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1. Artificial Intelligence & 4t" Industrial Revolution



Al & Big Data in Future of Healthcare

Data execution

Genomic
data

Clinical data
EMR*, CDM**

Lifelog
data

Data connection
such Block Chain Technology .
Deep learning

Clouding
»

Artificial |
vvvyy collection ,intelligence |

IjData

F

analysis

Patient-tailored
prescription

Efficient clinical
trials
Drug
development

Mobile App.

Patient-tailored
medical devices

Insurance
company

Data execution




4™ Industrial Revolution in Clinical Field
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Clinical Data Expansion
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Clinical Data Expansion

{ Traditional Clinical Data |

(‘[ Research Data }\

Signal Data




Clinical Data Expansion
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Smart Device for ECG monitoring based on Al




Smart Watch

A. Photoplethysmogram/Tachogram recording

Apple Watch 4 Kardia Band(AliveCor)
2018.9 $99



APPLE HEART study - Tachogram

419,297 Pts -> 2,161 (0.5%) received irregular pulse notification -> 450 Pts ECG patch

The NEW ENGLAND JOURNAL of MEDICINE

ORIGINAL ARTICLE

Large-Scale Assessment of a Smartwatch
to Identify Atrial Fibrillation

Subgroup

Overall
Age
=65yr
55-64yr
40-54yr
22-39yr
Sex
Female
Male

No. of Patients with
AF/Total No. (%)

153/450 (34)

63/181 (35)
47/114 (41)
34/106 (32)
9/49 (18)

26/102 (25)
124/335 (37)

0
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Onboarding and Enroliment > Normal Tachograms > No notification triggered
End of Study Questionnaire

Iregular Tachograms
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Muitiple Irregular Tachograms trigger an rregular
Heart Rhythm Notification

Apple Heart Study
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Smart device for automated detection of AF using Al algorithm
S

Kardia mobile - Alive core  ® AliveCor (Mountain View, California) Kardla Band

The smartwatch strap with an electrode sensor N~
Record EKG that records heart rhythm _/ v X
PCOrC / 7/ - g
W 24\ g Patient places thumb on the sensor to record rhythm ’ - .
g 7 l L L/ /
The application utilizes an algorithm to differentiate 4 [
sinus rhythm (SR) from atrial fibrillation (AF), (/ \ \
or would label the recording as unclassified p. ‘\\ ﬁ
if it does not meet certain criteria {/ ey .
( { N\
e | ' - -
- The app informs the patient if AF is detected; ) S
the results are transmitted to the patient's physician | 7=
[
Method for interpreting % of patients with Accuracy of AF diagnosis compared
the recording: interpretable results to 12 lead electrocardiogram
App algorithm only 66% 93% sensitivity; 84% specificity
Physician only 87% 99% sensitivity; 83% specificity
Recordings labeled as
“unclassified” by the app 100% 100% sensitivity; 80% specificity

algorithm when reviewed

J Am Coll Cardiol 2018;29:2381



Patch type Ambulatory continuous ECG monitoring using Al analysis

Mobile App Cardio Physician Web



Patch type ECG monitoring - Report: 47/M intermittent palpitation
N

Patient name Gender Date of birth General Activity Level
21 . .
= QRS Complexes 277.962 pam— 1
Supraventricular Beats 54 (<0.02%)
Hookup Date Hookup Time Duration Code Ventricular Beats 326 (<0.12%) Maximum 10
2021-01-14 11:03:00 72:00:00 20210114 % of total time classified as noise 0.175
Arrhythmia
Ordering Physician ~ Hookup Technician  Analysing Technician Device Serial Heart Rate
Minimum 35 bpm 2021-01-16 05:42:05 SVT 1
Average e AF | AFL 417
i:lpravenmcular T.chycardla Maximum 240 bpm 2021-01-16 10:39:57 I I
P VT 0
Fastest SVT (HR Range : 64 - 115 bpm : 86 Time : 2021-01-14 12:46:40) Max R-R 3840 ms 2021-01-1501:29:57
BERR EEEEEEE RN VF / VFL 0
Supraventriculars
! Pauses 2249
2 Tec0iEml | Isolated 41
- - Couplets 2 SBR 0
Ventricular Tachycardia Bigeminal Cycles
Total - Episodes Run (Total Run beats) 1(9)
Fastest VT (HR Range : -bpm : - Time : -)
Lot - Ventriculars
Not Found | Isolated 298
,,,,,, B T I O . Couplets 14
Atrial Fibrillation Bigeminal cycles 6
Total - Episodes Runs (Total Run beats) 0(0)

Fastest AF (HR Range : 64 - 106 bpm : 76 Time : 2021-01-14 12:42:09)

dIsecosmy | | ||




2. Al & AF/Cardiovascular Disease




Serial Analysis of ECG

Detection & Rhythm Morphology

: ; Classification
Measurements Interpretation Interpretation

Previous ECG
12 Input signals

] :%
= QRS analysis Serial Comparison
2 Rhythm eStatements, axis and voltage Statements
B e oy *Rhythms statement changes eSignificant changes have
P — — only comparison ST-T analysis occurred
= EE s RG] eRhythm modifiers e Acute infarction or Ischemia OR
= compared *First occurrence *No significant change
g : Digital data
- g eEvolution of the ST-T changes
2 storage file

Detection & Rhythm Morphology
Measurements Interpretation Interpretation

Classification

Current ECG
12 Input signals



1. Model derlvation data and processing
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4. performance test of developed model

Al analysis Algorithm
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An artificial intelligence-enabled ECG algorithm for the

identification of patients with atrial fibrillation during sinus

rhythm: a retrospective analysis of outcome prediction

Zachi | Attia*, Peter A Noseworthy*, Francisco Lopez-Jimenez, Samuel | Asirvatham, Abhishek | Deshmukh, Bernard ] Gersh, Rickey E Carter,
Xiaoxi Yao, Alejandro A Rabinstein, Brad ] Erickson, Suraj Kapa, Paul A Friedman

Patient with no atrial fibrillation rhythms recorded
Index ECG (ie, first ECG available)

.

Bl Normal sinus rhythm
I Atrial fibrillation or atrial flutter

| i 1 Window of interes>
T T T T T
Patient with at least one atrial fibrillation rhythm recorded
First ECG available Index ECG

31d
’ e
l | [ 1T 11T 1 1 IWindowofinteres>
1 1 1 1

January February March

April

Sensitivity

1.0~

0-8

e
[=a]
1

<
a
1

0-2 4

—— Main analysis (AUC 0-87, 95% Cl 0-86-0-88)
—— Secondary analysis (AUC 0-90, 95% Cl 0-90-0-91)

T T T T
02 0-4 0-6 0-8

1-specificity

1
1.0

Lancet. 2019 ;394:861-867




1. Model derlvation data and processing
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3. validation data and processing
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Korean Circ J. 2019 Jul;49(7):629-629
https://doi.org/10.4070/kcj.2018.0446
PISSN 1738-5520-eISSN 1738-5555

C

Korean Circulation Journal

Original Article

e,

4, performance test of developed model

Development and Validation of
Deep-Learning Algorithm for
Electrocardiography-Based Heart
Failure Identification

1.0+
0.8 +
0.6

04-

True positive rate

024 —— Deep learning (AUROC=0.843)
----- Random forest (AUROC=0.807)
—— Logistic regression (AUROC=0.800)

I I
0 02 04 0.6 0.8 1.0

False positive rate



A.

Proportion of event

Korean Circ J. 2020 Jan;50(1):72-84
https://doi.org/10.4070/kcj.2019.0105
PISSN 1738-5520-eISSN 1738-5555

ke

Korean Circulation Journal

Original Article

'.) Check for updates

Internal validation
Men

1.0 1 —a— Observed frequency

-=8— Predicted probability
084

- 37=5.28, p-value=0.809

- Brier score=0.040
0.6
0.4 4
0.2 1

Development and External Validation
of a Deep Learning Algorithm for
Prognostication of Cardiovascular

Outcomes

Women
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3. Prediction of AF/CVD based on Al
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Entirely trust Al Algorithm?

|Heart Rate |
Test Duration : 1D

Average HR : 86 bpm

HR Range: 55~243 bpm

g0 Start End

300bpm

@
=

Diary events : 0

@ sVT:0
| HETgmermer | [/ I T O AF/AFL:45
QONT:3
(O VFIVFL: 0
() Pauses:0
O SER: 0
) 15 & 7 I} E] 0 ] 3z 3 St 1928 o1 0z [} o 5 06 7 [ GE] 10 ER] 13 3 7 O AV Block: 0
. ]
T
11427 f
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11427
20:49:11 \"m*fw—v-—anu—w*

11427
20:49:41

11427
20:50:11

11/27
20:50:41

Base Line : 11.572mV / Heart Rate Average: 114/ @/«
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ATAHI=M

and management system based on artificial

Integrated standard and mobi le ECG atrial fibrillation prediction

intel | igence

Standard ECG

Retropective
Chohort
ECG learning

Mobile ECG:
Palpitation
[ EYELET
consolidation

Mobile ECG:
ESUS
database
consolidation

Standard ECG

AF Al
algorithm

12-lead ECG Al
AF algorithm

augmented management
system

mobile ECG AF
Al algorithm

ECG based Al AF
prediction &
management

system

Mobile ECG:
AF screening
database
consolidation
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Artificial with Big-data
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CNU Al Center
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Convolutional Network Analysis (CNN)
N
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STFT
| 2
Convolution
BN
RelLU
Convolution
BN 50
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Convolutional Network Analysis (CNN)
S
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o Input

STFT

|

Convolution
BN
RelLU
Convolution

iy ECG data AF prediction factor extraction AF prediction
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Which factors can explain prediction?
N

What’s Cluster Analysis/Clustering?

A A

2

Al Explainable Model

a2,
i

>,
?

- <OriginalDiagnosis>
<Modality>RESTING</Modality>
- <DiagnosisStatement>
<StmtFlag>ENDSLINE </StmtFlag>
<StmtText>Sinus tachycardia</StmtText>
</DiagnosisStatement>
- <DiagnosisStatement>
<StmtFlag>ENDSLINE </StmtFlag>
<StmtText>Prolonged QT</StmtText>
</DiagnosisStatement>
- <DiagnosisStatement>
<StmtFlag>ENDSLINE </StmtFlag> ) )
<StmtText>Abnormal ECG</StmtText>
</DiagnosisStatement>
</0riginalDiagnosis> "
<MeasurementMatrix> JACKAMMA1WAMATEBOGERAGOAIQEOAPOAZQBSAY///// [/ 3WCAAAIAAABPWAAANIAAANS AAAEVAAABQAAAAYAAAAHAAA/ ShOW| n g fo urc | usters for med from the set of u nl a beled data
NgAAEVCAABIJAAATWQAAFFQAABUAAAAWAAAAFWAAABGAAAAZAAAAGGAAABSAAAACAAAA Hiv/AB77 /wAfBAAATAQAACH7 /wAi/PBAISBQAAT = _ N
ACOAAAATrAAAALAAAACOAAAAUAAAALYIAADB3AAAXVOEAMPSAADM2AAAOAAABABOAAQFX AAECCQABAOIBAQRMAAEFAAABBgAAAQCAAAEIAAABCQAAAQOAAAELAAABDAAAAQ3DAQED
TwABDXAEARAYAAERAAABEgQAAARMAAAEUAAABFQAAARYAAAEXAAABGAAAARKAAAEAAAAB GWAAARWAAAEdS/8BHuUf/AR/7 /wEg+/8BIef/ASIXAAEj9AIBIPQCASX0AGEMAAABI1CA
ASjIAAEpSWEBKmMwAASSAAAESAAABLQAAASAAAAEVEWABMEIBATHSAWEYyAWEBMzIAATQA AQIA+/8CAROAAQIIAAIDIQACBBoAAgWS /WIGTQACB03/AghAAAIJAAACCgAAAGSAAAIM
AAACDYOAAg4gAAIPhAACEBAAAhGOAQISSQACESBECAhQ2AATIVAAACFgAAAhCAAATYAAAC GQAAAhOAAATDAAACHAAAAh37 /wIeDgACHWQAAIAOAATh+/8CItX/AiPI/gIkNQICIY0A
AiaoAQIN2f8CKOIAAIKS /WIqeAACKWAAAIWAAAITAAACLGAAAI /3 /WIWCYBCMCTIAJIS /wIZNgGACNAAAAWAAAAMBUWADAJYAAWOPAAMEIgADBCb/AWYSBAAMHqUBDCEAAAWKAAAMK
AAADCWAAAWWAAAMNXQIDDIYAAW+RAgGMQGAADETKFAXJEAAMTVAKDFEQAAXUAAAMWAAAD FWAAAXgQAAAMZAAADGgAAAXSAAAMCAAADHeL/Ax4/AAMTTgADIE4AAYHI/ wMiJwADIyT9
AySWBWMIXQIDIjkFAYyd1AAMOXAADKe8CAYPIAAMrAAADLAAAAYOAAAMUAAADL /b/AZAS AAMX2PgDMUQCAZNEAAMOAAEEAPD/BAFCAAQCCJAEABOABAQSAAQFAAAEBJAABACAAAQL
AAAECQAABAOAAAQLAAAEDAAABA20AGQOLQAED/oCBBACAAQRKWUEEJOABBMWCAQURAAE FQAABBYAAAQXAAAEGAAABBKAAAQaAAAEGWAABBWAAAQA7PSEHIMABB+ DAAQggwAELez/
BCJOAAQjY/0EILKHBCWOAgQmMKWUEJOEABCjAAAQphgUEKj4ABCSAAAQSAAAELQAABCAA AAQV3fBEMMoABDHmM+gQyYAUEMOQABDSAAQUATIgAFAUKABQIyAAUD2gAFBCWABQUAAAUG
AAAFBWAABQQAAAUJAAAFCGAABQSAAAUMAAAFDUACBQ48AAUPLWQFECWABRHCAgUSLgAF EyYDBRRIAAUVAAAFFgAABRCAAAUYAAAFGQAABROAAAUDAAAFHAAABR32/wUelgAFH1cA
BSBXAAUh9VvBFIkB8ABSNk/wUKHAUFJUACBSbcAgUnpgAFKOTABSNVBAUQCcgAFKWAABSWA AAUTAAAFLGAABSBOAAUW2gAFMQoBBTLUBAUZSAAFNIAABgA/AAYBTgQAGANTABgMSAQYE
KAAGBQAABQYAAAYHAAAGCAAABKAAAYKAAAGCWAABgWAAAYNGGYGDKMABg8ICAYQMJAG ECYBBhINAAYTZAEGFEOABhUAAAYWAAAGFWAABhgAAAYZAAAGGYAABhSAAAYCAAAGHCX/
Bh7d/wYfDgAGIA4ABIHF/WYisAAGI 1QEBITgBWYIGgYGISYBBie+ AAY04gAGKVQFBipy AAYTAAAGLAAABIOAAAYUAAAGL2YABJASAQYXQWYGMKoFBjMyAAY0gQAHAFWABWEGAACC
CgAHA9QABWROAACFAAAHBgAABWCAAACIAAAHCWEABWOWAACLMWAHDBAABWOXCQCOMAAH DYALBXAYAACR4AAHEIQABXPXAACUTAAHFQAABXYAAACXAAAHGAAABXKAAACAAAAHGWAA
BxwAAAcdz/8HHLT/Bx/n/wcg5/8HIc//ByLbAACjUQQHIBEKBYUXxCQcm4AAHI9sAByi+ AAcp+gQHKnoABYysAAACSAAAHLQAABY4AAACVZgAHMNMABZEBCgcy2gQHMzIABZQBAAGA
EwWATAUQACATYAAgGDOgAIBDAACAUAAAGGAAATBWAACAGAAAGIAAAICGAACASAAAGMAAAT DFYBCA5qAAGPPAITEDIACBEAAAGSAAATEWAACBQAAAGVAAATFgAACBCAAAGYAAAIGQAA
CBOAAAgbDAAAIHAAACB3s/wge7P8IH/b/CCD2/wgh7P8IIk4ACCP2AQgk9OgEIIF'YBCCYA AAgNTgAIKMWACCIGAQgqcAAIKWAACCWAAAGLAAAILGAACC / x/ wgwywAIMaMCCDIIAQgz
MgAINAAACQDs/wkBsvB8IJANTACQMb/wKEVgAIBQAACQYAAAKHAAAICAAACQKAAAKKAAAT CWAACQWAAAKNEWAIDhMACQBIAAKQDgAJEQACCRI4AAKTSgIIFDQACRUGAAKWHWAIFZMA
CRhWAAKZAAAIGGAACRSAAAKCAAATHQAACRA0AAKIAAAIIAAACSEOAAKIY/811zr+CSQ6 AgklOgAIIgACCSTL/wko4gAIKbL+CSpsAAKrAAAILAAACSOAAAKUAAAIL L/ CTAj/whx
WP0IMsH+CTMOAAKOBgAKAPV/CgHj/woCTQAKAZP /CgQ+AAOFIgAKBIUACGCOAAOTYAAK CSCACgobAACLGQAKDA4ACY0/AA0ODgAKDXOAChAKAAOREgAKEKEAChOMAAOUMgAKFQAA
ChYAAAOXAAAKGAAAChKAAADAAAAKGWAAChWAAAODCQAKHGKACh8JAA0GCQAKIQKACILG /wojxfBKILKACIU/AA0mMegAKI97 /CiiNAAOPIVBKKNAACISAAAOSAAAKLQAACI4AAAOV
GAAKMNbD/CjFa/woyqvBKMzIACjQEAASAGAALAUKACWIYAASDDWELBCWACWUAAASGAAAL BWAACWGAAASIAAALCGAACWSAAASMAAALDXUCCWSqAASPVGMLEDIACXEAAASSAAALEWAA
CXQAAASVAAALFgAACXCAAASYAAALGQAACXOAAASDAAALHAAACK3S/wse7PBLH/v/CyD7 /wsh7PBLIIMACYN1AgskdQILIXUCCYYAAASNUWALKOTIACYmMpAQsqbAALKWAACYWAAAST
AAALLGAACYBEAASWBWELMU4DCzZKWAQszMgALNAAA </MeasurementMatrix>




Explainable Model for Prediction and Prevention

Different Insights from Different Data Source...

Different Materials (Data)

- Who will benefit from a earlier
prevention strategy




Big data with Clinical Data

Prediction Algorithm for AF/CVD
with Al

Risk & Disease Management
Algorithm for AF/CVD with Al

Wrap-up & Summary
-

AF/CVD Prediction Model

% Preemptive Detection of subclinical AF/CVD
< Improvement of CVD prevention & management

< Clinician Stress Decrement

% Diagnostic accuracy improvement Aid

Preemptive Prevention &
Management system
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Thank you for your attention !!

@ The Heart Center of Chonnam National University Hospital




