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Future of Internet and Health
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PewResearchCenter

The Web at 25 in the US

Digital Life in 2025

Experts predict the Internet will
become ‘like electricity’ — less visible,
yet more deeply embedded in people’s
lives for good and ill

Aron Roberts, software developer at th

LG: Lifeband Touch &
Heart Rate Earphone

; iy OS for Smartwatch

Android Wear

e University of California-

Berkeley, said, “We may well see wearable devices and/or home
and workplace sensors that can help us make ongoing lifestyle

changes and provide early detection

for disease risks, not just

disease. We may literally be able to adjust both medications and

lifestyle changes on a day-by-day basis
basis, ...

(http://www.pewinternet.org/2014/03/11/digital-life-in-2025/)

or even an hour-by-hour



Mobile Health (m-Health) by National

Institute of Health
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(Kumar, S et al., IEEE Computer, 46(1): 28, 2013)



Bio-behavioral ILD : Large-scale, Multi-

dimensional, Multi-scale & Complex Data

1200 o Heart rate variability %300- | —— non-diabetic
£ 1000 | (autonomic regulations) [EEEE \\\ — dabetes |
(_“ S 200 \"W\_\ breakfast /
800 F pomr b= _ : . :
e Piuld £ 1501 Diabete Wach  ginpor| ; Chronic Fatigue/Pain
2 600 8 \ [ % 0 =
.E . g ||]0’ Ht-':‘.u C t- |
400 - Heart Failure S sl SERI Cortiso
E:i 200 1 1 L SIDNN =193 i % v 5 20 4
2 7 - -E-' i3
0 10000 20000 30000 6: 2G|;on 0:00 3:00 6:00 9:00 12:00 15:00 18:00 21:00 £ 15
Beat number Time £ 0
16— Awake é 5
e R | Sleep £ ]
L2 ‘ H Disorders “ sw 2150 ) 950 1550
%g. Stage | : Time of day
r— | | Iﬂll (R

(EEGI EMG! etc) Stage 11 L.
— , ‘ Sleep stage transitions

Srage IV

10

T T T T T T T T
OAM 1AM 2AM 3AM 4AM 5AM 6 AM 7AM

100

I} Physical activity (hyper/hypo-, circadian)
Psychological stress, (eating) behaviors

8
80

Cytokine concentration (pg/ml)

1550 2150 0350 0950 1550

Time of day

60

40

4
800 1200 1600 2000

energy intake (kcal)

0 400
psychological stress

2
20

0

locomotor activity (*1 0*counts/m in)
6
0

. 6 18 6 18 6 18 6 18 6 18 6
time of day

(ILD =Intensive Longitudinal Data)



Perspective of Study of Dynamical Disease

through ILD

(rest, non-REM sleep)
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(Nakamura, Kiyono, et al., Proc. IEEE, 104: 242, 2016)

Basic Strategies

» Dynamical state changes from
fluctuation properties

» Use characteristics near
transition point for prediction

» From ILD to dynamics (difficult)

(“Taken’s embedding theorem” from

http://cnx.org)
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ILD of Physical Activity: Toward Objective

Measures in Psychiatry

Measurement of spontaneous physical activity
(SPA) by a wearable device

» Long-term continuous monitoring in daily life
» Rich dynamical characteristics of physical activity

Actigraph Mini-Motionlogger
Ambulatory Monitors Inc.




ILD of Physical Activity: Major Depressive SRt

-
\

Disorder ( MD D) ~

Measurement of spontaneous physical activity
(SPA) by a wearable device

» Long-term continuous monitoring in daily life
» Rich dynamical characteristics of physical activity

Actigraph Mini-Motionlogger
Ambulatory Monitors Inc.

(a) a healthy adult (b) a patient with MDD
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Digital Psychiatry App

SUCONVALLEYS  ABETTER HOWFRANCENELPED  THESOLIDSTATE

Your Smartphone
Will See You Noyy

(Torous, J. IEEE Spectrum, July, 2017, pp. 44-50)

Diagnosis by Smartphone

Wi-Fi

Tracks location when
GPS is not available;
can tag specific sites,

such asa gym or a bar

Bluetooth/Near Field
Communication

Tracks proximity to other
Bluetooth devices; useful

for measuring social

relationships or check-ins
at doctor appointments

Heart-rate sensor

Ambient light sensor

Accelerometer/

gyroscope Can offer information
Tracks general about sleep environment
physical activity; or help guide/calibrate
useful in light therapy for seasonal
all disorders affective disorder
Camera

Tracks facial expressions
that may reveal mood and

anxiety states as well as eye

movements that may reveal

medication side effects and
offer clues to diagnosis

Detects changes in the
nervous system, such
as increased anxiety

GPS

|
Touch screen
Tracks response time
and time to complete
tasks; useful in inferring
elements of cognition

Tracks social
rhythms or
entropy; useful in

all disorders

Microphone

Tracks tone of voice
and ambient social
environment; useful
in all disorders

Proximity sensors
Tracks social behavior;
useful in all disorders




Co-variation of Self-Reported Depressive

Mood and Physical Activity in MDD

Bl selected model:

(depression); = my; + m;; (mean);; + m,; (skewness);; + m3; (mean X skewness),; + &

70i =Yoo+ Coi 3 D

. I | ocomotor activity
1i=710t¢; [~ Randomeffect A PatientNo. 12 DR e | =
_ _ g 100 — 700 %
i — V20 = ;L 80 - ) “ n .t ;F#é;"j_iuu_ .—u 600 ‘5
M .‘D | - ) ~ 500 o
T3 — V30 — Fixed effect g w0 || 0 r=080.p20002 1 400 >
— % 300 %
= @©
8 200 =
95’_ 100 ©
The association between 8 ol o 5
24:00 24:00 24:00 24:00 24:00 24:00 24:00 24:00 o
momentary self-reported Time =
depressive mood and locomotor B PatientNo. 6 =
activity exists in MDD patients S o] ot o0 S
CI) o r=0.74, p=0.004 600 g
; 60 - ; .. * D\\ [ s §
g 50 4 . . e 1P 300 %
- - - - = i ©
Continuous objective evaluation 2 .-
of depressive mood g 5 5
24:00 24:00 24:00 24:00 24:00 24:00 24:00 24:00 8

Time

(Kim, Nakamura, et al., IEEE J. Biomed. Health Informatics 19: 1347, 2015)



Covered as Featured Article Cgp BEKNY

(Kim, Nakamura, et al., IEEE J. Biomed. Health Informatics 19: 1347, 2015)



Summary: Future of Healthcare lIoT —

Introduction to HIT Follows

® Data-driven approaches (big data and/or ILD)
® Systems approaches for risk control using ILD
® Predictive and personal healthcare
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(https://healthcareiotcons.com/)



(Kumar, S et al.,
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Current Status and Issues of Healthcare Cloud < Consortium

* Services are divided into vertical integration within industry or company and each
company manages data independently, making mutual utilization for healthcare big
data construction difficult.

e Data belongs to a service providing company and individuals can not enjoy the value.

e Continuous use is not done due to insufficient incentive.
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Healthcare IoT Consortium
(HIT)

Person Driven Healthcare

October 4, 2017
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Consortium
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HIT Secretariat
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Our Missions _,* Consortium

Person Driven
Healthcare

Circulate health-related data with a
person’s will and right (sell)

Healthcare Data Behavior Changes
Circulation for Higher QOL
Provide open and secure IoT platform Use platform and big data to create
for cross-company and industry healthcare services aiming for higher
circulation well-being

\

Page: # ©2016 Healthcare IoT Consortium/All Rights Reserved



Image of Society to Realize

Population Big

ﬁ Individual Big
Data Analytics Data Analytics
@ Food Hﬁﬁ:urance @Pharmaceutical

®

M Healthcare

i Fitness "7} services

+ Utilize data for new
4 products/services

.+.+ INCENTIVE

Point/discount Service
Medical/healthcare Advisory Service
Social Contribution (Data Donation)
Return of Investment

Data « Biological
« Environmental

« Behavioral

& Realtime Information:
——

4
®
&
©)

Person Driven Healthcare Society
w L

Data Supply § Outsourcing
===
o Choose data to supply and the service @ @ @

provider at one’s will

Page: #

(

-

Data Supply-
Data Management

@

ﬁ Trust Bank

™

| = .; Data Bank

Data Supply# Outsourcing

©2018 Healthcare IoT Consortium/All Rights Reserved

Healthcare loT
Consortium



e Healthcare lol

Membership Organizations ( J) Consortium

(109 organizations as of Febru%mm; Big Population Big

Data Analytics Data Analytics

Poin
Medical/health vice
Social Contrlbutlon (Data Donation)

products/services

I I I! Return of Investment

Y

Person Driven Healthcare Society
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Scopes

Community

Social Systems
(fed/local gov.)

Individual Space
(home, office,
hospital, etc)

Personal
(familial)

Personal
(individual)

DHealth

@Secu rity\

( N\ Healthcare lol

°_)* Consortium

Management

®@Hazard

@ Mobility Monitoring

Personal

Well-being

Health High-risk Diseased

Page: #

©2018 Healthcare IoT Consortium/All Rights Reserved



HIT Open Innovation Platform (2019) [ Hoalihoare ol
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HIT Platform - Details

Open Innovation (free) Platform

What may be required further

( \ Healthcare lol
Consortium

-

1. Data transfer from recommended loT devices to HIT e« Data analytics and intervention protocols (with

application.
2. Andto HIT cloud server
Linux server package and the manual.
4. Server (e.g., AWS) setup service for a fee
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possible collaboration)

e Cost for additional devices and custom apps

» Cost for a proprietary server
e Collaborative research cost

HIT Platform

Security Services

Health Management
Services

HIT Data Circulation
PF (in prep)

Hazard Monitoring
Services A

Mobility Services
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Overview of HIT App/Platform

Ecological Momentary Assessment (EMA) Cloud database server
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EMA: Ecological Momentary Assessment; JITAI: Just-in-Time Adaptive Intervention



Summary: Future of Healthcare loT

® Data-driven approaches (big data and/or ILD)
® Systems approaches for risk control using ILD
® Predictive and personal healthcare
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Free for academic/governmental members
(100,000 yen/year for industry members)

(https://healthcareiotcons.com/)
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