
Bache- Mathiesen LK, et al. BMJ Open Sp Ex Med 2021;7:e001119. doi:10.1136/bmjsem-2021-001119   1

Open access Original research

Not straightforward: modelling non- 
linearity in training load and 
injury research

Lena Kristin Bache- Mathiesen    ,1 Thor Einar Andersen,1 
Torstein Dalen- Lorentsen    ,1 Benjamin Clarsen,1,2 Morten Wang Fagerland1,3

To cite: Bache- Mathiesen LK, 
Andersen TE, 
Dalen- Lorentsen T, et al.  Not 
straightforward: modelling 
non- linearity in training load 
and injury research. BMJ Open 
Sport & Exercise Medicine 
2021;7:e001119. doi:10.1136/
bmjsem-2021-001119

 ► Additional supplemental 
material is published online 
only. To view, please visit the 
journal online (http:// dx. doi. 
org/ 10. 1136/ bmjsem- 2021- 
001119).

Accepted 16 July 2021

1Department of Sports Medicine, 
Oslo Sports Trauma Research 
Centre, Norwegian School of 
Sports Sciences, Oslo, Norway
2Centre for Disease Burden, 
Norwegian Institute of Public 
Health, Bergen, Norway
3Research Support Services, 
Oslo Centre for Biostatistics and 
Epidemiology, Oslo University 
Hospital, Oslo, Norway

Correspondence to
Lena Kristin Bache- Mathiesen;  
 l. k. bache- mathiesen@ nih. no

© Author(s) (or their 
employer(s)) 2021. Re- use 
permitted under CC BY- NC. No 
commercial re- use. See rights 
and permissions. Published by 
BMJ.

ABSTRACT
Objectives To determine whether the relationship 
between training load and injury risk is non- linear and 
investigate ways of handling non- linearity.
Methods We analysed daily training load and injury 
data from three cohorts: Norwegian elite U-19 football 
(n=81, 55% male, mean age 17 years (SD 1)), Norwegian 
Premier League football (n=36, 100% male, mean age 26 
years (SD 4)) and elite youth handball (n=205, 36% male, 
mean age 17 years (SD 1)). The relationship between 
session rating of perceived exertion (sRPE) and probability 
of injury was estimated with restricted cubic splines in 
mixed- effects logistic regression models. Simulations were 
carried out to compare the ability of seven methods to 
model non- linear relationships, using visualisations, root- 
mean- squared error and coverage of prediction intervals 
as performance metrics.
Results No relationships were identified in the football 
cohorts; however, a J- shaped relationship was found 
between sRPE and the probability of injury on the same 
day for elite youth handball players (p<0.001). In the 
simulations, the only methods capable of non- linear 
modelling relationships were the quadratic model, 
fractional polynomials and restricted cubic splines.
Conclusion The relationship between training load and 
injury risk should be assumed to be non- linear. Future 
research should apply appropriate methods to account for 
non- linearity, such as fractional polynomials or restricted 
cubic splines. We propose a guide for which method(s) to 
use in a range of different situations.

INTRODUCTION
Injuries can hamper athlete and team perfor-
mance in a variety of sporting disciplines.1 
Overuse injuries, in particular, are consid-
ered preventable, and in the last decade, 
researchers have investigated how training 
load affects injury risk in different football 
codes and other sports.2 Results have been 
conflicting; some studies have found an 
increased risk with increased training loads, 
some have found that lower loads increase 
injury risk and some have found no associa-
tion at all.3 4 Hence, the relationship between 
training load and injury remains uncertain.

In 2013, Gamble theorised a U- shaped rela-
tionship between training load and injury 
risk. Too little and too much load increases 
risk,5 with the middle section of the spec-
trum representing the lowest risk point. This 
hypothesis was revisited in 2016 by Blanch 
and Gabbett6 who, based on three training 
load- injury datasets in different sports, postu-
lated a workload–injury relationship that 
closely resembled a J- shaped curve; however, 
the statistical methodology in that paper has 
been questioned.7 Gabbett8 theorised a non- 
linear relationship between training load and 
injury risk with the rationale that training 

Key messages

What is already known?
 ► Hypotheses suggest that the relationship between 
training load and injury risk is non- linear.

 ► Methods used in previous training load and injury 
research often assume linearity.

 ► Categorisation has been proven a suboptimal alter-
native for handling non- linearity.

What are the new findings?
 ► A non- linear relationship (p<0.001) between ses-
sion rating of perceived exertion and the probability 
of injury in elite youth handball players would not 
have been discovered if linearity had been assumed 
(p=0.24).

 ► Acceptable Brier scores and C- statistics from a lin-
ear model do not mean that the relationship is linear.

 ► Categorising training load by quartiles could not 
model a linear relationship under skewed data 
conditions.

 ► Fractional polynomials and restricted cubic splines 
were the only methods capable of exploring non- 
linear shapes.

How might it impact clinical practice?
 ► Clinical researchers will have the tools available to 
perform causal and predictive research on training 
load and injury risk more accurately.

 ► More consistent methodology between training load 
and injury risk studies will improve comparability, 
reproducibility and facilitate meta- analyses.
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load may increase the risk of injury and build beneficial 
physiological adaptations such as aerobic capacity and 
strength, factors associated with decreased injury risk. 
The hypotheses of both Gamble and Gabbett suggest a 
non- linear relationship between different measures of 
training load and injury risk, prompting recent calls for 
better handling of non- linearity in the field.9 10

Despite these hypotheses and calls, methods that assume 
a linear relationship between training load and injury 
risk, such as Pearson correlations and logistic regression, 
are commonly used in the field.11 If the training load 
and injury relationship is non- linear, such methods are 
expected to produce conflicting, irreproducible—and 
sometimes simply wrong—results. Nevertheless, no study 
has so far determined alternative methods for handling 
non- linearity.

The ideal method to handle non- linearity should be 
able to: (1) explore non- linear shapes and thus may 
confirm or reject previously outlined hypotheses; (2) 
model the non- linear relationship accurately; and (3) 
offer interpretable results.

The overall aim of this study was to identify the best 
methods for handling non- linearity in training load and 
injury research. First, we ascertained the relationship in 
three sports populations to reveal any potential evidence 
of non- linearity, to illustrate the problems and to present 
solutions. Second, we compared different methods in 
their ability to explore and accurately model potential 
non- linear shapes. Finally, we used the comparisons to 
develop a guide for which method(s) to use in different 
situations.

MATERIALS AND METHODS
Participants
We obtained training load and injury data collected from 
three cohorts: Norwegian elite U-19 football players 
(n=81, 55% male, mean age: 17 years, SD: 1 year),12 one 
male football team from the Norwegian Premier League 
(n=36, mean age: 26 years (SD: 4))13 and elite youth 
handball players recruited from Norwegian sports high 
schools (n=205, 36% male, mean age: 17 years (SD: 1)).14 
These cohorts were followed for 104, 323 and 237 days, 
respectively, during the competitive season.

All participants provided informed consent. Ethical 
principles were followed in accordance with the Declara-
tion of Helsinki.

Training load definition
In all three cohorts, players reported the number of 
training sessions and matches daily. They also reported 
the duration of each activity and their rating of perceived 
exertion (RPE)15 on the modified Borg CR10 scale.16 To 
derive the session RPE (sRPE),16 we multiplied the RPE 
by the activity duration in minutes.

Missing sRPE values are reported in online supple-
mental table S1 and were 24% for elite U-19 football, 
41% for Premier League football and 64% for elite 
youth handball. The missing values were imputed using 

multiple imputation (online supplemental figure S1), a 
method that also performs well in cases of high amounts 
of missing (80%),17 and the imputed values were deemed 
valid (online supplemental figure S2).

All load measures were based on players’ daily 
ratings of perceived exertion (sRPE). We calculated an 
acute:chronic workload ratio (ACWR) in two different 
ways:

Daily ACWR 7:21-period
The mean sRPE across 7 days divided by the exponen-
tially weighted moving average (EWMA) of the previous 
21 days, uncoupled (figure 1).18 The calculation was 
performed on a sliding window moving 1 day at a time 
from and including the 28th day.19 The last day in the 
acute load is considered day 0 (figure 1).

Microcycle ACWR 1:3-period
The mean sRPE for each microcycle divided by the 
EWMA of the previous three microcycles uncoupled 
(figure 1). A microcycle was defined as all recovery days 
after the previous match and the training days before 

Figure 1 Illustration of time periods for calculating (A) daily 
ACWR 7:21- period and (B) micro- cycle ACWR 1:3- period. 
The first day that ACWR is calculated from is denoted day 
0. The space between two tick marks represent 1 day (24 
hours). For B, a microcycle period consists of all activity 
before a new match (M). That is, recovery days after the 
previous match as well as the training days before the next 
match. Days denoted with negative numbers are training 
days before the next match (M-1: being the day before the 
match; M-2: 2 days before a match and so on). Days with 
positive numbers are recovery and training days after a 
match (M+1: being the day after a match, M+2: 2 days after a 
match). The number of days between matches varies by the 
match schedule. How a team plan their training and recovery 
activities varies and is dependent on the teams’ philosophy. 
For A, injury on the same day is defined as an injury on day 
0, and future injury is defined as an injury occurring during 
the next 4 days excluding day 0. For B, future injury was 
defined as an injury occurring during the next microcycle 
excluding day 0. ACWR, acute:chronic workload ratio.
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the next match. The next microcycle started on the first 
training day after the match and so on. For an illustra-
tion of a microcycle, see figure 1. The ACWR calculation 
was performed in the same manner as described for daily 
ACWR, on a sliding window moving one microcycle at 
a time from and including the fourth microcycle. The 
last day of the fourth microcycle was considered day 0 
(figure 1).

When computing a ratio, one assumes that there is no 
relationship between the ratio and the denominator after 
controlling for the denominator; a ratio is only effective 
when the relationship between the numerator and the 
denominator is a straight line that intersects the origin.20 
Tests of this assumption are reported in online supple-
mental figure S3.

Injury definition
The same online questionnaire was used to collect daily 
health status and training information from all three 
sports cohorts. The elite U-19 football data and elite youth 
handball data were collected via the Briteback AB online 
survey platform, while the Norwegian Premier League 
football data were collected with Athlete Monitoring, 
Moncton. The players daily reported whether they had 
experienced ‘no health problem’, ‘a new health problem’ 
or ‘an exacerbation of an existing health problem’. In 
the youth elite handball study, if players reported any 
new health problems, they were immediately prompted 
to specify whether it was an injury or illness in the ques-
tionnaire. In the football studies, if players reported any 
new health problems, a clinician contacted them by tele-
phone the following day for a structured interview and 
classified the health problem as an injury or illness with 
the UEFA guidelines.21 Players were asked to report all 
physical complaints, irrespective of their consequences 
on sports participation or the need to seek medical atten-
tion.22

Statistical analyses
To estimate the relationship between training load and 
injury risk, mixed effects logistic regression was used.11 23

We considered two outcomes: (1) occurrence of an 
injury on the same day as the observed training load 
(day 0) and (2) occurrence of injury in the future, where 
the current observation day (day 0) was not included. 
For unmodified training load values and daily ACWR 
7:21- period, the future injury was defined as an injury 
occurring during the next 4 days excluding day 0. For 
microcycle ACWR 1:3- period, the future injury was any 
injury occurring during the next microcycle excluding 
day 0 (see figure 1 for an illustration of injury time 
periods and online supplemental table S2 for a list of the 
different models).

We adjusted for player age in all analyses. In addi-
tion, we adjusted for sex in the U-19 elite football and 
the elite youth handball models. In all models, the rela-
tionship between sRPE and injury risk was modelled 
with restricted cubic splines (RCSs).24 The models were 

repeated without splines to simulate the relationship we 
would have discovered if we had assumed linearity. When 
using RCS, the estimated regression coefficients do not 
have a clinically meaningful interpretation, and only 
their p values are numerically interpretable.24 The main 
result is, therefore, a visualisation of the model predic-
tions (with uncertainty) to determine the shape of the 
relationship between training load and injury risk.

More details about data preparation and calculations 
are available in a supplementary file in .pdf format 
(online supplemental file 2). Our analyses served to 
illustrate whether there is any evidence for non- linearity 
in training load and injury research and should not be 
interpreted as causal inference.

Simulations
In addition to analysing real data, we performed 
(stochastic) simulations to compare different methods for 
ascertaining non- linear and linear relationships between 
training load and injury risk. The simulations were based 
on the elite U-19 football dataset since it had the least 
missing data (24%). The methodology here is focused on 
a causal research setting; however, the methods may also 
be applied in predictive research.25 A detailed descrip-
tion of the simulation process and equations, as well as 
justifications for our methodological choices, is available 
as supplementary material (online supplemental file 2).

Two datasets were created. The first kept the original 
8495 sRPE and 6308 ACWR values. In the second, sRPE 
and ACWR were sampled with replacement to generate 
22 500 training load values.

Artificial injuries were simulated under different 
assumed scenarios for the relationship between training 
load and injury risk:
1. A U shape.
2. A J shape.
3. A linear shape.

A U shape between training load and injury risk indi-
cates that the injury risk at lower levels of training load 
is equal to the injury risk at higher levels of training 
load. In contrast, moderate levels of training load have 
the lowest risk. In a J shape, moderate levels of training 
load have the lowest injury risk, followed by low levels of 
training load having intermediate risk. Finally, high levels 
of training load have the highest injury risk. For the U 
and linear relationship shapes, the simulated probability 
of an injury was based on the sRPE, while for the J shape, 
it was based on the ACWR. Any reference to the ‘true’ 
probability refers to the simulated probability we have 
created for a given scenario and which we aim to model.

We used mixed effects logistic regression models to 
estimate the relationship between training load and 
predefined injury risk, and we compared seven different 
methods to model the relationship:

 ► Linear model.
 ► Categorising by quartiles (data driven).
 ► Categorising by subjective cut- offs (subjective).
 ► Quadratic model.
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 ► Fractional polynomials.
 ► RCSs with automated knots (data driven).
 ► RCSs with subjectively placed knots (subjective).
The root- mean- squared error (RMSE), coverage of 

prediction intervals, Brier score for model fit and C- statis-
tics for predictive ability were calculated as performance 
measures. RMSE is a combined measure of accuracy and 
precision, where the lower the RMSE, the better the 
method. RMSE is only interpretable by comparing values 
in the same analysis – the values are meaningless in isola-
tion.26

In summary, the four steps of the simulations were:
1. Sample training load values from the elite U-19 foot-

ball data.
2. Simulate injuries with three different shapes for the 

relationship between injury risk and training load.
3. Fit seven different models with injury as the outcome 

and training load as the explanatory variable.
4. Calculate performance measures.

Steps 1–4 were repeated 1900 times.
For the U- shaped relationship, predicted values were 

visualised alongside the predefined shape to determine 
each method’s ability to capture the true relationship. 
RMSE was also visually compared for the non- linear 
shapes.

All statistical analyses and simulations were performed 
using R V.4.0.2.27 A GitHub repository is available with R 
code and data files.28

RESULTS
Evidence of non-linearity in training load and injury risk 
relationship research
A strong J- shaped relationship was found between sRPE 
and the probability of injury on the same day for elite 
youth handball players (p<0.001, figure 2A, online 
supplemental table S3). The linear model did not find 
this relationship (OR=1.0, 95% CI 0.99 to 1.00, p=0.24, 
figure 2B, online supplemental table S4). Additionally, 
for the handball cohort, an uncertain ∩-shaped relation-
ship was present between sRPE and probability of injury 
in the next 4 days (p=0.06, figure 2B). These results also 
conflicted with the linear model showing no relationship 
(OR=1.0, 95% CI 0.99 to 1.00, p=0.35, figure 2B). For 
microcycle ACWR, the assumption that the relationship 
between the numerator and the denominator is a straight 
line intersecting the origin was supported, while for daily 
ACWR, the assumption was violated (online supple-
mental figure S3). No other relationships had significant 
p values or practically notable effect sizes (online supple-
mental table S3, figure S5 and S6).

Simulations
The quadratic model, fractional polynomials (FPs) and 
RCSs with subjectively placed knots were the only methods 
capable of modelling the non- linear U- shaped relation-
ship (figure 3). FPs and RCS with subjectively placed 
knots (RCS subjectively) had the lowest RMSE and were, 
therefore, the best methods for the U shape (figure 4A). 

The linear model had—by far—the highest RMSE and 
the data- driven RCS the second highest (figure 4A). 
In contrast, RCS (subjectively) had among the highest 
RMSE (figure 4B) regarding the J- shaped relationship. 
For the J shape, FPs and the quadratic model were the 
best methods (figure 4B). FPs had second- to- lowest 
RMSE for non- linear relationships (figure 4) and consis-
tently had the best coverage (table 1).

All methods had a similar degree of error, predictive 
ability and model fit for the linear relationship (table 1).

The categorisation methods had the lowest coverage 
for the U and linear shapes, and categorising by quar-
tiles had particularly poor coverage for the linear shape 
(25% vs >99% for other methods, table 1). For the J 
shape, the linear model performed worse than categori-
sation with 55% (vs 79% and 89%) for n=6308 (table 1). 
Predictions from the linear model could not form the U 

Figure 2 Probability of injury in elite youth handball on 
(A) the sameday and (B) the next 4 days, for each level of 
session rating of perceived exertion (sRPE) measured in 
arbitrary units (AU), as predicted by mixed effects logistic 
regression models with restricted cubic splines. The 
predictions pertain to a 17- year- old female. The yellow 
area represents 95% cluster- robust CIs around predicted 
values. The straight line shows the same predictions from 
an equivalent model without splines (ie, assuming linearity). 
For figure part B, modelling the response of injury in the next 
4 days, multiple injuries on the same day were considered 
one event and an injury event would pertain to four load 
values and are therefore included four times.
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shape (figure 3) and had the highest degree of error for 
both non- linear shapes (highest RMSE; table 1, figure 4) 
but showed high predictive ability for the U shape (C- sta-
tistic >0.8) and moderate to poor predictive ability of the 
J shape (C- statistic=0.77 for n=6308, C- statistic=0.62 for 
n=22 500) in line with the other methods (table 1).

The differences in evaluation metrics between the two 
different sample sizes, n=22 500 and n=8494 for sRPE, 
and n=22 500 and n=6308 for ACWR, were negligible 
(table 1). Model fit determined by Brier score also failed 
to notably differentiate methods (table 1).

DISCUSSION
This is the first study exploring the potential for non- 
linearity in the relationship between training load and 
injury risk for football and handball. We found a J- shaped 
relationship between training load measured as the sRPE 
and probability of an injury on the same day in an elite 
youth handball cohort (figure 2A).

We also found that three methods were able to model 
the non- linear relationships between training load and 

injury explored in this paper: the quadratic model, FPs 
and RCSs, which managed to accurately recreate all simu-
lated risk shapes (figure 4).

Evidence of non-linearity in training load and injury risk 
relationship research
All modelled relationships between training load and 
injury risk were either flat (no relationship) or non- 
linear. The results showed that the strength and direction 
of the relationship varied between training load—and 
injury—definitions in the handball population, while no 
relationships were found in the two football populations.

If we had assumed linearity and modelled the data 
accordingly, we would not have discovered these rela-
tionships. More grievously, we would have concluded 
there was no relationship between training load and 
injury risk for elite youth handball players for injury on 
the same day (linear model, p=0.24, type II error), when 

Figure 3 Probability of injury for each level of session rating 
of perceived exertion (sRPE) as predicted by seven different 
methods of modelling load. The yellow line represents the 
ability of the method to capture the U- shaped relationship 
(shown by the black line). The yellow area corresponds to 
the prediction interval. The predictions are based on 8494 
sRPE values sampled from a highly skewed distribution in a 
Norwegian elite U-19 football dataset.

Figure 4 The mean root- mean- squared error (RMSE) of 
1900 permutations for seven different methods modelling a 
non- linear (A) U- shaped relationship between session rating 
of perceived exertion (sRPE) and probability of injury, and 
(B) J- shaped relationship between acute:chronic workload 
ratio (ACWR) and probability of injury. The methods are 
arranged from top- to- bottom by the method with highest 
RMSE (most error) to the method with lowest RMSE. Thus, 
the best methods (those with lowest RMSE) are arranged 
towards the bottom. For figure part A, fractional polynomials 
and restricted cubic splines (subjectively) were the best 
methods, while for figure part B, fractional polynomials and 
the quadratic model were the best methods. The calculations 
are based on a Norwegian elite U-19 football dataset with 
8494 sRPE values for (A) U shape and 6308 ACWR values 
for (B) J shape. RMSE cannot be compared between the two 
shapes, only within each shape.26
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Table 1 A comparison of mean root- mean- squared error, Brier score, C- statistic and coverage of prediction intervals 
for 1900 permutations of modelling the relationship between training load and risk of injury in seven different ways, with 
predetermined relationship shapes

Relationship Sample size Method RMSE Brier score C- statistic Coverage (%)

U shape 22 500 Linear model 2.344 0.097 0.827 100.000

Categorised (quartiles) 0.995 0.101 0.809 99.678

Categorised (subjectively) 0.996 0.102 0.758 94.600

Quadratic model 0.993 0.097 0.826 100.000

Fractional polynomials 0.994 0.096 0.829 100.000

Restricted cubic splines (data driven) 1.065 0.097 0.826 100.000

Restricted cubic splines (subjectively) 0.981 0.097 0.827 100.000

8494 Linear model 2.935 0.093 0.851 98.048

Categorised (quartiles) 0.958 0.096 0.838 98.769

Categorised (subjectively) 0.965 0.098 0.809 84.600

Quadratic model 0.956 0.092 0.850 98.937

Fractional polynomials 0.956 0.092 0.852 98.942

Restricted cubic splines (data driven) 1.079 0.092 0.849 98.686

Restricted cubic splines (subjectively) 0.936 0.092 0.851 98.687

J shape
  
  
  
  
  
  
  
  
  
  
  
  
  

22 500 Linear model 1.044 0.063 0.618 77.694

Categorised (quartiles) 0.993 0.064 0.689 88.652

Categorised (subjectively) 0.993 0.063 0.690 96.404

Quadratic model 0.984 0.061 0.732 99.997

Fractional polynomials 0.986 0.061 0.740 100.000

Restricted cubic splines (data driven) 0.992 0.061 0.735 99.999

Restricted cubic splines (subjectively) 0.993 0.061 0.721 99.869

6308 Linear model 0.942 0.060 0.774 54.493

Categorised (quartiles) 0.919 0.060 0.791 79.120

Categorised (subjectively) 0.917 0.059 0.795 89.393

Quadratic model 0.912 0.057 0.817 93.272

Fractional polynomials 0.915 0.057 0.821 95.517

Restricted cubic splines (data driven) 0.918 0.057 0.818 94.281

Restricted cubic splines (subjectively) 0.919 0.057 0.812 89.959

Linear
  
  
  
  
  
  
  
  
  
  
  
  
  

22 500 Linear model 0.999 0.239 0.591 100.000

Categorised (quartiles) 0.999 0.240 0.588 25.000

Categorised (subjectively) 0.999 0.241 0.579 99.995

Quadratic model 0.999 0.239 0.591 99.999

Fractional polynomials 0.999 0.239 0.592 100.000

Restricted cubic splines (data driven) 0.999 0.239 0.591 100.000

Restricted cubic splines (subjectively) 0.999 0.239 0.591 99.997

8494 Linear model 0.991 0.228 0.655 99.795

Categorised (quartiles) 0.991 0.228 0.653 24.957

Categorised (subjectively) 0.991 0.229 0.649 99.678

Quadratic model 0.991 0.228 0.656 99.786

Fractional polynomials 0.991 0.228 0.656 99.788

Restricted cubic splines (data driven) 0.991 0.228 0.656 99.789

Restricted cubic splines (subjectively) 0.991 0.228 0.656 99.791

RMSE, root- mean- squared error.
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it was, in fact, a strong U- shaped parabola (RCS model, 
p<0.001, figure 2A). This may happen when a rela-
tionship is not only non- linear but non- monotonic. In 
monotonic relationships, the response variable Y (injury 
probability) moves only in one direction as X (training 
load) increases, while in non- monotonic relationships, 
Y sometimes increases and sometimes decreases when X 
increases.9

In 2013, Gamble5 theorised a U- shaped relationship 
between training load and risk of injury. Data presented 
by Blanch and Gabbett6 suggested a J- shaped relationship 
between ACWR and injury, although the methodology 
and interpretation of this finding have recently been 
questioned.7 Here, we reproduced a J shape between 
sRPE and injury occurring on the same day for elite 
youth handballers but not for the relative training load 
described by the ACWR in the same cohort. In Lathlean et 
al,29 a U shape was discovered between training load and 
the risk of future injury in an Australian football cohort. 
These findings might suggest that the training load and 
injury relationship is different for different sports and 
populations. Since non- linearity is possible in a training 
load and injury context, we recommend assuming the 
data have an unknown, non- linear relationship when 
conducting statistical analyses.

Methods for addressing non-linear relationships
As expected, standard logistic regression could not model 
the U and J shapes, as it assumes linearity. For the U shape, 
the RMSE was threefold higher for the linear model than 
all other models (RMSE=2.9 vs RMSE≈0.95, figure 4A), 
showing that violation of the linearity assumption causes 
major bias and can substantially alter conclusions based 
on the results. Misleadingly, the linear model had a great 
C- statistic score (>0.8) and comparable Brier scores. This 
happened because the sRPE values were highly skewed 
(online supplemental figure S4). Over 90% of the data 
points were congested in the left- hand side of the U shape 
(figure 3, online supplemental figure S4). The linear 
model, which only managed to model the left- hand side 
of the U shape, therefore predicted most of the values 
well, causing the impressive C- statistic. However, it could 
not predict the right- hand side of the U shape at all and 
therefore had high RMSE. Consequently, a researcher 
who measures model fit by predictive ability alone may be 
falsely assured that the linearity assumption holds true.

Categorisation has previously been explored thor-
oughly in Carey et al30 and proven a poor method for 
modelling non- linear relationships. The results were 
reproduced in our study using a football population, 
where the RMSE and coverage for categorisation were 
consistently outperformed by other methods (table 1). In 
addition, our results showed that categorising by quartiles 
was suboptimal for modelling non- linear relationships 
and also suboptimal when the relationship between 
training load and injury risk was linear (coverage of 25% 
vs >99% for all other methods).

Recently, some studies have added a quadratic term to 
the training load and injury model to test for linearity: 
if the term was non- significant, it was discarded for a 
linear model; if significant, they categorised the training 
load variable to handle non- linearity.31–33 If the quadratic 
term is significant, the researchers correctly choose other 
options over a linear model. However, the quadratic 
term only tests for a parabolic shape—not non- linearity 
in general. A significant quadratic term does not mean 
the relationship is quadratic (parabolic). It means that 
a quadratic shape fits better than a linear shape. If the 
quadratic term is not significant, it does not necessarily 
mean the underlying relationship is linear, either, only 
that a quadratic shape fits poorly. Furthermore, testing 
non- linearity with a quadratic term has been shown to 
inflate type I error rates by 50%.34

Blanch and Gabbett6 and Carey et al19 used quadratic 
regression assuming a parabolic relationship between 
training load and injury risk. In our study, quadratic 
regression modelled the U- shaped risk profiles with low 
degrees of error (figures 3 and 4A) and had the best 
performance for the J- shaped relationship (figure 4B). 
This is expected, as the J shape was initially constructed 
from a quadratic model in Blanch and Gabbett.6 
Contrary to a real- life setting, however, we knew the risk 
profiles before analysing our data. Quadratic regression 
does not explore shapes but constrains the model to 
follow a specific pathway. We think it is only appropriate 
when strong evidence from previous studies support a 
parabolic relationship. We recommend assuming non- 
linearity of unknown shapes and using methods not to 
test for linearity but to explore and model non- linearity 
to discover the relationship. Based on our findings and 
previous research in other fields such as medical statis-
tics,35 FPs and RCSs appear to be the best methods for 
doing this.

FPs modelled all risk shapes accurately (figure 4, 
table 1). FP has recently been used in a training load and 
injury risk study.29 This method requires minor subjec-
tive influence, and the results are intuitive, especially 
for users familiar with quadratic regression. Although it 
appears the superior choice at first glance, the method 
has a disadvantage: FPs are defined only for positive 
values, which means that an FP model is unable to model 
negative values and the value 0. In the context of training 
load and injury risk research, training load is (tradition-
ally) never measured on a negative scale.36 If it can be 
justified, adding a small constant (such as 0.001, or what-
ever is considered small in the context of the measuring 
scale) to all training load values can solve the problem 
with 0 and allow the use of FPs.

RCSs performance depended on how knot locations 
(the points where the polynomials that make up cubic 
splines are joined, see online supplemental file 2 for 
details) were chosen. In the data- driven method, where 
knots were automatically placed by the default setting, 
RCS failed to model the U- shaped scenario (figure 3). 
When knot position was chosen based on the range of 
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the training load variable, RCS modelled the U accurately 
(figure 3). However, the results were the opposite for the 
J- shaped relationship where the data- driven method was 
among those of lowest error, and the subjectively located 
knots had the highest amount of error (figure 4B). The 
default placement algorithm was by quartiles, and in the 
highly skewed distribution of the sRPE values used in 
the U- shaped relationship (online supplemental figure 
S4), it caused the knots to be placed tightly together 
(figure 3). Therefore, it could not model the shape, 
while the subjective version was created with the range 
of the values in mind. The ACWR values used in the J 
shape had a Gaussian distribution (online supplemental 
figure S4), and using quartiles was a feasible choice. This 
shows the importance of careful model calibration using 
clinical knowledge and knowledge of the data.

RCS produces effect sizes that are difficult to use in 
a practical setting, and results can only be interpreted 
in the form of p values and visualisation (such as in 
figure 2). RCS is less ideal than FP in causal research. 
Still, its disadvantages are not as relevant in predictive 
research where interpretability is of minor concern.25 We 
propose a guide for when FP is recommended and when 
RCS is recommended (box 1).

Limitations
A limitation of this study was the sample size, the number 
of injuries and consequently statistical power. Neither of 
the two football cohorts satisfied the recommendation 
of >200 injuries to detect a small to moderate effect.37 
The elite youth handball data, despite having a sufficient 
number of injuries, had high amounts of missing sRPE 
values (64%), and this may have caused selection bias. 
We emphasise that the exploration of non- linearity in 
these data were for illustrative purposes and not to show 
causal inference.

We used statistical methods commonly used and recom-
mended in the field to demonstrate how non- linear 
relationships can be ascertained with existing methods. 

We were consequently limited in the choice of methods. 
The ACWR model is under debate, and the pros and cons 
of the method have been explored extensively in recent 
publications.12 18 38 The purpose of this paper was not to 
provide additional insight into that discussion but rather 
to demonstrate how a continuous training load variable 
should be modelled to account for non- linearity. For this 
reason, we opted to use ACWR, as it is currently the most 
used training load method in the field of training load 
and injury risk research.4

CONCLUSION
Exploratory analyses showed evidence of a non- linear 
relationship between training load and risk of injury 
in a sports population. Researchers should assume that 
the relationship between training load and injury risk 
is non- linear and use appropriate methods that explore 
relationships rather than constrain them. Linear methods 
should only be used when the relationship is first proven 
to be linear. We promote FPs or RCSs to model non- linear 
relationships, depending on the scenario.
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Box 1 Recommended methods to model non- linear relationships between training load and injury risk

To model non- linear relationships, either Fractional Polynomials (FP) or Restricted Cubic Splines (RCS) can be used.
Fractional polynomials are easier to interpret. We recommend FP under the following conditions:

 ► When the main objective is causal research, FP is preferred. When the training load measure does not include negative numbers or 0. This includes:
 – Studies that use the Acute- Chronic Workload Ratio or other metrics that cannot be the value 0 or a negative value.
 – Studies that model the relationship between training load and injury risk on the same day, or other scenarios where the researchers may wish to 

remove the days where the athletes were not exposed to any training load from the dataset.
 – Studies that can justify applying a small constant (such as 0.001, or whatever is considered small in the context of the measuring scale) to all 

training load values.
We recommend restricted cubic splines under the following conditions:

 ► When the main objective is predictive research, RCS is preferred.
 ► When the training load measures must have the value 0. This includes studies that wish to capture a change in the effect, regardless how small, 
going from no training load at all to any amount of training load.

 ► When training load is included in the study merely to adjust for it as a potential confounder and is not the main variable of interest.
We do not recommend changing the study aims or the chosen measure to use FP, nor do we recommend using FP under certain conditions and RCS 
for other conditions in the same study.
A step- by- step guide to performing FP and RCS in R can be accessed on the primary author’s GitHub page.39 40
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Table S1. Data quality comparison of sports cohorts: the Norwegian elite U-19 football data (55% male, age; mean ± 

standard deviation (SD) = 17 ± 1 years), Norwegian Premier League football data (all male, age 26 ± 4 years) and elite 

youth handball data (36% male, age 17 ± 0.9 years).  

  Football U-19 Football Elite Handball 

Sample Size Number of athletes 81 36 205 

 Number of sRPE values before imputation 6 424 6 061 17 268 

 Number of sRPE values after imputation 8 495 10 232 47 651 

 Number of injuries 81 38 472 

 Number of injuries per athlete, mean (SD) 1 (1.2) 1 (1.5) 2.3 (2.9) 

     

Missing data Missing load values, n (%) 2 071 (24%) 4 171 (41%) 30 383 (64%) 

 Missing load values per athlete, mean (SD) 26 (32) 116 (62) 148 (71) 

     

Timelines Mean (SD) answering time, days 0.3 (0.7) 0.01 (0.2) 0.7 (1.6) 

 Percentage of forms answered the same day 72% 99% 53% 

 Max answering time, days 9 4 119 

Abbreviations: Football Elite, Norwegian Premier League; sRPE, session Rating of Perceived Exertion  
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Table S2. Overview of injury definition and models run on each sport population, with the number of load values 

and the number of injuries used in each model.  

Population Injury Definition1 Load Definition2 Load Values (n)3 Injuries (n)3 

Football U-19 (n = 81) Same day sRPE 8495 81 

  Daily ACWR 7:21-period 6308 43 

 Next 4 days sRPE 8495 210 

  Daily ACWR 7:21-period 6308 129 

 Next micro-cycle Micro-cycle ACWR 1:3-period 793 26 

Football Elite (n = 36) Same day sRPE 10 232 38 

  Daily ACWR 7:21-period 9 260 32 

 Next 4 days sRPE 10 232 44 

  Daily ACWR 7:21-period 9 260 34 

 Next micro-cycle Micro-cycle ACWR 1:3-period 553 26 

Handball (n = 205) Same day sRPE 47 651 472 

  Daily ACWR 7:21-period 42 116 320 

 Next 4 days sRPE 47 651 1 136 

  Daily ACWR 7:21-period 42 116 714 

 Next micro-cycle Micro-cycle ACWR 1:3-period   1 897 242 

Abbreviations: ACWR, Acute: Chronic Workload Ratio; Football Elite, Norwegian Premier League; sRPE = daily 

session Rating of Perceived Exertion; TL, Training Load. 
1Same day was injury same day as the measured load value; Next 4 days was one or more injuries during the four 

days after the measured load value; Next micro-cycle was one or more injuries during the micro-cycle after the 

micro-cycle of the measured load values.  
2Daily ACWR 7:21-period was the 7-day acute sRPE divided by previous 21-day chronic sRPE per day; Micro-cycle 

ACWR 1:3-period was the 1-micro-cycle acute sRPE divided by previous 3-micro-cycle chronic sRPE per micro-

cycle. A micro-cycle was defined as all recovery days after the previous match as well as the training days before 

the next match. 
3Due to aggregations, ACWR calculations and injury time-windows, the number of load values and injury events 

varied between models. 
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Table S3. Odds ratio with 95% confidence intervals, standard error, degrees of freedom and p-values from modelling the relationship between training load and 

injury risk using mixed effect models with restricted cubic splines. 

Population Load Definition1 Injury Definition2 Variable OR3 CI 2.5% CI 97.5% SE df p 

Football U-19 sRPE Same day Intercept 0.004 <0.001 0.939 2.808 941 0.047 

   
Load 1.000 0.997 1.003 0.002 3331 0.837 

   
Load' 1.001 0.997 1.004 0.002 3337 0.746 

   
Sex Female (Ref) - - - - - - 

   
Sex Male 1.163 0.628 2.155 0.314 3286 0.631 

 
  

Age (Years) 1.088 0.800 1.479 0.157 921 0.592 

  Next 4 days Intercept 0.031 <0.001 13.614 3.094 273 0.262 

 
  

Load 1.001 1.000 1.002 0.001 4253 0.179 

 
  

Load' 0.999 0.998 1.001 0.001 3386 0.502 

 
  

Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.181 0.582 2.400 0.362 4727 0.645 

 
  

Age (Years) 0.973 0.689 1.373 0.175 261 0.874 

 Daily ACWR 7:21-period Same day Intercept 0.002 <0.001 1.073 3.233 1088 0.053 

 
  

Load 0.778 0.313 1.936 0.465 1896 0.589 

 
  

Load' 2.970 0.586 15.057 0.827 1268 0.189 

 
  

Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.326 0.648 2.716 0.365 2592 0.440 

 
  

Age (Years) 1.118 0.785 1.594 0.181 1131 0.536 

  Next 4 days Intercept <0.001 <0.001 25.567 6.179 104 0.148 

  
 

Load 4.285 1.241 14.793 0.631 498 0.021 

  
 

Load' 0.032 0.007 0.139 0.745 1565 <0.001 

  
 

Sex Female (Ref) - - - - - - 

  
 

Sex Male 1.278 0.381 4.283 0.617 2328 0.691 

  
 

Age (Years) 1.160 0.594 2.266 0.338 110 0.661 

 

Continues on the next page 
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Population Load Definition1 Injury Definition2 Variable OR3 CI 2.50 % CI 97.50 % SE df p 

Football U-19 Micro-cycle ACWR 1:3-period Next micro-cycle Intercept 0.041 <0.001 40.086 3.502 396 0.362 

  
 

Load 0.210 0.012 3.536 1.439 562 0.278 

  
 

Load' 8.535 <0.001 6136037 6.857 356 0.755 

  
 

Load'' 0.144 <0.001 3.52E+20 25.026 296 0.938 

   
Sex Female (Ref) - - - - - - 

   
Sex Male 1.107 0.478 2.563 0.427 641 0.812 

   
Age (Years) 1.070 0.732 1.563 0.193 358 0.726 

Football Elite sRPE Same day Intercept 0.001 <0.001 0.011 1.437 4480 <0.001 

   
Load 1.000 0.995 1.005 0.003 4479 0.897 

   
Load' 1.001 0.994 1.008 0.004 4475 0.847 

 
  

Age (Years) 1.096 0.997 1.204 0.048 4480 0.056 

  Next 4 days Intercept <0.001 <0.001 0.022 2.581 1593 0.001 

   Load 0.998 0.994 1.003 0.002 168 0.501 

   Load' 1.004 0.997 1.011 0.003 99 0.29 

 Daily ACWR 7:21-period Same day Intercept <0.001 <0.001 0.022 2.465 55 0.001 

 
  

Load 3.389 0.042 273.286 2.119 22 0.57 

 
  

Load' 0.337 0.004 31.613 2.201 24 0.626 

 
  

Age (Years) 1.104 0.994 1.226 0.053 3833 0.064 

 
  

Age (Years) 1.186 0.991 1.418 0.091 1662 0.062 

  Next 4 days Intercept <0.001 <0.001 0.015 3.485 300 0.002 

  
 

Age (Years) 1.202 0.978 1.477 0.105 1349 0.081 

  
 

Load 6.731 0.116 390.17 1.948 20 0.339 

  
 

Load' 0.056 0.001 5.583 2.252 29 0.21 

 Micro-cycle ACWR 1:3-period Next micro-cycle Intercept <0.001 <0.001 0.136 2.841 62 0.009 

   
Age (Years) 1.113 1.016 1.219 0.046 476 0.021 

   
Load 7.523 0.030 1881.323 2.742 46 0.466 

   
Load' 0.340 0.005 22.344 2.113 112 0.610 

 

Continues on the next page 
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Population Load Definition1 Injury Definition2 Variable OR3 CI 2.50 % CI 97.50 % SE df p 

Handball sRPE Same day Intercept 0.083 0.003 2.711 1.777 1632 0.162 

   
Load 0.999 0.998 0.999 <0.001 9445 <0.001 

   
Load' 1.002 1.001 1.003 0.001 2603 <0.001 

   
Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.112 0.780 1.586 0.181 11867 0.556 

 
  

Age (Years) 0.963 0.787 1.177 0.102 1740 0.711 

  Next 4 days Intercept 0.606 0.007 54.891 2.297 1270 0.827 

 
  

Load 1.000 1.000 1.001 <0.001 39 0.063 

 
  

Load' 0.999 0.999 1.000 <0.001 21 0.143 

 
  

Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.053 0.645 1.719 0.25 11521 0.837 

 
  

Age (Years) 0.87 0.67 1.129 0.133 1146 0.294 

 Daily ACWR 7:21-period Same day Intercept 0.041 0.001 2.833 2.157 3372 0.140 

 
  

Load 0.743 0.362 1.523 0.366 1301 0.417 

 
  

Load' 1.648 0.687 3.952 0.445 394 0.262 

 
  

Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.127 0.729 1.741 0.222 8737 0.591 

 
  

Age (Years) 0.989 0.776 1.259 0.124 3357 0.926 

  Next 4 days Intercept 0.234 0.001 99.719 3.088 2022 0.638 

  
 

Load 2.006 1.006 4.002 0.348 98 0.048 

  
 

Load' 0.292 0.133 0.643 0.395 70 0.003 

  
 

Sex Female (Ref) - - - - - - 

  
 

Sex Male 1.316 0.708 2.449 0.317 7490 0.385 

  
 

Age (Years) 0.886 0.624 1.257 0.179 1426 0.497 
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Population Load Definition1 Injury Definition2 Variable OR3 CI 2.50 % CI 97.50 % SE df p 

Handball Micro-cycle ACWR 1:3-period Next micro-cycle Intercept 0.165 0.003 9.425 2.062 1450 0.382 

  
 

Load 0.878 0.397 1.939 0.404 955 0.747 

 
  

Load' 1.335 0.599 2.976 0.408 969 0.479 

 
  

Sex Female (Ref) - - - - - - 

   
Sex Male 0.908 0.596 1.384 0.215 1551 0.654 

   
Age (Years) 1.004 0.795 1.267 0.119 1313 0.976 

Abbreviations: ACWR, Acute: Chronic Workload Ratio; CI, 95% Confidence Intervals; df, Degrees of Freedom; Football Elite, Norwegian Premier League; OR, Odds 

Ratio; SE, Standard Error; sRPE, daily session Rating of Perceived Exertion. 
1Daily ACWR 7:21-period was the 7-day acute sRPE divided by previous 21-day chronic sRPE per day; Micro-cycle ACWR 1:3-period was the 1-micro-cycle acute 

sRPE divided by previous 3-micro-cycle chronic sRPE per micro-cycle. A micro-cycle was defined as all recovery days after the previous match as well as the training 

days before the next match.  
2Same day was injury same day as the measured load value; Next 4 days was one or more injuries during the four days after the measured load value; Next micro-

cycle was one or more injuries during the micro-cycle after the micro-cycle of the measured load values. 
3As load was fitted with cubic splines, the effect-size, Odds Ratio, is uninterpretable for this parameter. 
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Table S4. Odds ratio with 95% confidence intervals, standard error, degrees of freedom and p-values from modelling the relationship between training 

load and injury risk using mixed effect logistic regression models which assume linearity.   

Population Load Definition1 Injury Definition2 Variable OR CI 2.5% CI 97.5% SE df p 

Football U-19 sRPE Same day Intercept 0.003 <0.001 0.795 2.781 942 0.041 

   
Load 1.000 0.999 1.001 <0.001 3338 0.755 

   
Sex Female (Ref) - - - - - - 

   
Sex Male 1.165 0.629 2.156 0.314 3287 0.627 

   
Age (Years) 1.088 0.800 1.478 0.156 922 0.591 

  Next 4 days Intercept 0.034 <0.001 15.046 3.099 263 0.275 

   
Load 1.000 1.000 1.001 <0.001 3015 0.067 

   
Sex Female (Ref) - - - - - - 

   
Sex Male 1.186 0.585 2.406 0.361 4759 0.636 

   
Age (Years) 0.969 0.686 1.369 0.175 256 0.86 

 Daily ACWR 7:21-period Same day Intercept 0.001 <0.001 0.405 3.181 1341 0.025 

 
  

Load 1.346 0.859 2.107 0.228 492 0.194 

 
  

Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.329 0.645 2.737 0.368 2601 0.440 

 
  

Age (Years) 1.139 0.798 1.625 0.181 1289 0.473 

  Next 4 days Intercept 0.003 <0.001 98.996 5.313 108 0.266 

  
 

Load 1.312 0.633 2.722 0.372 1744 0.465 

  
 

Sex Female (Ref) - - - - - - 

  
 

Sex Male 1.408 0.478 4.147 0.551 2514 0.535 

  
 

Age (Years) 1.052 0.583 1.899 0.298 108 0.865 
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Population Load Definition1 Injury Definition2 Variable OR CI 2.5% CI 97.5% SE df p 

Football U-19 Micro-cycle ACWR 1:3-period Next micro-cycle Intercept 0.013 <0.001 10.059 3.396 331 0.199 

   
Load 0.850 0.324 2.232 0.492 534 0.741 

   
Sex Female (Ref) - - - - - - 

   
Sex Male 1.088 0.475 2.492 0.422 645 0.842 

   
Age (Years) 1.079 0.738 1.577 0.193 299 0.694 

Football Elite sRPE Same day Intercept 0.001 <0.001 0.008 1.344 4481 <0.001 

   
Load 1.000 0.999 1.002 0.001 4481 0.867 

   
Age (Years) 1.096 0.998 1.204 0.048 4481 0.055 

  Next 4 days Intercept <0.001 <0.001 0.014 2.572 1412 <0.001 

 
  

Load 1.001 0.998 1.003 0.001 15 0.484 

 
  

Age (Years) 1.189 0.994 1.422 0.091 1662 0.058 

 Daily ACWR 7:21-period Same day Intercept <0.001 <0.001 0.008 1.555 3576 <0.001 

   Load 1.255 0.459 3.427 0.512 552 0.658 

   Age (Years) 1.102 0.994 1.222 0.052 3847 0.064 

  Next 4 days Intercept <0.001 <0.001 0.042 2.952 1288 0.002 

  
 

Load 0.739 0.253 2.165 0.539 70 0.577 

  
 

Age (Years) 1.189 0.974 1.452 0.102 1356 0.089 

 Micro-cycle ACWR 1:3-period Next micro-cycle Intercept 0.001 <0.001 0.036 1.665 186 <0.001 

   
Load 2.183 0.350 13.625 0.910 47 0.396 

   
Age (Years) 1.115 1.018 1.221 0.046 476 0.019 

Handball sRPE Same day Intercept 0.063 0.002 2.082 1.782 1673 0.121 

   
Load 1.000 1.000 1.000 0.000 7341 0.240 

   
Sex Female (Ref) - - - - - - 

   
Sex Male 1.124 0.788 1.604 0.181 11869 0.519 

   
Age (Years) 0.953 0.779 1.166 0.103 1739 0.638 

          

Continues on the next page 
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Population Load Definition1 Injury Definition2 Variable OR CI 2.5% CI 97.5% SE df p 

Handball sRPE Next 4 days Intercept 0.603 0.006 56.793 2.317 1367 0.827 

 
  

Load 1.000 1.000 1.000 <0.001 64 0.348 

 
  

Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.045 0.641 1.705 0.250 11524 0.859 

 
  

Age (Years) 0.873 0.671 1.135 0.134 1420 0.310 

 Daily ACWR 7:21-period Same day Intercept 0.030 <0.001 2.084 2.159 2373 0.105 

 
  

Load 1.106 0.846 1.445 0.136 204 0.459 

 
  

Sex Female (Ref) - - - - - - 

 
  

Sex Male 1.129 0.730 1.748 0.223 8738 0.585 

 
  

Age (Years) 0.988 0.775 1.260 0.124 3373 0.921 

  Next 4 days Intercept 0.535 0.001 233.805 3.098 899 0.840 

  
 

Load 0.895 0.599 1.338 0.203 118 0.587 

  
 

Sex Female (Ref) - - - - - - 

  
 

Sex Male 1.319 0.710 2.452 0.316 7582 0.381 

  
 

Age (Years) 0.874 0.615 1.243 0.179 796 0.454 

 Micro-cycle ACWR 1:3-period Next micro-cycle Intercept 0.141 0.002 12.674 2.293 1448 0.393 

  
 

Load 1.125 0.716 1.769 0.230 771 0.609 

 
  

Sex Female (Ref) - - - - - - 

   
Sex Male 0.908 0.567 1.453 0.240 1552 0.686 

   
Age (Years) 1.002 0.773 1.300 0.133 1404 0.986 

Abbreviations: ACWR, Acute: Chronic Workload Ratio; CI, 95% Confidence Intervals; df, Degrees of Freedom; Football Elite, Norwegian Premier League; 

OR, Odds Ratio; SE, Standard Error; sRPE, daily session Rating of Perceived Exertion. 
1Daily ACWR 7:21-period was the 7-day acute sRPE divided by previous 21-day chronic sRPE per day; Micro-cycle ACWR 1:3-period was the 1-micro-cycle 

acute sRPE divided by previous 3-micro-cycle chronic sRPE per micro-cycle. A micro-cycle was defined as all recovery days after the previous match as well 

as the training days before the next match.  
2Same day was injury same day as the measured load value; Next 4 days was one or more injuries during the four days after the measured load value; Next 

micro-cycle was one or more injuries during the micro-cycle after the micro-cycle of the measured load values. 
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Figure S2. Distribution of real data values (blue) compared to imputed values from five 

imputed datasets (yellow) for the session Rating of Perceived Exertion (sRPE) measured in 

arbitrary units, and Age (years) in the Norwegian elite U-19 football dataset (Football U-19), 

the Norwegian Premier League dataset (Football Elite), and the Norwegian elite youth 

handball dataset. The Norwegian Premier League dataset had no missing age values.   
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Figure S3. Scatterplot of Acute:Chronic Workload Ratio (ACWR) value vs. corresponding 

chronic load value (the denominator) in the Norwegian Premier League football dataset 

(Football Elite), the Norwegian elite U-19 football dataset (Football U-19), and Norwegian 

elite youth handball dataset (Handball). When computing a ratio, one assumes that there is 

no relationship between the ratio and the denominator after controlling for the 

denominator; a ratio is only effective when the relationship between the numerator and the 

denominator is a straight line that intersects the origin.7 For micro-cycle ACWR, the 

assumption is upheld, while for daily ACWR, the assumption is violated. 
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Figure S4.  Distribution of the session Rating of Perceived Exertion (sRPE) reported in 

arbitrary units (AU), and distribution of the 7-day Acute Workload divided by 21-Chronic 

Workload (ACWR 7:21), from the Norwegian elite U-19 football data used as basis for 

simulations.  
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Figure S6.  Probability of injury in the future for each level of daily Acute:Chronic Workload 

Ratio (ACWR), level of Micro-cycle ACWR, and level of session Rating of Perceived Exertion 

(sRPE), in Norwegian Premier League (Football Elite), Norwegian elite U-19 football (Football 

U-19), and Norwegian elite youth handball (Handball). Future injury was defined as any 

injury occurring during the next 4 days for all models except micro-cycle models, where 

future injury was defined as any injury occurring during the next micro-cycle. Probabilities 

are predicted by mixed-effects logistic regression models with restricted cubic splines. The 

yellow area represents 95% confidence intervals around predicted values. The straight line 

shows the same predictions from an equivalent model without splines (i.e. assuming 

linearity).  
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SUPPLEMENTARY MATERIALS AND METHODS 
 

Participants 

To find out whether the relationship between training load and injury risk may be non-

linear, and whether the shape may vary between different populations, access was gained 

to data from different sports: football (soccer) and handball, and different populations 

within the same sport: Norwegian elite U-19 football data and a Norwegian Premier League 

football team. 

The Norwegian elite U-19 data was used in Dalen-Lorentsen, et al. 1. It was a cohort of six 

Norwegian elite U-19 football teams (3 female and 3 male) with 81 players (55% male, mean 

age: 17 years, standard deviation (SD): 1 year) followed from July to October 2017 for 104 

days. 

The second football cohort was a professional male football team from the Norwegian 

Premier League surveyed from January to December 2019 for 323 days (n = 36, mean age: 

26 years (SD: 4)).2  

The handball data was a cohort of 205 elite youth handball players from five different sport 

high schools in Norway (36% male, mean age: 17 years (SD: 1)) followed through a season 

from September 2018 to April 2019 for 237 days.3 

Training load definition 

In all three cohorts, players reported the number of training sessions and matches daily. 

They also reported the duration of each activity and their Rating of Perceived Exertion 

(RPE)4 on the modified Borg CR10 scale.5 To derive the session RPE (sRPE),5 we multiplied 

the RPE by the activity duration in minutes. To summarize daily loads, sRPE was calculated 

for each session and subsequently summed.  

Missing sRPE values are reported in Table S1 (Supplementary I) and were 24% for elite U-19 

football, 41% for Premier League football, and 64% for elite youth handball. The values were 

imputed using multiple imputation, a method that also performs well in cases of high 

amounts of missing (80%) if the data are Missing at Random,6 which is most common in 

clinical research.7 For more detailed information on the imputation process, see 

Supplementary I Figure S1. The observed distribution was maintained in the imputed values; 

therefore the imputation was deemed valid (Figure S2). 

All load measures were based on players’ daily ratings of perceived exertion (sRPE). We 

calculated an Acute-Chronic Workload Ratio (ACWR) in two different ways:  

Daily ACWR 7:21 

The mean sRPE across 7 days divided by the exponentially-weighted-moving average 

(EWMA) of the previous 21 days (Figure 1). EWMA accounts for the assumption that load 

values closer in time to the event are more associated with the event than measures further 

back in time.8 The calculation was uncoupled, meaning that the 7 days of acute load for the 

numerator were not included in the 21 days of the denominator.9  
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The calculation was performed on a sliding window moving one day at a time from and 

including the 28th day.10 The last day in the acute load is considered Day 0 (Figure 1).  

 

One limitation with the ACWR is that it bloats cases where the athlete has had little to no 

chronic load and returns to regular exercise. In previous studies, these cases have 

traditionally been deleted.11 Here, these cases were set to have an ACWR of 3, a very high 

ACWR value, in line with recommendations in Harrell 12 for treatment of overly influential 

values. Likewise, if the EWMA chronic load was equal to zero and ACWR could not be 

calculated, the ACWR was set to 3.  

Micro-cycle ACWR 1:3  

The mean sRPE for each micro-cycle divided by the EWMA of the previous 3 micro-cycles, 

uncoupled (Figure 1). A micro-cycle was defined as all recovery days after the previous 

match and the training days before the next match. The next micro-cycle started on the first 

training day after the match, and so on. For an illustration of a micro-cycle, see Figure 1. The 

calculation was performed in the same manner as described for daily ACWR, on a sliding 

window moving one micro-cycle at a time from and including the 4th micro-cycle. The last 

day of the 4th micro-cycle was considered Day 0 (Figure 1). 

When computing a ratio, one assumes that there is no relationship between the ratio and 

the denominator after controlling for the denominator; a ratio is only effective when the 

relationship between the numerator and the denominator is a straight line that intersects 

the origin.13 Tests of this assumption are reported in Supplementary I Figure S3.  

Injury definition 

The same online questionnaire was used to collect daily health status and training 

information from all three sports cohorts. The elite U-19 football data and elite youth 

handball data were collected via the Briteback AB online survey platform, while the 

Norwegian Premier League football data were collected with Athlete Monitoring, Moncton, 

Canada.  

The players daily reported whether they had experienced “no health problem”, “a new 
health problem”, or an “exacerbation of an existing health problem”. In the youth elite 
handball study, if players reported any new health problems, they were immediately 

prompted to specify whether it was an injury or illness in the questionnaire. In the football 

studies, if players reported any new health problems, a clinician contacted them by 

telephone the following day for a structured interview and classified the health problem as 

an injury or illness with the Union of European Football Associations guidelines.14 Players 

were asked to report all physical complaints, irrespective of their consequences on sports 

participation or the need to seek medical attention.15 
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Legality of using the data in this study was dependent on the “purposes of the processing for 

which the personal data were intended” as written in the consent forms.17 The consent 

forms for the football studies were general enough that use in this study were within the 

posted aims. For the elite youth handball data, the Norwegian Centre for Research Data 

deemed the aims described in the consent forms invalid for use in this study, and the data 

had to be anonymised. Anonymisation was performed under guidelines outlined by The 

Norwegian Data Protection Authority.18  

Statistical analyses 

To estimate the relationship between training load and injury risk, mixed-effects logistic 

regression was used. Logistic regression is the most frequent regression analysis in the field 

of training load and injury.19 Mixed models have been recommended to account for within-

player dependencies20 and are robust to missing data in the outcome variable.21  

All injuries were considered an event in the response variable. Illnesses and explicit replies 

of “no health problem” were considered non-events. Non-responses were recorded as 

missing. Independence between subsequent injuries within the same player was assumed.  

 

We considered two outcomes: (1) occurrence of an injury on the same day as the observed 

training load (Day 0); (2) occurrence of injury in the future, where the current observation 

day (Day 0) was not included. For unmodified training load values and daily ACWR 7:21-

period, future injury was defined as an injury occurring during the next four days excluding 

Day 0. For micro-cycle ACWR 1:3-period, the future injury was any injury occurring during 

the next micro-cycle excluding Day 0. See Figure 1 for an illustration of injury time periods 

and Table S2 (Supplementary I) for a list of the different models. 

For models where the injury definition was set to the future, any number of injuries 

sustained during the time window were aggregated to 1 event. Furthermore, injuries 

sustained before the first calculated ACWR value had to be discarded. Consequentially, the 

number of injuries included in the different models varied (Table S2).    

We adjusted for player age in all analyses. In addition, we adjusted for sex in the U-19 elite 

football and the elite youth handball models. Akaike’s Information Criterion (AIC) was used 

to determine the model fit between including a random intercept only vs. including a 

random intercept & random slope for training load per player, where the best fit was 

chosen for the final model. Overly influential observations – extreme outliers which affect 

analyses – were checked using dfbeta.12 

In all models, the relationship between sRPE and injury risk was modelled with Restricted 

Cubic Splines (RCS).22 The number of knots was decided using AIC. The models were 

repeated without splines to simulate the relationship we would have discovered if we had 

assumed linearity. When using RCS, the estimated regression coefficients do not have a 

clinically meaningful interpretation, and only their p-values are numerically interpretable.12 

The main result is therefore a visualization of the model predictions (with 95% cluster-

robust confidence intervals) to determine the shape of the relationship between training 

load and injury risk. To limit the number of figures to the most relevant, only predictions 
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from models that showed a tendency towards a relationship or stronger are included in the 

article itself, but figures for all relationships are shown in Supplementary I Figure S5–S6. For 

each model, predicted values were estimated on each imputed dataset, and then pooled 

before visualization (Figure S1).23  

Our analyses served to illustrate whether there is any evidence for non-linearity in training 

load and injury research and should not be interpreted as causal inference. 

 

Simulation 

Step 1 Preparing data 

In addition to analysing real data, we performed (stochastic) simulations to compare 

different methods for ascertaining non-linear and linear relationships between training load 

and injury risk. The methodology here is focused on a causal research setting; however, the 

methods may also be applied in predictive research.25 The simulations were based on the 

elite U-19 football dataset since it had the least missing data (24%). An imputed dataset was 

chosen from the 5 datasets previously imputed with multiple imputation. 

Two datasets were created. The first kept the original 8 495 sRPE and 6 308 ACWR values.  

In the second, sRPE and ACWR were sampled with replacement to generate a scenario of 3 

football teams (75 players) followed meticulously for a season (300 days), altogether 22 500 

training load values. The distribution of the real data was retained during sampling; highly 

skewed for sRPE and Gaussian for ACWR (Figure S4).  

Step 2 Generating predetermined relationships 

Artificial injuries were simulated and added to each dataset under different relationship 

scenarios with training load. The risk models were based on the logistic function: 𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐(𝑥) = 11 + exp(−𝑥) 

U shape 

A symmetrical U parabola coinciding with the theory in Gamble 2013.24 Using the logistic 

function above, the U shape function was:  𝑃𝑟𝑜𝑏{𝑌 = 1|𝑠𝑅𝑃𝐸 =  𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐(−1 +  0.0000002 ∗ (𝑠𝑅𝑃𝐸 − 1500)2) 

Where 𝑌 is an indicator variable for injury. 

J shape 

The J shape was chosen to reproduce findings in Carey, et al. 25 with the risk function: 

𝑃𝑟𝑜𝑏{𝑌 = 1|𝐴𝐶𝑊𝑅} = 𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐( {−3.4 + 2 ∙ (1 − 𝐴𝐶𝑊𝑅)2, 𝐴𝐶𝑊𝑅 < 1−3.4 + (1 − 𝐴𝐶𝑊𝑅)2, 1 ≤ 𝐴𝐶𝑊𝑅 < 1.71.5 ∙ 𝐴𝐶𝑊𝑅 − 5.4, 𝐴𝐶𝑊𝑅 ≥ 1.7  ) 
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Linear shape 

A linear shape to determine whether a method optimal for non-linear modeling can also 

model a linear shape. The function was then:  𝑃𝑟𝑜𝑏{𝑌 = 1|𝑠𝑅𝑃𝐸} =  𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐(−0.5 +  0.001 ∗ 𝑠𝑅𝑃𝐸) 

 

For the U shape and linear shape, the simulated probability of an injury was based on the 

sRPE, while for the J shape, it was based on the ACWR.  

We assumed a longitudinal design for the simulation, and an autoregressive correlation 

structure was implemented to ensure that values closer in time were more highly correlated 

than values further apart.8 Any reference to the “true” probability refers to the simulated 
probability we have created for a given scenario, and which we aim to model. 

While shown to be valid and reliable, the sRPE may still have some measurement error.26 

Before analyses, noise was added to load values to simulate this. The amount was set to the 

default jitter value, which was: max(𝑙𝑜𝑎𝑑) − min(𝑙𝑜𝑎𝑑)50  

 

Step 3 Running models on all combinations of datasets and relationship shapes 

In the same manner as in the analysis of the real data, a logistic regression model with 

random effects (mixed model) was used to determine the relationship between training 

load and predefined injury risk. Different methods of modifying training load were 

compared. 

Linear Model 

A standard logistic regression served as an example of a method which assumes linearity 

and illustrated the degree of error should the linearity assumption be ignored in cases 

where the relationship is non-linear. The purpose was to determine whether more 

complicated or time-consuming methods were worth the effort.   

A logistic regression model describes the relationship between the probability of an event in 

the response variable 𝑌 (injury), given the status of the explanatory variables 𝑋 ={𝑥1, 𝑥2, … , 𝑥𝑛} as the additive contribution of the intercept 𝛽0 and linear slopes 𝛽1, 𝛽2, … , 𝛽𝑛 

of said variables.27 In a logistic regression with a single explanatory variable (covariate) 𝑥1, 

representing the load variable, the formula is as follows: 𝑃𝑟𝑜𝑏{𝑌 = 1|𝑋} =  exp (𝛽0 +  𝛽1𝑥1 + 𝛾)1 +  exp (𝛽0 + 𝛽1𝑥1 + 𝛾) = 𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐(𝛽0 +  𝛽1𝑥1 + 𝛾) 

Where 𝛾 is the random effect term. 

Categorization 

Although categorizing the load variable into groups before performing the intended analysis 

has previously been shown to be a poor method for modelling non-linear relationships,25 we 

chose nevertheless to include it in our comparison of methods. For one, the method has 
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been recommended since.28 29 For another, as the authors requested, we attempted to 

reproduce the results in another sport population under different conditions. Here, the sRPE 

data are highly skewed. We also increased the number of permutations for more accurate 

results.  

To show how results may differ depending on how variables are categorized, we categorized 

the training load variable in two ways, before including them in two separate logistic 

regression models. The first was a categorization by quartiles to exemplify a data-driven 

approach, a chosen method in numerous studies in the past.30-32 The second was 

subjectively chosen cut-offs based on the range of the data. For sRPE, four categories were 

made: <= 499, 500–1 499, 1 500–2 499 and >= 2 500. For ACWR, three categories were 

made: < 1, 1–1.74 and >= 1.75, which are the same used in Carey, et al. 25. 

Quadratic model 

Quadratic regression has seen some use in recent years.33 In some studies, a quadratic term 

was added to the regression model to test for linearity.34 35 Where as in others, the 

researchers hypothesized a parabolic shape and used quadratic regression to model the 

training load and injury relationship accordingly.10 36 In a quadratic model, a polynomial to 

the second power is added to the standard regression model. For the logistic regression, it is 

denoted thus: 𝑃𝑟𝑜𝑏{𝑌 = 1|𝑋} =  𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐(𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥12 + 𝛾) 

 

The model will then fit a parabolic shape between the probability of an event in 𝑌 (injury) 

and the explanatory variable 𝑥1 (training load). A polynomial term can be added regardless 

of whether it is a linear, logistic or Poisson regression model. Although easy-to-use and 

intuitive, the main disadvantage of quadratic regression is that it can only model a parabola; 

for instance, it cannot uncover a sigmoidal shape. 

Fractional polynomials 

Quadratic regression is a sub-method of the more flexible Fractional Polynomials (FP), which 

has been used in one single training load and injury risk study.37 Fractional polynomials, 

simply put, uses polynomial transformations to estimate the association between the 

covariate and the outcome.38 FPs can model multiple shapes, not just the parabola. 

Fractional polynomials add either a single polynomial term to the 𝑝𝑡ℎ power to the 

regression model (known as an FP1 model), or two polynomial terms to the 𝑝𝑡ℎ power to 

the model (FP2 model).38 The FP2 model has been shown to be the optimal choice in most 

cases and was chosen for all models in this study.39 The logistic regression model with FP2 is 

as follows: 𝑃𝑟𝑜𝑏{𝑌 = 1|𝑋} =  𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐(𝛽0 +  𝛽1𝑥1 +  𝛽2𝑥1𝑝1 + 𝛽3𝑥1𝑝2 + 𝛾) 

 

Where 𝑝1 and 𝑝2 are exponents selected from {-2, -1, -0.5, 0, 0.5, 1, 2, 3}. A form of 

backward elimination was used to determine the polynomial powers with the best fit, see 

Ambler and Benner 40 for more details. A step-by-step guide to perform FP in R can be 

accessed on the primary author’s GitHub.41  
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Restricted cubic splines 

Another possible approach to model non-linear relationships is to use Restricted Cubic 

Splines (RCS). This approach as well as FP, performed better than categorization in the study 

by Carey, et al. 25, who found no distinct differences between RCS and FP. In cubic splines, 

the X-axis is divided into intervals by a number of endpoints (knots). At these knots, 

different cubic polynomials are joined and forced to have a consistent function, slope and 

acceleration (second derivative) until the next knot. At the knot, the rate change of 

acceleration (third derivative) may change. For three knots 𝑎, 𝑏 and 𝑐, our logistic regression 

formula becomes: 𝑃𝑟𝑜𝑏{𝑌 = 1|𝑋} = 𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐[𝛽0 +  𝛽1𝑥1 + 𝛽2𝑥12 + 𝛽3𝑥13 + 𝛽4(𝑥1 − 𝑎)3 + 𝛽5(𝑥1 − 𝑏)3 + 𝛽6(𝑥1 − 𝑐)3 +   𝛾] 

 

In restricted cubic splines, the function is restricted to behave linearly in the tails.22  

RCS has the advantage of flexibility, but the effect sizes are difficult to interpret, and the 

number and location of knots must be chosen, either by a data-driven or approach or as a 

choice of the user. As 3–5 knots are appropriate for most datasets,12 3 knots were used in all 

simulation models. We compared two different ways of choosing knot location. In the first, 

the knot locations were chosen by the default approach in the statistical software (data-

driven), and in the other, knot locations were cut-off subjectively at sRPE = 500, 1 500 and 2 

500, and likewise at ACWR = 1, 1.75 and 2, to cover the range of the load metrics.  

A step-by-step guide to perform RCS in R can be accessed on the primary author’s GitHub.42  

Step 4 Calculating performance metrics 

The Root-Mean-Squared Error (RMSE) was calculated to numerically evaluate the accuracy 

of the methods. RMSE is a combined measure of accuracy and precision, where the lower 

the RMSE, the better the method. RMSE was calculated as the square root of the mean 

difference between the true risk and predicted risk for each observation. The scale of the 

RMSE depends on the analysis in question, and it is therefore only interpretable by 

comparing values in the same analysis – the values cannot be interpreted in isolation.43 

To supplement RMSE, the proportion of prediction intervals that included the true 

coefficient was calculated (coverage). Brier score for model fit and C-statistics (also known 

as the concordance, or as the area under the receiving operating characteristic curve) was 

calculated for predictive ability, since they are commonly used in training load and injury 

risk studies.44-47  

Final analyses 

In summary, the four steps of the simulation were: 

1 Sample training load values from the elite U-19 football data 

2 Simulate injuries with three different shapes for the relationship between injury risk 

and training load 
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3 Fit seven different models with injury as the outcome and training load as the 

explanatory variable 

4 Calculate performance measures 

Using formulas listen in Morris, et al. 43, accepting a Monte Carlo Standard Error of no more 

than 0.5, the number of permutations needed for an accurate determination of coverage 

was: 𝑛𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =  𝐸(𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒)(1 − 𝐸(𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒)(𝑀𝑜𝑛𝑡𝑒 𝐶𝑎𝑟𝑙𝑜 𝑆𝐸𝑟𝑒𝑞)2 =  95 ∗ 50.52 = 1 900 

Steps 1–4 were therefore repeated 1 900 times for all relationship scenarios. 

For the U-shaped relationship, predicted values were visualized alongside the predefined 

shape to determine each method’s ability to capture the true relationship. Only one 
permutation was used for the visualization to avoid cluttering of lines.  

The mean RMSE, coverage, C-statistics and Brier score were calculated for each combination 

of model-method and dataset sizes for the U-, J- and linear-shaped relationships. As mean 

RMSE was the most relevant metric for determining model accuracy, it was visually 

compared for the non-linear shapes. 

All statistical analyses and simulations were performed using R version 4.0.248 with RStudio 

version 1.3.1056. Packages were used for specific purposes: multiple imputation with 

MICE,49 mixed models with lme4,50 predictions with ggeffects,51 confidence intervals with 

clubSandwich,52 predictions with prediction intervals using merTools,53 and splines with the 

rms package.54 The simulations were run on a computer with an Intel(R) Core(TM) i7-6700K 

4.00GHz CPU, and with 16 GB RAM. A GitHub repository is available with all R code and the 

data used in the simulations.55 
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