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Al data modeling
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Types of Al

Present

ANI

Artificial Narrow
Intelligence

Stage 1
Weak Al, Machine Learning

Narrow Capability

Better than humans in one specific
tasks e.g., autonomous driving.

Thanakrit Chintavara, MD, MBA

Future?

= @ =
AG!

Artificial General
Intelligence

Stage 2
Strong Al, Machine Intelligence

General Capability

Capable like humans
in every task.

Possible

ASI

Artificial Super
Intelligence

Stage 3
Strong Al, Machine Consciousness

Transcendent Capability

Better than humans
in every task.



artificial
Intelligence

machine learning

data science deep learning

big data

data
analytics
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Thailand Approach to Health Data Standards

ICD -10

CGD code 12 Files
” ? Hgglth DRG 18 Files 43 Files
Citizen IDs J Facility IDs T™MT
p A
) Shared
Client Facility Provider Coding & Health Inventory Indicators
Registry Registry Registry Terminology Record
J N\ —

National LOINC Referral National
Provider SNOMED Docs. Product

IDs Catalogue

O Interoperability Layer )

HL7 FHIR 2 IHE, HL7 CDA, Authentication, Mapping services

Hospital Insurance mHealth Supply Chain
[ EMRs J [ Systems] [ Claim ] [ Applications J [Applications HMISs

CGD = Comptroller General Department, TMT = Thai Medicines Terminology, DRG = Diagnosis Related Group, IHE = Integrating

the Healthcare Enterprise Thanakrit Chintavara, MD., Ph.D.
Source: Boonchai K., MD.,Ph.D.
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Process/Service
Interoperability

Semantic
Interoperability

Syntactic
Interoperability

Structure
Interoperability

Level of Interoperability & Standards

J

J

«Clinical Practice Guideline, Similar
Claim Rules (DRG), HIPAA

VAN

+ Citizen ID, ICD 10, TMT, LOINC,
SNOMED-CT

AN

J + HL7 message,HL7 CDA, DICOM

| « Standards Dataset : Discharge

Summary, Prescription

AN

AN

« XML, PKI, SSL, Web Service

Benson T: Principles of Health Interaperabitity tA and\ ONOMED. 2nd ed. 2012. Springer; 2012.

Bobel B: Making Hospital IT Interoperable Hospital Information Technology Europe 2008



Watson Oncology
IBM x Bumrungrad

Our Approach: Leveraging the IBM Cloud for Health

Bumrungrad

Indust d S J International

ndustry and process . . ; fsvnermraigs s
., . GxP GDPR

specialization Built for Health HIPAA .

Depth of Ecosystem Built for
Collaboration Security

Enterprise Scale
Cogpnitive Platform

Public, Private, e T T Q ® X
Multimodel

IBM Publicly artne Private
Provided Sourced ovidec Client
Data ata Data

*GDPR regulations begin in May
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Building up reliable Al friend

* Protection
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Data Breech: Healthcare, HIPPA 2018

Malware, 10.8%

T Human error, 33.5%
acking, 14.8%

W Human error

m Misuse

m Physical
Hacking

B Malware
Physical, 16.3%

Misuse, 29.5%

ap
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Data Privacy Twins: Privacy and Security

I '
@ i
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Systematic Sharing

The more people who share
data via unofficial methods,
the higher the risk that it’s
not compliant with
governance and legal or
policy regulations.

We need systematic data
sharing service with well-
defined access rules and clear
data handling/transfer
protocols




ADWLEYVYOY Cybersecurity Was Privacy ARLAQ
“Msazlidauavdoya”

Data: A representation of information,
including digital and non-digital formats

Data Action: A system/product/service
data life cycle operation, including, but
not limited to collection, retention,
logging. generation, transformation, use,
disclosure, sharing, transmission, and

Cybersecurity
Risks

Privacy
Risks

associated with loss [privacy| associated with disposal.
of confidentiality, |breach unintended Data Processing: The collective set of
integrity, or consequences of data actions (i.e., the complete data life

cycle, including, but not limited to
collection, retention, logging, generation,
transformation, use, disclosure, sharing,
transmission, and disposal).

Privacy Risk: The likelihood that
individuals will experience problems
resulting from data processing, and the
impact should they occur

availability data processing

i
1
1
&

misa:ztladoyadouunna
doyasalKka (Security) + doyagnunluldiadagus:ava (Privacy)

BDi

Reference : http: N.NIst.goy Thanaknt Chiﬁ”tavé'r'a,"MD'f”; 10/15/1-5-nist-privacy-tw-letkovitz.pdi e



FORGoVAITUMS
PDPA UT5LLABOVS-uUdINa Ssuu adnatlga-adauvinfldariglduinilsuiu

Data Governance Cyber Securities Management

2

ulgurgnisvalnudaya n1sUnUavtoya Msloud AISMANUIBEYL ulsuigad
ulgurgnistiéoutoaya A1SAILTUNMISAIUUIASTIU wUunovu

A UUasanglsluas A1SYODUSULLAsthADIUS

1ISO 27001 IAYIAU WSU. AUASavVTala
unna 1ISO 27701 Jdouunna
JuaaumMsalAudoya OWASP AsULAUTE ulgurgndu

LdvAL DPO COBIT 5 Jaoafgdiv q

JsuUdsoszuuav q Ihsavsu A1SYOAMANULIFYLUDYA

A1SU22UEYIQ valAUTaYA

2

AsINsSKa KsolulAuToua

v

Thanakrit Chintavara, MD.




Building up reliable Al friend

e Governance
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Guiding Principles for the Framework

Tranz;::;rency Fairness and Robustness and

Explainability

Equity Reliability

Privacy and Data Accountability

Huma trici
uman-centricity Governance and Integrity

ASEAN Guide on

Al Governance and Ethics

cesand-ethics,




4 Key Components

w internal governance structures and measures

* Multi-disciplinary, central govemning body, such as an Al Ethics Advisory Board, to

oversee Al governance efforts

« Develop standards, guidelines, tools, and templates o help organisations design

develop, and deploy Al responsibly

« Clearly lay out the roles and responsibilities of personnel involved in the responsible

design, development and/or deployment of Al

@ Determining the level of human involvement in Al-augmented decision-making
« Conduct relevant risk impact assessments 10 determine level of risk

« Three broad categories of human involvement based on level of risk — human-in-the-loop

human-over-the-loop, human-out-of-the-loop

« Mitigating risks helps build trust towards » acceptance and greater use of Al

¢

technologies in the region

m Operations management

* The Al System Lifecycle consists of
vanous stages and Is often an terative

process

*« Conduct nsk-based assessments before
starting any data collection and
processing or modelling

* Mitigate risks of unjust bias due to
insufficiently representative training

testing and validation datasets

Stakeholder interaction and communication

* Develop trust with stakeholders throughout the

-

« Provide general disclosure of when Al is used in products and/or service offerings

Project governance and
problem statement
oefinition

Al System
Lifecycle

design, development, and deployment of

» Put in place measures to help employees adapt to an Al-augmented work environment




DETDA AlAIGC |

Al Governance Overview

tools to ensure the use of Al in a responsible manner.

[ Governing through policies, operational procedures, and j

Key Elements of Responsible Al

Business Objectives

Relevant laws and Regulations the bounds of rlskappeﬂte




DETDA AlAIGC |
Al Governance Guideline for Executives

Toolkits supporting Al Governance 1) Al Readiness Assessment 2) Al Use Case Canvas 3) Risk Assessment




Building up reliable Al friend

* Regulation
* Compliance
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Simple steps of Medical products/ services

Development

- Clinical
practice
consideration

- Research IRB

Validation <

Registration

. FDA
. IP

- Platform

depa

registration:

_\

- WSU.

diuwygula

- WSUDBYBW

o9

- WSU.WUSINA
- wsu.Telemed
- PDPA

- WSU.

Cybersecurity

- AIGC




Medical device: software

. ._."'.

i - -
NaJYAUAULASSYU DU WIIE

MEDNCAL DEVICE CONTROL DIVISIOM

. WS:S1wsUtUnIALASDVLDUWNE

* NNNS:NSOV

* UstMANS:NsOvaisiscudu

* Us:MmAEIUNDIUATU:NSSUMSDIKISUA:EN
e US:MAAQUNSSUNISLASDYUDUWNE]

* s:slJgUAUNLIVATUINSSUMSDIKISILAEN
e S:lU8UATUINSSUNISLASDYDUWNE

e AMF0AITNDIUATCUENSSUNISDIKISLAZEN
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309Us:avANILAISUWNEY

Medical device
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Non Medical Device example

(o |

o UaWQuasnubahH§u5chs~a\)n’Iun1Sl§aﬂlﬁuu‘)uua\)ﬁl'bﬂ

° zsaWnuasmsa\)nolguanhsuuwnalwammsmuamm\)msuwnaam\)\)w
(wsu: BMI, Usuisuudn, uwdavoin mmol/L wWu mg/dL)

« HIS, LIS, EMR

o zsaWouasu'(:)lwa'lhunannsm\)msuwnammsa’(nmUsnu1m\)'(nansa
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Medical device: software

FaNALIs

andwsnlaidu
sesilaunng

1A3Rsilaunng

< g 4 1
: Wuganawg ganAushlgaulaeaing /
dudauusznay ganawsidugunsaliaiu
o - < :
YpaLATRsiBLNNE JauAsasiiaunng

o o
ganawsnilslundasliounnd
(Embeded software)
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KaNNUNNISYQs:QUADIULEEVUDY Software as a Medical Device (SaMD)

HanInun rAuA LAY UsannwASaviiouwne

HanAunn 9 (2) IWDAZUA HSDAQMULIASDYUDUWNIMIHLAQ LASDVURUWNINADVUIVSIENS

walasasvdaaussauzuaviaaviiouwngiu a:ldga

Haniagu7n 10 (1)

- WWaldlums3tedaanid:uavlsafluduasiosiousoriofoun
830 HEowuHumMsSAw HipAansavanid:uavlsailisana
Juas1wsgusvKSafvuAGIQ

_ tndpulisuwnendavudosioms
- daowlagasvluns:usunisnivassdngindintycaddalagasy 2 580
(vital physiological processes)

- WWalRUaamvAaln (clinical information) an1d:uavlsaAn

3nHODUASIESIUUSVHSDAVIATIN

HanLATuAN 10 (1)
- wwolglunmsidade 21vunuMsSnUI KSaAansavand:uovlsa

fsnnaororidifiaidouusoguniwagosunsy W1sads Hé .. .
tASovlpuwndndovudvsigns

1Jad50 3 .
ol e = - - - . I e a:loga
- WatdGiamuidis=3vUadunvassdnenndrAcucadsa(vital
physiological parameter) ﬁuaoo:h@U:oaagj?uamo:a“umsw
1suwau
KaNLAUAR 12 WWalRdayamvunaln (clinical information) .. . .
1 tASavlauwngndavaaudv

an:upvlsaAfli3nnaduasiusieusoHipiounssa ) )
Thanakrit Chintavara, MD., Ph.D.



Common Submission Dossier
Template (CSDT) for Class 2-3

* Full evaluation Bvo:AovdviDNASIKWNLBYDIBITYMEUDNUS:ELTU

« Concise evaluation

Reference regulatory agency (EU, USA, Canada,
Australia, Japan) ogvouong 1 UUUlU

* Reliance Program Device Registration
LASovdouwngladun:z10gunUs:ztnAFoATUS

Thanakrit Chintavara, MD., Ph.D.
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Finding N | Threshold | Specificity | Sensitivity PPV NPV | AUROC

Abnormality 501 0.50 0.8521 0.9242 0.8870 | 0.8995 | 0.9382

Small Opacity 407 0.50 0.9412 0.2383 0.7698 | 0.5995 | 0.8054

Large Opacity 351 0.50 0.7541 0.9658 0.7152 | 0.9718 | 0.9025

Te St Re po rt Fibrosis 203 0.50 0.7245 0.6946 0.4234 | 0.8907 | 0.7759
Pleural Effusion 99 0.50 0.9838 0.0505 0.2778 | 0.8934 | 0.8004

Pleural Thickening | 129 0.50 0.8197 0.4109 0.2760 | 0.8927 | 0.7492

® [ J ® 4 . .
Sl Il raJ AI sUnWf 1 L§ulds ROC vodudazsanlsa

ROC Curves for Findings

198 AUSUNNYANENSA3IIYWEIUIA Lol

S1YUNANITNAFDU
1R85 INY RS A UNNO WU EINALNg

Abnormality (AUROC=0.9382)
Small Opacity (AURQC=0.8054)
Large Opacity (AUROC=0.9025)
Fibrosis (AUROC=0.7759)

Pleural Effusion (AUROC=0.8004)
Thickening (AUROC=0.7492)

Sensitivity (True Positive Rate)

NERRN

0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity (False Positive Rate)
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Al and Human interface

Human-in-the-loop Human-over-the-loop Human-out-of-the-loop

[ )
Thanakrit Chintavara, MD, MBA I;) BIG DATA INSTITUTE



Automated & Assisted Diagnosis
and Treatment

Real-time Patient Prioritization
and Triage

Pregnancy Management

Health Assistants and
Personal Trainers

Data Mining and Analytic
Drug Discovery

Drug Design

Pandemic Detection

Vaccine Development

Error Free Diagnostic results

Intelligent Symptom Analysis

Predictive and Early diagnostic!

Radiology Assistant

Diagnosis via Medical Imaging

Surgical Robots

Personalized medications
& care

Clinical Trials

Alternative Diagnosis
Prescription auditing




Flexible interactions

Clinical Knowledge Multimodal inputs
notes graphs and outputs
Reasoning with muitiple Dynamic task specification
GMaAl knowledge sources
b /
f \ s .
— ] g ik | | o
Chatbots for Interactive Augmented Grounded Text-to-protein Bedside decision
patients note-taking procedures radiclogy reports generation support

Regulations: Apphcation approval; validation; audits; community-based challenges; analyses of blases, farness and diversity



Applications for Big Data in Healthcare

Hile
1le=
"_

i) Y

Diagnostics
Data mining and analysis to identify causes of iliness

Preventative medicine
Predictive analytics and data analysis of genetic, lifestyle, and

social circumstances to prevent disease

Precision medicine
Leveraging aggregate data to drive hyper-personalized care

Medical research
Data-driven medical and pharmacological research to cure disease

and discover new treatments and medicines

Reduction of adverse medication events
Harnessing of big data to spot medication errors and flag potential

adverse reactions
Cost reduction
Identificaton of value that drives better patient outcomes for

longterm savings

Population health

Monitor big data to identify disease trends and health strategies based
on demographics, geography, and socio-economics

NEJM Catalyst (catalyst.nejm.org) © Massachusetts Medical Society



Clinical Development Data Overlay on the DAIM

== Logical Data Warehouse
- QOperational Intelligence

Unknown Expandmg Innovation

Understanding :

e and Exploration
and Investigating
Genom@ Data Lake
— 7 Clinical \ % /" Real-World
9 Data \\ Data
Data Warehouse
Foundational Establishing
Known Core Value

Known Unknown
Data

Source: Gartner
775897 C

Gartner

Data and Insights for Pharma clinical development with Data Analvtics Infrastructure model. Source: Gartner



() e NEW ENGLAND The Current and Future State of Al Interpretation of Medical Images

%7 JOURNAL of MEDICINE

Pranav Rajpurkar, Ph.D., and Matthew P. Lungren, M.D., M.P.H.

Detection and Diagnosis
by Al Algorithms

May 25, 2023
N Engl | Med 2023; 388:1981-1990
DOI: 10.1056/NEJMra2301725

Results

Type of Imaging

Triage of positive
films to top of
radiology worklist

—_—

Chest Radiograph
Detection and
localization
of abnormalities
" '
L Mass: 13 mm
Characteristics: Solid
= Change: +20%
Chest CT Scan

Localization and
quantification of
abnormalities

e

Spiculated mass,
mid-right breast

Mammogram

Arch al d e
Likelihood of cancer: 7 in I(

Thanakrit Chintavara, MD, MBA



Grad-CAM on AIChest4All (DMS
L) — —_—

s W —— gy b ) [

Fig 13. Example of Grad-CAM using AChestdNE (DMS TU), a red color means high suspected to be a disease, a Blue calor
mears law auspectod
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Risk models for Lung Cancer

* Many risk calculators for lung cancer using demographic and clinical
information have been developed and validated

* The most widely used is the PLCOmM2012, which uses 11 factors:

* Age * Family history of lung cancer 'm_"fﬁ?e

* Race or ethnicity * Smoking status

* Education * Smoking intensity

* Body-mass index * Smoking duration ; u:‘-"f;
* History of COPD * Number of years since quitting = '

* Personal history of cancer

* But... the epidemiology of lung cancer is changing memasi et ol 1 Enol e 2013 ﬂ

Tammemagi et al, Lancent Oncology 20

Swanton et al, Noture 2023 1
Lecia V. Sequist, MD, MPH; Mass General Brigham, United States . i a
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Sybil Performance
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Lecia V. Sequist, MD, MPH; Mass General Brigham, United States
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Al In drug discovery

Thanakrit Chintavara, MD, MBA
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HEALTH — NOVEMBER 1, 2023

How Al played an instrumental
role in making mRNA vaccines

Al was key to making Moderna's COVID mRNA vaccine. Its role in mRNA
therapeutics will rapidly grow in the coming years.

Anadolu Agency / Getty Images

KEY TAKEAWAYS

@® Years before Moderna created a highly effective mRNA vaccine against
COVID, the company put into place Al systems to accelerate the research
process. @ These systems allowed the company to ready its vaccine for
human trials in just 42 days. @ Al machine learning models are set to further
accelerate the research process, putting mRNA medicine into overdrive to the
benefit of all.



Drug development is a long and risky road. Very few drug candidates make
it to the market. Out of 5,000 compounds that enter pre-clinical testing,
only five, on average, make it to human testing. And only one out of the
initial 5,000 gets approved for clinical use.

Discovery Pre‘cﬂg?;ca' Clinical trials
5,000-10,000 250 5
E compounds  compounds compounds

Phase 1 Phase 2 Phase 3

Number of volunteers

20-80 100-300 1,000-3,000

Thanakrit Chintavara, MD., Ph.D.
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Voice recognition Al

COVID-19 Cough Test
@ + []

Non-invasive

$ Essentially free

o
@' Unlimited throughput

2 Real-time results

v Longitudinally monitor

Al Discrimination Model

Performance

* 98.5% sensitivity - 94.2% specificity
on PCR/serology confirmed subjects

* 100% Asymptomatic detection rate

Use-Cases

ﬁ Daily Country-Wide Screening
Q Outbreak Monitoring

m Test Pooling Candidate Selection




Fundus Camera Al
Google x MOPH

-

$

4 :ﬂ“, ’ ' ..

Check-in patient hairtain images at clinic & send Ophthalmaolagist reads | Give patient

Take photos (3 min) to ophthalmologist (1- 8 weeks) images (1- 2 weeks) | results
Before Al 2-10
evaluation weeks

With Al \
evaluation nn 10 min

Give patient results
Take photos & upload (5 min)
Chieck-in patiemt & sign consent

Thanakrit Chintavara, MD., Ph.D. °
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Google Research  Med-PalLM

A large language model from Google Research,
designed for the medical domain.

Watch Video




Med-Palm?Z

Input — Med-PalLM 2 mmm’ } Med-PaLM 2 — Answer
Rcasoning

'igure 2 | Illustration of Ensemble Refinement (ER) with Med-PaLM 2. In this approach, an LLM is conditioned on
wltiple possible reasoning paths that it generates to enable it to refine and improves its answer.

deccccccaccaccas

Thanakrit Chintavara, MD, MBA



No active disease
seen in chest.

What’s next?

Patient chart

A



High Quality Answer Traits

%0 Med-PaLM 2
Better reflects consensus [INMIMIENENENE- BN
86.5
80 Better reading comprehension [ e |
£ Better knowiedge recotl [NNNE - I
>
v
m
= 70 Med-PaLM Better reasoning [I=-
< 7 672 0 20 40 60 80 100
v GPT 3.§/ >
2 60 -
3 27 60.2 Potential Answer Risks
A 3
'z"' Sy More inaccuratefirrelevant information 0 e— ]
2 BioMedLM 7
- i i i - |
< 50 DRAGON __ -~ *® Omits more information %=
(e} BioLinkBERT - = 50.3
2 SRS More evidence of demographic bias L |
& = > 47.5
40 PubMedBERT, <~ C 4eit Greater extent of harm [s= —_—
”~
GPT-Neo _ - ”;8 1 Greater likelihood of harm [1s= —_—
- -
o 0 20 40 60 80 100
30 33.3 % Responses
Dec 20 Sep 21 Mar 22 Oct 22 Dec 22 Dec 22 Dec 22 Mar 23 N Med-PalM 2 Tie W Physician

Figure 1 | Med-PaLM 2 performance on MultiMedQA Left: Med-PaLLM 2 achieved an accuracy of 86.5% on USMLE-style
questions in the MedQA dataset. Right: In a pairwise ranking study on 1066 consumer medical questions, Med-PaLM 2 answers
were preferred over physician answers by a panel of physicians across eight of nine axes in our evaluation framework.
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[ (1) Are there still potential ]

Y

prescriptions to make ?

no

yes
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to make prescription(s) ?

yes

no

{ (3) Decide which unknown ]

information is needed
to make prescriptions

Y

—[ (4) Get information

(5) Decide which pres-
cription(s) to make

[ (6) End of the consultation }7




2023 World Conference
on Lung Cancer

SEPTEMBER 9-12, 2023 | SINGAPORE

£

=19
B
S

'he NEW ENGLAND JOURNAL of MEDICINE

REVIEW ARTICLE

Al IN MEDICINE
Jeffrey M. Drazen, M.D., Editor, Isaac S. Kohane, M.D., Ph.D., Guest Editor,
and Tze-Yun Leong, Ph.D., Guest Editor

Artificial Intelligence
in U.S. Health Care Delivery

Nikhil R. Sahni, M.B.A., M.P.A.-1.D., and Brandon Carrus, M.Sc.

“Al adoption in health care delivery has lagged
behind adoption in other business sectors, but the
past few years have shown the potential and
promise of Al...... If the promise of Al is realized,
the quality of and access to health care delivery
will be improved. The promise remains, but
realizing it in practice has not been easy.”




Health Link

The Health Information Exchange System (HIE)

) BIG DATA INSTITUTE



B) BiG DATA INSTITUTE

Objectives

1. Health data exchange among healthcare facilities

2. Enhance efficiency of care and patient safety

3. Referral and emergency care
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Data Analytics

Scope

Analytic data for Management
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System Architecture

National Health Information Platform
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