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Abstract: The aim of the present study was to investigate if the presence of anterior cruciate ligament
(ACL) injury risk factors depicted in the laboratory would reflect at-risk patterns in football-specific
field data. Twenty-four female footballers (14.9 ± 0.9 year) performed unanticipated cutting ma-
neuvers in a laboratory setting and on the football pitch during football-specific exercises (F-EX)
and games (F-GAME). Knee joint moments were collected in the laboratory and grouped using
hierarchical agglomerative clustering. The clusters were used to investigate the kinematics collected
on field through wearable sensors. Three clusters emerged: Cluster 1 presented the lowest knee
moments; Cluster 2 presented high knee extension but low knee abduction and rotation moments;
Cluster 3 presented the highest knee abduction, extension, and external rotation moments. In F-EX,
greater knee abduction angles were found in Cluster 2 and 3 compared to Cluster 1 (p = 0.007).
Cluster 2 showed the lowest knee and hip flexion angles (p < 0.013). Cluster 3 showed the greatest
hip external rotation angles (p = 0.006). In F-GAME, Cluster 3 presented the greatest knee external
rotation and lowest knee flexion angles (p = 0.003). Clinically relevant differences towards ACL injury
identified in the laboratory reflected at-risk patterns only in part when cutting on the field: in the
field, low-risk players exhibited similar kinematic patterns as the high-risk players. Therefore, in-lab
injury risk screening may lack ecological validity.

Keywords: ACL; football; injury prevention; agility; wearable sensors; agglomerative clustering;
ecological dynamics

1. Introduction

Anterior cruciate ligament (ACL) rupture is one of the most devastating musculoskele-
tal injuries in sport population and has both short- and long-term consequences for an
athlete’s health and sport career [1,2]. In football (soccer, https://www.fifa.com/, accessed
on 9 February 2023), non-contact ACL injuries in females typically occur during dynamic
movements such as rapid deceleration or change of direction while pressing [3,4]). The
actual injury is the result from a dynamically varying interaction among the player’s
characteristics, the stimulus-rich environment and the desired actions [3,5,6].

Establishing ACL injury risk during cutting movements has traditionally been per-
formed in relatively standardized laboratory environments [7,8]. This current paradigm
inherently assumes that cutting biomechanics is independent of a sport-specific context.
Laboratory results show increased hip and knee abduction moments during unanticipated
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cutting tasks [9] and in the presence of a defender [10] compared to anticipated ones.
Even though these efforts provide insight into what adding sport-specific elements does to
movement, the ecological validity can still be questioned [5,11–13].

As movement emerges per definition from the interaction with the environment [14],
the information we receive from this constrained type of testing may not be valid. Therefore,
we have recently advocated to assess players’ motion in their ecological environment [5].
This is because more and more evidence is emerging showing that how athletes move in
a relatively standardized environment is still not so informative for the motor strategy
they adopt in a sport-specific context [13]. For example, kinematic differences, i.e., lower
sagittal plane knee range of motion during agility movements, has been shown on the field
compared to in the laboratory [13]. These differences pertain to observed on-field ACL
injury mechanisms [3,4] and prevention strategies.

Therefore, measuring movement in an ecological valid environment may potentially
reshape the current definition of high-risk biomechanics according to real environment
data instead of laboratory data only. Thus, to examine whether athletes have a risk profile
for ACL injury, it is advised to examine how they move on the field, the place where the
actual ACL injuries occur, i.e., preserve the athlete–environment relationship [5].

Thus far, studies either collected data from the laboratory or on the field. To the best
of the authors’ knowledge, a cohort of athletes have not been tested both in the laboratory
and on the field. Such an analysis may help reshaping the current definition of high-risk
biomechanics in ACL injury prevention.

Thus, the aim of the present study was to investigate if the presence of ACL injury
risk factors depicted in the laboratory would reflect at-risk patterns in football-specific field
data in female footballers. It was hypothesized that clinically relevant differences toward
ACL injury risk seen in the laboratory would only partially reflect risk patterns in the field.

2. Materials and Methods
2.1. Participants

All procedures were approved by the Medical Ethical Committee of the Blinded for
submission (ID number: Blinded for submission). All players and their parents/legal
guardians signed informed consent before inclusion. Twenty-four healthy female highly
talented female football (soccer) players (mean age 14.9 ± 0.9 year, height 167.9 ± 4.8 cm,
mass 56.4 ± 7.3 kg) were included. All players were signed to a highest or second highest
level football team of the Blinded for submission. Players’ engagement consisted in four
to five training sessions (average training session time: 75 min) and one official game per
week. Players’ dominant leg was identified as the preferred leg to jump and land with.
Twenty players were identified as right dominant. The power analysis revealed a minimum
of 17 players to have a power of 0.80 considering a partial eta squared of 0.10 (medium
effect) and an alpha of 0.05 (G*Power v3.1.9).

2.2. Data Collection

Data collected were held during the regular football season (September–December and
February–May). For the laboratory task, anthropometric measures were collected for each
player. Sixteen reflective markers were placed according to the Vicon Plug-in-Gait lower
body model (Vicon Motion Systems, INC., Centennial, CO, USA). Five additional trunk
markers were placed on the sternum, clavicle, C7, T10, and right scapula. A static calibration
(T-pose on the force plates) was then performed according to manufacturer’s guidelines
(Bertec Corporation, Columbus, OH, USA) [15]. A 100 Hz eight camera motion analysis
system (Vicon Motion Systems, INC., Centennial, CO, USA), Vicon Nexus Software (version
2.7 Motions Systems, INC., Centennial, CO, USA), and two 1000 Hz force plates were used
to capture trunk and lower body kinematics and vertical ground reaction force (vGRF) data.
Previous research has shown high test-retest repeatability and good measurement accuracy
of Vicon motion analysis [16,17].
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Kinematic data of the on-field tasks were collected using Xsens MVN Analyze system
(Xsens Technologies, Enschede, The Netherlands). The full description of this part of the
data collection is described in our previous study [13].

2.3. Agility Task

The laboratory and on-field tasks to be performed by the players are described in our
previous study [13]. In short, players executed unanticipated sidestep cutting movements
in the laboratory and on-field either the same day or within a few days. Players used a 5-m
approach run followed by a 1-foot landing with the dominant (kicking) leg and a 40–50◦

change in the direction followed by running through a gate 5 m away in the laboratory.
Five trials of the task were collected. The task was a mirror exercise in which the player
had to respond as quick and accurate as possible to unanticipated changes of direction by
a buddy.

On-field tasks were recorded during regular training sessions. Agility movements
were divided into two conditions: exercise (F-EX) and game (F-GAME). The F-EX included
all the most frequent football-specific elements: single and double leg jumping and landing,
running, cutting, deceleration, and passing. Unexpected elements including the presence of
the ball and/or an opponent were always included (e.g., anticipate a defender while chang-
ing direction). The F-GAME consisted in a training match (11 vs. 11 players) performed at
the end of the training session [13].

2.4. Data Processing and Statistical Analysis

Laboratory data of the knee in all three directions were extracted and filtered with a
fourth order-zero lag Butterworth low-pass filter at 10 Hz. The external knee moments were
normalized to body mass. The joint kinematics collected on the field for knee, hip, ankle,
and pelvis in all three directions were extracted from the Xsens MVN Analyze 2020.0.1
software suite (Xsens Technologies, Enschede, The Netherlands) and further processed in
a customized script in MATLAB (The MathWorks, Natick, MA, USA). Joint angles were
defined using the Euler sequence ZXY.

For the field, unanticipated sidestep cuts between 30◦ and 60◦ were isolated through
visual inspection of the Center of Mass trajectory [18]. The ultimate foot contact before the
change of direction was extracted and data were normalized from 50 ms prior to the initial
contact (0%) to 25 ms after the toe-off (100%) [4,19]. The initial contact (IC) and the toe-off
(TO) were found on average at 15.5% and 93.5% of the overall time window, respectively.
The cut speed of each trial was computed through the Center of Mass velocity parameter.
Overall, 280 valid trials (88 for the laboratory—LAB, 111 F-EX, and 81 F-GAME) were
included in the final analysis.

Players were clustered according to the analysis of knee kinetics collected in the labo-
ratory environment. The knee kinetics were used to be coherent with previous prospective
studies assessing the ACL injury risk in football players [20,21]. The discrete wavelet
transform with the Haar wavelet was used to decompose the signals and the hierarchi-
cal agglomerative clustering based on Ward’s linkage method which was used to group
together the trials with the most similar features [22–24]. The clusters were then used to
investigate the data collected on the field through the one-way ANOVA with hierarchical
two-level random effect model in Statistical Parametric Mapping 1D (SPM1D). Players
were included in the model as a random effect. The experimental flow chart has been
summarized in Supplementary Materials.

3. Results
3.1. Laboratory-Based Clustering

Three clusters emerged from the Haar wavelet analysis (Figure 1).



Sensors 2023, 23, 2176 4 of 13

Sensors 2022, 22, x FOR PEER REVIEW  4  of  15 
 

 

3. Results 

3.1. Laboratory‐Based Clustering 

Three clusters emerged from the Haar wavelet analysis (Figure 1). 

 

Figure 1. Knee kinetics clusters based on Haar wavelet collected in laboratory. Data are normalized 

over the stance phase of the change of direction and are presented as mean (solid lines) and standard 

deviation  (shadow). Abbreviations: KAM = knee abduction moment  (blue, negative: abduction); 

KIM = knee internal rotation moment (red, negative: external); KFM = knee flexion moment (green, 

negative: extension). 

Cluster 1 included 61 trials (13 players) and presented the lowest peak knee moments 

at IC in frontal, sagittal, and transverse planes. Players in this cluster were thus considered 

at “low‐risk”. Cluster 2 included 18 trials (7 players) and presented high knee extension 

moments peak at IC but low knee abduction and rotation moments. Players in this cluster 

were thus considered at “mid‐risk”. Cluster 3 included 9 trials (4 players) and presented 

the  highest  knee  abduction,  extension moment,  and  external  rotation moments  at  IC. 

Players in this cluster were thus considered at “high‐risk” (Figure 1). 

The three clusters differed in terms of average speed (p = 0.028, eta‐squared= 0.08), 

with Cluster 1 (4.37 ± 0.41 m/s) moving slower than Cluster 2 (4.60 ± 0.29 m/s) and Cluster 

3 (4.61 ± 0.17 m/s). 

3.2. Field Data—Exercise Kinematics 

At the knee joint, differences among the clusters were mainly found in the first 40% 

of the time window,  i.e., at IC and during weight acceptance (Figure 2). On the frontal 

plane, Clusters 2 and 3 exhibited greater knee abduction than Cluster 1 (p = 0.007). On the 

transverse plane, Cluster 3 exhibited lower knee internal rotation than the other clusters 

(p < 0.001). On the sagittal plane, Cluster 2 exhibited  lower knee flexion than the other 

clusters at IC and up to peak knee flexion (p < 0.001). 

Figure 1. Knee kinetics clusters based on Haar wavelet collected in laboratory. Data are normalized
over the stance phase of the change of direction and are presented as mean (solid lines) and standard
deviation (shadow). Abbreviations: KAM = knee abduction moment (blue, negative: abduction);
KIM = knee internal rotation moment (red, negative: external); KFM = knee flexion moment (green,
negative: extension).

Cluster 1 included 61 trials (13 players) and presented the lowest peak knee moments
at IC in frontal, sagittal, and transverse planes. Players in this cluster were thus considered
at “low-risk”. Cluster 2 included 18 trials (7 players) and presented high knee extension
moments peak at IC but low knee abduction and rotation moments. Players in this cluster
were thus considered at “mid-risk”. Cluster 3 included 9 trials (4 players) and presented the
highest knee abduction, extension moment, and external rotation moments at IC. Players
in this cluster were thus considered at “high-risk” (Figure 1).

The three clusters differed in terms of average speed (p = 0.028, eta-squared = 0.08),
with Cluster 1 (4.37 ± 0.41 m/s) moving slower than Cluster 2 (4.60 ± 0.29 m/s) and
Cluster 3 (4.61 ± 0.17 m/s).

3.2. Field Data—Exercise Kinematics

At the knee joint, differences among the clusters were mainly found in the first 40%
of the time window, i.e., at IC and during weight acceptance (Figure 2). On the frontal
plane, Clusters 2 and 3 exhibited greater knee abduction than Cluster 1 (p = 0.007). On the
transverse plane, Cluster 3 exhibited lower knee internal rotation than the other clusters
(p < 0.001). On the sagittal plane, Cluster 2 exhibited lower knee flexion than the other
clusters at IC and up to peak knee flexion (p < 0.001).

At the hip joint frontal plane, hip abduction at IC differed among the three clusters
(greatest in Cluster 2, lowest in Cluster 3, p < 0.001, Figure 2). On the transverse plane,
Cluster 3 exhibited greater hip external rotation than the other clusters (p = 0.006). On the
sagittal plane, Cluster 2 exhibited lower hip flexion than the other clusters up to 70% of the
movement (p < 0.001).

At the ankle joint, differences among the clusters were found on the frontal and sagittal
plane (Figure 2). On the frontal plane, Clusters 2 and 3 exhibited greater ankle eversion
than Cluster 1 (p < 0.001). On the sagittal plane, Cluster 2 exhibited greater dorsiflexion
peak (50–60% of the time window) than the other clusters (p < 0.001).
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Figure 2. Joint kinematics of knee (1st row), hip (3rd row), ankle (5th row), and pelvis (7th row)
collected on the field during change of direction exercises. Data are clustered according to the knee
moments emerged in the lab (Cluster 1, green, “low-risk”; Cluster 2, yellow, “mid-risk”; Cluster
3, red, “high-risk”). Data are presented as mean and standard deviation on frontal (1st column),
transverse (2nd column), and sagittal (3rd column) plane. One-way ANOVA through Statistical
Parametric Mapping (SPM) was used to compare the groups (rows 2, 4, 6, 8 for knee, hip, ankle,
and pelvis, respectively). Data are normalized from 50 ms prior to foot initial contact to 25 ms after
toe-off. Dotted lines represent initial contact and toe-off. Positive rotations: flexion (dorsiflexion,
anteversion) on sagittal plane, abduction (abduction, inversion, ipsilateral tilt) on frontal plane, and
internal rotation (ipsilateral rotation) on transverse plane.
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For the pelvis, Cluster 3 exhibited greater ipsilateral pelvic tilt (all time window,
p < 0.001) and rotation (at IC and TO, p 0.031–0.038) than the other clusters. On the sagittal
plane, Cluster 2 exhibited greater pelvis anteversion (p < 0.001).

3.3. Field Data—Game Kinematics

At the knee joint, differences among the clusters were found on the transverse plane
after IC (20–40% of the time window) and at TO and on the sagittal plane during all the
time window (Figure 3). Cluster 3 exhibited lower knee internal rotation (p = 0.003) and
lower knee flexion than the other clusters (p < 0.001).
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Figure 3. Joint kinematics of knee (1st row), hip (3rd row), ankle (5th row), and pelvis (7th row)
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collected on the field during change of direction in game. Data are clustered according to the knee
moments emerged in the lab (Cluster 1, green, “low-risk”; Cluster 2, yellow, “mid-risk”; Cluster 3,
red, “high-risk”). Data are presented as mean and standard deviation on the frontal (1st column),
transverse (2nd column), and sagittal (3rd column) plane. One-way ANOVA through Statistical
Parametric Mapping (SPM) was used to compare the groups (rows 2, 4, 6, 8 for knee, hip, ankle,
and pelvis, respectively). Data are normalized from 50 ms prior to foot initial contact to 25 ms after
toe-off. Dotted lines represent initial contact and toe-off. Positive rotations: flexion (dorsiflexion,
anteversion) on sagittal plane, abduction (abduction, inversion, ipsilateral tilt) on frontal plane, and
internal rotation (ipsilateral rotation) on transverse plane.

At the hip joint frontal plane, hip abduction at IC differed among the three clusters
differently from the F-EX (greatest in Cluster 3, lowest in Cluster 2, p < 0.001, Figure 3).
Cluster 3 exhibited greater hip external rotation (p < 0.001) and hip extension than the other
clusters (p < 0.025).

At the ankle joint, differences among the clusters were found on the frontal and sagittal
plane (Figure 3). On the frontal plane, Clusters 2 and 3 exhibited greater ankle eversion
than Cluster 1 (p < 0.001), as for the F-EX. On the sagittal plane, Cluster 2 exhibited greater
dorsiflexion peak (50–60% of the time window, p < 0.001) and plantarflexion peak (p = 0.023)
than the other clusters.

At the pelvis joint, Cluster 3 exhibited greater ipsilateral pelvic tilt range of motion
(p < 0.001) and ipsilateral rotation (at IC and TO, p 0.024–0.034), and lower pelvic antever-
sion (p < 0.001) than the other clusters.

Differences in speed among the three clusters were noted both during exercise and
game changes of direction, while no difference in cut angle was found (Table 1).

Table 1. Maximum speed and cut angle of the movement tasks performed on the field during exercise
and game activities.

Cluster Cluster 1 “Low-Risk” Cluster 1 “Mid-Risk” Cluster 3 “High-Risk” p-Value Eta-Squared

Exercise
No. of trials 48 44 19
Speed (m/s) 3.5 ± 0.9 3.2 ± 0.8 2.7 ± 0.7 0.003 0.11

Angle (◦) 32.3 ± 14.2 40.4 ± 18.6 38.5 ± 20.6 n.s. 0.05
Game

No. of trials 45 22 14
Speed (m/s) 3.7 ± 1.0 3.0 ± 0.8 3.2 ± 0.7 0.016 0.10

Angle (◦) 29.0 ± 15.0 33.7 ± 17.0 29.6 ± 15.8 n.s. 0.02

Note: The clustering of players was based on the knee kinetics collected in the lab; n.s. = non-significant differences.

4. Discussion

The present study was the first to investigate whether players considered at risk for
ACL injury according to well-established risk factors collected in a laboratory environment
would present an at-risk movement pattern during football-specific movements on the field.
Such an analysis is crucial to understand if at-risk movement strategies are maintained
in an ecological environment or, vice versa, if “safe” movement strategies are not; thus, if
laboratory analysis is enough to assess a player’s level of risk for ACL injury.

The main finding of the present study was that clinically relevant differences towards
ACL injury identified when cutting in the laboratory reflected at-risk movement patterns
only in part when cutting in the field.

Three main clusters emerged based on knee joint moments captured in the lab during
unanticipated 45◦ cutting maneuver: a “high-risk” cluster with high knee abduction and
extension moments at IC; a “mid-risk” cluster with high knee extension moments at IC;
and a “low-risk” cluster with the lowest knee joint moments at IC in all three planes
(Figure 4). The three clusters could be highly representative of the different movement
strategies adopted by the players when performing an agility maneuver in terms of knee
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joint loading. Despite comparable cutting angles and approaching speed, players in Cluster
2 and Cluster 3 put higher “demand” on their knee according to widely accepted risk
factors for ACL injury such as knee valgus collapse [25,26] and limited knee flexion [27,28].
Previous prospective studies on female athletes belonging from different sports agreed on
the increased risk for ACL injury in the presence of such biomechanical factors [24,29,30].
Therefore, by means of agglomerative clustering techniques, it was possible to identify
clinically relevant optimal and suboptimal cutting strategies. DiCesare and colleagues
previously adopted agglomerative clustering to identify different coordination strategies
in drop vertical jump technique in a cohort of 780 female adolescent athletes [22]. Such a
data mining approach allows to depict hidden movement dynamics and cluster players
according to biomechanical features belonging from multiple waveforms (in this case, knee
moments in the three planes).
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had lowest peak knee moments in the three planes and was considered low-risk; Cluster 2 had high
knee extension moment at initial contact and was considered mid-risk (note the higher magnitude
and the vector close to the knee on sagittal plane); Cluster 3 had high knee abduction and knee
extension moment at initial contact and was considered high-risk (note the higher magnitude and the
vector close to the knee on sagittal plane and external to the knee on the frontal plane).

The present study identified clinically relevant differences between the three clusters
during both the field exercise and game cuts. In particular, Cluster 3 had worse biome-
chanical patterns with players who presented greater knee abduction, hip external rotation,
ankle eversion, and pelvis tilt in the field exercise compared to the other two clusters [4,31].
Thus, the main differences of this Cluster 3 from Cluster 1 (and, less evidently, from Cluster
2) were on frontal/transverse plane in all joints. In the field game, less evident differences
at knee level emerged among the clusters: peak values were more similar in magnitude,
whole waveforms were more similar in shapes, and overall larger data dispersion was
noted (Figure 3). As with the field exercise, greater hip external rotation, pelvis ipsilateral
tilt and rotation, and ankle eversion were found in Cluster 3 during the game. The frontal
and transverse plane kinematics of Cluster 3 players is in line with previous literature on
at-risk kinematics [24,31–33] and recalls the kinematics at the time of ACL injury reported
in elite male and female football players, respectively [4,25].

Cluster 2 players showed a stiffer kinematic strategy compared to the other clusters
with less hip and knee flexion at initial contact, more pelvic anteversion, and ankle dorsi-
flexion in the field exercise (Figure 2). Thus, the main differences from Cluster 1 (and, less
evidently, from Cluster 3) were found on the sagittal plane. In the field game, a stiffer strat-
egy compared to the other two clusters was not maintained. A stiffer kinematics strategy is
commonly found as a predictor of ACL injury risk in prospective studies assessing different
movement tasks and sports [28,34,35]. Indeed, the achievement of a good range of lower
limb motion is a widespread target of ACL injury prevention programs [32,36,37]. The
Cluster 1 players did not exhibit knee abduction, showed limited rotations on transverse
and frontal planes at all joints, and smooth (average) sagittal plane angle.

Thus, the differences among Clusters identified in the lab appeared to be preserved
in the field: greater knee abduction moment in the lab was associated with greater frontal
plane angles in the field and greater knee extensor moment in the lab was associated
with stiffer lower limb kinematics. Moreover, low knee joint moments captured in the
lab (Cluster 1, low-risk) were associated with low frontal/transverse plane kinematics
and smooth sagittal plane flexion. However, the differences among the clusters were less
evident moving from the field exercise to the field game, especially at the knee level and on
the sagittal plane for all joints. These aspects suggest that in the game-resembling condition,
the ACL injury risk assumption based on laboratory-based biomechanics should be slightly
adjusted according to the complexity and unpredictability of the environment. On the
field, the assessment of the knee kinematics alone could be not sufficient enough to draw
inferences on the ACL injury risk.

Previous research identified biomechanical differences between the kinematics ac-
quired in the lab and the field [13]. As advocated in the recent literature, the assessment
of athletes’ motion in their own sport-specific environment is becoming fundamental to
further improve the prevention programs and thus reduce the risk of ACL injury [5,38,39].
This is particularly true in a quickly emerging sport such as young female football. The
adoption of a field-based clustering paradigm that takes into consideration the whole-body
motion instead of a single joint movement pattern is deemed important in ACL injury
prevention research. For example, recent studies are adopting vector coding technique
to identify intra- and inter-joint coordination for trunk, hip, knee, and ankle, and link
it to the risk of sustaining an ACL injury [38,40–42]. Data mining approaches based on
waveform features such as the one adopted in the present study might facilitate this pro-
cess, reducing the number of informative features while continuing to account for the task
complexity [22,42–45].
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From a practical point of view, football coaches might add the quantitative information
of each player to personalize their screening activity towards ACL injury prevention.
Despite ACL injury prevention programs which have sensibly improved over the years
in young footballers (e.g., the FIFA 11+ [46]), such technologies might support dealing
with the complexity of the football environment interactions [47]. For example, Cluster
1 players had the largest sample size in the present study cohort: the kinematics (and
kinetics) of these players might be interpreted as a benchmark for the female footballers,
with a protective motor strategy towards the ACL injury, and used as an example for more
at-risk players [48].

The present study has some limitations. Cut angle in the field was in a wider range
than in the laboratory (30–60◦ vs. 40–50◦). Although this means that the cut maneuver
in the lab could have been different from the one on the field, this was not relevant for
cluster comparison, which was based on data with the same cut angle (p > 0.05, Table 1).
This was performed to include adequate F-GAME samples and avoid loss of statistical
power. The authors believe that providing data from a wider angle range leads to a more
comprehensive interpretation and future use of on-field data, not limiting the inter/intra-
subject motion variability recorded. Moreover, previous studies identified a similar risk
band for trials performed with a cut angle lower than 60◦ [18]. Cutting data performed
during field exercise and small-sided games had never been assessed in the literature. Thus,
it is hard to perform a direct comparison of the quantitative kinematics acquired on the
field in the present study. However, previous studies assessing ACL injury risk patterns
at initial contact and injury frame in football based on video analysis have been used as
a reference for at-risk kinematics [4,25]. It was not possible to account for the presence of
teammates, ball, and opponents from a kinematical point of view. Future studies might
selectively account for the kinematical changes and injury risk pattern occurrence in the
presence of single football-specific elements. Despite the wearable sensor system used in
the present study which has been validated against the gold standard for the assessment of
high-dynamics tasks, caution should be adopted in the interpretation of transverse plane
angles at the knee and ankle, as previously suggested [49,50]. Lastly, the present study
cohort was made of healthy players only. Therefore, it was not possible to account for
the kinematics (and kinetics) of ACL-reconstructed players. Such an analysis might offer
precious insights on the biomechanical differences that should be taken into account both
in prevention and rehabilitation training and assessment programs.

5. Conclusions

In this unique study, we investigated one cohort of young female football players
and compared their movements in the laboratory and in the field. In the lab, we found a
“high-risk” cluster with high knee abduction and knee extension moments at IC; a “mid-
risk” cluster with high knee extension moments at IC, and a “low-risk” cluster with the
lowest knee joint moments in all three planes. Clinically relevant differences towards ACL
injury risk identified in the lab were preserved on the field but differences among clusters
were less evident as environmental complexity increased. The high knee external rotation
moments found in the “high-risk” players in the lab were reflected in the exercise and field
game condition with high knee external rotation angles. Moreover, these players showed
the lowest knee flexion angles in the field game. In the field game, the “low-risk” players
showed similar kinematic patterns as the high-risk players. Therefore, in-lab injury risk
screening may lack ecological validity. A field-based paradigm should be included in the
identification of players at risk for ACL injury, considering a whole-body motion instead of
knee joint moments only.
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