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POST-TAVR ECG 74| PPI <& 28 g7~
Research of PPI prediction model based on POST-TAVR ECG
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ABSTRACT

After Transcatheter Aortic Valve Replacement (TAVR), comprehensive management of complications, including the need for
Permanent Pacemaker Implantation (PPI), is crucial, increasing the demand for accurate prediction models. Departing from traditional
image-based methods, this study developed an optimal PPl prediction model based on ECG data using the XGBoost algorithm.
Focusing on ECG signals like DeltaPR and DeltaQRS as key indicators, the model effectively identifies the correlation between
conduction disorders and PPl needs, achieving superior performance with an AUC of 0.91. Validated using data from two hospitals,
it demonstrated a high similarity rate of 95.28% in predicting PPl from ECG characteristics. This confirns the model’s effective
applicability across diverse hospital data, establishing a significant advancement in the development of reliable and practical PPI
prediction models with reduced dependence on human infervention and costly medical imaging.
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(Table 1) Model performance of existing
research(ROC-AUC)
2 2.2.1 2.2.2 2.2.3
RF - 0.81 -
LR - 0.69 -
DT - 0.68 -
SVM - 0.75 -
GBM 0.72 0.76 -
NN - 0.66 -
WEKA - - 0.76
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(¥ 2) 32|A Hel diole HE(OIEM)
(Table 2) Christ Hospital Data(Baseline)

n = 449 n = 104
Age 78.83 £8.73 80.562 +8.00
Sex 1(225) / 0(224) | 1(37) / 0(67)
BSA 1.94 +0.26 2.03 +0.27
BMI 28.89 +6.41 29.87 £6.31
HTN 1(387) / 0(62) 1(98) / 0(6)
CAD 1(249) / 0(200) | 1(53) / 0(51)
DM 1(163) / 0(286) | 1(36) / 0(68)
SystolicBP 133.00 £17.81 | 132.55 £19.84
DiastlicBP 70.75 £11.24 69.76 +9.72
ACEi_ARB 1(190) / 0(259) | 1(36) / 0(68)

Beta_Blocker

1(263) / 0(186)

1(63) / 0(41)

Aldosterone

i 1(59) / 0(390) 1(9) / 0(95)
antagonist
CCB 1(111) / 0(338) | 1(24) / 0(80)
AntiPlatele
1(179) / 0(270 1(9) / 0(95
totherthanASA { )/ 00 ) (8) / 0(95)
ASA 1(300) / 0(149) | 1(63) / 0(41)
AntiPlatelet
1(370) / 0(79) 1(84) / 0(20)
Therapy
Diuretics 1(269) / 0(180) | 1(70) / 0(34)
LVEF 53.24 £11.42 | 54.29 £10.41
LvOT 20.31 £1.64 20.44 £1.58
1(215
ValveCode (215) / 2(37) /| 1(23) / 2(27) /
3(197) 3(54)
ValveSize 26.92 £3.37 28.09 £3.59

(% 3) 32|a 4

Holel YE(MATD)

(Table 3) Christ Hospital Data(ECG)

n = 449

n = 104

Baseline Rythm

1(78) / 0(371)

1(28) / 0(76)

PR 182.61 £28.50 | 191.37 £33.09
QRS 103.47 £21.22 | 116.73 £24.59
QRSmore
than120 1(80) / 0(369) 1(50) / 0(54)
Firstdegree
AVblock 1(95) / 0(269) 1(31) / 0(44)
BaselineRBBB | 1(37) / 0(412) | 1(41) / 0(63)
DeltaPR 13.36 +18.73 | 27.75 £24.85
DeltaQRS 17.02 £24.80 | 28.37 £26.13
New Onset
LBBB 1(110) / 0(339) | 1(32) / 0(72)
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(Figure 3) Performance comparison of the developed
XGBoost model
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(Figure 4) Christ Hospital Data SHAP

34

2024. 4



POST-TAVR ECG 7IEte] PPI 0fF 2 A7

High

DeltaPR

.
*.
A

DeltaQRS

BaselineRBBB
ValveCode

BSA

bt
*

¢ »

SystolicBP

QRS

Age

PR
AntiPlateletTherapy
LVEF

ot

ValveSize
DiastolicBP
Beta_Blocker

BMI

Feature value

AntiPlateletotherthanASA
FirstdegreeAvblock
HTN

Sex

CAD

DM

New_Onset_LBBB
ACEi_ARB
Aldosteroneantagonist
CcCcB

Diuretics
BaselineRhythm

QRSmorethan120

——————————reb et vt i 'f

ASA

Low

-0.5 0.0 0.5 10
SHAP value (impact on model output)

(a3 5) Z H&l Hloje SHAP
(Figure 5) Gil Hospital Data SHAP

Data Set? Gil Hospital DataS A}&3F E-A]o] A E%
DeltaPR, DeltaQRSol| th& ECG 5410] el of 2] 3l
7V 2 S wx= Ao® Yehgton 7h7} 25.65%,
20.69%2] QS 7HA L Ut} ol AL oo UH
°] 0 ECG 57dolH, PPI ¢Sl oiA &
3l EAEolth[6-11] EE2 o] EAE
of 83 T2 AN o] oS ARt 4l
= ﬁ% o|n) k8] 53+ XGBoost &1
g o] Foixl tlo]E Ale] ECG
= YR 45T F UL
olH I HE 4§l By
&g ] 543 F83 iy AAIAE 95 A

_%

2

o « o
3

do flo o I8 oy L do
I} ox flo oX

7Fe] R glol A F EE BEoFrh22]
Christ Hospital Test Data Set>} Gil Hospital DataE | =

g 54 S8 9528%9] FrAMIE & 4 9o
E 7 2d& TAVR ©|& PPl of|Z0] B Q.

oz A A A% B4
00 3
" a2

EFEAY 7HAE Y

TAVR ©]% PPIZ A &3] o]Z=3}7] 9l XGBoost 7|
Hke] ECG Hlo|HE FTHALR &8sle oﬂz 2ds
Masty ATk 48 29 AUC 0919] =2 o
Z AT E 7AW 71E9] & oux] 9FEF HJ%‘%
3} ECG 7% & Bd o] vlg) FHojd A5 Hlth
L %‘2 DeltaPR, DeltaQRSel| o3t ECG 543} PPI9] 4
BAE 2 E3te o) F oS $838 B0 E AN
gfcw NEA e A 23S HoFEh
B Ao sae mde oF ojujx|o] 2E31A
BV E2 AL PPIE 4T F YIS J=H,
TAVR ©|% #z}9] PPIE Z7|dl| 2@ o g, a4
A TS S AWl | 7199 Aotk ek, o8 HE

oo )Y B EEE Zolk A AT 5 T 4
£ 7P5E AEAQ PPl oS BUR SR8 WAS o
Haie, o qulze] AL ot W F2F 4US

Aol

ok 2 ‘L-"rL% e delEs 71H¥°i 3ol &
T e <IF, A9
& 71 S dlele7t 23
E A7} ok 5 Al
ol mde] sl 3 F
g5t PPIT o]z}

1A #lehs AE

A 2ol w0e)

& olee vole g

Ak S5 ECG vlole]

SEEES SELEE S
Q

=3
%3 (Reference)

[1] Vincent Auffret, Rishi Puri, Marina Urena, Chekrallah
Chamandi, Tania Rodriguez-Gabella, Francois Philippon
and Josep Rodés-Cabau, “Conduction Disturbances After
Transcatheter Aortic Valve Replacement,” Circulation,
Vol. 30, Issue 4, pp. 179-187, 2017.
https://doi.org/10.1161/CIRCULATIONAHA.117.028352

[2] Yasser Sammour, Amar Krishnaswamy,Arnav Kumar,
Rishi Puri, Khaldoun G. Tarakji, Najdat Bazarbashi,
Serge Harb, Brian Griffin, Lars Svensson, Oussam

el

b= QIE{Ul HE S| (25723)

35



POST-TAVR ECG 7IEte] PPI 0fF 2 A7

[3

[

[4

—

[5

—

[6]

Wazni, Samir R. Kapadia, “Incidence, Predictors, and
Implications of Permanent Pacemaker Requirement
After Transcatheter Aortic Valve Replacement,” JACC:
Cardiovascular Interventions, Vol. 14,
pp.115-134, 2021.
https://doi.org/10.1016/j.jcin.2020.09.063
Lei Han, Yiziting Zhu, Yuwen Chen, Guogiong
Huang, Bin Yi, “LightGBM and XGBoost Learning
Method for Postoperative Critical Illness Key
Indicators Analysis,” KSII Transactions on Internet
and Information Systems, Vol. 17, No. 8, 2023.
https://eds.p.ebscohost.com/abstract ?site=eds&scope=s
ite&jrnl=19767277&AN=171790242&h=YKSFTPRy
TorcU4mlhNTA0il3yb7f%2b6PtOjweMrx WWg8j5Yd
4MszHh%2£Q5ihtiiPf8 1 YiRvIUW40BiPcVOSYw%2b
Ew%3d%3dé&crl=c&resultLocal=ErrCrINoResults&re
sultNs=Ehost&crlhashurl=login.aspx %3fdirect % 3dtrue
%26profile %3dehost %26scope % 3dsite %26authtype %
3dcrawler %26jrnl %3d19767277%26AN%3d171790242
Minje Seok, Wooseong Kim, Jiyoun Kim, “Machine

Issue 2,

Learning for Sarcopenia Prediction in the Elderly
Using Socioeconomic, Infrastructure, and Quality-of-
Life Data”, Healthcare, Vol. 11, Issue 21, pp. 2881,
2023.

https://doi.org/10.3390/healthcare11212881

Alvaro E. Ulloa-Cerna, Linyuan Jing, John M.
Pfeifer, Sushravya Raghunath, Jeffrey A. Ruhl,
Daniel B. Rocha, Joseph B. Leader, Noah
Zimmerman, Greg Lee, Steven R. Steinhubl,
Christopher W. Good, Christopher M. Haggerty,
Brandon K. and Ruijun  Chen,
“rECHOmmend: An ECG-Based Machine Learning
Approach for Identifying Patients at Increased Risk
of Undiagnosed Structural Heart Disease Detectable
by Echocardiography,” Circulation, Vol. 146, No. 1,
pp.36-47, 2022.
https://doi.org/10.1161/CIRCULATIONAHA. 121.057
869

Mathew B. Morton, Joseph B. Morton, Harry G.
Mond, “Aberrant Ventricular Conduction: Revisiting
an Old Concept,” Heart Lung and Circulation,
Vol32, Issue5, pp.555-566, 2023.
https://doi.org/10.1016/j.hlc.2023.03.001

Fornwalt

[7]

[8

—

[9

—_—

[10]

[11]

Raffaele De Lucia, Cristina Giannini, Matteo Parollo,
Valentina Barletta, Giulia Costa, Mario Giannotti
Santoro, Chiara Primerano, Marco Angelillis, Marco
De Carlo, Giulio Zucchelli, Maria Grazia Bongiorni,
Anna  Sonia
electrocardiogram monitoring for post-transcatheter

Petronio, “Non-continuous mobile

aortic valve replacement delayed conduction
disorders put to the test,” EP Europace, Vol. 25,
Issue 3, pp. 1116-1125, 2023.
https://doi.org/10.1093/europace/euac285

Charles F. Kircher, Nachiket Madhav Apte, Sagar
Ranka, Rigoberto Ramirez, and Rhea C. Pimentel,
“PRE AND POST TAVR PR AND QRS
PARAMETERS HELP PREDICT NEED FOR A
PERMANENT PACEMAKER  FOLLOWING
HOSPITAL DISCHARGE,” Journal of the american
college of cardiology, Vol. 79, Issue 9, pp.756,
2022.
https://www.jacc.org/doifabs/10.1016/S0735-1097(22)
01747-8

Guillem Muntané-Carol, David del Val, Lucia
Junquera, Laurent Faroux, Robert Delarochelliere,
Jean-Michel Paradis, Siamak Mohammadi, Dimitri
Kalavrouziotis, Eric Dumont, Francois Philippon,
Josep Rodés-Cabau,

advanced conduction disturbances in patients with

“Timing and evolution of

right bundle branch block undergoing transcatheter
aortic valve replacement,” EP Europace, Vol. 22,
Issue 10, pp. 1537-1546, 2020.
https://doi.org/10.1093/europace/euaal49

Roope Lahti, Jani Rankinen, Markku Eskola, Kjell
Nikus, “Intraventricular
conduction delays as a predictor of mortality in acute

Jussi Hernesniemi,
coronary syndromes,” European Heart Journal Acute
Cardiovascular Care, Vol. 12, Issue 7, pp. 430-436,
2023.

https://doi.org/10.1093/ehjacc/zuad031

Francesco Bruno, Fabrizio D’Ascenzo, Matteo Pio
Vaira, Edoardo Elia, Pierluigi Omede, Susheel
Kodali, Marco Barbanti, Josep Rodés-Cabau, Oliver
Husser, Samuel Sossalla, Nicolas M Van Mieghem,
David  Hildick-Smith,  Antonio
Munoz-Garcia, Francesco Pollari, Theodor Fischlein,

Jeroen Bax,

36

2024. 4


https://eds.p.ebscohost.com/abstract?site=eds&scope=site&jrnl=19767277&AN=171790242&h=YKSFTPRyTorcU4mlhNTAoil3yb7f%2b6PtOjweMrxWWg8j5Yd4MszHh%2fQ5ihtiiPf81YiRvJUW4oBiPcV0SYw%2bEw%3d%3d&crl=c&resultLocal=ErrCrlNoResults&resultNs=Ehost&crlhashurl=login.aspx%3fdirect%3dtrue%26profile%3dehost%26scope%3dsite%26authtype%3dcrawler%26jrnl%3d19767277%26AN%3d171790242
https://doi.org/10.1161/CIRCULATIONAHA.121.057869
https://www.jacc.org/doi/abs/10.1016/S0735-1097(22)01747-8

POST-TAVR ECG 7IEte] PPI 0fF 2 A7

Carlo Budano, Antonio Montefusco, Guglielmo
Gallone, Ovidio De Filippo, Mauro Rinaldi, Michele
la Torre, Stefano Salizzoni, Francesco Atzeni, Marco
Pocar, Federico Conrotto, Gaetano Maria De Ferrari,
“Predictors of pacemaker implantation after
transcatheter aortic valve implantation according to
kind of prosthesis and risk profile: a systematic
review and contemporary meta-analysis,” EHIJ-
QCCO, Vol. 7, Issue 2, pp. 143-153, 2021.
https://doi.org/10.1093/ehjqcco/qcaa089

Pradyumna Agasthi, Hasan Ashraf, Sai Harika Pujari,
Marlene Girardo, Andrew Tseng, Farouk Mookadam,
Nithin Venepally, Matthew R Buras, Bishoy
Abraham, Banveet K Khetarpal, Mohamed Allam,
Siva K Mulpuru MD, Mackram F Eleid, Kevin L
Greason, Nirat Beohar, John Sweeney, David
Fortuin, David R Jr Holmes, Reza Arsanjani Agasthi
P, Ashraf H, Pujari SH, Girardo M, Tseng A,
Mookadam F, Venepally N, Buras MR, Abraham B,
Khetarpal BK, Allam M, MD SKM, Eleid MF,
Greason KL, Beohar N, Sweeney J, Fortuin D,
Holmes DRJ, Arsanjani R, “Prediction of permanent
pacemaker implantation after transcatheter aortic
valve replacement: The role of machine learning,”
World j Cardiol, 15(3), pp. 95-105, 2023.
https://doi.org/10.4330/wjc.v15.i3.95

Francisco Gama, Pedro de Aratijo Gongalves, Jodo
Abecasis, Anténio Miguel Ferreira, Pedro Freitas,
Mariana Gongalves, Salomé Carvalho, Afonso Félix
Oliveira, Henrique Mesquita Gabriel, Jodo Brito,
Luis Raposo, Pedro Adragdo, Manuel de Sousa
Almeida & Rui Campante Teles, “Predictors of
pacemaker implantation after TAVI in a registry
including self, balloon and mechanical expandable
valves,” The International Journal of Cardiovascular
Imaging, Vol. 38, Issue 1, pp. 225-235, 2022.
https://doi.org/10.1007/s10554-021-02365-2

Anan A. Abu Rmilah, Hossam Al-Zu’bi, Ikram-Ul
Haq, Asil H. Yagmour, Suhaib A. Jaber, Adham K.
Alkurashi, Ibraheem Qaisi, Gurukripa N. Kowlgi,
Yong-Mei Cha, Siva Mulpuru, Christopher V.
DeSimone, Abhishek J. Deshmukh, “Predicting
permanent  pacemaker  implantation  following

transcatheter ~ aortic ~ valve  replacement: A
contemporary meta-analysis of 981,168 patients,”
Heart Rhythm O2, Vol. 3, Issue 4, pp. 385-392,
2022. https://doi.org/10.1016/j.hroo.2022.05.001
Amitabh C. Pandey, Arjun Nichani, Megan Pelter,
Daniel Ng, Ashley Jaravata, Zabrina Duncan,
Siddharth Suresh, Sandeep Mehta, Curtiss Stinis,
Sanjeev Bhavnani, and Paul Teirstein, “MACHINE
LEARNING FOR PREDICTION OF PACEMAKER
AFTER TAVR IN PATIENTS WITH LOW
STROKE VOLUME INDEX,” Journal of the
American College of Cardiology, Vol. 77, Issue 18,
2021.

https://www.jacc.org/doi/10.1016/S0735-1097 %2821
%2902541-9

Yiming Qi, Xiaolei Lin, Wenzhi Pan, Xiaochun
Zhang, Yuefan Ding, Shasha Chen, Lei Zhang,
Daxin Zhou & Junbo Ge, “A prediction model for
permanent pacemaker implantation after transcatheter
aortic valve replacement,” FEuropean Journal of
Medical Research, Vol. 2, Issue 4, pp. 328-335,
2023. https://doi.org/10.1186/s40001-023-01237-w
Vien T. Truong, Daniel Beyerbach, Wojciech Mazur,
Matthew Wigle, Emma Bateman, Akhil Pallerla,
Tam N.M. Ngo, Satya Shreenivas, Justin T. Tretter,
Cassady Palmer, Dean J. Kereiakes, Eugene S.
Chung, “Machine leamning method for predicting
pacemaker implantation following transcatheter aortic
valve replacement,” Pace-Pacing and Clinical
Electrophysiology, Vol. 44, Issue 2, pp. 334-340,
2021.

https://doi.org/10.1111/pace.14163

Takahiro Tsushima, Sadeer Al-Kindi, Fahd Nadeem,
Guilherme F. Attizzani, Yakov Elgudin, Alan
Markowitz, Marco A. Costa, Daniel 1. Simon,
Mauricio S. Arruda, Judith A. Mackall and Sergio G.
Thal, “Machine Learning Algorithms for Prediction
of Permanent Pacemaker Implantation After
Transcatheter Aortic Valve Replacement,” Circulation:
Arrhythmia and Electrophysiology, Vol. 14, Issue 3,
pp- 370-372, 2021.
https://doi.org/10.1161/circep.120.008941

[19] Jamal Hajjari, Takahiro Tsushima, Scott Janus,

el

= QB FEst3| (25722)

37


https://www.jacc.org/doi/10.1016/S0735-1097%2821%2902541-9

[20]

POST-TAVR ECG 7[8t2| PPl 0fF 24 A7
Heather Wheat, Cristian R Baeza, Sergio Thal, implantation ~ after  transcatheter aortic  valve

Guilherme  Attizzani and  Sadeer  Al-Kindi,
“Prediction of Post-TAVR Pacemaker Implantation
Using Machine Learning on Pre-TAVR ECG,”
Circulation, Vol. 144, A9562, 2021.
https://doi.org/10.1161/circ.144.suppl_1.9562

George B. Black, Joshua H. Kim, Sophie Vitter,
Rand Ibrahim, John C. Lisko, Emily Perdoncin,
Nikoloz Shekiladze, Patrick T. Gleason, Kendra J.
Grubb, Adam B. Greenbaum, Chandan M.Devireddy,
Robert A. Guyton, Bradley Leshnower, Faisal M.
Merchant, Mikhael El-Chami, Stacy B. Westerman,
Anand D. Shah, Angel R. Leon, Michael S. Lloyd,
Vasilis C. Babaliaros, Soroosh Kiani , “Prospective

validation of a risk score to predict pacemaker

[21]

[22]

replacement,” Journal of Cardiovascular Electorphysiology,
Vol. 34, Issue 11, pp. 2225-2232, 2023.
https://doi.org/10.1111/jce.16061

Wei Liu, Zhangxin Chen, Yuan Hu, “XGBoost
algorithm-based prediction of safety assessment for
pipelines,” International Journal of Pressure Vessels
and Piping, Vol. 197, 2022.
https://doi.org/10.1016/j.ijpvp.2022.104655

Seo Hyun Oh, Min Kang, Youngho Lee, “Protected
Health Information Recognition by Fine-Tuning a
Pre-training  Transformer  Model,”  Healthcare
Informatics Research, Vol. 28, No. 1, pp. 16-24, 2022.
https://doi.org/10.4258/hir.2022.28.1.16

OXN R 2000

% 21 M (InSeo Song)
2020 ~ @A 7P gt %
B4R

E-mail : z8086486@gachon.ac.kr

2 M 2 (SeMo Yang)

ERER

E-mail : tpah20@gachon.ac.kr

0] Z & (KangYoon Lee)

2016\ ~ A 7w A
ek : AEAs, 1T,

E-mail : keylee@gachon.ac.kr

AEA%s, 1oT, HHolE &

2022 7Hdi s AFEFEH (FEAD
20243 7Hdigt e AFEE S (384D
Q1 EA%, IoT, Yol 4, tAd EH

1986\ AAM st AA-F3t (F8HAD
19963 AA|tieta [AAA A (F8H4IAD
20109 FAtstw A4S (33HEkAph
FE g s

Heoly &8, &%

AFE TN (SHAH)
A" B9

A, dA" E

FL

2024. 4



