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Abstract

Markov models of ion channel dynamics have evolved as experimental advances have
improved our understanding of channel function. Past studies have examined limited sets of
various topologies for Markov models of channel dynamics. We present a systematic
method for identification of all possible Markov model topologies using experimental data for
two types of native voltage-gated ion channel currents: mouse atrial sodium currents and
human left ventricular fast transient outward potassium currents. Successful models identi-
fied with this approach have certain characteristics in common, suggesting that aspects of
the model topology are determined by the experimental data. Incorporating these channel
models into cell and tissue simulations to assess model performance within protocols that
were not used for training provided validation and further narrowing of the number of accept-
able models. The success of this approach suggests a channel model creation pipeline may
be feasible where the structure of the model is not specified a priori.

Author summary

Markov models of ion channel dynamics have evolved as experimental advances have
improved our understanding of channel function. Past studies have examined limited sets
of various structures for Markov models of channel dynamics. Here, we present a compu-
tational routine designed to thoroughly search for Markov model topologies for simulat-
ing whole-cell currents. We tested this method on two distinct types of voltage-gated
cardiac ion channels and found the number of states and connectivity required to recapit-
ulate experimentally observed kinetics. Successful models identified with this approach
have certain characteristics in common, suggesting that model structures are determined
by the experimental data. Incorporation of these models into higher scale action potential
and cable (an approximation of one-dimensional action potential propagation) simula-
tions, identified key channel phenomena that were required for proper function. These
methods provide a route to create functional channel models that can be used for action
potential simulation without pre-defining their structure ahead of time.
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Introduction

Discrete state Markov, or state-dependent, models have been used extensively to probe the
role of ion channel dynamics in generating the excitability of neurons [1], cardiac myocytes
[2], and pancreatic beta cells [3,4]. Markov models recapitulate channel dynamics by discretiz-
ing behavior into a series of states, with transitions between states governed by rate constants
that often vary as a function of membrane potential [5]. These Markov models are then
inserted into cellular models to simulate action potential waveforms and frequency-dependent
properties [3,6-8]. For many types of ion channels, Markov model topologies describing their
kinetic and voltage-dependent properties have evolved to reflect refined knowledge of channel
behavior and functioning from decades of experimentation. For example, experiments have
revealed multiple activation gates and inactivation states of voltage-gated ion channels whose
occupancy spans many time domains. States have been continuously added to existing Markov
models to improve their ability to account for this additional complexity of the dynamics
observed in single channel and macroscopic current experiments [9-13]. For the voltage-gated
cardiac Na" channel, for example, current Markov models reflect multiple stages of channel
activation, deactivation, and inactivation from both closed and open states [14,15].

There is a rich history in modeling macroscopic and single channel currents that takes
advantage of various topologies, or structures, of Markov models to reflect our understanding
of channel dynamics [1,13,16-22]. There have been also numerous studies on parameter iden-
tifiability and equivalence [18,23-28]. Both cases, however, have explored a limited collection
of topologies either for understanding the details of channel gating or recapitulating general
channel dynamics. In 2009, Menon and colleagues surpassed previous efforts by exploring
many model topologies through a genetic algorithm that theoretically optimizes model struc-
ture in addition to rate parameters. Making random perturbations to optimize model struc-
ture, however, is challenging from an optimization point of view because the addition or
removal of a state causes a large jump in the parameter landscape. By enumerating the unique
channel Markov model topology search space, however, optimization may focus on rate
parameterization of these unique structures that thoroughly cover the search space. Enumera-
tion also allows for absolute ranking of structures in order of increasing complexity, so that
through examining the performance of multiple topologies, one may estimate the complexity
needed to recapitulate that specific dataset.

Systematically identifying various model structures is especially helpful given the range of
goals in channel kinetic modelling [29]. A model, for example, may need to reflect new struc-
tural information, new functional role(s) of channel interacting proteins [30-32] or, as in the
CiPA initiative [33], massive amounts of electrophysiological data to simulate the proarrhyth-
mic effects of drugs. These types of studies may require a model that recapitulates molecular
level detail precisely, i.e., for gating studies. Other types of studies, however, may only need a
model that captures the principal dynamics of the channels, for example, in simulations of
action potentials. By enumerating all possible model structures, we can suggest multiple struc-
tural candidates at different levels of complexity for validation of various types of data and
complexities of datasets.

While human intuition has laid a solid foundation for early ion channel models [34], there
is a great need for a systematic, efficient method to identify possible Markov topologies given a
specific experimental dataset. We present an investigation into Markov model topologies
examined incrementally in increasing complexity with two voltage-clamp datasets derived
from analyses of cardiac fast transient outward (I, ¢) potassium currents and rapidly activating
and inactivating sodium (Iy,) currents. Multiple topologies invite opportunities to understand
how discretized states and rate constants come together to form a successful model of channel
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dynamics. This strategy also provides the opportunity to summarize topological features that
work well for creating channel models.

Results

Identification and enumeration of unique topologies in increasing
complexity

Our initial aim was to count how many different topologies are possible for a Markov model
with a given number of states. To accomplish this goal, we assumed a Markov model topology
with one state designated as open for simulating current with the rest not strictly labeled as in
Menon et al. [16]. In terms of graph theory, this open state is called the root. By starting with the
root (open state), we could then iteratively evaluate the connectivity of the other states [35,36]. A
challenge arose, however, because topologies may appear to be unique by their numbering, even
though the state labels are permutations. Thus, our counting algorithm needed to assess whether
models were oriented uniquely, as opposed to simply being labeled differently. Using the 3-state
topology space as an example, 36 permutations of single rooted topologies are possible (Fig 1A).
For clarity, Fig 1B depicts the three topologies that are unique with respect to the root. A unique
graph guarantees that the root is oriented distinctly with respect to the other states. To generate
this unique space for greater than three states, topologies of various sizes were tested for isomor-
phism [37] and only the unique topologies were retained [38]. Parsing from single rooted topol-
ogy permutations (36) to uniquely oriented state topologies (3) is depicted in Fig 1C along with
the results of a similar analysis for topologies up to 10 states.

As can be seen in the Fig 1E, this parsing dramatically reduced the model search space by
orders of magnitude as the number of states increased, providing an upper bound on the topol-
ogy search problem. However, the number of unique topologies was still on the order of millions
for 9 and 10 states, and many topologies cannot plausibly be studied given current constraints
on computational resources. Thus, we sought to reduce the number of topologies to be evaluated
further by focusing on those that might be the most useful for modeling native ion channel
behavior. It is worth noting, however, that future efforts to explore the excluded models further
might be feasible and appropriate as computational resources continue to increase.

Biophysically inspired parsing of unique topologies

To further reduce the number of topologies, the degree of a state, defined as the number of
edges (connections) possible to other states given residency in a certain state, must be limited.
To accomplish this, we placed a moderate restriction of a maximum of a degree of four on a
state (preventing one state from accessing many others) (S1A Fig). A state with a high degree
implies that a given conformation of the channel has direct access to many different adjacent
conformations, each with an associated rate.

Large cycles also introduce additional challenges as the topologies start to represent long-
range connections. In other words, states that are far apart in the ion channel excitatory cycle,
such as “deep” (or especially stable) inactivated or closed states, may be connected directly.
Experiments suggest, however, that a sequence of distinct channel energetic conformations
likely take place between these stable states [39,40]. By retaining these long-range connections
or cycles, the topology implies that distinct pathways may be bypassed. Like the maximum
state connections, therefore, we set a moderate restriction of four on the maximum cycle
length to create the focused model search space (S1B Fig). Together with the elimination of
isomorphic topologies, focusing the search on topologies that meet both biophysical restric-
tions (S1C Fig) reduced the original space for a 10-state model from 10'* to 10°.
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10 412,753,356,288,000 113,743,760 111,172,234 813,064 172,535

Fig 1. Reduction in model search space by enumerating unique topologies as a function of the states. A) Blue states are non-open while the open state (root)
is colored green. All 36 permutations of three state rooted topologies are depicted. Permutations outlined in black represent the original six possible rooted
topologies of three states. Orange shading represents the three isomorphic permutations of the six possible rooted topologies while the three unshaded
topologies correspond to the unique rooted topologies as in B. The yellow shaded topologies are the remaining 30 permutations. A reduction from 36 rooted
graph permutations to three unique topologies is depicted in C. C) Results of a similar graphical enumeration analysis for rooted topologies with 4+ states. D)
Biophysically inspired restriction of the maximum degree in a graph to 4. Applying this restriction to the unique topologies results in a reduction in a model
search space as enumerated in the table. After further restricting the maximum cycle length in a graph to size 4 after the degree restrictions, final graph counts
are displayed in E as function of the number of states. E) Enumeration summary table of rooted graph permutations, rooted topologies, unique rooted
topologies, and biophysical restrictions as a function of the number of states.

https://doi.org/10.1371/journal.pcbi.1008932.g001

Evaluation of unique model topologies

The unique models with varying number of states (Fig 1) were sorted according to increasing
numbers of free rate constants, proportional to the sum of the number of states and edges
(connections) as a measure of model complexity [16]. Two canonical ion channel datasets
were utilized to identify possible model structures needed to recapitulate channel dynamics:
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the voltage-gated, rapidly activating and inactivating, cardiac sodium current (Iy,) and the
voltage-gated, fast transient outward, potassium current (I, o). In mammalian cardiac myo-
cytes, Iy, is responsible for the upstroke of the action potential [41], while I, ¢ contributes to
early repolarization and, notably, is responsible for generating the early “notch” of the action
potential that is prominent in epicardial ventricular myocytes in many large mammals, includ-
ing humans [42].

Rate parameter optimization

To evaluate the suitability of a particular topology to serve as a Markov model, rate parameters
needed to be optimized to capture the trends in the voltage-clamp data. As described previ-
ously in Menon et al.[16] and Teed et al.[20], rate constants are of the form:

o v+ args,
I; = exp (a + (b * tanh (—arg52 ))) (1)

where 7;; is the rate from state j to state i, a and b are optimized parameters, v is voltage in
(mV), args; and args, are optimized parameters as part of the sigmoidal voltage function [20].
Rate parameters were optimized using simulated annealing with adaptive temperature control
[43] (Eqs 2-5). To minimize the dependence of optimal rate parameters of a unique graph on
initial optimization conditions, multiple starts of simulated annealing were performed with
initial rate parameters scaled according to a quasi-random Sobol sequence [44] (Eq 9) to thor-
oughly explore the parameter space.

Overfitting prevention

An important goal was to find rate parameters that captured the trends in the voltage-clamp
data while also avoiding overfitting. Specifically, overfitting occurs when the model fails to rep-
resent the general trends in the data owing to focusing on fitting all experimental data perfectly
[45]. Our aim was to maximize the chance the Markov models would successfully predict
channel dynamics that were not necessarily included in our canonical datasets (maximize gen-
eralizability). Further, we also wanted to quantify how likely it was that overfitting was occur-
ring during the optimization process, and when, so that the process could be terminated. Our
rate parameter optimization routine included a measure to halt optimization if likely overfit-
ting occurs using methods borrowed from training neural networks [46]. To accomplish this
aim, experimental data were split into training and validation sets.

The trajectory of the reduction in training cost (progress) was tracked periodically through-
out the optimization along with the current validation set cost with respect to the minimum
(generalization loss). S2A Fig shows representative training and validation cost trajectories
during a model optimization. As is evident, the training cost slowly, but steadily, decreases
throughout the optimization, while the validation cost varies erratically. If the validation cost
first decreased but then consistently monotonically increased after some point in the optimiza-
tion, there would be a clear stopping point to prevent overfitting. However, the spiking in the
validation cost trajectory makes it difficult to identify a clear stopping point. To quantify
where overfitting is likely occurring and, therefore, where to terminate the optimization, mea-
surements of progress and generalization loss were computed at regular epochs (S2B Fig).
These measures give insight into the improvement in the fit of the training data in comparison
to the validation set. As described previously [46], using this ratio, there are many strategies
that can be used to determine when to halt the optimization. Here, we used the condition that
three consecutive increases in the overfitting ratio results in early termination. The trajectories
of the progress and generalization loss measures demonstrate (S2B Fig) that this ratio allows
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enough flexibility for the validation cost to fluctuate throughout the optimization until a vali-
dation cost minimum is reached with termination shortly thereafter.

Reduction of model solution stiffness

We also considered minimizing model solution stiffness while optimizing rate parameters for
a given unique topology. Systems of differential equations are considered “stiff” when the
derivatives of the function are large near the solution, requiring very small time steps to be
taken for solution stability [47]. Implicit differential equation solvers can be utilized to solve
stiff systems more efficiently, although these are more computationally demanding than
explicit solvers and often require specification of the Jacobian. The long-term goal here is to be
able to incorporate the optimized channel Markov models into cellular and tissue models of
membrane excitability. When scaling up to the cell or tissue level, a given ion channel model
may be solved thousands and thousands of times. Thus, it is crucial that computational solving
time is considered when creating the individual ion channel models. To quantify the stiffness
of each model solution, the condition numbers of the transition matrices were estimated at
various membrane voltages [48,49] (Eq 7). Estimated reciprocal condition numbers larger
than a threshold were averaged and proportionally contributed to the model cost as the stiff-
ness penalty (Eq 8).

Application to the human ventricular I, f dataset

We first present data from multiple optimizations runs with the overfitting and stiffness penal-
ties for the human ventricular I,, ¢ dataset. Fig 2A displays the frequencies of optimization iter-
ations completed as a function of increasing free rate constants, while optimizing with
overfitting and stiffness penalties. Iterations completed from multiple optimizations with dif-
fering starting conditions of each model are displayed. The relative weights of the black dots
represent the frequency of maximum optimizations completed. As the number of free rate
constants increases, most optimization runs reach the maximum number of allowed iterations
(large black clusters). However, the intensity of the trailing black dots, which represent the
number of optimization iterations completed before being terminated early, increases as well.
This result supports the notion that overfitting becomes more problematic as the model com-
plexity increases [24]. Fig 2B depicts the associated normalized costs for the model popula-
tions after the optimization iterations specified in Fig 2A. The large spread in the normalized
costs illustrates the importance of running optimizations multiple times when estimating the
absolute minimum cost of models with varying complexities. Of note, extremely high normal-
ized costs result from especially poor optimization starting conditions.

Focusing just on the absolute minimum costs seen across the model populations reveals
that the minimum cost trends downward as complexity increases: models with six and seven
free rate constants produce minimum costs on the order of 10 times less than models with
four free rate constants. Tracking this absolute minimum cost as the number of free rate con-
stants increases reveals a point of diminishing returns. The absolute minimum cost decreases
appreciably when comparing model populations with four, five, and six free rate constants.
However, there is hardly any change when comparing models with six and seven free rate con-
stants. S3 Fig displays the various stiffness penalties as a function of model complexity. The
smallest stiffness penalty seen across all optimization starts leveling out for model topologies
with six and seven free rate constants, as does normalized cost. This point of diminishing
returns in absolute minimum cost and stiffness penalties at six free rate constants suggests that
this complexity may be optimal to model the canonical dynamics of I, ¢ in this specific dataset.
Models with six to seven free rate constants have the potential to prioritize good fidelity fits to
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Fig 2. Identification of possible structures for the I, ¢ dataset. A) Optimization iterations completed as a function of free rate constants. Weighting of dots represent
the frequency of models completing a specified number of iterations. Most models complete the generous maximum iteration limit (40,000,000) with 4 and 5 free rate
parameters while few models complete less iterations due to early stopping from the overfitting criterion. Models with 6 and 7 free rate parameters may run for longer
(maximum 80,000,000 iterations displayed) while a greater fraction of models are terminated early due to overfitting criterion. Data points include the multiple starting
conditions for each model to reduce the dependence of the minimum solution on initial conditions B) Distribution of normalized costs for each model with multiple
starts after completing optimization iterations as depicted in A. Especially bad Sobol starting conditions are asterisked. The absolute minimum costs are outlined in the
dashed grey box. The point of diminishing returns is at 6 and 7 free rate constants. C) Topologies producing acceptable fits and D) unacceptable fits for I, . Acceptable
fits include models with four states and sufficient connections to separate the activation and inactivation domains. E-G) Representative models fits for steady state
activation, inactivation, recovery from inactivation and current traces for models in the acceptable and unacceptable model categories. Unacceptable models generally
have very slow recovery from inactivation. H) Simulated action potentials with representative acceptable and unacceptable I, ¢ currents under a S1-S2 protocol. I)
Corresponding simulated I, ¢ currents under the S1-S2 protocol in A. Acceptable currents (green) and unacceptable currents (red) most differ in magnitude at around
200 ms into the S1 action potential with much less unacceptable I, ¢ currents. This corresponds with the slow recovery from inactivation depicted in F) where at ~200
ms the acceptable models have fully recovered while unacceptable models are only half recovered.

https://doi.org/10.1371/journal.pchi.1008932.g002

voltage protocols while minimizing overfitting potential. S4 Fig displays the topology of an
example model for the I, ¢ dataset with six free rate constants along the fits to the voltage
protocols.
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Classification of acceptable and unacceptable possible I, s model models

Our next aim was to categorize all I, y model topologies as acceptable or unacceptable, based
on the minimum cost seen across all optimization starts. A model with a minimum cost no
greater than 300% of the absolute minimum was deemed “acceptable.” These topologies are
displayed in Fig 2C. Models that consistently produced poor voltage protocol fits are displayed
in Fig 2D. These unacceptable models have four to five free rate constants and consistently
produce higher normalized cost values, as illustrated in Fig 2B. Representative model fits from
the acceptable (green) and unacceptable (red) model categories to the voltage-clamp protocols
are displayed in Fig 2E-G. Unacceptable models tended to produce fits with slow recovery
from inactivation (Fig 2F) with little impact on the other protocols (Fig 2E and 2G). S5 Fig
tracks state occupancy as function of time during the recovery from inactivation protocol.
Acceptable models have enough complexity to recapitulate the slow timescale of steady state
and the faster timescale of recovery at -70 mV. Unacceptable models show slow recovery from
inactivation because the rates cannot be sufficiently fast during recovery while also fitting
steady state conditions.

Validation of I, ¢ dataset cost threshold

The modeled I, s was included into a human ventricular myocyte action potential model [50]
under a S1-S2 pulse protocol that simulates repetitive excitation (see Methods) to validate our
categorization of acceptable and unacceptable models based on cost. An S2 stimulus given at
around 200 ms into the S1 action potential revealed that unacceptable models can lead to a
longer action potential duration (Fig 2H). Analyzing the corresponding currents revealed that,
at 200 ms into the S1 action potential, the magnitude of I, s generated was much lower in the
unacceptable model compared to the representative acceptable modeled I, ¢. (Fig 2I). This
result is in accordance with the lagging fraction of recovered channels for the unacceptable
models at 200 ms as depicted in Fig 2F. As the magnitude of I;,, s influences the notch and pla-
teau potentials, which will secondarily impact calcium entry and excitation-contraction cou-
pling [51], the deficiencies in the simple models could result in inaccurate cellular and tissue
level predictions. Analyzing the modeled currents under this S1-S2 protocol to stimulate the
impact of changing heart rate reveals the precise window of time over which the inactivation
and incomplete recovery from inactivation of I,  channels could manifest itself at the cellular
level. The overly simplistic models, with complexities below 6-7 free rate constants, fail to cap-
ture the full dynamics of I, s when simulating rate-dependent effects on action potential
waveforms.

Application to the mouse atrial myocyte Iy, dataset

Subsequent efforts were aimed at repeating the strategy outlined above on an available (mouse
atrial myocyte) Iy, dataset to find possible models for a channel with more complex dynamics
and explore more complex topologies. The cardiac sodium current is more complex than I, ¢
because of the multiple time scales involved with its activation, inactivation and recovery from
inactivation [41]. As with the modeling of I, , however, the initial goal was to sort the studied
model topologies in order of increasing complexity into the acceptable and unacceptable
model categories based on cost (S6 and S7 Figs). Although examining the model fits to the
individual voltage protocols helped classify acceptable and unacceptable topologies for the I, ¢
dataset, acceptable and unacceptable Iy, models did not display a severe protocol fitting defi-
ciency, i.e., none of the voltage-clamp protocol fits were consistently poor (S6E-S6G Fig).
Thus, when validating the simulated acceptable and unacceptable Iy, currents in the action
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potential [52], there were no appreciable differences in morphology (S6H Fig), because the
models were being primarily separated based on the stiffness penalty.

Application to HEK-293 Iy, dataset

Because the mouse atrial myocyte Iy, acceptable and unacceptable models could not be distin-
guished by the representative individual protocol fits, we repeated the analysis of Iy, using a
previously published Iy, dataset, generated for heterologously expressed SCN5A- (Navl.5-)
encoded) I, in HEK-293 cells, that includes slow and intermediate components of recovery
from inactivation [53-55]. We predicted that a more complicated recovery from inactivation
protocol would require greater model complexity to fit all voltage protocols, so that topologies
with few free rate constants would fail to reproduce all kinetics. Fig 3A and 3B show represen-
tative acceptable and unacceptable model topologies after rate parameter optimization, con-
firming this hypothesis. At least eight free rate constants were required in the models to fit this
complex dataset (Fig 3A), while sparsely connected topologies and those with fewer than eight
free rate constants (Fig 3B) failed to reproduce all protocols with good fidelity. Representative
unacceptable and acceptable model fits to individual voltage protocols are shown in Fig 3C-
3F. Fig 3E depicts the more complex protocol of recovery from use dependent block (RUDB).
The repetitive voltage steps generating RUDB (see Methods for protocol) allows for the slower
and intermediate components of recovery from inactivation of the Iy, models to be parameter-
ized. Unacceptable models show slow recovery from fast inactivation (Fig 3D), poor model
fidelity to the intermediate and slow timescales of recovery from inactivation under RUDB
(Fig 3E), and poor voltage-dependent inactivation kinetics (Fig 3F). This result suggests that it
is quite difficult to parameterize simpler models to capture various types of recovery from
inactivation accurately, along with other voltage protocols.

Validation of the acceptable and unacceptable I, HEK-293 dataset cost
threshold

To validate the HEK Iy, dataset categorization of acceptable and unacceptable models based
on cost, models were first included into a single cell ventricular action potential model[52].
Incorporation of these modeled currents shows that unacceptable Iy, HEK models tend to
produce action potentials that fail to repolarize, while representative acceptable models suc-
cessfully repolarize (Fig 3G). Plotting the simulated Iy, reveals that representative unaccept-
able models have abnormal gating into the action potential (late component) that hinders
action potential repolarization (Fig 3H).

Performance summary of all model solutions: I, ¢

Up until this point, we reported the minimum cost seen across all optimization starts when
describing a model as acceptable or unacceptable. In Fig 4, we report the end performance of
each optimization start (20 displayed) for each topology in addition to all low-cost model solu-
tions in the reported optimization history. This presentation reflects the diversity in rate
parameter parameterizations (i.e. model solutions) during and after multiple optimizations.
For example, for a given topology there may be vastly different sets of parameters that produce
a model with an acceptable cost. Fig 4A summarizes the performance of all studied I,  model
topologies to serve as Markov models when sorted by number of states and connections.
Acceptable and unacceptable labels correspond to the action potential validation performance
as depicted in Fig 2H. However, 23 out of 156 low cost model solutions on topologies
depicted in Fig 2C, failed to recapitulate the increased I,, ¢ evident using the S1-S2 protocol.
We labeled those model solutions as “tentative” to reflect the fact that, despite good fits to the
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Fig 3. Identification of possible model structures for the I, HEK dataset A) Representative acceptable model topologies of the
more complex HEK Iy, dataset. Topologies have at least 8 free rate constants. B) Representative unacceptable model topologies.

Topologies have fewer than 8 free rate constants or are sparsely connected. C) Representative acceptable and unacceptable model fits
to steady state activation and inactivation D) Representative fits to fast recovery from inactivation E) Representative fits to recovery
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from use dependent block which includes timescales of fast, intermediate, and slow recovery from inactivation. F) Representative
model fits to the time constant of 50% inactivation of the peak sodium current G) Simulated action potentials with representative
acceptable and unacceptable Iy, modeled currents. Unacceptable models have varying degrees of late Iy, current) H) Corresponding
representative acceptable and unacceptable Iy, currents during the action potentials in G with a magnified inset highlighting the late
Ina current.

https://doi.org/10.1371/journal.pcbi.1008932.9003

voltage-clamp protocols, these models failed to perform like the other acceptable models in the
action potential simulations. In Fig 4A, 85% of four-state low-cost model solutions with three
or four edges were labeled as acceptable compared to 15% tentative. Fig 4B shows that low-
cost topologies with lower root degree (fewer open state connections) tend to be more success-
tul. For topologies with three edges, all topologies are labeled acceptable with a root degree of
one while all topologies with a root degree of two are labeled tentative. For topologies with
four edges, all topologies are acceptable with a root degree of one, 80% are acceptable with root
degree of two, and 50% are acceptable with root degree of three. These observations are
expected given that topologies with lower root degrees with few states result in a “spoke” lay-
out. These “spoke” topologies with a central open state require careful rate parameterization to
prevent “bursting” of the channel over time at various membrane potentials. This translates
into a more difficult optimization problem, and so the optimizer struggles to find a satisfactory
solution given the finite optimization limits set.
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Fig 4. Summary of Markov model performance for all topologies studied. A) and B) Performance summary of all
I, ¢ topologies studied. Unacceptable and acceptable labels are as previously defined. Tentative yellow topologies
produced acceptable voltage protocol fits but did not perform as other acceptable models in the action potential
validation. In A) more states help topologies find tentative and acceptable solutions. B) Topologies with lower root
degrees (open state connections) tend to create acceptable models C and D) Performance summary of all I,
topologies studied. Unacceptable and acceptable labels are as previously defined. Tentative yellow topologies produced
acceptable voltage protocol fits but did not perform like other acceptable models in the action potential validation
(different degrees of repolarization failure). C) Topologies with more than the minimum number of edges tend to yield
more tentative or acceptable Markov models. D) As edges increase, topologies most benefit from higher root degrees
(more open state connections) to serve as successful Markov models. Panels C and D do not show unacceptable

models for clarity.

https://doi.org/10.1371/journal.pcbi.1008932.9004
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Performance summary of all model solutions: I, HEK

Fig 4C and 4D summarize the performance of all model topologies studied across all optimi-
zation starts and history when training on the HEK Iy, dataset. Acceptable labels correspond
to the action potential validation performance as depicted in Fig 3G. However, 89 out of 169
low cost model solutions on topologies depicted in Fig 3B, failed to perform as other accept-
able model solutions in a single cellular ventricular action potential or in reported conduction
velocities in a 100 cell cable [52] (Fig 5B). As before with the I, ¢ dataset, these solutions are
labelled as tentative. For clarity, only the acceptable and tentative models are displayed in Fig
4C and 4D, whereas S9 Fig also includes unacceptable models. When sorting based on num-
bers of states and edges, topologies with more than the minimum number of edges tend to
serve as successful Markov models (Fig 4C). In other words, sparsely connected topologies do
not have the complexity to recapitulate channel dynamics. Among four, five, and six state
models with more than the minimum number of edges, about half of all low-cost solutions
were ultimately labelled acceptable. Topologies with the minimum number of edges had maxi-
mally 13% acceptable. When sorting based on total topology connections versus root degree
(Fig 4D), higher root degrees generally aide in creating successful Markov models as the num-
ber of edges in a topology increases. For example, for models with root degrees of four,
between five edges and eight edges, the acceptable labelling rate increases from 0% to 75%.
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Fig 5. Validation of acceptable model solutions in cellular and tissue simulations. Model solutions show diverse
behavior in cellular and tissue simulations despite good fidelity fits to the training voltage protocols. A) Representative
shallow and steep slopes of acceptable I, s models in a dynamic restitution protocol. Slopes are calculated from DI
intervals between 60 and 80 ms. Most acceptable model solutions have shallower slopes between 0.2-0.4. There are 12
acceptable model solutions that have slopes higher than 0.4 indicating larger I, ¢ currents (see S10 Fig). B) Conduction
velocity variability results from variability in the precise Iy, gating. Despite low-cost protocol fits (S11 Fig), the
activation of the Iy, current varies between 4 and 8 ms with conduction velocities of 67 (blue) and 56 (orange) cm/s,
respectively for two representative acceptable models. Dashed lines represent the corresponding action potentials
upstrokes. Plotted below are all acceptable Iy, model conduction velocities in a 100-cell ten Tusscher cable. Reported
conduction velocities are from Cell 50.

https://doi.org/10.1371/journal.pchi.1008932.9005
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Once a topology has seven connections, however, the topology likely has six states, so open
state connections may still be incorporated in a cycle. This arrangement allows the topology to
recapitulate more complex dynamics. Thus, many open state connections are not automati-
cally detrimental for topologies with more complexity.

Acceptable solution variability

When comparing all acceptable I,  model solutions in a dynamic restitution protocol (outside
of the specific S1-S2 described above), there is considerable variability in the slopes of the resti-
tution curves between DI intervals of 60 to 80 ms (Fig 5A). Of the 133 acceptable, action
potential-validated solutions, there are 12 solutions with restitutions slopes greater than 0.4.
The rest of the 121 solutions have slopes between 0.2-0.4. This variability stems not from the
model complexity, but rather from differences in I, rinactivation gating after the 10" S1 stim-
ulus. S10 Fig shows representative model voltage and I, ¢ current traces with shallower and
steeper restitution slopes during the protocol. Despite both model solutions having good train-
ing voltage protocol fits and recapitulating in the specific S1-S2 I, ¢ kinetics, I, s inactivation is
quite different between acceptable solutions. These representative models first illustrate that
seemingly similar acceptable I, s models result in differences on the restitution properties of
cardiac myocytes despite the fact that I, ¢ is only one of many repolarizing potassium currents.
Most importantly, even with protocol fits that are both in the acceptable range of cost, the res-
titution kinetics at DI intervals at 60-80 ms are inconsistently constrained.

When incorporating acceptable Iy, HEK models in a 100-cell cable, there is considerable
variation in the conduction velocities that does not depend on model complexity. Representa-
tive acceptable action potential validated models (S11 Fig) are shown in Fig 5B with differ-
ences in the onset of Iy, activation at 4 ms and 8 ms resulting in conduction velocities of 67
and 56 cm/s, respectively. Of all the 69 acceptable model solutions plotted in Fig 5B, most fall
between 50-75 cm/s with 8 acceptable solutions above 75 cm/s. Solutions vary because of
altered activation timing compared to the original sodium current in the ventricular action
potential model [52]. S12 Fig further illustrates that the conduction velocity does not depend
on inactivation either when controlling for the extent of activation. These findings combined
underscore the importance of having access to original current traces, rather than only to mea-
sured/reported kinetic time constants, for training robust channel models with less parameter
unidentifiability, as previously described by Mirams and colleagues [28].

Successful Markov model topological features

Taken together, sparsely connected topologies tend not to serve as successful Markov models.
When topologies have five states or less, more open state connections result in harder to
parameterize “spoke” topologies. However, when topologies become complex enough (many
connections or states), this is not an inherent detriment to the topology. A root then may have
many connections to the rest of the model and still be incorporated in a cycle, for example, so
the topology has inherently more capacity to represent more complexity. This thinking sug-
gests potential filters to further parse the model space beyond degree and cycle length restric-
tions. For topologies with three, four, or five, states (2-3) open state connections should be
emphasized while larger models will benefit from a variety of open state connections. Given
limited computational resources, topologies with more than the minimum number of connec-
tions should be prioritized. For example, in the seven-state model space, there are 1483 topolo-
gies after applying restrictions on state connections and cycle length. (Fig 1E). If topologies
with minimal connections (6-7) were excluded, another 166 topologies could be further
eliminated.
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Discussion and Future Directions

We present a robust, systematic method to identify all possible model topologies for simulating
ionic currents, given experimental datasets of canonical ion channel dynamics. The routine
moves through various topologies in a stepwise fashion as a function of the number of free rate
constants. By examining the diminishing returns in model cost, one may visualize the com-
plexity of various topologies to best balance between model solution fidelity, overfitting [24],
and stiffness for the specific experimental dataset. Depending on the goals of the kinetic
modeling study undertaken, the user may still wish to utilize a topology with more or less com-
plexity identified in this routine. In these cases, we provide an organized framework for users
to validate topologies for their specific goals. We also demonstrate the robustness of this meth-
odology by modeling two voltage-gated currents: fast transient outward (I, ¢) potassium cur-
rents and rapidly activating and inactivating sodium (Iy,) currents.

Using the formulation of the single tracked open state as in Menon et al. [16], we were able to
enumerate the model topology search space. This exhaustive enumeration ensures complete cov-
erage of the model search space, rather than relying on random perturbations or limited collec-
tions of various model topologies during optimization. As illustrated in Fig 1, this enumeration
is crucial when working with topologies with six states and greater because of permutations.
Enumeration also allows for topologies to be evaluated systematically in terms of model com-
plexity, which is critical for identifying the amount of complexity available in possible structures
for an experimental dataset. Through restrictions on state connections and elimination of long-
range connections, we were able to further parse this model search space given decades of bio-
physical experimental insight. The results here further suggest an additional filter that eliminates
topologies that are sparsely connected. It may also prove fruitful to emphasize topologies with
lower root degrees (fewer open state connections) when working a few states but higher root
degrees (many open state connections) (up to four) in topologies with seven states and higher.

Optimizing models with greater numbers of parameters does not easily lead to a “perfect”
model with a normalized cost of zero. With more computationally expensive starts and larger
maximum simulation iterations without overfitting prevention, we may expect to see the cost
function decrease to zero given infinite optimization time. However, given constraints on time
and computing resources, we present the best costs at least 100,000 iterations beyond a change
0f 20% or less in cost (unless terminated early for overfitting). We see a point of diminishing
returns in the normalized cost function and suggest optimal complexity based on the dataset.

Features of successful Markov models

Grouping acceptable and unacceptable models of each dataset allows one to begin to explore
the question of what makes a suitable topology for Markov models of ion channel dynamics.
The I, r dataset showed that three-state models are not sufficiently complex to recapitulate
dynamics, but four-state topologies without cycles can do so successfully. The example mini-
mal four-state linear model for I, ¢ illustrated in S4A and S5C Figs does not contain a cycle
between open, hypothetically closed and inactivated states, as is commonly used to model volt-
age-gated ion channels [14,15]. Ion channel Markov models need not always conform to
human intuition of the underlying structural mechanisms to reproduce a dataset with good
fidelity. A modeler has great power in determining how much complexity is needed for the
computational problem at hand [56]. More complex models, for example, may be appropriate
in studies focused on exploring channel gating precisely. In studies that require attention to
fast computations at the tissue level, a simpler, less stiff model, may be the most appropriate.
The example models of the simpler Iy, and the more complex Iy, datasets are more consis-
tent with mechanistic intuition derived from consideration of experimental data. The example
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topology for Iy, in S8A Fig, for example, contains a cycle, which is consistent with prior cyclic
models of ion channel excitability with connections between activated, inactivated, and closed
states (14,15). Acceptable models depicted in Figs 3A and S6C contain at least one cycle.
Unacceptable Iy, models tend to be sparsely connected, thus not able to include cycles (aside
from the three-state cyclic model), which leads to insufficient complexity to model fast channel
dynamics. While single-channel models are successful with sparse connections, fast macro-
scopic kinetics may necessitate a cycle to prevent channel “bursting” through the designated
open state during simulation. Performing analyses of the state probabilities during voltage pro-
tocols after using our procedure allows one to gain insight into the mechanisms of the model
and discover surprising topologies that successfully recapitulate the protocols.

Our computational routine identifies the best model topologies given an experimental data-
set, so collections of the best topologies should evolve as the experimental dataset grows. Our
approach also provides a framework for researchers to run the routine with datasets of various
sizes to identify collections of optimal models for each dataset. With various topologies in
hand, one may begin to understand what topological features are emphasized under certain
voltage protocols and combinations of protocols.

Validation of channel models in cardiac action potentials

Validating the cost thresholds of acceptable and unacceptable current models when these are
incorporated (with multiple other ionic conductances) into action potential models allows one
to begin connecting how fits to voltage-clamp data will result in electrophysiological differ-
ences at the cellular level. In most cases, the action potential morphology may be predicted
based on the cost of the model. In the case of I, ¢ the kinetics of recovery of the channels from
inactivation alters the early and late phases of the action potential consistent with marked fre-
quency-dependent effects. The poor protocol fits in the HEK Iy, dataset, however, commonly
resulted in severe action potential repolarization abnormalities. This result might have been
expected, given that Iy, is solely responsible for the upstroke of the action potential in atrial
and ventricular cells, while I,, ¢ is one of many currents responsible for repolarization.

It is also interesting to note that 23 low cost I,  models (out of 156 acceptable model solu-
tions based on cost) and 89 HEK Iy, models (out of 169 acceptable model solutions based on
cost), did not perform as well as the other acceptable, low cost models when incorporated into
the action potential model. This type of discrepancy is not uncommon in the ion channel
modeling field. Ion channel modelers have traditionally specified one model topology to repre-
sent a complex dataset. If the optimized rate parameters for the topology failed to produce an
action potential, the modeler would blame the topology and adjust the states and connections
accordingly. In marked contrast, the approach developed here explores the performance of all
possible model topologies. As a result, this discrepancy between low-cost models and consis-
tent, satisfactory behavior in action potential simulations becomes more apparent. The obser-
vation that optimized rate parameters can lead to satisfactory training data fits, while also
behaving differently in modeling the action potential, highlights the issue of whether a training
dataset contains enough information to reliably constrain all model rate parameters consis-
tently. This problem of parameter identifiability has been thoroughly discussed and quantified
in ion channel and cellular models of excitability [18,23-28]. This phenomenon is illustrated
by the I, ¢ restitution protocol slopes and the conduction velocity estimates for the acceptable
Ina models in Fig 5. As illustrated in S10 Fig, similar I, f models can yield currents with differ-
ent kinetic properties and that differentially affect the shape of the restitution protocol. S11
and S12 Figs shows that reasonable fits to the voltage protocols for Iy, do not reliability con-
strain activation, resulting in variability in conduction velocities. As discussed by Mirams et al.
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[28], whenever possible, experimentalists should make raw current traces available for training
robust channel models in addition to providing derived time constants.

Validating model performance in cellular and tissue action potential simulations serves as a
crucial test to detect early signs of parameter unidentifiability and overfitting. Clearly, accept-
able fits at the channel level can result in a variety of kinetics and dynamics and the cellular
and tissue levels as shown here with I, fand I, acceptable models. To differentiate models
based on these higher scale behaviors may require additional channel level experimental data
or more refined voltage protocols to train model parameters more efficiently and with greater
certainty as was previously done with hERG channels [57]. Repeating the analysis with differ-
ent protocols may further reveal which parameters are most critical for successful action
potential generation, depending on the simulation to be performed and those most likely to
suffer from parameter unidentifiability. We anticipate this validation will be especially crucial
when creating channel models that require greater complexity (more free rate constants) when
recapitulating molecular detail, for example, and making arrhythmogenic predictions at the
higher scales.

The acceptable model solution totals for both (I, fand Iy,) datasets included model
solutions based on the costs found at the end of each optimization and at intermediate
recorded time points. For I, ¢, there were 156 acceptable model solutions for the 11 distinct
topologies studied. For the HEK Iy, dataset, 167 distinct topologies were studied, but only
169 acceptable model solutions were found across all optimizations. Thus, our optimiza-
tion method found a relative abundance of acceptable solutions for the I, ¢ dataset com-
pared to the HEK Iy, dataset. This difference is likely attributable to the more complex
nature of the HEK Iy, dataset with the faster kinetics the RUDB protocol, for example,
which would require precise parameterization. When tracking the cost over time in the
optimization for both datasets, the I, s optimization proceeded smoothly with a variety of
acceptable solutions while the HEK Iy, optimization trajectory was substantially more

jagged.

Limitations

There are limitations to the approach presented, and these may be addressed by future work.
As depicted in Figs 2A and S6A, tracking three consecutive increases in the ratio of the gener-
alization loss and progress successfully truncated optimizations, but future studies that explore
other validation quantification cutoffs as the optimization problem evolves [24] would be valu-
able. We use the nonlinear optimization technique of simulated annealing with adaptive tem-
perature control in this study, but more recent algorithms, such as particle swarms [17], may
prove to be faster or more accurate. We also anticipate that other additions to the simulated
annealing core routine could be helpful, such as adaptive simulated annealing [58] or differen-
tial evolution [59] in future studies.

This work provides a framework to identify multiple topology models for canonical ion
channel kinetics. By providing open-source code of the computational routine, which
could be extended to multiple open states, others may apply this routine to their biophysi-
cal systems. These populations of possible model topologies may suggest further experi-
ments for validation of their behavior and may even elucidate more refined voltage-
protocols for training the models. They will also allow for connections of the mechanistic
underpinnings of the channel through analysis of their topology, rate constants, and state
probabilities during voltage protocols. This intuition will prove invaluable when building
models based on these topologies in future studies that recapitulate structural and drug
interaction data.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008932  August 16, 2021 16/26


https://doi.org/10.1371/journal.pcbi.1008932

PLOS COMPUTATIONAL BIOLOGY Structures for lon Channel Kinetic Models

Methods
Generation of nonisomorphic rooted unlabeled, connected topologies

Nonisomorphic (unique) topologies were generated using nauty (http://users.cecs.anu.edu.
au/~bdm/nauty/) a C-based graph isomorphism testing routine. All connected, unlabeled
topologies were generated with the specified number of states and with up to the maximum
number of edges. (N(N-1))/2. The states in the topologies were then colored in two shades
(root and nonrooted) and then imported into a routine to test for isomorphism through
canonical labeling[37]. While this study used datasets with a single rooted, open state, the
canonical labelling can also be used to detect isomorphisms for topologies with multiple open
states. These topologies were then imported and parsed in Python using the NetworkX pack-
age based on maximum degree and cycle length. After recording the degrees of all nodes in the
graph, topologies were retained if all nodes did not exceed the maximum node degree restric-
tion. Maximum cycle length was used to parse based on long-range connections in graph (see
Results for an explanation for long-range connections). The routine ‘cycle_basis’ was used to
identify the cycles in the graph and only topologies with cycles not exceeding the limit were
retained.

Electrophysiological recordings

Voltage-clamp recordings for the simpler Iy, dataset were obtained from mouse left atrial
myocytes at room (20-22°C) temperature. Experiments were performed using an Axopatch
1D (Molecular Devices) or a Dagan 3900A (Dagan Corp) patch clamp amplifier interfaced to a
Dell microcomputer with a Digidatal332 analog/digital interface and the pPCLAMP10 software
package (Molecular Devices). For recording whole-cell Na™ currents, pipettes contained (in
mM): 5 NaCl, 90 CsCH;05S, 20 CsCl, 1 CaCl,, 10 EGTA, 10 HEPES, 4 MgATP, 0.4 Tris-GTP
at pH 7.2, 300-310 mOsm. The bath solution contained (in mM): 20 NaCl, 110 TEAC], 10
CsCl, 1 MgCl,, 1 CaCl,, 10 HEPES, and 10 glucose, pH 7.4, 300-310 mOsm. See reference [60]
for the experimental methods used to acquire the I, ¢ dataset and references [53,54] for those
used to acquire the Iy, HEK dataset.

Evaluation of unbiased topologies to recapitulate canonical ion channel
dynamics

A biophysically focused model topology was trained on I, f human left ventricular myocytes,
Ina voltage-clamp protocols in atrial mouse myocytes and Iy, voltage-clamp protocols in HEK
cells. Model rate constants were guaranteed to satisfy microscopic reversibility as outlined in
Menon et al. (Eq 1). Values of a and b for each rate constant are listed in the S1 Appendix for
Lo.rand Iy, example models. As mentioned in Menon et al.[16], the rate constants are expo-
nential functions of steady state occupancies and rates (one-ion symmetrical barrier pore
model) [61].

Parameters are optimized using an improved simulated annealing routine. The improved
simulated annealing routine included multiple non-interacting chains to effectively “paralle-
lize” and thereby speed the optimization process [62] and an adaptive temperature control
scheme [43]. This temperature scheme begins at the lowest threshold temperature and is
slowly incremented proportionally to the number of worse solutions encountered. When a
“new” best solution is found, the temperature returns to lowest threshold. This scheme pre-
vents the optimization from getting “stuck” in local optima:

t;= (tmin + i(ln(l + ri))) (2)
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where t; is the current temperature is iteration i, t,,,;, is the minimum starting temperature, A is
the temperature control parameter and r; is determined by the change in the best cost, AC, at
iteration i:

r=r,,+1 AC>0 (3)
r=r_, AC=0 (4)
=0 AC<O0 (5)

The cost function of the optimization was proportional to the sum of squared differences
between each experiment and data value normalized by the experimental value plus a stiffness

penalty:

(6)

iment — data’
experimen a a) +p
data

cost = 2(

A model stiffness penalty proportional to each optimized model’s reciprocal condition
number (1-norm) of the transition matrix, A, at varying voltages {1. . N} was added to each
model’s cost:

reond = (JA(V)[LIIA(V)™,)™! (7)

SP~ SV rcond, if rcond, < threshold (8)

This penalty preferentially selects models that do not require extremely small, computation-
ally expensive, time steps when incorporated into cellular and tissue level excitability simula-
tions. To lessen the risk of the optimal rate parameters depending on the initial starting
conditions, the optimization included multiple starts (at least 20) with a quasi-random (Sobol)
representation of the parameter space [44]. Quasi-random sequences increase coverage of the
parameter space in each dimension (i.e. each free parameter is a dimension). Each sequential
quasi-random sequence of dimension D is mapped to the specified ranges for the i parameter
value:

parameter, = (paramater,, — parameter, ,

1,max

i * Sobol,,,.) + parameter, 9)
Each start ran for at least 100,000 iterations beyond no change in 20% of cost unless termi-
nated early for overfitting prevention. Because we expected time to convergence would depend
on model complexity, the maximum optimization iterations allowed were periodically
increased for convergence. To prevent overfitting in the simulated annealing optimizations,
the cost function only applied to model values outside each of each data point’s SEM and 20%
of available experimental data was randomly set aside for validation. Quantitative metrics of
progress and generalization loss were introduced to determine when to appropriately halt the
optimization to prevent overfitting [46]. Progress quantifies how much the average training
cost is larger than the minimum cost seen in the last k optimization iterations. Generalization
loss quantifies how much larger the current validation cost is compared to the minimum vali-
dation cost seen previously. Three sequential increases in the ratio of the generalization loss to
the progress results in early termination to prevent overfitting. We would certainly anticipate
that more sophisticated validation sets will be available and will be used in future studies.
Additional validation data will prove useful, along with an analysis of the best data to serve as
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validation, in future iterations of this systematic method to minimize overfitting in models of
higher complexity beyond those studied here.

Training set of voltage-clamp protocols

Steady state activation. Iy, HEK dataset: Steady-state probabilities were found at -100
mV. For voltages ranging between -45 mV to 20 mV, the peak open probability (a measure of
peak current) was recorded after a step depolarization for 25 and normalized to maximum. I,
¢ Steady-state probabilities were found at -70 mV. For voltages between -60 and 60 mV in
increments of 10 mV, the peak open probability (a measure of peak current) was recorded
after a step depolarization for 50 ms and normalized to the maximum.

Steady state inactivation. Iy, HEK dataset: Steady-state probabilities were found at -100
mV. A conditioning pulse at voltages between -110 mV to 40 mV in 10 mV increments was
applied for 500 ms. The peak open probability (a measure of peak current) was then recorded
after a test pulse at -10 mV for 25 ms and normalized to the maximum. I, ¢ Steady-state prob-
abilities were found at -70 mV. Each preliminary voltage step in increments of 10 mV between
-120 and 40 mV was held for 200 ms. The peak open probability (a measure of peak current)
after a test pulse at 40 mV for 50 ms and normalized to the maximum.

Recovery from inactivation. Iy, HEK: Steady-state probabilities were found at -100 mV.
A depolarizing pulse at -10 mV for 500 ms was applied, followed by a hyperpolarizing pulse at
-100 mV ranging between 0.5-210 ms. Peak current current was then recorded and normal-
ized after a pulse at -10 mV for 25 ms. I, ¢ Steady-state probabilities were found at -70 mV. A
depolarizing pulse at 40 mV for 500 ms was applied, followed by a hyperpolarizing pulse of -70
mV of variable time intervals (2-6000 ms). Peak current was then recorded and normalized
after a pulse at 40 mV for 100 ms.

Recovery from Use Dependent Block. (In, HEK only): Steady-state probabilities were
found at -100 mV. A pulse train of a depolarization at -10 mV for 25 ms at 25 Hz was repeated
for 100 pulses. A hyperpolarizing pulse at -100 mV for variable recovery intervals was applied
for between 0.5-9000 ms. A test pulse followed at -10 mV for 25 ms and peak current was nor-
malized to the maximum.

Normalized current traces. (I, ¢only): Steady-state probabilities were found at -70 mV.
Following a step depolarization to 20 and 60 mV for 10 ms, the normalized current was
recorded at intervals of 0.2 ms.

Deactivation Time Constants. (I, only): Steady-state probabilities were found at -120
mV. Following recording the peak current after a depolarizing pulse at -20 mV for 5.0 ms, a
hyperpolarizing voltage between -110 mV to -60 mV was applied for 5.0 ms and the time to
50% decay of peak current was recorded.

Inactivation Time Constant. (Iy, HEK only): Steady-state probabilities were found at
-100 mV. For voltages between -20 to 20 mV in 5 mV increments, the time to 50% decay of
peak current was recorded.

Maximum open probability. Iy, HEK and Iy,: To constrain open probabilities, maxi-
mum open probabilities of 0.27, 0.31, 0.29 at -20, -10, 0 mV, respectively (calculated from ten
Tusscher 2006[52] solved in MATLAB with odel5s) were enforced. I, ¢ To best match the
original I, s simulated current, maximum open probabilities of 0.3 and 0.45 at 25 and 50 mV,
respectively were enforced (calculated from [50], solved in MATLAB with odel5s)

Validation set of voltage-clamp protocols

Twenty percent of experimental data was randomly chosen to serve as the validation set as is
common when avoiding overfitting [63]. From each curve, 80% of the data points were
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randomly selected and used to optimize the rate parameters. The remaining 20% of points
were used to evaluate how well the model recapitulated the general trend in experimental data.

Action potential model validation

Optimized models replaced respective currents in Tomek et al. [50] and ten Tusscher et al.
[52] human ventricular action models. To simulate arrhythmogenic repetitive excitation for
Ios models, an action potential was elicited by an S1 stimulus followed by an S2 stimulus at
various DI intervals following S1. To construct the dynamic restitution protocol, ten S1 beats
at a BCL of 300 ms were simulated before the S2 stimulus at various DI intervals. Conduction
velocity calculations for the Iy, HEK models are from a 100-cell ten Tusscher [52] cable with
reported velocities from Cell 50 after 10 beats at a BCL of 1000 ms.

Computing resources

All simulation code was written in C++ and containerized using Docker to run on the Amazon
Web Services Batch compute cluster. Model parsing code in Python and all code is available
on GitHub [https://github.com/silvalab/AdvIonChannelMMOptimizer]. A sample K* con-
ductance voltage optimization program is also available.

Supporting information

S1 Appendix. Supplementary Equations, Methods, and Example Model Rate Constants
(DOCX)

S1 Fig. Illustrations of the maximum state degrees and long-range connections. Green
states indicate open states while blue indicates all other states A) A representative topology
with a labeled state that has five possible connections to other states. By cutting out the red
portion (containing the extraneous state and connection), the indicated state then has a degree
of four. B) A representative model graph that has cycle length of six. Removal of the indicated
red dashed connection breaks the cycle. The resulting topology has a maximum cycle length of
four C) A representative 8-state topology that meets the maximum state and long-range con-
nections restrictions illustrated in A & B and is included in the final count in Fig 1E (i.e. is an
example of the 72,489 unique rooted topologies).

(TIF)

S2 Fig. Illustration of progress and generalization loss measures stopping an optimization
early as described in [46]. A) Sample normalized training and validation costs during towards
the end of an optimization. The training is slow, but steadily declining, while the validation
cost is changing erratically at various optimization epochs. B) Measures of progress, generali-
zation loss, and their ratio, Q, over the optimization time period as in A. Progress quantifies
how much the average training cost is larger than the minimum cost seen in last k optimiza-
tion iterations. Generalization loss quantifies how much larger the current validation cost is
compared to the minimum validation cost seen across all iterations seen so far. In the example
shown, progress (green dashes) stays relatively steady at various epochs reflecting the slow
steady decline in training cost. Generalization loss widely fluctuates along with the validation
error (red dashes). The ratio of the progress and generalization loss, Q (purple), steadily
increases three simulation epochs in a row (as indicated by the black arrows), which signals
that early stopping should occur.

(TIF)
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S3 Fig. Stiffness penalties for I,  optimized models across all optimization starts. A) The
normalized stiffness penalty seen as across all starts as a function of increasing free rate con-
stants. B) The number of steps in an explicit ODE solver (MATLAB’s ODE45) when the penal-
ties are not part of a model’s cost. Only two models may be successfully solved with the less
computationally intensive explicit solvers, which indicates the model solutions are inherently
stiff. C) When including a measure of model stiffness in the optimization routine [48], more
models can successfully be solved in the ODE45 routine.

(TIF)

S4 Fig. Example I, s model with 6 free rate constants A) Topology of the model B) Experi-
mental data points and simulated fits for conductance voltage and steady state inactivation
protocols. Purple validation points indicate points added in the simulation to calculate a mod-
el’s validation error when checking for overfitting. C) Experimental recovery from inactivation
and simulated fit with added validation points to compute validation error for overfitting pre-
vention. D) Normalized experimental current traces at 20 mV and 60 mV (black) with corre-
sponding simulated traces. In purple is the experimental 40 mV normalized current trace
along with its associated fit for validation. E) I, r current trace when included in the Tor-Ord
[50] human ventricular action potential model (F) All experimental data are from Johnson

et al. [60] Experimental data points (black) are mean + SEM.

(TIF)

S5 Fig. State probabilities throughout recovery from inactivation protocol (for I, ¢) illus-
trates differences between acceptable and unacceptable models. A) Recovery from inactiva-
tion protocol. B) State probabilities tracked as a function time throughout the above protocol.
The 3-state model shown is representative of unacceptable I, s models where recovery from
inactivation is slow. Green designates the rooted open state while blue and red indicate the
functional hypothetical inactivated state and closed state, respectively. At the resting state (-70
mV), the red “closed” state carries about 80% of the resting state probability while the blue
“inactivated” state holds the other 20%. This closed state probability spread at the holding
potential essentially “locks in” the voltage-dependent rates at -70 mV as slow. After the depo-
larizing pulse to +40 mV for 500 ms, the “blue” inactivated state carries 99% of the probability.
The 25 ms hyperpolarizing pulse to -70 mV attempts to send the state probability back to the
“red” closed state. However, the rate from the blue to red state at -70 mV is quite slow and, on
reapplying the depolarizing step, the open state probability is lower than expected after 25 ms
of recovery. C) An analogous representation of state probabilities for a 4-state model represen-
tative of the acceptable I, s models where recovery from inactivation is appropriately fast. State
colors are as before with the addition of 4™ purple state. At the resting potential, the hypotheti-
cal closed state holds 99% of state probability. Therefore, the other states and rates are not
“locked in” to slower rates at the holding potential. After the long depolarizing pulse, most
state probability is again in the blue inactivated state. In this model, however, the rate from the
inactivated state back to closed at -70 mV is fast enough to allow for sufficient recovery from
inactivation after 25 ms hyperpolarization (77%). The pink state thus serves as a transitory
state that distances the functionally inactive (blue) state from the open state (green).

(TIF)

S6 Fig. Identification of possible structures for the Iy, dataset. A) Iterations completed for
multiple optimizations starts of the models trained on the Iy, dataset. Most optimization runs
complete the maximum number of iterations allowed for the number of free rate constants,
but as complexity increases, an optimization is more likely to be stopped early because of
potential overfitting. B) Distribution of minimum normalized costs for each model with
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multiple starts after completing optimization iterations as depicted in A. C) Representative
acceptable models for Iy,. As defined in the text, acceptable models have minimum costs no
larger than 300% of the absolute minimum cost. All models have at least 8 free rate constants.
D) Representative unacceptable models. All models have minimal states and/or sparsely con-
nected with a range of free rate constants. E) -G) Representative voltage-clamp models fits for
steady state activation, inactivation, recovery from inactivation and current traces for models
in the acceptable and unacceptable model categories. H) Representative ten Tusscher human
ventricular action potentials [52] with replaced modeled acceptable and unacceptable Iy, cur-
rents.

(TIF)

S7 Fig. Stiffness penalties for I, optimized models across all optimization starts. A) The
normalized stiffness penalty seen as across all starts as a function of increasing free rate con-
stants. There is decline in the minimum stiffness penalty from four to six free rate constants
followed by a plateau in the minimum penalty for topologies with greater than six free rate
constants B) The number of steps in an explicit ODE solver (MATLAB’s ODE45) when the
penalties are not part of model cost. Few models may be successfully solved with the less com-
putationally intensive explicit solvers, which indicates the model solutions are inherently stiff.
C) When including a measure of model stiffness in the optimization routine, more models can
successfully be solved in the ODE45 routine.

(TIF)

S8 Fig. Example model for Iy, with 9 free rate constants. A) Topology of the model and B)
Experimental data points and simulated fits for conductance voltage and steady state inactiva-
tion protocols. Purple validation points indicate points added in the simulation to calculate a
model’s validation error when checking for overfitting. C) Experimental recovery from inacti-
vation and simulated fit with added validation points to compute validation error for overfit-
ting prevention. D) Normalized experimental current amplitudes recorded at -10 mV and 10
mV, plotted as points (black) with corresponding simulated traces in green. The normalized
experimental current data acquired at 0 mV along with its associated fit for validation is
shown in purple. E) Modeled I, current when inserted into the ten Tusscher [52] human ven-
tricular action potential model and the resulting action potential F). Experimental data points
(in black) in B), C) and D) are means + SEM.

(TIF)

S9 Fig. Summary of Markov model performance for all I, topologies studied (as in Fig 4C
and 4D) with unacceptable model solutions included. Unacceptable and acceptable labels
are as previously defined. Tentative yellow topologies produced acceptable voltage protocol
fits but did not perform like other acceptable models in the action potential validation (differ-
ent degrees of repolarization failure).

(TIF)

$10 Fig. Dynamic restitution curve variability of all acceptable I,  models. A) Boxes
Labeled B and C correspond to the regions of the restitution curve of shallower B) and steeper
C), respectively. B) Left: Acceptable model voltage protocol fits. Right: Voltage and I, ¢ traces
following the 10 S1 stimulus followed by a S2 stimulus at various DI intervals. I, s inactivates
completely in 100 ms, resulting in a shallower restitution slope between 60-80 ms DI intervals.
C) Left: Another acceptable model voltage protocol fits. Right: Voltage and I, ¢ traces during
the 10™ S1 stimulus followed by a S2 stimulus at various DI intervals. In this acceptable model,
I;o,s does not inactivate until 200 ms, resulting in a steeper restitution slope between DI
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intervals 60-80 ms.
(TIF)

S11 Fig. Variability in activation timing of acceptable Iy, HEK models. Both representative
models show acceptable Iy, HEK voltage-clamp fits but the activation timing differs: 4 ms (A)
versus 8 ms (B) (See Fig 5B).

(TIF)

$12 Fig. Activation and Inactivation Variability in Acceptable In, HEK models. A) Time to
peak at two voltages -45 mV and 0 mV starting from a holding potential of -86.2 mV as in ten
Tusscher [52]. Inset: Zoomed in version of A between 0-0.5 ms. B) Conduction velocity vs
inactivation of acceptable Iy, models with time to peak between 0.07-1.00 ms at both -45 mV
and 0 mV to control for the extent of activation. Inactivation is the maximum open probability
ratio at -20 mV for 10 ms following two conditions: 1) -90 mV at steady state, 1000 ms at 40
mV, -90 mV for 10 ms 2) hold at -90 mV.

(TIF)

Acknowledgments

The authors would like to acknowledge Michael Southworth for programming guidance.

Author Contributions

Conceptualization: Kathryn E. Mangold, Jonathan R. Silva.

Data curation: Kathryn E. Mangold, Wei Wang, Eric K. Johnson.
Formal analysis: Kathryn E. Mangold, Druv Bhagavan, Jonathan R. Silva.
Funding acquisition: Jeanne M. Nerbonne, Jonathan R. Silva.
Methodology: Kathryn E. Mangold, Jonathan R. Silva.

Project administration: Kathryn E. Mangold, Jonathan R. Silva.
Resources: Kathryn E. Mangold, Jeanne M. Nerbonne, Jonathan R. Silva.
Software: Kathryn E. Mangold.

Supervision: Kathryn E. Mangold, Jeanne M. Nerbonne, Jonathan R. Silva.
Validation: Kathryn E. Mangold, Druv Bhagavan, Jonathan D. Moreno.
Visualization: Kathryn E. Mangold, Druv Bhagavan.

Writing - original draft: Kathryn E. Mangold, Jonathan R. Silva.

Writing - review & editing: Kathryn E. Mangold, Jonathan D. Moreno, Jeanne M. Nerbonne,
Jonathan R. Silva.

References

1. Gurkiewicz M, Korngreen A. A numerical approach to ion channel modelling using whole-cell voltage-
clamp recordings and a genetic algorithm. PLoS Comput Biol. 2007; 3. https://doi.org/10.1371/journal.
pcbi.0030169 PMID: 17784781

2. Rudy, Silva JR. Computational biology in the study of cardiac ion channels and cell electrophysiology.
Q Rev Biophys. 2006; 39: 57—116. https://doi.org/10.1017/S0033583506004227 PMID: 16848931

3. SilvaJR, Cooper P, Nichols CG. Modeling K, ATP-dependent excitability in pancreatic islets. Biophys J.
2014; 107: 2016—2026. https://doi.org/10.1016/j.bpj.2014.09.037 PMID: 25418087

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008932  August 16, 2021 23/26


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008932.s012
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008932.s013
https://doi.org/10.1371/journal.pcbi.0030169
https://doi.org/10.1371/journal.pcbi.0030169
http://www.ncbi.nlm.nih.gov/pubmed/17784781
https://doi.org/10.1017/S0033583506004227
http://www.ncbi.nlm.nih.gov/pubmed/16848931
https://doi.org/10.1016/j.bpj.2014.09.037
http://www.ncbi.nlm.nih.gov/pubmed/25418087
https://doi.org/10.1371/journal.pcbi.1008932

PLOS COMPUTATIONAL BIOLOGY Structures for lon Channel Kinetic Models

4. Giugliano M, Bove M, Grattarola M. Insulin release at the molecular level: Metabolic-electrophysiologi-
cal modeling of the pancreatic beta-cells. IEEE Trans Biomed Eng. 2000; 47: 611-623. https://doi.org/
10.1109/10.841333 PMID: 10851805

5. Linaro D, Giugliano M. Markov Models of lon Channels BT—Encyclopedia of Computational Neurosci-
ence. In: Jaeger D, Jung R, editors. New York, NY: Springer New York; 2015. pp. 1649-1660. https:/
doi.org/10.1007/978-1-4614-6675-8_131

6. Pathmanathan P, Gray RA. Validation and Trustworthiness of Multiscale Models of Cardiac Electro-
physiology. Front Physiol. 2018; 9: 106. https://doi.org/10.3389/fphys.2018.00106 PMID: 29497385

7. ChaCY, Santos E, Amano A, Shimayoshi T, Noma A. Time-dependent changes in membrane excitabil-
ity during glucose-induced bursting activity in pancreatic B cells. J Gen Physiol. 2011; 138: 39—-47.
https://doi.org/10.1085/jgp.201110612 PMID: 21708954

8. LuoC, Rudy Y. A dynamic model of the cardiac ventricular action potential. |. Simulations of ionic cur-
rents and concentration changes. Circ Res. 1994; 74: 1071-1096. https://doi.org/10.1161/01.res.74.6.
1071 PMID: 7514509

9. Benndorf K. Patch clamp analysis of recovery of sodium channels from inactivation in mammalian myo-
cardium in terms of a Markovian state model. Biomed Biochim Acta. 1989; 48: 287-302. PMID:
2546540

10. Vandenberg CA, Bezanilla F. A sodium channel gating model based on single channel, macroscopic
ionic, and gating currents in the squid giant axon. Biophys J. 1991; 60: 1511-1533. https://doi.org/10.
1016/S0006-3495(91)82186-5 PMID: 1663796

11. Irvine LA, Saleet Jafri M, Winslow RL. Cardiac Sodium Channel Markov Model with Temperature
Dependence and Recovery from Inactivation. Biophys J. 1999; 76: 1868—1885. https://doi.org/10.1016/
s0006-3495(99)77346-7 PMID: 10096885

12. Patlak J. Molecular kinetics of voltage-dependent Na+ channels. Physiol Rev. 1991; 71: 1047-1080.
https://doi.org/10.1152/physrev.1991.71.4.1047 PMID: 1656476

13. Zagotta WN, Hoshi T, Aldrich RW. Shaker potassium channel gating. Ill: Evaluation of kinetic models
for activation. J Gen Physiol. 1994; 103: 321-362. https://doi.org/10.1085/jgp.103.2.321 PMID:
8189208

14. Moreno JD, Yang P-C, Bankston JR, Grandi E, Bers DM, Kass RS, et al. Ranolazine for Congenital and
Acquired Late INa Linked Arrhythmias. Circ Res. 2013; 113: €50 LP—e61. https://doi.org/10.1161/
CIRCRESAHA.113.301971 PMID: 23897695

15. Clancy CE, Rudy Y. Linking a genetic defect to its cellular phenotype in a cardiac arrhythmia. Nature.
1999; 400: 566—-569. https://doi.org/10.1038/23034 PMID: 10448858

16. MenonV, Spruston N, Kath WL. A state-mutating genetic algorithm to design ion-channel models. Proc
Natl Acad Sci. 2009; 106: 16829—16834. https://doi.org/10.1073/pnas.0903766106 PMID: 19805381

17. WangW, Xiao F, Zeng X, Yao J, Yuchi M, Ding J. Optimal Estimation of lon-Channel Kinetics from Mac-
roscopic Currents. PLoS One. 2012; 7: €35208. https://doi.org/10.1371/journal.pone.0035208 PMID:
22536358

18. Milescu LS, Akk G, Sachs F. Maximum Likelihood Estimation of lon Channel Kinetics from Macroscopic
Currents. Biophys J. 2005; 88: 2494-2515. https://doi.org/10.1529/biophysj.104.053256 PMID:
15681642

19. Milescu LS, Yamanishi T, Ptak K, Mogri MZ, Smith JC. Real-time kinetic modeling of voltage-gated ion
channels using dynamic clamp. Biophys J. 2008/03/28. 2008; 95: 66—87. https://doi.org/10.1529/
biophysj.107.118190 PMID: 18375511

20. TeedZR, Silva JR. A computationally efficient algorithm for fitting ion channel parameters. MethodsX.
2016; 3: 577-588. https://doi.org/10.1016/j.mex.2016.11.001 PMID: 27924282

21. Nicolai C, Sachs F. Solving ion channel kinetics with the QuB software. Biophys Rev Lett. 2013; 8: 191—
211.

22. Salari A, Navarro MA, Milescu LS. Modeling the kinetic mechanisms of voltage-gated ion channels.
Advanced Patch-Clamp Analysis for Neuroscientists. Springer; 2016. pp. 267—-304.

23. Fink M, Noble D. Markov models for ion channels: versatility versus identifiability and speed. Philos
Trans R Soc A Math Phys Eng Sci. 2009; 367: 2161-2179. https://doi.org/10.1098/rsta.2008.0301
PMID: 19414451

24. Whittaker DG, Clerx M, Lei CL, Christini DJ, Mirams GR. Calibration of ionic and cellular cardiac electro-
physiology models. WIREs Syst Biol Med. 2020;n/a: e1482. https://doi.org/10.1002/wsbm.1482 PMID:
32084308

25. Kienker P. Equivalence of aggregated Markov models of ion-channel gating. Proc R Soc London B Biol
Sci. 1989; 236: 269-309. https://doi.org/10.1098/rspb.1989.0024 PMID: 2471201

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008932  August 16, 2021 24/26


https://doi.org/10.1109/10.841333
https://doi.org/10.1109/10.841333
http://www.ncbi.nlm.nih.gov/pubmed/10851805
https://doi.org/10.1007/978-1-4614-6675-8%5F131
https://doi.org/10.1007/978-1-4614-6675-8%5F131
https://doi.org/10.3389/fphys.2018.00106
http://www.ncbi.nlm.nih.gov/pubmed/29497385
https://doi.org/10.1085/jgp.201110612
http://www.ncbi.nlm.nih.gov/pubmed/21708954
https://doi.org/10.1161/01.res.74.6.1071
https://doi.org/10.1161/01.res.74.6.1071
http://www.ncbi.nlm.nih.gov/pubmed/7514509
http://www.ncbi.nlm.nih.gov/pubmed/2546540
https://doi.org/10.1016/S0006-3495%2891%2982186-5
https://doi.org/10.1016/S0006-3495%2891%2982186-5
http://www.ncbi.nlm.nih.gov/pubmed/1663796
https://doi.org/10.1016/s0006-3495%2899%2977346-7
https://doi.org/10.1016/s0006-3495%2899%2977346-7
http://www.ncbi.nlm.nih.gov/pubmed/10096885
https://doi.org/10.1152/physrev.1991.71.4.1047
http://www.ncbi.nlm.nih.gov/pubmed/1656476
https://doi.org/10.1085/jgp.103.2.321
http://www.ncbi.nlm.nih.gov/pubmed/8189208
https://doi.org/10.1161/CIRCRESAHA.113.301971
https://doi.org/10.1161/CIRCRESAHA.113.301971
http://www.ncbi.nlm.nih.gov/pubmed/23897695
https://doi.org/10.1038/23034
http://www.ncbi.nlm.nih.gov/pubmed/10448858
https://doi.org/10.1073/pnas.0903766106
http://www.ncbi.nlm.nih.gov/pubmed/19805381
https://doi.org/10.1371/journal.pone.0035208
http://www.ncbi.nlm.nih.gov/pubmed/22536358
https://doi.org/10.1529/biophysj.104.053256
http://www.ncbi.nlm.nih.gov/pubmed/15681642
https://doi.org/10.1529/biophysj.107.118190
https://doi.org/10.1529/biophysj.107.118190
http://www.ncbi.nlm.nih.gov/pubmed/18375511
https://doi.org/10.1016/j.mex.2016.11.001
http://www.ncbi.nlm.nih.gov/pubmed/27924282
https://doi.org/10.1098/rsta.2008.0301
http://www.ncbi.nlm.nih.gov/pubmed/19414451
https://doi.org/10.1002/wsbm.1482
http://www.ncbi.nlm.nih.gov/pubmed/32084308
https://doi.org/10.1098/rspb.1989.0024
http://www.ncbi.nlm.nih.gov/pubmed/2471201
https://doi.org/10.1371/journal.pcbi.1008932

PLOS COMPUTATIONAL BIOLOGY Structures for lon Channel Kinetic Models

26. Siekmann |, Sneyd J, Crampin EJ. MCMC Can Detect Nonidentifiable Models. Biophys J. 2012; 103:
2275-2286. https://doi.org/10.1016/].bpj.2012.10.024 PMID: 23283226

27. BrunoWJ, Yang J, Pearson JE. Using independent open-to-closed transitions to simplify aggregated
Markov models of ion channel gating kinetics. Proc Natl Acad Sci U S A. 2005; 102: 6326 LP—6331.
https://doi.org/10.1073/pnas.0409110102 PMID: 15843461

28. Clerx M, Beattie KA, Gavaghan DJ, Mirams GR. Four ways to fit an ion channel model. Biophys J.
2019. https://doi.org/10.1016/j.bpj.2019.08.001 PMID: 31493859

29. Krogh-Madsen Trine DJC. Modeling and Simulating Cardiac Electrical Activity. Biophysical Society;
2020.

30. Moreno; Zhu Wandi; Kathryn Mangold; Chung Woenho; Silva JR. A molecularly detailed Nav1.5 model
reveals a new class | antiarrhythmic target. JACC Basic to Transl Sci. 2019; 4: 736—751. https://doi.org/
10.1016/j.jacbts.2019.06.002 PMID: 31709321

31. Moreno JD, Lewis TJ, Clancy CE. Parameterization for in-silico modeling of ion channel interactions
with drugs. PLoS One. 2016; 11: e0150761. https://doi.org/10.1371/journal.pone.0150761 PMID:
26963710

32. Osteen D, Gonzalez C, Sampson KJ, lyer V, Rebolledo S, Larsson HP, et al. KCNE1 alters the voltage
sensor movements necessary to open the KCNQ1 channel gate. Proc Natl Acad Sci U S A. 2010/12/
13.2010; 107: 22710-22715. https://doi.org/10.1073/pnas.1016300108 PMID: 21149716

33. Colatsky T, Fermini B, Gintant G, Pierson JB, Sager P, Sekino Y, et al. The Comprehensive in Vitro
Proarrhythmia Assay (CiPA) initiative—Update on progress. J Pharmacol Toxicol Methods. 2016; 81:
15-20. https://doi.org/10.1016/j.vascn.2016.06.002 PMID: 27282641

34. Hodgkin AL, Huxley AF. A quantitative description of membrane current and its application to conduc-
tion and excitation in nerve. J Physiol. 1952; 117: 500-544. https://doi.org/10.1113/jphysiol.1952.
sp004764 PMID: 12991237

35. Sloane NJA. A Handbook of Integer Sequences. Academic Press; 1973.
36. Harary F, Palmer EM. Graphical Enumeration. Acad Press. 1973.

37. McKay BD, Piperno A. Practical graph isomorphism, Il. J Symb Comput. 2014; 60: 94—112. https://doi.
org/10.1016/}.jsc.2013.09.003

38. Galick A. Method for uncovering hidden Markov models. Google Patents; 2011.

39. Jensen MO, Jogini V, Borhani DW, Leffler AE, Dror RO, Shaw DE. Mechanism of voltage gating in
potassium channels. Science. 2012; 336: 229-233. https://doi.org/10.1126/science.1216533 PMID:
22499946

40. HsuEJ, ZhuW, Schubert AR, Voelker T, Varga Z, Silva JR. Regulation of Na+ channel inactivation by
the DIIl and DIV voltage-sensing domains. J Gen Physiol. 2017. https://doi.org/10.1085/jgp.201611678
PMID: 28232510

41. Mangold KE, Brumback BD, Angsutararux P, Voelker TL, Zhu W, Kang PW, et al. Mechanisms and
models of cardiac sodium channel inactivation. Channels. 2017; 11: 517-533. https://doi.org/10.1080/
19336950.2017.1369637 PMID: 28837385

42. Niwa N, Nerbonne JM. Molecular determinants of cardiac transient outward potassium current (Ito)
expression and regulation. J Mol Cell Cardiol. 2010; 48: 12—25. https://doi.org/10.1016/j.yjmcc.2009.07.
013 PMID: 19619557

43. Azizi N, Zolfaghari S. Adaptive temperature control for simulated annealing: a comparative study. Com-
put Oper Res. 2004; 31: 2439-2451. https://doi.org/10.1016/S0305-0548(03)00197-7

44. Joe S, Kuo FY. Constructing Sobol Sequences with Better Two-Dimensional Projections. SIAM J Sci
Comput. 2008; 30: 2635—2654. https://doi.org/10.1137/070709359

45. Hawkins DM. The Problem of Overfitting. J Chem Inf Comput Sci. 2004; 44: 1-12. https://doi.org/10.
1021/ci0342472 PMID: 14741005

46. Prechelt L. Early stopping-but when? Neural Networks: Tricks of the trade. Springer; 1998. pp. 55—69.
https://doi.org/10.1016/s0893-6080(98)00010-0 PMID: 12662814

47. Shampine LF, Gear CW. A User’s View of Solving Stiff Ordinary Differential Equations. SIAM Rev.
1979; 21: 1-17. https://doi.org/10.1137/1021001

48. Shampine LF. lll-conditioned matrices and the integration of stiff ODEs. J Comput Appl Math. 1993; 48:
279-292. https://doi.org/10.1016/0377-0427(93)90025-7

49. LiuC-S, Chang C-W. Novel methods for solving severely ill-posed linear equations system. J Mar Sci
Tech. 2009; 17: 216-227.

50. Tomek J, Bueno-Orovio A, Passini E, Zhou X, Minchole A, Britton O, et al. Development, calibration,
and validation of a novel human ventricular myocyte model in health, disease, and drug block. Elife.
2019; 8: e48890. https://doi.org/10.7554/eL.ife.48890 PMID: 31868580

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008932  August 16, 2021 25/26


https://doi.org/10.1016/j.bpj.2012.10.024
http://www.ncbi.nlm.nih.gov/pubmed/23283226
https://doi.org/10.1073/pnas.0409110102
http://www.ncbi.nlm.nih.gov/pubmed/15843461
https://doi.org/10.1016/j.bpj.2019.08.001
http://www.ncbi.nlm.nih.gov/pubmed/31493859
https://doi.org/10.1016/j.jacbts.2019.06.002
https://doi.org/10.1016/j.jacbts.2019.06.002
http://www.ncbi.nlm.nih.gov/pubmed/31709321
https://doi.org/10.1371/journal.pone.0150761
http://www.ncbi.nlm.nih.gov/pubmed/26963710
https://doi.org/10.1073/pnas.1016300108
http://www.ncbi.nlm.nih.gov/pubmed/21149716
https://doi.org/10.1016/j.vascn.2016.06.002
http://www.ncbi.nlm.nih.gov/pubmed/27282641
https://doi.org/10.1113/jphysiol.1952.sp004764
https://doi.org/10.1113/jphysiol.1952.sp004764
http://www.ncbi.nlm.nih.gov/pubmed/12991237
https://doi.org/10.1016/j.jsc.2013.09.003
https://doi.org/10.1016/j.jsc.2013.09.003
https://doi.org/10.1126/science.1216533
http://www.ncbi.nlm.nih.gov/pubmed/22499946
https://doi.org/10.1085/jgp.201611678
http://www.ncbi.nlm.nih.gov/pubmed/28232510
https://doi.org/10.1080/19336950.2017.1369637
https://doi.org/10.1080/19336950.2017.1369637
http://www.ncbi.nlm.nih.gov/pubmed/28837385
https://doi.org/10.1016/j.yjmcc.2009.07.013
https://doi.org/10.1016/j.yjmcc.2009.07.013
http://www.ncbi.nlm.nih.gov/pubmed/19619557
https://doi.org/10.1016/S0305-0548(03)00197-7
https://doi.org/10.1137/070709359
https://doi.org/10.1021/ci0342472
https://doi.org/10.1021/ci0342472
http://www.ncbi.nlm.nih.gov/pubmed/14741005
https://doi.org/10.1016/s0893-6080%2898%2900010-0
http://www.ncbi.nlm.nih.gov/pubmed/12662814
https://doi.org/10.1137/1021001
https://doi.org/10.1016/0377-0427(93)90025-7
https://doi.org/10.7554/eLife.48890
http://www.ncbi.nlm.nih.gov/pubmed/31868580
https://doi.org/10.1371/journal.pcbi.1008932

PLOS COMPUTATIONAL BIOLOGY Structures for lon Channel Kinetic Models

51. Antzelevitch C. The Brugada syndrome: ionic basis and arrhythmia mechanisms. J Cardiovasc Electro-
physiol. 2001; 12: 268—272. https://doi.org/10.1046/j.1540-8167.2001.00268.x PMID: 11232628

52. ten Tusscher KHWJ, Panfilov A V. Alternans and spiral breakup in a human ventricular tissue model.
Am J Physiol Heart Circ Physiol. 2006; 291: H1088-100. https://doi.org/10.1152/ajpheart.00109.2006
PMID: 16565318

53. Rivoltal, Abriel H, Tateyama M, Liu H, Memmi M, Vardas P, et al. Inherited Brugada and Long QT-3
Syndrome Mutations of a Single Residue of the Cardiac Sodium Channel Confer Distinct Channel and
Clinical Phenotypes. J Biol Chem. 2001; 276: 30623—-30630. https://doi.org/10.1074/jbc.M104471200
PMID: 11410597

54. LiuH, Tateyama M, Clancy CE, Abriel H, Kass RS. Channel openings are necessary but not sufficient
for use-dependent block of cardiac Na(+) channels by flecainide: evidence from the analysis of disease-
linked mutations. J Gen Physiol. 2002; 120: 39-51. https://doi.org/10.1085/jgp.20028558 PMID:
12084774

55. Moreno JD, Zhu ZI, Yang P-C, Bankston JR, Jeng M-T, Kang C, et al. A computational model to predict
the effects of class | anti-arrhythmic drugs on ventricular rhythms. Sci Transl Med. 2011; 3: 98ra83—
98ra83. https://doi.org/10.1126/scitransimed.3002588 PMID: 21885405

56. Mangold K, Silva JR. Modeling the molecular details of ion channels. Modeling and Simulating Cardiac
Electrical Activity. IOP Publishing; 2020. pp. 2—19. https://doi.org/10.1088/978-0-7503-2064-1ch2

57. LeiCL, Clerx M, Gavaghan DJ, Polonchuk L, Mirams GR, Wang K. Rapid Characterization of hLERG
Channel Kinetics I: Using an Automated High-Throughput System. Biophys J. 2019; 117: 2438-2454.
https://doi.org/10.1016/j.bpj.2019.07.029 PMID: 31447109

58. Ingber L. Adaptive simulated annealing (ASA). Glob Optim C-code, Caltech Alumni Assoc Pasadena,
CA. 1993.

59. Qin AK, Huang VL, Suganthan PN. Differential evolution algorithm with strategy adaptation for global
numerical optimization. IEEE Trans Evol Comput. 2008; 13: 398—417.

60. JEK.,SSJ.,WeiW,DEJ, YanZ, KE M, et al. Differential Expression and Remodeling of Transient
Outward Potassium Currents in Human Left Ventricles. Circ Arrhythmia Electrophysiol. 2018; 11:
e€005914. https://doi.org/10.1161/CIRCEP.117.005914 PMID: 29311162

61. Hille B. lon channels of excitable membranes. 3rd ed. Sunderland (Mass.): Sinauer associates; 2001.

62. LeeS-Y, Lee KG. Synchronous and asynchronous parallel simulated annealing with multiple Markov
chains. IEEE Trans Parallel Distrib Syst. 1996; 7: 993—1008. https://doi.org/10.1109/71.539732

63. Leverd, Krzywinski M, Altman N. Points of significance: model selection and overfitting. Nature Pub-
lishing Group; 2016.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008932  August 16, 2021 26/26


https://doi.org/10.1046/j.1540-8167.2001.00268.x
http://www.ncbi.nlm.nih.gov/pubmed/11232628
https://doi.org/10.1152/ajpheart.00109.2006
http://www.ncbi.nlm.nih.gov/pubmed/16565318
https://doi.org/10.1074/jbc.M104471200
http://www.ncbi.nlm.nih.gov/pubmed/11410597
https://doi.org/10.1085/jgp.20028558
http://www.ncbi.nlm.nih.gov/pubmed/12084774
https://doi.org/10.1126/scitranslmed.3002588
http://www.ncbi.nlm.nih.gov/pubmed/21885405
https://doi.org/10.1088/978-0-7503-2064-1ch2
https://doi.org/10.1016/j.bpj.2019.07.029
http://www.ncbi.nlm.nih.gov/pubmed/31447109
https://doi.org/10.1161/CIRCEP.117.005914
http://www.ncbi.nlm.nih.gov/pubmed/29311162
https://doi.org/10.1109/71.539732
https://doi.org/10.1371/journal.pcbi.1008932

