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The causes of endurance running-related injury (RRI) are multifactorial, yet little research has been
conducted which utilizes multidisciplinary risk factors for individualized RRI prediction. This paper
presents a machine learning (ML)-ready RRI weekly prediction dataset using evidence-based
multidisciplinary risk factors. Risk factors in genetic single-nucleotide polymorphisms, history,
muscular strength, biomechanics, body composition, nutrition, and training were collected from
competitive endurance runners (n = 142), who were prospectively monitored for 12 months for RRIs,
accumulating 6181 weekly samples. ML models were fitted using (i) risk factors with high-level
supporting evidence, and (ii) a broader rangeof risk factors to establish a performancebaseline.Model
performance (AUC = 0.784 ± 0.014) showed moderate improvement compared to previous RRI
prediction modeling. Random forest achieved the best performance (AUC = 0.781 ± 0.016,
0.784 ± 0.014), which was significantly higher (q < 0.05) than most other algorithms. Only logistic
regression achieved significantly improved (q < 0.05) performancewhen trainedusing a broader range
of risk factors compared to a selection of high-quality risk factors. This study introduces a reproducible
methodological framework for future ML sports injury prediction research and a valuable dataset for
pooling in larger-scale analytics. Comparisons among different ML methods revealed nuanced
insights into the interaction between data structure and model suitability.

Despite the considerable popularity and health-related benefits asso-
ciated with endurance running, the activity has a high injury pre-
valence, estimated at ~45%1. Running-related injuries (RRIs) can have
profound negative impacts upon quality of life and carry high financial
burdens to participants and medical services2. The causes of RRIs are
usually multifactorial and can be influenced by intrinsic characteristics
(e.g., genetics, age, anthropometry), neuromuscular capabilities (i.e.,
muscular strength), previous injury, ground reaction force profile (i.e.,
biomechanics) during running, and training behaviors3. Although
research in broader sports domains has considered the contribution of
multidisciplinary risk factors in injury prediction modeling4, there has
been an under-appreciation for the complex interplay of factors that
cause RRI, with most studies examining risk factors from a uni-
dimensional perspective5. For instance, single-nucleotide poly-
morphisms (SNPs) within the human genome affect proteins of
various functions (e.g. hormone secretion, collagen formation/degra-
dation) and form an integral part of an athlete’s injury risk profile6. Yet
no research has combined genetic markers with other known multi-
disciplinary risk factors, specifically for RRI.

ML is currently used extensively in broader medical settings, specifi-
cally in diagnostics, prognostics, and precision medicine, which have
application to sport injury research7. A recent scoping review noted
numerous ML-based injury prediction studies have been published, yet the
clinical efficacy of findings was limited by small cohort sizes, unclear defi-
nitions of injury, and vague reporting of measurements8. Injury predictor
variables used as inputs in ML models should also be based upon well-
established supporting evidence or have a strong theoretical basis9; however,
previous studies utilized a broad range of independent variables (7–957),
often without rationale10–17. Furthermore, previous studies have tended to
use field-based or self-report measures as predictor variables, which lack
internal validity compared to laboratory-based measures10,11,14,16,17.
Accordingly,more researchwithhighmethodological quality that addresses
ML’s unique strengths for injury prediction is warranted.

In previous studies that have usedML as a tool to predict sports injury,
typically only a small number of predictive models have been applied8. This
methodological approach limits the evaluation of ML techniques to predict
injury in a cohort of athletes as more effective models are potentially
omitted.DifferentMLmodels have beencompared for performance indaily
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or weekly injury prediction across several sports11–14,17, yielding mixed
results; however, a similar approach has not been conducted for the popular
sport of endurance running. Consequently, there is a need to explore the
comparative advantages of differentMLalgorithms inRRI predictionunder
varying data structures using robust measures that reflect well-established
risk factors.

To-date, there is only oneprospective study that hasusedML topredict
RRI in endurance runners10. Lövdal and co-workers used the XGBoost
algorithm on training-related data (training logs, GPS, heart rate, perceived
exertion) from74 high-level endurance runners in the same team, reporting
moderate ML performance with daily RRI prediction (AUC= 0.724), and
low performance with weekly prediction (AUC = 0.678)10. Although these
results show promise, the study included a small number of factors and
lacked the insight that multivariable analysis of external and internal risk
factors can potentially provide10. A recent study by Iatropoulos and col-
leagues explored the use of time-integrating feature engineering for training
and sleep-related features in predicting weekly injuries among French track
and field athletes (n = 165). The study employed logistic regression (LR),
Support Vector Machines (SVMs), and several tree-based algorithms and
achievedperformance up toAUC = 0.82with ensemble treemethods17. The
comparative methodological approach to analyzing the performance of
different ML models provided useful insight in this paper; however, the
participants specialized in eight different event categories (i.e., sprints,
jumps, throws, walking, running etc), with each category associated with
injuries to different anatomical regions and varied injury types. Whether
these ML methods retain their superiority in an endurance-runner-only
cohort remains unknown.

The primary aim of this study was to create a multidisciplinary ML
modeling dataset in a cohort of well-trained endurance runners utilizing a
broad range of well-established risk factors for RRI in the areas of genetics,
muscular strength, biomechanics, nutrition, body composition, anthro-
pometry, and training. This methodology could serve as a reproducible
framework for future attempts to predict RRIs or broader sports injuries
using ML. Using this robust and multidisciplinary dataset, the secondary
aim was to conduct a comparative analysis of the performance of different
ML models for RRI prediction over a 12-month period.

Results
Participant and injury characteristics
Figure 1 illustrates the data collection process. A total of 142 participants
(female n = 64; male n = 78) contributed 6181 valid samples, including 564
recorded injury instances.World Athletics scores18 derived from six-month
performance records averaged 811 ± 181 for females and 584 ± 245 for
males. Participants reported 47.7 ± 91.4 days affected by lower limb injuries
in the 12months pre-baseline, duringwhich 34participantswere uninjured.
Among 607 identified injuries, knee (n = 122), Achilles tendon (n = 76), and
hip (n = 73) were the most injured regions. Full details on participant
adherence at each stage (Supplementary Fig. 1), descriptive statistics (Sup-
plementaryTable 1), and injury incidence by body location (Supplementary
Table 2) are provided in Supplementary Material Section (SMS) 1.

Model performance
Figures 2 and 3 showdifferentMLmodels’ performance and corresponding
95% confidence intervals (CI) when trained using a selection of evidence-
based risk factors (class 1 risk factors, n = 39) and using all available risk
factors, which include those with weaker evidence (class 1–3, n = 257),
respectively. Time-sequenced neural network (TSNN) and time-sequenced
graph neural network (TSGNN) are novel algorithms designed to integrate
domain-specific knowledge specifically suited for prognostic modeling and
sports injury prediction; details can be found in the authors’ preprint
publication19. Open-source code is available viaGitHubpage henrywu0709/
TSNN-TSGNN-for-prognostic-modelling.

One-way analysis of variance (ANOVA) showed significant inter-
model differences (F = 17.73, p < 0.001). Random forest achieved the best

Fig. 1 | An overview of the data collection process. DXA dual x-ray absorptio-
metry, pQCT peripheral quantitative computed tomography, S&C strength
and conditioning, SNP single-nucleotide polymorphism, Q quadriceps,
ACWR acute:chronic workload ratio, RRI running-related injury. Figure was
created using Microsoft Visio and cartoon images were generated using
ChatGPT-5.1.
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average AUC performance. When trained with class 1 feature set, its AUC
(0.781 ± 0.016) was significantly higher than all other algorithms (q < 0.05)
except Adaboost (AUC = 0.771 ± 0.016) in one-sided t tests. When trained
using all features, its AUC (0.784 ± 0.014) remained higher than all algo-
rithms (q < 0.05) except Adaboost (AUC = 0.781 ± 0.018) and logistic
regression (LR, AUC= 0.762 ± 0.019). Naïve Bayes and Bayesian network
were the lowest performing models. For class 1 feature set, their perfor-
mance (AUC = 0.663 ± 0.029, 0.649 ± 0.028) were lower than all other
methods (q < 0.05) except LR (AUC= 0.674 ± 0.034) in two-sided t tests.
For the “all features” set, Bayesian network’s AUC remained low
(0.649 ± 0.028); Naïve Bayes’ performance improved slightly
(0.698 ± 0.031) but was still significantly lower than all except Bayesian
network and decision tree (AUC= 0.734 ± 0.029). LR was the only ML
method that significantly improved in AUC performance (q < 0.05) when
trained using all features (0.762 ± 0.019) compared to only using class 1
features (0.674 ± 0.034). Detailed statistical analysis matrices showing all
inter- and intra- algorithm comparisons are provided in Supplementary
Tables 3–7 in SMS1.

Based on the performance outcomes and to facilitate understanding of
the relative merits and limitations of the ML algorithms, Fig. 4 shows an
estimation of different models’ flexibility and interpretability.

Discussion
This study collected RRI risk factor data from a wide range of relevant
disciplines and conducted ML training using several existing and novel
algorithms to compare performance. Its methodology serves as a valuable
guide for futureML-based sports injury prediction research, and the results
offer nuanced insights into how data structure affects ML model perfor-
mance. Augmented data collection is warranted to fully achieve themodels’

predictive potential, enable external validation, and facilitate translation to
broader commercial settings.

This study’s highest AUC performance (Random Forest:
0.784 ± 0.014) is at amoderate level relative to thoseof previousweekly/daily
sports injury prediction studies, which range from 0.62 to 0.8410–17. Speci-
fically for the sport of endurance running, the current study showed a
moderate improvement compared to Lövdal and colleagues who achieved
AUC= 0.724 ± 0.01 for daily RRI prediction and AUC= 0.678 ± 0.01 for
weekly RRI prediction10. Iatropoulos and co-workers predicted weekly
athletics (track and field) injuries and their best-performing model reached
AUC= 0.82 ± 0.01, which is slightly higher than the current study, although
only a minority of participants specialized in distance running events17.
Compared to previous research, the current study’s prediction task is par-
ticularly challenging given the heterogeneity of the participant cohort.
Previous studies were conducted either within the same sports team/club/
pathway10,11,13–16 or within the same league/federation12,17, and in some cases
study participants were same sex11–13,15. These study design characteristics
limit the range of participants’ age, competitive level, average training
volume, and seasonal schedules. In contrast, the current study’s participants
had a larger age range (14–50 years) and competed over a wider range of
levels (county to International/elite level). Additionally, endurance running
competitions vary significantly in distance (5 km to >100 km ultramara-
thon) and format (e.g., trail, road, track), which further increases hetero-
geneity of the stressors that cause injury. Consequently, while other studies’
predictionmodels primarily aim for internal use within a designated sports
team or league, the current study targeted a broader setting and sport
population that included all performance-oriented runners who train on a
regular basis. To account for such increased variance among target samples,
each sample needs to contain more relevant information to enable effective

Fig. 2 | ML model performance for. a Area under the (receiver operating char-
acteristic) curve (AUC), b accuracy, c sensitivity, and d specificity, when trained
using only high-quality evidence-based risk factors (class 1 risk factors). Error bars
denote 95% confidence interval. SVM support vector machine, KNN K-nearest

neighbor, MLP multi-layer perceptron, TSNN time-sequenced neural network,
TSGNN time-sequenced graph neural network. TSNN and TSGNN are novel
algorithms. Figure was generated using matplotlib in python.
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individualization, and more samples need to be available for sufficient
learning. While this study introduces a high-quality multidisciplinary fea-
ture set that holistically captures current research understandings of RRI, its
sample size (participants, n = 142; weekly samples n = 6181) remains
insufficient due to logistical limitations, which likely explains its mediocre
performance. Nevertheless, this study’s transparent and detailed reporting
of methodology, data, and code could enable future research to conduct
augmented data collection and pooled analysis, further improving practical
applicability.

Most ML algorithms’ AUC performance remained unchanged when
trained on all features compared to only using those features that have
strong supporting evidence (class 1). The exception was LR (class 1
AUC= 0.674 ± 0.034, all features AUC = 0.762 ± 0.019), which improved
significantly (q < 0.05) when trained using all features in a two-sided t test,
elevating it fromabottom-three performerunder the class 1dataset to a top-
three performer under the “all features” dataset. This is somewhat coun-
terintuitive, as increased feature interrelationships typically favor ML
models with higher flexibility overmore rigidmodels20. FlexibleMLmodels
are better at capturing complex nonlinear interrelationships among fea-
tures, and tend to perform better under large data size, complex tasks, and
high parameterization (i.e., many features; Fig. 4). However, in the current
dataset, only LR showed notable performance improvements when para-
meterization increased. A plausible explanation is that class 1 variables
lackeddirectly correlated features, limitingLR’s performance,whereasmore
flexible ML models could extract indirect information. With an expanded
feature pool, numerous directly linked features emerged, enhancing LR’s
performance, while other models’ performances were constrained by lim-
ited training samples. Notably, only thirteen features overlapped between
class 1 (21 features) and the full pool (95 features) for LR, indicating that

some data in the larger pool was unavailable in the smaller pool. On this
basis, there is a possibility that some class 2/3 candidate featureswere strong
direct predictors of RRIs despite current weak evidence and thus warrant
further investigation. Additionally, the contrast between LR and other ML
models underscores that model performance is contingent on multiple
factors, and in certain scenarios, simpler statisticalmodels can rival complex
models in performance, while offering greater interpretability21. Conse-
quently, it is advisable to evaluate multiple models rather than assume
superiority of specific models.

When comparing between ML methods, random forest (class 1
AUC= 0.781 ± 0.016, all features AUC= 0.784 ± 0.014) was significantly
higher than all other algorithms in one-sided t tests (q < 0.05) except for
Adaboost (class 1 AUC= 0.771 ± 0.016, all features AUC= 0.781 ± 0.018)
and LR’s “all features” dataset (AUC= 0.762 ± 0.019). This aligns with
Iatropoulos et al.17 whose best model performance was also achieved by
random forest and Adaboost. A recent study comparing 14 different ML
models and meta-models to predict performance in NBA players indicated
that Random Forest, Bayesian Ridge, AdaBoost, and Elastic Net provided
the most accurate ML results22. Additionally, a review article inspected the
comparative use of different supervised ML algorithms for disease predic-
tion and found that random forest had a higher chance of outperforming
othermethods21.Collectively, thesefindings suggest that randomforest (and
other ensemble treemethods)may have better structural compatibility with
prognostic datasets and could be prioritized in future sports injury predic-
tion studies.

Bayesianmodels (NB and Bayesian network) performed theworst and
were significantly lower than all but LR in two-sided t tests (q < 0.05) when
using the class 1 dataset (NB AUC= 0.663 ± 0.029, Bayesian network
AUC= 0.649 ± 0.028). For the “all features” dataset, Bayesian network’s

Fig. 3 | ML model performance for. a Area under the (receiver operating char-
acteristic) curve (AUC), b accuracy, c sensitivity, and d specificity, when trained
using all available risk factors. Error bars denote 95% confidence interval. SVM
support vector machine. KNN K-nearest neighbor, MLP multi-layer perceptron,

TSNN time-sequenced neural network, TSGNN time-sequenced graph neural
network. TSNN and TSGNN are novel algorithms. Figure was generated using
matplotlib in python.
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performance remained low (AUC= 0.649 ± 0.028), and although NB
slightly improved in performance (AUC= 0.698 ± 0.031), it was still sig-
nificantly lower than all other methods (q < 0.05) except decision tree
(AUC = 0.734 ± 0.029). The application of Bayesian network required fea-
ture discretization, which likely resulted in a substantial loss of information
since the current study containsmany continuous features.NBbuilds on the
assumption of conditional independence, thus any feature contingencies
(e.g., feature ‘A’ only affects RRI given the presence of feature ‘B’) or inter-
feature correlation could detriment NB’s performance23. During feature
construction, many risk factors that were thought to highly correlate with
existing features were included in class 3, which likely explains why NB’s
performance did not improve as much as LR when employing the “all
features” dataset.

An important limitation of the current study is the lack of external
validationona separate cohort of runners,which reduces its generalizability.
Additionally, the small participant number (n = 142), although twice as
large compared to previous research10, is insufficient to capture the large
variance among the target cohort, potentially resulting in suboptimalmodel
performance. Consequently, the models are not yet ready for clinical
application and first requires validation on larger independent cohorts.

Although participants were required to be uninjured at baseline and
engaging in habitual running training, the nature of an injury prediction
studymay have attracted injury-prone participants, potentially introducing
selection bias. Participant recruitment for prospective injury monitoring
studies is also prone to ‘survivorship bias’. This type of selection bias
describes how, at population level, runners who have suffered severe or

recurring injuries and dropped out of the sport will not form part of the
eligible participant pool. Older participants are therefore potentially prone
to longer periods of survivorship bias compared to younger participants and
could thus be subject to relatively lower RRI risk at baseline.

In terms of data collection, RRIs were self-reported via questionnaire,
whichmay have introduced reporting bias. This was somewhat alleviated as
the reported injury cases were individually inspected during data curation,
and any uncertainties were confirmed via direct correspondence with par-
ticipants. Due to logistical constraints, the temporal resolutions (i.e., fre-
quency of data collection) of some features (e.g., nutrition-related features)
were low, potentially resulting in suboptimal model performance.

Regarding ML training, different algorithms employed varied com-
putational loads. An algorithm with low computational load allowed for
more hyperparameter combinations to be testedwithout overburdening the
budget of the study. This may have led to higher chances of optimal per-
formance in these models, which could bias the comparative results. This is
particularly true for TSNN and TSGNN. Since they were newly designed
models that were not yet optimized for computation, their practical testing
iterations were severely limited compared to other ML methods. For the
same reason, some hyperparameters (e.g., attention weights, batch nor-
malization, oversampling) were fixed for TSNN and TSGNN to facilitate
feature number and learning rate exploration19, possibly overlooking
superior hyperparameter configurations. Finally, feature ranking was per-
formed on the entire dataset prior to cross-validation to ensure a consistent
feature set across folds. While pragmatic, this approach introduces a risk of
data leakage and potential overfitting.

Fig. 4 | A general estimation of different ML methods’ flexibility and interpret-
ability.Note that the graph is for general reference purposes and should not be used
as a sole guide for algorithm selection. TSNN/TSGNN are placed at their expected
relative position, subject to further validation on larger datasets. ANN artificial

neural network (multi-layer perceptron is the basic form of ANN), SVM support
vector machine, TSNN time-sequenced neural network, TSGNN time-sequenced
graph neural network, KNN K-nearest neighbor. Figure was generated using mat-
plotlib in python.
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The long-term goal of this research is to predict RRI risk using a
decision-support tool (e.g., a mobile application) that provides an indivi-
dualized risk estimate to performance-oriented runners. A user would
receive a one-time genetic sequencing, complete an annual test battery
(including strength assessment, running biomechanics, bone scans, and
static posture), upload regular food diaries, and report weekly training and
injuries. The application would be capable of providing the user with
accurate daily advice on workload prescription and injury prevention,
which would inform training and lifestyle decision-making.

Future studies should conduct larger-scale data collection to enable
external validation and pooled analysis. Subsequently, it is recommended
that randomizedcontrolled trials (RCTs) are carriedout todetermine ifML-
derived feedback can effectively reduce RRI incidence. Demonstrated effi-
cacy in an RCT is a prerequisite for clinical adoption and further
development.

Several current or upcoming technologies could be integrated into the
data collection process to improve convenience and accuracy. For instance,
many commercially available electronic watches contain GPS-based run-
ning tracking and photoplethysmography-based heart rate monitoring that
can be used instead of weekly self-reporting to track external and internal
workload.Thesewatches canalso estimate sleepdurationandquality,which
could be valuable indicators of real-time physiological stress24,25. Recent
research suggests that lab-based biomechanics measurements could
potentially be calculated from wearable inertial measurement units and
pressure insole data through supervised ML26. Furthermore, ML-based
image recognition could potentially be applied to calculate nutrient intake
directly from images of food27. These advancements could vastly improve
the temporal resolution and convenience of data collection (i.e., compared
to a 3-day food diary every four months).

Feature importance analysis (e.g., Shapley Additive Explanations)
could be used in a follow-up study to explain the trained models, and the
results compared against traditional univariate statistical analysis to inspect
whether ML-based explainability provides additional insights. Longitudinal
data (i.e., data collectedweekly) could alsobe further exploredon the feature-
engineering level17. This couldnotonly improvemodel performancebut also
enable longitudinal explainability via feature importance analysis. Causal
inferencemethodologies (e.g., meta-learners) could be applied to investigate
whether modifiable risk factors (e.g., muscular strength) contribute to
increased or decreased RRI risk on an individual level.

Methods
Ethics and participant recruitment
This study employed a prospective cohort design examining risk factors
associated with RRIs over a 1-year period in 149 endurance runners. It
received approval from the National Health Service (NHS) Research Ethics
Committee (South West - Central Bristol) and the Loughborough Uni-
versity Ethics Sub-Committee. Participants were recruited between
November 2022 and July 2023. Inclusion criteria were: (i) age 14–50 years,
(ii) participate in competitive endurance (≥5 km) running for at least three
years, (iii) minimum four hours running per week, and (iv) absence of
injuries at initiation. Exclusion criteria were: (i) use of medications or pre-
sence of medical conditions significantly affecting bone health, (ii) pins or
plates in limbs subjected to bone scans, (iii) pregnant or breastfeedingwithin
previous sixmonths, and (iv) current useof vapingor smoking.Recruitment
was conducted via social media and direct contact with running clubs and
coaches across the UK. The study was explained to each participant, and
signed informed consent was obtained. For participants under 18 years old,
assent from the participant and consent from their parent/carer were
obtained.

Baseline measurements
Due to the high number of potential predictor variables and associated
measurement protocols, detailed procedures are included in the supple-
mentarymaterial (SMS2-3).ML features, which represent potential RRI risk
factors, were categorized into three classes based on quality of associated

evidence (SMS4). Class 1 risk factors possessed the highest evidence level
(prospective evidence for non-genetic variables; strongmechanistic support
plus associative evidence for genetic variables; SMS4) and included the
following: sex28, age29, days injuredduring prior 12months30, averageweekly
running hours and interval training frequency during prior 12 months31,
score for the Eating Disorder Examination Questionnaire (EDE-Q)32, hip
abductionpeak torque33, ratio betweenhip abduction/adduction strengths34,
knee extension and flexion peak torque33, navicular drop and
asymmetry30,35, Quadriceps (Q) angle and asymmetry36, vertical average
loading rate37, impact peak force37, duty factor38, daily fat intake39, bodymass
index (BMI)30, bone mineral density for anterior-posterior lumbar spine32,
running distance during previousmonth40, ACWR, calculated as last 7-days
running volume divided by the 28-days running volume prior41, average
weekly S&C volume and non-running exercise volume during past
3 months42, prior injuries during prospective tracking period30, Single-
Nucleotide Polymorphisms (SNPs) rs1122539543, rs114439343, rs65010844,
rs67962044,45, rs225207043, rs498693846, rs180001247, rs478993245,
rs934079948, rs97054749, rs180079550, rs1394651, rs1272250,51, and total risk
score combining all class1 SNPs.

Participants completed an online questionnaire (Onlinesurveys, Jisc,
Bristol, UK) encompassing 12-month injury history, Bone-specific Physical
Activity Questionnaire (BPAQ)52, six-month performance records, 12-
month training history, EDE-Q53, and Low Energy Availability in Females
Questionnaire (LEAF-Q)54. On arrival at the laboratory, participants’ height
and body mass were measured (Seca 274 stadiometer, Birmingham, UK).
Dual-energy X-ray Absorptiometry (DXA) scans (GE Lunar iDXA, GE
HealthCare Technologies, Chicago, US) were used tomeasure bone density
of the lumbar spine, hips andwhole body, plus fat freemass of the leg region.
A Peripheral Quantitative Computed Tomography (pQCT) scan (XCT
2000L, Novotec Medical GmbH and Stratec Medizintechnik GmbH,
Pforzheim, Germany) was conducted for the non-dominant tibia at 66%
tibial length to measure muscle cross-sectional area. Q-angle was measured
using a goniometer, and sit-to-stand navicular drop was assessed using an
established protocol55. Following a 5minwarm-up, running vertical ground
reaction forces and stride frequency were recorded on an instrumented
treadmill (Treadmetrix, Utah, US) at 10km/h and 12 km/h, each for one
minute at 1000Hz sampling frequency. Concentric hip abduction/adduc-
tion and knee flexion/extension peak torques were measured using an
isokinetic dynamometer (Isomed 2000, D&R Ferstl GmbH, Hemau, Ger-
many) at 60 degrees/sec and 200Hz sampling frequency, over five sets of
four repetitions as indicators of muscular strength.

Prospective tracking period
Following baseline testing, participants completed a weekly online ques-
tionnaire (Qualtrics XM, Seattle, US) for 52 weeks, reporting running
volume, other physical training, and injuries using the Oslo Sports Trauma
Research Centre Overuse Injury Questionnaire56. Every four months, par-
ticipants revisited the laboratory for DXA and pQCT scans, replicating
baseline procedures. Between visits, participants maintained a three-day
food diary using Libro App (Nutritics, Dublin, Ireland) with standardized
digital weighing scales (Duratool, Farnell; Leeds, UK) provided.

Participants provided 2ml of saliva (Isohelix GeneFix™ Saliva-Prep 2
DNAKit,Cell Projects,Harrietsham,UK)during avisit forDNAextraction,
which was subsequently analyzed by CD Genomics (New York, US) for
selected SNPs previously correlated with RRIs.

Data preprocessing
Each participant-week constituted a sample, with the objective of utilizing
available information preceding each week to predict injury occurrence
within a givenweek. Injurywasdefined as an increase inOsloQuestionnaire
score for any bodily region compared to the priorweek plus the participant’s
subjective identification of the injury being running-related56. Samples
lacking prior week data were excluded and injury cases were individually
inspected to reduce errors. Analyses were performed separately for class 1
(n = 39) and all features (class 1–3; n = 257).
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All data was normalized to 0–1 for ML training. All participants
completed the baseline questionnaire and the initial testing session, so data
imputation was not needed for these risk factors. However, the bio-
mechanics laboratory experienced a power outage during an afternoon of
initial testing, and three participants’ data collection was affected. Two
participants conducted the testing in their next visit, and one dropped out
before conducting the next visit, resulting in missed biomechanics data for
one participant, which was imputed using the median value from all other
participants of the same sex. Running biomechanics included variables
related to vertical loading rate, which can only be calculated from rearfoot
strikers (defined as participants who produced two vGRF peaks within the
landing phase in >70% of their steps57). For non-rearfoot strikers, features
relevant to vertical loading rate were imputed with 0. Missing SNP results
were imputed using the mean of all available participants’ values to reflect
the average genotypic expectancy of the target cohort. Missing nutritional
values were imputed using the median of all available participants’ calcu-
lated daily intake. For weekly tracking data,missing values would constitute
excluded samples, so all data was available in the curated dataset.

Model selection
ML algorithms commonly used in previous sports injury prevention and
medical prognostic modeling research were selected for comparison to
identify model(s) with the best performance and interpretability8,58. This
selection ranged from simple, more transparentmodels (Decision Tree, LR,
Bayesian Networks) to complex models with different mathematical
assumptions, including tree-based ensemble methods (Random Forest,
Adaboost, Gradient Boosting), Support Vector Machine (SVM), K-nearest
neighbor (KNN), and Artificial Neural Network (ANN). Additionally, two
novelMLalgorithms,Time-SequencedNeuralNetwork (TSNN)andTime-
Sequenced Graph Neural Network (TSGNN) were designed and tested19.
These novel algorithms integrate temporal domain-specific logic that
reflects the progressive nature of human risk exposure, and possess the
potential to achieve better interpretability specifically for prognostic
modeling19.

Model evaluation
AUC for the Receiver Operating Characteristic within a stratified 10-fold
cross-validation framework was employed as the evaluation metric to pre-
vent overfitting and for comparison against previous ML RRI studies10,59.
Each fold divides the dataset into a 90% training set and a 10% testing set
with the same injured-to-uninjured ratio. Due to high candidate feature-to-
sample ratio, Relief and logistic Least Absolute Shrinkage and Selection
Operator (LASSO) were used to reduce dimensionality. Relief is not con-
strained by sample distribution assumptions but can be severely affected by
inter-feature correlations60. In contrast, LASSO handles correlated features
by selecting only the most influential feature but is heavily dependent on
model-based mathematical assumptions61. Consequently, the two methods
were employed in parallel.

Relief was first applied to the entire dataset to rank features by
importance. An algorithmwas subsequently trained and tested via stratified
10-fold cross-validation using scikit-learn default hyperparameters and the
top-ranked feature, the top 1+ 2 features, the top 1+ 2+ 3 features, and so
on. Consequently, the number of feature subsets tested equals the total
number of features within the feature pool. The feature subset with the
highest average AUC was selected for each algorithm.

For LASSO, 40 equally spaced alpha values (0.1–0.00001) were
employed to rank features separately, followed by iterative testing as per-
formed in relief. Since LASSOmay reduce unimportant features’ score to 0,
the number of subsets eventually tested≤40*number of features in the pool,
and the best-performing feature subset was selected. During application,
only decision tree and Bayesian network presented with situations where
relief and LASSO yielded large performance differences, in which case only
the better-performing feature subset was taken forward to hyperparameter
tuning. For cases where relief and LASSO yielded two subsets that per-
formedsimilarly, both feature subsetswent throughhyperparameter tuning.

Hyperparameter tuning also used average AUC from stratified 10-fold
cross-validation as the evaluation metric. Grid search was employed for all
commonly used hyperparameters (SMS5) to enhance robustness. Over-
sampling strategies and sampling rates were concurrently tuned to address
class imbalance. If optimal hyperparameters reached the boundaries of
specified ranges during the initial trial, the ranges were expanded, and a
narrowed search was conducted until all hyperparameters resided within
boundaries. The novel algorithms possessed unique structures which
necessitated a different approach that merges dimensionality reduction and
hyperparameter tuning19. Following hyperparameter tuning, models were
retrained using optimal hyperparameters to determine a threshold that
maximizes the f1 score. Accuracy, sensitivity, and specificity were reported
under this threshold. For each performance metric, mean and 95%CI were
reported. One-way ANOVA was conducted, and post-hoc one- and two-
sided independent t tests were performed to inspect significant differences
between different ML methods and between different feature sets. The
Benjamini–Hochberg procedure was used to control false discovery rate.

Data availability
Processed data is shared within the supplementary materials. Raw data is
available upon contact, however some metrics (e.g. past performance
records) need to remain normalized to ensure participant anonymity.

Code availability
Code is available via GitHub page: henrywu0709/TSNN-TSGNN-for-
prognostic-modelling.
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