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INTRODUCTION
Researchers attempt to identify risk factors for sports injuries to 
protect the athletes’ health and improve sport performance [1]. One 
potential, modifiable risk factor is training load. Training load is the 
mechanical, physiological and psychological load resultant of mul-
tiple episodes of physical activity performed by an athlete [2]. Hy-
potheses suggest that not only high or low training load levels may 
affect injury risk, but also rapid increases in recent training load 
relative to training load incurred in the past [3]; i.e. a peak in the 
relative training load [3].

Hulin, Gabbett [4] introduced the Acute:Chronic Workload Ratio 
(ACWR) to estimate the effect of relative training load on the risk of 
sports injury [3, 5]. In their model, the most recent training load, 
the acute load, is divided by the past, or chronic load. In theory, the 
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higher the ratio – the higher the acute load relative to the chronic – 
the higher the risk of injury [3]. After ACWR became popular, con-
cerns were raised on its theoretical and methodological founda-
tions [6]. Among others: the number of subjective choices involved 
increased risk of spurious findings due to multiplicity issues [7], the 
time lengths for the acute and chronic periods were arbitrary [8], 
and it could not handle an acute or chronic load of 0 [6].

A core principle in the theory underlying the ACWR is that the ef-
fect of the acute load depends on the amount of chronic load. If acute 
load is high, it may not necessarily increase injury risk if the chron-
ic load is also high. The aim of the ACWR was therefore to adjust 
the acute load to the chronic load, estimating the effect of acute load 
properly. This adjustment is not always successful when calculating 
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MATERIALS AND METHODS 
Participants
We analysed eight competitive seasons (2015–2022) from the men’s 
Qatar Stars League injury surveillance registry in football (1 465 play-
ers, 1 977 injuries, Supplemental Table S1), and one season from 
a Norwegian elite U-19 football cohort (81 players [45% female], 
81 injuries) described in Dalen-Lorentsen, Andersen [7].

Ethics
The Anti-Doping Lab Qatar Institutional Review Board approved the 
Qatar Stars League study (E2017000252). The Aspire Zone Founda-
tion Institutional Review Board approved a data sharing agreement 
between Aspetar Orthopaedic and Sports Medicine Hospital and Oslo 
Sports Trauma Research Centre. The Norwegian Center for Research 
Data (5487), and the South-Eastern Norway Regional Committee 
for Medical and Health Research Ethics (2017/1015), approved the 
Norwegian elite U-19 study. Ethical principles were followed in ac-
cordance with the Declaration of Helsinki, and informed consent was 
obtained from all participants.

Training load definition
In the Qatar Stars League data (1 136 223 observations, 12% miss-
ing data), training load was defined as the daily number of minutes 
in activity (football training, other training, and/or match-play).

In the Norwegian elite U-19 data (8 494 observations, 24% miss-
ing data), training load was defined as: the daily number of minutes 
of activity (football training, other training, and/or match-play), mul-
tiplied by the player’s rating of perceived exertion on a scale from 
0 to 10, deriving the session Rating of Perceived Exertion (sRPE) [15].

Missing data were imputed using multiple imputation (Supple-
mental Figure S1–S2) [16, 17].

Injury definition
Injuries in Qatar Stars League players were recorded prospectively 
using the Sport Medicine Diagnostic Coding System classifica-
tion [18, 19]. We recorded all injuries that reduced training or match 
play participation (time-loss injuries). The player was considered 
injured until the team medical staff allowed full training and match 

a ratio [6, 9]. Instead, Wang, Vargas [10] suggested modelling the 
acute load and the chronic load separately. This eliminates the risk 
that acute load will not be properly adjusted to the chronic load. At 
the time of Wang et al.’s proposal, several other challenges remained 
unsolved, including how to estimate the cumulative effect of past 
training load, the chronic load. Recent research suggests this may 
be solved by applying the distributed lag non-linear model [11].

The theory that the effect of acute load depends on the level of 
chronic load suggests an interaction between acute and chronic loads. 
Previous descriptive research has studied the association of ACWR 
with injury for different chronic loads [12, 13], but none have so far 
modelled an interaction between acute and chronic loads outside of 
the ACWR framework. Whether an interaction can be assessed while 
chronic load is modelled by distributed lag non-linear model is also 
unknown. Distributed lag non-linear models can explore time-lagged 
effects, but it cannot determine what time period is considered “re-
cent” and “past” in the context of relative training load [11].

We hypothesized that exposure to training affects injury risk on 
the current day, but the training stimuli on the current day does not 
contribute to injury risk on that day. In contrast, the accumulated 
stimuli (fitness) built on past training days does contribute to injury 
risk on the current day. In addition, if the athlete does not partici-
pate in training on the current day, the athlete is obviously not at risk 
on that day [14]. We argue that the current day of training is there-
fore markedly different from past training days, and it may thus be 
possible to consider the current day only as the acute load, and all 
past observations as chronic load.

Investigating whether there is evidence of an interaction between 
acute and chronic loads association with injury risk may elucidate 
whether such interactions are worth considering in future research, 
and whether they are possible to model using distributed lag non-
linear models.

The primary aim of this statistical methodology study was to dem-
onstrate how modelling acute and chronic training loads separately 
can be used to describe an association between relative training load 
and injury risk – meant for use in training load research. A second-
ary aim was to find out whether acute and chronic loads interact in 
their association with injury risk in football.

TABLE 1. The risk of injury in Qatar Stars League football players estimated by a logistic regression model.

Parameter1 OR SE 95% CI p

Intercept 0.005 0.0004 0.004–0.006 < 0.001

Acute load 0.995 0.0002 0.994–0.995 < 0.001

Chronic load 1.016 0.0012 1.014–1.019 < 0.001

Abbreviations: CI = Confidence Interval; OR = Odds Ratio; SE = Standard Error
1 Acute load was defined as the current week of training (sum of minutes in activity), while chronic load was defined as the 3 weeks 
of training prior to the acute week (exponentially weighted moving average [EWMA] of daily minutes in activity)
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participation. We did not record injuries that occurred outside football 
activities. Quality control was performed to ensure injury validity 
(Supplementary). Injuries were classified as either sudden or gradu-
al onset.

The Norwegian elite U-19 players reported daily whether they 
had experienced a new health problem, with Briteback AB online 
survey platform, Norrköping, Sweden. If they had, a clinician con-
ducted a structured interview and classified the health problem as 
being an injury or an illness according to the Union of European Foot-
ball Associations guidelines [20]. Only injuries were analysed in this 
study. Injury definitions in both populations followed the 2006 con-
sensus statement on epidemiological studies in football [21].

Statistical analysis
Simple model example
To demonstrate how acute and chronic loads can be modelled sepa-
rately to study the relationship between relative training load and 
injury risk, we performed a simple statistical analysis on the Qatar 
Stars League data that mimicked traditional methodological choices 
in the training load and injury risk field.

We ran a logistic regression with injury yes/no as the outcome. 
The acute load and chronic loads were two independent variables in 
the model. Acute load was the sum of the current week of training 
(minutes in activity). Chronic load was the average daily minutes in 
activity in the concurrent 3 weeks before the acute load week, cal-
culated with the exponentially weighted moving average [22]. The 
analysis thus represents the so-called uncoupled 1:3 ACWR, which 
has been recommended over the coupled ACWR [23]. However, in-
stead of calculating a ratio, the acute and chronic loads were mod-
elled as separate independent variables.

We caution that the assumptions of this simple analysis, such as 
linearity, are unlikely to be met [24, 25].

Advanced statistical approach
The main analysis of this study was an advanced statistical model 
run to meet two aims: (i) To demonstrate how to model acute and 
chronic loads separately in an advanced statistical framework, (ii) 
To test whether there is an interaction between acute and chronic 
loads’ association with injury risk in football.

To estimate the association of relative training load with the risk 
of injury, a logistic mixed model was run, with injury yes/no as the 
outcome. A random intercept per player accounted for the possibil-
ity that some players are inherently more likely to suffer injuries than 
others [26]. We denote the model run on the Qatar Stars League 
data the Qatari model, and the model run on the Norwegian elite 
U-19 data the Norwegian model.

The independent variables in the model were the acute and the 
chronic loads. Choice of acute and chronic time windows should be 
based on hypothesis/rationale or prior evidence [3, 27]. Given our ra-
tionale in the introduction and elaborated upon in the discussion, we 
considered the acute load to be the current day of training (Day 0). 

The relationship between the acute load and injury risk might be non-
linear [28], and therefore we applied restricted cubic splines with 
3 knots [25]. The knot locations were based on the range of the train-
ing load observations in the Qatar Stars League data (Qatari model) 
and the Norwegian elite U-19 data (Norwegian model), respectively; 
subjectively placed knots have shown improved performance over da-
ta-driven placement on skewed training load distributions [25].

Chronic load was the training performed during the previous 
27 days, excluding day 0. Day -1 is the day before the current day 
(yesterday), Day -2 two days before the current day, and so on up to 
Day -27, which is 27 days before the current day (four weeks ago). 
We assumed that training load values closer to the current day con-
tribute more to injury risk than those distant in time [22]. We also 
assumed that the association between training load and injury may 
be different depending on the time since the activity [3]. For exam-
ple, if hypothetically, 60 minutes of activity three weeks ago decreas-
es risk of injury, while 60 minutes of activity performed yesterday in-
creases risk of injury, we aimed to be able to detect that difference. 
Therefore, the cumulative effect of chronic load was modelled with 
a distributed lag non-linear model [11]. This approach estimates the 
association between training load and the risk of injury, and simul-
taneously estimates how the association with training load changes 
depending on the time since the activity. We chose restricted cubic 
splines to model the association with training load (3 knots), and 
also restricted cubic splines to model the association with number 
of days since the activity was performed (4 knots).

An interaction term was added between the acute load (Day 0) 
and the chronic load (Day -1 to day -27). The main result was a vi-
sualization of the predicted probabilities of injury for acute load giv-
en different levels of chronic training load. Reference levels of chron-
ic load was chosen by finding examples of zero, low, medium and 
high chronic load in the original data (Supplemental Table S2).

Since players are only at risk of injury if they participate in an ac-
tivity, days in which they did not participate in any training or match 
were removed from the analysis. These observations were still in-
cluded in the estimation of chronic load.

To see if a simpler approach than distributed lag non-linear mod-
el can be suitable, the analyses were repeated using the exponen-
tially weighted moving average on chronic load [22].

Additional analyses were performed on the Qatar Stars League 
data. First, the Qatari model was performed on sudden – and grad-
ual-onset injuries, separately [18]. Second, we explored the risk of 
injury for various levels of minutes in activity sustained in the past, 
using the distributed lag non-linear model.

Statistical analyses were performed in R (4.2.1) with DLNM [29], 
mice, lme4, and slider [30]; code available online [31].

RESULTS 
Simple model example
In the logistic regression, odds ratios (OR) were estimated for the 
acute load (0.995) and chronic load (1.016) separately (Table 1). 
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FIG. 1. The probability of injury for each level of (A) acute load and (B) chronic load in Qatar Stars League players (564 206 exposure 
values, 1 006 injury cases). In (A), the risk is shown for different levels of chronic load: 0, 25, 50, and 100 average minutes in activity 
the previous 3 weeks. In (B), the risk is shown for different levels of acute load: 20, 120, 300, 500, and 1000 minutes in activity in 
the current week.

FIG. 2. Estimated probability of injury for each level of acute load (the current day) for (A) Qatari model (420 329 exposure values, 
1 977 injuries) and (B) Norwegian model (4 719 exposure values, 60 injuries). The probability is shown for zero, low, medium and 
high chronic load levels; these are defined in Supplemental Table S1. Due to multicollinearity in the data, confidence intervals could 
not be estimated. Arb. u = arbitrary units.

This allowed further investigation into the risk of injury for each 
level of acute load, given the level of chronic load (Figure 1A), and 
vice versa (Figure 1B). The results showed an increased risk for each 

decrease in acute load, and increased risk for each increase in chron-
ic load. For example: A player with 20 minutes of training in the 
current week, who had 150 minutes daily training the previous 
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TABLE 2. QSL model cofficients for a logistic regression with injury as the outcome and minutes in activity on the current day (acute), 
and past minutes in activity (chronic) as independent variables.

Term123 OR SE Lower CI Upper CI P

Intercept 0.067 0.329 0.034 0.131 < 0.001

Acute minutes in activity 1 0.950 0.007 0.936 0.964 < 0.001

Acute minutes in activity 2 1.144 0.017 1.105 1.185 < 0.001

Chronic minutes in activity W1 F1 2.166 0.252 1.282 3.659 0.006

Chronic minutes in activity W1 F2 0.455 0.129 0.348 0.595  < 0.001

Chronic minutes in activity W1 F3 1.285 0.110 1.030 1.602 0.027

Chronic minutes in activity W2 F1 0.156 0.374 0.075 0.324 < 0.001

Chronic minutes in activity W2 F2 6.112 0.191 4.207 8.881 < 0.001

Chronic minutes in activity W2 F3 0.841 0.181 0.590 1.200 0.340

Chronic minutes in activity W3 F1 3.252 0.623 0.952 11.109 0.060

Chronic minutes in activity W3 F2 0.578 0.363 0.279 1.198 0.137

Chronic minutes in activity W3 F3 0.673 0.281 0.388 1.168 0.159

Chronic minutes in activity W4 F1 6.432 1.228 0.578 71.55 0.130

Chronic minutes in activity W4 F2 0.319 0.642 0.090 1.126 0.076

Chronic minutes in activity W4 F3 0.404 0.573 0.130 1.256 0.116

Interaction (Acute*Chronic minutes W1 F1) 0.998 0.003 0.991 1.006 0.642

Interaction (Acute*Chronic minutes W1 F2) 1.002 0.002 0.998 1.006 0.429

Interaction (Acute*Chronic minutes W1 F3) 1.000 0.001 0.998 1.003 0.844

Interaction (Acute*Chronic minutes W2 F1) 1.020 0.004 1.012 1.028 < 0.001

Interaction (Acute*Chronic minutes W2 F2) 0.978 0.002 0.974 0.982 < 0.001

Interaction (Acute*Chronic minutes W2 F3) 1.004 0.002 1.001 1.008 0.020

Interaction (Acute*Chronic minutes W3 F1) 0.993 0.006 0.982 1.005 0.243

Interaction (Acute*Chronic minutes W3 F2) 1.010 0.003 1.003 1.017 0.009

Interaction (Acute*Chronic minutes W3 F3) 1.003 0.003 0.997 1.009 0.340

Interaction (Acute*Chronic minutes W4 F1) 0.996 0.009 0.978 1.015 0.678

Interaction (Acute*Chronic minutes W4 F2) 1.005 0.005 0.995 1.015 0.311

Interaction (Acute*Chronic minutes W4 F3) 1.007 0.005 0.997 1.016 0.154

Abbreviations: CI = 95% Confidence Interval, OR = Odds Ratio, QSL = Qatar Stars League, SE = Standard Error
1 All variables were modelled with splines (420 329 exposure values, 1 977 injuries), and terms represent one of multiple intervals 
demarcated by knots
2 The DLNM models a cross-product of the number of minutes in activity (the F-function) and the lag time in which the activity was 
performed (the W-function). Since F was modelled with 3 knots, and W with 4, the result is a 3*4 permutation of intervals

3 weeks, had 5% increased injury probability, while a player who 
trained 300 minutes on the current week had 1% increased injury 
probability, despite having the same amount of chronic load (Fig-
ure 1B). This is a common pattern when injured players reduce loads 
the remaining week, thus have lower loads than uninjured play-
ers [32]. Since the ORs were of similar size, this indicates that the 
acute load (which stretches over just one week) may be more im-
portant than the chronic load (which stretches over three weeks).

Association between training load and injury risk
In the main analysis, the acute load was defined as the load on the 
current day (day 0), and chronic load was defined as the load during 

the past 27 days (day -1 to day -27). The Qatari model showed 
decreased probability of injury for each minute in activity on the 
current day (acute load) with statistical significance (p < 0.001, 
Figure 2, Table 2). This is a typical pattern when players end activ-
ity early due to injury. Players who had not participated in an activ-
ity in the last 27 days were at highest risk of injury, followed by those 
who spent a low number of minutes in activity (Figure 2A). Players 
who spent a high number of minutes in activity were at higher risk 
than those with medium (Figure 2A). Some relationship slopes were 
steep, other slopes were gradual, and this variation suggests an in-
teraction between number of minutes in activity on the current day 
and the minutes in activity the previous 27 days (Figure 2A). All of 
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sociation between chronic training load and injury risk (Figure S4).
In the additional model exploring how the relationship between 

training load and injury risk changes with time on the Qatar Stars 
League data, activities performed on the day before the current day 
(day -1) contributed most to the risk of injury on the current day 
(OR = 1.1 for 60 minutes of activity, 95% confidence interval 
(CI) = 1.05–1.18, Figure 3). The risk declined exponentially the 
more distant in time the activity was performed, ending at approxi-
mately OR = 1.02 (CI = 1.01–1.04) for 60 minutes of activity per-
formed 19 to 22 days prior to the current day. A low number of min-
utes in activity (10–40 minutes) on a day in the past substantially 
increased risk of injury for the current day, a high number (90–120 min-
utes) moderately increased risk, and a medium number (40–80 min-
utes) slightly increased risk, regardless of whether the activity was 
performed 1 day prior to the current day, 10 days prior, or 27 days 
prior (Figure 3B–D).

the 12 interaction terms had narrow confidence intervals (Table 2). 
This interaction was also present in both sudden onset and gradual 
onset injuries (Figure S5).

A similar pattern was displayed in the Norwegian model: low 
chronic sRPE increased risk of injury, followed by high, with the low-
est risk at medium levels of chronic sRPE (Figure 2B). Also, like the 
Qatari model, the Norwegian model exhibited major changes in the 
slopes between the different levels of chronic sRPE, indicating an 
interaction (Figure 2B). However, the model failed to estimate coef-
ficients for certain spline intervals on the chronic load (Table S3).

The relationship shape between the training load variables did 
not change by including random effects (Figure S3), and some of the 
coefficients were inestimable in the mixed model. Therefore, random 
effects were not included in the final models.

The additional models, where chronic load was calculated with 
the exponentially weighted moving average, failed to discover an as-

FIG. 3. Injury risk profiles of chronic load in Qatar Stars League players (1 136 223 exposure values, 1 977 injuries). Panel A shows 
the risk of 60 minutes of activity for each day in the past: -1 is the risk of injury if the activity occurred the day prior to the current day, 
and -27 is the risk if the activity occurred 27 days before the current day. Panels B, C, and D shows how the risk of injury changes for 
each level of minutes in activity if the activity occurred (B) 1 day prior to the current day, (C) 10 days prior to the current day, (D) 27 
days prior to the current day. Y-axes for B–D are not on the same scale, to better show the relationship shape. Yellow bands represent 
95% confidence intervals.
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to training load. This effect was amplified in the Qatari model, which 
only included time-loss injuries and time in exposure – no measure 
of the training intensity. This is a general and – yet – unsolved chal-
lenge for studies that aim to estimate the association between train-
ing load and injury risk.

Interestingly, the slopes of the association between chronic load 
and injury risk varied considerably in the Qatari model: High and 
medium chronic load slowly declined in risk for each level of acute 
load, while low chronic load declined rapidly (Figure 2A). This inter-
action was also present when stratified on sudden onset and gradu-
al onset injuries. In the Norwegian model, low chronic load both in-
creased and decreased risk at different levels of acute load (Figure 2B). 
Therefore, to improve injury prevention research, we would recom-
mend future training load and injury risk studies consider and explic-
itly model these interactions.

The model that estimated chronic load with the exponentially 
weighted moving average failed to discover an association between 
chronic load and injury risk. Given the large sample size of the Qa-
tar Stars League data, we speculate whether this approach could es-
timate the effects at all, even in a larger study.

The distributed lag non-linear model allowed exploration of time-
lagged effects between chronic load and injury risk [11]. In the Qa-
tar Stars League population, the risk of injury declined exponential-
ly for each day further back in time the activity was performed. 
Furthermore, a low number (10–40) or a high number (80–120) of 
minutes in activity on a day in the past both increased risk of injury 
on the current day, while a medium number (40–80 minutes) de-
creased risk in comparison. This fits the hypotheses that both too 
much and too little training may increase risk of injury [34].

Background for considering acute load as the current day of training
A consistent challenge with traditional methods of estimating relative 
training load’s effect on injury risk is choosing the time periods for 
acute and chronic load [8, 35]. Subjectively deducing the cut-off 
may be arbitrary [35], cut-offs based on previous research may not 
be sport-specific [6], and data-driven approaches risk multiple test-
ing issues and reduced comparability [32].

We hypothesized that the current day (Day 0) has special prop-
erties compared to past days of training load exposure, which allows 
it to be modelled separately.

On the current day, injury risk increases with sheer exposure to 
the physical activity itself. Players cannot sustain an injury if they do 
not participate in an activity [3]. On the other hand, if players did 
not participate in an activity on certain days in the past, those days 
would still contribute to the cumulative effect of past training load. 
Thus, the effect of a training load value of 0 changes drastically if it 
is on the current day versus past training load days.

Hypotheses suggest that both high and low levels of training load 
may increase injury risk [34]. Too little training will not build enough 
fitness for the tissue to tolerate upcoming training load levels. Too 
much training may potentially damage the tissue, and the tissue may 

DISCUSSION 
This is the first study to explore the potential of modelling acute and 
chronic training loads separately to estimate the association between 
relative training load and injury risk in sport. In a simple model ex-
ample, where traditional definitions of acute and chronic load was 
used, the new statistical approach provided separate effect estimates 
for the acute, current week of training (OR  =  0.995, 95% 
CI = 0.994–0.995) and the chronic, previous three weeks of train-
ing (OR = 1.016, 95% CI = 1.014–1.019).

In our main analysis, where acute load was defined as the current 
day and chronic load as the previous 27 days (4 weeks), acute load 
(minutes in activity) was associated with the probability of injury in 
Qatar Stars League football (Qatari model). This was properly adjust-
ed for the cumulative association with chronic load. Signs of an as-
sociation between acute load (sRPE) and injury risk could also be 
gleaned in a Norwegian elite U-19 football population (Norwegian 
model), although with high uncertainty due to a small sample size.

We also investigated whether there was an interaction between 
acute and chronic training loads. Evidence of an interaction was 
found, as in both the Qatari and the Norwegian models, the relation-
ship slopes for acute training load varied considerably for different 
levels of chronic training load.

Modelling acute and chronic loads separately
Modelling the acute and chronic load separately successfully esti-
mated the association of acute load adjusted for the levels of chron-
ic load, in both our simple model example and the more advanced 
statistical model (main analysis). This investigation did not require 
calculating a ratio, a method that has been severely critiqued [6, 33]. 
One advantage of modelling acute and chronic separately over the 
ACWR is that analysts can determine which time period, acute or 
chronic, is more important concerning injury risk. In addition, while 
using the ACWR would require choosing among multiple ways of 
calculation [7], the current approach required few such choices, and 
reduced the risk of multiple testing issues.

In the main analysis, low chronic training load displayed highest 
risk, followed by high chronic load, then medium chronic load with 
the lowest risk, in both the Qatari and Norwegian model. In addi-
tion, having zero chronic load the last four weeks (a month without 
football) showed the highest risk of injury in the Qatari model. Im-
portantly, this could not have been discovered if we had used any 
form of ratio, as the denominator would be 0 [9].

Association and interaction between acute and chronic loads in 
football
The Qatari model indicated decreased injury risk for each minute 
spent in activity on the current day (p < 0.001). The Norwegian 
model displayed a similar trend, although non-significant (p > 0.05), 
and injury risk increased if chronic load (cumulative past sRPE) was 
low. We suspect that players who ended activity due to an injury 
skewed the models toward decreased risk with increased exposure 



126

Lena Kristin Bache-Mathiesen et al. A new approach to training load and injury risk

Limitations
Limitations of this study were: (i) Due to multicollinearity in our 
data, confidence intervals around predictions in Figure 2 could not 
be estimated, (ii) the Qatar Stars League data only had minutes of 
activity, and no other training load variables or variable describing 
the intensity of the activity; (iii) the Norwegian elite U-19 data had 
only sRPE – the player’s perception of the training exertion and 
the duration of the activity. Different groups of players can perceive 
the same physiological stimuli differently [38]; the Norwegian elite 
U-19  sRPE responses were above other football popula-
tions [39, 40]. In this regard, training load is a multidimensional 
construct, and ideally, both internal and external training loads 
should be used [2].

CONCLUSIONS 
To assess the association between recent (acute) training load relative 
to past long-term (chronic) training load on injury risk, a ratio has 
traditionally been calculated. Ratios have several challenges and 
cannot handle chronic loads of 0. Modelling the acute and the chron-
ic load separately is intuitive and potentially a simple solution to this 
problem. When using this statistical approach, the acute load adjusts 
for the level of chronic load without calculating a ratio. Furthermore, 
signs of an interaction between acute and chronic training load were 
present in both football populations studied. Researchers in the field 
of training load and injury risk should consider interactions in their 
respective sport to improve injury prevention research.
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not regenerate in time for the next training or match-play exposure. 
These hypotheses pertain mostly to past training load. On the cur-
rent day, the player enters with fitness and fatigue resultant of the 
past. The adaptations built during the current day of training will not 
likely come into play until later (that day or during the successive 
days). The fatigue, will, however affect the current training and day. 
Hence, the shape of the relationship between training load and in-
jury risk (linear, or various non-linear), may depend on whether the 
event was in the past, or on the current day.

In a real-time setting, the current and future days of training or 
match-play load are the most modifiable. One cannot change train-
ing load that happened in the past. Team sports coaches develop 
training schedules for a year, for a month, but most importantly for 
a week ahead, often according to the match schedule, in so-called 
training micro-cycles [36]. Weekly risk estimates cannot inform how 
training load should be distributed on each day within a week or mi-
cro-cycle [24], but daily risk estimates can. Studies interested in 
causal inference and developing load management programs should 
take this into consideration when choosing time periods for acute 
and chronic loads.

Future perspectives
In this paper, we have showed the potential of modelling acute and 
chronic training loads separately. While this study focused on football, 
we believe the proposed method can handle sport-specific circum-
stances, such as tapering, and can be considered for both individu-
al and team sports. In addition, although this study only assessed 
associations, this statistical approach can be used in studies of 
causal inference or prediction, given that methodological consider-
ations for each of the respective study aims are taken into ac-
count [37]. Finally, our simple model example shows that an advanced 
approach is not needed to model acute and chronic loads sepa-
rately. It can be used with any choice of time periods for acute and 
chronic loads, which is particularly relevant for studies that only have 
access to data at a weekly level.

Distributed lag non-linear modelling is a flexible approach to han-
dling the complexity of chronic load. The R-package was, however, 
developed in epidemiology, and not yet adapted to interactions. Fu-
ture research is needed in implementation of distributed lag non-lin-
ear models for the context of training load.
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SUPPLEMENTARY
Injury validation in Qatar Stars League registry
The team physician in each club was in charge of collecting the data, using standardized tools. We distributed a study manual outlining the 
details of data collection to the contact person before the team’s enrollment into the study. We also organized demonstration sessions every 
time a new team physician joined the program. We recorded data using a custom-made Microsoft Office Excel® file (Microsoft Corporation, 
Readmon, WA, USA) for quick data entry, using pull-down menus to classify each injury based on the Sport Medicine Diagnostic Coding 
System. Injury cards were also provided in Microsoft Office Word® (Microsoft Corporation, Readmon, WA, USA) to assist clinicians in tak-
ing notes during daily clinical activity, prior to entry into the master data file. We asked the clubs to submit their data every month by email. 
Data quality control was done on a monthly basis to validate the data.

TABLE S1. Characteristics of 1 465 Qatar Stars League players for the 3 365 studied player’ seasons.

Characteristic1 Mean (SD)

Age (n = 564) 25 (5)

Height (n = 535) 174 (21)

Weight (n = 548) 71 (16)

Player position (n = 725)2 N (%)

Defenders 231 (32%)

Goal Keepers 81 (11%)

Midfielders 316 (44%)

Strikers 97 (13%)

1Variables had missing data, and descriptives are calculated on observed values (n).
2One player could change positions across multiple seasons, and therefore be included multiple times in the calculation.
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TABLE S2. Chronic load profiles used as reference values in Figure 1 (main article), Figure S3 and Figure S5, from the day before 
the current day (-1) to 27 days prior to the current day (-27).

Qatar Stars League1 Norwegian elite U-192

Day Zero Low Medium3 High4 Low Medium3 High4

-1 0 60 90 45 80 480 720

-2 0 60 27 45 0 0 630

-3 0 60 79 90 0 720 540

-4 0 0 60 80 0 588 1260

-5 0 0 30 80 0 120 0

-6 0 0 63 80 0 0 560

-7 0 0 30 90 0 450 0

-8 0 0 63 140 0 30 0

-9 0 0 60 105 0 0 1230

-10 0 0 11 70 0 540 0

-11 0 0 78 40 0 900 810

-12 0 0 15 15 0 390 0

-13 0 0 77 45 0 90 0

-14 0 0 13 45 0 240 0

-15 0 0 78 90 0 370 320

-16 0 0 75 90 0 30 0

-17 0 0 0 90 0 360 0

-18 0 0 0 90 0 60 0

-19 0 0 70 90 0 0 0

-20 0 0 70 90 0 540 0

-21 0 0 70 45 0 55 630

-22 0 0 26 90 0 0 360

-23 0 0 70 30 0 0 0

-24 0 0 70 45 0 0 960

-25 0 0 70 45 0 30 360

-26 0 0 70 90 0 540 0

-27 0 0 70 45 0 630 420

Total 0 180 1435 1900 80 7163 8800

1 Measured in minutes in activity
2 Measured in session Rating of Perceived Exertion (sRPE) in arbitrary units
3 The total sum was the median in the corresponding dataset
4 The total sum was the 75% quantile in the corresponding dataset
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TABLE S3. Model coefficients for a logistic regression with injury as the outcome and sRPE on the current day (acute), and past sRPE 
(chronic) as independent variables in the Norwegian elite U-19 data.

Term123 OR SE Lower CI Upper CI p

Intercept 0.035 1.110 0.004 0.308 0.003

Acute sRPE 1.001 0.003 0.996 1.006 0.656

Acute sRPE 0.997 0.002 0.992 1.001 0.177

Chronic sRPE W1 F1 0.111 1.055 0.014 0.883 0.038

Chronic sRPE W1 F2 0.972 0.660 0.266 3.544 0.965

Chronic sRPE W1 F3 2.661 0.638 0.758 9.343 0.126

Chronic sRPE W2 F1 369558.600 4.787 30.843 4.43E+09 0.007

Chronic sRPE W2 F2 0.122 2.538 0.001 17.66 0.407

Chronic sRPE W2 F3 0.230 2.724 0.001 48.581 0.589

Chronic sRPE W3 F1 0.000 15.939 0.000 390.613 0.108

Chronic sRPE W3 F2 13.162 6.383 0.000 3647113 0.686

Chronic sRPE W3 F3 4.529 6.798 0.000 2924533 0.824

Chronic sRPE W4 F1 0.000 33.76 0.000 0.324 0.046

Chronic sRPE W4 F2 22218.120 13.56 0.000 8.02E+15 0.461

Chronic sRPE W4 F3 92.306 15.116 0.000 8.11E+14 0.765

Interaction (Acute*Chronic sRPE W1 F1) 1.005 0.002 1.001 1.009 0.016

Interaction (Acute*Chronic sRPE W1 F2) 1.000 0.001 0.997 1.002 0.866

Interaction (Acute*Chronic sRPE W1 F3) 0.999 0.001 0.996 1.001 0.259

Interaction (Acute*Chronic sRPE W2 F1) 0.971 0.009 0.954 0.988 0.001

Interaction (Acute*Chronic sRPE W2 F2) 1.005 0.005 0.996 1.014 0.310

Interaction (Acute*Chronic sRPE W2 F3) 0.999 0.005 0.990 1.009 0.900

Interaction (Acute*Chronic sRPE W3 F1) 1.056 0.026 1.003 1.111 0.038

Interaction (Acute*Chronic sRPE W3 F2) 0.989 0.014 0.962 1.016 0.418

Interaction (Acute*Chronic sRPE W3 F3) 1.008 0.012 0.984 1.033 0.500

Interaction (Acute*Chronic sRPE W4 F1) 1.161 0.057 1.039 1.298 0.009

Interaction (Acute*Chronic sRPE W4 F2) 0.967 0.030 0.912 1.025 0.262

Interaction (Acute*Chronic sRPE W4 F3) 1.017 0.027 0.964 1.074 0.535

Abbreviations: CI = 95% Confidence Interval, OR = Odds Ratio, SE = Standard Error, sRPE = session Rating of Perceived Exertion 
in arbitrary units
1 All variables were modelled with splines, and terms represent one of multiple intervals demarcated by knots
2 The DLNM models a crossproduct of the number of minutes in activity (the F-function) and the lag time in which the activity was 
performed (the W-function). Since F was modelled with 3 knots, and W with 4, the result is a 3*4 permutation of intervals
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FIG. S1. Illustration of the modelling process in the framework of multiple imputation. The imputation was performed in accordance 
with recommendations in “Flexible Imputation of Missing Data, Second Edition” by Stef van Buuren (Van Buuren, 2018a), also 
available online (Van Buuren, 2018b). Missing time in activity in minutes, and sRPE values, were predicted and imputed using 
predictive mean matching (Barzi & Woodward, 2004), which has previously been shown to be a valid approach for count data (Van 
Buuren, 2018a). For the minutes in activity, a poisson regression imputation was compared with the PMM with validation plots, 
before choosing PMM. All non-derived variables were used to predict imputed values, including age, sex, player position, type of 
training activity, among others. The response variable, injury, was also used to predict imputed values (Moons et al., 2006), but was 
not itself imputed before analysis (Peters et al., 2012). The number of imputed datasets was five, which is recommended in most 
cases (Van Buuren section 2.8). The imputation was validated by comparing the distribution of the imputed versus the original data 
(see Figure S2). Five models were fitted and pooled using Ruben’s Rules for the final models (results in Table 1 and Table 2, main 
article).
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FIG. S2. Distribution of original data values (blue) compared to imputed values from five imputed datasets (yellow) for (A) daily 
minutes in activity in a Qatar Stars League football population, and (B) daily session Rating of Perceived Exertion (sRPE) measured 
in arbitrary units in a Norwegian elite U-19 football cohort. The mismatch between the distribution of imputed data and original data 
in (A) is expected. Although 12% of the Qatar Stars League exposure observations were missing, on days that players suffered an 
injury, the missing rate was 36%. The missing mechanism was therefore missing at random, and missing probability increased if 
injury = yes. Since players are unlikely to be injured on days with no activity (exposure = 0), one would expect the imputed distribution 
to skew less towards 0 than the original data.
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FIG. S3. Probability of injury on the current day (Day 0) predicted by logistic regression models with random effects. Shown for each 
level of training load variables used in (A) Qatar Stars League model (420 329 exposure values, 1 977 injuries) and (B) Norwegian 
elite U-19 model (4 719 exposure values, 60 injuries). The probability is shown for zero, low, medium and high cumulative chronic 
training load levels, as defined in Table S2. Arb. u = arbitrary units.

FIG. S4. Probability of injury on the current day (Day 0, acute load) predicted by logistic regression models, using the exponentially 
weighted moving average to calculate cumulative chronic load. Shown for each level of training load variables used in (A) Qatar Stars 
League model (420 329 exposure values, 1 977 injuries) and (B) Norwegian elite U-19 model (4 719 exposure values, 60 injuries). 
The probability is shown for zero, low, medium and high levels of the exponentially weighted moving average. Arb. u = arbitrary 
units.
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FIG. S5. Probability of injury on the current day (Day 0, acute load) for each minute in activity in the Qatar Stars League population 
(420 329 exposure values), stratified by (A) sudden onset injuries (n = 1 625) and (B) gradual onset injuries (n = 320). The 
probability is shown for zero, low, medium and high cumulative chronic minutes in activity. The probability is shown for zero, low, 
medium and high cumulative chronic training load levels, as defined in Table S2.


