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Triathlon is a multidisciplinary endurance sport that 1.0
demands proficiency in swimming, cycling, and - .
running, along with efficient transitions between | 5 .
these disciplines. ..
Extensive research has examined the physiological < - v o
determinants of endurance performance—such as 0.4 ;0 %
maximal oxygen uptake (VO2 Max), lactate 100 > .
threshold, and exercise economy [1]. o [*
Existing predictive models often derive from data 0.0 N Predicted Torl Time (e y
collected under laboratory conditions, which could 5] SUMMARY. CONCLUSIONS AND FUTURE DIRECTIONS
lack validity due to dynamic race environments [2]. 0.2 B This research demonstrates that race-day ‘
, , _ - —0.4 performance metrics, especially bike and transition
Race Order of Sprint Triathlon g times, can effectively predict triathlon outcomes and
- e - -~ e RIS inform strategic planning.
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| model is based on fundamental components.
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Y o 4100 detailed physiological metrics and could expand the
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