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List of Abbreviations

LVSD: Left Ventricular Systolic Dysfunction
LVEF: Left Ventricular Ejection Fraction
ECHO: Echocardiogram

ECG: Electrocardiogram

Al: Artificial Inteligence

XML: eXtensible Markup Language

Hz: Hertz

RBBB: Right bundle branch

LBBB: Left bundle branch

RMS: Root mean square

LF/HF ratio: Low Frequency to High Frequency ratio
CNN: Convolution Neural Network

ViT: Vision transformer
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Patients aged 218 years with echocardiography
study between 2003~July 2022 (N =303,295)

Unavailable echocardiographic data for analysis (N =29,060)

Missing values for LVEF (N =3,514)

LVEF < 10% or > 80% (N= 802)

No available ECG (N =30,624)

No ECG records within 1 year prior to the last echocardiogram (n =63,148)
No ECG records up to 3 years before the last echocardiogram (n =144,103)
ECGs with insufficient duration (< 10 seconds) (n =28)

Study population (N =32,016)

!

The control group The reduced LVEF group
(LVEF 250%, N =30,233) (LVEF <50%, N =1,783)

Figure 1. Cohort flow chart
Abbreviations: LVEF, Left Ventricular Ejection Fraction; ECG,
Electrocardiogram
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(a)

2017-01-03
BP:95 /69
HR: 85

* Final Impression

1. Normal LV cavity size and systolic function; Calculated EF : 56%
2. No regional wall motion abnormality

3. Normal LV wall thickness

4. Mild AR, Mild to moderate MR

5. Mild to moderate TR with estimated PASP of 31mmHg

* Mesurement
LvIDd

LVIDs

EF (calculated)
IvVSd

Mitral inflow DT

47 mm [34-54 mm ]
31mm [23-38 mm ]

56% [55-70 % ]
9mm [8-11.5 mm ]

LVPWd 8mm [8-11.5 mm ]
LA size 46 mm [23-40 mm ]
Ao diameter 33mm [22-33 mm ]
Mitral inflow E 1.10m/s [.5-1.2 m/s ]

140 mSec [ 150-240 mSec ]

lead | lead Il
0.10 030
0.05 0.05
> >
£ o.00 E 0.0
-0.05
~0.05
-0.10
lead 1 lead aVR
01
o1
z 00 Z oo
—0a1 -0.1
-0.2
lead avL lead avF
0.2 0.2
2 00 Z 0o
-0.2 -0.2
lead V1 lead V2
0.2
01
01
Z oo Z oo
-0.1 01
-0.2
lead V3 lead V4
005 0.10
> 0.00 > 003
E E o0.00
-0.05 -0.05
lead V5 lead V6
0.06
0.04 0.05
Z o002 2 o000
0.00 -0.05
-0.02
0 1000 1500 2000 2500 0 500 1000 1500 2000 2500

10 seconds (250Hz)

Figure 3. Example of ECHO report and ECG signal (a) Example of
ECHO report (b) Example of 12-lead ECG signal

Abbreviations: ECHO, Echocardiogram; ECG, Electrocardiogram
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ECGs

LVEF =41%
(Reduced LVEF (case))

ECHO
[ 4
a
Patient with
4 ECGs
2020.11.31  2021.04.02 2022.06.13 2022.12.07 2023.01.07
(At; =768) (At = 645) (At; = 208) (At, = 31) index date
\ Y,
N
Deep learning model Probability of
reduced LVEF
.

> 081

1. ECG-wise embedding 2. Patient-wise weighted sum

[

Time delta-based weights

W = [wy, Wy, wa, wy]

Tl g,

w; = e M e

—— decay rate (1)=0.005

weight (w;)
° o
s 8

o 2 00 1000

00 400 600 B
time delta (at;)

3. Prediction with patient embedding

Figure 4. Overview of the Longitudinal ECG framework
Abbreviations: ECHO, Echocardiogram; ECG, Electrocardiogram; LVEF,

Left Ventricular Ejection Fraction
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| | S» )
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o o o
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Figure 5. Weighted summation locations in ECGNet (a) Overview
of ECGNet architecture (b) Calculation process when weighted

summation location is 1 (¢) Calculation process when weighted
summation location is 3

Abbreviations: Conv, Convolution; FC, Fully Connected
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: selected delta

200 308 431 553 637 728 788 900 1015 1134 1278
Time delta from patient's last ECHO
Figure 6. Example of equally sampling strategy
Abbreviations: ECHO, Echocardiogram
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(@) (b) (c)

1o \ - decay rate (A)=0.001 10 - decay rate (A)=0.005 10 - decay rate (A)=0.1
0.9 0.8 0.8
= o0.s8
2 0.6 0.6
207
o
‘D 0.6 0.4 0.4
3
0.5 0.2 0.2 L
o4 0.0 0.0
0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
time delta (At;) time delta (At;) time delta (At;)

Figure 7. Examples of exponential weighting functions (a) Function
with a small gamma value (A=0.001) (b) Function with a middle
gamma value (A=0.005) (c) Function with a large gamma value
(A=0.1)
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Table 1. Hyperparameter tuning set

Hyperparameter

Tuning set

Learning rate

Batch size

Decay rate

Weighted summation depth (ECGNet)

Patch length (sec) (ViT)

0.001, 0.0005

32, 64, 256, 512
0.001,0.005,0.020
1,2,3

0.1,0.2,0.4,0.6,0.8




A H7he dE ARRE e ARES oo gk A7) 2%
EA 274 &9 WA (Area under the receiver operating characteristic
curve; AUROC), AUZ=-AdSL =4 9] W& (Area under the
precision-recall curve; AUPRC), F1 #H4, %A A== (Positive
Predictive Value; PPV), 4 o= %(Negative Predictive Value; NPV).
FA Fel YEske AEEY HAHY dAF(threshold)s ZAA 3]
A Fd J-AF(Youden J-index)[34]5 AF&3IATHSG2]  3).
HA o AAHAES E3 true positive (TP), false positive (FP), false

negative (FN), true negative (TN)E 3}a2 PPV, NPV, Fl1 HA+E

AASFA T2 4,5,6). AUROC &= 5% A7 (Delong test)S AF-&3}¢]
Wastoth 4= AR P ogtel .05 wwd AS AR ES
Z1Z4akgleh. e A BA2 R AxEe dtolds AREsh
T Y= AT

Youden's ] statistic = Sensitivity + Specificity — 1 (3)
PPV = —2 (4)

TP+FP
NPV = & (5)

TN+FN
Fl1= 2 xw, Precision = L , Recall = L (6)

Precision+Recall TP+FP TP+FN
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AsAHY EAS B, At Ao dAge] fiExRdHEY
frolshAl =9ka(73.0 Al vs. 63.0 A, P<0.001), Pde wvE& Fg
AbElEell Al frelEt Al =QkH67.7% vs. 57.4%, P<0.001). Al7g¥
AdZFAF= At tixadm FostA Zew(164.1cm vs.
163.0cm, P=0.027; 24.0kg/m? vs. 24.2kg/m?, P=0.005), A=(64.4kg
vs. 64.2kg, P=0.457)& 2 zFol7} AT

A= S A AtEEE tiEzded Bls] AHdE A& Sl
©9ka1(10.0 3] vs. 4.0 ], P<0.001), AH¥4=(77.0 3]/ vs. 70.0 3]/3,
P<0.001), QRS ZFA(106.0ms vs. 94.0ms, P<0.001), QT 7+A(416.0ms
vs. 406.0ms, P<0.00D)e] #olatAl S7tetalvt. g Abdlol A e
R 5(-22.0 &= vs. 39.0 &, P<0.001)¥} %2 T 5(@®7.0 &= vs. 45.0 &,
P<0.001)°] ##= AL, 4 21542.0% vs. 57.4%, P<0.001), &~

A (6.8% vs. 15.8%, P<0.001)¢] H]&o] 7FAsk vbH, 54 W (6.4%

vs. 3.7%, P<0.001), AHA-5(22.4% vs. 12.7%, P<0.001), AHx35(2.7%

vs. 1.8%, P<0.001), A¥19(0.1% vs. 0.008%, P<0.001)¢] H] &L
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= 7bet et -2 AFH(9.1% vs. 8.7%, P=0.011)¥ FHZtAH(5.4% vs.

1.0%, P<0.001)2] ¥ E% Aol A #elstAl =t (Table 2).
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Table 2. Baseline characteristics

Control group Case group P-value

(EF =250%) (EF <50%)
Patients (n) 30,233 1,783 -
ECGs (n) 183,708 27,579 -
Demographics
Age (yr) 63.0 (55.0-73.0) 73.0 (64.0-79.0) <0.001
Male (%) 17,356 (57.4) 1,207 (67.7) <0.001
Height (cm) 163.0 (156.0-169.7) 164.1 (157.3-169.4) 0.027
Body weight (kg) 64.2 (56.4-72.3) 64.4 (56.275-71.9) 0.457
BMI (kg/m?) 24.2 (22.2-26.3) 24.0 (22.0-26.1) 0.005
Electrocardiogram
Number of ECG 4.0 (3.0-6.0) 10.0 (6.0-20.0) <0.001
Heart rate (/min) 70.0 (61.0-81.0) 77.0 (66.0-91.0) <0.001
QRS duration (ms) 94.0 (86.0-104.0) 106.0 (94.0-134.0) <0.001
QT interval (ms) 406.0 (380.0-434.0) 416.0 (380.0-460.0) <0.001
R-axis (degree) 39.0 (8.0-66.0) 22.0 (-22.0-63.0) <0.001
T-axis (degree) 45.0 (25.0-66.0) 87.0 (35.0-128.0) <0.001
Q onset 219.0 (214.0-224.0) 216.0 (211.0-220.0) <0.001
Q offset 266.0 (261.0-271.0) 269.0 (264.0-280.0) <0.001
Sinus rhythm (%) 105,473 (57.4) 11,576 (42.0) <0.001
Sinus tachycardia (%) 6,849 (3.7) 1,771 (6.4) <0.001
Sinus bradycardia (%) 29,079 (15.8) 1,872 (6.8) <0.001
Atrial fibrillation (%) 23,247 (12.7) 6,167 (22.4) <0.001
Atrial flutter (%) 3,335(1.8) 749 (2.7) <0.001
Atrial tachycardia (%) 91 (0.05) 35(0.1) <0.001
RBBB (%) 15,948 (8.7) 2,523 (9.1) 0.011

25



LBBB (%) 1,858 (1.0) 1,479 (5.4) <0.001

Data are N (%) or median (interquartile range). Abbreviations: ECG, Electrocardiogram; BMI,

Body mass index.
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3.2 Cross—sectional vs. Longitudinal A% 8|1

2 AFo = gyt dejd 2d AeS Ietuy A7]9F shsF
Wlol] whgl vl nl EA189tH(Table 3). ResNet, ViT, ECGNet 2%
AFESEe] AlY HA AJ-e AAERE SH5o] 883+ cross—sectional

(cross.) W 321 BE AAE folHE 83+ longitudinal

}

AUROC A #oA+= RE 2doA long. "ol cross. WHHTE 3

ct.

O

Oft
38

AWPH O R cross. WHHEY long. W Aol

HH‘

0.904; ResNet50 0.906 vs 0.919; ViT-S 0.895 vs 0.907; ECGNet 0.925
vs 0.925). 26M ®H 5 ResNet50, ViT-S = AUROC 7} TAA o=
v skAl long.o] 9% e WHHResNetb0 p=0.015, ViT-S
p=0.037). F1 379} PPV 9] 4, ResNet50 & #|9|g Z= Ko A
long. WHHol ¥ & 453 YEFUTHFEL score: ResNetl8 0.456 vs
0.506; ViT-T 0.434 vs 0.437; ResNet50 0.473 vs 0.472; ViT-S 0.458
vs 0.463; ECGNet 0.499 vs 0.532, PPV: ResNetl8 0.314 vs 0.380;
ViT-T 0.302 vs 0.308; ResNet50 0.342 vs 0.338; ViT-S 0.326 vs
0.335; ECGNet 0.364 vs 0.410).

ECGNet (long.)== AUROC (0.925), F1 (0.532), AUPRC (0.572),
PPV (0.410) 4 7FA AxkollM A 2d T M 58 Aea

GAglom g o] FEAMo|A haseline model & AR5} T}

3 y .
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Table 3. Performance comparison between longitudinal and cross-—

sectional settings

Param. Model  AUROC P FI  AUPRC PPV NPV
size value
ResNetl8 959 0456 0.544 0314 0.986
(cross.)
0.794
ResNetl8 ) 973 0.506 0.550  0.380 0.981
(long.)
oM
VIT-T 0.900 0434 0472 0302 0.981
(cross.)
0.541
VIT-T 0.904 0437 0425 0308 0.979
(long.)
ResNetS0 ) 906 0473 0467 0342 0981
(cross.)
0.015
ResNetS0 ) 919 0472 0517 0338 0.982
(long.)
ViT-S 0.895 0458 0465 0326 0.981
(cross.)
25M 0.037
VIT-§ 0.907 0463 0468 0335 0.979
(long.)
ECGNet ) 95 0499 0533 0364 0.983
(cross.)
0.871
ECGNet 955 0532 0572 0410 0.981
(long.)

Bold red values indicate the highest performance, while blue values indicate the
second highest performance.
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Ql Linear Discriminant Analysis (LDA) [36]9} Ez&| 7|8k A&
2 dlQl LightGBM [37] Extra Trees Classifier [38]& AF&-3}3lt.
Cross-sectional (cross.) ARoA= 2+ 2o 71 FHZ AA
AAEANA FE2E 156 /9] A= 533 A dol, dHe AT F
17 MY EAHELS dd 4R AFL3E9Yr. Longitudinal  (long.)

AN 24 Aol A A Al AN =27 156 he] A=

J[m

A, A AR Al F=EE 16 Jhe] 54, 7 Al A9

Gol(2 7D, A, eElx A MAS vhAu AR ghe] Az 1AL

B

zotstel & 34709 54 S fE WaE &l

Table 4 2 ®W long. A%5°] cross. Bt} Autd o7 53 Zo7
UElsth. AUROC ¢ #AS$ =®E  2doA  cross.® Tt long.©]
=9kal(Logistic Regression 0.841 vs. 0.846; LDA 0.835 vs. 0.846;
Extra Trees Classifier 0.714 vs. 0.887; LightGBM 0.881 vs. 0.893),
Logistic Regression & A9j3t & wHoA EAHORE fondk
Apel & BTt

F1 score X3t Extra Trees Classifier & A|€3 RElZo|A
long.9] As°] =i (Logistic Regression 0.334 vs. 0.335; LDA 0.349

vs. 0.360; LightGBM 0.367 vs. 0.370) AUPRC + LDA & A¢%
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Rdl=o A long.] Asol =%tHLogistic Regression 0.332 vs. 0.344;
LDA 0.323 vs. 0.318; Extra Trees Classifier 0.218 vs. 0.399).
ZIAISs Bd F 2 7FA] A (AUROC, F1 score)ollA 7+ -3t
e Holal 2714 AZ(AUPRC, NPV)ellA] 7 WAl2 43 J5&
Bl LightGBM long.9] X%3¥ ECGNet long.®] A%< H|n3dH,
ECGNet ¢] 45| NPV & A&Jg BE AREAA 53 S AT
o UTHAUROC 0.893 vs. 0.925, p—value < 0.001; AUPRC 0.398 vs.
0.532; F1 0.370 vs. 0.572; PPV 0.234 vs. 0.410; NPV 0.986 vs. 0.981)

(Table 5).
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Table 4. Performance comparison between longitudinal and cross-—

sectional settings on machine learning models

Model

AUROC

p-value

AUPRC

F1

PPV

NPV

Logistic
Regression
(cross.)
Logistic
Regression
(long.)
Linear
Discriminant
Analysis
(cross.)

Linear
Discriminant
Analysis
(long.)
Extra Trees
Classifier
(cross.)
Extra Trees
Classifier
(long.)
LightGBM
(cross.)
LightGBM
(long.)

0.841

0.846

0.835

0.846

0.714

0.887

0.881

0.893

0.174

0.029

<0.001

<0.001

0.332

0.344

0.323

0.318

0.218

0.399

0.385

0.398

0.334

0.335

0.349

0.360

0.352

0.346

0.367

0.370

0.214

0.209

0.226

0.239

0.257

0.208

0.236

0.234

0.979

0.979

0.978

0.979

0.963

0.988

0.983

0.986

Bold red values indicate the highest performance, while blue values indicate the

second highest performance.



Table 5. Performance comparison between the best performing deep
learning and machine learning models in longitudinal settings

Model AUROC p-value AUPRC F1 PPV NPV

LightGBM

0.893 0398 037 0234 0.986
(long.)

<0.001
ECGNet 0.925 0532 0572 041 00981
(long.)

Bold values indicate the highest performance.
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Figure 9. The impact of the number of ECGs on model performance
(a) F1 score plotted against the number of ECG used for model

evaluation on the test set (b) PPV plotted against the number of ECG

used for model evaluation on the test set

Abbreviations: ECG, Electrocardiogram; PPV, Positive Predictive Value
Shaded areas indicated the standard deviation of the corresponding
performance measures

3 y .
36 -":I'H._E -kr_' 1



=
1

R

]

o] (Weighted

3

3

Z
dlelg 7k 71 A

depule 2,

P

0.
H
L

s

!
itk 2 A3, 0.005 74HA

I<]

7V

J

A
A

rate),

=)
R

ddH =2 4

YA

)

=
YR 2 AEA7 els| HA

724 & (Decay

EIR=E

Fol = ghehr g
summation depth), =% W (Sampling strategy), WY W (Padding

strategy)dll W& A5 W5 43515 HTable 6).

3.6 HEH| g w

37 9]

°©

ol

A

ol

Njo

CBEE

1

s

GAE A THEL 0.532; PPV 0.410). ©]

!
X
e

=

o
op

A AR 29 BA

[e)

HFH (Sampling  strategy)

T
=49

Al
=

i

H) 7§<+(Max length)

37

=l A

sepu] o]},

-
R

s}
29 (Equally sample)¥ Al #A19] max length 71E A& sl=

g

4%



HATHF1 0.532; PPV 0.410).

Al A}

gxle] AHAE 747} Max length

KeR
T

o W (Padding strategy)

u

=3

A% Jl4-max length

Al
™

0
—_—
file)

gl

=l A

s}zl g o] e},

LHER =

A& A

EI= =,

1
s

5

A

=
L

FAtoll Al

o g 2}

=K

A3 zero padding ©]

Amplification

o
0

]
el

o)
o

o
i
No

H

—_
file)

0

—

0

fite)

o
o

38



Table 6. Performance per hyperparameter value

Parameter Value F1 PPV
No weight 0.476 0.338
0.001 0.467 0.338
0.002 0.477 0.333
0.005 0.532 0.410
Decay rate
0.01 0.480 0.339
0.02 0.505 0.371
0.1 0.468 0.328
0.3 0.458 0.317
No embedding 0.454 0.322
1 0.466 0.331
Weighted summation depth
2 0.498 0.357
3 0.532 0.410
Equally sample 0.532 0.410
Sampling strategy
Latest sample 0.519 0.391
Zero padding 0.532 0.410
Padding strategy
Amplification 0.512 0.396

Bold values indicate the highest performance.
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Table 7. Sensitivity analysis according to different case:control

ratios
Case: Control 8¢ Control 50 ¢ povalue  FI AUPRC PPV NPV
samples samples

1:1 1,783 1,782 0916 0.438 0.872 0916 0.866 0.847
1:2 1,783 3,566 0919 0519 0.801 0.860 0.737 0.916
1:3 1,783 534 0928 0.799 0.776 0.818 0.715 0.933
1:4 1,783 7,132 0.936 0.180 0.758 0.824 0.718 0.937
default 1,783 30233 0925 - 0532 0572 041 0.981




Table 8. Sensitivity analysis according to different augmentation
ratio

Development
A tati Development !
ugmentation st s¢ AUROC p-val Fl  AUPRC PPV NPV
ratio control
case samples
samples
no augmentation 1,280 23,512 0.925 - 0.532 0.572 0.410 0.981
X2 2,560 23,512 0.939 <0.001 0.522 0.575 0.385 0.984
x3 3,840 23,512 0.935 0.014 0.523 0.569 0395 0.982
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Table 9. Performance comparison between Constant and Change
groups in LVEF status

Group Case Control AUROC F1 AUPRC PPV NPV

Constant 438 6,215 0.946 0.599 0.682 0.774  0.227

Change 65 506 0.628 0.261 0.195 0.187 1.000
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[ Group with ECG Count Below median (median: 4)
175 A I Group with ECG Count Above median
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Embedding Mean Value

Figure 10. Comparison of embedding mean values based on ECG
record count (Green) Group with ECG count below median (< 4)
(Blue) Group with ECG count above or equal to median (= 4)
Abbreviations: ECG, Electrocardiogram
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Abstract
Longitudinal ECG Analysis
with Deep Learning for Improved Detection of

Reduced Left Ventricular Ejection Fraction

Soomin Chung
Interdisciplinary Program in Bioengineering
The Graduate School

Seoul National University

Background: Heart failure is a serious global health problem, with left
ventricular systolic dysfunction (LVSD) as a major cause. Existing
echocardiogram is limited by operator—-dependency and subjective
interpretation. Previous electrocardiogram (ECG)-based LVSD
diagnosis studies using single—-point data fail to consider temporal
changes and individual characteristics.

Methods: We developed a deep learning model to predict decreased
left ventricular ejection fraction (LVEF) using longitudinal ECG data.
The proposed weighted sum-based framework uses raw ECG signals
from multiple patient visits as input and is adaptable to various model

architectures. An exponential weighting function assigns weights
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based on time intervals between data points, emphasizing recent data
while utilizing historical information.

Results: The proposed longitudinal method consistently outperformed
cross—sectional approaches, with the ECGNet model achieving the
highest performance. Model performance improved with increasing
ECG examination frequency, demonstrating the effectiveness of
longitudinal data utilization. Comparisons with machine learning
models confirmed the superiority of our deep learning approach. Model
interpretability analysis using Expected Gradients techniques provided
clinical insights into the model's decision—making process.
Conclusion: This study developed an model for predicting decreased
LVEF through deep learning and longitudinal ECG data analysis. The
model shows promise for early diagnosis, prognosis prediction, and
personalized treatment planning in heart failure patients. However,
limitations include the use of single-institution data and class
imbalance. Future research should focus on multi-center studies,
multi-modal data integration, and application to various cardiovascular

diseases to enhance the model's generalizability and clinical utility.
Keywords: Heart failure, Low left ventricular ejection fraction,

Electrocardiogram, Deep learning, Longitudinal data analysis
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