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Figure C: Software used (left to anaom Fores Test Accuracy/F1 Score = mean([p1, p2, ... p15]) Prediction models based on human

sht): Vi ™ ™ K-nearest Neighbours . .
OBJECTIVE right): Vicon Nexus ™, MATLABT, movement can be effective in
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« Emotional states impact gait characteristics RESULTS Future Goals

» Biomechanical variables can predict  Outcomes | Anger | Sad | Neutral | Joy |  Fear | P Increase sample size

. e Stride Time (s) 1.09 + 0.10 1.17 + 0.23 1.12 + 0.09 1.08 + 0.10 1.10 + 0.13 < 0.001* Explore advanced machine learning
emotional classifications Gait Speed (m/s) 1.36 + 0.17 1.24 + 0.25 1.27 £ 0.15 1.39 + 0.21 1.34 £ 0.23 < 0.001* techniques

* ML can classify emotions using biomechanical Stride Length (m) 1.47 + 0.10 1.40 £ 0.15 1.42 + 0.09 1.49 + 0.12 1.45 + 0.11 < 0.001*
» Refine parameters
Test Accuracy for Different Models and Predictors Cumulative Gini Importance vs. Number of Features

datasets
Goal » Assess one-to-all predictor data set

e Assess biomechanics under emotional states |
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