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Background and Objective Collected data

Sample data from one participant

Proposed data cleaning algorithm (continued)

Continuous monitoring of behaviors as well as physiological and mental states is increasingly considered to be
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akey prerequisite for optimizing health interventions.

- « Generalization of Poincare’s method to more than two dimensions
« Useful for smoothing the RR signal and ultimately for imputing missing
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swinging and stationary biking with arms 3.3. Compute the mean of RR intervals in a window RR [ms]
held still from i-k to i+k, where i is the index of the outlier. Summary of results
Stroop task, Start with k= 1. 1. Coherence between optimally aligned ECG and wrist PPG data is 0.283.
Mental arithmetic with distracting o 2. We detected that RMSA has a large, negative impact on the agreement between PPG and ECG signals.
background noise RRmax 3. We developed an algorithm to clean RR data. The algorithm uses Singular Spectrum Smoothing to generalize
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Future work

1. Accelerometry data as a trigger for the algorithm.
2. Near real-time implementation of our data cleaning the algorithm to enable just-in-time interventions based on

reliable data.
3.5. Set the value of the outlier to RRmax.
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to the remaining RR intervals in the [i-k, i+k] window.




