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Abstract
Background  Individual factors related to performance in age group triathletes competing in different race distances 
have been explored in scientific literature. However, only a few studies have been conducted using machine learning 
(ML) predictive models to explore the importance of those individual factors. This study intended to build and 
analyze machine learning regression models that predict the performance of IRONMAN® 70.3 age group triathletes, 
considering sex, age, country of origin, and event location as predictive factors. A total of 823,464 finishers´ records 
(625,398 men and 198,066 women) of IRONMAN® 70.3 age group triathletes participating in 197 different events 
in 183 different locations between 2004 and 2020 were analyzed. The triathletes’ sex, age, country of origin, event 
location and year, and race finish times were thus obtained and considered for the study. Four different ML regression 
models were built to predict the triathletes’ race times from their age, sex, country of origin, and race location. The 
model with the best performance was then selected and further analyzed using model-agnostic interpretability tools 
to understand which factors would contribute most to the model predictions.

Results  The Random Forest Regressor model obtained the best predictive score. This model’s partial dependence 
plots indicated that men under 30 years, from Switzerland or Denmark, competing in IRONMAN®70.3 Austria/St. 
Polten, IRONMAN® 70.3 Switzerland, IRONMAN® 70.3 Sunshine Coast, and IRONMAN® 70.3 Busselton presented the 
best performance.

Conclusions  Our results prove that ML models can be used to examine the complex, non-linear interactions 
between the factors that influence performance and gain insights that can help IRONMAN® 70.3 age group triathletes 
better plan their races.

Key Points
Performance in amateur IRONMAN® 70.3 is most strongly predicted by age, nationality and event location.
Machine learning models can be used to examine the complex, non-linear interactions between the factors that 
influence performance in endurance activities.
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Background
The participation of non-professional athletes in endur-
ance events such as triathlons has significantly increased 
in the last few years [1]. Considering the full-distance 
IRONMAN® triathlon—which consists of 3.8 km swim-
ming, 90 km cycling, and 42.2 km running—North 
American and European countries were over-repre-
sented among the best athletes competing in IRON-
MAN® Hawaii as the IRONMAN® World Championship 
[2, 3]. The fastest women and men also originated from 
the USA [2, 4]. Regarding performance, IRONMAN® ath-
letes’ performance involves many factors related to indi-
vidual and environmental characteristics while also being 
dependent on the distance of the competition [5, 6].

As outdoor sports practitioners, IRONMAN® athletes 
are exposed to different constraints during training and 
competition, including equipment, pacing strategy, aero-
dynamics, and contextual features [7]. Different envi-
ronmental characteristics (e.g., water temperature, wind 
speed, altimetry, temperature, etc.) directly influence the 
athletes’ performance [8, 9]. Water characteristics such 
as temperature have been studied for swimming related 
to physiological adaptations and performance outcomes 
[10]. Weather factors (such as wind, temperature, humid-
ity, and altitude) will affect the fluid dynamics (air and 
water) and, with it, drag [11, 12]. The higher the drag, the 
higher the resistance acting on the athletes. In addition to 
the many factors that can improve an athlete’s aero- and 
hydrodynamics, in IRONMAN® swimming split, athletes 
can also draft behind or on the hip of a fellow swimmer 
to save a massive amount of energy [13].

For cycling, the race course is an important variable to 
consider, given that technical features can differ based 
on natural and physical challenges [14–16]. Wind and 
rain negatively correlate with drafting and positional 
resources [7]. For running, temperature, barometric 
pressure, humidity and sunshine duration were nega-
tively correlated to the endurance runners’ performance 
at different competitive levels [17–19]; also,  running 
technique plays an important role in the runners’ perfor-
mance [14]. These different environmental characteristics 
seem to influence the performance of endurance athletes 
differently.

Among the individual factors related to performance, 
age and sex have been previously investigated. For ath-
letes competing in the IRONMAN® 70.3 (1.9 km swim-
ming, 90 km cycling, 21.1 km running), the performance 
decline in swimming tended to start in early young ath-
letes, while the decline in running performance started at 
26 to 28 years in both sexes. For cycling, the age-related 
performance decline started at 34 years for men and at 
35 years for women [20–22]. These characteristics shed 
light on sex differences [23, 24], in which women pres-
ent a lower performance baseline than men [23]. To 

minimize the decrease in performance, triathletes’ tend 
to select competitions based on environmental condi-
tions (i.e. lower temperature, humidity and higher baro-
metric pressure will result in higher drag). Altitude also 
seems to play an important role in performance. Every 
detail counts where marginal gains may be decisive for 
the finishing time [7, 12].

Despite the vast scientific knowledge regarding the dif-
ferent variables that are related to the performance of 
amateur (age group or recreational) triathletes, few stud-
ies have been developed using machine learning models 
considering the environmental factors as predictors for 
performance. Although amateur athletes have less time 
to dedicate to training since their professional activities 
are not directly related to the sport [25], training charac-
teristics and competition participation are still important 
factors in maximizing performance. Runners should con-
sider training plans, internal and external load monitor-
ing, recovery strategies, nutrition, hydration, and sleep 
[5].

Two different groups of athletes compete in triath-
lon races: professional and amateur (age group or rec-
reational) triathletes. A study reported that the fastest 
race times for professional IRONMAN® 70.3 triathletes 
would be achieved in the Ironman® 70.3 World Cham-
pionship [26]. Although the World Championship is the 
most important race for professional triathletes, we do 
not know the fastest race courses and the fastest athletes 
for amateur (age group or recreational) IRONMAN® 70.3 
triathletes. This study intended to build machine learning 
regression models to predict the performance of IRON-
MAN® 70.3 age group triathletes, considering the triath-
lete’s sex, age, country of origin, and event location, and 
to further analyze the underlying logic of how each of 
these factors contributes to the predictions. Since ama-
teur (age group or recreational) triathletes also compete 
in the IRONMAN® 70.3 World Championship alongside 
professional triathletes, we hypothesized that the IRON-
MAN® 70.3 World Championship would also be the fast-
est racecourse for amateur (age group or recreational) 
triathletes.

Methods
Ethics Approval
The study was approved by the Institutional Review 
Board of Kanton St. Gallen, Switzerland. The Institu-
tional Review Board of Kanton St. Gallen, Switzerland 
waived the need for informed consent of the participants 
as the study involved the analysis of publicly available 
data Kantonale Ethikkommission St. Gallen [EKSG]. The 
study was conducted following recognized ethical stan-
dards according to the Declaration of Helsinki adopted in 
1964 and revised in 2013.
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Data Set and Data Preparation
Race data were downloaded from the official IRONMAN® 
70.3 website (www.ironman.com) using a Python script. 
The athletes’ sex, age, country of origin, event location 
and year, and times for swimming, running, cycling, and 
transitioning were thus obtained. We analyzed age group 
finishers' race data of all IRONMAN® 70.3 races recorded 
on the IRONMAN® 70.3 website between 2004 and 2020. 
Data considered for this analysis were the race finish 
time, the triathlete’s age, sex, and country of origin, and 
the race location.

Statistical Analysis and Machine Learning Modeling
Descriptive statistics are presented using mean, standard 
deviation, frequencies, and percentages. Four machine-
learning regression models were built and compared 
using four different algorithms: Random Forest Regres-
sor, XG Boost Regressor, Cat Boost Regressor, and Deci-
sion Tree Regressor. The mean absolute error (MAE) and 
R-squared (R2) accuracy metrics were calculated for each 
algorithm, as were the features’ relative importance. The 
MAE represents the mean of the absolute values of the 
individual prediction errors over all instances in the test 
set [27], in which higher values mean higher prediction 
errors. R2 is a statistical measure representing the pro-
portion of the variance of the dependent variable (predic-
tions) that can be explained by the model’s independent 
variables (predictors). The feature’s relative importance 
represents a score for each feature in a specific model. 
Higher values correspond to features that present higher 

importance in predicting the target variable. The model 
output, or predicted variable, was the finish time in sec-
onds, while sex, age group, country of origin, and event 
location were used as predictors. All predictors were cat-
egorical variables; hence they were encoded into numeri-
cal values before they could be fit into the models. Sex 
was encoded as 0 for women and 1 for men. Age group 
was encoded using the lower value in each group (18 for 
age group 18–24 years, 25 for 25–29 years, etc.). At the 
same time, the event location and country were sorted by 
the number of records and then encoded based on their 
position in the resulting list (rank encoding). The full 
dataset was used to train the models (no separate evalu-
ation sample) since we were more interested in the mod-
el’s interpretability than in its predictive power. All data 
processing and analysis were done using Python ​(​​​h​t​t​p​s​:​/​/​
w​w​w​.​p​y​t​h​o​n​.​o​r​g​​​​​) and a Google Colab (Jupyter) notebook 
(​h​t​t​p​​s​:​/​​/​c​o​l​​a​b​​.​r​e​​s​e​a​​r​c​h​.​​g​o​​o​g​l​e​.​c​o​m​/​n​o​t​e​b​o​o​k).

Results
A total of 823,464 IRONMAN® 70.3 finishers’ records 
(625,398 men and 198,066 women) from 197 different 
events across 183 different race locations between 2004 
and 2020 were sampled. Figure 1 presents histograms for 
the finish time in both sexes, with men presented lower 
mean values compared to women (05  h:46  min:53  s vs. 
06 h:16 min:18s, respectively).

Table  1 presents the results of the predictive models, 
considering the different algorithms. All models rate age 
as the least important factor in their predictions. Sex, 

Fig. 1  Histograms of IRONMAN® 70.3 amateur finish times. Times are presented in h: min: s

 

http://www.ironman.com
https://www.python.org
https://www.python.org
https://colab.research.google.com/notebook


Page 4 of 11Thuany et al. Sports Medicine - Open          (2025) 11:148 

country of origin, and event location present different 
importance according to the algorithm used in each case. 
Based on the R2 score, the best model is the Random For-
est Regressor, with a value of 0.27. It is acknowledged 
that this is quite a low score for a predictive model. But 
still, there is a 27% variability in the models’ output that 
can be explained through the four factors considered.

All models exhibit a low R2 score (calculated over the 
training sample), indicating other variables should be 
considered to improve the predicting power of the mod-
els. The best score corresponds to the Random Forest 
model (R2 = 0.27), while the MAE shows that the dif-
ference between the best and worst model predictions 
is about a minute. The partial dependence plots (PDP) 
show how the different values of each predictor (on the 
x-axis) influence the model predictions (on the y-axis, in 

seconds) on average. The second chart, the actual predic-
tions plot, shows the model predictions’ distribution over 
the same sample it has been trained with. A close inspec-
tion of traditional descriptive statistics in the dataset 
showed very similar trends and patterns. Considering the 
first factor, sex, the PDP plot shows the model deducts 
about 1800 s from a men prediction for a women predic-
tion (Fig. 2).

The actual predictions chart shows the distributions 
through boxplots with the median values super-imposed 
(above) (Fig. 3).

Considering the age group factor, the model only starts 
taking this variable into account from the age group 30 
(30 to 34 years), increasing linear relationship that accel-
erates with age (Fig. 4).

The actual predictions plot shows the distribution of 
the number of records along with the predictions for each 
age group. The model’s best prediction (best median) is 
achieved by 25–29 years (Fig. 5).

Regarding the country, the PDP plot indicates that the 
model places very little importance on this factor from 
the country with ID 50. Indeed, it tells us also the best 
country (meaning the one making the most negative con-
tribution to the race finish time prediction) is within the 
top 20 (Fig. 6).

The actual predictions chart shows only the top 20 
countries by the number of records. The best median 
FinishTime predictions are given to the countries with 
ID 12 and 19 (Switzerland and Denmark) with a times of 
19525.40 and 19359.24 s, respectively (Fig. 7).

The event location factor includes 183 different loca-
tions. With the available data, there was no possibil-
ity to assess to what extent one location would be 
different between events on different dates, so data were 

Table 1  Importance of metrics and features in the four 
predictive models

Random 
forest 
regressor

XG boost 
regressor

Cat boost 
regressor

Deci-
sion tree 
regressor

Feature Importance
 Event Location 0.33 0.13 0.35 0.31
 Country 0.31 0.15 0.40 0.32
 Sex 0.22 0.63 0.18 0.25
 Age group 0.14 0.09 0.07 0.13

Algorithm parameters
 ‍Nbr. Estimators 400 2000 2000 1(max_

depth = 20)
 Training time 5 min 16s 2 min 3s 3 min 19s 1.15s

Evaluation metrics
 ‍R2 0.27 0.25 0.24 0.26
 MAE 2015.5 2044.9 2076.7 2030.9
Nbrnumber,MAEmean absolute error

Fig. 2  Partial dependence plot (PDP) for sexes. Sex ID 0 = women, Sex ID 1 = men. Y-axis graduated in seconds
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aggregated by actual (physical) location irrespective of 
the event date (Fig. 8).

The PDP plot shows three minimums within the first 
20 locations. The actual predictions chart helps us iden-
tify the event locations with the fastest predicted times. 
These have IDs 7, 13, 18, and 19 (attending to the median 
value of predictions), corresponding to IRONMAN® 70.3 
Austria/St. Polten (15056 records), IRONMAN® 70.3 

Switzerland (13468), IRONMAN® 70.3 Sunshine Coast 
(10777) and IRONMAN® 70.3 Busselton (10507) (Fig. 9).

Discussion
The purpose of this study was to build and analyze a 
machine learning regression model that would predict 
the performance of amateur IRONMAN® 70.3 triath-
letes (in the form of the race finish time), considering the 
role of sex, age, country, and event location as predictive 

Fig. 4  Partial dependence plot (PDP) for age groups. Y-axis graduated in seconds

 

Fig. 3  Prediction distribution plot for sexes
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factors. Based on recent findings for professional IRON-
MAN® 70.3 triathletes, we hypothesized that the best 
race times in amateur IRONMAN® 70.3 triathletes 
would also be achieved in the IRONMAN® 70.3 World 
Championship.

Firstly, our results showed that the fastest courses 
were IRONMAN® 70.3 Austria and IRONMAN® 70.3 
Switzerland. Interestingly, our hypothesis that amateur 
IRONMAN® 70.3 triathletes would achieve their fastest 
race times in the IRONMAN® 70.3 World Champion-
ship could not be confirmed. Adapting to the climate, 
the reduced time of travel, as well as the event hosting 
effect increases the possibility of attending events and 
maintaining motivation [28, 29]. In addition, the anxiety 
status, commonly associated with very big events, such 
as World Championships, can be seen as a phenomenon 

that hampers performance [30]. Future studies should 
investigate the relationship between the availability of 
events, the motivation to take part in these events, and 
the performance at country levels. Because amateur 
practitioners are prone to higher trainability, the perfor-
mance in amateur IRONMAN® 70.3 may possibly be bet-
ter explained by training variables than environmental 
factors. Therefore, age and sex are prone to have a higher 
contribution than country and event location. However, 
it is important to highlight that training monitoring vari-
ables were impossible to obtain in this research, so future 
research with training session data is encouraged.

Secondly, Swiss and Danish athletes achieved the best 
IRONMAN® 70.3 race times (around 5  hr 28  min). Few 
studies were developed to understand the relationship 
between country of residence, geographical locations/

Fig. 6  Partial dependence plot (PDP) for countries. Y-axis graduated in seconds

 

Fig. 5  Prediction (top chart) and count distribution (bottom chart) for age groups
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characteristics, and triathlon performance [31, 32]. Most 
of the studies developed in this context considered the 
influence of the country of residence on participation in 
the event [33]. For example, for ‘IRONMAN® Hawaii’, a 
higher portion of the finalists are from the USA, Ger-
many, and Switzerland [2, 34], while participants in 
‘IRONMAN® Switzerland’ are from Europe, especially 
Switzerland and Germany [2].

Factors that explain the best results achieved by Swiss 
and Danish athletes are not clarified in the literature. 

Since sports performance is a complex phenomenon, 
it is possible that a combination of sports culture, envi-
ronmental conditions (including social supports, such as 
terrain and climate), technological development, and the 
wealth of the country are associated with these results 
[2, 28]. Since triathlon is a highly specialized sport, eco-
nomic status is also considered an important predictor of 
participation [35].

Thirdly, our predictive algorithm showed that the best 
performance will be achieved by men aged under 30 years 

Fig. 8  Partial dependence plot (PDP) for event location. Y-axis graduated in seconds

 

Fig. 7  Prediction (top chart) and count distribution (bottom chart) for countries
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(i.e., 25–29 years). In summary, sex performance differ-
ences are around 12–18% [36], with differences between 
disciplines, and an overall superior performance by men 
[37]. Anthropometric differences (e.g. muscle mass, 
body fat, skin-fold thicknesses, the circumference of the 
upper arm) [38], physiological indicators (e.g., VO2max is 
about 10% lower in women athletes, ventilatory thresh-
old, and movement economy) [23, 37], and social aspects 
(e.g., social pressure, financial and emotional support) 
are all related to the differences in performance between 
sexes. In addition, nutritional characteristics, training 
load, planning, and relative energy deficiency need to be 
investigated to increase the scientific evidence regarding 
women triathletes and performance characteristics [39].

Our results showed that the best performance would 
be achieved by athletes under 30 years, according to pre-
vious findings that showed a performance decline after 
40 years [22]. The age of peak performance was previ-
ously investigated and seemed to differ considering the 
race distance and athletes’ characteristics. For the Olym-
pic distance triathlon, the age of peak performance was 
between 26 and 27 for women and men, respectively, 
while for IRONMAN® athletes, the age of peak perfor-
mance was  between 34 and 35 years for women and 
men [40]. Therefore, it is reasonable to assume that older 
IRONMAN® athletes should pay more attention to envi-
ronmental factors and the competition location.

The present study did not focus on understanding the 
age of peak performance. Nonetheless, the results pres-
ent important practical applications for young athletes 
who can use their experience in endurance activities to 
increase the competition race distance over time and 
reach higher performance levels. However, transferable 
skills (e.g., from short to long-distance events) were not 
studied for different triathletes’ distance events. A similar 

idea was investigated using cross-training methods [41, 
42], showing positive effects between cycling training and 
running performance cross-transfer [43]. Future investi-
gations should consider understanding transferable skills 
among triathlon distances.

The lack of qualitative information regarding the moti-
vational characteristics and natural environment vari-
ables are important limitations of the present study. The 
analysis was not adjusted for possible confounders, such 
as weather characteristics, training background, race-
course characteristics (Table  2), and psychological and 
physiological variables.

Previous literature presented the role of both individ-
ual and environmental factors related to performance 
in triathlon [25, 44]. Besides the performance expressed 
through the finishing times, geographical characteris-
tics can also influence each discipline differently. Despite 
these limitations, the present study indicates the impor-
tance of considering a more holistic approach during 
the preparation of IRONMAN® 70.3 amateur athletes. 
Furthermore, the study provides practical applications 
for professionals working with triathletes about the age 
of peak performance, nationality’s role, and the loca-
tion where a race takes place. For instance, considering 
the best performance shown in the age group 25–29 and 
the subsequent rates of performance decline would aid in 
setting long-term training goals.

Conclusions
Using a Random Forest Regressor ML model over a 
sample of over 800,000 IRONMAN® 70.3 race records 
in 16 years, our results indicate that age group 25–29 is 
the fastest, that Swiss and Danish are the fastest IRON-
MAN® 70.3 athletes, and that IRONMAN® 70.3 Austria/
St. Pölten, IRONMAN® 70.3 Switzerland, IRONMAN® 

Fig. 9  Prediction (top chart) and count distribution (bottom chart) for event location
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IRONMAN® 
70.3
Zell am See August 19 °C Lake, 1 lap 1 lap, change in altitude of 1270 m per lap, overall 

change in altitude of 1270 m
2 laps, change in altitude of 26 m per lap, 
overall change in altitude of 52 m

European 
Championship
Elsinore

June 21 °C Bay,1 lap 1 lap, change in altitude of 600 m per lap, overall 
change in altitude of 600 m

3.5 laps, change in altitude of 28.6 m per 
lap, overall change in altitude of 100 m

Greece Costa 
Navarino

October 23 °C Ocean, 1 
lap

2 laps, change in altitude of 540 m per lap, overall 
change in altitude of 1080 m

3 laps, change in altitude of 66.7 m per 
lap, overall change in altitude of 200 m

Indian Wells La 
Quinta

December 18 °C Lake, 1 lap 1 lap, change in altitude of 161 m per lap, overall 
change in altitude of 161 m

2 laps, change in altitude of 57.7 m per 
lap, overall change in altitude of 115 m

Middle East 
Championship
Bahrain

December 22 °C Bay, 1 lap 1 lap, change in altitude of 300 m per lap, overall 
change in altitude of 300 m

3 laps, change in altitude of 24.3 m per 
lap, overall change in altitude 73 m

Texas April 21 °C Bay, 1 lap 1 lap, change in altitude of 45 m per lap, overall 
change in altitude of 45 m

3 laps, change in altitude of 10.7 m per 
lap, overall change in altitude of 32 m

Tallinn August 17 °C Lake, 1 lap 1 lap, change in altitude of 300 m per lap, overall 
change in altitude of 300 m

2 laps, change in altitude of 57.7 m per 
lap, overall change in altitude of 115 m

Western Sydney September 23 °C Lake, 1 lap 2 laps, change in altitude of 165 m per lap, overall 
change in altitude of 330 m

1 lap, change in altitude of 25 m per lap, 
overall change in altitude of 25 m

Maceio August 28 °C Ocean, 1 
lap

1 lap, change in altitude of 200 m per lap, overall 
change in altitude of 200 m

3 laps, change in altitude of 23.3 m per 
lap, overall change in altitude of 70 m

Liuzhou September 28 °C River, 1 lap 2 laps, change in altitude of 168,5 m per lap, overall 
change in altitude of 337 m

2 laps, change in altitude of 171 m per 
lap, overall change in altitude of 342 m

Luxembourg June 18 °C River, 1 lap 1 lap, change in altitude of 580 m per lap, overall 
change in altitude of 580 m

2.5 laps, change in altitude of 40 m per 
lap, overall change in altitude of 100 m

Marbella May 21 °C Ocean, 1 
lap

1 lap, change in altitude of 1400 m per lap, overall 
change in altitude of 1400 m

2 laps, change in altitude of 25 m per lap, 
overall change in altitude of 50 m

Vichy August 28 °C Lake, 1 lap 1 lap, change in altitude of 1000 m per lap, overall 
change in altitude of 1000 m

2 laps, altitude difference of 50 m per lap, 
overall change in altitude of 100 m

Gdynia August 25 °C Bay, 1 lap 1 lap, change in altitude of 1860 m per lap, overall 
change in altitude of 1860 m

2 laps, change in altitude of 70 m per lap, 
overall change in altitude of 340 m

Mallorca May 25 °C Ocean, 1 
lap

1 lap, change in altitude of 850 m per lap, overall 
change in altitude of 850 m

3 laps, change in altitude of 20 m per lap, 
overall change in altitude of 60 m

Panama March 30 °C Ocean, 1 
lap

3 laps 3 laps

Augusta September 27 °C River, 1 lap 1 lap 2 laps
North Carolina October 18 °C Ocean, 1 

lap
1 lap 1 lap

Dubai March 24 °C Ocean, 1 
lap

1 lap, change in altitude of 87 m per lap, overall 
change in altitude of 87 m

1.5 laps, change in altitude of 5 m per 
lap, overall change in altitude of 7,5 m

Sao Paulo September 25 °C Reservoir, 
1 lap

2 laps, change in altitude of 20 m per lap, overall 
change in altitude of 40 m

3 laps, change in altitude of 15 m per lap, 
overall change in altitude of 45 m

Alagoas August 28 °C Ocean, 1 
lap

1 lap, change in altitude of 100 m per lap, overall 
change in altitude of 100 m

3 laps, change in altitude of 20 m per lap, 
overall change in altitude of 60 m

Emilia Romagna September 25 °C Ocean, 1 
lap

1 lap, change in altitude of 185 m per lap, overall 
change in altitude of 185 m

3 laps, change in altitude of 5 m per lap, 
overall change in altitude of 15 m

Pays D’Aix May 20 °C Lake, 1 lap 1 lap, change in altitude of 390 m per lap, overall 
change in altitude of 390 m

3 laps, change in altitude of 15 m per lap, 
at an overall change in altitude of 45 m

Sunshine Coast September 26 °C Ocean, 1 
lap

2 laps, change in altitude of 35 m per lap, overall 
change in altitude of 70 m

2 laps, change in altitude of 20 m per lap, 
overall change in altitude of 40 m

Geelong March 19 °C Bay, 1 lap 2 laps, change in altitude of 75 m per lap, overall 
change in altitude of 150 m

2,5 laps, change in altitude of 25 m per 
lap, overall change in altitude of 67 m

Steelhead June 20 °C Lake, 1 lap 1 lap 2 laps

Table 2  Specific descriptions of IRONMAN® 70.3 race courses for swimming, cycling, and running with average temperatures, number 
of laps and changes in altitudes per lap and overall
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70.3 Sunshine Coast and IRONMAN® 70.3 Busselton are 
the fastest IRONMAN® 70.3 event locations. Future stud-
ies should consider the interaction between individual 
and environmental factors to better understand the fac-
tors that lead to the success of Switzerland and Denmark.
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