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Introduction 
Trail running is defined as a running sport conducted in outdoor, mountainous 
terrain, often involving steep ascents and descents, with some races exceeding 
24 hours in duration (Scheer et al., 2020). The sport has grown significantly in 
popularity, with around 9.1 million participants in the U.S. in 2017. By 2021, the 
International Trail Running Association (ITRA) had registered 1.8 million runners 
from 163 countries using its Performance Index (PI) and listed nearly 8,000 trail 
races in its event calendar (Crawley, 2021), fostering sport and also tourism 
(Perić and N. Slavić, 2019). Predicting a runner’s checkpoint arrival time is crucial 
for race organizers, as delays may indicate potential danger, enabling timely 
emergency response measures. 
 
Study Objective 
The objective of this work was to develop a more accurate method for predicting 
athletes' arrival times at each checkpoint. Traditional velocity-based algorithms 
often rely on simplistic assumptions, such as constant speed or linear 
progression, which fail to account for dynamic factors like fatigue, elevation 
changes, and weather conditions. To address these limitations, we leveraged 
Machine Learning (ML) techniques, based on the work of (Fogliato et all, 2021), 
analysing historical race data and individual performance patterns to generate 
better adaptive predictions. By improving checkpoint time estimates, this 
approach enhances race safety, resource allocation, and logistical planning for 
organizers. 
 
Methodology 
To achieve the objective of accurately predicting athletes' arrival times at 
checkpoints during trail races, we proposed a data-driven methodology, 
combining traditional race analytics with supervised machine learning (ML) 
techniques, including historical race and athlete’s data, engeneering features 
based on distance and elevation, with some normalization of data, removing 
erroneous ou missing athlete data. The use of Random Forest (Breiman, 2001) 
and Lasso (Tibshirani, 2009) Machine Learning models will be compared with 
simple velocity models. The training will be incremental, using 6 years of historical 
data and continuos analysis of results. The evaluation metric used will be Mean 
Absolute Error (MAE) (Hastie et all, 2009). 
 
Results 
Initial testing of simple velocity-based models revealed that average speed 
across the entire race provided more accurate predictions than using only the 
most recent checkpoint velocities: Average speed model with 1,501 seconds 
MAE (mean absolute error), Last checkpoint velocity with 1,807 seconds MAE, 
and, Last two checkpoints’ average velocity with 1,724 seconds MAE. This 
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confirms that long-term pacing trends are more reliable than short-term 
fluctuations in predicting arrival times. 
The initial ML model, trained solely on distance-based features (e.g., segment 
length, elevation), underperformed compared to the baseline average-speed 
model. However, after incorporating athlete-specific features, the model’s 
accuracy improved significantly. The Random Forest (RF) Model achieved an 
MAE of 1,134 seconds, a 24% improvement over the best baseline model. 
 
Conclusions 
The application of the Random Forest machine learning model significantly 
enhanced race performance predictions, achieving an average improvement of 
24% (6.1 minutes) compared to baseline methods. This approach leveraged 
historical race data and athlete performance metrics, enabling more accurate 
time estimations by identifying key patterns and relationships within the dataset. 
However, the study encountered limitations related to athlete data consistency. 
Specifically, tracking the same athlete across multiple races proved challenging 
due to inconsistencies in data recording, missing entries, or variations in athlete 
identification. This limitation may have affected the model's ability to fully capture 
individual performance trends over time. 
As future improvements we propose a more robust athlete tracking systems to 
ensure consistent data across competitions, and expand the dataset with 
additional features such as weather conditions, course difficulty, and real-time 
physiological data (e.g., heart rate, GPS tracking) to further refine predictions. 
Also, another line of research could explore ML models such as, XGBoost and 
Neural Networks to assess whether different algorithms yield even better 
accuracy. 
Despite these challenges, the results demonstrate that machine learning, 
particularly Random Forest, holds strong potential for performance prediction in 
endurance sports, provided that data quality and athlete tracking are further 
optimized. 
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