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IBM: Forward thinking- Experts reveal what’s next for Al

The new Al innovation equation

Thought leaders and scientists largely agree on the confluence of
forces that have advanced artificial intelligence: the rise of big data,
the emergence of powerful GPUs for complex computations and the
re-emergence of a decades-old Al computation model—deep

learning. What are the catalysts for the next wave
of innovation?

< We need to approach Al'in 2 multidisciplinary way because the brain itself is

a bundle of interdependent elements.”
— Margaret Boden, Cognitive Science Research Professor, University of Sussex




" Human-like Al: Communicate and Collaborate Seamlessly with Humans

= Towards more natural,
interactive, personalized, and
human-inspired Al systems.

= Hybrid Machine Learning
for Smart Medical Service



Example of Human Factors = e } =)

_______________________ I 2009t H|347| 22pALT AlSt
T1 2HA|R| 242 00|

2009 18 15¢ O|= F20|AM H|H7| At 7} M Ct
B 1552 A2 UseE &% H|&7|7t o] FSt X| Lo QF &Y
Mot HEIS| %Z NFIO| HXIHA SELZO HIAAE,
0{27] A3202] O|BOJA SIESZ BAETIKIC| B 1w [2Rume

FEAE FML0 AR T

C
k

ﬁ ............................ : &2 Fu0] Eoch 0 2
A K| - J ----- P ‘ | R 22 iEHEI T B
L-ihniar e ) [en e |

PR HIAHE

A e EE

2% 3A30% ; ] 8% A0|
"PIBAEOIE HESTN Has s O
EhECREEFETET o
28 AA26R _ I/
40 595 05 P 8 =
HERES
s I
o =
= E{HCIof
x A3
L=r 'III'
28 IAEE

[E=AL) 168 20 2R

S A ) e a2t o1

: | s St oj%
3 S OH I US| (NTSB)| HES|E 7| 50| BEHO| SYEX|E AL H|©|7} D Wi e caverss
2}7L0FC| O} 3| 28I X|, OFLI® E|E{ 2 B30 -

At HIE7|7} O| oM H| &5 &
Human Factors-> 35 X (208% &)




e

B Y

LD

SRk

28 A

CDSS

nt

ojAEH x|

Wilfred Bonney, Capella University/ HL7 International, Canada: Impacts and Risks of Adopting Clinical Decision Support Systems, Chapter 2.
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General Structure of CDSS 14 4

INTELLIGENT MEDICAL
PLATF ORM
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Echo Systems of Medical Decision Support

=  Telecommunication
= =  Computing
/m Chock Diagnosis e = Artificial Intelligence
a oo 0 7 . eck-up = =  Audio-visual Systems
0 0 Patient Laboratory Tests =  Enterprise Softwares
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in Hospita wwcnnes
)

Treatment
Préscription

i;a ﬂlll’w

’\ = Pharmacy
S E Taking Medicine)

Challenges In Patient-care

=  Right Patient?

=  Right Diagnosis Decision?

=  Right Prescribed Treatment?

=  Right medication, at right time, and right dose?
=  Right level of glucose, hypertension, and cholesterol?
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Types of CDSS
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Requirements of Big Dataset on Deep Learning P

INTELLIGENT MEDICAL

PLATFORM

FACTOR DESCRIPTION

DL Challenge Supervised or Unsupervised, Classification or Regression, # of labels?
Architecture What is the simplest architecture that | can use?
Training Model How am | going to tune my neural network? Kinds of non-linearity,

loss function and weight initialization? Best training framework?

Data Quantity How much data will be sufficient to train my model?
How do | go about finding that data and is it evenly balanced?

Data Quality Is my data directly relevant to the problem & real-world data.
Data Labels Is my training data is labeled same as raw datasets, how do | “featurzie”?
Data Similarity Is data same length vectors or does it require pre-processing?
Data Storage & Access Where is it stored, locally and on network Data pipeline?

How do | plan to extract, transform, and load the data (ETL)?

Infrastructure Cloud, On premise, Hybrid. GPUs, CPUs, or both? Single or distributed systems?
Integration with languages, ent. apps/databases.



Non-KB CDSS
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Knowledge base Systems

Al Programs

Knowledge Base Systems

Expert Systems

* Apply expert knowledge to difficult, Real world problems

e Make domain knowledge Explicit

 Exhibit Intelligent Behavior by skillful application of heuristics
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Requirements of Al CDSS

Clinical Decision Support in the Era of Artificial Intelllgence

Edward H. Shortliffe, MD, PhD (Biomedical Informatics, Columbia University, New York, New York, Biomedical Informatics, Arizona
State University, Phoenix); Martin J. Sepulveda, MD, ScD (Retired from IBM Research, Watson Research Laboratory, Yorktown

Heights, New York), December 4, 2018 Volume 320, Number 21, JAMA

Why, then, do clinical decision support systems (CDSSs) designed for direct interactive use by clinicians have challenges of credibility and adoption

when the literature has been replete for 4 decades with studies that present computing systems demons nostlc accuracy that rivals the
performance of expert clinicians? The reasons are varied and reflect the realities and complexitie tlce Blomedlcal informaticians have
long understood those reasons, recognizing the spectrum of capabilities and character stics t ‘%J rporated into a CDSS if it is to be accepted
and integrated into routine workflow:

e [Black boxes are unacceptablef A CDSS reqyires ﬁ@*eﬁ % nd insight are essential: A CDSS should reflect an
so that users can understand the M rstanding of the pertinent domain and the kinds of

recommendations that are offere@ questlons with which clinicians are likely to want assistance.
e Time is a scarce resource: A CDSS% t interms ¢ Delivery of knowledge and information must be respectful: A
of time requirements and must bl nto the workflow of CDSS should offer advice in a way that recognizes the
the busy clinical environment. expertise of the user, making it clear that it is designed to
e Complexity and lack of usability thwart use: A CDSS should be inform and assist but not to replace a clinician.
intuitive and simple to learn and use so that major trainingis e Scientific foundation must be strong: A CDSS should have
not required and it is easy to obtain advice or analytic results. rigorous, peer-reviewed scientific evidence establishing its

safety, validity, reproducibility, usability, and reliability



Problems and Solutions
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발표자
프레젠테이션 노트
이는 비 지식기반 CDSS와, 지식기반 CDSS 서비스를 동시에 제공할 수 있는 병합형 플랫폼이라 할 수 있습니다.


Research Overview
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How to Hybridizing?
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Architecture of HI AI-CDSS Platform (e &

INTELLIGENT MEDICAL
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Echo Environments of Al Platform

INTELLIGENT MEDICAL
PLATFORM

Al
Applications

£
£
©
o
<

7~
i
i

( Al Application Interface

i @ g [smege [ETL

Smart Farm

Al Infrastructure

cloud () . =
. loT & Sensor éb Mobile & 5G L




e

T R

Configuration &
Customization
Cloud Backend

©

Database
Instances
e

Contract

Access Token
Maonitoring
& Logging

Service

Runtime

Credential DB
Customization Engine

Services /
>/
Knowledge
Extraction Engineering Tool Integration

Authorization

Application Server

Platforms

Data Acquisition Knowledge
& Persistence

Application Files

Authentication

% Users
g
Ul/Ux

W

Deploy Components over Cloud by SaaS

@ N .


발표자
프레젠테이션 노트
개발된 제품들은 SaaS화 하여 클라우드로 서비스 될 계획이며, 

이를 통해 의료서비스 확산과 해외 진출을 수행할 예정입니다.




IMP platform Benefits over Independent Applications

INTELLIGENT MEDICAL
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INTELLIGENT MEDICAL
PLATFORM
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발표자
프레젠테이션 노트
[End User: Patient]


Case Studies



발표자
프레젠테이션 노트
다음은 연구개발 계획에 대해서 말씀드리겠습니다.
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Knowledge Base Modeling based on Data
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Construction of Hybrid Knowledge
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After Hybridizing based on White box Model

Cardiovascular Diagnosis DT model

__________________ Evaluate sympoms
'9'

RE

BreaTMssNEss REIUCEd aXCHTEE DieRencs  TIedness A e sweling

L

Noclemal cough

Or.novooewmrunal e Exposion 1o cargiobie HSI0Y of aneral
eeor drugradiation hyperension

== 15 O NAJ

4 "onamon - Rectngie
AcIvly - Curved Box

| »= 35 Of NA
Ecnocaraiography Resut __‘: Composite Condiion
(N Recommendation
LVEF <40% LveF ,., L
xe [==] N
=2 § &
QIE E = 7|‘ 40% «= LVEF « 5| g llsq,--d—t,.ﬂ.
LAVI > 34 mim2 . LNy Evaiaie LAVI rl'n-cmn
3 LAV <= 34 mi w A i Fekraat 3
Erers=13 3 HFPEF: Hear Fiure wit presenved Exection Fraion
= 1 Evauate Ex’ t:;’:'""“""’"‘
LS  Le® Ventsoutse Eecson Fracton
4N Eie' < | NA: Not vmlabie:
. pu - NT-5r88 Nemral o B4t m ok pesiie
& Pl < Evaiuate Septal wail ¢PAD: Pamayzmal Nocmal
HFPEF contrm ] o Oysenes
- £3: Thied Head Sound

q >- 8 oms TRV: Newspd mgugbon vebcly

Eriecipal lovestigators:
Prof. Sunyoung Lee (Kyung Hee
Unwersty)

Dr. Dong-u Choi (Secul Nationsl
University Hospital, Bundang)

LN
\Ta A TRV = 28 Omisec

Domain Expert.
2228 Omaes Or. Deng-Ju Choi (Secul Nationsl
Universaty Hospital, Bundsng)
LVMI>= 115 mgm2

LVMI == 55 mgm2

Evauate LVMI

Intelligent Knowledge
Authoring Tool (iKAT)

S 13 74 15409
Z =X HI0|H : 600
XE HE : 98.3%

o

Rule # RuleTitle

1 CardiovasculerRule-1
2 CardiovasculerRule-2
3 CardiovasculerRule-3
4 CardiovasculerRule-4
5 CardiovasculerRule-5
6 CardiovasculerRule-6
7 CardiovasculerRule-7
8 CardiovasculerRule-8
9 CardiovasculerRule-39

10 CardiovasculerRule-10
11 CardiovasculerRule-11
12 CardiovasculerRule-12
13 CardiovasculerRule-13
14 CardiovasculerRule-14
15 CardiovasculerRule-15
16 CardiovasculerRule-16
17 CardiovasculerRule-17
18 CardiovasculerRule-18
19 CardiovasculerRule-19
20 CardiovasculerRule-20
21 CardiovasculerRule-21
22 CardiovasculerRule-22
23 CardiovasculerRule-23
24 CardiovasculerRule-24

LAVI Ee

=34 -

<=:34 »=:13 -

<=:34 <13 <9

<=:34 <:13 >=9 =:15
<=:34 <13 =9 =<:15
<=:34 <13 ==9 =<:15
<=:34 <113 =9 =<:15
<=:34 <13 >=9 =<:15
<=:34 <13 >=9 =<:15

eSeptal LongitudinalStrain TRV

[ i i R R i i R e i = R e e =R el = i i
|

»i2.80 -

=<:2.80 »=:115 -
=<:2.80 <:115 Male
=<:2.80 <:95 Female
=<:2.80 >=:95 Female

el R e il Rl Rl R el Rl el el el =R el el = el =l =l ==
o

Not HF
Suspecious HF
Not HF

Not HF

Not HF

Not HF

Not HF

HFrEF confirm
HFrmEF

HF pEF confirm
HF pEF confirm
HF pEF confirm
HF pEF confirm
HF pEF confirm
HFpEF

Not HF

Not HF

HFpEF

HFrEF confirm
HFrmEF

R i =R = e = R e R i = R =R = R = N = R =R = = N =]
R

SymptomsAndSigns ClinicalHistory PhysicalExam ECG NTproBNP BNP LVEF

<:135

R R i =R R e = R = R = = =]
T T T B B A I B o AR Y

[
'

1 »=:125
1 »=:125
1 »=:125
1 »=:125
1 >=:125
1 >=:125

LVMI Gender DiagnosisRecommendation TreeReferencePath

<:35 -
»=:35 <:40
»=135 ( ):39 &350
»=:35 »=:50
»=:35 »=:50
>=:35 »>=:50
»=135 »>=:50
»=135 »=:50
»=:35 »=:50
»=:35 »=:50
»=:35 »=:50
»=:35 »>=:50
- <40
{):39 & 50
»=50
»=50
>=:50
>=:50

Cardio_D_1
Cardio_D_2
Cardio_D_3
Cardio_D_4
Cardio_D_5
Cardio_D_6
Cardio_D_7
Cardio_D_8
Cardio_D_9
Cardio_D_10
Cardio_D_11
Cardio_D_12
Cardio_D_13
Cardio_D_14
Cardio_D_15
Cardio_D_16
Cardio_D_17
Cardio_D_18
Cardio_D_19
Cardio D 20

R R

ey



Intervention of Recommendation
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Result for HF diagnosis

Comparative Analysis

| Hote |
HEZ|E (98.3%) .
7F 7|k (90%) ’
E{ 7|4t (88.5%)

0
HFmrEF HFpEF Not HF AII

M Expert-Driven CDSS 82.05 82.41

M Data-Driven CDSS 100 789 80.6 88.5

M Hybrid CDSS (Proposed) 100 99.5 91.67 98.3
Classification of Heart Failure

M Expert-Driven CDSS M Data-Driven CDSS & Hybrid CDSS (Proposed)

X ST, 0|5 & 2|, "Artificial intelligence for the diagnosis of heart failure", Nature Partner Journals, Digital
Medicine (SCI, Expected IF: 5~7) Vol.3, Article No. 54, pp.1-6, 2020




Example of Physician's Web
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mommmmmmmm e Cardiovascular Diagnosis DT model

Congestion Diuretics Flag
Home ;
‘§§ Dose Increased Flag Add Diuretics Flaglinical History Getting Worse
ACE inhibitor Angiotensin receptor blockers (ARB)
Diagnosis
Weight Reduction NYHA Classification
{@'{%} Beta-blocker Left Vent. Ejection Fraction (LVEF) /\\/
c
Risk ARN Inhibitor Est. Glomerular Filtration Rate (eGFR)

Assessment | L . ] :
... | ®k Clinical Changes =
EII;DI/ . 0% - : .

— Getting Worse Getting Worse

)
LM < 66 mgim2
BN [ NathE
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Why Reason for Diagnosis Why Reason for the Diagnosis

Copyright © 2021-2025 Ubiquitous Computing Laboratory. All Rights Reserved.



https://docs.google.com/spreadsheets/d/1qq8bNiAuh0xYHopYsGfDtJdsslGUvBMNWAhNa4K1wXA/copy
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Thyroid silo

Thyroid Cancer Treatment (Surgery)
Recommendation Intervention
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INTELLIGENT MEDICAL
PLATFORM

Manuscript ID amiajnl-2018-006960 entitled *Use of mind
maps and iterative decision trees to develop a
guideline-based clinical decision support system
(CDSS) for routine surgical practice: Case study in

thyroid nodules" which you submitted to the Journal of the
American Medical Informatics Association, has been Accepted.

HyungWon Yu, JY Choi, Ho Sung Han, Seoul Natl Univ, Seongnam,
Korea, Republic of Korea; Magbool Husain, Sungyoung Lee, Kyung
Hee Univ, Suweon, Republic of Korea

Next Silo: Adrenal Tumor (Treatment)

=
- & 292F9| 2t} H|O[H ALE, & 3,0407H & &
- 81.51%°2| W &S =oAL, 42t ¢ #Ho|AE

1
HE|S A 97.95%2 BT} SatE|oe

« 2% EEIE HAl
- 2 483HO| B} H|O|H AL, &
- 78.9%9| YX|8S LIEIHOD Mo Mz E
X

f
w
N
o
S
|
——
M
0z
0x

0| 7] 2/t
o

4

.l
o =
LIHX] 21.1%2| = ZX| A 0| A0 Cigh A+ T

| o% — = + — =1) X 0o o
ik
- SXHHOIH XM E 7|AISE7|M o2 244510 Ht
- H L||o] kAl O|O|E =2~*! gl ]|

SexE LH / YSEL A/ TLSA A

=
oo
0z
ok!
N

>
>



isorder Treatment

Kidney silo, CKD-Bone Mineral D
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Epilepsy silo

Anema (Mb=8) OR Systolic blood pressure = 30
mmHg OR Sinus bradycardi
Tempmture =378 C

ardia < 40 bpm OR

=
v

Sheep depivaton OR
Akcohcl use OR Drup use,

Consult 1o neurl
speciaist

HR increase

DBP drop >= 10mmHG OR Ortostlic
S8PF drop == 20mmHg OR Orhostalo
== 30 mmHg

Strustural_Heart_Disease = Yeos OR Let
ventricular ejpetion fmeten < 0%

‘Work up and Treat for orhostato
hypotension OR POTS

Mamal

Abnomal

Suspect Seaure |

Number

Ewaluate Epis.

coe

Reter tc cardilogy |

Symplam Con
Annomial Riyihm with Holer?

vk with

Consult to sardiology speciaist and
treat for amyhmia

Epilepsy Diagnostic System

LOGIN

L User Name

Copyright © 2018.Smart CDSS for Epilepsy Disease.

Search Patients 10 e

Encounter Date  Action

03096774 Buyeon Chal 1972-09-28 Female

04588795 Young IL Cho 1942-05-21 Male

06117715 Ju Young Park 1980-09-27 Male

06125183 In Hyeon Choi 1984-01-10 Male

00081415 Hae Jin Choi 1962-04-04 Male

CDSS Intervention

Recommendation: Lifestyle Modification Defer Antieplieptic Medication

w2Decision tree path followed for making decision

INTELLIGENT MEDICAL
PLATFORM
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Diabetic Retinopathy Silo
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Glaucoma Diagnosis Silo
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ack Pain Silo

INTELLIGENT MEDICAL
PLATFORM
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