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It is well known that elite athletes of specific ethnicities and/or nationalities dominate certain sports 
disciplines (e.g., East Africans in marathon running). However, we do not know the nationalities of the 
fastest non-professional IRONMAN triathletes. Therefore, this study intended to identify the fastest 
athletes by country of origin competing in IRONMAN triathlon events, focusing on non-professional 
age group triathletes. Data from all IRONMAN age group athletes competing worldwide between 
2002 and 2022 in all official IRONMAN races were collected. Sex, age group, country of origin of the 
athletes, location and year of the event, split times, overall race times, and transition times were 
obtained. Additionally, the dataset was augmented with specific data (i.e. event characteristics such 
as temperatures for water and air and course characteristics for all three split disciplines) related to the 
different race locations. We limited the analysis to the top 150 countries by participation (i.e. countries 
with at least 13 successful finishers records in the sample). A total of 677,320 records of IRONMAN 
age group triathletes originating from 150 different countries and participating in 443 races over 65 
different locations were analyzed. European countries such as Germany, Austria, Denmark, Belgium, 
Switzerland, Norway, Czechia, Estonia, and Slovenia have the fastest IRONMAN age group athletes. 
IRONMAN Hawaii, IRONMAN Vitoria-Gasteiz and IRONMAN Hamburg are the fastest races. Hilly 
running and cycling race courses led to slower race times, while flat surfaces, rolling cycling and ocean 
swimming led to faster race times. Optimal water temperatures were found at 23–25 °C and optimal 
air temperature ranged between 19–21 and 25–28 °C. The fastest IRONMAN age group triathletes 
from European countries such as Germany, Austria, Denmark, Belgium, Switzerland, Norway, 
Czechia, Estonia, and Slovenia. With the presented results for optimal air and water temperatures and 
description of the optimal cycling and running course characteristics, IRONMAN age group athletes 
might be able to select an IRONMAN race with the best conditions in order to achieve a fast IRONMAN 
race time.
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Comparative studies have been recurrent in sports science1,2. Generally, these studies are used to verify the 
performance of countries in different sports disciplines, including the world championships and Olympic 
Games2. Previous literature has indicated that some countries represent a higher likelihood of being successful 
in specific sports disciplines, such as basketball in the United States (US)3, Kenya and Ethiopia in long-distance 
running events4, and Canada in hockey events5. These higher probabilities are related to several factors, including 
social, economic, cultural, and environmental characteristics6–8.

Usually, these approaches associate the performance of these countries in the most important championships 
worldwide, to verify those achieving outstanding performance2. Even though most of the studies are developed in 
the context of elite sports, the popularity of sports among countries also presents important indicators regarding 
the popularity of sports among nonprofessional athletes9, and the importance of the sport among residents. For 
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example, for endurance sports, previous literature has shown that running is part of the culture of East African 
countries, also influencing the practice among nonprofessional athletes10,11.

For endurance sports, triathlon events have increased among nonprofessional participants12, especially 
influenced by events held in the United States, such as the Ironman Hawaii13. The sport became popular among 
adults of both sexes and different age groups, engaging in this activity with different purposes, including health 
and well-being benefits, as well as to improve physical capacities and participate in competitions14,15. Previous 
literature investigating the most successful countries among elite triathletes showed that athletes from the 
United States presented the best performance, as well as the highest frequency of competitors, and age of peak 
performance16,17.

Understanding the age demographics of world-class IRONMAN triathletes who emerge victorious and stand 
out as the fastest is crucial for several reasons18. First, it provides valuable information on the optimal age range 
for peak athletic performance in long-distance triathlons, offering guidance to both aspiring and experienced 
athletes on when their training efforts may yield the best results. Additionally, such knowledge helps sports 
scientists, coaches, and trainers tailor training regimens that consider age-specific physiological changes, helping 
athletes maximize their potential while minimizing the risk of injury. Moreover, recognizing the age groups 
dominating IRONMAN competitions contributes to a deeper understanding of the sport’s evolving dynamics and 
may influence the development of age-specific talent pipelines or training programs19,20. In general, investigating 
the age demographics of top-performing IRONMAN athletes enhances our understanding of the physiological 
nuances of the sport and has practical implications for optimizing training strategies across different age cohorts.

Despite the evidence that indicates higher participation and performance indicators among professional 
athletes from the USA16, these results present important limitations. The most important aspect refers to 
the different methodological approaches used among different studies, which impair the generalization of 
the findings; also, the time frame should be considered, in association with the greater interest in studying 
professional athletes21–23. Understanding the nuanced interplay of biopsychosocial factors and the intricate 
balance between intrinsic and extrinsic motivation is crucial when delving into the realms of elite performance 
in both professional and nonprofessional athletes24. The assertion that these factors differ significantly between 
the two categories raises pertinent questions about the dynamics that influence athletic peak achievements in 
diverse contexts25. In professional athletes, factors such as genetic predispositions, access to high-level coaching, 
and optimal training environments may take precedence, while nonprofessional athletes may be driven by 
personal goals, societal expectations, and the pursuit of holistic well-being.

Researching and identifying the countries from which the fastest non-professional IRONMAN triathletes 
emerge, along with their age groups, is of significant importance for several reasons. Firstly, such information 
provides valuable insight into the global distribution of talent in the sport, allowing for a more comprehensive 
understanding of the geographical patterns of high-performance triathletes outside the professional realm26. This 
knowledge can be instrumental in the formation of training programs, talent identification strategies, and the 
allocation of resources within different nations. Second, analyzing the age groups of the fastest non-professional 
IRONMAN triathletes offers critical data on the optimal stages of life for achieving peak performance in this 
demanding endurance sport. This information can guide coaches, trainers, and athletes in tailoring training 
regimens that consider age-related physiological changes and potential peak performance windows27,28. It also 
helps in the development of age-specific training methodologies to optimize athletic potential at various stages 
of life. In addition, understanding the demographics of nonprofessional IRONMAN triathletes contributes to a 
wider promotion of sport and the adoption of a healthy and active lifestyle. Highlighting the diverse age groups 
and nationalities of successful participants encourages a broader population to participate in triathlons, fostering 
a sense of inclusivity and inspiration for aspiring athletes.

In summary, researching the countries and age groups of the fastest nonprofessional IRONMAN triathletes 
is essential for shaping targeted training approaches, fostering global sporting development, and promoting the 
sport’s inclusivity and accessibility to individuals of all ages and backgrounds26,29. Despite the importance of 
professional athletes for the representativeness of the countries at the national level, nonprofessional athletes 
should be studied to amplify the evidence regarding the fastest countries. Therefore, the purpose of this study 
was to identify the age group of athletes of the fastest countries competing in IRONMAN events between 2002 
and 2020. Based upon existing knowledge we hypothesized that the fastest IRONMAN age group triathletes 
would also originate from the USA.

Methods
Ethical approval
This study was approved by the Institutional Review Board of Kanton St. Gallen, Switzerland, with a waiver of 
the requirement for informed consent of the participants as the study involved the analysis of publicly available 
data (EKSG 01/06/2010). The study was conducted following recognized ethical standards according to the 
Declaration of Helsinki adopted in 1964 and revised in 2013.

Data set and data preparation
Race data from all official IRONMAN races was downloaded from the official IRONMAN website (www.
ironman.com) using a Python script. The sex, age group, country of origin of the athletes, location and year of 
the event, and times for swimming, running, cycling, overall race times, and transition were therefore obtained. 
The data was inspected for consistency, removing duplicate and/or incomplete records. Similarly, the event 
location variable was harmonized to map generic values to their actual location. Race times were re-calculated 
to hours and are expressed with two decimal digits. Additional location specific data was added and merged 
with the race data, including average air and water temperatures in °Celsius (in integer form, that is, without 
any decimals), and the type of race course in each split discipline as categorical variables, including the values 
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of rolling, hilly, and flat for the bike and run race courses, and lake, ocean, river, bay, reservoir for the different 
swim courses. The race records were separately aggregated by event location and by country, to produce two 
large ranking tables sorted by number of race records (i.e. participation). In doing so, we identified up to 228 
different countries in the original data sample, many of them with 1, 2 or 3 records and hence with no statistical 
interest. We then decided to limit the analysis to the top 150 countries by number of records, which account for 
99.94% of the full sample and includes countries with at least 13 race records, while eliminating noise, which 
is in turn good for computing, interpretation, and overall interest. After the pre-processing and merging of the 
data, the final dataset consisted of a total of 677,320 finishers´ records (i.e. 544,632 from men and 132,688 from 
women) from the top 150 countries by number of records, participating in 443 events over 65 different locations 
between 2002 and 2022.

Statistical analysis
Normality of the race time distributions by sex was checked by visual inspection of race time histograms and 
calculation of Gaussian overlapping curves. The statistical values of the overall race times (i.e. mean, std, max, 
and min) were calculated for each of the 65 locations and 150 countries and are displayed in the large ranking 
tables. The event location ranking table includes specific race course data, including the average air and water 
temperatures, and the type of race course. An analysis of the race performance by type of race course was done 
and the results are shown in the form of boxplot charts and accompanying 2-way ANOVA tests that suggest the 
statistical significance of the different types of swim, bike, and run race courses. The significance level was set at 
0.05 in all cases. Several predictive modelling algorithms were tested, including a Multivariate Linear Regressor 
(MLR) and three Machine Learning (ML) Regressors, a Decision Tree, a Random Forest and a XG Boost 
Regressor. The predicted variable (i.e. target) was the overall race time (in hours) whilst a total of 17 predictors 
(i.e. features or factors) were used, including a number of categorical variables that had to be encoded before they 
could be used with the models. The variable sex (men/women) is encoded as 0 = women and 1 = men. The age 
group variable is encoded as an integer, representing 5-year groups, with group 18 representing less than 20 years, 
group 20 from 20 to 24, group 25 from 25 to 29, etc. until group 75 which includes any triathletes older than 
75 years of age. The country and event location variables are encoded based on their position in the ranking lists, 
sorted by participation, and starting with zero. The event location average air and water temperature variables, 
of numerical type, are used as they are reported on the website of the organizers. The three categorical variables 
(i.e. swim, bike and run) are converted into dummy variables (binary flags) indicating the presence with 1 and 
absence with 0, becoming a set of 11 binary variables. Given the large size of the dataset, a hold-out test strategy 
was used, with 25% of the dataset reserved for model evaluation: 507,076 race records were used for model 
training, and 169,026 for model evaluation. For each of these models, the Mean Absolute Error (MAE) and the 
coefficient of determination (R2) were calculated. After training, evaluating, and comparing the three models, 
XG Boost emerged as the best performer and we present only the results from XG Boost. Model interpretability 

Fig. 1.  Distribution of age groups by sex.
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tools like SHAP or PDP libraries were used to further understand how, according to the models, each predictor 
influenced the race finish time. All data processing and analysis were performed using Python (www.python.
org/) and a Google Colab notebook (https://colab.research.google.com/).

Table 1.  List of origin of the athletes sorted by country with the number of finishers. The race times are color-
coded where darker fields represent faster race times.
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Figure 1.  (continued)
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Figure 1.  (continued)
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Figure 1.  (continued)
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Results
A total of 677,320 IRONMAN finishers´ records (544,632 from men and 132,688 from women) from the top 
150 countries by number of records, participating in 443 IRONMAN events over 65 different locations between 
2002 and 2022 were analyzed.

Distributions of race finish times by sex
Figure 1 shows the original histograms (bins = 100) of the IRONMAN overall race times by sex, along with 
calculated (overlapped) Gaussian envelopes.

Figure 1.  (continued)
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Figure 1.  (continued)
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Figure 1.  (continued)
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Ranking tables of event locations and tri-athletes’ countries of origin
The country (Table 1) and the event location (Table 2) ranking tables below show the statistical details of the 150 
countries of origin and the 65 race locations considered in this study. The tables are sorted by number of records, 
so countries (or event locations) with higher participation are at the top. Overall race time statistical values 
(mean, std, min and max) are displayed in hours, and the mean overall race time column is color coded, with 
darker cells indicating lower (better) race times. The event location table additionally shows the characteristics 
of each race course, through the categorical variables swim, bike, run, and the average temperatures for water 
(°C) and air (°C).

Most of the athletes originated from the USA, followed by United Kingdom, Canada, Australia, Germany, 
France, Spain, Sweden, Brazil, Austria, and Italy for the 10 first countries.

Figure  2 shows the difference between women and men regarding the race course characteristics for 
swimming with swimming in a bay, in the ocean, a river, a lake or a reservoir where men were always faster than 
women. Also for cycling and running (i.e. flat, rolling, or hilly), men were always faster than women.

Multi linear regression (MLR) ordinary least squares (OLS) regressor
The OLS MLR model (Table 3) obtains a R2 score of 0.128 and the analysis indicates all features have a statistically 
significant effect on the finish time variable (p < 0.05). No differentiation is made between test and train subsets 
for the MLR, but the full sample is used for training and evaluation (in-sample testing).

Decision tree and random forest regressors
The first two ML models, attempted over several configurations, obtained best values of MAE of 1.27 and 1.26 h, 
respectively. They both obtain a best R2 score of 0.25. This is an improvement over the linear MLR model, but 
still a low R2 score (weak effect) by any measure.

XG boost regressor
The XGB model is built with 50 estimators, max depth of 9 and learning rate of 0.3, to obtain a R2 score of 0.27 
over the 25% held-out test set. Whilst the highest score of the three ML models tested, this is still a low R2 score 
meaning the model can only explain 27% of the variability in the predicted variable, and that more predictors 
should be considered, if any predictive expectations are to be had. But we can still use the tools in our model 
interpretability toolset to look for insights into what the model learnt.

Figure 1.  (continued)
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SHAP values and features importances for the XG boost model
The SHAP aggregated values chart in Fig. 3 shows how each predicting variable influences the model output, 
with the factors rated as more important at the top. The country of origin is the most important predictor. The 
variable age group comes up as the second most important feature but the one that best separates data points. 
Red dots (i.e. high or older age groups) contribute positively to the race time, whilst shades of purples and 
blues increasingly move to the left, deducting from the race times. Sex and the location of the event are the next 

Table 2.  List of races sorted by the number of finishers. The race times are color-coded where darker fields 
represent faster race times.
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most important predictors. Further down but with clear separation of red and blue data points, hilly running 
and cycling race courses add to race time (i.e. slower race times), whilst flat surfaces, rolling cycling and ocean 
swimming deduct from it (i.e. faster race times).

Partial dependence plots (PDP) of the XG boost model
The PDP chart is another tool we have to look into our model. PDP charts show how the output of the model 
varies for each numerical predicting variables (features or factors). According to the XG Boost model PDP 
charts, men are on average ~ 0.8 h faster than women (Fig. 4), and the fastest athletes are aged 25—34 years 

Figure 2.  (continued)
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(Fig. 5). The XGBoost model shows that a representative set of European countries including Germany, Austria, 
Denmark, Belgium, Switzerland, Norway, Czechia, Estonia, and Slovenia are the fastest. The USA and a group 
of Asian countries including Philippines, Malaysia, and Thailand appear to be the slowest (Fig. 6). IRONMAN 
Hawaii is the IRONMAN race location with the fastest race times, but also IRONMAN Vitoria-Gasteiz and 
IRONMAN Hamburg are singled out by the XG Boost model among the fastest race courses (Fig. 7). Regarding 
temperatures, optimal air temperature ranged at 19–21 or 25–28°Celsius (Fig. 8), and optimal water temperatures 
at 23–25°Celsius (Fig. 9).

Figure 2.  (continued)
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Fig. 2.  Differences between women and men considering race course characteristics.
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Air and water temperature versus race time—3D interaction charts by model
Figure 10 is an interesting set of 3D charts comparing how each of the three ML models “has learnt” the partial 
dependence of the race time (target) with the air and water temperature variables together. The third and best 
performing XG Boost model shows a more detailed (higher resolution) PDP chart.

Discussion
This study aimed to identify the dominant nationalities for nonprofessional IRONMAN triathlon competitions 
between 2002 and 2020 with the hypothesis that the fastest IRONMAN age group triathletes would originate 
from the USA. The most important findings were (i) European countries (i.e. Germany, Austria, Denmark, 
Belgium, Switzerland, Norway, Czechia, Estonia, and Slovenia) have the fastest athletes, (ii) IRONMAN Hawaii, 
IRONMAN Vitoria-Gasteiz and IRONMAN Hamburg are the fastest races, (iii) optimal air temperature 
for cycling and running ranged between 19 °C and 21 °C or at 25–28 °C and optimal water temperature for 
swimming was at 23–25 °C, (iv) the fastest athletes were 25–34 years old, and (v) men were ~ 0.9 h faster than 
women. The discussion of these findings is challenging, especially due to the lack of evidence in the scientific 
literature. However, the main finding highlights the importance of adopting similar approaches in order to 
identify the most successful countries in sports competitions.

European athletes were the fastest
Our first important finding was that European IRONMAN triathletes were the fastest and we could, therefore, 
not confirm our hypothesis. Unlike the present findings, previous studies investigating the amateur IRONMAN 
triathletes competing in IRONMAN Hawaii showed that those from North America showed the best results, 
finishing among the top five athletes23. In this study, the authors considered the total number of participants 
and the number of athletes in the top five for both sexes, which can be influenced by the place of competition23. 
The hosting effect has been discussed in the scientific literature as an important performance determinant, 
especially for family support, fans, and familiarization with environmental characteristics30,31. However, hosting 
effects are specific for some sports32, demanding additional efforts to understand the hosting effect in triathlon 
competitions.

We considered only the 150 best countries. These results should be considered in light of the limitations of 
the study. For example, we consider the mean values to determine the fastest country, which does not represent 
the totality of the athletes. Therefore, adopting a country-level analysis has important practical implications for 

Dep. Variable: FinishTime R-squared: 0.128

Model: OLS Adj. 
R-squared: 0.128

Method: Least Squares F-statistic: 7079

Prob (F-statistic): 0.00

No. Observations: 677,320

Df Residuals: 677,305

Df Model: 14

coef t P >|t|

const 6.8208 655.161 0.000

Sex_ID −0.8765 −168.384 0.000

AgeGroup_ID 0.0385 177.219 0.000

Country_ID −0.0043 −22.570 0.000

EventLocation_
ID −0.0004 −2.226 0.026

Water (°C) 0.0240 25.732 0.000

Air (°C) −0.0392 − 51.199 0.000

Swim_bay 1.1064 148.235 0.000

Swim_lake 1.3009 261.018 0.000

Swim_ocean 1.0703 198.373 0.000

Swim_reservoir 1.6712 130.301 0.000

Swim_river 1.6719 234.717 0.000

Run_flat 1.9114 300.527 0.000

Run_hilly 2.6612 290.393 0.000

Run_rolling 2.2482 360.031 0.000

Bike_flat 2.3145 417.152 0.000

Bike_hilly 2.4471 508.297 0.000

Bike_rolling 2.0591 451.106 0.000

Table 3.  Results of the OLS linear regressor.

 

Scientific Reports |         (2025) 15:1028 16| https://doi.org/10.1038/s41598-024-84008-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


the sports sectors in these countries, especially considering the interest of the population in the practice. No 
previous studies that investigated the fastest nationalities among IRONMAN triathletes found similar results23,33, 
which impairs the comparisons. However, some similarities between the countries should be considered: the 
three countries are part of the Northern region, presenting similar population size and economic characteristics. 
These similarities can influence the sports practice among the adult population and reflect the results achieved 
at triathlon competitions.

For the top countries by the number of age group records, Germany, Austria, Denmark, Belgium, Switzerland, 
Norway, Czechia, Estonia, and Slovenia were the fastest. These results are similar to those found by professional 
IRONMAN 70.3 triathletes21. The emergence of Germany, Austria, Denmark, Belgium, Switzerland, Norway, 
Czechia, Estonia, and Slovenia within the IRONMAN context may be attributed to a combination of unique 
factors such as geography, climate, and culture34,35. Many participants are drawn to IRONMAN triathlons as 
a means to improve their physical capabilities, seeking personal growth and the satisfaction of overcoming a 
multifaceted challenge36. The competitive aspect also plays a role, with participants aiming to test their limits, 
set personal records, and, in some cases, compete in organized events. This broader inclusivity, coupled with 
the diverse motivations behind participation, underscores the evolving and accessible nature of triathlons in 
contemporary society.

The fastest race courses
A further important finding was that IRONMAN Hawaii was the fastest race course, followed by European race 
courses such as IRONMAN Vitoria-Gasteiz and IRONMAN Hamburg. The finding that IRONMAN Hawaii 
is the fastest race course for age group athletes is explained by the fact that IRONMAN Hawaii is the World 
Championship for IRONMAN triathletes37 where only the best triathletes can compete after qualification for 
the IRONMAN World Championship38.

The aspect of environmental conditions
An important finding was that optimal air temperature ranged between 19 °C and 21 °C or at 25–28 °C and 
optimal water temperature was at 23–25 °C. To date, we have no specific knowledge for the ‘best’ temperatures to 
compete in an IRONMAN triathlon. It is, however, well known that environmental conditions have a considerable 
influence on endurance performance in running39 and triathlon40 where especially high temperatures impair 
endurance performance41. Regarding IRONMAN Hawaii, it has been reported that body core temperature 
increased during the marathon where an increase in body core temperature appeared to make triathletes run 

Fig. 3.  SHAP aggregated values for XG Boost Regression model.
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Fig. 4.  PDP charts for sex.

 

Fig. 5.  PDP charts for age group.
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Fig. 6.  PDP charts for country of origin of the athletes.

 

Fig. 7.  PDP charts for the location where the race was held.
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Fig. 8.  PDP charts for ambient air temperature during race day.

 

Fig. 9.  PDP charts for water temperature in the swim course during race day.
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Fig. 10.  3D interaction air and water temperature with race time.
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more slowly42. The present study shows the optimum race temperatures for both cycling and running where 
athletes can now select the most appropriate race course for a fast IRONMAN race time.

Regarding water temperature, it is well known that water temperature has a direct effect on swimming 
performance43. However, little is described in the scientific literature. A very recent study reported that swimming 
in a river had in female triathletes a greater effect on overall race time than cycling or running40. Whit the 
present findings, triathletes can also better select an IRONMAN race regarding the swim course temperatures 
and the influence on overall race time.

The influence of race course characteristics
A last important finding was the IRONMAN race course characteristic had a considerable influence on overall 
race time where slower race times were achieved with hilly cycling and running courses whilst flat surfaces, 
rolling cycling and ocean swimming were leading to faster race times. It is well known that the running surface 
has an influence on running performance especially regarding running-related injuries44,45. Also in cycling, race 
course characteristics show an influence on race performance46 where especially ascents slow cyclists down47. 
Changes in elevation during an IRONMAN race have also an influence on pacing during the cycling split48 
where downhill segments show an important influence49. The present findings may help IRONMAN triathletes 
to select an appropriate IRONMAN race for their personal achievements.

Limitations
Despite the use of a data set of nearly 700,000 IRONMAN triathletes and the large time frame of 20 years, we 
are not sure whether all races correctly measured their split distances. Furthermore, since thousands of athletes 
compete in an IRONMAN race, athletes can cycle in packages during the cycling split50, although drafting in 
cycling in an IRONMAN race is not allowed. Drafting while cycling can considerably improve performance, 
reduce the cycling split time, and improve the subsequent running split performance51. The biopsychosocial 
factors and intrinsic and extrinsic motivation that led to elite performance in professional and nonprofessional 
athletes are different. It is extremely important to differentiate and highlight this in the research problem and 
justification. This could even be the objective of future research. In another way, by analyzing and comparing the 
athletic achievements of different countries in these events, researchers can discern patterns, trends, and potential 
influencing factors that contribute to superior athletic performance52. These findings not only contribute to 
understanding the competitive dynamics within the IRONMAN community but also have broader implications 
for sports science, training methodologies, and potentially national-level athletic development strategies27. 
Further, the study may serve as a foundation for future research, helping athletes, coaches, and sports enthusiasts 
improve their understanding of the factors that contribute to success in this challenging endurance sport.

Conclusion
In summary, we found that IRONMAN age group athletes from European countries such as Germany, 
Austria, Denmark, Belgium, Switzerland, Norway, Czechia, Estonia, and Slovenia have the fastest IRONMAN 
race times although IRONMAN Hawaii is the fastest race course worldwide, most likely due to the fact that 
IRONMAN Hawaii is the IRONMAN World Championship. With the presented results for optimal air and 
water temperatures and the description of the optimal cycling and running course characteristics, IRONMAN 
age group athletes might be able to select an IRONMAN race with the best conditions in order to achieve a fast 
IRONMAN race time.

Data availability
For this study, we have included official results and split times from the official IRONMAN® website (www.
ironman.com) The data sets used and/or analyzed during the current study are available from the corresponding 
author upon reasonable request.
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