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Not straightforward: modelling non-
linearity in training load and

injury research

Lena Kristin Bache-Mathiesen
Torstein Dalen-Lorentsen

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 (=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.'
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.” 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.”* Hence, the relationship between
training load and injury remains uncertain.

,' Thor Einar Andersen,’
," Benjamin Clarsen,"? Morten Wang Fagerland'*

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.

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 Gabbett® 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.” Gabbett® theorised a non-
linear relationship between training load and
injury risk with the rationale that training
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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.” '’

Despite these hypotheses and calls, methods thatassume
a linear relationship between training load and injury
risk, such as Pearson correlations and logistic regression,
are commonly used in the field."" 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: lyear),12 one
male football team from the Norwegian Premier League
(n=36, mean age: 26 years (SD: 4))" and elite youth
handball players recruited from Norwegian sports high
schools (n=205, 36% male, mean age: 17 years (SD: 1))."*
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)'® on the modified Borg CR10 scale.'® To
derive the session RPE (sRPE),!® 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

A Daily ACWR 7:21-period Day 0

Chronic Load Acute Loadi E
]

S P I P Y I Lt

Injury same day —> |—|

Injury next 4 days —> |—|

B Micro-cycle ACWR 1:3-period Day 0

Chronic Loa Acute Load | .

(Previous 3 micro-cycles) (Current micro-cycle)

il 5
[ehefshelhzhistldvd gzt lahddz avs

Injury next micro-cycle —> |—|
Figure 1 lllustration 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 1day (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: 2days 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: 2days 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.

multiple imputation (online supplemental figure S1), a
method that also performs well in cases of high amounts
of missing (80%),'” 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 7days divided by the exponen-
tially weighted moving average (EWMA) of the previous
21 days, uncoupled (figure 1)."® The calculation was
performed on a sliding window moving 1day at a time
from and including the 28th day.' 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
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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.*’
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.”! Players were asked to report all
physical complaints, irrespective of their consequences
on sports participation or the need to seek medical atten-
tion.

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

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 4days excluding day 0. For
microcycle ACWR 1:3-period, the future injury was any
injury occurring during the next microcycle excluding
day O (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).?* 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.** 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.” 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 ] shape.
3. Alinear 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 rootmean-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.”

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.%7 A GitHub repository is available with R
code and data files.”®

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 N-shaped relation-
ship was present between sRPE and probability of injury
in the next 4days (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).

A Same Day (472 Injuries)

1.00
0.75-
0.50-
> 0.25+
2
£ 0.00_ . , |
G 0 2000 4000 6000
>
= B Next 4 Days (1 136 Injuries)
'S 1.00
o
* 0.75]
0.50-
0.251 A
0.00{_ | | |
0 2000 4000 6000
SRPE (AU)

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 Cls 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.

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 | 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
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C Fractional Polynomials D Linear Model

1.00 100

0.75 0.75 R

0.50 0.50

0.25 0.25

0.00 0.00
0 1000 2000 3000 0 1000 2000 3000

F Restricted Cubic Splines
(Data-driven)

1.00
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0.50
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0

E Quadratic Model

Probability of Injury

o o o =~
N U N 9
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o
Q
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G Restricted Cubic Splines
(Subjectively)

1.004 .

0.75

0.25

0.00

0 1000 2000 3000
SRPE (AU)

Estimation — True Risk

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.

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 500and n=8494 for sRPE,
and n=22 500and 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

Open access

A U-shaped Relationship

Linear Model [ J

Restricted Cubic Splines °
(Data-Driven)

Categorized (Subjectively)
Categorized (Quartiles)
Quadratic Model

Fractional Polynomials

Restricted Cubic Splines
(Subjectively)

1.0 15 2.0 2.5 3.0
Root-Mean-Square Error

B J-shaped Relationship

Linear Model [ J

Restricted Cubic Splines P
(Subjectively)

Categorized (Quartiles) [ J

Restricted Cubic Splines P
(Data-Driven)

Categorized (Subjectively) [
Fractional Polynomials [ J
Quadratic Model | @

0.915 0.920 0.925 0.930 0.935 0.940
Root-Mean-Square Error

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.?®

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
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vs)

Table 1 A comparison of mean root-mean-squared error, Brier score, C-statistic and coverage of prediction intervals _(3
for 1900 permutations of modelling the relationship between training load and risk of injury in seven different ways, with 7
predetermined relationship shapes S
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 g

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 f,'

8494 Linear model 2.935 0.093 0.851 98.048 (é

Categorised (quartiles) 0.958 0.096 0.838 98.769 =

Categorised (subjectively) 0.965 0.098 0.809 84.600 5

Quadratic model 0.956  0.092 0.850 98.937 g_

Fractional polynomials 0.956  0.092 0.852 98.942 g

Restricted cubic splines (data driven) 1.079 0.092 0.849 98.686 'g

Restricted cubic splines (subjectively) 0.936  0.092 0.851 98.687 E

J shape 22 500 Linear model 1.044  0.063 0.618 77.694 2
Categorised (quartiles) 0.993 0.064 0.689 88.652 E

Categorised (subjectively) 0.993 0.063 0.690 96.404 S

Quadratic model 0.984  0.061 0.732 99.997 0;;

Fractional polynomials 0.986  0.061 0.740 100.000 ‘é

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 ég

6308 Linear model 0.942  0.060 0.774 54.493 = g

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 g

Fractional polynomials 0.915  0.057 0.821 95.517 §

Restricted cubic splines (data driven) 0.918 0.057 0.818 94.281 =y

Restricted cubic splines (subjectively) 0.919  0.057 0.812 89.959 _i

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 g

Fractional polynomials 0.999 0.239 0.592 100.000 5

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 o

Categorised (quartiles) 0.991 0.228 0.653 24.957 S

Categorised (subjectively) 0.991 0.229 0.649 99.678 E

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 ‘:&D

RMSE, root-mean-squared error. %
,Q..

S

)
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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.’

In 2018, Gamble’ theorised a U-shaped relationship
between training load and risk of injury. Data presented
by Blanch and Gabbett® 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,* 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 ] shapes, as it assumes linearity. For the U shape,
the RMSE was threefold higher for the linear model than
all other models (RMSE=2.9vs 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
Crstatistic 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 al’’ 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.” ™ 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%.%*

Blanch and Gabbett® and Carey et al'’ 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.’
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,” 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.® 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.” 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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Box1 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.

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.” 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.”’
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.

3940

We were consequently limited in the choice of methods.
The ACWR modelis under debate, and the pros and cons
of the method have been explored extensively in recent
publications.'® '**® 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.*

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.

Twitter Lena Kristin Bache-Mathiesen @lena_kbm, Thor Einar Andersen @
DocThorAndersen, Torstein Dalen-Lorentsen @torsteindalen, Benjamin Clarsen @
benclarsen and Morten Wang Fagerland @FagerlandWang

Acknowledgements We would like to thank Christian Thue Bjgrndal for access
to the elite youth handball data. We would also like to thank Garth Theron for high-
quality programming of the Norwegian Premier League football database. This
research would not be made possible without the collaboration of coaches and
athletes, and we would like to thank the participants who contributed.

Contributors LKB-M designed the study and performed statistical analyses in
collaboration with and under supervision from MWF and TEA. TDL constructed the
novel idea of using microcycles instead of calendar weeks. All authors contributed
with notable critical appraisal of the text and approved the final version.

Funding The Oslo Sports Trauma Research Centre provided all funding for
performing this study.

Competing interests None declared.

Patient and public involvement Patients and/or the public were not involved in
the design, or conduct, or reporting, or dissemination plans of this research.

Patient consent for publication Not required.

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

1ybuAdoo

Aq pa1osioid 1senb Agq TZ0Z ‘2T 4890190 U0 /wod fwg waesuadolwgy/:dny woiy papeojumoq ‘TZ0Z 1snbny 9 uo 6TTTO0-TZ0Z-Waslwag/9eTT 0T Se paysiignd 1s.1y :paiy 218x3 Mods uado NG


https://dx.doi.org/10.1136/bmjsem-2021-001119
https://dx.doi.org/10.1136/bmjsem-2021-001119
https://dx.doi.org/10.1136/bmjsem-2021-001119
https://dx.doi.org/10.1136/bmjsem-2021-001119
https://twitter.com/lena_kbm
https://twitter.com/DocThorAndersen
https://twitter.com/DocThorAndersen
https://twitter.com/torsteindalen
https://twitter.com/benclarsen
https://twitter.com/benclarsen
https://twitter.com/FagerlandWang
http://bmjopensem.bmj.com/

Borg G, Hassmén P, Lagerstrdom M. Perceived exertion related to
heart rate and blood lactate during arm and leg exercise. Eur J Appl
Physiol Occup Physiol 1987;56:679-85.

16 Foster C, Florhaug JA, Franklin J, et al. A new approach to
monitoring exercise training. J Strength Cond Res 2001;15:10Y 115.
Madley-Dowd P, Hughes R, Tilling K, et al. The proportion of missing
data should not be used to guide decisions on multiple imputation. J
Clin Epidemiol 2019;110:63-73.

18 Wang C, Vargas JT, Stokes T, et al. Analyzing Activity and Injury:
Lessons Learned from the Acute:Chronic Workload Ratio. Sports
Medicine2020;50:1243-54.

Carey DL, Blanch P, Ong K-L, et al. Training loads and injury risk in
Australian football-differing acute: chronic workload ratios influence
match injury risk. Br J Sports Med 2017;51:1215-20.

20 Curran-Everett D. Explorations in statistics: the analysis of ratios and
normalized data. Adv Physiol Educ 2013;37:213-9.

Hagglund Met al. Methods for epidemiological study of injuries

to professional football players: developing the UEFA model. Br J
Sports Med 2005;39:340-6.

Ethics approval Study protocol for all three studies were approved by the 15
Norwegian Centre for Research Data: Norwegian elite U-19 football (5487),
Norwegian Premier League football (722773) and Norwegian elite youth handball
(407930). They were also approved by the Ethical Review Board of the Norwegian
School of Sport Sciences. The Norwegian elite U-19 football study was also 17
approved by the South-Eastern Norway Regional Committee for Medical and Health
Research Ethics (2017/1015).

Provenance and peer review Not commissioned; externally peer reviewed.

Data availability statement Data are available in a public, open access

repository. Data are available on reasonable request. Data used for simulations 19
are available in a public, open access repository (https://github.com/lenakba/
load-injury-non-linearity-study). The Norwegian elite U-19 football data, Norwegian
Premier League football data and Norwegian elite youth handball data are available
on reasonable request. These are anonymised based on requirements of the 21
Norwegian Data Protection Agency. The removal of background variables for the
anonymisation renders the data unusable for any reproducibility purposes; the data

are o

nly available for the sake of transparency.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which

perm

its others to distribute, remix, adapt, build upon this work non-commercially,

and license their derivative works on different terms, provided the original work is
properly cited, appropriate credit is given, any changes made indicated, and the
use is non-commercial. See: http://creativecommons.org/licenses/by-nc/4.0/.

22

Fuller CW, Ekstrand J, Junge A, et al. Consensus statement on injury
definitions and data collection procedures in studies of football
(soccer) injuries. Scand J Med Sci Sports 2006;16:83-92.

Nielsen Rasmus QDstergaard, Shrier |, Casals M, et al. Statement

on methods in sport injury research from the first methods

matter meeting, Copenhagen, 2019. J Orthop Sports Phys Ther
2020;50:226-33.

Durrleman S, Simon R. Flexible regression models with cubic
splines. Stat Med 1989;8:551-61.

ORCID iDs 25 Shmueli G. To explain or to predict? Statistical Science
Lena Kristin Bache-Mathiesen http://orcid.org/0000-0002-9466-7003 2010;25:289-310. N . .
. . . 26 Morris TP, White IR, Crowther MJ. Using simulation studies to
Torstein Dalen-Lorentsen http://orcid.org/0000-0003-4062-7601 evaluate statistical methods. Stat Med 2019:38:2074-102.
27 R Core Team. R foundation for statistical computing, Vienna, Austria.
4.0.2, 20183. http://www.R-project.org/
REFERENCES 28 Bache-Mathiesen L. Modelling non-linearity in training load and
1 Héagglund M, Waldén M, Magnusson H, et al. Injuries affect team injury research: R code Repository, 2021. Available: https://github.
performance negatively in professional football: an 11-year follow- com/lenakba/load-injury-non-linearity-study [Accessed 12 Apr
up of the UEFA champions League injury study. Br J Sports Med 2021].
2013;47:738-42. 29 Lathlean TJH, Gastin PB, Newstead SV, et al. Absolute and relative
2 Griffin A, Kenny IC, Comyns TM. The association between the acute: load and injury in elite junior Australian football players over 1
chronic workload ratio and injury and its application in team sports: season. Int J Sports Physiol Perform 2019;1:1-9.
a systematic review. Sports Medicine 2019:1-20. 30 Carey DL, Crossley KM, Whiteley R, et al. Modeling training loads
3 Eckard TG, Padua DA, Hearn DW, et al. The relationship between and injuries: the dangers of Discretization. Med Sci Sports Exerc
training load and injury in athletes: a systematic review. Sports 2018;50:2267-76.
Medicine 2018;48:1929-61. 31 Warren A, Williams S, McCaig S, et al. High acute:chronic
4 Andrade R, Wik EH, Rebelo-Marques A, et al. Is the acute: chronic workloads are associated with injury in England & Wales Cricket
workload ratio (ACWR) associated with risk of Time-Loss injury in Board Development Programme fast bowlers. J Sci Med Sport
professional team sports? A systematic review of methodology, 2018;21:40-5.
variables and injury risk in practical situations. Sports Med 32 Sampson JA, Murray A, Williams S, et al. Injury risk-workload
2020;50:1-23. associations in NCAA American College football. J Sci Med Sport
5 Gamble P. Reducing injury in elite sport-is simply restricting 2018;21:1215-20.
workloads really the answer? N Zeal J Sports Med 2013;36. 33 Ahmun R, McCaig S, Tallent J, et al. Association of daily workload,
6 Blanch P, Gabbett TJ. Has the athlete trained enough to return to wellness, and injury and iliness during Tours in international
play safely? The acute:chronic workload ratio permits clinicians cricketers. Int J Sports Physiol Perform 2019;14:369-77.
to quantify a player’s risk of subsequent injury. Br J Sports Med 34 Grambsch PM, O'Brien PC. The effects of transformations
2016;50:471-5. and preliminary tests for non-linearity in regression. Stat Med
7 Impellizzeri F, Wookcock S, McCall A. The acute-chronic workload 1991;10:697-709.
ratio-injury figure and its ‘sweet spot’are flawed, 2019. 35 Binder H, Sauerbrei W, Royston P. Comparison between splines
8 Gabbett TJ. The training-injury prevention paradox: should athletes and fractional polynomials for multivariable model building with
be training smarter and harder? Br J Sports Med 2016;50:273-80. continuous covariates: a simulation study with continuous response.
9 Stern BD, Hegedus EJ, Lai Y-C. State dependence: does a prior Stat Med 2013;32:2262-77.
injury predict a future injury? Phys Ther Sport 2021;49:8-14. 36 Bourdon PC, Cardinale M, Murray A, et al. Monitoring athlete
10 Kalkhoven JT, Watsford ML, Coutts AJ. Training load and injury: training loads: consensus statement. Int J Sports Physiol Perform
causal pathways and future directions. Sports Med 2021:1-14. 2017;12:82-161-S2-70
doi:10.1007/s40279-020-01413-6 37 Bahr R, Holme I. Risk factors for sports injuries--a methodological
11 Windt J, Ardern CL, Gabbett TJ, et al. Getting the most out of approach. Br J Sports Med 2003;37:384-92.
intensive longitudinal data: a methodological review of workload— 38 Impellizzeri FM, Tenan MS, Kempton T, et al. Acute:Chronic
injury studies. BMJ Open 2018;8:€022626. Workload Ratio: Conceptual Issues and Fundamental Pitfalls. Int J
12 Dalen-Lorentsen T, Andersen TE, Bjerneboe J. A cherry tree ripe for Sports Physiol Perform 2020;15:907-13.
picking: the relationship between the acute: chronic workload ratio 39 Bache-Mathiesen L. Performing Fractional Polynomials in R [PDF].
and health problems. J Orthop Sports Phys Ther 2021;0:1-26. GitHub, 2021. Available: https://github.com/lenakba/load-injury-
13 Theron GF. The use of data mining for predicting injuries in non-linearity-study/blob/main/guide_fractional_polynomials.pdf
professional football players. University of Oslo, 2020. [Accessed 12 Apr 2021].
14 Bjerndal CT, Bache-Mathiesen LK, Gjesdal S, et al. An examination 40 Bache-Mathiesen L. Performing Restricted Cubic Splines in R [PDF].

of training load, match activities, and health problems in Norwegian
youth elite Handball players over one competitive season. Front
Sports Act Living 2021;3:635103.

GitHub, 2021. Available: https://github.com/lenakba/load-injury-
non-linearity-study/blob/main/guide_restricted_cubic_splines.pdf
[Accessed 12 Apr 2021].

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

1ybuAdoo
Aq pa1osioid 1senb Agq TZ0Z ‘2T 4890190 U0 /wod fwg waesuadolwgy/:dny woiy papeojumoq ‘TZ0Z 1snbny 9 uo 6TTTO0-TZ0Z-Waslwag/9eTT 0T Se paysiignd 1s.1y :paiy 218x3 Mods uado NG


https://github.com/lenakba/load-injury-non-linearity-study
https://github.com/lenakba/load-injury-non-linearity-study
http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0002-9466-7003
http://orcid.org/0000-0003-4062-7601
http://dx.doi.org/10.1136/bjsports-2013-092215
http://dx.doi.org/10.1007/s40279-018-0951-z
http://dx.doi.org/10.1007/s40279-018-0951-z
http://dx.doi.org/10.1007/s40279-020-01308-6
http://dx.doi.org/10.1136/bjsports-2015-095445
http://dx.doi.org/10.1136/bjsports-2015-095788
http://dx.doi.org/10.1016/j.ptsp.2021.01.008
http://dx.doi.org/10.1007/s40279-020-01413-6
http://dx.doi.org/10.1136/bmjopen-2018-022626
http://dx.doi.org/10.3389/fspor.2021.635103
http://dx.doi.org/10.3389/fspor.2021.635103
http://dx.doi.org/10.1007/BF00424810
http://dx.doi.org/10.1007/BF00424810
http://www.ncbi.nlm.nih.gov/pubmed/11708692
http://dx.doi.org/10.1016/j.jclinepi.2019.02.016
http://dx.doi.org/10.1016/j.jclinepi.2019.02.016
http://dx.doi.org/10.1007/s40279-020-01280-1
http://dx.doi.org/10.1007/s40279-020-01280-1
http://dx.doi.org/10.1136/bjsports-2016-096309
http://dx.doi.org/10.1152/advan.00053.2013
http://dx.doi.org/10.1136/bjsm.2005.018267
http://dx.doi.org/10.1136/bjsm.2005.018267
http://dx.doi.org/10.1111/j.1600-0838.2006.00528.x
http://dx.doi.org/10.2519/jospt.2020.9876
http://dx.doi.org/10.1002/sim.4780080504
http://dx.doi.org/10.1214/10-STS330
http://dx.doi.org/10.1002/sim.8086
http://www.R-project.org/
https://github.com/lenakba/load-injury-non-linearity-study
https://github.com/lenakba/load-injury-non-linearity-study
http://dx.doi.org/10.1123/ijspp.2019-0100
http://dx.doi.org/10.1249/MSS.0000000000001685
http://dx.doi.org/10.1016/j.jsams.2017.07.009
http://dx.doi.org/10.1016/j.jsams.2018.05.019
http://dx.doi.org/10.1123/ijspp.2018-0315
http://dx.doi.org/10.1002/sim.4780100504
http://dx.doi.org/10.1002/sim.5639
http://dx.doi.org/10.1123/IJSPP.2017-0208
http://dx.doi.org/10.1136/bjsm.37.5.384
http://dx.doi.org/10.1123/ijspp.2019-0864
http://dx.doi.org/10.1123/ijspp.2019-0864
https://github.com/lenakba/load-injury-non-linearity-study/blob/main/guide_fractional_polynomials.pdf
https://github.com/lenakba/load-injury-non-linearity-study/blob/main/guide_fractional_polynomials.pdf
https://github.com/lenakba/load-injury-non-linearity-study/blob/main/guide_restricted_cubic_splines.pdf
https://github.com/lenakba/load-injury-non-linearity-study/blob/main/guide_restricted_cubic_splines.pdf
http://bmjopensem.bmj.com/

	Not straightforward: modelling non-­linearity in training load and injury research
	Abstract
	Introduction﻿﻿
	Materials and methods
	Participants
	Training load definition
	Daily ACWR 7:21-period
	Microcycle ACWR 1:3-period

	Injury definition
	Statistical analyses
	Simulations

	Results
	Evidence of non-linearity in training load and injury risk relationship research
	Simulations

	Discussion
	Evidence of non-linearity in training load and injury risk relationship research
	Methods for addressing non-linear relationships
	Limitations

	Conclusion
	References


