Noninvasive 2 : Artificial Intelligence and Signal Data Analysis
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Agenda

1 . Unmet need of Smart Health Care in Cardiolo®®
2 . Standardization of data

3 . De-identification of data

4 . Fusion of Different type of data

5 . Co-work with Al tech, Medical field and
Industry
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Current ECG detection methods

Current ECG detection methods
= ECG, HOLTER, implantable Loo
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Screening for atrial fibrillation

2020 ESC AF Guidline!

Recommendation

Class® Level®

« Definition and diagnosis of atrialfibrillation [ Opportunistic screening for AF by pulse taking
or ECG rhythm strip is recommended in

Recommendations Class®* Level® patients =65 years ﬂfagejﬂ-ﬂ.lﬂ,llllﬁ

When screening for AF it is recommended
that217-218

e The individuals undergoing screening are

ECG documentation is required to establish the
diagnosis of AF.

A standard 12-lead ECG recording or a sin-
gle-lead ECG tracing of 230 s showing heart

rhythm with no discernible repeating P waves informed about the significance and treatment

and irregular RR intervals (when atrioventric- implicaﬁ ons of dﬂtecting AF.

&
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ular conduction is not impaired) is diagnostic
of clinical AF.®

e A structured referral platform is organized for

screen-positive cases for further physician-led
clinical evaluation to confirm the diagnosis of
AF and provide optimal management of
patients with confirmed AF.

e Definite diagnosis of AF in screen-positive
cases is established only after physician
reviews the single-lead ECG recording of
>30 s or 12-lead ECG and confirms that it
shows AF.

Systematic ECG screening should be considered
to detect AF in individuals aged =75 years, or

Ref.> 1. Hindricks G, et al. £fur Heart /. 2020;ehaa612. 212224277

those at high risk of stroke.

©ESC 2020



= Watch : Apple, Samsung, Fitbit, Verily

= Ring : Oura, Motiv, Sleepon, Circular,
Viatom

= Patch : Medtronic, VitalConnect,
iRhythm, Bardy, Sensium, Isansys, Bio
Telemetry, BioBeat, CardioCore,

LifeSignals, Ezecg, etc

= Portable Devices : Eko, AliveCor

In Koreaq,
SEERS, Huino, ATSense, Mezoo, Skylabs,
Wellysis, Healthrian- - - - - - -



Various Data collection / analysis / Utilization system

i Data coll/ 7n / analysis / Utilization system i N

Data Utilization

‘/ Data storage / analysis platform (Cloud)
Data collection

Wearabel devices Mo'xtazr'"g
EBK standard API Standardizatio .
= Data Analysis
I i n of Data
[ |
nformatio Data ,

— n > mmls  upload Fusion of
collection different
and use, O data, Al
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1) Standardization of data

« The types of data collected through each wearable device are different.
« Standardized units, forms, and input methods for each data are required.
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2) De-identification of data

It is necessary to establish a standardized database capable of storing de-
identified biosignal data.

Admission Patient CaseHistory Address
PK | BegisterlD PK | PatientlD PK | ExaminationlD PK.FK1 | PatientlD
AdmissionDate SponsorSN MameOfHistory Address
DischargeDate FirstMame Period City
DaysOfHospitalTreatment LastMame Symptoms Region
DiagnoseDiseasel Age Condition Country
DiagnoseDiseasell | Sex - DrugEffect PostalCode
Treatment! HomePhone Allergy
Treatmentll OfficePhone PTuberculosis
TreatementResuilt EMail Diabetes
HospitalMame PatientCategorylD HighBPF
WardLocation PatientSN Hepatitis
Reservation BirthDate Etc
PhysicianID FPhotoPath FK1 | PatientiD
FK1 | PatientlD RegisteredDate
Race
PrimaryLanguage
MaritalStatus -t
BirthPlace
Physiclan ChannelDefinition Result MeasurementEquipment
PK | PhysiclanID PK | DatalD PK,FK1 | DatalD PK | EquipmentlD
FirstName Category g WrittenDate EquipmentMName
LasthName ChannelMumber Diagnosis Manufacturer
HireDatle . MaxVal Prescription PersoninCharge
RoomiNumber Minval ExamReservation Contact1
ArgaOfExpertise SamplingFrequency Contact2
Contact1 FilePath Characteristic
Contact2 ExaminationDate > Purchase
EMail ChannelSensitivity Location
Unit FK1 DatalD
SensitivityCoFactor
Baseline
TimeSkew
FK1 | PatientlD
FK2 | PhysicianID
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3) Fusion of Different type of data

« Analyze de-identified standardized biosignal data wusing artificial
intelligence algorithms

Data collection Signal processing BP estimation

Cnntlnuous BP _

| B T =1 -

! | N : Data - .Nﬂlﬁe CNN

!1 i -~ :“"'u :;._ Systolic BP | segmentation | filtering

ECG " Diastolic BP _ .

TNE VRN EE Train/Test || | Outlier !

i (T | Dataset removal

Al o eReBsmR mep | Dataset | | removal wmp Systolic BP

PPG : ," lone period signal) "

b L;’ ' : Input- 1D & 2-channel Diastolic BP
i ECG N « Models

* ‘Physionet’ open database / > 1DCNN (1~10beats)
» MIMIC database PPe —/ ] > RNN

» Recordings of 49 ICL patients
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3) Fusion of Different type of data
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Input Convaolution, Pool, Convalution, Pool, Hidden Output

Hidden layers
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G Joo, JB Park,. In Press IEEE Access 2020

Input layer
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Big data and machine learning (1) - Data set

Total subjects : (N:514531)

l

AF/CAD/HF
(N:510,680/511,312/507,507)

v

Medicine
(N:509,478/510,119/506,380)

v

No medicine
(N:308,641/309,221/308,387)

v

v

v

v

Disease group
(N:7,052/5,233/10,780)

No disease group
(N:502,426/504,886/495,600)

Disease group
(N:2,106/1,790/3,004)

No disease group
(N:306,535/307,431/305,383)

80%1><1 20%

Training data
(N:407,582/408,095/405,104)

Test data
(N:101,896/102,024/101,276)

Training data
(N:246,912/247,376/246,709)

Test data
(N:61,729/61,845/64,678)

FIGURE 1. Study population and data extraction procedures. The analysis cohort was divided into disease
and no disease groups, which were then divided into training and test sets. The training set was used to
build a prediction model and the test set was used to validate the model.
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Big data and machine learning (2) — Outcome

Clinical implication of machine learning in IEEE Access

predicting the occurrence of cardiovascular —
disease using big data (Nationwide cohort data
in Korea)

Gihun Joo', Yeongjin Song', Hyeonseung Im', Junbeom Park?
‘Department of Compuoter Science, Kangwon Mational University, Chuncheon-si, Gangwon-do, 24341, Republic of Korea
Department of Cardiology, College of Medicine, Ewha Womans University Medical Center, Scoul, 07985, Republic of Korca
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Can artificial Intelligence Prediction Algorithms Exceed Statistical Predictions?

[ |
Korean Circ J. 2019 Jul;49(7):640-641 k
https://doi.org/10.4070/kcj.2019.0110

pISSM 1738-5520-elS5M 1738-5555 Korean Circulation Journal

Editorial Can artificial Intelligence Prediction
R Algorithms Exceed Statistical
Predictions?

« Development of artificial intelligence model using heterogeneous* medical data

based on artificial intelligence technology*

It means the convergence of different medical data.

« Therefore, although there is the advantage that the prediction error is less and the
accuracy is higher than that of previous statistical models, when new diseases occur,
the predictive power is reduced to a great extent.

JB Park,. Korean Circ J. 2019 Jul49(7).640-647
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Clinical Data + ECG + Cardiac MRI (images) + etc..

aVv i

Age, Sex, HTN, Diabetes, Non-Ischemic Cardiomyopathy + Ejection fraction,
LV chamber size

Figure. The inferior fragmented QRS(fQRS) was associated with late gadolinium enhancement(LGE) in non-

ischemic cardiomyopathy(NICM) patients. Examples of patients with LGE / inferior fQRS

HW Cho, B Joung, JB Park. JACC Cardiovasc | maging 2020 Aug 24
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4) Co-work with Al tech, Medical field and
Industry
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Summaries

Should make a sustainable wearable healthcare data collection

pipeline

The development of an integrated platform for collecting, storing,

and analyzing wearable healthcare data (Standardization)

Should make new research and development projects based on real

medical field (Not just research)

Network formation of wearable healthcare manufacturing and

service companies, and Academic institution (Co-Work)



