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Abstract: This study systematically reviews the application of machine learning
methods for predicting running performance, with particular emphasis on short-
middle distance events such as the 5 km. Although machine learning based
performance prediction has been widely explored in endurance sports, a
comprehensive review synthesizing models, predictors, and pipelines across running
distances remains limited. The review followed the PRISMA 2020 framework.
Articles published between 2020 and 2025 were retrieved from ScienceDirect,
Google Scholar, and PubMed using predefined keyword combinations related to
machine learning and running performance. Studies were included if they focused
on running (excluding cycling, triathlon, or other sports), applied predictive
modeling, and reported model evaluation metrics. A total of 26 studies met the
inclusion criteria and were assessed using quality appraisal criteria inspired by
TRIPOD and QUADAS-2. The analysis identified four main research themes: (1)
application of machine learning models for running performance prediction, (2)
physiological and anthropometric predictors, (3) non-physiological and contextual
factors, and (4) personalized athlete training and monitoring. Ensemble learning
models (Random Forest, XGBoost, LightGBM) consistently outperformed
traditional linear regression by capturing non-linear interactions, while deep learning
approaches (LSTM, GRU) demonstrated strong capability in modeling temporal
training dynamics. A generalized machine learning pipeline for running performance
prediction was also synthesized. This review contributes a structured framework that
integrates modeling approaches, predictor categories, and evaluation strategies, and
highlights research opportunities for explainable and personalized prediction
systems, particularly for 5 km running performance.

Keywords: Machine learning; prediction of running time; running performance;
sports analytics; systematic literature review

INTRODUCTION

This Running has seen a significant surge in popularity in recent years, transitioning from a mere fitness
activity to a modern lifestyle. Indonesia. In 2021, Indonesia was among the top five countries with the highest
diabetes rates in the world. This may be a reason why people are starting to adopt a healthy lifestyle, particularly
exercise, especially running (Winandy Soesilo & Suprapti Hendharta, 2025). According to Garmin's official
website, the trend of outdoor running has seen a significant increase of 65% (Garmin Indonesia, 2024). This
demonstrates the growing public interest in running, which can improve cardiorespiratory fitness, muscle strength,
flexibility, and emotional health. This increase is reflected not only in the increasing number of runners but also
in the numerous running events and competitions held throughout the year. Typical running competitions are
typically 5 km. Results are determined by time, making predicting running times crucial for runners.

Running performance prediction has become an important topic in the field of sports science and physiological
data analysis because the prediction results will help coaches and athletes in planning optimal training strategies
(Nikolaidis et al., 2021; Wiecha et al., 2022). Predictions can be made using machine learning technology. The
resulting running data can be used as a machine learning resource to model the complex relationship between
training variables and race times.
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In the last five years, machine learning has become a superior alternative for modeling complex relationships
in athletic performance. Studies have shown that the use of ensemble learning algorithms (XGBoost, LightGBM,
Random Forest) has been shown to improve accuracy by 20% compared to conventional models (Rothschild et
al., 2024), while neural network models are able to capture temporal patterns from sequential training data with
up to 90% accuracy (Zhou, 2025). Furthermore, advances in wearable sensors and big data analytics have expanded
the scope of analyzable variables, including heart rate, physiological variability, sleep patterns, and gait speed,
which are relevant for personalized predictive models (Coquart, 2023; Nikolaidis & Knechtle, 2023)

Several existing reviews have addressed running performance modeling from physiological and training
perspectives. (Alvero-Cruz et al., 2020) presented a narrative review of physiological and anthropometric factors
in predicting long-distance running performance, while (Vijay et al., 2024) emphasized the role of lactate
threshold-based training in improving endurance performance. While these studies provide an important
foundation for understanding the determinants of running performance, their primary focus has been limited to
conventional statistical approaches or training interventions, and they have not systematically explored the role of
machine learning as a comprehensive, data-driven prediction framework.

To the best of our knowledge, there is still limited systematic literature review specifically synthesizing how
machine learning algorithms, modeling pipelines (including preprocessing, feature engineering, and evaluation),
and personalization approaches are used to predict long-distance running performance, with a particular emphasis
on the 5 km event. Of the 26 studies that met the inclusion criteria in this review, only a small fraction explicitly
focused on 5 km performance, while the majority addressed half-marathons, marathons, and ultramarathons.
Therefore, this study aims to fill this gap by presenting a PRISMA-based systematic review that identifies key
research themes, compares the machine learning approaches used, and formulates a conceptual framework for
developing predictive models and personalizing running performance, specifically in the context of middle-
distance running.

Therefore, a comprehensive literature review is needed to analyze the use of machine learning in the context
of predicting running performance based on both physiological and non-physiological variables. This review will
also compare the strengths and weaknesses of each model and identify opportunities for further research
development.

METHOD
This study employed a Systematic Literature Review following the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA 2020). The objective was systematically identified, evaluate, and
synthesize empirical studies that applied machine learning or predictive modeling approaches to running
performance prediction, with particular emphasis on the 5 km distance within the broader endurance running
context. The research flow is illustrated in the diagram in Figure 1 below.
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Fig. 1 Research Method Flow Systematic Literature Review (PRISMA)
The study selection followed a three-stage PRISMA process: identification, screening, and eligibility. The
identification phase collected 1,057 scientific articles published between 2020 and 2025 through several major
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academic databases, namely ScienceDirect and Google Scholar. Keyword combinations used included "machine
learning running performance" and "5 km running prediction". After an initial screening process, 7 duplicate
articles and 946 articles were excluded using automation tools. This process resulted in 104 scientific articles
deemed potentially relevant to the research topic [2].

On screening stage, 48 articles were excluded because they did not involve machine learning approaches or
were not related to running activities, resulting in 56 retained articles. Further full-text eligibility assessment
excluded 30 articles due to unmet criteria [3]. Consequently, 26 studies met all eligibility criteria and were included
in the final qualitative synthesis.

The inclusion and exclusion criteria applied at each PRISMA stage are detailed below to ensure consistency
between the narrative and the PRISMA flow diagram. The inclusion and exclusion criteria applied at each
PRISMA stage are detailed below to ensure consistency between the narrative and the PRISMA flow diagram.

Inclusion Criteria:

e Studies applying machine learning or data-driven prediction models.

e Focus on individual running performance (e.g., 5 km, half-marathon, marathon, ultramarathon).
e Use of physiological, anthropometric, training, or contextual variables related to running.

e Reporting quantitative model evaluation metrics (e.g., R?, RMSE, MAE, MAPE).

e Peer-reviewed articles published between 2020 and 2025.

Exclusion Criteria:

¢ Studies focusing on non-running sports (e.g., cycling, triathlon, or other sports).
e Articles not involving predictive modeling or machine learning approaches.

e Studies without quantitative performance evaluation results.

e Research addressing team-based performance rather than individual runners.

Research Theme

A thematic analysis was conducted on 26 articles that met the inclusion criteria. This process was conducted
to identify research patterns and the direction of research development on the topic of machine learning in
predicting 5 km running performance (Vijay et al., 2024). Figure 2 is the theme of the literature review that has
been determined.

Application of machine learning models in
running performance prediction

Physiological and anthropometric as predictors
of running performance

Non-physiological and contextual factors in
predictive models

The research theme focuses on machine learning
in predicting running performance

Personalized athlete training and monitoring
based on machine learning

Fig. 2 Thematic Analysis

This study inductively identified four main themes through in-depth literature coding to ensure the accuracy
of the results. The researchers acknowledge the potential limitations of subjectivity stemming from professional
backgrounds and technical assumptions related to machine learning. However, to maintain objectivity, the entire
analysis process focused on conceptual consistency, empirical relevance, and logical relationships between
running performance variables. This approach ensures that the resulting thematic findings are representative of the
current state of the literature and have strong academic accountability as a reference for future predictive model
development.

RESULT

Following the PRISMA selection process, a total of 26 studies were included in the final analysis. To ensure
methodological rigor and transparency, a structured quality appraisal was conducted for each study prior to
synthesis.
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Each study was evaluated based on a quality score (Q1-Q8), which aims to assess the methodological strength
and quality of the research reports of studies that have passed the eligibility stage. This stage was conducted to
ensure that only valid, transparent, and relevant studies were included. The quality scoring analysis was performed
using the Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD) and Quality Assessment of Diagnostic Accuracy Studies (QUADAS-2) methods [4], [5].

It is important to note that the TRIPOD and QUADAS-2 frameworks were not applied as formal diagnostic or
reporting standards in this review. Instead, key principles from both guidelines were adapted and operationalized
into a structured checklist (Q1—Q8) to assess the methodological transparency and rigor of machine learning based
on running performance prediction studies. An explanation of each assessment criterion is shown in Table 1 below.

Table 1. TRIPOD Assessment Criteria
No Criteria

1 The research objectives are aligned with the topic of
performance prediction.

2 The clarity and completeness of the data used.

3 The variables used are relevant to running performance.

4 The machine learning algorithm is explained in detail.

5 The quality of the machine learning model evaluation.

6 The model results are explained in the context of running
performance.

7 The research results can be generalized to other contexts.

8 The research results can be applied by runners and coaches.

Each criterion is divided into three parts (0 = poor, 1 = moderate, 2 = excellent). Studies with a score of 13—16
are considered excellent. Studies with a score of 9—12 are considered moderate, and scores below 9 indicate poor
studies. Based on this assessment, 12 articles were classified as excellent, 14 as moderate, and 5 as poor. Table 2
provides a comparative overview of methodological rigor, predictive variables, and machine learning approaches
across the reviewed literature using the QUADAS-2 method.

Tabel 2. QUADAS-2 and Core Characteristic
|Author & Year ML Methods E\f/llgggf n Result Quality
Thuany et al., XGBoost MAE & R? | Gender was the strongest predictor, | Excellent
2025 followed by nationalities, age, and
race location. The fastest runners
were predominantly from European
countries.
Weiss et al., OLS & XGBoost R2 Increased temperature and | Moderate
2024) decreased  humidity  decreased
running speed, with a greater effect
on men. Sunshine duration was
positively correlated but small.
Zhou, 2025 Linear Regression, RMSE, The GRU model provided the most | Moderate
RNN, MAE, accurate and stable marathon time
LSTM & GRU MAPE predictions compared to Linear
Regression.
Nikolaidis et Linear Regression R? VO:max, weekly training volume, | Moderate
al., 2021 and BMI were the main predictors of
marathon performance, with higher
VO:max and lower BMI associated
with faster performance.
Mantzios et Decision Tree R? Air temperature was the most | Excellent
al., 2022 important environmental predictor
(40%), with an optimal WBGT of
7.5-15°C; every +1°C decreased
performance by 0.3—0.4%.

*name of corresponding author

This is anCreative Commons License This work is licensed under a Creative
BY WC Commons Attribution-NonCommercial 4.0 International License. 515


https://doi.org/10.33395/sinkron.v10i1.15743

SinkrOn

DOI : https://doi.org/10.33395/sinkron.v10i1.15743

Sinkron : Jurnal dan Penelitian Teknik Informatika
Volume 10, Issue 1, Januari 2026

e-ISSN : 2541-2019

p-ISSN : 2541-044X

Tomaszewski Random Forest, R?, MAPE, | Machine learning accurately | Moderate
etal., 2024 XGBoost RMSE predicted lactate threshold, with
& LightGBM LightGBM best for AnT and
Random Forest best for AeT.
Quittmann et Linear Regression - The addition of ¢Lamax increases | Moderate
al., 2021 the accuracy of the 5 km prediction
by 4.4%, as well as the ability to
finish kick.
Wiecha et al., XGBoost & Linear R? & RMSE | XGBoost and multivariate | Excellent
2022 Regression regression successfully identified
important factors of resilience, and
the VAT, VRCP, Vmax models
showed stable accuracy for all
genders.
Feely et al., - - CBR is able to provide personalized | Moderate
2023 training recommendations,
effectively increasing the
motivation and consistency of
beginner runners.
Johansson et Linear Regression R2, MAE Machine learning is more accurate | Excellent
al., 2023 than manual methods in predicting
finish times, and can identify
runners at risk of pacing errors.
Figueiredo et Linear Regression R? Critical Speed is the best 5 km | Moderate
al., 2021 predictor (R? = 0.90), outperforming
Vpeak TF.
Rothschild et | MARS, SVM, KNN, RMSE Machine learning successfully | Excellent
al., 2024 XGBoost, predicted daily recovery and HRV
LightGBM, NNET more accurately than baseline, with
training load, sleep, and HRV as the
primary predictors.
Vos et al., GLM & Random RZ& MAE | GLM is best for absolute | Moderate
2024 Forest performance prediction, Random
Forest is best for performance
change, influenced by VO.max,
ventilatory thresholds, body
composition, training impulse, and
well-being.
Olaya- Linear Regression R? The half-marathon race is a valid | Moderate
Cuartero et determinant of CP, with a strong
al., 2023 relationship between CP and race
power (r = 0.88), making it practical
and non-invasive.
Pirscoveanu & | Linear Regression, RMSE The machine learning model | Excellent
Oliveira, 2024 SVN, GPR. accurately predicts RPE using
smartwatch data, such as cadence,
stride length, heart rate, and
oscillation.
Lerebourg et AN & KNN R? & MAE | ANN and KNN accurately predicted | Excellent
al., 2022 marathon times, with KNN slightly
superior; predictors included 10km
time, age, gender, and BMIL.
Coquart, 2023 Linear Regression - Linear Regression predicts 100 km | Moderate
performance with good accuracy (R?
=0.49) using marathon performance
and environmental variables.
Alvero-Cruz - - Long-distance performance | Moderate
etal., 2020 prediction is primarily influenced by
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VO:max and training load, as the
most dominant physiological and
training factors.

Munoz-Pérez
etal., 2024

Multiple Regression

(Tidak Spesifik)

R? & RMSE

Pacing strategy and half-marathon
performance are strong predictors of
marathon performance, especially
even/negative pacing.

Excellent

Nikolaidis &
Knechtle,
2023

Linear Regression

R2

Half-marathon times can be
accurately predicted from BMI,
VO.max, and weekly training
distance.

Moderate

Keogh et al.,
2020

Multiple Regression

(Tidak Spesifik)

R2

Training history was the most
dominant predictor of marathon
performance, with the model
explaining 85.8% of performance
variability.

Excellent

Fokkema et
al., 2020

Linear Regression &
Logistic Regression

High training volume and longer
long runs increase finishing speed,
without increasing the risk of injury.

Moderate

Knechtle et
al., 2024

XGBoost

R? & MAE

Race location was the strongest
predictor of speed (53%), followed
by the athlete's country of origin
(21%), indicating the role of culture
and geography.

Moderate

Knopp et al.,
2025

Physiological parameters such as
VO:max, running economy, and
ventilatory thresholds are essential
in predicting elite performance.

Moderate

Dash, 2024

LSTM

Accuracy

The LSTM model outperformed the
traditional model with 90.4%
accuracy in  predicting  race
distances.

Excellent

Casado et al.,
2019

Linear Regression

RZ

Elite runners' performance is heavily
influenced by the volume of easy
runs, tempo runs, and short
intervals, which increase total
mileage and long-term aerobic
adaptation.

Excellent

Pipeline and Evaluation Model
Based on the results of the systematic review, the pipeline carried out by the model in predicting running
performance generally consists of five main stages as shown in Figure 3 below.

Gather & Selecting Data

Data Pre-Processing

Database

Cleansing

—

»
Data Preparation L

Modelling

Future Selection

Model Evaluation

Cross-validation

Metrics Score

Normalization

Splitting Data

Hypermeter Tuning

Feature Importance

Transformation

Fig. 3 Machine Learning Pipeline Diagram

Based on the synthesis of 26 studies, the general machine learning pipeline in predicting running performance
consists of: (1) selecting data from running activities or physiological/non-physiological tests from the database.
(2) Data preparation is carried out in several stages, namely cleansing, normalization, and data transformation. (3)
Data pre-processing by performing feature engineering in the form of extracting existing variables into a new
variable, for example pace, heart rate (HR), lactate, and so on. The data splitting stage is also carried out to separate
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the model training and test data. (4) The model stage is carried out with the cross-validation stage, hyperparameter
tuning and feature selection. (5) The model evaluation stage is carried out to see the metrics score and feature
importance for model interpretation so that it is easy to understand.

Most studies use R? and RMSE metrics to evaluate the performance of the models used. The ensemble learning
model shows an R? value above 0.80 and RMSE below 10%. On the other hand, the use of a deep learning model
can produce more accurate values when compared to the Linear Regression model with an increase of almost 50%
(Zhou, 2025). This aims to avoid overfitting on small datasets, as reported in studies (Dash, 2024a; Vos et al.,
2024). Evaluation of model stability shows that cross-validation with Stratified K-Fold and Bayesian optimization
for hyperparameter tuning are the most frequently used strategies to avoid overfitting.

Literature Review Summary

The utilization of machine learning in predicting running performance is currently developing rapidly, at least
in the last 5 years (Wiecha et al., 2022). The ability of machine learning to identify complex patterns from
physiological, biomedical, and environmental data makes this method chosen in predicting running performance
compared to conventional methods that tend to be linear and unable to capture complex relationships
(Tomaszewski et al., 2024). Accurate prediction capabilities can provide time or speed estimates and training
planning that can be useful for athletes and recreational athletes (Nikolaidis & Knechtle, 2023). Based on the
results of the literature review, the most frequently used machine learning models in the context of running
performance include multivariate Linear Regression, decision tree-based models (Random Forest, XGBoost,
LightGBM) and deep learning (LSTM, RNN, GRU). To illustrate the machine learning approaches applied in
running performance prediction. Table 3 summarizes the models, input variables, and key findings identified in
the reviewed studies.

Table 3. Machine Learning Models Summary

Author and | Distance/ Context | Machine Learning Main Input Key Findings
Year Model Variable
Casado et al., 5 km - Marathon Multi Linear VO:max, BMI, age, | Linear Regression
2019; Regression gender, training | demonstrated moderate
Fokkema et frequency predictive performance
al., 2020; (R* = 0.60-0.77) with
Nikolaidis et high interpretability but
al., 2021 limited ability to model
non-linear relationships.

Figueiredo et Marathon Linear Regression | Physiological and | Regression models were
al., 2021; anthropometric effective for small

Johansson et variables datasets but showed

al., 2023 lower accuracy compared
to advanced ML

methods.
Mantzios et Marathon — Random Forest, Physiological and | Ensemble learning
al., 2022; Ultramarathon XGBoost, LigtGBM | anthropometric models improved

Tomaszewski variables prediction accuracy by

et al., 2024; approximately 15-20%

Wiecha et al., compared to Linear

2022 Regression.

Rothschild et | Endurance running | XGBoost, Random | Physiological and | Ensemble models
al., 2024; Forest training-related handled complex
Vos et al., variables physiological data

2024 effectively but required
explainability techniques
to improve
interpretability.

Dash, 2024 Multi-distance LSTM Physiological and | LSTM generalized
races training-related performance prediction
variables across distances with
accuracy up to 90.4%,
outperforming traditional
models.
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Zhou, 2025 Marathon GRU Pace, elevation, | GRU achieved strong
historical race data | predictive performance
(MAPE 5.2%, RMSE
0.11 h) by modeling

temporal training

dynamics.
Nikolaidis et 5km Ensemble Learning | VO.max  (~40%), | VO2max emerged as the
al., 2021 BMI, structured | dominant predictor for 5
training km performance, while

ensemble models showed
potential for integrating
wearable and training
data..

Table 3 summarizes the machine learning models applied in running performance prediction studies, including
the modeling approaches used, input variable categories, and reported evaluation metrics across the selected
literature.

DISCUSSIONS

A thematic analysis was conducted to identify key patterns and trends across the 26 articles that passed the
inclusion stage. The primary objective of this analysis was to identify common research directions and variations
in approaches used in the application of machine learning to predict running performance, particularly in the
context of the 5 km distance. These four themes jointly address the research objectives of this systematic review
by examining (1) how machine learning approaches have been applied to predict running performance, (2) which
physiological, anthropometric, and contextual features are most influential, and (3) how predictive models are
increasingly personalized, with particular relevance to the 5 km running context. Based on the literature synthesis,
four main themes emerged, which complement each other and illustrate the development of research in this field,
which are explained below.

Theme 1 - Application of Machine Learning Models in Running Performance Prediction

In the reviewed literature, three dominant modeling paradigms were consistently applied to predict running
performance: linear regression-based models, ensemble learning algorithms, and deep learning approaches. These
methods differ primarily in their ability to capture nonlinear relationships, temporal dynamics, and model
interpretability.

The use of Linear Regression machine learning models is widely applied in studies with relatively limited input
datasets, especially on physiological variables such as VO.max, BMI, age, gender, and training frequency (Casado
etal., 2019; Figueiredo et al., 2021; Fokkema et al., 2020; Johansson et al., 2023; Nikolaidis et al., 2021; Quittmann
et al., 2021). The choice of the Linear Regression model is often chosen by researchers due to its ease of model
interpretation, although with the consequence of relatively small model metric results (R2=0.60 — 0.77) (Coquart,
2023; Nikolaidis et al., 2021; Nikolaidis & Knechtle, 2023; Olaya-Cuartero et al., 2023) when compared to
ensemble learning models.

In contrast, the use of ensemble machine learning models (XGBoost, Random Forest, LightGBM) shows the
ability to handle the complexity of physiological data possessed by runners (Knechtle et al., 2024; Mantzios et al.,
2022; Thuany et al., 2025; Tomaszewski et al., 2024; Vos et al., 2024; Wiecha et al., 2022). Most ensemble-based
models reported an improvement in predictive, as measured by R? or RMSE compared to the Linear Regression
model in the context of running performance. This improved performance is largely due to their ability to capture
nonlinear relationships and higher-order interactions among physiological, anthropometric, and contextual
variables. However, reduced interpretability remains a recurring limitation, which some studies have addressed
through post-hoc explanation techniques such as feature importance ranking and SHAP analysis.

Deep learning approaches, including RNN, LSTM, and GRU architectures, represent a more recent trend in
running performance prediction. These models are particularly effective in leveraging sequential training data to
capture temporal patterns related to fatigue accumulation, pacing behavior, and training adaptation. While deep
learning models generally achieve the highest predictive accuracy among the reviewed approaches, their
applicability is constrained by substantial data requirements, limited transparency, and increased risk of overfitting
when applied to small or distance-specific datasets (Vos et al., 2024).

In the specific context of Skm running, evidence suggests that predictive models rely heavily on dominant
physiological features particularly VO:max, complemented by training structure and body composition variables
(Nikolaidis et al., 2021). However, only a small proportion of the reviewed studies explicitly focus on Skm
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performance, highlighting a structural gap in the literature. These limitations indicate that, despite methodological
advances, the development of robust and generalizable machine learning models for 5 km performance prediction
remains limited by data availability rather than algorithmic capabilities.

Key takeaway: Ensemble and deep learning models consistently outperform linear regression in running
performance prediction, but ensemble methods currently offer the most practical solution for 5 km applications
due to their balance between accuracy, interpretability, and data demands.

Theme 2 - Physiological and Anthropometric Factors as Predictors of Running Performance

In several studies, physiological variables consistently emerged as the feature importance predictors of running
performance at distances ranging from 5 km to the marathon. Indicators of aerobic capacity, specifically VO.max,
running efficiency, and lactate threshold, were repeatedly identified as important features in linear regression,
ensemble learning, and deep learning models. These findings indicate that aerobic metabolism remains a key
determinant of running speed and finish time, regardless of the modeling approach.

Anthropometric factors, such as body mass index (BMI), body fat percentage (BFP), and muscle mass, are also
commonly included as predictive features, although their role is primarily modulatory rather than dominant.
Several studies report that anthropometric variables improve model stability and individual-level prediction
accuracy by accounting for biomechanical efficiency and metabolic load. For example, Nikolaidis et al. (2021)
showed that combining VO:max with BMI and training volume yields significantly higher explanatory power than
using a single physiological indicator, highlighting the importance of integrating physiological and body
composition measurements.

The relevance of physiological and anthropometric features in the context of nonlinear modeling has been
supported by several studies. Using large-scale datasets, Wiecha et al. (2022) and Tomaszewski et al. (2024)
showed that variables related to VO. at the primary metabolic threshold (e.g., VO: at the point of respiratory
compensation) consistently ranked as the most influential predictor in XGBoost and Random Forest models. These
results demonstrate that machine learning algorithms are capable of capturing the complex interactions between
aerobic capacity and physiological characteristics that are not fully represented by traditional linear models.

Importantly, several studies have emphasized the contribution of anaerobic factors, particularly in middle-
distance running. (Quittmann et al., 2021) showed that incorporating maximal lactate accumulation rate (¢Lamax)
significantly improved prediction of 5 km running performance, confirming that anaerobic capacity makes a
significant contribution to race outcome, particularly during the final acceleration phase. This finding is
particularly relevant for 5-km runners, where tactical speed and the finishing kick play a crucial role.

Overall, the synthesis of evidence indicates that physiological variables explain the majority of performance
variance, while anthropometric factors enhance model robustness and personalization. For future machine learning
applications, hybrid models that integrate physiological indicators with wearable-derived features (e.g., heart rate
variability, cadence, pace dynamics) appear promising for improving generalization and individualized prediction
accuracy, particularly in the context of 5 km running performance.

Key takeaway: Across studies, physiological variables especially VO:max and lactate-related indicators
consistently represent the strongest predictors of running performance, while anthropometric factors enhance
model stability and personalization, particularly for 5 km runners.

Theme 3 - Non-Physiological and Contextual Factors in Predictive Models

Running performance was also influenced by non-physiological and contextual factors that emerged as
important variables. Environmental conditions, pacing strategies, experience, training volume, and geography
were repeatedly identified as influential factors across various distances, including the Skm run, marathon, and
ultramarathon. These factors explain performance variations that cannot be fully explained by human biological
parameters.

Environmental variables, particularly air temperature, humidity, wind speed, and sunlight exposure, are among
the most consistently reported contextual predictors. Studies have shown that suboptimal environmental
temperature conditions negatively impact running speed and pace stability, with performance sensitivity increasing
as race duration progresses (Mantzios et al., 2022). These findings suggest that environmental effects interact with
physiological capacity, amplifying fatigue and reducing efficiency, even among runners with comparable aerobic
fitness.

Pacing behavior and race strategy also play a significant role in performance outcomes. Evidence from multiple
studies suggests that even or negative pacing strategies are associated with faster finish times and reduced
performance variability, particularly in longer races (Coquart, 2023; Knechtle et al., 2024; Mufioz-Pérez et al.,
2024). Importantly, pace-related features have been shown to retain predictive value even when controlling for
physiological variables, highlighting their relevance as independent contextual predictors reflecting tactical
decision-making and experience.
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A runner's training history and experience further contribute to performance prediction. Studies consistently
report that accumulated training volume, prior race exposure, and realistic goal setting are associated with
improved pace control and more stable race execution (Keogh et al., 2020). These findings underscore the
importance of incorporating longitudinal training context into predictive models, rather than relying solely on
momentary physiological assessments.

Geographic and locational factors, including race location and athlete origin, have also been identified as
influential predictors in several studies (Knechtle et al., 2024). While these factors likely act as proxies for climate,
altitude, and training culture, their inclusion in improved model performance on large-scale datasets suggests that
regional context can meaningfully shape running outcomes.

The findings from these studies suggest that non-physiological factors can improve the performance of machine
learning models by incorporating real-world race conditions into performance predictions. For the Skm run, where
physiological capacity is relatively homogeneous among competitive runners, contextual variables such as
temperature, pacing behavior, and recent training load can play a disproportionate role in differentiating
performance outcomes. Therefore, integrating contextual and physiological data is a crucial step towards more
accurate and personalized running performance predictions.

Overall, non-physiological and contextual factors play a significant role in improving the performance of
predictive models, particularly over short-to-medium distances such as the Skm. Incorporating environmental data,
pacing strategies, and geographic information into machine learning models broadens the scope of predictive
performance, representing an important step towards more accurate and personalized running performance
predictions.

Key takeaway: Non-physiological contextual factors particularly environmental conditions, pacing strategies,
training history, and geographic context contribute to running performance variability and enhance the real-world
applicability of predictive models, especially for differentiating outcomes in 5 km events.

Theme 4 - Personalized Athlete Training and Monitoring Based on Machine Learning

Across the studies reviewed, machine learning-based personalization consistently emerged as a key
advancement for improving performance prediction and training adaptation in endurance running. Unlike
traditional, one-size-fits-all training approaches, personalized models leverage individual physiological profiles,
training history, and contextual data to account for interindividual variability in performance responses and
recovery dynamics.

Sensor data collected by runners plays a crucial role in enabling personalization by providing continuous and
individualized measurements of training behavior and physiological responses. Across studies, features derived
from heart rate, pace, cadence or stride, and sleep patterns have repeatedly been identified as key inputs for
individualized predictions (Pirscoveanu & Oliveira, 2024; Rothschild et al., 2024). Machine learning approaches
(including ensemble learning , deep learning, and case-based reasoning) demonstrate the ability to integrate data
streams into adaptive models that evolve with athletes over time.

Other studies highlight the potential of personalized models to inform training load adjustments, optimize
recovery strategies, and reduce injury risk by detecting early signs of excessive fatigue or maladaptation (Feely et
al., 2023; Zhou, 2025). These applications underscore the role of machine learning as a tool for dynamic training
management, rather than static outcome prediction.

In the context of Skm running, machine learning-based personalization is particularly relevant due to the high
training intensity and the strong influence of short-term fatigue and recovery on race-day performance. Given the
relatively narrow physiological performance range among competitive Skm runners, individual responses to
training stimuli and daily preparedness can play a significant role in performance outcomes. Therefore, future
research should prioritize the development of hybrid personalization workflows that integrate physiological
indicators, anthropometric characteristics, and behavioral features derived from wearable devices into an
integrated, end-to-end training prediction and support system.

Key takeaway: Machine learning-based personalization enhances running performance prediction and training
adaptation by capturing individual-specific physiological and behavioral responses, with particularly strong
relevance for 5 km runners where short-term fatigue and recovery dynamics critically influence performance.

CONCLUSION

Based on the analysis using the PRISMA method on 26 studies that met the inclusion criteria, it can be
concluded that research on machine learning-based running performance prediction shows significant progress,
both methodologically and applicably. The four main themes discussed in this review complement each other and
provide a comprehensive understanding of how machine learning can be applied to understand, predict, and
optimize runner performance in various contexts, including the 5 km distance.

The first theme demonstrates that machine learning models, particularly ensemble learning (XGBoost, Random
Forest, and LightGBM) and deep learning (LSTM and GRU), have advantages in capturing non-linear
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relationships and temporal patterns from physiological data and repetitive training rather than conventional linear
regression. This results in higher prediction accuracy than conventional Linear Regression models, although they
still face challenges in interpretation and require large data sets.

The second theme confirms that physiological factors such as VO.max, running economy, and lactate threshold
remain key predictors of running performance, especially over medium distances like the 5 km. Anthropometric
factors such as BMI and body fat percentage also demonstrate a significant influence on runners' work efficiency
and metabolic load. The combination of these two factors has been shown to provide more precise and stable
predictive models.

The third theme broadens understanding by highlighting the influence of non-physiological factors such as
environmental conditions (temperature, humidity, wind speed), pacing strategy, race experience, and geographic
variables. These factors, while not directly related to physiological capacity, contribute significantly to
performance variation and improve model prediction precision when interacted with physiological variables.

The fourth theme marks a paradigm shift toward personalized data-driven training and monitoring
(personalized machine learning systems). By integrating data from wearable sensors, HRV, and training behavior,
models (GRU, LightGBM), and Case-Based Reasoning enable training systems that adapt to an individual's
physiological and psychological state in real time.

This review is, to our knowledge, the first to systematically synthesize machine learning algorithms, feature
sets, and personalization strategies for running performance prediction across distances, with particular emphasis
on 5 km events. By integrating methodological, physiological, contextual, and personalization perspectives, this
study provides a structured foundation for future research and practical applications in sport analytics.

Several limitations of this review should be acknowledged. First, the literature search was restricted to selected
academic databases and included only peer-reviewed articles published in English, which may have resulted in the
exclusion of relevant studies from other databases or non-English sources. Second, the reviewed literature is
predominantly composed of studies focusing on marathon and ultramarathon events, leading to an imbalance in
distance-specific evidence and a relatively limited number of studies dedicated exclusively to 5 km performance
prediction. Third, this review did not conduct a quantitative meta-analysis due to substantial heterogeneity in study
designs, datasets, input features, outcome variables, and evaluation metrics, which limited direct statistical
comparison across studies.
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