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» Electric field creates pores
opening on the cell membrane

» Leads to imbalances in/out of the
cell

» Can be temporary or permanent
depending on strength and
duration of exposure

Applications:

» Biology: introduction of DNA (cell modification), of drugs
(enhanced chemotherapy)

» Agroindustry: sterilizing and cut french fries

» Medicine: ablation of tumors by destruction of tumoral cells
(aka NanoKnife)
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IRE 1IN THE HOSPITAL

Issues:

» Electrode location

» Pulse profile/duration

» WTF are we doing, i.e. what
area is affected by IRE ??
Without imaging (long,
costly, does not allow
immediate corrective
treatment).

preop CT/MRI needle insertion voltage setup postop MRI
+

+
CBCT pulses

4/38



ELECTROPORATION FOR CANCER TREATMENT MATHEMATICAL MODELS ESTIMATION METHODS NUMERICAL RESULTS

ooeo 0000000 00000000 0000000000000 0000

EFFECTS AT THE CELL LEVEL (MICROSCOPIC SCALE)

At rest, the cell membrane is made of two
layers of lipids (lipid bilayer).

When a strong electric field is applied, pores
open on the membrane (typically 1us). This

greatly increases the conductivity of the
membrane.

Later (10 — 100us) the lipids will be altered be
the electric field, increasing the conductivity

e
§

a bit more
Figure: Side cut of the cell
— e p— membrane
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OBJECTIVES OF OUR CEMRACS PROJECT

General goal, for clinicians:

» Using only available measurements (intensities for different
applied voltages) to determine the conducting properties of the
medium (body), thus deducting the treated area.

Tools:

» Different models for electroporation, depending on a number of
physical properties. Most parameters are not available in the
litterature and cannot be directly measured.

» Several automated parameter estimation methods
Our goal this summer:

» Compare the estimation methods

» Provide model parameters to fit real data

» Possibly help validate new models
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MODELLING ELEMENTS

1—‘Iout
» Electrostatic type
Q phenomenon
» Starting point: classical
- O O electrostatic equation:
& S V. (0x)VVE) =0 xe0
VV.-n=0 x € Tout
V=g¢" xe&*

» V: electric potential (VV electric field)
» o: conductivity
> [t = fgi oVV -nds: intensity
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THE BIPHASE MODEL, VOYER AND AL. 2018

HALF PHENOMENOLOGICAL - HALF PHYSIOLOGICAL

» Model the tissue like an electric circuit

» Three conducting regions: the intra-/extracellular media, and
the cell membrane.

i

i =1 + g

. _ d
oo = 2 (umle + Cm%um)

=(@- Zum)R;1
i, = vR;!
a, _ ny d, R, .
Ele =0= (Rcl + le)lcell + CmElczll = mle
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THE BIPHASE MODEL, VOYER AND AL. 2018

HALF PHENOMENOLOGICAL - HALF PHYSIOLOGICAL

» Model the tissue like an electric circuit
» Three conducting regions: the intra-/extracellular media, and
the cell membrane.

i= ie + icell
. 1 d
icenn = 2 umR;,; + C’"Eum

=(@- Zum)RC_1

i, = R}

Static biphase model

V- (aeV(Pe + Jc) =0,
(0c + om(Enl)]c = acam(lEml)v¢er
n- V(Peh”om = 0/ (Pelg* = gi/

where E,, = -V¢, + 0, 17, is the trans-membrane electric field. 5/38
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FrROM THE BIPHASE MODEL TO THE STANDARD MODEL

MONODOMAIN LIMIT AND STANDARD MODEL

This can be rewritten in terms of E,, only:

v. ((G N %Ew))m) o

0c + Op(|Eml

It is a generalized form of the electrostatic equation:

-V-(@(IVVI)VV) =0, inQ,
n- VV|r = O/ V|gi = gi/

ﬂvw)
/fm vV
0o

01
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ELECTROPORATION FOR CANCER TREATMENT
BiDOMAIN MODEL The microscopic model:
A PHYSIOLOGICAL MODEL
o) oo, =0 xeQ\Q,
oAu, =0 x € Q,
)/D o.Vu, -n=0Vu,-n xeT,
om(l?| (0m?) (e —ue) = 0. Vu.-n x€T,
Homogenization limit U Manon Deville’s thesis
V- (0.Vu, +0.Vu.) =0 xe)

a(oml?]) e —u)=V-(0.Vu,) =0 xeQ)

? Good Bad
U — U rigorous derivation no electroporation at the center’
Vi, matches experiments purely phenomenological

Boundary conditions:

Uele= = g%, n-Viuelr,, =0, n-V(u —u)lr,uex =0.
10/38



ELECTROPORATION FOR CANCER TREATMENT MATHEMATICAL MODELS EstiMaTION METHODS NUMERICAL RESULTS
0000 [ele]ele] Jele} 00000000 000000000000 00000

DYNAMICAL MODELS

In the previous derivation from the electric circuit equilavence, we
can keep d;J. # 0 and get

Dynamic biphase model

V- (Gevq)e + Jc) =0,
eoematlc + (oc + Gm(t/ |Em|)) ]c = Ucam(t/ |Em|)v¢f3/
n- V(Pelrout = 0/ (Pf.’lgi = gi/

Still reasoning with a membrane capacity, we also derive

Dynamic bidomain model

V- (o.Vu, +a.Vu,) =0
Cn0i(ue — tie) + a (om(t, Vue)) (e — tte) — 0cAu. = 0
Uele= = g%, mn-Vur,, =0,

out

n - V(u, — uc)lr,,ues = 0.
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The conductivity can be considered time-dependent:

om(t, E) = oy +07'X1(t, E) + 0" Xa(t, E).

Phenomenon  Symbol Evolution Dynamics
Poration X1 X; = @ . fast (71 = 1us)
Permeabilisation X, X, = ([ﬁ(X;_z—)Q)+ slow (72 = 100us)
1] 1000
A~ -~
~
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MODEL PARAMETERS AND AVAILABLE DATA

Parameters:
Model Class  Parameters Symbols
standard static 4 Etn, kep, 00, 01
bidomain static 4 Etn, kep, 00, 01, 0, 0c
bidomain dynamic 12 Oe, 0c, Ciny 0012, T12, K12, Thip
biphase static 6 Etn, kep, 00, 01, G, 0¢
biphase  dynamic 12 Oc, Oc) €my 00,12, T12, K12, Thip
Data:

» 3 different electrode sizes
» 5 different voltages (200V to 1000V)
» 19 samples, from 0.07us to 97 us
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THE PROBLEM OF PARAMETER ESTIMATION (STATIC CASE)

Consider
> 0O, - p-1 ), a fixed vector of parameter values

» y € ) the solution to the forward problem (A: model operator):
y={y: Aly, 0) =0} =: L(6)

> (Z,1l-llr) the space of observations or measurements we have access to.

We can map Y to Z, i.e make a measurement on our solution:

z=C(y)

Our goal is to "invert" the operator ¥ = C o L. This could be done by
minimizing the following functional:

1 1
TO) = 510 = 02, + 512" = Ol

0, a priori estimate, P,: uncertainty on the parameters, R: measurement noise
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THE PROBLEM OF PARAMETER ESTIMATION (STATIC CASE)

Consider
» 0O, -] Pgl), a fixed vector of parameter values

> y € ) the solution to the forward problem (.A: model operator):
y=1{y: Aly, 0) =0} =: L(6)

> (Z,]l-llr) the space of observations or measurements we have access to.

We can map Y to Z, i.e make a measurement on our solution:

z=C(y)

Our goal is to "invert" the operator ¥ = C o L. This could be done by
minimizing the following functional:

1 1 .
JO) =510 -60.I2, + 5 ) Iz~ O
k
0. a priori estimate, P,: uncertainty on the parameters, R: measurement noise
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ESTIMATION METHODS

Method Good Bad
Gradient descent Can be fast Needs Jacobian
local minima, tuning
Monte-Carlo / Metropolis easy slow
Fitering methods easy not cheap, tuning

15/38
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MonNTE CARLO METHOD

» Introduction
- Computing experiment: Computational physics, computational
chemistry, computational biology,...
- What is Monte Carlo method?
Lets you see all the possible outputs of your inputs.
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» How does Monte Carlo method work?

Observed
data
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APPLYING THE MONTE CARLO METHOD TO THE STANDARD
STATIC MODEL

» Step 1: Generate randomly a set of parameters {0;}; (i = 1, ..., N)
of the form uniform distribution from a priori value of 6.
Where: 0; = (Eth(i), kep(i), o0(i), 01()) (i=1,..,N)

» Step 2: Compute the corresponding outputs (set of model
intensities {¥(6;)}; (i = 1, ..., N) with 3 different electrode
diameters 4 € {0.3, 0.7, 1.1} and 2 different voltages
V € {600, 800}.

» Step 3: Use the Least-Squares Error Minimization to find the best
matching set of parameters.

18/38



ELECTROPORATION FOR CANCER TREATMENT MATHEMATICAL MODELS EstiMaTION METHODS NUMERICAL RESULTS
0000 0000000 00000800 000000000000 00000

LEAST-SQUARES ERROR

» The residual measures the difference between a observed data
and the corresponding model estimate: z — ¥(6;)

» Since the residuals can be positive or negative, we can not assess
a sum of residuals as a good measure of overall error in the fit.

» A better way is to take the sum of squared residuals, J(6;),
which is only zero if every residual is zero.

JO) =) E=¥O0)?, (i=1,.,N)

d Vv

» Estimated parameter is taken as 6" = argmin, (7 (0;))
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FILTERING METHODS

KALMAN FILTER

Assuming a fully linear system

Estimated state: X, state space
Estimated uncertainty:
Pk\. = COV(Xk - Xk|k)

Prediction

EstiMATION METHODS NUMERICAL RESULTS
[e]e]e]e]e]e] o] 000000000000 00000

B Xy = L(Xy-1) + wy

> Xk\k—l = ['Xk—llk—l /
> Pt = LPeop1 LT +Q

=

Update R observation space
> Jrr-1 = zx — CXige1 24
» S¢ =R+ CPyy1CT Al 4 Afey ‘x
> K = Py ,CTS! * XY R R
> B = K1 + K | zx = C(Xx) + vk 2 = C(X)
> Py =

(I — KC)Pyy_1(I — KC)T + KRKT
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FILTERING METHODS

KALMAN FILTER

What about parameter estimation?
One can simply consider the joint parameter-state space as the new
state space, with Okj-1 = Ox_1jx-1.

This works if:

1. The state space is small, otherwise Py is too big to work with
2. The model L is linear

3. The model £ depend linearly in the parameters

4. The observation operator C is linear
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FILTERING METHODS

KALMAN FILTER

What about parameter estimation?
One can simply consider the joint parameter-state space as the new
state space, with Okj-1 = Ox_1jx-1.

This works if:

X The state space is small, otherwise Py is too big to work with
X The model L is linear

A The model £ depends linearly on the parameters

v" The observation operator C is linear
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FILTERING METHODS

KALMAN FILTER

What about parameter estimation?
One can simply consider the joint parameter-state space as the new
state space, with Okj-1 = Ox-1jk-1.

This works if:

X The state space is small, otherwise Py is too big to work with
X The model L is linear

X The model £ depends linearly on the parameters

v The observation operator C is linear

Solutions:

2. & 3. Nonlinear extensions: Extended KF (EKF) and Unscented KF
(UKF)

1. Reduced-order Unscented KF (RoUKF)
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NUMERICAL RESULTS

SOFTWARE

Tools/libraries:
» python
» numpy (general scientific computing)
» fenics (FEM)
» filterpy (Kalman related utilities)
Software written:

v

Solvers for the static problems: standard and bidomain (Gaspard)
» Solvers for the dynamic problems: work in progress

» Monte Carlo estimator (Thuy and al.)
»

General Kalman filter library: static, dynamic and with state
estimator (Cécile and Gaspard)

v

Glue code for Kalman estimation for the static case (Cécile)
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QUALITATIVE RESULTS

STANDARD MODEL

M 0.156 360
0.144 320
0.132 280
0.120 240
0.108 200
0.096 160
0084 120
002 &
0060 a0
0048 13

0.005 0.010
Jivil i

280000
240000
200000
160000
120000
80000
40000

0.005 0.010

Figure: Standard static model typical solution
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QUALITATIVE RESULTS

BipoMAIN MODEL

ol[|Vue|) 1e7 .
6 360
5 320
B 280
240
3
200
2 160
1 120
0 80
N 40
0
0.005 0.010 0.005 0.010
B [19e]| B
288 350000
256
H 300000
224
102 250000
160 200000
128 150000
96 100000
64
50000
32
0.0

0.005 0010

0.005 0.010

Figure: Bidomain static model typical solution
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QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

ELECTROPORATION FOR CANCER TREATMENT
0000

i=0,1(0.03mus) = 0.000662733202065317

voltage
054 0008
0.48 J
015 00935
099
0.36 0.004
%10 %o
030
0.003
0z
6.005 0.005
0.18 0.002
o
0000 Shoo | it o0mo
3000 0005 0010 0015005 000 0005 0010 0015 5000 0005 0010 0015
000

3 intensity
100
075 0.00069
050 0.00068
025 000067
000 000066
0.005 -0.25
0.00065
050 -0.50
0.00064
0.000 0
5000 0005 0010 0015l 070000 0005 oo10 oo1s [ 075
000063
-1.00 -1.00

0029 0030 0031

0029 0030 0031
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QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

i =10, 1(0.33mus) = 0.10731788490339066
voltage
64
J
56
0.015
4
4®.010
2
2005 3,005
6 20
0.000 e 1§00
0005 8 0000 0005 0010 0015 0000 0005 0010 0015
o
01 02 03
- intensity
n =2 100
0.108 075 010
065
0.084 050 0.08
of 025
8o 0.06
0.060 0.00
0,048
0.005 0.005 -0.25 0.04
0,036
-0.50
0,024 0.02
0,000 0,000 o075
0000 0005 0010 0015l 00120000 0005 0010 0015 g
0.00
0.000 -1.00
01 02 03

26/38



ELECTROPORATION FOR CANCER TREATMENT MATHEMATICAL MODELS ESTIMATION METHODS NUMERICAL RESULTS
0000 0000000 00000000 000008000000 OOOOO

QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

20, 1(0.63mus) = 0.7165425924869854

voltage
[T [ 1400
192 J
162015 1015
144 1000
0010 0010
138 800
%
0005 005
72
00
.00 00
0005 0010 24 0.000 0.005 0010 0.015 2 0.000 0005 0010 0015
3
o 02 04 06
intensity
n [T 0.00024
032 07
000021
00815 06
000018
024 os
000015
09610 os
000012
016 -
0005 09905 000009
02
008 000006
01
0000 0000
0000 0005 0010 0015 004 0000 0005 0010 o015 [ff 000003
00
000 000000
00 02 04 06
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QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

30, 1(0.93mus) = 1.4146002605659211

voltage
J
58815
4000
0010
3000
2068
2l 109800
0,005 0000 0005 0010 0015 0000 0005 0010 0015

02 04 06 08

intensity
048 0.0036 14
00015 0.0032 12
036 0.0028 10
0.0024
08910 08
00020
024
0005 oges 0.0016 06
o 0.0012 04
012
0.0008
0.000 2.0 02

0
0000 0005 0010 0015 006 0000 0005 0010 0.015 i 0.0004

0.00 0.0000

00 02 04 06 08
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QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

40, 1(1.23mus) = 1.6294353938981339

voltage
360 12000
320 J
0015 160885
260
240 8000
0010 0010
200
6000
169
0.005 0.005
120 4000
8 Sk
b0 = 2an000
0005 0010 40 0.000 0.005 0010 0.015 0.000 0005 0010 0015
0
05 10
intensity
064 00072 16
056 0.0064
0.015 14
048 0.0056 12
0.0048
04910 10
0.0040
032 08
00032
0.005 004905 06
0.0024 .
4
016 0.0016
0,000 ggoo 02
0000 0005 0010 0015 00870000 0005 0010 0015 0.0008
00
0.00 0.0000
0o 05 10
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QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

i =50, 1(1.53mus) = 1.6814100803422494

voltage
- (7 20000
300
0 J 17500 56700
o015
25000]5 15000 48600
240 40500
0010 1%8%
200 10000 32400
160
0005 750005 2430
120
200
5000 16
%000 e
24800 0.8 100
0.005 0.010 40 0.000 0.005 0010 0.015 0.000 0005 0010 0.015
o
o
do o5 1o 15
intensity
O 0 175
072 0.0108
0.0096 150
00084 125
0.48 0.0072
0010 100
0.40 0.0060
032 00048 075
0005 0005
034 00036 050
016 00024
0.000 0.000 025
5000 0005 0010 0015l 0850000 0005 0010 015 [l 00012
000
000 00000
do o5 1o 15
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QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

60, 1(1.83mus) = 1.7066476938468846

voltage
360
J
o
0015
28
240
So10
208
169
0.005
120
9000 =k 9800
0.005 0.010 40 0.000 0.005 0010 0.015 0.000 0005 0010 0.015
0
s 10 15
intensity
08 0.0144 175
07 0.0128 1.50
3015
06 ooz s
00096
%3010 100
0.0080
04
0.0064 075
0005 08005
00048 050
02 0.0032 025
0000 go00 g
0.000 0.005 0010 0015 0. 0.000 0.005 0010 0015 0.0016
000
00 00000
G o5 1o 15
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QUALITATIVE RESULTS

DyNAMIC BIPHASE MODEL

70, 1(2.13mus) = 1.7208963972857538

voltage
360
J
0
0015
28
240
Sot0
20
109
0.005
10
« )
oo |~ »
0.005 0.010 40 0.000 0.005 0010 0.015 0.000 0005 0010 0.015
o
G5 1o 15 20
intensity
M 1 175
o 0o
0016
0.0.015 10
0o
s 125
0012
08010 1.00
0010
0.4 0.008 075
0005 £3005
: 0008 0s0
02
0004
0.000 0.000 025
0,000 0005 0010 0015 01 0000 0005 0010 0015 0.002
a0
0 0000

32/38



ELECTROPORATION FOR CANCER TREATMENT MATHEMATICAL MODELS ESTIMATION METHODS NUMERICAL RESULTS
0000 0000000 00000000 00000000000 e00000

NUMERICAL RESULTS

Monte CARLO

Paramater En key o o1
Init. value 5.75x10* 5x10° 65x1072 1.483x107!
Variance 25 2x10% 25x107? 0.9x 107!

Size of param set  Estimated param  Min of squared residuals

Eth = 5.750 x 10*

30 kep = 1.848 1072 0.357
oo = 8.412 x 1072
o1 =4.256 x 107

Eth = 5.750 x 10*

100 kep = 8.528 X 1073 0.345
oo = 6.871 X 1072
o1 =4.444x 107!

Eth = 5.750 x 10*

500 kep = 1.442 X 1072 0.312
oo = 4.674x 1073
o1 =4.165x 1071
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Figure: Independent estimation of the 4 parameters
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Figure: Simultaneous estimation of Ey,, 09 and o4
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WORK TO BE DONE, FUTURE WORK AND OPEN QUESTIONS

Work done

» Implementation of the (nonlinear) direct solvers with a common
interface

» Implementation of several parameter estimation methods

» Qualitative comparison with clinical data
Work to be done

» Quantitative comparison with clinical data (in progress)

» Parameter estimation in the dynamical case (soon)

» Fix the direct bidomain and dynamic model solvers (very soon)
Future work and open questions

» Theory

» Well-posedness of the inverse problems
» Write a good state estimator for the dynamical problems

» Modelling

» Physiological evolution equation for o,,(t)
» Correct derivation of the ,,(|Vu,|)
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Thank you for your attention!
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