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Abstract—Triathlon training combines swimming, cycling, and
running, often at high volumes, to prepare athletes for long-
distance events. The highly intense physical demand puts athletes
at significant risk of overuse injuries. While wearable devices
provide continuous, high-frequency insights into an athlete’s
physiological response to training, extracting meaningful, action-
able patterns remains a challenge - especially for everyday users.
Understanding these metrics and their relationship with injury
risk is critical to optimizing training strategies and preventing
injuries before they occur.

This work proposes a learning model to identify patterns
that indicate an increased risk of injury, allowing proactive
adjustments to training loads. However, building a generalizable
model in sports science and healthcare presents a key challenge:
the need for large, high-quality labelled datasets, which are often
limited by privacy concerns. To address this limitation, this
work also explores the generation and application of a highly
realistic synthetic dataset that ensures robust model training
while mitigating privacy constraints.

Index Terms—Machine Learning, Wearable Devices, Synthetic
Data, Sports Science

I. INTRODUCTION

Triathlon is a demanding multi-sport discipline combining
swimming, cycling, and running, which requires a high-level
of endurance and high training volumes. The rigorous nature of
triathlon training places athletes at significant risk of overuse
injuries, as documented by Andersen et al [1], who reported
that 56% of 174 participants in the 2011 Norseman Xtreme
Triathlon developed overuse injuries while preparing for the
event’s grueling 3.8km swim, 180km cycle, and 42km run.

Overuse injuries typically stem from overtraining, i.e., a
condition where training loads exceed an athlete’s recovery ca-
pacity, leading to physiological maladaptations, and increased
injury susceptibility [2]. By recognizing patterns associated
with overtraining and, therefore, injury risk, athletes and
coaches can implement data-driven adjustments to training
protocols.

Recent advances in wearable technology and machine learn-
ing (ML) have revolutionized sports science by enabling large-
scale analysis of physiological data and predictive modeling
for injury prevention. While ML has shown promise in sports
like football [3] and running [6] for detecting workload-
related risks based on wearable sensors, triathlon—a multi-
sport context—remains underexplored. Also, existing studies
often focus on sport-specific metrics, neglecting broader fac-
tors such as sleep quality, stress levels, and daily habits that

influence recovery and performance. An additional significant
limitation in existing research is the reliance on small, sport-
specific datasets created for individual studies, which often
lack diversity and generalizability. Collection of comprehen-
sive training and injury data is hindered by ethical challenges
and strict data privacy regulations in health and sports sciences
[7].

This paper proposes a novel ML-based approach to predict
injury risk and optimize training in triathlon. The contributions
are outlined as follows:

o Synthetic dataset: given the scarcity of real-world
datasets, this work will build a realistic synthetic dataset
that models complex interactions between training load,
recovery metrics, and injury risk.

« Holistic analysis: provide a multimodal analysis integrat-
ing lifestyle factors such as sleep quality, stress levels, and
daily habits. This will provide a detailed and personalized
understanding of injury risks and allow for tailoring
trainings.

The remainder of the paper is outlined as follows. Section II
presents selected related work in the field. Section III outlines
the approach and synthetic data generation method. Section
IV details the ML model development and validation strategy,
and Section V presents considerations and future work.

II. RELATED WORK

Prior research in injury prediction spans several intercon-
nected domains that inform our approach. We examine key
methodological approaches and limitations our work aims to
address.

A. Injury Prediction in Endurance Sports

ML techniques are popular to predict injuries across various
sports. Rossi et al [3] achieved 80% recall using decision trees
on GPS data from professional footballers, while Lévdal et
al [6] demonstrated that day-to-day monitoring (AUC = 0.724)
outperformed weekly models in runners, suggesting higher-
frequency data collection improves prediction accuracy.

The physiological foundations are established by Kienstra
et al [8], who explored the non-linear nature of injury de-
velopment in triathletes, highlighting the relationship between
acute/chronic workload ratios (recommended: 0.8-1.35) and
tissue adaptation. Halson [11] established that internal load
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monitoring through heart rate measures and subjective assess-
ments is essential for understanding individual responses.

Chen [10] introduced multi-relational clustering to identify
distinct risk profiles, while Naglah et al [5] developed a hierar-
chical ML framework integrating load metrics from wearables.
These approaches demonstrate the value of multimodal data
integration but have not been specifically applied to triathlon’s
three-discipline context.

A shortcoming of prior work is the focus on single disci-
plines, failing to address the unique cross-training effects and
varied biomechanical demands of triathlon. Also, a finding
is that model simplicity often improves performance with
physiological data outside traning, which is a principle we
incorporate in our modeling strategy.

B. Synthetic Data Generation in Sports Science

The scarcity of large-scale training and injury data is a
significant challenge. Hohl er al [7] found that TimeGAN
demonstrated the best balance between fidelity, diversity, and
predictive utility when evaluated using regression models with
limited endurance athlete datasets. Lange er al [12] explored
GAN-based approaches for generating physiological time se-
ries, with Conditional GAN emerging as most effective when
augmenting real training data.

Our work extends these methods by developing a synthetic
data generation framework specifically designed for triathlon’s
unique multi-disciplinary nature, incorporating domain knowl-
edge of the interactions between swimming, cycling, and
running.

IITI. SYNTHETIC DATA GENERATION APPROACH

Our methodology centers on creating a realistic synthetic
data framework that captures the complex interaction between
training load, recovery metrics, and injury risk in triathletes.
This approach addresses data limitations in current research
while enabling robust injury prediction models. Figure 1
provides an overview of our two-phase process.

The synthetic data generation phase is well advanced, with
the main framework, outlined below, in place and showing
strong potential for producing a realistic dataset. Our current
focus is on fine-tuning parameters and in particular refining
the correlations between heart rate, power, speed, and altitude
time-series for activities to further enhance physiological re-
alism.

A. Synthetic Athlete Profile Generation

We generate diverse, physiologically realistic athlete pro-
files defined by 24 parameters covering demographic factors
(gender, age, height, weight), physiological metrics (genetic
predisposition, heart rate variability (HRV) baseline and range,
resting, maximal and lactate threshold heart rates, VO;max),
sport specific performance indicators (functional threshold
power, critical swim speed, running threshold pace), training
history (experience level, weekly hours, recovery rate) and
lifestyle factors (sleep patterns, diet, stress, smoking and
alcohol consumption)
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Fig. 1. Methodology overview: Synthetic Dataset Generation and ML model
development

Parameter distributions are derived from published popu-
lation studies of triathletes, with interdependencies modelled
using established sport science principles to maintain physio-
logical realism and internal consistency.

B. Training Plan Generation and Daily Simulation

For each synthetic athlete, we generate a customized annual
training plan following periodization principles. The plan
incorporates random races and structures phases (base, build,
peak, recovery) based on race proximity.

The daily simulation process iterates through the year,
modelling:

1) Morning metrics simulation: Sleep metrics, HRV, rest-
ing heart rate, and morning body battery based on
previous training load and recovery status

2) Training execution: Probabilistic deviations
planned workouts based on morning metrics

3) Sport-specific wearable data: Detailed time-series data
for each workout including heart rate, power, pace, and
stroke rate
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4) Training load updates: Calculation of acute (7-day) and
chronic (42-day) loads across disciplines

5) Evening metrics: Stress levels, recovery state, and
evening body battery

Critical to our approach is simulating realistic deviations
between planned and actual training responses. Although
coaches may design theoretically injury-proof programs fol-
lowing sports science principles, our model accounts for how
external factors, such as lifestyle behaviors, sleep quality, and
psychological stress, significantly alter an athlete’s physiolog-
ical response to training loads, potentially triggering injuries
despite sound program design.

C. Injury Risk Modeling and Label Generation

We implement a probabilistic injury model based on estab-
lished risk factors. Daily injury probability is calculated as:

P(injury) = f(ACW R, fatigue, recovery, athlete_factors)

ey

Where ACWR represents the acute:chronic workload ratio,

fatigue measures accumulated training stress, recovery inte-

grates sleep and cardiac metrics, and athlete factors include

individual risk modifiers. The function incorporates non-linear

relationships between risk factors, with exponentially increas-
ing risk when multiple factors align.

IV. MODEL DEVELOPMENT AND VALIDATION

Our injury prediction framework uses a three-stage mod-
elling approach, which includes pre-processing the synthetic
data, training the ML models and evaluating them. The pre-
processing is crucial because there will be an imbalance
between injury occurrences and non-injury days that needs
to be addressed in order to avoid bias towards non-signalling
risks. Model development will include the comparison of
several algorithms, following the findings of related work,
including LASSO regression, XGBoost and random forest
with class-balanced sampling. Models will be evaluated using
stratified 5-fold cross-validation with AUPRC as the primary
metric given the class imbalance.

In order to assess the realism of our synthetic data, we will
validate our model using real wearable device data and exam-
ine its ability to predict injury events. Our current efforts are
focused on refining the synthetic data generation framework
before moving on to full model development, so this stage
may be subject to refinement.

V. CONSIDERATIONS AND FUTURE WORK

This paper presents a novel framework for injury prediction
in triathletes by integrating wearable sensor data, lifestyle fac-
tors, and synthetic data generation. Unlike prior models, which
focus mainly on training workload, our approach will provide
a holistic analysis incorporating stress, sleep, and recovery
patterns, improving the personalization and generalizability of
injury risk predictions.

At this stage, we have established the foundational compo-
nents for synthetic data generation, including athlete profile

parametrization, training periodization modeling, and proba-
bilistic injury risk simulation. These components allow for
the creation of realistic datasets that mimic real-world athlete
responses and deviations from planned training regimens.

The next phase of our research will focus on refining the
synthetic data model to enhance physiological realism and
validate its effectiveness against real-world wearable device
data. We will systematically calibrate the synthetic dataset
based on published triathlete performance distributions and
assess model robustness through cross-validation techniques.
Furthermore, we will explore optimal ML algorithms for injury
prediction, comparing the effectiveness of LASSO regression,
XGBoost, and random forest models.

In addition to methodological refinements in our approach,
future work will address practical implementation challenges,
such as real-time injury risk monitoring and integration with
existing athlete tracking platforms. By bridging the gap be-
tween theoretical modeling and applied sports science, our
research aims to contribute toward data-driven coaching strate-
gies that enhance athlete performance while minimizing injury
risk.
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