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Headline

In the high-stakes arena of elite football, injuries not only
threaten the well-being and career longevity of players but

also cast a significant shadow on teams’ performances. The
repercussions of injuries reverberate through both domestic
and European league matches, often compromising a team’s
competitive edge and results (17). Beyond the pitch, the eco-
nomic burden of injuries on clubs is immense, involving player
treatments, lost revenues, and potential devaluation in player
market worth (15).

High-speed running (HSR) occupies a central role in mod-
ern football training, crucial for enhancing performance and
mitigating injury risks (5, 13). The significance of HSR and
sprinting is not only in their execution but also in their strate-
gic distribution over time in relation to technical contents and
match schedules (5) - a concept known as periodization. As
emphasized by Beato (4) and Dello Iacono (13), well-designed
periodization guidelines are essential, delineating the volume,
frequency, density, and timing of HSR and sprinting activi-
ties across the various phases of a soccer season and within
the micro-cycles of each week. This periodization is what po-
tentially equips players to withstand the rigorous demands of
competitive play while avoiding injury.

In reinforcing the importance of these components, surveys
by McCall (23) and Dello Iacono (13) revealed that practition-
ers in the field consider HSR and sprinting crucial for injury
prevention strategies. This is supported by the work of Duhig
et al. (14), who found that large and rapid increases in HSR
distances above a player’s two-year average can significantly
increase the risk of hamstring injuries. Conversely, they noted
that reducing HSR distances in the week leading up to a match
could help reduce this risk. The interplay between the meticu-
lous planning of HSR and its execution speaks to the delicate
balance that must be maintained. While HSR is undoubt-
edly beneficial, it poses the question of quantification: what
constitutes the optimal amount of HSR, and at what point
does it become detrimental? Beato’s (4) insight into the tai-
lored periodization of HSR provides a framework for answering
these questions, suggesting that it is the careful modulation of
HSR—not just the raw distances run—that may hold the key
to effective injury prevention.

Historical research ventures, particularly those focused on
max speed exposures, have sought to pinpoint this ’optimal
dose’ (12, 24, 21). However, these endeavors often bear in-
herent limitations, constrained to specific contexts or singular
populations, thus lacking a comprehensive perspective appli-
cable across varying scenarios in football. Gualtieri et al. (16)

recently advanced the discourse in this field through a compre-
hensive review targeting the formulation of training strategies
to optimize the programming of HSR and sprinting distances
in professional adult soccer. Their methodology involved ex-
amining the HSR distances traversed over the training week
as a proportion of match demands. This review is particu-
larly significant as it aligns with and extends upon previous
research, which exhibits a degree of variability regarding the
optimal training-to-match HSR demands ratio. For instance,
Baptista (3) proposed a ratio of 0.6, suggesting a more conser-
vative approach to HSR in training relative to match demands.
Stevens et al. (28) identified a higher ratio of 1.1, indicating a
nearly equivalent emphasis on HSR in both training and match
play. Extending further, Martin Garcia et al. (22) presented a
ratio of 1.7, while Clemente et al. (11) reported an even higher
benchmark of 1.8, both advocating for a substantial volume
of HSR in training exceeding that of match play. This spread
of ratios reflects the ongoing discourse and diverse methodolo-
gies employed across studies in elite football, emphasizing the
need for individualized approaches considering team-specific
contexts and player responses. Concurrently, Silva’s recent re-
view synthesized the information contained in 16 studies to
illuminate the within-microcycle distribution of HSR distance
(27). However, Silva’s exploration, while pioneering, lacked
tangible injury data, limiting the scope and applicability of
their findings.

Aim
The present study aimed to bring a fresher and deeper look
at the association between HSR volumes during the training
week and non-contact muscle injuries during the match ending
the microcycle. Embracing a broader perspective, our present
study, building upon earlier research on max speed exposures
(8) and rest days (9), amalgamates data from a wide array of
clubs. This expansive approach not only enhances our sample
size but also enriches our analysis with diverse contexts. Dis-
tinguishing itself from previous studies, we, for the first time,
integrate machine learning methods to unearth deeper pat-
terns in football training and injury correlation. While past
studies like those by López-Valenciano (19), Ayala (1), Haller
(18), and Rossi (25) have employed machine learning models
for injury forecasting, their relevance was limited due to two
primary factors. Firstly, these studies did not boast the ex-
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tensive and varied dataset we utilized. López-Valenciano (19)
combined soccer and handball players, a mix that could lead
to misleading conclusions due to the different training regi-
mens and physiological characteristics of these athletes. Ayala
(1) focused on just four professional soccer teams, Haller (18)
on a single youth soccer team, and Rossi (25) on one profes-
sional team, thereby restricting the breadth of their findings.
Secondly, previous analyses often yielded predictive insights
without tangible action plans, lacking in actionable outcomes
for practitioners. Furthermore, they did not delve into the dy-
namics of match turnaround, a critical aspect of how coaches
periodize training (7,8,9). Our study provides for the first time
actionable insights into the complex dynamics of training pe-
riodization and injury risk. By doing so, we aim to equip
practitioners with comprehensive tools to fine-tune training
programs, ultimately aiming to diminish match injuries and
enhance player safety and performance. Our inclusive and
technologically sophisticated approach offers a more nuanced
understanding of the variegated football environments, cap-
turing the intricacies of this sport in a unified and insightful
narrative.

Methods

Study design and procedures
The overall research was based on retrospective analyses of
both match injury occurrences and players’ training locomo-
tor (running) activities collected via an online database (i.e.,
Kitman Labs platform, Dublin, Ireland) commonly used by all
the football (soccer) teams involved in the study (8,9).

Population
The elite adult football players (goalkeepers excluded) from
whom data was examined belonged to 19 different teams com-
peting in the EPL, the Italian Serie A, the French Ligue 1,
the Bundesliga, the Scottish Premiership, the MLS, and the
Dutch Eredivisie (from January 2018 to December 2021, with
the extended covid period - from covid break (March 2020)
to the end of the 2020 calendar year (next Christmas break) -
being excluded from the analysis). This initial sample repre-
sented 84 team-seasons (8, 9). Then various exclusion criteria
were applied at the season level:

1. Those with no or insufficient injury information (see in-
juries section)

2. An insufficient number of players with regular exposure
throughout the season (considering that 15 is the lowest
number of players that may constitute a squad)

3. Daily locomotor load not defined or no HSR and sprinting
metric provided while a pitch training session or a match
was registered in the team calendar.

Data extraction and anonymity
Each player and club is provided with an ID number on the
platform. The researchers in charge of the analysis could only
pull and analyze data associated with their IDs - no names
included. Then, data was transformed and coded for injury
occurrence (dates only used for assessing occurrences, such
as during a match vs during training and when in relation
from/to the previous match) and type (contact or non-contact
injury, without any more details), to provide a final dataset.
The medical staff of each team registers injury details in the
platform as a part of their daily player care management, in-

cluding variables such as date of injury, type and location of
the injury, as well as severity (days lost). Similarly, players’
match and training session participation are recorded as part
of the team staff’s daily monitoring. Additionally, the mea-
sures of training and competitive load are also added to the
platform. The fact that all clubs used the same platform en-
sured the standardization and the reliability of all types of
entries, from medical information to exposure measures (e.g.,
session duration and GPS data attached to the system calen-
dar). We nevertheless ran a thorough data health check to
ensure that all data retained for analysis met the same stan-
dard. In addition to all the steps above that guaranteed high
levels of both data security and anonymity (https://www.ki
tmanlabs.com/privacy-security-and-compliance/), per-
mission was granted by the teams for their inclusion in this
research study, therefore ethics committee clearance was not
required (31).

Turnarounds
A n-d turnaround was defined as a microcycle with n days
between the first and second match, where n is the count of
days from the first day after a match up to and including the
following match day. The shortest observed turnaround was
3 days (3-d) e.g. playing a match on Sunday and again the
following Wednesday, while the longest was 8 days (8-d) e.g.
playing on Saturday and again the following Sunday. The
longer and less common turnarounds (e.g., ≥9 days, likely in-
cluding international breaks or holidays, when the training dy-
namics are completely different than during typical in-season
turnarounds) were excluded from the analysis.

Injuries and turnaround participation
In this study we focused on non-contact match injuries as reg-
istered by the medical staff of each club, using the Orchard
Sports Injury and Illness Classification System (OSIICS) of-
fered by the online platform. While the exact diagnostic meth-
ods are impossible to describe in detail given the large vari-
ability of staff involved (i.e., 19 teams with likely more than
25 to 30 practitioners in total), the large majority of teams (if
not all) at the elite football level have access to high-quality
scans (i.e., Echography, Magnetic Resonance Imaging). In the
literature, an injury is often defined as an occurrence sustained
during either training or match-play which prevents a player
from taking part in training or match-play for 1 or more days
following the occurrence (2). In this study, in contrast, we
wanted to focus on injuries that substantially impact training
and match participation; so we only considered match injuries
that caused a minimum of 3 days of training/playing inter-
ruption, i.e. ≥3-day time loss. In fact, we excluded all mild
injuries (<2 days lost) because injuries in this category could
conceivably not have an impact on the next game availability
or training dynamic within the same turnaround. In addition,
this choice has allowed us to exclude non-substantial injuries
that may have resulted in a few days of unavailability due to
potential training removal, as it sometimes happens in clubs
(i.e., this refers to load management, when players are not
injured but taken out of training for precaution – which gen-
erally allows them to train fully the next day). If the medical
staff registered injuries from the start to the end of the sea-
son, we assumed that they strictly adhered to this practice
throughout the whole season and that there was no missing
data for this metric in this situation.

Overall, only the data of players who started and played
≥60 min in the first match of the turnaround were used for
analysis, and that was considered as a ‘player-turnaround’. All
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player turnarounds in which injuries other than non-contact
time loss (≥3-d) match injuries were removed from the analy-
sis.

Training locomotor load
Based on the above-mentioned data extract, the locomotor
load metrics were used to identify the key factors that could
have a relationship with injuries (4, 16):

• Accumulated HSR distance (i.e., >20 km/h) over the pre-
ceding training week

• Accumulated spriting distance (i.e., >25 km/h) over the
preceding training week

Those weekly training totals were then expressed as a ratio
of match demands for each individual player (16). A player’s
match locomotor load was assessed as the average load from
the full matches he played during a given season. A full match
was defined as any participation of at least 90 minutes, or
>9kms when match duration was not available. When a player
did not play any full match during a given season, we used the
average match locomotor load from his position group during
the given season. If his position group was undefined in the
system, we used the average load from the whole team dur-
ing the given season. Importantly, if different systems may
have been used to track players’ locomotor load during train-
ing and matches (e.g., GPS at training and semi-automatic
video camera systems during matches), data were integrated
using available equations from both the literature (6, 29) and
KitmanLabs Research Initiative database (unpublished data).

Final inclusion criteria
For the purposes of this analysis, we concentrated on the most
frequently occurring situations involving starter players. This
decision was also influenced by the fact that monitoring sub-
stitutes’ compensation is often inconsistent, especially since
GPS devices are not always worn in stadiums post-match.
The final dataset included 12 Teams (EPL, Championship,
Bundesliga, Serie A, Ligue 1, Eredivisie, Scottish Premier-
ship, MLS), 734 season-players (over 1-3 seasons/club) for a
total of 44000 exposures (7500 matches), and 172 non-contact
injuries that happened during the 2nd match of the different
turnarounds examined.

Data Analysis

Descriptive analysis
For the first part of the descriptive analysis, we looked at daily
locomotor loads. We examined the daily distribution of HSR
and sprinting distance for the players who started and played
≥60 min during the first match of the turnaround. The daily
locomotor load was then expressed as a ratio of the individual
player’s match demands - as defined above.

The second part of the analysis focused on the total (ag-
gregated) turnaround training locomotor load as a function of
match demands. Similarly to the first part, the players who
started and played at ≥60 min during the first match of the
turnaround, but also ≥60 min - or got injured - during the
second match of the turnaround.

Modeling
To study the influence of high-speed and sprint running dis-
tances during the training phase on match injuries, we used
eXtreme Gradient Boosting (XGBoost) for Binary Classifica-

tion combined with SHAP (20) for interpretation. We took
this approach as all indications from our exploratory analysis
were that the relationship between injury and the explanatory
variables was non-linear, and this allowed us to explore that
relationship via the SHAP dependency of the variables. Those
two explanatory variables were expressed as a ratio of match
demands as defined in the “Training locomotor load” section.

Considering that the teams we included in this analysis have
a high standard of recording their exposures, we assumed that
a day without information about running distance is not miss-
ing data but rather a day where the athlete did not run over
20 or 25 km/h. We then split the data set into training and
test sets in an 80:20 split, stratifying the data by teams. In
addition to this, the XGBoost model structure is defined by
the following hyper-parameters :

• Learning rate: 0.1
• Maximum depth of a tree: 10
• Number of trees: 100

To explain how our model works, i.e. the decisions it is mak-
ing, we used SHapley Additive exPlanations (SHAP) values.
SHAP does this by using fair allocation results from coop-
erative game theory to allocate credit for a model’s output
among its input features. Its calculation involves averaging
the marginal contributions of each player (or feature) across
all potential permutations of players (features). This involves
assessing every possible combination of features and deter-
mining the impact each feature has on the model’s prediction
when included in these combinations. By averaging these con-
tributions across all possible feature arrangements, it achieves
a balanced and interpretable evaluation of each feature’s im-
portance in the model’s prediction.

One of the fundamental properties of SHAP values is that
all the input features will always sum up to the difference be-
tween baseline (expected) model output and the current model
output for the prediction being explained. In the case of bi-
nary classification, the sum of the feature SHAP values equals
the prediction log-odds.

As such the individual SHAP values are difficult to inter-
pret by themselves so we made us of the feature dependence
concept. As an alternative to partial dependence plots and
accumulated local effects, it focuses on a given feature and
shows for each data instance the relationship between the fea-
ture value (x-axis) and the corresponding SHAP value (y-axis).
Based on this, we created a modified version of the SHAP de-
pendence plot (20) (Figures 7 and 8). One dot is the SHAP
value (y-axis) related to an actual observation of a given metric
(x-axis) - e.g. training/game HSR distance ratio. For instance,
this ratio is equal to 0.5 multiple times (Figure 7). This does
not mean that all of these points get the same SHAP value as
they come from different turnarounds. For each turnaround,
HSR distance = 0.5 can have a different impact on the ex-
pected result depending on the other metrics’ value. Local
trends between two entities are shown using locally-linear esti-
mated scatterplot smoothing (LOESS) and its 95% prediction
intervals (PI). We defined four zones to summarise the impact
of the feature on match injury risk:

• Increasing: both the LOESS curve and PI are above 0
• Likely increasing: the LOESS curve is above 0 but 0 is

included in PI
• Likely reducing: the LOESS curve is below 0 but 0 is in-

cluded in PI
• Reducing: both the LOESS curve and PI are below 0

Finally, we evaluated the probabilistic prediction of an indi-
vidual match injury risk using the Brier score over the entire
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test set. The smaller the Brier score, the better the predic-
tions. We compared our trained model with a naive model
where all predictions are equal to the percentage of injuries
(i.e. baseline) in the training set. Knowing that the model
performance can vary depending on the test set, we generated
95% confidence intervals (CI) for the Brier score by bootstrap-
ping the test set.

While we possessed data from a range of match turnarounds,
spanning from 3 to 9 days, we strategically limited certain
segments of the analysis, specifically those involving machine

learning models, to the 6- to 8-day turnarounds. This deci-
sion was driven by two main factors. Firstly, these were the
durations for which we had the most substantial sample size.
Secondly, as highlighted in some of our findings (see results
section), the shorter turnarounds often presented with negli-
gible or completely absent high-speed running and sprinting
distances. Such scarcity rendered the utilization of machine
learning models for analysis not only impractical but also un-
feasible.

Fig. 1. High-speed running distance (>20 km/h) covered on each training day of the turnaround for each of the
turnarounds examined.

Results
Figure 1 shows the daily HSR distance covered by players
who started and played ≥60 min during the first match of
the turnaround - for each length of the different turnarounds
examined. Accumulated HSR covered during the turnaround
tended to be higher in the middle of the turnarounds, espe-
cially when there were at least five days between matches (i.e.,
6-d turnaround, Figure 1). It is only when the turnaround is
6-d long or more that accumulated HSR reaches at least one
1x match demands (Figure 2). However, there is a very large
viability between teams when looking at the distribution of
the ratio (Figure 3). When it comes to sprint running, similar
trends were observed, especially in the fact that there is almost
no sprint running distance at all for the 3-to-5-d turnarounds
(Figure 4). The accumulated sprinting distance distribution is

also similar to that described for high-speed running (Figure
2), with only turnarounds including more than 6 to 7 days
between matches reaching at least a 1x match load (Figure
5). There is also a very large between-team variability with
respect to how sprint distance is accumulated within each
turnaround (Figure 6).

Figures 7 and 8 show the SHAP feature dependence plots
for injury risk versus the accumulated training HSR and
sprinting running distances during 6-to-8-d turnarounds an-
alyzed together. The main conclusion of the modeling anal-
ysis is that there might be an association between accumu-
lated HSR and sprinting distance during the training days over
the turnarounds and match injury occurrence. More precisely,
accumulated HSR distance between 0.6 and 0.9 match load,
and accumulated sprinting distance between 0.6 and 1.1 match
load, tended to be associated with a lower injury risk.
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Fig. 2. Cumulated high-speed running distance (>20 km/h, expressed as a ratio of match demands) during training
for each turnaround (match excluded).

Fig. 3. Distribution of the cumulated high-speed running distance (>20 km/h) during training for each turnaround in
relation to match demands (i.e., expressed as a ratio).
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Fig. 4. Sprint running distance (>25 km/h) covered during training for each day of the turnaround for each of the
turnaround examined.

Fig. 5. Cumulated sprint running distance (>25 km/h, expressed as a ratio of match demands) during training for each
turnaround.
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Fig. 6. Distribution of the cumulated sprint running distance (>25 km/h) during training for each turnaround in
relation to match demands (i.e., expressed as a ratio).

Fig. 7. SHAP feature dependence plots for match injury risk vs. cumulated high-speed running distance (>20 km/h)
during training over 6- to 8-day turnarounds (expressed as a ratio of match demands). Injury (+/-) is quantified as the
magnitude of the SHAP contribution.
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Fig. 8. SHAP dependency plots for match injury risk vs. cumulated sprint running distance (>25 km/h) during training
over 6- to 8-day turnarounds (expressed as a ratio of match demands). Injury (+/-) is quantified as the magnitude of
the SHAP contribution.

Discussion
The implications of injuries in elite football extend beyond
the immediate physical toll on players. As emphasized in
our introduction, these injuries can substantially influence
teams’ performances in both domestic and European league
matches (17). Furthermore, the resultant economic burden
on clubs from treatment, lost revenues, and potential deval-
uation in player market value is staggering (15). Therefore,
finding methods to reduce injury rates, particularly through
understanding training loads like HSR and sprinting, becomes
paramount (23).

Our study, leveraging a comprehensive dataset from mul-
tiple elite European and MLS football clubs and machine
learning techniques, elucidated intricate patterns in the rela-
tionship between match turnaround durations, HSR, sprinting
distances, and their potential association with match injuries.
Our study distinguishes itself in the realm of football train-
ing and injury analysis by utilizing a comprehensive dataset
from multiple clubs, unlike previous narrower-focused studies.
While earlier research in adult pro football (1, 25) also used
machine learning for injury prediction, our approach provides
actionable insights into training periodization, particularly in
match turnaround dynamics. This not only enhances the prac-
tical application of our findings but also offers a nuanced un-
derstanding crucial for reducing injury rates and improving
player safety and performance.

A noteworthy finding from our research highlighted a
pronounced peak in accumulated HSR during the middle

of the turnaround, particularly evident in situations with
turnarounds of six days or more (Figures 1 and 4). This pat-
tern mirrors the observations made in Silva’s comprehensive
review (27), which aggregated data from 16 studies, revealing
a peak in HSR demands typically around 4 and 3 days before
the match (MD-4 and MD-3). However, it’s crucial to note
that Silva’s findings did not incorporate an injury context.

Our observations also align with a survey conducted by
Buchheit (7), wherein 100 elite football practitioners collec-
tively conveyed the necessity of a minimum of five training
days between matches for the effective incorporation of in-
tense sessions, including HSR. The challenge posed by shorter
intervals between matches is the limited recovery timeframe
post-match, compounded by the subsequent reduced recovery
period before the next intense training session. This senti-
ment was further echoed by the feedback from 99 practition-
ers surveyed by Dello Iacono (13). Their preferred training
schedule for starting players typically spanned from at least
48 hours post the previous match (MD + 2) to no later than 48
hours before the upcoming match (MD - 2). However, diving
deeper into our findings, particularly considering the classic
7-day turnaround, it’s intriguing to observe that the highest
HSR and sprinting demands materialized on MD-4 rather than
MD-3. Conventionally, MD-4 is reserved for strength-focused
sessions, characterized by smaller-sized games, whereas MD-
3 is generally earmarked for endurance training with larger
spaces utilized. This observed deviation is intriguing. While
the precise reasons remain elusive, it’s conceivable that they
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are rooted in the unique periodization contexts of individual
teams, influenced by factors like designated rest days during
the turnaround.

Our study’s distinct emphasis, when compared to more
narrowly-scoped prior research, hinges on the notable
between-team variability in the training HSR and sprinting
volumes of starter players, and how these might relate to
match injuries. This variability is discernible at the daily pro-
gramming level, as demonstrated by the fluctuations observed
on specific days (Figures 1 and 4), and also in the context
of match demands, illustrated by variances across different
turnarounds (Figures 2, 3, 5, and 6). These differences un-
derscore that universally applicable strategies remain elusive,
a sentiment echoed by Gualtieri (16). In the present data
set, despite some extreme values close to 0 or >2, the large
majority of the teams showed training-to-match HSR demand
ratios between 0.5 and 1 (Figure 3). This is similar to the
range of values reported previously (e.g., Baptista (3): 0.6;
Stevens (28): 1.1; Martin Garcia (22): 1.7 and Clemente (11):
1.8). It’s this very variability and its implications that we’ve
delved into, aiming to understand how different training-to-
match HSR demand ratios correlate with varying levels of in-
jury risk.

Drawing parallels to the surveys by McCall (23), Dello Ia-
cono (13) and the study by Duhig et al. (14), it’s evident
that while HSR and sprinting are crucial components of player
training and performance, their dosage and programming re-
quire careful consideration (5). Our findings suggest for the
first time that accumulated HSR distances between 0.6 and 0.9
match load (Figure 7), and sprinting distances between 0.6 and
1.1 match load (Figure 8), might be associated with decreased
injury occurrences. This suggests there may be an optimal
range within which players could benefit from improved per-
formance while mitigating injury risks.

It’s essential, however, to approach these results with mea-
sured optimism. While our machine learning models provide
deeper insights than traditional methods, we must remember
that correlation does not equate to causation (30). The per-
formance of the model compares to that of a naive approach
so there is more work to be done to isolate any effect. Yet,
given the comprehensive nature of our data and the advanced
methods employed, we believe our findings can be pivotal for
practitioners. Furthermore, while our study offers insights into
the effects of changes in the ratio between training and match
demands on match injuries (Figures 7 and 8), future research
should delve deeper. The results presented here indicate that
a more rigorous experimental set-up, in as controlled an en-
vironment as possible in elite sport, would be fruitful and we
strongly encourage any proposals in this area. Exploring how
the distribution of locomotor load throughout the microcy-
cle (Figures 1 and 4) might influence these injury outcomes
can provide a more holistic understanding of injury preven-
tion in the context of varied training dynamics. For example,
whether it may be better to program 1 match load of HSR
and sprinting distance on a single day vs. spread over 2 or 3
days, is still unknown, and did not reach a consensus among
the practitioners surveyed (7, 13).

Conclusions
In our pioneering study using a comprehensive dataset from
elite European football, we delved into the intricate relation-
ship between match turnaround durations, distances covered
in high-speed running (HSR) and sprinting, and their associa-
tion with match injuries. This innovative analysis, the first of
its kind to amalgamate data from such a vast number of teams,

employed machine learning models, marking a novel approach
to link HSR and sprinting loads with injury risks. Our models
pinpointed specific ranges for starter players: HSR distances
of 0.6 to 0.9 match load and sprinting distances of 0.6 to 1.1
match load, which exhibited a correlation with diminished in-
jury occurrences. Beyond the weekly totals, further studies
should also examine the effect of the distribution of this loco-
motor load across the microcycle on the present results.
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