Man and Machine: Assessing the Efficacy of
Athlete Monitoring Tools in Highly Trained
Swimmers

A thesis submitted for the degree
Doctor of Philosophy

2019

Stephen Crowcroft

Bachelor of Human Movement (Honours)

Faculty of Health, Sport and Exercise Discipline
University of Technology Sydney,

Australia



CERTIFICATE OF AUTHORSHIP AND ORIGINALITY OF THESIS

| certify that the work contained in this thesis, is submitted in fulfiiment of the requirements for
the award of Doctor of Philosophy, in the Faculty of Health, Sport and Exercise Discipline at the

University of Technology Sydney.

This thesis is wholly my own work unless otherwise reference or acknowledged. In addition, |
certify that all information sources and literature used are indicated in the thesis. This document

has not been submitted for qualifications at any other academic institution.

This research is supported by the Australian Government Research Training Program.

Production Note:

Signature removed
prior to publication.

Stephen Crowcroft

1/10/2019

Date Submitted



ACKNOWLEDGEMENTS

There are a lot of people who have contributed to the completion of this thesis and | am very

grateful and appreciative to you all.

To Professor Aaron Coutts, thank you for the outstanding guidance and supervision. For always
reminding me to tell a story and your honest feedback and the many lessons that started out as

something around academic writing but could be applied to almost anything!

To Dr Katie Slattery (Young), this thesis would not have been possible without you. Thank you
for providing me the opportunity to develop, for not letting me get too far ahead of myself and

always reminding me to keep it simple.

To Erin McCleave, thank you for your patience as | started at NSWIS! It was great having
someone there to run ideas past. Also, for helping to get this project up and running....it was

looking a bit shaky there at the start!

To Scott, Brant and Adam, thank you for providing the opportunity to be involved in your

programs, for sharing your expertise and for the many training chats.

To the staff at UTS, thank you for always sharing your experiences and knowledge, you create a

great environment for students to learn.

To the swimmers, thank you for being involved and for tolerating my many messages hounding

you about your training logs!

To Mark Osborne and the staff at Swimming Australia, thank you for your help in getting this

project off the ground.

Finally, to Dad, thank you for your unwavering support and always reminding me to do my

best.



Early into my time as a PhD student an Uber driver told me...

“Man will always beat machine” as he referred to a GPS monitor.
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PREFACE

This thesis for the degree of Doctor of Philosophy is in the format of thesis by compilation and
abides by the ‘Procedures for Presentation and Submission of Theses for Higher Degrees —

University of Technology, Sydney; Policies and Directions of the University’.

From the research design and data collection by the candidate, four manuscripts have been
submitted to peer reviewed journals for publication. These papers are initially brought together
by an Introduction. This provides a background, research problem, the purpose and significance
of each of the studies. A literature review follows which provides an overview of athlete
monitoring tools and coach decision-making. The manuscripts are then presented in a logical
sequence following the development of research ideas within this thesis. Each manuscript has a
similar structure of introduction, methodology, results, discussion, practical applications and
conclusion. Figures, Tables and reference numbers have been retained. The summary chapter
integrates all studies research ideas, concludes each study and provides direction for future

research.
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ABSTRACT

High performance sporting programs make substantial investments to develop and implement
athlete monitoring systems to assist coaches understand how their athletes are responding to
training. Despite the extensive reviews supporting the usefulness of athlete monitoring systems,
it is still unknown if these systems contribute to a coaches’ subjective assessment of how an
athlete will perform. Therefore, the overall aim of this thesis was to assess the efficacy of an
athlete monitoring system and a coach subjective assessment to identify performance changes
and athlete training responses in nationally competitive swimmers. To achieve this, a series of
four studies were conducted. Study 1 determined the signal-to-noise ratio and diagnostic
accuracy of athlete monitoring tools to identify both improvements and decrements in
performance. These findings showed clear week-to-week fluctuations of numerous monitoring
tools that represented an athlete’s acute changes in fitness and fatigue. However, this study also
highlighted the poor diagnostic accuracy of athlete monitoring tools to identify performance
change. Therefore, Study 2 examined the efficacy of a multi-factorial monitoring system to
assess both short-term or longitudinal changes in performance. These findings identified an
improved accuracy of a multi-factorial monitoring approach to assess longitudinal performance
changes. However, the weaker diagnostic accuracy assessing short-term performance changes
limits the practicality of this approach to assess an athlete’s readiness to perform in training or
competition. Study 3 aimed to compare a coach’s expected perceived fatigue, recovery, training
intensity and performance outcomes to actual athlete measures in well-trained swimmers.
These findings showed a very strong association of coach predicted to actual athlete race results.
However, there was a consistent discrepancy of coach expected to athlete reported training
intensity and responses to subjective questionnaires. Finally, Study 4 assessed if the use of
athlete monitoring tools could improve on a coach’s prediction to identify performance changes.
The findings from this study demonstrated the high diagnostic accuracy of a coach’s subjective

assessment of their athlete’s performance. Although, no monitoring tools improved on a coach’s

Vi



subjective assessment of performance. Collectively, this thesis provides initial support of the
high accuracy of a swim coach’s subjective assessment of their athlete’s performances.
However, the use of athlete monitoring tools may assist a coach to have a more comprehensive

understanding of their athlete’s responses to training.
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Chapter 1

General Introduction




BACKGROUND

To enhance performance, athletes training programs must achieve a balance between providing
a training dose that maximises adaptations (i.e. fatigue inducing) and obtaining appropriate
recovery to allow performance in competition 1. Therefore, to better understand how athletes
respond and perform in training, athlete monitoring systems are now commonly used 2. These
systems typically comprise of measures of an athlete’s training load and the assessment of an
athlete’s acute and adaptive responses to training, including physiological assessments (e.g.
heart rate derived indices or vertical jump measures) and psychometric (subjective)
questionnaires 3®. Due to the perceived benefits, high performance sporting organisations now
make substantial investments to the development and running of these systems 7. However, it
is currently not known if athlete monitoring systems are able to identify an athlete’s readiness

to perform beyond that of expert coaches’ subjective assessment of athletic performance.

Following a coach-led approach to training, the manipulating of training sessions can be
determined from coaches’ professional judgements, skilled intuition or ‘gut feel’. These
perceptions are developed through coaching expertise and prior learnings, following the
subjective assessment of an athletes readiness to perform or training ‘status’ °. Accordingly,
for coaches to optimise training prescription, they must acquire the necessary expertise and
skilled intuition to assess their athletes readiness to perform in training or competition °,
However, a limitation of a coach-led approach is that coaching or skilled intuitions have the
potential to be incorrect or hindered by inherent biases °. These situations can arise when there
is a lack (or absence) of skilled intuition, or when an unfamiliar environment or experience
presents 1. Due to these issues, there is warranted scepticism in subjective decision-making 2.
However, no studies have assessed a coaches’ subjective assessment of their athlete’s response

to training or readiness to perform in both training and competition.



RESEARCH PROBLEM

Despite the ubiquitous nature of athlete monitoring tools in high performance sport, it is
currently unknown if these systems can be used to assess an athlete’s readiness to perform in
training or competition. Furthermore, no studies have assessed the accuracy of coach
observations and subjective assessments to identify an athlete’s readiness to performance.
Finally, it is also unknown if the decision-making process in athlete preparation is improved if

athlete monitoring tools are integrated with coach expertise.

RESEARCH OBJECTIVES

This thesis aimed to assess the accuracy of an athlete monitoring system and coach predictions
to identify performance changes in highly trained swimmers. This thesis builds upon the
knowledge and practical application of athlete monitoring systems in high performance sport.
Specifically, providing evidence for how athlete monitoring tools may assist with a coach’s
subjective assessment of an athlete’s readiness to perform in training or competition. Therefore,

through a series of four studies this thesis aimed to address the following:

- Can athlete monitoring tools identify performance changes?
o Chapter 3 (Study 1) and Chapter 4 (Study 2)
- How do athlete monitoring tools compare to coach expected results in training and
competition?
o Chapter 5 (Study 3)
- Does combining athlete monitoring tools with a coach’s subjective assessment improve
the accuracy of identifying performance changes?

o Chapter 6 (Study 4)



Chapter 3 (Study 1) - Assessing the measurement sensitivity and diagnostic characteristics of

athlete monitoring tools in national swimmers

Purpose

To report the week-to-week variability, reliability and signal-to-noise ratio in common athlete
monitoring tools. Secondly, to assess the diagnostic accuracy of these monitoring tools to

identify improvements and decrements in performance.

Significance

Currently, there is limited evidence supporting methods to interpret changes in athlete
monitoring tools and relate them to a performance outcome *®3, In high performance sport,
common methods used to identify these meaningful changes include variation outside of an
arbitrary cut-off value, changes beyond normal day-to-day variation or through the visual
analysis of trends where data is subjectively reviewed 2. However, few studies have assessed the
diagnostic accuracy of these approaches to assess performance changes in highly trained
athletes *1°, Therefore, the purpose of this study was to improve interpretation of meaningful
changes in non-invasive athlete monitoring tools through the assessment of both the reliability
and typical weekly variation. Secondly, this study assessed the diagnostic accuracy (i.e.
sensitivity: true positive rate and specificity: true negative rate) of any single monitoring variable
to identify both improvements and decrements in performance. The results from this study will
improve understanding of interpreting variation in athlete monitoring tools and relate these to

performance changes.



Chapter 4 (Study 2) - Can a multi-factorial athlete monitoring system identify performance

change in swimmers?

Purpose

To assess the accuracy of a multi-factorial athlete monitoring system to identify improvements

and decrements in performance of highly trained swimmers.

Significance

No study has contextualised multiple athlete monitoring tools into a single model to identify
both improvements and decrements in performance. This study provides a novel approach
combining multiple variables including changes in heart rate measures, subjective
guestionnaires and training volume. These results may support a coach understand an athlete’s

readiness to perform in training or competition using non-invasive athlete monitoring tools.

Chapter 5 (Study 3) - Man vs. Monitoring: Assessing a coach’s expectations of athletic

performance, training intensity, perceived fatigue and recovery.

Purpose

To compare coach expected perceived fatigue, recovery, training intensity and performance
outcomes to actual athlete measures in well-trained swimmers. Secondly, to assess if the use of
athlete reported subjective monitoring tools could identify a likely difference between coach

planned to athlete reported training intensity.

Significance

Little is known how a coach assesses an athlete’s readiness to perform in training or competition.
This is the first study to assess a coach prediction of their athlete’s race results. Furthermore,
this study aimed to assess if the use of subjective questionnaires could identify a difference

between the coach planned to athlete reported training intensity. The findings from this study



aimed to improve the understanding of a coach’s skilled intuition and subjective assessment of
athletic performance. Secondly to provide insight of how athlete monitoring tools may assist to

refine coach expertise and inform decision-making in the prescription of training intensity.

Chapter 6 (Study 4) - Coach and Athlete Monitoring: Do athlete monitoring tools improve a

coach’s understanding of performance change?

Purpose

To assess a coach’s subjective assessment of their athlete’s performance. Secondly, to assess if
the use of athlete monitoring tools could improve on a coach’s prediction to identify

performance changes.

Significance

While sports scientists have dedicated considerable time and resources to develop athlete
monitoring systems, no studies have assessed how this information contributes to a coach’s
assessment of athletic performance. This study aimed to identify how athlete monitoring tools
could be integrated with a coach prediction to assess an athlete’s performance changes. The
results from this study would build on the evidence assessing skilled intuition and professional

judgements within swim coaching and targeted reporting of athlete monitoring tools to coaches.
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Chapter 2

Literature Review

Coach expertise and athlete monitoring systems: Assessing an athlete’s readiness

to perform.




ABSTRACT

Elite athletes can have large inter-individual differences in training adaptations and subsequent
performance changes in response to a similar training program 1. To better understand these
differences and optimise the athlete’s training, sport scientists use athlete monitoring systems
23, These monitoring systems usually involve measures of training load, and the athletes’ fitness
and fatigue status *>*. Coaches often rely on experiential knowledge, intuition and subjective
assessment of an athlete’s current performance status to guide decisions on training
prescription °. Despite the increasing presence of athlete monitoring systems in high

performance sport, little is known as to how this information influences decisions made by a

coach, or if indeed this information provided is useful.

The purpose of this narrative review is to (i) describe common athlete monitoring tools that have
been reported to be useful for guiding training prescription or assessing an athlete’s readiness
to perform, (ii) examine factors that influence coach decision-making with reference to training

prescription and the subjective assessment of athletic performance.

The review demonstrated that there is limited empirical support for the use of athlete
monitoring tools to guide training prescription or assess an athlete’s readiness to perform.
Further research is required to examine the predictive accuracy of athlete monitoring tools to
assess an athlete’s performance changes. The review also demonstrated that coach’s
professional judgement and observations may be a learned skill, refined through reflection on
an athletes training response. However, skilled intuitions can also have biases leading to poor
subjective decision-making. Currently no studies have assessed the accuracy of coach’s
subjective assessment to identify performance changes. Further research should assess if the
decision-making process in athlete preparation is improved if athlete monitoring tools are

integrated with coach expertise.



INTRODUCTION

Optimal approaches for planning and implementing training have been of great interest to
coaches and sports science practitioners. Historically, coaches personal experience and various
periodization theories have formed the basis of how an athlete training program is developed °.
It is also typical for a coach to prescribe training using external load measures such as time or
distance, and manipulate these variables based on the organisation, quality and quantity of work
required to elicit a desired physiological response ®’. This approach relies largely on the
assumption that the physiological responses to a given exercise stimulus precedes a predictable
training outcome °. However, in contrast to this assumption, athletes show a wide range of
responses to a standardised workload due to numerous factors including genetics, training

1

history and age, nutritional and psychological state *. More specifically, examples of this

between athlete variation includes differing training responses to maximal oxygen update &,
blood pressure ° aerobic and anaerobic thresholds °. Therefore, to have a greater

understanding of the training process, sport scientists quantify the internal training load and

training response as the key driver for physiological adaptations (see Figure 2:1).

Athlete monitoring systems often incorporate measures used to quantify both external and
internal load, along with physiological measures (e.g. heart rate derived indices, submaximal
fitness tests and blood lactate testing) and subjective questionnaires to reflect an athlete’s
current state of fitness and fatigue #5112, Through the analysis and reporting of these data, it
is suggested that a feedback loop to coaches and support staff can provide more informed
decisions in the assessment of an athlete’s current athletic ability and assist to guide training
prescription >33, Therefore, high performance sporting programs make substantial financial
investments to develop and implement monitoring systems based on theoretical models to

understand an individual’s training response, minimise injury risk, prevent overreaching and

10



improve the training process >*121418  However, despite the extensive number of reviews and
examples of how athlete monitoring systems can be implemented 2461112141925 'ng study has

assessed if these systems improve decision making and in turn enhance performance 2.
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Figure 2:1 Theoretical model of the training process (reproduced from Impellizzeri, et al. ©).

Decision-making and the subjective assessment of athletic performance from coach
observations seem intangible and difficult to quantify 6. Indeed, skilled intuitive and subjective
decision-making in expert coaches can be based upon a multitude of factors (e.g. learning
outcomes from the session, environmental considerations and potential risks) often without
consideration of all scenarios ?. In a predictable environment, skilled intuition can be beneficial
2627 However, subjective decision-making and professional judgements have received criticisms
in medical disciplines as even experienced practitioners can be prone to incorrect diagnosis and

28,29

biases , especially in unpredictable environments. Therefore, to prevent these biases, a
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nested approach where both professional judgements and skilled intuitions are combined with

objective monitoring data (to inform decisions) could be applied *.

At present no studies have examined if athlete monitoring systems provide information that
improves training outcomes beyond that of a well-controlled, coach-led training program in
isolation 3%32, Furthermore, there is little evidence to demonstrate the effectiveness of an
athlete monitoring system to assess an athlete’s readiness to perform within training or
competition. As such, the purpose of this narrative review is to consolidate available evidence
of athlete monitoring tools that assess an athlete’s readiness to perform (in training or
competition) or directly guide training prescription. Secondly, to examine existing evidence of
factors that influence coach decision-making in training and their subjective assessment of

athletic performance.

ATHLETE MONITORING SYSTEMS

Many studies have assessed the relationship of internal and external loads to performance
outcomes (for detailed reviews see '>'*'7) and have contributed to the development of
contemporary training theory (see review >’). These studies have guided training theory to
improve the understanding of how to manipulate the athlete’s training dose. Specifically, these
results have reported methods to optimise training to enhance performance and training

173343 and manage overload and taper periods prior to competitions 384446,

adaptations
However, modelling the training response from a set training dose assumes a predictable

individual training response based upon retrospective data. As such this approach does not

account for the daily inter-individual responses that reflect an athlete’s current state of
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readiness to perform in training or competition (e.g. current physiological and or psychological

state) 1.

Monitoring Tools to Guide Training Prescription

Athlete monitoring tools may assist to quantify the individual athlete’s training response and
guide training prescription ¥. The most common athlete monitoring tools include the
assessment of the autonomic nervous system through heart rate (HR) derived indices %3,
neuromuscular status (e.g. jump monitoring) *° and subjective questionnaires 2. These tools are
relatively non-invasive, can provide immediate feedback, are time efficient and easy to
administer for integration into high performance sport programs 134, While various athlete
monitoring tools appear to be useful to quantify an athletes training response, few examples
exist for how monitoring tools can guide training prescription (i.e. used to optimise daily training
prescription) or assess an athlete’s readiness to perform (i.e. be used to predict real
performance changes). Therefore, the following section will review evidence for the use of non-
invasive athlete monitoring tools to guide training prescription or assess an athlete’s readiness

to perform in training or competition.

Subjective Questionnaires

Subjective questionnaires are a simple and effective method to identify how athletes are
responding to training 22°°8, A recent review of subjective questionnaires has identified an
association with athlete responses to changes in both acute and chronic training load 2%
Theoretically, these measures are associated to changes in performance. However, despite
numerous reviews supporting the usefulness of subjective monitoring tools in an athlete

2-4,6,11,12,14,19-25

monitoring system , ho study has used these tools to guide training prescription.
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In addition, few studies have shown how subjective questionnaires can identify performance

change performance.

Few investigations have shown how subjective measures can be used to explain changes in
athletic performance 5%, For example, when highly trained swimmers reported subjective
levels of fatigue during a taper period, the rating of fatigue could explain up to 53% of the
variance in swim performance °°. Furthermore, when the investigators combined subjective
measures of sleep, stress, fatigue and muscle soreness, up to 72% of the variance in performance
could be explained *°. However, interpretation of these results is limited as performance
outcomes were reported as “staleness” if there was a performance decrement or no
performance change during the swimmer’s taper. Although, limited evidence supports the
monthly measurement of the profile of mood states and fatigue to predict changes in physical
performance measures (counter movement jump [CMJ], 10-m sprint test and the 30-15
intermittent fitness test) of adolescent handball players. Specifically, the Profile of Mood State
(POMS) and total mood score derived from the POMS had a low sensitivity (true positive rate)
to identify performance changes in these athletes . As such, while subjective questionnaires
may be responsive to training load, there is limited support for these measures in isolation to

predict performance changes.

A comprehensive approach to assessing athlete readiness to perform was reported through a
case study of a 400-m sprinter (runner) .. In this case study, an impulse response model
assessed the efficacy of using training load, total quality recovery (TQR) and resting HR to predict
performance changes. Training load data was modelled using Banisters “fitness —fatigue” model

39, where modelled performance was regressed against actual performance with a high degree
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of accuracy (r’=0.88) °. Following analysis of the fitness — fatigue model, resting HR and TQR
were reported back to the coach to manipulate the training plan. This approach allowed the
coach to make a more informed decision on training prescription and the effect that a training
dose would have on a performance outcome. However, the authors recognised the model was
not used in the final stages of preparation to guide training prescription or assess the athlete’s
readiness to perform. Nonetheless, this initial case study has provided evidence that a multi-
factorial approach can be used to assess athletic performance. These findings identify the
limited evidence for the use of subjective questionnaires in isolation to assess an athlete’s
readiness to perform. Further research is required to expand upon the usefulness of including

subjective questionnaires in multi-factorial models to assess performance changes.

Jump Monitoring

The CMJ is a test that can be used to identify changes in neuromuscular function, the stretch-
shorten cycle and central fatigue *°. Furthermore, CMJ height has been shown to substantially
fluctuate during different training phases ®2. Indeed, the within-subject variability in CMJ
performance has been shown to be higher during long term overload training phases 2. As such,
the CMJ has been suggested as a useful tool for regular monitoring of an athlete’s response to
training (see meta-analysis *°). However, only few studies have used the CMJ to guide training

prescription or assess an athletes readiness to perform 6364,

Initial studies have assessed the efficacy of using CMJ at the commencement of training to guide
total plyometric load and optimising performance outcomes. These studies showed that when
participant’s training was adjusted according to CMJ height, greater improvements in vertical

jump performance were observed compared to participants that completed a pre-planned
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training program ®¥%%, The CMIJ has also been used to guide decisions around changes in weekly
training load during an overload and taper period. This study assigned participants to either a
set training program or a group where weekly training load was prescribed following analysis of
the athletes CMJ. The CMIJ-guided group aimed to induce functional overreaching and a
reduction in CMJ during an overload and an increased CMJ following a taper period 5. The
results show that the CMJ-guided training group had greater decrements in CMJ following the
overload phase and a greater improvement in CMJ following their taper. However, this study
only guided weekly changes in training load and not timing of sessions within the week.
Therefore, initial findings support the use of regulating neuromuscular fatigue through the CMJ
to improve the desired training responses following an overload and taper phase. However, due
to the low level of evidence on this topic, more exploratory studies are required to determine
the efficacy of using CMJ to optimise training or as a measure of an athlete’s readiness to

perform.

Heart Rate Variability

Heart rate variability (HRV) indices have been shown to reflect parasympathetic modulation, is
a non-invasive monitoring tool and is economical for longitudinal use with athletes 484985,
Previous studies have related changes in HRV-derived indices to positive or negative training
adaptations and to reflect the acute training response 4496576 (for extensive reviews see %49,
Furthermore, HRV-derived measures have also been associated with performance changes in

68-70,77

highly trained middle distance and endurance athletes and reported to identify upper

respiratory tract or pulmonary infections and muscular affections in elite level swimmers 78,

Despite these observations, few examples support the efficacy of HR-derived measures to

predict changes in performance %7°, For example, Buchheit  identified the low sensitivity of
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monthly changes in resting HR and HRV for assessing changes in physical performance measures
in adolescent handball players. However, this poor predictive ability may be due to the monthly
recording of HRV measures. HRV has also been recommended that daily measurements may
explain a greater understanding of an athlete’s response to training *%>7%, Therefore, although
HRV may assist to identify an athlete’s responses to training through descriptive studies 4496>
68,70.727476 |imited evidence currently supports the use of HRV-derived measures to identify an

athlete’s readiness to perform in training or competition 87077,

Several studies have also examined the efficacy of HRV to guide prescription of intensive
endurance training with the purpose of improving cardio-respiratory fitness 882, For example,
Kiviniemi, et al. 8 used a four week training period in moderately trained individuals to compare
HRV-guided (high frequency measures) training to a fixed training program. In the HRV-guided
group, training intensity was reduced when HRV decreased and training intensity increased if
HRV measures remained stable or increased. The results demonstrated a larger improvement of
maximal workloads at VOamax in the daily HRV-guided group compared to the fixed training

schedule.

Following these results, others have used a more complex HRV method to guide training in
athletes . In this study an algorithm was developed that used pre-training HRV scores to guide
training prescription according to how these variables compared to the normal distribution of
daily measures (below 20%= increase in training intensity and or load, 2- between 20-70%=
continue with existing training plan, 3- between 70-95%= reduce the training load and focus
upon recovery and 4 above 95%= stop training and rest). After the 17-week period of guided

training, the results demonstrated a large variance in performance change (-8.8% to +8.5%)
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showing no clear benefit of guiding training with HRV in well trained athletes. These findings
may not be surprising due to the heterogeneous sample of sports and physiological demands of
the athletes (1-decathlete, 1-heptathlete, 2- 400-m hurdlers, 2- 1500-m runner, 1- 110-m
hurdler, 1- long jumper, 1- inline skater and 1- fin swimmer). Indeed, high cardiac vagal tone is
associated with improved endurance exercise, yet may be detrimental to very short
performances (i.e. <30 s) 8. Therefore, guiding training for very short events and longer duration
events based upon the same HRV measures or ANS activity may not be appropriate. Currently,
few studies support the use of HRV-training to improve performance. Therefore, future research
should examine the use of HRV-guided training towards endurance events of longer duration

and its implementation for highly trained athletes.

Heart Rate Recovery

Heart rate recovery (HRR) is the rate at which HR decreases in a set period following exercise
(e.g. 60 s following exercise cessation). This reduction is driven by the interaction of cardiac
sympathetic withdrawal and the initial cardiac parasympathetic re-activation 8. Previous studies
that have examined the relationship of HRR to performance improvements report inconsistent
findings. Specifically, some evidence has identified both a decreased (slower) HRR 8 and
increased (faster) HRR & may be related to positive performances. These observations suggest
that more than one indicator may be required for identifying how athletes are coping with /
responding to training. Specifically, a multi-factorial approach where HRR analysed in context
of the athlete’s psychological state and training phase may be a more appropriate method for

monitoring performance changes 8%,
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Several studies have assessed the efficacy of using of both HR and HRR following exercise to
identify an athlete’s readiness to perform (for detailed review see 8). However, few studies have
used these methods to guide training prescription. For example, Capostagno, et al. *° assigned
cyclists to either a set high-intensity training group or a flexible training group where training
was prescribed based on HRR following a standardised submaximal warm up test. The results
showed that the HRR-guided group had greater variance in the time taken to complete the
required training sessions but had more athletes improve their 40-km time-trial performance
compared to the set training group (set: 8 + 45 s vs. flexible: 48 + 42 s). Collectively, these findings
provide support for a flexible training approach to decrease the likelihood of a poor training
response. While initial evidence has supported this approach, these studies are relatively short
(2—8 weeks) and no studies have applied this concept over long periods or compared the

effectiveness to that of coach-led training.

Summary

The purpose of this section was to review available evidence supporting the use of common
athlete monitoring tools for guiding training prescription or assessing an athlete’s readiness to

perform in trained athletes. The main findings were:

e Modelling internal and external load has developed a theoretical understanding of the
training dose to performance relationship, however assumes training adaptations from
retrospective data.

e Subjective questionnaires are associated to changes in training load, but limited
evidence supports their ability to assess performance changes.

e Little available evidence supports the use of the CMJ to guide training prescription.
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e HR-derived indices provide a non-invasive measurement of how an athlete is tolerating
and responding to training.

e HR measures may need to be contextualised to training phase and psychological state
for more appropriate interpretation of a relationship to performance change.

e Few studies support the use of HRV or HRR measures to guide training prescription or

assess an athlete’s readiness to perform.

Data Analysis for Athlete Monitoring Systems

Athlete monitoring systems are frequently used in professional sporting teams 2> and by elite
endurance athletes * to assess an individual’s training response. It is commonly accepted that
these systems assist to optimise the athlete’s training dose while minimising injury risk and
illness . To be effective, an athlete monitoring system should report information in an easy to
read format, have a short turnaround time in providing feedback and discussion of results should
involve coaches, relevant staff and when appropriate with athletes #%°1, The most common
analytical methods used in sport to identify a meaningful change in athlete monitoring variables

include using %4:

e Arbitrary cut-off values (e.g. if data goes above or below a value).

e Variables observed outside of an athlete’s normal day-to-day variation (e.g. 1 standard
deviation above/below each individual athlete’s mean value).

e Values chosen through a visual analysis of trends (e.g. subjectively chosen from trend in

data).

At present however, there is no consensus on the best approach to analyse and interpret
monitoring data to guide decision-making for training prescription or assess an athlete’s

readiness to perform in training or competition. Therefore, the following section will address
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several key considerations for interpreting changes in athlete monitoring variables for these

purposes.

Smallest Meaningful Change

For monitoring tools to be practically used, quantifying a ‘true’ or meaningful change outside of
the normal day-to-day variation must be understood. In monitoring studies this is often reported
as a percentage of the typical within-individual co-efficient of variation (CV%) 2>%°2%3  An
individual approach is favoured as it accounts for both the repeated measures structure of
athlete monitoring data and the within athlete typical variation of these measures . For
example, a comparative study assessed the smallest meaningful change in HR and RPE from a
standard warm up using both the inter-individual CV% and the between standard deviation”®.
This study showed that changes in HR and RPE outside of the inter-individual CV% was more
sensitive to identify performance changes. However, this approach also identified that

specificity was reduced (i.e. accuracy in identifying no performance change).

Methods for detecting meaningful change in performance outcomes have been established **.
However, there are inconsistencies in how to interpret the smallest meaningful change in
athlete monitoring variables dependent upon expected training adaptations, typical variation,
and the variable being monitored *. For example, CV% for the log transformed root mean
squared sum of the consecutive R-R interval differences (Ln rMSSD) measures have been shown
to be much smaller than frequency domain indices (~¥12% resting — Ln rMSSD to ~80% resting
Low and High Frequency, for more extensive discussion see ). Similarly, the CV% of subjective
wellness questionnaires have been reported to range from 12-32% in Australian football players

dependent on which day these measures are collected following matches . To interpret the
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smallest meaningful change, individual athlete differences and the typical variation in
monitoring variables should be considered. To improve the practical utility of athlete monitoring
tools, a stronger emphasis must be placed on using the smallest meaningful change of each
measure to interpret typical variation (noise) from a true change (signal) known as the signal-
to-noise ratio 32. This can be done through assessing the relationship of changes in monitoring

tools to the criterion outcome measure (e.g. performance changes, injury or illness).

Diagnostic Accuracy

Once the typical variation of an athlete monitoring measure is established, the next logical
progression is to determine its practical utility by quantifying its diagnostic accuracy (i.e. the
ability to assess performance change, injury, illness). A common approach to determine
diagnostic accuracy of tests is to assess both the sensitivity (true positive rate) and specificity
(true negative rate) against a gold standard criterion measure (see Tables 2:1 and 2:2) °°7, This
confusion matrix (Table 2:1) presents the comparison of identifying a true outcome (e.g. disease,
injury or performance change) against a screening or monitoring tool. For example, in the
assessment of type 2 diabetes, previous analysis has assessed the diagnostic accuracy of a
urinary glucose dipstick for the early detection of type 2 diabetes. To achieve this, the dipstick
urine test (screening tool) and gold standard test (glucose tolerance test) were compared to
validate the dipsticks diagnostic accuracy *.

Table 2:1 Confusion matrix and explanation of diagnostic metrics adopted from Greenhalgh %
as a method to assess monitoring tools against a criterion measure.

Results of gold standard test

Screening tool Positive (Disease) (A+C) Negative (No disease) (B+D)
Test Positive (A+B) True Positive (A) False Positive (B)
Test Negative (C+D) False Negative (C) True Negative (D)
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In sport, this approach has been used to examine training load measures to predict non-contact
injuries in football players across multiple seasons %°. While high training loads were associated
with injury, there was poor diagnostic accuracy, shown by the high false positive rate of injuries
predicted during “very-high” training loads. In players assessed in this study, the false positive
rate ranged from 273-653 occurrences (i.e. the number of times an injury was predicted from
training load, and no injury occurred). As such, the authors cautioned the interpretation of these
results when making decisions on individual players training prescription due to the low

sensitivity (12.5 to 43.1%) and the high number of false positives.

Table 2:2 Explanation of outcomes from confusion matrix adopted from Greenhalgh 7.

Feature of Alternative name Question addressed Formula (Table 2:1)
the test
Sensitivity True positive rate How good is this test at picking up A/(A+C)

people who have the condition?

Specificity True negative rate How good is this test at correctly D/(B+D)
excluding people without the
condition?
Diagnostic - What proportion of all tests have (A+D)/(A+B+C+D)
Accuracy given the correct result?

(True positives and true negatives
as a proportion of all results).

Despite the widespread use in other fields, very few scientific reports have assessed the
diagnostic accuracy of an athlete monitoring system to highlight (a probability of) performance
change . It is important to understand the diagnostic accuracy of monitoring tools for

interpretation of data. This information can assist coaches’ and support staff to inform decision-
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making on training prescription and the assessment of athletic performance. However, of the
few studies that have assessed non-invasive athlete monitoring tools, few have shown positive
results. For example, Buchheit  identified the low sensitivity of resting HR, HRV and subjective
questionnaires to assess changes in physical performance measures in adolescent handball
players. Surprisingly, despite the prevalence of monitoring systems in high performance sport 2,
there is no strong evidence to support highlighting ‘red flags’ (e.g. an arbitrary or set cut off
value within monitoring tools) to improve training prescription or its ability to determine an
athlete’s readiness to perform 2. Therefore, future research should aim to identify changes in
athlete training status through non-invasive monitoring systems and their diagnostic accuracy
to better inform training prescription utilising the increased availability of data and more

advanced statistical techniques .

Contextualising Monitoring Tools

Several studies have highlighted the importance of contextualising monitoring variables such as
HR-derived indices and subjective questionnaires to the athlete’s training load, particularly
during intensified training periods (for detailed example see ) to understand how an athlete

101 pbserved a moderate increase in vagal

will perform 86:88:89,100-103 £qr example, Bellenger et al.,
mediated time domain HRV indices, reduced training tolerance and performance following a 14-
d intensified training phase in endurance athletes. However, during a subsequent 10-d taper,
HRV indices remained elevated and this occurred concomitantly with improvements in both
ratings of training tolerance and time-trial performance. These results highlight the importance
of contextualising changes in HRV measures relevant to both the training phase and athlete’s
psychological state. Otherwise, changes in HRV measures to assess an athlete’s readiness to

perform may be misinterpreted. Similarly, increases in both HRR and perceived fatigue following

an overload training phase in triathletes has been related to functional overreaching . It was
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described that this elevated HRR response aligned with a large increase in subjective reporting
of fatigue and reflects an athlete’s shift to parasympathetic hyperactivity. This shift to
parasympathetic hyperactivity suppresses HR responses and oxygen delivery during maximal

exercise 1°

4. Collectively, these examples highlight the need to contextualise changes in
monitoring tools (usually physiological measures and subjective questionnaires) to performance
changes. However, beyond these types of observational or descriptive studies, no study has
attempted to contextualise multiple non-invasive athlete monitoring tools into a single

statistical model to predict the likelihood of a performance change or assess an athlete’s

readiness to perform.

Summary

The purpose of this section was to discuss to role of data analysis for the practical application of

an athlete monitoring system. The main findings were:

e The smallest meaningful change and the signal-to-noise ratio of monitoring variables
should be determined specific to the sport, athlete and training context.

o Very few studies have assessed the sensitivity, specificity and diagnostic accuracy of
athlete monitoring tools to highlight performance changes or an athlete’s readiness to
perform.

e Changes in physiological measures and subjective questionnaires contextualised
relevant to training phase have been associated with performance changes.

e Few studies have contextualised multiple athlete monitoring tools into a single

statistical model to assess a performance change.
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COACH EXPERTISE

Successful coaches have self-reported that event specific knowledge, experience, continuing
education, observation, willingness to learn, commitment, competence, consistency and
mastery are critical for success 1%. Accordingly, it seems logical that coaches should engage in
experiential learning and reflective practices to refine these qualities and in turn improve their
performance 2830106107 The following section will summarise evidence on the current models of
how coaches may develop expertise and use this information to guide coach decision-making

on training prescription or the subjective assessment of athletic performance.

Coach Observation and Reflection

Coach observations of their athletes performances provides vital information that informs
decision-making around future training 2. Classical decision-making (CDM) can be used to
explain how expert coaches make informed decisions, through both observation and
experiential learning 1%, Through an iterative process of observation, experiences and reflection,

coaches can develop their expertise that is then used to inform decision-making (see Figure 2:2).

It is logical that coaches gain expertise through repeated observation of athletes during the
training process. It has also been shown that the ability to discern important information from
the insignificant details is an important characteristic that separates novice to expert coaches
198 Having access to pertinent information around athlete training such as the training dose and
the athlete’s response to that load may facilitate an in-depth reflection (i.e. where the coach
compares their subjective observations with objective information recorded in training) and
learning. This is important as a mismatch between coach planned and athlete reported session

rating of perceived exertion (sRPE) has been reported consistently with various levels of athletes
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and sports. This mismatch suggests that without feedback coaches may be mis-informed of the
true training intensity their athletes completed 71113, Through receiving feedback on these
measures, coaches may refine their understanding of how individual athletes are coping or
responding to training. Therefore, athlete monitoring systems can assist in developing a
feedback loop where coaching observations are compared with objective information. This
comparison may then lead to detailed reflections and allow coaches to develop expertise in
understanding and controlling the training process 2. However, despite a logical basis for this
concept, there have been surprisingly few examples that have shown how athlete monitoring
tools are used and contextualised against coach observations. Furthermore, there is little
understanding how this information related to the assessment of an athlete readiness to

perform in training or competition.

»  Training

Coach observation

Planning

Subjective feedback

- -

Coach reflection

Coach expertise

Understanding training

outcome

Figure 2:2 Conceptual model of coach observation and reflection to develop expertise and
guide the training process.
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Skilled Intuition

One of the key responsibilities of high performance coaches is to understand how their athletes
are responding to training and infer their readiness to perform. There are a myriad of
confounding factors that influence an athlete’s response to training (e.g. age, genetics,
nutritional status, psychological state, etc.) 1%, Accordingly, it is likely that coaches with greater
expertise can accurately identify positive or negative training responses and manipulate sessions
or plans to optimise training outcomes for their athletes. Quite often coaches refer to this ability
as their intuition, but the academic literature suggest that this ability is developed through
Naturalistic Decision-making (NDM) 1%¢114 NDM ability occurs where experts regularly make
complex decisions in time demanding real-world situations %114, Therefore, when coaches
develop greater expertise, the NDM processes and subjective assessments of the environment

can seem intangible %6, and this ability is referred to as skill intuition.

Expert sport coaches have shown intuitive decision-making in training prescription based on a
multitude of factors including the: pedagogical focus (learning outcomes, content of the session,
potential goals), environmental context (risk to athletes from physical and social environment);
and, learning environment (coach decision-making formed through experience, knowledge and
audit of their decision-making) ?’. Therefore, intuition has been described as a recognition of
patterns stored in memory 3 before applying an apparent intuitive solution without
consideration of all possibilities 1*>11, Skilled intuition (at least within a professional setting) is
therefore likely semi-conscious, learned, or if unconscious at the point of decision-making, could

be quickly brought into a conscious space and reviewed %’.
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For skilled intuition to be developed within coaching, the training and competition environment
must provide regular and valid cues to an outcome. In a sporting context, this validity could be
described as the relevant information (e.g. execution of specific tasks in training or psychological
state) that would influence a performance outcome 8. Characteristics of skilled intuitive

decision makers include:

e Working in an environment which has high predictability of an outcome.
e The practitioner has many years of experience.

e The sport or work environment has good feedback of outcome measures 25,

Within the sporting domain, individual physiological and skill-based sports such as swimming or
track and field have a very consistent performance environment. Due to this, performance
outcomes can be easily quantified and there is consistent feedback available to the coach
through direct observations 223, This provides an ideal environment for investigating the
development of NDM and skilled intuition. However, no studies have assessed the accuracy of
coach intuition or subjective assessment of how their athletes will perform in training or
competition. This information could guide sport scientists to complement coaches skilled
intuition with objective data to allow for a more comprehensive assessment of athletic

performance.

Subjective Decision-making and Biases

Intuitions have the potential to be incorrect or hindered by inherent biases. These situations
arise when there is a lack of skilled intuition, or when an unfamiliar environment or situation
presents 7. For example, in a large-scale analysis in human health and behaviours (medicine

and psychiatry) mechanical judgements (statistical and algorithm predictions) could equal or
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outperform professional judgments (subjective decision-making from data and subjective
measures) 2°. This analysis reported that professional judgements performed worse when a

practitioner interview was included as a predictor variable. This may be due to:

e Unexplained intuition.
e If the practitioner has not developed expertise.

e The practitioner’s overreliance on irrelevant cues.

However, recognition of these situations allows for further development and the refinement of
coach expertise (if reflected on and reviewed) 1718, Although, without recognition of the
decision-making process or over confidence, there is a missed opportunity for coach
development and increased risk of establishing biases 3°. These findings provide warranted
scepticism of professional judgements and subjective decision-making 3°. Therefore, in high
performance sport objective data (e.g. athlete monitoring data) could present information
unbeknown to the coach and open opportunities for reflective and more informed decision-
making. However, to date no studies have attempted to compare or combine a coach’s
subjective assessment or professional judgements and athlete monitoring systems (mechanical

predictions) to assess performance outcomes in elite sport.

Summary

The purpose of this section was to discuss how coaches develop expertise and use this
information to guide coach decision-making with reference to training prescription. The main

findings from this section were:

e CDM improves expertise through experienced based learning providing there is an

opportunity to reflect.
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e NDM and skilled intuition can be learned in controllable environments.

e Evidence supports algorithm-based decision-making has outperformed subjective and
intuitive decision-making.

e Subjective biases can be formed if coaches don’t reflect on intuitive decisions.

e No studies have examined coaches’ subjective assessments to predict how their athletes

will perform.

AN INTEGRATED APPROACH

Guidelines for the development and practical application of athlete monitoring systems have
previously been provided *32, These reports suggest an athlete monitoring system would
complement training prescription through objective feedback to inform coaches decision-
making. A recent survey reported coaches want directly measured physiological parameters and
self-reported athlete information, within a system that only provides relevant facts, can learn

3. However, the

from previous events and is not too invasive in the training process
implementation of algorithms or decision-making aids may encounter opposition or problems if

algorithms outperform human judgement *°. This could be cited as lack of skill or ability of a

coach’s professional judgment to make an informed decision if not reported appropriately °.

Conceptually, the use of objective data would provide a more comprehensive approach to the
assessment of athletic performance and assist a coach to understand the training process.
Currently, no studies have assessed if athlete monitoring tools improve the training process or
assess athletic performance beyond that of experiences coaches’ observations and expertise.
Despite numerous studies providing examples of the implementation of athlete monitoring

2-4,6,11,12,14,19-25

systems , no research has assessed if these systems enhance the training process
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or improve on a coach’s subjective assessment of an athletes readiness to perform in training or

competition 2.

SUMMARY

The purpose of this review was to consolidate evidence on athlete monitoring tools that has
guided training prescription or assessed an athlete’s readiness to perform. A second aim was to
summarise factors that influence coach decision-making and the subjective assessment of

athletic performance. The main points from this review included:

e HR-derived indices, subjective questionnaires and CMJ provide a non-invasive
measurement of an athletes training responses yet limited support exists to identify
performance changes.

e Descriptive studies suggest changes in physiological and perceptual measures
contextualised relevant to training phase are associated with performance changes.

e Few studies have combined multiple athlete monitoring tools into a single model to
assess a performance change.

e The sensitivity, specificity and diagnostic accuracy of athlete monitoring tools to
highlight performance changes or an athlete’s readiness to perform is unknown.

e CDM can improve coach expertise through experienced based learning providing there
is an opportunity to reflect.

e NDM and skilled intuition can be learned in controllable environments.

e Subjective biases can be formed if coaches don’t reflect on intuitive decisions.

e Evidence supports algorithm-based decision-making can outperform subjective
decision-making.

e No studies have examined coaches’ subjective assessment of their athlete’s

performance.
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e No studies have assessed the use of athlete monitoring tools to improve a coaches’

assessment of an athlete’s readiness to perform.
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Chapter 3

Study 1

Assessing the measurement sensitivity and diagnostic characteristics of athlete

monitoring tools in national swimmers
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ABSTRACT

Purpose: To assess measurement sensitivity and diagnostic characteristics of athlete monitoring
tools to identify performance change.

Methods: Fourteen nationally competitive swimmers (11 males, 3 females, age: 21.2 £ 3.2 y)
recorded daily monitoring over 15 months. The “Self-report” group (n=7) reported general
health, energy levels, motivation, stress, recovery, soreness and wellness. The “Combined”
group (n=7) recorded sleep quality, perceived fatigue, total quality recovery (TQR) and heart
rate variability measures. The week-to-week change in mean weekly values were presented as
the co-efficient of variance (CV%). Reliability was assessed on three occasions and expressed as
the typical error CV%. Week-to-week change was divided by the reliability of each measure to
calculate the signal-to-noise ratio. The diagnostic characteristics for both groups were assessed
with receiver operating curve analysis, where area under the curve (AUC), Youden index,
sensitivity and specificity of measures were reported. A minimum AUC of 0.70 and lower
confidence interval (Cl) >0.50 classified a “good” diagnostic tool to assess performance change.
Results: Week-to-week variability was greater than reliability for soreness (3.1), general health
(3.0), wellness% (2.0), motivation (1.6), sleep (2.6), TQR (1.8), fatigue (1.4), R-R interval (2.5) and
LNRMSSD:RR (1.3). Only general health was a “good” diagnostic tool to assess decreased
performance (AUC-0.70, 95% Cl, 0.61-0.80).

Conclusion: Many monitoring variables are sensitive to changes in fitness and fatigue. However,
no single monitoring variable could discriminate performance change. As such the use of a multi-
dimensional system that may be able to better account for variations in fitness and fatigue

should be considered.

Key Words: Subjective questionnaires, Heart rate variability, performance prediction
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INTRODUCTION

The primary goal of high performance coaches and sport science staff is to deliver well controlled
training programs for achieving peak performance. Traditional approaches to training
prescription include increases in both training volume and intensity prior to a taper . However,
during such heavy training periods athletes may be at a higher risk of negative training outcomes
such as injury, illness and/or overreaching 2. Indeed, these negative outcomes in training have
been associated with a lower chance of achieving success in competition 3. Therefore, to better
understand if athletes are tolerating life stressors and training demands, athletes are monitored
through several physiological and subjective measures. Whilst observational studies have shown
monitoring tools fluctuate with changes to training load illness and overreaching, no studies are
yet to examine the sensitivity, specificity or diagnostic characteristics of these monitoring tools

for identifying performance change **~.

In medicine, a common approach used to assess this characteristic is testing a binary outcome,
which yields two discrete functions to infer an unknown, based off a specific cut-off value (e.g.
disease or no disease from a specific blood marker). The accuracy for determining these specific
cut-off values is assessed using measures of sensitivity (true positive rate, i.e. the percentage of
accurately diagnosed disease) and specificity (true negative rate, i.e. the percentage of patients
accurately diagnosed with no disease). These values are then assessed using a receiver operating
characteristic (ROC) curve to determine the diagnostic accuracy and optimal cut-off values which
identify a particular outcome ®. However, identifying the diagnostic characteristics of monitoring

variables on performance change in athletes has yet to be assessed in this manner.

Subjective questionnaires and heart rate variability (HRV) have been assessed for their
practicality when monitoring athletes in the daily training environment *’. These measures are

used to determine an athlete’s fitness and/or fatigue status and inform coaches how their
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athletes are tolerating training demands. Although numerous validated psychometric tools are
available, many athletes prefer using abbreviated questionnaires due to their simplicity and
shorter time required for completion >’. Likewise, many physiological measures have been used
for monitoring the athlete training response. For example, HRV has been used to monitor
athletes fitness or fatigue status and inform future training decisions 2. Changes in HRV reflect
the autonomic nervous systems control of cardiovascular function from alterations in
parasympathetic modulation that may signify an adaptive or maladaptive training state *8,
However, while case studies have identified the positive and negative training responses,
whether these variables are sensitive to adjustments in training or performance is unclear. As
such, the purpose of this study was to firstly report the week-to-week variability, reliability and
signal-to-noise ratio in common athlete monitoring tools, and secondly, assess the diagnostic

characteristics of these tools to identify improvements and decrements in performance.

METHODS

Participants

Two groups of seven (n=14) nationally competitive swimmers (11 males, 3 females, age: 21.2 +
3.2y, body mass 75.8 + 6.8 kg, best time in main event as percentage of world record: 93.5 +
2.2%, mean * SD), were monitored daily over 15 months. Each swimmer was provided a verbal
and written explanation of the investigation before giving signed informed consent to release
their data for the purpose of this research. This study was approved by the Human Research

Ethics Committee of University of Technology Sydney (REF NO. 2014000842).

Study Design
This longitudinal observational study occurred over a 15-month period. Throughout this period,

two commonly used monitoring systems were assessed. Monitoring questions from the “Self-
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report” group were part of a subjective athlete self-report monitoring system from the national
body (Swimming Australia). The “Combined” group provided an alternate system that included
both physiological and subjective athlete self-report questions. Two separate groups were used
to compare the diagnostic accuracy of a number of commonly used monitoring variables.
Swimmers in each group completed a similar training load (average weekly distance; Self report:
41 £ 6km, combined: 42 + 9km and duration; Self-report: 17 £ 3hr, Combined: 17 £ 2hr). Athletes
were asked to complete all monitoring measures daily at a standardized time for each individual
and on race days at least 1 h prior to competition. Part one of the analysis investigated the test
re-test reliability (i.e. noise) and the week-to-week change (i.e. signal) of all measures. The week-
to-week change was then divided by test re-test reliability to calculate the signal-to-noise ratio.
Part two assessed the diagnostic ability of the tools from the ROC analysis, using the area under
the curve (AUC) and Youden index as diagnostic classifiers. Daily and the 7-day rolling average

of monitoring variables that aligned with races were included in this part of the analysis.

Monitoring variables

The Self-report group completed daily subjective questions as ‘how you feel today’ for general
health, motivation, energy levels, stress and recovery on 1 to 5 scales (1=Very poor to
5=Excellent) and soreness as a 1 to 10 scale which was inverted prior to analysis (1=No soreness
at all, 10=Unbearable pain). The sum of these measures were also calculated for a total wellness
score and expressed as a percentage of highest possible total (Wellness%) °. These variables
were reported on the athlete’s personal smart phone and stored to a cloud-based athlete
monitoring software (Smartabase, Fusion Sport, Brisbane, Australia). The 7-day rolling average
was included in analysis if at least 3 data points were recorded in the previous 7 days

(Wellness%yq).
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The Combined group completed a customized monitoring system which included resting HRV,
sleep quality and fatigue rating (1=Much worse than normal, to 5=Much better than normal)
and the total quality recovery scale (TQR; 6-20 scale). Athletes were asked to report all subjective
measures with ‘how you feel today’. The 7-day rolling average of both fatigue (Fatiguess) and
TQR (TQR74) were analyzed in the ROC curve if at least 3 data points were available for analysis
in the previous 7 days. These variables were reported on the athlete’s personal smart phone and
stored to a cloud-based data management system (Google Docs, USA). Upon waking each
morning HRV was recorded for 6 min in a supine position via R-R series using the Polar Team 2
system (1.3.0.3. Polar Electro Oy, Kempele, Finland). Athletes left the heart rate monitor by their
bedside each evening to minimise disturbances in the morning. Following recording, data was
downloaded and analyzed using Kubios HRV analysis software 2.0 (The Biomedical Signal
Analysis Group, University of Kuopio, Kuopio, Finland). Time domain indices selected for analysis
as indicators of training adaptation and fatigue included R-R interval, the log transformed root
mean squared sum of the consecutive R-R intervals (LnRMSSD) ° and the LnRMSSD to R-R
interval ratio (LNRMSSD:RR) . The LnRMSSD and LnRMSSD:RR were assessed on an isolated day
for the signal-to-noise and for ROC analysis as a 7-day rolling average if at least 3 points were

available for analysis in the previous 7 days (Ln rMSSD74, LhnRMSSD:RR74) 1.

Performance Measures

Race performances included in analysis were electronically timed by official swimming
governing bodies (Swimming Australia or Fédération Internationale de Natation (FINA)) at
sanctioned events in a standard international 50 m pool. Prior to racing, swimmers completed a
full race preparation warm up. The performance of each swimmer was tracked in their
designated events ranging from 50 to 400 m in freestyle, breaststroke, backstroke, butterfly and
individual medley. If multiple races of the same event (e.g. heat and final) were recorded on the

same day, the fastest time was recorded for analysis. Each swimmer recorded a minimum of five

45



races of the same event throughout the study period. Times for each athlete’s individual events
were averaged to give a mean time and the smallest meaningful change (SMC) was determined
as 0.3 x within-swimmer standard deviation (SD) of race performance times 2. Times outside of
the SMC were then coded as a dichotomous outcome variable (0= No change, 1= Change) to
assess both improvements (change< SMC) and decrements (change> SMC) in performance in

separate analysis.

Statistical Analysis

Week-to-week Change

All monitoring measures were converted to mean weekly values, analyzed using a customized
spreadsheet and reported as the week-to-week change presented as the coefficient of variance
and 90% confidence limits (CV%, +90% CL) 3. A minimum of three measures in the week were
required for the data to be included in the analysis. To avoid including data at the same time
point leading into major competitions in consecutive seasons, only the first 12 months of data

were included in the week-to-week analysis.

Test-Retest Reliability

The test-retest reliability was estimated by measurements taken twice within one hour for
subjective measures and within 15 min for HRV, on three separate occasions without any
physical activity between the two collections. These recordings were completed following a day
of no training, low intensity (rating of “somewhat hard” or less) and high intensity training
session (rating greater than “hard”) using the session rating of perceived exertion 4. For both
measures, athletes were asked to record their answers with ‘how they feel today’ at the time of
entry without consciously attempting to repeat previous results. Data was then entered into a
customized spreadsheet as single day variables and presented as the test-retest technical error

(TE) CV% 2.
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Signal-to-noise Ratio
The signal-to-noise ratio was calculated by dividing the week-to-week change by the reliability
of each measure. The signal-to-noise ratio was classified as “Good” if >1, “Ok” =~1 and “Poor”

if <115,

Data Normalization

Following the signal-to-noise ratio analysis, monitoring variables were normalised using Z-scores
to standardize athlete values. Athlete’s Z-scores were calculated by the daily measure
subtracted from the individual’s mean value from all measures collected through the study and
divided by the SD of the mean. All Z-scores were then aligned with dichotomous outcomes (0=
No change, 1= Change) for improvements and decrements in performance from separate
analysis. Z-scores were used in this analysis to provide a standardized value and cut-off score

(meaningful Z-score) to discriminate performance change relevant for each individual.

Receiver Operating Characteristic Curves

Variables with a “good” signal-to-noise ratio and the 7d rolling average of measures were
assessed as Z-scores to examine the diagnostic capability to discriminate a change in
performance. Sensitivity versus specificity analysis was performed using ROC curves to assess if
a monitoring variable can diagnose an improvement (change < SMC) or decrease in performance
(change > SMC) in separate analysis. An ROC curve plots the true positive rate (sensitivity)
against the true negative rate (specificity) to produce an AUC. An AUC of 1.00 (100%) represents
perfect discriminant power, where 0.50 (50%) would represent no discriminatory power. An
AUC >0.70 and the lower CI >0.50 was classified as a “good” benchmark °. All ROC curve results
were presented as AUC *+ 95% Cl . The Youden Index was calculated (Youden index=

sensitivity+specificity-1) from all ROC curve plots (sensitivity and specificity) to determine the
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point where the Youden index was optimised and considered the score at which a “cut-off’ value
presented as a Z-score from each monitoring variable might be acceptable to discriminate a
change in performance. The maximum Youden index of 1 would suggest perfect discriminatory
value, whilst a score of 0 would reflect no diagnostic value *’. All ROC analysis was performed

using SPSS (Version 21. IBM Company, New York, USA).

RESULTS

Performance

The total number of races included in the analysis, along with the number of improvements
(Change < SMC) and decrements (Change > SMC) in performance are reported in Table 3:1 and
3:2 respectively. The Self-report group had a total of 143 performances included in analysis,
recording 27 * 8 races per athlete. The Combined group had a total of 143 performances

included in analysis, recording 27 + 6 races per athlete.

Signal-to-noise Ratio

The week-to-week CV%, Reliability and signal-to-noise ratio is reported in Table 3:3. For both
groups a total of 280 training weeks (40 weeks per athlete) were analyzed for the week-to-week
CV% respectively. For both groups, 4 weeks were excluded from analysis due to no training. The
seven athletes in the Self-report group had a total of 252 athlete training weeks included in
analysis. The Combined group had a combined 243 training weeks included for the subjective
measures (sleep, fatigue and TQR) and 226 training weeks for HRV across all seven athletes. Of
all measures assessed there was a ‘good’ signal-to-noise ratio for the following variables in the
Self-report group; soreness (3.1), general health (3.0), wellness% (2.0), motivation (1.6). The
Combined group had a ‘good’ signal to noise ratio for sleep (2.6), TQR (1.8), fatigue (1.4), R-R

Interval (2.5) and LnRMSSD:RR (1.3).
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Table 3:1 Diagnostic characteristics of monitoring variables for improvements in performance.

Group Variable Improved PerfL?:\:ane AUC (95% Cl) Z-Score Sensitivity Specificity ch:‘ "::in
_ Performance 52 143
= Gen Health 45 124 0.67 (0.57-0.76) >0.2 78% 51% 0.28
e Motivation 45 124 0.58 (0.48 — 0.68) >0.4 56% 62% 0.18
f Soreness 45 124 0.61(0.51-0.71) >1.0 51% 72% 0.23
‘u_',.)v Wellness% 45 124 0.62 (0.51-0.72) >0.6 69% 57% 0.26
Wellness%7d 50 136 0.64 (0.54-0.74) >1.0 54% 76% 0.30
Performance 66 143
Sleep 66 142 0.52 (0.43-0.62) >0.1 50% 59% 0.09
o TQR 66 142 0.62 (0.53-0.72) >0.4 59% 65% 0.24
E TQR74 67 143 0.64 (0.54-10.73) >0.9 60% 75% 0.35
g Fatigue 66 142 0.65 (0.56 — 0.74) >0.1 71% 54% 0.25
S Fatiguezd 67 143 0.66 (0.56 — 0.75) >0.7 61% 71% 0.32
RR Interval 46 99 0.65(0.54-0.76) <-0.7 54% 79% 0.34
LnRMSSD:RR74 55 120 0.62 (0.52-0.72) >0.4 60% 66% 0.26

Abbreviations: Cl- 95% Confidence intervals, AUC- Area under the curve, Gen health- General
health, Wellness%- A sum of all subjective measures expressed as a percentage of highest
possible total. Wellness%74- The seven day average of Wellness%, TQR- Total quality recovery
scale, TQR74- The seven day rolling average of the total quality recovery scale, Fatiguezs- The
seven day average of the fatigue, RR Interval- The average R-R interval from morning resting

heart rate, LnRMSSD:RR74- The seven day average of the LnRMSSD: R-R interval ratio.

Table 3:2 Diagnostic characteristics of monitoring variables for decrements in performance.

Group Variable Decreased Perf::)r;a;:nces AUC (95% CI) Z-Score Sensitivity Specificity Y::] l:;:in

Performance 48 143

E Gen Health 47 124 0.70 (0.61 —0.80) <0.2 62% 73% 0.34

8 Motivation 47 124 0.63(0.52-0.73) <0.2 66% 58% 0.24

= Soreness 47 124 0.59(0.49-0.70) <-0.1 32% 87% 0.19

E Wellness% 47 124 0.63 (0.53-0.73) <13 89% 33% 0.22

2 Wellness%7d 44 136 0.64 (0.54—-0.73) <1.0 84% 45% 0.29
Performance 54 143

Sleep 54 142 0.56 (0.47 — 0.66) <-0.2 37% 74% 0.11

a TQR 54 142 0.62 (0.52-0.71) <0.1 52% 68% 0.20

% TQR74 54 143 0.62 (0.53-0.72) <0.7 67% 61% 0.27

> Fatigue 54 142 0.61 (0.52-0.70) <0.1 56% 66% 0.22

8 Fatiguezd 54 143 0.63(0.53-0.72) <11 89% 38% 0.27

RR Interval 38 99 0.59 (0.48-0.70) >-0.7 79% 46% 0.25

LnRMSSD:RR74 46 120 0.59 (0.48-0.70) <0.7 80% 39% 0.19

Abbreviations: Cl- 95% Confidence intervals, AUC- Area under the curve Gen health- General

health, Wellness%- A sum of all subjective measures expressed as a percentage of highest

possible total. Wellness%74- The seven day average of Wellness%, TQR- Total quality recovery

scale, TQR7s- The seven day rolling average of the total quality recovery scale, Fatiguezs- The
seven day average of the fatigue, RR Interval- The average R-R interval from morning resting
heart rate, LnRMSSD:RR74- The seven day average of the LnRMSSD: R-R interval ratio. Bold text:

Highlights diagnostic criteria of area under the curve >= 0.70 and lower Cl > 0.50 to be classified

as a “good” discriminatory monitoring variable.
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Table 3:3 Week-to-week variation, test-retest and signal-to-noise ratio of monitoring variables.

Week-to-week Change

Test- Retest

Monitoring Variable (90% CL) (90% CL) Signal-to-Noise Ratio Rating
Soreness 8.0(7.3-8.9) 2.6 (2.0-3.8) 3.1 Good
Gen Health 10.6 (9.6 — 11.8) 3.5(2.7-5.2) 3.0 Good
Wellness% 4.9 (4.5-5.5) 2.5(2.0-3.7) 2.0 Good
Motivation 10.0 (9.1 - 11.1) 6.2 (4.8-9.3) 1.6 Good
Energy Levels 10.6 (9.7-11.9) 10.4 (7.9 - 15.5) 1.0 Ok
Recovery 8.0(7.3-8.9) 8.4(6.4-12.6) 1.0 Ok
Stress 7.9(7.2-8.8) 9.3(7.1-13.9) 0.8 Poor

Sleep 11.5(10.5-12.9) 45 (3.5-6.7) 2.6 Good

TQR 6.8(6.2—7.6) 3.8(2.9-5.5) 1.8 Good
Fatigue 14.0 (12.6 - 15.7) 10.0 (7.6 — 15) 1.4 Good

R-R Interval 8.9 (8.0-10.0) 3.5(2.7-5.1) 2.5 Good
LnRMSSD:RR Ratio 10.1(9.1-11.4) 7.7(5.9-11.4) 13 Good
Ln RMSSD 5.9(5.4-6.6) 6.3 (4.8-9.4) 0.9 Poor

Abbreviations: CV (%)- Coefficient of variance, 90% CL- 90% confidence limits, Signal-to-Noise
Ratio- calculated from dividing the week-to-week change by the test retest coefficient of
variance. Rating- ratings of the signal-to-noise ratio “Good” if > 1, “Ok” = ~ 1 and “Poor” if < 1,
Gen Health- General health, Wellness%- sum of variables from a total wellness score expressed
as a percentage of highest possible total, TQR- total quality recovery scale, Ln RMSSD:RR- the
Ln RMSSD to R-R interval ratio, Ln RMSSD- the log transformed root mean squared sum of the
consecutive R-R intervals.

DISCUSSION

It appears that several monitoring variables have poor discriminatory ability for assessing
worthwhile variations in performance. However, there was a good signal-to-noise ratio for many
measures including soreness, general health, wellness%, motivation, sleep, TQR, fatigue, R-R
interval and the LnRMSSD: RR. As such, changes in fitness and fatigue of well-trained swimmers
can be tracked with self-reported and HRV indices but these measures are poor discriminators

of meaningful changes in performance.

The first part of this study assessed the test-retest reliability, week-to-week variation, and signal-

to-noise ratio of commonly used monitoring tools. Many of the monitoring tools were sensitive
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(i.e. typical weekly changes > test-retest error) to changes in the swimmer’s training programs.
The magnitude of typical weekly changes of general health, soreness, wellness%, motivation,
sleep, TQR, fatigue, R-R interval and the LnRMSSD:RR ratio were between 1.3-3.1 times the test-
retest error. The variations in these subjective questionnaires are similar to previous studies in
well-trained swimmers 1° For example, over a 6 month training period Morgan, et al. ®
identified that fluctuations in mood for the 41 well-trained swimmers was associated with
changes in training load. Noticeable increases in mood disturbances from the profile of mood
states during peak training periods returned to baseline values throughout a taper. Similarly,
during a deliberate 10-d increase in training load, self-reported general wellbeing and muscle
soreness reflected individual tolerance to training demands in 12 swimmers *°. Collectively,
these findings demonstrate the ability of wellbeing measures to assess fitness and fatigue in
swimmers. Moreover, applying a signal-to-noise ratio should assist practitioners to better

quantify changes in fitness and fatigue measures.

The typical week-to-week variation of subjective questionnaires in the present study was
noticeably lower than similar questionnaires in team sports 2>2%, The reliability CV% of subjective
questionnaires over two similar training weeks ranged from 12% on game day to 32% the day
immediately after the game in Australian football players . Similar, larger variations (7.1 CV%)
and poor sensitivity of wellness questionnaires was reported in rugby league players »°.
However, sensitivity was determined from the between-day reliability as a CV% x 0.2 to calculate
the SMC without training between tests. The larger variations compared to the results in the
present study (4.9% week-to-week and 2.5% test-retest) could be attributed to the differences
in methodology calculating typical error and also reflect the differences in the training and
match demands of team sport athletes compared to swimmers. Swimming training and

competition is highly controlled, whereas team sport athletes have other external factors
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including weekly fixtures, tactical changes and collisions that may further affect the variability in

athlete’s subjective responses.

Similar to the wellness questionnaires, the signal (i.e. training induced changes) was greater than
the test-retest noise for both the R-R interval and LnRMSSD:RR. Notably both the reliability and
weekly CV% of HRV from this study were also lower than previous reports. For example this
study reported CV% for R-R interval and LnRMSSD (3.5% and 6.3%) were lower than between-
day CV% in team sport athletes (11.1 and 12.3% respectively) °. Accounting for methodological
differences, this variance may be explained from comparing moderately-trained (5-6 h/week) to
the highly-trained participants (18-22 h/week) in this study. The high sensitivity of HRV in the
present investigation provides evidence that in swimmers, R-R interval and LnRMSSD: RR may
be useful to guide decision-making around training prescription. Several studies have shown
that endurance training outcomes can be improved through modifying training prescription

2224 Syrprisingly however, no studies

based on daily changes of HRV in recreational athletes
have described the typical daily variability in these measures compared to the same day test-

retest in highly-trained athletes. Taken collectively, HRV and subjective measures are sensitive

to training induced changes in fitness and fatigue.

The poor diagnostic characteristics of monitoring variables raises questions of their
appropriateness to identify performance change. Only general health (AUC=0.70, Cl, 0.61-0.80)
in the Self-report group fit the benchmark criteria of AUC >0.70 and lower Cl >0.50 to be
classified as a “good” discriminatory variable for decreased performance. These findings are
similar to Saw, et al. > whose systematic review indicated that subjective questionnaires are
responsive to training load but were unable to discriminate performance change in a variety of
athletes. However, fatigue could explain up to 53% of the variance in performance of elite

swimmers and by combining sleep, stress, fatigue and muscle soreness this explanation has been
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increased up to 72% %. Whilst selected monitoring measures can assess performance following
a taper, the accuracy of a single measure to predict performance change throughout a season

with a larger sample size is not as strong.

The Youden index assesses the balance between sensitivity and specificity to quantify cut-off
values identifying if an outcome is likely to occur. The poor discriminatory function of the
monitoring variables is highlighted with the highest value for improved performance being
TQR74 (Youden index=0.35, Z-score >0.9, sensitivity= 60%, specificity=75%) and decreased
performance from general health (Youden index=0.34, Z-score <0.2, sensitivity=62%,
specificity=73%). However, as the present study is the first to use the Youden index to assess
athlete monitoring tools, an acceptable threshold and interpretation of sensitivity and specificity
to accurately identify changes in athletic performance is still relatively unknown. Indeed, little
evidence is currently available to support how specific “cut-off” values are implemented.
Reports from high performance sports on athlete monitoring suggest there is a strong reliance
on the visual analysis of trends for when to modify training ’. While the Youden index in the
present investigation showed a weak association to changes in performance, future use of this
data analysis technique may help provide meaningful cut-off values to enhance the ability of

monitoring tools to assess performance change.

Assessing performance accurately can be problematic when monitoring variables are examined
in isolation. An individual’s capacity to perform on a given day is dependent on a multitude of
factors ranging from physiological, nutritional and/or psychological. Whilst subjective measures
may be able to detect fatigue, they provided little understanding of an athlete’s performance
capacity throughout a season. It is also difficult to classify an improvement or decrement in the
performance of elite swimmers. In this investigation, SMC was used without consideration of

the TE of race performance. This was due to the difficulty in assessing a true TE from two
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maximal race performances. Nonetheless, it should be acknowledged that this may influence
the number of calculated improvements and decrements in performance, in turn affecting the
ROC analysis and results. Moreover, the use of Z-scores to normalize data in this study may have
weakened the intra-individual diagnostic accuracy. Furthermore, a multi-dimensional
psychobiological approach to monitoring may provide more useful information to coaches.
Through the longitudinal analysis of the two separate training groups, the multitude of variables
assessed could assist sport scientists in the selection of useful monitoring tools for a more

holistic and effective assessment of an athlete’s fitness and fatigue.

PRACTICAL APPLICATIONS

Monitoring the general health of athletes was the only variable that met the criteria to assess
decrements in performance. We recommend from the results of both the AUC and the Youden
index that caution be taken with the interpretation of any single monitoring tool to assess
performance change. Further, it is appropriate that monitoring tools are validated with each
sport. The smaller CV% in swimmers compared to team sports, suggest even subtle variations in

subjective and HRV measures may be important in these athletes.

CONCLUSION

The lack of discriminatory ability of any single monitoring variable brings into question the utility
of this approach to accurately assess performance change. The “good” signal-to-noise ratio of
the numerous monitoring tools assessed shows the variables potential to monitor athlete’s
fitness and fatigue. However, both the type of athlete and sport should be considered in
establishing a monitoring system. A multi-factorial monitoring system to account for variations

in fatigue and an athlete’s performance capacity should therefore be considered.
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Chapter 4

Study 2

Can a multi-factorial athlete monitoring system identify performance changes in

swimmers?

Crowcroft, S., Slattery, K., McCleave, E. and Coutts, A. J. (Under review). Can a multi-
factorial athlete monitoring system identify performance changes in

swimmers? International Journal of Sports Physiology and Performance.
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ABSTRACT

Purpose: To assess the accuracy of a multi-factorial monitoring system to identify performance
changes in highly trained swimmers.

Methods: Nine highly trained swimmers (7 males, 2 females, age: 21.6 + 2.0 y) recorded
perceived fatigue, total quality recovery (TQR) and heart rate variability (HRV: R-R interval and
log transformed root mean squared difference between the consecutive R-R interval (Ln
rMSSD)) and training measures (distance swum and training load) over a 16-month period. All
monitoring values were analysed as a 7-d rolling average aligned with race results and converted
to a Z-score (subjective questionnaires) or a standardised difference score (HRV measure) from
both the athletes first race of the season and their previous race result in separate analysis. All
race results (n= 124) were classified as a dichotomous outcome (0= no change, 1= performance
decrement or improvement) and analysed using a generalised estimating equation (GEE). The
mean probability of combining variables from GEE models were then analysed using receiver
operating characteristic curves to assess the model’s accuracy.

Results: The model that combined TQR while accounting for the repeated measures of the
athlete had the highest diagnostic accuracy (AUC:0.80, 95% Cl, 0.70-0.89) to identify
improvements from baseline performances.

Conclusion: There was stronger diagnostic accuracy of a longitudinal multi-factorial athlete
monitoring system compared to short term performance change models. Combining
physiological responses with psychological state or training volume assisted to explain
decrements in performance. Combining these variables into a single model builds on previous
findings that have observed aligning HR responses with subjective questionnaires and training
phase. These results support the conceptual approach of a multi-factorial monitoring system yet

highlight the lower diagnostic accuracy when assessing short term performance changes.

Key words: Heart rate variability, subjective questionnaires, modelling performance
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INTRODUCTION

Training prescription is often based upon the assumption that biological adaptations from a
training dose elicit a predictable outcome . However, an athlete’s response to training is not
only dependent on the nature of the session completed, but also on the interaction between
other factors such as training history, life stressors and psychological state 2. Therefore, in an
attempt to support coaches in developing training plans and understanding how athletes
tolerate training demands, numerous non-invasive athlete monitoring tools (i.e. heart rate (HR)
derived indices, neuromuscular function tests and subjective questionnaires) have been
developed **. Whilst it is generally considered that these tools aid in decision-making for training
prescription, no research has assessed whether combining objective and subjective monitoring

tools can be applied to predict athletic performance 3°.

Calvert et al., ® originally proposed that athletic performance was the result of the complex
interactions of various individual capacities such as sport specific endurance, strength, skill and
psychological state. In an attempt to simplify this complex model, these factors were
incorporated into the “fitness — fatigue” model which estimated athletic performance outcomes
from mathematically modelled ‘fitness’ and ‘fatigue’ responses to training doses °. Whilst
attractive in its simplicity, this model may be limited as it fails to account for the large inter-
individual responses to training 7 and the many factors that can influence an athletic
performance (e.g. training history, sleep, stress and nutritional status) 2. Instead, a multi-
factorial approach to identifying likelihood of performance change in athletes may be warranted
8, Indeed, previous research has demonstrated that a multi-factorial approach that
contextualises changes in both physiological and perceptual measures to the athletes training
loads provides more detailed insight into likely performance changes >*. For example, Bellenger

et al., 1° observed a moderate effect size change in time domain heart rate variability (HRV)

indices, a reduced rating of training tolerance and reduced physical performance followed two
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weeks of intensified training in endurance runners. However, following a 10-d taper, HRV indices
remained elevated yet both training tolerance ratings and physical performance improved.
These findings show that interpreting changes in athlete monitoring variables should be made

in the context of the nature and goal of the training program.

While many athlete monitoring tools are available to quantify an athletes training responses *,
no study has assessed how this data may assist coaches or sport scientists to identify how their
athlete is likely to perform in training or competition 3. When forecasting a binary outcome such
as a performance change (i.e. Did performance change? Yes or No) from multiple monitoring
variables, logistic regression analysis may be useful to inform training prescription. From this
analysis a single outcome is calculated from multiple variables and converted to a probability of
an outcome 2, Although to date, no examples are available of how to combine multiple variables
into a single outcome to assess athlete performance changes. Therefore, the purpose of this
study was to assess the accuracy of a multi-factorial athlete monitoring system to identify

improvements and decrements in performance of highly trained swimmers.

METHODS

Participants

Nine (n=9) nationally competitive swimmers (7 males, 2 females, age: 21.6 + 2.0 y, best time in
main event as a percentage of world record: 92.9 + 1.7%, mean + SD), were monitored daily for
16-months. Of the 9 who commenced the study one withdrew from the study due to external
commitments. Each swimmer was provided a verbal and written explanation of the investigation
before giving informed consent to release their data for this research. This study was approved
by the Human Research Ethics Committee of University of Technology Sydney (REF NO.

2014000842).
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Study Design

This longitudinal observational study monitored morning resting HR measures, subjective self-
report questions and a log of all training sessions. Athletes were asked to complete all
monitoring measures daily upon waking in the morning. All training and racing sessions (session
rating of perceived exertion (sRPE), duration (minutes) and distance swum (km)) were logged
within 30 minutes of completion. Part one of the analysis assessed a generalised estimating
equation from athlete monitoring variables to explain probability of performance change. Part
two assessed the true predictive ability of the probability models from Receiver Operating

Characteristic (ROC) curve analysis as a marker of the model’s accuracy 3.

Athlete Monitoring Variables

Subjective self-report measures recorded in this study included fatigue rating (1 = Much worse
than normal, 2 = worse than normal, 3= normal, 4 = better than normal, 5 = Much better than
normal) > and the total quality recovery scale (TQR; 6-20 scale) **. Athletes reported all measures
based on ‘how do you feel today?’ on their personal smart phone, where entries were stored in
a cloud-based data management system (Google Forms, Google, CA, USA). Upon waking HRV
was recorded for all athletes from a 6-min supine position via R-R series using the Polar Team 2
system (1.3.0.3. Polar Electro Oy, Kempele, Finland). Athletes were asked to leave HR monitors
bedside of an evening to minimise disturbance upon waking. Following recording, HR files were
downloaded and analysed using Kubios HRV analysis software (The Biomedical Signal Analysis
Group, University of Kuopio, Kuopio, Finland). Time domain indices selected for analysis as
indicators of responsiveness to training included R-R interval, Ln rMSSD and the Ln rMSSD to R-
R interval ratio. If at least 3 data points from the previous 7-days for both HRV and subjective
measures were recorded, the 7-day rolling average through to the day of performance in these

measures were analysed *°. Following all training and racing, athletes were asked to record total

distance swum in the training session to the nearest 50 m, report session duration in minutes
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and then subjectively rate the intensity of the entire session using a rating of perceived exertion
6—20 scale '8, Training load was then quantified through the session rating of perceived exertion

method (sRPE x duration) /.

Performance Measures

All race results were recorded from electronically timed sanctioned events in standard
international 50-m pools. Prior to racing, swimmers completed a full race preparation warm up.
The performance of each swimmer was tracked in their designated events ranging from 50 to
400-m in freestyle, breaststroke, backstroke, butterfly or individual medley. If multiple races of
the same event and day were completed (e.g. heat and final), the fastest time was recorded. For
inclusion in analysis, each swimmer must have recorded a minimum of five races of the same
event throughout the study period. Times for each athlete’s individual events were assessed for
the typical within-swimmer and event co-efficient of variation (CV%) before conversion to a

dichotomous outcome 28,

Data Normalisation

To identify performance change, data was normalised using two different methods. The first
approach, examined changes from baseline races (first race for each athlete in each event for
the season) and identified as positive or negative longitudinal change. The second approach
assessed the change in performance from the previous same event and labelled as positive and
negative from previous performance models respectively. Race results were then converted to
a dichotomous outcome (0 = no change, 1 = performance decrement or improvement (change
in time > or < +/- 0.3 x CV% 8)) and aligned with monitoring variables and the respective athletes

code (1-8).
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Monitoring Variables

For both longitudinal models and changes from previous race results, subjective questionnaires
were converted to 7-day average then a Z-score (7-day average — mean/ within swimmer
standard deviation (SD)) and aligned with dichotomous performance outcomes. Measures of
HRV and performance were calculated two separate ways (longitudinal change and change from

previous race results).

Longitudinal Changes

Measures of HRV (Ln rMSSD and R-R interval) were analysed as a 7-day rolling average before
conversion to a standardised difference score from baseline (7-day rolling average — 7-day rolling
average from baseline)/within swimmer SD) *°. A change in performance was calculated from
each athlete’s change in time from their first race of the season, where the inter-individual
smallest meaningful change (SMC) was used. Each athlete’s SMC for their respective event was
calculated using 0.30 x CV% *8. Prior to analysis, times were then coded as a dichotomous
outcome variable (0= no change, 1= change), to show both an improvement (change < baseline
time - SMC) or decrement (change > baseline time + SMC) in performance. Dichotomous

outcomes were then aligned with monitoring variables.

Short Term Change

The short-term change was classified as a change in HRV and performance measures from the
athlete’s previous race result. HRV measures were expressed as a 7-day rolling average and
aligned with race results and converted to standardised difference score from previous races
values (7-day rolling average — previous races 7-day average/ within swimmer SD). Performance
change was expressed as change in previous race results, where the inter-individual SMC (0.30

x CV%) was used to demonstrate a meaningful change in times. Times were then coded as a
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dichotomous outcome variable (0= no change, 1= change) to assess both improvement (change

< previous time - SMC) and decrements (change > previous time + SMC) in performance.

Statistical Analysis

Generalised Estimating Equation

Generalised Estimating Equations (GEE) were constructed to explain the relationship of the
binary performance outcomes (change or no change) and aligning monitoring variables for four
separate models. All GEE models used a binary logistic distribution for the response variable
with an independent correlation structure. All models included a random effect (factor) to
account for the repeat measure design in this analysis 2. Firstly, between athlete variance
(Athlete 1-8) was included in the model. If this was to complex with complete separation of data,
differences in race results were classified as either “sprint” for 50-100 m events or “middle
distance” or 200-400 m events. An inclusion of an additional variable was based on the
evaluation of model fit, where an additional variable was only included in the model if the Wald
Chi Squared was significant and the Quasi Likelihood under Independence Model Criterion (QIC)
decreased from visual inspection %. Pearson’s correlation co-efficient was checked for co-
linearity of variables. Variables were not included in the same model if Pearsons correlation
coefficient > = () 0.60 with another variable. To build a multi-factorial model and avoid co-
linearity, models included a maximum of 1 subjective questionnaire (Fatigue or TQR), 1
physiological measures (R-R interval or Ln rMSSD) and 1 training measure (KM or training load).
The predictive probability value of the mean response was calculated automatically in SPSS from
the strongest models to assess probability of both improvements and decrements in longitudinal

and previous race results (SPSS, Version 23. IBM Company, New York, USA).
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Receiver Operating Characteristic Curves

A receiver operating characteristic (ROC) curve was used to compare accuracy of the four models
to identify probability of an improvement or decrease in performance (change > or < SMC)
through producing an area under the curve (AUC) using sensitivity (true positive rate) and
specificity (true negative rate). An AUC of 1.00 (100%) represents perfect discriminatory power,
where 0.50 (50%) would represent no discriminatory power 2:. An AUC was classified as a
“good” benchmark if an AUC was >0.70 with a lower CI >0.50 22, All ROC curve results were
presented as AUC + 95% Cl 13 with analysis performed using SPSS (Version 23. IBM Company,

New York, USA).

RESULTS

Race Results

One hundred and twenty-four race results were included in this analysis (16 + 5 races per
athlete). When assessing previous race results, there were 59 improvements and 43 decrements
in performance. Changes from baseline had 78 improvements and 32 decrements in

performance.

Generalised Estimating Equations

All GEE results are reported in Table 4:1. Of the four models assessed, both improvements and
decrements from baseline had a lower QIC (129.95 and 125.38) than the equivalent previous
race results models. Decrements in performance from baseline had complete separation of data
with the inclusion of a random effect (Athlete), therefore a simplified model of different events
(sprint and middle distance) as random intercepts combined with monitoring variables was

assessed.
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Receiver Operating Characteristic curves

Figure 4:1 shows the AUC and ROC curve for both improvements and decrements in
performance. Both longitudinal improvements and decrement models met the criteria as a good
measure to identify performance change (Positive change from baseline AUC: 0.80, 95% Cl, 0.72
—0.88 and Negative change from baseline AUC: 0.79, 95% Cl, 0.71 —0.87). Neither improvements
nor decrements from previous race results met the criteria of a “good” benchmark to identify
performance change (positive change from previous AUC: 0.63, 95% Cl, 0.53 — 0.72, negative

change from previous AUC: 0.69, 95%Cl, 0.60 — 0.79).
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Table 4:1 Generalised Estimating Equation to assess changes in performance from both baseline
and previous race results.

Model Parameter B S.E. Exp.(B) (+ 95% ClI) Qlc
Decrement Intercept -0.61 0.02 0.55(0.52-0.57) 150.23
from Athlete 1 0.38 0.15 1.46 (1.10-1.95)
previous Athlete 2 0.47 0.09 1.59(1.33-1.90)
Athlete 3 0.19 0.04 1.21(1.11-1.32)
Athlete4  0.59 0.14 1.81(1.36 - 2.40)
Athlete 5 -0.38 0.06 0.68 (0.61-0.77)
Athlete 6 -0.24 0.08 0.79 (0.68-0.91)
Athlete 7  0.38 0.02 1.47 (1.41-1.53)
Athlete 8 0.00 1.00
Fatigue -0.47 0.18 0.62 (0.44 - 0.88)
R-R Interval 0.30 0.14 1.36(1.03-1.79)
Improvement Intercept -0.14 0.05 0.87 (0.79 - 0.95) 164.97
from Athlete 1  -0.34 0.17 0.71(0.51 - 1.00)
previous Athlete 2 -0.43 0.08 0.65 (0.56 - 0.76)
Athlete 3  -0.42 0.06 0.66 (0.58 - 0.75)
Athlete4  -0.24 0.17 0.79 (0.56 - 1.10)
Athlete 5 -0.16 0.00 0.85 (0.85-0.86)
Athlete 6  -0.63 0.06 0.53 (0.48 - 0.60)
Athlete 7 0.23 0.02 1.26(1.21-1.31)
Athlete 8 0.00 1.00
TQR 0.50 0.18 1.64 (1.16 - 2.32)
Decrement Intercept -3.30 0.96 0.04 (0.01-0.24) 125.38
from Sprint  -1.33 0.47 0.26 (0.11 - 0.66)
baseline Middle Distance  0.00
7d KM 0.07 0.02 1.07 (1.03-1.11)
Ln rMSSD -0.39 0.19 0.68 (0.47 - 0.98)
Improvement Intercept -0.64 0.05 0.53 (0.48-0.58) 129.95
from Athlete 1 1.70 0.08 5.46 (4.66 — 6.39)
baseline Athlete 2 1.52 0.04 4.57 (4.25-4.90)
Athlete 3 -0.60 0.07 0.55 (0.48 - 0.63)
Athlete 4 1.42 0.10 4.15 (3.43 - 5.03)
Athlete 5  1.38 0.05 3.98 (3.58 - 4.42)
Athlete 6  2.48 0.06 11.99 (10.65 - 13.51)
Athlete 7 0.11 0.01 1.11 (1.09 - 1.14)
Athlete 8 0.00 1.00
TQR 0.60 0.15 1.82 (1.36 - 2.43)

8- Unstandardised beta co-efficients, S.E.- Standard error, Exp.(B) (+ 95% C.I.)- Exponential of
unstandardised beta co-efficient with 95% Wald Confidence intervals, QIC- Quasi Likelihood
under Independence Model Criterion, TQR- Total quality recovery scale, 7d KM- Kilometres swum
in previous 7d days,Ln rMSSD — Log transformed root mean squared sum of differences between
the consecutive R-R interval, S.E.- Standard error.
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Figure 4:1 Receiver Operator Characteristic Curves of decrements and improvements in
performance. Decrements- Decrease in performance models, Improvements- Improvement in
performance models, AUC- Area Under the Curve. Sensitivity- True positive rate, 1- Specificity-
1-True negative rate.
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DISCUSSION

The purpose of this study was to assess the accuracy on a multi-factorial athlete monitoring
system to identify both improvements and decrements in performance of highly trained
swimmers. From the variables collected, after accounting for the individual athlete, TQR could
assist to explain improvements in performance. Further, the combining of a physiological
measure of HR (R-R interval or Ln rMSSD) combined with either a rating perceived fatigue or
training volume could assist to identify a likely decrement in performance. These findings build
upon previous overreaching studies suggesting the use of a multi-factorial monitoring approach

to identify performance changes %1%,

The present study demonstrated improved diagnostic accuracy of a predictive multi-factorial
model improves when accounting for individual differences compared to any single variable in
isolation . For example, the observed AUC was significantly greater than previous analysis on
the same cohort of athletes, where the strongest marker of performance change in highly
trained swimmers was a perceptual rating of general health (AUC = 0.70, Cl 0.61-0.80, Youden
index= 0.34) 5. As such, the diagnostic accuracy of identifying a likely improvement in
performance increase when combining psychological state of recovery (TQR) with accounting
for the individual athlete in a single model. Furthermore, decrements in performance, improved
prediction accuracy compared to previous findings through combining a physiological change
with psychological state (perceived fatigue) or training completed. Indeed, initial research into
modelling athletic performance proposed a theoretical multi-factorial model to predict
performance outcomes applicable across sports through measures of endurance, strength, skill
and psychological state ®. However, when this conceptual model was first proposed, there were
numerous challenges inhibiting sport scientists to quantify these factors. However, with recent

advancements in technology ease of data collection in high performance sport, these limitations
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have been addressed. Our study has extended the initial conceptual approach to interpret
multiple athlete monitoring variables into a single probability model for assessing the likelihood
of performance change 3. These findings provide support for the integration of accounting for
individual athlete differences and integrating a multi-factorial approach to improve the
diagnostic accuracy of performance change beyond that of any single monitoring tool in

isolation.

When assessing both longitudinal and short-term improvements in performance, an increase in
TQR Z-score and accounting for individual athlete differences increased the likelihood of
identifying performance changes. While highly trained athletes often complete periods of
increased training to elicit a supercompensation, recent studies have shown that only athletes
that either tolerate or continue to adapt to this overload will gain larger performance
improvements 2. Therefore, a common approach that is used to assess how athletes are
tolerating intensified training periods is through the use of subjective or self-report
questionnaires 2. These present findings show that changes in TQR measures can be used to
identify if an athlete is tolerating training demands, in turn, identify a likely change in
performance. Although subjective questionnaires are sensitive to changes in training load, few
studies have related these measures to performance outcomes ?*. For example, Buchheit %
identified the low sensitivity (true positive rate) of subjective questionnaires to assess changes
in physical performance measures in adolescent handball players. Furthermore, measures from
wellness questionnaires have been used to assess “staleness” following a taper to identify either
no change or a decrement in performance of highly trained swimmers. Surprisingly, despite the
widespread use of subjective questionnaires in high performance sport, there is limited evidence
to support the use of subjective questionnaires to assess athlete’s performance changes 3. As
such, these findings provide evidence for the use of TQR to identify both longitudinal and

performance changes from previous race results.
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While only select physiological variables were assessed in this study, no HR measures improved
the accuracy of the models developed to identify a longitudinal or short-term improvement in
performance. These findings demonstrate the poor predictive ability of HR measures for
assessing improvements in performance outcomes. These findings have provided similar results
to previous analysis reporting the lack of sensitivity of HR measures to changes in physical
performances in handball players 2°. This finding may be due to the linear analysis used as HR
indices were converted to a standardised difference score. This analysis was done to align with
similar previous studies that have support contextualising change in HR indices relevant to both
psychological state and training phase *'°. However, a positive directional change in HRV is
dependent upon an athlete’s training phase (e.g. early season aerobic training or taper phase)
and needs to be contextualised relevant to psychological state 2>%, Therefore, in this analysis
subjective questionnaires may explain improvements in performance, whereas both increases

or decrements in HRV may reflect positive adaptations dependent on training phase.

For a longitudinal decrement in performance, a reduction in Ln rMSSD from baseline combined
with an acute increase in training volume, improved the likelihood to identify a performance
decrement. Previous theoretical mathematical modelling and observational training studies
have shown that an increase in training load prior to a taper is an optimal training strategy to
enhance endurance performance ?’. However, recent findings suggest that these outcomes may
only be beneficial when athletes are in an adaptive state and functional overreaching is not
present 2. In a comparative 8-week study of 28 triathletes, a greater improvement in maximal
aerobic performance was observed from those who continued to improve throughout a three-
week intensified training block (i.e. 30% increase in total training completed) compared to those
who either had no change or a performance decrement 2. The findings from the present study
further highlight that greater performance changes occur in athletes who continue to show

positive training adaptations combined with a reduction in training volume prior to competition.
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It is now well established with endurance training, that HRV fluctuates in accordance to changes
in training load . Indeed, an increased parasympathetic modulation is likely to occur during the
extensive aerobic or early season endurance training driven through an increased volume load
on the heart. This leads to an increase in left ventricular size, wall thickness and end-diastolic
volume resulting in a greater stroke volume and reduced HR to maintain cardiac output 2.
Previous research has also reported positive aerobic training adaptations such as improved
cardiac efficiency and changes in blood volume are reflected through the modulation of Ln
rMSSD measures 1. As such, monitoring HRV relevant to training volume may signify the chronic
positive or negative longitudinal physiological responses that occur throughout a season and

highlight the likelihood of a performance decrement in highly trained swimmers.

The present findings provide support for combining a short-term increase in the R-R interval
with a rating of perceived fatigue to identify the likelihood of a short-term performance
decrement. These results support previous evidence that has shown parasympathetic
hyperactivity combined with changes in psychological state during periods of overload may
identify a decrement in performance or functional overreaching %%°. Alternatively, a positive
physiological response would identify as a reduction in HRV (Ln rMSSD) or R-R interval prior to

competition to identify an improved performance *

. Indeed, a reduced parasympathetic
modulation toward a sympathetic predominance has previously been reported during periods
of intensified training or in preparation for competition of endurance athletes %. For example,
this response has been reported in highly trained rowers as the cardiovascular system responds
to the sudden increases and variations in HR during race specific training or around the time of
competition 3%3!, These findings may be due to pre-competition anxiety or adaptations to
enhance cardio-acceleration such as an increase in muscle perfusion, acute shifts in blood or

plasma volume and changes in cardiac output 3%. Therefore, the present findings provide further

evidence showing value in contextualising changes in HRV-derived indices (Ln rMSSD and R-R
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Interval) relevant to either training completed or psychological state to identify decrements in

performance.

The present study provides conceptual support for the use of an integrated probability model
to assess performance changes in highly trained swimmers. However, there is relatively weak
diagnostic accuracy when assessing performance change from previous race results. While both
longitudinal improvements and decrements had good diagnostic accuracy, there is limited
practicality of these models when looking to inform training prescription or assess an athlete’s
readiness to perform. As such it should be recognised that the efficacy of these models lacks
strong evidence for their usefulness to inform sport scientists to assess how an athlete will
perform compared to previous race results. Furthermore, the information collected from this
case study has only been assessed from one training squad. It is still unknown if these models
can be transferred to similar athletes from separate training backgrounds or an out of sample

population.

A limitation of this study was the simplified approach used to assess longitudinal decrements in
performance. Indeed, the type of event (sprint or middle distance) was used to account for
repeated measures and not between athlete differences in performance. This was due the
complete separation of data when accounting for repeat measures on the same athletes in a
small data set in a GEE model. Furthermore, the SMC was used as an arbitrary cut off value to
determine a performance decrement or increase, without consideration of the technical error
of maximal swimming performance. This was implemented to have consistency with previous
findings assessing the diagnostic accuracy of a single monitoring tool to identify performance
change of highly trained swimmers >. While it is recognised that there are limitations of using
arbitrary cut-off values, this approach may provide a simple model that can be used to compare

performance changes relevant to set times as done in this study. Although the present findings
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show the improved accuracy of a multi-factorial approach, all race results from 50-400 m events
were pooled for a generic model in this study. Future research may further improve these
findings with specific algorithms with different weighting of each variable relevant for each

distance or specific event.

PRACTICAL APPLICATIONS

Based on the present findings, the use of a multi-factorial monitoring system may assist to
identify longitudinal changes in performance. However, caution should be taken when
interpreting this data compared to previous race results. These findings support the use of TQR
to identify both longitudinal and short-term improvements in an athlete’s performance.
Furthermore, combining HR indices with either a psychological or a training measure could be

implemented into regular monitoring to assist identify decrements in performance.

CONCLUSION

The findings from this study show that a single probability model from multiple predictor
variables was able to assess changes in performance. These findings support the integrated
approach that combining changes in physiological measures (i.e. HR indices) relevant to training
completed or psychological state while accounting for the individual athlete can improve
accuracy for assessing decrements in performance. Furthermore, this study provides evidence
of the use of monitoring TQR and accounting for the individual athlete to identify likely
improvements in performance. However, this study also identified that these models could
more accurately assess longitudinal performance change compared to the assessment of

previous race results.
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Study 3

Man vs. Monitoring: Assessing a coach’s expectations of athletic performance,

training intensity, perceived fatigue and recovery
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Monitoring: Assessing a coach’s expectations of athletic performance, training intensity,
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ABSTRACT

Purpose: This study assessed coach predicted to actual athlete race results and the association
of coach expected to athlete reported subjective questionnaires. Secondly, this study examined
if subjective questionnaires could identify a likely difference between coach planned to athlete
reported session rating of perceived exertion (sRPE).

Methods: Nine highly trained swimmers (male: n=7, female: n=2, age: 21.6+2 y) were monitored
daily over a 10-week period. Athletes recorded daily subjective measures of total quality
recovery (TQR) and perceived fatigue and sRPE following training. Prior to training the
experienced swim coach reported these expected measures. Before races, the coach predicted
each athlete’s swim times. Results were correlated to coach expected outcomes. Generalised
estimating equations and receiver operating characteristic curves assessed if subjective
measures could identify the difference in sRPE.

Results: There was a very large-to-almost perfect relationship (r= 0.92, 90%CL 0.88 — 0.95) of
coach expected to athlete race results. Individual results of coach planned to athlete reported
results showed a moderate-to-very large relationship for sRPE (r=0.38 to 0.75), and an unclear-
to-moderate relationship to TQR (r=-0.07 to 0.45) and perceived fatigue (r= 0.16 to 0.48). Both
the coach higher (AUC: 0.64 95% Cl, 0.60 — 0.68) or athlete higher (AUC: 0.64 95% Cl, 0.60 — 0.68)
models had poor accuracy to identify a difference in sRPE.

Conclusion: These findings showed an experienced swim coach has a strong understanding of
how their athlete’s will perform. Although there is discrepancy and large heterogeneity of
expected to actual sRPE, TQR and perceived fatigue. Furthermore, TQR or perceived fatigue

could not identify a difference between coach to athlete sRPE.

Keywords: Subjective questionnaires, coach prediction, coaching, session rating of perceived

exertion
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INTRODUCTION

The planning and organisation of athletic training is critical to achieve optimal performance .
Historically, training periodization (i.e. optimal frequency and timing of both volume and
intensity) in preparation for competition has been guided through coaching experience and
intuition 2. However, when this approach becomes successful and left unchallenged, coaching
expertise and intuition may become biased resulting in sub-optimal training programs 3. Whilst

the planning processes can be inherently complex *

, coaches can refine their professional
judgement and improve their subjective decision-making through experience and reflective
practice 3. To assist coaches with decisions on training prescription, athlete monitoring systems
are implemented in high performance sport *. Athlete monitoring systems aim to quantify
training dose, fitness and fatigue responses and are believed to assist both coaches and sport
scientists determine how athletes are responding to training or assess readiness to perform >.
However, despite their ubiquitousness in high performance sport, no research has determined

what further meaningful information is added using athlete monitoring tools beyond

experienced coaches’ professional judgement or subjective assessment of their athletes.

Early athlete monitoring studies proposed a multi-factorial approach integrating physical
parameters (specifically cardiovascular state and strength training), execution of sport specific
skills and a current psychological state to explain performance change through mathematical
modelling ®. Following this, a two-component systems model (“fithess — fatigue” model) was
developed to overcome issues quantifying several of these measures. This model was based on
the assumption that performance outcomes could be estimated from modelled positive fitness
and negative fatigue responses from a set training dose °. Although these models have since
been refined, there is large inter-individual variability in modelling performance in highly trained
athlete’s >, This variability, may be explained from the individual response of a set training dose

and the numerous components that can influence an elite athletes performance not accounted

79



for with the simplified two component systems approach #°. An alternative to assess an athletes
training response is through an integrated approach including observation of objective and
subjective athlete monitoring tools, analysis of available data combined with coaching
experience and intuition to inform both training prescription and assess performance changes
1012 However, the efficacy of athlete monitoring tools to improve performance or the training

process, beyond an intuitive coach led training program has yet to be empirically assessed.

The discrepancy of coach planned to athlete reported training intensity (session rating of
perceived exertion (SRPE)) has previously been well documented 3>, For example, in well-
trained swimmers a higher athlete sRPE was reported for low intensity coach planned sessions
and a lower athlete reported sRPE for high intensity coach planned sessions 3. Indeed, this
mismatch between coach prescribed and athlete reported training intensity may demonstrate
poor understanding of an athlete’s physical capacity, or inappropriate implementation of the
prescribed training session. Due to this, there may be a difference in coach expected training
response (i.e. changes in fitness and fatigue) from the initial planned training. Previously,

Doeven, et al.

identified a discrepancy between coach expected to athlete reported total
quality recovery in elite basketballers. In turn, these consistent differences may lead to poor
training control resulting in unexpected training induced fatigue, non-functional overreaching
or poor performance Y. Interestingly, the use of pre-training subjective questionnaires has
explained variation in internal and external training loads (TL) from set training sessions in team
sport athletes '8, However, to date no studies have attempted to assess if the discrepancy of
coach planned training intensity to athlete recorded could be explained through reporting of
athlete monitoring tools. Therefore, the purpose of this study was to firstly compare an
experienced coach’s perception of athlete reported perceived fatigue, recovery and

performance to those reported by well-trained swimmers in an ecological training and

competition environment. Secondly to assess the efficacy of coach expected and athlete
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reported subjective monitoring tools could identify a likely difference in coach expected to

athlete reported training intensity.

METHODS

Participants

Nine (n=9) highly trained swimmers (male: n=7, female: n=2, age: 21.6 £ 2 y, personal best as a
percentage of world record: 92.9 + 1.7%), training between 18-22 hours per week and the
athlete’s swim coach (n=1) (13 years national and international coaching experience, Australian
Swim Coaches Teaching Association (ASCTA) gold license) were monitored daily over a 10-week
period leading into their major national competition. All athletes had been training with the
same coach between 12 to 24 months prior to the commencement of this study. All participants
were provided a verbal and written explanation of the investigation before giving informed
consent to release their data for this research. This study was approved by the Human Research

Ethics Committee of University of Technology Sydney (REF NO. 2014000842).

Study Design

The swimmers recorded their total quality recovery (TQR) and perceived fatigue daily over a 10-
week period 1%, The swimmers’ coach (n=1) reported expected TQR and perceived fatigue for
each athlete as the swimmers commenced their warm up for the first session of the day. At the
beginning of each session, the coach recorded the planned sRPE for each athlete for each swim
session with no additional information given to the coach. Following each training session,
athlete’s reported their sSRPE within 30 mins of completion. Prior to each planned race, the coach
was presented with previous race results for the main two events of each athlete and asked to

predict times.
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Part one of the analysis investigated the association of coach expected to athlete reported TQR,
perceived fatigue and sRPE where each athlete reported to coach expected measures were
correlated separately. A within individual correlation for each athlete’s race times to coach
predicted times was completed (69 races). Part two of the analysis assessed if the use of athlete
reported TQR and perceived fatigue could identify any difference in coach planned to athlete
reported sRPE using a binomial Generalised Estimating Equation (GEE). Receiver Operating
Characteristics (ROC) curves and Area Under the Curve (AUC) were used to assess the likelihood

of either a higher coach expected, or higher athlete reported sRPE.

Monitoring Variables

Each morning prior to the first training session of the day, or on days of no training upon waking,
athlete’s completed a perceived fatigue rating (1=Much worse than normal, 3=Normal, 5=Much
better than normal) and the total quality recovery scale (TQR; 6-20 scale) %%, Athletes were
asked to report measures with ‘how you feel today’. Within the first 15 minutes of training, the
coach was then asked to complete the same perceived fatigue and TQR scales for how they
expected each athlete would report these measures. The coach was able to observe the athletes
complete their usual warm up routine with no changed to their normal pre-training interactions.
However, both athletes and coach were informed not to discuss monitoring values with one
another. Prior to familiarisation, no athletes or the coach had been using subjective
questionnaires to inform training prescription. At the commencement of each training session,
the coach was asked to complete an expected sRPE for each athlete using a rating of perceived
exertion 6-20 scale 2% This scale was selected as both the athletes and coach had previous
familiarisation with this monitoring tool. Following all training and racing, athletes were then
asked to record their perceived training intensity of the entire session from the same scale 2.
No discussion or reporting of results was provided back to the coach or the athletes throughout

the study period. All information was recorded on the athlete’s personal smart phone and all
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coach information was recorded on a dedicated coach tablet. All information was stored to a

cloud-based data management system (Google Docs, USA).

Performance Measures

Race performances included in the analysis were electronically timed by official swimming
governing bodies (Swimming Australia or FINA) at sanctioned events in standard international
50 m pools. Prior to racing, swimmers completed a full race preparation warm up. The
performance of each swimmer was tracked in their designated events ranging from 100 to 400
m in freestyle, breaststroke, backstroke, butterfly and individual medley. If multiple races of the
same event (e.g. heat and final) were recorded on the same day, the fastest time from that day
was recorded for analysis. Coach expected race results were recorded within 24 h of competition
and at least 1 h prior to each event. At this time the coach was presented with each athlete’s
two main events and times relating to a -6% decrement to a 6% improvement in performance
from each athlete’s previous race results. The coach was then asked to record the fastest race
time they expect the athlete to complete to the nearest tenth of a second in a customised excel

spreadsheet.

Statistical Analysis

Prior to analysis, coach expected race times and actual athlete race results were converted to a
change in time (seconds) from the most recent previous race of the same event for that athlete.
All data in the text and figures are presented as a mean value with £90% confidence limits. The
relationships between individual athletes reported perceived fatigue, TQR and sRPE and coach
expected outcomes were analysed separately to provide an individual correlation for each
athlete. Due to the lower total number of performances completed in this period (69 races), all

athlete race results were combined and compared against coach predicted results. The following
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criteria were adopted for the interpretation of the magnitude of correlations (r) between
measures: <0.1 trivial, >0.1 — 0.3 small, >0.3 — 0.5 moderate, >0.5 — 0.7 large, >0.7 — 0.9 very
large, >0.9 — 1.0 almost perfect. If the 90% confidence intervals overlapped small positive and

negative values the magnitude was deemed unclear 2.

For the second part of the analysis, both athlete reported, and coach expected TQR and
perceived fatigue Z-scores were calculated (daily subjective measures subtracted from
individual athlete mean value over the study period and divided by the individual athlete
standard deviation) to standardise values for all athletes. Following this, any difference in athlete
reported to coach planned sRPE was calculated and then converted to a dichotomous outcome
(0= No difference, 1= Difference) in two separate analysis. The first analysis classified a
difference as when the coach expected was higher than an athlete reported sRPE. The second
analysis classified a difference when athlete reported sRPE was higher than coach expected. Z-
scores of athlete reported TQR and perceived fatigue were aligned with the binary outcomes
(sRPE difference) from the same day’s training and assessed using a GEE with a binary logistic
distribution for the response variable with an independent correlation structure %, Results from
these models included unstandardized Peta co-efficient, exponential Beta-coefficient (95%
Confidence intervals (C.l.)) Wald Chi Squared values and the Quasi Likelihood under
Independence Model Criterion (QIC) ?*. The addition of further variables into a model was
terminated if the Wald Chi Squared was not significant or there was no reduction in the QIC.
Probability of a likely difference in sRPE then was calculated automatically in SPSS (Version 23.

IBM Company, New York, USA).

The probability produced was then assessed to determine the diagnostic accuracy of identifying
a difference between coach planned and athlete reported sRPE. A ROC curve was used to

compare the accuracy of the two models to identify a difference in sRPE through producing an
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AUC using sensitivity (true positive rate) and specificity (true negative rate). An AUC of 1.00
(100%) represents perfect discriminatory power, where 0.50 (50%) would represent no
discriminatory power 2°. An AUC was classified as a “good” benchmark if an AUC was >0.70 with
a lower Cl >0.50 2. All ROC curve results were presented as AUC + 95% Cl ?7. All analysis was

performed using SPSS (Version 23. IBM Company, New York, USA).

RESULTS

A total of 69 athlete race results were correlated with coach predicted times with a very large-
to-almost-perfect relationship (r= 0.92 90%CL 0.88 — 0.95). Individual correlations between
coach expected and athlete reported perceived fatigue and TQR were based on 70.0 = 0.3
measures per athlete and sRPE correlated from 82 + 3 responses per athlete. Combined
correlations of coach expected to athlete reported measures are presented in Figure 5:1. The
relationship between individual athlete reported to coach expected perceptual measures are
shown in Table 5:1. Individual athlete results showed there was an unclear-to-moderate
relationship to TQR (r=-0.07 to 0.45) and perceived fatigue (r=0.16 to 0.48) and a moderate-to-
very large relationship for sRPE (r= 0.38 to 0.75). Both GEE and ROC results are reported in Table
5:2. Of the two models assessed, both coach higher sRPE and athlete higher sRPE models only
included perceived fatigue. Neither the coach higher (AUC: 0.64; 95% Cl, 0.60 — 0.68) or athlete
higher sRPE (AUC: 0.64; 95% Cl, 0.60 — 0.68) model met the criteria as a “good” diagnostic

classifier to identify a difference in sRPE.
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Figure 5:1 Combined correlation coefficient between coach and athlete ratings of total quality
recovery, perceived fatigue, session rating of perceived exertion (sRPE) and the correlation of
coach predicted to actual athlete performance.

Table 5:1 Individual correlations of the coach expected to athlete reported total quality recovery
scale, perceived fatigue and session rating of perceived exertion.

Swimmer Total Quality Recovery Perceived Fatigue sRPE
(90% CL) (90% CL) (90% CL)
1 0.45 (0.28-0.60) 0.48 (0.31-0.62) 0.65 (0.52-0.74)
2 -0.07 (-0.26-0.13) 0.23 (0.04-0.41) 0.65 (0.53-0.75)
3 0.22 (0.02 - 0.40) 0.21 (0.01-0.39) 0.75 (0.66-0.82)
4 0.30 (0.11-0.47) 0.39 (0.21-0.55) 0.54 (0.40-0.66)
5 0.39 (0.20-0.55) 0.44 (0.27-0.59) 0.52 (0.37-0.65)
6 0.40 (0.22-0.56) 0.18 (-0.02-0.37) 0.38 (0.20-0.54)
7 0.24 (0.05-0.42) 0.11 (-0.10-0.30) 0.63 (0.49-0.73)
8 0.39 (0.21-0.54) 0.16 (-0.04-0.35) 0.58 (0.44-0.69)
9 0.17 (-0.03-0.36) 0.35 (0.16-0.51) 0.54 (0.39-0.67)
Combined 0.24 (0.18-0.31) 0.27 (0.21-0.33) 0.57 (0.53-0.61)

SRPE: Session rating of perceived exertion, CL: Confidence limit.
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Table 5:2 Generalised estimating equation regression models to identify the difference

between coach planned and athlete reported sRPE.

Parameter 8 S.E. Wald Chi- Exp.(8) (95% Cl) Qic AUC (95% Cl)
Squared
Intercept 0.05 0.00 29940.01 1.05(1.05-1.05) 957.23 0.64 (0.60 - 0.68)
Athlete 1  0.31 0.00 11228.96 1.36(1.35-1.37)
Athlete 2 -0.83 0.01 21241.36 0.44 (0.43 - 0.44)
Athlete 3 -0.87 0.01 21342.81 0.42 (0.42 - 0.43)
g Athlete4  0.14 0.00 7128.27 1.15 (1.15 - 1.16)
_:t|:_:o Athlete 5 -0.15 0.00 171419.90 0.86 (0.86 - 0.86)
é Athlete 6 -1.03 0.01 20376.29 0.36 (0.35-0.36)
b Athlete 7 -0.32 0.00 14266.72 0.73(0.72-0.73)
Athlete 8 -0.66 0.00 22861.31 0.51(0.51-0.52)
Athlete 9 0.00
Perceived -0.22 0.08 8.51 0.80(0.69 - 0.93)
Fatigue
Intercept -0.89 0.01 13550.57 0.41(0.41-0.42) 952.34 0.64 (0.60 - 0.68)
Athlete 1 0.11 0.00 20109.88 1.11(1.11-1.12)
Athlete2  0.84 0.01 15073.21 2.31(2.31-2.34)
Athlete 3 0.96 0.01 13297.20 2.62 (2.62 - 2.66)
5 Athlete 4  0.24 0.00 21645.29 1.27 (1.27-1.27)
.-;S:D Athlete 5  0.27 0.00 53833.45 1.31(1.31-1.31)
S Athlete 6 1.41 0.01 11804.13 4.08 (4.08 - 4.19)
§ Athlete 7 0.34 0.00 9048.09 1.40 (1.40- 1.41)
Athlete 8  0.52 0.00 16793.11 1.69(1.69-1.70)
Athlete 9 0.00
Perceived 0.27 0.08 12.54 1.31(1.31-1.52)
Fatigue

SRPE- Session rating of perceived exertion, 8- Unstandardised beta co-efficient, Sig- Significance,
Exp.(B) (+ 95% Cl)- Exponential of unstandardised beta co-efficient with 95% Confidence
intervals. S.E — Standard error, QIC - Quasi Likelihood under Independence Model Criterion.

DISCUSSION

The purpose of this study was to assess an experienced coach’s expected perceived fatigue,

recovery and performance to actual responses of well-trained swimmers in an ecological

training and competition environment. Secondly, to assess the efficacy of coach expected and

athlete reported subjective monitoring tools to improve the relationship of coach planned to
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athlete reported training intensity. The very large-to-almost perfect relationship of coach
predicted to actual athlete performances supports a coach assessment of their athlete’s
readiness to perform. However, the trivial-to-small relationship of coach expected to athlete
reported perceived fatigue and recovery suggests a coach may not understand the acute
changes in these measures. Furthermore, the poor diagnostic accuracy of subjective measures
in isolation identify the limited ability of these tools to explain a discrepancy between coach

expected to athlete reported sRPE.

To inform decision-making, coaching expertise requires a nested approach of both skilled
intuitive based decisions and thoughtful well-considered problem solving 3. These results
showed that the experienced coach’s race predictions had a very strong relationship to the
actual athlete race results. This was likely due to the coach’s professional judgement rather than
coaching intuition as predicted race results were well considered, were compared to previous
race times and had limited time pressures 28, For example in the development of training plans
for elite athletes, there are numerous components including physiological, biomechanical,
psychological and lifestyle that contribute to a performance outcome °. However, performance
changes may occur from the progression or degradation of any of these contributing factors
during training, likely with the coach present. In the current study the coach spent 18-22 hours
per week co-ordinating training sessions. These opportunities may provide the coach adequate
time to observe and reflect on how the athletes are likely to perform prior to predicting a race

result 2

. As such this study provides supports for an experienced coach’s professional judgement
and subjective assessment of an athletes’ race results, provided there is appropriate time to

observe the athlete’s progression in training.

The consistent discrepancy between coach planned to athlete reported training intensity may

demonstrate a coach’s poor understanding of an athlete physical capacity, or an athlete’s
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inappropriate implementation of the prescribed training session. The observed difference
between athlete reported and coach planned sRPE in this study supports the existing evidence
for a mismatch between coach expected and athlete reported sRPE in swimmers 15, In a
comparison between coach planned and athlete reported training intensity, there has been a
consistent discrepancy of sRPE from a small relationship of 11-12 year old’s (r=0.31), moderate
to high within 15-16 year old’s (r = 0.74) and very strong with highly trained swimmers (r = 0.84)
1315 A novel finding in this study identified large variation in coach to individual athlete sRPE
from a homogenous group of highly trained swimmers. It is common within swimming to
prescribe training based on external measures such as distance or a time cycle (velocity) .
However, this approach does not account for the physiological demands required to complete
the prescribed training dose. As no feedback of sRPE was provided to the coach throughout the
study, this may have influenced the coach’s understanding of the relative intensity of the
completed training sessions causing a continued mismatch in sRPE and how the athlete presents
and performs in subsequent training sessions. Therefore, the collection and then reporting of
coach planned to athlete reported sRPE may provide information highlighting the incorrect
implementation of the prescribed training session from the athlete, or inappropriate

prescription from the coach based on the athlete’s physical capabilities.

Overall, there was a trivial-to-poor relationship between coach expected to athlete reported
perceived fatigue and TQR. Indeed, training prescription is often based upon the assumption
that training adaptations, acute fatigue and recovery responses each elicit a predictable
outcome 2. However, previous studies have shown when coaches design sessions of planned
high intensity these are commonly perceived as easier, and planned low intensity sessions are
perceived by athletes to be harder 3. As such, high intensity efforts planned by the coach may
not be reached during training contributing to the discrepancy between coach expected to

athlete reported fatigue and recovery. Similar results have previously been discussed in elite
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basketball players, with an overestimation of coach expected TQR 6. These results show the
training response is dependent not only on the session completed, but also on the interaction
between numerous factors that may influence recovery (e.g. sleep, psychological state, life
stressors or training history) 8°. However, the large discrepancy of athlete reported to coach
expected perceived fatigue and TQR, may highlight unexpected responses from set training
sessions. Although, with the very strong coach understanding of athlete performance, there may
be numerous other components to inform a coach when assessing how an athlete is likely to

perform.

The subjective questionnaires used in this study could not independently identify a difference
between the coach planned to athlete reported sRPE. However, the findings from the binomial
GEE model highlight a change in perceived fatigue may increase the likelihood of a difference in
both coach higher or athlete higher sRPE. Previous studies have shown the use of subjective pre-
training wellness questionnaires in Australian rules football players may precede an associated
change in total training completed in the subsequent training session 3. Furthermore, subjective
ratings of perceived muscle soreness have been related to an athletes TL in American college
football players and a determinant of how players will cope in response to a standardised

training stimulus 28,

However, limited evidence is available to show how subjective
questionnaires may be utilised in individual sports where training intensity can be well
controlled to that of team sports 3. In comparison to a coach’s prediction of the athlete’s
performances, there was a poor relationship of coach expected to athlete reported acute
subjective recovery and fatigue prior to training. As there can be large inter-individual
differences to a specific training session, it is often not known how an athlete may respond to a
set training dose & Therefore identifying a discrepancy of coach planned to athlete reported

measures may provide insight to emphasize the importance of reviewing subjective

questionnaires (and other information) for a coach to better understand the acute individual
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athlete response . Accordingly, these findings provide some explanation for the difference
between coach planned to athlete reported sRPE from subjective questionnaires. However, in
isolation subjective questionnaires may be insufficient to provide meaningful information to

inform the discrepancy of coach planned to athlete reported sRPE.

While the findings from this study provide insight into a coach’s understanding of their athlete’s
performance, sRPE, TQR and perceived fatigue, there are limitations that should be
acknowledged. As this is a case study of a swimming squad and one experienced coach, caution
should be taken to draw definitive conclusions from these results. Secondly, no feedback of sRPE
was provided to the coach, which in turn may have been a confounding factor for the poor
relationship of coach expected to athlete reported perceived fatigue and TQR. Future research
may investigate coaches with different backgrounds or experiences to explore what contributes
to coach’s professional judgements and the subjective assessment of athletic performance.
These findings provide an opportunity for future research to assess how athlete monitoring tools
and coach predictions may be combined to improve coach predictive ability. Future research
may assess the underlying mechanism as to why there is a poor association between athlete
reported and coach expected perceived fatigue and recovery. For example, it is not known the
common findings of a discrepancy in sSRPE between coach planned and athlete reported is from
a coach’s poor understanding of their athlete’s capability, or the inappropriate implementation
of prescribed training. Further the findings from this study highlight the poor association of
coach expected to athlete reported perceived fatigue and TQR. However perceived fatigue only

explained a small amount of potential variation in the coach planned to athlete reported sRPE.
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PRACTICAL APPLICATIONS

Coach predictions are an effective approach to assess an athlete’s performance change.
Furthermore, the reporting of sRPE, perceived fatigue and TQR may improve coaches’
understanding of an athlete’s training response. However perceived fatigue could only explain

a small amount of variation between coach planned to athlete reported sRPE.

CONCLUSION

The findings from this study support a very strong relationship of coach expected to athlete
reported performances. These findings provide initial support for a coach’s strong subjective
assessment and professional judgement to assess athletic performance. However, there was a
large discrepancy between coach expected to athlete report perceived fatigue, TQR and SRPE.
Although, perceived fatigue in isolation had a weak contribution to identify a likely difference in

coach planned to athlete reported sRPE.
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Chapter 6

Study 4

Do athlete monitoring tools improve a coach’s understanding of performance

change?

Crowcroft, S., Slattery, K., McCleave, E. and Coutts, A. J. (Under review). Do athlete
monitoring tools improve a coach’s understanding of performance

change? International Journal of Sports Physiology and Performance.
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ABSTRACT

Purpose: To assess a coach’s subjective assessment of their athlete’s performances. Secondly,
to assess if the use of athlete monitoring tools could improve on a coach’s prediction to identify
performance changes.

Methods: Nine highly trained swimmers (7 males, 2 females, age: 21.6 + 2.0 y) recorded
perceived fatigue, total quality recovery and heart rate variability (HRV) over a 9-month period.
Prior to each race of the swimmer’s main two events, the coach (n=1) was presented with their
previous race results and asked to predict a time of how the athlete would perform. HRV and
the coach prediction were converted to a standardised difference score from previous race
result. All race results (n=93) with aligning coach predictions were recorded then classified as a
dichotomous outcome (0= no change, 1= performance decrement or improvement (change +/-
> or < smallest meaningful change). A Generalised Estimating Equation (GEE) with binomial
outcomes was used to assess the prediction accuracy of a coach and to determine whether
combining monitoring variables to the analysis could improve upon the coach predictions. The
probability from GEE models were analysed using Receiver Operating Characteristic curves to
assess the model’s accuracy.

Results: Coach predictions had the highest diagnostic accuracy to identify both decrements
(AUC: 0.93, 95%Cl, 0.88 — 0.99) and improvements (AUC: 0.89, 95%CI, 0.83 — 0.95) in
performance.

Conclusion: These findings highlight the high accuracy of a coach’s subjective assessment of
performance. Considering, no monitoring tool assisted to improve a coach prediction, these
results provide a future benchmark for athlete monitoring systems to be able to improve upon

a coach’s existing understanding of swimming performance.

Key words: Heart rate variability, subjective questionnaires, modelling performance, coaching
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INTRODUCTION

In high performance sport, coaches aim to optimise athletic performance through individualised
training programs. However, these training plans are often based upon a coach’s prior
experiences and intuition . As such, if coaches have success with these methodologies, it may
lead to inherit biases in their coaching philosophy 2. This approach may lead to generic or
repetitive training programs and sub-optimal performance. However, professional judgement
and coach subjective decision-making is a crucial component of high performance sport. A
commonality of expert coaches is their ability to recognise relevant cues (e.g. athlete behaviour
or body language) and provide an appropriate course of action based on prior experiences and
skilled intuition 2*. While, expert coaches decision making is often perceived as fast paced and
intuitive, coaches may engage in an approach known as “nested thinking” %%. This approach
identifies that skilled intuitive decision making (e.g. training prescription or manipulating
training sessions) is closely linked to overall planning and long-term athlete progression #*.
Whilst a coaches professional judgement and skilled intuition may be a parsimonious approach
to guide training prescription, athlete monitoring systems are now commonly implemented in
high performance sport to assist in the decision-making process >¢. However, no research has
investigated if the use of athlete monitoring tools can improve upon experienced coaches’

subjective assessment of athletic performance.

Promoting coaching intuition and the development of skilled professional judgements in
training, may be detrimental unless there is a clear link back to higher order processes and a
long-term athlete training plan. Indeed, if intuitive decisions are not reviewed and closely linked
back to overall training plans, overconfidence can quickly develop, with poor decision-making
and coaching mistakes being ignored or blamed elsewhere 2. For example, in a meta-analysis of
psychiatry and medical practice, it is common that professional judgements can be
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outperformed by statistical predictions. These findings may be due to a practitioner’s
unexplained intuition in decision-making, lack of developed expertise or an overreliance on
irrelevant cues’. As such, a nested approach allows for coaches to respond to both relevant cues
in daily training while promoting critical thinking, reflection on prior experiences and higher
order processing to limit bias in coach decision-making 2. Furthermore, athlete monitoring tools
may assist coaches to have more detailed feedback and a greater understanding of the training
process. However, no studies have assessed if athlete monitoring tools can assist a coach

decision-making or support a coach prediction of how their athlete will perform.

Early studies investigated multi-factorial mathematical models to assess performance changes
from an athlete’s completed training ®. Whilst these models have been refined, there is still large
variability in these results that limit their efficacy to guide daily training and predict acute
performance changes °. This variability, may be explained by the individual response from a
standardised training dose and the numerous components that can influence an elite athlete’s
performance °. To account for this individual response, numerous observational studies support
combining multiple athlete monitoring tools to identify performance changes %12, For example,
in highly trained runners and triathletes following an intensified training block, both changes in
heart rate variability (HRV) derived indices combined with a subjective athlete report of training

1112 However, while

tolerance identified athletes who had greater performance changes
training studies support the use of monitoring tools to inform training prescription, no research
has assessed the use of combining these monitoring tools with a coaches’ subjective assessment
or skilled intuition to identify performance change. Therefore, the purpose of this study was to
firstly assess a coach’s subjective assessment of their athlete’s performances. Secondly, to

assess if the use of athlete monitoring tools could improve a coach’s prediction in identifying

performance changes.
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METHODS

Participants

Nine (n=9) nationally competitive swimmers (7 males, 2 females, age: 21.6 + 2.0 y, best time in
main event as a percentage of world record: 92.9 £ 1.7%, mean * SD) training between 18-22
hours per week and the athlete’s swim coach (n=1) (13 years national and international coaching
experience, Australian Swim Coaches Teaching Association (ASCTA) gold license) were
monitored over a 9-month period. Of the 9 who commenced the study one withdrew due to
external commitments. All participants were provided a verbal and written explanation of the
investigation before giving informed consent to release their data for this research. This study
was approved by the Human Research Ethics Committee of University of Technology Sydney

(REF NO. 2014000842).

Study Design

This observational study occurred over a 9-month period. Throughout this period, all swimmers
recorded morning resting HRV derived measures and answered subjective questions regarding
total quality recovery and perceived fatigue upon waking. All training and racing sessions were
logged within 30 minutes of completion including session rating of perceived exertion (sRPE),
duration (minutes) and distance swum (km). Prior to each planned race, the coach was
presented with previous race results for each athlete’s two main events and asked to predict
their times. Both coach predictions and combined coach prediction with athlete monitoring
were assessed for their model fit using Generalised Estimating Equations (GEE) and then for their

diagnostic accuracy from Receiver Operating Characteristic (ROC) curve analysis.
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Athlete Monitoring Variables

Subjective self-report measures recorded in this study included perceived fatigue rating (1 =
Much worse than normal, 2 = Worse than normal, 3 = Normal, 4 = Better than normal and 5 =
Much better than normal) 2 and the total quality recovery scale (TQR; 6-20 scale) >4, Athletes
reported all measures based on ‘how do you feel today?’ using their personal smart phone,
where entries were stored in a cloud-based data management system (Google Forms, Google,
CA, USA). Upon waking, HRV was recorded for all athletes from a 6-min supine position via R-R
series using the Polar Team 2 system (1.3.0.3. Polar Electro Oy, Kempele, Finland). Athletes were
asked to leave heart rate (HR) monitors on their bedside of an evening to minimise disturbance
upon waking. Following recording, HR files were downloaded and analysed using Kubios HRV
analysis software (The Biomedical Signal Analysis Group, University of Kuopio, Kuopio, Finland).
Time domain indices selected for analysis as indicators of responsiveness to training included R-
R interval, Ln rMSSD and the Ln rMSSD to R-R interval ratio. When at least 3 data points from
the previous 7-days for both HRV and subjective measures were recorded, the 7-day rolling
average of these measures through to the day of performance in these measures were analysed
due to their improved diagnostic accuracy **°. Following all training and racing, athletes were
asked to record total distance swum in the training session to the nearest 50 m, report session
duration in minutes and then subjectively rate the intensity of the entire session using a rating
of perceived exertion 6—20 scale ¢, Training load was then quantified through the session rating

of perceived exertion method (sRPE x duration) /.

Performance Measures

Race performances included in analysis were electronically timed by official swimming
governing bodies (Swimming Australia or Fédération Internationale de Natation (FINA)) at

sanctioned events in standard international 50 m pools. Prior to racing, swimmers completed a
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full race preparation warm up. The performance of each swimmer was tracked in their main two
events ranging from 100 to 400 m freestyle, breaststroke, backstroke, butterfly and individual
medley. If multiple races of the same event (e.g. heat and final) were recorded on the same day,
the fastest time was recorded for analysis. Each swimmer recorded a minimum of five races of
the same event throughout the study period. Times for each athlete’s individual events were
averaged to give a mean time and the smallest meaningful change (SMC) was determined as 0.3
x within-swimmer co-efficient of variation (CV%) of race performance times . Times outside of
the SMC were then coded as a dichotomous outcome variable (0= No change, 1= Change) to
assess both improvements (change < previous time - SMC) and decrements (change > previous
time + SMC) in performance in separate analysis. Coach predicted race results were recorded
within 24-h of competition and at least 1-h prior to each event. At this time the coach was
presented with each athlete’s two main events and times relating to a -6% decrement and to a
6% improvement in performance compared to each athlete’s previous race results. The coach
was then asked to record the fastest race time they expect the athlete to complete in their two

main events to the nearest tenth of a second on that day in a customised excel spreadsheet.

Statistical Analysis

Prior to analysis, coach predicted performance change was expressed as standardised difference
score ¥ from previous race results (Predicted time — previous athlete race result)/ Inter-
individual athlete CV%). All subjective questionnaires (perceived fatigue and TQR) were
converted to a rolling 7-day average, then a Z-score ((7-day average — individual mean reported
from all values within the study)/ within swimmer standard deviation (SD))). Heart rate variables
were expressed as a 7-day rolling average and converted to a standardised difference score from
previous race values (7-day rolling average — previous 7-day average of race results/ within

swimmer SD) and then aligned with race results. To identify performance change, the athlete’s
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race results were then converted to a dichotomous outcome (0 = no change, 1 = performance
decrement or improvement (> or < +/- 0.3 X CV% from previous race results)) and aligned with

both monitoring variables and coach predictions.

GEE models were constructed to explain the relationship of coach predictions and monitoring
variables to assess both improvements and decrements in performance in separate models 2.
All GEE models used a binary logistic distribution for the response variable with an independent
correlation structure. The GEE was chosen as it considers the repeated measures structure of
performance data. As such all models included a random effect (factor) to identify the between
athlete variance (Athlete 1-8). To build a multi-factorial model and avoid co-linearity, models
included a maximum of 1 subjective questionnaire (perceived fatigue or TQR), 1 physiological
measures (R-R interval or Ln rMSSD) and 1 training measure (KM or training load). Pearson’s
correlation co-efficient was checked for co-linearity of variables. Variables were not included in
the same model if Pearson’s correlation coefficient > = () 0.60 with another variable. The
inclusion of additional monitoring variables into the model was evaluated based on the model
fit, only if the Wald Chi Square was significant and the Quasi likelihood under independence
model criterion (QIC) decreased . The predictive probability value of the mean response was
calculated automatically in SPSS from the strongest models to assess the probability of both

improvements and decrements in performance from the athlete’s previous race results.

The probability produced from GEE binomial models were aligned with the binary performance
outcomes and assessed with a ROC curve to identify probability of an improvement or
decrement in performance in separate models. This analysis produces an area under the curve

(AUC) using sensitivity (true positive rate) and specificity (true negative rate). An AUC of 1.00
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(100%) represents perfect discriminatory power, where 0.50 (50%) would represent no
discriminatory power. An AUC was classified as a “good” benchmark if an AUC was >0.70 with a
Cl > 0.50. All ROC curve results were presented as AUC + 95% Cl 22. All analysis was performed

using SPSS (Version 23. IBM Company, New York, USA).

RESULTS

There was a total of 93 race results with aligning coach predictions. Of those race results, 34
were classified as a decrement and 43 as improvements from previous race result. ROC curves
and GEE models can be seen in Figure 6:1 and Table 6:1 respectively. After accounting for
individual athlete differences, the coach prediction was the strongest model to assess both
decrements in performance (AUC: 093, 95% Cl, 0.88 — 0.99) and improvements in performance
(AUC: 0.89, 95% Cl, 0.83 —0.95). No athlete monitoring variables could improve the model fit to

assess either improvements or decrements in performance.
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Figure 6:1 Receiver Operator Characteristic Curves of decrements and improvements in
performance. AUC- Area Under the Curve. Sensitivity- True positive rate, 1- Specificity- 1 - True
negative rate, Improved- Models to assess coach predictions identifying improvements in
performance from previous race results, Decreased- Models to assess coach predictions
identifying decrements in performance from previous race results.
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Table 6:1 Generalised estimating equation models to assess performance changes.

Model Parameter 6 S.E.  Wald Chi-Square Exp.(8) (£ 95% Cl) Qlc
Intercept -0.54  0.18 8.73 0.58 (0.41 - 0.83) 75.84
Coach Prediction  -1.56  0.45 11.96 0.21(0.09-0.51)
% Athlete1  0.64 0.22 8.68 1.89 (1.24 - 2.89)
E Athlete 2 0.19 0.07 8.31 1.21 (1.06 - 1.38)
g.: Athlete 3 -1.41 0.25 32.61 0.24 (0.15-0.40)
%’ Athlete4  0.23 0.14 3.02 1.26 (0.97 - 1.65)
% Athlete5 -0.86  0.03 673.50 0.42 (0.40 - 0.45)
g Athlete6  -0.22  0.09 6.25 0.80 (0.67 - 0.95)
£ Athlete 7 1.39 0.37 14.15 4.01(1.94-8.27)
Athlete 8  0.00 1.00
Intercept 1.03 0.52 3.89 2.81(1.01-7.86) 50.85
Coach Prediction 2.71 1.23 4.87 15.09 (1.35 - 168.03)
§ Athlete1  -4.55 1.84 6.14 0.01(0.00 - 0.39)
g Athlete2 -1.01  0.40 6.35 0.36 (0.17 - 0.80)
;_% Athlete 3 -1.97 1.05 3.52 0.14 (0.02 - 1.09)
‘é Athlete4  -2.58  1.18 4.80 0.08 (0.01-0.76)
é Athlete5  -3.41 1.31 6.75 0.03 (0.00 - 0.43)
§ Athlete6  -2.70  1.25 4.66 0.07 (0.01-0.78)
Athlete 7 -2.33  0.98 5.63 0.10 (0.01 - 0.67)
Athlete 8  0.00 1.00

8- Unstandardised beta co-efficient, Sig- Significance, Exp.(B) (+ 95% C.I.)- Exponential of
unstandardised beta co-efficient with 95% confidence intervals, AUC (95% Cl)- Area under the
curve with 95% confidence intervals. S.E.- Standard error, QIC - Quasi likelihood under
independence model criterion.
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DISCUSSION

The first purpose of this study was to assess the prediction accuracy of a coach’s subjective
assessment of athlete performance. A second purpose was to assess if the use of athlete
monitoring tools could improve on a coach’s prediction accuracy of their athlete’s race results.
This was the first investigation to demonstrate the high accuracy of coach predictions when
assessing performance changes. However, no athlete monitoring tools were able to improve on
a coach prediction to assess an athlete’s performance outcome. This study shows that coach
predictions may be more effective than athlete monitoring tools to assess performance change

in their athletes.

The experienced coach examined in this case study had a strong ability to assess their athlete’s
readiness to perform in competition. These results may be due to the coach’s well established

2, Within swimming, it is common practice for

professional judgement and skilled intuition
coaches to deliver most training sessions and directly observe the many factors, including an
athlete’s execution of sport specific skills, psychological state and progression of in training

5. Previous studies have identified that to

efforts that contribute to performance changes
develop skilled intuition and expertise, the environment must provide regular and valid cues
that are strongly related to a performance outcome . In particular, developing expertise from
subjective assessments needs an environment which has high predictability of an outcome,
requires many years of experience and that the sport or work environment has good feedback
of outcome measures (e.g. race results) 2. Therefore, as individual physiological and skill-based
sports such as swimming have a consistent performance environment, race results are easily

quantified providing consistent feedback available to the coach through direct observations °.

This environment can create an ideal environment to develop skilled intuition. As such this case
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study provides initial evidence to support a swim coach’s subjective assessment of how their

athletes will perform in competition.

No subjective questionnaires included in this study improved coach predictions to identify a
performance change. Despite the widespread use in high performance sport, there are very few
studies to show how subjective questionnaires can be used to explain changes in athletic
performance . While the use of subjective measures has previously been shown to explain
staleness during a taper and linked to either no change or a decrement in performance in
swimmers 2%, subjective questionnaires are not consistently related to performance changes.
For example, the Profile of Mood States has been shown to have poor accuracy to identify
performance changes in athletes when regressed against the 30-15 intermittent fitness test %,
Although, based on the present results, it may be that the coach was able to account for many
of these changes in their predictive assessment through observational analysis >. Despite the
numerous reviews supporting the usefulness of subjective monitoring tools 2%’ and their
association to changes in training load %, no studies have shown how subjective measures can

improve on a coaches subjective assessment of how their athlete will perform.

Heart rate indices did not contribute to identifying performance change beyond the coach
predictions. While previous studies have related changes in HRV-derived indices to positive or
negative training adaptations and reflect the acute training response %, this has not been
consistently observed when assessing performance changes. Indeed, inconsistent findings have
been reported for the use of HRV measures to identify an athlete’s readiness to perform in
training or competition %>3%31, For example, when modelled against actual race results, the use
of HRV indices (nocturnal measurement) have shown a moderate to strong relationship to actual

performance outcomes 3°. However, from less invasive measurements of HRV (10-min upon
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waking in the morning), there has been poor reported sensitivity to assess changes in physical
performance measures in adolescent athletes 2°. As such, while the use of HRV-derived
measures may assist to explain underlying physiological training responses, no studies have

shown how the use of HRV can improve on a coach prediction of athletic performance.

While initial findings support the strong understanding of a coach to predict athletic
performance, skill intuition and subjective assessments do have potential to be incorrect or
hindered by biases *. These situations may arise when there is a lack of skilled intuition or when
an unfamiliar situation may present. Indeed, in a meta-analysis of human health and behaviours,
professional judgements (subjective decision-making from data and subjective measures) were
out performed or equalled by statistical predictions ”. The findings summarised that worse
professional judgements may be due to a lack of expertise, overreliance on irrelevant cues and
an unexplained intuition. It is therefore important to emphasize the current findings are
reflective of the coach and swimmers examined in this study. Additionally the coach’s predictive
ability was not perfect, therefore recognition of these inconsistencies may allow for
development and refinement of coach expertise (if reviewed) *2. Indeed, previous studies on
human judgements identified that with the same information, human judgements can often
reach differing conclusions *. As such, information provided through objective data, could
present information unbeknown to the coach to provide a more informed decision in the
assessment of athletic performance. Although this study was only observational, and the coach

did not receive any feedback from any of the monitoring data collected.

Although the results from this study report high coach prediction accuracy, there are some
considerations that need to be addressed. It is possible the coach subjective assessment of

athlete performances was improved in this study from having a reference value of the athlete’s
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previous race result when predicting each athlete’s performance times. However, no research
has attempted to quantify a coach’s predictions of their athlete’s race results. Therefore, it is
currently unknown if the high coach prediction accuracy may be attributed to the methodology
in this study. Furthermore, this is a case study in one group of high trained swimmers and their
coach. Future research may look to assess this approach in a larger sample size to quantify
between coach differences. Finally, due to uneven distribution and multiple events per athlete,
all results from 100-400 m events were pooled and converted into a dichotomous outcome.
Future research may wish to assess each event independently for the potential differences in

stroke and distance.

PRACTICAL APPLICATION

It is important for a coach to observe athletes in training to develop their skilled intuition and
subjective assessment of athletic performance. Caution should also be taken when interpreting
a coach subjective assessment of athlete performance in isolation due to the potential for
inherent biases or unexplained intuitions. Therefore, the use of objective data and reflection of

subjective assessments should be used to assist a coach to refine their expertise.

CONCLUSIONS

The findings from this study support a very strong coach understanding of their athlete’s
performances and attempted to quantify a coach’s professional judgement. Furthermore, no
athlete monitoring tools improved the model’s accuracy to explain either improvements or
decrements in performance. These findings provide a reference value for future research
investigating the accuracy of athlete monitoring systems to ensure that changes in the measures

can contribute or outperform a coach assessment of athletic performance.
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Discussion and Summary
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In high performance sport, decisions around training content are typically developed through a
process whereby the coaches expertise and recent observations are contextualised with athlete
monitoring data to make informed decisions about the athlete’s current status (i.e. performance
readiness) ®. Therefore, high performance sporting programs make substantial investments to
develop and implement athlete monitoring systems to assist coaches and support staff
understand how each athlete is responding to training 2°. Despite the extensive reviews

2481019 ng study has assessed if these

supporting the usefulness of athlete monitoring systems
systems contribute to coaching or support staff’'s assessment of an athletes’ readiness to

perform. Therefore, a series of studies were conducted to explore athlete monitoring variables

and a coach’s subjective assessment to assess performance change in highly trained swimmers.

ASSESSING PERFORMANCE CHANGES

Athlete Monitoring Tools

In high performance athletes, there are numerous factors that influence performance outcomes
including physiological and psychological state 2. This thesis provided insight into the use and
limitations of athlete monitoring tools to assess performance change in highly trained
swimmers. The common findings of Study 1, 2 and 4 identified the poor diagnostic accuracy of
athlete monitoring tools when used both in isolation or as part of a multi-factorial approach to
identify performance change. Specifically, in Study 1 no single monitoring tool was able to
accurately predict a change in performance outside of an athlete’s average race results within a
season. However, Study 1 showed numerous subjective questionnaires and heart rate (HR)
measures had a good signal-to-noise ratio representing an athlete’s acute changes in fitness and
fatigue. These findings provided both the reliability and typical weekly variance of athlete

monitoring tools for more objective measurement of a true change outside of normal for the
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individual. These results demonstrate athlete monitoring tools have clear seasonal and week-

to-week fluctuations, however in isolation cannot accurately identify performance changes.

Therefore, Study 2 examined the efficacy of a multi-factorial monitoring system to identify both
short term (i.e. compared to the most recent previous race results) or longitudinal (i.e.
compared to the athlete’s first race of the season) changes in race performance. The results
from Study 2 provide conceptual support for the use of a multi-factorial model to improve the
accuracy of identifying performance changes compared to any monitoring tool in isolation.
Similar to previous studies 2223, Study 2 identified combining multiple athlete monitoring tools
improved the diagnostic accuracy to assess decrements in performance. Specifically, these
measures included contextualising HRV with athlete perceptions of fatigue or training
completed to improve the assessment of decrements in performance. However, the prediction
models had a weaker diagnostic accuracy when assessing the likelihood of a short-term
decrement in performance compared to the longitudinal model. Indeed, the present findings
showed that the directional changes in HRV measures must be specific to both the training phase
and psychological state. Therefore, to improve the prediction of performance changes and
identify athlete readiness, alternative monitoring tools that have a clear directional change
related to performance outcomes may be more appropriate than HRV measures in linear
models. For example, the use of a standardised warm up measuring a power output at a
prescribed heart rate or RPE may have a stronger relationship to a change in performance .

However, these findings have yet to be investigated within swimming.

The results from Study 2 are the first to highlight the use of subjective questionnaires combined
with and individual athlete intercept to assess improvements in performance. These findings
also provided support for the use of the total quality recovery scale (TQR) to identify a likely

improvement in performance. However, no physiological variables (HR-derived measures) or
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training measures (training load or weekly distance) in this study improved the accuracy of the
models to identify improvements in performance. This may be due to the association between
changes in subjective questionnaires and training load. Furthermore, while several studies have
identified the usefulness of HRV-derived indices to explain an athlete’s training response %,
studies that have contextualised changes in HR indices with subjective measures have been
relatively short term training studies 22>, Furthermore, the discussion of these studies was
focused towards contextualising changes in HR measures relevant to training phase and
psychological state to identify functional overreaching. As such, contextualising changes in HR

measures with training phase and psychological state may be more useful to identify a likely

decrement in performance.

Taken collectively, the present findings support the improved accuracy of a multi-factorial
monitoring approach through combining both HR measures and psychological or training
measures compared to any single monitoring tools in isolation when assessing decrements in
performance. However, the weaker diagnostic accuracy from the short-term performance
changes identified the limited practicality to assess an athlete’s readiness to perform from the
most recent previous race result. Therefore, Study 4 assessed if combining multiple athlete
monitoring with a coach prediction could improve the practicality of monitoring tools to assess

changes in an athlete’s readiness to perform.

Coach Assessment
The development of athlete training programs are often guided from a coaches experiential
knowledge, intuition and subjective assessment of an athlete’s current performance %,

However, the accuracy of coaches’ subjective assessment of their athlete’s ability to perform

has not been empirically assessed. The results of these studies provide initial evidence to
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support an experienced swim coach’s professional judgements and skilled intuition to accurately
identify changes in swim performance. The findings from Study 3 showed a very strong
association of coach predicted to actual athlete race results. Following from these findings,
Study 4 identified the high diagnostic accuracy of a coach’s subjective assessment to identify
both improvements and decrements in their athlete’s performances. Additionally, as shown in
Figure 7:1 when comparing the results of the monitoring tools assessed throughout Studies 1, 2
and 4, none were able to improve on a coach prediction of performance. Collectively, these
results provide evidence of a coach’s subjective assessment and professional judgement to

identify their athlete’s readiness to perform.

However, it is important to acknowledge that the present results are limited to the high-
performance swim squad who collaborated on this thesis. Indeed, as swimming is a highly
controllable training and competition environment, there is consistent feedback available to the
coach through direct observations *. This environment provides an ideal environment to develop
expertise, skilled intuition and well considered professional judgements. However, there should
be some scepticism in skilled intuitions and professional judgements due to the potential to be
hindered by inherent biases. These situations arise from a lack of skilled intuition, inexperience

or when an unfamiliar environment or situation presents 3°.
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IMPROVEMENTS
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Figure 7:1 A comparison of all athlete monitoring tools, models and coach predictions to assess
both improvements and decrements in performance. AUC- Area under the curve, TQR — Total
quality recovery, Ln rMSSD — Log transformed root mean squared of the consecutive R-R interval
differences, Study 2 Previous- Model assessing performance change from previous race result,
Study 2 Longitudinal — Model assessing performance change from first race result of the season,
Coach — Coach subjective assessment of athlete performance. Grey shading identifies a “good”
diagnostic accuracy (AUC).
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ASSISTING THE TRAINING PROCESS

The consistent discrepancy between coach planned to athlete reported training intensity may
demonstrate a coach’s poor understanding of an athlete’s physical capacity, or an athlete’s
inappropriate implementation of the prescribed training session. These differences may lead to
poor training control resulting in unexpected training induced fatigue, non-functional
overreaching or poor performance 3!. Similar to previous studies 3234, Study 3 identified the
discrepancy of coach planned to athlete reported training intensity and subjective
questionnaires. However, this investigation showed that a change in perceived fatigue could
assist to identify a likely discrepancy between the coach planned to athlete reported session
rating of perceived exertion (SRPE). As such, the reporting of perceived fatigue may assist to
highlight a small likely discrepancy between the coach planned to athlete reported sRPE.
However, the diagnostic accuracy of perceived fatigue in isolation to identify this discrepancy
was weak. Therefore, the discrepancy of coach expected to athlete reported subjective
questionnaires suggests the ongoing use of these measures could provide addition information
and assist a coach to understand the individual athlete’s training response. Although, no
measures assessed in isolation could accurately identify a discrepancy of coach planned to

athlete reported sRPE.

AN INTEGRATED APPROACH

The collective findings from this thesis support the use of athlete monitoring tools to provide
objective data quantifying an athlete’s response to training but had a poor assessment of
performance changes. The results from Study 1,2 and 4 showed that athlete monitoring tools
have limited practicality to assess how an athlete will perform compared to a coach’s subjective
assessment. Although the very strong relationship of coach prediction to actual athlete results

in Study 3 and 4 support a swim coach’s strong professional judgement to assess performance
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change. However, the discrepancies of coach expected to athlete reported perceived fatigue,
TQR and sRPE in Study 3, and the good signal-to--noise ratio of monitoring variables in Study 1
show that monitoring tools may quantify acute changes in fitness and fatigue based on an
athlete’s response to training. Based on these observations, Figure 7:2 shows a conceptual
model of an integrated approach to training prescription through combining both a coaches’
observation (subjective feedback) and the use of athlete monitoring data to compliment a

coaches’ understanding of the training process (objective feedback).

This conceptual model supports the collection, analysis and reporting of both training load,
physiological and subjective measures to quantify the individual training response (as shown in
Study 1 and 3) and complement both the reflective process and assist in refining coach expertise.
Furthermore, this approach demonstrates how observations and data collected at each training
session can contribute to medium and long-term planning of training programs. It is proposed
that through using athlete monitoring tools (quantifying training load and the athlete’s training
response) aligned with the context of the phase of the season, that a more robust (informed)

decision-making process will be developed.
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Figure 7:2 An integrated approach of athlete monitoring tools and coach expertise to inform a
coach decision-making and planning of training prescription.

LIMITATIONS

Due to the applied approach taken in this thesis, the findings are limited to a small group of
highly trained swimmers. Indeed, the relationship of coach predictions and athlete monitoring
systems to performance outcomes may vary in an alternative sport setting such as the team
sport environment or coaches with different levels of experiences. Likewise, only a select
number of athlete monitoring tools were assessed in this thesis. It was impractical for the
implementation of multiple subjective questionnaires and physiological measures for
longitudinal data collection on the same group of athletes. A comparison of a wider array of
subjective questionnaires and physiological measures would have allowed for a more in-depth
understanding of the varying relationship of these monitoring tools to performance changes.
Furthermore, both the single item, multi-factorial athlete monitoring models and coach
predictions are yet to be validated on an out of sample population. These findings provide a

proof of concept for a coaches’ strong subjective assessment and skilled intuition of
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performance outcomes, however as mentioned are yet to be validated on both coaches and
athletes of different levels of expertise and sports. Due to the uneven distribution of
performance outcomes and repeated measure design, performance outcomes in this thesis
were pooled and converted to a dichotomous outcome. These models could provide the
probability of a directional change in performance, although it was not specific on the magnitude
of performance changes. Finally, whilst novel, the studies in this thesis were only observational
in design and therefore do not provide the same level of evidence as randomised control trials
that would examine the efficacy of various athlete monitoring systems or coaches. Further
studies should aim to assess if the collection and reporting of athlete monitoring systems
contributes to improve on a coaches’ assessment of their athlete’s performance or the training

process.

PRACTICAL APPLICATIONS

The findings from this thesis provided evidence to support a coach’s professional judgement and
skilled intuition to assess performance changes in highly trained swimmers. Furthermore, the
use of athlete monitoring tools may assist a coach have a more comprehensive understanding
of their athlete’s response to training. Specifically, key practical applications from this thesis

include:

e Caution should be taken with the interpretation of any single monitoring tool to assess
performance change due to the poor diagnostic accuracy.

e Validation of monitoring tools and assessment of the typical variation should be
validated with each sport.

e After accounting for each athlete TQR can assist to identify improvements in

performance.
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Combining HR-derived measures (R-R interval or Ln rMSSD) with either psychological
state or training volume can improve the diagnostic accuracy to identify decrements in
performance.

There is a consistent discrepancy of coach planned to athlete reported sRPE, perceived
fatigue and TQR even in a homogenous population of highly trained swimmers.

The use of perceived fatigue can only explain a small likely difference between coach
planned to athlete reported sRPE.

Interpreting coach subjective assessments in isolation has potential for inherent

biases, therefore objective data may assist to negate these possible issues.

122



REFERENCES

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Kiely J. Periodization paradigms in the 21st century: evidence-led or tradition-driven. Int
J Sports Physiol Perform. 2012;7(3):242-250.

Bourdon PC, Cardinale M, Murray A, Gastin P, Kellmann M, Varley MC, Gabbett TJ,
Coutts AJ, Burgess DJ, Gregson W, Cable NT. Monitoring athlete training loads:
consensus statement. Int J Sports Physiol Perform. 2017;12(Suppl 2):52-161.

Robertson S, Bartlett JD, Gastin PB. Red, Amber or Green? Athlete monitoring in team
sport: the need for decision support systems. Int J Sports Physiol Perform. 2017;12(2):S2-
73.

Borresen J, Lambert MI. The quantification of training load, the training response and
the effect on performance. Sports Med. 2009;9:779-795.

Jobson SA, Passfield L, Atkinson G, Barton G, Scarf P. The analysis and utilization of
cycling training data. Sports Med. 2009;39(10):833-844.

Foster C, Daines E, Hector L, Snyder AC, Welsh R. Athletic performance in relation to
training load. Wis Med J. 1996;95(6):370-374.

Muijika I. Quantification of training and competition loads in endurance sports: methods
and applications. Int J Sports Physiol Perform. 2017;12(2):2-9.

Halson SL. Monitoring training load to understand fatigue in athletes. Sports Med.
2014;44(2):139-147.

Saw A, Halson S, Mujika I. Monitoring athletes during training camps: Observations and
translatable strategies from elite road cyclists and swimmers. Sports. 2018;6(63).
Impellizzeri FM, Marcora SM, Coutts AJ. Internal and external training load: 15 years on.
Int J Sports Physiol Perform. 2019(00):1-4.

Lambert MI, Borresen J. Measuring training load in sports. Int J Sports Physiol Perform.
2010;5:406-411.

Lambert M, Borresen J. A theoretical basis of monitoring fatigue: a practical approach
for coaches. Int J Sports Sci Coach. 2006;1(4):371-388.

Morgan WP, Brown DR, Raglin JS, O'connor PJ, Ellickson KA. Psychological monitoring of
overtraining and staleness. Br J Sports Med. 1987;21(3):107-114.

Saw AE, Main LC, Gastin PB. Monitoring the athlete training response: Subjective self-
reported measures trump commonly used objective measures: a systematic review. Br
J Sports Med. 2016;50(5):281-291.

Taylor K, Chapman DW, Cronin JB, Newton MJ, Gill N. Fatigue monitoring in high
performance sport: A survey of current trends. J Aus Strength Cond. 2012;20(1):12-23.
Vanrenterghem J, Nedergaard NJ, Robinson MA, Drust B. Training load monitoring in
team sports: a novel framework separating physiological and biomechanical load-
adaptation pathways. Sports Med. 2017;47(11):2135-2142.

Hooper SL, MacKinnon LT. Monitoring overtraining in athletes. Recommendations.
Sports Med. 1995;20(5):321-327.

Coyne JC, Haff GG, Coutts A, Newton RU, Nimphius S. The current state of subjective
training load monitoring—a practical perspective and call to action. Sports Med - Open.
2018;4(1):58.

Ward P, Coutts AJ, Pruna R, McCall A. Putting the ‘i’ back in team. Int J Sports Physiol
Perform. 2018:1-14.

Mann TN, Lamberts RP, Lambert MI. High responders and low responders: Factors
associated with individual variation in response to standardized training. Sports Med.
2014;44(8):1113-1124.

Bellenger CR, Karavirta L, Thomson RL, Robertson EY, Davison K, Buckley ID.
Contextualising parasympathetic hyperactivity in functionally overreached athletes with
perceptions of training tolerance. Int J Sports Physiol Perform. 2016;11(5):685-692.

123



22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Aubry A, Hausswirth C, Louis J, Coutts AJ, Buchheit M, Le Meur Y. The development of
functional overreaching is associated with a faster heart rate recovery in endurance
athletes. PloS one. 2015;10(10):e0139754.

Aubry A, Hausswirth C, Louis J, Coutts AJ, Le Meur Y. Functional overreaching: the key
to peak performance during the taper? Med Sci Sports Exerc. 2014;46(9):1769-1777.
Lamberts RP. Predicting cycling performance in trained to elite male and female cyclists.
Int J Sports Physiol Perform. 2014;9(4):610-614.

Buchheit M. Monitoring training status with HR measures: do all roads lead to Rome?
Front Physiol. 2014;5(73).

Bellenger CR, Fuller JT, Thomson RL, Davison K, Robertson EY, Buckley JD. Monitoring
athletic training status through autonomic heart rate regulation: A systematic review
and meta-analysis. Sports Med. 2016:1-26.

Plews DJ, Laursen PB, Kilding AE, Buchheit M. Heart rate variability in elite triathletes, is
variation in variability the key to effective training? A case comparison. Eur J Appl
Physiol. 2012;112(11):3729-3741.

Thomson RL, Bellenger CR, Howe PR, Karavirta L, Buckley JD. Improved heart rate
recovery despite reduce exercise performance following heavy training: A within-
subject analysis. J Sci Med Sport. 2015;In Press.

Viru A, Viru M. Nature of training effects. Philadelphia: Lippincott Williams and Wilkins;
2000.

Bowes I, Jones RL. Working at the edge of chaos: Understanding coaching as a complex,
interpersonal system. Sport Psychol. 2006;20(2):235-245.

Meeusen R, Duclos M, Foster C, Fry A, Gleeson M, Nieman D, Raglin J, Rietjens G,
Steinacker J, Urhausen A. Prevention, diagnosis and treatment of the overtraining
syndrome: Joint consensus statement of the European College of Sport Science (ECSS)
and the American College of Sports Medicine (ACSM). Eur J Sport Sci. 2013;13(1):1-24.
Wallace LK, Slattery KM, Coutts AJ. The ecological validity and application of the session-
RPE method for quantifying training loads in swimming. J Strength Cond Res.
2009;23(1):33-38.

Barroso R, Cardoso RK, do Carmo EC, Tricoli V. Perceived exertion in coaches and young
swimmers with different training experience. Int J Sports Physiol Perform. 2014;9:212-
216.

Brink MS, Frencken WGP, Jordet G, Lemmink KAPM. Coaches' and players' perceptions
of training dose: Not a perfect match. Int J Sports Physiol Perform. 2014;9(3):497-502.

124



Chapter 8

Summary and Future Directions

125



THESIS SUMMARY

Despite the ubiquitous nature of athlete monitoring tools in high performance sport, it is
currently unknown if these systems can be used to assess an athlete’s readiness to perform in
training or competition. Although there are an extensive number of research papers reporting
how athlete monitoring systems can be implemented into high performance programs 4, no
studies had previously assessed if the use of a monitoring system could improve on an
experienced coach’s subjective assessment of athletic performance. Furthermore, no studies
had assessed the accuracy of coach observations and the subjective assessment of an athlete’s
performance. Finally, it was also unknown if a coach’s subjective assessment of their athlete’s
readiness to perform is improved when athlete monitoring tools are integrated with coach
expertise. Therefore, this thesis assessed the accuracy of an athlete monitoring system and
coach subjective assessments to identify athlete readiness to performance and performance

changes in highly trained swimmers.

The studies within this thesis built on the knowledge and practical application of athlete
monitoring systems in high performance sport. Specifically, this thesis assessed the prediction
accuracy of athlete monitoring tools to identify performance changes (Study 1 and 2) and
provided objective information on an athlete’s training response (Study 1 and 3). Furthermore,
initial evidence was provided on the accuracy of a coach’s subjective assessment of their
athlete’s readiness to perform (Study 3 and 4) and ability to quantify the expected training
responses (Study 3). Finally, the ability of monitoring tools to improve on a coach’s prediction of

their athlete’s performances was also examined (Study 4).

The findings of the current thesis contribute to the prior knowledge base on contextualising
multiple athlete monitoring tools to identify performance change in highly trained athletes.

Indeed, when comparing results from Study 1 and 2, multi-factorial models had higher
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diagnostic accuracy to identify both longitudinal improvements and decrements in
performance. However, when aiming to assess short term changes in performance there were
weaker results. Therefore, while these findings support the concept of a multi-factorial
approach, there is still limited accuracy in the practical application of these models to identify
short term performance changes. In contrast, the results from Study 3 and 4 demonstrated the
high diagnostic accuracy of a coach’s subjective assessment of their athlete’s performance.
These results provide initial support to quantify a swim coach’s professional judgement and
skilled intuition when assessing athletic performance. These findings may provide a benchmark
for future research aiming to contribute to a coach’s understanding of performance change.
However, the results from Study 3 also identified a poor relationship between coach expected
to athlete reported subjective questionnaires and training intensity. As such, a coach may be
provided with unknown or unexpected information of how their athletes are responding to
training through the reporting of monitoring variables with a good signal-to-noise ratio (shown
in Study 1). As such, this thesis provided evidence to support a coach’s subjective assessment of
athletic performance in highly trained swimmers. However, the use of athlete monitoring tools
may assist a coach to have a more comprehensive understanding of their athlete’s response to

training.
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FUTURE RESEARCH

To expand on the findings of this thesis and develop a greater understanding of coaches’
subjective assessment of athlete performances and the role of monitoring systems in assessing
an athlete’s readiness to perform, it is suggested that further research should investigate:

e Multi-centre studies on coaches’ subjective assessment of athletic performance across
multiple sports, differing levels of expertise and predicting different outcomes (e.g.
training adaptations, race results, pacing strategies etc.). While this thesis provided new
information on the use of both coach predictions and athlete monitoring data, multi-
centre studies will provide larger data sets for a more comprehensive analysis.

e Assess the multi-factorial models in an out of sample population in both swimmers and
across sports to identify potential cross over of these conceptual models. Although the
findings from this study provide initial evidence supporting athlete monitoring systems
to identify performance change, they have not been assessed on an independent group
of athletes.

e Explore the development of coaching expertise and skilled intuition within swimming
and other sports. It is currently not known if this strong subjective assessment found
within this thesis is applicable across difference sports, where coaches may have less
frequent observations of their athletes, or in less controllable training or competition
environments.

e The role that regularly reporting athlete monitoring data has on the development or
inhibition of coaching expertise and skilled intuition. While it is commonly believed that
the use of monitoring may assist coaches in the decision-making process, it is unknown
if the long-term reporting of athlete monitoring data may inhibit a coach’s development
of expertise. It is currently unknown if coaches may become reliant on “data” with

frequent reporting suppressing coaches’ professional judgement and skilled intuition.
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Assess the sensitivity and specificity of athlete monitoring tools and their diagnostic
accuracy for other important outcomes in sport such as injury and illness. While this
thesis aimed to assess the predictive accuracy of athlete monitoring and performance
changes, there is still limited evidence supporting these measures and their prediction

accuracy to identify illness and injury in high performance athletes.
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You should consider this your official letter of approval.

contact Research.Ethics@uts.edu.au.

To access this application, please follow the URLs below:

If you require a hard copy, please

e if accessing within the UTS network: http://rmprod.itd.uts.edu.au/RMENet/HOMOO1N.aspx

e if accessing outside of UTS network: https://remote.uts.edu.au, and click on "RMENet -

ResearchMaster Enterprise" after logging in.

We value your feedback on the online ethics process. If you would like to provide feedback please go

to: http://surveys.uts.edu.au/surveys/onlineethics/index.cfm

If you have any queries about your ethics approval, or require any amendments to your research in the future,

please do not hesitate to contact Research.Ethics@uts.edu.au.

Yours sincerely,

Professor Marion Haas

Chairperson

UTS Human Research Ethics Committee
C/- Research & Innovation Office

University of Technology, Sydney

E: Research.Ethics@uts.edu.au

I: http://www.research.uts.edu.au/policies/restricted/ethics.html

P: PO Box 123, BROADWAY NSW 2007
[Level 14, Building 1, Broadway Campus]

CB01.14.08.04
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COACH INFORMED CONSENT

| (participant's name) agree to participate in the research project

“Man versus machine: Assessing the proof of concept for the implementation of an athlete monitoring
system” being conducted by Stephen Crowcroft at the Faculty of Health, University of Technology, Sydney
(UTS) and the NSW Institute of Sport (NSWIS). | understand the purpose of the study is to investigate the
physiological and perceptual changes of an athlete leading into competitions, the association to changes
in performance and to compare an athlete’s response against coaches expected outcomes. | understand
that | have been asked to participate in this research project due to my current status as a coach of highly
trained competitive swimmer. | am aware that my participation in this research may involve up 5 minutes
of my time at the beginning of each week and 2 minutes daily until April 2016. | also understand that
there are possible risks for my athletes who will be participating in this study. These possible risks are:

1. Risk of infection during blood and saliva sample collection: There is a slight risk of infection when
blood samples are withdrawn during pinprick or while collecting saliva samples. However, this risk
will be minimised through all capillarised blood sampling from pinprick and passive saliva samples
be undertaken by trained personnel under sterile conditions using standard procedures

2. Fatigue from testing: The exercise protocols in the present study may be demanding. It is
anticipated that your athletes may feel general fatigue from physical testing completed in this
study. However, this fatigue will be no greater than your athletes normally endure during
competition or training.

3. Muscle strains: There is a minor risk of suffering a muscular strain during the exercise completed
during the studies. As the testing in some instances involves maximal force production, it is
important for athletes warm up prior to exercise and warm down at the completion. Leading up to
the maximal tests, it is expected that your athletes would perform activities that gradually aim to
build up muscle temperature to ensure that injury risk is minimised during testing.

I understand that UTS attempts to ensure that the greatest of care will be taken by the researchers during
the testing and training sessions. However, | acknowledge that UTS, its agents and employees will not be
liable for any loss or damage arising directly or indirectly from these testing and training sessions. |
acknowledge and accept that there are risks involved, including but not limited to discomfort, injury and,
in extremely rare circumstances, death. | acknowledge and accept that my participation is entirely
voluntary, and that UTS has accepted my participation in good faith without express implied warranty. |
am aware that | can contact Stephen Crowcroft (M: +61 , E:
Stephen.J.Crowcroft@student.uts.edu.au) or Professor Aaron Coutts- UTS PhD supervisor E:
Aaron.coutts@uts.edu.au) if | have any concerns about the research. | also understand that | am free to
withdraw my participation from this research project at any time | wish, without consequences, and
without giving a reason. | agree that Stephen Crowcroft has answered all my questions fully and clearly.
| agree that the research data gathered from this project may be published in a form that does not identify
me in any way.

S S

Signature (participant)

S S

Signature (research or delegate)
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ATHLETE INFORMED CONSENT

| (participant's name) agree to participate in the research project

“Man versus machine: Assessing the proof of concept for the implementation of an athlete monitoring
system” being conducted by Stephen Crowcroft at the Faculty of Health, University of Technology, Sydney
(UTS) and the NSW Institute of Sport (NSWIS). | understand the purpose of the study is to investigate the
physiological and perceptual changes of an athlete leading into competitions, there association to changes
in performance and to compare an athlete’s response against coaches expected outcomes. | understand
that | have been asked to participate in this research project due to my current status as a highly trained
competitive swimmer. | am aware that my participation in this research may involve up to 10 minutes of
my time daily until April 2016. | also understand that there are possible risks in participating in this study.
These possible risks are:

4. Risk of infection during blood and saliva sample collection: There is a slight risk of infection when
blood samples are withdrawn during pinprick or while collecting saliva samples. However, this risk
will be minimised through all capillarised blood sampling from pinprick and passive saliva samples
be undertaken by trained personnel under sterile conditions using standard procedures.

5. Fatigue from testing: The exercise protocols in the present study may be demanding. It is
anticipated that you may feel general fatigue from physical testing completed in this study.
However, this fatigue will be no greater than you normally endure during competition or training.

6. Muscle strains: There is a minor risk of suffering a muscular strain during the exercise completed
during the studies. As the testing in some instances involves maximal force production, it is
important for the subject to warm up prior to exercise and warm down at the completion. Leading
up to the maximal tests, you will perform activities that gradually aim to build up muscle
temperature to ensure that injury risk is minimised during testing.

| understand that UTS attempts to ensure that the greatest of care will be taken by the researchers during
the testing and training sessions. However, | acknowledge that UTS, its agents and employees will not be
liable for any loss or damage arising directly or indirectly from these testing and training sessions. |
acknowledge and accept that there are risks involved, including but not limited to discomfort, injury and,
in extremely rare circumstances, death. | acknowledge and accept that my participation is entirely
voluntary, and that UTS has accepted my participation in good faith without express implied warranty. |
am aware that | can contact Stephen Crowcroft (M: +61 , E: Stephen.Crowcroft@uts.edu.au)
or Professor Aaron Coutts- UTS PhD supervisor E: Aaron.coutts@uts.edu.au) if | have any concerns about
the research. | also understand that | am free to withdraw my participation from this research project at
any time | wish, without consequences, and without giving a reason. | agree that Stephen Crowcroft has
answered all my questions fully and clearly. | agree that the research data gathered from this project may
be published in a form that does not identify me in any way.

S S

Signature (participant)

S S

Signature (research or delegate)

135


mailto:Stephen.J.Crowcroft@student.uts.edu.au
mailto:Aaron.coutts@uts.edu.au

ATHLETE MONITORING QUESTIONNAIRE

To be completed each morning before training

Time to bed:
Sleep quality:
1 Much worse than normal
2 worse than normal
3 normal
4 better than normal
5 much better than normal
Total Quality Recovery:
6
7 Very,very poor recovery
8
9  Very poor recovery
10
11  Poor recovery
12
13 Reasonable recovery
14
15 Good recovery
16
17 Very good recovery
18
19 Very, very good recovery
20

To be completed following each session by athletes

Rating of Perceived exertion

6
7

10
11
12
13
14
15
16
17
18
19
20

Very, very light

Very light

Fairly light

Somewhat hard

Hard

Very hard

Very, very hard

T wakingtime:| |

Perceived Fatigue:

1
2
3
4
5

Much worse than normal
worse than normal
normal

better than normal
much better than normal

Injury/ lliness:

v »p W N -

High Intensity swimming:

Comments:

Discomfort
Pain

Injury
Sick/illness
Other

Comments:

Sleep Quality:

Total quality recovery:

Perceived fatigue:

Injury/ lliness rating:

Session Type

Total Distance Swum:

Session Duration:

Session RPE
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