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Motivation
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o Inter-cell variability complicates drug \
response and its prediction. ‘
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@ Need to quantify and predict cell- APDgo(ms)

to-cell variability. This is best done
using mechanistic models con-
strained by data.
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trategies for Modelling Cardiomyocyte

Variability

@ Detailed mathematical models of the
myocyte action potential (AP) are
well-developed (for various species,
cardiac types, health/disease) but are
generic not cell-specific.

o Population-based: generate large
number of random AP waveforms then
calibrate biomarker distributions (e.g.
APD90). No one-to-one correspon-
dence between models and cells.

@ Sample-specific: fit mathematical
models to individual cell data. Pre-
viously restricted to small number of
cells only.

@ Goal: Construct cell-specific fits of
full AP waveforms for a large popu-
lation of cells.
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O Allmodels in expt range
Experiment data
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Experimental Dataset

@ 1300 cardiomyocytes from different ventricu-
lar regions (apical/basal, endo/mid/epicardial)
in 8 male rabbit hearts.

@ Cells isolated enzymatically, loaded with Fluo-
Volt voltage sensitive dye.

@ Pre-paced at 2 Hz for 5 minutes. 201
@ Fluorescence signals recorded at 10 kHz for .
25s. £-a0
>
@ Beat-to-beat variability < 2% across APs within oo
each cell.
@ Signals averaged into a single waveform per 80
cell.
@ Final dataset: 0 100 200 300 400 500
Time
Kk N
D= {Di - {(tj = JALYVL), At = 10*45} } . K =5000, N = 1228.
=1} =1
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@ The Shannon et al. (2004) model is used as the baseline AP model
for single rabbit ventricular myocytes.

The model describes ionic dynamics across four compartments: Sar-
coplasmic reticulum (SR), Junctional cleft, Subsarcolemmal space, Cy-
tosolic bulk.

Tracks 38 state variables incl. ion concentrations and gating variables.

Involves 15 ionic currents:

Major currents: Ina, IcaL, Ikr, Iks, Ik1
Transient outward: Iiof, ltos

Chloride: Icica, Ici

Sodium-calcium: Inaca, Inak, Icap

Background and pump currents: Inab, Icab, Ikp

ER |

o Total number of parameters 180 degrees of freedom.
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Model and Data

o Each myocyte is modelled by a system of ODEs:
&= f(t.a;9), x(0)=wz, y=s(z(t)),
with time t € R, state z € R%, model parameters ¢ € R¥, and observables y.
o Experimental data for each cell is represented as discrete sets of measurements:
D= {(tJvYJ)}JK:1
@ Measurements are modeled with Gaussian noise:
Y~ N(y(ts; 6),0%).
@ Initial conditions and noise level are added to the parameter vector

0= (¢, I‘(),O’) € Rl.
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Experimental AP Data
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fGlasgow Parameter Estimation — Maximum Likelihood Principle

@ The likelihood of observing a measured dataset D at given parameter values is: Experimental AP Data
K
1(Y; —y(t;,0,20))>
[,(Y,@) Y\Q :H CXp<—*(J U(j27 ) 0)))
j=1 2 o Shannog Model
@ The maximum likelihood principle postulates that the best point estimate 6 of J,
the parameter values are those that maximise the likelihood -
£(6)
6 = argmax L(Y; 0 *
ginax £(Y30) *) I
Maximiser (CM@-ES)
@ This is now a nonlinear optimization problem. Estimate 6
Std Err 04
@ CMA-ES (Covariance Matrix Adaptation Evolution Strategy) for likelihood max- J,
imization. Goodness-of-fit
P

Cell-specific model parameters Methodology



Umve151t§

fGlasgow Parameter Estimation — Error and Goodness-of-Fit

o Standard errors of estimation can be found by a Taylor expansion of the vari-
ance about the expectation:

Experimental AP Data
D

o5 = 6y\/diag ([JTJ]71), J = Vayl,.

o Goodness-of-fit tests the hypothesis that deviations are due to Gaussian noise,

using the chi-squared statistic shannep Model

K 2, l
Z ( i —y(ts, 9 mﬂ)) /‘7 Likelihood
£(6)

=1

and computing the p-value l
Maximiser (CMf\—ES)
[e'e) Estimate 6

p= Pr(XE > )22(é) | Hy) = / P(X?,) dXE Std Err 05

%2 !

i Goodness-of-fit
to assess fit. 5

o Fits are accepted if p > 0.3 used.
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o Parameters fitted: The maximal conductances of 8 selected ion currents in the Shannon model.
0 = [Gkr, Gks, Gk1, Gros, Gcal, Gtb, INaks INaca,s 0]

o Estimands selected based on a Sobol global sensitivity analysis of the Shannon model.
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Ranking of the grand total Sobol sensitivity index of 6 selected biomarkers to variation of parameters.
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20k —— true synthetic + noise (0= 2.50) . . -
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o Synthetic AP trace generated using randomly selected parameter values.
@ Gaussian noise added with std dev o = 2.5 for close resemblance to actual data.
o Parameters recovered accurately with absolute errors O(1072) — much smaller than the std err of

estimation.
o Nearly exact match between synthetic and refitted AP traces, e.g. root-mean-square deviation in V:

RMSD(V)/Vamp = 1074

@ Conclusion: the fitting procedure is robust and accurate under known conditions.
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Y g
uid: 210511 runlOcell6 uid: 210421 _runl2cell8
208 —— data (6=2.66) e~ 200 —— data (6=3.81) =
ok —— fit (n=0.48) 2.0 o- —— fit (p=0.46) o
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@ 1200 cell-specific Shannon models accepted
with p > 0.3.

@ Interpret as a random sample from the phe-
notype distribution of healthy myocytes.

@ Many estimands exhibit bimodal or skewed
distributions.

@ Most parameter pairs exhibit weak or no
mutual correlation.

@ Std errs appear more strongly correlated.

2 | S weak identifiability of individual conduc-

g ity tances.

3
logldcs) logléx)

@ Indicates high physiological variability and
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Application: Prediction of Dofetilide Response
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Experiment APD90[ dofetilide + DMSO ]
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450

Dofetilide administered in solution with DMSO
(Dimethyl Sulfoxide) which has non-spec EP effects.

DMSQO effects are measured only on population level:
Distribution is f [AAZP"(q)].

veh
Solution effects measured on paired (before-after
drug) cells: AAg(j).

Action of drug (30 nM dofetilide) is modelled as 30%

reduction in Gk,. Effect is AAGP(j).

We assume total effect is additive and compare distri-
butions:

F|AAZPG) = AATIG)] ~ FIAAT (@)

sol drug veh

A good agreement found.

Results
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Conclusions

@ Demonstrated that cell-specific fitting of full APs at scale is feasible for large populations of cells.

@ Provides tools for mechanistic prediction of drug effects.

@ Open questions remain: the uniqueness of fit. Needs to be assessed further.

SofTMech-MP & SofTMech-SET: EPSRC (EP/S030875/1, EP/T017899/1)
BHF FS/19/56/34893.
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