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A B S T R A C T

Fear of re-injury after anterior cruciate ligament (ACL) rupture often hinders return-to-sport and has been linked 
to movement patterns associated with increased injury risk. Identifying fearful individuals is thus critical. Self- 
reported questionnaires are commonly used but may be affected by underreporting in sporting and clinical 
contexts. We aimed to classify individuals with ACL reconstruction (ACLR) into HIGH-FEAR and LOW-FEAR 
groups, using machine learning (ML) models trained on unimodal or multimodal time-series movement data 
from side hop landings. Seventy-two participants (median: 13.0 months post-ACLR; interquartile range: 15.8 
months) were dichotomized into HIGH-FEAR/LOW-FEAR groups using a single item (statement 9) from the 
Tampa Scale for Kinesiophobia. Participants performed one-leg standardized rebound side hops while kinematics 
and kinetics were recorded using 3D motion capture and force plates, respectively, and electromyography (EMG) 
was registered from flexor and extensor thigh muscles. We extracted time-series features from each modality and 
ten ML algorithms were trained and evaluated using leave-one-participant-out and grouped 3-fold cross- 
validation. Integrating kinematic/kinetic and EMG data improved classification accuracy compared to single 
modality datasets. The extreme gradient boosting model achieved the highest accuracy for fused data (86%) 
using the top 40 ranked features, including trunk tilt, pelvic obliquity, knee rotation, and flexor and extensor 
muscle activations. Kinematic/kinetic data alone achieved 83% accuracy per participant, while EMG data alone 
yielded 85%. This study demonstrates the potential of integrating different movement-related data to enhance 
the accuracy of ML models in classifying fear of re-injury post-ACLR, supporting identification of patterns 
associated with fear and guiding treatment.

1. Introduction

Fear of re-injury is a major psychological barrier preventing many 
athletes following rupture of the anterior cruciate ligament from 
returning to their pre-injury activity levels (Ardern et al., 2011; Hamdan 
et al., 2025). Despite advances in surgical techniques and rehabilitation 
protocols following ACL reconstruction (ACLR), return-to-sport rates 
remain suboptimal, with 44–65% of individuals failing to resume 
competitive sports—largely due to psychological barriers (Ardern et al., 
2014; Ardern et al., 2011; Du et al., 2022; Hamdan et al., 2025). 

Although some interventions have shown effective in reducing re-lapse/ 
re-injury worries in e.g., low back pain (Woods and Asmundson, 2008), 
similar benefits have not been observed in individuals who have had 
ACLR (Baez et al., 2021), possibly due to limitations in assessment 
methods.

Commonly used self-reported questionnaires may be inadequate in 
real-world sporting and clinical contexts, as athletes often underreport 
their insecurities to protect their image (Heil, 2000) or avoid revealing 
psychological barriers delaying return-to-sport clearance (Grossbard 
et al., 2007; King and Bruner, 2000; Wiechman et al., 2000). Fear of re- 

* Corresponding author.
E-mail address: charlotte.hager@umu.se (C.K. Häger). 
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injury may however be manifested in aberrant movement patterns such 
as leg stiffening during jump-landings (Trigsted et al., 2018) and side- 
hops (Markström et al., 2022a). In the latter, individuals with high 
self-reported fear demonstrated greater hamstring activation and 
increased anteroposterior muscle co-contraction compared to those with 
low fear or uninjured controls. Identifying individuals with movement 
patterns associated with fear of re-injury may therefore complement 
self-reported questionnaires. This seems particularly important before 
resuming physical activity and would be a critical step towards tailored 
rehabilitation efforts.

Laboratory motion capture systems generate large multimodal 
datasets, including biomechanical measures and electromyography 
(EMG). Kinematic (movement-related) and kinetic (force-related) ana
lyses offer detailed information on joint angles, moments, and ground 
reaction forces, while EMG captures neuromuscular activation patterns 
not observable from kinematics or kinetics alone. Machine learning (ML) 
techniques offer a promising approach to integrate multimodal data to 
better understand the consequences of fear of re-injury. In this context, 
we recently proposed a deep learning approach using kinematic and 
kinetic data to classify individuals as having high or low fear following 
ACLR (Karbalaie et al., 2025). Although laboratory-based measurements 
allow detailed assessment of these features, general inaccessibility and 
associated costs limit their broader applicability (Johnson et al., 2019). 
Portable sensors such as wearable EMG devices provide more accessible 
alternatives in clinical or field settings (Krishnakumar et al., 2024). It 
remains, however, unclear whether EMG alone is sufficient or whether 
combining multiple signal types would further improve classification 
accuracy. Recent work supports acquiring complementary information 
from wearable-derived biomechanical and muscle-force estimates 
(Moghadam et al., 2023).

The present study evaluated the use of EMG or biomechanical data 
separately, as well as their combination, acquired during side hops 
performed in a laboratory setting, in machine learning (ML) models for 
classifying individuals post-ACLR as HIGH-FEAR or LOW-FEAR based on 
questionnaire-defined fear categories. Specific aims were to: (1) eval
uate the classification performance of various ML models, related to fear 
of re-injury, based on single-modality biomechanical or EMG data 
separately, and (2) determine whether multimodal integration enhances 
classification performance compared to single-modality approaches. We 
hypothesized that while single-modality data streams would yield high 
classification accuracy, multimodal ML models would further enhance 
performance. Reporting follows TRIPOD-AI (Checklist; Supplementary 
S1).

2. Methods

2.1. Study design

This cross-sectional study was approved by the regional ethical re
view board in Umeå, Sweden (Project No. 2015/67–31; 2021–03860). 
Participants provided informed consent, and the study was conducted in 
accordance with the Declaration of Helsinki.

2.2. Participants

Participants were recruited using convenience sampling through 
orthopedic and sports medicine clinics, local sports clubs, and university 
campus advertisements. Eligibility criteria included ages 15–35 years, 
ability to perform single-leg hops, unilateral ACLR with a hamstring 
autograft within the past five years, and absence of other injuries (except 
concomitant meniscal tear) affecting hop performance. Of the 88 par
ticipants initially recruited, ten were excluded due to incomplete kine
matic data and six to incomplete EMG recordings. The final sample 
consisted of 72 participants (Table 1). This convenience sample, 
although including a higher proportion of females (50/72), is consistent 
with an elevated ACL injury risk reported in young female athletes 

(Hewett et al., 2005).
After recruitment and data-quality screening, participants were 

classified as HIGH-FEAR or LOW-FEAR using statement 9 of the Tampa 
Scale of Kinesiophobia (TSK-17): ‘I am afraid that I might injure myself 
accidentally’(Markström et al., 2022a). Responses of ‘Agree’ or ‘Strongly 
agree’ defined HIGH-FEAR, and other responses defined LOW-FEAR. 
Notably, this questionnaire-based classification was used as a prag
matic reference for group definition rather than as a gold standard 
assessment of fear of re-injury. In clinical and sport contexts self- 
reported fear may be biased or attenuated (King and Bruner, 2000), 
but remains an accepted approach for operationalizing psychological 
constructs under controlled experimental conditions assuring confi
dentiality and without consequences of participants’ responses. The 
HIGH-FEAR and LOW-FEAR categorization thus seems a valid group 
labeling. The final analytic sample comprised 36 participants per group 
with identical sex distribution (11:25 in each group).

Data from this cohort have been included in prior analyses focusing 
on standard statistical comparisons in a smaller subset (n = 38 
(Markström et al., 2022a)) and biomechanical-only deep learning 

Table 1 
Demographics and patient-reported outcome measures for all participants 
combined and when categorized by fear of re-injury.

Characteristics Total LOW-FEAR HIGH- 
FEAR

Male:Female, na 22:50 11:25 11:25
Age, years, Mean (SD) 24.5 (4.5) 24.7 (4.7) 24.4 (4.3)
Months since surgery, Median (IQR) 13.0 

(15.8)
13.4 (21.7) 13.0 (11.3)

Anthropometric measurements, Mean (SD) ​
Body height, cm 172.2 

(8.2)
172.0 (8.7) 172.4 (7.7)

Body mass, kg 71.2 
(10.6)

71.1 (11.4) 71.3 (9.8)

Body mass index, kg/m2 23.9 (2.4) 24.0 (2.8) 23.9 (2.1)
Patient-Reported Outcome Measures, Median (IQR) ​
Tampa Scale of Kinesiophobia, 

17–68
31.0 (8.8) 29.0 (7.5) * 34.0 (6.8)

IKDC2000, % of maximum 79.9 
(13.2)

85.5 (10.9) * 77.0 (12.1)

KOOS, % of maximum ​ ​
Symptoms 82.1 

(21.5)
87.5 (21.4) * 73.2 (20.5)

Pain 91.7 
(11.1)

94.4 (8.3) * 88.9 (10.4)

Activities of Daily Living 100.0 
(1.5)

100.0 (1.5) * 98.5 (2.9)

Sports/Recreation 80.0 
(23.8)

90.0 (15.0) * 70.0 (23.8)

Quality of Life 62.5 
(23.4)

71.9 (18.8) * 56.3 (17.2)

Lysholm Score, 1–100 89.0 
(11.8)

90.5 (11.5) * 88.0 (11.5)

Tegner Activity Scale, 0–10 ​ ​
Pre-injury score 9.0 (2.0) 9.0 (2.0) 9.0 (2.0)
Current score 6.5 (3.5) 6.5 (4.8) 6.5 (2.0)

* Statistically significant difference between LOW-FEAR and HIGH-FEAR groups 
(p < 0.05).
aEight participants have two test sessions included in the main data analysis but 
only data related to their first test session have been included to calculate group 
characteristics.
IKDC: International Knee Documentation Committee Subjective Knee Form; 
IQR: interquartile range; KOOS: Knee injury and Osteoarthritis Outcome Score; 
SD: standard deviation.
Note: The Tampa Scale of Kinesiophobia (TSK) assesses pain-related fear of 
movement and re-injury, ranging from 17 to 68, with higher scores indicating 
greater levels of kinesiophobia. The Lysholm Knee Score evaluates knee function 
on a scale from 0 to 100, where higher scores reflect better functionality. The 
Tegner Activity Scale quantifies knee-specific physical activity levels from 0 to 
10, with 0 representing minimal activity (e.g., sedentary lifestyle) and 10 
denoting participation in elite-level, knee-intensive sports such as soccer or ice 
hockey.
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analysis (n = 60 (Karbalaie et al., 2025)). The present study differs by 
analyzing an expanded cohort (n = 72) and uniquely applying multi
modal machine learning to evaluate the specific classification utility of 
EMG separately and while integrated with biomechanics.

2.3. Data collection procedures

2.3.1. Test procedures and equipment
Participants performed the one-leg standardized rebound side hop 

(SRSH) test (Fig. 1), previously described in detail and used to differ
entiate between HIGH-FEAR and LOW-FEAR individuals with ACLR 
based on landing biomechanics (Markström et al., 2022a). The SRSH 

involves repeated single-leg landings under standardized conditions that 
are relevant to post-ACLR movement control. Testing was conducted at 
the U-Motion Laboratory, Umeå University, Sweden. Fifty-six retrore
flective markers were placed on anatomical landmarks of the body. An 
8-camera 3D motion capture system (240 Hz, Oqus 300, Qualisys AB, 
Sweden) synchronized with two force platforms (1200 Hz, Kistler 
9286AA, Switzerland) registered kinematics and kinetics, respectively. 
Surface EMG data were simultaneously recorded at 1500 Hz using a 
direct transmission system (TeleMyo 542 DTS, Noraxon USA Inc.). 
Electrodes were placed according to SENIAM guidelines (Hermens et al., 
1999) over the biceps femoris (BF), semitendinosus (ST), vastus medialis 
(VM), and vastus lateralis (VL) muscles. Skin preparation involved 

Fig. 1. Feature Extraction and Selection Process using tsfresh. Note: GBC = Gradient Boosting Classifier; A-FlexMom = Ankle Flexion/Extension Moment in Lateral; 
T-Rot = Trunk Rotation in Lateral; BF = Biceps Femoris; CCI = Co-Contraction Index; L = Lateral; M = Medial; tsfresh = time series feature extraction on basis of 
scalable hypothesis.

A. Karbalaie et al.                                                                                                                                                                                                                              Journal of Biomechanics 204 (2026) 113346 

3 



shaving, scrubbing, and cleaning with isopropyl alcohol to reduce 
impedance. Electrodes were positioned with a 20 mm inter-electrode 
distance.

Participants completed ten hops per leg to the side and immediately 
back again. Standardized hop distance was set at 10% of the body height 
of each participant. Hops were excluded if participants hopped notice
ably shorter or longer than the standardized distance, adjusted their feet 
after initial ground contact, lost balance within three seconds, or 
released the rope they held with both hands behind their back. Raw 
marker and analog data were recorded with Qualisys Track Manager 
(v2019.3, Qualisys).

2.4. Data processing

2.4.1. Signal preprocessing of biomechanical and EMG data
Marker trajectories were tracked using Qualisys Track Manager (v. 

2019.3) and exported to Visual3D (v. 5.02.30; C-Motion) for kinematic 
and kinetic processing. Data were filtered using a critically damped zero- 
lag digital low-pass filter set at 15 Hz to reduce noise and preserve signal 
integrity. An eight-segment, six–degrees-of-freedom kinematic model 
defined the trunk, pelvis, thigh, shank, and foot segments (see, e.g., 
(Markström et al., 2022a; Markström et al., 2022b; Markström et al., 
2021)). Each segment was tracked by at least three markers, with rigid 
marker clusters used on the thighs. The distal and proximal ends of each 
segment were defined using markers placed on anatomical landmarks. 
Hip joint centers were determined with a functional joint-center method 
described by Schwartz and Rozumalski (Schwartz and Rozumalski, 
2005), while knee and ankle joint centers were identified based on 
markers placed over the femoral epicondyles and malleoli, respectively. 
A Cardan XYZ rotation sequence was used to compute joint angles as the 
relative orientation between two adjacent segments. Joint kinetics were 
calculated via inverse dynamics using the resultant moments approach, 
with coordinate systems resolved in the reference segment’s coordinate 
system (Markström et al., 2022b). All analyzed time-series were time- 
normalized using 3-rd order polynomial fitting interpolation to ensure 
consistent comparisons across participants and trials. Moments were 
normalized to body mass and expressed as external moments.

EMG signals were band-pass filtered (20 Hz–500 Hz) to remove low- 
frequency noise and high-frequency artifacts. A root mean square (RMS) 
moving window of 20 ms was then applied to smooth the signals. EMG 
amplitudes were normalized to the average peak amplitude during the 
landing phase to account for inter-participant variability in muscle 
activation levels.

The analysis focused on the landing phases (lateral and medial), 
defined as the intervals from initial ground contact to maximum knee 
flexion.

2.4.2. Outlier Detection and Removal
Outliers in EMG data were identified using an interquartile range 

(IQR) rule (Dekking et al., 2005), with peak EMG values flagged as 
outliers if they fell below Q1 − 1.5 × IQR or above Q3 + 1.5× IQR. Trials 
flagged as outliers were discarded. A total of six hops were identified as 
outliers and removed, ensuring that all participants retained at least five 
successful hops, resulting in a dataset of 623 (HIGH-FEAR = 301, LOW- 
FEAR = 322) valid hop trials.

3. Data analysis

3.1. Engineering of variables and feature extraction

3.1.1. Engineered EMG variables
To characterize neuromuscular activation patterns during dynamic 

landing tasks, we engineered EMG features from time-series signals 
recorded for flexor (BF, ST) and extensor (VL, VM) muscle groups. These 
features were computed for all 101 time points during the landing phase 
to capture temporal variation: 

• Flexor Average Activation:Favg(t) =
EMGBF(t)+EMGST(t)

2

• Extensor Average Activation:Eavg(t) =
EMGVL(t)+EMGVM(t)

2

• Co-contraction Ratio (CCR):CCR(t) =
min(Favg ,Eavg)
max(Favg ,Eavg)

• Co-contraction Index (CCI):CCI(t) =
Favg(t)+Eavg(t)

2 × CCR(t)

where t represents individual time steps within the series and EMGBF ,

EMGST ,EMGVLandEMGVM are the EMG signals recorded from the 
respective muscles. These time-resolved metrics reflect dynamic pat
terns of muscle co-activation and balance during landing.

3.2. Data categorization

To ensure clarity, we categorized the data as follows: 

Variables: Time-normalized time-series data from joint angles, mo
ments, and EMG signals.
Variable Engineering: EMG-derived variables (e.g., Favg, Eavg, CCR,
CCI).
Features: Higher-level features extracted from time-series variables 
using the time series feature extraction on basis of scalable hypoth
esis tests (tsfresh) library.

3.3. Feature extraction, selection and ranking

We used the tsfresh library (Christ et al., 2018) to extract time-series 
features from the biomechanical, EMG, and fused datasets. A 
significance-based filter (p < 0.05) was first applied. We then ranked the 
remaining features using Random Forest (RF), Extra Trees (ET), and 
Gradient Boosting Classifier (GBC) models to identify the most impor
tant predictors. The GBC model was selected for final ranking, and we 
progressively evaluated feature subsets (from 5 to 350) to find the 
optimal set for classification performance (Fig. 1) (Guyon and E.a., 
2003; Saeys et al., 2007). Each model input feature is a scalar descriptor 
computed from the full time-normalized landing trajectory (101 time 
points) for a given variable and side (i.e., a variable × tsfresh feature- 
function pair), rather than a single event sample. Further details are in 
Supplementary Material S2–S3.

3.4. Data standardization

Features were standardized using scikit-learn’s StandardScaler (zero 
mean, unit variance) fit on the training data within each fold and applied 
to the corresponding test data.

3.5. Classification models and validation

3.5.1. Machine learning algorithms
We evaluated ten supervised ML algorithms, including linear models 

(LR, Linear Discriminant Analysis (LDA), Quadratic Discriminant Anal
ysis (QDA)), instance-based learning k-Nearest Neighbors (KNN), and 
ensemble/tree-based methods (RF, ET, GBC, AdaBoost (ADA), Extreme 
Gradient Boosting (XGB), and Light Gradient Boosting Machine (LGBM)) 
to capture both linear and non-linear relationships.

3.5.2. Hyperparameter tuning
Hyperparameters were tuned using nested cross-validation, with grid 

search applied in the inner loop on the biomechanical dataset. The 
resulting configurations were reused across EMG and fused datasets to 
preserve comparability and reduce computational overhead.

3.5.3. Cross-validation strategy
To rigorously evaluate model performance and reduce overfitting, a 

two-level cross-validation strategy was employed. In the outer loop, 
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leave-one-participant-out cross-validation (LOPOCV) was used, where 
each participant's data served exclusively as the test set in one-fold. This 
ensured participant-level independence between training and testing, 
enhancing generalizability (Lee and Lee, 2024; Palma Fraga et al., 
2023).

Within each LOPOCV fold, the training set was further divided using 
grouped 3-fold cross-validation (GroupKFold-3). Each split contained 
unique participants to avoid data leakage between folds. This inner loop 
provided an unbiased internal validation and helped detect overfitting 
during model training, thereby improving the robustness of the final 
evaluation.

3.5.4. Feature importance calculation and visualization
To identify the most influential features for classifying HIGH-FEAR 

and LOW-FEAR individuals, feature importance scores were extracted 
from the top-performing models that inherently provide such measures. 
These scores were computed within each outer cross-validation fold and 
averaged across folds to reduce variability and yield a stable estimate of 
feature relevance.

The resulting unitless scores reflect each feature’s relative contri
bution to model predictions. To enhance interpretability, feature names 
generated by the tsfresh library were simplified and grouped by 
biomechanical function and landing direction for biomechanical data, 

and by specific engineered metrics (e.g., CCI) for EMG data. Within each 
group, scores were averaged to generate aggregate importance values. 
These were visualized using grouped bar plots with refined labels to 
facilitate interpretation.

For details on ML algorithms, hyperparameter tuning, and feature 
importance calculation, see Supplementary Materials S2.

3.5.5. Evaluation metrics and performance analysis
Model performance was assessed at both hop and participant levels. 

At the hop level, each hop trial inherited the fear label of its participant 
(HIGH-FEAR/LOW-FEAR), and we computed accuracy (ACC), F1-score, 
and Matthews’ correlation coefficient (MCC) to quantify trial-level 
discrimination. At the participant level, hop-level predictions were 
aggregated using majority voting: a participant was categorized as 
HIGH-FEAR if ≥ 50% of their hops were predicted as HIGH-FEAR; 
otherwise, LOW-FEAR. Participant-level performance was evaluated 
using accuracy, sensitivity, and specificity. Sensitivity was defined as the 
true-positive rate for HIGH-FEAR (TP/(TP + FN)), and specificity as the 
true-negative rate for LOW-FEAR (TN/(TN + FP)). Both were computed 
from the participant-level confusion matrix obtained by aggregating 
held-out predictions across the outer validation splits. This two-level 
evaluation links trial-level classification to the clinical objective of 
identifying individuals with fear of re-injury.

Fig. 2. Heatmaps of Classification Accuracy for Selected Features in Three Datasets Note: KNN = K-Nearest Neighbors; LR = Logistic Regression; ADA = AdaBoost; LDA 
= Linear Discriminant Analysis; QDA = Quadratic Discriminant Analysis; GBC = Gradient Boosting Classifier; XGB = Extreme Gradient Boosting; ET = Extra Trees; RF =
Random Forest; LGBM = Light Gradient Boosting Machine. Color Scale: Green indicates higher classification accuracy; red indicates lower accuracy. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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3.5.6. Model selection
All ten machine learning algorithms were evaluated systematically 

across multiple feature subset sizes, ranging from the top 5 to 350 fea
tures and across three data modalities: biomechanical, EMG, and fused 
datasets. Model selection was based on the consistency of classification 
performance across key evaluation metrics, robustness under both 
LOPOCV and GroupKFold-3, interpretability for potential clinical ap
plications, and computational efficiency. Only the most performant and 
interpretable models are reported in the Results section.

3.5.7. Computational environment
Analyses used Python (scikit-learn, XGBoost, LightGBM). Computa

tional details are provided in the Supplementary S3.

4. Results

4.1. Classification performance and optimal feature selection

Heatmaps (Fig. 2) show how accuracy changes as the number of 
selected features increases. Across all three data types, AdaBoost often 
matched or outperformed Logistic Regression, while Logistic Regression 
is kept as a simple linear baseline. For readability, Tables 2–3 report four 
selected models (LR, GBC, XGB, LGBM), and full results for all models 
and feature counts are provided in Supplementary Material S3.

For the biomechanical dataset, both XGB and LGBM models achieved 
a maximum accuracy of 83% using the top 10 features. In the EMG 
dataset, QDA achieved the highest accuracy of 86% with the top 90 
features. Among interpretable models, XGB had the highest accuracy of 
85% using the top 20 features. For the fused dataset, XGB and GBC both 
reached the highest accuracy of 86% using the top 40 features.

4.2. Participant-level classification

The best models, XGB and GBC, showed high accuracy in earlier tests 
(Table 2) including accuracy, sensitivity, and specificity scores for the 
selected models across the biomechanical, EMG, and fused datasets. 
Results are shown for the top 10, 20, and 40 features.

4.3. Hop-level classification

Table 3 summarizes hop-level classification results generated 
using two cross-validation approaches, for selected models (LR, GBC, 
XGB, LGBM) across single modality and fused datasets, based on the top 
10, 20, and 40 features. Notably, in the fused dataset using the top 40 
features, XGB achieved the highest LOPOCV accuracy of 79%, with an 
F1-score of 78% and an MCC of 0.57. Similarly, GBC attained an 
LOPOCV accuracy of 77%, F1-score of 76%, and MCC of 0.54 with the 
same feature set. Across all models and feature sets, the mean absolute 

ACC difference between LOPOCV and GroupKFold-3 was 0.03 ± 0.02. 
For the fused XGB model using the Top-40 features, hop-level pre
dictions were generally consistent within participants: 63.9% (46/72) of 
participants exhibited at most one deviating hop, whereas only 1.4% (1/ 
72) showed near-balanced hop patterns. The full distribution of hop- 
level consistency across participants is reported in Supplementary 
Fig. S3.4 and Supplementary Table S3.

4.4. Feature importance analysis

Feature importance analysis using the top-performing XGB model 
(Fig. 3a-c) revealed key biomechanical and muscular discriminators 
between fear groups (full rankings available in Supplementary Material 
S4). As illustrated in Fig. 3a, the most influential tsfresh-derived features 
were computed from the pelvis obliquity, trunk tilt, and knee rotation 
trajectories, indicating that these variables contained the strongest 
discriminative signal between fear groups under the selected model. 
Muscle activation patterns, particularly the average activations of flexor 
and extensor muscle groups in the leg, played a critical role in classifi
cation (Fig. 3b). The balance between hamstring and quadriceps muscle 
activations was influential in distinguishing HIGH-FEAR and LOW-FEAR 
participants. For fused data, key features included lateral knee rotation, 
medial flexor average activation, and medial trunk tilt (Fig. 3c).

5. Discussion

This study evaluated ML models trained on biomechanical and EMG 
data separately (single-modality) and in combination (multimodal). 
Multimodal fusion consistently outperformed single-modality models, 
indicating that kinematic/kinetic signals and EMG capture comple
mentary aspects of landing strategy linked to fear-of-re-injury after 
ACLR. Although the accuracy gain was modest relative to the best single- 
modality models, stability across validation, feature-ranking consis
tency, and improvements in secondary metrics (e.g., F1, MCC) support 
the added value of fusion.

Our findings align with and extend previous research documenting 
fear-related lower extremity biomechanics and muscle activation pat
terns following ACL reconstruction (Markström et al., 2022a; Trigsted 
et al., 2018). It should however be noted that these associations may 
depend on the choice of functional movement and muscle tested (Dudley 
et al., 2022). While our results suggest that fear of re-injury post-ACLR 
may be linked to interactions between mechanical alignment and 
neuromuscular control, given the cross-sectional design, the direction of 
this relationship cannot be determined.

5.1. Clinical relevance and methodological implications

Our study shows that subjectively defined fear groups differ in 

Table 2 
Participant-level classification performance across models and feature sets.

Data Type 
Model

Top 10 Top 20 Top 40
ACC Sens Spec ACC Sens Spec ACC Sens Spec

BiomecHanical LR 0.67 0.67 0.67 0.61 0.61 0.61 0.71 0.71 0.69
GBC 0.78 0.78 0.78 0.75 0.74 0.78 0.82 0.83 0.81
XGB 0.83 0.85 0.81 0.76 0.74 0.81 0.82 0.81 0.83
LGBM 0.83 0.83 0.83 0.81 0.81 0.81 0.72 0.71 0.75

EMG LR 0.74 0.76 0.69 0.74 0.74 0.72 0.65 0.66 0.64
GBC 0.74 0.72 0.78 0.81 0.78 0.86 0.79 0.76 0.86
XGB 0.69 0.68 0.75 0.85 0.82 0.89 0.72 0.7 0.78
LGBM 0.74 0.69 0.86 0.76 0.73 0.83 0.76 0.74 0.81

Fused LR 0.61 0.61 0.64 0.74 0.7 0.83 0.65 0.65 0.67
GBC 0.65 0.65 0.67 0.79 0.76 0.86 0.86 0.84 0.89
XGB 0.69 0.68 0.72 0.83 0.8 0.89 0.86 0.86 0.86
LGBM 0.69 0.68 0.75 0.78 0.76 0.81 0.81 0.81 0.81

Note: ACC = Accuracy; Sens = Sensitivity; Spec = Specificity; LR = Logistic Regression; GBC = Gradient Boosting Classifier; XGB = Extreme Gradient Boosting; LGBM = Light 
Gradient Boosting Machine. Higher scores mean better classification. Bold values indicate the best-performing models for each feature subset within a given data modality.
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landing biomechanics and EMG during the side-hop task. Because our 
study design was cross-sectional, we cannot infer directionality: self- 
reported fear may influence movement strategies, movement capacity 
may have an impact on fear, or both may co-evolve post-injury. These 
findings should not be interpreted as replacing questionnaire-based fear 
assessment with an objective metric. Instead, task-based movement 
assessment may complement self-reports by describing movement cor
relates associated with higher self-reported fear during injury-relevant 
tasks.

It is essential to note that these patterns were revealed using model- 
specific feature importance methods. Because different ML models and 
XAI techniques may emphasize different features, clinical interpretation 
should be grounded in both prior evidence and cross-model consistency. 
In addition to model choice, our validation strategy aimed to ensure 
methodological rigor. We applied LOPOCV and GroupKFold-3 to assess 
generalizability and performance stability. LOPOCV enabled 
participant-level independence, while GroupKFold-3 offered a comple
mentary assessment across grouped samples. This dual approach limits 
data leakage and supports stable estimates for repeated-measures data.

Neuromuscular patterns associated with higher fear may reflect knee 
protective strategies, expressed as higher stiffness around the joint 
(Markström et al., 2022a). This may constrain adaptability in unpre
dictable or complex environments, potentially increasing injury risk 
(Bartlett et al., 2007). Additionally, sustained co-contraction can in
crease higher tibiofemoral compression (Tsai et al., 2012), possibly 
accelerating degenerative changes (Blackburn et al., 2019; Hodges et al., 
2016). Clinically, addressing fear that may be associated with modified 
movement strategies is therefore relevant for both short-term re-injury 
risk (Paterno et al., 2018; Tagesson and Kvist, 2015) and long-term knee 
health (Blackburn et al., 2019; Hodges et al., 2016).

Pelvic obliquity was identified by the QDA model as an influential 
variable for fear classification (Ore et al., 2020). This variable describes 
the pelvis tilt in the frontal plane. A previous review of hip-focused 
exercises (Ford et al., 2015) has found such interventions to reduce 
dynamic lower extremity valgus, thus indicating a meaningful role of 
pelvic movement for lower limb injuries. Additionally, females with 
dynamic knee valgus and patellofemoral pain showed increased pelvic 
obliquity with lateral tilt of the pelvis towards the weight-bearing limb 
(i.e., pelvic hike) during single-leg squats with a corrected technique 
compared with their normal technique (Graci and Salsich, 2015). While 
knee valgus is critical to assess, being associated with poor knee control 
and ACL injury risk (Hewett et al., 2005; Padua et al., 2012), we did not 
find any related top-ranked features in our models. A possible expla
nation is our choice of sagittal-control muscle activations, while dy
namic knee valgus has been associated more with hip abductor 
activation (Bittencourt et al., 2012).

Muscular imbalance between knee flexors and extensors is 
commonly considered a risk factor for re-injury, although limited evi
dence warrants better monitoring (Kellis et al., 2023). It is thus relevant 
to further develop clinical tools for analyzing muscular activation pat
terns and detect abnormalities associated with increased injury risk. 
Wearable IMU or EMG systems combined with purposeful ML tools 
could enable tailored interventions to address fear of re-injury early in 
rehabilitation. Incorporating objective assessment of biomechanical and 
neuromuscular movement characteristics associated with fear of re- 
injury into return-to-play testing alongside traditional metrics would 
improve the identification of fearful individuals potentially at higher 
risk of re-injury prior to resuming high demanding sports (Cronström 
et al., 2023). Our study also demonstrates the value of integrating 
multimodal data with advanced ML techniques to improve screening of 
non-injured athletes as well as monitoring of injured individuals 
continuously across rehabilitation and after returning to sport. Such 
efforts may increase therapeutic precision in understanding when to 
provide suitable treatment options for individuals with high fear, such as 
e.g., cognitive behavioral therapy (Coronado et al., 2020).

We evaluated ten classifiers from linear, discriminant, distance- 
based, and ensemble tree families (Halilaj et al., 2018; James et al., 
2013). We highlight models that were both interpretable and consis
tently competitive under LOPOCV and GroupKFold-3. Overall, the 
strongest and most stable performance was observed for gradient- 
boosted tree models in the fused dataset (participant level: up to 0.86 
accuracy with XGB/GBC; Table 2; hop level: 0.79 LOPOCV accuracy 
with XGB using the top 40 features; Table 3). For full accuracy heatmaps 
across feature counts and all algorithms, see Supplementary S3. Support 
Vector Machine (SVM) and neural networks were not included in the 
final model set due to higher tuning demands and no clear performance 
gain in preliminary comparisons. Larger cohorts may warrant revisiting 
these families.

The best hop-level setting (fused XGB, top 40 features) achieved 0.79 
accuracy under LOPOCV, indicating non-trivial trial-level misclassifi
cation (Table 3). To clarify whether errors are balanced, participant- 
level sensitivity and specificity were reported (Table 2). For the best 
fused participant-level model (XGB, top 40), sensitivity and specificity 
were similar (0.86 and 0.86, respectively), suggesting no strong skew 
toward false positives or false negatives. We view the model output as a 
complement to, rather than replacement for questionnaire-based 
assessment. Future work should test its prospective clinical utility and 
external validity.

In rehabilitation settings, our approach could be applied during side 
hop testing to provide a task-based movement profile associated with 
higher self-reported fear status. The side hop also challenges knee con
trol more than other common clinical tests such as hops for distance or 

Table 3 
Hop-level classification results by data type and feature set.

Top 10 Top 20 Top 40
Data Type Model

GroupKFold-3 (ACC M(SD))
LOPOCV GroupKFold-3 

(ACC M(SD))
LOPOCV GroupKFold-3 

(ACC M(SD))
LOPOCV

ACC F1 MCC ACC F1 MCC ACC F1 MCC

biomecH- 
anical

LR 0.63 (0.04) 0.64 0.62 0.28 0.63 (0.04) 0.63 0.62 0.27 0.66 (0.03) 0.68 0.67 0.37
GBC 0.71 (0.03) 0.71 0.7 0.42 0.71 (0.04) 0.73 0.73 0.46 0.70 (0.04) 0.74 0.73 0.49
XGB 0.71 (0.03) 0.73 0.72 0.47 0.72 (0.03) 0.73 0.72 0.46 0.70 (0.03) 0.74 0.73 0.49
LGBM 0.70 (0.03) 0.75 0.75 0.51 0.69 (0.03) 0.74 0.73 0.48 0.66 (0.03) 0.67 0.66 0.34

EMG LR 0.62 (0.03) 0.63 0.61 0.26 0.62 (0.03) 0.64 0.63 0.29 0.60 (0.03) 0.62 0.6 0.24
GBC 0.63 (0.02) 0.65 0.64 0.29 0.65 (0.03) 0.67 0.67 0.34 0.63 (0.03) 0.65 0.65 0.3
XGB 0.62 (0.02) 0.63 0.62 0.26 0.65 (0.03) 0.68 0.67 0.36 0.63 (0.03) 0.64 0.64 0.28
LGBM 0.63 (0.02) 0.64 0.65 0.29 0.63 (0.02) 0.66 0.66 0.32 0.61 (0.03) 0.67 0.67 0.35

Fused LR 0.62 (0.03) 0.64 0.64 0.28 0.66 (0.03) 0.68 0.68 0.36 0.64 (0.03) 0.65 0.63 0.29
GBC 0.64 (0.03) 0.67 0.66 0.34 0.72 (0.04) 0.75 0.75 0.51 0.72 (0.04) 0.77 0.76 0.54
XGB 0.63 (0.03) 0.65 0.64 0.3 0.72 (0.03) 0.77 0.76 0.54 0.72 (0.03) 0.79 0.78 0.57
LGBM 0.64 (0.04) 0.67 0.68 0.35 0.68 (0.04) 0.71 0.7 0.42 0.67 (0.04) 0.72 0.71 0.44

Note: ACC = Accuracy; M(SD) = Mean (Standard Deviation); F1 = F1-Score; MCC = Matthews correlation coefficient; GroupKFold-3 = Grouped 3-fold cross-validation; 
LOPOCV = Leave-One-Participant-Out Cross-Validation; LR = Logistic Regression; GBC = Gradient Boosting Classifier; XGB = Extreme Gradient Boosting; LGBM = Light 
Gradient Boosting Machine. LOPOCV values are means across outer folds. Bold values indicate the best-performing models for each feature subset within a given data modality.
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height (Markström et al., 2023). For wider implementation, portable 
sensing options (e.g., EMG, IMUs, and marker less video-based systems) 
require task-specific validation. When IMUs are used to estimate joint 
kinematics/kinetics, frontal-plane quantities can be less accurate than 
sagittal-plane estimates relative to optical systems (Dahl et al., 2020), 
which is particularly relevant for valgus-related movement patterns. 
However, IMUs also provide rich raw acceleration and angular-velocity 
signals that may support classification without explicitly reconstructing 
joint kinematics/kinetics. Future work should evaluate this.

5.2. Limitations

First, fear labels were derived from a single self-report item (TSK-17, 
Q9), which under competitive contexts (Grossbard et al., 2007) may be 
prone to under-reporting. Collecting ratings outside sport-specific 
pressure likely mitigated this, but clinician-rated or multi-item 

measures could strengthen ground truth. Second, our cross-sectional 
design precludes inferences about directionality between self-reported 
fear and movement patterns and about how these features change 
over time. Longitudinal designs could verify whether changes in trunk 
tilt or knee rotation track fear trajectories. Third, we tuned hyper
parameters on the biomechanical dataset and reused them for EMG and 
fused models. This cut computation but may have reduced EMG accu
racy. Per-modality tuning could improve performance. Fourth, we 
evaluated group differences and model performance using the SRSH task 
only. Fear-associated biomechanics and EMG patterns may differ across 
movement tasks and according to biological sex. Future work should 
compare SRSH with other standardized functional paradigms to test 
task-dependence directly and address possible sex-related differences, 
which was outside the current scope.

Fig. 3. Variable-level summary of the top-ranked tsfresh features used in the best-performing XGB configurations (features ranked using the GBC importance scores). 
Panels show (a) biomechanical: Top-10 ranked features, summarized by underlying variable class and landing side; (b) EMG: Top-20 ranked features, summarized by 
muscle and landing side; (c) fused: Top-40 ranked features, summarized by variable class and side. For interpretability, multiple ranked tsfresh features that originate 
from the same underlying variable may be grouped, so fewer than N unique plotted labels can appear. The complete (variable × tsfresh-feature) rankings are reported 
in Supplementary Material S4. Note: Flexor avg and Extensor avg refer to the time-normalized average of root mean square (RMS) EMG activity over the landing phase, as 
defined in the Methods (Engineered EMG Variables).
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6. Conclusion

This study demonstrates that machine learning models can classify 
fear of re-injury after ACLR with very high accuracy, using EMG-derived 
features alone and additional improvements in a multimodal approach 
integrating biomechanical data. Future implementations of these 
methods, also using wearable EMG and/or IMU systems, may support 
clinicians in identifying fearful individuals who may benefit from a more 
comprehensive rehabilitation approach targeting psychological barriers 
to return to sports or physical activity.
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mechanics during weight acceptance of stair descent at different time frames after 
anterior cruciate ligament reconstruction. Am. J. Sports Med. 03635465221095236.
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