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Abstract 24 

Research of non-contact anterior cruciate ligament (ACL) injury risk aims to identify modifiable risk factors that 25 

are linked to the mechanisms of injury. Information from these studies is then used in the development of injury 26 

prevention programmes. However, ACL injury risk research often leans towards methods with three limitations: 27 

1) a poor preservation of the athlete-environment relationship that limits the generalisability of results, 2) the use 28 

of a strictly biomechanical approach to injury causation that is incomplete for the description of injury mechanisms, 29 

3) and a reductionist analysis that neglects profound information regarding human movement. This current opinion 30 

proposes three principles from an ecological dynamics perspective that address these limitations. First, it is argued 31 

that, to improve the generalisability of findings, research requires a well-preserved athlete-environment 32 

relationship. Second, the merit of including behaviour and the playing situation in the model of injury causation is 33 

presented. Third, this paper advocates that research benefits from conducting non-reductionist analysis (i.e. more 34 

holistic) that provides profound information regarding human movement. Together, these principles facilitate an 35 

ecological dynamics approach to injury risk research that helps to expand our understanding of injury mechanisms 36 

and thus contributes to the development of preventative measures. 37 
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1 Introduction 39 

Non-contact anterior cruciate ligament (ACL) ruptures are injuries that typically occur during dynamic movements 40 

such as rapid deceleration or change of direction [1]. These injuries involve significant financial costs for society, 41 

large personal burden due to the great number of days of absence from training and match play [2, 3], and a high 42 

risk of post-traumatic osteoarthritis [4]. Due to these long-lasting consequences, the prevention of ACL injuries 43 

should have top priority [5]. Over the past 20 years, researchers have identified modifiable (biomechanical and 44 

neuromuscular) risk factors related to the mechanisms of ACL injury in team sports [e.g. 6–9]. These risk factors 45 

have provided information for the development of ACL injury prevention measures [5], through the ‘Sequence of 46 

Prevention’ model [10]: i.e., 1) establishing the extent of the sports injury problem (incidence & severity), 2) 47 

establishing aetiology and mechanism of injuries, 3) introducing preventive measures, and 4) assessing their 48 

effectiveness by repeating step 1.  49 

Establishing the modifiable risk factors and mechanisms of injury through injury risk research is an essential step 50 

in the ‘Sequence of Prevention’[10]. These lab-based studies typically aim to mimic movements in that 51 

characterize injury risk scenarios such as change-of-directions or jump landings and assess the biomechanics 52 

associated with these movement tasks [11]. Considering the importance of these injury risk studies, we have the 53 

following concerns regarding their methods. First, injury risk research typically takes place in a laboratory setting 54 

that fails to preserve the athlete-environment relationship. As a result, the generalisability of findings may be 55 

limited. Second, injury risk research is often conducted from a strictly biomechanical approach. This is 56 

representative of adopting a ‘narrow’ model of injury causation, as this approach may overlook the effects of other 57 

variables, such as player behaviour or the surrounding environment. Third, injury risk studies that analyse single-58 

joint biomechanics using linear statistical measures are reductionist and neglect information about the adaptability 59 

and complexity of human movement. Together, these aspects of injury risk research methods limit the knowledge 60 

gained from these studies and thus narrow our understanding of injury risk (Figure 1A). 61 

To address these limitations, we propose an approach from an ‘ecological dynamics’ perspective that considers 62 

the human body as a complex adaptive system that interacts with its environment, which is best studied at the 63 

athlete-environment level of analysis [12]. Although this ecological dynamics perspective is already prominent in 64 

the fields of sports performance [13–15] and sport psychology [12, 16, 17], its implementation in injury risk 65 

research is limited. While this paper specifically discusses non-contact ACL injury risk research, this approach is 66 

also applicable to other domains. This article consists of three parts. First, we describe how movements emerge 67 



through self-organisation and underline the importance of ‘context’ in studying movement behaviour and its 68 

relation to injury situations. Second, we discuss three principles that enhance ACL injury risk research (Figure 69 

1B): preserving the athlete-environment relationship, including behaviour and the playing situation in the injury 70 

causation model, and conducting non-reductionist (i.e. more holistic) analysis. Finally, we conclude with an 71 

example of a study design that adheres to the proposed principles. By providing these principles, we hope to offer 72 

researchers an approach that helps expand the understanding of injury mechanisms and thus contributes to the 73 

development of effective preventive measures. 74 



 75 

Figure 1. Schematic representation of injury risk research as the bridge between real life and knowledge. A) 76 

Limitations of current injury risk research methods are pitfalls that limit the knowledge obtained from these studies. 77 

B) Principles for an ecological dynamics approach to injury risk research. These principles provide a foundation 78 

for research that is more generalizable and less reductionist, expanding the knowledge that is obtained. 79 



2 ‘Context’ and self-organised movements 80 

Human movement can be viewed as the emergent result of the interaction between the athlete and its surrounding 81 

context [18]. The athlete performs in a context that is shaped by three types of constraints; the individual 82 

constraints, the environmental constraints, and the task constraints (Figure 2). Individual-related constraints, for 83 

example, may concern the athlete’s characteristics such as height, weight, limb length, fatigue, or anxiety [19]. 84 

Environmental constraints may include features like the type of terrain, light condition, weather, or boundaries of 85 

the field. Task constraints may include the goal of the task and any rules or objects that specify or constrain the 86 

athlete’s response dynamics, for instance the actions of other players [19]. Together, these constraints shape the 87 

context in which the athlete perceives and acts. Movement in sport is therefore not produced by an isolated athlete, 88 

but emerges from a dynamically varying coupling between the athlete’s characteristics, the stimulus-rich 89 

environment, and the desired actions (i.e. tasks) [20]. 90 

 91 

Figure 2. Movement is the emergent result of the athlete perceiving and acting within a context that is shaped by 92 

its constraints [18]. An adapted figure from Davids et al. [21]. 93 



Adopting this view of movement behaviour has two important consequences for studying movement. First, most 94 

constraints are changeable and in fact may change rapidly (e.g. the relative position of players, fatigue levels, ball 95 

possession). Second, the relationship between the produced movement and the underlying constraints is nonlinear. 96 

To clarify, small changes to individual, task or environmental constraints can cause dramatic changes in movement 97 

patterns [19]. Additionally, changes in different types of constraints can result in the exact same effect on the 98 

movement pattern [22]. Recognising the changeable nature of constraints and the nonlinear relationship between 99 

constraints and movement is essential in studying movement behaviour. 100 

In the process of self-organised movements, perception and action are coupled and cannot be studied in isolation. 101 

Expert athletes are not solely proficient movers, but excel in perceiving information from the environment and 102 

execute actions accordingly [16, 23, 24]. This direct connection between movement and the environment warrants 103 

research at the athlete-environment level. Therefore, if experimental studies intend to investigate game-like 104 

movement behaviour of athletes, aiming to preserve the athlete-environment coupling by adding game-specific 105 

stimuli is essential to elicit generalizable movement patterns [25]. 106 

3 Principles for an ecological dynamics approach 107 

3.1 Preserving the athlete-environment relationship 108 

Athletes in team sports have to quickly perceive not only their own action opportunities but also those of opponents 109 

and teammates, while performing a movement. These continuous actions are performed under time pressure as 110 

movement possibilities emerge and disappear. A non-contact injury is therefore the result of a series of self-111 

organised movements that emerge from the interaction with quickly changing constraints. Video analysis has 112 

shown that non-contact ACL injuries in team sports typically occur when the athlete is in close proximity to an 113 

opponent, while the athlete or the opponent is in possession of the ball [26–28]. To acquire generalizable 114 

information about risk factors and injury mechanisms in these scenarios, experimental research should strive to 115 

present athletes with game-like variables so that the elicited movement is more reflective of the movements in 116 

injury scenarios. 117 

Traditionally, the laboratory-based injury risk studies inherently provide athletes with limited room for self-118 

organisation of their movements. Athletes are usually instructed to move along a predefined trajectory at a certain 119 

speed or to perform a jump in a marked area. Generally, game-like variables, such as interactions between 120 

participants or between the athletes and a ball, are omitted to preserve the standardisation and the repeatability of 121 

the protocol. Instead, participants are often instructed to respond to a simple visual cue that is atypical of the 122 



complex visual stimuli in game situations (e.g. an LED lighting up or an arrow being displayed) [29]. Furthermore, 123 

trials wherein the participant fails to successfully complete the prescribed task are typically discarded. As a 124 

consequence, the movement tasks studied in the lab are different from the movement behaviour that would emerge 125 

from scenarios on the pitch [25]. The poor generalisability of these studies limits a critical step of the ‘Sequence 126 

of Prevention’ model; to identify risk factors and injury mechanisms[10]. 127 

In the last decade, researchers have made efforts to include game-like variables into their experiments. For 128 

instance, some studies have included sport-specific dual-tasks like dribbling, intercepting, or passing a ball during 129 

a change-of-direction manoeuvre [30–33]. Other studies had the athlete respond to an opponent or a video 130 

projection of an opponent in a simulated game scenario [34–37]. In addition to this, rather than discarding 131 

unsuccessful trials, some studies have investigated the underlying coordination of unsuccessful task performance 132 

[38] or used the number of unsuccessful trials as a performance measure [24]. These improvements in methods 133 

are commendable and exemplary steps towards the first principle: preserving the athlete-environment relationship. 134 

However, researchers should remain careful when generalising findings from these studies. Studies should first 135 

specify the context toward which they intend to generalise their findings, and then explain how that context is 136 

represented in their experimental designs [39]. 137 

Researchers that wish to adhere to this principle should consider designing experiments which maintain the athlete-138 

environment coupling by including elements of the sport that are relevant to the game scenario of interest; such as 139 

the ball, other players, and objectives that are related to real game scenarios (e.g. evading, intercepting). Of course, 140 

such experiments are best performed on the field. Developments in wearable inertial sensor technology are now 141 

facilitating performance evaluation on the field rather than in the laboratory [40]. Nevertheless, when investigating 142 

dynamic movements (e.g. jumping), the validity of lower extremity joint kinematics in the frontal and transverse 143 

planes is currently only deemed ‘fair-to-good’ (i.e. on a scale of ‘poor; ‘fair-to-good’; ‘excellent’) and thus 144 

warrants further developments [41]. 145 

Efforts to improve the athlete-environment relationship will likely increase complexity of the dataset due to an 146 

increase in the number of uncontrolled variables. Researchers are therefore challenged with finding the balance 147 

between the preservation of the athlete-environment coupling and the interpretation of the dataset. For instance, 148 

navigating around training dummies introduces more coordinative complexity when compared to preplanned 149 

sidestep cutting. Likewise, replacing training dummies with real opponents adds additional coordinative 150 



complexity, as well as variables related to affordance perception [16]. We advise to take small steps on this 151 

spectrum of athlete-environment preservation, so that it aids the interpretation of the increasingly complex datasets. 152 

3.2 Including behaviour and the playing situation in the injury causation model 153 

It has long been popular to study ACL injury risk using a biomechanical approach [42, 43]. A goal of this approach 154 

is to identify modifiable risk factors that can provide information for prevention strategies [5]. The focus typically 155 

lies on describing biomechanical characteristics at a specific foot contact during a change-of-direction or landing 156 

from a jumping movement [44, 45]. The movement tasks that are investigated are designed to mimic the 157 

movements during which ACL injuries occur. This approach is appropriate for research regarding the internal and 158 

external joint loads of such movement tasks, and it may serve as a ‘stepping stone’ to facilitate the interpretation 159 

of more complex models. However, this approach is incomplete for a comprehensive understanding of actual 160 

injury mechanisms[46]. 161 

ACL injury risk research demands an approach that is based on a more comprehensive injury causation model. In 162 

2005, Bahr and Krosshaug [47] proposed a conceptual model describing the factors that contribute to the inciting 163 

event of an injury. According to this model, the description of an inciting event should not only include information 164 

about the biomechanical characteristics, but also about the playing situation and the behaviour of the athlete and 165 

other players. Descriptive video analyses have shown that athlete behaviour and playing situations are highly sport-166 

specific [48, 49]. This highlights the importance of athlete behaviour and playing situations in the inciting event 167 

of injury and thus supports the inclusion of these factors in the injury causation model that researchers adopt. 168 

To determine the effects of player behaviour and playing situations on injury risk, we suggest designing 169 

experiments that preserve the athlete-environment relationship while considering factors such as perceptual skills 170 

and decision making of the athletes (e.g [50]) For instance, by studying the visual exploratory behaviour of athletes, 171 

it might be possible to link visual exploratory behaviour prior to an action with the biomechanical characteristics 172 

during the action [51]. Taken together, adopting this comprehensive injury causation model likely expands our 173 

understanding of injury risk and thus may inform new prevention strategies. 174 

3.3 Comprehensive movement analysis requires non-reductionist methods 175 

A movement pattern is a series of movements over time. The reduction of this time series during analysis needs to 176 

retain the information of interest regarding the research questions. In injury risk studies, researchers typically 177 



analyse the kinematics of movements using linear descriptives such as means, ranges and standard deviations. The 178 

results are often joint-specific snapshots of the mechanical properties during short time windows, e.g. peak knee 179 

valgus moment during weight acceptance [11]. Researchers then compare the kinematics or kinetics to examine 180 

differences between groups, interventions, conditions, or exercises. In this section, we will describe how this 181 

‘reductionist analysis’ often reduces the data to such an extent that it discards important information regarding 182 

injury risk. We then discuss how the use of linear descriptives overlooks relevant information and propose a few 183 

non-reductionist (i.e. more holistic) methods that provide profound information that helps our understanding of 184 

injury risk mechanisms.  185 

The reduction of a series of movements to a short time window neglects information regarding preceding 186 

movement behaviour. By doing so, information regarding movement strategies that constitute safe biomechanical 187 

characteristics is neglected. Alternatively, safe biomechanics may have involved unsafe preceding movement 188 

behaviour. For example, the penultimate step of a change-of-direction has shown to provide important information 189 

for the description of the movement behaviour prior to an injury [52]. Including the previous steps into the window 190 

of analysis provides information regarding movement strategies that facilitate the biomechanics at final contact. 191 

By expanding the measurement window, the information that constitutes the variable of interest is retained. This 192 

allows for the extraction of information regarding safe movement strategies which is essential for informing 193 

prevention programmes. An example of a linear analysis method that is appropriate for analysing time series is 194 

statistical parametric mapping (SPM) [53]. 195 

Experimental studies usually collect their data through multiple trials of a movement task. As movement patterns 196 

differ between trials [54], within-person movement variability is ever present in the data. The kinematic study of 197 

movements therefore inevitably involves movement variability. Traditionally, variability is considered noise and 198 

quantified as the deviation from the mean [54]. There are a few important limitations in the analysis of movement 199 

variability using linear descriptives. First, the use of linear descriptives assumes that lower variability equals a 200 

more stable system with less noise. However, there are examples where movements with high variability are more 201 

deterministic (i.e. predictable variability), which shows greater stability in a movement [54, 55]. Variability 202 

therefore requires a measure other than the standard deviation to describe the stability of movement patterns. 203 

Second, linear descriptives reduce a time series to a single description, discarding any information regarding the 204 

temporal structure of variability [54]. Third, the comparison of effects between groups can be inaccurate, as within-205 

person variability may be higher than between-group variability [56, 57]. Fourth, when assessing the effect of a 206 



constraint on a movement task, the effect can differ between individuals, which violates the assumption of 207 

homogeneity of linear testing models [57]. 208 

Human movement is inherently variable and this plays a vital role in the adaptability and coordination of the 209 

movement system [58]. There are a few analysis methods that provide profound information that linear analysis 210 

methods do not provide. First, the uncontrolled manifold (UCM) hypothesis relates variability towards a 211 

performance variable that the movement system aims to control [59]; variability is divided into variability that 212 

affects the performance variable and variability that does not. This way, UCM-based analysis does not solely 213 

quantify variability, but offers the possibility to relate it to a performance measure of movement [59]. Second, the 214 

Lyapunov exponent gives a description of the stability of the system in repeating movements, offering the 215 

possibility to measure stability in a variable movement pattern [54]. For example, a decrease in functional 216 

responsiveness (i.e. the response to a perturbation) has been shown in the ACL-deficient knee of athletes using 217 

Lyapunov exponents [60]. Third, entropy analysis methods such as the approximate [61], multiscale [62], or 218 

sample entropy [63], allow for the description of the rigidness of the system [54, 64]. By comparing the rigidness 219 

of a system between conditions, the effect of the condition can be described while within-movement variability is 220 

not neglected. For example, increased variability has been revealed in the acceleration of rugby players in a ball 221 

situation compared to a no-ball situation [62]. 222 

The use of non-reductionist analysis methods such as the UCM, Lyapunov exponent, and entropy analysis provides 223 

profound information regarding the coordination of the motor system and its response dynamics that linear 224 

measures do not provide. For example, approximate entropy analysis found significant differences in postural 225 

control between previously concussed participants and healthy controls, while the initial analysis using linear 226 

statistics deemed participants to be recovered of their concussion [61]. However, despite their value, there are 227 

limitations to the use of these methods. For instance, the sample entropy analysis of biomechanics in cyclical 228 

movements is sensitive to changes in the trajectory of the movement [63]. Likewise, the calculation of the 229 

Lyapunov exponent requires repeated movements within a trial. To add, most non-reductionist methods require a 230 

larger sample size to correctly analyse variability (e.g. [65, 66]). Nevertheless, expanding the toolkit used in injury 231 

risk research with non-reductionist methods in appropriate situations will allow researchers to extract information 232 

which linear measures otherwise neglect. As a result, it will improve the understanding of the relationship between 233 

the coordination of the motor system, the role of movement variability, constraints and injury risk. 234 

4 A study design that adheres to these three principles 235 



To exemplify the use of these principles, let us imagine a study that aims to examine the effect of fatigue on the 236 

kinematics of sidestep cutting in a ball vs. no ball condition, aimed towards football research. The athlete-237 

environment coupling would be preserved by capturing kinematic data on the football pitch using inertial sensors. 238 

Participants would perform sidestep cuts around training-dummies, allowing for the movement to self-organise 239 

closer to how it would in real matches. The real-world constraints would be mimicked by inducing sport specific 240 

fatigue through a football match simulation [67]. The study would include behaviour and the playing situation to 241 

the injury causation model by investigating a potential confounding or mediating effect of visual exploratory 242 

behaviour by testing conditions with and without ball possession. Furthermore, the study would comply with the 243 

principle of non-reductionist analysis by complementing linear descriptives with an UCM analysis. Using the 244 

UCM analysis, changes in the variability of joint-angles can be related to a control strategy such as the stability of 245 

the centre of mass of the athlete [68]. This analysis may identify mechanisms between fatigue and unstable 246 

movements. Such mechanisms may lead to the identification of novel risk factors, which can then be used to 247 

identify players that are at increased risk of fatigue-induced injury. The results of the study would be discussed in 248 

the context of the experiment and related to the context of the performance environment [14]. As changes in 249 

behaviour are non-linearly related to movements (see section 2), an explicit description of the context of the 250 

experiment would be required, allowing for a better comparison of effects between studies and providing 251 

suggestions for future research. 252 

5 Conclusion 253 

This paper presents an ecological dynamics approach to injury risk research through three principles. It is important 254 

to realise that the implementation of only one of these three principles will not yield the desired effect. For example, 255 

maintaining the athlete-environment coupling whilst using only linear measures will still neglect relevant 256 

information. Using non-reductionist (i.e. more holistic) methods in a non-representative lab setting does not 257 

provide profound information regarding the performance context, limiting the generalisability of the results. 258 

Similarly, limiting the research scope with a strictly biomechanical approach to injury causation prevents the 259 

possibility to span results across relevant fields. Thus, the implementation of this ecological dynamics approach 260 

warrants a simultaneous consideration of all three principles. 261 

Undoubtedly, conducting research according to these theoretical principles poses practical challenges that warrants 262 

attention. Firstly, efforts to preserve the athlete-environment relationship may increase the complexity of datasets. 263 

Researchers should therefore take small steps in preserving the athlete-environment relationship in order to aid the 264 



interpretation of these increasingly complex datasets. Secondly, when including playing situations and behaviour 265 

in the injury causation model, it may help to form multidisciplinary research groups (e.g. biomechanists, sport 266 

psychologists, coaches/trainers) and learn from each other's perspectives. Thirdly, to correctly implement non-267 

reductionist analyses, researchers should adjust their study designs so that they meet the requirements of the 268 

analysis methods (e.g. sufficient sample size, appropriate measurement window). By collaborating with 269 

statisticians, mathematicians, or other experts, researchers can explore the wealth of available methods to find 270 

appropriate analyses for their research questions. We believe that studies using this approach will be more 271 

generalizable and less reductionist. This results in improved understanding about risk factors and injury 272 

mechanisms, thereby contributing to the sequence of prevention. 273 

Declarations 274 

Funding No funding was provided for this manuscript. 275 

Conflict of interest The authors declare no conflicts of interest for this paper. 276 

Author contributions Bolt and Heuvelmans wrote the manuscript. Benjaminse, Gokeler, and Robinson provided 277 

comments and edits for the manuscript.  278 



References 279 

1.  Cochrane JL, Lloyd DG, Buttfield A, et al (2007) Characteristics of anterior cruciate ligament injuries in 280 
Australian football. J Sci Med Sport 10:96–104. https://doi.org/10.1016/j.jsams.2006.05.015 281 

2.  Ardern CL, Webster KE, Taylor NF, Feller JA (2011) Return to the preinjury level of competitive sport 282 
after anterior cruciate ligament reconstruction surgery: Two-thirds of patients have not returned by 12 283 
months after surgery. Am J Sports Med 39:538–543. https://doi.org/10.1177/0363546510384798 284 

3.  Stewart BA, Momaya AM, Silverstein MD, Lintner D (2017) The Cost-Effectiveness of Anterior 285 
Cruciate Ligament Reconstruction in Competitive Athletes. Am J Sports Med 45:23–33. 286 
https://doi.org/10.1177/0363546516664719 287 

4.  Shelbourne KD, Benner RW, Gray T (2017) Results of Anterior Cruciate Ligament Reconstruction With 288 
Patellar Tendon Autografts: Objective Factors Associated With the Development of Osteoarthritis at 20 289 
to 33 Years After Surgery. Am J Sport Med 45:2730–2738. https://doi.org/10.1177/0363546517718827 290 

5.  Hewett TE, Myer GD, Ford KR, et al (2016) Mechanisms, Prediction, and Prevention of ACL Injuries: 291 
Cut Risk With Three Sharpened and Validated Tools. J Orthop Res 34:1843–1855. 292 
https://doi.org/10.1002/jor.23414 293 

6.  Hewett TE, Myer GD, Ford KR, et al (2005) Biomechanical measures of neuromuscular control and 294 
valgus loading of the knee predict anterior cruciate ligament injury risk in female athletes: A prospective 295 
study. Am J Sports Med 33:492–501. https://doi.org/10.1177/0363546504269591 296 

7.  Zebis MK, Andersen LL, Bencke J, et al (2009) Identification of athletes at future risk of anterior 297 
cruciate ligament ruptures by neuromuscular screening. Am J Sports Med 37:1967–1973. 298 
https://doi.org/10.1177/0363546509335000 299 

8.  Krosshaug T, Steffen K, Kristianslund E, et al (2016) The Vertical Drop Jump Is a Poor Screening Test 300 
for ACL Injuries in Female Elite Soccer and Handball Players. Am J Sports Med 44:874–883. 301 
https://doi.org/10.1177/0363546515625048 302 

9.  Leppänen M, Rossi MT, Parkkari J, et al (2020) Altered hip control during a standing knee-lift test is 303 
associated with increased risk of knee injuries. Scand J Med Sci Sport 30:922–931. 304 
https://doi.org/10.1111/sms.13626 305 

10.  van Mechelen W, Hlobil H, Kemper HCG (1992) Incidence, severity, aetiology and prevention of sports 306 
injuries. Sport Med 14:82–99 307 

11.  Shultz SJ, Schmitz RJ, Benjaminse A, et al (2015) ACL research retreat VII: An update on anterior 308 
cruciate ligament injury risk factor identification, screening, and prevention March 19-21, 2015; 309 
Greensboro, nc. J Athl Train 50:1076–1093. https://doi.org/10.4085/1062-6050-50.10.06 310 

12.  Renshaw I, Davids K, Araújo D, et al (2019) Evaluating weaknesses of “perceptual-cognitive training” 311 
and “brain training” methods in sport: An ecological dynamics critique. Front Psychol 9:. 312 
https://doi.org/10.3389/fpsyg.2018.02468 313 



13.  Seifert L, Button C, Davids K (2013) Key properties of expert movement systems in sport: An ecological 314 
dynamics perspective. Sport Med 43:167–178. https://doi.org/10.1007/s40279-012-0011-z 315 

14.  Davids K, Araújo D, Seifert L, Orth D (2015) An ecological dynamics perspective. In: Routledge 316 
Handbook of Sport Expertise. pp 130–144 317 

15.  Woods CT, Jarvis J, Mckeown I (2019) Differences between Elite and Semi-Elite Australian Ecological 318 
Dynamics. Sports 7:. https://doi.org/10.3390/sports7070159 319 

16.  Araújo D, Hristovski R, Seifert L, et al (2019) Ecological cognition: expert decision-making behaviour 320 
in sport. Int Rev Sport Exerc Psychol 12:1–25. https://doi.org/10.1080/1750984X.2017.1349826 321 

17.  Otte FW, Davids K, Millar SK, Klatt S (2020) When and How to Provide Feedback and Instructions to 322 
Athletes?—How Sport Psychology and Pedagogy Insights Can Improve Coaching Interventions to 323 
Enhance Self-Regulation in Training. Front Psychol 11:1–14. https://doi.org/10.3389/fpsyg.2020.01444 324 

18.  Newell KM, Van Emmerik REA, McDonald P V. (1989) Biomechanical constraints and action theory. 325 
Reaction to G.J. van Ingen Schenau (1989). Hum Mov Sci 8:403–409. https://doi.org/10.1016/0167-326 
9457(89)90045-6 327 

19.  Renshaw I, Chow JY, Davids K, Hammond J (2010) A constraints-led perspective to understanding skill 328 
acquisition and game play: A basis for integration of motor learning theory and physical education 329 
praxis? Phys Educ Sport Pedagog 15:117–137. https://doi.org/10.1080/17408980902791586 330 

20.  Araújo D, Davids K (2011) What exactly is acquired during skill acquisition? J Conscious Stud 18:7–23 331 

21.  Davids K, Glazier P, Ara D, Bartlett R (2003) Movement Systems As Dynamical Systems: The 332 
Functional Role Of Variability And Its Implications For Sports Medicine. Sport Med 33:245–260. 333 
https://doi.org/10.2165/00007256-200333040-00001 334 

22.  Schmidt RC, Carello C, Turvey MT (1990) Phase transitions and critical fluctuations in the visual 335 
coordination of rhythmic movements between people. J Exp Psychol Hum Percept Perform 16:227–247. 336 
https://doi.org/10.1037//0096-1523.16.2.227 337 

23.  Lee MJC, Lloyd DG, Lay BS, et al (2013) Effects of different visual stimuli on postures and knee 338 
moments during sidestepping. Med Sci Sport Exerc 45:1740–1748. 339 
https://doi.org/10.1249/MSS.0b013e318290c28a 340 

24.  Lee MJC, Lloyd DG, Lay BS, et al (2017) Different visual stimuli affect body reorientation strategies 341 
during sidestepping. Scand J Med Sci Sport 27:492–500. https://doi.org/10.1111/sms.12668 342 

25.  McGuckian TB, Cole MH, Pepping GJ (2018) A systematic review of the technology-based assessment 343 
of visual perception and exploration behaviour in association football. J Sports Sci 36:861–880. 344 
https://doi.org/10.1080/02640414.2017.1344780 345 

26.  Olsen OE, Myklebust G, Engebretsen L, Bahr R (2004) Injury mechanisms for anterior cruciate ligament 346 
injuries in team handball: a systematic video analysis. Am J Sport Med 32:1002–1012. 347 



https://doi.org/10.1177/0363546503261724 348 

27.  Boden BP, Torg JS, Knowles SB, Hewett TE (2009) Video analysis of anterior cruciate ligament injury: 349 
Abnormalities in hip and ankle kinematics. Am J Sports Med 37:252–259. 350 
https://doi.org/10.1177/0363546508328107 351 

28.  Brophy RH, Stepan JG, Silvers HJ, Mandelbaum BR (2015) Defending Puts the Anterior Cruciate 352 
Ligament at Risk During Soccer: A Gender-Based Analysis. Sports Health 7:244–249. 353 
https://doi.org/10.1177/1941738114535184 354 

29.  Besier TF, Lloyd DG, Ackland TR, Cochrane JL (2001) Anticipatory effects on knee joint loading 355 
during running and cutting maneuvers. Med Sci Sport Exerc 33:1176–1181. 356 
https://doi.org/10.1097/00005768-200107000-00015 357 

30.  Chan MS, Huang CF, Chang JH, Kernozek TW (2009) Kinematics and kinetics of knee and hip position 358 
of female basketball players during side-step cutting with and without dribbling. J Med Biol Eng 359 
29:178–183 360 

31.  Fedie R, Carlstedt K, Willson JD, Kernozek TW (2010) Effect of attending to a ball during a side-cut 361 
maneuver on lower extremity biomechanics in male and female athletes. Sport Biomech 9:165–177. 362 
https://doi.org/10.1080/14763141.2010.502241 363 

32.  Almonroeder TG, Kernozek T, Cobb S, et al (2019) Divided attention during cutting influences lower 364 
extremity mechanics in female athletes. Sport Biomech 18:264–276. 365 
https://doi.org/10.1080/14763141.2017.1391327 366 

33.  Monfort SM, Pradarelli JJ, Grooms DR, et al (2019) Visual-Spatial Memory Deficits Are Related to 367 
Increased Knee Valgus Angle During a Sport-Specific Sidestep Cut. Am J Sport Med 47:1488–1495. 368 
https://doi.org/10.1177/0363546519834544 369 

34.  Fujii K, Shinya M, Yamashita D, et al (2014) Anticipation by basketball defenders: an explanation based 370 
on the three-dimensional inverted pendulum model. Eur J Sport Sci 14:538–546. 371 
https://doi.org/10.1080/17461391.2013.876104 372 

35.  Fujii K, Yamashita D, Kimura T, et al (2015) Preparatory Body State before Reacting to an Opponent: 373 
Short-Term Joint Torque Fluctuation in Real-Time Competitive Sports. PLoS One 10:e0128571. 374 
https://doi.org/10.1371/journal.pone.0128571 375 

36.  Spiteri T, Hart NH, Nimphius S (2014) Offensive and defensive agility: a sex comparison of lower body 376 
kinematics and ground reaction forces. J Appl Biomech 30:514–520. https://doi.org/10.1123/jab.2013-377 
0259 378 

37.  Lee MJC, Lloyd DG, Lay BS, et al (2019) Different visual stimuli affect muscle activation at the knee 379 
during sidestepping. J Sport Sci 37:1123–1128. https://doi.org/10.1080/02640414.2018.1545276 380 

38.  DiCesare CA, Bonnette S, Myer GD, Kiefer AW (2019) Differentiating Successful and Unsuccessful 381 
Single-Leg Drop Landing Performance Using Uncontrolled Manifold Analysis. Motor Control 24:75–382 



90. https://doi.org/10.1123/mc.2017-0076 383 

39.  McGuckian TB, Cole MH, Jordet G, et al (2018) Don’t turn blind! The relationship between exploration 384 
before ball possession and on-ball performance in association football. Front Psychol 9:1–13. 385 
https://doi.org/10.3389/fpsyg.2018.02520 386 

40.  Camomilla V, Bergamini E, Fantozzi S, Vannozzi G (2018) Trends supporting the in-field use of 387 
wearable inertial sensors for sport performance evaluation: A systematic review. Sensors (Switzerland) 388 
18:. https://doi.org/10.3390/s18030873 389 

41.  Al-Amri M, Nicholas K, Button K, et al (2018) Inertial measurement units for clinical movement 390 
analysis: Reliability and concurrent validity. Sensors (Switzerland) 18:1–29. 391 
https://doi.org/10.3390/s18030719 392 

42.  Fung Y (1993) Accidental injury: biomechanics and prevention. Springer-Verlag, New York 393 

43.  Whiting WC, Zernicke RF (1998) Biomechanics of musculoskeletal injury. Human Kinetics 394 

44.  Nedergaard NJ, Dalbø S, Petersen SV, et al (2020) Biomechanical and neuromuscular comparison of 395 
single- and multi-planar jump tests and a side-cutting maneuver: Implications for ACL injury risk 396 
assessment. Knee 27:324–333. https://doi.org/10.1016/j.knee.2019.10.022 397 

45.  Peebles AT, Dickerson LC, Renner KE, Queen RM (2020) Sex-based differences in landing mechanics 398 
vary between the drop vertical jump and stop jump. J Biomech 105:109818. 399 
https://doi.org/10.1016/j.jbiomech.2020.109818 400 

46.  Nilstad A, Petushek E, Mok KM, et al (2021) Kiss goodbye to the ‘kissing knees’: no association 401 
between frontal plane inward knee motion and risk of future non-contact ACL injury in elite female 402 
athletes. Sport Biomech 00:1–15. https://doi.org/10.1080/14763141.2021.1903541 403 

47.  Bahr R, Krosshaug T (2005) Understanding injury mechanisms: A key component of preventing injuries 404 
in sport. Br J Sports Med 39:324–329. https://doi.org/10.1136/bjsm.2005.018341 405 

48.  Carlson VR, Sheehan FT, Boden BP (2016) Video analysis of anterior cruciate ligament (ACL) injuries: 406 
A systematic review. JBJS Rev 4:e5. https://doi.org/10.2106/JBJS.RVW.15.00116 407 

49.  Della Villa F, Buckthorpe M, Grassi A, et al (2020) Systematic video analysis of ACL injuries in 408 
professional male football (soccer): injury mechanisms, situational patterns and biomechanics study on 409 
134 consecutive cases. Br J Sports Med 1–10. https://doi.org/10.1136/bjsports-2019-101247 410 

50.  Hughes G, Dai B (2021) The influence of decision making and divided attention on lower limb 411 
biomechanics associated with anterior cruciate ligament injury: a narrative review. Sport Biomech 00:1–412 
16. https://doi.org/10.1080/14763141.2021.1898671 413 

51.  Wilkerson GB, Simpson KA, Clark RA (2017) Assessment and training of visuomotor reaction time for 414 
football injury prevention. J Sport Rehabil 26:26–34. https://doi.org/10.1123/jsr.2015-0068 415 

52.  Jones PA, Herrington L, Graham-Smith P (2016) Braking characteristics during cutting and pivoting in 416 



female soccer players. J Electromyogr Kinesiol 30:46–54. https://doi.org/10.1016/j.jelekin.2016.05.006 417 

53.  Pataky TC, Vanrenterghem J, Robinson MA (2015) Zero- vs. one-dimensional, parametric vs. non-418 
parametric, and confidence interval vs. hypothesis testing procedures in one-dimensional biomechanical 419 
trajectory analysis. J Biomech 48:1277–1285. https://doi.org/10.1016/j.jbiomech.2015.02.051 420 

54.  Stergiou N, Decker LM (2011) Human movement variability, nonlinear dynamics, and pathology: Is 421 
there a connection? Hum Mov Sci 30:869–888. https://doi.org/10.1016/j.humov.2011.06.002 422 

55.  Strongman C, Morrison A (2020) A scoping review of non-linear analysis approaches measuring 423 
variability in gait due to lower body injury or dysfunction. Hum Mov Sci 69:. 424 
https://doi.org/10.1016/j.humov.2019.102562 425 

56.  Fisher AJ, Medaglia JD, Jeronimus BF (2018) Lack of group-to-individual generalizability is a threat to 426 
human subjects research. Proc Natl Acad Sci U S A 115:E6106–E6115. 427 
https://doi.org/10.1073/pnas.1711978115 428 

57.  Glazier PS, Mehdizadeh S (2019) Challenging Conventional Paradigms in Applied Sports Biomechanics 429 
Research. Sport Med 49:171–176. https://doi.org/10.1007/s40279-018-1030-1 430 

58.  Bartlett R, Wheat J, Robins M (2007) Is movement variability important for sports biomechanists? Sport 431 
Biomech 6:224–243. https://doi.org/10.1080/14763140701322994 432 

59.  Latash ML, Scholz JP, Schöner G (2002) Motor Control Strategies Revealed in the Structure. Exerc 433 
Sport Sci Rev 30:26–31. https://doi.org/10.1097/00003677-200201000-00006 434 

60.  Moraiti C, Stergiou N, Ristanis S, Georgoulis AD (2007) ACL deficiency affects stride-to-stride 435 
variability as measured using nonlinear methodology. Knee Surgery, Sport Traumatol Arthrosc 15:1406–436 
1413. https://doi.org/10.1007/s00167-007-0373-1 437 

61.  Cavanaugh JT, Guskiewicz KM, Giuliani C, et al (2006) Recovery of Postural Control After Cerebral 438 
Concussion: New Insights Using Approximate Entropy. J Athl Train 41:305–313 439 

62.  Moras G, Fernández-Valdés B, Vázquez-Guerrero J, et al (2018) Entropy measures detect increased 440 
movement variability in resistance training when elite rugby players use the ball. J Sci Med Sport 441 
21:1286–1292. https://doi.org/10.1016/j.jsams.2018.05.007 442 

63.  Morrison A, Hale J, Brown S (2019) Joint range of motion entropy changes in response to load carriage 443 
in military personnel. Hum Mov Sci 66:249–257. https://doi.org/10.1016/j.humov.2019.04.014 444 

64.  Costa M, Goldberger AL, Peng CK (2005) Multiscale entropy analysis of biological signals. Phys Rev E 445 
- Stat Nonlinear, Soft Matter Phys 71:1–18. https://doi.org/10.1103/PhysRevE.71.021906 446 

65.  Rosenblatt NJ, Hurt CP (2019) Recommendation for the minimum number of steps to analyze when 447 
performing the uncontrolled manifold analysis on walking data. J Biomech 85:218–223. 448 
https://doi.org/10.1016/j.jbiomech.2019.01.018 449 

66.  Robinson MA, Vanrenterghem J, Pataky TC (2021) Sample size estimation for biomechanical 450 



waveforms : Current practice , recommendations and a comparison to discrete power analysis. J Biomech 451 
122:110451. https://doi.org/10.1016/j.jbiomech.2021.110451 452 

67.  Azidin RM, Sankey S, Drust B, et al (2015) Effects of treadmill versus overground soccer match 453 
simulations on biomechanical markers of anterior cruciate ligament injury risk in side cutting. J Sport Sci 454 
33:1332–1341. https://doi.org/10.1080/02640414.2014.990491 455 

68.  Papi E, Rowe PJ, Pomeroy VM (2015) Analysis of gait within the uncontrolled manifold hypothesis: 456 
Stabilisation of the centre of mass during gait. J Biomech 48:324–331. 457 
https://doi.org/10.1016/j.jbiomech.2014.11.024 458 

 459 


