m-Health as an important step
towards personalized medicine

Prof. Oleg Medvedev
Moscow State University
Moscow Technical University



Average cost of healthcare in 6 European
countries as % of their GDP
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Health Care Costs in the United States, 2006-2021
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Table 1

Number of People Over 65 Years in United States, 2010-2050

YEAR 2010 2020 2030 2040 2050
Total Number (million) 310 341 373 405 439
Number Over 65 (million) 40 55 72 81 88
Percent Over 65 13.0% 16.1% 19.3% 20.0% 20.0%




Does it have to be this way?

Health care costs: U.S. spends more for elderly
ANnual per capita heaithcare costs by age
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Health and Social Care Costs NHS
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Mobile Phone Users' Percentage of the Population, 2013*

200%

150%

100%
B :I:I I I [
0%

N
Q 2
(}\ \Q {\ Q}éb \)c:’\ )‘b \.{\ '\c’
060 <& @ Q®

N

COUNTRY

PERCENTAGE OF THE POPULATION

2
N
¢

@Q



Step 3: Invest in.research

Towards full picture of individual’s health status

Biosensors

aaaaaaa

Environmental
Data

E Integrated Health Records
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Heart diseases Potassium Sodium Calcium
Long QT and Short  KCNQ7 SCNSA  CACNATC

CNS Potassium Sodium Calcium Chloride
diseases
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Front. Pharmacol., 10 May 2016, p 1-50



AN EXAMINED LIFE

A nine-month study will collect data at daily and three-month
intervals, and allow personalized interventions - such as

changes in diet - as the study proceeds.

BRAIN LIVER, LUNGS, BRAIN
4+ What's measured: & HEART
Sleep patterns 4+ 100 proteins to track
4 Frequency: Daily organ health
4+ Method: Wrist sensor 4 Every three months
+ Blood sample
HEART it
* e
Pulse, physical-activity level 4 Every three months
4 Daily + Blood sample
+ Wrist sensor
INSULIN SENSITIVITY
COLON 4 Blood glucose
4+ Microbiome ecology 4 Every three months
4 Every three months + Blood sample
+ Stool sample
CHROMOSOMES
°Q 4+ Whole-genome sequence
PlO_NEER 100_ ® 4 At enroliment
mdiassimooteininst AN + Blood sensor

Source: Institute for Systems Biology
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Remote Patient Monitoring

Biometrics Patient Data Care Team

>
y REAL TIME
. S

Telemonitoring Better access Data issues Multimodal by
‘Personalization’ Integration issues population
Early detection Rules engine issues Team-based care
Fewer visits and Requires initial in-
hospitalizations person visit

Members love it

© 2010 Kaiser Permanente
Proprietary & confidential



mHealth %

H O &

mobile devices Personal Digital smart watches & other body-wom devices
Assistant (PDA) or implants

With these devices it is possible
to collect big amounts of data such as

health monitoring lifestyle daily activity



REMINDERS ARE SEEN AS THE MOST EASILY IMPLEMENTED AND MOST
EFFECTIVE IN CHANGING PATIENT BEHAVIOR

Impact and implementation of behavior changing app features

Eﬂ Reminders
) . . Personalized messages
Dialogs with doctors Education
[=T:]
c
2
o Dashboards
_3 c Higher impact and
2 =] easy implementation
T o
8 E
c Economic incentives
o o
t I
© Peer monitoring
E‘ User generated content @
Gamification . @ Social monitoring
Lower impact and
2 harder implementation
hard medium easy

Difficulty of implementation

Note: Size of circle shows usage of the feature by app publishers



Countries Reported Use of mHealth Initiatives
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pHILIPS Contactless monitoring of heart rate and breath rate g

sense simplicity VitalSigns
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Human-powered Carousel (Spain)




50 % OF PARTICIPANTS STATED DOCTORS’ ACCEPTANCE OF APPS
AS MOST IMPORTANT FOR MHEALTH BUSINESS

Top 10 reasons why country offers favorable market conditions

acceptance of apps by doctors 50%
high level of digitalization in hospitals 39%
market size 34%
access to developers 31%
political support 28%
unfavorable regulations 25%
access to investors 23%
existing government funds 21%
access to partners 20%

willingness of patients to pay 17%

Share of participants stating reason in 3 most important for country offering poor market conditions

. C ight h2guid 2015
research2guidance | ~OPY"ent researcnaguidance _ _
ihe app markel specialists | Source: research2guidance - EU countries” mHealth app market ranking 2015, n = 4,471



Steps Number (by 1 hour intervals)
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Life Insurance Long-Term Care Insurance

Why Life ‘ Types of Life ‘ John Hancock Why John Tools ant
Insurance w Insurance w Vitality Program = Hancock w Resource

How It Works

Life insurance with the John Hancock Vitality Program rewards the every day
steps you take to stay healthy and inspires you to do even more.

It's easy to participate:
Step 1. Accumulate Vitality Points: Members earn Vitality points by

completing simple everyday activities to stay healthy - like going to the
gym, getting annual health screenings, staying tobacco-free, and more.

Step 2. Earn a Vitality Status: Each year, you’ll earn a Vitality Status -
Bronze, Silver, Gold, or Platinum - based on the number of Vitality Points
you accumulate.

Step 3. Enjoy Savings and Rewards: The higher your Vitality Status the
more you can save on premiums and the greater your rewards and
discounts.

We'll even send you a free Fitbit to track your progress toward a
healthy life!




Gartner Reveals Top Predictions for IT
Organizations and Users for 2016 and Beyond

8) By 2018, two million employees will be required to wear health and
fitness tracking devices as a condition of employment.

The health and fitness of people employed in jobs that can be dangerous or

physically demanding will increasingly be tracked by employers via wearable
devices.

Emergency responders, such as police officers, firefighters and paramedics,
will likely comprise the largest group of employees required to monitor
their health or fitness with wearables.

The primary reason for wearing them is for their own safety. Their heart
rates and respiration, and potentially their stress levels, could be remotely
monitored and help could be sent immediately if needed.

In addition to emergency responders, a portion of employees in other
critical roles will be required to wear health and fitness monitors, including
professional athletes, political leaders, airline pilots, industrial workers and
remote field workers.



Glaxo Mulling $1B Deal with Qualcomm
ﬂ@ ﬂ@ E_@ _@ @ 0#)
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Posted in Medical Device Business (/medical-device-business) by Qmed Staff (jusers/gmed-staff) on January 21, 2016

British drug giant GlaxoSmithKline may be looking to look beyond the humble pill by considering a merger with
chipmaker and digital health pioneer Qualcomm.

Nancy Crotti

GSK is looking for ways to develop
medical technology, according to
Bloomberg, which reported Sensors used by McLaren Biosensors used by GSK

More than a billion Wearable
data ]?r)f”fh‘ SENSOTS 0N

patients to study
vital signs

2004 Sensors on every

Measurement of
modor aetivify in

a range of

diseases
racecar

GSK has been announcing a growing number of partnerships in recent years. For
instance, a partnership with the McClaren racing team has helped the company
refine how it performs clinical trials.



Importance of BIG DATA
analysis for evidence-based medicine
(big groups of people)



Psychological Science OnlineFirst, published on January 20, 2015 as doi:10.1177/0956797614557867

Research Article
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Psychological Language on Twitter
Predicts County-Level Heart Disease
Mortality
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Hostility,
Aggression

Hate,
Interpersonal
Tension

Boredom,
Fatigue

Twitter Topics Positively Correlated With County-Level AHD Mortality
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CDC-Reported AHD Mortality Twitter-Predicted AHD Mortality
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https://www.youtube.com/watch?v=hZWLy7FL
vZ4&feature=youtu.be
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Keeping the wearable commitment

Our survey shows the initial buzz Over time, the newness wears off and

doesn’t always translate to long-term  fewer consumers use their wearables

commitment, most likely for one of daily. Regardless of device type,

these reasons: wearables purchased over a year "

1. Consumers don’t perceive a ago are used less often than those H OneStly,
pressing need for them; purchased more recently (within I forget it
use-case unclear the last six months). Smart clothing

2. Easytolose experienced the largest daily drop- most Of the

' . off, while smart glasses experienced time.”

3. Unattractive or uncomfortable the smallest. .

4. Short-lived battery life e Classes: 16% decrease — Male, 31

5. Does not sync seamlessly with o Fitness: 18% decrease
a smartphone

* Watches: 22% decrease

While full abandonment was less * Clothing: 33% decrease

severe, our survey did indicate a

correlation between frequency of For consumers to commit to wearables

usage and time of purchase. for the long term, a device should not

https://www.pwc.se/sv/Publications/cis-wearables.pdf
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Alcoholic
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Adaptations for elderly

— Meet us where we are
* Our hands tremble
* We forget
* Qur eyes are dimmer

* Qur filters go away — manage communication
0

* Maybe not mobile

» Keep it simple

* Anytime training

* Minimal data collection



Typical CHESS: too compex

* Monitoring and alerts

ACHESS Sl

. “ « Autonomous motivation
. 2 g 7 . |
e i e I SRS Assertive outreach

’t. . : » Care coordination

St T * Medication reminders

‘ oﬂ ' * Peer & family support

*» Relaxation

-

' 0‘0 A * Locations tracking
manelsssaesaenel °© Contact with professionals

* |Information



Cldcftrcc Personal Conversations Information Search

O Elger Tree Help

Home
Conversations
Public Family and Ask a Coach
Momqn Discussions Friends

Home | Admin | MyProfile | Members | About ElderTree | Logout

Nead Melp with Elder Tree? Call 1-800-480-0223, Monday - Friday 9 00am to 5 00pm



Spotlight on parents

Parents (adults with at least one child in the household)
are significantly more likely (49%) than non-parents (24%)
to own not just one, but multiple wearable devices.

Aswith consumers overall, parents’ main motivator for
initial purchase was health (20%). Most non-parents,
however, received their first device as a gift (18%).

VS.

Parents are also more likely than both non-parents and
consumers overall to see wearable technology in a positive
light. And parents are also less likely to believe that
wearable technology will hurt their ability to relate to

other humans, invade their privacy, or make them more 62% 41%
vulnerable to security breaches. of parents own a of non-parents
wearable device

http://www.pwc.com/us/en/industry/entertainment-
media/publications/consumer-intelligence-series/wearables.html



Does the FDA Need to Approve My Mobile Medical App?

Is It general educational

material not intended to be patient-specific
(¢.g., ®PDR, aMPR, preloaded imagery libraries,
disease state or drug slide programs)?

Does it display, store or transmit
patient-specific data In Its original format from a
medical device [used as secondary displays not
as primary diagnostic or treatment tools)?

>

I5 it used solely for manitoring,
evaluating, dedsion-making or , ’ :
production of suggestions regarding P vl}c-es it control the intended use,
develoging or maintaining general hea'th function, mades, or energy source
and weliness that are not intended for CONSUMERS of the connected medical device
dlagnostic or curative purposes? ARE THE AUDIENCE: (essentially an operator)?
MAY NEED APPROVAL.

Can it be used &s a generic aid for medical
tasks but is not marketed for a specific medical
application (e.g., audio and videa recording, Does it create alarms, racommencations,
task archiving, alarm systems)? or ¢reate new information (data) through analysis or
Interpretation of medical
device data?

Does it autornate general affice
operations/functions such as billing/
coding, appointment-setting /tracking,
automatic patient history-taking, and
insurance transactions?

Does it transform or
maka the mobile platform into 3 ragulated
medical device (such as enabling a smartphone
to act as a heart monitor|?

Does it perform as an electranic
health record system or personal
health record system?

NO FDA APPROVAL NEEDED
d3033IN TYAOHddY VO
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6.1 Criteria

This section explains the main criteria and the basis for selecting those criteria

A total of nine criteria have been
identified based on the analysis of
existing assessment frameworks
(Annex Al) that are relevant for the
assessment of mHealth apps

In addition to validity and
reliability, other aspects have been
identified such as  usability,
accessibility, transparency that are
important from the end-user

perspective for improved
confidence and wider adoption of
mHealth apps; likewise,

effectiveness & credibility from the
professional perspective.

The diagram above illustrates these
nine criteria, or domains, as all
contributing to the data quality
objective.

uaJedsued|
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HEALTH ANALYTICS

Big data meets human health

Internet searches and fitness trackers are poised
to play a role in the future of health care

By Conor Farrington

ast fall, I visited Stanford University to

present new research on an artificial

pancreas system for people with type

1 diabetes. Although 1 don’t have dia-

betes myself, 1 chose to wear the sys-

tem. I had never monitored my glucose
levels before, and it was fascinating—and at
times alarming—to see how they fluctuated
in response to food, drink, stress, fatigue, ex-
ercise, and sleep. I had unconsciously joined
alarge and growing community of
self-trackers.

As Gina Neff and Dawn Nafus
emphasize in their excellent book
Self-Tracking, there is a “veritable
explosion” in the number of people
using digital and wearable devices
to record, analyze, and reflect
upon data created by their own
bodies and behaviors. Self-tracking
activities can be undertaken for a
wide range of motivations—for ex-
ample, to maintain wellness, moni-
tor specific medical conditions,
foment political change, or create
new forms of digital art and fash-
ion. Data artist Laurie Frick, for ex-
ample, has developed FrickBits, an
app that converts smartphone GPS
data into abstract collages, and
sculptor Stephen Cartwright creates elegant
representations of his tracked movements
through space and time.

These activities depend on the latest tech-
nology, but Neff and Nafus point out that
self-tracking has a long history. Benjamin
Franklin used charts to monitor his produc-
tivity and moral character, giving particular
attention each weck to one of 13 virtues.

But can self-tracking induce positive
change for the average contemporary user?
Neff and Nafus quote an exchange from
Stanford Medicine X 2012, an annual con-
ference that explores the potential roles that
emerging technologies will play in the future
of medicine and health care. Here, one pan-
elist argued, “Data leads to knowledge and
knowledge leads to change.” If this were true,
“there would be no need for psychologists,”

The reviewer is at the Cambridge Centre for Health Services
Research, University of Cambridge, Cambridge CB2 OSR, UK.
Email: cjtf2@medschl.cam.ac.uk

SCIENCE sciencemag.org

countered another panelist. And indeed,
although there is some evidence that self-
tracking data can induce behavioral changes,
social scientists have convincingly demon-
strated the motivational and data interpre-
tation challenges that confront self-trackers.

Neff and Nafus tread carefully between
the twin pitfalls of techno-utopianism and
techno-dystopianism to develop a nuanced
position that acknowledges both the oppor-
tunities and the challenges raised by self-
tracking. In doing so, they raise a number

Avisitor demos a mobile blood-pressure monitor at the Wearable Expo in Tokyo.

of important questions. Can quantitative
self-tracking data fully capture who we are
as individuals? Will self-tracking practices
continue to exclude the sickest and poorest
in our socicties? In medical contexts, will
self-tracking patients manage the burden of
interpreting their own data, and will health
care professionals be willing to incorporate
such data into more personalized care? Who
profits financially from self-tracking data?
And, more broadly, will we continue to de-
fend the right to data privacy, or will our so-
cicties shift toward total transparency?

Elad Yom-Tov’s Crowdsourced Health dis-
cusses a different field of digital health, in
which data are generated not through the
use of wearable devices but from queries en-
tered in search engines. Based on the prem-
ise that these searches mirror our offline
behavior and that the Internet offers greater
privacy and accessibility than many other
possible sources of information, he suggests
that these data could reveal information

Self-Tracking

Gina Neff and

Dawn N

MIT Press, 2016. 233 pp.

Crowdsourced Health
How What You Do

on the Internet Will
Improve Medicine
Elad Yom-Tov

MIT Press. 2016. 144 pp.

about health that would be difficult or im-
possible to gather in other ways.

Yom-Tov, a researcher at Microsoft Re-
search, deseribes the studies he has carried
out on medical conditions, ranging from
anorexia to bipolar disorder. Among the
more striking assertions is his claim to have
generated a quantitative foundation for the
Kubler-Ross “five stages of grief”
model. Using cancer diagnosis as
a proxy for bereavement, Yom-Tov
and his team tracked queries and
page visits by cancer patients and
their families. They separated the
most-visited sites into 11 categories
and used a hidden Markov model
to reveal the five predicted stages.
They also revealed different pro-
gressions through the stages, de-
pending on whether the searcher’s
cancer was acute or chronic, lead-
ing Yom-Tov to suggest thata more
tailored communication method
might be of benefit to patients.

Yom-Tov also claims to have dis-
covered a new class of long-term
drug side effects by tracing scarch
queries about mild symptoms.
While serious side effects emerging soon af-
ter drug use begins are likely to be reported
to the FDA, he argues that patients may not
associate long-term and milder symptoms
with specific drugs, thus hindering their
discovery as side effects.

Crowdsourced Health draws an overly
stark divide between traditional medical
rescarch and newer digital research ap-
proaches, in part because Yom-Tov over-
looks the contributions of qualitative and
mixed-methods research in medicine. And
for a book focused on Big Data, relatively
little detail about the author’s methods of
analysis appears in the text. Nevertheless,
Yom-Tov succeeds in demonstrating that
online queries represent a potentially im-
portant source of medical data.

The question that has yet to be answered
is what should ultimately be done with all of
these data—and by whom.

10.1126/science.aaf8769

15 JULY 2016 « VOL 353 ISSUE 6296 227
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An Unconventional Decision

Frankovich had been helping build a database of pediatric lupus patients who had been seen previously at the hospital. She had digitized the charts and made
them szarchable with key words.

This isn’t typical
Like any chronic medical condition. lupus generates a staggenng amount of paperwork. Doctors follow each patient for years, even a decade.
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Now, we have one simple measure that

shows what works.. Heart Rate Variability.
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How can HRV show so much?
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Importance of personalised data

e Sequental measurements started early in life
create basis for getting individual “norm”
value for the parameters measured

* Measurements in healthy people the only way
for early diagnostics of the diseases

e Sequental measurements are not so
demanding on the precision of the sensors



This child 1s our main user




