Challenges in deriving health
insights from Real World Sensor
Data

Larsson Omberg | VP Systems Biology | | SageSonetworks



N
g .
<. .
- ~
-,
~
.
-

-

-
~ -
~_ |
-
-
.

- o
J

] SageBionetworks and mobile health research

Non-profit research organization in Seattle; “Better Science Together”

Involved with mHealth/Digital Health research since the inception of the
ResearchKit (i0S) and ResearchStack (Android) frameworks

> 215,000 consented study participants
40+ studies
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Parkinsons Cardiovascular MoleMapper Asthma

Multiple Samsung

Sclerosis CRF my BP lab

http://synapse.org/digitalhealth



Studies in the real world

Continual Passive
Monitoring

[ Frequent Tasks
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In the wild measurements:what is happening in life?
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Ah but there is signal in the noise:
Variation is a sign of disease in PD
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Context Matters: The problem of confounders

Affected by C?: ‘] Where

s=de| How long

Disease/ 4 . Phenotype

Intervention




Context Matters: The problem of confounders
The ever so popular observational study

Goal: build a classifier of disease status

‘
data

‘ (a) age distributions
- PD
extraction go- younoga midd|e age senior age
' i
Collapsed S
features o
‘ 20 40 60 80
age
Train
First, walk for 30 seconds classifiers .
Question:
mPower: classifier of Parkinson’s Is my classifier learning age

Disease patients vs healthy Controls related signals on top of the

disease signal?
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If you are not careful you will
overestimate your signal
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0.66 0.82

Chaibub Neto et al (2018) Using permutations to assess confounding in machine
learning applications for digital health. ML4H Workshop at NIPS 2018.



A meta study across 8 studies and
109,000 participants reveals differences in retention
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Pratap, A. et al. (2020) Indicators of retention in remote digital health studies: a cross-study
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Success are overestimated:
the identity confounder

P =0.0044

13.00%

e

5.60%

0 »

.
-fo
N

Subject-wise (25) Record-wise (23)

Saab, S et al (2017)

Chaibub Neto et al Nature Digital Medicine (2019)
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An example validation study for Cardiorespiratory fithess

semen o

Heart Snapshot

Your phone's camer can
measure your heartbhaat.,

Leom how andaty >

Heart Rate Recovery

Chooze one of the tasks below. Each
oreis desigred 1o raise your heart
rata. Then wewill messure how yeur
heart recevers The store & e ated to

vour VO Zmax.
Cover the flash and camera Sit down and relax o
If you dontieed relaxad, take 2
L yoar hegper to cover the camera moment and areathe slowly
and flashan the bacs of vaur before starting the mesu rement,

phone, Your feger nail shoald bare

a it red once you Cover the rash, Tiprs for mrasasaring restirg; beart rate
Mcasur ‘ o
SSSEEE 3 Minute 12 Minute
S— Stair Ste Run or Walk
Measure hearl rate Sitting down -

| alewady bae s ool

Context of validation matters




Multiple avenues of validation - at home vs clinic vs lab

A B In clinic Measurement C In-Home Measurements
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Make Data available https://www.synapse.org/digitalhealth

SYNAPSE Q K- O

Digital Health Research Projects

Synapse is used as a repository for mobile Health resources including data being Avallable Projects I-

collected using smartphones, and wearables analytical toals for processing and 17
analyzing digitial health data and other resources.

S
Last updared on
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Digital Health Study Retention Data

Repository App Code Parlicipanls Records Analylical Toals

Fortal not applicable 10Y.911 3.5 million github

This datais an aggregation of 8 different d'gital hea'th studies used tn evaluzte factors that drive long term engagement and

’.zi;:' " | ] retention. This is a compendium to the paper:

e * Abhishek Pratap, Elias Chaibub Netao, Phil Snyder, Carl Stennowsky, Noémiie Elhadad, Daniel Grant, Marthew H. Mohehti, Sean
(| R Mooney, Christine Suver, John Wilbanks, Lara Mangravite, Patrick [ I leagerty, Pat Arean, Larsson Omberg "Indicators of


https://www.synapse.org/digitalhealth

& mPower Public Researcher Portal 5.7

Synapse ID: syn4903203

Wiki© Ciles ©

mPawsr Public Researchar Portal

L= LY ) B S N

Cata description

-mPower resezrch community

-Fubications

FAQs

-Contact us

Tables ©

poi: doi:10.7303/5ynd4093293 Storage Location: Svnanse Slorace @ Q@ Share ® Arnotatians & Tooks ~

Discussion @

mPower: Mobi

Data description Accessing the data Research community

e Parkinson Disease Study

Bot, BM et al (2016)
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Create impartial Benchmarking
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Develop Reusable Code and Pipelines

open collaborative methodologies

—
@ reusable =
https://github syn12144677

| Sage-Bionetworks / mpowertools

process_medicationChoiceAnswers <- functior
tryCatch({

d <= jsonlite::Trom]SON(json_file]

cata.frame(medication = paste(uniqgt

collapse = "“+'"), medicationTline

collapse = "+"))

}, error = function{err) { dO( kQ‘
data.frame(medication = "NA™, medic

Cloud enabled workflow

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

OWEAR

The Open Wearables Initiative (OWEAR) is a collaboration designed to promote the effective use of
high-quality, sensor-generated measures of health in clinical research through the open sharing of
algorithms and data.

® Community hub for digital health and registry for
@ Algorithms
@ Data

@ Benchmarking program to evaluate algorithms

(A
shimmer .o 22

DISCOVERY IN MOTION Data Consulting

A I_ .
= - SageBionetworks
T L. 5 https://www.owear.org/



https://www.owear.org/

Thank You

()-8, 2.8
iefa0uladeyad

Brian M. Bot,
Elias Chaibub Neto,
Thanneer Malai Perumal,
Abhishek Prathap,
Solly Sieberts,
Phil Snyder,
Meghasyam
Tummalacheria
Lara Mangravite




