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Q@Q SageBionetworks and digital health

We believe that we can learn more by learning from each other....\We advance
biomedicine by making science more open, collaborative, and inclusive.

Involved with mHealth/Digital Health research since the inception 2014

> 230,000 study participants
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Parkinson’s and other motor disease studies
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Collection of real world data

timed tapping walk/balance tremor
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Finger Tapping
In this activity we will measure your finger
tapping ability with each hand; this may

reflect the severity of motor symptoms in
Parkinson’s Disease.

This is what you'll need
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Walk and Balance Tremor Test
In this activity you will be walking In this.activity you will be holding the
continuously at your normal pace for 30 phone in your lap for 30 seconds. You
seconds, followed by standing still for 30 will do this with each hand. Goal is to
seconds. measure the tremors in your hand.
This is what you'll need This is what you'll need
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We want validated, robust, and trusted measures and biomarkers

validated sensitive

(a) Dx -+ control -+ parkinson
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and the study designs that support them






Context Matters: A Recent Example

Effect of COVID-19 on Mobility patterns and Severity
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Context Matters: A Disease specific example Example

Finger-tapping DSST Finger-to-nose
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https://mhealth.jmir.org/2020/10

Even If validated - your population might still be confounded

A meta study: Retention across 8 studies and 109,000 participants
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How to slay a Dragon

Issue 1: In wild recruitment can lead imbalanced population
Issue 2: dimensional reduction is hard

|lssue 3: noisy data

Issue 4: there can be strong confounders

Issue 5: Interactions between confounders

|Issue 6: strong autocorrelation due to frequent sampling

ﬁ Omberg et al Clinical Pharmacology (2020)
‘ . 7/\ Dorsey et al Journal of Parkinson’s Disease (2020)
SS U e 7 . /// @ Pratap et al Nature Digital Medicine (2020)
,%\\k Sieberts et al BioArxiv (2020)
N

/ Neto et al arXiv:1911.05139 (2020)
N Neto et al Nature Digital Medicine (2019)
Neto et al SIGKDD (2019)






What does participants want?

83% of 219,000 research participants chose to
share their data with any qualified researcher



Yet vast majority of mHealth data collected is In
closed ecosystems
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data and analysis deemed to have commercial value
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Sas .
% mPower - Researcher Community

& mPower Public Researcher Portal 77 =
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Accessing the mPower data MPOWer: Mobile Parkinson Disease Study
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Digital Health Knowledge Portal

.
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dHealth

il
I| Digital Health Knowledge Portal

Welcome to dHealth

A Digital Health Knowledge Portal to enable the discovery and download of digital and mobile health data, tools, and benchmarked outcomes and digital

biomarkers.

Supported by SAGE BIONETWORKS

Explore Data

Data Collection Method Y . X

B (54.2%) patient
reported outc...

W (22.9%) active
~ (14.5%) passive

Device Type Y . X

B (70.6%) handheld
B (29.4%) wearable
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Data Type Data Subtype

B (62.2%) surveyData
B (20%) sensor
B (17.8%) clinical

B (47.3%) metadata
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Device Platform Y . X Device Location Y . X
B (64.7%) i0S B (33.3%) hand
W (17.6%) android B (25%) pocket
(5.9%) GENEACctiv B (16.7%) wrist

Clinical or Phenatvnic Acceccment Y [ X Y [~ X

https://dhealth.synapse.org/
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https://dhealth.synapse.org/
https://dhealth.synapse.org/

Even with hundreds of users and dozens of papers....

The space of exploration is too large and results were not comparable
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Age, Gender, Location, Device, Noise, ...




Crowd sourced challenges as a framework for
benchmarking

.. Data generation
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CHALLENGES

powered by Sage Bionetworks
Norel, Rice, and Stolovitzky “The self assessment trap: can we all better than average? (2011)

DREAM

http://dreamchallenges.org/
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Parkinson's Disease Digital Biomarker
\\/\ DREAM Challenge

ENABLED BY

UNIVERSITY Foundation ROCHESTER

¢ B © BEAT-PD DREAM Challenge

A Biomarker & Endpoint Assessment to Track Parkinson's Disease

2020
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e — Parkinson's Disease Digital Biomarker
DREAM Challenge
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Team

Create impartial Benchmarking
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Challenge Provides Rich
Opportunities for Post-Hoc Analysis

* Are feature sets associated with other disease severity (e.g. patient reported
outcomes)?

e Are features good predictors of medication effects”? Can they distinguish
medicated PD patients from controls”

determine orthogonal features across submissions” Can we identify

e Can we
concilse

sets of features?

* |s the Gyroscope data useful for predictive
features” Does app version matter?

e Are bes

- predictive features clinically

iINnterpre

able?

* HOwW many repeated measures are
necessary to classity PD/Control?

Pre/post medication signal

e ahe
..............




Develop Reusable Code and Pipelines

open collaborative methodologies

C) reusable il

https://github syn12144677

L] Sage-Bionetworks / mpowertools

process_medicationChoiceAnswers <- functior
tryCatch({

d <-— jsonlite::fromJSON(json_file)

data.frame(medication = paste(uniqt

collapse = "+"), medicationTime
collapse = "+"))
}, error = function(err) { dOC kQ r
data.frame(medication = "NA", medic

})

Cloud enabled workflow

https://github.com/Sage-Bionetworks/mhealthtools



https://github.com/Sage-Bionetworks/mhealthtools
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