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Curriculum Vitae

Speaker Name: Hun-Sung Kim, M.D., Ph.D.

» Personal Info

Name Hun-Sung Kim,
Title Professor
Affiliation The Catholic University of Korea

p Contact Information
Address 222 Banpo-daero, Seocho-Gu, Seoul

Email 01cadiz@hanmail.net
Phone Number  010-6336-9080

Research Interest
Medical informatics, Diabetes mellitus, Hyperlipidemia

Educational Experience

1996 Premedical course of In-ha University Medical College
2001 Medical course of In-ha University Medical College
Certified Medical Doctor (M.D.)
2015 Ph.D. in Medical Informatics, Seoul National University, College of Medicine

Professional Experience

2008-2013 Research Team Manager, The Institute of U-Health care, The Catholic university
of Korea

2010-2012 Clinical Instructor, Division of Endocrinology & Metabolism, Dept. of Internal
Medicine, Seoul St. Mary's Hospital, The Catholic University of Korea

2014-2017 The Secretary-general,The Institute of U-Health care, The Catholic university of
Korea

2013-2015 Clinical Assistant Professor, Division of Endocrinology & Metabolism, Dept. of

Internal Medicine, Seoul St. Mary's Hospital, The Catholic University of Korea

2016-2019 Research Assistant Professor, Dept. of Medical Informatics. The Catholic
University of Korea, Division of Endocrinology & Metabolism, Dept. of Internal
Medicine, Seoul St. Mary’'s Hospital, The Catholic University of Korea

2019-2020 Research Associate Professor, Dept. of Medical Informatics. The Catholic
University of Korea, Division of Endocrinology & Metabolism, Dept. of Internal
Medicine, Seoul St. Mary’'s Hospital, The Catholic University of Korea

2021-2023 Associate Professor, Dept. of Medical Informatics. The Catholic University of
Korea, Division of Endocrinology & Metabolism, Dept. of Internal Medicine,
Seoul St. Mary’'s Hospital, The Catholic University of Korea

2024- Professor, Dept. of Medical Informatics. The Catholic University of Korea,
Division of Endocrinology & Metabolism, Dept. of Internal Medicine, Seoul St.
Mary's Hospital, The Catholic University of Korea



Selected Publications (5 maximum)

1.

Kim SS, Kim HS. Comorbidity Patterns and Management in Inpatients with Endocrine Diseases
by Age Groups in South Korea: Nationwide Data. J Pers Med. 2024;14(1):42.

Lee J, Kim R, Kim MH, Lee SH, Cho JH, Lee JM, Jang SA, Kim HS. Weight loss and
side-effects of liraglutide and lixisenatide in obesity and type 2 diabetes mellitus. Prim Care
Diabetes. 2023;17(5):460-465.

Chun JW, Kim HS. The Present and Future of Artificial Intelligence-Based Medical Image in
Diabetes Mellitus: Focus on Analytical Methods and Limitations of Clinical Use. J Korean Med
Sci. 2023;38(31):e253.

Shin J, Lim H, Kim HS. Long-term change in the target achievement rate of low-density
lipoprotein cholesterol in patients with cardiovascular disease. Int J Clin Pharmacol Ther.
2023;61(4):159-171.

. Lee S, Kim H, Yim HW, Kim HS, Kim JH. Comparison of cardiocerebrovascular disease

incidence between angiotensin converting enzyme inhibitor and angiotensin receptor blocker
users in a real-world cohort. J Appl Biomed. 2023;21(1):7-14.



Curriculum Vitae

Speaker Name: Baik Seo Yeon

» Personal Info

Name Baik Seo Yeon
Title Assitant Professor
Affiliation Yeonsung University

» Contact Information
Address 34 Yanghwa-ro 37beongil, Manan-gu, Anyang-si Gyeonggi-do

Email whitebsj@gmail.com
Phone Number 010-7205-7776

Research Interest

Medical informatics, Epidemiology

Educational Experience

2010 B.S. in Healthcare Administration, Dongduk Women'’s University, Korea
2015 MPH. in Preventive Medicine, Ewha Womans University, Korea
2019 ABD. in Medical Infromatics, The Catholic University, Korea

Professional Experience
2015-2015 Researcher, Korea Health Industry Development Institute

2020- Assistant Professor, Health Care Administration, Yeonsung University, Korea



Curriculum Vitae

Speaker Name: Sunkeun Kim, MD, Internal medicine, MS, CEO

» Personal Info

Name Sunkeun Kim

Title CEO

Affiliation oneDOC company.

P Contact Information

Address 535, Siheung-daero, Guro-gu, Seoul, Republic of Korea
Email one@onedoc.kr

Phone Number  010-9940-5102

Research Interest
NLP, Cloud service, CDSS

Educational Experience
2008 B.S. in Biology, Seoul National University, Korea
2018 M.S. in Medicine, Catholic University, Korea
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( ]
13:00-14:30(90) e LU I-Coniact Information
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14:45-16:15(90) ePY YEX|E o5
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a lot of DATA 74 a lot of Information

DATA = Information
= Knowledge

= Theory & Expertise

Clinical
Application
> 3%
o (X L
Data » Information Knowledge
Statistical Analysis Interpretation Insight
- organized - pattern
structured - principle

- calculated

- concept
- III - idea @
- categorized : d - learning
W <o

- discussed /{\l )

- understanding

Wisdom
| Theory

Decision-supporting ———  <C—

Real-world
decision-making

—




O| 2 FOF - A0} medical Big DATA (Real World DATA)
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dignal Investigation | Neurology
Association of L-a Glycerylphosphorylcholine With Subsequent Stroke Risk
After 10 Years

Cynborged Lie:, DL, MSic: Seuiggee Chol MD: Jooyoung Chang. WDk Dissn Chiol, MD: Joung Sk $oe, DL MSe: Kyuwonong Kim, B54: Song M Kim, BSc:
Saogueng Jeeng, MO, Sang Min Fark, D, P
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Where do they come from?
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ADMINISTRATION

 Real World Data (RWD)
; data relating to patient health status and/or the delivery of health care

routinely collected from a variety of sources.

S :ea;world:zdenceﬂv;r:u.s A on  Proceed with Caution When Using Real

"o ATiCOMaeE Conpoter T e deiasr World Data and Real World Evidence
Research Based on Electronic Medical gomvem on
Records

San-Sumg Dm0, and Juan Dm0

Hum Sung i 0. Suwhyun Lee 0, and o s i 0/

Sigo]E ol ulgo| g A|3H dgoly ¥y

Food and Drug Administration. Use of real-world evidence to support regulatory decision-making for medical
devices: draft guidance for industry and Food and Drug Administration staff. July 27, 2016

# RWD .- RCT

Population

Clinical study design

RC -
T
VY N RCT
Case-
c(::onfrol V.
ross— s.
sectional
- Population Population
Case-report
Sample Sample
’I 'iﬂ.ﬁff Al L)
RWE




RCT RWE -grcT+@

Ay 4

@% Atof2t---/f

(Extrinsic)

- ofo] Opd A}

(Intrinsic)
- Q1 oA E
- H|QHE

# RWD . RCT

A B. GLP-1RA DPP4i
(12months) (12months)
1=2,600 =189
Baseline HbA1e ik 7.8%
o 0
Real-world 02 - 02
04 = i
1) 3
z 2 069 g 06| -068%
I .08+ £ 08
2 10 P
Clinical trial Ut § .10
5 2
O .qz| 125% 5 i
Time G4 s
16 o
[ 11 cunicas Trias B resLwor

A, Conceptually, there is an efficacy gap between clinical trial results and real-world outcomes. Patients with diabetes in the real world are experiencing less meaningful and less sustained
improvements resulting in an efficacy gap; B, A retrospective study identified 11 pivotal RCTs with patients who initiated GLP-1 RAs (seven studies, n = 2,600) or DPP-4 inhibitors (four studies, n =
1,889) that included measurements of HbA1c at both drug initiation and after 1 year of treatment. Data from the 2007-2014 Optum Humedica database served as a resource for the real-world data,
and a cohort of patients with characteristics similar to the pivotal clinical trials was identified.

Diabetes Care 2017;40:1425-1432




#1. RWD w RCT
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7S LT

RCTs

(Randomized controlled trials)

RWE

(Real world evidence)

Objective

“Can” it work?

“Does” it work?

Purpose

Gain regulatory approval

Impact real clinical practice

Setting / Design

“Ideal” conditions

“Real world” conditions

Intervention

“Fixed” regimen

“Flexible” regimen

Compliance

High

Low to high

External validity

Low to medium
“Homogenous” populations

High ; “Heterogeneous” populations
(including “severe” cases)

Internal validity

High
the intervention is the main
difference between groups

Low

the intervention may not be the most
important difference between groups

RWE - Real World Evidence . RCT: randomised clinical trials Grimes et al., (2002) Lancet 359, p248-252;

A

B

Total population Total population
Sample
vavk d8t2 wiige 482
Sample 2E = =
\ - i
— . - i Jtld e
#aM
C D
Total population Total population
Sample
® o0 ® 00
s m ™
L ERREY B ¢ of
A




#1. RWD v RCT

- AFAL:

o a’

(DQM)

Real World Evidence (RWE)

tlojg 2ue

“mo u]g70R ‘e A7V o] “Ofro] gole sy

14 A7E BA 02 ohx] gL BlolE w” E 7HAI 2
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Food and Drug Administration. Use of real-world evidence to support regulatory decision-making for medical
devices: draft guidance for industry and Food and Drug Administration staff. July 27, 2016

DATA LITERACY (HIOIE 2IEIZAI)

Managing Scientific
Information and
Research Data

=T “Data literacy” ability to read, understand, create, and communicate data as
L) information.

“Data literacy” focuses on the competencies involved in working with data.

It is not similar to the ability to read text since it requires certain skill involving

reading and understanding data.
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Example_(

Fieceived: 21 June 2020 | Revized: 16 August 2020 | Accepted: 5 September 2020
DO 10.1111/jept 13271

ORIGINAL ARTICLE Ep— TN

Low-density lipoprotein cholesterol reduction and target
achievement after switching from statin monotherapy to

CO m Da I’at |Ve a na |VSiSstatin/ezetimibe combination therapy: Real-world evidence

A o3 7 ok A
B orx| ) --
. > Ao
a .
Coml * Boy
OF; A
D ofz C o
A
D o
p— —
iula 7t o ——————————> 7" o
L
[ —
Elxl'ﬂ 7L o “I1 o
A o Ao
Example_(2)
H Lo =2 2 = “0 E0| A5 B3 z{dH"= o
» 08 $2 S8 AYE P "2 57159 HHSIA| 2ot U7 F 20|
Total Lipid profile (mg/dL) <1;"])) lIn‘:g(/jdL
Department n Male (%) Age TC TG HDL-C LDL-C n %
(Years)
Cardiac surgery 205 141 (68.8) 67 + 11 152 + 34 1334100 45+ 11 81+ 29 168  82.0
Cardiology 3702 2313(625) 67+ 11 158 + 35 131 + 84 47+ 11 85 + 30 2,703 73.0
Endocrinology 4,501  2201(489) 63+ 10 161 + 37 132 + 87 48+ 11 88 + 31 3220 715
A* 168 98 (58.3) 62+ 14 168 + 48 158 + 124 4+13 93 + 41 105 625
B 60 22 (36.7) 60 + 12 181 + 39 156113 50+13 106 + 41 35 58.3
c 230 128 (55.7) 70 £ 11 165 + 39 131 £ 111 45+ 11 95 + 34 128 557
D 174 79 (45.4) 62+ 11 182 + 42 134 + 82 50+ 13 105 + 37 8  49.4
E 7 37(51.4) 59+ 12 188 + 41 168112 50+ 13 110 + 34 30 416
Other* 273 169 (61.9) 62413 170 + 43 139 + 91 46 %13 95 + 38 164 60.1
Total 9385  5188(553) 65+ 12 161 + 37 133+ 88 47+ 11 88 + 32 6,639 70.7

Analysis and comparison of statin prescription patterns and outcomes according to clinical department.
Journal of Clinical Pharmacy and Therapeutics. 2016:41(1):70-7
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0 G2 SEYYE > "2 229 HHSIA| 2ot MY S 20|
S “I1F|ZO| Z{HF DHE HA{~
85 P=0.021
*® Thoracic surgery

80
g B * Endocrinology > Cardiclogy
mh“ 70 . ;
M e Endocrinology
H @ HYE AEEHOR 52 £UE
U'Ir 55

0 . e Cardiology

45

. gk AEEHOR 22 EHE
40
€CECE€ /T AEE 45 AEEl >>=>

Analysis and comparison of statin prescription patterns and outcomes according to clinical department.
Journal of Clinical Pharmacy and Therapeutics. 2016:41(1):70-7

Example_(3)

(3) RCTER “E7I55t A"
(422, IRB 23 S3)

Baseline]

* 5|7t At S fltet A, 10 hE Faf BEO| 7t
2> X XY =AU o[0] SH"=|0f U= BIo|H

s

Visit 1

Visit2

Visit 3

Statin-related aminotransferase elevation according to baseline aminotransferases level in real practice. Journal of
Clinical Pharmacy and Therapeutics. 2016:41(3):266-72.
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(3) RCTE “£7153t A"
(H7-82|, IRB £5] 55

ur, 70 mh2 Z3tE

2 25t

— [

Fluvastatin (40 mg)

Hepatotonics®} 34| &

0| 7t

8N 2 57| UL TS B
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O o

UDVCA (100 mg) and vitamin B-complex with vitamin C

DDE (25 mg) <l

ALT (UT0)

™

20120004

- AST{GOT) L
—=— ALT(GPT)
\\\
e \
i “1o0 \ Lt
-\“\ \.
- e Y
T < .\
4538 . x_\ ® N ,- “
‘!r\-L - P 22 1q 15 s 18
mozcsese ]
= E
o
o108 20000545 e 08 20010145 4 20010000

124505

Baseline

3 month

Change in alanine transaminase after administration of 3-hydroxy-3-methylglutaryl coenzyme A reductase (HMG-CoA reductase) inhibitors to
subjects with pretreatment levels three times the upper normal limit in clinical practice. Cardiovascular therapeutics. 2018. On press

Example_(4)
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Data Collected
2018.3-2019.3 Prescriptions
BMI > 27
N=273
Excluded
(1) Age<I8
£33 Tali ahor oo o L
(3) No follow-up with body weight check
(n=104)
Enrolled

« “Dark data” is acquired through various computer network operations,

but not used in any manner to derive insights or for decision making.

+ The organization sometimes may not even be aware that the data is being collected.

+ IBM estimate that roughly 90% of data never get used.

E20IX &= ClolE
SA0IA K2l ololH

2018.3-2019.3 Prescriptions
BMI>27,Age > 18,
Follow-up with weight measurement
N =169

At the 4-month follow-up visit,
93 (80.9%) patients were still taking liraglutide (Table 2).
Five (4.3%) patients had never started the treatment after the prescription,
and 9 (7.6%) patients hod discontinued the treatment prematuraly.

The remaining 8 patients (7.0%) were lost to follow up.
The majority of patients (60/93 [65%]) were using the maximal dose of 3.0 mg liraglutide daily, ......

-14 -




DARK DATA

+ “Dark data” is acquired through various computer network operations,
but not used in any manner to derive insights or for decision making.

+ The organization sometimes may not even be aware that the data is being collected.

- IBM estimate that roughly 90% of data never get used. 7**; “ % *g (Type 1)

20| X &= Gl0lE > HMILISl QLA olul $217F 4 1 )= cllol €
=40 A R 2 Cl0IE

POINT
LOpL} Y2 HEHLE 2ot
0| EHAIZ £
UAS AA7F?
Clinical Data Warehouse UNKNOWN-UNKNOWNS
KNOWN-
UNKNOWNS
Total population
1,000,000 patients
400,000 patients
Excluded by “A”
After 1% exclusion Unavoidable exclusion criteria
600,000 patients
300,000 patients
Excluded by “B”
After 2" exclusion
300,000 patients
200,000 patients
Excluded by “C”

Final research sample

100,000 patients (10%)

Dark data

- 15 -
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Exposure group

R
W
E

Exclusion group
e/
—
e

.

Index date

1

Group 2

Non-exposure group

Group 3

Exposure group

1

Group 4
Nom-exposure

group

=Ege =Ee
=je =je

Dark data
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Operational definition
of
SGLT2i-related DKA

l)n'l;nl\nt::l“:l Vs ("Il:."::.:h-.w lhil;ml\nt:m Vs, ("Il-:‘rl:‘:h-k'n
Common Manual
Data Model Chart Review

cf HALLYM UNIVERSITY MEDICAL CENTER

EMR
CDwW

Cammon Manual
Data Model V5. Chart Review
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Original Article
Medical Informatics

_ Inhibitor-Related Diabetic

Sodium-Glucose Cotransporter-2

Ketoacidosis: Accuracy Verification of
Operational Definition
Dong Yoon Kang ©," Hyunah Kim ©0," SooJeong Ko 2," HyungMin Kim &,°

Jiwen Shinn 3," Min-Gyu Kang (9,* Sun-Ju Byeon (,* Jeong-Hee Chol 0,°
soo-Yong shin &, and Hun-Sung Kim & **

A total of 8,958 patients were initially prescribed SGLT2i.
According to the algorithm, 0.18% (16/8,958) were confirmed to have SGLT2i-related DKA.
However, based on manual chart reviews of these 16 cases,

there was only one case of SGLT2i-related DKA (positive predictive value = 6.3%).
Even after repeatedly narrowing the diagnosis range of the algorithm,

the effect of a positive predictive value was insignificant (6.3-10.0%, P > 0.999).
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Lecture #2.

J‘l ?". Iy 3 I.l s la x|. Speaker Name: Baik Seo Yeon
» Personal lnfo
12:30-12:50(20) =5 Name Baik Seo Yeon
q ZSD-'HNHU:I SE| Ay =g Title Assitant Professor
e Affiliation Yeonsung University
( ] .
13:00-14:30(90) e LU :;m:' ""’mh on . S
ress 34 Yanghwa-ro 3Theongil, Manan-gu, Amyang-si Gyeonggi-do
AsYHolE/ABRE FB dedas Emiail whitebsj&gmail com
14:30-14:45(15) 54 Phaone Number 010-T205-777T6
484 as
14:45-16:15(90) ePY YEX|E o5
Lecture #3.
% eIy Yol8T Us aga=2
MY ax
16:15-16:30015) 54 Speaker Name: Sunkeun Kim, MD, Internal medicine, M5, CEQ
() FrEE R » Personal Info
Name Sunkeun Kim
484 as
16:30-18:00(30) oz HEH| XS Ve e o
Affiliation oneDOC compary
7 SXHES oigaiAl0lM BE7| i ¥ Contact infarmation
44 20E Address 535, Siheung-daero, Guno-gu, Seoul, Republic of Korea

'Y

Email one@onedockr
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#. Well-Known Evidence

Research

JAMA | Original Investigation | INNOVATIONS IN HEALTH CARE DELIVERY

Development and Validation of a Deep Learning Algorithm
for Detection of Diabetic Retinopathy

in Retinal Fundus Photographs

Varun Gulshan, PhD; Lily Peng, MD, PhD; Marc Coram, PhD; Martin C. Stumpe, PhD; Derek Wu, BS: Arunachalam Narayanaswamy, PhD;
Subhashini Venugopalan, MS; Kasumi Widner, MS: Tom Madams, MEng; Jorge Cuadros, OD, PhD; Ramasamy Kim, OD, DNB;:
Rajiv Raman, MS, DNB; Philip C. Nelson, BS; Jessica L. Mega, MD, MPH; Dale R. Webster, PhD

#. Well-Known Evidence

I E— Figure 1. EyePACS-1and Messidor-2 Clinical Validation Sets for Detection of Diabetic Retinopathy and All-Cause Referable Diabetic Retinopathy
T i - E Referable diabetic retinopathy (RDR) All-cause referable cases
Development and Validation of a Deep Learning Algorithm EEPACS-1 MESSIDOR-2 EYEPACS-1

for Detection of Diabetic Retinopathy

3 % 9963 Potentially eligible images | 1748 Potentially eligible images | 9963 Potentially eligible images
in Retinal Fundus Photographs :

17 Excluded (circular 17 Excluded (circular

I mask detection mask detection
failed) failed)
v v
9946 Eligible images 1748 Eligible images | 9946 Eligible images
|| 1158 Excluded (not 3 Excluded (not
fully gradable) fully gradable)
8788 Graded by algorithm for RDR 1745 Graded by algorithm for RDR 9946 Graded by algorithm for all-
(index test) (index test) cause referability (index test)
) v v v ]
8021 Graded as no RDR 767 Graded as RDR 1503 Graded as no RDR 242 Graded asRDR 7636 Graded as not. 2310 Graded as all-
referable cause referable
8021 Graded by majority 767 Graded by majority 1503 Graded by majority || 242 Graded by majority 7636 Graded by majority | |2310 Graded by majority
decision of 8 decision of 8 decision of 7 decision of 7 decision of 8 decision of 8
(reference standard) (reference standard) (reference standard) (reference standard) (reference standard) (reference standard)
! . ! v ! !
Final diagnosis Final diagnosis Final diagnosis Final diagnosis Final diagnosis Final diagnosis
7955 NoRDR 150 No RDR 1469 No RDR 22 NoRDR 7450 Not referable 489 Not referable
66 RDR 617 RDR 34 RDR 220 RDR 186 All-cause referable 1821 All-cause referable
cases

A, Referabl

y, defined as orworse diabetic defined as moderate or worse diabetic retinopathy, referable diabetic macular
retinopathy or referable diabetic macular edema. B, All-cause referable cases, edema, or ungradable image quality.
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#. Well-Known Evidence

SAMA | ST

S— peuveRy
Development and Validation of a Deep Learning Algorithm
for Detection of Diabetic Retinopathy

in Retinal Fundus Photographs

Figure 2. Validation Set Performance for Referable Diabetic Retinopathy

A | EyePACS-1: AUC, 99.1%; 95% (1, 98.8%-99.3%

Figure 3. Vali

ition Set Performance for All-Cause Referable
Diabetic Retinopathy in the EyePACS-1 Data Set (9946 Images)

B | Messidor-2: AUC, 99.0%; 95% (I, 98.6%-99.5%
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#. Well-Known Evidence
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JOURNAL OF KOREAN MEDICAL SCIENCE

Artificlal Intalligence-based Medical | In Diabetss Melltus: Focus on Analytical
: Methods and Lim of Clinical Use

~Manuscnpt Draft--

* Between 2012 and 2022.
+ "Diabetes Mellitus/diagnostic imaging” [Mesh]) AND ("Artificial Intelligence" [Mesh]
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JOURNAL OF KOREAN MEDICAL SCIENCE

Artificial Intalligence-based Medical | In Diabetes Mellitus: Focus on Analytical
: Methods and Lim of Clinical Use

~Manuscript Draft--

Diabetic
complications

(s
Diabetic Retinopathy
84.6%

(©
2

S

Deep Learning
+ Convolution Newrsl Network
*  Deep Newral Netwarks

Open Database
41.1%

. - 3
Gy

Diabetic Foot
7.9%
Lack of data
o = Poor data quality

i * Imbalance in data

- + Unable to clawify disease

Diabetic Neuropathy Closed Dataset b L :
2.8% ok 58.9% - Support Vector Machine severity
B% .99

i = J/ / S
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Deep Multilayer Perceptron

Convolution Neural Network

CNN=eg oi2to A
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Deep Multilayer Perceptron

1 Layer 2 Layer
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Convolution Neural Network

1 Layer

Node 1 .
Node 2 i
Node 3 . \

Node 4

Node 5

Node 6

0000

Node 7
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2 Layer

Node 1

Node 2

Node 3

Node 4

Node 5

Node 6

Node 7

o1& (Partially-connected)
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#. Convolution Neural Network (CNN)

FEATURE LEARNING
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JOURNAL OF KOREAN MEDICAL SCIENCE

Artificlal Intalligence-based Medical | In Diabetss Melltus: Focus on Analytical
: Methods and Lim of Clinical Use

~Manuscnpt Draft--

* Limitations

* Lack of Data (36.0%),
- Difficulty in Classifying Disease Severity (25.7%),
+ Data Imbalance (25.7%),

+ Poor Image Quality (16.4%),

Miscellaneous (25.2%) - Lack of Clinical Variables,
- Labeling Errors
- Technical Limitations Of The Algorithm.
- Ethical issues, Data Protection and Privacy

- Adversarial Attacks

JOURNAL OF KOREAN MEDICAL SCIENCE

Artificial Intalligence-based Medical | In Diabetes Mellitus: Focus on Analytical
: Methods and Lim of Clinical Use

~Manuscript Draft--
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* Universal Perturbations

Ao OB E HO Xp2E & ol A FQ
(

+0.007 X

“Panda”
57.7% confidence

perturbation)

“Gibbon”
99.3% confidence

Adversarial Attacks Against Medical Deep Learning Systems

Samuel G. Finlayson
samuel_fnlaysoni@hms harvard edu
Department of Systems gy and MD-PHD program
Harvand Med: chool and MIT
Boston, MA

Hyung Won Chung
hwe@mit edu
Massachusetts Institute of Technology
Cambridge, MA

Andrew L. Beam
andrew_beam@hms harvard edu
Department of Biomedical Informatics
Harvand Medical School

Isaac 5. Kohane
isaac_kohane@hms harvard.edu
Department of Biomedical Informatics
Harvard Medical School

Bastan, MA Bostan, MA
Privacy Breaches i Model Stealing
s Paisania mproper or System Disruption

& incomplete training T Downtime Model Error
Data Bias Misinterpretation
Label Leakage Job Displacement
Label Misspecification Privacy Breaches

| }

e —  Training
Training Data — [Mndel | m——

Intentional Fallure  Inadvertent Failure 1
e Adversarial Attacks
Dataset Shift

Figure 1: Adversarial attacks within the broader taxonamy of risks facing the machine learning pipeline. Adversarial attacks
pase just ane of many possible risks in the development and deployment of ML systems, bul are natewarthy becavse they
ble end i ith i img the training process or gaining access to the deployed

model itself.

Fundoscopy
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PGD
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Chest X-Ray

Normal Pneumothorax

-27-




* Advantages & Disadvantages of Big Data Perspective
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* Advantages and Disadvantages ofBig Data Perspective
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* Future prospective
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Fig. 2. The pipeline of the general CNN architecture. Ref. Guo et al.
2016
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A Ref. Guo et al.
2016
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« 7421 ID : Open Al > API key
https://openai.com/
Postman > API test platform
https://www.postman.com/

* IDE : VS code
https://code.visualstudio.com/

» Python 3.6 O] 2F H{™ (Python 3.12.1) M &t
- https://www.python.org/downloads/
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Overview

Data privacy

Creating safe AGl that benefits
all of humanity

' Learn about Openal | Il Pause video

# B EGoN»09

y your secret AP keys again

In order to

e o

Pi key that we've

AP1 keys
- HAME KEY CREATED LAST USED
TRy 073 E B8
15, SO @ P A -
+ Create new secret key
Default organization
fyou belong to multiple organizations, this setting controls which organization is used by default

when making requests with the AF1 keys above.
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Qj The New Era of Healthcare
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ChatGPT 3.5

Examples

"Explain quantum computing in
simple terms" -

"Got any creative ideas for a 10
year old's birthday?" ->

"How do | make an HTTP
request in Javascript?" >

4

Capabilities

Remembers what user said
earlier in the conversation

Allows user to provide follow-
up corrections

Trained to decline inappropriate
requests

Limitations

May occasionally generate
incorrect information

May occasionally produce
harmful instructions or biased
content

Limited knowledge of world and
events after 2021

ChatGPT 4

Give me deas

Come up with concepts

&)

How can | help you today?

Show me a code snippet

Recommend activities

0 |zu=

GPTers #/§LIE|
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A shortage of healthcare practitioner
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- biomedical engineering, materials science, electronics, computer programming, and data science, etc.
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Natural language processing
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Natural language processing

Hand-designed
) MFCC features

Audio

Audio

Full Text

A Markov chain is a stochastic
model describing a sequence of
possible events in which the
probability of each event
depends only on the state
attained in the previous event

Automatic Summarization

Human-based
Manual Summary  ZI29| Aty o|27|&2

Reduced Full Text

I |

Evaluation
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lllustrative example for identifying VX 1CD-10 mapping
ICD-10 code “H40.1121”

Disease Glaucoma is a chronic condition in which fluid buildup
‘f"ﬁm causes increased pressure in the eye. This increased
i pressure can affect the optic nerve, potentially causing
structural damage to the optic nerve fiber and visual field
loss. The most common form of glaucoma is called
Etiology open-angle glaucoma. Glaucoma can result in visual
(11 impairment when left untreated.
Intraocular pressure (IOP) is the only risk factor for
glaucoma that is currently treatable. Research has Extension
shown that lowering IOP can reduce the progression of %%
loss of vision.

S
Text from clinical ICD-10
guidance extract nomenclature ICD-10

Body part,
(:002)

Glaucoma Disease category H40
Open angle Etiology 0.11
Eye Body part 0.002
Treatable Extension 0.0001

= H40.1121 (Glaucoma/Primary open-angle/
Left eye/Mild stage)
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Application of NLP

in Healthcare system
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Integration of personal records

Integration of personal records

- MRS fletAe] HE2 0S| Of 2 Aot

- 712 HOE|H 0| AS ARSI 222X S ZXI8t T HZ Zt
£ o=
= sl

- 64 -



K S oK =3 o0
<0 Tk o IH
0 : o N
8 n THAO i ro S 1
<k pil} TN
o0 2 or K
0= U oo
mr Sk o ° 2
L o= Kl iy
L3 = m_.._LoM L2 ol = 70
= o o o =
£ A P Jogs = @
= o opkr — S
i I e ok 2
= T —=z UL L S
o ol ol g &1 o -
EE 0fo EE {| i =)
== wour =] == = a0
i o iy ta =5 @ <
_— s W_ao (mk mmw 1) <
=t = o = dm T Ex
™ —
= T = = 9 okl
— Hin Hu H = == 7m <oy
S =K Z o OF: pa
= RO g o = =c oK B0
= R1Pe s aTRr o P
= ol = oF = Sm o @
=K o0 Ko =L 20 R o8
= L] Bl = B of T

- 65 -



MNPt 2B E|= M 7 O] 42l EMR S5 Atet BHH| ot 2

0R
=

2SS AMHO 2 Seiots A2 2 =T N O] A[AJof &
S 2882 Glo[E{o| A 242 THA[ 2 ?:*E HS2.

June 04,2022

80 scienmc | New Drleans, Louisiana

American
Diabetes
. Association.

Artificial Intelligence Offers
Significant Rate of Remission for
Type 2 Diabetes Compared
to Standard Care
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Digital Twin Platform

Researchers conducted a randomized controlled trial designed to determine the effect of Twin Precision Treatment technology (TPT) versus standard
care (SC) on change in AIC and type 2 diabetes remission at 90-day intervals. The TPT intervention uses the Whole-Body Digital Twin Platform, with Al and
Internet of Things. to integrate multi-dimensional data to give precision nutrition, sleep. activity, and breathing quidance via the TPT app and coaches.

Baseline mean age. diabetes duration, and AIC obtained in 319 patients were 43 years old (+3.7y). 3.9 years (2.9 years), and 9% (+1.3%), respectively.
Interim analysis of 262 patients (TPT n=199; SC n=63) who reached 180 days showed 94.3% (183/139) of TPT patients achieved an AIC less than 6.5% on no
medications or metformin only; 83.9% (167/199) achieved diabetes remission based on ADA criteria. All nine insulin-using patients stopped insulin before 30
days. The TPT intervention in patients with type 2 diabetes allowed for significant reduction in AIC, diabetes remission (~849%), and improvement in multiple
metabolic parameters at six months.

Digital Twin Platform
Table: Mean baseline and 180 day secondary outcome measures in the TPT and SC groups
TPT Group SC Group
Clinical & Biochemical Baseline 180 days Mean Baseline 180 days Mean

parameters Mean (SD) Mean (sD) |difference (sD)| Y€ | Mean (sD) | Mean (sD) |difference (sp) P V3'U€
HbALC (%) 9.0(1.8) 5.7 (0.5) -33(1.8) | <0.001 | 85(20) | 81(17) | -0.4(14) | 00279
Fasting Plasma Glucose (mg/dl)| 170.2(59.9) | 95.9(18.2) | -74.3(60.4) | <0.001 |159.8(62.5) | 155.0(60.2)| -6.3(85.4) | 0.552
Time In Range (TIR) (%) 52.8(32.3) | 81.1(20.3) | 28.3(40.4) | <0.001 | 61.2(29.2) | 51.6 (25.2) | -10.0(24.8) | 0.003
TAR1 (%) 24.9(17.3) 1.2(29) | -237(17.6) | <0.001 | 19.9(15.7) | 21.4(14.1) | 1.5(17.0) | 0.472
TAR2 (%) 19.3(25.9) 0.1(1.2) | -19.2(25.9) | <0.001 | 15.4(24.49) | 23.7 (24.5) | 8.3(20.0) | 0.001
GMI (%) 7.7 (1.6) 5.6 (0.4) 22(15) | <0001 | 73(17) | 7.7(1.4) | 0.4(L4) | 0.0432
v (%) 23.3 (6) 17.1(54) | -6.2(7.2) | <0.001 | 246(54) | 22.7(46) | -1.9(56) | 0.0096
SBP (mmHg) 127.3(11.4) | 116.9(104) | -10.4(9.8) | <0.001 [132.3(17.1)|130.1(14.9)| -2.2(17.1) | 0.3126
DBP (mmHg) 84.7 (7.3) 78.1(7.1) | -66(7.1) | <0.001 | 86.9(11.0) | 84.0(9.4) | -2.9(10.7) | 0.0361
Weight (kg) 78.5(14.2) | 67.7(11.4) | -107(5.9) | <0001 | 72.3(12.7) | 72.0(12.1) | -0.3(3.4) | 0.5503
BMI (kg/m2) 27.3 (4.4) 23.5(3.5) | -38(22) | <0.001 | 28.1(4.2) | 28.1(4.1) | -0.007(1.5) | 0.9703
WC (cm) 97.7 (11) 86.7(7.8) | -10.9(6.8) | <0.001 | 94.8(10.9) | 95.3 (12.2) | 0.5(10.9) | 0.7219
LDL-C (mg/dL) 127.5(38.1) | 130(37.9) | 2.5(405) | 0387 [116.7(31.8)]115.7(34.9)| -1.0(28.7) | 0.7733
HDL-C (mg/dL) 34.8 (6.9) 43.3 (8.9) 85(8.2) | <0.001 | 35.4(7.0) | 353(7.4) | -0.01(5.1) | 0.8727
TG/HDL 7.1(7.5) 3.2 (2.1) 39(21) | <0001 | 64(36) | 70(55 | 05(4.7) | 0.3684
G (mg/dL) 223.5(181.5) | 128.7(72.3) |-94.8(172.8)| <0.001 |214.2(97.1)[222.0 (128.9)| 7.8 (100.6) | 0.5403
HOMA 2IR (%) 1.9 (0.9) 1(0.5) -09(0.8) | <0.001 | 1.9(1.0) | 22(14) | 03(12) | 0.0968
HOMA 2B (%) 51.5(30.6) | 88(31.3) | 36.5(38.5) | <0.001 | 60.4(38.5) | 66.9 (41.6) | 6.4(40.2) | 0.2101
NAFLD Fibrosis Score -2.3(1) -3.3 (1.1) -1(1.1)  |-19(12) | -2.2(13) | -0.2(0.8) 0.0166 |-1.9(1.2)
NAFLD Liver Fat Score 0.7 (1.8) -1.6 (1) -23(1.7) |08(21) | 09(19) | 0.2(2.1) 0.5871 |0.8(2.1)
lc":;';fl ::':::‘:::;“31:; ;g‘; 39.6(98.8) | 15.6(60.9) | -23.9(89.8) | <0.001 | 31.1(60.2) | 41.6(115.0)| 10.5(86.0) | 0.3363

-67 -



Unified Medical Operating System |

« HIC| T ™O| 2 A7t OfL| ™ Netflix7F & A 2172

- Oj2iel o|= Q10| TI=3l{0f St = OF =2

FI
H

« OfO|C|0E A== U=0lU = 7|22 tS=t =z 7t&stel 2|2 8.

Al 2
==

GPT A HH 2F &

i3t ot

1P




& postman.com

o Product ~ Pricing  Enterprise Resources and Support ~ Public APl Network (1 Search Postman Contact Sales Sign in Sign Up for Free

U U — — 4 Gl 5 -

£ oy bk meigers e ot

=] 4 a e § st 2 ten ” 7 Ducumentation

S _ g o e

Betears s datatase s s U

- v L DA Ashatasten

.
Build o
APIs together : s s
Over 25 million developers use Postman. Get s
started by signing up or downloading the desktop ety @ mice - B “ waTAa O
app. o e Gl 5
[ |
Download the desktop app for .

- A

What is Postman?

Postman is an API platform for building and using APIs. Postman simplifies each step of
the API lifecycle and streamlines collaboration so you can create better APls—faster.

Home Workspaces ~  ABINotwork ~  Explore €1 Search Postman @ m & 0o Upgrade
22, My Workspace New  imoort Post Test Astosnse - ] Tost Rospanse TR W Envranment v B
o b = - - ] 5
Test Respanse B Save  ~ I m L
Cutecton
~ Cortract Testing
e L POST w  hipsiiag opensl comivlichaticompletions E
3] Test Rospors i
El Params L Headers (10, Body e Pre- T St W
oir Chack for Vald Ouery Params ——
Meadors <+ 8 hicgen
PRAT Exheck far Vald Form Data L]
a8 ot GPT ADR o Value Deseription
L Conent-Type aplicationiscn @
3 Ietegraticn Testing B sunona Boares wierZsvc A0 TIRAF il
3 eitro o Witing Tests
3 Mock Deta Generation
¥ Payroll AP
3 Partomance Testng
3 Fogmssion Toating
BoOy Coolws (3] Hea 77)  Tast Resume 0 s 7538 St 235 00
Pratry  Buw  Preview  Visusire | noN -« I B Q
B ]
3
5
i
1 assistant”,
1 E LR N ZHE. 2, THTEN O S8 SNN MSMUENA. 0 $20) G0 B9 NAETLEN A, O $201 WO
PSS, O E gnfueTes. O SSN 0E 3R SA0 2 WLIRMeT, O S0 8 O DE S0
LiRT\n8. O B O B0 WWkaree. 0 BN A 0B 3 8. 0l BUZE 24 95N L2 3N
“lifriae. JEN SN2 WA A L
12 i N ]
B Rancer (D Auta-se g

- 69 -



Home  Workspi ~  APINetwork ~  Explore ) Search Postman
22, My Workspace Mew bmport A Guareen Pout Tast Raspanse . o "

Tet Response

~ Contract Testog
M lichaticomaletions

ot Tast Respense itps:ilog! ooenal

DET Cliec for Vil Quary Params

9 Bodye

+T Check for Vald Form Dsta
JSON

none @ fomedate rewww-tormeuriencoded @ raw binary

PoaT OPT ADA

PoRT davineh 1 ¥

Astiyge”

tant”,
Yy 20N HN S20 TME
M 7H3 gnnue

> Integeation Testi
> Iern 10 Witing Tests .

7 Mock Oata Gene ,J H2% B DOAW @ DOHAN SO0 ¥ USE
s Payrell APY 7 e

s Puatoranct Téktng il e

3 Regression Testing &

i O

L2 OIHE RINTHE

2, DHYE O 228 =N ASNUENA3. 0 2200 S0 82 NatBLE
. O ki

o0 SUE
TETET

wgrsr. 0

1
Mea. O £201 WOLE
it B (8 OIE S50
8. B 2l MEE wE =
]

Home Workspaces ~  API Network ~  Explore {1 Search Postman
@ oventt Hew vade t

g 7 Find Waido £
Cabection

~ Openit
& 3 [ Modes rosT - E
' % ) Compistions
" [ Bedy s
~ o

v PORT Creale chal méssage compl

[E4) Create chat messsge com.

- PORT Anabyze pictise (Muti-modal) 2

[E2] Fina wado §
> Eieew
> [ images

Teatt

» [ Audio (Speech 1o Toxt
>  [5 embeasings

> EiFms assers/malda/nns
3 [9 Fine-tunes 5 ¥
1

¥ 1 Moderations 1
> [ Engines Starus Code
=L Preny  Row  Preview B -

1 3

3 chat.completion”,

5

o

200 0%

Code snippet
Nodess - Natve 8 O
war https - require("follow-redizects').
hites:

= requizel’ fs

~Type': “application/isen’,
anplication/ison

war teg = https. request(options, fumction

res.on(“data”, function (chumk) §
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gon.an"and®, function (
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ole. log{body . toString(
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