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Supplementary Materials

This supplementary material provides the detailed supporting con-
tents for the main paper, including inter-annotator consistency
analysis, complete action list, detailed scoring criteria for motion
evaluation, and the description of model training.

A Detailed Action List of MM-Motion

Table 1 lists all 16 standardized actions and their functional cat-
egories.The collected movements were evaluated for injury risk
from multiple dimensions, covering four major categories: unilat-
eral support stability, dynamic directional control, static mobility
and basic control, and landing buffering capacity. Hurdle stepping
is a movement with extremely high demands on single-leg support
and dynamic stability. Gribble et al.[3] noted that impaired single-
leg balance is one of the most consistent clinical manifestations in
patients with chronic ankle instability. Forward lunging actively
challenges the positional stability of the talus in the ankle mortise
and exposes deficits in the flexibility and stability of the hip, knee
and ankle under asymmetric postures. Single-leg hopping directly
assesses the ability of the periankle muscle-ligament system to
absorb energy, maintain stability and respond rapidly under high-
intensity, high-impact loading[1]. Macrum et al.[5] reported that
improving ankle dorsiflexion mobility via Achilles tendon stretch-
ing significantly reduced foot eversion angles in subjects during
squatting. Depth jumping accurately simulates the most common
sprain scenario in sports and directly tests the capacity of the ankle
and surrounding tissues to absorb high-impact energy[2].
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Table 1: Detailed Action List and Category, U.S.S.=Unilateral
Support Stability, D.D.C.=Dynamic Direction Control,

S.R.M.C.=Static Range of Motion and Control, L.B.C.=Landing
Buffer Capacity.

ID Action Name Category
1 Hurdle Step - Right US.S.
2 Hurdle Step - Left US.S.
3 Straight Lunge - Right US.S.
4 Straight Lunge - Left US.S.
5 Single-Leg Hop - Right DD.C.
6 Single-Leg Hop - Left DD.C.
7 Single-Leg Squat - Right SRM.C.
8 Single-Leg Squat - Left SRM.C.
9 Squat SRM.C.
10  Prone Calf Flexion and Elevation - Right S.R.M.C.
11 Prone Calf Flexion and Elevation - Left ~ SR.M.C.
12 Plantar Flexion and Dorsiflexion - Right S.RM.C.
13 Ankle Joint Rotation - Right SRM.C.
14  Plantar Flexion and Dorsiflexion - Left ~ SR.M.C.
15 Ankle Joint Rotation - Left SRM.C.
16 Depth Jump LB.C.

B Excerpts from the Expert Evaluation Scale

Table 2 presents the Hurdle Step section of the expert evaluation
scale. Each action is evaluated across three weighted dimensions,
with sub-scores assigned to individual joints and detailed scoring
key points provided.

C Expert Scoring Results and Analysis

C.1 Correlation between Expert Scores and
CAIT Results

As shown in Figure 1, comparison between the final expert scoring

labels and the Cumberland[4] Ankle Instability Tool(CAIT) results

is illustrated in the figure. A total of 25 out of 31 subjects show
identical risk levels in both assessment systems.

C.2 Consistency of Scoring Scales

This section analyzes the consistency of the overall score level and
score dispersion among the three annotators, excluding systematic
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Table 2: Scoring Rubric for Hurdle Step-Right, D.=Dimension,
W.=Weight, S.=Score.

D. W. Joint W. Scoring Key Points S.

Hip 1 Pelvis stable, no tilting 0-1

Completion 4 Knee 3 Knee aligned with toes ~ 0-3

P Ankle 5 Ankle stable 0-5

Trunk 3 No swaying/lateral tilting  0-3

Hip 2 No rotation/lateral shift ~ 0-2

Accurac 3 Knee 2 No valgus/varus 0-2

¥ Ankle 5 No inversion/eversion 0-5

Trunk 3 No compensatory rotation 0-3

Fluency 3 Overall 4 No sudden swaying 0-4
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Figure 1: Consistency analysis between expert scoring labels
and CAIT results, horizontal axis: Subject ID; vertical axis:
Risk level.
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Figure 2: Comparison of mean scores, median scores, and
coefficient of variation (CV) among three expert annotators,
verifying the consistency of the scoring scale.
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biases such as consistently high or low scoring by a single annotator.
The consistency analysis chart is presented in the Figure 2.

The results verify the high consistency of the overall scoring
scales across the three annotators, with no systematic bias of ex-
cessive leniency or strictness. For example, the average score of
Annotator 2 is merely 0.07 points higher than that of Annotator 3,
demonstrating highly comparable score dispersion.

C.3 Similarity of Action Score Distribution

To validate the consistency of annotators’ judgments on action
difficulty and quality, we analyze the relative ranking trends of the
16 actions across three scoring groups. The average scores of the
16 actions assigned by each annotator are ranked independently,
with the lowest score labeled as 1 and the highest as 16. The spear-
man rank correlation coefficient (p)[6] is then calculated using the
following standard formula:

B 620, diz
p_l_n(nz—l) @

where:

e p:spearman rank correlation coefficient, ranging from [-1, 1].
A value closer to 1 indicates stronger ranking consistency;

e n: total number of actions (n = 16 in this study);

e d;: rank difference of the i-th action between two annotators.

The inter-annotator consistency results are excellent:

e Annotator 1 and Annotator 2: p = 0.83 (P < 0.001), showing
high consistency in scoring rank judgments;

e Annotator 1 and Annotator 3: p = 0.81 (P < 0.001), indicat-
ing excellent consistency;

e Annotator 2 and Annotator 3: p = 0.79 (P < 0.001), indicat-
ing excellent consistency.

D Experimental Software Interface Description

As shown in Figure 3, Figure 3(a) shows the interface during IMU
data acquisition, which is used to monitor the wearing and connec-
tion status of IMU sensors, as well as the pre-acquisition calibration.
Figure 3(b) presents the plantar pressure insole with 96 pressure
sensors, which can effectively capture plantar biomechanical infor-
mation during movement. Figure 3(c) displays the Kinect interface,
including color image, depth image and thermal image streams.

E Model Training Description

We conducted two core experimental tasks: action recognition and
injury risk evaluation, with the training curves of all models pre-
sented to verify their convergence performance and generalization
ability.

E.1 Action Recognition Task

As shown in Figure 4 and Figure 5, in the action recognition task,
we constructed unimodal action recognition models (including
ST-GCN, LSTM, and other baseline architectures) based on three
distinct modalities of motion data: IMU data, dual visual skeleton
data, and plantar pressure insole data. The initial performance of
these unimodal models was relatively poor. Further analysis of the
model outputs revealed that movements with minimal upper-body
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Figure 3: Software interfaces for data acquisition. (a) shows
virtual character during IMU data collection; (b) shows 96
sensors on the plantar pressure platform; (c) shows three
types of visual data interfaces.

motion (e.g., lower-limb focused actions related to ankle injury risk)
were particularly difficult to recognize and distinguish accurately.
To address this limitation, we introduced a lightweight attention
mechanism to prioritize feature extraction from lower-body joint
keypoints, enhancing the model’s sensitivity to critical motion
patterns. Additionally, for actions with negligible variations in
upper-body joint data throughout the movement cycle, we directly
zeroed out the upper-body feature streams to eliminate redundant
noise interference, further improving the model’s discriminative
ability.
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Figure 4: Validation accuracy curves of action recognition
models during training. V.S.=Vision Skeleton, P.P.=Plantar
Pressure.
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Figure 5: Validation loss curves of action recognition models
during training,.

E.2 Injury Risk Evaluation Task

As shown in Figure 6 and Figure 7, in the three-class injury risk
evaluation task, we assessed the low, medium, and high injury risk
levels of subjects. We built unimodal models based on four modal-
ities of data, and finally fused them into a multimodal model. As
shown in the figures, the proposed fused model achieves signifi-
cantly improved performance compared with all unimodal baseline
models.
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Figure 6: Validation accuracy curves of injury risk evaluation
models during training,.
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Figure 7: Validation loss curves of injury risk evaluation
models during training.
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