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Purpose: To (1) identify neuromuscular and biomechanical injury risk factors in
elite youth soccer players and (2) assess the predictive ability of a machine learn-
ing approach.

Material and Methods: Fifty-six elite male youth soccer players (age:
17.2 +1.1years; height: 179+8 cm; mass: 70.4+9.2 kg) performed a 3D mo-
tion analysis, postural control testing, and strength testing. Non-contact lower
extremities injuries were documented throughout 10 months. A least absolute
shrinkage and selection operator (LASSO) regression model was used to iden-
tify the most important injury predictors. Predictive performance of the LASSO
model was determined in a leave-one-out (LOO) prediction competition.
Results: Twenty-three non-contact injuries were registered. The LASSO model
identified concentric knee extensor peak torque, hip transversal plane moment
in the single-leg drop landing task and center of pressure sway in the single-leg
stance test as the three most important predictors for injury in that order. The
LASSO model was able to predict injury outcomes with a likelihood of 58% and
an area under the ROC curve of 0.63 (sensitivity = 35%; specificity = 79%).
Conclusion: The three most important variables for predicting the injury out-
come suggest the importance of neuromuscular and biomechanical performance
measures in elite youth soccer. These preliminary results may have practical
implications for future directions in injury risk screening and planning, as well
as for the development of customized training programs to counteract intrinsic
injury risk factors. However, the poor predictive performance of the final model
confirms the challenge of predicting sports injuries, and the model must there-
fore be evaluated in larger samples.
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1 | INTRODUCTION

Male elite youth soccer players boast a high injury risk,
especially to the lower extremities, which is often re-
lated to early specialization and high training loads.'?
Additionally, injuries and the resulting reduced player
availability negatively impact team and individual per-
formances.® Thus, the challenge of predicting injury risk
has received growing attention in recent years, not only in
sport science but also in the sports industry,* mainly since
the identification of injury risk factors and the under-
standing of their interplay represent an important foun-
dation for effective injury prevention.’

The cause-effect paradigm has been widely applied
in injury prevention research, with such approaches
focusing on finding the association between a single
risk factor and injury outcomes (univariate approach).
Research using this methodological approach is essen-
tial in terms of understanding why an injury occurs.®
Hence, several modifiable and non-modifiable risk fac-
tors have been hypothesized for lower extremity inju-
ries using a multitude of statistical methods.” However,
although an injury may occur due to a single risk factor,
this determination displays only a small piece of the puz-
zle.® In reality, the occurrence of an injury represents a
complex systemic reaction and tends to be more likely
the result of a non-linear interaction between multiple
risk factors (multivariable approach).>®*? Additionally,
predictive modeling of lower extremity injury risk
should focus on forecasting the occurrence of an injury
and making predictions from known values to unknown
outcomes.®

In recent years, the application of more advanced
contemporary statistical approaches (e.g., supervised
learning algorithms) derived from advanced artificial
intelligence has emerged in sports injury prediction re-
search to tackle this challenging multi-faceted task.*'°
Traditional logistic regression is often used to analyze
the ability of multiple risk factors, which are determined
through injury risk screening batteries, to predict inju-
ries.>®!! However, if a large number of possible predic-
tors is available, standard logistic regression estimates
often become unstable or even infeasible (p > n case).
Moreover, and especially if multiple interaction effects of
the predictors are also included in the statistical model,
multicollinearity issues arise. In these situations, regu-
larization techniques and methods for variable selection
become relevant. Besides other methods stemming from
the machine learning community, such as boosting'? or
random forests," the so-called least absolute shrinkage
and selection operator (LASSO''®) has proven to be
particularly beneficial.* An alternative approach for the
selection of sensitive parameter subsets in the context of

the biomechanical system identification has been pro-
posed by Ramadan et al.'®

Recent empirical evidence has shown that contem-
porary statistical approaches, including machine learn-
ing, can provide promising results in the prediction of
injuries in multiple sports using a variety of predictor
variables.'"7!® Two of the most promising, but also con-
trasting, sets of results to predict injury risk were obtained
in elite youth soccer players.''’

Rommers et al'” and Oliver et al'' both prospectively
investigated a large sample of male youth elite soccer
players (Rommers et al'” examined U10-U15 age groups,
whereas Olivier et al'' examined U11-U18 age groups)
through a preseason test battery of anthropometric, motor
coordination, and physical measures.'""'” Rommers et al'’
identified a higher predicted age at peak height velocity,
higher body height, longer leg length, lower fat percent-
age, and average performance on the standing broad jump
as the five most important predictors for injury, using an
extreme gradient boosting algorithm (XGBoost) with an
accuracy of 85%.

Based on their machine learning model, which used
the best performing decision tree, Oliver et al'' concluded
that asymmetry in the single-leg countermovement jump,
asymmetry in the 75% Hop, asymmetry in the Y-Balance
Test, the knee valgus angle assessed through the tuck jump
test, and body size contribute to injury risk. In contrast to
Rommers et al,'’ their machine learning model had poor
overall accuracy in detecting injury.

Despite the different outcomes, both studies used field-
based and low-cost screening tests—in addition to anthro-
pometric measures—whose measurement properties and
relationships to injury are currently limited, conflicting,
or unknown. Additionally, and to the best of the authors'
knowledge, previous machine learning approaches have
been limited in their inclusion of measurements of mus-
cle strength, postural stability, and biomechanics of the
lower extremities during high-risk movements. With the
inclusion of these neuromuscular and biomechanical per-
formance measurements, machine learning models could
be utilized to identify risk factors that are more injury-
specific, which would be advantageous to modeling and
understanding injury risk profiles. Furthermore, to the
best of our knowledge, no previous research has used the
LASSO regression for the predictive modeling of lower
extremity injury risk in youth elite soccer players. These
contemporary tools, along with the use of resampling
methods to assess the models’ predictive power, may over-
come the limitations inherent to the current evidence and
facilitate the construction of robust, interpretable, and
generalizable models to predict lower extremity injuries.

Therefore, the purpose of this study was to (1) identify
neuromuscular and biomechanical injury risk factors in
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elite youth soccer players and (2) assess the predictive ability
of a machine learning approach using a LASSO model.

2 | MATERIALS AND METHODS

2.1 | Study design, participants, and
injury data collection

This was a prospective cohort study. Six teams (under 16,
under 17, and under 19) from the youth academies of two
professional German soccer clubs were contacted and
invited to participate. Three teams (under 16, under 17,
and under 19) volunteered to take part in the study. Sixty-
two elite male youth soccer players (age: 17.2+ 1.1years;
height: 179 +8 cm; mass: 70.4+9.2 kg) gave their writ-
ten informed consent to participate. Players who met the
inclusion criteria were tested via laboratory-based injury
risk screening at the beginning of the preparation period
for the 2018/2019 season. Injuries were documented by
a standardized injury form throughout the 10 months of
the 2018/2019 season starting after the initial testing at
the beginning of the preparation period. The injury data
collection process followed the procedures outlined in a
consensus statement on injury definitions and data col-
lection procedures in studies of soccer injuries.”> Only
time-loss non-contact injuries were counted, meaning
that a player was missing completely in training or match
play. Contact injuries, illnesses, and injuries to the upper
body were excluded because of their unpredictable nature
compared to non-contact injury mechanisms. Further in-
formation about the inclusion and exclusion criteria, as
well as the injury data collection process, has been de-
scribed in detail elsewhere.* The Ethics Committee of TU
Dortmund University confirmed that the requirements of
the Declaration of Helsinki were met.

2.2 | Laboratory-based injury
risk screening

Prior to testing, all players performed a standardized
warm-up, including 5min cycling on a bike ergometer,
followed by movement preparation and plyometric exer-
cises. The laboratory-based injury risk screening battery
consisted of a 3D motion analysis, postural control testing,
and strength testing. After the warm-up, the players un-
derwent these tests in a standardized order to avoid neu-
romuscular fatigue in the lower extremities and the trunk,
particularly while undergoing 3D motion analysis and
postural control testing, and to ensure equal test condi-
tions for all players (see Figure 1). The procedures for data
measurement and processing for the postural control test-
ing, the strength testing and the 3D motion analysis have
already been described in detail in previous studies.*"*?

221 | 3D motion analysis

The players completed a single-leg drop landing task
(SLDL) (30-cm box) and an unanticipated side-step
cutting task (USSC) (45° cutting angle) with both legs.
All landing and cutting tasks were performed on two
force plates (AMTI Inc.) measuring 0.9%x0.6 m and
sampling at 1000 Hz. Each participant's lower body mo-
tion was captured using a 3D motion capture system
consisting of 12 infrared cameras (120Hz, Qualisys),
which was time-synchronized to the force plates and a
lower-body marker set of 40 markers.”> The procedure
for data processing was carried out in accordance with
proven standards.?*?° Hip and knee flexion-extension,
abduction-adduction and internal-external rotation
angles, ankle dorsiflexion-plantarflexion, eversion-
inversion, and internal-external rotation angles were

Laboratory-based injury risk screening protocol ]

+Single-leg drop landing task (SLDL)

*Unanticipated side-step cutting task (USSC)

~

+Static condition

*Dynamic condition

*Unstable condition

*Isometric strength test of the trunk

*Isometric strength testing of the hip

Isokinetic strength testing of the thigh

S~
3D motion analysis
-
J L
7~
Postural control testing
4 L
/
FIGURE 1 Three-step laboratory- Strength testing
based injury risk screening protocol in
male youth elite soccer. -
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calculated as kinematic variables. The measured kinet-
ics implied hip and knee flexion-extension, abduction-
adduction, and internal-external rotation moments;
ankle dorsiflexion-plantarflexion, eversion-inversion,
and internal-external rotation moments; and vertical
GRF (VGRF). Joint moments were expressed as the ex-
ternal moment applied to the joint. Body mass was used
to normalize all kinetic parameters. Kinematic param-
eters were determined at two points during the stance
phase: initial contact (IC) and the instance of peak value
(PEAK), whereas kinetic parameters were determined
at PEAK only. IC was defined as the first instance of the
ground contact phase, whereas PEAK was defined as the
peak value within the first 100 ms after 1C.%

2.2.2 | Postural control testing

Postural control was assessed using three unilateral
exercises under different conditions (see Figure 1). A
single-leg stance test was used to analyze static postural
control and postural control under unstable conditions.
In each test, the players were instructed to start on the
right leg and maintain balance for 10 s (static condition)
or 20s (unstable condition) in a static position with
their eyes open. The hands were attached to the hips,
and the swinging leg was flexed 90° in the hip, knee,
and ankle to minimize contributions from the contralat-
eral leg.”” Dynamic postural control was analyzed using
the Dynamic Postural Stability Index (DPSI) devised by
Wikstrom et al,?® which was modified to simulate soccer-
specific movement.”! The players were asked to jump
off with both legs and perform an imaginary header be-
fore landing with one leg on a force plate (AMTI Inc.).
Each player was to land first on the right leg, stabilize
as quickly as possible, and balance for 3s, with hands
on the hips and looking straight ahead with the eyes
open. For postural control under static and dynamic
conditions, ground reaction force data during static and
dynamic conditions were collected at a sampling fre-
quency of 1000 Hz. Postural control under unstable con-
ditions was measured while standing on a multi-axial
free-swinging platform (Posturomed, Haider Bioswing).
Three trials were performed on each leg for each test-
ing condition. The lowest center of pressure (COP) sway
was used as an outcome measure for postural control
under static conditions, while the lowest DPSI score was
determined for postural control under dynamic condi-
tions, and the shortest path of the platform for postural
control under unstable conditions. The lowest values
were used because players with a low value tend to have
better postural control.”!

2.2.3 | Strength testing

The players also performed strength testing of the trunk,
hip, and thigh muscles. Isometric trunk flexion, extension,
lateral flexion, and transversal rotation were measured
in all anatomic movement planes (sagittal-frontal-
transverse) with the Pegasus 3-D system (Biofeedback
Motor Control GmbH). Isometric hip adduction and ab-
duction and the tests of concentric and eccentric knee
extension and flexion were performed with an IsoMed
2000 isokinetic dynamometer (D&R Ferstl GmbH). For
the isometric tests, the players performed three maximal
voluntary isometric contractions of 5s with a 1-min rest
period in between.” The highest isometric peak torque
normalized to body mass (N-m kg_l) for trunk flexion,
trunk extension, trunk lateral flexion (right and left),
trunk transversal rotation (right and left), hip abduction,
and hip adduction was determined. For the isokinetic
knee tests, the players performed two submaximal repeti-
tions (70% of MVC), followed by three maximal repeti-
tions at 60°/s across a range of motion of 10-90° with a
1-min rest between each testing condition and each con-
traction mode. The highest gravity corrected peak torque
normalized to body mass (N-mkg™') obtained for knee
extension and knee flexion in both contraction modes
(concentric and eccentric) was determined during the
isokinetic phase.*!

2.3 | Data analysis

Descriptive data are presented as means =+ standard
deviations. The primary statistical analysis in the pre-
sent work is based on a LASSO regression model.'*"
LASSO is an approach for regression analysis that per-
forms both variable selection and regularization to en-
hance the predictive accuracy and interpretability of
the statistical model it produces.* More specifically,
the LASSO is well-known to be beneficial in terms of
the estimates’ mean squared error and, consequently,
also in predictive settings, as the penalty parameter A is
tuned based on the prediction of unseen test data, for
example, via K-fold cross validation (CV). In the follow-
ing, we fit a LASSO-penalized logit model for the binary
outcome injury (yes = 1/no = 0) and incorporating all
available covariates (see Tables 1 and 2; main effects
only; not interaction effects) with linear effects using
the R package glmnet based on all the covariates intro-
duced in Tables 1 and 2. The optimal penalty param-
eter A was derived via 15-fold CV using the cv.glmnet
function. The corresponding (pseudo) model equation
is given by
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TABLE 1 Descriptive statistics (mean + standard deviation) for neuromuscular performance parameters of all players investigated

according to their injury state (injured/non-injured).

All players Injured players Non-injured players
Performance parameter (n = 56) (n=22) (n=34)
Postural control
Static COP sway (cm) 119.2 +24.1 129.4 +£25.8 112.4 +20.5
Dynamic DPSI 4.59 +£0.93 4.50 +£1.03 4.65 +0.87
Unstable Path of platform (mm) 0.39 +0.19 0.44 +0.22 0.36 +0.16
Strength
Trunk (isometric) Flex (N-mkg™) 2.35 +£0.48 2.24 +£0.48 2.42 +0.48
Ext (N-mkg™) 4.96 +1.06 4.86 +0.95 5.02 +1.13
Flex+ Ext (N-mkg™") 3.65+0.67 3.55+0.63 3.72 +0.7
Flex/Ext 0.49 +0.12 0.47 +0.12 0.50 £0.12
LatFlex (N-mkg™") 2.41 +0.49 2.32 +0.45 2.48 +0.52
LatFlex,/LatFlex; 0.98 +0.17 0.98 +0.12 0.98 +0.20
TransRot (N-mkg™) 1.99 +0.35 1.94 +0.35 2.02 +0.34
TransRot,/TransRot; 1.02 +0.16 1.05 £0.18 0.99 +£0.14
Core Score (N-mkg™") 16.1 +£2.57 15.6 +£2.47 16.4 +2.62
Hip (isometric) ABD (N-mkg ™) 1.92 +0.32 1.90 +0.31 1.93 +0.33
ADD (N-mkg™") 2.07 +0.53 1.99 +0.45 2.13 +0.57
ABD/ADD 0.96 +£0.19 0.98 +£0.16 0.94 +£0.21
Knee (isokinetic) Qcon (N-mkg™) 3.08 +£0.47 2.86 +0.46 3.23 +0.42
Qcon,/Qcon, 1.01 +£0.14 1.04 +£0.17 0.98 +0.11
Hcon (N-mkg™") 1.67 +0.25 1.57 +0.20 1.73 £0.27
Hcon,/Hcon, 0.97 +0.11 0.99 +0.1 0.96 +£0.12
Qecc (N-mkg™) 3.66 +0.70 3.40 +0.69 3.83 £0.66
Qeccy/Qecc, 1.02 +0.18 1.05 +0.19 0.99 +0.18
Hecc (N-mkg™) 2.13 +0.41 1.99 +0.32 2.22 +0.45
Hecc,/Hecc, 1.01 +£0.14 1.02 +£0.14 1.01 £0.14
Conventional knee ratio: 0.55 +0.07 0.56 +0.07 0.54 +0.07
Hcon/Qcon
Functional knee ratio: Hecc/ 0.69 +0.12 0.70 +0.11 0.69 +0.12

Qcon

Abbreviations: ABD, hip abduction; ABD/ADD, ratio between hip abduction and hip adduction; ADD, hip adduction; Conventional knee ratio, ratio between
knee flexion concentric and knee extension concentric; Core Score, sum of trunk flexion, trunk extension, trunk lateral flexion right, trunk lateral flexion left,

trunk transversal rotation right and trunk transversal rotation left; COP, center of pressure; DPSI, Dynamic Postural Stability Index; Ext, trunk extension;
Flex + Ext, sum of trunk flexion and trunk extension; Flex, trunk flexion; Flex/Ext, ratio between trunk flexion and trunk extension; Functional knee ratio,
ratio between knee flexion eccentric and knee extension concentric; Hcon, knee flexion concentric; Hecc, knee flexion eccentric; LatFlex, trunk lateral flexion;
LatFlex], trunk lateral flexion left; LatFlexr, trunk lateral flexion right; LatFlexr/LatFlexl, ratio between trunk lateral flexion right and trunk lateral flexion left;

Qcon, knee extension concentric; Qecc, knee extension eccentric; TransRot, trunk transversal rotation; TransRotl, trunk transversal rotation left; TransRotr,
trunk transversal rotation right; TransRotr/TransRotl, ratio between trunk transversal rotation right and trunk transversal rotation left.

injury (yes/no) ~icept+ biomechanical features + neuromuscular features + sociodemographic features.

Note that for a proper usage of the LASSO penalization
technique, all covariates have to be standardized to make
the penalty comparable.

Along with the standard LASSO model, we have also in-
troduced two extensions. First, in addition to the optimal
penalty parameter A, which minimizes the CV error, we

have also considered a slightly weaker penalty strength 4,
that gives the least regularized model, such that the CV error
is within one standard error of the minimum (see Figure 2).
Second, in addition to the standard LASSO estimates, we
have also calculated the so-called post-LASSO estimates,
which are based on the idea of the relaxed LASSO.*® The
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TABLE 2 Descriptive statistics (mean + standard deviation) for biomechanical performance parameters during the SLDL and USSC of
all players investigated according to their injury state (injured/non-injured).

All players Injured players Non-injured players
(n = 56) (n=22) (n=34)
Joint kinematics at IC (°) and PEAK (°) during SLDL

Ankle
Plantarflexion(+)/Dorsalflexion(—) IC 242 +5.3 242 +5.1 241 +5.5
Plantarflexion(+)/Dorsalflexion(—) PEAK 26.1 £6.1 26.9 +6.4 25.6 +6.0
Eversion(+)/Inversion(—) IC —8.2+3.8 —8.2+4.2 —8.3+3.5
Eversion(+)/Inversion(—) PEAK —9.4+39 —9.6 +4.2 —-9.2+3.7
External Rotation(+)/Internal Rotation(—) IC —-1.8+39 —-1.5+4.0 —-2.0+39
External Rotation(+)/Internal Rotation(—) PEAK —3.2+4.5 —2.9+4.6 —34+44

Knee
Flexion(+)/Extension(—) IC 15.1 +£5.0 15.0 +4.8 15.1 +5.2
Flexion(+)/Extension(—) PEAK 52.3 +4.6 53.0 £4.3 51.8 +4.8
Adduction(+)/Abduction(—) IC 2.0+2.9 1.6 +£3.0 22429
Adduction(+)/Abduction(—) PEAK —0.9 +4.0 —2.0 +4.6 —0.1 +34
External Rotation(+)/Internal Rotation(—) IC 2.0 +4.0 1.5 +4.2 2.4 +3.8
External Rotation(+)/Internal Rotation(—) PEAK —10.0 +44 —9.4+4.6 —10.4 +4.3

Hip
Flexion(+)/Extension(—) IC 30.0 +6.9 30.1 +7.5 30.0 +£6.6
Flexion(+)/Extension(—) PEAK 44.4 +8.6 44.4+9.8 444479
Adduction(+)/Abduction(—) IC —9.6 +2.8 —10.0 +2.7 —9.4+3.0
Adduction(+)/Abduction(—) PEAK 0.3+3.3 0.4 +3.5 0.2+3.2
External Rotation(+)/Internal Rotation(—) IC 4.8 £4.5 4.8 +£5.6 4.8+3.8
External Rotation(+)/Internal Rotation(—) PEAK —0.6 +4.2 —-1.1+4.9 —-0.2+3.7

Joint kinematics at IC (°) and PEAK (°) during USCC

Ankle
Plantarflexion(+)/Dorsalflexion(—) IC —2.9+9.2 —-1.7+11.1 —3.8+7.7
Plantarflexion(+)/Dorsalflexion(—) PEAK 33 +6.5 4.7 +£6.9 2.4 +6.1
Eversion(+)/Inversion(—) IC —12.8 +5.8 —13.0 +6.0 —12.7 +5.7
Eversion(+)/Inversion(—) PEAK —22.0 +4.9 —22.2+5.3 —21.9 +4.7
External Rotation(+)/Internal Rotation(—) IC 3.1+5.1 3.1+5.9 3.1+4.5
External Rotation(+)/Internal Rotation(—) PEAK —0.2 +5.2 0.9 £54 —-1.0+5.0

Knee
Flexion(+)/Extension(—) IC 42.8 +12.1 38.6 +12.3 45.6 £11.2
Flexion(+)/Extension(—) PEAK 56.6 +5.4 55.5+6.0 57.4 +4.8
Adduction(+)/Abduction(—) IC —-1.1+4.3 —1.1 +4.0 —1.1+4.6
Adduction(+)/Abduction(—) PEAK —6.0 +4.7 —6.2 +4.7 —5.9+438
External Rotation(+)/Internal Rotation(—) IC —-7.1+5.8 —6.1 +6.4 —-7.8+5.3
External Rotation(+)/Internal Rotation(—) PEAK —12.6 +5.4 —11.5+5.8 —-13.4+5.0

Hip
Flexion(+)/Extension(—) IC 66.7 +8.9 64.0 +10.7 68.5 +7.0
Flexion(+)/Extension(—) PEAK 68.2 +8.6 65.6 +10.1 70.0 +7.0
Adduction(+)/Abduction(—) IC —7.1+44 —7.1+4.5 —7.2+43
Adduction(+)/Abduction(—) PEAK —3.6 +4.6 —4.0 +4.7 —3.3+4.5
External Rotation(+)/Internal Rotation(—) IC —2.6 +4.7 —2.5+59 —2.7 £3.7
External Rotation(+)/Internal Rotation(—) PEAK 6.1 +54 6.3+7.1 6.0 +4.1
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TABLE 2 (Continued)

PEAK joint moments (Nm/kg)

Ankle
Plantarflexion(+)/Dorsalflexion(—) SLDL
Plantarflexion(+)/Dorsalflexion(—) USSC
Eversion(+)/Inversion(—) SLDL
Eversion(+)/Inversion(—) USSC
External Rotation(+)/Internal Rotation(—) SLDL
External Rotation(+)/Internal Rotation(—) USSC

Knee
Flexion(+)/Extension(—) SLDL
Flexion(+)/Extension(—) USSC
Adduction(+)/Abduction(—) SLDL
Adduction(+)/Abduction(—) USSC
External Rotation(+)/Internal Rotation(—) SLDL
External Rotation(+)/Internal Rotation(—) USSC

Hip
Flexion(+)/Extension(—) SLDL
Flexion(+)/Extension(—) USSC
Adduction(+)/Abduction(—) SLDL
Adduction(+)/Abduction(—) USSC
External Rotation(+)/Internal Rotation(—) SLDL
External Rotation(+)/Internal Rotation(—) USSC

PEAK VGRF (N/Kkg)
vGRF SLDL
vGRF USSC

WI LEYM
All players Injured players Non-injured players
(n = 56) (n=22) (n=34)
—0.1+0.0 —0.1+0.0 —0.1+0.0
0.1 +£0.2 0.2+0.2 0.1+0.2
—0.4+0.1 —0.4+0.1 —-0.4+0.1
—-0.3+0.1 —-0.3+0.1 —-0.3+0.1
—0.4 +0.1 —-0.4 +0.1 —-0.4 +0.1
—-0.1+0.1 —-0.1+0.1 —-0.1+0.1
2.5+0.4 2.5+0.4 2.5+0.4
2220015 283E 08 2121025
—0.7+£0.3 —0.7+£0.3 —0.7+£0.3
—0.9 £0.2 —0.8 £0.2 —0.9 £0.2
—0.1+0.1 —0.1+0.1 —0.1+0.0
—0.3+0.2 —0.3+0.3 —0.3+0.2
3.6 +£0.6 3.7+0.6 3.6 £0.5
3.7+0.7 3.6 £0.7 3.8 +£0.6
1.0 £0.2 1.0 +£0.2 1.0 +£0.2
0.6 £0.3 0.6 £0.3 0.6 £0.3
—0.6 £0.2 —-0.7+0.3 —0.6 £0.1
—0.6 £0.2 —0.7+0.3 —0.6 +0.1
38.1 £3.9 37.7 £4.7 384 +3.4
20.9 £2.5 204 +2.4 22 4225

Abbreviations: °, degrees; IC, initial contact: first instance of ground contact phase; kg, kilogram; N, newton; Nm, newton meter; PEAK, peak value: peak value
within the first 100 ms after IC; SLDL, single-leg drop landing; USSC, unanticipated side-step cutting; vGRF, vertical ground reaction force.

relaxed LASSO allows to use linear combinations between
the (typically strongly penalized) standard LASSO esti-
mates and the unregularized maximum likelihood (ML) es-
timator. For the special case of the post-LASSO, the LASSO
is only used for variable selection, and then, a completely
unpenalized ML regression is performed on the chosen
subset of selected covariates. This technique was recently
implemented in glmnet via the relax argument.

We investigated the predictive performance of all these
models in a leave-one-out (LOO) prediction competition,
in which each of the 57 observations was once left out,
while the remaining 56 observations were used to train
the models. The left-out observation is then predicted by
all models, and predictive performance is evaluated by the
area under the ROC curve (AUC),>* as well as the pre-
dictive Bernoulli likelihood. Generally, the AUC could be
classified as outstanding (0.90-1), excellent (0.80-0.89),
acceptable (0.70-0.79), poor (0.51-0.69), or no discrimina-
tion (0.50).** Additionally, sensitivity and specificity were

calculated and served as performance measures of the
LASSO model. Sensitivity measures the proportion of in-
jured players who were correctly predicted by the LASSO
model as being injured, while specificity measures the pro-
portion of non-injured players correctly predicted as such.
For comparison, as a simple benchmark approach, a clas-
sifier that guesses the two outcomes based solely on their
relative proportions has been included in the competition.

3 | RESULTS

3.1 | Epidemiology

In the present study, 62 elite youth soccer players (age:
17.2 +1.1years; height: 179 +8 cm; weight: 70.4+9.2kg)
were enrolled, while one player was injured twice. Because
of technical problems, the data of six players could not be
included in the analysis, which resulted in an attrition
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Deviance

1.8

1.6

FIGURE 2 Deviance derived from

the cross validation to optimize lambda.

rate of 9.6%. Over the 2018/2019 season, 23 non-contact
injuries were registered, with 39% of the players having
one or more. The overall non-contact injury incidence was
1.2/1000h of total exposure time (0.5 injuries per 1000 h of
training and 3.9 injuries per 1000h of competition). The
most frequently injured body parts were the ankle (36%)
and thigh muscles (hamstrings: 18%; quadriceps: 18%),
followed by the adductors (16%) and the knee joint (12%).
Sprains (48%) and strains (39%) were the most common
injury types. Table 1 presents the descriptive statistics for
the neuromuscular parameters, whereas Table 2 presents
the descriptive statistics for the biomechanical perfor-
mance parameters.

3.2 | LASSO and predictive performance
The results of the LOO prediction competition are shown
in Table 3. The two LASSO variants performed slightly
better than the benchmark in terms of predictive likeli-
hood. The best model in this regard was the post-LASSO
one based on the weaker penalty strength, with a value of
0.58. It also showed the highest AUC of 0.63.

The post-LASSO model predicted 35% of the injured
players as being injured, while 79% of the non-injured play-
ers were predicted by the model to remain as such. These
numbers correspond to the highest sensitivity and the
lowest specificity among the four fitted models. However,
the model's specificity was only 12% lower than the high-
est value achieved among all models, while its sensitivity
was 13% higher than the model with the second-highest
value. Therefore, the post-LASSO 4, model was consid-
ered the best in the competition.

The post-LASSO 4, model identified concentric knee
extensor peak torque, hip transversal plane moment in

the SLDL and COP sway as the three most important pre-
dictors for injury in that order according to sizes of the
estimated model coefficients (see Table 4). As these coef-
ficients refer to the standardize covariate values, they are
directly comparable.

4 | DISCUSSION

The development of a predictive model can improve our
understanding of how physical performance parameters
affect injury risk. Accordingly, this study sought to iden-
tify neuromuscular and biomechanical injury risk factors
in elite youth soccer players and to assess their predictive
abilities using a LASSO regression model.

The complexity of the interactions between vari-
ous physical performance parameters and the number
of confounding variables during the occurrence of an
injury makes it difficult to predict the cause of lower
extremity injuries using a suitable statistical model.*
In addition, laboratory-based screening tests are time-
consuming, reducing the opportunity of having an ex-
tensive, robust data set in an elite cohort, which will
improve the ability of supervised learning techniques
to detect patterns with more consistency as the num-
ber of injuries increases.® However, the measurement
properties of laboratory-based screening tests are well
established. Therefore, these measurement methods
are considered the gold standard by which patterns that
expose players to a higher risk of injury can be validly
identified.

Considering these aspects, we were nevertheless able
to build a predictive model with our approach using
LASSO penalization. The concentric knee extensor peak
torque, hip transversal plane moment in the SLDL, and
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TABLE 3 Predictive performance G0
measures derived from LOO. Predictive
Method Sensitivity Specificity AUC likelihood
Simple classifier 0.57 0.56 — 0.51
LASSO 4 0.09 0.91 0.52 0.52
LASSO Ay 0.17 0.82 0.47 0.51
Post-LASSO 4 0.22 0.82 0.56 0.55
Post-LASSO 4 0.35 0.79 0.63 0.58

1se

Abbreviations: AUC, area under the curve; LASSO, least absolute shrinkage and selection operator; LOO,

leave-one-out.

TABLE 4 Results of the fitted post-LASSO 4, model on full
data; coefficients correspond to standardized features.

Model coefﬁcient
Model parameter estimates
(Intercept) —0.40
COP sway 0.73
concentric knee extensor peak torque -0.97

hip transversal plane moment in the SLDL ~ —0.90

Abbreviations: COP, center of pressure; LASSO, least absolute shrinkage and
selection operator; SLDL, single-leg drop landing.

the COP sway were identified by the post-LASSO 4,
model in that order and served as injury predictors. The
predictive performance measures of the post-LASSO A,
model indicated a good ability to identify players who did
not get injured (specificity = 79%) but not those who did
get injured (sensitivity = 35%). Furthermore, the model
was able to predict injury outcomes with a likelihood of
58% and an AUC of 0.63. The predictive performance, es-
pecially the AUC value obtained, is in line with the re-
sults of previous studies on injury prediction in different
populations''®** and shows the challenge of predicting
sports injuries. Although the AUC is important, research-
ers should also consider the need for high sensitivity
when designing models that identify players at risk of
injury.'"* It is relatively easy to create models with high
specificity due to an often imbalanced dataset, as a model
tends to become more specific and less sensitive, since
classifying the non-injured correctly has a greater impact
on the overall classification rate. Interestingly, the high-
est sensitivity in the present study corresponded to the
best of the four fitted models. Nonetheless, the sensitivity
remained rather low.

4.1 | Injury predictors

The three most important variables for predicting the
injury outcome are concentric knee extensor peak
torque, hip transversal plane moment in the SLDL, and
COP sway, suggesting the importance of neuromuscular

and biomechanical performance measures in elite youth
soccer. A lower concentric strength of the knee exten-
Sors (/ﬁ\ =—0.97), a higher hip internal rotation moment
in the SLDL (ﬁ =-0.90), and a higher COP sway (ﬁ =
0.73) increased the estimated risk of injury. This sup-
ports a body of literature that found relationships be-
tween these variables and the risk of injury.**° One of
the possible reasons why these variables were chosen
for the final model may be related to injury location and
type. A total of 87% of all non-contact injuries in the pre-
sent study were sprains and strains, with the ankle and
thigh muscles being the most frequently injured body
parts. Moreover, these variables play a crucial role in the
hazardous lower extremity movement patterns that soc-
cer players perform. In particular, an injury ultimately
occurs in these high-risk situations when tissue stress
exceeds the tissue's maximal capacity. Therefore, al-
tered biomechanical motion and reduced neuromuscu-
lar control of the lower extremity can lead to exceeding
the stress tolerance for muscles as well as tendons and
ligaments in the joint.** According to the joint by joint
approach,*! poor postural control in the ascending kine-
matic chain without muscular stabilization can have an
impact on hip movement patterns, especially in single-
leg movements.

4.2 | Predictive performance measures

The predictive performance measures of the best model
in the present study were lower than those reported by
previous studies especially on elite youth soccer play-
ers that investigated the ability to predict injuries using
supervised learning techniques.''” In detail, Rommers
et al'’ identified anthropometric measures as the most
important variables for predicting injury with reason-
ably high precision and accuracy (AUC = 0.85; sensitiv-
ity = 85%; specificity = 85%). Oliver et al'! concluded
that the best performing decision tree identified asym-
metry in the single-leg countermovement jump, asym-
metry in the 75% Hop, asymmetry in the Y-Balance
Test, knee valgus angle assessed through the tuck jump
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test, and body size as the most frequent contributors
(AUC = 0.66; sensitivity = 56%; specificity = 74%). One
plausible explanation for the apparent discrepancy be-
tween previous results in elite youth soccer and ours
could be attributed to the higher sample size in their
studies (n = 734 participants’’; n = 355 participants'").
Having a large robust dataset has been shown to im-
prove the ability of supervised learning techniques to
detect patterns with more consistency as the number
of injuries increases.® Another explanation could be
the different age distributions in the samples. Rommers
et al,'” for example, examined players from the U10-
U15 age group. In a similar vein, Rumpf and Cronin*?
recently undertook a review of the literature examining
injury incidence data in 6- to 18-year-old soccer play-
ers. Their results suggest that there is a significant age
effect in the incidence of soccer-related injuries during
childhood and that children aged 13-15years are most
at risk.*? Injury incidence has also been proven to be
related to the level of maturity, especially around the
period of peak height velocity.*® This age range would
coincide with progression through puberty and all of
the associated developmental changes (e.g., rapid and
asynchronous growth of the musculoskeletal system)
that occur during this time.* Thus, it does not appear to
be surprising that Rommers et al'’ identified anthropo-
metric measures as the most important predictors with
high accuracy. However, although these variables give
practitioners an estimation of the players who are at in-
creased risk of injury, they cannot be modified by pre-
ventive measures, which are of outstanding importance
in injury prevention.*’

Using the more injury-specific testing procedures pro-
posed by Oliver et al'! resulted in decreased predictive
performance, which is in line with the results of the pres-
ent study. Interestingly, the use of more injury-specific
testing procedures resulted in the selection of neuromus-
cular and biomechanical variables, which is also similar
to the results of the present study. This shows the impor-
tance of multifactorial approaches in assessing the risk of
non-contact lower extremity injury. However, it should
be highlighted that Oliver et al'! were limited in their
inclusion of the gold-standard measurements of mus-
cle strength, postural stability, and biomechanics of the
lower extremities during high-risk movements. Instead,
they used field-based and low-cost screening tests, whose
measurement properties and relationships to injury are
currently limited, conflicting, or unknown.'® At the same
time, they investigated a sample that was more than six
times larger than ours.

Results in other populations show contradictory
results. A systematic review'® found eight studies
that reported appropriate to good performance of the

prediction models. In detail, AUC values for predicting
the outcome ranged between 0.64 and 0.87, and high
values were found for accuracy (75%-82.9%), sensitiv-
ity (55.6%-94.5%), specificity (74.2%-87%), and preci-
sion (50%-85%)."° Contrary, few studies reported low
predictive performance measures, showing poor AUC
(0.52-0.65) and low accuracy (52%) values.!’ However,
a comparison with the results of the present study is
limited, because most of the included studies were per-
formed in Australian Football, Rugby, Baseball, and
men's soccer. It is therefore difficult to make an appro-
priate comparison because either the load profile of the
sports differs significantly from that of youth soccer or
there are differences in the maturity level of the ath-
letes. Additionally, analyzed risk factors included both
modifiable and non-modifiable factors without using
gold-standard measurements."’

Therefore, we conclude that with the inclusion of gold-
standard neuromuscular and biomechanical performance
measurements in large samples, supervised learning mod-
els could be utilized to identify which risk factors are more
injury specific and which would be advantageous to mod-
eling, as well as to improving our understanding of injury
risk profiles.

4.3 | Limitations

The lack of predictive performance can be attributed to a
number of factors. First, the data were collected only at
the beginning of the preseason, and it remains unknown
whether more frequent measurements would have im-
proved the model's predictive performance. Moreover,
injury prediction has been presented as a non-linear sys-
tem, as athletes are dynamic systems*®; however in the
present analysis in the framework of LASSO regression,
only linear effects could be investigated. Additionally,
a single preseason evaluation of physical performance
through a laboratory-based injury risk screening does
not reflect an athlete's physical performance during
the injury onset, as there is often a period of weeks to
months between the preseason measurement and the
occurrence of the injury. During this time, the underly-
ing biomechanical or neuromuscular factors causing the
injury may change or evolve for a multitude of reasons,
especially in youth soccer players.*® Therefore, as sug-
gested by previous research,?’ the incorporation of daily
internal and external workload data, which produce
real-time, continuous data that are more accessible, in
addition to biomechanical and neuromuscular risk fac-
tors, may improve the prediction of lower extremity
injuries and the establishment of injury risk profiles.
Initial results indicate that especially the daily use of
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GPS tracking technology in professional soccer, in par-
ticular, leads to the early detection of an increased risk
of injury.*®

4.4 | Practical considerations

Developing a “practitioner-friendly” predictive model to
profile the risk of sustaining a lower extremity injury in
youth soccer would help minimize the risk of such inju-
ries. Our final model considered three of the 89 variables
that were initially measured in the present study. This
may suggest that the range of laboratory-based injury
screenings that are necessary to identify injury predictors
is relatively manageable in soccer-specific settings due to
the reduced time required for the testing procedures in the
preseason examinations. However, this practical consid-
eration must be interpreted with caution due to the poor
predictive performance of the final model, which must be
evaluated in larger samples.

The main categories of potential risk factors for non-
contact lower extremity injuries (neuromuscular and
biomechanical) are represented in the final model. This
shows the importance of multifactorial approaches in
assessing the risk of non-contact lower extremity injury.
Moreover, identifying injury risk factors and assessing the
individual risk of injury of each player enables custom-
ized injury prevention interventions to be provided as part
of the player's daily training schedule.”" Several reviews
and meta-analyses dealing with the effects of multicom-
ponent exercise prevention programs have demonstrated
an effective reduction in injury risk.**>

4.5 | Perspectives

To the best of our knowledge, this is the first study to
use LASSO regression and laboratory-based injury risk
screening for the predictive modeling of lower extremity
injury risk in male youth elite soccer players. The three
most important variables for predicting the injury out-
come were found to be concentric knee extensor peak
torque, hip transversal plane moment in the SLDL, and
COP sway, suggesting the importance of neuromuscular
and biomechanical performance measures in elite youth
soccer. These preliminary results may have practical im-
plications for future directions in injury risk screening
and planning, as well as for the development of custom-
ized training programs to counteract intrinsic injury
risk factors. However, the poor predictive performance
of the final model confirms the challenge of predicting
sports injuries, and the model must therefore be evalu-
ated in larger samples.
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