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Abstract

Background: The aim of this study was to determine the optimal discipline position in
the overall result of Olympic-distance triathlon. Methods: Data were extracted for free
from the API (Application Programming Interface) service on the World Triathlon website
and collected using a custom Python code. Statistical and machine learning analyses were
employed within a Jupyter Notebook file. Linear and polynomial regressions were calcu-
lated between the overall race position and final positions in each discipline. Descriptive
statistics and machine learning analyses were computed to identify the average position
and most likely average position required in each discipline, respectively. A heatmap corre-
lation analysis was conducted between the best overall triathletes and the best discipline
triathletes. Differences between the two sub-databases were assessed using the student’s
t-test. Results: Across all disciplines, the average position required in each segment remains
consistently better than 13th place. The heat map shows a very small, negative correlation
between the best time in each discipline and the overall best race time (p-values < 0.001).
The student’s t-test establishes significant differences for all disciplines and overall race
time (p-values < 0.001). Conclusions: Consistently high-level performance across all dis-
ciplines is essential for ensuring a podium finish or race victory in an Olympic triathlon.
Achieving the best time in each discipline is not required to contend for victory, although
running appears to be a strong predictor of overall race outcome.

Keywords: athletic performance; machine learning; physical endurance; sports; statistics

1. Introduction
Triathlon is a multi-sport event composed of three sport disciplines: swimming,

cycling, and running, in that order, in addition to two transition phases between the
disciplines. The standard triathlon distance is the Olympic distance, which includes a
1.5 km swim, a 40 km cycling segment, and a 10 km run. Triathlon has been extensively
studied from several different perspectives. From a physiological view, the physiological
requirements of triathletes have been clearly mentioned and discussed [1,2]. Other studies
have focused on the biomechanical [3,4], nutritional [5,6], and psychological [7] aspects
of triathlon. Turning to the quantitative performance analysis of triathlon, it is worth
highlighting some studies that analyzed triathlon and other multi-sports performance
with a focus on different training periodization strategies [8], identifying optimal pacing
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strategies [9–11], establishing cutoff values [12–14], comparing performance across compe-
titions [15,16], and assessing the impact of the COVID-19 pandemic [17,18], among several
other relevant topics.

The search for the most influential discipline in determining the overall result in
triathlon has been widely studied. This topic was addressed in the different existing
triathlon distances [19–22] and categories [12,23]. According to some authors, it seems
evident that pacing strategies vary depending on the race distance [24]. In the Olympic
distance, authors have not reached full agreement on the decisive discipline for overall suc-
cess. Unlike longer distances, the Olympic distance allows for drafting during the cycling
segment. Early studies in male triathletes highlighted the primary roles of swimming and
running, suggesting that cycling has a reduced impact on overall race performance [25].
Further research on females reported different tactical strategies between sexes across
disciplines, with successful elite females showing superior swimming and cycling abilities,
thereby gaining a greater advantage at the start of the run compared to elite males [26].
Other researchers argued that the cycling drafting position could be the key determinant
of performance in short-distance competitions, with pedal cadence strategy also influ-
encing the final running phase [27]. These are clear examples of why the methodology
and data considered in the analysis can show different outcomes. Most of these studies
used conventional statistical approaches, providing inconsistent results. These methods
typically assume linear and independent relationships between segment performance and
overall ranking, which may oversimplify the multidimensional structure of the triathlon
competition. In Olympic distance, drafting during cycling alters the race dynamics and
performance in one segment directly conditions the tactical context of the subsequent one.
The interaction between disciplines may also be more complex than previously modeled.
Consequently, methodological constraints may partly explain the inconsistent findings
reported in the literature.

This may suggest that an alternative is required to properly address the complexity
of large-scale performance datasets. Machine learning techniques provide an alternative
that does not require predefined assumptions about the structure of the data and can
consider the interaction effects between disciplines. This flexibility may offer a more ac-
curate estimation of the relative contribution of each segment to the final ranking in the
Olympic distance.

Artificial intelligence has been applied to triathlon for several purposes [28–31]. It
makes possible to model non-linear relationships, capture interaction effects, handle large
datasets, and estimate relative feature importance. Two articles used artificial intelligence
to determine the most important discipline in triathlon. Weiss et al. (2024) [32] focused
on the Ironman 70.3 distance, concluding that non-drafted cycling is the most significant
predictor of overall triathlon performance. Martínez-Sobrino et al. (2023) [33] focused on a
different category: mixed-team relays. The authors did not identify papers using artificial
intelligence in Olympic-distance races for segment position analysis.

To the authors’ knowledge, no study has yet utilized artificial intelligence to identify
the most influential segment position in the final result of an Olympic-distance triathlon.
The aim of this study is to determine the optimal position in each discipline to achieve
success in the Olympic-distance triathlon. Based on previous research, it was hypothesized
that: (i) performing the best time in each discipline would not be necessary to achieve
overall race success, and (ii) running would have the greatest impact on achieving a desired
final position.
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2. Materials and Methods
2.1. Data Collection

Data were extracted from the API service (Application Programming Interface) on
the World Triathlon website (https://www.triathlon.org/; accessed on 26 May 2024) by
signing up for the free service. Since the data were in the public domain and available on
the Internet, no formal request was made to the Ethics Committee. To perform the data
collection, a custom Python code (Python Software Foundation, Wilmington, DE, USA;
ver. 3.12) was written for different operations. The Python codes used are available on the
GitHub repository (https://github.com/AEONPHYTON/triathlon_analysis; accessed on
26 May 2024). Once the data had been extracted, cleanup operations were performed using
Python as the programming language and Jupyter Notebook (Project Jupyter, San Francisco,
CA, USA; ver. 7.2) as the working tool [34]. Two databases were created including Olympic
distance races (one for males and one for females) of the elite category. Previous editions of
the Olympics were also included in the database.

2.2. Data Extrapolation and Data Cleaning

Files identifying the races by the race number (prog_id and event_id) were down-
loaded and used to obtain the corresponding data. The dataset was restricted to elite
and U23 athletes, with U23 retained due to their participation alongside elite competitors.
Standard-distance events were considered, separated by sex. Different variables were
generated to track the record of each athlete’s position after each of the three disciplines.
Athletes lacking data for any discipline or transition, as well as athletes who were disqual-
ified (DQS), did not start (DNS), or did not finish (DNF), were removed. Races without
complete podium results or with implausible overall times (lower than 1 h, 28 min and
20 s and higher than 2 h and 30 min) were also excluded. The lower threshold was defined
based on historical performance records in the elite Olympic-distance triathlon, as finishing
times below this value would go beyond currently observed physiological and competitive
limits for this distance. The upper threshold was selected to exclude events characterized
by atypical race conditions such as extreme weather or altered course profiles that are not
representative of standard elite-level Olympic-distance competitions. These thresholds
were conservative and represented a small proportion of the dataset. These procedures
granted a heterogeneous but valid dataset including more than 30 years of races, from
6 November 1989 to 24 May 2024. For each entry, the dataset included the following vari-
ables: sex, race date, final overall position, swimming position, cycling position, running
position, and transition-related indicators when available. Segment positions were defined
as the athlete’s rank at the completion of each discipline relative to the full race field. All
preprocessing and analyses were performed using fixed parameters and deterministic
procedures, allowing for the full replication of the results using the provided codebase.

2.3. Preliminary Statistical Analysis

Once the cleaning was completed, two databases (males and females) were obtained
for conventional statistical and machine learning analysis. The selected competitions
were: Continental Championships, World Championships, World Cup, Continental Cup,
Recognized Event, Regional Championships, Recognized Games, Major Games (editions of
the Olympics from 2000 to 2021), and World Championship Series. The reason for including
different types of competitions was to obtain a large amount of data for analysis.

Two individual sub-databases were established. The first sub-database included only
triathletes who achieved podium positions, along with their standings at the end of each
discipline (podium3). The second sub-database focused on the top three performers in each
discipline and their overall race times (discipline3).
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Shapiro–Wilk, Kolmogorov–Smirnov, and Anderson–Darling tests were conducted to
assess normality of distribution. The results indicated that the data sample did not follow a
normal distribution in most cases. Nevertheless, all subsequent analyses were conducted
in parallel using both parametric and non-parametric tests, producing similar results.

Linear and polynomial regressions were calculated between overall race position and
final positions in each discipline for male and female triathletes. Descriptive statistics of the
filtered data were computed to determine the average position required in each discipline
to achieve the following outcomes in males and females: victory, podium finish, and 4th
to 10th place. The Friedman test was used to determine whether significant differences
existed among the positions in each discipline required to achieve a given final position.

Machine learning analyses to achieve probabilistic determination operated using the
NGBoost software (NGBoost Development Team, open-source software; ver. 0.5.6). Unlike
standard gradient boosting methods, NGBoost provides a full probabilistic prediction,
rather than a single point estimate. The analysis provided the following values: Training
Loss (TL) refers to the model’s fit on the training dataset, where lower values indicate
better performance. Validation Loss (VL) reflects the model’s error on an unseen validation
set; a constant value of 0.0000 indicates that no separate validation set was used in the
run. The Scaling Factor (S) adjusts the magnitude of each model update per iteration.
Norm (N) represents the magnitude of parameter updates applied during the optimization
process. 40%, 60%, and 80% thresholds were selected to represent a low, medium, and high
probability range. The analysis was restricted to a maximum of 60 positions, following ITU
World Championship Series, where typical participation ranges between 55 and 65 athletes
per sex. This threshold was chosen to reflect the realistic upper limit of competitors in
elite-level events and to exclude positions unlikely to appear in such competitions.

A heatmap correlation analysis was conducted between the two sub-databases to
identify and compare key differences. A student’s t-test was performed to compare the
two sub-databases. Correlations were established between the final race position and the
position at the end of each discipline. Multiple polynomial regressions and one linear
regression were employed to assess the stability of the R2 values across all models.

3. Results
3.1. Number of Winners That Achieved First Position at the End of All Disciplines

The number of races included in the analysis was 1384 for males and 1387 for females,
resulting in a total of 45,884 male triathletes and 37,106 female triathletes considered for
the analysis. The number of events per year is shown in Figure 1. The number of times that
females who finished 1st overall also placed 1st in the swim, bike, and run disciplines was
20 (5.77% of the total races analyzed), while it was 11 for male triathletes (1.45% of the total
races considered) (Figure 2).

3.2. Optimal Position in the Different Disciplines to Achieve Winning Position, Podium, and 4th to
10th Place

A correlation exists between the final position and the position at the end of each
discipline (Table 1). Different polynomial regressions are shown only for the purpose of
comparing the R2 values across them. R2 remains relatively consistent across different
regression models. R2 is medium-low for swimming in both males and females, medium-
low for men’s cycling, slightly higher for women’s cycling, and high for running in both
sexes (Table 1). The positions required in each segment to achieve a specific overall
race position are described in Table 2. The average position required in each segment is
consistently lower than 13th place, across all disciplines, sexes, and all placing categories
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(winners, podium, and 4th to 10th place) (Table 2). For both males and females, the best
position observed in any discipline is always first position (Table 2).

 

Figure 1. Number of events per year for males and females.

Figure 2. Number of race winners that achieved first position at the end of each discipline. Males (A)
and females (B).
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Table 1. R2 and p-values for different regressions between overall race and disciplines final position
for male and female triathletes.

Swim (p-Value; R2) Bike (p-Value; R2) Run (p-Value; R2)

Linear regression
Male <0.001; 0.29 <0.001; 0.31 <0.001; 0.71

Female <0.001; 0.41 <0.001; 0.58 <0.001; 0.71

Polynomial (degree 2)
Male <0.001; 0.29 <0.001; 0.31 <0.001; 0.71

Female <0.001; 0.41 <0.001; 0.58 <0.001; 0.71

Polynomial (degree 3)
Male <0.001; 0.29 <0.001; 0.31 <0.001; 0.71

Female <0.001; 0.41 <0.001; 0.58 <0.001; 0.71

Polynomial (degree 4)
Male <0.001; 0.29 <0.001; 0.31 <0.001; 0.71

Female <0.001; 0.41 <0.001; 0.58 <0.001; 0.71

Polynomial (degree 5)
Male <0.001; 0.29 <0.001; 0.31 <0.001; 0.71

Female <0.001; 0.41 <0.001; 0.58 <0.001; 0.71
Polynomial (degree 2, 3, 4 and 5) = Polynomial regressions of two, three, four, and five degrees, respectively.
R2 = coefficient of determination; p-value = p-value (linear or polynomial regression); Significance level = 0.05.

Table 2. Male and female individual discipline final positions necessary to achieve overall race victory,
podium, and 4th to 10th place.

Swim Bike Run

Male Winner

Mean ± SD (Min; Max) 7.72 ± 8.62 (1, 93) 8.81 ± 10.69 (1, 111) 2.78 ± 4.15 (1, 85)

p-value <0.001

Male Podium

Mean ± SD (Min; Max) 8.56 ± 9.08 (1, 105) 9.36 ± 10.43 (1, 111) 3.77 ± 4.28 (1, 89)

p-value <0.001

Male 4th to 10th Place

Mean ± SD (Min; Max) 12.23 ± 10.22 (1, 134) 12.05 ± 9.89 (1, 112) 8.54 ± 5.51 (1, 99)

p-value <0.001

Female Winner

Mean ± SD (Min; Max) 5.16 ± 5.97 (1, 66) 4.42 ± 5.54 (1, 47) 2.26 ± 2.77 (1, 48)

p-value <0.001

Female Podium

Mean ± SD (Min; Max) 5.97 ± 6.25 (1, 66) 5.14 ± 5.64 (1, 53) 3.37 ± 3.32 (1, 63)

p-value <0.001

Female 4th to 10th Place

Mean ± SD (Min; Max) 9.63 ± 7.48 (1, 75) 8.61 ± 6.12 (1, 64) 8.02 ± 4.62 (1, 69)

p-value <0.001
Swim-Bike-Run = Required average position, standard deviation, minimum position, maximum position. p-value
corresponding to Friedman test; significance level = 0.05.

Regarding the machine learning technique, TL decreases from 0.85 to approximately
0.47 over five iterations. N decreases from 6.82 to 0.77 in males and to 1.48 in females
over the same number of iterations. VL remains consistently at 0.0000 for both males and
females. Figure 3 illustrates the probabilistic determination of victory, podium finish, and
4th to 10th place. Each axis represents a discipline: swim (top right), bike (top left), and run
(bottom). Each colored line corresponds to an outcome category at a specific probability
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threshold. Points closer to the center represent better (lower) average positions. To achieve
4th to 10th place, the lines are visibly farther from the center compared to podium or race
victory outcomes. The most probable position to achieve a 4th to 10th place finish is around
position 30 across all disciplines and probability thresholds in both males and females.

  

  

  

  

Figure 3. Radar chart (machine learning) with average position by probability threshold.
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In the male category, the average positions required to achieve a podium were
(29.74 ± 18.13), (23.02 ± 18.88), and (11.33 ± 19.40) for swimming, cycling, and run-
ning, respectively, at the 40% probability threshold (Figure 3). At the 60% threshold,
these positions were (16.85 ± 18.93), (14.56 ± 16.46), and (2.46 ± 0.60), respectively
(Figure 3). At the 80% threshold, the average positions were (2.50 ± 1.41), (2.88 ± 0.96),
and (3.12 ± 0.34), respectively (Figure 3). In the case of race victory, the average positions
were (13.82 ± 14.64), (25.18 ± 20.25), and (1.82 ± 6.40), respectively, at the 40% threshold;
(3.24 ± 3.56), (25.40 ± 19.20), and (1.02 ± 0.16), respectively, at the 60% threshold; and
(3.15 ± 2.58), (1.77 ± 1.36), and (1.08 ± 0.28), respectively, at the 80% threshold (Figure 3).

For the females, the average positions required to achieve a podium finish were
(8.61 ± 12.24), (39.80 ± 21.30), and (31.93 ± 22.71) for swimming, cycling, and run-
ning, respectively, at the 40% probability threshold (Figure 3). At the 60% threshold,
these positions were (13.85 ± 17.71), (19.95 ± 20.00), and (7.29 ± 15.78), respectively
(Figure 3). At the 80% threshold, the average positions were (5.00 ± 6.73), (3.05 ± 0.78),
and (2.53 ± 0.61), respectively (Figure 3). In the case of race victory, the average positions
were (12.55 ± 16.15), (23.10 ± 20.75), and (1.05 ± 0.25), respectively, at the 40% threshold;
(9.00 ± 14.79), (25.55 ± 20.63), and (1.00 ± 0.06), respectively, at the 60% threshold; and
(2.21 ± 1.33), (25.57 ± 20.53), and (1.00 ± 0.00), respectively, at the 80% threshold (Figure 3).

Radar charts were used to visualize the average race position across the three dis-
ciplines. Each axis represents one discipline (swim, cycle, run), and the radial distance
indicates the mean finishing position within each segment for athletes above a given pre-
dicted probability threshold (40%, 60%, 80%). Differences between polygons therefore
reflect changes in the average segment positioning as the probability threshold increases.
This approach enables a multidimensional comparison of performance profiles across
disciplines rather than examining each split independently.

Radar charts illustrating the average position of athletes in swim, bike, and run
segments at different probability thresholds (40%, 60%, and 80%) from the machine learning
model. Blue area (40%): represents athletes with a predicted probability ≥ 40%. Orange
area (60%): represents athletes with a predicted probability ≥ 60%. Green area (80%):
represents athletes with a predicted probability ≥ 80%. The top panels show the overall
positions for males and females, while the bottom panels show 4th to 10th places for
both sexes.

3.3. Comparison of Podium Database and Top Three Discipline Performers Database

The heat map shows a very small correlation between the total time of the top per-
formers in each discipline and the total time of the race winners (r = 0.004 and r = −0.012
for male and female triathletes respectively) (Figure 4). In addition, the best time in each
discipline is marginally and negatively correlated with the overall best race time (r = −0.019,
r = 0.043 and r = −0.006 for swim, bike, and run times, respectively, in males/r = −0.011,
r = 0.173, and r = −0.003 for swim, bike, and run times, respectively, in females) (Figure 4).
The student’s t-test establishes significant differences for all disciplines and the overall race
time in both sexes (p-values < 0.001) (Table 3).

Heat map showing the Pearson correlation coefficients (r) between performance times
in the Podium3 (top three finishers) and Discipline3 (top three performers in each discipline)
databases for male and female athletes. Each cell displays the correlation coefficient (r)
and p-value (P) between the respective swim, bike, run, and total times. The significance
level was set at 0.05. Darker red cells indicate stronger positive correlations, while lighter
or grayish cells indicate weaker or negative correlations. NaN values indicate that the
comparison does not make statistical sense.
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Figure 4. Heat map correlations between podium database (Podium3) and top three discipline
performers database (Discipline3).
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Table 3. Comparison between podium database and top three discipline performers database.

Between Two Datasets Combined Dataset

Database Performance (s) ± SD (s) Difference (s) T R2 p R2 p

Male

Swim time
Discipline 3 1109.34 ± 90.15

28.86 11.95 0.54 <0.001 0.009 <0.001
Podium 3 1138.20 ± 95.55

Bike time
Discipline 3 3534.13 ± 274.15

59.37 8.18 0.70 <0.001 0.013 <0.001
Podium 3 3593.50 ± 284.12

Run time
Discipline 3 1941.12 ± 122.40

30.41 9.07 0.57 <0.001 0.007 <0.001
Podium 3 1971.53 ± 135.27

Total time
Discipline 3 6584.59 ± 386.50

175.67 18.18 0.43 <0.001 0.035 <0.001
Podium 3 6760.26 ± 374.71

Female

Swim time
Discipline 3 1190.34 ± 186.50

49.57 10.57 0.463 <0.001 0.009 <0.001
Podium 3 1239.91 ± 186.92

Bike time
Discipline 3 3864.57 ± 651.35

106.37 6.84 0.546 <0.001 0.021 <0.001
Podium 3 3970.94 ± 584.63

Run time
Discipline 3 2272.61 ± 320.28

65.33 7.95 0.485 <0.001 0.009 <0.001
Podium 3 2272.61 ± 320.28

Total time
Discipline 3 7461.15 ± 897.42

123.31 5.76 0.475 <0.001 0.006 0.087
Podium 3 7584.46 ± 805.51

Discipline 3 = database corresponding to the best three performers of the discipline; Podium 3 = database
corresponding to the podium positions; Performance = mean performance time. SD = standard deviation.
Difference = absolute mean differences; T = t-test value; R2 = R2 value from t-test; p = p-value (t-test); Significance
level = 0.05.

4. Discussion
The aim of this study was to determine the necessary position in each discipline to

achieve success in elite Olympic-distance triathlon races for both sexes. To the best of our
knowledge, this is the first article to date that has employed artificial intelligence to address
this question. The most significant findings of our research are that performing the best
split time in individual disciplines is not crucial for winning professional Olympic triathlon
competitions, although performing well in running seems more important. Nevertheless,
performing consistently well across all disciplines is essential for ensuring a podium finish
or race success.

A correlation exists between the final position and the position at the end of each
discipline (Table 1). R2 remains relatively consistent across different regression models. The
R2 is medium-low for swimming in both males and females, medium-low for men’s cycling,
slightly higher for women’s cycling, and high for running in both sexes (Table 1). Based
on this initial analysis, it can be assumed that strong performances in both swimming and
cycling are important, but a race victory is largely contingent on running performance. In
other words, shorter running times significantly increase the likelihood of victory, provided
the triathlete has attained competent placements in swimming and cycling. These findings
align with what has been described by many authors and with popular belief. Some
researchers attribute this fact to the influence of drafting during the cycling segment [35].
Moreover, our data confirm what has already been reported by [36], who suggest that
cycling is somewhat more important for female triathletes although they exhibit a slightly
higher R2 (Table 1). Similarly, Piacentini et al. (2019) [37] reported that being in front upon
arrival at the second transition and executing an optimal run are key factors in securing
victory. Piacentini et al. (2019) [37] also reported that females tend to have more difficulty
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reaching the lead group during the cycling segment, which lends additional importance
to this discipline compared to men. Nonetheless, it is also important to consider that
studies considering Olympic triathlon races where drafting was not permitted produced
similar results [38]. García-González and González-Jurado (2025) [15,16] compared the
times achieved in the three main triathlon competitions of the 21st century (drafting
allowed) and found that medalists and other participants had similar performances in
swimming and cycling, but the medalists performed better in running, confirming previous
research [36,37]. For running, some authors have accentuated the importance of a correct
pacing strategy, emphasizing that it is crucial to stick to a pre-determined pace strategy
rather than following the lead group [9].

The necessary positions in each segment to achieve a specific overall race position
following descriptive statistics are described in Table 2. The average position required in
each segment is consistently lower than 13th place. Males generally need to rank within the
top eight in swimming, the top ten in cycling, and the top three in running to win or reach
the podium. Females are required to achieve top-five positions in swimming and cycling.
Instead, they need a top-three position in running, similar to male athletes (Table 2). This
highlights that athletes who excel in running, compared to those who do so in swimming
and cycling, have higher odds of winning the race or achieving the podium. These results
suggest that finishing near the front in swimming is not as important as achieving the
fastest times in cycling or running. These results contrast with earlier work emphasizing the
predictive value of the front position at the end of swimming for race success in males [36].
Using machine learning, they estimated segment time gaps for placing tiers (podium,
4th–10th, others). Their suggested ~10 s gap to the swim leader for males may imply a
lower position than those we observed for podium positions (8.56 ± 9.08). In females,
their proposed 20–30s (podium) and 10–20s (4th–10th) gaps align more closely with our
findings (positions 5.97 ± 6.25 and 9.63 ± 7.48, respectively) (Table 2). Our results also
show that high performance in swimming, as well as in the other disciplines, is mandatory
for triathlon success. It should be noted that the results described so far follow a descriptive
statistical analysis approach, and we will now proceed to explain the results achieved by
the machine learning analysis.

Based on the analysis conducted with NGBoost, several noteworthy conclusions can be
drawn. As the probability threshold increases (from 40% to 80%) for both sexes, the average
swim and bike positions show a moderate improvement while the run position consistently
remains at 1st place, confirming that running performance has special importance for the
final victory. Athletes who aim at the podium must still perform well across all three
disciplines, although the acceptable range of positions is wider, especially in swimming
and cycling. Finally, average swimming and cycling positions are significantly worse
for athletes aiming to arrive between the 4th to 10th positions. Running positions are
also less competitive for this group. Running seems to be the most important discipline
independently of sex, aligning with the descriptive analysis.

Our analysis also reveals discipline-specific patterns by sex for race victories. A better
swimming position is generally required than a cycling one to win or achieve a female
podium finish. The same pattern appears across the 40%, 60%, and 80% probability
thresholds, except at the 80% threshold for podium finishes, where the cycling position
is more important than the swimming one (3.05 ± 0.78 in cycling versus 5.00 ± 6.73 in
swimming). Female winners still maintain an average bike position around the 25th place
at the 80% probability threshold, suggesting that recovery during the race is possible.
Therefore, it can be stated that achieving a better swimming position is more advantageous
for securing a podium position in comparison to cycling. A similar pattern is observed for
the male winning position, again with the exception being at the 80% threshold (1.77 ± 1.36
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in cycling versus 3.15 ± 2.58 in swimming). However, positions in cycling and swimming
positions are very similar when aiming for the podium. It appears that both disciplines
require a comparable level of performance in the male category to achieve a podium finish,
suggesting that a better cycling position is needed compared to for females.

Both males and females need to achieve top-three and top-five swimming positions at
the 80% probability threshold to secure victory. On the other hand, the average swimming
position requirement at the 40% threshold drops to around the top fifteen. These findings
suggest that the probability of winning is higher when athletes are already in leading posi-
tions after swimming and cycling, and that scenarios involving poor swimming, moderate
cycling, and exceptional running are rare among winners. This does not lead us to the same
conclusion achieved in our descriptive statistics presented in Table 2. The implementation
of artificial intelligence in the analysis underlines the importance of achieving an advanta-
geous position exiting the water and the relevance of cycling for male triathletes, but not
for females. Therefore, our study agrees with others [36] in highlighting the importance
of being at the front exiting the water, as they proposed that a maximum difference of ten
seconds from the leader for success. The similar approach used in their paper compared to
ours, both using machine learning techniques, is likely the reason why our results match
now and did not do so with the traditional statistics approach also employed in this study.

Female winners can occasionally offset a weaker cycling performance with exceptional
swimming and running results. In contrast, male winners more consistently occupy
top positions across all three disciplines. Cycling positions also show greater variability
compared to swimming and running. In many races, especially those allowing drafting,
large athlete packs form during the bike leg, meaning that finishing 10th or 30th in cycling
may correspond to the same time if the athlete remains within the lead pack. This dynamic
helps explain why the cycling position is less predictive of final outcomes compared to
swimming and running positions.

Swimming depends on anaerobic power and start intensity, but once athletes enter the
lead pack, pacing stabilizes and variability decreases. In drafting-legal cycling, aerodynamic
benefits reduce the direct impact of individual power output, allowing athletes to conserve
energy within groups and weakening its predictive value. Running, however, occurs under
accumulated glycogen depletion and neuromuscular fatigue, making it highly dependent
on fatigue resistance and metabolic efficiency. Small physiological differences are therefore
amplified in the final segment, which may explain its stronger association with overall
race success. Some authors proved that triathlon running is harder than control running
at the same speed in terms of oxygen consumption, respiratory frequency, ventilation
rate, and heart rate [39]. Prior exercise may elevate markers of muscle damage, such as
creatine kinase and lactate dehydrogenase, potentially enabling higher-level triathletes to
experience smaller performance decrements compared to their competitors.

This machine learning analysis quantifies the likelihood of success for specific com-
binations of positions, making the findings actionable for real scenario decision-making
in training and race planning. It also demonstrates that classical statistics, such as those
described above and in other research [15,16], and machine learning lead to consistent
conclusions, for example by stating the running segment as a key discipline for Olympic
triathlon success. However, this study adds some conclusions, such as the importance of
the cycling segment or the relevance of the position at the end of the swimming segment,
which is a contribution of this paper.

Given the importance of running, we tested whether the best discipline performers
(including the best running performers) were the same as the race winners. Two individual
sub-databases were established for the analysis. The first sub-databases included only
triathletes who achieved podium positions, along with their standings at the end of each
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discipline (podium3). The second sub-databases focused on the top three performers in
each discipline and their overall race times (discipline3).

The heat map shows an almost nonexistent correlation between the total time of the
top performers in each discipline and the total time of the race winners (r = 0.04 and
r = 0.012 for male and female triathletes, respectively) (Figure 4). In addition, the best time
in each discipline is marginally correlated with the overall best race time (Figure 4). This
proves that podium achievers are not necessarily the best performers in the individual
segments, although they were close. This occurs for both males and females.

Likewise, the student’s t-test establishes significant differences between the podium
(podium3) and the top three discipline performers databases (discipline3) for all disciplines
and overall race time in both sexes (p-values < 0.001) (Table 3). This provides conclusive
evidence that both databases are significantly different and supports the observations made
in Figure 4. The data show that outstanding individual performance in each discipline is
not crucial for success in an Olympic triathlon, and that consistent high-level performance
across all disciplines is essential for ensuring a podium finish or race victory. Once again,
these statements reinforce the results previously reported by similar investigations [37].

This study has some limitations. Given the nature of the study, three limitations can
be highlighted. First, there are a number of missing values not published by the ITU. This
means that, despite careful data cleaning, there is a possibility that incorrect records were in-
cluded in the analysis. Moreover, this study adopts a quantitative approach, which implies
a lack of consideration for physical or other nature-related variables, such as training, previ-
ous experience, circuit layout, or climatic conditions. Finally, analyzing competitions over
a long period, including competitions where drafting was allowed and others where it was
forbidden, may have a small influence on the results, although preliminary analysis shows
that the results would be similar to those reported in this study. Regarding the use of ma-
chine learning techniques, missing split times and potential recording inconsistencies may
introduce bias into probability estimations. Furthermore, machine learning models identify
statistical associations rather than causal mechanisms; therefore, the findings should be
interpreted as probabilistic tendencies rather than deterministic rules of performance.

Based on our findings, athletes targeting victory should aim to exit the swim within
the leading group and maintain a cycling position that preserves tactical contact with the
front pack, as scenarios involving recovery from distant positions appear statistically rare.
For podium ambitions, maintaining consistent top-ten positioning across the swim and
cycle segments substantially increases success probability, while running capacity remains
the decisive differentiator in the final outcome.

Sex-specific patterns suggest that female athletes may benefit from prioritizing front-
pack positioning during swimming to a greater extent, whereas male athletes require a more
homogeneous performance across the swim and cycle segments. Coaches may therefore
structure race simulations and tactical training sessions around position-based objectives
rather than solely around time-based metrics, particularly in drafting-legal competitions
where pack dynamics influence cycling variability.

For federations and talent development programs, these findings emphasize the impor-
tance of developing high-level running capacity without neglecting early race positioning
skills. Athlete transitions to longer distances should also consider that the positional dynam-
ics observed in Olympic-distance racing may not translate directly to non-drafting formats.

Future research should extend artificial intelligence applications from retrospective
analysis toward predictive and monitoring frameworks in Olympic-distance triathlons.
Integrating contextual variables (e.g., course profile, environmental conditions) could
enable a real-time estimation of podium probabilities and support tactical decision-making
during races.
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5. Conclusions
Olympic triathlon success seems to be influenced by an athlete’s position throughout

the race. To win an Olympic triathlon, performing the best split times in one or more indi-
vidual disciplines is not determinant. Performing well in only two disciplines is insufficient
to secure a top-three position, as success is characterized by multidimensional consistency.
Triathletes must achieve a higher level of performance in running than in swimming or
cycling to secure any placing category. This relative performance difference is smaller
in females.
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