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Background - Why is itimportant?

Key Results - What we found interesting

Early detection and management of Mild Cognitive Impairment (MCI) and dementia is a global priority due Passive sensing modalities
to the lack of curative treatments. Passive sensing—utilizing wearables, smart-home sensors, and in-vehicle

systems—offers an unobtrusive way to quantify subtle functional and behavioral changes in natural Wearables —
. . . . o n-vehicl nsor
environments. By leveraging machine learning to analyze these complex datasets, we can identify objective C arry-on devices Smart Home SYStem eniclie sensors

digital biomarkers, providing a scalable and cost-effective approach for early prevention and intervention.
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Logistic regression 8
Ensemble boosting | 7
Bayesian Network / Naive Bayes | 5
Linear Regression | 4
Recurren t Neural Network (RNN) ‘
Multilayer Perceptron (MLP) |
k-Nearest Neighbor (kNN) |
Deep neural network (DNN) |
Decision Tree | 2
Convolutional Neural Network (CNN) | 2
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