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measurements that are less labor-intensive than patch-ctap based techniques.

Combined with human-induced pluripotent stem cells cardimyocytes (hiPSC-CM), it
represents a new and promising paradigm for automated and acurate in vitro drug

safety evaluation. In this article, the following questiois addressed: which features
of the MEA signals should be measured to better classify the fiects of drugs? A
framework for the classi cation of drugs using MEA measurerants is proposed. The
classi cation is based on the ion channels blockades inducd by the drugs. It relies
on an in silico electrophysiology model of the MEA, a feature selection atgithm and

automatic classi cation tools. Anin silico model of the MEA is developed and is used
to generate synthetic measurements. An algorithm that exticts MEA measurements
features designed to perform well in a classi cation contekis described. These features
are called composite biomarkers. A state-of-the-art machie learning program is used
to carry out the classi cation of drugs using experimental NEA measurements. The
experiments are carried out using ve different drugs: meetine, ecainide, diltiazem,
moxi oxacin, and dofetilide. We show that the composite bianarkers outperform the
classical ones in different classi cation scenarios. We gbw that using both synthetic and
experimental MEA measurements improves the robustness ohe composite biomarkers
and that the classi cation scores are increased.

Keywords: cardiac electrophysiology, numerical simulation s, bidomain model, micro-electrode array,

classi cation, drug safety evaluation

INTRODUCTION

One of the main goals of safety pharmacology studies is tocigate how drugs aect
cardiomyocytes. Among other adverse e ects, it focuses odigtiag arrhythmic behaviors which
may lead to torsades de pointes (TdP). The most common ristoffaainder consideration are
QT prolongation and hERG block. However these risk factors ae oonsidered insu cient
and the guidelines need to be improvedefmini et al., 2016 For instance, an observed QT
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prolongation is not necessarily associated with TdRnactivation of a current caused by a drug is modeled by a
risk (Antzelevitch et al., 2004 Several advances in technologydiminution of the corresponding conductance in the ionic medd
and computational modeling may favor the emergence ofhe conductances and some other parameters of the model
new methods for more ecient drug safety evaluation.can be varied in order to replicate the variability observed
On the hardware side, the Micro-Electrode Array (MEA)in the experimental measurements. Tlie silico model is
technology (Meyer et al., 2004 enables high-throughput used to generate what is later referred to as synthetic MEA
electrophysiology measurements that are less labor-intens measurements. The experimental data set itself consists of MEA
than patch-clamp based techniques. This device has beefectrode recordings which come in the form of time series.
successfully used in large drug studiésifova et al., 2006  Each recording is done in control conditions (no drug) andhwvi
On the biological side, the use of human-induced pluripotentdi erent drug concentration levels. The experimental datalso
stem cells (hiPSC) has developétt(it et al., 20)3and their labeled, meaning the a ected ionic channels are known foheac
recent large-scale production makes it a viable human modelrug.
replacement. The combined use of the MEA technology and As explained above, the MEA measurements, whether
hiPSC cardiomyocytes (hiPSC-CM) represents a new anslynthetic or experimental, come in the form of time series. Fo
promising paradigm for automated and accuratevitro drug  classi cation purposes, it is more e cient to extract featsre
safety evaluation(lements and Thomas, 2014; Cavero et alfrom these time series. Some features, also called bionsarker
2019. The CIPA initiative Cavero et al., 2016; Fermini et al., are already widely used in the community such as the eld
2016 promotes disruptive drug safety guidelines, in particularpotential duration Clements and Thomas, 20L4vhich may
the use of hiPSC-CM anith silicomodeling. In parallel of these be associated with the QT segment in ECGs. These common
technological breakthroughs, several e orts have beenntgce features are referred to as classical biomarkers. We proposag a
made toward promoting the use of computational tools in drugto automatically extract features from the MEA measurements
safety evaluationf{avies et al., 2016; Lancaster and Sobie,)2016&hat are designed to perform well in a classi cation context.
In this context, a framework for drug safety evaluation gsin First a set of biomarkers is built. The set is referred to as
in silicomodels and experimental measurements using a MEAlictionary and each biomarker is referred to as an entry in
device is hereby presented. The device considered in therpires¢he following. Then we de ne new features, referred to as
work is a six-well nine-electrode MEA but, as shownHaphel composite biomarkers, as linear combinations of the dicign
et al. (2017)the approach is general enough to be extended tentries. The weights of these linear combinations are found
other types of MEA. by solving a sparse optimization problem. The optimization
The framework aims at predicting the e ect of a drug onto procedure uses a data set which consists of experimental
the cardiomyocytes ion channels activities from the knalgle MEA measurements, simulated ones or a combination of
of MEA experimental recordings. More precisely, the goaboth.
is to determine which ion channels are aected by a given To predictthe e ects of drugs onto channel block, we propose
drug. Note that the aim of the present study is not toto adopt a Machine Learning approach. Machine Learning is a
predict the drugs propensities to induce cardiac arrhythmiagamily of statistical methods whose aim is to build predictive
but rather to identify which ion channel is primarily blocked. models given a (ideally large) data set. There exists a wide
This represents a rst step toward the use of the MEA-variety of such methods: neural network&ifanyaz et al.,
hiPSC-CM platform in arrhythmogenicity studies. Even thbug 2016, Support Vector MachineHua and Sun, 2001 decision
patch-clamp experiments are the gold standard to assess drugees Arikawa et al., 1993 etc. All these methods have proved
induced channel block, it was shown in a recent stughaijhel their performances in many di erent scenarios of regressind a
et al., 201y that it is possible to do so also using MEA eld classi cation, in particular when applied to biological datatte
potential measurements. The approach is based oniman present work, we propose to use Support Vector Classi cation
silico model of the MEA and the hiPSC-CM tissue, a featurg SVC) Boser et al., 199avhich derives from Support Vector
selection algorithm and a classi cation model. Tl silico Machine. This method seeks a hyperplane that separates the data
model is based on a simple ionic modé&ueno-Orovio et al., samples with a maximum margin. The samples are then classi ed
2009 for the cardiomyocytes electrical activity and on theaccording to their position with respect to the separating
bidomain equations Tung, 1979 for the spatial propagation hyperplane.
of the electrical potentials. The ionic model counts three The paper is organized as follows. First, the methods are
di erent currents (fast inward, slow inward, slow outward), described. Thén silico model is presented and the generation
each being associated with an ionic species (respectivelyrspdi of synthetic data is explained. The algorithm that computes th
calcium, potassium). The activity of each current is conéml composite biomarkers is described and the classi cationstaoé
by a scaling parameter that is referred to as conductangeresented. Second, the performance of the composite bionsrker
in the following. In the present work, the drugs consideredand of the classication tools are studied in dierent drug
are assumed to aect one of those three currents. Thus, thelassi cation scenarios. The composite biomarkers are coatpa
to the classical ones using two di erent classi cation stoags.
Isystems, M. Microelectrode  array  (mea) manual. http://WWW_FinaIIy, compositg biomarkers computed with experim.entabdat
multichannelsystems.com/sites/multichannelsystems.com/ lesfdants/ only and with a mixed set of experimental and synthetic data ar
manuals/MEA_Manual.pdf. compared.
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METHODS and order provided by Sundials' CVODE librarydindmarsh
. etal., 200p The quantity of interest is the extra-cellular potential,
Equations

. . . ) also referred to as eld potential (FP). Itis a function of timeda
Bidomain Equations and lonic Model recorded at the electrodes locations.

Lete be the domain representing a MEAs well. The thickness
of the layer of cells being small compared to the size of thg We;

the problem is assumed to be two-dimensional. We denote b ynthetic measurements . .
Am, Cm the surface area of membrane per unit volume of tissug the present work, the computational model is used to generate

the membrane capacitance, and the thickness of the cell, laygynthetic MEA measurements. The main idea is to enrich the
respectively. The intra and extra-cellular conductivitygers ; ~ €Xperimental data set wittm silicomeasurements to make the
and e are assumed to be scalar. The parameters values &f@ssi cation more robust, in particular by exploring regonf
reported in Table 1 The propagation of the transmembrane the parametric space that are not covered by the experience.
potential Vi, and the extracellular potentiale are modeled in  For a given set of conductances, the model is evaluated and

« with the bidomain model {ung, 197 the electrodes FPs are recorded. The conductances arenchose

8 as to represent meaningful scenarios, as explained later in

@'m the Results section. To mimic experimental measurements

A ——CAnlion(Vm, irV, i D Amlapp, . . .. !
2 AmC @ " on(VmW) - Cir V) - (ir e)DAmlapp 7 00 rean Gaussian noise of standard deviation mh0
3 c VD L X '§| is added to the FPs (seigure 2. A heterogeneity model

21 ((iC ar o 1 (irVm)D g g . Jad % of some ionic parameters is also considered to replicate the

1 variability exhibited by the experimental measurementsisTh
model is described later in this section. The stimulatiocdtion
is also varied to model the uncertainty of the spontaneous

In the second equationl,'(;I is the electric current which goes

through the electrode located at, jg&j is the electrode surface | S ) ¢
and ¢ is the characteristic function o (which takes the stimulus location in the experiment&igure 3 shows examples

value 1 on the electrode and 0 elsewhere). An imperfect mod8f Synthetic recordings generated using the aforementioned

for the electrode is used to compuﬂ%l and described in N silico model. The FPs are simulated for three dierent

the Supplementary Material. The activation is assumed to pecenarios. The scenarios consist in simulating the e ects of

triggered by a currentgpp that is applied in an arbitrary region sodlum,. calcium .and potassium qntagonlst drugs, in each
of the well with a cycle length of 1,200 ms. The locations ef th¢aS€ With ve dierent concentrations. In Supplementary
stimulations are randomized to model the uncertainties lug t Figure 1 a simulated FP recorded on an electrode is shown
spontaneous stimulus locations in vitro measurements. This with the simulated action potential recorded on the same
is further explained in the Heterogeneity modeling subsectio €lectrode.

The computational domairr corresponds to one well of the .

MEA device as shown iRigure 1 Letn be the outward normal  Steéady-state regime

to the boundary of the domaim . Equations (1) are completed Bécause the initial conditions of the iqnic model do not
with the following boundary conditions:ir ; n D 0 (where correspond to those of a steady-state regime, several begts ma

i D Vin C o), and either ¢ D 0 on the region connected to Need to be simulated before reaching a regime where there

the ground or o ¢ N D O elsewhere. The ground location is is negligible beat-to-beat variations. A numerical expefimn
indicated inFigure 1 was carried out to determine when this regime is reached.

The transmembrane ionic curreriy, is described with the Figure 4shows superimposed consecutive simulated FPs and the
Minimal Ventricular (MV) model (Bueno-Orovio et al., 2008 Nnormalized beat-to-beat variations in the FP. When consiugri
which includes three currents: fast inward (), slow inwasi) noisy.synthetic measurements as described above, theystegd
and outward (so) currents. The reader is referred to theingy State is assumed to be reached when the beat-to-beat vasai
publication for more details. Schematically, depends orv,, &' comparable to variations induced by noise only. The beat-
and on gating variables D (w)1 j 3, solution of a system of to-beat variability observed after this beat may be imputed
three non-linear ordinary di erential equations. A conductce © the coarseness of the mesh, the time discretization srror
coe cient g, with s D ,si or sq controls the activity of the 2and the uctuations of the ionic model itself. In the present
idealized channels associated with each of three currdrttseo WOk, the steady-state is assumed to be reached at the second
model. beat. Therefore, the simulations are run for two cardiadeyc

The partial di erential equations are discretized in space byand the second beat is recorded to be used as a synthetic
means of P1 nite elements, and in time by using backwardn€asurement.

di erentiation formula (BDF) schemes with adaptive time steps )
( ) P P Drug Modeling

We chose to model the action of drugs on the ion channels by the
conductance-block formulation of the pore block modeb(tino
TABLE 1| Bidomain model parameters. etal., 2006; Mirams et al., 2011; Zemzemi et al., R0hds simple
approach, which relies on a small number of parameters, was
shown inAbbate et al. (2017 be able to reproduce the expected
200cm 1 1mF.cm 2 5mS.cm 1 5mS.cm ! 10mm e ects of several drugs on MEA signals. The conductance of a

Am Cm i e Zthick
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FIGURE 1 | (A) Schematic of one well of the nine-electrode MEA device. Theidomain equations are solved in the domair with homogeneous Neumann boundary
conditions onOpn: r e ED 0 and homogeneous Dirichlet boundary conditions or®p: ¢ D 0 where the ground is located.(B) Corresponding nite element mesh.
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FIGURE 2 | Experimental recording of MEA eld potential. Eight biomarkrs are extracted from the time series: DA, depolarizationraplitude; DW, depolarization
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Heterogeneity Modeling

A typical experimental MEA FP measurement exhibits
both a depolarization spike and a repolarization wave (see
Figure 2. Using the computational model described above,

@) the repolarization wave is usually too small compared to what

is observed in experiments. As noted Atbbate et al. (2017)
the repolarization wave provided by this model is larger when

Whereg:ontrols is the drug_free maximal Conductanc@][is the the domain includes cells Wlth di erent APDs. IAbbate et al.
drug concentration, 1€ s the value of the drug concentration at (2017) the cell heterogeneity was de ned on a checkerboard

which the peak current is reduced of 5084s the Hill coe cient.

In this work, n will be assumed to be equal to 1.

arbitrarily chosen in the MEAs well. We propose here a
di erent approach, based on a probabilistic description of the
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FIGURE 3 | Comparison betweenin vitroand in silicoMEA FP recordings. In each case, the FPs are recorded in contf@onditions and for ve different drug
concentrations. For thein silicomeasurements, the drugs effects are modeled using Equatio(®), which amounts to reducingg , gsj or gso depending on the ion
channel affected by the drug.(A) Effect of ecainide (sodium antagonist drug) on experimentarecordings (left) and effect of a virtual sodium antagortisirug on
simulated MEA FPs (right)(B) Effect of diltiazem (assumed to be mainly calcium antagortisn this study) on experimental recordings (left) and effeof a virtual
calcium antagonist drug on simulated MEA FPs (rightfC) Effect of moxi oxacin (potassium antagonist drug) on expemental recordings (left) and effect of a virtual
potassium antagonist drug on simulated MEA FPs (right).

heterogeneity. The tissue is supposed to be a continuous mixtuthat the spatial variations ot are structured by a normal
of two cell types: A and B. We make the assumption that theorrelation functionfc:
transition between these two types can be described by a single
space dependent parametgx, y) as follows:
x X x XH?c(y ¥¥?
f , D ex , 4
p(Y) D (1 axy)p® C ox,y)p®, ®) Sy P 22 @

wherecis a random process with values in [0, 1] ap® (resp.

p®) the set of 19 parameters of the MV model correspondingvherel. is the correlation length, set th D 0.25 mm in the
to cell type A (resp. B). The values pf" and p(® are given present work. To discretize the random processve compute
in Supplementary Table 1. The APs corresponding to di erenthe correlation matrix on the nite element mesh used for the
realizations ot are shown inFigure 5. We make the hypothesis discretization of the bidomain equations. The correlatioatnix
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FIGURE 4 | Steady-state analysis: the Bidomain equations are solveaf 100 consecutive beats. Qualitatively, a satisfactory sady state is reached at the second
beat (left). The beat-to-beat relative difference of the FP is monitore(right) and is to be compared to the relative difference bateen two identical solutions, each
polluted by an independent noise(right) .

FIGURE 5 | Heterogeneity modeling: different APs obtained by simulatg the MV model with different values of the heterogeneitygzameterc. The heterogeneity
parameter is a function of space and its pattern differs fronone well to another (seeFigure 6).

CD[G] 2 RNmesn Nmesh reads: approximated by the following truncated expansion:
0P ) X 8i(09 (6)
D . .
Cij D fc g : g , ®) o1

where D (i)ip1:n. IS @ random vector anah; a truncation
whereNpmesh is the total number of mesh nodes ang,{®) are  index chosen so that the truncation explains at least 99%ef th
the coordinates of théh node. The eigenpairs & are denoted variance. In other words). is the smallest inder such that the
by ( i,81), and ordered by decreasing order of the eigenvalue®llowing criterion is veri ed:

i. By a convenient abuse of notation, we denote X ! Pn
8 (09 the function of the nite element space associated with P% > 0.99. )
the eigenmode ;. Finally, the discretized heterogeneity eld is ior" i
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FIGURE 6 | One sample of cell heterogeneity eldc(x, y) generated using the correlation matrix method. As ranges from 0 to 1, the cell action potential varies from
that of cell type “A” to cell type “B” (seeFigure 5).

In our case, the choice df and the domain geometry yields of interestqg , gso Gsi. In this section, we present di erent choices
nc D 14. Heterogeneity elds can now be generated simply byf biomarkers to be used in a classi cation context.
sampling the random variable. In the present workNy D
128 heterogeneity elds were generated by samplinfom  «classical” Biomarkers
an uncorrelated uniform distribution over [1, 1], and each The MEA FP can be split into two regions of interest:
sample is rescaled to range between 0 and 1. An example @k depolarization and the repolarization. The depolarization
heterogeneity eld is presented Figure 6. observed at one electrode corresponds to the local depolarizat
The observed variations in the experimental MEA FPsf the cardiomyocytes. The depolarization amplitude (DA,
recordings are also attributable to uctuations in the stifation  aferred to as spike amplitude i@lements and Thomas, 2014
location. In practice, the hiPSC-CM are not electricallymay pe qualitatively linked to the AP upstroke velocity. This
stimulated: a stimulus arises spontaneously in the mediunhiomarker is commonly associated with the activity of thetfa
probably due to the presence of pacemaker cells. The location &hdium channel g for the MV model). The repolarization
the spontaneous stimulation is not known to the experimesstali amplitude (RA) may be qualitatively linked to some extent to
We make the assumption that the location is random andne AP repolarization slope and to a bigger extent to spatial
therefore model it with a random uniform law over the peterogeneities in AP durations. Once the depolarization and
square [0.15,0.85]where + D [0,1F is the complete repolarization have been detected, it is possible to measure
domain. the FP duration (FPD), simply as the di erence between the
To conclude, in a given experimental setting, we know neithefepolarization and depolarization times. The FPD is a commonly
the stimulation position nor the cell distribution inside éhwell ;5 biomarker avarrete et al., 2013; Clements and Thomas,
and we would like the classi cation method to be robust with2014 which may be seen as a surrogate for APD in patch
respect to all these unknown, random elements. This is Whyyjamp experiments and QT interval in electrocardiograms.hBot
when generating synthetic MEA FPs using aarsilicomodel,  piomarkers RA and FPD are associated with the activity of
we introduce two sources of uncertainty: the heterogen€&@Ms tpe potassium and calcium currentsgg and gsj in the MV

eld and the stimulation location. model). As explained above, each (real or numerical) experimen
] is performed both in drug-block conditions and in control
Biomarkers condition. Because of the signi cant variability of measoents

Biomarkers may be de ned as quantities extracted from aaignin MEA, it is important to consider the variations observed in
that convey information about hidden quantities of intetelst  the FP in drug block conditions with respect to the control
our case, the biomarkers are features extracted from the MEA Fconditions to isolate the e ect of the drug from other sourass
which would ideally provide information about the conductas  variability: tissue variability, stimulation protocol,cefTherefore,
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as proposed ifRaphel et al. (2017the features of interest are the TABLE 2 | Indices of the biomarkers dictionary entries.
biomarkers in drug block condition divided by the biomarken

control conditions. For instance, the depolarization ampliéus Index (median) Index (mean) Index (max) Entry
actually the following ratio: 0 8 DA
DA 1 9 RA
DAratio D 7DA drug (8) 2 1o FPD
control 3 11 AUC,
4 12 RC
For the sake of clarity in the notation, the subscript “ratis” g 13 RW
omitted in the following and any biomarker actually refers tog 14 EPN
a ratio with the control value. For each MEA measurement, 15 DW
the FP is recorded at each of the nine electrodes. Again, th_% 24 32 RADA
important variability in the measurements motivates the oée . 25 33 DA/RA

robust features. Since the behavior of the FP may greatly vay,

. ) 26 34 RA/FPD
from one electrodg tp another, the medlap of the blomarkeq9 7 35 FPD/RA
over all electrodes is in practice a good choice of featunethd

. . ; 28 36 DA/FPD
following, the set of biomarketR, R4, FRDg s referred to as 2o o FoD/OA
the classical biomarkers, where Qaperator denotes the median

. 22 30 38 RA/RW
over all nine electrodes.
23 31 39 RW/RA
40 CVv

Composite Biomarkers
The rationale behind the choice of biomarkers describedvabo
is only qualitative and oftentimes does not represent thet bes o ) _
set of features in a classi cation context. Here, we adopt asemo With &i and gso The main idea is that by observing we have
automatic strategy to select the best set of biomarkers fiven good information about the hidden variations gf which is not
experimental scenario. First, the set of features to be ebetta tampered by simultaneous variationsgfor gso The composite
from a given FP is enriched with other features. biomarkers are de ned as weighted linear combinations @& th
It is indeed possible to extract additional quantities fromdictionary entries. We also require that the weights are spar
the EP other than DA, RA, and FPD. We propose to COmp,.,téneaning there are a lot of zero weights. This makes the congosit
also, for each electrode of the MEA, the following featurediomarkers more easily interpretable. Indeed, they can be as
the area under curve of the repolarization wave (AUCr), thed combination of only a small subset of the dictionary erstyie
repolarization center (RC), the repolarization width (RW)eth ideally including the classical biomarkers as sefigure 7.
FP notch (FPN), and the depolarization width (DW). The detail ~ The weights of such a combination are solution of an
on how to compute these additional biomarkers are describe@Ptimization problem. First, let us introduce some notation.
in Appendix A (Supplementary Material) and illustrated in We denote byy; (resp.yz, ys) the composite biomarker (to be
Figure 2 Ratios of these quantities are also added to thdetermined) associated with (resp.gsi, gso- From now on, the
dictionary of features: RA/DA, DA/RA, RA/FPD, FPD/RA, conductancesd, i Gso are denoted by D ( 1, 2, 3). Each
DA/FPD, FPD/DA, RA/RW, RW/RA. Each feature is actually gdictionary entry is considered as a function afThe composite
ratio with its control counterpart as described in Equatic).( biomarkers are sought as a linear combination of the dicign
To include the information of all nine electrodes, the metlia €ntres:

(denoted by th€pperator), mean (denoted by the> operator) Rlb
and maximum values (denoted by a max subscript) over the yn( ) D V\/j(h)bj( )y 1 h 3, 9)
electrodes are retained in the dictionary. We nally add the iD1

conduction velocity (CV) which is not an electrode-wise gtity

but de ned using all nine electrodes signals as explained iwhere the weightsv™ D (W]-(h)) 2 R™ are the unknowns of

Appendix A (Supplementary Material). This amounts to a totalthe problem. These weights are sought so §ét) is maximally

of N, D 41 features reported ifable2 The extended set correlated with , and minimally correlated withy, 8k 6Ch. This

of features is referred to as the dictionary or the biomasker may be stated as follows:

dictionary. Each biomarker is referred to as an entry, deddiy 8

bj,1 | Np, m_thefollowmg. _ _ %max cov Yu( ), h (10a)
Before going into further details about the numerical medbp Yh

let us now explain the purpose of the composite biomarkers. g8h 2 f1,:::,3g

The purpose of the method is to associate each conductgnce

Gsi, Gso With @ composite biomarker that is maximally correlated © st ovaryy() D1 (10c)

with it and minimally correlated with the others. For instes,

the composite biomarker, denoted lyy, associated witly is  where cov( ) and var() are respectively the covariance and

maximally correlated wittg while being minimally correlated variance operators. In the following, we assume that each

. n;/in cov yn( ), k , 8k6DCh (10b)
h
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FIGURE 7 | Example of composite biomarkers weights. The three highesteights (in absolute value) are highlighted by a red dot foraeh composite biomarker. Note
that some classical biomarkers are selected by the methodSa forg , Re (closely related to the FPD) fogsj and RA in the ratio (DA/RA) fogso.

FIGURE 8 | Correlation matrix of the conductances of interest with théclassical” biomarkers(Left) and with the composite biomarkers(Right).

component of is a zero-mean unit-variance random variable. N(W(h)) D - wihhTgw® 1 2 where Gj D E(@@),
This is achieved in practice by a simple rescaling of the 2
conductances samples. We also adopt the following notation: (13b)

Jpw™) D N—hkw(h)kl. (13c)
R)Db() Eb(), (12) b

whereE [ ] is the expectation operator. The problem may now belLet us now explain each term of Equation (13)c(w™)
recast into an optimization problem where the cost function tocorresponds to Equations (10a,b). It measures the discrgpanc
be minimized reads: to the ideal situation where coyy( ), n D 1 and
cov yu( ), k D 0,8k 60h.
J (W) D IcwM) c anw™) C Ipm®), (12) Jn(wM) is a relaxation of the constraint in Equation (10c).
is a regularization parameter that is set to 1 in practice.
where JpwM) is a regularization term by penalization of the 1—
norm of W, where 4, 1 h 3, are regularization
1 arameters:. 1 penalized cost functions tend to promote sparse
Jcw®) D QkCW(h) ek? where Cyj:D E( ), €7D i golutions (Tibsphirani, 199§ Sparse solutionspfow(h) a?e
(13a) interesting in that they o er a more interpretable decompausiti
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onto the dictionary entries (since most weights are zer@nth concentrations level&igure 3shows examples of experimental
what an’, penalization would yield. recordings in control conditions and with ve dierent
We now discretize the problem by considerifyg samples concentrations of ecainide, diltiazem and moxi oxacin.h&
of the parameters drawn over a parameter spa@e R3.  drugs used for the present study are summarizedTable 3
The expectation operator is approximated using a quasiThe corresponding concentrations are presentedable 4 The
Monte-Carlo quadrature rule and the cost function in Equatio 1Csg values that were used in the study are also reported and
(12) is minimized using a Nesterov accelerated gradierdre in the range of those reported iirumb et al. (2016)
descent ©'Donoghue and Candes, 2015The Monte- Note that the diltiazem was recorded in two di erent wells (A
Carlo samples may come from synthetic or experimentaand B) since it was the only calcium-antagonist drug in the
measurements. For synthetic measurements, the conduetanexperimental data that were made available to the authors. Th
are known, but this is not the case for experimentalexperimental process consists in adding ve times a compound
measurements. In that case, an approximation of thesatincreasing concentrations in a given well. Thus, inclgdine
conductances is computed using Equation (2). Note that theontrol condition record, we nally obtain eld potentials fo
solution weights depend strongly on the choice of samples usesix contexts in each well. Equation (2) was used to obtain an
for the Monte-Carlo approximations. approximation of the conductances values associated with the
An example of the obtained weights is shownhkigure 7. experimental measurements which are needed for the composite
Interestingly, the classical biomarkers are still among ilost ~ biomarkers calculations. The Hill coe cients and g values
weighted features. The correlation between the conduesncare given in the Supplementary Materialldfamer et al. (2013)
of interest and the composite biomarkers is compared t@andMirams et al. (2011)Concerning the dictionary of features,
the correlation with the classical biomarkers kigure 8 The a few adjustments need to be made in some cases. Indeed, it
correlation between two quantitiesandv is de ned as follows:  appears that at some high concentration levels of mexiletine,
there is simply no action potential (because the sodium chinne
are too blocked) and therefore the eld potential is a at
line. To take this into account, the values of dictionary resg
are set to the ones at the last concentration where an action
As expected, each composite biomarker is well correlated withotential was observed. In addition, all features where DA is
its associated conductance whereas uncorrelated withtttex®  in the numerator position in a ratio are set to zero for this
This is not the case for the classical biomarkers. The resnlt concentration.
the next section show that such a choice of features imprdwees t

cov(u,v)

coru,v) D p———.
var(u)var(v)

(14)

classi cation performance. Classi cation
Support Vector Classi cation
Experimental Data Set Support vector classi cation Boser et al., 1992(SVC) is

The MEA considered in the present work is a 6-well MEAan adaptation of the support vector machine (SVM) method
with nine electrodes per well. Its geometry as well as th# a classication setting. Classication generally consish
corresponding nite element mesh is shown Figure 1L The attributing labels to inputs. The available data set, compgisin
MEA measurements come in the form of FP recordingsooth inputs and labels, is generally split into a training set
corresponding to the di erent electrodes of the di erent wells used to build the classier and a validation set to test the
of the MEA. These recordings come in the form of time serieslassi er. The inputs are often multidimensional and in ouisea
where several cardiac cycles, or beats, are recorded. e ti
resolution of the MEA recordings is 10 kHz. We extracted salver
beats on each electrode from each well of the MEA. Data were . ] ] ]
provided by Janssen Pharmaceutica NV using MC_Rack (Mulirrl-\BLE3 | Repartition of the available (experimental and synthetidata set.
Channel Systems GmbH) and post-processed by NOTOCORDrug name  Blocked Associated ID svC # Experiments

Systems (NOTOCORD-FPS 3.0 software). The hiPSC-CM used ionic conductance class
in this study are a commercially available line of cells (iCe channel label
Cardiomyocytes) and were provided by the CDI (Cellular — ]
Dynamics International) company. Mexiletine  Sodium g 0 0 160
After thawing, the hiPSC-CM were precultivated for 7 daysg cc@nde ~ Sedum g ! 0 120
before being plated on the MEA. Then the cells were cultivatef"@zem#  calclum  gsi 2 . 160
again from 6 to 7 days. Prior to the experiments, the cellsebst PiazemB - Calclum - gs; 3 . 160
for 15 min inside the MEA. The recordings come in series of 210xioxacin - Potassium - gso 4 2 120
min each and a wash-in period of 5 min was allocated beforBoftiide  Potassium gso 5 2 160
changing compound concentrations. Up to two di erent hiPSC-Sy"th- A Sodium g 6 0 155
CM cultures were used and each experiment was repeated fronPg'h- B Calcium s 7 1 155
to 12 times. Synth. C Potassium gso 8 2 155

AS. .explamed earlier the rgcordmgs were made '!1 Corltroj1'heIDis used in the data set splitting (sed@able 5). The SVC class label corresponds to
conditions (no drug) and with dierent drugs at dierent the associated blocked channel conductance.
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TABLE 4 | Summary of the drugs information constituting the experimetal measurement set.

Concentration index Mexiletine Flecainide Diltiazem Moxi oxacin Dofetilide

1 0.01 mM 0.1 mm 0.01 mM 10.0 mM 0.1 nM

2 0.1 mM 1.0 mM 0.1 mv 30.0 mM 1.0 nM

3 1.0 mM 10.0 mM 1.0 mM 100.0 mM 10.0 nM

4 10.0 mM 50.0 mM 5.0 mM 200.0 mM 50.0 nM

5 50.0 mM 100.0 mM 10.0 mM 300.0 mM 100.0 nM

Main channel blocked Sodium Sodium Calcium Potassium Potasum

1Cso 43.0 mM 6.2 mM 0.75( or 0.45)mM 86.2 MM 30.0( or 5.0) nM

Five concentrations were studied for each drug. The 1§ values are reported as well as the main channel blocked by each drug (the scope of the single channel block assumption).

correspond to the biomarkers, whether classical or composit&-vs.-3 classi cation

The labels are integers that represent the classes to whi8ince there are three distinct classes in the experimentahsse
the inputs are assigned. These classes are mutually exclusifeee classes need to be included in the training set, prglfiera
meaning one sample can only belong to a single class. S\M€equal proportions. The strategy of 3-vs.-3 (3v3) classiarat
belongs to the so-called supervised methods since the labelsnsists in dividing the experimental set into a training aatl
are known, at least for the training set. The main idea behindralidation set that both include samples from the three cksse
SVC is to maximize the margin between the inputs and the&ach class is divided into two sub-classes. This is najuilalhe
decision boundary Hoser et al., 1992 In the linear case, for the sodium and potassium antagonist classes since they are
the decision boundary is a hyperplane of the input space. leach comprised of data from two di erent drugs. For the calcium
general, however, this is not su cient to properly separateantagonist class, the diltiazem data is arti cially splitartwo

the samples according to their classes. A common way tdrugs “diltiazem A’ and “diltiazem B” (seéRable 3. Each subclass
obtain more complex boundary decisions is to use a so-called associated with an identi cation number (ID) from 0 to 5.
“kernel trick” (Scholkopf and Smola, 20pavhich is based Therefore, there are 8 possible choices for the training and
on a mapping from the input space to a higher-dimensionalvalidation set combinations as summarizedrable 5

space where the existence of a separating hyperplane is more

likely. In the present case, the labels are “sodium antagbnisOne-vs.-all classi cation

“calcium antagonist,” and “potassium antagonist; respatyi The One-vs.-All (OvA) classi cation strategy consists iriniiag
associated with labels 0, 1, and 2. Among various possibi#e classi er for each class. For each cjas® training set labels
choices of kernels, a Gaussian kernel is employed in th&re modied to take the value 1 for samples in clasand O
work. otherwise and a classi er is trained on this relabeled firagrset.

We used a Python implementation of SVC through the Scikit{n other words, the classi er for clagss only trained to recognize
learn (Pedregosa et al., 2Q1fnachine learning library which whether or not a sample belongs to clagsor the validation step,
itself uses the LIBSVM libraryChang and Lin, 2001 For a the classi ers do not predict a class label but a probabilitygor
given training set, a so-called classi er is built. The dlasss ~ given sample to be in their respective class. Each sample of the
then called to predict the labels of the validation set samplegalidation step goes through each of the three classi ersthad
The predictions are nally compared to the true labels. Therepredicted class corresponds to the classi er returning théabgy
exist several metrics to quantify the prediction quality. Twoprobability. The splitting between training and validatioets is
di erent metrics are considered here: the Cohen's kappa andone in the same way as in the 3-vs.-3 classi cation strategy.
the receiver operating characteristic area under curve (AUC)

The Cohen's kappa is a single scalar designed to measure fESULTS

performance of multi-class classi ers. Its value rangesfrol

(worst possible classi er) to 1 (perfect classi er), 0 copasding Comparison between Classical and

to a coin- ip classi er. The AUC is de ned for each class and Composite Biomarkers

measures how a classier performs with respect to a givepere the performance of the composite biomarkers in a
class. Its value ranges from 0 (worst) to 1 (best), 0.5 beingassi cation context is compared to that of the classical
a coin- ip. Because the classi cation is repeated severaésim biomarkers for two di erent classi cation strategies. Thetaa
with di erent data set splittings, the classi cation metriese  set is composed of 880 experiments, each counting one
summarized using their means and standard deviations. Theontrol measurement and 5 measurements at dierent drug
“averaged AUC” corresponds to the average of all AUCs (ongoncentration levels. For each experiment, the conducgnce
AUC per class). values and FP features are computed as explained in the Methods

Both metrics are described in detail in the Supplementargection and the labels are de ned according Table 3 The
Material. We now present two di erent strategies to employ SVClassi cation results are summarized in the following andne
in the context of drug classi cation. detailed results may be found in Supplementary Tables 3, 4.
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TABLE 5 | Different possible splittings of the experimental data set

Splitting index 0 1 2 3 4 5 6 7
Training set IDs f0,2,4g 10, 2,59 10,3, 4g 10,3, 59 f1,2,49 f1,2,59 f1,3,49 f1,3,59
Validation set IDs f1,3,59 fl, 3,49 fl, 2,59 fl, 2,49 10,3, 59 10,3,49 10,2, 59 10,2,4g

The statistical signi cance of the potential improvements inTABLE 6 | Comparison between classical and composite biomarkers wit the 3v3
the classi cation scores attributable to the use of compmositclassi cation strategy.
biomarkers is studied using an analysis of variance (ANOVA)

ith L | 10f0.05 Classical biomarkers Composite biomarkers
with a signi cance level of 0.05.
Mean Std. Mean Std.
3v3 Classi cation Cohen's k 0.27 0.16 0.56C" 0.25
The performance of the composite biomarkers compared to the® "> “@PP& oa o . oo
classical ones is evaluated using the 3v3 classi catiategly. : ' : oo :
The classi cation procedure is carried out for each dierent s AUC 0-98 0.01 Lo i 0.00
splitting of the data set as summarized Table 5 First, the =~ 9%° AUC 0.69 0.04 0.84% 0.04
Averaged AUC 0.80 - 0.92 -

classi cation inputs are the 3 classical biomarkers for edtiy

concentration level: Variation fincrease, decrease) in the classi cation scores attributable to the composite

n o biomarkers. ANOVA study*signi cant at the 0.05 probability level.
mcl,F@Cl,le,I - ,M(S,F@@,F% , (15)

TABLE 7 | Comparison between classical and composite biomarkers.
whereg is thek-th concentration level. Then, the classi cation Classi cation scores in the one-vs.-all scenario.
inputs are the composite biomarkers for each concentration .
computed as explained in the Methods section using the
classi cation training set as samples for the Monte-Carlo Mean Std. Mean Std.
approximations. The inputs now read:

Classical biomarkers Composite biomarkers

Cohen's kappa 0.44 0.24 0.54C.T 0.24

g AUC 0.83 0.10 0.74 -f 0.24

Yicl Y2el Yaas 't Y15 Y25 Y30 - (16) g Auc 0.89 0.10 0.94C. 0.07

gso AUC 0.77 0.13 0.92¢" 0.08

In both cases, the inputs are therefore of dimension 15. Nwde t Averaged AUC 0.83 - 0.87 -

for each splitting of the data set, new weights for the composit ] - ] ]

bi K ted. The classi cation procedure isiedrr Variation Fincrease, decrease) in the classi cation scores attributable to the composite
IOIT_]B.I' ers are compu ' I ! p . u : IS biomarkers. ANOVA study*signi cant at the 0.05 probabilityIeveI,Tnon—signi cant at the

out in both cases and the results are summarizediable &  0.05 probability level.

Regardless of the chosen classi cation score, the resuits ar

signi cantly better using the composite biomarkers as inputs

OVA Classi cation Using Combined Experimental and

The same procedure as in the 3v3 case is applied to the Oviyml‘“':'tIC Measurements for the
strategy. The classi cation procedure is carried out witittho Composite Biomarkers Computation
classical and composite biomarkers as inputs and the res@lts aHaving established that composite biomarkers outperform
summarized inTable 7. The prediction of slow outward current classical ones in two di erent classi cation scenarios, we now
block is signi cantly improved using the composite biomarker investigate the addition of synthetic measurements for the
as inputs. Furthermore, the results are overall better whgngs  computation of the composite biomarkers weights. To enrich
the OVA approach rather than the 3v3 one. the set of experimental samples used to compute the composite
In the next section, the addition of synthetic measurementdiomarkers, a set of synthetic measurements is built. [First
in the computation of the composite biomarkers is investigate conductances samples are chosen to mimic the e ect of drugs as
To test whether potential improvements are due to the nature o§hown inFigure 9. Depending on the most a ected conductance,
the added data and not to the increase in the size of the dathese samples are associated with a synthetic sodium (resp.
set, the classi cation framework was applied to a smaller datealcium and potassium) antagonist drug called “synth A’ fres
set of 440 experiments (i.e., half of the previous data set) f@& and C). 775 samples per drug are chosen which amounts to
which the results are reported in Supplementary Tables 5, 6. THES experiments per drug. and their repartition is summarized
conclusions of this additional study being similar, thigggests in Table 3 This approximately corresponds to a 50/50% split
that the classi cation results are weakly impacted by the siz between experimental and synthetic measurements. For each
the data set. conductance sample, the computational model described in the
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FIGURE 9 | Plot of the 2,325in silicoconductances samples. Three populations of 155 virtual drgs were generated according to their ion channel targets: sdium
antagonist drugs (red), calcium antagonist (blue) and possium antagonist (green). For each drug, 5 different concérations are considered which correspond to 5
different set of conductances. These conductances are themsed as inputs to generatein silicoMEA measurements using the bidomain equations.

Methods section is evaluated and the dictionary entries ar€ABLE 8 | Comparison between composite biomarkers computed from
computed from the simulated FPs. For each experiment, th@xperiments only and combined experiments and synthetic masurements.
computational model is also evaluated in control conditions
i.e., withg D @i D go D 1 in order to compute the
ratios as de ned in Equation (8). Thi silico measurements Score Mean Std. Mean Std.
are incorporated in the experimental set to create an augneente

- . Cohen's kappa 0.56 0.25 0.59 0.10 "
set. This augmented set is then used to compute the ComposEe PP

Experiments only Experiments  C synthetic

) . o AUC 0.90 0.09 0.89 0.06 T
biomarkers weights. The same data set splitting procedur% ALC 100 0.00 100 0.00°
as described before is carried out. Note that the syntheti??' N '4 '4 ' ' of
measurements are only used for the composite biomarkers° ue 08 00 085 00
Averaged AUC 0.92 - 0.91 -

computation and are included neither in the training set nor

in the validation set. Again, two classi cation strategi@®  3v3 classi cation strategy.

explored. Variation Fincrease, decrease) in the classication scores standard deviations
attributable to the use of numerical simulations in the composite biomarkers coputation.

. . F-test of variances: *signi cant at the 0.05 probability level, non-signi cant at the 0.05
Classi cation Results probability level P no variation.

The classi cation is carried out using both 3v3 and OvA

approaches. The results are summarizedTables 8 9 and

reported in detail in Supplementary Tables 4, 7. The statistic|SCUSSION

signi cance of the modications in the classi cation scare

standard deviations attributable to the use of synthetidn this study, a framework for an automatic classi cation afids

data is assessed using tiretest with a signicance level from MEA measurements has been presented. The framework

of 0.05. relies on arin silicomodel of a MEA device, on a feature selection
In the 3v3 case, the Cohens kappa standaralgorithm and on state-of-the-art machine learning tooleTn

deviation is signicantly decreased when using thesilicomodel is a PDE model (the bidomain equations) coupled

mixed set of experiments and synthetic data. In thewith an ionic model that describes the transmembrane curren

OvA case, the standard deviation of thgs AUC is of the cardiomyocytes. The ionic model is a phenomenological

signi cantly decreased while that of theg, AUC is model consisting of a set of coupled non-linear ODEs. The

increased. feature selection algorithm proposes a way to compute a seetcall

Frontiers in Physiology | www.frontiersin.org 13 January 2018 | Volume 8 | Article 1096



Tixier et al. Composite Biomarkers for Channel Block Classi cation

TABLE 9 | Comparison between composite biomarkers computed from G0 AUC and overall the OVA strategy yields better classi cation
experiments only and combined experiments and synthetic megesurements. results than the 3v3 strategy.

Second, the use of combined experimental and synthetic
measurements to compute composite biomarkers is investigate
Score Mean Std. Mean Std. The composite biomarkers are computed using Monte-Carlo
approximations that require conductances and FP features

Experiments only Experiments  C synthetic

Cohen's kappa 0.54 0.24 0.63 0.19 T . .

g AUC 074 0.24 081 014 -t samp_les. In_ the previous case, these samples are experlmgntal.
4l AUC 0.94 0.07 0.99 0oL * The idea is to_ |mprove_the robust_ness of the compos_,ne
ge0 AUC 0.92 0.08 081 0175 biomarkers by incorporating synthetlc measurements WhICh.
averaged AUC 0.67 B 0.67 B better span the parameters (i.e., conductances) space. This

approach is meant to compensate the scarcity of experimental
OvA classi cation strategy. . o o data and more generally the fact that the experiments do
Var.|at|on € increase, decrgase)_ in tr_\e cl.a53| cation st?ore_s standard dewa.uons not cover every possible drug block scenario. Tihesilico
attributable to the use of numerical simulations in the composite biomarkecomputation. .
F-test of variances:* signi cant at the 0.05 probability level,” non-signi cant at the 0.05 measurements allow for a more thorough exploration of the
probability level. parameter space. Conductances samples were drawn and the
computational model was evaluated to generate noisy FPs. From
these FPs, the entries of the dictionary of features weregctead.
composite biomarker for each conductance of interest, adeslg The composite biomarkers weights are then computed using
to perform better in a classication context than classicala mixed set of experimental and synthetic samples. These
biomarkers. The composite biomarkers are linear combimetio composite biomarkers are compared to the ones computed
of the entries of a dictionary of features which is given. Thaising only experimental data. The same two classication
calculation of the weights involves Monte-Carlo approximasion strategies as before are used to compare both approaches. In
which use experimental or synthetic (or both) conductanceshe 3v3 case, the standard deviation of the Cohen's kappa is
and FP samples. It has been applied to drug classi catiosigni cantly decreased, which suggests that this approadkesia
problems using experimental MEA recordings. The classi aatio the classi cation more robust, at least when considering this
was carried out using the Scikit-Learn Python libraRe(iregosa metric. The variations of the other classi cation scores ao¢
et al., 201 which includes several classi cation tools. In the statistically signi cant. In the OVA case, the Cohen's kapgenss
present work a Support Vector Classi cation was used. Théo increase in average while its standard deviation decsease
data used for the classi cation consist in FP features ex¢@& This nding must however be mitigated by the fact that it is
from experimental measurements and their associated labetet statistically signi cant. As for the AUC scores, the same
corresponding to the type of drug that is considered. observation can be made concerning theAUC. The standard
The purpose of the present work is twofold. First, itdeviation of theg; AUC is signi cantly decreased but the
intends to establish that the classically used biomarkeay m standard deviation of theso AUC is increased. Overall, the use
be improved, at least in a classication context, by usingpf mixed experimental and synthetic measurements seems to
composite biomarkers instead. Second, it intends to shownprove the classi cation and make it more robust even though
that the classication performance may benet from the the statistical signi cance of the results is not conclesiThe
addition of synthetic measurements in the calculation oé th use of a larger experimental data set could help assessing the
composite biomarkers. More generally, the authors intendtatistical signi cance of the previous ndings.
to show that numerical simulations are useful to cardiac The use of FP features in a classication context is now
electrophysiology in general, beyond the sole scope of drudjscussed. In classi cation problems, and in machine lezgni
classi cation. in general, a large number of inputs tend to provoke an over-
First, a comparison between classical and compositéting of the model. This means that the classier tends to
biomarkers was carried out. The comparison consists ifave satisfactory training scores but generalizes poorlyaon
classifying drugs from experimental measurements usingalidation test. This is in part solved by the regularization
two dierent strategies: 3v3 and OvA. For each strategyused but the number of inputs still remains important. When
the classi cation is performed using classical or compositelealing with experimentally recorded FPs, the di erent signa
biomarkers as inputs. As expected, the classi cation resnlts are often not perfectly synchronized, making timestep-wise
both cases are improved when using the composite biomarkersomparisons meaningless. Furthermore, an important valitgbi
The latter were indeed designed to be maximally correlatedf the signal amplitudes is observed in practice, making
to their associated conductance and minimally correlated teven perfectly synchronized signals di cult to compare. Usgin
the others. As a consequence, they are more revealing of tfeatures extracted from the FP that are do not depend on time
underlying conductances than the classical biomarkers. Ishifts and amplitude variations are therefore more robust in a
the 3v3 case, all classication scores signicantly inseea classi cation context.
when using composite biomarkers instead of classical omes. |
the OVA case, the improvement is less clear, mainly becaukémitations
most variations in the classi cation scores are not stat@dly The limitations of the proposed approach are now discussed.
signi cant. Nevertheless, the improvement is signi cant fbe  First we discuss the heterogeneity modeling. In the present
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work, we make the assumption that the hiPSC-CM medium iglassi cation strategies. Both classi cation strategies @on-
a continuous mixture of two cell types (“A’ and “B”) based onexhaustive in that they do not explore every possible way of
a ventricular endocardium cell model, modi ed to match the splitting the data set. Furthermore, the classi cation megri
action potential duration of the experimental recordings.eTh used to compare the di erent approaches are not awless. In
actual nature of the hiPSC-CM types is still quite unknown,some cases comparing AUCs for instance is not the best way to
to the authors knowledge, even though some studies suggestompare classi ers{dams and Hand, 20000ther metrics exist,
is a mixture of atrial, ventricular and pacemaker cell$a{sa such as the mean squared error, but were not investigatetisn t
et al., 201)L Even if the medium can be well characterizedwork. Finally, the composite biomarkers derived in the présen
in a particular setting, it varies greatly from one cell line t work are not optimal in the sense that their correlation witteth
another. In the present work, we propose a general method tassociated conductances is not equal to one, as séggure 8
generate heterogeneous media and for the sake of simplicity The limitations of the study also arise from the MEA
we restricted our study to a continuous mixture of two cellmeasurements themselves. Variations of the repolarization
types. The approach is easily generalizable to more realistcave morphology and the depolarization amplitude from
heterogeneities, including for instance atrial, ventlisuand one experiment to another constitute a technical challenge
pacemaker cells. Second, the conductances values associathen one tries to extract meaningful information from the
with the experimental measurements are not known and areneasurements. In the present study, we propose to model the
therefore approximated using Equation (2). This approximatiorheterogeneities of the experimental settings (CM cell types an
is, however, subject to several sources of uncertainty asthe stimulation location) to account for the observed varigiin
IC50 whose value for a given drug may vary according to thehe data. Furthermore, considering ratios of biomarkershwit
source consideredMirams et al., 2011; Kramer et al., 2013 their control counterparts makes the approach more robust
The uncertainties also come from the Hill's equation whisfan and less dependent on uctuations from one experiment to
imperfect model. Knowing the exact values for the conduotanc another.
is, however, not critical since those values are only needed
derive the composite biomarkers and are not directly usedrdur Perspectives
the classi cation procedure. Furthermore, the drugs stddie  We now discuss some perspectives that could lead to interesting
the present work are assumed to be single channel blockers. flature works. Other classi cation methods than SVC existtsu
reality, some drugs (e.g., diltiazem) are known to targeteno as neural networks or random forests for instance. It would
than one ion channel. In fact, it can be considered that anygdr be interesting to assess whether the ndings of this work are
a ects every ion channel with di erent Igg values. In the present still valid when considering other classi cation tools. It uid
work, we make the strong assumption of single channel blockinglso be interesting to evaluate which classi cation toolegatly
as a rst step toward a ner description of the drugs e ects. $hi performs best in the present drug classi cation context. Other
assumption is also motivated by the simplicity of the consedier perspectives concern the composite biomarkers computed using
ionic model which only counts three di erent currents. Notlsa a mixed set of synthetic and experimental measurements. In
that mexiletine primarily blocks the late sodium channelraut  the present work, the mixed set is roughly composed of half
and not the fast one. In the MV model, there is no distinction synthetic and half experimental measurements. Howevegroth
between these two currents. proportions could be investigated and an optimal proportion
Another limitation comes from the computational model used with respect to the classi cation score could be found. In the
in the present work. The sources of error are multiple: spacpresent work, only sodium, potassium and calcium antagonists
and time discretizations, conductivities errors, modelargors, drugs are considered but other types of drugs exist. Drugs that
etc. These errors are not critical either since the compoieti a ect other ionic channels or even simultaneously several of
model is only used to compute the composite biomarkershem could be investigated. In parallel, more sophisticateki
weights. This study shows that, despite the modeling errorsnodels including more current types would need to be used
adding synthetic measurements simulated by the computationto model these new drugs. This would, of course, come at the
model leads to a better and more robust classi cation. In theexpense or more computationally intensive simulations. Aweot
present study, we based oum silico modeling on the MV interesting perspective would be to train the classiers with
ionic model. It is a very simplistic model which is not able toonly synthetic measurements instead of experimental onleis. T
reproduce complex behaviors such as early after depolanmatiowould be very useful when experimental data are insu cient
for instance. Furthermore, the hiPSC-CM are spontaneouslgr even not available. The classi ers could also be trained with
excitable cells in our case while the MV model is not sophiggita a mixed set of synthetic and experimental data just like it is
enough to reproduce such a behavior. For this reason, it idone in this work for the computation of composite biomarkers.
not suited to the study of drug arrhythmogenicity. However,Finally, as explained earlier, the point of the present work is
in the scope of the present work, we have established thabtthe direct assessment of drugs arrhythmogeneicity btkter
it is suited to the characterization of drug-induced chahnethe identi cation of the main channel block induced by the
block, at least for a coarse description of it. Furthermote, idrugs. This is, in the author's opinions, a necessary rst step
was also established iRaphel et al. (2017hat it is possible toward a better understanding of MEA measurements amd
to identify which of the three main currents is a ected by a ne its use in drug safety evaluation. Considering a larger et o
drug using the MV model. Other limitations come from the drugs and more realistic ionic models in order to perform dsug
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classi cation based on their arrhythmogenicity (or TdPkjisvill
be the purpose of future works.

ETHICS STATEMENT

FUNDING

ET was funded by a doctoral grant from the French Ministry
of Research and Higher Education. FR was funded by
Instem. This work was partially supported by the Agency

The MEA recordings were made using a commercially availabf" Interaction in Mathematics with Business and Society
line of hiPSC-CM provided by the CDI (Cellular Dynamics (AMIES).

International) company.

DATA ACCESSIBILITY

ACKNOWLEDGMENTS

We would like to thank Janssen Pharmaceutica NV for providing

The implementation (in Python) of the composite biomarkersus with the raw experimental data and Philippe Zitoun for many

algorithm is available at this URL: https://github.com/eltix
numbio.

AUTHOR CONTRIBUTIONS

All authors listed have made substantial, direct and ietlial
contribution to the work, and approved it for publication.

REFERENCES

Abbate, E., Boulakia, M., Coudiére, Y., Gerbeau, J.-F.,Zidyand Zemzemi, N.

fruitful discussions.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.38hys.
2017.01096/full#supplementary-material

(CIPA) proposed ion channel panell. Pharmacol. Toxicol. Methodd,
251-262. doi: 10.1016/j.vascn.2016.03.009
Davies, M. R., Wang, K., Mirams, G. R., Caruso, A., Noble, D., Walz,

(2017)In silicoassessment of the e ects of various compounds in MEA/hIPSC- A, et al. (2016). Recent developments in using mechanistic cardia

CM assays: modelling and numerical simulatiohsPharm. Toxicol. Methods
89, 59-72. doi: 10.1016/j.vascn.2017.10.005

Adams, N. M., and Hand, D. J. (2000).
classier performance assessmentNeural
doi: 10.1162/089976600300015808

Antzelevitch, C., Belardinelli, L., Zygmunt, A. C., Burashnikay,Bi Diego, J. M.,
Fish, J. M., et al. (2004). Electrophysiological e ects of ranotaza novel
antianginal agent with antiarrhythmic propertie€irculation 110, 904-910.
doi: 10.1161/01.CIR.0000139333.83620.5D

Arikawa, S., Miyano, S., Shinohara, A., Kuhara, S., Mukouchand Shinohara, T.
(1993). A machine discovery from amino acid sequences by dedisies over
regular patternsNew Gen. Computl, 361-375. doi: 10.1007/BF03037183

Blinova, K., Stohlman, J., Vicente, J., Chan, D., Johannesétpitigon-Vinagre,
M. P., etal. (2016). Comprehensive translational assessment ofhintiaced
pluripotent stem cell derived cardiomyocytes for evaluating drug:izetl
arrhythmias.Toxicol. Scil55, 234—-247. doi: 10.1093/toxsci/kfw200

Boser, B. E., Guyon, I. M., and Vapnik, V. N. (1992). “A trainagorithm for

Comput. 12, 305-311.

optimal margin classi ers,” inProceedings of the Fifth Annual Workshop on

Computational Learning Theo(Rittsburgh: ACM), 144-152.

Bottino, D., Penland, R. C., Stamps, A., Traebert, M., DumotierGBorgieva,
A., et al. (2006). Preclinical cardiac safety assessment of pharicate
compounds using an integrated systems-based computer model ofethn. h
Prog. Biophys. Mol. Bi&l0, 414—-443. doi: 10.1016/j.pbiomolbio.2005.06.006

Bueno-Orovio, A., Cherry, E. M., and Fenton, F. H. (2008). Minimmaldel for
human ventricular action potentials in tissud. Theor. Biol253, 544-560.
doi: 10.1016/}.jtbi.2008.03.029

Cavero, I., Guillon, J.-M., Ballet, V., Clements, M., Gerbeau,, &rf Holzgrefe,

H. (2016). Comprehensiva vitro proarrhythmia assay (CIPA): pending issues

for successful validation and implementatich.Pharm. Toxicol. Metho@4,
21-36. doi: 10.1016/j.vascn.2016.05.012

Chang, C.-C., and Lin, C.-J. (2011). Libsvm: a library for supparorenachines.
ACM Trans. Intell. Syst. Techn@l27. doi: 10.1145/1961189.1961199

Clements, M., and Thomas, N. (2014). High-throughput multi-parameterjmg
of electrophysiological drug e ects in human embryonic stem cell detiv
cardiomyocytes using multi-electrode arrayBoxicol. Sci.140, 445-461.
doi: 10.1093/toxsci/kfu084

Crumb, W. J., Vicente, J., Johannesen, L., and Strauss, D.16) (20 evaluation
of 30 clinical drugs against the comprehensinevitro proarrhythmia assay

modelling for drug safety evaluatiorDrug Discov. Today21l, 924-938.
doi: 10.1016/j.drudis.2016.02.003

Improving the practice of Fermini, B., Hancox, J. C., Abi-Gerges, N., Bridgland-Taylor, ®haudhary,

K. W., Colatsky, T., etal. (2016). A new perspective in the eldantimc safety
testing through the comprehensive vitro proarrhythmia assay paradigrd.
Biomol. Scree21, 1-11. doi: 10.1177/1087057115594589

Hindmarsh, A. C., Brown, P.N., Grant, K. E., Lee, S. L., Serba8hRmaker, D. E.,
et al. (2005). Sundials: suite of nonlinear and di erential/algéb equation
solversACM Trans. Math. Softw1, 363—-396. doi: 10.1145/1089014.1089020

Hua, S., and Sun, Z. (2001). A novel method of protein secondanctsie
prediction with high segment overlap measure: support vector machine
approachJ. Mol. Biol308, 397-407. doi: 10.1006/jmbi.2001.4580

Kiranyaz, S., Ince, T., and Gabbouj, M. (2016). Real-time pasigeci c ecg
classi cation by 1-d convolutional neural networkEEE Trans. Biomed. Eng.
63, 664—675. doi: 10.1109/TBME.2015.2468589

Kramer, J., Obejero-Paz, C. A., Myatt, G., Kuryshey, Y. A., BngeWright, A.,
Verducci, J. S., et al. (2013). Mice models: superior to the HERG niodel
predicting torsade de pointeSci. Rep3:2100. doi: 10.1038/srep02100

Lancaster, M. C., and Sobie, E. (2016). Improved prediction of -drug
induced torsades de pointes through simulations of dynamics andhinea
learning algorithmsClin. Pharmacol. Therapeut00, 371-379. doi: 10.1002/
cpt.367

Matsa, E., Rajamohan, D., Dick, E., Young, L., Mellor, |, 8igthi A., etal. (2011).
Drug evaluation in cardiomyocytes derived from human induced pluripbte
stem cells carrying a long QT syndrome type 2 mutati&r. Heart J.32,
952-962. doi: 10.1093/eurheartj/ehr073

Meyer, T., Boven, K.-H., Gilnther, E., and Fejtl, M. (2004). rbkelectrode
arrays in cardiac safety pharmacologyrug Safety 27, 763-772.
doi: 10.2165/00002018-200427110-00002

Mirams, G., Cui, Y., Sher, A, Fink, M., Cooper, J., Heath, B, let a
(2011). Simulation of multiple ion channel block provides improved early
prediction of compounds clinical torsadogenic ri€kardiovasc. Re31, 53-61.
doi: 10.1093/cvr/cvr044

Navarrete, E. G., Liang, P., Lan, F., Sanchez-Freire, V., Simn®@ns,
Gong, T. et al. (2013). Screening drug-induced arrhythmia using
human induced pluripotent stem cell-derived cardiomyocytes and low-
impedance microelectrode array€irculation 128(11 Suppl. 1), S3-S13.
doi: 10.1161/CIRCULATIONAHA.112.000570

Frontiers in Physiology | www.frontiersin.org 16

January 2018 | Volume 8 | Article 1096



Tixier et al. Composite Biomarkers for Channel Block Classi cation

O'Donoghue, B., and Candes, E. (2015). Adaptive restart f@lerated gradient Tung, L. (1978)A Bi-domain Model for Describing Ischemic Myocardial D-C
schemes.Found. Comput. Math.15, 715-732. doi: 10.1007/s10208-013- PotentialsPh.D. thesis, MIT. Available online at: https://hdl.handle/h@&p1.

9150-3 1/16177
Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., ThirionGBisel, O., et Zemzemi, N., Bernabeu, M., Saiz, J., Cooper, J., PathmanathahlirBms,
al. (2011). Scikit-learn: machine learning in PythdnMach. Learn. Re$2, G., et al. (2013). Computational assessment of drug-inducedt® ec the
2825-2830. electrocardiogram: from ion channel to body surface potenti@st. J.
Raphel, F., Boulakia, M., Zemzemi, N., Coudiére, Y., Guillon, J.Z\oun, Pharmacol168, 718-733. doi: 10.1111/j.1476-5381.2012.02200.x

P., et al. (2017). Identi cation of ion currents components getiata eld

potential recorded in MEA from hiPSC-CMIEEE Trans. Biomed. Eng Conict of Interest Statement: The authors declare that this study received

doi: 10.1109/TBME.2017.2748798 funding from Instem. The funder was not involved in the study idesor
Scholkopf, B., and Smola, A. J. (2002)earning with Kernels: collection, analysis, or interpretation of the data.

Support Vector Machines, Regularization, Optimizatiomd aBeyond

(Cambridge, MA: MIT Press). Copyright © 2018 Tixier, Raphel, Lombardi and Gerbeau. This épen-access
Scott, C. W., Peters, M. F., and Dragan, Y. P. (2013). Human édipturipotent  article distributed under the terms of the Creative ComrAtribution License (CC

stem cells and their use in drug discovery for toxicity testifgxicol. Lett219, BY). The use, distribution or reproduction in other forunpersnitted, provided the

49-58. doi: 10.1016/j.toxlet.2013.02.020 original author(s) or licensor are credited and that thegipal publication in this
Tibshirani, R. (1996). Regression shrinkage and selectiorheidgassoJ. R. Stat.  journal is cited, in accordance with accepted academitqerado use, distribution
Soc. Ser. B (Methodobg, 267—288. or reproduction is permitted which does not comply wittettezms.

Frontiers in Physiology | www.frontiersin.org 17 January 2018 | Volume 8 | Article 1096



