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INTRODUCTION
Effective monitoring and manipulation of an athletes training load is 
central to eliciting improvements in physical performance, and limit-
ing the risk of injury and/or illness [1]. In invasion field-based team 
sports (IFTS) such as soccer, Gaelic football, and rugby, training load 
is typically quantified using external, internal, or a combination of 
external and internal load indices [2, 3]. External load represents the 
physical work performed by a player during training or match-play [4]. 
Internal load represents the psycho-physiological response incurred 
in response to an external stimulus during training or match-play [1]. 
Global positioning system technology (GPS) provides large quantities 
of valid and reliable data pertaining to a players speed and distance 
that can be quantified in real-time and is the most common method 
of external load monitoring in IFTS [5, 6]. Internal load can be quan-
tified objectively using blood lactate and/or heart rate, or subjec-
tively using ratings of perceived exertion (RPE). In IFTS, a RPE-based 
approach is widely used as it is valid, non-invasive, and low cost [7, 8].

The collective nature of IFTS training and use of drill based sce-
narios such as small sided games [9] means players are regularly 
prescribed the same external load. Training prescription based on ex-
ternal load indices (ELI) can however, result in considerable inter-in-
dividual variation in RPE [10–12]. This is an important consideration 
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when manipulating external load as it is the internal load that pro-
motes adaptation [13]. Prescription of training using internal load in-
dices such as RPE are therefore desirable. However, RPE can only 
be collected following the cessation of training or match-play, with 
large differences between coaches intended RPE and athletes sub-
sequent RPE [14, 15].

A limited number of studies have attempted to predict RPE using 
machine learning models by incorporating a combination of ELI and 
related contextual factors such as the athletes physical fitness level, 
personal characteristics, wellness scores, and training and match his-
tory [11, 16–19]. Using artificial neural networks (ANN) RPE was 
more accurately predicted compared to traditional statistical approach-
es using total distance, relative distance, absolute high speed running 
(> 4.0 m · s−1) and percentage of total distance at high speed [root 
mean square error (RMSE) 1.85 vs. 1.42] for a group of Australian 
football players [16]. Total distance was identified as having the high-
est importance score for predictive accuracy [16]. More recently, us-
ing eight relative ELI collected during soccer training in a decision 
tree (DT) model, RPE prediction had a RMSE of 1.62 with relative 
high speed running (> 5.5 m · s−1) having the highest importance 
score  [18]. Inclusion of heart rate percentages, and variables 
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Data collection
RPE was measured using the modified Borg CR10 scale as outlined 
previously [8]. Ratings were recorded approximately 30 min after 
each training session and match using a mobile application (Smar-
tabase, v.6.8.08, Fusion Sport, Milton, Australia). The use of a mo-
bile application allowed ratings to be recorded privately, without the 
influence of peer presence or other related environmental factors [22]. 
All players were familiar with the use of the CR10 scale prior to 
participation in the present study. RPE was subsequently categorised 
as low (RPE ≤ 5, n = 461), moderate (RPE 6–7, n = 710), and 
high (RPE ≥ 8, n = 446). These categories have been used previ-
ously in IFTS [12, 23] and are associated with the three physiolog-
ical exercise intensity domains [24].

External indices of activity were collected using GPS units sam-
pling at a rate of 18 Hz (GPEXE LT, Exelio, Italy). During each train-
ing session and match, players wore an individual GPS unit that was 
positioned between the scapulae in a custom-made undergarment. 
These units have shown good to moderate (< 10% typical error of 
estimate) validity, and good (< 5% coefficient of variation) reliability 
for distance covered across a range of movement speeds in a team-
sport specific circuit [5, 25]. Following each training session and 
match, data was downloaded to the manufacturers proprietary soft-
ware (GPEXE Bridge v.6.9.25) to remove values unrelated to the train-
ing session or match. Forty-two distinct movement variables related 
to speed and distance were extracted from each GPS data file. Prior 
to inclusion in the models, multicollinearity tests were performed for 
all GPS variables. Where the variance inflation factor (VIF) exceeded 
5, variables were sequentially removed in line with expert knowledge 
on the practical utility of each [2]. The remaining movement variables 
included in the models were total distance, high speed distance 
(≥ 4.72 m · s−1), and number of accelerations and decelerations 
(n ± 3 m · s−2) expressed both in absolute terms independent of play-
ing time, and relative terms in metres and distance per unit time.

Stature was measured to the nearest 0.1 cm using a portable sta-
diometer (model 213, SECA, Hamburg, Germany). Body mass was 
measured to the nearest 0.1 kg using a portable digital scale (mod-
el 813, SECA < Hamburg, Germany). Lean mass index and body 
fat percentage were assessed using duel-energy x-ray absorptiome-
try (DEXA). Age, body mass index, playing position, and playing ex-
perience, classified as the number of years playing at the elite level 
of Gaelic football, were also included. Maximal aerobic speed (MAS) 
was determined using the time taken to complete a 1200 m time-
trial (TT). The TT was performed at the beginning of each playing 
season. Where a player was unable to complete the TT (4%), the 
group mean was entered as their MAS.

Perceived wellness was examined prior to each training session 
and match using a 5 item questionnaire that was submitted through 
a mobile application (Smartabase, v.6.8.08, Fusion Sport, Milton, 
Australia). Each item was rated on a 10-point scale. The individual 
items were subsequently categorised as muscle soreness, sleep qual-
ity, or energy levels using the average score of each item in the 

pertaining to the athletes individual characteristics improved the pre-
dictive accuracy of a gradient boosting machine in soccer with a RMSE 
of 0.93 although only 47.6% of predictions were correct [17].

While these models demonstrate value for predicting RPE, lack 
of consistency in the variables incorporated in the models, in partic-
ular the lack of standardisation of the ELI, and differences in ma-
chine learning models between studies limit the generalisability of 
these results to other IFTS such as Gaelic football. Further, although 
soccer, Australian football, rugby and Gaelic football are IFTS, play-
ers in each sport have a unique activity profile due to several factors 
including differences in playing rules, pitch size and playing time [20]. 
For example, the relative playing area per player is ~425 m2 in Gael-
ic football, compared to ~320 m2 in soccer [21]. Further analyses 
are therefore required to examine differences between IFTS and which 
indices have the greatest influence on model accuracy.

The aims of this study were to compare the accuracy of absolute 
and relative ELI across DT, random forest (RF), and bootstrap aggre-
gation (BS) models in predicting RPE for a cohort of elite Gaelic foot-
ball players and to examine the predictive accuracy of these models 
using ELI, personal characteristics, wellness scores, and training 
workloads. It was hypothesised that accuracy would be higher us-
ing absolute ELI, and that inclusion of variables related to personal 
characteristics, wellness scores, and training workloads would im-
prove the accuracy of the DT, RF, and BS models.

MATERIALS AND METHODS 
Participants
Forty-nine elite Gaelic football players (mean ± standard deviation 
(SD), age, 25.6 ± 4.0 y; height, 1.82 ± 0.06 m; body mass, 
82.0 ± 7.1 kg) from one inter-county team gave written informed 
consent to participate in this study. The team were competing in 
Division 2 or Division 3 of the National Football League during the 
data collection period. Inclusion criteria was limited to outfield play-
ers. Ethical approval was obtained from Dublin City University Re-
search Ethics Committee (DCU/REC/2021/267) in accordance with 
the Declaration of Helsinki.

Experimental design
GPS technology was used to measure the activity levels of elite 
Gaelic football players during training and match-play in the 2020, 
2021 and 2022 inter-county seasons. RPE was recorded from play-
ers on a one-to-one basis following the completion of each training 
session and match. Training sessions were limited to field-based 
sessions, and were completed on a grass playing surface of ap-
proximately 140 m in length and 80 m in width. A total of 1616 GPS 
data files and concomitant measures of RPE were recorded. This 
included 96 training sessions and 44 matches resulting in 1205 and 
411 records, respectively. A total of 562, 575, and 479 records 
were collected during the 2020, 2021, and 2022 playing seasons. 
The median (range) number of observations per player was 29 (2–98) 
with a mean ± SD of 32.6 ± 22.9.
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section. To provide greater information on the data and time of each 
training session or match, session time (am or pm), day of the week, 
month, and season were included in the models. Activity type and 
days to and from the next and previous training session or match, 
respectively, were also included. Acute:chronic workload ratio (ACWR) 
indices were used to monitor changes in workload over a given train-
ing period. A total of 21 indices were generated. After examination 
of multicollinearity, four ACWR variables remained which were 7-d 
total distance, 28-d total distance, ACWR total distance, and ACWR 
high speed distance.

Statistical analysis
To examine the performance of ELI, with and without the inclusion 
of related variables, in the prediction of RPE, three machine learning 
models were performed on four occasions each. The machine learn-
ing models were DT, which create a tree-like graph of decisions based 

on the values of features, RF, which creates an ensemble of DT where 
a combination of learning models increases the overall result, and 
BS, which is another ensemble method that combines the predictions 
from multiple machine learning algorithms to make more accurate 
predictions. The first two iterations of each model were used to ex-
amine the difference in predictive accuracy between the absolute 
and relative ELI, independent of related variables. The third and 
fourth iterations examined the predictive accuracy of the absolute 
and relative external load variables together with perceived wellness, 
ACWR, and athlete-specific variables, respectively.

The variable sets included in the third and fourth iteration of each 
model were examined for strength of association prior to inclusion 
in the models using the Spearman rank-order correlation coefficient. 
The magnitude of association was interpreted as trivial (0.0 to 0.1), 
small (0.1 to 0.3), moderate (0.3 to 0.5), large (0.5 to 0.7), very 
large (0.7 to 0.9), or almost perfect (0.9 to 1.0) [26]. Where the 

FIG. 1. Confusion matrix of the actual RPE and predicted RPE for the (A) RF model using absolute ELI only, (B) RF model using 
relative ELI only, (C) BS model using absolute ELI and related variables, and (D) BS model using relative ELI and related variables.
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A one-way analysis of variance was also performed to examine the 
differences in each model variable across the low, moderate, and 
high RPE categories. When a significant effect of group was indicat-
ed, post hoc testing was then performed with Bonferroni correction. 
Data are presented as mean ± SD, unless otherwise stated. The sig-
nificance level was set at α ≤ 0.05 for all tests.

RESULTS 
The mean ± SD of each model variable in the low, moderate, and high 
RPE categories is presented in Table 1. The accuracy of the DT, RF 
and BS models for predicting RPE for each dataset is presented in 
Table 2. The RF model had the highest accuracy score at 54.3% and 
48.3% when using absolute and relative ELI, respectively. The nor-
malised importance score for each absolute and relative external load 
measure in the RF models is presented in Table 3 and Table 4, re-
spectively. For absolute ELI, total distance had the highest importance 
score at 0.388. Relative distance had the highest importance score 
of the relative ELI at 0.279. The BS model had the highest predictive 
accuracy after inclusion of variables related to personal characteristics, 

correlation coefficient exceeded 0.5, variables were removed in line 
with expert consensus on the practical importance of each. All vari-
ables were subsequently normalised prior to inclusion in the mod-
els. The categorisation of RPE resulted in an unbalanced number of 
records in each category. A down-sampling method was therefore 
employed to take the smallest number of records from each catego-
ry and randomly select an equal number of records for the other RPE 
categories (n = 446).

The DT, RF, and BS models require a learning dataset to construct 
the model, and a testing set to evaluate the models performance. 
The learning set in the present study consisted of 80% of the data 
while the testing set contained the remaining 20%. Importance scores 
for each variable in making correct predictions were calculated from 
the DT and RF models. The importance score of each variable is 
a measure of the magnitude by which the model-predicted RPE dif-
fers between the values of each variable. The importance score was 
determined through the number of expressions of a variable in the 
created DT. All models were performed in Python (v.3.5) program-
ming software (Python Software Foundation, Wilmington, DE, USA). 

TABLE 1. Descriptive analysis of each model variable

Variable Low (RPE ≤4) Moderate (RPE 5 – 7) High (RPE ≥8) P value

Age (yr) 26.1 ± 4.1 25.7 ± 4.2 24.4 ± 3.7c 0.018

Lean mass index (m · kg2) 21.0 ± 1.4 20.7 ± 2.3 20.6 ± 1.3 0.333

Body fat percentage (%) 14.3 ± 4.0 14.8 ± 3.6 14.2 ± 4.0 0.484

Maximal aerobic speed (m · s−1) 4.73 ± 0.20 4.75 ± 0.20 4.72 ± 0.24 0.595

Duration (min) 60.6 ± 21.0 72.1 ± 22.8b 83.5 ± 27.0a,e < 0.001

Total distance (m) 4951 ± 1457 6128 ± 2000b 8140 ± 3131a,d < 0.001

Relative distance (m · min−1) 84.3 ± 18.4 88.1 ± 22.0 98.7 ± 21.3a,e < 0.001

High speed distance (≥4.72 m · s−1) 816 ± 478 921 ± 537 1234 ± 675a,d < 0.001

Relative high speed distance (≥4.72 m · s−1) 14.1 ± 7.7 13.9 ± 8.6 15.3 ± 8.1 0.450

Accelerations (n) 9.8 ± 6.7 12.2 ± 8.3 12.1 ± 7.3 0.053

Relative accelerations (n · min−1) 0.2 ± 0.2 0.2 ± 0.2 0.2 ± 0.1 0.490

Decelerations (n) 6.2 ± 4.8 9.4 ± 6.1b 14.1 ± 8.0a,d < 0.001

Relative decelerations (n · min−1) 0.1 ± 0.1 0.1 ± 0.1 0.2 ± 0.1a < 0.001

Muscle soreness (AU) 5.0 ± 2.7 5.4 ± 2.8 5.3 ± 2.7 0.651

Sleep quality (AU) 7.9 ± 1.3 8.2 ± 1.0 8.0 ± 1.0 0.082

Energy level (AU) 7.8 ± 1.2 7.9 ± 1.0 7.7 ± 1.5 0.633

7-d total distance 14031 ± 6880 15958 ± 5889 17115 ± 6882b 0.007

28-d total distance 47846 ± 23520 44207 ± 21012 38291 ± 22223c 0.016

ACWR total distance 0.95 ± 0.19 1.03 ± 0.17b 1.05 ± 0.15a < 0.001

ACWR high speed distance 1.03 ± 0.33 1.03 ± 0.37 1.08 ± 0.25 0.463

Days to last match 5.2 ± 5.4 3.5 ± 4.7c 1.1 ± 3.2a,d < 0.001

Days to next match 4.1 ± 3.4 7.1 ± 5.5a 9.4 ± 5.7a,e < 0.001

ACWR, acute:chronic workload ratio. a, P < 0.001 vs. Low; b, P < 0.01 vs. Low; c, P < 0.05 vs. Low; d, P < 0.001 vs. Moderate; 
e, P < 0.01 vs. Moderate.
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TABLE 2. Accuracy of the decision tree, random forest, and bootstrap aggregation models for each dataset

Decision tree Random forest Bootstrap aggregation

Absolute ELI 48.7% 54.3% 52.8%

Relative ELI 47.6% 48.3% 42.3%

Absolute ELI and related variables 57.7% 61.0% 67.0%

Relative ELI and related variables 58.4% 61.0% 65.2%

ELI, external load indices.

TABLE 3. Normalised importance scores from the random forest 
model for absolute external load indices.

Variable Importance score

Total distance (m) 0.388

High speed distance (≥ 4.72 m · s−1) 0.259

Decelerations (n) 0.193

Accelerations (n) 0.160

TABLE 4. Normalised importance scores from the random forest  
model for relative external load indices.

Variable Importance score

Relative distance (m · min−1) 0.279

Relative accelerations (n · min−1) 0.256

Relative decelerations (n · min−1) 0.249

Relative high speed distance (≥ 4.72 m · s−1) 0.216

and rugby union reported that session duration accounted for a larg-
er proportion of the total variance in training load than session inten-
sity [27]. This supports the findings of the present study in that ELI, 
expressed in absolute terms, appear to be more influential on RPE al-
though relative ELI are more commonly reported in IFTS [6].

In the present study, RPE was divided into three categories. This 
approach has been used previously when examining factors influ-
encing RPE in IFTS [12], and with other cohorts, including endur-
ance athletes [28]. The boundaries of these categories are reflective 
of the first and second ventilatory thresholds [24], and may be used 
to demarcate entry into the three distinct physiological exercise in-
tensity domains [29]. This approach may be more practically rele-
vant given the differing physiological adaptations that can occur 
across the exercise intensity domains, and provide coaches with 
a  larger target window when using RPE for training prescrip- 
tion [23].

The RF model in the present study correctly predicted 64%, 42% 
and 57% of cases in the low, moderate and high RPE categories us-
ing absolute ELI. When using relative ELI, the predictive accuracy 
in the low, moderate, and high RPE categories was 45%, 37%, and 
63%, respectively. The width of the moderate category may have 
contributed to the lower predictive accuracy compared to the low 
and high RPE categories. It is difficult to compare the results of the 
present study with previous research as most other models have at-
tempted to predict the specific RPE value rather than a distinct 
class [11, 17, 18]. However, one study reported an accuracy of 
47.6% for single RPE values which was increased to 91.7% when 
using a ‘loose accuracy’ approach, where predictions within a range 
of ± 1  unit of the actual value were marked correct  [17] 

wellness scores, and training workloads alongside the absolute and 
relative ELI at 67.0% and 65.2% accuracy, respectively. The accu-
racy of the RF and BS models for the low, moderate and high RPE 
categories are presented in a confusion matrix in Figure 1.

DISCUSSION 
The aims of the present study were to compare the accuracy of 
absolute and relative ELI across three machine learning models when 
predicting RPE, examine the predictive accuracy of the three models 
using ELI alongside variables related to personal characteristics, 
wellness scores, and training workloads, and compare the accuracy 
between RPE categories. The RF model had the highest accuracy 
for predicting RPE at 54.3% and 48.3% using only absolute and 
relative ELI, respectively. Inclusion of related variables alongside the 
ELI improved the predictive accuracy of the three models, which was 
highest using the BS model at 67.0% and 65.2% for the absolute 
and relative datasets, respectively.

Previous studies that have attempted to predict RPE from exter-
nal load have used absolute [17], relative [18], or a combination of 
both absolute and relative ELI [11] yet none have compared the pre-
dictive accuracy between absolute and relative indices. Comparison 
of these indices will enable a more objective approach to variable se-
lection in future predictive models. A DT, RF, and BS model were run 
on absolute ELI, followed by relative ELI resulting in six different re-
sults sets for comparison. In all models, ELI expressed in absolute 
terms had a greater accuracy by 1.1–10.5%. The RF model, which 
had the best accuracy for both absolute and relative ELI, was 6% 
higher using the absolute indices. A recent examination of the contri-
bution of training intensity and duration to training load in rugby league 
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demonstrating the similarities of predictions at the boundary values. 
Notably, the latter study used a combination of ELI and a range of 
related variables yet had a lower accuracy score than both RF mod-
els in the present study using ELI only.

The accuracy score across RPE categories was lowest in the mod-
erate category. This is likely due to the boundary overlap with the 
low and high RPE categories and the moderate category having the 
narrowest range. A surprising finding of the present study was that 
accuracy in the high category considerably outperformed the low cat-
egory in the relative model. It is plausible that the relative model per-
formed better in the high category as the differences between the 
ELI were more pronounced. For example, relative distance differed 
by 3.8 m · min−1 between the low and moderate categories but dif-
fered by 10.6 m · min−1 between the moderate and high category. 
By contrast, the low category outperformed the high category in the 
absolute model, although the difference was less pronounced.

Machine learning allows for the extraction of importance scores 
for the variables included in the RF models. As variable importance 
is calculated on the number of variables used in the model, there is 
a direct effect on the calculation of importance with the complexity 
of the algorithm and the number of variables considered. An under-
standing of the contribution of each variable to the predictive accu-
racy of RPE can allow more effective planning and control of train-
ing loads. In the present study, total distance had the highest 
importance score of the four absolute and the four relative ELI. This 
is in agreement with a recent meta-analysis where total distance had 
the strongest association with RPE [3] and the abovementioned anal-
ysis in rugby league and rugby union [27]. Equally, total distance 
was the strongest predictor of RPE using ANN [16]. By contrast, rel-
ative high speed running (> 5.5 m · s−1) was the strongest predic-
tor of RPE, accounting for 61%, with relative distance having the 
lowest score in youth soccer when using a DT model [18]. These 
differences may be due, at least in part, to differences in the activi-
ty profile of Gaelic football and soccer, and the role of player age as 
youth players report higher RPE values in training than adult play-
ers [30, 31]. The type of machine learning model and high speed 
running thresholds may also have contributed to these differences.

The inclusion of a range of variables alongside ELI provided six 
additional results sets. This improved the predictive accuracy of all 
three models in the present study. Of note, the BS model improved 
by 14.2% and 12.9% using variables related to personal character-
istics, wellness scores, and training workloads alongside the abso-
lute and relative ELI, respectively. The BS model outperformed both 
the DT and RF models after inclusion of related variables although 
the DT and RF models improved by an average of 9.9% and 9.7%, 
respectively. The inclusion of a wide variety of variables related to 
athletic performance has been recommended to provide a more ho-
listic approach [17, 19]. Those chosen for inclusion in the present 
study were factors shown to influence RPE and the activity performed 
during Gaelic football, such as body composition, player experience, 
physical fitness levels, accumulated training load, and sleep quality 

and muscle soreness [32–34], and those which have improved the 
predictive accuracy of previous models, such as individual charac-
teristics and supplementary variables that contributed 4.5–33% ac-
curacy in soccer [17]. The accuracy in the low RPE category im-
proved to 78.7% in both BS models. In the high RPE category, 
accuracy improved to 70.8% and 74.2% alongside the absolute and 
relative ELI, respectively. These findings demonstrate the importance 
of including variables beyond ELI to predict RPE and highlight the 
potential practical application to IFTS.

Unlike the RF models, the contribution of each variable in the BS 
models cannot be quantified making it difficult to discern which fac-
tors are of greatest importance and should be prioritised during train-
ing and match-play, particularly those which were significantly dif-
ferent between groups such as days to/from last match and cumulative 
distance. However, the variables included in the present study can 
be collected in a relatively low cost, time-efficient manner and are 
already routine practice within many IFTS [1]. The relatively small 
number of training observations is a limitation of the present study. 
A larger dataset in machine learning can potentially improve the ac-
curacy of the model by providing more representative data, reducing 
variance, and improving feature representation, but the quality and 
relevance of the data are also important factors that must be con-
sidered. The data collection was limited to a single team over a three-
season period which occurred during a global pandemic that disrupt-
ed the normal training schedule and may have influenced the fitness 
levels of participants due to restricted movements and limited col-
lective training.

Practical applications
The findings of the present study highlight that for both absolute and 
relative ELI, distance covered has the greatest contribution to the 
predictive accuracy while the contribution of high speed running, 
accelerations and decelerations is largely similar. Coaches and prac-
titioners should however, be cognisant of the differences in predictive 
accuracy between absolute and relative ELI and the subsequent 
changes in the importance score of each variable, particularly when 
using these variables to prescribe training and develop training pro-
grammes. The improved accuracy scores following inclusion of vari-
ables related to personal characteristics, wellness scores, and train-
ing workloads demonstrates that ELI alone do not adequately capture 
or predict RPE. A more holistic approach is therefore recommended. 
The higher accuracy scores in the low and high RPE categories 
compared to the moderate category suggests that when using RPE 
to predict a players response to training, a polarised training approach 
consisting of low volume, high intensity efforts and high volume, low 
intensity efforts may be the most suitable approach and increase the 
likelihood of eliciting the desired physiological stimulus.

CONCLUSIONS 
The accuracy of the three machine learning models to predict RPE 
in a cohort of elite Gaelic football players was higher when using 
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