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Abstract 

Context: Running is good for overall health but has a poorly understood risk of injury. 

Wearable technology and machine learning (ML) offer solutions to this problem. Using ML, 

we aimed to determine a) the key-important factors that increase the probability of 

classifying a run as belonging to an injured group, b) the best performing ML model, C) the 

sample size required for future substantiative cohorts.  

Design: Exploratory classification analysis  

Methods: Heart rate/Inertial measurement unit/global positioning system data were 

extracted from the wristwatches of 88 recreational runners (65 injured, 23 uninjured) during a 

12-week prospective cohort. Data were extracted from each run completed by participants 

and each run was considered an independent event. Variance inflation factor was used to 

check for collinearity, and the robust normaliser was used to scale numerical features. 

Seven ML models were used and validated using repeated stratified 10-fold cross validation. 

Accuracy, precision, and recall were used to evaluate ML model performance and SHapley 

Additive exPlanations to determine the relative importance of the individual factors. 

Results: The final dataset had 29 numeric factors, with 4,758 run instances from 80 

participants. Participants completed between 6 and 148 (mean 55.5) runs between 

02/11/2022–05/02/2023. The four best performing ML models were CatBoost, GMB, Light 

GBM, and GXBoost (average model performance >0.90). CatBoost was the best performing 

model; 96% correct in classifying runs from the injured groups. Critical power was the most 

important factor across all four algorithms, with higher values increasing the probability of 

classifying a run as belonging to the injured group. 

Conclusion: Future cohort studies using ML to explain RRI development should use 

boosting ML models, specifically CatBoost, and include critical power. We advise against 

interpreting these results as being a causal explanation to injury development and model 

performance may be overestimated due to our validation approach. 
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Key points 

1. Machine learning models involving boosting demonstrate appropriate performance 

for classifying runs as belonging to an injured group  

2. Factors reflecting running intensity consistently aided in correct classification  
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Introduction 

There is an ongoing conflict between the reduced risk of premature mortality1 and high risk 

of running-related injury (RRI)2, 3 offered by recreational running. This paradox is partly 

driven by the scarcity of prospective studies investigating the aetiology of RRI,4, 5 which limits 

the development of injury prevention strategies underpinned by robust evidence. Existing 

prospective cohort studies have sought to explore the association between anatomical and 

biomechanical factors,4 psychological and behavioural factors,6-8 and training load factors,9, 

10 and future RRI. The logistical challenges of recruiting an adequate number of participants 

for in-lab data collection are significant, with studies often limited by small samples (i.e., 

<100) and low numbers of events (injuries) and time points per variable.11 

Wearable technology presents a potential solution to the logistical challenges of large 

prospective studies, as up to 88% of recreational runners use devices equipped with heart 

rate monitors (HRM), inertial measurement units (IMUs) and global positioning system 

(GPS) technology.12, 13 A recently published feasibility study14 demonstrated that wearable 

technology is a feasible method for the prospective collection of multiple key variables 

theoretically linked to RRI development. Beyond establishing feasibility, the study also 

identified a significant association was identified between acute load by calculated effort and 

subsequent RRI.14 Other research groups have used wearable technology to classify how 

runners with and without a history of knee surgery differ in their training habits15, and larger 

cohorts are planned to explore the relationship between training exposure and joint health16. 

Many prospective cohorts designed to explore the development of RRI are limited to 

analysing point-observational data (e.g., baseline training load) and a single incident (i.e., 

injury report). Whilst this approach is beneficial when strong linear relationships exist (e.g., 

smoking and lung cancer), it is likely that RRI result from the interactions of several complex 

factors.17 IMU/GPS devices allow for on-going data collection each time a recreational 

runner completes a workout, providing data that can subsequently be analysed as a time 

series. Unlike traditional regression approaches, machine learning (ML) can model patterns 
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between multiple factors, even in the presence of complex non-linearity.18 Sports scientists 

employ ML at an increasing rate, particularly when high volumes of athlete-specific data are 

available.19 

We therefore investigated if there are key important factors that correctly classify a run as 

belonging to the injured versus the uninjured group by utilising ML. Identifying these factors 

should inform future hypothesis-driven studies designed to test causal associations with RRI 

development. We also aimed to provide a sample size calculation for future substantiative 

prospective cohort studies using ML. We did this by re-analysing an existing longitudinal 

dataset collected as part of a previously published feasibility study.14  
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Methods 

Study design and ethics 

We conducted a secondary exploratory analysis of previously published prospective 

observational feasibility data.14 Ethical approval was obtained from the xxxx of xxxx Ethics 

Committee (ETH-2122-1352).  

Participants 

Recreational runners were eligible if they met a series of specific criteria, described in detail 

in the published feasibility study.14 After self-declaring their eligibility, reporting their gender 

(Man; Woman; Prefer not to say; I am not represented), height (cm), and mass (kg), and 

providing written informed consent, participants followed a customised link to create an 

account with DashLXTM (Flagstaff, Arizona, USA), which linked their HRM/IMU/GPS 

wristwatch to a repository. DashLXTM employs a proprietary, manufacturer-agnostic analysis 

platform to integrate running data on environmental conditions, heart rate, training profiles, 

running speed and distance, and spatiotemporal metrics. The DashLXTM system is fully 

compliant with the General Data Protection Regulations and the California Consumer 

Privacy Act.   

Participants were then instructed to continue their typical running routine and were sent a 

maximum of 12 consecutive weekly injury surveillance emails (Qualtrics, Seattle, USA), 

starting from day seven after study enrolment. Participants completed the published 

feasibility study14 either by reporting an RRI and entering the injured group, or by responding 

to 75% (i.e., 9/12) emails without reporting a RRI and entering the uninjured group. For the 

purpose of this study, an RRI was operationally defined as an episode of pain stopping or 

limiting three consecutive runs or persisting for seven days (whichever was sooner), or 

having sought the advice of a medical professional.20 Injury surveillance emails ceased if 

participants reported an RRI14 or completed 12 consecutive weeks without reporting an RRI. 

This resulted in a sample of 88 participants (65 uninjured runners, 23 injured runners). 
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Demographic data are reported in Table 1. The most common injury sites were the ankle 

(n=5) and foot (n=5), followed by the knee (n=4), hip (n=4), low back (n=1), low back and leg 

(n=1), lateral thigh (n=1), medial tibia (n=1), and global lower limb (n=1).  

[TABLE 1 HERE] 

Data analysis  

A ML approach was employed to investigate which factors increased the probability of 

correctly classifying a run as belonging to the injured group.  

Data pre-processing 

The dependent variable was injury status (uninjured versus injured). Every run from a given 

participant was labelled according to that participant’s final status (i.e., uninjured or injured), 

as it was not possible to determine when individual participants became injured, but only the 

week in the original cohort when their injury was reported. Each time a participant completed 

a running workout during the maximum 12-week surveillance period, 123 unique factors 

were extracted from their HRM/IMU/GPS wristwatch and uploaded to the DashLX data 

repository (see supplementary file one).  

Six of these factors were condensed into three by computing the change from a start and 

end value, and 26 factors were determined to be irrelevant to the research question (i.e., 

device vendor) were manually removed. 25 factors were subsequently removed due to a 

high percentage of missing values (e.g., average heart in zone one whilst walking), and a 

further 25 factors were removed by the low-pass filter threshold within the DashLXTM 

algorithm entering zero values (e.g., total distance walking in heart rate zone one). Individual 

participants with a high percentage of missing values, defined as >60%, were also removed.  

A simple within participant imputation technique was implemented for numerical factors in 

which missing values were <60%. Missing values were replaced with the mean for all the 

numerical factors that appeared to be affected less by outliers upon visual inspection (28 

factors), and the median was used for factors where distributions appeared to be skewed (5 
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values). The variance inflation factor was calculated to detect highly collinear factors that 

need to be considered for building classification models. Fifteen factors were removed to 

tackle collinearity (see supplementary file one). The final dataset consisted of 29 numeric 

factors within the domains of heart rate, spatiotemporal, run duration, kinetic, and 

environmental variables. To enable different factors of different scales to have an equal 

opportunity of being selected in the model, the robust normaliser was used to scale the 

numerical factors ([x-median]/[inter quartile range]).  

ML algorithms 

XGBoost and RF are amongst the top performing ML models for injury risk in sport19, with 

GBM, LightGBM, and CatBoost also previously reported in the literature.21 Seven ML 

algorithms were implemented to align with the exploratory design of this study: Adaptive 

boosting (AdaBoost),22 Gradient Boosting Machine (GBM),23 Light Gradient Boosting 

Machine (LightGBM),24 eXtreme Gradient Boosting (XGBoost),25 CatBoost,26 Random Forest 

(RF),27 linear discriminant analysis,28 and binomial logistic regression was tested as a 

baseline. Justification and strengths/weaknesses of the tested ML models are detailed in 

Table 2. 

[TABLE 2 HERE] 

Modelling validation 

For model validation, a repeated (10 repeats) stratified 10-fold cross-validation was used 

given the imbalanced data set (i.e., a greater proportion of uninjured runners), to preserve 

the same proportion of uninjured and injured runners as the original dataset. As this study 

represents a secondary analysis, we decided a priori that the cohort of experienced runners 

were clearly targeting specific training elements when completing a run workout (e.g., base 

endurance versus threshold training), with high variability in distance, time, and effort 

metrics. We therefore felt it was most appropriate to consider each run to be an independent 

event as opposed to clustering runs within participant. For each of the 10 folds, the average 

and standard deviation of the extracted performance metrics were quantified. 
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To evaluate the performance of the seven ML models, five measures that assess the quality 

of fit of the produced models were used: accuracy (correct classifications/all classifiations), 

precision (the proportion of true positives against all classified [true and false] positive [i.e. 

injured] cases), recall (the proportion of true positives against all actual positive cases), F1-

score (2 * Precision * Recall/Precision + Recall), and area under the receiver operator curve 

(AUC). Accuracy ranges from 0 (no correct classification) to 1 (perfect classification). 

Precision and recall both take values between 0 and 1, with 1 reflecting zero false positives 

and a 100% detection rate, respectively. The F1-score takes values between 0 and 1, with 1 

indicating perfect classification performance. AUC ranges from 0 to 1, with 1 reflecting when 

the model can perfectly distinguish between all injured and uninjured cases correctly, 0.5 

when the model cannot distinguish the classes, and 0 being when the model is perfectly 

incorrect in its discrimination. Practically, a model with a high precision is good at not making 

false positive classifications, whilst a model with a high recall is good at finding all positive 

cases. An average of all five evaluation measures was calculated to reflect overall model 

performance.  

Factor importance 

To determine the relative importance of factors in the performance of an ML model, the 

SHapley Additive exPlanations (SHAP) was used.29 SHAP values (i.e., log-odds) quantify 

how each factor influences the model’s probability that the observation (i.e., the run) belongs 

to an injured runner (i.e., the factor’s relative importance to the model), and the magnitude 

(i.e., relative importance) and direction (i.e., increases or decreases the probability) of the 

contribution. SHAP values are not a predictor metric inferring causality to a factor being a 

risk factor for injury. The 20 most important factors for the four best-performing algorithms 

are represented on a SHAP summary plot, with the y-axis representing the factors and the x-

axis representing the SHAP values (Figures 1a-d). Factors that increase the model’s 

probability of classifying the run to an injured runner are shown on the right-hand side of 

zero on the x-axis. For each factor in the dataset, the raw value for every run is represented 
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by a coloured dot (red=high values; blue=low values), and the horizontal position represents 

the SHAP value for that specific factor.  

To summarize the magnitude of the influence for a given factor’s contribution to the model, 

violin plots showing the distribution of absolute SHAP values were produced for the 10 most 

important factors of the four best-performing models (Figures 2a-d). The violin plots were 

generated using a Kernel density estimator, and 95% confidence intervals for the mean 

absolute SHAP values are provided in a table within each subplot. For each model and factor, 

the distribution of the top-ranking factors (i.e., those with the largest mean absolute SHAP 

value) are located higher on the y-axis; factors with the largest mean absolute SHAP value 

appear farther from zero. The lower a factor’s impact on the model, the closer its position to 

zero on the y-axis. 

Sample size calculation 

Using guidance from Riley et al.,30 we used three individual variations of sample size estimate 

equations to calculate the required sample for a future substantiative cohort to develop a 

stable multivariable classification model using our final set of factors (n=29) and RRI 

prevalence (26%). The Cox-Snell R2 statistic (R2cs) was estimated using the calculated AUC 

values from our ML models and shrinkage from 0.8 to 0.95 was considered. The largest 

required sample from the three equations has been presented as per this guidance. 
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Results 

Seven participants (four uninjured and three injured) were removed from the final analysis 

for having >60% total data missing from their run workouts. One uninjured participant was 

removed as they completed only a single workout during the 12-week cohort period. The 

final dataset therefore contained data from 60 uninjured and 20 injured runners (n=80), with 

4,758 run instances. The number of run workouts completed by each participant varied 

between 6 and 148 (mean 56) and spanned the period 02/11/2022 – 05/02/2023. 

Table 3 shows the best-performing algorithms using the Accuracy, Precision, Recall, F1, and 

AUC scores. The four best overall performing algorithms were CatBoost, GMB, Light GBM, 

and XGBoost, each with an average model performance of >0.90. The best performing 

algorithm was CatBoost, which was 96% correct in its classification of injury development. 

The two worst overall-performing algorithms were LDA and LR, with an average 

performance across all metrics of ~0.4. CatBoost had the best accuracy (0.96 ±0.01), recall 

(0.87 ±0.02), F1-score (0.92 ±0.03), and AUC (0.93 ±0.02); whilst AdaBoost had the best 

precision (0.98 ±0.03).  

Figures 1a-d illustrate how the 20 most important factors for the four best-performing ML 

models impact the output using SHAP values (log-odds). Critical power was the most 

important factor across all four algorithms, indicating that it contributed more than other 

factors to the models’ ability to classify a run as belonging to the injured group. Higher (red) 

raw critical power values were generally associated with positive SHAP values reflecting an 

increase in the predicted log-odds of classifying a run as belonging to the injured group. 

Consistent with its greatest level of importance, critical power produced the largest changes 

in log-odds with mean absolute SHAP values ranging from 0.84 (95%CI 0.84, 0.85) in the 

XGBoost model to 1.35 (95%CI 1.34, 1.37) in the CatBoost model (Figure 2).  

[FIGURE 1 HERE] 

Average vertical stiffness (kvert) was the second most important factor across all four 

algorithms, with higher (red) raw values being generally associated with negative SHAP 
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values reflecting a reduction in the predicted log-odds of classifying a run as belonging to 

the injured group. Mean absolute SHAP values ranged from 0.52 (95%CI 0.52, 0.53) in the 

XGBoost model, to 0.88 (95%CI 0.87, 0.89) in the CatBoost model (Figure 2).  

Average stride time was the third most important factor across all four algorithms, with lower 

(blue) raw stride time being generally associated with positive SHAP values reflecting an 

increase in the predicted log-odds of classifying a run as belonging to the injured group. 

Mean absolute SHAP values ranged from 0.28 (95%CI 0.27, 0.28) in the XGBoost model to 

0.60 (95%CI 0.60, 0.61) in the CatBoost model (Figure 2). 

Figures 2a-d illustrate the distribution of the absolute SHAP values of the top 10 most 

important factors from the four best-performing algorithms. Factors with larger mean 

absolute SHAP values (e.g., critical power) are located further from zero on the y-axis, 

indicating that they produce larger chances in the model’s predicted log-odds of classifying 

runs as belonging to the injured group.  

[FIGURE 2 HERE] 

Sample size requirement 

The equation n = P/((S-1)*ln(1-(R2cs/S)) consistently resulted in the largest required sample, 

where P is the number of predictors, S is the shrinkage, ln denotes the natural logarithm, and 

R2
cs is the Cox-Snell R2 statistic. Dependent on shrinkage and AUC (to estimate R2

cs) values 

from our four top performing ML models, between 629 (S=0.8; AUC=0.93) and 3,145 

(S=0.95; AUC=0.76) participants would be required for a future substantiative cohort. Figure 

3 demonstrates the required number of participants relative to a range of shrinkage and AUC 

values.  

[FIGURE 3 HERE] 
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Discussion 

We employed ML to a) identify key important factors associated with correctly classifying a 

run as belonging to a member of the injured group b) the best performing ML model and c) 

provide a sample size calculation for developing a future classification model. We identified 

four ML algorithms with acceptable performance, from which the best performing model 

(CatBoost) was overall 93% correct in its classifications. We decided a priori to analyse each 

run as an independent event and this, along with the low sample size, may explain the 

overall high performance for the tested boosting models. Between 629  and 3,145 

participants would be required for a future substantiative cohort. 

The four top performing ML algorithms were all boosting-based methods, which are well 

suited for multifactorial data with non-linear relationships and interactions. In contrast, the 

poorest performance occurred in the two linear models, which primarily assume linear 

associations between exposures and outcomes. The boosting algorithms’ ability to combine 

information from previously trained weak classifiers, learning and correcting from previous 

models errors, can improve classification accuracy even with imbalanced datasets. The 

success of the boosting algorithms aligns with the earlier work of Lövdal et al.,18 who used 

the XGBoost model to predict RRI in elite Dutch track runners, reporting AUC values of 

between 0.68-0.72. This model type is important for future ML studies designed to predict 

RRI onset to consider, with variable injury incidence rates31 likely to lead to moderately 

imbalanced datasets (i.e., 75% uninjured versus 25% injured runners). Such a substantiative 

cohort would need to recruit 941 to 1,152 participants with the recommended shrinkage of 

>0.8030 and an AUC of 0.90-0.93. 

It is important to distinguish that SHAP values indicate the most influential factors that 

increase the probability of correctly classifying a run as belonging to a member of the injured 

group. SHAP values are not a predictor metric inferring causality to a factor being a risk 

factor for injury. Rather, factors that consistently improved the model’s classification 

probability, including critical power, vertical stiffness, and stride time, should be interpreted 
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as possible targets for hypothesis-driven studies designed to test causal relationships to 

injury, rather than evidence of injury mechanisms at this stage.  

High critical power was the most important factor linked to correctly classifying runs as 

belonging to the injured group in all four top performing ML models, with larger critical power 

values increasing the model’s probability of correctly classifying the run. This result builds on 

the initial analysis of this dataset, where a significant association between acute load by 

calculated effort (of which critical power is a component) and subsequent RRI was 

identified14. Critical power reflects an athlete moving from aerobic to anaerobic metabolism,32 

and a longitudinal increase therefore reflects a runner gaining fitness. The increased training 

intensity required to gain fitness may contribute to injury development, and this result again 

aligns well with the findings of Lövdal et al.,18 who reported that the number of kilometres 

completed in heart rate zone five (i.e., with high critical power) was the most important factor 

for RRI classification in their model. It could also be that critical power simply differs 

systematically between our injured and uninjured groups. These findings do not confirm that 

critical power is causally associated with injury, but rather that it is a promising variable for 

future hypothesis-driven, causal investigations.  

High vertical stiffness was the second most important factor that helped the model 

distinguish between runs from the injured versus uninjured groups, with higher values 

associated with a lower probability of the model classifying the run as belonging to the 

injured group. Vertical stiffness is defined as the ratio of the peak vertical ground reaction 

force and the vertical displacement of the centre of mass between foot strike and its minima 

during stance.33 Malisoux et al.,34 have previously reported no prospective relationship 

between vertical stiffness and RRI development in a large cohort of 848 runners. This 

conflict may be explained by Malisoux et al., measuring vertical stiffness using an 

instrumented treadmill as opposed to being calculated from IMU data as with our study. It 

could also be that high vertical stiffness is not associated with RRI development. Our results 
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suggest future cohort studies with appropriate sample sizes and follow-up length should 

continue to explore if vertical stiffness calculated from IMU data predicts RRI onset. 

Low average stride time was the third most important factor across models, with lower stride 

time values generally associated with a higher predicted probability of classifying runs as 

belonging to the injured group. A low average stride time is consistent with high critical 

power being the most important factor in our models, as higher critical power is likely to 

equate to higher running speeds, and there is an inverse relationship between speed and 

stride time (i.e., as speed increases, stride time decreases).35 This phenomena is also more 

likely to occur in more experienced runners,35 and the cohort included in this study are 

experienced given the nature of the original inclusion criteria. Average stride time should be 

a factor of interest in future cohort studies but may be highly colinear with running speed and 

intensity. 

Strengths & limitations 

Whilst similar methods have been employed in other sports, we believe that this is the first 

attempt to use ML to classify RRI status using a HRM/IMU/GPS dataset. Whilst we initially 

included a high number of factors given our exploratory design, we took a systematic 

approach to reducing them based on plausibility, percentage of missing values, in-built low-

pass filters, and collinearity. Whilst the eventual 29 factors clearly breaches the 10 

participants per factor ‘rule of thumb’,36 retaining this number of factors has allowed a 

detailed analysis of importance to guide future research, while recognising that this choice 

may have implications for model robustness.  

This is an exploratory analysis of previously collected data, and we advocate caution in 

making robust inferences on causality, which SHAP values cannot provide. Whilst this 

dataset includes many run instances, the overall sample size is small, and so we encourage 

the reader to remember that our aim was exploratory rather than confirmatory. We excluded 

seven participants from this exploratory re-analysis due to data loss. Whilst we employed 

imputation for elements of missing data, these participants had >60% data loss across the 
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feature set often related to heartrate data. This may be explained by these participants 

simply disabling the heartrate feature, but three participants who had >60% total data loss all 

used the Apple Watch, which means this device may not be suitable for future cohort studies 

using HRM/GPS/IMU-derived data. The variables used in this study were derived from 

commercial wrist-worn devices, which may differ in accuracy from measurements obtained 

using foot- or shank-mounted sensors or laboratory-based motion capture37. Model 

classification performance and feature contributions should be interpreted with the limitations 

of commercial wrist-worn device measurements. 

Cross-validation was performed at the run level rather than the participant level and we 

acknowledge this may inflate model classification performance due to within-participant 

similarity. We decided a priori to perform cross-validation in this way given our exploratory 

aim of identifying candidate factors that distinguish runs between injured and uninjured 

groups. It is important to emphasise that the results of this study describe how the tested ML 

models distinguished runs between groups in the context of run-level cross-validation and do 

not imply a causal or biological relationship between any factor and RRI. Higher values of a 

factor increasing the probability of a run being classified as belonging to the injured group 

does not imply that lower values increase the probability of a run being classified as 

belonging to the uninjured group. Our findings should be interpreted as descriptive of model 

classification behaviour and used to guide future hypothesis-driven studies, rather than to 

draw conclusions about causal or protective effects. 
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Conclusion 

Four ML models involving boosting all demonstrated acceptable performance in correctly 

classifying a run as belonging to the injured group using HRM/IMU/GPS data. The CatBoost 

model demonstrated the best overall performance. Consistent key factors reflecting 

increased running intensity increased the model’s probability of correctly classifying runs. 

Future substantiative cohorts should consider using ML models to analyse complex, non-

linear data and ensure that metrics of running intensity are collected. The results from this 

study can inform future hypothesis-driven studies designed to test causal associations with 

RRI development. 
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Table 1. Baseline characteristics of eligible participants. Data are presented as mean (standard deviation). 

 All (n=65) Men (n=43) Women (n=22) All (n=23) Men (n=13) Women (n=10) 

Variable Uninjured participants Injured participants 

Age (years) 37.5 (6.8) 37.4 (6.7) 37.7 (7.2) 34.6 (6.9) 33.6 (5.8) 35.8 (8.3) 

Height (m) 1.7 (0.1) 1.8 (0.1) 1.7 (0.1) 1.7 (0.1) 1.8 (0.1) 1.7 (0.1) 

Mass (kg) 67.9 (9.0) 71.6 (6.7) 60.5 (8.5) 67.9 (12.6) 75.2 (9.8) 58.4 (8.9) 

BMI (kg/m2) 22.4 (2.1) 22.5 (1.9) 22.2 (2.5) 22.1 (2.5) 23.0 (2.1) 21.0 (2.7) 

Average run days per 
week (n) 

4 (2) 4 (2) 4 (1) 4 (2) 4 (3) 4 (2) 

Average weekly run 
distance (km) 

43.7 (31.3) 46.4 (36.3) 38.6 (18.8) 45.2 (33.7) 52.6 (40.7) 34.9 (18.5) 

Total runs reported 
during 12-week cohort 

3698 2648 1050 1285 861 424 

Notes: BMI = Body Mass Index; N/A = not applicable. 
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Table 2: Summary of the strengths and weaknesses of the implemented ML algorithms38  

Algorithm Strengths Weaknesses 

AdaBoost Simple, interpretable, robust for 
small and imbalanced datasets 

Sensitive to noisy data and outliers; 
less effective on complex nonlinear 
patterns 

GBM High accuracy, handles complex 
relationships well 

Computationally expensive; prone to 
overfitting without tuning 

LightGBM Very fast, memory-efficient, great for 
large datasets 

Can overfit on small datasets; less 
interpretable 

XGBoost Excellent accuracy, robust, widely 
used in competitions 

More complex tuning; slower than 
LightGBM on very large data sets 

CatBoost Handles categorical data natively, 
reduces overfitting, strong accuracy 

Slower than LightGBM; less 
interpretable than linear models 

Random Forest Robust to overfitting and imbalanced 
dayasets, easy to use, interpretable 
feature importance 

Less accurate than boosting methods; 
slower for very large datasets 
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Table 3. Performance of the eight machine learning models. Values reflect the mean and 
standard deviation across the 10-folds. 

 Accuracy Precision Recall F1-score AUC  Average  

CatBoost 0.96 

(0.01) 

0.97 

(0.01) 

0.87 

(0.02) 

0.92 

(0.03) 

0.93 

(0.02) 

0.93 

LightGBM 0.95 

(0.01) 

0.96 

(0.02) 

0.85 

(0.03) 

0.90 

(0.02) 

0.92 

(0.02) 

0.92 

XGBoost 0.94 

(0.01) 

0.89 

(0.03) 

0.88 

(0.03) 

0.88 

(0.02) 

0.92 

(0.02) 

0.90 

GBM 0.94 

(0.01) 

0.94 

(0.02) 

0.82 

(0.03) 

0.88 

(0.02) 

0.90 

(0.02) 

0.90 

Random 

Forest 

0.87 

(0.01) 

0.78 

(0.04) 

0.67 

(0.04) 

0.72 

(0.03) 

0.80 

(0.02) 

0.77 

AdaBoost 0.78 

(0.01) 

0.98 

(0.03) 

0.16 

(0.03) 

0.28 

(0.05) 

0.58 

(0.02) 

0.56 

LDA 0.75 

(0.01) 

0.53 

(0.10) 

0.09 

(0.02) 

0.16 

(0.03) 

0.53 

(0.01) 

0.41 

LR 0.74 

(0.01) 

0.51 

(0.11) 

0.08 

(0.02) 

0.14 

(0.03) 

0.53 

(0.01) 

0.40 

Key: AUC – area under the receiver operator curve.  
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Figures 1a-d: SHAP summary plots for (a) CatBoost, (b) LightGBM, (c) GBM, and (d) 
XGBoost. Factors are ordered from largest (top of vertical axis) to smallest (bottom of 
vertical axis) overall importance within each model; factor order is different for each model. 
Each dot represents the SHAP value (i.e., log-odds) for a single run for that factor. SHAP 
values are plotted along the horizontal axis and represent the contribution of that factor to 
the model’s predicted probability of classifying the run as belonging to an injured runner 
(positive SHAP values increase this predicted probability;  negative SHAP values reduce this 
predicted probability. Point colour represents the raw factor value for that run (red dots 
represent high raw factor values of that factor; blue dots represent low raw factor values of 
that factor). Definitions of each factor are provided in supplementary file one. 
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Figures 2a-d: Violin plots of a) CatBoost, b) LightGBM, c) GBM and d) XGBoost. Each violin 
shows the distribution of absolute SHAP values for each of the top 10 most influential factors 
in that model, estimated using a Kernel density estimator. Factors with larger or more 
variable contributions have distributions farther from zero (vertical axis). The 95% confidence 
intervals corresponding to the mean absolute SHAP are shown in the top right of each plot. 
Factor definitions are provided in supplementary file one. 
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Figure 3: Minimum required sample size to develop a classification model RRI under various 
assumptions of target shrinkage (S) and anticipated AUC values (horizontal axis), based on 
the Riley et al.,30 framework and assuming a 26% outcome prevalence and 29 candidate 
factors. 
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