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Biophysically detailed cardiac cell models reconstruct t action potential and calcium
dynamics of cardiac myocytes. They aim to capture the biophsics of current ow through
ion channels, pumps, and exchangers in the cell membrane, ahare highly detailed.
However, the relationship between model parameters and moel outputs is dif cult to
establish because the models are both complex and non-lineaThe consequences of
uncertainty and variability in model parameters are therafe dif cult to determine without
undertaking large numbers of model evaluations. The aim ohé present study was to
demonstrate how sensitivity and uncertainty analysis usgnGaussian process emulators
can be used for a systematic and quantitive analysis of biopfsically detailed cardiac
cell models. We selected the Courtemanche and Maleckar mods of the human atrial
action potential for analysis because these models descria similar set of currents, with
different formulations. In our approach Gaussian processeemulate the main features of
the action potential and calcium transient. The emulators @re trained with a set of design
data comprising samples from parameter space and correspoding model outputs,
initially obtained from 300 model evaluations. Variance lsed sensitivity indices were
calculated using the emulators, and rst order and total effct indices were calculated
for each combination of parameter and output. The differenes between the rst order
and total effect indices indicated that the effect of interetions between parameters was
small. A second set of emulators were then trained using a nevget of design data
with a subset of the model parameters with a sensitivity indeof more than 0.1 (10%).
This second stage analysis enabled comparison of mechanissin the two models.
The second stage sensitivity indices enabled the relatiotép between the L-type Ca2C
current and the action potential plateau to be quanti ed in @ch model. Our quantitative
analysis predicted that changes in maximum conductance oftte ultra-rapid K€ channel
Ixur would have opposite effects on action potential duration ithe two models, and this
prediction was con rmed by additional simulations. This sidy has demonstrated that
Gaussian process emulators are an effective tool for sensiity and uncertainty analysis
of biophysically detailed cardiac cell models.
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Coveney and Clayton Analysis of Cardiac Cell Models

1. INTRODUCTION model inputs. These include sensitivity analysis, which gins
quantify the change in model output resulting from changes
The cardiac action pOtential arises from the movement of i0n$n one or more model inputsl and uncertainty ana|ysi3, which
through channels, pumps, and exchangers in the cell membranggnsiders how uncertain or variable model inputs de ned by a
At any instant, the current carried by each ionic species dépen distribution or range of values in uence model outputs4|telli
on potential di erence across the cell membrane, as well ast al., 201 However, the level of detail included in the present
ion concentrations and the dynamics of ion channel gatinggeneration of cardiac cell models means that formal seititiv
The complex interplay of currents produces depolarizatiorand uncertainty analysis is di cult, and so a detailed exaation
and then repolarization of the membrane, which then actsf how model inputs in uence model behavior often relies on
to trigger release of&, initiating mechanical contraction |arge numbers of numerical simulations where a di erent skt o
(Fink etal., 2011 inputs is used for each model ru pivuméki et al., 201y These
The rst model of the action potential in a cardiac datasets can be used for regression analysis, which erthbles
myocyte was developed over 50 years afjmb(e, 196},  sensitivity of model outputs to changes in model inputs to be
and since then a series of more detailed models havgssesseds@rkar et al., 20)2Another approach is to select a set
been developed as experimental techniques and data hayginputs, or population of models, that produce action potentials
improved. The present generation of models provide detailegh the range of experimental observatiorisrifton et al., 2013;
reconstructions of the cardiac action potentigtitk et al., Sanchez et al., 2014: Muszkiewicz et al., R0Adrawback of
2019, and computational models of cardiac cells andthese approaches arises from the high dimensional input space
tissue have become valuable research tools because tlf@(ythe mode]s; a very |arge number of model evaluations is
can encode biophysical mechanisms into a quantitativ@eeded to investigate the input space thorougliagke et al.,
framework, and so can be used to test and construct hypothesggog, although recent work indicates that this challenge can

(Clayton etal., 2091 be overcome by constructing new models that are designed for
Although these detailed models are capable of simulating thgncertainty analysis{athmanathan et al., 20)L9
behavior of real cardiac myocytes, this veracity comeseptite Methods for sensitivity and uncertainty analysis using

of complexity. Models of the cardiac action potential typicallyprobabilistic approaches have been developed and applied in
comprise a system of coupled, sti, and non-linear ordinaryareas including climate modeling¢e et al., 2011, 20)l&and are
di erential equations. There are many model parameters angheginning to be used for cardiac and cardiovascular ow msde
boundary conditions, which we will refer to amodel inputs (Eck et al., 2016; Mirams et al., 2)16ne of these approaches
from here onward. These model inputs can be derived froms to use a Gaussian process (GP) as an emulator or surrogate of
experimental data, using approaches based on those pioneereddyodel.
Hodgkin and Huxley in squid giant axoriHodgkin and Huxley, A GP is a exible non-parametric regression tool widely used
195). However, experimental data are subject to variability andor machine learning, which e ectively interpolates an output
error arising from both limitations of experimental methods syrface. The GP is initially trained using a setdgfsign data
as well as intrinsic variability in cardiac cells. Some ddsth composed of inputs and the desired output. Once trained, a
inputs, such as binding a nities and reaction rate constants GP can be evaluated very quickly to estimate an output for a
can be considered to have xed values because they havengw and unseen set of inputs, and so can emulate a cardiac
physical basis. However, others, such as maximum ion channgll model, or simulator Chang et al., 20)5A GP can treat
conductance, depend on the ion channel density in the celincertainty and variability explicitly, providing a probaistic
membrane as well as other factors that are variable. Thegmean and variance) estimate of the output, and so is an ideal
quantities may therefore vary from one cell to another, andool for sensitivity and uncertainty analysis. It can beired
even from beat to beat in the same cell. These considerations a relatively small number of simulator runs, and so o ers
underlie three specic problems. First, errors and varidpili advantages over other approaches, such as Monte Carlo methods
in data are typically not taken into account when calibratingthat require large numbers of simulator ruris§nchez et al., 2014;
model inputs, and taking an average of experimental data carielis et al., 201)7
distort model behavior Rathmanathan et al., 20)L5Second, The aim of this study was to extend our previous work on GP
data from di erent sets of experiments can result in di erent emulators of cardiac cell model€lfang et al., 2015; Johnstone
models of the same cell type. For example, there are seveealal., 2015; Coveney and Clayton, 20tbsdemonstrate that this
models of the human atrial action potential, all based orapproach can be used on a larger scale for a systematic seysitivi
human data, but which show di erent types of behavi@it{erry — and uncertainty analysis of two biophysically detailed medel
and Evans, 2008; Wilhelms et al., 2p1Finally, a further of the human atrial action potential. Our objectives were §) t
complication arises from the modular nature of cardiac celundertake a comprehensive sensitivity analysis of both nspdel
models. The equations for a particular ion channel, pump, otaking into account rst order e ects and interactions; (iipt
exchanger are often re-used in dierent models and so the&ompare sensitivity indices calculated using emulators thitise
provenance of model inputs may be very di cult to establish calculated using a regression technique; (iii) to ideraifubset of
(Niederer et al., 2009 model inputs that have the greatest in uence on model outputs;
Addressing these problems requires tools and approachesd (iv) to use these inputs to compare the behavior of the two
that can quantify how model behaviors and outputs depend omnodels quantitatively.
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2. MATERIALS AND METHODS

2.1. Human Atrial Cell Models Input
Several models of the human atrial action potential have been

TABLE 1 | Range of inputs used for design data in each cell model.

Central value Range Units

developed and are reviewed in detail elsewhetgefry and COURTEMANCHEMODEL

Evans, 2008: Grandi et al., 2011; Wilhelms et al., 2012h8anc ®Na .8 5.85-11.70 ( 50%) nS/pF
et al., 201 We selected two models for the present study, bottf«: 0.09 0.045-0.018 ( 25%) nS/pF
based on data from human atrial cells. The rst model was thé 0.165 0.0826-0.0330 ( 50%) nS/pF
Courtemanchenodel (Courtemanche et al., 19p8The second  Crur 10 0.50-1.50 ( 50%) None
model was an extension of the model developedpyren etal. G« 0.0294 0.0147-0.0441 ( 50%) nS/pF
(1999, with modi cations to thelkyr andly, currents as well as  Gks 0.1294 0.0647-0.1941 (' 50%) nS/pF
the movement oNa® (Maleckar et al., 200Wvhich we referto as  Geat 0.1237 0.0619-0.1856 (- 50%) nS/pF
the Maleckarmodel. Goa 0.0006 0.0003-0.0010 ( 50%) nS/pF
We chose these models because both represent the acti@ca 0.0011 0.0005-0.0017 ( 50%) nS/pF
potential of human atrial cells, and so have clinical releen inakMax 0.5993 0.2997-0.8990 (' 50%) PA/pF
They have been used for tissue and whole-organ scale siongat inacaMax ~ 1600.0 800.00-2400.0 ( 50%) pA/pF
of atrial brillation (McDowell et al., 2011; Krogh-Madsen et al. ,icaMax 0.275 0.1375-0.4125 ( 50%) pA/pF
2012; Colman et al., 2013; Tobon et al., 20Furthermore, K 0.30 0.15-0.45 ( 50%) Ims
both models have a comparable set of ion channels, pumps, and 180.0 90.0-270.0 ( 50%) ms
exchangers, but have dierent representations of intradatlu i,Max 0.005 0.0025-0.0075 ( 50%) mM/ms
C&C handling and di erent action potential shapeSiierry and K, 0.00092 0.00046-0.0014 ( 50%) mM
Evans, 2008 Cm 100.0 75.0-125.0 ( 25%) pF
[NaCJ, 140.0 126.0-154.0 ( 10%) mM
2.2. Model Inputs and Outputs (<lo 54 4.86-5.94 ( 10%) mM
The Courtemanche and Maleckar cell models includd®@l 1.8 1.62-1.98 ( 10%) mM
components that represent membrane electrophysiology ¢MALECKAR MODEL
well as intracellulaCa® storage, uptake, and release. We chosBa 0.0018 0.0009-0.0027 (' 50%) nL/s
to concentrate on inputs that control the maximum current Gk 3.1 2.325-3.875 ( 25%) ns
density carried by ion channels, pumps, and exchangers & 8.25 4.125-12.375 ( 50%) ns
the cell membrane as well as those that control the rate an@uwr 225 1.125-3.375 ( 50%) ns
magnitude of uptake and release of intracellu@e®. We G 05 0.250-0.750 ( 50%) nsS
also selected the cell capacitanCg, and the extracellular Gks 1.0 0.50-1.50 ( 50%) ns
concentrationsaC]o, [K€]o, and [C&C], as additional inputs.  Geat 6.75 3.375-10.125 ( 50%) ns
The inputs examined in this study are listed Table 1, where  Gpna 0.0605 0.303-0.909 ( 50%) ns
the central values given are the default for each model. Wé us&c. 0.0590 0.0295-0.0885 ( 50%) ns
notation for model inputs and currents as given in the oridina yaMax 68.55 34.27-102.82 ( 50%) pA
manuscripts Courtemanche et al., 1998; Maleckar et al., 2009Kyaca 0.0750 0.0375-0.1125 ( 50%) pA/mM*
and as used in the CellML implementations (http://cellml.org).i, c.Max 4.0 2.0-6.0 ( 50%) pA
For example we refer to the HERG currentlgswith maximum el 200,000 100,000-300,000 ( 50%) pA/mM
conductanceGk,, and the Kv1.5 current a,r with maximum . 0.01 0.005-0.015 ( 50%) s
conductancesyr. iupMax 28,00 1,400-4,300 ( 50%) pA
The rationale for this choice was that each of the selecteg, 0.0003 0.00015-0.00045 ( 50%) mM
inputs can be considered uncertain (i.e., not a physical @it _ 05 0.25-0.75 ( 50%) mM
yet has a biophysical interpretation. Maximum conductanceg 0.4 0.2-0.6 ( 50%) Dimensionless
of ion channels, pumps, and exchangers depend on proteig 50 37.5-62.5 ( 25%) PF
expression, and so could be expected to vary within an indalidu ¢, 140.0 126.0-154.0 ( 10%) mM
cell at di erent times as well as from cell to cell. Cell size angyc, 5.4 4.86-5.94 ( 10%) mM
capacitance vary from cell to cell. This natural variabilign [ca), 18 1.62-1.98 ( 10%) M

be considered to be aleatoric uncertainty, which is irrebiec

(Mirams et al.,, 2016 On the other hand, the kinetics of

transmembrane currents are related to ion channel bioplsysicbelow), and a new set of emulators was built using this sulsset a
and so could be considered epistemic uncertainty, which nan iinputs. As forStage 1the simulations irStage 2vere paced at a

principle be reduced.
Our analysis proceeded in two stagesShage the in uence

xed pacing cycle length of 1,000 ms for 39 beats, followed by an
S2 stimulus. The diastolic interval (DI) of the S2 beat in®1e-S2

of all of the inputs listed inTable 1 was examined for a xed pacing sequence was used as an additional input.

pacing cycle length of 1,000 ms. $tage 2a subset of the inputs

Cardiac cell models produce an output that is a time series

was selected on the basis of th8ilage Isensitivity index (see of states. Of these, membrane voltagg and intracellular
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FIGURE 1 | Action potential biomarkers. Nine action potential bioméers were used as outputs to characterize each simulator run(A) Courtemanche model,(B)
Maleckar model. Biomarker labels are adV=dtmax, b: Vimax, ¢—f: V20, V4o, Vo, and Vo, g: APDsg, h: APDgp, i: RestViy,. Ca,zn‘élx and Cafﬂ?n not shown.

C&C concentration £&°]; describe the time course of action ~ For each run, action potentials were initiated by an inward
potentials andC&C. To investigate how cell model inputs current of 2,000 pA delivered for 2 ms in the Courtemanche
in uence action potential shape, we selected nine featuréseof model, and 750/G pA/pF for 6 ms in the Maleckar model. In
action potential that quantify its shape, based on biomarkeedd  Stage leach run comprised 40 action potentials at a cycle length
in related work Britton et al., 2013; Sanchez et al., 20dglwell of 1,000 ms, with a check to ensure that Af3had reached

as the minimum and maximum@&©];. These eleven outputs steady state. liStage 2each run was composed of 39 S1 action
are shown irFigure 1and are listed below. potentials at a cycle length of 1000 ms and a nal S2 stimulus
delivered at an S1S2 interval determined by the ARDthe nal

S1 beat, plus an o set of 10 ms, plus a diastolic interval (DIhwit
a range of 50-450 ms sampled using a Latin hyper-cube design
with the other selected inputs as described below.

dVm=dtmax—Maximum slope of the action potential upstroke.
Vmax—Peak voltage of the action potential.

V20, V40, Veo, andVgo—Membrane voltage measured at 20, 40
60, and 80% ofAPDyg.

i i i 0, .
APDsp and APDgg—Action potential duration at 50 and 90% 2 4. Gaussian Process Emulators

of repolarization. Our overall approach is described in detail in a previous paper
Restyh—Resting membrane potential, calculated as th Chang et al.,, 20)5 We treat the cardiac cell models as

average r_nembrane_ voltage over a 10 ms period, 100 ms Pl imulators which produce a vector of model outputs as a
to the action potential upstroke.

C (?n and C&S,—Minimum and maximum intracellular function ofavector_ofmodelinput_s (parameters)xsuch_tfydi)y
[CaC):. fs(X). An emulator is then a statistical model of the simulator,
sometimes known as a meta-model, a surrogate model, or a
response surface model. The emulator approximates the model
2.3. Model Implementation as ¥ D fe(x), where the emulator output approximates the
Both cell models were implemented in Matlab (Mathworks Inc.) Simulator output y. ys for a given input x.
using Matlab code automatically generated from the CellML !N the present study we speci ed the emulator as a GP, where
repository (http://cellml.org). The models were solved gsihe the GP hyperparameters are optimized using a set of simulator
odel5s time adaptive solver for sti systems of ODEs with Funs calleddesign dataWhen the GP has been trained, the
the relative and absolute tolerance both set to 8l0and the POSterior prediction y at an input x can be evaluated, which
maximum time step set to 0.5 ms. is a probability density with an expectation and a variance.
To ensure that both cell models remained stable over thdhe variance for the predictioneyexpresses uncertainty in the
range of inputs used to train the GP emulators, we made somrediction of the simulator behavior at XOakley and O'Hagan,
small modi cations. Previous studies (e g/ilhelms etal., 207 2002, 2004
have identi ed an instability in the Courtemanche model tha ) .
arises from a gradual drift in the intracellular concentaats  2-9- Simulator Runs for Emulator Design
[NaC]; and [KC];. We therefore xed NaC]; and [K€]; attheir Data
default initial values of 11.17 and 139.00 mM, respectivelfién t For Stage lve generated design data from 300 runs of each cell
Courtemanche model implementation. In the Maleckar modelmodel implemented as described above. For each simulatgr run
we xed thelk achcurrent to zero. a di erent set of inputs was generated using an optimized Latin
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hyper-cube design. We chose a range of variation that waswvehere the covariance has a Radial Basis Function form,

trade o between examining the e ect of co-variation in model 2 3

inputs while minimizing the number of model runs resulting in X X x0 2

unphysiological behavior. We selected inputs within a ranfye o c(x,x‘ﬁ D expg 72;;% . (4)
50% of the central values (model defaults) givenTable 1 pD1 p

(i.e., from central value 0.5 to central value 1.5), except

for Gk1, Cm, and extracellular ion concentrations. To reduce theln these expressions D (xi,xz, ... xp) are theP inputs

incidence of unphysiological behavior (see below), thepatm (parameters). The emulator hyperparameters, and de ne
had ranges of 25, 25, and 10%, respectively. Each input yne emylator and need to be tted to design data as the
was scaled to vary between:[01] over the designated range. o, 1ator is trained. is a vector of lengttP C 1, a vector
A set of output biomarkers was obtained from the nal action ¢ lengthP, and 2 is a scalar. An optimized value forwas

potential. A f_urther set of 150 model runs were then used fop;~inaq by maximum log-likelihood tting to model inputs ah
emulator validation (see below). F@tage 2a second set of 015 in the design data, assuming weak prior information
design data was produced from 200 simulator runs of each modedn and 2 (Kennedy and O'Hagan, 20))1and with a xed

with a reduced set of inputs sampled from a Latin hyper'wb(ﬁugget of 107 (Andrianakis and Challenor, 20).Mathematical
as described in the results section, and other inputs sete@ th yoiais for the training and tting procedure are given in
central value. A further set of 100 simulator runs were used f Supporting Information. To avoid the training process

emulator validation. . becoming trapped in a local maximum, we repeated each t ten
~ Outputs from the model runs used fd8tage Idesign data imeg each with a di erent set of randomly chosen initialwes
in the Courtemanche model and Maleckar model are show%r the hyperparameters. The t with the greatest log-likelifd

in Figure 2 A wide variation in action potential shapes and ., then selected. We produced a separate emulator for each of
durations were elicited by varying the model inputs. the outputs shown irFigure 1

Model runs were removed from the design data if there

was unphysiological behavior in the model outputs evidence@.7. Sensitivity and Uncertainty Analysis

by pacemaking activity, a resting potential 60 mV,APDoo  Sensitivity and uncertainty analysis can be seen as didbintct

> 600 ms, or ifAPDyo of the 39th and 40th beats di ered by more rejated topics; where variance based sensitivity analyesisiiels

than 5% indicating alternans. Using these criteria, 5 ouB@  the contribution of variance in each input to variance in each
Courtemanche model runs iStage vere remOVEd, because of Output, and uncertainty ana|ysis concentrates on estinmthe
along APD or APD alternans. In the Maleckar model 14 out ofyncertainty in model outputs$altelli et al., 20)9A GP can be
300 model runs inStage Wwere removed, all with pacemaking evaluated for uncertain inputs where each input can be either
aCtiVity or failure to repolarize. Ilﬁigure 2the removed runs are a xed value or a probab”ity density expressed as a mean and a

highlighted in blue. InStage 210 model runs were removed for yariance. A GP emulator can therefore be used for varianseda
the Courtemenache model, and 5 model runs were removed fafensitivity analysis.

the Maleckar model. We calculated a rst order sensitivity index for each
o combination of input and output Qakley and O'Hagan, 204
2.6. GP Emulator Training For each inputw, the rst order sensitivity index describes how

Our approach to training and using GP emulators is describegnuch the output variance would be reducedf is xed, while

in full detail elsewhereQhang et al., 2015; Johnstone et al.all other inputs are uncertain and are described by a mean and
2019. Mathematical details including the expression forvariance. The rstorderindex is expressed as the ratio devme

the posterior prediction of the emulator are provided in inthe emulator output whemy, is xed to variance in the output
Supporting Information as well as inKennedy and O'Hagan when all inputs are considered uncertain.

(2001) Oakley and O'Hagan (2002, 2004&nd the Python code

used in this study for emulator training, validation, sdnsty Var[ E(fe(Xjxw))]

and uncertainty analysis is available from https:/githadm/ Su D Var[fe(X)] ®)
samcoveney/maGPy. Brie y, each emulator was composed of a
mean function and a zero mean GP, To capture the e ect of interactions between the inputs, a total
e ect index can be calculated. This describes the reduction i
fo(x) D m(x) C g(x)! (1) output variance wherxy is uncertain and all other inputs are

xed, denoted ax . It is also expressed as a proportion of the

with a linear mean, output variance when all inputs are considered uncertain.

Var[fe(x)]  Var[fe(xjx w)]

T D 6
m(x) D h(x) D o0C 1x1C..C pXp, (2) Srw Var[fe(x)] (6)
and a zero-mean GP, The di erence betweer,, andS, is then the contribution of all
interactions betweer,, andx , to the variance in the output.
gx) GP(0, 2c(x,x9), (3) These quantities were calculated using expressions giverein t
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38 38.5 39 39.5 38 38.5 39 39.5
Time (s) Time (s)

FIGURE 2 | Design data. Action potentials and calcium transients prodced by Latin hyper-cube sampling as described in the main tet, and running each model with
a pacing cycle length of 1,000 ms. Traces shown in gray were wed for emulator design data, and those shown in blue were exaded (see text for details)(A,B)
Courtemanche model.(C,D) Maleckar model.

Supporting Information and described ifDakley and O'Hagan be a weighted sum of inputs. Thus, the model is described by the
(2004. linear relationship

To calculate these indices, each uncertain input was asbigne
a mean of 0.5 in normalized units de ned by the input ranges y D xB, )
given inTable 1 Uncertain inputs that varied 50% were then wherey D (y1,y2, ... ym) is a vector ofM outputs,x D
assigned a variance of 0.@; andCr, were assigned a variance (xq, x, ... xp) a vector ofP inputs, andB aP M matrix of
of 0.04, and the extracellular ionic concentrations wesgid  regression coe cients. An estimate of the mati Bp, s, can be

avariance of 0.1. found by PLS regression on a set of design data obtained fiom
. model runs, that generates & M matrix of inputsY and an
2.8. Main Effects N Pmatrix of outputsX. Each element of, x;  is regularized by

The rst order and total e ect indices are both expressed as &uptracting the mear; and dividing by the standard deviation of
ratlp of variances, Wlt.h a value_ln the range [01], and.do. not _x;, and each element of is regularized in the same weBpsis
|nd|p§te whether_an increase in output per chan_ge in input igqng by minimizing the di erencgj® Gj, where® D XBpis
positive or negative. To provide a sign to each index, we also e matrixBp, 5 can be interpreted as a matrix of sensitivity

calculated the main e ect of each input on each output. Th&gices, provided the linear model holds. Each elemerafs,
main e ect for a single inpuky, is the emulator output averaged bij describes how changing inpuf results in a corresponding

over uncertain inputs, whesy has a xed value. Main e ects  .panqe in outputy;. In both cases the change is relative to the
for each combination of input and output were calculated using,,o4n value. and is a fraction of its standard deviation.

the procedure described in ttgupporting Information , where For comparison with variance based sensitivity indices, we
|nputs'xw were asagngd ,Xe‘?' vglues in the rangg [0,0.01]. calculated PLS sensitivity indices from tBéage Idesign data
The sign of the sensitivity indices was determined from the,qe tg train the GP emulators. The input and output matri¥es
gradient of the main e ect close to the central value of eagiuln - 5,4y were constructed from regularized design data inputs and
outputs. The regression matri@p s was then calculated using

2.9. Comparison With Regression-Based the Matiab functionmvregress

Sensitivity Indices

Several recent studies have calculated sensitivity inthased on  2.10. Emulator Validation

partial least squares (PLS) regressiGol{ie, 2009; Sarkar and Each emulator was validated against an independent set of 150
Sobie, 2010 In this approach, each model output is assumed tasimulator runs forStage land 100 simulator runs foGStage 2
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For each output, we calculated the mean average predicted ernwith variance based rst order indices. The comparison plots
(MAPE) and the median individual standard error (ISE) for Bac show broad agreement, with the rst order indic&s Bi2.

validation run. The MAPE was given by This relationship arises from the di erent de nitions df and
Bi based on variance and standard deviation, respecti@elie|li
100%1 X etal., 201p
MAPED Ve A (®) Overall these sensitivity indices show the contribution of
nD1

uncertainty in each input to uncertainty in each output. Thus,
the main contributors to uncertainty indV=dtnhax are the
NaC channel maximum conductanceSya and Pya, and the
membrane capacitand8y. The sign of the sensitivity indices
show that these act in opposite directions, as would be expected
from the role played by theNa® current in depolarization:

where N was the number of validation rung, simulator output
for run n, andyg the posterior mean emulator output for rum.
We used the mean of the simulator outpygas a denominator
instead of y] to avoid bias associated with small values/gf.

AR increasingNa® current acts to increaseV=dtmax, Whereas
ISED PW, (9)  increasingCm acts to decreasgV=dtmay. The bigger in uence

of Cy, in the Maleckar model arises because the stimulus current
wherey? was the simulator output for rum, y2 the posterior ~density in this model scales with=Cr,; a largerCny results in
mean emulator output for rum, and Var(n,n) the posterior & smaller stimulus current, which in turn produces a smaller
emulator variance for rum. dV=dtmax and a smalleK max-

For most stag&tage nd Stage 2mulators the MAPE was In both models, these sensitivity indices can be interpreted
<10% and the median ISE wasl.0. Most of the di erences to show that increased outward currents (for example arising
between the output from the emulator and the output of thefrom increasedGkur) act to decrease both the voltage of the
simulator for a given set of inputs were small, and so the t ofaction potential plateau and action potential duration, wrese
the emulators was considered acceptable. A table of MAPE afigcreased inward currents resulting from increaséda. and

ISE is provided in th&upporting Information . Gpcahave an opposite e ect. This behavior is broadly what would
be expected, and con rms that the sensitivity indices quantif

3. RESULTS model behavior, and can reasonably be extended to undetstan
more complex relationships between inputs and outputs, as well

3.1. Stage 1 Sensitivity Indices as comparing behavior of the two models. In the Maleckar model

The rst order sensitivity indices for both cell models areogin  IyaxkMax has the opposite e ect t&yc, In the Courtemanche
in Figure 3 Each row of the gure corresponds to one of the model,C&%, andCag?n(i:n are in uenced byGcar, Gyca INacaMax
model outputs, and each column represents a model input. Wand inputs that controlCa® handlingl,¢ and Kup, whereas in
allocated a sign to each sensitivity index based on the slbpe the Maleckar modeGca andKnacahave a negligible e ect, and
the main e ect. Main e ects are described in more detail belowthis re ects the di erent formulation 0ofC&® handling in the two
and illustrated inFigure 6. The sum of the absolute values of themodels Cherry and Evans, 2008
sensitivity indices for each output is given to the right otlea The sensitivity analysis shows that several inputs in uence
grid. Since rst order sensitivity indices are aratio, a sclwse to  APDsg, APDgg, RestV,, and Céﬁ%x. Figure 6 shows the main
one indicates that almost all of the output variance is actedn e ect of each input on these outputs, for each cell model. The
for by the variance on each input. Smaller values for this sunmain e ect shows the expected value of the output as each input
such as those foAPDsg and APDgyp, can indicate interactions is xed and varied in turn across the normalized range: 01
among the inputs. corresponding to the input ranges givenTable 1, while all other
The total e ect indices are shown ifrigure 4 For each inputs are considered uncertain. The residual variance ragisi
combination of input and output, the di erence between the from the uncertain inputs accounts for the fact that the main
total e ect index and the rst order index re ects interactis e ects do not converge exactly for an input value of 0.5.
with the other inputs. The sum of these di erences across all Some of the main e ects are comparable between the two
of the inputs is shown at the right hand side Bfgure 4. In  models, for example increasingyc, acts to increaséP Dy,
most cases the rst order and total e ect indices were similarRestn, and C&S,. Several of the e ects are non-linear, for
and the sum of di erences was small (0.12) indicating that example the main e ect 0Bca. on APDsp and APDgg. However,
the e ect of interactions was also small. However, the sum othe overall picture is complex, and it is hard to compare the
di erences was larger foWgg in the Courtemanche model, as di erent models. In order to simplify the analysis, we selected
well as forAPDsg and APDgg in both models. We conclude a subset of inputs foiStage 2of the analysis based on their
that in both models there are some interactions between isputsensitivity indices as described below.
and that these interactions have an e ect on repolarization.
However, comparison of the sensitivity indicesfigures3 4  3.2. Stage 2 Sensitivity Analysis
shows that these interactions appear to be distributed amding d&or Stage 2we concentrated on inputs that strongly in uenced
of the inputs. action potential shape and duration, with rst order sensityi
For comparisonfFigure 5 shows sensitivity indices obtained index of more than 0.1. To simplify the analysis further, we
by PLS regression on the emulator design data, and a comparisexcludedGna and Pna as these inputs mainly in uence action
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A -100% 0 100%
Ny T T T BN —— ]
av sdt 0.83 -0.08 0.95
Vax 0.72 -0.22 0.97
V20 -0.12 | -0.11 0.36 0.20 0.97
V40 -0.20 0.4 0.18 0.95
V60 0.10 -0.18 0.35 -0.06 0.15 0.94
V80 0.20 -0.08 0.1 -0.11 0.07 0.18 0.90
APDg, -0.10 -0.09 | -0.06 0.29 -0.06 0.13 0.85
APDgy, -0.17 -0.10 0.07 0.15 | -0.11 -0.09 0.07 0.91
RestV -0.08 0.17 m 0.99
Cain 0.24 0.19 -0.14 0.05 -0.05 0.98
Ca . 0.35 0.09 -0.07 0.08 | -0.18 0.95
B
-100% 0 100%
T T I T T
av, sat 0.49 0.09 0.98
Vimax | 087 -0.10 0.11 0.98
V20 -0.11 | -0.28 0.22 -0.14 0.05 0.97
V40 -0.25 0.23 0.08 | -0.18 0.06 0.97
V60 -0.16 0.17 0.14 | -0.24 0.07 0.97
V80 -0.08 0.09 0.26 | -0.31 0.10 0.98
APDg, -0.18 0.24 0.26 0.88
APDgy, -0.24 -0.09 0.08 0.17 0.89
RestV 0.07 0.99
Cain -0.19 095
Ca o -0.08 | 0.06 |-0.29 -0.12 0.96
FIGURE 3 | Stage 1 rst order sensitivity indices. The rst order sensitivity idex for each input and output is given, with a sign based on thgradient of the mean
effect. Sensitivity indices< 0.05 not shown, to assist visualization. The numbers at theight hand side of the table indicate the sum of the absolute Vaes of sensitivity
indices along each row.(A) Courtemanche model.(B) Maleckar model.

potential upstroke and amplitude. We also excluded extralegllu potential was introduced as an additional input to explore the
concentrations, since these are tightly controlled in natm dynamic behavior of the model, and this nal action potentieds
physiological conditions, and we excluded the inputs digectl the one that was analyzed.

involved in the storage, uptake and release of intracellQkgF The sensitivity indices foStage 2are shown inFigures 7,
because we sought to concentrate on action potential shape aBdand the main e ects forAPDsg, APDgg, RestV;,, and Ceﬁ?ax
duration. The Stage 2inputs selected for the Courtemanche in Figure 9.

model wereGk 1, Gio, Gkurmult» Gcal, Goca INakMaX, InacaMax, The rst order and total sensitivity indices fdBtage avere
and IpcMax, and for the Maleckar modébg 1, Gt, Gkur, Geal,  Similar to those obtained in theStage lanalysis, which is
Gpea InakMax, and Cy. All other inputs were assigned their consistent with the idea that the inputs xed f&@tage had only
central value fromTable 1 In addition, the DI of the nal action a small e ect on the outputsDl was included as an additional
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A
100%
. —— ]
av sdt . 0.84 0.03 0.09 | 0.03 | 0.04 0.10
Vo 0.72 0.24 | 0.03 | 0.02 0.06
V20 0.13 | 0.12 0.38 0.01 | 0.01 | 0.05 0.03 | 0.04 0.21 0.03 0.06
V40 0.02 | 0.02 | 0.20 ﬂ 0.04 0.02 0.01 | 0.03 0.19 0.03 0.10
V60 0.1 0.19 0.38 0.07 0.03 | 0.02 0.02 | 0.01 | 0.01 | 0.16 | 0.01 | 0.01 0.12
V80 0.03 | 021 | 0.02 | 0.10 0.17 0.04 | 0.02 | 0.14 | 0.03 0.09 | 0.01 | 0.03 | 0.20 0.01 0.20
APDg, 0.1 0.08 | 0.11 | 0.08 | 0.01 | 0:39 | 0.01 | 0.02 | 0.07 | 0.02 | 0.02 0.01 | 0.02 | 0.16 0.03 0.31
APDgy, 0.01 | 0.18 [ 0.04 | 0.01 | 0.12 | 0.01 | 0.10 | 0.02 | 0.17 | 0.12 | 0.04 | 0.10 0.02 0.10 | 0.04 | 0.01 0.19
RestV 0.09 0.02 | 0.18 | 0.05 | 0.01 | 0.01 0.05 E 0.03
Ca i 0.02 0.04 | 0.01 0.25 0.20 | 0.04 | 0.15 | 0.04 | 0.02 | 0.02 [ 0.06 | 0.05 0.06 | 0.05 | 0.03 0.05
Ca .« 0.01 0.02 | 0.01 0.36 0.10 | 0.03 | 0.08 | 0.02 | 0.02 | 0.02 [ 0.09 | 0.19 0.03 | 0.04 | 0.01 0.10
. . ) . )
TR 8 R % ARt % et S R s
B
100%
T T
dv /dat 0.50 0.03 | 0.03 0.35 | 0.09 0.03
Viax | 038 0.10 | 0.03 0.02 | 0.02 0.34 | 0.11 0.04
V20 0.05 | 0.11 | 0.28 0.23 0.05 | 0.14 0.02 | 0.02 | 0.05 0.05 0.06
V40 | 0.01 | 0.04 | 0.04 | 0.26 0.24 0.08 | 0.18 0.01 0.05 0.01 | 0.06 0.06
V60 | 0.02 | 0.03 | 0.04 | 0.17 0.18 [ 0.01 | 0.14 | 0.24 | 0.02 0.01 0.01 0.04 0.03 | 0.07 0.05
veo | 0.02 0.02 | 0.09 0.10 | 0.03 | 0.26 | 0.31 | 0.02 0.01 0.02 0.03 | 0.10 0.05
APDg, | 0.07 0.06 | 0.26 0.30 0.01 0.01 | 0.01 | 0.06 | 0.30 | 0.02 0.25
APDy, | 0.06 | 0.33 | 0.07 | 0.15 | 0.06 | 0.06 | 0.15 | 0.08 | 0.20 | 0.07 | 0.06 | 0.07 | 0.07 | 0.06 | 0.08 | 0.06 | 0.07 | 0.1 [ 0.23 | 0.10 | 0.09 | 0.08 | 1.41
RestV 0.04 0.02 | 0.06 | 0.38 0.07 0.02
Ca in 0.02 0.02 0.05 | 0.02 | 0.40 | 0.23 | 0.04 0.02 | 0.01 | 0.20 0.01 0.09
Ca . 0.01 0.02 | 0.01 | 0.23 | 0.10 | 0.03 0.02 0.09 | 0.07 | 0.30 0.13 0.08
A A T T T A b, W % % % L S @,
FIGURE 4 | Stage 1 total effect indices. The total effect sensitivity index foeach input and output is given, indices< 0.01 not shown. Numbers on right hand side are
the sum across each row of the differences between the total #ect index and the absolute value of the rst order index(A) Courtemanche model.(B) Maleckar model.

input for Stage 2In the Courtemanche model both rst order indices and main e ects foAPDsp may not be easily comparable.
and total e ect indices foDI were larger than for the Maleckar This observation is re ected in the larger main e ect Bl on
model, indicating thatDl has a greater in uence on both the APDsg in the Courtemanche model. The main e ects plots also
shape and duration of the action potential in the Courtemancheshow several non-linear relationships, for example the mainte ec
model compared to the Maleckar model. of Gkyr was non-linear in each of the outputs shownRigure 9.
The main e ects plots show opposite e ects of inward and An additional observation fronfigure 9 was that the main

outward currents on action potential duration; howevd®Dspas e ect of Gkyr on APDgg in the Maleckar model was larger, and
a proportion of APDgg in the Maleckar model was considerably in an opposite direction, to the main e ect in the Courtemanche
shorter than in the Courtemanche model as a result of thenodel. This is a prediction from the emulator analysis, and we
di erent action potential shape, and so both the sensitivityundertook additional simulations of the cell models to verif
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A -100% 0% 100%
e T T
av sdt 0.96 -0.06 | -0.09 | 0.06 -0.14 -0.07
Voo 0.9 0.07
V20 0 -0.09 | -0.10 | 0.24 -0.07 | 0.10 | -0.19 | 0.21 0.21 -0.07
V40 0.09 | -0.12 0 -0.19 | -0.07 | 0.10 0.09 0.16 0.25 -0.08
V60 0.09 | 0.24 JCEH -0.07 | -0.27 -0.13 | 0.10 0.08 | 0.15 | 0.07 0.26 -0.08
V80 021 0.08 -0.05 0.4 -0.12 | -0.12 0.06 0.32 | -0.06 | -0.12 | 0.27 -0.05
APD., -0.27 -0.19 0.6 -0.24 | 0.10 | -0.11 0.08 | 0.15 -0.07
APDg, -0.09 | -0.27 | 0.14 | -0.06 -0.14 0.1 0.19 0.06 -0.05 0.11 -0.06
RestV 0.14 | 0.24 X 0.43 | -0.17 0.09 | 0.05 0.15 m
Ca .\ -0.08 | -0.06 | -0.18 | -0.09 0.08 [N -0.15 -0.23 | -0.13 | 0.16 | 0.26 | 0.20 -0.12 | 0.09 | 0.09
Ca .y -0.07 | -0.05 | -0.15 | -0.12 0.06 -0.11 | -0.24 | -0.20 | 0.09 | -0.11 | 0.30 -0.09 | 0.07 | 0.08
¢ ¢ ¢ B ¢ ¢ 9 ¢ ¢ L 4 4t & ¢, f ¢ # 4 4
[ R R 06 o 4 o Ty B, By ¢ %1 »  » oy T Teg
G 174 % S % %4,‘2* % A 4 ° {
B -100% 0% 100%
T T T
av zdt o BOED -0.07 | -0.19 | 0.19 0.13
Viax K -0.15 0.09 | -0.08 0.15
v20 | 0.0 | 013 0 0.18 0.07 -0.14 | 0.07 | -0.18 0.13
v40 [ 042 | 0.13 |-0.22 0 0.07 | 0.29 -0.06 -0.08 -0.13 | 0.06 | -0.17 0.15
veo [ 0.5 | 0.13 | -0.19 0.50 WAPH 0.4 -0.14 -0.09 -0.14 | 0.07 | -0.16 0.06 | 0.17
V8o | 045 -0.14 0.21 [EE -0.13 -0.08 | 0.06 | -0.11 | 0.05 | -0.12 0.07 | 0.17
APD;, |-0.23 -0.26 0.4 -0.05 | -0.11 | 0.09 | -0.14 | 0.32
APDgy, [ -0.05 -0.16 0.18 [LZLH 0.09 -0.07 | 0.09 -0.11 | -0.08 | 0.14 | -0.26 0.09 | -0.09 | -0.06
RestV -0.13 -0.09 0.15 | 0.27 v 0.06 0.13
Ca . -0.08 | -0.07 | -0.16 024 | 0.14 ¢ -0.25 -0.24
Ca -0.08 0.19 | 0.15 [0X -0.18 0.17 -0.12
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FIGURE 5 | Multivariate regression sensitivity indices. The sensitly index based on multivariate regression for each inputral output is shown for the Courtemanche
model (A) and Maleckar model(B). In the lower panel, these sensitivity indices are compared ith those obtained from GP emulators for the Courtemanche mdel
(C), and the Maleckar model(D).
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FIGURE 6 | Stage 1 selected main effects plots. Main effects foAPDsg, APDgg, RestVin, and Ca2S,. (A) Courtemanche model.(B) Maleckar model.

Frontiers in Physiology | www.frontiersin.org 11 April 2020 | Volume 11 | Article 364


https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://www.frontiersin.org/journals/physiology#articles

Coveney and Clayton Analysis of Cardiac Cell Models

A -100% 0 100%
I ' ' e T
av sdt 0.13 -0.13 0.08 0.21 0.63
Vs -0.08 0.05 0.58
V20 -0.30 0.32 0.05 0.18 0.94
V40 -0.10 -0.10 0.24 0.90
V60 0.09 -0.05 -0.08 0.34 0.23 0.84
V80 0.23 0.19 -0.07 0.25 0.83
APDg, 0.25 -0.12 0.31 0.87
APD,, -0.17 -0.14 0.07 0.19 -0.18 -0.09 0.06 0.93
Rest V - -0.29 0.44 -0.12 0.98
Cain 033 0.28 -0.19 0.05 0.99
Ca .« 0 0.20 -0.11 -0.06 0.97
% ¢ f%» % %:? ?% é’F@ é%@ 6%47 M
N %
B -100% 0 100%
[ — . . B —— — |
dv /dt . -0.11 0.13 0.98
Vinax -0.10 0.06 0.07 0.98
V20 -0.20 -0.28 0.29 -0.14 0.99
V40 -0.07 -0.31 0.29 0.09 -0.19 0.99
V60 -0.23 0.25 0.15 -0.28 0.98
V80 -0.11 0.14 0.31 - 0.99
APDg, -0.18 -0.30 0.26 0.14 0.88
APDy, _ -0.17 0.14 0.15 0.14 0.97
Rest Vm 0.48 1.00
Ca.. 0.08 0.56 -0.27 1.00
Ca_ .. 0.08 0.4 -0.19 017 0.98
* ® 2
FIGURE 7 | Stage 2 rst order sensitivity indices. The rst order sensitivity idex for each input and output is given, with a sign based on thgradient of the mean
effect. Sensitivity indices< 0.05 not shown. The numbers at the right hand side of the tabléndicate the sum of sensitivity indices along each rowA) Courtemanche
model. (B) Maleckar model.

that the emulator prediction was correct. In these additionawould speculate that the mechanism by whiGhy, in uences
simulationsGgyr was decreased to 50% and increased to 150% APD is the secondary e ect of changes in action potential platea
its default value in both models, and each model was run for 4Qoltage on the balance of inward and outward currents during
beats paced at a cycle length of 1,000 ms as iSthge Analysis. the plateau and repolarization of the action potential, and this
The outcome of these simulations is shownFigure 10 which is consistent with earlier mechanistic studiésréenstein et al.,
shows simulated action potentials for each model, togeth#r wi 2000.
the principal inward and outward currents that act during the  ChangingGgyr in uenced the voltage of the action potential
action potential plateau. plateau in both models, but had a di erent e ect on the timing
The top panels ofigure 10 show that the prediction from of repolarization. The time course df, in both models was
the emulator main e ects is con rmed in these simulations: similar, and was not strongly in uenced b®x, and so is
decreasin@kyr results in a longer APD in the Maleckar model not shown. A decrease ik, reduced the outward current
and a slightly shorter APD in the Courtemanche model, aimk- during the initial part of the action potential plateau. This
versa Based on the simulation results shownhkigure 10 we resulted in an increased voltage during the plateau, andgetar
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FIGURE 8 | Stage 2 total effect sensitivity indices. The total effect index feeach input and output is given, indices< 0.01 not shown. (A) Courtemanche model.(B)
Maleckar model.

inward IcaL, Which is voltage-dependent and acts to prolong thénputs a ect APD restitution. In Figure 11 we have plotted
action potential plateau. In turn, the increased plateau \g#ta a surface showing the expected value AdtDyp, colored by
resulted in greater activation of the outward currdit, which  the 95% credible interval (seBupporting Information). In

is larger in the Courtemanche model compared to the Maleckaeach of these plots the emulators were evaluated with all
model. Thus, in the Courtemanche model, a decreas€dnr  inputs assigned xed values with no uncertainty, and so the
resulted in increasetk,, with little change in action potential 95% credible intervals re ect only uncertainty in the entola
duration. In the Maleckar modelk; is much smaller, and so predictions, with no uncertainty arising from uncertainty in
the increased plateau voltage did not result in increasedard  the inputs. We assigned a value of 0.5 in normalized units
current during repolarization, and so action potential ducst to all of the inputs, except foDl and another inputs that

was prolonged. were varied in each plot; these were assigned xed values
between G :: 1.
3.3. APD Restitution Overall, APDgg restitution was atter in the Maleckar model

The Stage 2analysis included diastolic interval as an input,compared'to the Courtemanche model,yvhich is consistent with
which enabled us use the emulators to examine how di erenPther studiesCherry and Evans, 2008; Wilhelms etal., 20The
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FIGURE 9 | Stage 2 selected main effects plots.Stage 2 main effects forAPDsg, APDgo, RestVi, and CaZS,. (A) Courtemanche model.(B) Maleckar model.
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FIGURE 10 | Effect of magnitude oflk,r on inward and outward currents. Simulated action potentialoutward current lx,,, inward currentlca, and outward current
Ikr. In each case the nal beat of 40 is shown, with a pacing cycle legth of 1,000 ms. (A) Courtemanche model.(B) Maleckar model.
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FIGURE 11 | APDy as a function of Dl and other inputs. Each plot shows a surface of predicted meam\PDyg, colored by the 95% credible interval (A)
Courtemanche model.(B) Maleckar model.
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overall e ect of Gk1, Gecar, and Gyca on APDgp was similar in
each model, withyakMax in the Courtemanche model having a
similar e ect to Gkyr in the Maleckar model.

However the shape of th&PDgg restitution was modulated
to some extent by the other inputs shown. In the Courtemanch
model, decreasingGyca resulted in steepening ofAPDgg
restitution, with a marked decrease &WPDgg for short DI as
Gpca Was changed from 150 to 50% of its central value. Th
Maleckar model also showed a marked decreas@RDgy as
Gyca Was reduced, but this change was seen across the f
range ofDI.

3.4. Uncertainty Analysis

Uncertainty analysis aims to quantify how uncertain or valéa
model inputs aect uncertainty in a model output. For a
cardiac cell model, uncertainty analysis enables the e etts
hypothesized natural variability in model inputs to be quaei.
Using the GP emulators for each cell model, we assessed h

the variance in model outputs changed as variance in all of the

model inputs was increased, and the results&BiDgg are shown
in Figure 12

Figure 12A shows how the uncertainty iAPDgg (expressed
as coe cient of variation) changed as all uncertainty in #ie

Stage Inputs (expressed as standard deviation) increased, and

Figure 12Bshows the e ect of increasing uncertainty in all the
Stage 2nputs. Uncertainty inAPDgg increased monotonically
with uncertainty in the inputs, for botlstage AndStage puts,
and in both cell models. Changing the mean value of the input

had a small e ect on output uncertainty, larger mean values

reduced output uncertainty.

Reducing the number of uncertain inputs f@tage 2acted
to reduce the output uncertainty for the Maleckar model,
but increased output uncertainty slightly in the Courtembaec
model. This rather unexpected nding may be due to increase
interactions among the inputs, or a more problematic emulato
t. However, in the Maleckar model, the total e ects f&PDgygin
Figure 4Bare higher than the total e ects for the Courtemanche
model, indicating a greater degree of interaction in the &t&iar

1%

ull

[2)

g FIGURE 12 | Uncertainty inAPDgg and Vmax. Coef cient of variation (standard
deviation divided by mean) ilAPDg for Stage 1 (A) and Stage 2 plotted
against imposed uncertainty on all inputgB) for each model, with different
mean values of 0.4, 0.5, and 0.6 in normalized units.

than Courtemanche models. The smaller number of inputs

for Stage Zould then result in less uncertainty arising from

almost negligible e ect oBGkson APD. Most of the variance in

interactions among uncertain inputs for the Maleckar model, ggel outputs was accounted for by rst order sensitivities, s

and a consequent reduction in uncertainty. However, xing

the interactions between the inputs considered in the present

some inputs for theStage 2analysis may have had increased study are small.

interactions in the Courtemanche moddéigure 8A), leading to
an increase in uncertainty in predictekP Dgo.

4. DISCUSSION

The main ndings of this study are:

We have demonstrated the use of GP emulators fo

There was broad agreement between rst order sensitivity
indices obtained using GP emulators and those obtained using
PLS regression.

A subset of model inputs was identied, and behaviors
predicted by the emulators were conrmed by
model simulations.

We discuss these ndings in more detail below, and then

a systematic and quantitative uncertainty and sensitivityhighlight limitations, challenges, and future directions.

analysis of biophysically detailed cardiac cell models.
The rst order and total e ect sensitivity indices obtained

4.1. Gaussian Process Emulation of

using GP emulators showed both relationships that would b&8iophysical Models

expected, such as the dependence of action potential upstro

k& models of cardiac cell and tissue electrophysiology become

on Gna, as well as those that were more unexpected, such as theore widely used, it is becoming increasingly important to
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understand how di erent components of the models in uence of cardiovascular system model&ck et al., 2006 These
model behavior, and especially how these di erent componentapproaches also enable calculation of sensitivity indiceésthieu
interact. Biophysically detailed cardiac cell models areglery  relative merits of these di erent approaches are only begignin
with many interacting parts. Some of these model component® be explored {ohnston et al., 20)8Both GP emulators and
may be inherited from earlier models and experimemig&sderer polynomial chaos expansions enable the explicit treatment of
et al., 200 and the process by which model parameters arencertainties, and so o er advantages for more comprehensive
tted is also fragile when there are uncertainties assedatith model analysis.
experimental dataathmanathan et al., 201L.9he development
and evaluation of tools for sensitivity and uncertainty bisis  4.3. Human Atrial Cell Models
of cardiac models is therefore an important and growing aredlodels of the human atrial action potential are a subject of
(Mirams et al., 2013 but much remains to be done. research interest and clinical relevance because heteitge

The ability to evaluate emulators cheaply can be valuabie action potential shape and duration in di erent parts of the
for model calibration, where thorough exploration of a highatria is associated with vulnerability to atrial brillatih (Varela
dimensional input space is requiredC¢veney and Clayton, et al., 201); and persistence of atrial brillation is associated
2019, or if the GP emulator is used to construct outputswith remodeling of the atrial action potentiak(ogh-Madsen
distributions with Monte Carlo methods. A key benet of a and Christini, 2012; Colman et al., 2Q13There are several
GP emulator approach is the explicit handling of uncertainty.di erent models of human atrial myocytes, each with di erent
Under the assumption that inputs and outputs have Gaussiaproperties Cherry and Evans, 2008; Cherry et al., 2008; Wilhelms
distributions, the variance on the emulator output can beet al., 201 More recent models are extensively based on data
calculated directly, given variances on the inputs. Thisbégs from human myocytes Grandi et al., 201)1 Most analyses of
the direct calculation of sensitivity indices, as well aaldimg these models have focussed on the mechanisms that change
a systematic investigation of the way that output unceriaiit action potential duration because a reduced APD increases
depend on uncertainties in the inputs. vulnerability to atrial brillation, and APD can be moduled

In this study, we have demonstrated how GP emulators capharmacologicallyygren etal., 1998; Zhang et al., 2005; Cherry
be used to systematically and quantitatively analyse biogdijys  and Evans, 2008; Koivumaki et al., 2014; Sanchez et al).2014
detailed cardiac cell models. A GP emulator must be traine@hese previous studies have highlighted the importande af
on design data. The number of simulator runs required to foras well a$x1 andlkyr, in regulating APD. The present study adds
design data remains an open question, and will depend on th® our understanding of the Courtemanche and Maleckar medel
complexity of the model output surfaces. A typical rule of thumbby providing a more comprehensive view of how the model
is to use ten times the number of inputs, and based on ouparameters a ect the shape and duration of the action potential,
previous experienceChang et al., 20)5ve opted for 300 runs as well as the maximum and minimum of ti@e2C transient.
for Stage Bnd 200 runs foiStage 2We also trained th&tage 1 Increased inward current tends to increase amplitude of the
emulators on design data sets composed of 200 and 400 simulatgpstroke and plateau as well as increasing APD, and increased
runs, and obtained similar sensitivity indices to those préed  outward current tends to have the opposite e ect. The present
here. However, further work is required to develop methodsstudy has highlighted how action potential duration and shape
to determine the number of simulator runs needed as well adepends on the net ow of charge across the cell membrane.
suitable metrics to determine emulator quality. Emulatdrsidd It is well-accepted that net current ow is nely balanced so
be trained on design data that Il the input space evenly, and wemall changes in inward and/or outward currents can in uenc
chose to use Latin hypercube sampling in this studgi{ay etal., action potential shape and duration. Our approach enables these
1979. Other methods, such as orthogonal samplifigjngham e ects to be investigated in a quantitative way. The two medel

et al., 200Ppmay provide a better sampling strategy. examined in this study represent repolarization using a di dren
o ) ) balance of currents, and this di erence is seen in the main tsec
4.2. Sensitivity and Uncertainty Analysis plot for APD90 in Figure 9 and the consequences can be seen

Recent studies have pioneered the use sensitivity indicegelot  in Figure 10 The relative magnitudes dta and Ik, in the

by partial least squares (PLS) regression of simulator oatputwo models are di erent, with much smalléga and Ik, in the

on simulator inputs, which allows a calculation of sensitivi Maleckar model. This may explain wit,c, exerts a stronger
indices Gobie, 2009; Sarkar et al., 2012; Koivumaki et al.,)2014n uence overC&, andC&S,in the Maleckar model compared
This approach is straightforward to implement, and we haveo the Courtemanche model.

found that it gives sensitivity indices that agree well witte Overall, the dierence between the rst order sensitivity
square root of the rst order index obtained using the GPindices Figure 3) and the total e ect indices Kigure 4 was
approach Figure 5), and the reason for this appears to be thatsmall. The sum of these dierences for each output (right
the PLS and GP indices are based on variance and standarend column inFigures 4 8) indicates more interactions in the
deviation, respectively. The overall agreement indicateg t Courtemanche model than in the Maleckar model, and that¢hes
both approaches can yield similar rst order sensitivity ind$, interactions tend to a ect the plateau of the action potential.
although the GP easily enables calculation of interactiects  These observations mean that overall the interactions &etw
as well as rst order indices. Other approaches for unceriaintthe inputs in these models do not have a strong e ect on the
and sensitivity analysis based on generalized polynomiabgh outputs, and so we can conclude that the inputs examined in this
expansion have also been developed and used for analystady tend to act independently. This is a potentially important
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feature of the models, which could be exploited for modefocus was on the action potential. We included the maximum
calibration as well as for examining mechanisms of remadeli and minimum intracellularCa concentration as additional
and pharmacological action. However, it remains to be seeautputs, but did not consider the duration of tH@e?® transient.
whether this independence is a feature of real cardiac mgscyt We would not consider our choice of outputs to be de nitive,

L and there may be better choices. A principal component analysis
4.4. Limitations, Challenges, and Future of the design data used in the present study showed that 95%
Directions of the output variance was accounted for by the rst 6 principal
The use of emulators to probe detailed biophysical models is amponents for the Courtemanche model and the rst 5 for the
an early stage, and so there are several limitations antediggls  Maleckar model. Parameterizing the action potential aed©

associated with the present study. transient so that they are described by a minimal set of festu
) is likely to be important not only for model analysis but also fo
4.4.1. Choice of Inputs model calibration Coveney and Clayton, 20).&Emulators that

We concentrated on the eect of maximum conductancesemylate time-dependent outputs have been developed, but are
in the present study, as this reduced the complexity of th?\otyetwidely usedgonti et al., 2009; Conti and O'Hagan, 2010

analysis. The rationale for this approach was an assumptian thgt could be a promising tool for extending work in this area.
kinetic parameters are determined by biophysics, and so less

prone to variation than the expression of ion channels, pumps4.4.4. Future Directions

and exchangers. However, a detailed sensitivity analysig-of The aim of this study was to demonstrate the utility of
dynamics in the Courtemanche model showed that these linetisensitivity and uncertainty analysis with GP emulators. A
parameters in uence APDGhang et al., 20)7and other studies detailed and hypothesis-driven mechanistic study was beyon
have highlighted di culties in calibrating ion channel dgmics the scope of the present work, but will be a valuable next step.
using traditional approaches as well as showing that di erenExtending the use of emulators from models of cardiac cells to
formulations can have an important e ect on the magnitude models of cardiac tissue is an important future direction, and
and time course of an ion channel currerit¢attie et al., 20)8 initial studies are promisinglLawson et al., 20)8At present,

In the present study our focus was on the action potentiatissue calculations are computationally expensive, espetdall
rather than Ca2¢ handling, and a detailed sensitivity analysispersonalized meshes. However, the need to evaluate ungrtai
of the mechanisms o€ storage, release, and uptake in eachin model predictions for use in the clinical setting requires
model would be a valuable extension to the work presentedomputationally e cient approaches, and we anticipate exciting
here. So far a fully comprehensive analysis has only been dodevelopments in this area.

for specially constructed model®gthmanathan et al., 20).9

Nevertheless, a complete sensitivity analysis of biophjsical

detailed models, possibly using a hierarchical approach, iresma lDATA AVAILABILITY STATEMENT

animportant challenge. The datasets generated for this study can be foun@lmyton

and Coveney(2019, Figshare Dataset—https:// gshare.shef.ac.
uk/articles/Design_data_for_sensitivity_analysishaman_
atrial_myocyte_models/11309756.

4.4.2. Simulator Instability

One of the issues with a complete sensitivity analysis, fygtdd
in Pathmanathan et al(2019, is that parts of the simulator
input space may generate implausible behaviors. For a cardiac

cell model these behaviors might be a numerical instabilityAUTHOR CONTRIBUTIONS

spontaneous beats, or failure to repolarize. In the presemtystu

we removed simulator runs from the design data where moddRC conceived the study and undertook the analysis. SC
behavior was implausible, or where the simulator runs producewrote all the software used for sensitivity and uncertainty
action potential alternans. We considered this to be a pragmatanalysis. Manuscript preparation and review was shared by both
approach. However, it is clearly an area for improvement bezaughe authors.

the location of these regions of input space conveys inforonati

about the model, and approaches where these locations

encoded explicitly show promiseGHosh et al., 2038 This “FUNDING

consideration is especially important if the inputs have a®ea This work was funded by the UK Engineering and Physical

range of variation than those considered in the present stt@ly g jences Research Council through grants EP/P010741/1
represent the e ects of cellular remodeling, pathologicahtes, 5,4 EP/K037145/1.

or drug action. Extending the analysis presented here toatgre
range of inputs is an important future direction.
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