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Al (Artificial Intelligence)
Deep learning (Deep neural learning)
; Data driven approach to Al

T nucteus
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Main Paradigm of Artificial Intelligence 2

edureka! in, Ziinars

ARTIFICIAL INTELLIGENCE -

Engineering of making Intelligent
Machines and Programs

MACHINE LEARNING

Ability to learn without being

‘2) 'f' explicitly programmed
(] + DEEP LEARNING

Learning based on Deep
Neural Network

| Convolution + ReLU + Max POﬂHng[ Fully Connected Layer

Feature Extraction in multiple hidden layers Classification in the output layer

Recurrent Neural Network



Applications of Al
IN the clinical care of AF

Stroke Risk Stratification
» Digital phenotyping algorithms embedded in the EHR
+ Risk stratification beyond CHAZDS2-VASe score

« OAC in high-risk patients without known AF

Personalized Treatment Decisions
« |dentification of best practices from large datasets
« DAC

VaSt data » LAA occlusion
resources = Catheter ablation

+ Medication Management
AI * Integration of data from multiple sources
L tern embedded in HER

Screening & Diagnosis
* Stratified screening approaches fo increase yield, reduce cost
+ Point-of-care diagnostics

+ Minimize need for human input in data management

Circulation Research. 2020;127:155-169.
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Early Rhythm-Control Therapy in Patients with Atrial Fibrillation

P. Kirchhof, A.J. Camm, A. Goette, A. Brandes, L. Eckardt, A. Elvan, T. Fetsch, I.C. van Gelder, D. Haase,
L.M. Haegeli, F. Hamann, H. Heidbiichel, G. Hindricks, J. Kautzner, K.-H. Kuck, L. Mont, G.A. Ng, J. Rekosz,
N. Schoen, U. Schotten, A. Suling, J. Taggeselle, S. Themistoclakis, E. Vettorazzi, P. Vardas, K. Wegscheider,

S. Willems, H.J.G.M. Crijns, and G. Breithardt, for the EAST-AFNET 4 Trial Investigators*

2789 patients randomized by 135 sites in 11 countries

i

N Engl J Med 2020;383:1305-16.



Patients at risk for cardiovascular events (sCHA2DS2VASc score 2 2) and with recent onset
atrial fibrillation, early AF <1 year duration of fisrt documented by ECG

(©) eact 2789 patients randomized by
™ 135 sites in 11 countries

Randomization

\ 4 A 4

Early Rhythm Control

Usual Care

Anticoagulation, rate control,
supplemented by rhythm control
only in symptomatic patients on

optimal rate control therapy

N Engl J Med 2020;383:1305-16.




Primary outcome

.Death from cardiovascular causes, stroke, or hospitalization with
worsening of heart failure or acute coronary syndrome

Median of 5.1 years of follow-up per patient ———

1.0

— Early rhythm control —— Usual care
249 patients with event 316 patients with event
0.8 3.9% per year 5% per year
(b
= o6 Hazard Ratio [96% ClI] 0.79 [0.66-0.94], p=0.005
E -
2
©
E 0.4
=
O
0.2
0.0
o 2 4 6 8
Time (years after randomization)
Patients at risk
Early rhythm control 1395 1193 913 404 26
Usual care 1394 1169 888 405 34

N Engl J Med 2020;383:1305-16.
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Al vs. Cardiologist in arrhythmia

12 rhythm classes using 91,232 single-lead ECGs from 53,549 patients
who used a single-lead ambulatory ECG monitoring device
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DNN predicted label Average cardiologist label

» Deep learning approach can
classify a broad range of distinct
arrhythmias from single-lead ECGs
with high diagnostic performance
similar to that of cardiologists.

Nature Medicine | VOL 25 | JANUARY 2019 | 65-69
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Which one i1s Real Normal ?
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Background & Aim of Our Study

v’ Atrial fibrillation is the most common arrhythmia with fatal complications
(stroke, heart failure, etc.), and diagnosis (electrocardiogram) is important.

v'The yield of paroxysmal atrial fibrillation is very low, and exhaustive tests
are repeated. The normal sinus rhythmic electrocardiogram (PAF NSR) of
atrial fibrillation patients differs slightly from the real normal rhythm (Real
NSR), but it is impossible to discriminate with the eyeball of an existing ECG
machine or a doctor (even a cardiologist).

vWe aim to predict the probability of atrial fibrillation during SR by deep
learning artificial intelligence (Al) using the most accessible, essential, and
inexpensive 12-lead ECG.

v Existing and emerging technologies have been used to successfully identify
AF in a variety of clinical and community settings, and these technologies
promise to revolutionize AF detection, screening, and personalized
medication method modification.

2021-06-11
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The experiment for the optimal sample
size to predict AF

Real-normal ECG Interval bosed MECC DBN
VS. . (Mel-Frequency D Belief Network
AFIB-normal ECG RECRIEEESEING Cepstral Coefficient) (Deep Belief Network)
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Optimal section detection for AF
prediction during NSR

PAF-normal ECG . . BI-LSTM
- . - Optimal section .
VS. Signal re-weightin . o Deep Belief
> Real-normal ECG >> g g g > in ECG for predicting AF ( Netl:\.lvork)
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Creation of the study data sets

March 2015

\

A data

March 2019

B data March 2020
J

Paroxysmal AF (PAF) and Healthy Subjects (Real-normal) with standard 10 second 12 lead ECGs
at the Inha University hospital from March 2015 to March 2019

v

1,291 ECGs (PAF-normal 564; Real-normal 727)
obtained at least twice every three months
validated by two electrophysiologists

validated by two electrophysiologists

2,418 ECGs (PAF-normal 1,329; Real-normal 1,089) obtained at least twice every three months

y

Training : Internal validation: Testing set (7:1:2)

v

\ v
1,693 ECGs used to train 242 ECGs used to validate 483 ECGs used to test the
the network Training set the network Internal network Testing set
validation set

v

Development of Artificial Intelligence Deep Learning-based
algorithm for detecting AF during NSR

M

Accuracy test using
external validation data




Developed Al deep learning algorithm

Performance to predict AF

acc: 0.728
. recall
precision . fl1-score support
(sensitivity)
Real normal 0.78 0.64 0.70 2096
PAF normal 0.69 0.82 0.75 2074
accuracy 0.73 4170
macro avg 0.74 0.73 0.73 4671
weighted avg 0.74 0.73 0.73 4671
Normalized Confusion Matrix Some extension of Receiver operating characteristic to multi-class
10 4 R
P -7
- '_."'-".‘ " I’
o -
Real Norm 0.35 0.8 1 o -7
E "a‘ - -
True & y -
v 06 .l ot
Label - & prad
& ) o -7
PAF Norm 0.18 0.82 L 041 & ’/'
= J PR micro-average ROC curve (area = 0.78)
021 & _»° ** macro-average ROC curve (area = 0.79)
Real Norm PAF Norm vy ROC curve of class 0 (area = 0.79)
,:,a-' * ROC curve of class 1 (area = 0.79)
D 0 T T T T
Predicted Label 0.0 02 0.4 0.6 08 10
False Positive Rate




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-fimenez, Samuel | Asirvatham, Abhishek | Deshmukh, Bernard | Gersh, Rickey E Carter,
Xiaoxi Yao, Alejandro A Rabinstein, Brad | Erickson, Suraj Kapa, Paul A Friedman

AucC Sensitivity Specificity F1 score Accuracy
Main analysis 0-87 (0-B6-0-B8) 790% (77-5-B0-4) 79-5% (79-0-79-9) 39-2% (38-1-40-3) 79-4% (79-0-79-9)
Secondary analysis 0-90 (0-90-0-91) 82.3% (B0-9-B3-6) 23-4% (B3.0-83-8) A5.4% (44.2-46-5) 83-3% (33.0-B3.7

Data in parentheses are 95% Chs. In the main analysis, only the score of the first normal sinws chythm ECG inthe window of interest was used. Inthe secondary analysis,
the highest score for all ECGs done in the first month of the window of interest was used. AUC=area under the curve. ECG=electrocardicgraph.

Table: Model performance

10
0& 4 Patient with no atrial fibrillation rhythms recorded
Index ECG (ie, first ECG available) M Mormal sinus rhythm
I Atrial fibrillation or atrial flutter

06 = I I | Window of imeres>
-é" T T T T T
2
E Patient with at least one atrial fibrillation rhythm recorded
H First ECG available Index ECG

49 ‘L 31days ‘L

!—/\'—
| [T T TIT_T T Tvindoyotens>
T T T T T
January February March April
0-2 =
—— Main analysis (ALC 0-87, 95% O 0-36-0-88)
— Secondary analysis [AUC 0-90, 95% C10-90-0-91)
a T T ] T 1
[i} 02 0-4 -6 [i%:3 1-0
1-specificity

Lancet. 2019 Sep 7;394(10201):861-867.




Circulation

Deep Neural Networks Can Predict Newv-
Onset Atrial Fibrillation From the 12-Lead
ECG and Help Identify Those at Risk of Atrial

Fibrillation—Related Stroke

A B
Record of 12-lead resting ECGs for 586,764 patients Deployment model

Age < 18 years (26,887 patients) <=
—>» Data unavailable (60 patients)
}

Deployment test set (2010-2014)
181,969 patients

6,425 incident AF events (3.5 %)

Training set (< 2010)
I 382,604 ECGs

106,923 patients

I 2,801,712 ECGs | 559,878 patients

= Parsing error (160,780 ECGs)

15 traces not available (173,907 ECGs) <=

=» Poor tracing (128,377 ECGs)

Geisinger stroke registry ‘ —_—

| 2,338,648 ECGs

| 536,610 patients |

Exclude patients with unindexed diagnosis

Disqualified ECGs per AF
phenotype criteria (4,317 ECGs)

Number of strokes in the population
3,497 strokes (1.9%)

(964 patients) l

New AF diagnosis at time of stroke or within 1 year of stroke
(AF-associated ischemic strokes)
896 strokes (26% of all strokes)

| 2,321,564 ECGs | 535,639 patients |

ECGs after AF diagnosis (689,077 ECGs) =

I 1,632,487 ECGs | 430,909 patients I
— |
ECGs without one-year follow-up .
in patients without AF ( Stroke within x year(s) post-ECG )

(283,547 ECGs | 75,107 patients)

———
x =2 years x =3 years
¥ 1 x =1 year 250 strokes 375 strokes
96 strok
— strokes (96+154) (250+125)
Training set Holdout set
71,161 patients

1,079,876 ECGs
284,641 patients

2,952 incident AF events (4.2 %)

Circulation. 2021;143:1287-1298.




Sensitivity of the model to
potentially prevent AF-related

100 —
. . > This data simulating a
/7 real-world deployment
X |8 scenario demonstrate
g 607 15 i) that using this tool
14 ) - - gm - -
> 8 identifies a high-risk
2 401 L population that can be
a i : e S =
s g = targeted for increased
‘f W 8 Incident gtrpke ~ -
, S —— within 1 yr (n=96) screening and may
207! = within 2 yrs (n=250) -
! e within 3 75 (n=375) prove useful for helping
4 12 8 fo-or:'\,sq?ﬁﬁl:‘] yr (reference) to prevent AF-reIated
08 20 40 60 80 100 strokes.
% Population Prioritized as High Risk

AHA 2019 poster

Eur Stroke J. 2019 May; 4(1 Suppl)




Explainable artificial intelligence (XAl
to detect atrial fibrillation using ECG

Input — ENH QD@ — Output

Development dataset

A
r N

62,983 patients who visit cardiovascular center
-46,741 patients from Mediplex Sc|un_|;klhhp, BLACK BOX PROBI—EM OF AI
-16,242 patients from Sejong General Hosp.

Each internal and external validation data

; 112 ptllicnls were c‘uhi.tdud
due to missing values
v Validation dataset
A
62,871 patients were included r N
»51 patients with AF
* 38,018 patients from open datasets
- 18,885 patients from PTB-XL
6,287 paticnts were selected by randomisation 6,287 patients for internal validation - 10,605 patients from Chapman
for internal validation (10%) ’ 78R patients with AF - 8,528 patients from PhysioNet
56,584 patents for development data v
863 paticnts wi AF . "
6,863 paticnts with Al External validation dataset
* 40,970 ECGs for DLM development
- 2.510 with ECGs indicative of AF
Development dataset Internal validation dataset 21,837 ECG from PTB-XL (1,527 AF ECG)
115,485 ECGs for DLM development 12,914 ECGs for DLM development 10,605 ECG from Chapman (2,225 AF ECG)
- 14,574 with ECGs indicative of AF - 1.679 with ECGs indicative of AF %,528 ECG from PhysioNet (758 AF ECG)
A A
h 4 , Accuracy test of developed DLM using

Development of explainable DILM for
Detecting AF using ECG

=]
%Q
Int J Cardiol . 2021 Apr 1;328:104-110.




Explainable artificial
Intelligence (XAIl)

; Irregularity & P wave presence

Architecture of explainable DLM Performances of explainable deep learning model to detect atrial fibrillation

ROC curves of DLM using 12 lead ECG

Noise Filtering 24 — —
Normalization -
@
% o
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Block 3 Block 3 I :
] v
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¥ L
Flatten Flatten ; 4
FC FC
Drop out Drop out
erpre e — Sojong ECG datnset (AUC=0.997)
prese Ty = PTB-XL ECG dataset (AUC=0.999)
= = Chapman ECG dataset (AUC=0.999)
o & [nterpretation of ECG machine, (Sens=0.928, Spec=0.950)
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False positive rate

Int J Cardiol . 2021 Apr 1;328:104-110.
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ROC curves for the neural networks
on the testing dataset

A. ROC(Receiver Operating Characteristic) curves
to multi-class using data A

AUC of ROC : 0.79
Recall : 82%
Specificity : 78%
F1 score : 75%

Some extension of Receiver operating characteristic to multi-class

True Positive Rate

10 1 I
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[ ‘ ”
i -7
04 .’* ’,I
‘ <" ® micro-average ROC curve (area = 0.78)
0.2 1 | ,,’ ® ®= macro-average ROC curve (area = 0.79)
",-' »” ROC curve of class 0 (area = 0.79)
F Sad ~ ROC curve of class 1 {area = 0.79)
0.0 Y T T T
0.0 0.2 04 0.6 0.8 10

False Positive Rate

B. ROC(Receiver Operating Characteristic) curves
to multi-class using data B
AUC of ROC : 0.75
Recall : 77%
Specificity : 72%
F1 score : 74%
(9742, 2) (9742, 2)

Some extension of Receiver operating characteristic to multi-class

10 A -
T )
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2 A L
] L -
g & e
E 04 1 P _,-"
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f L+" " micro-average ROC curve (area = 0.75)
0.7 - *" _F..-" = = macro-average ROC curve (area = 0.75)
A ROC curve of class O (area = 0.75)
..,:’, - ROC curve of class 1 {area = 0.75}
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Clinical application
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Modalities/
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Making /
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Kaplan—Melier curves for AF incidence
according to Al-guided PAF probability in
ESUS patients

X
Et:
30+ .
s == Group4  ESUS with NSR ECG
o »  Group 1: PAF probability
g Group 3 0-25% using deep
Q 20 learning program
- - sing dee
g p=0.342 == === = Group2 loaming program
o >  Group 3: PAF probability
2 10 0
] 0 50-75% using deep
g Tt W T mTar W e - - - -'... - === o Groupl learning program .
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Patients with ESUS
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Summary

1. The AI-ECG algorithm’s performance holds tremendous promise as a
rapid, inexpensive, and noninvasive tool capable of assessing
arrhythmia, especially AF risk.

2. Our developed Al deep-learning algorithm for the calculation of PAF
probability during NSR using 12-lead ECGs was excellent for the
identification of PAF (recall of 82%, specificity of 78%, F1 score of 75%,
and overall accuracy of 72.8%).

3. This has important implications for AF screening and the management
of ESUS patients. Al may discriminate ‘hidden' AF during NSR and can
also be helpful in identifying if AF is the underlying cause of the stroke
in patients with ESUS.

4. Despite concerning Al performance (sensitivity & specificity) , the more
data that we have, the smarter these Al will get.

5. Further studies are needed to evaluate their possible use in future
prognostic models for precise decision-making in daily practice.
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