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ABSTRACT

Athletes can and do use wearables and personal devices to track
multiple aspects of personal information about their performance,
but it is currently difficult for them to gain an integrated and useful
picture of their long-term information. We designed a questionnaire
to investigate whether athletes value and track four important fac-
tors (physical health, mental health, nutrition, and sleep) in relation
to their performance using wearables and current athlete manage-
ment systems. Sixteen athletes from various sports completed the
questionnaire. Key results show the mismatch between perceived
value versus actual nutrition, sleep, and mental health tracking
but consistency on physical health. There also seems to be a di-
vide on the perceived usefulness of athlete management systems.
These results point to challenges for collecting and interpreting
data that athletes want and also inform the design of athlete man-
agement systems, especially those that integrate both self-reported
and wearable data.
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1 INTRODUCTION

Athletes who use wearables and personal devices often aim to
collect and reflect on their personal information about their perfor-
mance. Based on long-term personal information records, athletes
and coaches decide to continue or change behaviour to improve
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performance. However, user experience problems limit the effective-
ness of systems intended to help people interpret personal informa-
tion from sensor technologies and easy-to-use journals to change
behaviour [9, 25]. This study aims to establish the requirements for
future research on athlete management frameworks that integrate
diverse forms of personal data to provide valuable insights about
athlete performance.

Sports science literature has identified over twenty relevant vari-
ables, collected from wearables and self-reported measures, that
affect an athlete’s development and performance, [2-6, 23, 28]. We
have grouped these variables into four larger categories: physical
health, mental health, sleep, and nutrition (hereby referred to as
four "factors”). These factors do not include static or external en-
vironmental factors, but they are the main simplified groups of
variables used in the assessment of athletes. Analysing multiple
factors together can provide a data-driven holistic understanding
of an individual’s talent development and sporting performance
[14, 30, 42]. But to gather personalised insights of multiple factors
on an individual athlete, time series data is needed (N-of-1 data),
which calls for long-term multi-variate tracking [10]. To our knowl-
edge, these four factors have not been analysed together quanti-
tatively to understand how they can be combined for a holistic
picture of factors affecting an athlete’s performance.

To address the research-practice gap, we aimed to answer the
following research questions: (RQ1) Which factors do athletes
perceive as important for their performance? (RQ2) Which factors
do athletes actually monitor to improve their performance? (RQ3)
Which factors do athletes find useful to monitor using current
athlete management system platforms?

2 RELATED WORK

Many theories underpin Personal Informatics, a human-computer
interaction research area that aims to gain insights to harness-
ing long-term tracking data. Epstein et al. [12] builds upon the Li
et al. [25] linear model and proposed a cyclic model with three
main stages: configuration, data capture, and feedback. Like Li et al.
[25], Epstein et al. [12] identify how barriers cascade over different
stages and that systems should be user-driven and multifaceted.
But the Epstein et al. [12] model adds stages for goal-orientated
trackers and the types of motivations for deciding to track. The
model also accounts for ‘lapsing’ and ‘resuming’ to understand mi-
cro and macro gaps that occur in long-term tracking data [11]. An
athlete might decide to temporarily stop using their tracking device
or filling out their journal. Why these gaps occur depends on the
individual’s context, but the literature has identified that if automa-
tion is limited, long-term tracking can increase the cost of tracking


https://doi.org/10.1145/3675094.3677600
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3675094.3677600
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3675094.3677600&domain=pdf&date_stamp=2024-10-05

UbiComp Companion ’24, October 5-9, 2024, Melbourne, VIC, Australia

effort or maintenance, compromising the data quality [7, 10, 11, 24].
Specific to athletes is a focus on tracking for sport-specific goals
[36]. Overall, key challenges for long-term personal information
tracking are balancing the effort of tracking with quality of data
and interpreting the data with contextual information [11].

Use of rich collections of diverse tracking data for individuals
and groups has been explored in multiple disciplines, including
sports science, health science, and personal informatics. Studies
combining physical health markers and nutrition for athlete train-
ing and performance include Mata et al. [27], Donciu et al. [8],
Hakkila et al. [16], Heather et al. [18], and Martin et al. [26]. Others
linked physical health and psychological markers in relation to
athlete identity and performance such as Ng and Ryba [33], Rapp
and Tirabeni [38], Abdullah et al. [1], Heather et al. [18], and Van
Ryswyk et al. [45]. Generally, previous work has explored ways
to enable coaches and athletes to reflect on one or two of the four
factors, typically over a short term.

Although Smyth et al. [42] mention how all four factors and en-
vironmental context can affect a recreational runner’s performance,
they used only physical activity from Strava [19] for machine learn-
ing algorithms driving recommendations. Similarly, the runners’
recommender system by Donciu et al. [8] used physical activity
data with nutrition data to personalise recommendations for pre-
and post-running nutrition. Neither recommender system collected
data on other measures, such as sleep or mental state. Sports rec-
ommender systems that do analyse at least two of the four factors
often do not support bundled recommendations [15]. For example,
food recommenders do not also guide training sessions and sleep.

Data mining in sport science for human activity recognition
(HAR) has been concentrated within computer vision, with some
multimodal work combining video and multiple wearables [37, 46,
48]. These approaches primarily apply deep learning models like
CNN. However these methods can be very costly and need large
amounts of labelled data, which can be difficult to collect in health
domains [46]. Data synchronisation and high-dimensional process-
ing issues make it difficult to process self-collected multimodal data
[48] and current conceptual frameworks that aim to build discov-
ery pipelines (i.e., Phatak et al.[37]), fail to account for temporal
changes in user motivations during data collection (i.e., Epstein et al.
model. [12]). Data collection frameworks from Personal Informatics
and Sport Science need to be bridged.

Despite the consensus that multiple factors and processes affect
an individual’s health and performance, both computer science
and sports science literature have not done this. Even with many
wearables, easy-to-use self-reported journals, and platforms that
combine data from various sources [28, 29, 35, 41, 49], their inte-
grated use has not been realised for all four factors.

3 STUDY DESIGN

Are athletes unsatisfied with current systems because they do not
meet personalisation needs, or do athletes simply not see value in
tracking all four factors to improve their performance? To answer
our research questions and discover whether athletes’ tracking per-
ceptions and behaviours align, we designed a questionnaire!. This

!nstitutional Ethics Committee - HREC Approval No.: 2023/710. This research is
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was administered in Qualtrics. We recruited athletes via Australian
university sports clubs, social media, and sports newsletters.?

Since prior research has identified differences in wearable use
between amateur and elite athletes, the survey first asked demo-
graphic, sport, and training-specific questions to classify their level
of "eliteness" [38, 39, 44]. Athletes were then asked to rate the im-
portance of tracking each factors for their performance (RQ1) and
about their use of wearables (RQ2). Participants were asked about
the wearables they use, how often they use them, how long they
have been using them, and why they use or stopped using them.

Current athlete monitoring tools focus on the coach’s perspective
[32, 40, 43]. Since these tools collect athletes’ data, from athletes, we
asked athlete participants about the usefulness of the AMS [34] (an
athlete management system created by the Australian Institute of
Sport) to their success as an athlete (RQ3). The AMS aims to capture,
analyse, and visualise “data from a variety of sources including
athlete entered questionnaires, automated integration of wellbeing
and monitoring tools, and purpose-built applications” [34].

Participants were invited to provide brief explanations through-
out the survey to help identify potential challenges they face re-
garding tracking, interpretation, and data sharing concerns. For
example, RQ1 and RQ3 were presented as a matrix with a Likert
scale and a comment box next to each scale. Participants were asked
to briefly explain their Likert scale choice in the box.

4 RESULTS

The questionnaire was completed by 16 athletes (12 male, 4 fe-
male, age range = 21-41+, median age = 38). They are from diverse
sports (N=12), and most reside in Australia (N=14). Over 80% use a
wearable tracker almost every day, most for over 4 years (max=15,
min=1.3). About half (N=9) use a Garmin Watch or Apple Watch.
Other wearables reported include Fitbit, Oura Ring, Polar Watch,
Wahoo, and Whoop. Just one did not use a wearable tracker, but is
open to using one in the future.

Figure 1 shows the importance ratings for each of the four factors
to track. These results address RQ1. Strikingly, over 60% of athletes
saw each of the four factors as at least important. Notably, this was
over 90% (15 out of 16 athletes) for sleep. For physical health, this
was over 80% (13 out of 16 athletes). Only 3 of the athletes rated
mental health as unimportant and only 1 that for nutrition.

Figure 2 shows which of the factors these athletes actually track.
These results address RQ2. Although around two-thirds of respon-
dents do track all four factors, physical health was the only pillar
all athletes track. For physical health, 6.2% of these athletes only
tracked their physical health outside of training, 18.8% of athletes
only tracked their physical health during training, and 75% tracked
physical health both during and outside training sessions/seasons.
Almost a third of athletes did not track nutrition at all, and a quarter
did not track mental health.

Comparing Figure 1 and Figure 2, we can see a mismatch between
the perceived importance and actual tracking of nutrition, mental
health, and sleep. Only the physical health had close alignment
between perceived value and tracking behavior.

Figure 3 shows feedback from the athletes who use the AMS
(N=8) when asked how useful they believe the AMS is in tracking

2A copy of the questionnaire is available online here.
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the four factors for their success as an athlete. These results address
RQ3. Respondents were divided about the usefulness of the AMS.
Although 5 out of the 8 athletes view the AMS as useful for sleep
and physical health, only 1 athlete found it useful for mental health
and 3 found it useful for nutrition. Table 1 provides examples of the
explanations for the ratings summarised in Figure 3. These indicate
the diverse views and experiences of these participants.

5 DISCUSSION

Athletes who answered the questionnaire overwhelmingly sup-
ported the notion that all four factors are important for their per-
formance (see Figure 1). This finding aligns with the broader sports
science literature [4]. The athletes may be well-educated with sports
science theories and studies, may have coaches who are well-read
in the discipline, or may have experienced first hand how each
pillar affects their performance. Nevertheless, some of these ath-
letes are not tracking every pillar (see Figure 2) even if they believe
it is important to track and are unsatisfied with current athlete
management systems (see Figure 3).

5.1 Physical Health

Sports is heavily focused on the physical body. Unsurprisingly,
most wearable technologies developed in the industry have focused
on physical health markers such as heart rate [28]. Athletes from
the questionnaire find physical health a very important factor to
consider tracking in relation to performance which seemingly trans-
lated to all respondents tracking physical health. In fact, majority of
the athletes track physical health both during and outside of train-
ing. The intense focus within engineering and health industries on
improving such technologies that measure physical health, such
as their non-intrusivity and automation of data collection, might
have had an impact in physical health being most tracked out of all
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18.8%

18.8%
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Figure 1: Questionnaire responses to: “As an athlete, how
important is it to track these factors in relation to your
Net performance?”

100%

Not important M Not important at all

Figure 2: Questionnaire responses to: “Have you or your
coach tracked any of these factors?”
N=16

100%

During training M Neither

12.5%

100%

Not useful E Not useful at all
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nog Figure 3: Questionnaire responses to: “How useful do you
think the Athlete Management System (AMS) is to your
success as an athlete? Very briefly explain why you feel
that way.”

of the factors. Situating these technologies within the Epstein et
al. [12] model, such non-intrusivity and automation reduces laps-
ing and enables continuity of tracking and acting. Nevertheless,
there is still room for improvement-a survey respondent men-
tioned that although the AMS is useful in relation to an athlete’s
physical health success, they “don’t think there is a platform out
there which monitors [physical health] well enough” Many cur-
rent sports recommender systems lack integration of sport-specific
goals and real-time feedback, which may be shortcomings relevant
to monitoring physical health [15, 36].

5.2 Sleep

Users often seek greater personalisation and tailored feedback to
understand and change behaviours [33, 39], which could explain
the disconnect between questionnaire respondents feeling sleep is
an important variable and not tracking it despite already having the
technology to do so. It is possible that sleep analysis feedback is not
presented in a way users can easily digest and understand. A survey
respondent also expressed concerns about accuracy and validity of
sleep analysis of current platforms, “I'm not sure of the accuracy of
the current platforms that rate sleep quality and track sleep time.
Athletes, especially elites, are disciplined characters and although
they believe sleep is imperative for their performance, tracking sleep
does not feel necessary [38, 39]. Taking into consideration the types
of motivations outlined in the Epstein et al. [12] model, an athlete’s
motivation for deciding to track can change over time, depending
on the broader context. Athletes might find it useful to track sleep
when they are faced with jet-lag challenges during international
competitions [20]. Tracking sleep might feel necessary at different
stages of an athlete’s journey and future systems should address
uncertainty concerns associated with sleep analysis results. We
suspect that future systems also need to take into consideration how
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Table 1: Selected comments explaining the rating for "How
useful do you think the Athlete Management System (AMS)
is to your success as an athlete?"

Physical Health

Very Useful / Useful: “I can measure how I'm performing over the long term”,
“Helping to maintain motivation”, “Good for fast bowlers to manage load and
reduce injury”, “This is key to monitoring improvement, but I don’t think there
is a platform out there which monitors it well enough”, “My whole training is
based off HR. Without being able to access that data I would find it very hard
to train the way I do.”

Not Useful / Not useful at all: “ Experience tells me what to watch out for”

Mental Health

Very Useful / Useful: “My mental health is very much linked to feeling phys-
ically fit”, “For athletes who are more challenged with mental health, tracking
success against mental health conditions may provide them valuable insights”
Not Useful / Not useful at all: “ Not enough truth from athletes to make rele-

vant”, “Experience tells me what to watch out for stressors impacting perfor-
mance" , “Its not something that I really track, I just say when I feel that way”

Nutrition

Very Useful / Useful: “I think it could assist, particularly in tracking if there
is a performance issue. But for me, like many athletes, the existing methods of
data input are too onerous or too variable. To understand the full picture of all
nutrition should be tracked 100% of the time, not just during and post exercise”
, “Impacting performance and recovery. Making sure the right foods are being
consumed”

Not Useful / Not useful at all: “Relies too much manual input”, “Again, I
don’t track and dont think I ever will again due to prior issues”

Sleep

Very Useful / Useful: “It is tracked but only because I wear my watch all the
time. I know if I have had a bad nights sleep or if I'm not getting enough
sleep based off how I feel. I don’t need/use the data there really”, “Helps
to adjust training load as needed”, “Longitudinal data very important can
predict and foresee injuries”, “I think sleep tracking is valuable for monitoring
performance. But I'm not sure of the accuracy of the current platforms that
rate sleep quality and track sleep time”

Not Useful / Not useful at all: “No data tracking”

motivation for deciding to track can change over time—motivations
during off season might be out of curiosity or instrumental, whereas
during pre-season they might be because of behaviour change
or domain specific goals, such as travel effects. These changes in
motivations change the manner in which data should be reflected
on to avoid lapsing.

5.3 Nutrition

Most respondents found nutrition to be an important factor to track
in relation to athlete performance, however over 30% of respon-
dents do not track nutrition at all. Nutrition is a difficult variable to
measure and collect data on long term. Commercial apps such as My-
FitnessPal and researchers such as Donciu et al. [8], Mata et al. [27],
and Wilson-Barnes et al. [47] have worked on designing platforms
that can track and recommend nutrition for user needs. However,
validity and accuracy issues around self-reported nutrition diaries
regarding caloric counts, intake time, macro/micro-nutrient counts
are prevalent [13, 17, 21, 26, 27]. Questionnaire respondents found
nutrition tracking, “too much manual input” and that “the existing
methods of data input are too onerous or too variable” even if they
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found it useful to track. Unlike sleep, these athletes are less con-
cerned with validity or accuracy of nutrition tracking, rather the
mismatch between perceived importance of nutrition and actual
tracking seems to be due to the time consuming nature of nutrition
diaries. Taking into consideration the Epstein et al. [12] model, to
avoid lapsing, nutrition tracking needs to minimise manual input
to reduce user burden.

5.4 Mental Health

Like nutrition, most respondents found mental health as an impor-
tant pillar, however a quarter of the athletes did not track its effects
on their performance. Mental health is not easily tracked long-term
and pattern identification and interventions need to be personalised
to the individual and interpersonal contexts [31]. There are many
studies about tracking mental health in the personal informatics
literature, such as Rapp and Tirabeni et al. [39], Murnane et al.[31],
and Kim et al. [22]. However, current systems used by athletes in
Australia, such as the AMS, seem to lack explainability [22] and fail
to create trust with its users (see Table 1 - Mental Health). A ques-
tionnaire respondent mentioned there is “not enough truth from
athletes” and another mentioned that the question on the AMS was
a simple question asking whether you need help or not. The AMS
seems to lack nuance and half of the respondents found the AMS
was not useful for tracking their mental health in relation to their
success as an athlete (see Figure 3). Although sport psychology and
personal informatics related to mental health are extensive fields
of research and athletes clearly understand its importance towards
their performance, systems are competing with individual intuition.
Future studies should focus on creating systems with greater ex-
plainability surrounding mental health tracking to highlight where
intuition might fail.

6 CONCLUSION

There is some to much dissatisfaction with current platforms in
regards to all four factors and there is a need to investigate how we
can improve the data collection and long-term monitoring of the
four factors, especially nutrition, mental health and sleep. Overall,
it seems the greater reliance on self-report measures, the less a
factor is tracked. Although the results support the notion that
there is a gap between theory and practice around tracking and
monitoring tools, this study is limited by its lack of sample diversity,
older-male athlete bias, and the potential bias of self-reporting.
Nevertheless, the mismatch seen between perceived importance and
actual tracking of the four factors in this study contributes towards
establishing parameters that need to be considered when creating
athlete data management platforms. Future studies could extend
this study by collecting data from more athletes to discover greater
qualitative data on how dissatisfaction with current platforms can
be addressed. Future research might also like to focus on improving
the communication of methods and visualisations of data to address
the lack of trust and reliance on experience, which might encourage
athletes to explore their data to discover new patterns and possible
ways to improve their performance.
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