challenged this assumption, 

showing substantial overlap in joint ranges of motion (ROM) across FMS subtest scores [42,43]. In 

one study, ankle mobility restrictions were detected by lower scores in the deep squat and in-line 

lunge. However, lower scores did not always predict ankle mobility limitations [43]. Moreover, there 

was high variability in the ROM of the ankle, hip, and shoulder associated with FMS scores. In a 

similar study, shoulder ROM during the deep squat differed only between a score of 1 and 2. Recent 

findings also indicate that generalized joint laxity was associated with higher DS scores, suggesting 

that genetic variations in joint structure may explain scores independently of dysfunction or injury 

[44]. 

A balanced critique of movement screens acknowledges some evidence of predictive validity 

and seeks to examine the apparent links. When viewed through the lens of specificity, it becomes 

clearer why the FMS and YBT may sometimes predict injury. As stated earlier, fitter individuals who 

engage in varied exercises have greater strength, stability, and mobility, which is injury-protective 

and could explain higher FMS scores [20]. Moreover, since these screens mimic common exercises 

performed in the gym, criterion bias favors those with broad exercise experience [41]. However, the 

problem is that these screens generalize functional limitations found in specific movements to all 

movements without considering their specificity to the movement goal. Consequently, the evidence 

regarding causal links between higher FMS scores, higher fitness levels, and reduced injury rates is 

inconsistent. For Example, Tehyan et al. observed reduced injury rates, higher FMS scores, and better 

fitness test scores in military cohorts, whereas Svensson et al. found no link among athletic 

performance tests, FMS scores, and injury rates in football players [45,46]. Many studies show 

improvement in FMS scores and injury rates following various interventions regardless of the specific 

characteristics of each cohort [1]. However, it is unclear whether experience performing the FMS tests 

or specific training interventions led to improved FMS scores due to a lack of studies controlling for 

the practice effect. 
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4.5. Other Injury Factors 

4.5.1. Occupational Risk Factors 

Occupational characteristics expose individuals to important risk factors for injury and should 

be considered in injury risk assessments. Several broad risk categories for MSIs and other 

musculoskeletal disorders related to occupation have been identified, including shift work, repetitive 

patterns or positions, high physical exertion, full-day sedentary work, computer work, and sleep 

problems.  

Like the exercise training paradigm, relative workloads of physical activity affect the rate of MSIs 

in occupational cohorts. However, occupational inactivity can be similarly detrimental, if not more 

so. Despite cross-sectional studies showing that occupational sitting significantly increased the risk 

for low back and neck/shoulder pain, occupational standing above 4 hours per day was also 

associated with an increased risk for low back symptoms [47,48]. Further evidence suggests a non-

trivial association between occupational loading and spinal disc degeneration [49].  

In a random sample of 3,710 French workers aged 20-59, high physical exertion and working 

with arms above the shoulder accounted for 30% and 7% of all upper-extremity injuries, respectively 

[50]. Corroborating these findings, a large-scale epidemiological study by the World Health 

Organization (WHO) and the International Labour Organization (ILO) reported that force exertion, 

demanding postures, repetitiveness, hand-arm vibrations, lifting, kneeling, squatting, or climbing ≥ 

2 h/day significantly increased odds ratios for osteoarthritis of the knee or hip compared to low or no 

exposure [51].  

In addition to intraday work demands, shift work is associated with poor recovery between 

workdays. In a recent meta-analysis that included 29 high-quality studies, the risk for occupational 

accidents increased significantly for night shifts compared to morning shifts, the number of 

consecutive shifts, work shifts beyond 9 hours, and reduced work breaks [52]. The risks associated 

with shift work have implications for all shift-based occupations. However, they are exemplified by 

the occupational demands of allied health occupations, which involve long shifts, standing for long 

periods, and repetitive patterns and postures [53–56]. Several meta-analyses in nurses, dentists, and 

surgeons show significant associations between postures, patient volume, work-time loss, 

degenerative spine disease, and pain in the lower back, neck, and shoulders [53–56]. Fatigue 

exacerbated by a mismatch between work demands and physical preparedness plays an important 

role in MSI risk and should be considered in injury screens used in the general population. 

4.5.2. Joint Laxity 

Joint laxity, or hypermobility, is characterized by excessive ranges of motion and could be 

caused by a heritable phenotype, injury, or an adaptation to repeat exposures. The Beighton score 

(BS) is a field-expedient generalized joint laxity screen with good reliability and injury-predictive 

value [57–59]. Although it is not typically used in general fitness settings, its ease of use and low 

technical requirement make broader adoption among non-clinical exercise professionals more 

feasible.  

However, the optimal cutoff values for the BS concerning age, sex, and ethnicity have only 

recently been established. Singh et al. evaluated Generalized Joint Hypermobility (GJH) using the BS 

scoring system in 1,000 males and females ages 3-101. Generally, females and non-Caucasians had 

higher BS scores across the lifespan. A cut score of ≥4 demonstrated 80% sensitivity and 99.3% 

specificity for females aged 40-59 and males aged 8-39. However, using the ≥4 cutoffs for both sexes 

across the lifespan resulted in a 60% false-positive rate. 

Malek et al. mention that the BS’s ability to truly reflect GJH remains controversial, as joints 

within the scoring system are predominantly of the upper limb and disregard many major joints, 

preventing a direct identification of GJH (61). The researchers concluded that the BS should not be 

used as the principal tool to differentiate between localized and generalized hypermobility, nor used 

alone to exclude the presence of GJH. Supporting this position, several studies reported no 

association between GJL and increased risk of musculoskeletal injuries [61]. However, a key 
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methodological distinction between conflicting studies is the inclusion of injury rates per unit of 

exposure, which may explain differences in the effects.  

Interestingly, Armstrong (2019) found a weak, significant relationship between BS and the FMS 

composite score in college-aged female dancers. Moreover, there were some weak, significant 

associations between total BS and individual components of the FMS or SEBT. No relationships were 

found between the FMS and SEBT composite scores or between the SEBT composite score and total 

BS [44].  

4.5.3. Sleep 

Evidence indicates sleep disruptions reduce physical and mental performance, impair recovery 

from physical exertion, and are associated with injuries in occupational, athletic, and tactical 

populations [62]. One meta-analysis, including 268,332 participants, reported a 62% increase in all-

cause work-related injury risk and attributed 13% of all work injuries to sleep problems [63]. Another 

recent meta-analysis in military cohorts found significant effects of sleep disturbances on injury risk, 

controlling for other strong predictors [64]. Ruan et al. found sleep quality, measured by the 

Pittsburgh Sleep Quality Index (PSQI) (<7), to be an independent risk factor for MSI in basic training 

recruits [65]. The link between sleep quality and MSI risk is likely attributable to circadian rhythm 

disruption and hypothalamic-pituitary-adrenal (HPA) axis dysregulation [62]. Paradoxically, in 

those with chronic pain, sleep has been shown to predict next-day pain, as well as pain predicting 

next-night sleep quality [66]. Poor sleep quality may indicate overtraining syndrome or be a causal 

factor in overtraining syndrome, warranting close workload-to-recovery management in at-risk 

populations [62]. Accordingly, sleep quality is an important risk factor to consider when assessing 

injury risk. 

4.5.4. Multifactorial Injury Risk Models 

Bahr (2016) noted that since the populations in which movement screens are administered are 

relatively homogeneous from a performance standpoint, there is likely to be substantial overlap in 

scores among those at various risk levels within each sample, potentially causing prediction errors 

[67]. This is evidenced by weak relationships and confounding factors when risk ratios are pooled. 

Bahr also noted the importance of using a combination of non-modifiable (e.g., age, sex, injury 

history) and modifiable risk factors (e.g., strength, stability, mobility) to strengthen predictive 

accuracy [67]. However, few injury risk studies exist that combine movement screens and other 

modifiable and non-modifiable risk factors. An early study by Lehr et al. included 183 collegiate 

athletes across ten sports using aggregated movement screen scores [68]. Evidence-based cut points 

specific to competition level, sport, and gender were used to create low- and high-risk categories. 

Results showed a significantly elevated risk for those in the high-risk category. Though promising, 

limitations such as a small sample size in one location and lack of test reliability reporting warrant 

confirmatory studies. Rhon et al. conducted a meta-analysis in military personnel, finding significant 

risk factors for injury, including female sex, high BMI, pain during FMS tests or a score of ≤14, and 

poor fitness test scores [30]. 

Similarly, Teyhen and colleagues reported 90% test sensitivity to high injury risk when military 

personnel presented with three or more of the following self-reported risk factors: smoking, prior 

surgery, recurrent prior musculoskeletal injury, limited-duty days in the prior year for 

musculoskeletal injury, asymmetrical ankle dorsiflexion, pain in FMS clearing tests, and poor 

performance on the 2-mile run and 2-minute sit-up test [46]. In another study by Teyhen et al., 

multifactorial predictors produced a highly sensitive model for time-loss injuries in 922 Army 

soldiers [69].  

Other modifiable factors, such as body composition and fitness level, have also been shown to 

influence extremity injury risk [70,71]. In several studies, low FMS scores were associated with higher 

BMI and lower fitness levels [72,73]. Generally, higher BMI and other factors such as generalized joint 

laxity, genetic factors, injury history, and decreased lower body and core strength are associated with 

ACL injuries across heterogeneous cohorts [75–77].  
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4.5.5. Workloads and Injury 

MSI risk is believed to be proportional to the difference between acute and chronic workloads 

through fatigue mechanisms. Several prospective studies have shown a negative impact on injury 

risk factors such as postural control, joint position sense, and lower limb strength when acute fatigue 

is induced [78]. In the meta-analysis by Eckard et al., several relationships between load and injury 

risk were prominent [79]. These studies' workload measures included internal training loads (ITL), 

external training loads (ETL), and absolute and relative training loads. Common ETLs included 

session frequency, distance, duration, and repetitions, while ITL measures included questionnaires 

and session rates of perceived exertion (sRPE). Other recent work has shown moderate-strength 

evidence linking acute-to-chronic workload ratios (ACWRs) with injuries in athlete and tactical 

populations [79]. Researchers typically define ACWR as the ratio of a mean training load in the 

current period to the previous period's mean. Several ACWRs relating to increased injury risk have 

been observed, including daily and weekly ratios. Eckard et al. reported that direct relationships 

between workloads and injury rates were found primarily in studies utilizing acute absolute loads. 

In contrast, inverse relationships were found mainly in studies measuring chronic loads [79]. 

This supports the notion that high chronic loads are injury-protective. Studies using a combination 

of workload measures point to a U-shaped relationship whereby loads that are too low do not elicit 

protective physiological adaptations, whereas overloading causes excess fatigue and damage and 

reduces injury resistance [79]. Training session frequency was an inconsistent ETL with no apparent 

relationship to injury risk, while sRPE was the most common ITL measure. Ultimately, minor to 

moderate changes in relative workload were associated with reduced injury risk compared to very 

small or large changes.  

Although injury risk assessment based on workloads is promising, this area of research faces 

similar limitations to that of movement screens. Presumably, injury rates vary across predisposing 

factors such as sport, sex, or injury history. However, studies of workload measures have not 

differentiated risk for these specific injury factors, which might provide higher predictive accuracy 

for injury [79]. Some studies have shown a latency period between workload exposures and increased 

injury rates, which may be due to the rate of decline in adaptive reserves, which refers to the 

robustness of an athlete’s HPA axis to adequately regulate stress responses and adapt physiological 

processes to fluctuating demands. Although ACWRs account for the difference in physiological stress 

between periods, they do not consider the adaptive reserve or efficiency in recovering between 

training/sporting bouts. This may explain the temporal relationship between workload exposures 

and an injury event. Still, this does not address the challenge of predicting specific injuries, which 

would require ongoing measurement of local tissue workloads during sports and training activities 

and monitoring on and off-field workloads, sleep quality, and other determinants of recovery.  

4.6. Emerging Approaches in Injury Prediction 

Arguably, basic linear methods of injury prediction have yet to produce models with strong 

sensitivity or specificity [80]. Some researchers characterize injury prediction as a complex system 

likened to predicting the path of hurricanes [80,81]. Complex behaviors exhibit nonlinear 

characteristics, where the impacts of interconnected components evolve, both about each other and 

the outcome. The biomechanical outcome of a particular movement can be described as an emergent 

property resulting from the self-organization of a dynamical system adjusting feedforward and 

feedback systems in relation to current and previous inputs. After an injury, biomechanical 

components change fundamentally, shifting the dynamic landscape and producing a different 

pattern of movement synergies that cannot be predicted through linear associations between 

components at a previous point..   

The core issue impacting biomechanical approaches to injury risk stratification is not simply 

compensation from fatigue but understanding the dynamic multiscale interactions of injury factors 

at the individual level. This requires analyses of specific movements and associated biomechanics, 

including the exact kinematics, forces, and velocities during which injuries occur, and in the context 

of gender, age, sport, fitness level, acute and chronic workloads, previous injuries, and measures of 
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athlete readiness such as exertional indices (e.g., heart rate, heart rate variability, RPE) and strength 

and power measures. To accomplish this, wearable or easily deployable technologies are needed for 

data collection, management, and real-time analysis to develop personalized neuromuscular models.  

 

Figure 2. A dynamic and multiscale framework for injury prediction. 

Machine learning approaches' ability to handle complex, nonlinear, multiscale, and dynamic 

interactions makes injury prediction using high-dimensional data a promising target. As such, 

studies using nonlinear and machine-learning (ML) models have begun to emerge [82]. Moreover, 

the development of wireless intelligent monitoring technologies, such as markerless motion capture 

and inertial measurement unit (IMU) sensors combining GPS, gyroscope, and accelerometer 

technology, makes non-invasive methods of modeling and evaluating ground reaction forces and 

tissue loading readily accessible to sports performance coaches, fitness professionals, and 

rehabilitation clinicians.  

Although a comprehensive examination is beyond the scope of this review, it is worth noting 

that various machine-learning methods have been used to investigate injury predictors in different 

populations, such as athletes, occupational workers, and military personnel, with relatively high 

accuracy [83–85]. These studies often include sensor data, questionnaires, fitness tests, motor skill 

evaluations, and anthropometric data. However, only a few studies utilizing ML methods have used 

a combination of multifactorial predictors to assess injury risk prospectively. One remarkable study 

worth noting by Rossi et al. used a multifactorial feature set, including anthropometrics, kinematic, 

metabolic, mechanical load, and fatigue data collected from GPS/IMU monitoring systems to predict 

injury in professional male soccer players prospectively. The decision tree injury classifier achieved 

a recall of 80% and a precision of 50%, and its predictive accuracy improved as more data were 

collected throughout the season [84]. Interestingly, previous injuries emerged as a significant 

predictor when combined with cut points for specific workload metrics. To summarize, a previous 

injury plus a lower value for high-speed running distance in a training session accounted for 42% of 

new injuries. A previous injury plus a higher value for high-speed running distance and a lower 

value for total distance covered in a training session accounted for 30% of new injuries. Finally, 

previous injuries plus higher values for high-speed running distance and a total distance covered of 

over 2.5 times the player’s average accounted for 28% of new injury cases. However, the homogeneity 

of the sample, collection of time-series data during training and sport participation periods, including 

all relevant features, and collection of relevant sport/activity-specific workload measurements are 

essential in producing highly accurate models [86,87]. For example, IMU measurements collected 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 December 2024 doi:10.20944/preprints202412.1579.v1

https://doi.org/10.20944/preprints202412.1579.v1


 19 

 

from a one-time Cooper test and questionnaire data produced low-performing ML models in a 

college-aged cohort of men and women [86]. However, the performances of gender-specific models 

were better than those of mixed-gender models. In another mixed sample of male and female floorball 

and basketball players, a combination of biomechanical, joint-laxity, and flexibility tests yielded an 

AUC ROC of 0.63, which is generally considered poor for diagnostic purposes [87]. Although gender, 

body composition, and physical features were among the most important, the lack of time-series data 

to account for changes incurred by varying workloads throughout training and sports season likely 

reduced the model’s predictive value.  

4.7. Summary & Key Takeaways 

• Field-expedient movement screens like FMS and YBT show inconsistent ability to predict 

injuries, with mixed results across studies. 

• Variables such as sex, age, sport type, injury history, and physical fitness significantly impact 

the validity of these screens. 

• Scoring systems for movement screens often need to account for individual differences, and 

arbitrary criteria can obscure meaningful findings. 

• While useful in specific scenarios, risk screens often generalize limitations across contexts 

where specificity is critical. 

• Familiarity with movement tests can improve scores, questioning whether higher scores reflect 

true injury prevention capability. 

• Acute-to-chronic workload ratios are more consistently linked to injury risk, emphasizing the 

importance of monitoring and balancing workloads. 

• Factors like repetitive motions, poor recovery (e.g., shift work), and sleep disturbances are 

critical in injury risk assessments. 

• Machine learning and wearable devices, like IMUs, offer more accurate and dynamic ways to 

predict injury risk through multifactorial models. 

• Tailored approaches that combine relevant movements/activities assessments with broader 

risk factors, such as relative workloads, recovery measures, and previous injuries, will improve 

injury prediction. 

• Adopting multifactorial and dynamic assessment models, supported by advanced 

technologies, is key to improving injury prediction and prevention strategies. 

4.8. Limitations 

Although our intention was not to conduct a systematic review, higher reporting standards for 

narrative reviews are necessary because they promote transparency and trustworthiness, as well as 

provide the context of the authors’ conclusions. We used a structured approach to our literature 

search methods. However, we did not follow the standard practices for systematic reviews, including 

study selection guidelines. Consequently, relevant studies may not have been included in this review. 

However, because we included earlier and recent systematic reviews and meta-analyses on the FMS 

and YBT, our perspective reasonably reflects the current weight of evidence concerning these screens.   
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5. Conclusions 

Field-based screenings for musculoskeletal injuries, such as the FMS and the YBT, have limited 

utility in predicting injuries due to their context-specific nature. Various confounding factors, 

variable scoring validity, and an overreliance on general movement patterns compromise their 

effectiveness. Innovative approaches like workload monitoring and machine learning show greater 

promise by combining multifaceted data and personalizing risk assessments. Future efforts should 

focus on integrating movement screenings with individualized assessments that consider unique 

biomechanical, occupational, and lifestyle factors to improve injury prediction and prevention. This 

shift toward more dynamic, technology-driven models is crucial for increasing accuracy and 

relevance across different populations. 
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