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ABSTRACT
Current guidelines around preclinical screening for drug-induced
arrhythmias require the measurement of the potency of block of
voltage-gated potassium channel subtype 11.1 (Kv11.1) as a
surrogate for risk. A shortcoming of this approach is that the
measured IC50 of Kv11.1 block varies widely depending on the
voltage protocol used in electrophysiological assays. In this
study, we aimed to investigate the factors that contribute to
these differences and to identify whether it is possible to make
predictions about protocol-dependent block that might facilitate
the comparison of potencies measured using different assays.
Our data demonstrate that state preferential binding, together
with drug-binding kinetics and trapping, is an important de-
terminant of the protocol dependence of Kv11.1 block. We show
for the first time that differences in IC50 measured between

protocols occurs in a predictable way, such that machine-
learning algorithms trained using a selection of simple voltage
protocols can indeed predict protocol-dependent potency.
Furthermore, we also show that the preference of a drug
for binding to the open versus the inactivated state of Kv11.1
can also be inferred from differences in IC50 values measured
between protocols. Our work therefore identifies how state
preferential drug binding is a major determinant of the pro-
tocol dependence of IC50 values measured in preclinical Kv11.1
assays. It also provides a novel method for quantifying the state
dependence of Kv11.1 drug binding that will facilitate the devel-
opment of more complete models of drug binding to Kv11.1 and
improve our understanding of proarrhythmic risk associated
with compounds that block Kv11.1.

Introduction
The voltage-gated potassium channel subtype 11.1 [Kv11.1

(or hERG (human ether-à-go-go-related gene))] carries one of
the main repolarizing currents that contribute to the cardiac
action potential—the rapid component of the delayed rectifier
current (IKr) (Perrin et al., 2008b). Drugs that block Kv11.1 are
the most common cause of acquired long QT syndrome, where
drug-induced prolongation of repolarization can result in the
fatal polymorphic cardiac arrhythmia torsade de pointes. As a
result of these proarrhythmic side effects, a range of structur-
ally unrelated drugs, including antihistamines, antibiotics,
and antipsychotics were withdrawn from the market. In 2005,

safety guidelines were put in place that mandated screening
for Kv11.1 block for all new chemical entities to identify poten-
tially proarrhythmogenic drugs during early preclinical devel-
opment (Food and Drug Administration, HHS, 2005). Although
these guidelines have been successful in preventing new proar-
rhythmic drugs unknowingly coming to market, this has come
at the cost of an unnecessarily high attrition rate of drugs in
development (Sager et al., 2014) (i.e., current safety guidelines
are very sensitive but not very specific).
At the preclinical level, a safety margin is determined by

comparing the electrophysiologically determined the IC50 of
Kv11.1 to the Cmax of the drug, where the closer these two
values are, the higher the risk (Redfern et al., 2003). One
criticism of current guidelines is that they do not specify what
methods, including cell types, voltage protocols, and temper-
atures, should be used to measure IC50. Several studies have
demonstrated significant differences in measured IC50 values
due to variations in all these factors (Kirsch et al., 2004; Yao
et al., 2005; Milnes et al., 2010; Windley et al., 2018); in some
cases, as much as a 60-fold difference in IC50 values was
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occupancy fraction of the open state; ΔIC50, difference in log IC50 values; IKr, rapid component of delayed rectifier current; Ki, drug affinity in
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fractional state occupancy of the open state versus the inactivated state, Vh, holding potential; Vr, repolarizing ramp.
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observed with different voltage protocols (Potet et al., 2001;
Rezazadeh et al., 2004). A recent publication from the compre-
hensive in vitro proarrhythmia assay (CiPA) initiative (Fermini
et al., 2016) acknowledged this issue and noted that it is not
possible to predict protocol dependence in advance. Therefore, if
a “true” IC50 value cannot be reliably determined, then a safety
margin is not an effective way of identifying and eliminating
risk (Lee et al., 2017).
To address this issue, CiPA has been proposed as a new

safety paradigm in understanding torsade de pointes and
assessing proarrhythmia risk (Sager et al., 2014). One of the
key objectives of CiPA is to use detailed in vitro electrophys-
iological characterization of drug interaction with Kv11.1 to
build in silico models to predict arrhythmia risk. One factor
that is likely important for this approach, is understanding
the state dependence of binding (Lee et al., 2017). It has been
shown that for some drugs, the affinity can be as much as
30-fold greater for the inactivated state (Ki) relative to the
open state (Ko) (Suessbrich et al., 1997; Ficker et al., 1998;
Perrin et al., 2008a;Wu et al., 2015), whereas other drugs have
no apparent state preference (Hill et al., 2014). Furthermore,
previous studies have shown that two drugs with opposite
state preference (104-fold difference in Ko vs. Ki) but the same
IC50 values can cause up to a 56-millisecond (∼15%) difference
in the extent of prolongation of the action potential duration
at an IC50 dose (Lee et al., 2017). Thus, state preference is
an important consideration when determining whether a
Kv11.1-drug interaction is likely to be proarrhythmic.
In this study, we use both in silico and in vitro approaches

to explore the extent to which protocol-dependent differences
in Kv11.1 drug-binding affinity can be explained by state-
dependent drug binding. Additionally, we demonstrate that:
1) measuring potency with a range of voltage protocols that
result in different ratios of state occupancy can be used to
predict and quantify the state-dependent drug-binding char-
acteristics of a drug; and 2) that the potency of a drugmeasured
using specific individual protocols can be predicted from IC50

values measured using other protocols. Importantly, either of
these predictions can be made based on simple voltage protocols
that are readily amenable to automated, high-throughput patch-
clamp platforms. Our work provides a novel method for quan-
tifying the state dependence of Kv11.1 drug interaction from
simplemeasures of potency and identifies how state-preferential
drug binding is a major determinant of the protocol depen-
dence of IC50 measured in preclinical Kv11.1 assays.

Materials and Methods
In Silico Modeling. A Markov state model of drug binding to

Kv11.1 (Fig. 1A; Supplemental Fig. 1) was used to simulate drug block
of IKr (Lee et al., 2016). This model has three closed states (C0, C1, C2),
an open-conducting state (O), and an inactivated state (I); and drugs
can bind to either the open state (OD) and/or the inactivated state (ID).
Transitions between the non–drug-bound states are expressed as rate
constants (kf for the forward rate and kb for the backward rate) and
are of the format shown in eqs. 1 and 2:

kf 5a0eZa�Vm=ðRTF Þ (1)

kb5b0eZb�Vm=ðRTF Þ (2)

where R is the gas constant 8.314, T is the temperature in Kelvin,
F is the Faraday constant, Vm is he membrane voltage in millivolts.

a0, Zb, b0, and Zb values for the model at 37°C are shown in
Supplemental Fig. 1. To approximate gating at 22°C (Fig. 9),
individual rates (kf or kb) were scaled for temperature using to Q10

values of 2.1, 1.7, 2.5, and 2.6 for activation, deactivation, inactivation,
and recovery from inactivation transitions, respectively, as previously
reported (Vandenberg et al., 2006).

Drug binding was described as forward and reverse rates for binding
to the open state (kf,open and kb,open, respectively) and to the inactivated
state (kf,inact and kb,inact, respectively). Drug association constants for
Ko and the Ki were calculated as the ratio of the forward and reverse
binding rates:

K5kf =kb (3)

The relative drug affinity (KO/I) values for the two states was
described as a ratio of the drug association constant of each individual
state, as shown in eq. 4. WhereKO/I, 0.5 indicates a greater relative
affinity for the inactivated state,KO/I. 2 indicates a greater relative
affinity for the open state and 0.5 , KO/I , 2 indicates drugs that
have equal affinity for both states or minimal difference in affinity for
either state:

KO=I5Ko=Ki: (4)

Theoretical Drugs. To examine the effect of state-dependent
drug binding on measured potency, we used the same set of 6561 the-
oretical drugs specified in the study by Lee et al. (2016). This was
created through permutations of the two forward and two reverse
rates for drug binding in the range of 0.01–100 s21 using half-
logarithmic increments (0.01, 0.03, 0.1, 0.3, 1, 3, 10, 30, and 100 s21)
for each drug state transition. For machine-learning training and
validation, we used a separate set of 2000 and 1000 theoretical drugs,
respectively. In this case, forward and reverse rates of binding were
randomly generated in the range of 104–108 s21 for forward rates, and
0.001–100 s21 for reverse rates. These rates were consistent with
previously published in vitro–constrained kinetic data (Windley et al.,
2017) and produced IC50 values in a physiologic range on the order of
10210 to 1023 M.

Drug-binding simulations were performed using the above de-
scribed sets of theoretical drugs over a wide range of drug concen-
trations (1028 to 107 M for the initial data set, or 10215 to 0 M for the
machine-learning data set). Current was normalized to the control
current. For pulsed voltage protocols this was measured as peak
current, whereas for nonpulsed protocols was taken as mean current
over .100 milliseconds once the current had reached equilibrium.
IC50 values were calculated from dose-response curves using the Hill
equation (eq. 5):

y5
1

1110ðpIC50 2 xÞ�Hillcoeff (5)

where y is the normalized peak current amplitude, x is the log10 drug
concentration in M, pIC50 is the log10 IC50 in molar concentration and
Hillcoeff is the Hill slope of the dose-response curve. Protocol-to-
protocol differences in IC50 were measured as the Dlog[IC50], which
is the difference in log10 [IC50] for each protocol. All simulations
and analyses were performed using Matlab software (MathWorks,
Natick, MA).

Cell Culture. CHOcells stablyexpressingKv11.1 (cell linePTA-6812)
were purchased from the American Type Culture Collection (Manassas,
VA). Cells were cultured in Ham’s F12 nutrient mix (Thermo Fisher
Scientific,Waltham,MA)with added 5%FBS (Sigma-Aldrich, Sydney,
NSW, Australia) and maintained at 37°C with 5% CO2.

Patch-Clamp Electrophysiology. Kv11.1 currents were re-
corded in the whole-cell voltage-clamp configuration at 22°C.
The current signal was sampled at 5 kHz and filtered at 1 kHz
with an Axopatch 200B amplifier (Molecular Devices, Sunnyvale,
CA) interfaced with a Digidata 1440A analog-to-digital converter
(Molecular Devices). Series resistance was compensated by at
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least 80% in all experiments. External bath solution contained
(in mM): 130 NaCl, 5 KCl, 1 MgCl2, 1 CaCl2, 12.5 glucose, and
10 HEPES, adjusted to pH 7.4 with NaOH. Single-use patch
pipettes were made from borosilicate glass (Harvard Apparatus,
Holliston, MA) and pulled using a vertical two-stage puller

(PP-830; Narishige, Tokyo, Japan) with resistance of 2–4 MV.
Pippettes were filled with an internal solution containing (in
mM): 120 potassium gluconate, 20 KCl, 1.5 Mg2ATP, 5 EGTA, and
10 HEPES, adjusted to pH 7.4 with KOH. Data were corrected
for a calculated liquid junction potential of 215 mV. Data

Fig. 1. (A) Markov state model of Kv11.1-drug interaction. Parameters describing voltage-dependent Kv11.1 gating transitions are presented in
Supplemental Fig. 1. (B) Voltage waveforms and their gating state occupancies [open (red), inactivated (blue), closed (black)] for each of the 13 voltage
protocols (numbers indicated in parentheses) used. ID, drug bound to the inactivated state; OD, drug bound to the open state.

Protocol Dependence of Kv11.1 Block 539
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were acquired with pCLAMP 10 acquisition software (Molecular
Devices). Leak currents were subtracted off-line and data anal-
ysis was performed using Clampfit (Molecular Devices), Prism
(version 7; GraphPad Software, San Diego, CA), and Matlab
(MathWorks).

Pharmacology. Verapamil, terfenadine, cisapride, and cloza-
pine were purchased from Sigma-Aldrich and dissolved in DMSO.
The maximum final concentration of DMSO in the recording solu-
tion was less than 0.01% (v/v), which is well below the 0.1% (v/v)
shown to have no effect on Kv11.1 activity (Walker et al., 1999).
Drugs were delivered via a Dynaflow Resolve microfluidic device
(Cellectricon, Mölndal, Sweden), allowing the delivery of discrete
solutions of various drug concentrations under laminar flow with
a solution exchange time of less than 30 milliseconds. Current
amplitudes were measured when steady state had been achieved.
Five drug concentrations were used to construct a Hill curve and
calculate an IC50 value for verapamil, cisapride, and clozapine.
Three concentrations were used for terfenadine as drug binding has
very slow kinetics, and we wished to avoid significant current
rundown while allowing sufficient time for drug binding to reach
steady state.

Voltage Protocols. We studied 13 voltage protocols that reflected
the range of commonly used published voltage protocols as well as
incorporating variations in cycle length, which allowed sampling of
the Kv11.1 at different amplitudes and durations of state occu-
pancy. Voltage waveforms and their corresponding state occupan-
cies for the open (red), inactivated (blue), and closed (black) states
are shown in Fig. 1B. All protocols had a holding potential (Vh)
of 280 mV, unless otherwise stated. Protocol 1 was a two-step
protocol with an initial step (V1) to 120 mV for 2 seconds followed
by a240 mV step (V2) for 4 seconds and a total interpulse time (CL)
of 12 seconds. (Milnes et al., 2010). Protocol 2 was also a two-step
protocol with V1 5 120 mV for 500 milliseconds, V2 5 250 mV for
200 milliseconds, and CL 5 2 seconds (Yao et al., 2005). Protocol
3 was a step-ramp protocol with a V1 5 120 mV for 500 milliseconds,
followed by a repolarizing ramp (Vr) of 20.5 V/s, CL 5 2 seconds
(Yao et al., 2005). Protocol 4 was the voltage waveform of an O’Hara
Rudy action potential (O’Hara et al., 2011). Protocols 5–8 consisted
of a step ramp with V1 5 120 mV for 200 milliseconds, Vr 5 1 V/s,
and CL of 500 milliseconds, and 1, 2, and 10 seconds, respectively.
Protocol 9 was a step-ramp protocol with a long V1 step of 5 seconds
at 120 mV, followed by Vr 5 1 V/s and CL 5 10 seconds. Protocol
10 was a two-step protocol with V1 5 140 mV for 200 milliseconds,
V2 5 2120 mV for 600 milliseconds, and CL 5 1 seconds, resulting
in a negative hook-tail current (Perrin et al., 2008a). Finally,
protocols 11–13 were performed with direct application of the drug
during voltage holding at Vh5 0 (Hill et al., 2014),120, and220mV,
respectively, and CL 5 ‘. For in vitro experiments and in silico
machine-learning algorithms, a subset of six of the above protocols
were used; this included protocols 1, 8, 10, 11, 12, and 13. Specific
details of individual protocols as well as evoked Kv11.1 currents
from in silico and in vitro experiments are shown in Supplemental
Figs. 2–14.

To quantify the state occupancy fraction of open state (Fsoopen) and
inactivated state (Fsoinact) for each voltage protocol, a time integral of
state occupancy was calculated for each state as follows:

Fso5 ð
Z CL

0
StateOccupancyÞ=CL (6)

Where State Occupancy represents the state occupancy for each of
the three states (Open 5 O, Inactivated 5 I, or Closed 5 C1 1 C2 1
C3) defined in the Markov model above in the section “In Silico
Modeling,” and CL is the total interpulse time, as stated above. The
ratio of the fractional state occupancy of the open state versus the
inactivated state (RO/I) for each voltage protocol was therefore
defined in eq. 7:

RO=I 5
Fsoopen
Fsoinact

: (7)

Machine Learning. A subset of six voltage protocols was chosen
that maximized the differences in state occupancy for the three states
and demonstrated the largest variation in in silico IC50 measure-
ments. This subset was used to simulate and measure IC50 values
using the randomly generated 2000 training and 1000 validation
theoretical drug sets. These sets of IC50 values were then used to
train and validate machine-learning algorithms to predict drug-
binding characteristics including state-preference and protocol-
dependent affinity. All machine-learning prediction algorithms
were generated and validated using theMatlab Neural Network fitting
application (MathWorks). Training data sets were normalized (z-score)
to have a mean of 0 and a S.D. of 1. Validation data sets were z-score
transformed using the mean and S.D. of their respective training set.
Neural networks were constructed using between 10 and 100 neurons
within one hidden layer. The neural network which best fitted the
training data set was then tested for overfitting using the correspond-
ing validation data set.

Statistical Methods. Analysis of variance (ANOVA) was used for
statistical analysis between normally distributed data for multiple

Fig. 2. (A) Voltage waveforms for the 0.1-Hz step-ramp protocol 8 and
the nonpulsed +20-mV Vh protocol 12. (B) Examples of in silico simulated
Kv11.1 currents evoked when voltage clamped using voltage protocols
8 (left) and 12 (right), in the presence of increasing concentrations of
drug (1026 to 106 M is shown). (C) Dose-response curves derived from
normalized peak current amplitude shown in (B). The left-side graph
demonstrates a 50-fold difference in measured IC50 between the two
protocols for a drug that preferentially binds to the inactivated state
(KO/I = 1023). In comparison, the right-side graph shows a drug that has
no state preference (KO/I = 1) has no difference in measured IC50 values
between the two protocols.
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groups. P values of ,0.05 were considered significant. Statistical
analyses were performed in Matlab (MathWorks).

Results
In Silico Variations in Measured Drug Affinity to

Kv11.1. To test the influence of state preferential drug
binding on variation in measured Kv11.1 affinity, we sim-
ulated block of Kv11.1 using two voltage protocols that have
been used in previously published studies (Milnes et al.,
2010; Hill et al., 2014). We simulated dose-response curves
for an inactivated state–preference drug with a 1000-fold
higher affinity for the inactivated state versus open state
(KO/I 5 1023). Example simulated currents in response to
increasing concentrations of the inactivated state–preference
drug for the two protocols are shown in Fig. 2B. For each
protocol, a Hill curve was fit to the simulated data to derive an
IC50 value for channel block. The inactivated state–preference
drug had a 50-fold higher affinity for Kv11.1 when measured
using the120-mVVh protocol 12 comparedwith the 0.1-Hz step-
ramp protocol 8 (Fig. 2C, left panel) (IC50 5 1 and 50 mM,
respectively). As a comparison, we also simulated block using
a non–state-preference drug, which showed no difference in
Kv11.1 affinity between the two protocols (IC50 5 100 mM)
(Fig. 2C, right panel).
To probe the protocol dependence of measured Kv11.1

affinity in more detail, we extended our study to a panel of
6561 theoretical drugs with varying state preferences and a
larger array of 13 voltage protocols (Fig. 1B; Supplemental
Figs. 2–14). For each combination of drug and protocol, a dose-
response curve was simulated (as shown in Fig. 2B) and an
IC50 value derived through fit of the Hill equation. For each
drug, we then calculated the difference in log IC50 values
(ΔIC50) between pairs of protocols and grouped them with
respect to state preference (Fig. 2B: inactivated state preference
KO/I, 0.5 are colored blue; open state preferenceKO/I. 2 are
colored red; and minimal-state preference 0.5 , KO/I , 2 are
colored yellow) (Fig. 3). This pairwise analysis of protocols
gave a total of 78 comparisons.
We first examined the distribution of ΔIC50 values mea-

sured using the same two protocols shown in Fig. 2 (protocols
8 and 12; Fig. 3A). We observed a wide range of ΔIC50 values,
from 20.9 to 1.7 which equates to a difference in IC50 for
protocol 8 versus protocol 12 of 8-fold less or 50-fold higher.
Overall, drugs tended to be grouped by state preference. Although
all drugs tended to have a higher affinity when measured with
protocol 12, this effectwasmost pronounced for inactivated state–
preference drugs. For reference, the inactivated state–preference
drug example from Fig. 2 is marked as with a * symbol, and
the non–state-preference drug is marked with a † symbol. Other

Fig. 3. Differences in IC50 values between two protocols for 6561 theoret-
ical drugs. Drugs are grouped by preferential binding to the open state
(KO/I . 1, red), inactivated state (KO/I , 1, blue), and minimal state
(0.5 , KO/I , 2, yellow) preference. (A) Shows a wider landscape of
comparison between protocol 8 and protocol 12. The inactivated state-
preference drug and non–state-preference drug examples aremarked with
* and †, respectively. The difference in IC50, measured as the difference
in log10[IC50] (Dlog[IC50]) between these two protocols spans over a wide

range with some grouping with respect to drug state preference. (B)
Comparison between IC50 values from protocol 5 and protocol 12, showing
more distinct grouping with respect to state preference. (C) Comparison
between IC50 values from protocol 5 and protocol 8: no obvious grouping is
seen with respect to drug state preference due to the very similar waveform
of the two voltage protocols. But up to a 20-fold variation in IC50 is still
observed, indicating mechanisms other than state preference can influence
drug affinity to Kv11.1. (D) Comparison between IC50 values from protocol
12 and protocol 13: very distinct grouping with respect to drug state
preference is seen over a smaller range. The right side panels (A–D)
show the waveforms of the two voltage protocols being compared for
their respective histogram.
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protocol comparisons gave much clearer separation of drugs
according to their state preference. A pairwise comparison of
protocols 5 and 12 (Fig. 3B) resulted in a clear bimodal
separation of drugs based on open/inactivated state prefer-
ence, with inactivated state–preference drugs displaying a
higher affinity and open-state–preference drugs having a
lower affinity for protocol 12 relative to protocol 5. Consistent
with our previous observations, non–state-preference drugs
had minimal or no difference in measured IC50 values between
protocols. It is important to note that subtle differences in the
protocols being compared can significantly affect the observed
distributions for ΔIC50. For example, in Fig. 3, A and B, protocol
12 is compared against protocols 8 and 5, respectively. The only
difference between protocols 5 and 8 is the CL (500 vs. 10,000
milliseconds), yet the observed distributions (compare Fig. 3, A
and B) are clearly different, highlighting that it is not solely the
“test pulse” component of the protocol that is important in
defining the measured potency. Conversely, when protocols
5 and 8 are compared against each other (Fig. 3C), there is no
observable clustering of drugs based on their state prefer-
ence. However, the fact that there were still observable differ-
ences in ΔIC50 values between two protocols for different drugs
(maximum ΔIC50, 21.3 or 10.1) suggests that state prefer-
ence of binding is not the only factor that influences protocol-
dependent affinity.
Finally, we examined an example of a pairwise comparison

between nonpulse protocols. A comparison of ΔIC50 for protocols
12 and 13—static Vh values of120 and220 mV respectively—is
shown in Fig. 3D.We observed a distinct grouping of drugs based
on state preference, albeit over a smaller range of ΔIC50 values,
from20.7 to 0.2 difference between the two protocols. In this case,
inactivated state–preference drugs had a higher affinity for
protocol 12 and open state–preference drugs for protocol 13.
It is notable that these two protocols show the greatest separa-
tion of drugs based on state preference as they are pure equi-
librium measures, meaning that there is no cycling of state
occupancy among the open, inactivated, and closed states
during the protocol, and consequently there is no influence
from drug-binding kinetics.

Given this varied separation of drugs with different pairs of
protocols, we next investigated which pairwise comparison
gave the greatest ΔIC50 across all our drugs. To do this, we
took the maximum ΔIC50 from each pairwise comparison for
each drug (Fig. 4). This demonstrated that the maximum
ΔIC50 was most often observed for comparisons between
protocols 8 and 12, as well as between protocols 8 and
13 (Fig. 4A) (for voltage waveforms, refer to Fig. 1B, protocols
8, 12, and 13). More specifically, we observed that open state–
preference drugs tended to have a maximum ΔIC50 between
protocols 8 and 13 (for voltage waveforms, refer to Fig. 1B,
protocols 8 and 13), while inactivated state–preference
and non–state-preference drugs tended to have a maxi-
mum ΔIC50 value between protocols 8 and 12 (Fig. 4B) (for
voltage waveforms, refer to Fig. 1B, protocols 8 and 12).
This supports the idea that individual voltage protocols sample
distinct gating state “space” and hence differentially in-
teract with state preferential drug binding to determine
these shifts in IC50.
Voltage Protocol Dependence of State Occupancy.

To better understand the mechanism behind these observa-
tions, we next examined how the state occupancy of the Kv11.1
channel varies with different voltage protocols. We examined
the underlying Kv11.1 state occupancy during the three most
prominent voltage protocols from Fig. 4. Shown in Fig. 5A
are the voltage waveforms for the 0.1-Hz step-ramp protocol
(protocol 8) and the two nonpulsed Vh protocols at 120 and
220 mV (protocols 12 and 13, respectively). The respective
time-varying state occupancy for the open (red), closed (black),
and inactivated (blue) states of the channel during each of
these protocols is shown in Fig. 5B. To compare the relative
occupancy over time, for each protocol we calculated the
state occupancy time integral for each state expressed as a
fraction of the total time integral [i.e., Fsoopen, Fsoinact, and
state occupancy fraction for the closed state (Fsoclosed)]
(Fig. 5C) (eq. 6) (Materials and Methods).
The relative occupancy of the open versus inactivated states

(i.e., RO/I) for the different protocols is shown as a number
above each protocol in Fig. 5C. All the protocols we tested had

Fig. 4. (A) Heat map showing the fre-
quency of protocol-to-protocol compari-
son with the greatest difference in IC50
[max Δlog(IC50)] for each of the 6561 the-
oretical drugs. The highest frequency
of max Δlog(IC50) was seen for the com-
parison of protocol 8 vs. 12 and protocol
8 vs. 13. (B) Frequency of max Δlog(IC50)
comparison of protocol 8 vs. 12 and pro-
tocol 8 vs. 13 grouped by state binding
preference. Inactivated state-preference
drugs and non–state-preference drugs were
most frequently observed in comparison of
protocol 8 vs. 12 (*), andmax Δlog(IC50) for
open state–preference drugs was seen for
comparison of protocol 8 vs. 13 (†).
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a RO/I , 1, indicating that there was a greater probability of
channels spending time in the inactivated state than the open
state. For the two nonpulsed protocols (protocols 12 and 13),
RO/I decreased with increasing voltage (0.6 and 0.07 for 220
and120mV, respectively), consistent with the known voltage-
dependent inactivation behavior of Kv11.1 The pulsed protocol
(protocol 8) had a close to equal time spent in the open and
inactivated states with an RO/I 5 0.82. However, the pulsed
protocol (protocol 8) dwelt predominantly in the closed state
(Fsoclosed, 96.3%) in contrast to the nonpulsed protocols
(Fsoclosed, 0.03% and 14.2% for protocols 12 and 13, respec-
tively). In keeping with this, a lower occupancy of the open and
inactivated versus closed states was evident for the pulsed

protocol (protocol 8) compared with the nonpulsed protocols
12 and 13 (Fig. 5C).
These data suggest that protocol 12, having the lowestRO/I,

will be themost sensitive to inactivated state–preference drugs,
whereas protocol 8 will be almost equal in sensitivity to
open state–preference and inactivated state–preference
drugs. Moreover, the observation in Fig. 4 that inactivated
state–preference drugs were most likely to have a maxi-
mum difference in affinity between protocols 8 and 12 can
be attributed to the large difference in Fsoinact. Similarly, the
maximum difference in affinity for open state–preference
drugs is seen between protocols 8 and 13 due to the large
difference in Fsoopen values between these protocols.

Fig. 5. (A) Voltage protocols for the subset of 3 of the 13 protocols (numbers in parentheses) with the greatest frequency of max Δlog(IC50) from Fig. 4;
used for in silico machine-learning training and validation. (B) State occupancies for the open (red), inactivated (blue), and closed states (black) (shown as
a fraction of total state occupancy) for each of the three protocols depicted in (A). (A and B) are taken from Fig. 1. (C) Relative Fso for the open (red),
inactivated (blue), and closed (black) states, expressed as a time-integral fraction or area under the curve of the state occupancies shown in (B). Relative
state-occupancy (RO/I) of each protocol representing the ratio of Fsoopen to Fsoinact is shown above each column graph.
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In Silico Prediction of State Preferential Drug-
Binding Characteristics. Our observations so far suggest
that the state-dependent binding properties of the drug and
the gating state occupancy of the channel (as a function of the
voltage protocol) interact in a predictable way to determine
the differences in measured potency between protocols. To
further test this hypothesis, we sought to demonstrate the
corollary of this (i.e., use measured differences in IC50 to
predict the state preference of a drug. To do this, we measured
IC50 values for 2000 in silico drugs using protocols 8, 12, and
13 (for voltage waveforms, refer to Fig. 1B, protocols 8, 12, and
13) and from these created a set of three pairwise comparisons
of ΔIC50. This set of pairwise comparisons was then used to
train a neural network. A second set of 1000 different drugs
was then used to test the accuracy of our predictions (Fig. 6).
Overall, the model performed extremely well, with a Pearson’s
correlation coefficient between predicted and true state prefer-
ence (KO/I) of R 5 0.930.
We then sought to test whether the same three pairwise

comparisons of ΔIC50 could be used to predict IC50 values for
other voltage protocols. We were able to predict IC50 values in
all cases (protocols 11, 1, and 10) (for voltagewaveforms, refer to
Fig. 1B, protocols 11, 1, and 10) with a high degree of accuracy
(Fig. 7). In silico predictions (shown in black) for protocols 1, 10,
and 11 had a correlation coefficients of R 5 0.984, R 5 0.988,
and R 5 0.999, respectively.
In Vitro Measurement of Protocol Dependence of

IC50. We next tested whether drugs with varying state
preference also showed different measured potencies in
manual patch-clamp electrophysiology assays, depending
on the voltage protocol used. Typical Kv11.1 current traces
recorded using six of the protocols examined in silico (1, 8,
10, 11, 12, and 13) for voltage waveforms, refer to Fig. 1B,
protocols 1, 8, 10, 11, 12, and 13) in response to increasing
(cisapride) are shown in Fig. 8. To highlight the differences
in measured potency among the protocols, the 60 nM dose
of cisapride is highlighted in red in Fig. 8 for each case. For
the short pulse protocols (8 and 10), 60 nM cisapride blocked
measured current by ∼25%. In comparison, the same con-
centration caused a 75%–80% reduction in current amplitude
whenmeasured using the long-pulse protocol (protocol 1) or the
non–pulse protocols 11, 12, and 13.
The same set of in vitro experiments were also carried out

for three other drugs (clozapine, verapamil, and terfenadine),
dose-response curves constructed for each of the six protocols
(Fig. 9, A–D, left-side panels), and IC50 values derived from
fits of the Hill equation (Fig. 9, A–D, right-side panels) (for
voltage waveforms, refer to Fig. 1B, protocols 1, 8, 10, 11,
12, and 13). Maximums of 2.79-fold, 8.32-fold, 1.93-fold,
and 3.09-fold ΔIC50 values, respectively, were measured
between protocols for verapamil, cisapride, clozapine, and
terfenadine. Overall, significant differences between the
IC50 values measured using the six protocols were observed
for verapamil, cisapride, and terfenadine (P5 0.0297, 0.0005,
and 0.001, respectively; ANOVA), but not for clozapine (P 5
0.3406). This result suggests that verapamil, cisapride, and
terfenadine may have state preferential binding properties.
Furthermore, verapamil, and cisapride demonstrated a higher
affinity when measured with protocol 12 compared with pro-
tocol 8 (1.77-fold and 5.96-fold ΔIC50, respectively), consistent
with our in silico model observations for inactivated state–
preference drugs (Fig. 2; Fig. 3A).

To understand these observed differences in IC50 values,
we again considered the channel state occupancy during the
individual voltage protocols. For consistency between in vitro
experiments and in silico state occupancy calculations, the
state occupancies in Fig. 9E were calculated for 22°C by
scaling the transition rates in the Markov model (Fig. 1) for
temperature (seeMaterials andMethods). For cisapride, there
is a correlation between measured potency and Fsoinact (i.e.,
lower IC50 values were measured for protocols with greater
Fsoinact values (protocols 11, 12, and 13) (for voltage wave-
forms, refer to Fig. 1B, protocols 11, 12, and 13), and the
highest IC50 values were measured for protocols with the
lowest Fsoinact values (protocol 8), consistent with preferen-
tial binding to the inactivated state. In addition to this,
among the pulsed protocols, block by cisapride is less potent
when measured with the short-pulsed protocols 8 and
10 (for voltage waveforms, refer to Fig. 1B, protocols 8 and
10), which have lower Fsoopen and Fsoinact values compared
with the long-pulsed protocol 1 (for voltage waveform, refer
to Fig. 1B, protocol 1) (Fig. 9E). This suggests that there is a
requirement for a longer channel opening time in order for the
drug-bound states (either open or inactive) to reach their true
equilibrium. Overall, a similar pattern was observed for verap-
amil, though to a lesser degree (Fig. 9A).
For terfenadine, although there are significant differ-

ences in the potency of block measured among protocols,
the correlation between IC50 and Fsoinact is not apparent.
In particular, the relationship is disrupted by the down-
ward shift in IC50 measured using protocols 8 and 10 (e.g.,
compared with cisapride) (for voltage waveforms, refer to
Fig. 1B, protocols 8 and 10). We note that these protocols have
a greater proportion of Fsoclosed, suggesting that drug remain-
ing bound to the closed state or drug trapping may be a
modulating factor in the measured IC50 value for terfenadine.
Finally, for clozapine, the potency of the block was the same

Fig. 6. In silico neural network algorithm was trained using IC50 values
from protocols 8, 12, and 13 to predict the KO/I for that drug. A separate
in silico data set was used to independently validate the prediction
algorithm (shown in black). An identity line (Y = X) is shown as the
dashed green line. The accuracy of algorithm predictions is represented as
the correlation coefficient R to the identity line.
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regardless of the state occupancy of the voltage protocol used
(Fig. 9C).
In Silico Prediction of In Vitro Drug-Binding Char-

acteristics. Since there appears to be a qualitative agreement
between state occupancy and measured potency for most of
the drugs tested, we next sought to use our in silico trained
prediction algorithm (Fig. 6) to predict the state preference
(KO/I) of the four drugs using the in vitro measurements of
IC50 from protocols 8, 12, and 13 (for voltage waveforms,
refer to Fig. 1B, protocols 8, 12, and 13).KO/I predictions for
verapamil, cisapride, clozapine, and terfenadine are shown
in Table 1.
Similarly, we used the algorithms from Fig. 7 to predict the

measured IC50 values of other in vitro voltage protocols 1, 10,
and 11 (for voltage waveforms, refer to Fig. 1B, protocols 1, 10,
and 11). Predictions for our four in vitro drugs (verapamil,
cisapride, clozapine, and terfenadine) are shown in Fig. 10 in
red. To put these in vitro predictions in context, we added the
predictions of our 1000 theoretical in silico drugs fromFig. 7 in
gray. A similar prediction accuracy was achieved for the four
in vitro drug predictions (shown in red) as for the in silico drug
predictions. Notably, in vitro IC50 prediction algorithms were
better for the nonpulse protocol (protocol 11) (Fig. 10A) and
the long-pulse protocol (protocol 1) (Fig. 10B), compared with
the short-pulse protocol (protocol 10) (Fig. 10C). Overall, our
accuracy of in vitro IC50 prediction using our in silico prediction
algorithm, was within one logarithmic unit of the measured
in vitro IC50 in all but one case. Details of in vitromeasured and
in silico predicted IC50 values, respective Hill coefficients, as
well as KO/I values are shown in Supplemental Table 1.

Discussion
In this study, we have shown that state-dependent drug

binding to Kv11.1 channels is a significant factor in determin-
ing the range of IC50 values measured for individual com-
pounds using different voltage protocols. Furthermore, these
differences occur in a predictable manner as a function of
the state occupancy of the channel. As a result, both the state
preference of a drug as well as its potency measured using
other voltage protocols can be inferred from simple equilib-
rium measures of block.
Factors Contributing to Protocol-Dependent Po-

tency of Block. The variability in potency of Kv11.1 block
measured using different voltage protocols has been reported
in several studies (Kirsch et al., 2004; Yao et al., 2005; Milnes
et al., 2010). For example, the IC50 for cisapride varies over a
60-fold range, depending on the protocol used (Potet et al.,
2001; Rezazadeh et al., 2004). Our data demonstrate that the
synergy of the state preference in drug binding as well as
voltage protocol–dependent state occupancy results in such
observed variations in affinity. Therefore, drugs that prefer-
entially bind to a specific gating state will have a higher
measured affinity for Kv11.1 when using a voltage protocol
that favors that gating state, and vice versa. In contrast, for
drugs that have no state preference there is no dependence ofFig. 7. In silico neural network algorithms were trained using IC50 values

from protocols 8, 12, and 13 to predict IC50 values for other voltage
protocols. An independent data set using in silico data (black) was then
used to validate the algorithm. Validation performance for each algorithm
is shown in each of the three panels showing predictions for the IC50 value
for protocol 11 (A), the IC50 value for protocol 1 (B), and the IC50 value
for protocol 10 (C). An identity line (Y = X) is shown as a dashed green line.
The accuracy of algorithm predictions is represented as the correlation

coefficient R to the identity line for each prediction algorithm. The
predicted and experimentally measured IC50 values are shown as the
z-score–transformed Dlog[IC50].
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the measured IC50 on the voltage protocol used. However, the
data in Fig. 3 demonstrates that variations in IC50 values can
also occur regardless of state preference, suggesting that the
kinetics of drug binding can also have an impact on measured
potency. Drugs that block Kv11.1 require channel opening
to gain access to their binding site in the inner cavity of
the channel pore (Ficker et al., 1998; Walker et al., 1999).
Therefore, drugs with slow binding kinetics will have a
relatively lower affinity whenmeasured using protocols where
occupancy of the open/inactivated states is short (relative to
the on rate for drug binding) and have a relatively higher
apparent affinity whenmeasured using voltage protocols with
long depolarization steps or nonpulsed protocols that promote
prolonged occupancy of the open and inactivated states. In our
in vitro data, this phenomenon is particularly evident for
cisapride (Fig. 9B), which has a lower potency whenmeasured
using short-pulse protocols (protocols 8 and 10) (for voltage
waveforms, refer to Fig. 1B, protocols 8 and 10) where channel
open times are on the order of hundreds ofmilliseconds. This is
consistent with previous publications measuring the time-
course of block of Kv11.1 by cisapride with time constants of
∼20 seconds (Windley et al., 2016, 2017).
Another factor that may modify the measured potency of a

drug in a protocol-dependent manner is trapping, whereby
upon closing of the channel in response to membrane repolar-
ization, a drug is unable to dissociate from the channel cavity
(Mitcheson et al., 2000). As a result, accumulation of block can
occur for trapped drugs over successive sweeps of a protocol
with a high proportion of Fsoclosed (Li et al., 2017; Windley
et al., 2017). Conversely, nontrapped drugs dissociate during
the closed intervals, resulting in a lower measured potency.
The differences in our in vitro IC50 values for terfenadine and

cisapride are consistent with this. The potency of block for
cisapride, a nontrapped drug (Li et al., 2017; Windley et al.,
2017) measured using protocols 8 and 10 (with Fsoclosed of
95% and 78%, respectively) (for voltage waveforms, refer to
Fig. 1B, protocols 8 and 10) is less than when measured using
all other protocols that have lower Fsoclosed. Conversely, for
terfenadine, a trapped drug (Kamiya et al., 2008; Windley
et al., 2017), the potencymeasured with protocols 8 and 10 (for
voltage waveforms, refer to Fig. 1B, protocols 8 and 10) is
increased relative to the other protocols, consistent with the
accumulation of block in the closed state. This ability to
identify truly trapped drugs, as opposed to those such as
cisapride that display “virtual trapping” as a result of slow
unbinding kinetics (Windley et al., 2017), is important since
it has been suggested that “true” trapping may confer an
additional arrhythmia risk (Di Veroli et al., 2014).
We also noted some variation in the Hill coefficients mea-

sured across the various in vitro protocols (see Supplemental
Table 1). Although most of the coefficients were close to 1,
consistent with previously published reports, there were some
exceptions. For example, a lower Hill coefficient was found for
verapamil using protocol 8 (Hill coefficient5 0.55) (for voltage
waveforms, refer to Fig. 1B, protocol 8), whereas, in general,
Hill coefficients for terfenadine were slightly higher than
1 (e.g., the highest Hill coefficient for terfenadine was 1.67 for
protocol 13) (for voltage waveforms, refer to Fig. 1B, protocol
13). These observations can perhaps be explained by factors
such as the difficulty in accurately measuring the degree of
block for some drugs with certain protocols. For example, the
kinetics of binding of terfenadine to Kv11.1 have previously
been shown to be problematic for measuring steady-state block,
since the timecourse of block is so slow (Windley et al., 2016).

Fig. 8. In vitro experimental data of evoked IKr currents for six voltage protocols using CHO cells stably expressing Kv11.1. Kv11.1 currents were
measured while cells were perfused with a bath solution in 0, 10, 20, 60, 200, and 600 nM cisapride. Highlighted in red is the IKr current perfused with
60 nM cisapride for each of the six protocols, demonstrating protocol-to-protocol variation in the degree of Kv11.1 block with the same dose of drug
concentration.
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In our experiments, an underestimation of the degree of block
at low concentrations, when the timecourse of terfenadine
block is slowest, would explain the Hill coefficients being
greater than 1.
Predicting Potency across Different Voltage Proto-

cols. Defining the potency of Kv11.1 block is an important
part of existing preclinical safety screening, where a safety
index value is determined by comparing the IC50 of Kv11.1
to the Cmax of the drug (Redfern et al., 2003). However, the
degree of protocol dependence of measured potency that we
and others have demonstrated (Supplemental Tables 2–5),
makes this is problematic because: 1) a single affinitymeasure
does not represent a true affinity for Kv11.1—it only repre-
sents the affinity of a drug for one specific voltage protocol; and
2) even if a single voltage protocol could be agreed upon to
standardize drug affinity assays, it would not adequately
reflect the wide-ranging effects of external conditions such as
heart rate, QT prolongation, and hypokalemia. Our data show
that there is a predictable relationship between IC50 values
measured using different protocols. Furthermore, using IC50

values measured from just a few simple voltage protocols, it is
possible to predict what the potency of a drug will be when
measured using other voltage protocols. For in silico data,
this can be done with a very high degree of accuracy (Fig. 7),
whereas for in vitro data, the degree of accuracy is reduced,
perhaps as a result of factors such as drug trapping, which
are not implicit in the Markov model used in this study.
Nevertheless, this demonstration of a quantifiable relation-
ship between the variable measured potencies of Kv11.1 block
is important as it provides a framework for the direct com-
parison of potencies measured between groups using different
assays and may allow for the reinterpretation of legacy data
sets obtained using different protocols.
Prediction of State-Dependent Binding Characteris-

tics. It has previously been shown that high-affinity binding
to Kv11.1 occurs, at least for some drugs, because of preferen-
tial binding to the inactivated state (Suessbrich et al., 1997;
Ficker et al., 1998; Numaguchi et al., 2000; Perrin et al.,
2008a). Furthermore, preferential binding to the inactivated
state has been associated with increased prolongation of the
action potential duration (Lee et al., 2016), and several drugs
that have been withdrawn from market (e.g., astemizole and
terfenadine) or had their use severely restricted (e.g., cis-
apride) preferentially bind to the inactivated state (Perrin
et al., 2008a). However, the quantification of state-dependent
binding is difficult, since it cannot be readily measured exper-
imentally. Rather, indirect measures relying on changes in
affinity that occur as a result of perturbation of the inactivated
state using site-directed mutagenesis (Suessbrich et al., 1997;
Ficker et al., 1998; Numaguchi et al., 2000; Perrin et al., 2008a),
changing potassium concentration (Kamiya et al., 2008),
or measuring of drug-binding kinetics (Hill et al., 2014) are
routinely used.

Fig. 9. In vitro experimental data. (A) Examples of in vitro Kv11.1
currents evoked when voltage clamped using voltage protocols 8 (left)
and 12 (right) in the presence of increasing concentrations of drug. (A–D)
Dose-response curves (left) and box plot of corresponding IC50 values for
each of the six voltage protocols (1, 8, 10, 11, 12, and 13) (n = 4–6) in the
presence of verapamil, cisapride, clozapine, and terfenadine, respectively.

The central line shows the median value of each protocol. The mean for each
box is depicted with a + symbol. Box plot boxes extend to the 25th and 75th
percentile, of the data for each protocol, and the whiskers show the 95%
confidence intervals for IC50 values for each protocol. P values for ANOVAs
are shown for each drug. (E) Relative proportions of Fso for each of the six
voltage protocols, demonstrating underlying differences in state occupancy
at 22°C. The relative state occupancy (RO/I) of each protocol representing
the ratio of Fsoopen to Fsoinact is shown above each column in the figure.
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In this study, we show that a machine-learning algorithm,
trained using IC50 values measured from just three simple
voltage protocols, can accurately determine the degree of
state-preference drugs in silico (Fig. 6). We also used the same
algorithm to predict the state preference of four drugs—
clozapine, cisapride, verapamil, and terfenadine—based on
our in vitro measured IC50 values. For clozapine, the only
drug we tested for which there is a published, fully param-
eterized in silico model (Hill et al., 2014), meaning that the
state-dependent binding properties are unambiguously known,
the algorithm correctly identified this as a drug with no state
preference (Table 1). For cisapride, the algorithm predicted
inactivation state preference (KO/I 5 0.26), consistent with
previously published studies usingmutagenesis, which showed
a ratio of 0.37 between the IC50 value for wild-type Kv11.1 and
the N588K inactivation-deficient mutant Kv11.1 (Perrin et al.,
2008a). The data in the literature for verapamil are mixed.
Previously, publications show a low variation in measured IC50

values from any two protocols (maximum 6-fold difference)
(Supplemental Table 2), suggesting that verapamil has weak
or nonpreferential state binding to Kv11.1. This is consistent
with our model prediction of KO/I 5 1.97. However, other
studies have shown that potency of block of the S620T
inactivation-deficient Kv11.1 mutant by verapamil was
less potent than for wild type (Zhang et al., 1999), consistent
with inactivation state preference. However, this mutation
has also been shown to have a gating-independent effect on
drug binding (Guo et al., 2006) (i.e., mutation at this residue
directly disrupts the drug-binding site), which might con-
found the interpretation of the effects of this mutant in
relation to state preference. Finally, our predictedKO/I for
terfenadine was 69.67, suggesting a strong preference for
binding to the open state of Kv11.1. This is inconsistent
with published data using either mutagenesis (Perrin et al.,
2008a) or potassium inhibition of inactivation (Kamiya et al.,
2008) that identified terfenadine as a drug that preferentially
binds to the inactivated state. One explanation for this is that
terfenadine exhibits closed-state trapping (Kamiya et al.,
2008; Windley et al., 2017), which is not accounted for in the
Markovmodel we used, that confounds the in vitro predictions
for this drug.
Limitations. The main limitations of this study, in re-

lation to the prediction of in vitro data using an algorithm
developed using in silico data, are the characteristics of the
available Markov models describing drug binding to Kv11.1,
particularly in relation to drugs that exhibit closed-state
trapping. Although there are models in the literature that
include either state-dependent binding (Di Veroli et al., 2013;
Lee et al., 2016) or trapping (Di Veroli et al., 2014; Li et al.,
2017), there are nomodels that include both. Development of a
more complete Markov description of drug binding, which
included both state-dependent binding and trapping, would
further improve predictions based on in vitro data and, indeed,
the quantification of state-dependent binding enabled using
the approach reported here will likely facilitate the parame-
terization of such models.

Fig. 10. In silico neural network algorithms were trained using in silico
IC50 values from protocols 8, 12, and 13 to predict in vitro IC50 values
for other voltage protocols using in vitro measurements of IC50. For
each panel, predictions vs. true measured IC50 value for the four in vitro
drugs (verapamil, cisapride, clozapine, and terfenadine; shown in red). For
context, in silico predictions from Fig. 7 are shown in gray. IC50 value for

protocol 1 (A), IC50 value for protocol 10 (B), and IC50 value for protocol
11 (C). An identity line (Y = X) is shown as a dashed green line. The
accuracy of the in vitro prediction for each of the three voltage protocols is
represented as the root mean squared error (RMSE) for each panel.
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Second, it is well known that the kinetics of drug binding
toKv11.1 channels (Windley et al., 2016) aswell as the kinetics
of Kv11.1 channel gating (Vandenberg et al., 2006) are temper-
ature dependent. This is evident in the differences that we
observe in the IKr current at 37°C in silico (Fig. 1B) and 22°C
in vitro (Fig. 8). Ideally, therefore, an in vitro data set gathered
at 37°C would be desirable for further validation. Despite this,
we still achieve good prediction accuracy with our machine-
learning models both for state preference and drug affinity.
This is consistent with previous published data showing that
even though the kinetics of drug binding to Kv11.1 for the
four drugs examined here are temperature dependent, the
IC50 values for block are not (Hill et al., 2014; Windley et al.,
2016, 2018).
Conclusion. In this study, we have demonstrated that

state-dependent drug binding is a major factor in determining
the potency of Kv11.1 block measured using different proto-
cols, with the exact measured potency also affected by factors
such as drug-binding/drug-unbinding kinetics and closed-state
trapping. As a result, we show that interprotocol differences in
measured IC50 occur in a predictable way, meaning the potency
of a compound measured using any voltage protocol can be
reliably estimated from knowledge of the channel-state occu-
pancy. This is an important step since it allows for the direct
comparison of potencies measured using different assays, as
well the reinterpretation of legacy data sets obtained using
different protocols as part of previous compound screens.
Furthermore, we also show that the state preference of a drug
can be inferred from differences in its IC50 values measured
from commonly used protocols that are simple enough to be
readily deployed on high-throughout, automated patch-clamp
platforms. This is the first demonstration of the quantifi-
cation of state preference without the need for measur-
ing either the kinetics of block/unblock or the disruption
of Kv11.1 inactivation (using mutagenesis or ionic concen-
tration). The ability to simply quantify state preference
will facilitate the development of more complete models of
drug binding to Kv11.1 and will improve our understand-
ing of proarrhythmic risk associated with Kv11.1 blocking
compounds.
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Supplemental Figure Legend 

Supplemental Figure 1. A) Markov state model of Kv11.1-drug interaction. Parameters 

describingvoltage-dependent Kv11.1 gating transitions are presented in the table in (B). 

Drug binding and unbinding is described as forward and backward rate constants kf,open 

and kb, open respectively for the open state and kf, inact and kb, inact for the inactivated 

state. These drug binding and unbindingrate constants are specified for each individual 

drug scenario. 

 

Supplemental Figure 2. Protocol 1. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model and in vitro experiments. 

 

Supplemental Figure 3. Protocol 2. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model experiments. 

 

Supplemental Figure 4. Protocol 3. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model experiments. 

 

Supplemental Figure 5. Protocol 4. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model experiments. 

 

MOL# 115220



Supplemental Figure 6. Protocol 5. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model experiments. 

 

Supplemental Figure 7. Protocol 6. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model and experiments. 

 

Supplemental Figure 8. Protocol 7. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model experiments. 

 

Supplemental Figure 9. Protocol 8. Voltage waveform, and example evoked Kv11.1 currents 

from in silico model and in vitro experiments. 

 

Supplemental Figure 10. Protocol 9. Voltage waveform, and example evoked Kv11.1 

currents from in silico model experiments. 

 

Supplemental Figure 11. Protocol 10. Voltage waveform, and example evoked Kv11.1 

currents from in silico model and in vitro experiments. 

 

Supplemental Figure 12. Protocol 11. Voltage waveform, and example evoked Kv11.1 

currents from in silico model and in vitro experiments. 
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Supplemental Figure 13. Protocol 12. Voltage waveform, and example evoked Kv11.1 

currents from in silico model and in vitro experiments. 

 

Supplemental Figure 14. Protocol 13. Voltage waveform, and example evoked Kv11.1 

currents from in silico model and in vitro experiments. 
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Supplemental Table 1. In vitro measured IC50s, their 95% confidence intervals and Hill coefficients for the four drugs (verapamil, 

cisapride, clozapine & terfenadine) are shown for the training protocols (8), (12) & (13) and the test protocols (1), (10) & (11). The 

test protocols are paired with their in silico IC50 prediction (denoted by *). KO/I and the in silico prediction KO/I* are also shown for 

each of the four drugs. IC50 values are show in nM. 

 Protocol   
 (8) (12)  (13) (1) (1)* (10)  (10)* (11) (11)* KO/I KO/I* 

verapamil 690.7 389.3 434 379.7 452.51 1112 262.14 537.1 397.11 ~ 1.97 

95% CI 348.7 - 1329 332.1 - 454.8 365.2 - 512.8 267.5 to 531   899.5 - 1371   444.5 - 644 
      

Hill 
coefficient -0.55 -1.09 -1.05 -1.08   -1.07   -1.02       

cisapride 144.9 17.09 15.23 24.66 23.00 95.3 4.02 16.76 15.55 ~ 0.26 

95%CI 74.7-215.2 13.26 - 21.28 12.48 - 18.18 21.66 to 28.08   78.93 - 115.3   12.62 - 21.27 
      

Hill 
coefficient -0.73 -0.92 -1.23 -1.13   -0.92   -0.90       

clozapine 1528 1299 1620 1429 1482.37 2600 1797.28 1654 1332.68 1.12 1.20 

95%CI 1180 - 1937 1096 - 1526 1354 - 1925 1318 to 1547   2452 - 2758   1317 - 2051 
      

Hill 
coefficient -0.81 -0.96 -0.97 -1.04   -0.86   -0.93       

terfenadine 152.9 165.3 62.38 54.68 130.38 82.74 22.17 114.1 98.98 ~ 69.67 

95% CI 127.1 - 184.8 130.2 - 214 54.8 - 70.9 47.71 to 62.69   59.55 - 114.9   88.39 - 155.8 

   
  

Hill 
coefficient -0.95 -1.23 -1.67 -1.39   -0.86   -1.38       
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Supplemental Table 2. Published IC50s for Verapamil. The range of IC50 values (in nM) for each drug are listed above, with the 

corresponding first author and year of publication. In addition, where available, details of the assay protocol are listed including: 

cell line, Holding voltage potential (Vh), 1st voltage step voltage and duration (V1), 2nd voltage step voltage and duration (V2), 

voltage protocol cycle length (CL), extracellular potassium concentration ([K]o) and experimental temperature (Temp).  

1st Author year IC50 (nM) cell line Vh V1 (mV) V1 (s) V2 (mV) V2 (s) CL 
[K]o 

(mM) Temp (°C) 
Chouabe 1998 830 COS-7 -80 +50 2 -40 2 10 5 22 

Zhang 1999 143 HEK293 -80 +20 4 -50 6 15 4 22 
Kutchinsky 2003 450 CHO -90 +20 2 -50 2 10 4   

Ridley  2004 215.4 HEK293 -80 0 10       4 37 
Wible 2005 136 HEK293 -80 +20 2 -50 2 10   22 
Okada 2015 201.3 CHO -80 +20 2 -50 2 15 4 22 

Crumb 2016 499 CHO   
Ventricular 

AP       10 1 36 
Windley 2017 399.5 CHO -80 0 10       5 22 
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Supplemental Table 3. Published IC50s for Cisapride. The range of IC50 values (in nM) for each drug are listed above, with the 

corresponding first author and year of publication. In addition, where available, details of the assay protocol are listed including: 

cell line, Holding voltage potential (Vh), 1st voltage step voltage and duration (V1), 2nd voltage step voltage and duration (V2), 

voltage protocol cycle length (CL), extracellular potassium concentration ([K]o) and experimental temperature (Temp).  

1st Author year IC50 (nM) cell line Vh V1 (mV) V1 (s) V2 (mV) V2 (s) CL 
[K]o 

(mM) Temp (°C) 
Rampe 1997 45 Mouse L cell -80 +20 2 -40 1.6   5 22 
Rampe 1997 7 Mouse L cell -80 +20 20       20 22 

Mohammad 1997 7 HEK293 -80 +10 10 -50 5 30 4 22 
Walker 1999 16 CHO -75 +25 3.9 -55 5 10 4.8 22 
Walker 1999 24 CHO -75 +25 3.9 -55 5 10 4.8 22 
Potet 2001 240 COS-7 -80 10 0.5 -60 0.5 3 4 35 
Wang 2003 14 HEK293 -80 +40 1 -50     4 37 
Kirsch 2004 26 HEK293 -80 +20 2 -50 2 10 4 22 
Guth 2004 5 HEK293 -80             22 

Martin 2004 18 HEK293 -80 0 3 -50 5 15 5 35 
Fossa 2004 15 HEK293 -80 +20 1 ramp 0.5 V/s 4 4 37 
Furuta 2004 30 HEK293 -70 0 0.75 -50 0.75   4 37 
Chiu 2004 7 HEK293 -75 10 0.5 -40 0.5 10 4 37 

Kirsch 2004 23 HEK293 -80 20 2 -50 2 10 4 37 
Kirsch 2004 27 HEK293 -80 20 1 ramp 0.5 V/s 5 4 37 

Rezazadeh 2004 4 HEK293 -80 +20 4 -50 3 11 5   
Wible 2005 27 HEK293 -80 +20 2 -50 2 10   22 

 

(Supplemental Table 3 continued on next page) 
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Supplemental Table 3 continued 

1st Author year IC50 (nM) cell line Vh V1 (mV) V1 (s) V2 (mV) V2 (s) CL 
[K]o 

(mM) Temp (°C) 

Lin 2005 8 HEK293 -80 +50 4 -50 5 15 0 23 

Lin 2005 24 HEK293 -80 +50 4 -50 5 15 5 23 

Lin 2005 109 HEK293 -80 +50 4 -50 5 15 135 Cs 23 

Lin 2005 174 HEK293 -80 +50 4 -50 5 15 0Cs 23 

Lin 2005 192 HEK293 -80 +50 4 -50 5 15 5 Cs 23 

Lin 2005 196 HEK293 -80 +50 4 -50 5 15 135 Cs 23 

Toga 2007 9 HEK293 -80 +40 1 ramp 0.5 V/s 4 4 23 

Perrin 2008 21 CHO -80 +20 3 -110 0.5 10 5 22 

Okada 2015 14.7 CHO -80 +20 2 -50 2 15 4 22 

Windley 2016 23.1 CHO 0mV           5 22 

Crumb 2016 12 CHO   
Ventricular 

AP         1 36 

Kang 2016 15 CHO -80 +20 2 -40   10 4 37 

Windley 2017 18.9 CHO -80 0 10       5 22 
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Supplemental Table 4. Published IC50s for Clozapine. The range of IC50 values (in nM) for each drug are listed above, with the 

corresponding first author and year of publication. In addition, where available, details of the assay protocol are listed including: 

cell line, Holding voltage potential (Vh), 1st voltage step voltage and duration (V1), 2nd voltage step voltage and duration (V2), 

voltage protocol cycle length (CL), extracellular potassium concentration ([K]o) and experimental temperature (Temp).  

1st Author year IC50 (nM) cell line Vh V1 (mV) V1 (s) V2 (mV) V2 (s) CL 
[K]o 

(mM) Temp (°C) 
Tie  2000 2630 CHO -75 +25 3.9 -55 5 10 4.8 22 

Ekins 2002 320 HEK293 -75 +10 0.5 -40 0.5 10 4 37 
Lee 2009 2500 HEK293 -70 +40 4 -60     5.4 36 

Kramer 2013 2300 HEK293 -80 +40 2 -40 2 10 4 22 
Hill 2014 2800 CHO 0             22 
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Supplemental Table 5. Published IC50s for Terfenadine. The range of IC50 values (in nM) for each drug are listed above, with the 

corresponding first author and year of publication. In addition, where available, details of the assay protocol are listed including: 

cell line, Holding voltage potential (Vh), 1st voltage step voltage and duration (V1), 2nd voltage step voltage and duration (V2), 

voltage protocol cycle length (CL), extracellular potassium concentration ([K]o) and experimental temperature (Temp).  

1st Author year IC50 (nM) cell line Vh V1 (mV) V1 (s) V2 (mV) V2 (s) CL 
[K]o 

(mM) Temp (°C) 
Crumb 2000 204 HEK293 -75 +10 0.4 -40 0.4 10   36 
Wang 2003 9 HEK293 -80 +40   -50       36 
Martin 2004 16 HEK293           2 5 37 
Wible 2005 8 HEK293 -80 +20 2 -50 2 10   22 
Perrin 2008 61.4 CHO -80 +20 3 -110 0.5 10 5 22 

Friemel 2010 27.7 HEK293 -80 +20 2 -40 2 10 5.6 22 
Tanaka 2014 30.6 HEK293-hergGFP -80 +20 1.5 -50 1.5 15 4 37 
Okada 2015 98.5 CHO -80 +20 2 -50 2 15 4 22 
Badyra 2015 70 HEK293  -70 -50 0.1 +40/-50 2-Feb 10 2.5 37 

Crumb 2016 19 CHO   
Ventricular 

AP         1 36 
Kang 2016 14 CHO -80 +20 2 -40   10 4 37 

Windley 2017 13.1 CHO -80 0 10       5 22 
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ID

SUPPLEMENTAL FIGURE 1

α0 zα β0 zβ
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2:	  C1	  –	  C2 0.1235	   0	   0.1911	   0	  
3:	  C2	  –	  O	   0.0578	   0.971	   0.000349	   -‐1.062	  
4:	  C2	  –	  I	   0.000052	   1.525	   0.0000000085	   -‐1.842	  
5:	  O	  –	  I	   0.2533	   0.5953	   0.0522	   -‐0.8209	  
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