Sports Engineering (2021) 24:9
https://doi.org/10.1007/512283-021-00346-1

ORIGINAL ARTICLE q

Check for
updates

Applying ubiquitous sensing to estimate perceived exertion based
on cardiorespiratory features

Leonardo de Almeida e Bueno' - Man Ting Kwong' - William R. F. Milnthorpe' - Runbei Cheng' -
Jeroen H. M. Bergmann'

Accepted: 9 April 2021
© The Author(s) 2021

Abstract

Reliable monitoring of one’s response to exercise intensity is imperative to effectively plan and manage training, but not
always practical in impact sports settings. This study aimed to evaluate if an inexpensive mobile cardio-respiratory moni-
toring system can achieve similar performance to a metabolic cart in estimating rated perceived exertion. Eight adult men
volunteered to perform treadmill tests under different conditions. Cardiorespiratory data were collected using a metabolic
cart and an instrumented oral-cavity device, as well as their ratings of perceived exertion. Pearson correlation corrected for
repeated measurements and stepwise regression analysis were used to observe the relationship between the cardiorespira-
tory features and the ratings of perceived exertion and determine the proportion of the variance of exertion that could be
explained by the measurements. Minute ventilation was found to be the most associated variable to perceived exertion, closely
followed by a novel metric called the audio minute volume, which can be collected by the oral-cavity device. A generalised
linear model combining minute ventilation, audio minute volume, heart rate and respiration rate accounted for 64% of the
variance in perceived exertion, whilst a model with only audio minute volume accounted for 56%. Our study indicates that
minute ventilation is key to estimating perceived exertion during indoor running exercises. Audio minute volume was also
observed to perform comparably to a lab-based metabolic cart in estimating perceived exertion. This research indicates
that mobile techniques offer the potential for real-world data collection of an athlete’s physiological load and estimation of
perceived exertion.

Keywords Performance - Physiological assessment - Stepwise regression - In-body wearables - Physiological
measurement - Sensors

1 Introduction

Fatigue is defined as the “sensations of tiredness and asso-
ciated decrements in muscular performance and function”
[1]. It comprises behavioural, metabolic and mental effects
that can affect the physical performance of participants [2].
Fatigue is best described in terms of losing maximum or
potential performance due to activity, where performance
is carefully described in terms of, e.g. force, speed or power
[3]. Monitoring fatigue is crucial for evaluating real-world
performance and it allows for a better understanding of its
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effects in different activities, especially in athletic perfor-
mance [4].

Within team sports, fatigue is a risk factor for injuries
[5-8]. Studies in injury patterns in football suggest that mus-
culoskeletal injuries are more likely towards the end of each
half of a match [9, 10]. However, it is a constant challenge
for coaches, doctors and physiotherapists to prescribe suf-
ficient training load for an athlete while minimising over-
training and risk of injury [11]. Inter-individual variations
in response to exercise may result in some athletes at risk of
overtraining and others unstimulated in response to similar
prescribed exercise [12—14]. Understanding one’s response
to exercise intensity is imperative to effectively plan and
manage training.

Several metrics and scales exist to measure human fatigue
and its effects [15]. The Borg Rated Perceived Exertion
(RPE) scale is widely used for monitoring the conscious
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perception of exertion [16]. It ranges from “6” to “20” where
multiplying the RPE score by ten would indicate the corre-
sponding resting heart rate (HR) of a normal healthy adult
man in beats per minute. Borg also developed the Category-
Ratio (CR) scales Borg CR10 ranging from “0” to “10” [17].
The Borg scales are recognised for measuring whole-body
exertion, muscle pain and strain [8]. Higher RPE levels
typically indicate higher levels of perceived physiological
stress and fatigue. Mental fatigue also affects RPE and can
impact overall performance in physical tasks whilst having
no changes in the metabolic response of the body. These
results indicate a high connection between RPE, motiva-
tion and cognitive depletion [2]. This renders RPE highly
sensitive to subjective perturbations. Nevertheless, its use is
well-established in sports science and occupational health
[14, 18, 19].

RPE is a metric for quantifying the conscious sensation
of exertion [20]. Whilst RPE is often linked to the level of
physical effort (how intense or strenuous a physical task is),
it captures holistically other stressors beyond physical effort
[21]. In practice, however, RPE is a subjective measure that
requires direct surveying, which therefore limits its use for
monitoring an athlete’s health. The American College of
Sports Medicine warrants further investigation into the use
of subjective metrics to prescribe specific training intensities
[22]. RPE also demands a series of training and familiarisa-
tion sessions between athletes and coaches to consistently
rate the training load, limiting its use by elite and especially
non-elite athletes [23-26]. Finally, any subjective metric of
athletic effort is impractical during competitions. For these
reasons, it would be desirable to be able to identify detect-
able factors that underpin the RPE and estimate it through
the use of ubiquitous measurement systems. Considering
that the RPE scale was inspired by the HR response of the
body under physical stress, it is not surprising that HR can
act as a good proxy for RPE. However, the variation in HR
can be multi-factorial [27, 28]. The interpretation of HR
alone to reflect the internal load of an athlete may not be
straight forward [28, 29]. Other physiological factors also
affect the individual’s perception of effort. Minute ventila-
tion (VE) has also been known to be associated with physi-
cal stressors. VE depends on both respiration rate (Rf) and
tidal volume (VT) [30, 31]. For lower levels of exercise, the
VT normally changes first and as the activity level increases,
Rf starts to respond. There is evidence that Rf or other res-
piratory factors may be associated with fatigue measured
as RPE. Nicolo et al. reported that Rf may be insightful at
monitoring exertion during cycling and football exercises
[21, 32, 33]. Nevertheless, the exact association between Rf
and RPE could differ based on the mode of exercise due to
locomotor—respiratory coupling effect [31].

Given that RPE cannot be directly measured in real-
time and that there is a need to monitor physical as well as
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perceived effort during activities, it is important to evaluate
the physiological response to the load that occur in training
and competition scenarios. Portable versions of metabolic
carts, frequently used in laboratory tests, have been used in
outdoors sports scenarios [13, 34]. Impact sports such as
Australian Football and Rugby rely on HR as a physiologi-
cal measure during competition due to the high costs and
the difficulties in safely capturing other metabolic signals
[19]. Nevertheless, the training load applied to athletes may
not be fully explained by the measures available in these
environments [21].

We aim to compare the estimation of RPE response based
on cardiorespiratory parameters collected from commercial
metabolic carts and an inexpensive mobile instrumented
oral-based device. Considering that VE, Rf and VT are asso-
ciated with RPE, we speculate that proxy measurements of
these parameters extracted from the participants’ breathing
audio response could also be associated with RPE. As VE is
a product of Rf and VT we propose to also examine the RPE
association of a novel metric, audio minute volume (aVE)
comprised of the Rf and the intensity of the breathing audio.
A three-stage treadmill test designed to collect metabolic
and RPE responses of athletes while running. The collected
cardiorespiratory parameters and their associated RPE will
be examined first by studying the correlation between RPE
and each metabolic variable. Second, a generalised linear
model (GLM) was used as a tool to identify metabolic vari-
ables that are important for understanding RPE. The ultimate
aim of this study is to demonstrate the feasibility of tracking
athletic performance and fatigue based on signals obtainable
from an inexpensive mobile device.

2 Materials and methods
2.1 Participants

For this study, data were collected from eight healthy male
volunteers. The participants were all recreational ath-
letes from contact sports and were familiarised with the
use of mouthguards. The participants had an age range of
20-39 years, 72-120 kg and height 170-187 cm. All par-
ticipants were informed of the general purpose of the study
and gave written consent. The experimental protocols were
approved by the Research Ethics Committee of the Uni-
versity of Oxford (R43470/REQ01). Our participants were
self-declared healthy and capable of carrying out the intense
activity required.

2.2 Familiarisation session

A preliminary data-acquisition session was performed in an
outdoor setting, where the participants were asked to wear
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both an instrumented oral-cavity device for respiratory audio
recording and a portable metabolic cart. The participants
were then asked to perform the 20 m multi-stage fitness test,
also known as the beep test [35], running between lanes
marked with the RPE Borg CR10 scale with verbal anchors
[36]. Participants were instructed to step on the lane with
the RPE level that best corresponded to their overall fatigue
level at each running round (see Fig. 1). RPE “0”, omit-
ted from the lines, was assumed to be scored when partici-
pants step out of the line beyond the RPE “1” score. Both
end lines were filmed and RPE level at each running round
was recorded. This session did not include acquisition of all
required data for the final study and was used primarily for
the participants to familiarise with the use of the oral-cavity
device, the metabolic cart and the RPE Borg CR10 scale
with verbal anchors. Data from this session were not used
for drawing any major conclusions for this study.

2.3 Experimental protocol

Al least 48 h after the familiarisation session, the partici-
pants performed the experimental protocol containing three
running tests: a maximal oxygen consumption (VOyy,,) test,
a time-to-exhaustion test and an interval test. Participants
were asked to wear both the instrumented oral-cavity device
for respiratory audio recording and a metabolic system from
2 min before the start of the activity until 2 min after the end
of each test. Between each test, the participants had 10 min
of recovery (of which 6 min without wearing any systems).
All tests were completed on a Woodway PPS55 Sport tread-
mill. Each participant was familiarised with the equipment
before the experiments.

The RPE Borg CR10 scale with verbal anchors [36]
was placed in front of the treadmill at a readable distance
from the participants. Prior to the session start, participants
stretched and warmed up by running on the treadmill at

Fig. 1 a Experimental setup

for the outdoor familiarisation
session. Subjects were asked to
perform the 20 m multi-stage
fitness test between two lines
with RPE CR10 lanes [35].
Both lines were recorded for
posterior analysis of the RPE. b
Lanes with the RPE CR10 with
verbal anchors [36]. The partici-
pants had to step at the lane that
best correspond to their RPE
level at each stage of the test

their own selected pace for up to 10 min. Participants were
informed of the experimental protocol and on how to assess
RPE during exercise. They were requested to score their
overall fatigue level either by pointing to the RPE scale or by
showing the score count with their hands. The participants
were asked to score their RPE level every 30 s and were also
encouraged to notify the researchers of their fatigue level
whenever they felt it had changed.

Following the warm-up, the participants’ VO,y,, were
tested under an incremental speed test. The treadmill’s
speed profile was set initially at 9 km/h with a 0.75 km/h
increase every minute. The end of the test was signalled by
the participant when they could no longer continue the activ-
ity. VO, .« Was validated by two or more of the following:
a plateau in oxygen consumption, a respiratory exchange
ratio> 1.15, an RPE > 9, and HR within + 10 beats/min of
the age-predicted maximum. The final speed increment
recorded before the end of the test was termed the VO,
speed and was used in subsequent tests. During the time-to-
exhaustion test, the participants were asked to run at their
VO,\ax SPeed for as long as possible. During the interval
test, the participants were asked to complete five 1-min
intervals at their VO,y,,, speed, with a 30 s rest between
each interval.

2.4 Measurements of metabolic variables

Respiratory data were obtained using a Metamax MetaLyzer
3B-R3 metabolic system (Cortex Metamax, Germany) in
the breath-by-breath (B X B) modality. Data was collected
through a V2 series face mask (Hans Rudolph Incorporated,
Kansas, USA) and fed to the cart via a cable connection.

Calibrations were undertaken following the manufactur-
er’s guidelines. The application and fitting of the face mask
were completed as stated by the instructions for use.
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HR data were captured using a POLAR HI heart rate
monitor (Polar NV, Finland) positioned on the thorax of
the participant, using an elastic strap.

A personalised instrumented oral-cavity device was
made for each participant. The device comprised of the
commercially available STEVAL-STLKTO01V1 develop-
ment board (STMicroelectronics, Switzerland) housed
in ethylene—vinyl acetate and positioned in the palate of
the participant’s oral cavity (Fig. 2). This device contains
an ARM Cortex-M4 microprocessor (STM32L476JGY,
STMicroelectronics, Switzerland) capable of running at up
to 80 MHz, a Bluetooth 4.2 network processor (BlueNRG-
MS, STMicroelectronics, Switzerland), a digital micro-
phone (MP34DTO05-A, STMicroelectronics, Switzerland)
with a 64 dB signal-to-noise ratio and —26 dBFS +3 dB
sensitivity, and SD memory card slot. Breathing audio was
sampled at 8 kHz and 16 bits per sample. The develop-
ment board also contains a battery charger and a 100 mAh
rechargeable lithium-ion battery, which was charged to full
capacity before encapsulation for each testing series. The
housing was made from the dental casts of each participant
using a thermoforming process, to obtain a tight fit. The
audio was recorded as WAV files in the SD Card and later
recovered by the authors.

Data alignment of the instrumented device and the
metabolic cart were achieved by asking the participants
to hold a breath for 5 s immediately before the start of each
test, as this was a respiratory event that could be visually
identified on both systems.

Fig.2 Personalised instrumented oral-cavity device comprised of
a STEVAL-STLKTO1V1 development board (STMicroelectronics,
Switzerland) housed in ethylene—vinyl acetate and positioned in the
palate of the participant’s oral cavity
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2.5 Signal processing

All data processing were performed posterior to the experi-
ments. The aVE was calculated by obtaining the product
of the audio volume amplitude and the Rf. Rf can also be
obtained from the audio data through signal processing
methods [37—41], although this process demands a valida-
tion that is beyond the aims of this study. For this reason,
only the Rf from the metabolic cart, the gold standard, was
used for the following analysis. Preliminary testing identified
noise related to stepping and movement to be under 100 Hz,
as well as those related to coughing and speech to be above
400 Hz. Breathing audio was isolated with a second-order
Butterworth band-pass filter with corner frequencies at 100
and 400 Hz. The audio volume amplitude was calculated
using the RMS of the audio samples during the breath period
as indicated by the metabolic system.

In all the tests, Rf (breaths/min), VE (I/min), VT (I/
breath), oxygen volume (VO,, ml min~! kg™!) HR (beats/
min), and aVE (audio intensity/min) were recorded.

Readings resulting from spurious breathing events were
filtered out using the localised mean and standard deviation
[42]. The filtered data were interpolated to 1-s intervals and
averaged in 10-s bins [21].

After the pre-processing, the maximum VO, value was
obtained at the last minute of each test per participant,
named VO, The reference for all the other parameters
(HR s VE ears VT peais Rfper, and aVE, ) was obtained at
the time point when the participants achieved their VO, ..
All parameters were normalised using the individual’s peak
values.

2.6 Statistical analysis

Pearson correlation analysis with the repeated observation
correction [43] was calculated and examined for correla-
tions between RPE and each metabolic variable. Next, a
simple generalised linear model was built using stepwise
regression method performed on all the data. The prediction
terms were added to or removed from the model based on
the model deviance. A normal distribution was determined
and a P value <0.05 was considered statistically significant.
This model was applied to understand how RPE variance is
explained under the assumption of linearity and independ-
ence of the predictors.

3 Results
3.1 Exercise outcomes

All participants were able to complete the VO, test
to volitional fatigue. However, not all test sets by all
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participants were successfully recorded with the measure-
ment systems. One time-to-exhaustion and one interval test
were not performed by one participant, due to a minor injury.
Another interval test and VO, test from two other par-
ticipants were excluded, due to technical problems in the
recording equipment. A total of five complete test sets and
three incomplete sets were used for data analysis (see Table,
Online Resource 1, for pre-processed data). Corrupted test
data from any participant were excluded from the final analy-
sis. Cardiorespiratory and physical endpoints are in Table 1.

Table 1 Cardiorespiratory and physical outcomes during the exercise
tests

Outcome Mean+SD

VO (ml min~" kg™") 54.58+2.77
HR .y (beats/min) 190.94 +9.84
VE o (Vmin) 153.76£21.56
VT eq (Vbreath) 2.57+0.36
Rfje, (breaths/min) 60.84+11.75
aVE,, (audio intensity/min) 21.56+6.80
TTE duration (s) 187.12+33.24
VO, speed (km/h) 14.40+3.13

VO,,.q peak oxygen consumption, HR,., peak heart rate, VE,,
peak minute ventilation, VT, peak tidal volume, Rf,, peak respira-
tion rate, aVE,,,. peak audio minute volume, TTE duration duration
of the time-to-exhaustion test, VO, speed speed at peak oxygen

consumption

3.2 Relationship to cardiorespiratory measures

Pearson correlation analyses were performed to indicate
which of the physiological predictors were more closely
associated with RPE. Within-participant variability biases
were eliminated using the repeated observation corrections
[43]. VE showed the highest correlation to RPE (r=0.843),
followed by aVE (r=0.831), Rf (r=0.774), HR (r=0.770),
VO, (r=0.705) and VT (r=0.381). All results were signifi-
cant (P-value <0.05).

3.3 Perceived exertion modelling

All data points from all tests associated with each RPE
score were binned together to form the boxplots of predic-
tors against RPE (Fig. 3). This data aggregation did not
differentiate recovery and exercise moments. The stepwise
regression analysis was performed to build a GLM and
assess how much the predictors account for the variance in
the RPE. When using all the available predictors, both from
mobile sources and from the metabolic cart the final univari-
ate GLM consisting of the determinants and their interac-
tions that best predict maximal RPE follows the equation
RPE~1+ VE+aVE+HR +VO,. The model yielded an
adjusted coefficient of determination (R?) of 0.640, Akaike
information criterion of 2230.58, a root mean-squared error
of 1.6202, a normalised root mean-squared error of 16.20%,
and included VE, VO,, HR and aVE with P-value at<0.01.
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Fig.3 Boxplot of the normalised metabolic data and the Borg CR10
Rating of Perceived Exertion (RPE) levels. Heart rate (HR), respira-
tion frequency (Rf), minute ventilation (VE), tidal volume (VT), oxy-

gen volume (VO,), and audio minute volume (aVE) are normalised
by their value at the moment of VO,y;,,.. VO« Was defined as the
maximum value of VO, in the last minute of any test of each athlete
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VE appeared the most significant and accounted for about
58.4% of the variability in RPE. aVE and HR came next as
second and third most significant predictors, respectively,
and accounted each for an additional 2.3% of the variance.
Finally, VO, was the least significant predictor added and
accounted for under 1% of the variance in the data. When
restricting the possible predictors to only aVE, the resulting
model yielded an R? of 0.568, an Akaike information crite-
rion of 2334.12, a root mean-squared error of 1.7851 and a
normalised root mean-squared error of 17.85%. (see Table,
Online Resource 2, for information on the GLM models).

4 Discussion

This study compared strategies for capturing cardiorespira-
tory parameters and estimating RPE during running exer-
cises. We compared the data acquired from a metabolic card
and an oral-based monitoring system. A novel metric, aVE,
that can be measured by an instrumented oral-cavity device
was introduced. RPE was used to quantify the fatigue felt
by the participant. Using the Pearson correlation analysis
and the generalised linear model approach, VE was found
to be the most important metabolic parameter for charac-
terising fatigue. It has the highest correlation of all param-
eters (r=0.843) and accounts for about 58% of the RPE
variance. VE can be combined with HR, aVE, and VO, in a
linear model to estimate about 64% of RPE’s variance. Our
results also indicate that aVE is the second most important
metabolic parameter both in correlation (r=0.831) and in
explanation of variability of RPE. Note that aVE and HR are
parameters that can be measured using inexpensive mobile
systems. This preliminary result indicates that such moni-
toring devices may be useful to estimate the physiological
response to exercise. In addition to this result, an R?0f0.513
was found for a model that just includes aVE indicating that
it can be used to some extent for RPE prediction.

Our outcomes corroborate the association between car-
diorespiratory parameters with RPE suggested by Nicolo
et al. indicating that breathing parameters (including VE
and Rf) are more significant than HR for explaining RPE
during various tests of changing intensity for cyclists and
football players [21, 32, 33, 44, 45]. We also found that HR,
although not as relevant as VE and aVE, can still be useful
for explaining RPE. This result corroborates the results of
Zinoubi et al. showing that HR is highly correlated with RPE
when compared across continuous and alternating intensity
exercises [46].

This research shows that an oral-based monitoring system
could be used in competition scenarios of impact sports and
provide insights into the player’s fatigue. A device capable
of monitoring respiratory rate can be applied to track physi-
cal effort to theoretically improve the immediate response to
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athlete fatigue in the field. Such a device has the potential to
provide truly ubiquitous sensing within contact sports creat-
ing new opportunities in player management. This approach
is less expensive than the use of portable metabolic carts and
it could be combined with HR, positional and inertial sen-
sors to better inform coaches and reduce training imbalances
among the athletes.

The designed test protocol was intentionally physically
exhausting for the participants to enable capturing data
points more evenly across all fatigue levels rather than just
at the lower level. This approach allowed higher confidence
in the model predictions, especially for the higher fatigue
levels. However, since all the exercises were performed in
1 day, results for individuals’ variations in different test days
could not be extrapolated. Also, the accumulated fatigue lim-
ited the performance of the participants, especially during
the time-to-exhaustion test, which required the participants
to run at VO,,« speed just 10 min after running the VO,
test until volitional exhaustion. It is important to note that
during our study, participants were requested to score their
overall fatigue level and not their current effort level. For
this reason, the RPE scores provided may be different from
“0” when the participants are in recovery. Indeed, this is
noticeable in the RPE levels reported during the rest peri-
ods of the interval test, where participants were reporting
increasingly higher RPE levels in rest as the test progressed.
This phenomenon was expected by the authors based on the
experimental protocol chosen. This study design adds a bias
towards the measurement of fatigue instead of the measure-
ment of effort, which limits its direct comparison with some
of the results of other studies.

Regarding the perceived exertion, it can be noted that no
single variable can explain all the variance observed in RPE.
RPE is a subjective metric that includes the whole-body
experience and is likely to encompass more than just objec-
tive physiological predictors [36]. RPE was shown vary dur-
ing different formats of rugby-specific training while maxi-
mum HR and time spend above 85% of maximum HR have
no significant difference [47]. This result combined with the
studies indicating that session RPE may be a reliable method
to quantify intensities of resistance training [48], collision-
based team sports [49] and soccer [50] suggest that RPE may
offer an ability to monitor anaerobic exertion. These studies,
however, do not include respiration based metrics which are
better associated with perceived exertion and exercise toler-
ance than heart rate, blood lactate and oxygen uptake for
some experimental conditions, including, muscle damage,
muscle fatigue, respiratory muscle fatigue, and prior exercise
[51]. Even though a remarkable level of explained variance
was reached using solely the respiratory metrics, our study
was not designed to analyse in detail the implications of
anaerobic exertion. Further studies should be performed to
investigate how aVE is affected by resistance training.
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It is also important to observe that the tests were per-
formed using recreational athletes. As listed in the exercise
outcomes, the peak oxygen consumption, the short dura-
tion of the time-to-exhaustion tests (mean just above 3 min
under the mean speed of 14.40 km/h) and other performance
indicators point to active participants at a non-elite group.
Due to limitations of non-elite athletes under acute physical
exercise, such as lower perceptual-cognitive performance
[52], different exertion response with HR and blood lactate
[53] and lower motivation [54], tests comparing elite and
non-elite athletes may differ in the relationship between spe-
cific cardiorespiratory parameters and the measured RPE.

The small sample size of this study limits the generalisa-
tion of the conclusions. further studies are required to bet-
ter assess how RPE is determined by variables such as HR,
Rf, VE and aVE. Training specificity is a well-established
construct that highlights that real-world experience might
differ from the lab conditions. Most of the participants were
recreational impact sports players and not solely focussed
on running. Furthermore, data from the outdoor familiarisa-
tion session using a different metabolic cart conducted by
this group found higher VO, values (see beeptest data
in Online Resource 1). This resulted in a different relation-
ship between the respiration data and RPE, which could
reduce the significance of HR. In this unpublished data,
the » between RPE and VE was 0.914, RPE and aVE was
0.921 and RPE and Rf was 0.843. This outdoors test did
not include heart rate monitor, which limits the generalisa-
tion of its results and does not allow for combined analysis
with the treadmill tests. Yet, it further indicates the potential
that respiratory parameters can have in estimating RPE as
observed by Nicolo et al. [33]. Moreover, it might indicate
that these parameters play an even more significant role dur-
ing on-field applications. More real-world examination of
RPE and cardiorespiratory parameters is needed to uncover
how they operate in field-specific conditions.

It is speculated that aVE has a significant correlation with
RPE due to the association between VE and physical stress-
ors. We have shown that aVE has a higher RPE correlation
than Rf and HR and a comparable one to VE. From exam-
ining the boxplots in Fig. 2, it can be noted the aVE has a
higher variance than VE for similar RPE levels.

The oral-cavity device was able to capture both oral and
nasopharyngeal breathing with high quality. We were able
to observe a range of breathing effort levels, from the most
subtle breathing (below 15 breaths per minute) through to
rapid breathing (above 60 breaths per minute). Prelimi-
nary analysis performed indicate that nasopharyngeal is
still clearly detectable due to the proximity to the emitting
source of the sound. We speculate that nasopharyngeal
breathing results in lower audio intensities and conse-
quentially lower aVE. Since this breathing mode is only
possible at lower RPE levels, aVE would still be suitable

to track RPE. Nevertheless, further studies are required
to further investigate the effects of nasopharyngeal in the
data. Future work on optimising the signal-to-noise ratio
will further increase the potential of the device to capture
breathing data and of aVE as a useful metric in identifying
fatigue from athletes. There is potential to the continued
improvement of the mechanical design of the oral-based
monitoring system through miniaturising and improved
comfort. It is important to highlight, unlike metabolic
variables, aVE, in theory, only requires the capture and
processing of respiration audio. As a proof-of-concept,
Rf from the metabolic cart was used in this study. Future
development is needed to improve signal processing and
obtain an Rf from the captured audio data as accurate as
from the metabolic carts. Once this step is achieved, the
oral-based monitoring system can be used alone in sce-
narios where other measurements are inaccessible, such
as on-field data collection in real sports scenarios.

5 Conclusions

This study investigated the relationship between cardiorespi-
ratory measurements and RPE during running and evaluated
if parameters obtained from inexpensive, wearable monitors
could be used to estimate RPE. It introduces a novel metric
(aVE) that has a strong association with RPE and can poten-
tially be used as a metric when the use of portable metabolic
carts is not viable. More importantly, this study provides
support for the possibility to move continuous and objective
monitoring of RPE away from the lab and puts it on the field.
This will create an opportunity to better understand player
welfare and performance under real-world conditions that
relate to the specificity of the physical activity performed.
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