Digital Tools in Trials for Monitoring:
What you need to know about validating
novel digital measures
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6;;@ 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 2014
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p\ Digital Tools provide an opportunity
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In the wild measurements: what is happening in life?
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In the wild measurements:
Variation is a sign of disease in PD
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Omberg, L. et al. (2021) Remote smartphone monitoring of Parkinson’s disease and individual

response to therapy Nature Biotechnology. 7-8.
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-+ 4 In the wild measurements:

Variation is a sign of disease in PD
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Variation is a sign of disease in PD
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Context Matters: A Disease specific example where the
environment iIs a disease modifier
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Context Matters: A Recent Example

Effect of COVID-19 on Mobility patterns and Severity

Average Long-Displacement Geofence Activity Trigger (30 Days Rolling-Window)
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Context Matters: A Recent Example

Effect of COVID-19 on Mobility patterns and Severity

Average Long-Displacement Geofence Activity Trigger (30 Days Rolling-Window)

| COVID19 Federal Emergency Lockdown (2020-03-13)
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We want validated, robust, and trusted measures and biomarkers

validated sensitive

(a) Dx -+ control -+ parkinson

PART 3 REST TREMOR
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Clinical Measure

and the study designs that support them



Validation Strategies need to change

A validation study for Cardiorespiratory fithess
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Heart Snapshot

Your phone’s camera can
measure your heartbeat.

Learn how and why >

Heart Rate Recovery

Choose one of the tasks below. Each

STEP 1 OF 2 one is designed to raise your heart
= rate. Then we will measure how your
heart recovers. The score is related to
VO2max.
Cover the flash and camera Sit down and relax your VO2max
If you don't feel relaxed, take a
Use your finger to cover the camera moment and breathe slowly
and flash on the back of your before starting the measurement.
phone. Your finger nail should turn

a little red once you cover the flash. Tips for measuring resting heart rate
Measure . A
— 3 Minute 12 Minute
h Sittine down Stair Step Run or Walk
| already have an account Measure heart rate g




Multiple Avenues of Validation - at home vs clinic or lab
A

Gold-standard
VO, max protocol

ﬁ\i
Smartphone-based
VO,max protocols

In-Clinic Measurement

\ (’Z-. /
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( At-Home Measures (x3) )

Supervised lab-based
VO,max protocols

In-Clinic Measurement

3-MST 12-MIR1

Webster, DE . et al. (2021) Smartphone-Based VO2max Measurement With Heart Snapshot in
Clinical and Real-world Settings With a Diverse Population: Validation Study JMIR mHealth 9 (6).



Multiple Avenues of Validation - at home vs clinic or lab
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Nearly half of previous studies using proof of principle
overestimated the success
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There are actually a very large number analytical of issues:

|ssue 1:patient acceptance

|Issue 3: outcome provide utility
to disease

Issue 5: Interactions
between confounders

Issue 7: Identity Confounding

Issue 9: dimensional
reduction Is hard

Issue 2: Noisy data

Issue 4: there can be
strong confounders

|Issue 6: strong autocorrelation
due to frequent sampling

lssue 8; In wild recruitment can
lead Imbalanced population

Omberg et al Clinical Pharmacology (2020)
Dorsey et al Journal of Parkinson’s Disease (2020)
Pratap et al Nature Digital Medicine (2020)
Sieberts et al BioArxiv (2020)

Neto et al arXiv:1911.05139 (2020)

Neto et al Nature Digital Medicine (2019)

Neto et al SIGKDD (2019)



outcome

Validation and Benchmarking strategies

Goals: What works when, where and under what circumstances, for what diseases,
with what sensor placement
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Validation and Benchmarking strategies

Goals: What works when, where and under what circumstances, for what diseases,
with what sensor placement
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Make data and algorithms available

dHealth

Digital Health Knowledge Portal
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Studies (6)

Diagnosis

Showing 6 results

Diagnosis

(vl All

[ ] control

[ ] Parkinson's disease
[ ] asthma

[ ] melanoma

[ ] multiple sclerosis

Intervention

Y . X

B (44.4%) control

I (22.2%) Parkinson's
disease

(11.1%) asthma

PROJECTS DATA TOOLS PUBLICATIONS

QY

Intervention Y . X Device Type Y . X

- Ler%gzgtated B (75%) handheld
B (16.7%) levodopa B (25%) wearable

Show All Graphs

STUDY

Asthma Mobile Health Study

Yu-Feng Yvonne Chan

The Asthma Health Study was an iPhone-based observational study to understand symptom triggers through the
collection of symptom and medication surveys, along with passive geolocation, weather, and air quality monitoring.

DIAGNOSIS asthma
INDIVIDUALS 5875

CLINICAL OR PHENOTYPIC ASSESSMENT  ZIP code, demographics survey, medication report, EQ-5D, medical
history, asthma symptoms, asthma triggers, asthma management

https://dhealth.synapse.org



https://www.synapse.org/digitalhealth
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Community Challenges and Public Benchmarking

«  “Self-assessment” has impeded the translation and dissemination of
biomedical tools and methods.

» New incentives are required to convene research communities to develop
domain standards and benchmarks.

 Quickly explore a large space of solutions

Entire Planet of Problem Solvers
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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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Crowdsourced solution was 38% better than experts DREAM j:(
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