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Predicting Severity of Head Collision Events in Elite
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Learning Approach
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Abstract
Objective: To develop machine learning (ML) models that predict severity of head collision events (HCEs) based on preinjury
variables and to investigate which variables are important to predicting severity. Design: Data on HCEs were collected with
respect to severity and 23 preinjury variables to create 2 datasets, amale dataset usingmen’s tournaments andmixed dataset using
men’s and women’s tournaments, to perform ML analysis. Machine learning analysis used a random forest classifier based on
preinjury variables to predict HCE severity. Setting: Four elite international soccer tournaments. Participants: Elite athletes
participating in analyzed tournaments. Independent Variables: The 23 preinjury variables collected for each HCE. Main

OutcomeMeasures:Predictive ability of the MLmodels and association of important variables.Results: TheMLmodels had
an average area under the receiver operating characteristic curve for predicting HCE severity of 0.73 and 0.70 for the male and
mixed datasets, respectively. The most important variables for prediction were the mechanism of injury and the event before injury.
In the male dataset, the mechanisms “head-to-head” and “knee-to-head” were together significantly associated (P5 0.0244) with
severity; they were not significant in the mixed dataset (P 5 0.1113). In both datasets, the events “corner kicks” and “throw-ins”
were together significantly associated with severity (male, P5 0.0001; mixed, P5 0.0004).Conclusions:MLmodels accurately
predicted the severity of HCE. The mechanism and event preceding injury were most important for predicting severity of HCEs.
These findings support the use of ML to inform preventative measures that will mitigate the impact of these preinjury factors on
player health.
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INTRODUCTION

Increased research on sport-related concussions (SRCs), a type
of traumatic brain injury (TBI), has resulted in greater public

attention toward concussions in recent years. Sport-related
concussions are a significant contributor to annual TBI
incidence and warrant heightened intervention.1 Returning
to play while still experiencing symptoms of a concussion
increases the risk for long-term brain-health consequences.2

Immediate removal from play and formal evaluation by
medical professionals of athletes suspected of sustaining a
concussion is critical to avoiding further negative brain-health
consequences.2 Recognizing and adequately assessing players
involved in head collision events (HCEs) is essential to
ensuring athletes receive proper care and reduce the burden
of concussion in sport.

Association football, commonly known as football or
soccer, which is governed by the Fédération Internationale
de Football Association (FIFA), has some of the highest rates
of concussions in sport.3,4 This concern is magnified by
soccer’s worldwide popularity and research, which found that
major international tournaments, such as the World Cup
(WC), do not follow necessary assessment protocol for
HCEs.5–8 Determining the severity of HCEs can guide team
medical personnel and officials to recognize potential
concussive events and assure appropriate assessment, care,
and treatment is provided. At the same time, identification of
potential markers of severity can help guide real-time decision
making on the soccer pitch as to which players and what sorts
of events require more in-depth clinical assessments.

Data-driven techniques, such asmachine learning (ML), are
often used in the identification of various contextual markers
or precursors of events in various disciplines.9,10 In team
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sports, ML is actively being used in the assessment of injury
risk for athletes.11 Injury risk prediction, particularly in
soccer, has been performed using various types of data such as
wearable sensors, psychosocial stress, and training load, but
with no particular focus to head injuries or concussions.12–17

Studies that have applied ML to investigate injury prediction
in sports predominantly addressed male athletes, in mostly
small cohorts (,100), and tended not to focus on professional
athletes, who have significantly higher rates of injuries,
particularly during matches compared with training.18 This
study uses data onmore than 200HCEs frommale and female
elite soccer tournaments to build an ML model that predicts
the severity of HCEs based on preinjury variables. This novel
approach to studying HCEs will not only inform decisions on
the soccer pitch, but also demonstrate the capabilities ofML to
be applied to other sports.

METHODS

HCE Identification

Data on HCEs were previously collected by 12 trained
independent reviewers analyzing 4 major international soccer
tournaments, the 2014 FIFA WC, 2016 UEFA European
Championship, 2018 FIFA WC, and 2019 FIFA Women’s
WC.5–8 Reviewers conducted standardized training and only
proceeded to match analysis if the Cohen’s kappa k was
greater than 0.85 for HCE agreement. Two reviewers
independently analyzed match footage for all 231 games
included in this study.

Independent reviewers identified HCEs as incidents in
which a player suffered a direct head contact and was unable
to resume play within 5 seconds. The term HCE is used to
encompass a wide range of head collisions that merit medical
assessment and can potentially result in a concussion. Events
that were intentional (eg intentionally heading the ball),
showed clear embellishment, lacked conclusive video evi-
dence, or minor head contact (eg fingers lightly brushing
players head) were excluded from the study. For each HCE
identified, information on the players involved (eg height,
weight, sex, position), preinjury situational factors (eg
location of play on the pitch, game circumstances), medical
assessment, and signs of concussion were collected by
independent reviewers (Table 1).

Signs of potential concussion were defined by visible signs
that are associated with a concussion diagnosis and were
confirmed by video analysis, these include: clutching of the
head, slowness getting up, disorientation, disequilibrium, loss
of consciousness, and seizures. Severity is coded as a binary
variable (severe/non-severe). A singular HCE is considered
severe if the player involved exhibited more than 2 signs of
concussion. The research ethics board at St. Michael’s
Hospital waived the need for ethics approval. All data were
collected from publicly available information and was
conducted in accordance with the relevant guidelines.

Machine Learning and Data Analysis

Dataset Division

To perform ML, 2 datasets were developed. The first dataset
resulted from combining data from the male tournaments
together, named the “male dataset.”The second dataset was a

combination of all male and female tournament data together
and hence called the “mixed dataset.”The specifics of analysis
for each of these datasets is described below.

Male Dataset

In this dataset, events withmissing datawere removed fromall
before analyzing the data. A random forest classification
schema was used to assess the ability of the 23 preinjury
variables to predict the postinjury severity.19 A nested cross-
validation (CV) scheme was used to create and find the best
model for prediction. We ran 100 iterations of a 4-fold CV
(outer CV) on the dataset and assessed the CV performance of
the classifier. Within each outer CV fold, we ran a repeated 3-
fold CV (inner CV) 5 times and found the best model for
prediction using random search on the hyperparameter space.
This model was used to assess the prediction performance in
the area-under-receiver-operating characteristics curve (AUC)
in each outer fold. The average AUC (over all outer folds) was
noted. The average AUCs for 100 iterations of the outer CV
loop was tabulated and mean and SD of the average AUCs
were calculated to estimate the performance of the classifica-
tion procedure. The outer CV partitions were made by
function createFolds from the package Caret in R software.20

The average ranking of the variables in the mean decrease in
Gini index was noted to identify the important markers of
predictors of severity. Higher ranking of the mean decrease in
Gini index of a variable indicates increased importance as a
predictor. The method of random forest was chosen because
of the prominent feature of the technique to rank importance
of the variables for variable selection, and it is experimentally
validated to be a competitive method for variable selection.21

Moreover, our data have imbalance (17% severe incidents or
minority classes for the mixed dataset) and random forest is
able to perform well with this amount of imbalance without
any preprocessing measures.22 Thereafter, Fisher exact test
were conducted to analyze the association of these markers
with severity. All analyses were conducted in R software.20

Mixed Dataset

Only variables that were common between the male and
female, and that had no more than 10 missing values were
included. This was performed to retain most of the 23
variables that we had. Data on experience and weight for
player 1 and player 2 were not available for the 2019
Women’s WC and were excluded from analysis in the mixed
dataset. In addition, a new variable “Sex,” coded as male/
female depending on the tournament of interest, was added.
Then HCE severity prediction from 20 predictors was
conducted in the same manner as described in the section
above.

RESULTS

HCE Identification

A total of 263 HCEs were identified and coded across 231
matches in the 4 elite soccer tournaments analyzed. Across all
tournaments, 45 HCEs were severe and 218 were nonsevere.
A breakdown of the classification of all HCEs is presented in
Table 2.
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Male Dataset

For the male dataset, a total of 215 HCEs were found in 179
matches after removing anymissing data from the 23 variables
used as predictors. The performance of the ML classification
procedure was evaluated using the mean of the average AUC
in the outer CV loops, which was 0.73 (SD 5 0.03). In each
outer CV iteration, the preinjury variables were ranked in
order of importance for classification, in mean decrease in
Gini index. The average importance ranking of the 23
preinjury variables is shown in Figure 1.

Preinjury event and injury mechanism were the top 2
important variables found from our classification scheme
through mean decrease in Gini index and both ranked
significantly more important than the third variable. The
frequency and proportion of different categories of preinjury
event and injury mechanism is provided in Table 2. In a
subanalysis, the preinjury events “corner kick” and “throw-
in” together have a significant association with severity
compared with other events (Fisher exact test, P-value 5
0.0001122). Either of these 2 preinjury events were present in
12.5% (27/215) of HCEs and in 33.3% (13/39) of all severe
HCEs. In 48.1% (13/27) of HCEs that had “Corner kick” or

“throw-in,” severe injury occurred. In comparison, 13.8%
(26/188) of the remaining HCEs were severe. The injury
mechanisms “head-to-head” and “knee-to-head” together
have a significant association with severity compared with
othermechanisms (Fisher exact test,P-value5 0.0244). Either
of these 2 mechanisms were present in 19.5% (42/215) of
HCEs and in 33.3% (13/39) of the severe HCEs. In 30.9%
(13/42) HCEs that had “head-to-head” and “knee-to-head,”
severe injury occurred. In comparison, 15% (26/173) of the
remaining HCEs were severe.

Mixed Dataset

For the mixed dataset, a total of 263 events were found in 231
matches with 20 predictors. The mean of the average AUC
values was 0.70 (SD 5 0.02). The average ranking of the 20
preinjury variables used to predict severity, in mean decrease
in Gini index, is shown in Figure 2. Again, through mean
decrease in Gini index analysis, injury mechanism and
preinjury events were the top 2 important variables found
from our classification scheme in the mixed dataset. Corner
kick and throw-in together remained significantly associated

TABLE 1. List of Preinjury VariablesCollected andUsed in theMachine LearningAnalysis, AlongWith
the Corresponding Definitions

Variable Definition

Player factors

Experience of player 1* Number of years that player 1 has been playing soccer professionally

Experience of player 2* Number of years that player 2 has been playing soccer professionally

Age of player 1 Age of player 1 in years

Age of player 2 Age of player 2 in years

Height of player 1 Height of player 1 in cm

Height of player 2 Height of player 2 in cm

Weight of player 1* Weight of player 1 in kg

Weight of player 2* Weight of player 2 in kg

Position of player 1 Position on soccer field of player 1

Position of player 2 Position on soccer field of player 2

Player sex† Sex of the player (applicable for mixed dataset only)

On-field factors

Number of players involved Number of players involved in injury

Number of players injured Number of players injured (HCE)

Direction Direction player 1 was playing in before injury

Action player 1 Action of player 1 before injury

Action player 2 Action of player 2 before injury

Event prior to injury Type of play occurring just before injury

Mechanism of injury for player 1 Mechanism of contact for player 2 for injury 1

Mechanism of injury for player 2 Mechanism of contact for player 1 for injury 1

Location of impact for player 1 Impact location of injury on head of player 1

Location of impact for player 2 Impact location of injury on head of player 2

Area Area on the soccer field where injury occurred

Game factors

Game score Whether player 1’s team was winning, losing, or tied at the time of HCE

Field time Time in match the HCE took place

* Variables not included in mixed dataset.
† Variable not included in male dataset.

Volume 33·Number 2·March 2023 www.cjsportmed.com

167

www.cjsportmed.com


TABLE 2. Breakdown of the Characteristics of Severe andNon-Severe HCEsCollected Across all 4
Tournaments

Severe HCE (n 5 45) Nonsevere HCE (n 5 218)

Men 39 (86.7%) 176 (80.7%)

Women 6 (13.3%) 42 (19.3%)

Mechanism of injury

Head to head 12 (26.7%) 39 (17.9%)

Hand or first to head 4 (8.9%) 43 (19.7%)

Shoulder to head 3 (6.7%) 11 (5.0%)

Elbow to head 8 (17.8%) 74 (33.9%)

Foot to head 2 (4.4%) 11 (5.0%)

Leg or hip to head 4 (8.9%) 12 (5.5%)

Other body part to head 1 (2.2%) 4 (1.8%)

Head to field 2 (4.4%) 7 (3.2%)

Hit by ball 4 (8.9%) 11 (5.0%)

Knee to head 2 (4.4%) 4 (1.8%)

Other 1 (2.2%) 1 (0.5%)

Not visible in footage 2 (4.4%) 1 (0.5%)

Preinjury event

Corner kick 6 (13.3%) 11 (5.0%)

Goal kick 4 (8.9%) 17 (7.8%)

Short pass 14 (31.1%) 55 (25.2%)

Long pass 6 (13.3%) 50 (22.9%)

Throw-in 7 (15.6%) 7 (3.2%)

Dribbling 2 (4.4%) 47 (21.6%)

Penalty kick 0 (0%) 3 (1.4%)

Other 6 (13.3%) 28 (12.8%)

Figure 1. The average importance ranking of the variables over all CV folds (higher rank is equivalent to more importance) in the male dataset. P1 and P2
represents player 1 and player 2, respectively.
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with the severity of events (Fisher exact test, P-value
0.000424). Either of these 2 preinjury events were present in
11.8% (31/263) HCEs and in 28.9% (13/45) of all severe
HCEs. In 42% (13/31) of HCEs that had “Corner kick” or
“throw-in,” severe injury occurred. In comparison, only
13.8% (32/232) of the remaining HCEs were severe.
However, with respect to mechanism of injury, head-to-head
and knee-to-head together were not significantly associated
(Fisher exact test, P-value 5 0.1113) with severity. As noted
from the P-value, it is not very far from the level-of-
significance (P 5 0.05); these 2 mechanisms were present in
31.1% (14/45) severe HCEs and in 21.7% (57/263) of all
HCEs. In variable importance for predicting severity, sex was
the next-to-last important variable.

DISCUSSION

Main Findings

The ML models were able to classify and distinguish between
severe and nonsevere events based on preinjury variables.
Based on the AUC, the male dataset performed better than the
mixed dataset, a potential consequence of having more
variables or a possible indication of differences between
characteristics of HCEs between women’s and men’s soccer.

The potential differences between men’s and women’s
soccer are also highlighted by the fact that in the mixed
dataset, the mechanisms “head-to-head” and “knee-to-head”
together were no longer significantly associated with severity
as they were in the male dataset. However, our data show that

the most common mechanisms of HCEs in men’s soccer,
“head-to-head” and “elbow-to-head,” are also the most
common mechanisms for HCEs in women’s soccer. This
indicates that there is little difference between men and
women’s soccer in mechanisms of HCEs, but potential
differences in the mechanisms that lead to severe HCEs. In
the future, it would be informative to have differentmodels for
male and women’s soccer. We did not perform a separate
modeling in the women’s dataset because only 6 severe HCEs
occurred. However, it must be noted that the model still found
the variable mechanism of injury as important for predicting
severity in the male and mixed dataset.

For both datasets, the event before injury was an important
variable for predicting severity. The specific events “corner
kicks” and “throw-ins”were together significantly associated
with severity of HCEs in both datasets. It is important to note,
that unlike themechanisms of injury that were associated with
severity, “corner kicks” and “throw-ins” were not the most
common events for HCEs. This indicates that although these
events do not occur often before anHCE, when they do occur,
they are more likely to cause a more severe HCE. Thus, HCE
occurring after corner kicks and throw-ins should particularly
warrant attention by officials and formal medical assessment.

Compatibility With Existing Research

Our findings are consistent with previous research in soccer
that found that head-to-head contact between players is one of
the most common mechanisms of head injury.23,24 Bio-
mechanical investigations into mechanisms of head injuries

Figure 2. The average importance ranking of the variables over all CV folds (higher numerical rank is equivalent tomore importance) in themixed dataset.
P1 and P2 represents player 1 and player 2, respectively.
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in soccer found that head-to-head contact increased risk of
concussion compared with other mechanisms.25,26 Research
on HCEs in soccer found that the most common region for
head impact location is the frontal region, parietal and
occipital region, and temporal region.21 The high incidence of
head-to-head contact in soccer paired with its increased risk of
concussion contributes to it being associated with severity.

Research has shown that most head injuries in soccer occur
while both players are jumping and attempting to head the
ball.27,28 This is consistent with our findings because corner
kicks and throw-ins in soccer result almost exclusively in the
ball being put into play aerially, increasing the likelihood of
players challenging for the ball with their head as the focal
point. Our findings are compatible with the existing literature
on themechanisms of head injuries in soccer while also further
investigating their impact on severity.

Applications of Machine Learning and Further Directions

The approach of using ML models to predict the severity of
HCEs based on preinjury factors creates an opportunity for
improving the detection and treatment of SRC. As opposed to
traditional parametric linear modeling, which requires explic-
itly stating variables, nonlinearities, and interactions; ML
techniques such as random forest offer a nonlinear and
nonparametric route to learn the interactions from the data
based on the response variable.29 Moreover, random forest
can handle high-dimensional data and is found to perform
well in presence of class-imbalance as well.30 In our work, we
obtained a good predictive performance and a set of variables
important for predicting severity on a small dataset with 20 or
more variables based on the dataset we used.

Per the important variables returned by the model, on-field
medical personnel should have a heightened awareness
regarding mechanisms that involve head-to-head or knee-to-
head contact and those occurring from corner kicks or throw-
ins. Players injured in these circumstances warrant particu-
larly heightened attention formedical assessment because they
are more likely to predict severe events. A better understand-
ing of the factors that result in SRC would allow for the
implementation of changes that could be applied by referees
and medical personnel to protect athlete health. Our study
gives guidance into how modifications could be made to
improve the safety of players. For example, referees can be
trained that when players sustain head-to-head contact,
especially after corner kicks and throw-ins, play should
automatically be stopped for medical assessment. In addition,
Video Assistant Referees at elite levels of soccer can identify
these events and direct the on-field referee to stop play for
assessment. Along the same vein, referees could also be
directed to be more assertive with fouls committed during
corner kicks and throw-ins to protect players when making
aerial challenges. By strictly enforcing the rules, players may
be deterred from making potentially dangerous challenges
during aerial duels. As evident by the recent introduction of
additional permanent concussions substitutions in some
professional leagues, stakeholders are willing to modify rules
to protect player health.31,32 These findings provide valuable
information for soccer authorities to recognize events and
mechanisms that increase the severity of HCEs and to aid in
the implementation of preventative measures. Our study
demonstrates the capabilities of ML in further aiding the
understanding of health issues in sports.

Limitations

As is the nature ofML, our predictions and external validation
will improve as more data are obtained. In the future studies,
one could include factors such as referee history, match
importance, and injury history data to increase the accuracy of
prediction. In addition, our small sample size for women’s
data precluded an independent analysis for women’s soccer,
but future work should investigate potential differences in
HCE characteristics further. Asmore data are collected, future
ML research has the ability not just to predict the severity of an
HCE, but predict the occurrence of HCEs. Our data are also
limited by its dependence on the severity of the HCE based on
signs exhibited by the player on video analysis and not on any
medical diagnosis. Although our ratings of HCEs had good
reliability, camera angles and capture could have been limited
for certain factors. Finally, a caution that data from elite-
international soccer may not be generalizable to all levels of
the game.

CONCLUSIONS

Machine learning was able to use preinjury factors to predict
the severity of HCEs in elite soccer and showed that head-to-
head and knee-to-head mechanism, along with HCEs
occurring from corner kicks and throw-ins, are associated
with the severity of HCEs. This provides important in-
formation that medical personnel, referees, and league
officials can adopt to initiate, and, where needed, institute
new and proper strategies to optimize medical assessment and
treatment of players.
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