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ABSTRACT
This study aimed to identify the predictive capacity of wellness questionnaires on measures of training load 
using machine learning methods. The distributions of, and dose–response between, wellness and other 
load measures were also examined, offering insights into response patterns. Data (n= 14,109) were collated 
from an athlete management systems platform (Catapult Sports, Melbourne, Australia) and were split 
across three sports (cricket, rugby league and football) with data analysis conducted in R (Version 3.4.3). 
Wellness (sleep quality, readiness to train, general muscular soreness, fatigue, stress, mood, recovery rating 
and motivation) as the dependent variable, and sRPE, sRPE-TL and markers of external load (total distance 
and m.min−1) as independent variables were included for analysis. Classification and regression tree models 
showed high cross-validated error rates across all sports (i.e., > 0.89) and low model accuracy (i.e., < 5% of 
variance explained by each model) with similar results demonstrated using random forest models. These 
results suggest wellness items have limited predictive capacity in relation to internal and external load 
measures. This result was consistent despite varying statistical approaches (regression, classification and 
random forest models) and transformation of wellness scores. These findings indicate practitioners should 
exercise caution when interpreting and applying wellness responses.
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Introduction

Athlete load monitoring practices are a fundamental compo-
nent of high-performance programmes, with monitoring sys-
tems quantifying internal and external load demands (Drew & 
Finch, 2016; Halson, 2014; Weaving et al., 2017). Recently, there 
has been considerable interest in customized wellness ques-
tionnaires, which are completed daily to assess athlete readi-
ness and are considered a holistic evaluation of an athletes’ 
response to training (Taylor et al., 2012; Thorpe, Atkinson et al., 
2017; Thorpe, Strudwick et al., 2017). These measures are typi-
cally assessed acutely for abnormal responses, and longitudinal 
responses are also calculated within monitoring systems. 
Wellness measures typically comprise 4–12 items consisting of 
simplified questions representing their overarching constructs, 
intending to assess perceived psychological, physical and social 
well-being (Jeffries et al., 2020; Saw et al., 2017). For example, 
perceptual states of mood, stress and recovery are assessed in 
a unidimensional format, which is in contrast to validated long- 
form questionnaires (e.g., profile of mood states, recovery- 
stress questionnaire for athletes) that fully appraise their multi- 
dimensional constructs (Kellmann, 2002; Martin et al., 2000; 
Nässi et al., 2017). Supporting the increasing interest in well-
ness measures has been the growing evidence that subjective 
measures of load monitoring may be superior to more conven-
tional objective markers (Coutts et al., 2007; Saw et al., 2015). 

Further, such measures are considered sport-specific, inexpen-
sive, non-invasive, and simple to assess and interpret (Gastin 
et al., 2013; Halson, 2014; Taylor et al., 2012). However, it should 
be noted wellness measures currently lack an overall reference 
framework within the current literature.

Previous research seeking to elucidate dose–response rela-
tionships between wellness measures and markers of external 
training load have demonstrated differing trends, with trivial-to 
-large relationships identified within a variety of external load 
metrics (Campbell et al., 2020a; Gallo et al., 2015; Malone et al., 
2018; Thorpe et al., 2015). Wellness tends to progressively 
improve within a weekly in-season microcycle (Gastin et al., 
2013; Govus et al., 2018; McLean et al., 2010); however, when 
controlling for days-to-game within the statistical model, no 
effect of training load on wellness responses is apparent (Gallo 
et al., 2015). Recently, wellness was shown to not have 
a reproducible response to fatigue (Fitzpatrick et al., 2019) 
and was strongly influenced by match outcomes and whether 
the match was at home/away venue (Abbott et al., 2018; Fessi & 
Moalla, 2018). Most positively, results demonstrated large 
effects between wellness and load metrics during training 
camps (Buchheit et al, 2013; Malone et al., 2017; Wellman 
et al., 2017), indicating perceptions of wellness may markedly 
impact on athlete outputs during intensified periods. Overall, 
there is contrasting but promising evidence for these measures. 
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However, the lack of uniformity in the findings indicates further 
research should be conducted to determine potential dose– 
response relationships and patterns of distribution in athlete 
responses.

The approaches used to date have primarily sought to retro-
spectively analyse these relationships between wellness and 
measures of training load. Most recently, their use in predictive 
models has been investigated as a function of wellness’ con-
tributions to the planning of training prescription (Cross et al., 
2019). Wellness measures have shown capacity as a predictor 
for illness occurrences in team-sport athletes utilizing 
a machine learning approach (Thornton et al., 2016), and 
using pre-session wellness scores to predict future wellness 
scores were also recently examined (Jaspers et al., 2019). 
However, only trivial-small effects were demonstrated when 
combining pre-wellness and other load measures in order to 
predict future wellness scores. Similar studies again demon-
strated contrasting predictive relationships between overall 
wellness scores and individual items with varying measures of 
external load (Cullen et al., 2020; Ruddy et al., 2020). 
Subsequently, it remains uncertain if wellness measures can 
adequately justify their place within an overall load monitoring 
system given the divergent results within the literature.

Utilizing machine-learning approaches to predictive model-
ling in the context of a rich dataset, may afford the capacity to 
identify wellness variables that are most predictive of training 
load measures. This would be particularly advantageous in 
reducing the time burden on athletes and staff and potentially 
enhancing the efficacy of these measures in practice, through 
potentially contributing to the future development of 
a reference framework for their use. If wellness measures are 
to have a key role within an overall monitoring system, it may 
be important to have the capacity to inform coaches on how 
training or competition should be modified to either enhance 
recovery or optimize training adaptations. Therefore, this study 
primarily aims to examine the predictive capacity of wellness 
questionnaires on measures of internal and external load using 
two machine-learning approaches. This study will also explore 
the distributions of wellness measures and seek to verify the 
wellness–load dose–response relationship. These analyses will 
provide the opportunity to investigate patterns in how athletes 
are answering these measures, which may then assist in the 
evaluation or continued development of the measurement 
properties of existing wellness constructs.

Methodology

Study design

The data used in this study was accrued from an athlete man-
agement system (AMS) platform (Catapult Sports, Melbourne, 
Australia). Three separate sports (i.e., international cricket, pro-
fessional and semi-professional rugby league, and football (soc-
cer)) were included within the overall dataset. The data 
encompassed multiple seasons (2013–2018) and was pooled 
across pre-season and in-season training sessions. Each sport 
was treated separately. Ethics approval for the procurement of 
study data was provided by the University Human Research 
Ethics Committee.

All data were analysed using the statistical software 
R (Version 3.4.3). Data cleaning techniques were implemented 
before analysing the data. Wellness data without correspond-
ing internal or external training load data were removed, while 
lines of data entries with clear errors were also removed from 
the overall dataset. There were originally 52, 531 observations 
in the dataset, and following data cleaning, 14,109 observations 
were left, split by; cricket (n = 3599), rugby league (n = 1266), 
football (n = 7918), respectively.

Wellness measures

Wellness measures included in the analysis were recorded 
before training on a purpose-built mobile application 
(Catapult Technologies, Melbourne, Australia). The 8-item 
wellness questionnaire used for the football and rugby league 
data identified perceived ratings of sleep quality, readiness to 
train, general muscular soreness, fatigue, stress, mood, recov-
ery rating and motivation. The questions were referenced as 
“How do you feel at this moment”, and a 5-point Likert scale 
was used, with the scale initially anchored on a mid-point. The 
Likert scale represented 5 as an optimal rating and 1 repre-
senting a poor indicator, with descriptive anchors attached to 
each respective rating. The wellness questionnaire was 
designed to be similar to those used previously within the 
literature (Gallo et al., 2015, 2017; McLean et al., 2010) and 
reflect those used in professional sport. Cricket wellness mea-
sures included five-items of perceived fatigue, sickness, sleep, 
soreness and stress. The questions were referenced as “How 
do you feel at this moment”, on a 7-point Likert scale. The 
Likert scale represented 7 as an optimal rating and 1 repre-
senting a poor indicator, with descriptive anchors attached to 
each respective rating.

Quantification of training load

Session rating of perceived exertion
An overall session rating of perceived exertion (sRPE-TL) using 
the category-ratio 10-point scale (CR-10) for the calculation of 
training load (Foster et al., 2001) was utilized for all analyses. 
sRPE scores were collected using a combination of app-based 
and manual processes. sRPE scores (not converted to session 
load) were also included for analysis within the cricket dataset.

Global positioning system (GPS)
Participants wore a GPS device (10/15 Hz; SPI HPU GPSports, 
Canberra, Australia OR 10 Hz; OptimEye X4, Catapult Sports, 
Melbourne, Australia) during training sessions and competitive 
matches. The devices were harnessed to the upper thoracic 
spine between the superior sections of the scapulae. The 
GPSports GPS device reportedly demonstrates a 1.9% typical 
error of measurement (TEM) and – 0.20 intra-class correlation 
(ICC) for the total distance measured, and a TEM of 8.1% and 
ICC of – 0.14 for peak speed (Johnston et al., 2014). Raw GPS 
data were downloaded post-session to a personal laptop run-
ning specialized software (Team AMS, GPSports, Canberra, 
Australia/Openfield, Catapult, Melbourne, Australia). The move-
ment pattern variables included for analysis consisted of: total 
distance and m.min−1.
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Data analysis methodology

The following statistical approaches were utilized to examine: 1) 
the distribution of wellness measures across multiple time- 
periods and as a comparison to measures of training load; 2) 
their acute dose–response to training load; and 3) their pre-
dictive ability of internal and external load. Significance was 
accepted when P < 0.05. Standardized effect sizes (Cohen’s d) 
were calculated by dividing the mean difference by the average 
of their standard deviations. Effect sizes were then classified, 
whereby an effect size of ≤ 0.2 is trivial, 0.2–0.49 is small, 
0.5–0.79 is medium, and ≥ 0.8 is large (Cohen, 1988).

Distributions and normality
Descriptive methods of data normality were completed (i.e., 
count and density distribution plots, Shapiro-Wilk normality 
test, Q-Q plots) before analysis of the interaction between well-
ness and load measures was completed.

Wilcoxon-signed rank test
Initially, the data was coded to distribute training load entries 
with a pre- (day of) wellness score that had a corresponding 
post- (next-day) wellness score. This was performed on each 
separate sport (cricket, rugby league, and football) and the 
statistical testing was used on each wellness item, plus an 
overall and average score. To determine the acute dose– 
response of the wellness measures in response to a training 
stimulus, a Wilcoxon-signed rank test was implemented (“wil-
cox.test” package) with standardized effect sizes (Cohen’s d) 
and 95% confidence intervals of the mean difference between 
the samples.

Chi-square goodness of fit test
To examine if the observed distribution of wellness scores with 
training load scores differed from the expected distribution (i.e., 
higher load scores should be distributed with worse wellness 
ratings), a chi-square goodness of fit test was implemented 
(“chisq.test” package). Data were initially coded to partition 
training load entries with a subsequent next-day wellness 
score for each wellness item, plus an overall and average 
score. Training load and wellness data were then collapsed 
and redistributed into select bins to satisfy statistical assump-
tions for this test. Training load data were collapsed into five 
categories based on their quartiles and labelled from one (low-
est load) to five (highest load). Raw rating of perceived exertion 
scores within the cricket dataset was distributed as per the CR- 
10 scale, with scores 1–2 being combined, and 9–10 being 
combined. Similarly, with a 7-point scale being utilized for 
their wellness ratings, the two end-tails (scores of 1 and 2; 
scores of 6 and 7) were combined. The 0.5 intervals of wellness 
ratings for the rugby league and football data were similarly 
removed and combined into their whole numbers (i.e., 0.5 
intervals are rounded down given they are the same descriptive 
score) for a category of 1–5. This process was performed for 
each sport and wellness item.

Decision-tree models: a machine learning approach
Classification and regression tree models were implemented to 
attempt to identify relationships between wellness items and 

measures of training load, and identify which items were most 
likely to predict any change in internal or external load 
responses. These models were developed using each wellness 
item plus an overall and average score across each sport within 
the dataset using the pre- (day of) wellness measure and the 
subsequent training load measure/s. Consistent with modelling 
using machine learning approaches, each respective sports 
dataset was first shuffled and then split into a training set 
(80% of the data) and a testing set (20% of the data). The 
training set was used to train the model, while all error metrics 
and R2 values were calculated based on the model’s predictive 
performance against the test dataset. All machine learning 
models were fit using a 10-fold cross-validation approach, to 
allow for appropriate selection of hyper-parameters (such as 
the minimum nodes per split, and the cost complexity factor). 
In addition, some hyper-parameters were manually adjusted in 
cases where no tree could be grown from the default 
parameters.

After splitting the respective dataset, classification and 
regression trees were implemented using the “rpart” package 
in R. To prevent model overfitting the decision trees were 
“pruned” to optimize outputs according to the complexity 
parameter and cross-validated error within the models. The 
most important variables were noted, alongside the error rate 
of the tree models. To run the classification tree models, rele-
vant training load and wellness items were collapsed and dis-
tributed into classifications of low, moderate, high or low, 
moderately-low, moderately-high, and high according to the 
scores and/or quartiles. For example, wellness items were col-
lapsed into the following classifications; ≤ 2 = low, 2.5–-
3.5 = moderate, ≥ 4 = good.

Random Forest machine learning methods were also con-
ducted to overcome some of the limitations of classification 
and regression tree modelling. This is a “black-box” approach 
and may give more accurate predictions than conventional 
classification and regression tree modelling, at the cost of 
reduced model interpretability. Random Forest models were 
conducted for each dataset using the “randomForest” package 
in R, with the percentage of variance explained by the model, 
the “out of bag” mean square error estimate (mean of squared 
residuals), and the importance of each wellness variable noted.

Results

Distribution and normality

All datasets
Graphical techniques using count and density histogram plots, 
with quantile to quantile plots (Q-Q plot) demonstrated that all 
variables did not meet normal distributions for any sport. 
Variables displayed heavily skewed or bimodal distributions, 
particularly for wellness items indicating athletes will rarely 
deviate wellness scores (see Figure, Supplemental Digital 
Content 1, displaying density histogram plots). Formal statisti-
cal tests of normality were conducted using the Shapiro-Wilk 
test, with all variables for all sports reporting significance 
(P < 0.001). Attempts to transform the data (e.g., log) to fit 
normality, did not change the Q-Q plot or statistical tests for 
normality. As a consequence, conventional regression 
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techniques and parametric tests were precluded, and non- 
parametric statistical methods were chosen.

Wilcoxon-signed rank test (dose–response relationships)

Football
Statistically significant higher ratings of wellness items fatigue 
(P= 0.02, d= 0.03, [5.62e-05, 6.87e-05]), soreness (P= 0.001, 
d= 0.04, [6.17e-05, 1.89e-05]), motivation (P= 0.03, d= 0.03, 
[5.35e-05, 4.86e-06]), and sleep quantity (P= 8.88e-05, 
d = 0.05, [0.049, 0.150]) were identified pre- compared to next- 
day scores. Calculated average (P= 0.0007, d= 0.04, [0.009, 
0.039]) and overall (P= 0.007, d= 0.04, [0.09, 0.30]) wellness 
items also demonstrated statistically significant decreases fol-
lowing a training stimulus. However, no differences in percep-
tions of readiness to train (P= 0.052, d= 0.02, [−1.23e-05, 1.42e- 
05]) and sleep quality (P = 0.33, d= 0.01, [−8.03e-07, 1.24e-05) 
were observed. It should be noted that even in cases of statis-
tical significance, the 95% confidence intervals for the mean 
difference are extremely small (of the order 10−5). In all cases, 
this is due to a very slight shift in the tails of each distribution, 
with the post- scores reporting slightly more 7’s and slightly 
fewer 1’s than pre-stimulus. While the tightness of the confi-
dence interval suggests that this difference is not a statistical 
artefact, the low magnitude indicates a lack of practical 
importance.

Cricket

Statistically significant differences between pre- and next-day 
wellness items were found for average (P= 0.0004, d= 0.06, 
[2.00e-05, 9.99e-02], overall (P= 0.0002, d= 0.06, [5.01e-05, 
4.99e-01], fatigue (P = 0.0003, d= 0.06, [3.41e-05, 3.00e-05] 
and soreness ratings (P = 3.73e-10, d= 0.12, [6.28e-05, 3.88e- 
05]. No differences between pre- and post- scores were found 
for ratings of sickness, sleep, and stress wellness items 
(P = 0.53–0.58, d= 0.01). Similar to football, all of the statistically 
significant score differences have confidence intervals very 
close to, but not containing zero, which represents slight shifts 
in the tails of the post- distribution, relative to the pre-, and 

being of small enough magnitude to have little practical 
consequence.

Rugby league

No statistically significant differences or large effect sizes for 
any specific wellness items or calculated scores (average or 
overall) (P = 0.052–0.91, d = 0.01–0.12, [−6.08e-07 – 0.14]) 
were identified when comparing pre- to next-day scores in 
this population.

Chi-square goodness of fit test

Football
Statistically significant differences between the observed and 
expected values for perceptions of soreness (P= 0.04) and sleep 
quality (P= 3.89E-15) were observed. However, there were no 
differences between the observed and expected values for any 
other wellness items (P = 0.31–0.91). The percentage change in 
the distribution of the observed to expected values for percep-
tions of fatigue, soreness and sleep quality indicated the tail- 
ends of the probabilities were markedly different. Conversely, 
the observed values and the expected values across the mid- 
range wellness and load markers indicated only small 
differences.

Cricket

Ratings of perceived stress showed no differences between the 
observed values and the expected probabilities (P= 0.22). 
However, statistically significant differences were identified 
between the observed values for ratings of fatigue, soreness 
and sleep quality and the expected probabilities 
(P = 0.0001–0.0006). The percentage change in the distribution 
of the observed to expected values for perceptions of fatigue, 
soreness and sleep quality indicated the tail-ends of the prob-
abilities were markedly different. Conversely, the observed 
values and the expected values across the mid-range wellness 
and load markers indicated only small differences. For example, 
there was a 46% lower expected value for a fatigue score of < 2 
if a sRPE value of > 8 was given.

Figure 1. Football (left) and Cricket (right) session load cross-validated relative error, in response to increased model complexity (tree size). Even growth of a small tree 
(size < 10) led to increases in relative error, suggestive of a lack of consistent predictive relationship between predictor variables and the target variable.
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Rugby league

There were no statistically significant differences between the 
observed and expected values for the distribution of any well-
ness item score (P = 0.09–0.98).

Decision tree models (regression, classification, random 
forest)

Cricket & football
Regression and classification tree models within these datasets 
could not be grown under the default “rpart” package con-
straint values. This indicates the predictor variables could not 
infer enough predictive information to grow a tree, based on 
the default constraints; primarily that any split from the node 
must reduce the overall lack of fit as a factor of the complexity 
factor (cp) for the model. To overcome this, the default con-
straints were manually loosened to their lowest level; 
cp = 0.001, minsplit = 30, minbucket = 1. As a visual, the 
resulting cross-validated relative error rates for both Football 
and Cricket regression trees are plotted in Figure 1.

The cricket regression tree was then subsequently pruned to 
form a tree with five splits. The model displays very high 
relative error (0.98) with a very small improvement from the 
original node, however, this is at the cost of a greater overall 
lack of fit of the model due to a higher cross-validated error. 
Figure 2 displays the R-square and x–validated relative error for 
this model. Similar results were noted for the pruned football 

tree, with a relative error of 0.99 and an overfitted cross- 
validated error.

The constructed random forest model for the cricket data 
demonstrated a mean of squared residuals at 3.53 and the 
percentage of variance explained by the model was 1.67%. 
The most important variables are listed as follows; fatigue, 
soreness, stress, sleep, sickness. The random forest model for 
football data showed the variance explained by the model to 
be −4.34%, with a mean of squared residuals of 101835.1.

Rugby league

The regression tree models for training load and total distance 
were grown and pruned, with results shown in Figures 3 and 
Figures 5. However, as can be seen, the cross-validated relative 
error rates of these models are still very high (>0.89 rel error) as 
displayed in Figures 4 and Figures 6. The classification tree 
model with target variable total distance also was grown and 
pruned, with similarly high relative error and cross-validated 
error rates (0.92) and very low R-square.

Other attempted models using m.min−1 regression and clas-
sification, and training load classification tree were unsuccess-
ful, indicating the predictive capabilities of these models was 
poor. The Random Forest model for sRPE-TL demonstrated the 
variance explained by the model to be 1.99%, with a 111576.7 
mean squared residual. The model for m.min−1 showed the 
explained variance to be −9.2% with a 578.26 mean of squared 

Figure 3. Pruned rugby league session load regression tree. The contributing variable is listed in bold, with the nodes displaying first the mean of the target variable 
(session load) at each node with the accompanying percentage of observations (of the total n).

Figure 2. Pruned cricket session load cross-validated error (left) and R-square error (right). No significant improvement in model fit is noted as the number of splits is 
increased.
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residuals. Finally, the random forest model for total distance 
explained only 0.05% of the target variable variance.

Discussion

The purpose of this study was to examine the distributions of, 
dose–response, and predictive relationships between wellness 
items and measures of internal and external training load 
within a large dataset across multiple sports. These relation-
ships were analysed using both classical statistical approaches 
and a machine learning framework. To the author’s knowledge, 
this study is the first to take this approach across multiple 
sports in such a sizable dataset. The primary finding was the 
very limited predictive capacity of wellness items in relation to 
internal (sRPE and sRPE-TL measures) and external (total dis-
tance or m.min−1) training load and intensity measures. These 
results were consistent across different types of decision trees 
(regression and classification) when using more powerful ran-
dom forest techniques, and under the transformation of scores. 
Interestingly, however, this study demonstrates dose–response 
relationships between changes in wellness items from pre- 
training to next-day responses (in accordance to the completed 
external training load) for the cricket and football data, though 
not for rugby league. Regardless, the tight bounds of the 
reported CI and small effect sizes may imply a lack of practical 
meaning despite the statistically significant results. Finally, the 
skewed and bimodal distributions of the wellness measures 
indicate that individuals rarely deviate their scores (see Figure, 
Supplemental Digital Content 1, displaying density histogram 

plots) and could be an indication of an overall lack of sensitivity 
or a sign of questionnaire fatigue. Overall, this study demon-
strates that caution should be applied when interpreting and 
actioning athlete wellness responses.

Examining the distributions of the wellness items within 
these large datasets have provided curious observations that 
may offer insights into how athletes are responding to these 
questionnaires. Principally, the skewed and bimodal distribu-
tions of the data indicate individuals will typically choose con-
sistent ratings of perceptual wellness. This result would suggest 
that wellness measures are not being anchored correctly to an 
appropriate descriptor, or that there is an overall lack of sensi-
tivity within the current scale to identify changes in psycho-
physiological responses to the internal load response (due to 
the experienced external load). The results of the chi-square 
goodness of fit test would preliminarily suggest there is 
a component of this when comparing the distribution of well-
ness responses to training load. Ratings of fatigue, soreness and 
sleep quality indicated discrepancies between the observed 
and expected distributions when equated to measures of inter-
nal and external load. When examining directionality regarding 
a percentage change for these distributions, the data suggests 
the upper and lower bounds are predominantly where the 
expected and observed responses diverge. Conversely, the 
more centralized responses appear to demonstrate the stron-
gest similarities. While these observations relate to generalized 
trends across each dataset, it should be noted that the rugby 
league data reported no statistically significant differences. 
Regardless, the observed generalized trends reported here 

Figure 5. Pruned rugby league total distance regression tree model. The contributing variable is listed in bold, with the nodes displaying first the mean of the target 
variable at each node with the accompanying percentage of observations (of the total n).

Figure 4. Pruned rugby league session load regression tree model cross-validated error (left) and R-square error (right). A mild predictive ability is illustrated for very 
small tree/forest models.
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would indicate support for lack of sensitivity or anchoring 
within wellness measures utilizing the current measurement 
scale.

The examination of wellness–load distributions in this man-
ner is an approach that provides an opportunity to critically 
evaluate how these items are being interpreted (as a measure 
of the psychophysiological responses to the internal loading 
response), and informs if the scoring scales are structured or 
anchored correctly. The importance of anchoring procedures in 
similar subjective monitoring measures (e.g., rating of per-
ceived exertion) has been articulated previously (Aile et al., 
2016). The two most common techniques being the memory 
recall or exercise procedures, development of similar processes 
should be considered in future research for wellness measures. 
However, these results may also be an indication that because 
athletes are completing these measures with significant regu-
larity, this is a sign of “questionnaire fatigue”. This phenomenon 
is well-documented in survey-based research, whereby partici-
pants will begin to respond with the first acceptable answer to 
reduce the burden of responding (Egleston et al., 2011). The 
distributions displayed within each dataset would suggest this 
may be a factor, particularly when considering the use of 
electronic devices to respond; the default answer may be 
a mid-range response. The overall lack of sensitivity and poten-
tial issues with response distributions is also supported in pre-
vious research through data from training camps (Buchheit 
et al, 2013; Malone et al., 2017; Wellman et al., 2017) or studies 
from sports with reportedly very high load (Malone et al., 2018), 
reporting stronger associations with measures of training load. 
Other research has also shown a one-point shift in wellness 
would require a reduction of high-speed running of 878 m per 
training session (Ruddy et al., 2020). However, it should also be 
noted this may be demonstrating the broader multifactorial 
complexity of the overall constructs the single response items 
are attempting to represent. Further, there is a possibility the 
simple external measures chosen may not effectively capture 
the complex contributors to wellness responses. Regardless, 
these factors underpin the lack of a complete theoretical frame-
work surrounding wellness.

The results for cricket and football datasets demonstrating 
a wellness–training load dose–response is more positive, and 
suggests wellness measures may have a role within monitoring 
systems. Previous research has indicated similar results during 
competitive phases of sports with wellness responses having 
a positive, progressive trend for days-to-game (Gastin et al., 
2013; Govus et al., 2018; McLean et al., 2010). However, research 
has suggested that this relationship is not associated with 

changes in load when days-to-competition are controlled 
(Gallo et al., 2015). This would infer there may be 
a motivational effect on perceiving oneself to have higher 
ratings of wellness as competition approaches. This study pro-
vides evidence that there is a dose–response across competi-
tive and non-competitive phases, and while there is likely an 
inherent bias present, the data would suggest wellness scores 
are still reflective of a generalized training stimulus. Notably, 
the rugby league data did not show similar trends, representing 
disparate findings between the other two sports included 
within the analysis and to the limited other research that has 
been conducted within this population (Johnston et al., 2013; 
McLean et al., 2010). These results indicate further research is 
required to verify the dose–response of wellness measures 
within rugby league athletes, and the aforementioned limita-
tions pertaining to the distribution and sensitivity of responses 
may also be a factor. Further, the reported effect sizes (despite 
being statistically significant) between pre- or day of wellness, 
and the post- or next-day wellness responses were very small 
(i.e., d < 0.1) with very tight bounds for the CI. These results 
indicate the magnitude of the changes, and therefore the 
practical significance, is minimal, and this should be noted 
when interpreting wellness responses in an applied setting.

The machine learning approaches used to determine the 
predictive ability of wellness measures to training load mea-
sures (e.g., sRPE, sRPE-TL, total distance, and m.min−1) in a feed- 
forward fashion offer a novel contribution to the current litera-
ture. The primary findings were that despite constructing multi-
ple tree-based machine learning models (regression, 
classification, random forest) from multiple sports, and using 
a large data set, wellness measures demonstrated minimal 
predictive capacity. This finding is reflective of previous 
research utilizing similar analysis techniques to predict future 
wellness responses, which found trivial (i.e., d < 0.19) predictive 
effects for a variety of load metrics (e.g., total distance, player 
load, high-speed distance) (Jaspers et al., 2019). Other previous 
research utilizing common frequentist approaches (e.g., linear 
mixed-model, magnitude-based inference) have also demon-
strated contrasting results, with non-significant, small, moder-
ate and large associations being reported (Gallo et al., 2017; 
Malone et al., 2018; Thorpe et al., 2015). Within the context of 
previous research, the findings of this study would suggest 
coaches and scientists should take care when interpreting well-
ness, or when modifying load based on certain item responses. 
Figures 1–6 demonstrate the limited capacity of the regression 
and classification trees in this study, with categorizing wellness 
and load responses into 3–5 select choices appearing to have 

Figure 6. Pruned rugby league total distance regression tree model cross-validated error (right) and R-square error (left).
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no benefit in constructing the model. Similarly, random forest 
models all showed wellness variables explained < 5% of the 
internal or external training load outputs.

The discrepancies in results highlighted here may be 
a product of the current lack of a comprehensive theoretical 
framework underpinning wellness as a construct (Jeffries et al., 
2020). Critically evaluating the items currently utilized within 
wellness measures is appropriate when considering it purports 
to evaluate broad and multi-dimensional constructs in 
a unidimensional format. This is particularly apparent consider-
ing the complex dimensions of constructs incorporating well-
ness and the suitability of evaluating them with a simplified 
question. It is yet to be clearly determined if the single items 
can reflect these complex and multifactorial constructs accu-
rately, although current evidence suggests there are limited 
associations between wellness items and broader psychologi-
cal constructs (Campbell et al., 2020b). This situation should be 
viewed as fundamentally important in understanding what is 
affecting the responses before appropriate decision-making in 
applied settings can be conducted. Further, to the authors 
knowledge and which was highlighted in a recent systematic 
review (Jeffries et al., 2020), no individual item or the wellness 
construct as a whole, possesses acceptable measurement prop-
erties for patient-reported outcome measures according to 
guidelines produced by COSMIN (COnsensus-based Standards 
for the selection of health Measurement INstruments) (Jeffries 
et al., 2020; Mokkink et al., 2010). This reflects the lack of 
operational definitions and theoretical underpinnings high-
lighted throughout this section, and correspondingly means it 
remains unclear what constructs wellness measures are 
intended to represent or capture.

Future work should seek to address these limitations, and 
begin the development of clear theoretical bases and rationale 
for item selection, reference values, instructions on completion, 
alongside detailed scoring systems and meaningful changes 
(Saw et al., 2017). The standardization of procedural implemen-
tation, and anchoring procedures, would represent an impor-
tant initial step to subsequently assess the reliability and 
validity of wellness measures. This study was primarily limited 
by the data utilized originating from a conglomerate of differ-
ent sources and teams, and extracted from an overall athlete 
management systems database. This largely precluded the use 
of individualized scores, with data having to be cleaned and put 
together to complete these analyses. Due to the nature of the 
data, it was also not possible to definitively establish if all 
athletes received clear instructions pertaining to the definitions 
of each wellness item or scoring instructions. However, the 
authors note that despite these inherent limitations, the size 
of the dataset and the research questions asked coupled with 
the type of analyses chosen offset these apparent limitations. 
The use of multiple teams, individuals, and sports, while it may 
have limitations, also may be seen as a strength of the studies’ 
analysis.

On the current findings, these results suggest caution 
should be applied when actioning fluctuations in athletes’ well-
ness responses, particularly when modifying load given their 
apparent lack of predictive capability. The continued applica-
tion of wellness measures in sport, although already highly 
prevalent, should be reliant on the advancement of wellness 

as a measure through the appropriate development of 
a theoretical framework (and associated measurement scales 
and anchoring procedures) with consideration of the COSMIN 
statement. Without this, consensus and comparisons across the 
literature and sporting organizations are difficult. Further, the 
disparate results reported within the literature across differing 
sports, coupled with the findings presented in this study, may 
also indicate it should be recommended practitioners conduct 
sport and setting specific cross-validation of modified or newly 
developed wellness measures. Future research should also 
investigate the predictive capabilities of wellness measures 
given the conflicting results within the literature, and the 
potential for these measures to complement existing validated 
monitoring measures within an overall system. Overall, this 
study implicates important further research to be undertaken 
and suggests caution should be applied when interpreting the 
results of wellness measures.
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