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LuxPARK digital biomarker data

£ DIGIPD

Validating DIGltal biomarkers for better
personalized treatment of Parkinson’s Disease

* Type of data: eGalT (embedded Gait analysis using Intelligent Technologies, Portabiles)

* Sample sizes: 301 subjects (205 PD patients + 95 controls)

:> Raw sensor data + standard feature extraction (Portabiles)
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PD vs. Control classification (Standard feature extraction)
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Digital data
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Cross-validated predictive performance:

Models L;r:lcle\:r RBF SVM R::::;? g;i‘:'tf:; Adaboost Logistic
1°'Z°J°C' ¢V |1 0.701 | 0.784 0.794 0.798 0.783 0.761
s | (0.15) | (0.08) | (0.04) | (0.06) | (0.05) | (0.08)

UK Parkinson’s Disease Society Brain Bank diagnostic criteria: 76% specificity (Berg et al., 2013)
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PD vs. Control — Most predictive features (SHAP analysis)
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PD vs. Control classification (raw signal data)

A DIGIPD

Validating DIGIltal biomarkers for better
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Digital data
LuxPARK
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Cross-validated predictive performance:

Linear Random Gradient . ..

Models SVM RBF SVM Forest Boosting Adaboost Logistic

10foldCV | (.881 0.870 0.878 0.852 0.859 0.882

AUC
ey | (0.04) | (0.03) | (0.05) | (0.06) | (0.05) | (0.04)
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PD vs. Control — Most predictive features (raw signal data)
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Prediction of disease stage (Hoehn & Yahr scale)
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Most predictive features:
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Prediction of UPDRS 3 score (digital surrogate biomarker)

Most predictive features:
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Freezing of Gait prediction

£ DIGIPD

Freezing of Gait questionnaire
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Quality of life (PDQ39) — Mobility sub-score prediction

Pdg39 mobility subscore
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Prediction of akinetic-rigid vs. other phenotypes

Most predictive features (gait-specific):
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Validating DIGltal biomarkers for better
personalized treatment of Parkinson’s Disease

Cross-validation results (gait-specific features):

Models GBM SVM ROTF XGB DEEP RF GAUSS

10:3?5 0.562 | 0.505 | 0.565 | 0.63 | 0.641 | 0.583 | 0.491
(0.24) | (0.18) | (0.1) | (0.14) | (0.21) | (0.2) | (0.16)

mean(std)

Cross-validation results (time series features):

Models GBM SVM ROTF XGB DEEP RF GAUSS

1":&“ 0.48 | 0.491 | 0.498 | 0538 | 0.671 | 0.518 | 0.441
0.17)| (0.21) | (0.2) | (0.22) | (0.22) | (0.2) | (0.19)

mean(std)

- gait-specific attributes in most cases superior
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Prediction of gait disorder occurrence in PD

Most predictive features (gait-specific):
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Prediction of Cognitive decline (MoCA, follow-up visit)

Most predictive features:
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Ongoing - Future work ﬂt DIGIPD

Validating DIGltal biomarkers for better
personalized treatment of Parkinson’s Disease

Digital data
LuxPARK

Predictive modeling
* Prediction of further motor- and non-motor outcomes

* Improving the definition of gait features (collaboration with J.
Klucken group)

* Deep learning based prediction? (Cosine loss, Capsule networks)

* Rule-based ML for improved model interpretation

Clinical data Omics data . . . .
0 @ Integrative machine learning analysis (more tomorrow for WP4)
Dintal d * Ensemble learning
igital data

e Multivariate prediction of related disease outcomes
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