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Personalised Cardiac Models

- Statistical Models
* Specles . |
_ multiple spaces:
° Populatlon shape, deformation, evolution...

Groug

 |ndividual: Patient

¢ System

* Organ Biophysical Models

e Tissue multiple physics:
mechanics, fluids, electrophysiology...

e (Cell




Complementary Methodologies

Model Selection

Probabilistic Formulation

Statistics Biophysics

Interpret Results

Generate Data / Features

. Biophysical Model = integrative representation for large heterogeneous databases
. Uncertainty Quantification in modelling and machine learning: confidence in predictions, data /
model uncertainty, group-wise statistics

Maxime Sermesant. When Cardiac Biophysics Meets Groupwise Statistics: Complementary Modelling Approaches for ~ _5g

Patient-Specific Medicine. Habilitation a Diriger des Recherches, Université de Nice - Sophia Antipolis, June 2016.



Computer Models of the Human Heart

anatomy
electrophysiology
;
\ perfusion solid mechanics
' i & metabolism o
N —— Clinical
Cardiac data Cardiac modeling applications
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Ventricular Tachycardia / Fibrillation

3 000 000 persons experience SCA (Sudden Cardiac ! /i rv
Arrest) worldwide annually, including 400 000 in Suddencardicarress
Europe. |

Only 10% survive. ) —
Most common mode of death.
80-90% due to ventricular tachycardia (VT). Causes of death (Sudden Cardiac Arrest Foundation)

Cardiac RadioFrequency Ablation (RFA) is an effective treatment for VT patients but:
& No consensus in optimal ablation strategy
o Recurrence rate: 20 — 40 %

E Long procedure times (> 6h)




Cardiac catheter ablation

Tedious and Complex

—> Build patient-specific model from electrophysiology mapping and images
to Predict ablation targets in-silico before the procedure

Sermesant, R. Razavi. Biophysical modelling predicts ventricular tachycardia inducibility and circuit morphology: a combined clinical
validation and computer modelling approach. Journal of Cardiovascular Electrophysiology, 2016.
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Cardiac Model Ingredients
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Mitchell-Schaeffer Model

Model features

* Phenomenological model (simplified biophysical model)
* Small number of parameters, related to global behaviour
» Targeting simulation at organ scale

Reaction-Diffusion Equations:
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. Chen, R. Cabrera-lozoya, J. R ' A. , R K ) K. R , N. A , P. . R )
&z/zza,-— Sermesant, R. Razavi. Biophysical modelllng predlcts ventricular tachycardla |ndUC|b|l|ty and circuit morphology: A combmed cl|n|cal -8
validation and computer modelling approach. Journal of Cardiovascular Electrophysiology, 2016.




Building Personalised Electrophysiology Models

Simulation Clinical observations

Isochrones Conduction Velocity

Early Late
Activation Activation :
= e s Spatial orientation
APD Map

250
n f_
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600

Model
restitution
curves

‘ —> Algorithms for patient-specific Tissue Conductivity & Restitution \
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ING'S
Validation of Model Prediction for VT LS colege

Ischemic VT patient selection & Clinical data (2011)
# Patients history

= Male patient, 72 yrs old, with ischemic heart disease (IHD), myocardial infarction (MI) in the infero-
lateral wall, LV EF < 35%, QRS <120 ms, with NSVT on 24 hr tape.

= Male patient, 58 yrs old, with IHD, Ml in the infero-lateral wall, LV EF < 25%, QRS <120 ms, NSVT on 24
hr tape.

# Anatomical imaging
. 3D SSFP MR
. LEMR
= Cine MR
# Electrophysiology mapping

= Non-contact electro-anatomical mapping (EnSite) (St. Jude Medical) & contact mapping in only few
local areas

= BSPM (IBT Karlsruhe, Germany)

# VT induction
= Standard Wellen's protocol for VT-Stim
= pacing from RV apex

European Commission e oy
Information Society and Media .

. Chen, R. Cabrera-lozoya, J. R ' A. , R K ) R , N. A , P. . R )
&z/z/a,-— Sermesant, R. Razavi. Biophysical modelllng predlcts ventrlcular tachycardla |ndUC|b|l|ty and circuit morphology: A combmed cl|n|cal -10
validation and computer modelling approach. Journal of Cardiovascular Electrophysiology, 2016.




Extensive & Invasive Clinical Data el
[.ONDON

Anatomy— MRI

MR & EP fusion

: Whole Heart &
3D SSFP, Cine-MR :
and Gad-MR Ventricular Model Scar & Gray Zone

Electrophysiology mapping — EnSite & BSPM

Virtual Electrograms (mV)

-0.431 0.731

S DT detection

Depolqnzohon Tlmes (ms)
120

Wﬁﬂﬂ

130

Unipolar electrograms
DT Map

R T APD detection

BSPM — MR - EnSite integration DT: Depolarisation Time

LAT: Local Activation Time
EP: Electrophysiology

Positive T-Wave

Negative T-Wave .
B RS Wae Body Surface Potential

o Mapplng (BSPM)

& : . Cabrera-lozoya, J. . . Delingette, J. .
777 B Sermesant, R. Razavi. Biophysical modelllng predlcts ventricular tachycardla mduublllty and circuit morphology A comblned cl|n|cal -1
validation and computer modelling approach. Journal of Cardiovascular Electrophysiology, 2016.
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Lo ING'S
EP Model Prediction — Induced VT College
LONDON

RV freewall 4 : RV freewall

Time: 13368x5ms

Induced \UT
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. Chen, R. Cabrera-lozoya, J. R R. K . P,
&sz'a,- Sermesant, R. Razavi. Biophysical modelllng predlcts ventrlcular tachycardla mduublllty and circuit morphology A combmed cl|n|cal -12
validation and computer modelling approach. Journ lar Electrophysiology, 2016.




ING'S
Personalised Models — Induced VT Circuits Ll

= Comparison of activation isochrones for model predicted induced VT in silico with clinically observed induced VT

DATA MODEL PREDICTION

en, R. Cabrera-lozoya, J. . ! :
Sermesant R. Razavi. Biophysical modelllng predlcts ventrlcular tachycardla |ndUC|b|l|ty and circuit morphology: A combmed cl|n|cal -13
validation and computer modelling approach. Journal of Cardiovascular Electrophysiology, 2016.




Nice Results on Few Cases:
What is missing for wider application?

Main Limitations:
- Model Realism
- Patient Selection Leverage
- Invasive Measurements . Machine
. . Learning
- Processing Timeframe

- Robustness to Variability

- Uncertainty Quantification
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Overview

» Cardiac Modelling & Machine Learning

* Feature Augmentation
* Data Augmentation

* Transfer Learning
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Local Abnormal Ventricular Activities

133ms o s Sharp high-frequency

potentials, possibly of low

amplitude, distinct from the

far-field electrogram

LAVA elimination by RFA is

feasible, safe and

associated with superior VT

free survival

Epicardial map and potentials with LAVA

. /, - Jais P, Maury P, Khairy P, et al. Elimination of local abnormal ventricular activities: a new end point for substrate 17

modification in patients with scar-related ventricular tachycardia. Circulation 2012;125:2184-2196.



Prediction of RFA Targets from non-invasive Imaging data:
Using Models to Augment the Features for Machine Learning

Clinical Data Image Processing Machine Results
Learning

Intensity
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Ablation Guidance
Maps

02T EERRRRRRERR Predictions
: EEENEEEEEN
m= Fractionation Index . . . l h . l
Confidence Electrophysiology
Study for validation

R. Cabrera-Lozoya, B. Berte, H. Cochet, P. Jais, N. Ayache, M. Sermesant. Image-based Biophysical Simulation of 18

Intracardiac Abnormal Ventricular Electrograms. rans. on Biomedical Engineering, 2016 & R. Cabrera-Lozoya PhD.



Image Processing

Intensity Features

Myocardium Scar
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Texture Features

Energy Entropy Correlation Contrast

Gray Level Co-Occurrence Matrix
« 3 distances x 13 directions

12 Haralick Features
« Statistics that emphasize specific texture properties

Confidence-based Training for Clinical Data Uncertainty in Image-based Prediction of Cardiac Ablation Targets. In bigMCV Workshop, 19
MICCAI 2014.

. 2 = R. Cabrera Lozoya, J. Margeta, L. Le Folgoc, Y. Komatsu, B. Benjamin, J. Relan, H. Cochet, M. Haissaguerre, P. Jais, N. Ayache, M. Sermesant.
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Biophysical Modeling

Cardiac Source Model Mitchell-Schaeffer Electrophysiology Model
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Intracardiac Abnormal Ventricular Electrograms. IEEE Transactions on Biomedical Engineering, 2016.



Biophysical Modeling: Qualitative Results

normal EGMs abnormal EGMs

Simulated Signals Clinical Signals Simulated Signals Clinical Signals
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Fractionation Index

R. Cabrera-Lozoya, B. Berte, H. Cochet, P. Jais, N. Ayache, M. Sermesant. Image-based Biophysical Simulation of
Intracardiac Abnormal Ventricular Electrograms. IEEE Trans. on Biomedical Engineering, 2016.




Uncertainty Quantification

Combined Uncertainty: catheter motion + registration error

The product of both uncertainty sources

Intuitively, features from EAPs with smaller catheter motion and projection
distance are more reliable

Confidence values per EAP are assigned by scaling weight parameters
Confidence

: IHi gh
Motion Distance Uncertainty Low

VF}\ < .
Catheter Projection

R. Cabrera-Lozoya, B. Berte, H. Cochet, P. Jais, N. Ayache, M. Sermesant. Model-based Feature Augmentation for Cardiac 55

Ablation Target Learning from Images. IEEE Trans. on Biomedical Engineering, 2018.



Machine Learning with Uncertainty

Random forests define the node split criterion (information gain) as :

¢ # samples after split
|Si| . @ child node
IG = H(S) — H(SY) °
P |51 # samples before split oo
T @ parent node
W 0" = argmax(IG)

Shannon Entropy: H(IW) = — X cec pw (c) log(p,, (c)) S

Welghted instances redefine entropy

Sample weighted formulation of IG:
LsW*
s W

IG=HW) —
i=1,2

HWYH

R. Cabrera-Lozoya, B. Berte, H. Cochet, P. Jais, N. Ayache, M. Sermesant. Model-based Feature Augmentation for Cardiac >3

Ablation Target Learning from Images. IEEE Trans. on Biomedical Engineering, 2018.



Augmenting Features with Personalised Models

Five patients referred for RFA for post-infarction VT prediction Confidence

Ground Truth Image Features Simulation Features | Image

0 Simula ]

Average results across five patients

Accuracy Sensitivity Specificity Precision
B /mage-based ' ! k k
1 0.8 08

. Simulation-based o8 ' 1 os .
1 06 { 08 1 os

{ o4 { 04 1 o4 ]

1 *2 02 1 o2 )
0 0 0

- Simulated features improve machine learning results

tion

04

0.2

. Combined Feature Set

. &,L R. Cabrera-Lozoya, B. Berte, H. Cochet, P. Jais, N. Ayache, M. Sermesant. Model-based Feature Augmentation for Cardiac >4

Ablation Target Learning from Images. IEEE Trans. on Biomedical Engineering, 2018.



Overview

» Cardiac Modelling & Machine Learning

* Feature Augmentation
* Data Augmentation

* Transfer Learning




Electrophysiological (EP) Personalisation

+ precise

- risk

- long procedure
" X-ray radiations

Invasive measurements

J

EP Cardiac Model

et

Personalise
parameters

et

Understand pathologies
and predict therapies

Non-invasive measures
low-risk +
shorter procedure +
Ill-posed problem -

\_ posea P Y,

. &L - :/I S. Giffard-Roisin; T. Jackson; L. Fovargue; J. Lee; H. Delingette; R. Razavi; N. Ayache; M. Sermesant, "Non-Invasive Personalisation of a

Cardiac Electrophysiology Model from Body Surface Potential Mapping," in IEEE Transactions on Biomedical Engineering, 2016.



Forward problem

Forward Model in ECG imaging i
’ Ng
7

« C(Classical numerical approaches BEM / FEM:
* Null current across the body surface
 Different properties of torso tissues

* Dipole formulation [1,2]:
« simplified framework
* homogeneous and infinite torso domain &g

Potyagaylo et al. 2016

. 1 . 1
Potential ¥ (R) ~ 4mo fq)H.qu v (E) av jeq = eq. current density
R P(R)
Depolarized Cell dV X
+
Py
4+ 4+ T ..
—— Ty (conductivity o)
h
Extracellular
current dipole

[1] Malmivuo and Ponsey, 1995

[2] Chavez et al. 2015



Personalisation Pipeline

For every patient

BSPM Pacing
recording

lead
locatio

FORWARD
PRE-PROCESSING EP MODEL

‘ Mitchell-

Schaeffer Model

EVALUATION
Final simulation

Patient-
specific
training set

Formulation

STEP1
Patient-
specific Random initial
training set . :
pacing location

S. Giffard-Roisin; T. Jackson; L. Fovargue; J. Lee; H. Delingette; R. Razavi; N. Ayache; M. Sermesant, "Non-Invasive Personalisation of a

Cardiac Electrophysiology Model from Body Surface Potential Mapping," in IEEE Transactions on Biomedical Engineering, 2016.



Kernel Ridge Regression

- B r a
X1,1 Taa
X Tq
Nb torso 1.2 Nb ?

electrodes x vertices
7 x H E N
200,7
T
. die S

KERNEL RIDGE

- REGRESSION Y
features targets

> Ridge regression : minimize ||y — Xw||? +1||w]|?
» Prediction y’ of novel observation x':
y = yT(K 4+ AD ™k, K = K(x', x;)

2
> Gaussian kernel: K(x;,x;) = exp (— i )
» 2 parameters: A, o

» from 10-fold cross —validation

S. Giffard-Roisin; T. Jackson; L. Fovargue; J. Lee; H. Delingette; R. Razavi; N. Ayache; M. Sermesant, "Non-Invasive Personalisation of a

Cardiac Electrophysiology Model from Body Surface Potential Mapping," in IEEE Transactions on Biomedical Engineering, 2016.



Non-invasive personalisation: pipeline
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S. Giffard-Roisin; T. Jackson; L. Fovargue; J. Lee; H. Delingette; R. Razavi; N. Ayache; M. Sermesant, "Non-Invasive Personalisation of a

Cardiac Electrophysiology Model from Body Surface Potential Mapping," in IEEE Transactions on Biomedical Engineering, 2016.



Non-invasive personalisation: evaluation

Ex. Left ventricular (LV) pacing
Comparison with Cardiolnsight inverse solution

7 . : . .
C . 60 .
Personalisation =50
£40 |
Result 5 30
ERLIT
10
1 2 3 4 !
EEE Pers. Result EEE Cardiolnsight
Activation Time (ms) .
0 60 120 180 240 300 (b) LV pacing
w0 —— 70

60
£ 50

£ 40 |
5 30

o 20

10

O—7 9 3 4 5

’- Pers. Result I Cardiolnsight

Cardiolnsight
Result

(a) RV pacing

S. Giffard-Roisin; T. Jackson; L. Fovargue; J. Lee; H. Delingette; R. Razavi; N. Ayache; M. Sermesant, "Non-Invasive Personalisation of a
Cardiac Electrophysiology Model from Body Surface Potential Mapping," in IEEE Transactions on Biomedical Engineering, 2016.



ING'S
College

Non-invasive Predictions LONDON

- 2 different patients cvation e (ms

120 180 240 300

Measured BSPM
Predicted BSPM

Right pacing ahead by 40 Left pacing ahead by 40

-
B

ms on Left pacing ms on Right pacing
Eu_____-n—'"'::b_m_: A EDM M

ms3 ms

B CC: averaged ol .
CC=0.61 cross-correlation C¢=0.70

S. Giffard-Roisin; T. Jackson; L. Fovargue; J. Lee; H. Delingette; R. Razavi; N. Ayache; M. Sermesant, "Non-Invasive Personalisation of a

32

Cardiac Electrophysiology Model from Body Surface Potential Mapping," in IEEE Transactions on Biomedical Engineering, 2016.



Regression for onset localisations

-

ECGsignals
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Dimensionality reduction of the cardiac shape

Y =0riginal Yiec=
Reconstruction

depolarisation times (14 K Reduced

shape space

S T i
(SUJ) W} UOIIDAILOY

40

——Mean Activation Time Error (ms)

 Hierarchical decomposition of the mesh Max Activation Time Error (ms) |

* Eigen-decomposition of the stiffness matrix
associated with the Laplacian operator
* Linked to the modes of vibration of the shape

35

30 H

20 -

7
/Q g ‘A’v . A 15
% L) 10+

SL

Mode 1 Mode 2 Mode3 Mode 100

0

1 1 1 ; 1 1 L [l 1
0 100 200 300 400 500 600 700 800 900 1000

Nb modes

.




Example of result: bipacing data

Left ventricular
pacing lead

8 S

Right ventricular '
pacing lead

Stimulation leads
(simultaneous pacing)

Cardiolnsight device - 69 year-old

- female
- complete heart

block
- non-ischemic {
- LBBB

_ ~_Generic heart mesh
Segmented geometries from registered at the patient-

X-ray scanner specific location
I"m’a’—




Example of result: biventricular pacing localisation

Ground
truth
onset

location

S

no data
on septum

Kernel ridge
regression

Cardiolnsight RVR [ RVR reduced ]

Activation time

Mln mullmMaX
| &2 —




Bipacing localisations: 3 other patients

Patient #2 Patient #3 Patient #4

Ground
truth
onset
locations

£ i i Uy
SWI} UO[BAIDY

*The same generic heart mesh is used for 3 different patients
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Bipacing localisations: 3 other patients

Patient #4:
Epicardial reconstruction (Cardiolnsight)

—Infarcted
patients:
include tissue
heterogeneity |

.&zu’a/-

Patient #4

Ground
truth
onset
locations

£ i i Uy
SWI} UO[BAIDY




Include scar in the database

. odel realistic scar tissue
« Random shape generation [1]
* No reaction term + 80% diffusivity reduction

i
134
T3 k3 %% 30um

[ Viable Tissue
M Non-viable

« 5000 simulations database
o Left ventricle random scar (1/2 simulations)
« Random global conduction velocity Activation fime (e
« Random onset activation locations 10

120
l ' l 0

- How to use a common (and not patient-specific) database?
[1] N. Duchateau et al. 2016

90

60
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Overview

» Cardiac Modelling & Machine Learning

* Feature Augmentation
* Data Augmentation

* Transfer Learning




Reference Geometry - Domain Adaptation

« 20 patients with same device (Cardiolnsight)
* Majority of scarred patients

Torso electrodes of
20 patients

Reference

! Same Ak
N transformation -

1) Rigidly register heart to heart reference:

2) How to interpolate BSPM signals on referenc | .
electrodes? g

R

» Dipole formulation based on scalar product R *Jeq
* ECGsignal sensitive to heart orientation and location [1,2]

> Preserve R direction
- Minimize distance to blue line

Patient torso

Reference torso




Reference Geometry

Matching of measured BSPM signals
“IJ(SR) — LI”(Sl )
I o
Patient torso

o

Measured BSPM on one patientattime t

\

Reference torso

-_ 1/°

Projection of the BSPM on the reference torso




Reference Geometry Personalisation Pipeline

features(.| .| ) y

4 ° Simulated database

— Training

--- Testing

GENERIC Tb_ri'”'”g:
(OFFLINE) ours
Simulated Relevance vector
Reference .
t database regression
geometry (5000 # samples) (training)
Activation time (ms) 1
PATIENT-SPECIFIC Testing
(ONLINE) 2 min
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Interpatient study: how to combine information

* 20 patients

N . | . "
\ BO BBPM Irecolrdlnlgs . simulations
'8 o from training
= | e LVonly h
4 dlfferem
e RVonly
| pacmg
o1 @ simultaneous_
© sinus rhythm
ol .
patient 5 r| ht BBB left BBB
patient 15 ) g ¥
-2
patients all other
_al 5and 15 patients
“l6 14 12 10 -8 s

“* Mode 1




Sinus rhythm estimated activation map

* Ex.on one infarcted patient (#9)
* Local conduction velocity [1]? - from thresholding the SR estimation

Activation time (ms)

Conduction velocity (m/s)
0.2 0.3 0.5
— I

4

.4

RVR estimation Cardiolnsight estimation Personalised conduction

(using reference model) velocity (thresholding)
A




Personalised Pacing Predictions

II-Schaeffer

.4~M@el
vl

Dipole
Formulation

OFFLINE

Simulated Relevance vector
database regression
(5000 # samples) (training)

Reference
geometry

Conduction velocity (m/s)

v
| R

Activation time (ms)

PATIENT-SPECIFIC




Personalised Pacing Predictions

* Ex.on one infarcted patient (#9)
« Biventricular pacing: LV 40ms

Left | Right

ventricle ventricle

Activation time (ms)

S

MTTIIIHTW
& 8 R§ B

o

Cardiolnsicht solution Prediction from personalised Prediction from
(framlo t5|glr corlélin ) parameters from sinus homogeneous conduction
o : rhythm velocity g

.&'z



Conclusion

* Healthcare data is often sparse and noisy
* Large labelled databases is a challenge
« Simulation is a way to augment data and features

* Many different ways to combine machine learning
and biophysical modelling

* Learning and modelling could also be directly
integrated (PDE-net...)




YOOURE TRYING TO PREDICT THE BEHAVIOR
OF <COMPUCATED SYSTEMD>? JUST MODEL
IT WITHA DEEPNETWORK AND THEN ADD
SOME REGULARIZATION TO ACCOUNT FOR
<COMPLICATIONS T JUST THOUGHT OF ).

\

ERSY, RGHT?
) :
60, WHY DOES <Y0uR FIELD> NEED Thank you for your attention.
A WHOLE. JTouRNAL, ANYWAY? .
( Any question?

Maxime Sermesant
Inria, Epione team

Sophia Antipolis, France

maxime.sermesant@inria.fr

LIBERAL-ARTS MATORS MAY BE ANNOYING SOMETIMES,
BUT THERES NOTH/NG MORE OBNOXIOUS THAN
PROGRAMMERS ENCOUNTERING A NEW SUBJECT.

https://twitter.com/neuroecology/status/873348847170465792
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