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The person who knows “how” will

always have a job.

The person who knows “Why” will

always be his boss.
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Prevalence of overweight populations for adults of
both sexes by nation in Southeast Asia.




Health Risks
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Child and

How many adults in England have suffered each ACE?
CHILD MALTREATMENT

AQ"

Sexual abuse

Physical abuse
15%

Verbal abuse

18% 6%

CHILDHOOD HOUSEHOLD INCLUDED

flie@ Y2

Parental Domestic Mental Alcohol Drug Incarceratlon
separation vielence illness abuse use
24% 13% 12% 10% 4%

For every 100 adults in England 48 have suffered at least one ACE
during their childhood and 9 have suffered 4 or more

Family

pe Compared with people with no ACES, those with &+ ACES are; e
o times more likely tocurrently binge drink and have a poor diet

o times more likely to be a current smoker

o times more likely to have had sex while under 16 years old

o times more likely to have had or caused an unplanned teenage pregnancy
o times more likely to have been involved in violence In the last year

@ times more ikely to have used heroin)crack or been incarcerated

Bellis et al., 2014



Preventing ACES In Tuture generations could redauce leveils of:

Early sex Unintended teen Smoking

(before age 16) pregnancy (current)

by 33% by 38% by 16%

5\ =Y

Heroin/crack use Violence Vielence
(lifetime) victimisation perpetration

by 59% (past year) (past year)

by 51% by 52%

¥ = Y %

Binge drinking Cannabis use
(current) (lifetime)
by 15% by 33%
Incarceration Poor diet
(lifetime) (current; <2 fruit &
by 53% veg portions daily)
by 14%

Bellis et al., 2014



TDRI

3
daJiauanaial

3omn3sv 10 U s:uuhsiwmsing

1 maoaumasHiBuawnou 50% inU 47

5']“1%’7131”“17 “aﬂc"“uazgn;‘]ﬂaa%s t‘a“laa“u1nli‘1 ?ﬁlﬁtyty"ﬂ% o — — /

s ey
LWLl gg +50% #iw: tnnfa 15,000

& L S,
- , TN i
mMasawnaiy 3 Us=ansmw 65 74 '9
+ 13,000
V' 2 -
w s L Vs onow msunUturinassugu 91 98 =7
1.3 Frrwrs 95000 /7 N 9" )
p— \/’ o — " o -
e = - nns:lguLa:NIsMAuQua 67 80 -13
ANITFHIRNINTY e O
8,000 .7 nsuIAUENQHUIY 83 94 -11
0.2 i
. Av: sumslan 110 196 Us:=inf)
2547 2556 2546 2556
MUY Frommsluiitew fean g T sae Lisstinendgiemit PUILOAR: WU MR TR W I RS T WeN £22-241)
T G m T (2547-2556) anams non, e nnwnon. MR sl 255, TFF Andysis

TDRI Juupansmasyeaslnediniinatols:ina

SUURRINSRDSAT JuynaNSTU MIVAIRAUATRGIINALIAMAITFVasIng
o % 3 uwm 100 |
wY; % of GOP (2555) s 12546 1 2556 AW ﬁl
Bl HUdY: % o GDP
7.1% duds:aAnsmwsgna #65 474
v

(930 196 tazine)

6.4%
1% dumsnidymaossudu #91
ek #98 ¥
3.0% RS FREY _8 .
2.4% 2.3% dungsatouna:mMsninu £ ) Y\ £
i I a0 e 2% 2% Bowl o saw . eew 7%l

il Suladide  Roalild  HAEd suade Tna

= e aa & o a
WIUAR (SMIRAULRRINTETILNSNAN DXL TsLuaysy 2552

GwmsoRukingruw #83 #94 w (MKatla duladidy ainlus waddud ulade ny

(970 196 Urzind)

- Fan- Workd Bank. TFF Analyses Aw: IMF (0 2555 sndudulatide doyal 2552)
Ny AE HUBLHE: LaWIUYAAINSSIUIaNal)




)* z __
AN\ S i 77 FON

W4 L [TEPSatoshi Kamba a!l'w’i

FYT AN



Health Ecosystem

Top 5 Wearable Companies by Shipment Volume, Market Share, and Year-Over-Year Growth, Q4 2017 (shipments in millions)

Company

Apple
Fitbit
Xiaomi
Garmin
Huawei
Others

Total

4Q17 Shipment
Volumes

8.0
5.4
4.9
2.5
1.6
15.6

379

4Q17 Market
Share

21.0%

14.2%

13.0%

6.5%

4.3%

41.0%

100.0%

4Q16 Shipment
Volumes

5.1
6.5
5.2
23
0.8
15.3

35.2

Source: IDC Worldwide Quarterly Wearables Tracker, March 1, 2018

4Q16 Market
Share

14.4%

18.5%

14.7%

6.6%

2.4%

43.5%

100.0%

Year Over Year
Change

57.5%
-17.3%
-4.5%
4.7%
93.2%
1.7%

7.7%



New: Health Ecosy.

% that Virtual Assistant could answer

SITSLSS

TRAVEL RETAIL FINANCE AUTOMOTIVE

m GoogleAssstant m Amaon Echo



Expansion Of Private Hospitals Continues
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The doctor is online: Singaporeans prefer virtual
physician check-ups over face-to-face consultations

Searme BN

3 4 9add they would prefer seil-deected heaithcarne



New: Health Ecosystem

The only approved
contraceptive app

we C€ 0123




"This technology to put sensors on the body
to assess which muscle groups work or not
can really pinpoint the areas affected by the
stroke and can target therapies to specifically
improve those issues," she told BBC News.



Artificial Intelligence

* Coined by John McCarthy, in 1956

* The simulation of human intelligence processes by
machines

* These processes include;
* Learning (the acquisition of information and rules for
using the information)

* Reasoning (using the rules to reach approximate or
definite conclusions) and

* Self-correction

@ www.MiniHIl.net
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Al is better than Human Doctor for
Depression Screening ( 70%:42% )

TECHNOLOGY NEWS 31 August 2016

Instagram posts can reveal depression before doctors diagnose it

—

Blue tone, Dim photo
Photo with faces

Fewer faces per photo
A lot of Selfies

R S T,
re '.
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CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays
with Deep Learning

CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays with Deep Learning

Pranav Rajpurkar ! Jeremy Irvin ' Kaylie Zhu' Brandon Yang' Hershel Mehta®
Tony Duan'! Daisy Ding! Aarti Bagul! Robyn L. Ball? Curtis Langlotz® Katie Shpanskaya?®
Matthew P. Lungren® Andrew Y. Ng!

(a) Patient with multifocal com-
munity aequired pneumonia. The
model correctly detects the airspace
disease in the left lower and right up-
per lobes to arrive at the pneumonia
diagnosis.

(b) Patient with a left lung nodule.
The model identifies the left lower
lobe lung nodule and correctly clas-
sifies the pathology.

(c¢) Patient with primary lung ma-
lignancy and two large masses, one
in the left lower lobe and one in
the right upper lobe adjacent to the
mediastinnm. The model correctly
identifies both masses in the X-ray.

Abstract

We develop an algorithm that can detect
pneumonia from chest X-rays at a level ex-
ceeding practicing radiologists. Owur algo-
rithm, CheXNet, is a 121-layer convolutional
neural network trained on ChestX-rayl4, cur-

rently the largest publicly available chest X-
ray dataset, containing over 100,000 frontal-
view X-ray images with 14 diseases. Four
practicing academic radiologists annotate a
test set, on which we compare the perfor-
mance of CheXNet to that of radiologists.
We find that CheXNet exceeds average ra-
diologist performance on the F1 metric. We

Input
Chest X-Ray Image

CheXNet
121-layer CNN

(d) Patient with a right-sided pneu- (e) Patient with a large right pleural (f) Patient with congestive heart Extend ChEXNEt to dEtECt. a.ll 14 dlEEaSES m Dutput

mothroax and chest tube.  The effusion (fluid in the pleural space). failure and cardiomegaly (enlarged .

model detects the abnormal lung The model correctly labels the effu- heart). The model correctly identi- ChestX—ra],rli and achieve state of the art re- P ia Positi {B 5%}
to correctly predict the presence of sion and focuses on the right lower fies the enlarged cardiac silhouette. S'LthS on all 14 diﬁeaﬂeﬁ neumonia Fositive
prneumothorax (collapsed lung). chest. - i

Figure 3. ChexNet localizes pathologies it identifies using Class Activation Maps, which highlight the areas of the X-ray
that are most important for making a particular pathology classification.

1. Introduction

More than 1 million adults are hospitalized with pneu-
monia and around 50,000 die from the disease every
vear in the 1718 alome (CNC. 217V, Chest X-ravs




FDA News Release

FDA permits marketing of artificial
intelligence-based device to detect certain
diabetes-related eye problems

For Immediate Release

April 11, 2018

SCIENCE TECH \ HEALTH \

Al software that helps doctors diagnose like
specialists is approved by FDA

“It makes the clinical decision on its own”

By Angela Chen | @chengela | Apr 11, 2018, 1:25pm EDT

For the first time, the US Food and Drug Administration has approved an artificial
intelligence diagnostic device that doesn’t need a specialized doctor to interpret the

results. The software program, called IDx-DR, can detect a form of eye disease by
looking at photos of the retina.



Scalable and accurate deep learning with electronic health
records

Alvin Rajkomar(®'?, Eyal Oren', Kai Chen', Andrew M. Dai’, Nissan Hajaj', Michaela Hardt', Peter J. Liu', Xiaobing Liu', Jake Marcus’,
Mimi Sun', Patrik Sundberg’, Hector Yee', Kun Zhang', Yi Zhang', Gerardo Flores', Gavin E. Duggan', Jamie Irvine', Quoc Le,

Kurt Litsch', Alexander Mossin', Justin Tansuwan', De Wang', James Wexler', Jimbo Wilson', Dana Ludwig?, Samuel L. Volchenboum?,
Katherine Chou', Michael Pearson’, Srinivasan Madabushi', Nigam H. Shah® Atul J. Butte?, Michael D. Howell', Claire Cui’,

Greg S. Corrado' and Jeffrey Dean'

Predictive modeling with electronic health record (EHR) data is anticipated to drive personalized medicine and improve healthcare
quality. Constructing predictive statistical models typically requires extraction of curated predictor variables from normalized EHR
data, a labor-intensive process that discards the vast majority of information in each patient’s record. We propose a representation
of patients’ entire raw EHR records based on the Fast Healthcare Interoperability Resources (FHIR) format. We demonstrate that
deep learning methods using this representation are capable of accurately predicting multiple medical events from multiple
centers without site-specific data harmonization. We validated our approach using de-identified EHR data from two US academic
medical centers with 216,221 adult patients hospitalized for at least 24 h. In the sequential format we propose, this volume of EHR
data unrolled into a total of 46,864,534,945 data points, including clinical notes. Deep learning models achieved high accuracy for
tasks such as predicting: in-hospital mortality (area under the receiver operator curve [AUROC] across sites 0.93-0.94), 30-day
unplanned readmission (AUROC 0.75-0.76), prolonged length of stay (AUROC 0.85-0.86), and all of a patient’s final discharge
diagnoses (frequency-weighted AUROC 0.90). These models outperformed traditional, clinically-used predictive models in all cases.
We believe that this approach can be used to create accurate and scalable predictions for a variety of clinical scenarios. In a case
study of a particular prediction, we demonstrate that neural networks can be used to identify relevant information from the
patient’s chart.

npj Digital Medicine (2018)1:18; doi:10.1038/s41746-018-0029-1
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About 5000 years ago, someone decided that it
was a good idea to start recording important
information and presenting it in a form that
made it easy to make sense of and profit fr

that data. Thus the report was born! “
A recent survey showed that ma
largest corporations stlllcg}et
they rely upon from re

e data
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The Strategic Plan is Dead. Long Live Strategy.
In today’s fast-changing world, why freeze your strategic thinki& in a five-year

plan? é\
CLASSIC STRATEGY ADAPTIVE STRATEGY 9 %
”Eaveﬂ zdel is wrong and

L 0 » o} TS I
s ey Strategy is wrong

(‘L\ ?Strategy in a way helps you

: pattern
Sagcteaen recognition learn what is ‘righter”.
' People think you can prove
o s N Y the a strategy in advance. You
| can’t.”

Martin, Skoll World Forum in 2010



PSEET

DEALS
APRIL 27, 2018 / 8:27 AM / 11 DAYS AGO

Ping An's Good Doctor unit raises $1.1 billion in Hong Kong
IPO: sources

Reuters Staff y f

HONG KONG (Reuters) - Ping An’s Good Doctor online healthcare platform has raised $1.12
billion in its initial public offering, pricing its shares at the top of its range in Hong Kong’s

largest new listing this year, two sources with knowledge of the matter said.
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Fundamentals of
Artificial
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Direction or No Direction

Rabies Prevention ;.\ Ethical Research
Direction? 'y Committee’s Direction?
AMZNITUNITIIU DIY. NCD Management
NANI9? A Direction?

Primary Care VS

Primary Prevention W LTC Direction?
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Target Population

Active Surviellance




Potential Intervention Points

Health
System

% Health

e Qutcomes
and Costs

Culture
and

Society
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Education
System



Health Communication
UAAR LATBYY BIANT YUYU d9Au (Actor)
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Health Literacy Framework

: Health
Literacy Contexts - Omiilr:’?e S
and Costs

# Health

Literacy

Individuals

Health Concious Mind
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The Drive-Through Generation (Gen-Y)

* They want care fast. (No more Primary Care)

* They do their homework.

* They trust but avoid doctor.

* They want upfront estimates. (know cost and value before making
dicision)

* They listen to other patients.

* They’re leading health tech trends.

* They view health holistically.

* They have short span attention.
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Paradigm Shift in Healthcare

Medicine of the past

Sametrend
We get sick St:::tl::'li:r followed over the
last 200 years

S — Persor)a_lized
Medicine of the future medicine

!

Healthcare industry for the
next decade

medicine




Old Model New model
Professional focus, Silo Based People focus



> THE FOUR THINGS A SERVICE BUSINESS MUST GET RIGHT - F.X. FREI

FOUR CRITICAL ELEMENTS TO CRAFT A
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THE OFFERING

N

o Focusonthe EXPERIENCE
O Accept to perform badly at some tasks in order to 1 L L at others

o Identify CUSTOMER OPERATING SEGMENTS — groups of

THE FUNDING
MECHANISM
A

N\

THE EMPLOYEE
MANAGEMENT
N SYSTEM

N\

o What makes your

o What makes your

THE CUSTOMER
MANAGEMENT

N SYSTEM

A

“Managers are choosing
between excellence paired
with inferior performance on
one hand and mediocrity
across all dimensions on the
other.”

CREATE A WIN-WIN BETWEEN OPERATIONAL
SAVINGS AND VALUE-ADDED SERVICES

Customers feel altruism while you save money

customers who share the same idea of what constitutes excellent
service

CHARGE THE CUSTOMER IN A PALATABLE WAY

Consider what feels fair to your customers

SPEND NOW TO SAVE LATER

Invest in order to reduce customers’ needs for auxiliary
service in the future

HAVE THE CUSTOMER TO DO THE WORK

employees reasonably

ABLETO ACHIEVE EXCELLENCE®?

Train your employees so that they are
enough skilled to meet customers’

employees reasonably
expectations

MOTIVATED TO ACHIEVE EXCELLENCE?

Customers are a part of the V1 L1/ = ':.@R“E”Kﬁ ON
PROCES S

Setupa REWARD & PENALTY

process to motivate customers

Tasks must be
SIMPLE & ADJUSTED
Customers are not easy to | [ IN OR SELECT _



New Generation Initictive
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New Business OSCC model : Child Journey

: . - Justice Svstem
Surviellance Risk Victim ( ) ( (
S Second most destructive Svstem



A patient is the most important visitor on our premises, he is not
dependent on us. We are dependent on him.

He is not an interruption in our work.

He is the purpose of it.

He is hot an outsider in our business.

He is part of it.

We are not doing him a favor by serving him.

He is doing us a favor by giving us an opportunity to do so.

Mahatama Gandhi
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Strategic Focus (What to do, what to not do, Prioritization)

mmqmamaﬂsmﬂmﬂmmmL‘vnmamumamaawamuammw LLauasszawuawium%u Faa1150
mmalm Equuty on Health and Well Being) SITINISAUNEN NN DT9T 0

(**Service Focus->People Focus**) Value based health care

mMsmniunnsfesiaanslimineinsiens uagyEoriunadnsimuaunIm AN LAYAUA1IZYRS
Uszanvu Tnedindngudasedng wazlivoyainnale (Efficiency Improvement, Value
Management)

Ul nlldiusiuysannisnnnagdiu (Integration, Participation)

tunislesiuseiulgugiilaenisaanginssuidesiaauninlunisainsaiindagiu (Primary
Prevention, Behavior Change)

198514 IT, Big Data, Mobile, Al (Appropriate Techonology)



-People focused New business model
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Most challenge is Mindset,




