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a b s t r a c t

Torsades de pointes is a serious side effect of many drugs that can trigger sudden cardiac death, even in
patients with structurally normal hearts. Torsadogenic risk has traditionally been correlated with the
blockage of a specific potassium channel and a prolonged recovery period in the electrocardiogram.
However, the precise mechanisms by which single channel block translates into heart rhythm disorders
remain incompletely understood. Here we establish a multiscale exposure-response simulator that
converts block-concentration characteristics from single cell recordings into three-dimensional excita-
tion profiles and electrocardiograms to rapidly assess torsadogenic risk. For the drug dofetilide, we
characterize the QT interval and heart rate at different drug concentrations and identify the critical
concentration at the onset of torsades de pointes: For dofetilide concentrations of 2x, 3x, and 4x, as
multiples of the free plasma concentration Cmax ¼ 2.1 nM, the QT interval increased by þ62.0%, þ71.2%,
and þ82.3% compared to baseline, and the heart rate changed by �21.7%, �23.3%, and þ88.3%. The last
number indicates that, at the critical concentration of 4x, the heart spontaneously developed an episode
of a torsades-like arrhythmia. Strikingly, this critical drug concentration is higher than the concentration
estimated from early afterdepolarizations in single cells and lower than in one-dimensional cable
models. Our results highlight the importance of whole heart modeling and explain, at least in part, why
current regulatory paradigms often fail to accurately quantify the pro-arrhythmic potential of a drug. Our
exposure-response simulator could provide a more mechanistic assessment of pro-arrhythmic risk and
help establish science-based guidelines to reduce rhythm disorders, design safer drugs, and accelerate
drug development.

© 2018 Elsevier Ltd. All rights reserved.
1. Introduction

The average cost to develop a new drug is $2.5 billion (DiMasi
et al., 2016) and the time to market is more than ten years
(DiMasi et al., 2003). A critical step in the approval of any new drug
is the assessment of its side effects on the heart (Colatsky et al.,
2016). Numerous drugs, not just cardiac drugs, are known to
interact with specific ionic channels and induce potentially lethal
cardiac arrhythmias (Crumb et al., 2016). While there is a general
agreement that pro-arrhythmic risk evaluation is critical to avoid
the introduction of potentially dangerous drugs to the market
(Navarrete et al., 2013), the high cost and long time to test new
compounds often hinders the discovery of new drugs. The current
gold standard to assess the pro-arrhythmic risk of a drug is to
measure its effects on a specific potassium current in single cell
experiments (Redfern et al., 2003) and on the QT interval in the
electrocardiogram (Gintant et al., 2016). However, not all the drugs
that fail these tests actually cause arrhythmias: Many safe and
potentially useful drugs are screened out of the early stages of
development because of the poor specificity of the current bio-
markers for cardiac toxicity (Stockbridge et al., 2013). A better
mechanistic understanding of drug-induced arrhythmias is there-
fore critical to more reliably predict cardiac toxicity and accelerate
drug development.

Drugs that are classified to have a high pro-arrhythmic potential
typically have one thing in common: They interact with a voltage-
gated potassium channel encoded by the human ether-�a-go-go
related gene hERG (Trudeau et al., 1995). To no surprise, hERG
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inhibition is routinely screened for in new drugs (Johannesen et al.,
2014). On the ion channel level, blocking the hERG channel reduces
the delayed rectifier potassium current IKr, which slows down the
flux of positively charged potassium ions out of the cell (Wang and
MacKinnon, 2017). On the cellular level, this reduces the repolari-
zation rate (Fink et al., 2008), increases the refractory period, and
widens the plateau of the action potential (Mirams et al., 2011). On
the whole heart level, this delay induces a prolongation of the QT
interval, a signature that is associated with a high risk of torsades
de pointes (Bohnen et al., 2017). Torsades de pointes is a poly-
morphic ventricular tachycardia characterized by rapid, irregular
QRS complexes that twist around the electrocardiogram baseline
(Dessertenne, 1966). Most episodes of torsades de pointes begin
spontaneously and revert to normal sinus rhythm within a few
seconds, but some persist, degenerate into ventricular fibrillation,
and lead to sudden cardiac death.

In the United States, 300,000 sudden cardiac deaths occur each
year, but the true incidence of torsades de pointes is largely un-
known. The reporting rate of torsades de pointes increased expo-
nentially in the early 1990s when numerous drugs were recognized
to trigger QT interval prolongation and increase pro-arrhythmic
risk (Stockbridge et al., 2013). In response, 14 drugs were
removed from the market, amongst them dofetilide, a class III anti-
arrhythmic agent that cardioverts persistent atrial fibrillation into
regular sinus rhythm (Lenz and Hilleman, 2000). Despite its
favorable risk-to-benefit profile, dofetilide remains a controversial
drug (Abraham et al., 2015). While it is still unavailable in Europe
and Australia, in the United States, it is available in three doses,
0.125mg, 0.250mg, and 0.500mg (Pfizer, 2011). Studies have
shown that increasing the dose of dofetilide increases the degree of
potassium channel block and with it the risk of torsades de pointes
(Crumb et al., 2016). Although a mandatory risk management
program has been established to tightly regulate the usage and
dosage of dofetilide (Allen LaPointe et al., 2003), the incidence of
dofetilide-induced torsades de pointes is high and drug misman-
agement is a significant problem (Briceno and Supple, 2017).

The precise mechanisms by which drugs like dofetilide trigger
the initiation of cardiac arrhythmias remain insufficiently under-
stood (Macdonald et al., 2018). Increasing evidence suggests that
early afterdepolarizations play a critical role in inducing torsado-
genesis (Qu et al., 2013). Early afterdepolarizations are oscillations
during the repolarization phase of the action potential that result
from a reduced outward current, an increased inward current, or
both (Roden et al., 1996). On the cellular level, endogeneous
membrane currents alone determine whether or not early after-
depolarizations occur. On the tissue level, however, early after-
depolarizations are a result of the interplay of endogenous currents
and exogenous currents from neighboring cells (Weiss et al., 2010).
In cardiac electrophysiology this condition is known as source-sink
mismatch. It implies that a sufficient number of neighboring cells
have to exhibit early afterdepolarizations to generate a strong
enough effect to propagate into the surrounding tissue (Sato et al.,
2009). However, the precise number of required afterdepolarizing
cells, and with it the critical condition for torsades de pointes, is not
entirely clear (Xie et al., 2010).

Researchers, the pharmaceutical industry, and regulatory
agencies are beginning to recognize the significance of drug-
induced arrhythmias and have started to join forces towards
developing and validating new paradigms for cardiac safety eval-
uation (Colatsky et al., 2016). A promising initiative is the
Comprehensive in-vitro Proarrhythmia Assay CiPA lead by the Food
and Drug Administration to establish new mechanistic assays that
can predict the pro-arrhythmic risk of new compounds (Sager et al.,
2014). One of the main recommendations of the CiPA initiative is to
promote computational modeling (Chabiniok et al., 2016) to
characterize the effect of drugs (Vicente et al., 2016). The long-term
vision is that mechanistic modeling will allow us to quickly screen
new compounds and estimate their torsadogenic risk (Vicente
et al., 2018). First efforts are underway to risk-stratify common
drugs using single cell models (Mirams et al., 2011; Lancaster and
Sobie, 2016; Abbasi et al., 2017; Krogh-Madsen et al., 2017; Parikh
et al., 2017; Passini et al., 2017), one-dimensional cable models
(Beattie et al., 2013), and three-dimensional models (Okada et al.,
2015). Only very recently have researchers begun to integrate the
knowledge from single cell modeling, one-dimensional modeling,
and three-dimensional modeling in a single unified biomarker for
cardiac arrhythmias (Dutta et al., 2016).

Motivated by these open questions, we have created a mecha-
nistic exposure-response simulator to predict how drug-induced
current block on the ion channel level translates into action po-
tential profiles on the single cell level and into electrocardiograms
on the whole heart level (Sahli Costabal et al., 2018a, 2018b). Our
simulations allow us to identify the critical drug concentration at
which early afterdepolarizations occur within a cell and at which
torsades de pointes develops across the whole heart. We will
demonstrate that these critical drug concentrations do not neces-
sarily coincide. Our results suggest that tissue heterogeneity plays a
critical role in converting early afterdepolarizations on the cellular
level into torsades de pointes on the whole heart level.
2. Methods

2.1. Modeling cardiac electrophysiology

We follow our established approach (Sahli Costabal et al., 2018a,
2018b) and model cardiac electrophysiology using the classical
monodomain model to characterize the spatio-temporal evolution
of the transmembrane potential f,

_f ¼ divðD,VfÞ þ f f : (1)

For the flux term, divðD,VfÞ, we assume an anisotropic con-
ductivity D with a fast signal propagation Dk parallel to the fiber
direction f and a slow signal propagation D⊥ perpendicular to it
(Sahli Costabal et al., 2017),

D ¼ Dk f5f þ D⊥ ½ I � f5f � ; (2)

where I is the identity tensor and 5 is the outer product. For the
source term, f f ¼ � Iion=Cm, we scale the ionic current Iion by the
membrane capacitance Cm (Nordsletten et al., 2011), and adopt
different ionic models for the different cell types in the heart. In
general, the ionic current is a function of the transmembrane po-
tential f and a set of state variables q (G€oktepe et al., 2010),

Iion ¼ Iionðf;qðfÞ; tÞ : (3)

The state variables obey ordinary differential equations as
functions of the transmembrane potential f and their current
values q,

_q ¼ gðf;qðfÞ; tÞ : (4)

The number of ionic currents Iion and state variables q de-
termines the complexity of the model (Fink et al., 2011). Here we
select different cell models for ventricular cells and Purkinje cells.

To model the cells in the ventricular wall, we adopt the O'Hara-
Rudy model for human ventricular cardiomyocytes (O'Hara et al.,
2011a). Fig. 1, left, illustrates the 15 ionic currents of the O'Hara-
Rudy model,



Fig. 1. Modeling cardiac electrophysiology. Cell models for human ventricular car-
diomyocytes, left, and Purkinje fiber cells, right (Sahli Costabal et al., 2018a, 2018b).
The ventricular cell model distinguishes between endocardial, midwall, and epicardial
cells and is based on the modified O'Hara Rudy model with 15 ionic currents and 39
state variables (O'Hara et al., 2011a). The Purkinje cell model displays inherent auto-
maticity and is based on the Stewart model with 14 ionic currents and 20 state vari-
ables (Stewart et al., 2009a).

Fig. 2. Modeling the human heart. Anatomic model created from high resolution
magnetic resonance images of a healthy male adult (Zygote Media Group, 2014) and
finite element discretization (Sahli Costabal et al., 2018b). The ventricular wall is dis-
cretized with 6,878,459 regular linear hexagonal finite elements with an edge length of
0.3mm, a total number of 7,519,918 nodes, and 268,259,901 internal variables. The
Purkinje fiber network is discretized with 39,772 linear cable elements, a total number
of 39,842 nodes, and 795,440 internal variables. It is connected to the ventricles at its
terminals through 3545 resistor elements. Endocardial, midwall, and epicardial cells
are marked in yellow, orange, and red; Purkinje cells are shown in black (Sahli Costabal
et al., 2016a).
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Iion ¼ IKr þ IKs þ IK1 þ ICaL
þ INa þ ICaNa þ ICaK þ ICab þ INab þ IKb
þ Ito þ INaK þ IpCa þ INaCa;i þ INaCa;ss;

(5)

the rapid and slow delayed rectifier potassium currents IKr and IKs,
the inward rectifier potassium current IK1, the L-type calcium cur-
rent ICaL, the fast and late sodium currents INa, the calcium sodium
and calcium potassium currents ICaNa and ICaK, the background
calcium, sodium, and potassium currents ICab, INab, and IKb, the
transient outward potassium current Ito, the sodium potassium
pump current INaK, the sarcolemmal calcium pump current IpCa, and
the sodium calcium exchange currents INaCa;i and INaCa;ss. To accu-
rately model signal propagation in whole heart simulations (Priest
et al., 2016), we replace the fast sodium current INa of the original
O'Hara-Rudy model (O'Hara et al., 2011a) with the fast sodium
current of the ten Tusscher model (ten Tusscher et al., 2004). The 15
currents are defined through a total of 39 state variables. To account
for regional specificity, the O'Hara-Rudymodel is parameterized for
three different cell types, endocardial, midwall, and epicardial cells
(O'Hara et al., 2011a). Fig. 1, left, illustrates the single cell action
potential of the O'Hara-Rudy model for endocardial, mid, and
epicardial human ventricular cardiomyocytes and Fig. 2 shows the
distribution of these three cell types across the ventricular wall.

To model cells of the Purkinje fiber network, we choose the
Stewart model for human Purkinje fiber cells (Stewart et al., 2009a).
A distinguishing feature of this model is its automaticity, which
enables the cells to self-excite without an external stimulus. Fig. 1,
right, illustrates the 14 ionic currents of the Stewart model,

Iion ¼ IKr þ IKs þ IK1 þ ICaL þ INa þ ICab þ INab
þ Ito þ If þ Isus þ INaK þ IpCa þ IpK þ INaCa;

(6)

the rapid and slow delayed rectifier potassium currents IKr and IKs,
the inward rectifier potassium current IK1, the L-type calcium cur-
rent ICaL, the fast and late sodium currents INa, the background
calcium and sodium currents ICab and INab, the transient outward
potassium current Ito, the hyperpolarization-activated current If ,
the sustained potassium current Isus, the sodium potassium pump
current INaK, the calcium and potassium pump currents IpCa and IpK,
and the sodium calcium exchange current INaCa. The 14 currents are
defined through 20 state variables. Fig. 1, right, illustrates the single
cell action potential for human Purkinje cells and Fig. 2 shows the
Purkinje fiber network of our human heart model (Sahli Costabal
et al., 2016a).

2.2. Modeling single cells

To solve the local problem of cardiac electrophysiology at the
single cell level, we translate the original source codes for the
O'Hara-Rudymodel (O'Hara et al., 2011b) and for the Stewart model
(Stewart et al., 2009b) into FORTRAN and adapt an explicit time
integration scheme. For the ventricular cells, we pace the cells for
600 cycles at a rate of 60 beats per minute using the stimulus and
time stepping scheme from the original model. For the Purkinje
cells, we run the simulation for 120,000ms and let the model self-
excite. For both cases, we record and report the last 5000ms.

2.3. Modeling cardiac tissue

To study how different cell types interact in the presence of
drugs, we consider a simple cable model. We discretize a one-
dimensional version of the set of continuum equations (1)e(5) in
space and time using finite differences and adopt an explicit time
integrator using our in-house code (Sahli Costabal et al., 2018c). The
cable model is 1 cm long, similar to a transmural section of the
ventricular wall, and is discretized with 100 elements of 100 mm
length, similar to the length of a healthy adult cardiac myocyte. The
cable is composed of endocardial, midwall, and epicardial cells and
has a conductivity of 0.13 mm2/ms. We gradually vary the fraction
of midwall cells from 30% to 90% in increments of 10%, and reduce
the fraction of endocardial and epicardial cells accordingly from
35% to 5% each. To pace the cable, we apply a current to excite the
first endocardial cell at a frequency of 60 beats per minute, similar
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to the frequency of our Purkinje network, for a total of 30 beats. We
record and report the action potential at a mid-wall cell in the
center of the cable.
2.4. Modeling the human heart

To model cardiac electrophysiology across the human heart, we
discretize the set of continuum equations (1)e(6) in space using
finite elements and in time using finite differences (Sahli Costabal
et al., 2018a). To solve the resulting system of equations, we
adopt the finite element software package Abaqus (Dassault
Syst�emes, 2017). We capitalize on the structural similarity be-
tween cardiac electrophysiology and the classical heat transfer
problem and adopt finite elements for heat transfer with a non-
linear heat source. We discretize the transmembrane potential f
as a global degree of freedom at the node point level and the ionic
currents Iion and gating variables q as internal variables on the
integration point level (G€oktepe and Kuhl, 2009). Inspired by the
small time step size to resolve the sharp upstroke of the action
potential, we adopt an explicit time integration scheme. Specif-
ically, to solve the non-linear diffusion problem, we use the Abaqus
2017 double precision solver with default parameters and a fixed
time step of 0.005ms (Dassault Syst�emes, 2017).

Fig. 2 illustrates our human heart model created from magnetic
resonance images of a healthy, 21-year-old, 50th percentile U.S.
male (Zygote Media Group, 2014). Motivated by the relation be-
tween element size and critical time step size in explicit methods,
we convert the initial tetrahedral discretization (Baillargeon et al.,
2014) into a regular discretization of cube elements with a con-
stant edge length of 0.3mm across the entire heart (Sahli Costabal
et al., 2018a). This results in a discretization with a total of
6,878,459 regular linear hexagonal finite elements, 7,519,918 nodes,
and 268,259,901 internal variables. For the flux term, we assume a
faster conduction along the fiber direction f (Baillargeon et al.,
2014) with the conductivities parallel and perpendicular to the fi-
ber direction as Dk ¼ 0.090mm2/ms and D⊥ ¼ 0.012mm2/ms
(Niederer et al., 1954). For the source term, we employ a body flux
subroutine to incorporate the ionic currents Iion in the finite
element formulation (Dassault Syst�emes, 2017). To account for the
different cell types in the ventricular wall, we simulate a series of
Laplace problems (Wong and Kuhl, 2010) and use our finite element
mesh with different essential boundary conditions (Perotti et al.,
2015). Motivated by the original O'Hara Rudy model, we do not
model potential discrete islands of midwall cells (Nattel et al.,
2011), but only account for transmural heterogeneity. Fig. 2
shows the resulting cell distribution with 20% endocardial cells,
30% midwall cells, and 50% epicardial cells marked in yellow, or-
ange, and red. This arrangement ensures positive T-waves to
simulate the healthy baseline electrocardiogram (Okada et al.,
2011).

Fig. 2 shows our finite element model of the Purkinje fibers as a
dense black network covering the endocardial surface. The Purkinje
network is a critical ingredient to accurately model cardiac exci-
tation and drive a regular baseline beat. We generate the Purkinje
network as a fractal tree that grows on the endocardial surface of
the left and right ventricles (Sahli Costabal et al., 2016a) using our
freely available open source code (Sahli Costabal et al., 2016b). This
results in a discretizationwith 39,772 linear cable elements, 39,842
nodes, and 795,440 internal variables (Sahli Costabal et al., 2018a).
For these Purkinje elements, we implement a user element with a
discrete one-dimensional version of equations (1)e(6). At the ter-
minals of the fractal tree, we connect the Purkinje network to the
neighboring myocardium. At these points, we use 3545 resistor
elements with a resistance of 1.78Um (Niederer et al., 1954; Bordas
et al., 2012) to connect each endpoint of the network to the closest
node of the ventricular mesh. This arrangement allows us to model
a bi-directional conduction between the Purkinje network and the
myocardium. For the Purkinje flux term, we choose a conductivity
of Dk ¼ 3.0mm2/ms (Sahli Costabal et al., 2018a). A typical simu-
lation of 5000ms takes 37 h using 144 CPU cores on the Comet
supercomputer (Towns et al., 2014).

To explore how the single-cell action potentials from Fig. 1
translate into the excitation profile of the entire heart, we excite
the heart through the automaticity of the Purkinje network and
post-process the resulting transmembrane potential profile to
calculate pseudo electrocardiograms (Kotikanyadanam et al., 2010).
At every point of the heart, we project the gradient of the trans-
membrane potential, Vf, onto the direction vector, Vð1=jj r jjÞ, and
integrate this projection across the entire cardiac domain,

feðxeÞ ¼ �
ð

B

Vf,Vð1=jj r jjÞ dV with r ¼ xe � x : (7)

The vector r points from current point x to the position of the
virtual electrode xe (Sahli Costabal et al., 2018a). To model a pre-
cordial lead in the clinical electrocardiogram,we select an electrode
position xe 2 cm away from the left ventricular wall. While the
precise location of the electrode does modulate the amplitude of
the electrocardiogram, it does not affect the pro-arrhythmic risk
assessment of our study.
2.5. Modeling the effect of drugs

We model the effect of drugs on the single cell action potential
by selectively blocking the relevant ionic currents as we have
previously shown (Sahli Costabal et al., 2018a, 2018b). We adopt
fractional block measurements for different concentrations from
patch clamp electrophysiology (Crumb et al., 2016). To estimate the
fractional block b at arbitrary concentrations C, we fit a Hill-type
equation to the discrete measurement points,

b ¼ Ch

ICh
50 þ Ch

: (8)

The Hill-type equation has two parameters, the exponent h and
the concentration IC50 required to achieve a 50% current block.
Fig. 3 illustrates the effect of dofetilide, a selective blocker of the
rapid delayed rectifier potassium current IKr. The graph highlights
the fractional potassium current block b for varying concentrations
C, log-normalized with respect to the free plasma concentration of
dofetilide, Cmax ¼ 2.1 nM (Crumb et al., 2016). The dots and error
bars summarize the experimentally measured fractional blockage
(Crumb et al., 2016) and the curve represents the fitted Hill model
with h¼ 0.65 and IC50 ¼ 1.55 nM, highlighted as solid line. To apply
the drug, we select a desired concentration C, calculate the frac-
tional blockage b, and scale the rapid delayed rectifier potassium
current,

IdrugKr ¼ ½ 1� b � IKr ; (9)

by multiplying the baseline current IKr with the fractional blockage
½ 1� b �. We focus in particular on applying dofetilide at 2x, 3x, and
4x its free plasma concentration, Cmax ¼ 2.1 nM, corresponding to
dofetilide concentrations of 4.08 nM, 5.83 nM, and 8.63 nM and
blocking the rapid delayed rectifier potassium current IKr at 65%,
70%, and 75%.



Fig. 3. Modeling the effect of drugs. Dofetilide selectively blocks the rapid delayed
rectifier potassium current IKr. The degree of block b increases with increasing drug
concentration C. The concentration is log-normalized with respect to the free plasma
concentration of dofetilde, Cmax ¼ 2.1 nM. Dots and error bars represent the mean and
standard deviation of the experimentally measured fractional blockage (Crumb et al.,
2016); the curve represents the fitted Hill model, b ¼ Ch = ½ ICh

50 þ Ch �, with h¼ 0.65
and IC50 ¼ 1.55 nM, highlighted as solid line; the dotted lines represent an IKr current
block of 65%, 70%, and 75% at dofetilide concentrations of 2x, 3x, and 4x of its free
plasma concentration of Cmax ¼ 2.1 nM (Sahli Costabal et al., 2018b).
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3. Results

3.1. Midwall cells show early afterdepolarizations at 70% IKr block

Figs. 4 and 5 illustrate the effect of dofetilide on the single cell
action potential f, the ionic currents IK, ICa, and INa, and the ion
concentrations cK, cCa, and cNa in ventricular midwall cells using the
single cell model from Section 2.2. Black lines represent the base-
line potential, currents, and concentrations without the drug, yel-
low to red lines represent the modified potential, currents, and
concentrations at a potassium channel block varying from b ¼ 10%
to 70% in increments of 10%. According to Fig. 3 and equation (8),
b ¼ C0:65=½1:55nM0:65 þ C0:65�, these blocks correspond to dofeti-
lide concentrations, C ¼ ½ b= �½1� b�1:54 1:55 nM, varying from C ¼
0:05 nM to 5.83 nM. Blocking the potassium current IKr with
dofetilide prolongs the plateau of the action potential and increases
the overall action potential duration. Increasing the drug concen-
tration, and with it the current block, increases this effect, from
yellow to red. The single cell action potential profiles in Figs. 4 and 5
reveal the critical dofetilide concentration at which midwall cells
begin to display early afterdepolarizations: Beyond a critical dofe-
tilide concentration of C ¼ 5:83 nM, at a potassium current block of
70%, midwall cells experience early afterdepolarizations and
become self-oscillatory in every other beat, dark red curves. These
oscillations are triggered by spikes in the L-type calcium current
ICaL, which can be observed in Fig. 4 and are also reflected in the
intracellular calcium concentration cCai in Fig. 5. These single-cell
profiles raise the question how midwall cells behave when they
are surrounded by endocardial and epicardial cells.

3.2. Endo- and epicardial cells stabilize midwall cells and delay
early afterdepolarizations beyond 70% IKr block

Fig. 6 summarizes the effect of blocking the rapid delayed
rectifier potassium current IKr at 65%, 70%, and 75%, which corre-
sponds to dofetilide concentrations of 4.08 nM, 5.83 nM, and
8.63 nM, or, equivalently, 2x, 3x, and 4x the free plasma concen-
tration of dofetilide. In contrast to Figs. 4 and 5, which display the
effect of the drug on midwall cells in isolation, Fig. 6 highlights the
effect of tissue heterogeneity in our one-dimensional model system
of endocardial, midwall, and epicardial cells using the one-
dimensional cardiac tissue model from Section 2.3. Black lines
represent a model with 30% midwall cells, comparable to the
midwall cell fraction in our whole heart model in Fig. 2. Yellow to
red lines represent a gradual increase in midwall cells from 40% to
90%. Interestingly, the likelihood of early afterdepolarizations in-
creases with increasing dofetilide concentration, from top to bot-
tom, but decreases in the presence of endocardial and epicardial
cells, from red to yellow. While midwall cells in isolation, in Figs. 4
and 5, display early afterdepolarizations beyond a critical block of
70%, embedded in a one-dimensional cable model, the critical block
increases with increasing fractions of stabilizing endocardial and
epicardial cells: At 65% block, none of the models displays early
afterdepolarizations; at 70% block, only the model with 90% mid-
wall cells displays early afterdepolarizations; and at 75% block, the
models with 60%e90% midwall cells display early after-
depolarizations, while the models with 30%e50% midwall cells
remain displaying single regular beats. Interestingly, the models
with 60% and 70% midwall cells, shown in orange, alternate be-
tween sporadic early afterdepolarizations and regular beats,
whereas the models with 80% and 90% midwall cells, shown in red,
display oscillations in every beat at frequencies of 168 and 180
beats per minute. For our 1 cm-longmodel system, discretized with
one hundred 100 mm-long elements, these percentage numbers
correspond roughly to the absolute number of required midwall
cells, 90 for 70% block and 60 for 75% block. In view of this simple
model study, we ask ourselves how the critical block of 70% and 75%
of the one-dimensional cable model translates into the whole heart
model.

3.3. Heterogeneity induces locally varying action potential profiles

Fig. 7 illustrates the effect of drugs using the whole heart model
from Section 2.4. The center figure displays a characteristic snap
shot of the transmembrane potential f for a 75% potassium channel
block corresponding to a dofetilide concentration of 4x. The sur-
rounding eight graphs highlight the heterogeneity of the cellular
action potential at eight specific locations. Most cells display a small
diastolic interval. Several cells display early afterdepolarizations.
We did not observe marked delayed afterdepolarizations. Next, we
study how these regionally varying local action potential profiles
translate into the overall electrocardiogram.

3.4. Purkinje cells drive smooth, regular excitation at baseline

Fig. 8 displays the evolution of the transmembrane potential f,
representative potassium currents IKr, IKs, and IK1, and the calcium
current ICaL for the baseline simulation with no drugs. The red
graph shows the electrocardiogram, post-processed from the acti-
vation profile using equation (7). The black arrows indicate the ten
time points associated with the ten columns. The electrocardio-
gram displays a regular periodic activation pattern at a heart rate of
60 beats per minute determined by the automaticity of the Purkinje
fiber network. The length of the baseline QT interval is 271ms.
During depolarization, the Purkinje network drives the excitation
from apex to base with a sharp depolarization front that propagates
smoothly across the heart, columns 1 to 2. During repolarization,
both ventricles gradually return to their resting state, columns 3 to
6. The excitation pattern repeats itself identically every 1000ms,



Fig. 4. Effect of dofetilide on the single cell level. Dofetilide modulates the single cell action potential f and the ionic currents IK, ICa, and INa. Black lines represent the baseline
potential and currents in midwall cells without the drug, yellow to red lines represent the modified potential and currents for a potassium channel block from b ¼ 10% to 70% in
increments of 10%. Blocking the potassium current IKr prolongs the plateau of the action potential and increases the overall action potential duration. This effect increases with
increasing block, from yellow to red. Beyond a critical block of 70%, at a dofetilide concentration of C ¼ 5:83 nM, midwall cells experience early afterdepolarizations and become
self-oscillatory in every other beat, red curves.
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five times within the simulated time window of 5000ms, columns
1 and 7 to 10. Notably, of all profiles, the profiles of the rapid
delayed rectifier potassium current IKr and of the L-type calcium
current ICaL most closely resemble the overall action potential
profile f, IKr with a similar sign and ICaL with a reversed sign. Peaks
in the action potential f manifest themselves as maxima in the
potassium current IKr and as minima in the calcium current ICaL.
3.5. 65% and 70% IKr block causes QT interval prolongation, but does
not induce torsades de pointes

Figs. 9 and 10 show the evolution of the transmembrane po-
tential f, representative potassium currents IKr, IKs, and IK1, and the
calcium current ICaL for simulations with a 65% and 70% potassium
channel block corresponding to dofetilide concentrations of 2x and
3x. Both electrocardiograms display a regular periodic activation
pattern at heart rates of 47 and 46 beats per minute, corresponding
to an increase in the R-R interval or cycle length of 28.5% and 30.5%
compared to the baseline case in Fig. 8. The QT intervals of both
cases are 439ms and 464ms, which corresponds to a QT interval
prolongation of 62.0% and 71.2% compared to baseline. Similar to
the baseline case, during depolarization, the Purkinje network
drives the excitation from apex to base with a sharp depolarization
front that propagates smoothly across the heart, columns 1 to 2.
During repolarization, both ventricles gradually return to their
resting state, columns 3 to 6. The excitation pattern repeats itself
identically every 1285ms and 1305ms, four times within the
simulated time window of 5000ms, columns 1 and 7 to 9.
Strikingly, although we observed early afterdepolarizations for a
70% block at the single cell level in Figs. 4 and 5, we did not see any
irregularities or indications of fibrillation for a 70% block at the
whole heart level in Fig. 10.
3.6. 75% IKr block induces torsades de pointes

Figs. 11 and 12 show the evolution of the transmembrane po-
tential f, representative potassium currents IKr, IKs, and IK1, and the
calcium current ICaL for the simulation with a 75% potassium
channel block at a dofetilide concentrations of 4x. Similar to
Figs. 8e10, the simulation in Fig. 11 is based on 30% midwall cells,
whereas the simulation in Fig. 12 is based on 80% midwall cells.
Both electrocardiograms display highly irregular activation pat-
terns at average heart rates of 113 and 115 beats per minute, cor-
responding to a decrease in the R-R interval or cycle length of 47.0%
and 47.5% compared to the baseline case in Fig. 8. The initial QT
interval of the 30% midwall cells case in Fig. 11 is 494ms, which
corresponds to a QT interval prolongation of 82.3% compared to
baseline. The heart spontaneously transitions into an irregular
activation pattern with varying activation fronts characteristic of
torsades de pointes. In the one-dimensional model system,midwall
cell fractions of 30% and 80% would correspond to the black and red
curves in the 75% IKr block graph in Fig. 6. Surprisingly, although we
did not observe early afterdepolarizations for a midwall cell frac-
tion of 30% in the one-dimensional model system in Fig. 6, we did
observe a marked rhythm disorder for a 75% block at the whole
heart level in Fig. 11.



Fig. 5. Effect of dofetilide on the single cell level. Dofetilide modulates the single cell action potential f and the ion concentrations cK, cCa, and cNa. Black lines represent the baseline
potential and concentrations in midwall cells without the drug, yellow to red lines represent the modified potential and concentrations for a potassium channel block from b ¼ 10%
to 70% in increments of 10%. Blocking the potassium current IKr decreases the potassium and sodium concentrations cK and cNa. This effect increases with increasing block, from
yellow to red. Beyond a critical block of 70%, at a dofetilide concentration of C ¼ 5:83 nM, midwall cells experience early afterdepolarizations and become self-oscillatory in every
other beat, red curves.
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Table 1 summarizes the results of our whole heart simulations
from Figs. 8e11 and shows the degree of potassium channel block,
the corresponding dofetilide concentration, the QT and RR interval
lengths, and the heart rate, all in absolute values and as percent
changes compared to the baseline simulation with no drugs.

4. Discussion

4.1. Drug safety evaluation can benefit from mechanistic modeling

A serious side effect of many drugs are cardiac arrhythmias in
the form of tosardes de pointes (Stockbridge et al., 2013). Studies
have shown that drugs that block the rapid delayed rectifier po-
tassium current prolong the QT interval in the electrocardiogram, a
condition that has historically been associated with a high torsa-
dogenic risk (Redfern et al., 2003). Existing regulatory guidelines
therefore focus on monitoring both potassium channel block and
QT interval prolongation (Vicente et al., 2016). It is increasingly
recognized, however, that these two criteria have a low specificity
for the assessment of torsades de pointes (Lancaster and Sobie,
2016; Perrin et al., 2008) and that current regulations that rely on
these two biomarkers alone are too conservative (Colatsky et al.,
2016). In fact, many safe and potentially useful drugs never make
it to the market, and if they do, their labels might bemisleading and
could discourage physicians to actually prescribe them (Vicente
et al., 2018).
Here we propose to assess torsardogenic risk using an integra-

tive approach that combines drug concentrations, potassium
channel block, action potential duration, and QT interval length via
mechanistic multiscale modeling. We introduce a computational
model that uses drug-induced current block signatures from single
cell electrophysiology as input and generates action potential pro-
files, cardiac excitation patterns, and electrocardiograms as output.
We have validated our computational model against cardiac tissue
electrophysiology simulators using an N-version benchmark
(Niederer et al., 1954) and obtained qualitative and quantitative
agreement in both activation times and activation profiles. Of all
benchmark codes, our simulations with a benchmark activation
time of 38ms compared most closely to the Chaste code with an
activation time of 42ms (Pathmanathan et al., 2010). By design, out
model allows us to explore the interaction of different current
blocks (Sahli Costabal et al., 2018a), different drugs (Johannesen
et al., 2016), and different cell types across the heart (Sahli
Costabal et al., 2018a). Here we focus on the interaction of
different cell types in response to a single drug, dofetilide, that
selectively blocks a single current, the rapid delayed rectifier po-
tassium current, at varying degrees of block. Specifically, we
explore how different cell typeseendocardial, mid wall, epicardial,
and Purkinje cellseinteract to collectively generate a regular
healthy excitation pattern across the heart.



Fig. 6. Effect of dofetilide on the cardiac tissue level. Dofetilide modulates the single cell action potential f recorded at a midwall cell in the center of the one-dimensional cable
model. Black lines represent a model with 30% midwall cells representative of the midwall cell fraction in our ventricular model, yellow to red lines represent an increase in midwall
cells from 40% to 90% in increments of 10%. The likelihood of early afterdepolarizations increases with increasing dofetilide concentration, from top to bottom, but decreases in the
presence of endocardial and epicardial cells, from red to yellow. While midwall cells in isolation display early afterdepolarizations beyond a critical block of 70%, embedded in a
cable model, the critical block increases with increasing fractions of stabilizing endocardial and epicardial cells.

Fig. 7. Effect of dofetilide on the whole heart level. Characteristic snap shot of the transmembrane potential f, and eight local action potentials at 75% potassium channel block
corresponding to a dofetilide concentration of 4x. Most cells display a small diastolic interval; some cells display early afterdepolarizations.
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4.2. Isolated cells show early afterdepolarizations at 70% IKr block

Our simulated single cell action potentials, ionic currents, and
ion concentrations in Figs. 4 and 5 agree well with the common
understanding that, by design, blocking the rapid delayed rectifier
potassium current IKr prolongs the plateau of the action potential
and increases action potential duration (Pfizer, 2011). With
increasing drug concentration, the potassium block increases and
these effects become more pronounced (Lenz and Hilleman, 2000).
In agreement with the literature, beyond a critical drug



Fig. 8. Effect of dofetilide on the whole heart level. Evolution of the transmembrane potential f, representative potassium currents IKr, IKs, and IK1, and the calcium current ICaL at
baseline. The red graph shows the electrocardiogram; the black arrows indicate the ten time points associated with the activation profiles. The electrocardiogram displays a regular
periodic activation pattern at a heart rate of 60 beats per minute with a QT interval of 271ms. During depolarization, the Purkinje network drives the excitation from apex to base
with a sharp depolarization front that propagates smoothly across the heart, columns 1 to 2. During repolarization, both ventricles gradually return to their resting state, columns 3
to 6. The excitation pattern repeats itself identically every 1000ms, five times within the simulated time window of 5000ms, columns 1 and 7 to 10.
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concentration, the single cell action potential begins to display
early afterdepolarizations. Figs. 4 and 5 nicely capture the charac-
teristic oscillatory potential (Antzelevitch and Sicouri, 1994), and
show that these oscillations indirectly affect all voltage-gated
channels. While these effects may also be present in endo- and
epicardial cells at higher drug concentrations, they typically appear
first in midwall cells (Sicouri and Antzelevitch, 1991), which are
more vulnerable to drug-induced alternations. To acknowledge the
importance of early afterdepolarizations, recent studies suggest to
stratify torsadogenic risk based on a two-step classifier that com-
bines experimentally measured IKr channel block with computa-
tionally predicted early afterdepolarizations (Parikh et al., 2017).
For our current parameterization (O'Hara et al., 2011a), early
afterdepolarizations occur first inmidwall cells, beyond a critical IKr
block of 70%, which corresponds to a dofetilide concentration of
C¼ 5.83 nM equivalent to 3x the free plasma concentration.
4.3. Early afterdepolarizations are sensitive to tissue heterogeneity

Our one-dimensional model system with endocardial, midwall,
and epicardial cells in Fig. 6 confirms that the likelihood of early
afterdepolarizations decreases in the presence of endo- and
epicardial cells (Xie et al., 2010). Our results agree with the general
notion that, in isolated midwall cells, endogenous membrane cur-
rents alone determine the propensity of early afterdepolarizations,
whereas in the ventricular wall, early afterdepolarizations are a
result of tissue heterogeneity (Akar et al., 2002) and sensitive to
both endogenous and exogenous currents (Weiss et al., 2010). Our
study reveals that, at 70% IKr block, at least 90% of midwall cells are
required to trigger early afterdepolarizations, while at 75% block,
the required midwall cell fraction decreases to 60%. The dynamic
interplay between oscillatory midwall cells and non-
afterdepolarizing endo- and epicardial cells is often referred to as
source-sink mismatch (Sato et al., 2009). From a pathophysiological
point of view, this source-sink interaction is powerful mechanism
to protect the healthy heart from sporadic episodes of torsades de
pointes (Weiss et al., 2010). The obvious question to ask is how
many contiguous early afterdepolarizing cells are required to
generate a polymorphic ventricular tachycardia that propagates
into the surrounding non-afterdepolarizing tissue? In our model
system, we represent a transmural section of the ventricular wall
by 100 healthy adult ventricular cardiomyocytes of 100 mm length.
Our simulations require 90 early afterdepolarizing midwall cells at
70% IKr block and 60 early afterdepolarizing midwall cells at 75% IKr
block. For comparison, a recent one-dimensional study found that
at least 70 early afterdepolarizing cells were necessary to propagate



Fig. 9. Effect of dofetilide on the whole heart level. Evolution of the transmembrane potential f, representative potassium currents IKr, IKs, and IK1, and the calcium current ICaL at
65% potassium channel block corresponding to a dofetilide concentration of 2x. The red graph shows the electrocardiogram; the black arrows indicate the ten time points associated
with the activation profiles. The electrocardiogram displays a regular periodic activation pattern at a heart rate of 47 beats per minute with a QT interval of 439ms. During de-
polarization, the Purkinje network drives the excitation from apex to base with a sharp depolarization front that propagates smoothly across the heart, columns 1 to 2. During
repolarization, both ventricles gradually return to their resting state, columns 3 to 6. The excitation pattern repeats itself identically every 1,285 msms, four times within the
simulated time window of 5000ms, columns 1 and 7 to 9.
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the new wavefront into the surrounding tissue (Xie et al., 2010).
While these numbers are in excellent qualitative and quantitative
agreement, an important open question is how do these one-
dimensional estimates translate into the three-dimensional heart?
4.4. Prolonged QT intervals do not necessarily trigger torsades

To address this question, in Fig. 8, we first created a baseline
excitation profile of the left and right ventricles that agrees well
with the excitation sequence in the healthy human heart. Fig. 8 also
illustrates the interaction of the transmembrane potential and the
most relevant ionic currents. By design of our cell model (O'Hara
et al., 2011a), peaks in the excitation profile correspond to max-
ima in the potassium current IKr and to minima in the calcium
current ICaL. A critical contributor to healthy excitation is the Pur-
kinje fiber network that quickly and reliably transmits the signal
from the atrioventricular node down the endocardium to collec-
tively excite the heart from apex to base (Sahli Costabal et al.,
2016a). After 72ms, the ventricles are fully activated, which
agrees well with the depolarization times in healthy human hearts
that vary between 62ms and 80ms (Durrer et al., 1970). The QT
interval measures 271ms and after less than 400ms, the ventricles
are completely depolarized. According to Fig. 1, our Purkinje cells
display an inherent automaticity at a frequency of 60 beats per
minute (Stewart et al., 2009a). In the absence of drugs, this results
in identical excitation patterns, which repeat themselves every
1000ms, five times within the simulated time window of 5000ms.
This raises the question how precisely do different concentrations
of drugs modulate these excitation times?

To characterize the effects of dofetilide on the cardiac excitation
patterns, we block the rapid delayed rectifier potassium current by
65%, 70%, and 75% according to the block-concentration diagram in
Fig. 3. The corresponding simulations at dofetilide concentrations
of 2x, 3x, and 4x in Figs. 9e11 agree well with the label of Tikosyn
(Pfizer, 2011) and with the results of clinical studies in patients
(Abraham et al., 2015). They support the common notion that, at
low doses, dofetilide is a safe and effective drug with low pro-
arrhythmic risk (Pfizer, 2011). At 2x and 3x, in Figs. 9 and 10, the
heart rate decreases from 60 beats per minute at baseline to 47 and
46 beats per minute, a reduction of �21.7% and �23.3%. These are
well known side effects of dofetilide (Lenz and Hilleman, 2000). In
agreement with a recent clinical study that reported a QT prolon-
gation of 79ms (Johannesen et al., 2014), our simulation predicts a
substantial but safe prolongation of the effective refractory period.



Fig. 10. Effect of dofetilide on the whole heart level. Evolution of the transmembrane potential f, representative potassium currents IKr, IKs, and IK1, and the calcium current ICaL at
70% potassium channel block corresponding to a dofetilide concentration of 3x. The red graph shows the electrocardiogram; the black arrows indicate the ten time points associated
with the activation profiles. The electrocardiogram displays a regular periodic activation pattern at a heart rate of 46 beats per minute with a QT interval of 464ms. During de-
polarization, the Purkinje network drives the excitation from apex to base with a sharp depolarization front that propagates smoothly across the heart, columns 1 to 2. During
repolarization, both ventricles gradually return to their resting state, columns 3 to 6. The excitation pattern repeats itself identically every 1305ms, four times within the simulated
time window of 5000ms, columns 1 and 7 to 9.
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Dofetilide concentrations of 2x an 3x prolong the QT interval to
439ms and 464ms, an increase of 62.0% and 71.2% compared to the
baseline case in Fig. 8. However, at both concentrations, the heart
maintains its regular sinus rhythm. This finding is in contrast with
the critical dofetilide concentration of 3x at which midwall cells
display early afterdepolarizations in Figs. 4 and 5, but in line with
the source-sink hypothesis (Sato et al., 2009) according to which a
sufficient number of afterdepolarizing cells is required to trigger
arrhythmogenesis in Fig. 6.
4.5. Whole heart models show torsadogenesis at 75% IKr block

At a dofetilide concentration of 4x in Fig. 11, the heart rate in-
creases drastically from 60 to 113 beats per minute, an increase
of þ88.3%. The spontaneous transition from a regular beat into a
sequence of rapid, irregular QRS complexes is a classical hallmark of
torsades de pointes (Dessertenne, 1966). The initial QT interval
measures 494ms, a significant increase of 82.3% compared to
baseline, but a relatively moderate increase compared to the
464ms for the 3x case. At a dofetilide concentration of 4x, only
midwall cells experience early afterdepolarizations (Sahli Costabal
et al., 2018b), while endocardial, epicardial and Purkinje cells
display a regular, yet prolonged, action potential profile. While 30%
of afterdepolarizing midwall cells are sufficient to spontaneously
initiate an episode of torsades de pointes in the whole heart in
Fig. 11, the corresponding one-dimensional model in Fig. 6 main-
tains its regular rhythm even up to 50% of midwall cells. This
discrepancy agrees well with recent studies that report a require-
ment of 70 early afterdepolarizing cells in one-dimensional simu-
lations, 6940 in two-dimensional simulations, and 696,910 in
three-dimensional simulations to propagate early after-
depolarizations into the surrounding tissue (Xie et al., 2010). In the
thin layer of midwall cells in the ventricular wall, endocardial and
epicardial cells can overwrite the early afterdepolarizations and the
transmembrane potential varies within its full range
between �100 mV and þ70 mV. In the region near the great ves-
sels, electric coupling between a sufficiently large neighborhood of
midwall cells synchronizes chaotic early afterdepolarizations over a
characteristic spatial scale (Sato et al., 2009) in which the trans-
membrane potential freezes near 0mV. The interaction of these
regions of chaos and coupling generates islands of early after-
depolarizations embedded in regularly excited tissue, which shift
on a beat-to-beat basis (Weiss et al., 2010). In Fig. 11 this shift is
most dramatic between the sixth and seventh beat and is clearly
visible, both in the excitation pattern and in the electrocardiogram.
These shifting early afterdepolarizing regions overwrite the



Fig. 11. Effect of dofetilide on the whole heart level. Evolution of the transmembrane potential f, representative potassium currents IKr, IKs, and IK1, and the calcium current ICaL at
75% potassium channel block corresponding to a dofetilide concentration of 4x. The red graph shows the electrocardiogram; the black arrows indicate the ten time points associated
with the activation profiles. During the first depolarization, the Purkinje network drives the excitation from apex to base with a sharp depolarization front that propagates smoothly
across the heart, column 1. After a markedly prolonged QT interval of 494ms, the propagation of the excitation wave spontaneously becomes irregular and asynchronous. The next
five activation fronts are initiated in the right posterior basal region, columns 2 to 6, and the following four fronts are initiated in the right lateral wall, columns 7 to 10. This
transition from one excitation pattern into another is clearly visible between the sixth and seventh peak in the electrocardiogram. The overall excitation is no longer driven by the
Purkinje network, but by excitation fronts that activate the heart in irregular patterns associated with a sequence of rapid, widened irregular QRS complexes, all characteristic
features of torsades de pointes. The average heart rate has nearly doubled to 113 beats per minute.
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activation of the Purkije fiber network and excite the heart in
chaotic twisting patterns, a classical hallmark of torsades de pointes
(Dessertenne, 1966).

4.6. Torsadogenesis is sensitive to tissue heterogeneity

In Figs. 9e11, we have assumed a generic distribution of 20%
endocardial cells, 30% midwall cells, and 50% epicardial cells (Sahli
Costabal et al., 2018a). Tissue heterogeneity is particularly impor-
tant in view of the local distribution of midwall cells (Sicouri and
Antzelevitch, 1991), which display the highest dose-response
sensitivity of all ventricular cells, and are most closely associated
with early afterdepolarizations and torsadogenesis (Antzelevitch
and Sicouri, 1994). To demonstrate the sensitivity of our torsado-
genic risk assessment with respect to the midwall cell distribution
(Akar et al., 2002), we performed a similar simulation as in Fig.11, at
a dofetilide concentration of 4x and an IKr block of 75%, but now
with 10% endocardial cells, 80% midwall cells, and 10% epicardial
cells. The resulting transmembrane potential and electrocardio-
gram in Fig. 12 differ markedly from Fig. 11: They including several
dynamically shifting local foci (Weiss et al., 2010) that initiate
multiple interacting excitation fronts. This agrees well with the
reported chaotic excitation during an episode of torsades de
pointes, where focal activations emerge from multiple discrete
sites, which shift spontaneously and vary dynamically in time and
space (Sato et al., 2009). Strikingly, despite a similar fraction of 80%
midwall cells, the response of the three-dimensional heart in Fig.12
differs significantly from the response of the one-dimensional
model in Fig. 6: In the one-dimensional model, the trans-
membrane potential oscillates tightly around the zero state at a
regular frequency of 168 beats per minute. In the three-
dimensional heart, these tight oscillations are locally constrained
to a region near the great vessels with a high density of midwall
cells, while the ventricular walls alternate between depolarized
and repolarized states; yet, at a much lower rate of 115 beats per
minute. While one-dimensional models that mimic transmural cell
heterogeneity have recently emerged as an efficient surrogate
models for whole heart simulations (Beattie et al., 2013; Sadrieh
et al., 2014; Di Veroli et al., 2014) our study suggests that the re-
sults of these cable models do not directly translate into real heart
models and should therefore be interpretedwith the necessary care
and thought.



Fig. 12. Effect of dofetilide on the whole heart level. Evolution of the transmembrane potential f, representative potassium currents IKr, IKs, and IK1, and the calcium current ICaL at
75% potassium channel block corresponding to a dofetilide concentration of 4x for a heart model with 80% midwall cells. The red graph shows the electrocardiogram; the black
arrows indicate the ten time points associated with the activation profiles. During the first depolarization, the Purkinje network drives the excitation from apex to base with a sharp
depolarization front that propagates smoothly across the heart, column 1. The propagation of the excitation wave spontaneously becomes irregular and asynchronous. The next
three activation fronts are initiated at the septum, columns 2 to 4, followed by the apex and base, column 5, followed by the left lateral wall, columns 6 to 10. The overall excitation is
no longer driven by the Purkinje network, but by excitation fronts that activate the heart in irregular patterns associated with a sequence of rapid, widened irregular QRS complexes,
all characteristic features of torsades de pointes. The average heart rate has nearly doubled to 115 beats per minute.

Table 1
Degree of potassium channel block, dofetilide concentration, QT and RR interval lengths and heart rate, and their percent changes with respect to baseline for drug simulations
in Figs. 8e11.

IKr dofetilide QT RR heart

block concentration interval interval rate

[%] [nM] x [ms] [%] [ms] [%] [bpm] [%]

0% 0.00 0.00 271 0.0 1000 0.0 60 0.0
65% 4.08 1.94 439 þ62.0 1285 þ28.5 47 �21.7
70% 5.83 2.77 464 þ71.2 1305 þ30.5 46 �23.3
75% 8.63 4.11 494 þ82.3 530 �47.0 113 þ88.3
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4.7. Limitations

Although our study provides new insight into the importance of
early afterdepolarizations, the role of midwall cells, and the rele-
vance of tissue heterogeneity in the genesis of torsades de pointes,
it has several important limitations that we need to keep in mind
when interpreting its results: First and foremost, our study uses the
original O'Hara Rudy model (O'Hara et al., 2011a) combined with a
simple pore block in equations (8) and (9). An important but
computationally rather straightforward next step would be to use a
more advanced dynamic channel block model that would account
for trapping compounds with high torsadogenic risk and show a
stronger reverse use dependency of action potential prolongation
(Li et al., 2017). Second, the major unknowns in arrhythmogenic
risk assessment are pharmacodynamic variability caused by vari-
ability in drug action at the cellular, tissue, whole-organ, and whole
organism levels and pharmacokinetic variability caused by vari-
ability in concentration at the target site of action (Roden, 2016).
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Both are essentially inputs to our model (Crumb et al., 2016),
summarized in Fig. 3, and can be easily generalized to include more
variability once this information becomes available. In the extreme
case, we could even personalize the block-concentration response
and parameterize ourmodel for personalized drug screening. Third,
while our electrocardiograms in the presence of large doses of
dofetilide do display several characteristic features of torsades de
pointes, their heart rates of 113 and 115 beats per minute are rather
on the low end for a ventricular tachycardia in the form of torsades
de pointes. We will attempt to address this issue in the future and
will also perform longer simulations than just 5000ms to explore
whether the heart would naturally return to a regular rhythm.
Fourth, while our current study is limited to a single drug that
selectively blocks a single channel, our model can be equally used
to study the effect of drugs that block several interacting channels,
as we have recently shown (Sahli Costabal et al., 2018a), or the
effect of co-administration of several compensatory drugs
(Johannesen et al., 2016). Fifth, ideally, we would personalize the
human heart geometry, and, probably even more importantly, the
cellular heterogeneity across the ventricular wall to more accu-
rately assess the local origin of torsades de pointes. However, even
without personalized pharmacodynamics, pharmacokinetics, and
personalized heart models (Chabiniok et al., 2016), we can already
use our current model to perform sensitivity analyses (Sher et al.,
2010) and uncertainty quantifications (Chang et al., 2017) and
predict an arrhythmogenic risk regime that will provide more ho-
listic insight than a single risk quantifier.

5. Conclusion

Many drugs, not just cardiac drugs, can have serious side effects
in the form of torsades de pointes, a special type of ventricular
tachycardia that can lead to sudden cardiac death. Current regula-
tory paradigms focus on monitoring the degree of potassium
channel block and the length of the QT interval as characteristic
biomarkers to assess torsadogenic risk. However, not all drugs that
prolong the QT interval will actually induce torsade de pointes and
the QT interval alone seems to be a poor indicator for drug
screening. Here we establish a multiscale exposure-response
simulator that uses block-concentration characteristics as input
and creates excitation profiles and electrocardiograms as output.
We illustrate the potential of our simulation tool for the example of
a common but controversial drug, dofetilide. At dofetilide con-
centrations of 2x and 3x, our model predicts a significant increase
the QT interval by 62.0% and 71.2%, yet, without any sign of torsades
de pointes. At a dofetilide concentration of 4x, the QT interval in-
creases by 82.3% and the model spontaneously develops torsades
de pointes. Interestingly, this critical drug concentration of 4x is
higher than the critical concentration estimated from early after-
depolarizations in single cells and lower than in one-dimensional
cable models. Our results emphasize the importance of whole
heart modeling and can help explain why current regulatory par-
adigms fail to accurately assess the pro-arrhythmic risk of a drug.
Beyond the more holistic risk assessment of existing drugs, our
multiscale exposure-response simulations can provide insight into
the co-administration of existing drugs and, ultimately, guide the
design of safer drugs towards reducing life threatening drug-
induced rhythm disorders in the heart.
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