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Section 1

Structure
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Figure S1. Schematic of KCNQI1 and KCNE1 segments. The cylinders represent a-
helices and the grey lines represent disordered protein segments that are not
part of the structural model. The starting model of IKs is built based on this

schema. N, C indicate the N- and C-terminus, respectively.

* Note that in this figure and other figures of the supplement, symbols and

corresponding structural elements are color-coded.



Kv channels (voltage gated potassium ion-channels) assemble as a
tetrameric structure. In the case of IKs, each of the four identical pore forming
subunits (a subunits, KCNQ1) contain six transmembrane segments (S1-S6).
Respectively, segments S1-S4 and S5-Sé6 constitute the VSD (Voltage Sensor
Domain) and PD (Pore Domain). The P-loop in the PD features a selectivity filter
that determines which cations pass through the pore. Accessory subunits (e.g.
KCNET1, Calmodulin) modulate the function of the protein; these subunits bind
and interact with different parts of the a subunits. The N-terminus of KCNQ1 (1-
120 residues) and the 100 residue long linker between HelixA&B (HelixA and
HelixB) are not modelled since experimental data suggest that they are
disordered(1, 2). All other components of the IKs model are built using published
structural data from experiments. In this paper, IKs refers to a Kv7.1
homogeneous pore forming tetframer with two KCNET subunits, positioned as

shown in the top view
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Figure $2. Homology model of KCNQ1 (homologous to Kv1.2/2.1) docked with
NMR determined KCNE1 structure. (A) Sequence alignment of KCNQ
fransmembrane domain with Kv1.2 (RSCB: 3LUT) and Kv1.2/2.1 (RSCB: 3LNM). $4
and S6 segments are highlighted, to correspond with panel B. (B) The resultant
model of fransmembrane KCNQI-KCNET is shown, with important segments and
charged residues that play a vital role in gating highlighted. Note that long
linkers (S2-S3 and SF-S6) are not shown to provide better figure clarity. (L, S4-S5

linker; SF, selectivity filter; KCNQI, a-subunit of IKs; KCNE1, B-subunit of IKs)

Experimental structural data for KCNQ1 were not available at the

inception of this project. Therefore, we applied homology modelling using Kv1.2



crystal structure data (3-5) to build the KCNQT transmembrane domain
(previously published (6, 7)). Furthermore, Kv1.2/2.1 chimera crystal structure (8)
was utilized to remedy any poor resolution segments of the Kv1.2 crystal
structure and also fill in gaps of the aligned sequence (Figure S2A). This
information along with attributes from previously published computational
models (9) were incorporated in building the homology model of the KCNQI1
pore forming tetramer. The structure was further optimized using the Rosetta
software (connecting loops and linkers) (10). Many conformations similar to the
recently published experimental KCNQT structure (11) were sampled in the

constructed IKs structure library (details in Section 2 and Figure S11).

The KCNET transmembrane helix is important for the functional modulation
of the KCNQ1 tetramer. It is responsible for slowed activation and increased
magnitude of current (12). Human KCNET structure has been determined using
NMR (13-16). Many experimentally determined KCNQ1-KCNET1 interaction sites
and structural models of KCNET docking have been published (3, 5). Rosetta
FlexPepDock refinement protocol was used to further optimize the
tfransmembrane interface between KCNQ1 and KCNET1 (17). Recently published

KCNQT1/KCNET docking data show consistent results (18).



KCNE1

Figure $3. Incorporating CaM interactions with IKs. The resultant structure after
stitching together the fransmembrane IKs complex and the crystal structure of
HelixA&B is shown. The latter is bound to CaM with two Ca?* jons (dashed box)

(19). (CaM, Apo-calmodulin; Ca?*, calcium ions; HelixA&B, HelixA and HelixB)

Calmodulin is essential for channel assembly and gating; it mediates Caz*
sensitive modulation of the IKs ion-channel (20-22). Mutations in calmodulin can
disrupt current and the current-voltage relationship. Note that calmodulin in this
section refers to Apo-calmodulin (a variant bound to 2 as opposed to 4 Ca?+
ions; CaM). This is the only calmodulin variant for which experimentally-
determined structure was available, in the context of IKs ion-channels, when the

protein structure was constructed.



Rosetta was used to minimize steric clashes of side-chains and extend S6
to HelixA using secondary-structure predictions of Sé6-HelixA amino acid
sequence by the DSSP algorithm (23, 24). The latter is consistent with the ridged-
lever arm attached to CaM near the proximal membrane region, as suggested
by small-angle X-ray scattering data (19). Experimental observations also
suggest that each HelixA and HelixB (HelixA&B) of individual KCNQ1 segment
binds to CaM. Thus the complete IKs ion-channel model has a CaM bound to

each KCNQ1 segment (4 KCNQ1: 4 CaM).
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Figure $4. Rosetta docked model of HelixC&D. HelixD tetramer of the docked
model shows convergence to the published crystal structure. HelixC&D is
connected fo the HelixA&B model bound to CaM by a ten residue linker (built

using Rosetta). (CaM, Apo-calmodulin; HelixA&B, HelixA and HelixB; HelixC&D,

HelixC and HelixD)

HelixC and HelixD (HelixC&D) secondary structure and interactions
between these segments in the KCNQ1 teframer have been investigated using

experimental techniques such as CD spectroscopy and crystallography(1, 2, 25).
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Using this information with the Rosetta module (26), HelixC&D segments of the
KCNQI1 tetramer were docked and minimized for steric clashes. The resulting
simulated HelixD tetramer shows convergence with its resolved crystal structure
(2); RMSD comparison between the backbone atoms of the model and crystal
structure is less than 0.13 A. The linker between HelixC&D and HelixA&B of each
segment is built using Rosetta to complete the C-terminus of the KCNQ1

tfetframer.

12
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Figure $5. Side view of KCNQT-KCNET interaction sites. KCNE]T cytoplasmic
interactions with HelixC dimer-of-dimers is resolved using Rosetta. The position of
the cytoplasmic KCNET helix is adjusted to remove steric clashes and the linkers
between KCNET C-terminus tail, KCNET cytoplasmic helix and KCNE]
fransmembrane helix are built using Rosetta. Dashed-boxes and arrows
represent interaction interfaces between KCNQ1 and KNCET in the cytoplasmic

region.

Rate dependent facilitation of IKs depends on the KCNE1 C-terminal

interactions with KCNQ1 C-terminus (27). Mutations in the C-terminus region of

13



KCNET can produce defective rate dependence and thus cause arrhythmias
(27). KCNE1 NMR data show a secondary helical segment, which is most likely in
the cytoplasm (14, 15). Additionally, experiments have shown the C-terminal
segment of KCNET1 interacts with the KCNQ1 HelixC coiled coil (1). This
interaction is at the interface between two KCNQ1 segments and was resolved
using the Rosetta module (17, 28). The linkers between the KCNET1 helical
segments and C-terminal interaction site are also built using Rosetta. The KCNET

cytoplasmic helix is adjusted to remove steric clashes (against S6-HelixA).

The IKs tetramer structure was minimized using MODELLER (29) (10,000
steps, interaction energy is minimized). Although the stoichiomeftry of
KCNQT1:KCNET1 ratio is controversial, the expression levels in cardiac myocytes
suggest at least a 4:2 ratio (30-34). Thus, two KCNE1 B-subunits were docked to

the KCNQ1 tetramer (on opposite KCNQ1 subunit clefts).

14
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Figure S6. The complete structural model of IKs. Side, Top and Bottom views
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Section 2

Methodology
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hnﬂoducﬁon

It is extremely challenging to computationally simulate the dynamics of large
profeins such as ion-channels, in the milliseconds to seconds timescale that is
necessary to study their physiological function, e.g. channel gating. The entire space
of frajectories of protein conformational changes needs to be assessed in order to
meaningfully understand the relationship between structure and physiological
function. To achieve this, all possible conformations of the protein need to be
constructed. This is an impossible task with a large protein such as the IKs ion-channel;
the backbone of each amino acid has two rotational degrees of freedom (phi, psi)
and its respective side chains include additional degrees of freedom. Even with a
simplified structure, the IKs ion-channel has a total of 4836 degrees of freedom (2418
residues, without including sidechain degrees of freedom). When assessed with a
coarse grain grid (phi and psi range [-180°, 180°], step 10°), this results in 12964836
possible conformations during dynamics. Even if this computation were possible, the
stratagem of using a coarse grid would reduce the structural resolution of the model
and result in invalid physiological interpretations. Thus, a more economical approach is
required to generate a library of conformations in a fine-grain grid and to estimate the
respective structural energy for simulating dynamics. The outline for the approach
developed and used in this study is detailed in Figure S7; the following sections provide

the relevant details.

17



2.1: Sampling the IKs Gating Conformational Space and Energy Calculations

Generating a library of conformations for simulating ion-channel gating

From Experimental data, it is known that during gating (dynamics of the ion-
channel in response to changes in membrane voltage (Vm)) the voltage sensor (VS, S4
transmembrane helix with positively charged residues) moves along with the $4-S5
linker (S4S5L), resulting in conformational changes of the pore (35-40). During
membrane depolarization, VS moves upward (outward) towards the extracellular
domain; it moves down (inward) during repolarization (Figure S8). This movement of VS

can be characterized with 6 degrees of freedom (Figure S9).

In order to build a library of conformations that best represent the structural
changes of the ion-channel during gating, VS of each segment in the KCNQ1 teframer
(Figure 1 in main text) was perturbed (translation and rotation with a resolution of 0.25A
and 0.1rad, respectively) in the dimensions shown in Figure S9. Experimental constraints
(3, 41-48) were checked to ensure that the VS conformational change is
physiologically possible. Next, the broken linkers between S3-S4 and S4-S5 were rebuilt
(with Rosetta (49); the S4S5L is allowed to move within 0.25A and 0.1rad) to
accommodate this change in the VS conformation. Any steric clashes were
eliminated and total energy of the protein was minimized (MODELLER (29); the
backbone atoms of the VS were constrained to the new position). A representative

schema of the aforementioned process is shown in Figure S10.
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The electrostatic energy of the protein was calculated using Adaptive Poisson-
Boltzmann Solver (APBS, APBSmem (50-54) ) for different V. The membrane thickness

was assumed to be 30A (including 4A ester headgroup of the lipid) and the dielectric

of the protein, membrane, lipid headgroup and water used to calculate the energy
was 2, 2, 80 and 80, respectively. Since the total energy of the protein has been
minimized, only the electrostatic energy component of the total energy changes in
response to changing Vm. The 3D coordinates of the protein structure and its
electrostatic energy are tabulated at the end of each VS conformational change for

different Vm.

To ensure that the conformational space of VS was searched effectively and
efficiently, a rapidly-exploring tree algorithm is used (55-59). At each iteration, a new
conformation is sampled at random and if this conformation meets the experimental
constraints, a node is attached to the tree and the process continues. The probability
that a node will be chosen for expansion depends on the volume of the unexplored
region in the proximity of the node and consequently the tree will rapidly grow in
unexplored regions of the conformational space. Assumptions used while building the
library include: the backbone of secondary structures of the protein (helices and beta
sheets) are considered to be rigid. Membrane and water/ions are considered implicit

during energy calculations.

Previous papers have reported conformational libraries of the KCNQ1 tetramer

(6, 7, 60). However, this library is unique in that it does not assume

19



(1) Movement of the 4 VS in the tetramer is symmetric,

(2) S3 and S4 move together (“paddle motion” (61, 62))

(3) Immobility of “static” segments (other than S3-S4, S4S5L and Sé; both
backbone and side chain)

(4) Mechanical coupling between VS and Sé via S4S5L - i.e. higher Z position of
S4 results in wider pore.

(5) Allosteric gating mechanism - i.e. all 4 VS segments have to be in a relatively

high Z position in order for the pore to open (“cooperativity”).

Additionally, this library includes the complete structure of IKs, modelled with the
available experimental data (refer to Supplement Section 1). The structure was not
constrained with any non-physiological parameters e.g. application of extremely high
Vm. Furthermore, the degrees of freedom of the entire structure were not limited or

reduced and were allowed to change in response to the perturbed VS conformation.

Note that the ‘pore diameter’ is measured as the minimum distance between
side-chain residues at the activation gate of the pore (63). Although the IKs pore does
not have the ‘PVP’ (proline-valine-proline) kink in the Sé6 segment like Kv1.2, it does
have a ‘PAG’ (proline-alanine-glycine) motif that results in a gradual bend.
Nevertheless, the activation gate is assumed to be in the same region of Sé (below the

cavity, in the interface between the membrane and cytoplasmic region).

The library of conformations were built before the recent KCNQT1 cryo-electron

microscope (cryo-EM) experimental data (RSCB: 5VMS, (11)) was made available.

20



Therefore, this new structural data served to validate the extensive de novo sampling
by our structure library of the IKs conformational space. The library samples many
conformations similar to the cryo-EM structure (chain A, transmembrane segment) and
one such conformation with the smallest small root-mean-squared error (RMSE;
comparing backbone atoms) to SVMS is shown in Figure S11. The largest backbone
fluctuations occur at linker positions and the S1, S2, S5, P-loop and SF show very small
fluctuations. Thus, the library is able to sample all possible conformations of the IKs

gating space, including a possible (experimentally determined) KCNQ1 conformation.

21
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Figure $7. A flow chart for simulating protein dynamics.



60mV

-80mV

N-terminus N-terminus

Figure $8. A cartoon representing the upward/outward motion of VS (84) during
depolarization. The VS moves towards the extracellular side of the membrane in the Z-
direction (perpendicular to the membrane) with some rotation. The S4S5L and Sé also

move to accommodate this change. (VS, Voltage Sensor; S4S5L, S4-S5 linker)

23



Range of Movement

Y
[-10,10] A

Resolution

Rotation

0.1rad

Figure $9. Degrees of freedom of Voltage Sensor (VS). The VS is translated and rotated
in X, Y, Zand pitch, roll and twist dimensions. The translation and rotation resolution is
0.254 and 0.1rad, respectively. Positively charged arginine residues are identified

(purple). (VS, Voltage Sensor (S4))
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S4S5L ' ¢4
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between $3-54
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Figure S10. Perturbing VS (84) and rebuilding structure. The figure shows a schema
going from the starting structure to the final minimized conformation. Steps include
perturbing VS, rebuilding broken linkers, removing steric clashes and minimizing the
fotal energy of the protein. Note that the VS arginine residues (R228, R231, R237, R243)
are marked as sticks to show rotation (refer to Figure S8). (VS, Voltage Sensor (S4);

S485L, $4-85 linker; KCNQ1, a-subunit of IKs; KCNE1, B-subunit of IKs)
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Cryo-EM KCNQ1
Structure (5VMS)

Library Structure

Figure S11. Comparison of 5VMS cryo-electron microscope KCNQ1 (chain A) structure
to a library conformation. The library conformation (118T-358K; pink) with the smallest
backbone root-mean-squared error of 0.92A aligned with 5VMS (108T-348K; black). The
SVMS transmembrane segments are labelled S1-S6. Note that long flexible linkers (S2-S3

and Ploop-S86) are omitted from this calculation.
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Energy calculations

The non-electrostatic energy components of the total protein energy were
calculated with NAMD Energy plugin (with VMD (64, 65)) and the electrostatic energy
was calculated using ABPSmem using CHARMM parameters (50, 52, 66) (at different
Vm). APBS (67) is a well-established and tested computation method to calculate
electrostatic energy of proteins as precisely as possible using implicit dielectrics.
Multiple levels of field focusing were considered in these calculations by iteratively
computing protein electrostatics with a coarse grid followed by similar calculations on
a finer grid with boundary conditions determined from the former (coarse) run. A set of
conformations are chosen randomly from the library and energy statistics (mean and
standard deviation) were calculated. More conformations from the library were
added iteratively to the latter set until the difference of consecutive calculation was
less than 1%. Energy components of the protein (of randomly chosen 571,775 unique
conformations from the library) show that the electrostatic energy contributes most to
the total protein energy (Figure S12). The energy difference of the aforementioned
conformation set at different Vi (-80mV and 60mV) show that the electrostatic energy
changes are large (Figure S13). Therefore, the electrostatic energy contributes most to
changes in protein energy that depend on Vm. In contrast, energy components other
than electrostatic energy do not change with Vi and contributed much less to the

total protein energy and thus are not utilized to calculate IKs gating dynamics.

Please note that henceforth all references to energy refer to the electrostatic

energy calculated using APBS, unless explicitly stated otherwise. Additionally, total

27



protein energy in this subsection was computed as the sum of conformational and
non-bonded energies (i.e. bond, angle, dihedral, improper, van der Waal, and APBS

electrostatic energies).

b
o
J

o
(o]
A

s
o
A

o
F=3
1

o
N
Il

Energy (Normalized)

0.0 - 7 I - — ——

To’tal I EI;ec Vc'iw Bo'nd Dihédral An'gle lmpr'oper
Figure S12. Energy components (normalized to total energy). Protein energy
calculated at 0OmV shows that the electrostatic energy contributes ~85.5% of total
energy of the protein. The bar plot shows the mean and standard deviation of 571,775
randomly chosen library conformations. NAMD Energy plugin (with VMD (64, 65)) was
used to calculate non-electrostatic energy components of IKs conformational energy.
APBSmem was used to calculate electrostatic energy. (Elec, electrostatic; Vdw, van

der Waals)
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Figure S13. Electrostatic Energy contributes over 75% to total protein energy even at
different membrane voltages. (A) Mean energy difference of protein structures at Vm
-80mV and 60mV. The data are normalized to the electrostatic energy difference and
relative ratios show that electrostatic energy contributes most to IKs conformational
energy changes that depend on Vm. (B) The relative ratios of electrostatic energy to
fotal energy at Vm of 0OmV, -80mV and 60mV. The electrostatic energy contribution is
shown to be dominant over a range of physiological Vm. Note that the library
structures used in this analysis were the same as in Figure S12. (Vm, membrane voltage;

Elec, electrostatic; Vdw, van der Waals)
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2.2: Application of Machine Learning for Constructing the Protein Energy

Landscape

Although the generated library of conformations is extensive and examines
many degrees of freedom, it does not contain all possible conformations required to
construct the ion-channel energy landscape during gating. A novel aspect of this
study is the prediction of structural energy using Machine Learning (ML) algorithm.
Using conformational features obtained from the protein 3D coordinates (tabulated
from the library; section 1), The ML algorithm can compute energy of structures outside
the library and thus enable the required extensive exploration of the energy

landscape.

Choosing features to train the ML Algorithm

The structural energy to be predicted depends on the placement of charged
atoms in the protein conformations. The majority of atoms position change occurs at
the VS and S4S5L segments of the tetramer (refer to Section 1). Position changes of
atoms in other segments are smaller (0.1-0.6A) and conftribute little to the change in
energy (except S6, HelixA and Calmodulin; but most of these segments are in the
cytoplasm and thus shielded from the transmembrane segments). Therefore, using the
6 dimensions of VS and S4S5L (48 dimensions in the tetramer) as features for training
the ML algorithm to predict energy was expected to be an effective strategy. The

same set of features was also suitable for training the ML algorithm to predict the
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diameter of the pore during a random walk, as changes in these features result in

altered pore conformations.

ML: The random forest algorithm

The random forest algorithm (68) is an estimator that fits varying branches of
decision trees with varying sub-samples of the fraining data. An extended tree
regression algorithm with 2500 trees (69, 70) was used to predict the structural energy
of a conformation given its VS and S4S5L features. To train and implement the ML, the
library was divided into training and testing sets with no overlaps. The ML is “trained”
recursively with the tfraining set and uses averaging to prevent over-fitting. When the
regression algorithm works, it will predict the energy of the test set of structures with

minimum error (Figure S14).

The features extracted from the structural library were pre-processed with
Principal Component Analysis (PCA; (71-73) and the energy values were scaled
between [-1, 1] to increase the accuracy of the ML. PCA showed that all 48 features of
the protein were important to completely represent the conformation. Also, 1.5 1o 3
million structures were required to train the ML to predict the energy with acceptable
accuracy (Figure S14.A). Using this tfechnique, the libraries of IKs structures were trained

with ML to predict their structural energy (Figure S14.B).

The MSE (Mean Squared Error) is calculated between the predicted and the
actual energy values (recorded in the library) for corresponding testing structures not

used to train the ML. The MSE decreases with increased size of the training set. The
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convergence ensures that the ML can predict the energy of structures outside the library
with acceptable accuracy. A similar fechnique was used predict the pore diameter of

a structure; it also showed similar convergence with 3 million structures in the library.
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Figure S14. Training the Machine Learning algorithm (ML). (A)The fraction of total
structures (from the library) plotted against the Mean Squared Error (MSE) shows
convergence with increased size of the training set. Excellent convergence is
obtained with 50% and even 25% of the structures in the training set from a total of 3
million structures in the library. The inset shows zoomed in MSE with error bars (library of
1.5 million structures, 10 runs) (B, left) Similar plot to Panel A. (B, right) The ML predicted

energy values plotted against the actual energy values from the library using a fraining
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set of 1% (top) and 99% (bottom) structures (randomly chosen from library). (MSE,

Mean Squared Error; ML, Machine Learning)
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2.3: Random walks, conformational clusters and building a structure-based
Markov Model

Since the energy landscape of the protein at a particular Vi is of high
dimension, it is impossible to search and visualize energy barriers and minima by
observation. Random walks (stochastic structural changes based on chosen features)
with different starting points on the energy landscape using the Metropolis-Hastings
criterion (74, 75) provides a quantitative probability of fransitions between different
regions of the energy landscape. The latter approach also negates the need to
calculate the partition function which would otherwise require the calculation of all
possible transitions on the energy landscape. Thus, thirty random walks were simulated
for 500,000 steps at different Vi and the resulting tfrajectories were recorded for further

analysis

Clustering the structures that were visited in the random walks in dimensions of
interest and physiological relevance (average VS Z position and pore diameter) further
reduces the dimensions for visualization and analysis. By counting the transitions
between different clusters from the random walks transition rates can be estimated
(76). The resulting transition matrix was used to calculate structural changes of the
protein given a particular Vm. Note that the structural clusters constitute Markov states
in a Markov Model with fransition rates between the states represented by the

fransition matrix.
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Also note that the analysis was performed with structures clustered on an evenly
spaced 45 by 9 grid in the pore diameter and average VS Z position dimensions (a
total of 405 clusters). Note that additional features of protein structure could be

included in the ML fraining in order to study other structure-function mechanisms.

2.4: Gating Mechanism Calculations

Gating charge calculation

The displaced gating charge was calculated using Adaptive Poisson-Boltzmann
Solver (50); likely conformations of the IKs at holding potential and various steady-state
depolarizing Vm were utilized in these computations. A likely IKs conformation in this
computation was chosen based on its probability of being visited at a particular Vm.
Sequential Gating Analysis

The structures were alternatively clustered based on the movement of the four
individual $4 segments in the Z-direction and movement of the pore. This results in a
five-dimensional Markov chain (four S4 Z and one PD). Note that the SC of the control
structures were re-estimated for the different clustering in this section and were utilized
with the various suppressed S4 segment models. The individual $4 Z translation was
segmented into 4 equally spaced clusters (between -15A and 15A) and the PD was
discretized to 6 levels (level O was considered to be closed pore and levels 1-5 open
pores with varying SC), resulting in 1536 structure clusters. Each cluster had a unique
combination of the 5 dimensions (four S4 Z and one PD). To simulate function,

movements of individual $4 in the Z-direction were incrementally suppressed (not
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allowed to move during random walk simulations) and transition rates were used to
construct the corresponding Markov model.
Residue pair interaction calculations

Residue interaction calculations were used to ascertain the important residue
interactions that contribute to dynamics during IKs gating. Positively and negatively
charged residues conftribute more to the total electrostatic energy of the protein than
neutral residues. Thus, important charged residues interactions that contribute to iCh
gating were identified using an in silico residue charge neutralization method. For
example, APBS was used to obtain the contribution of a residue of interest, say Residue
A, to the protein electrostatic energy. Additionally, the residue’s interaction strength to
other residues was calculated, for example, to Residue B. The interaction between
Residue A&B was obtained by neutralizing Residue B (setting the charge to zero) and
recalculating Residue A’s contribution to the protein energy. The difference was
recorded as the ‘interaction energy’ between Residue A and Residue B at a certain S4
Z position and membrane voltage (60mV). Residue A’s contribution to protein
stabilization (a measure of interaction favorability) is also an important measure for
assessing the importance of its interactions with other residues. Therefore, simultaneous
assessment of the strength of the interactions and conftribution to protein stabilization is
provided for residues in the VS domain positioned far away and close to the KCNEI

fransmembrane segment.
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Section 3

Results
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Introduction

Using IKs single-channel experiments (77) and pore electrostatic profile
(main text, Figure 2B), a subconductance (SC) were assigned to each structure
cluster modelled from a library of possible gating conformations. These
calculated SC are used to simulate functional properties of the IKs model. In this
section, additional single-channel statistics are shown for discreet SC levels.
Supplementary analysis and simulations were performed to examine the
mechanism of S4 Z movement and gating charge saturation at positive Vm.
Residue-residue interactions were also analyzed to understand the atomistic
interactions that govern IKs gating. The following sections corroborate the
model’s ability to simulate both the functional and structural changes of the IKs

ion-channel during gating.

3.1: Simulated Single lon-channel Functional Analysis

The main text (Figure 3) shows simulated single-channel characteristics
and its comparison to experiment (77). Other single-channel functional statistics,
including latency to first opening, probability of 1st opening, total dwell time and
mean open time, calculated from the simulated traces at different Vi are
provided in this sub-section. The statistics were tabulated based on discrete SC
levels (main text, Figure 2B). Structures with the highest conductance have high
Avg.S47 position (average Z position; over 4 VS in the tetframer) and large pore
diameter (PD) as compared to other structures. The total dwell fime averaged

over 1000 traces showed high SC levels were accessed for longer periods with
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increased Vm. Mean open times show that at 80mV, the ion-channel resides for
long periods of time at the highest SC level, similar to 60mV, resulting in larger
current. Using a threshold of 0.5pA, the latency to first opening was calculated
for different membrane potentials. At 60mV, the latency value of 1.65 +0.08
seconds is very similar to the experimentally measured value of 1.67+ 0.008
seconds. The latency to 1st opening decreased with increased Vm, as expected.
The probability of 1st opening at different SC levels increased with time, also as
expected. With increased Vm, the ion-channel is more likely to open earlier, as

shown in Figure S16.
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Simulated single channel traces at
different membrane voltages

Total Dwell Times
( average over 1000 single channel traces; seconds )
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Figure S15. Single-channel Statistics. (Left) Single-channel traces simulated at different depolarizing Vm from a

holding potential of -80mV for 4 seconds. (Right) Table of the total dwell time, mean open time, and latency to
Ist opening, for 1000 simulated single-channel traces (examples shown in the left panel). The temporal

resolution of the calculations is 0.018 msec. The discrete subconductances used to classify the calculations are
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obtained from main text, Figure 2B. The corresponding SC range of each discrete level is shown in the bottom-

right of the figure. (Vm, membrane voltage; SC, subconductance)
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Discrete subconductance levels
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Figure S16. Probability of 1st opening. The Probability of 1st opening is shown for
each discrete SC level for a step depolarization to -40mV (top) and 60mV
(bottom) from a holding potential of -80mV. The probability of 1st opening
increases faster at all SC levels for a depolarizing voltage of 60mV as compared
fo -40mV. The calculations were performed based on discrete SC levels
identified in main text, Figure 2B. The probability traces are color coded by SC

level (shown on top; total conductance shown inred). (SC, subconductance)
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3.2: Residue Interactions that Govern IKs Gating (Voltage

Sensor Movements)
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(C) Interactions between S4 and proximal KCNEI
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Figure S17. Residue-residue interactions that govern $4 movement in the Z

direction at 60mV membrane voltage. A: Cartoon schema of important

charged residues in a single KCNQT VSD and a corresponding KCNET

fransmembrane segment. These residues are used in the interaction energy

calculations shown in panel B and C. Note that the $4 residues and the KCNE|

segment residues are identified in green (filled circles) and blue (empty circles),

respectively. The top view of the KCNQI1 and KCNEIT segments is shown on the

right and identically used in (B) and (C) to identify the $4-VSD (KCNQI) and

KCNE1 segments analyzed. The shaded circles with a continuous black outline

represent the VSD (green) and KCNE1 (blue) of interest. This basic color scheme
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was used to distinguish $4 residues from other residues in the VSD of interest and
also from the KCNE| residues/segment. Note that the same KCNE| residues are
used in panels B and C energy calculations. B: $4 and distal KCNE1. VSD and $4
residues used in this panel calculations are from the same KCNQI segment
(identified by color in the inset; shaded pink with a continuous black outline.)
The distal KCNET residues (inset, shaded blue with continuous black outline)
were included in the calculations (the interacting segments are identified by a
black oval). The top panel shows the strength of the interactions between $4
residues (pink, x-axis) with other residues within the VSD (pink, y-axis) and the
KCNE1 segment (blue, y-axis). The residue-residue interactions were analyzed for
different structures at different S4 Z positions (labeled on top of the respective
panel) at 60mV membrane potential. The bottom panel shows the relative
magnitude of each $4 residue confribution to protein stabilization (favorable
interaction strength) corresponding to the top panel. The color-bar representing
the strength of the interaction and the residue contribution to total protein
energy is displayed on the right. C: $4 and proximal KCNE1. Similar calculations
as in B, are performed with $4 residues and VSD (purple) proximal to the KCNET
segment (blue); the interacting segments are identified with a black oval in the

inset. Same format as panel B. (VSD, Voltage sensor domain)
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3.3: Additional Validation: Subconductances estimated directly from

experiments (figure)
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Figure S18. Model-based subconductance estimates using experimental data.

(A) Three of 100 simulated single-channel current traces for a step depolarizing
voltage protocol from -80 to 60mV for 4 seconds. (B) The ensemble current
(macroscopic, average of 100 traces) fits the experimental data (77) (C) Current
amplitude histogram (red) of the simulated single-channel traces (at 60mV,
mean amplitude of 0.47pA) and the corresponding experimental data (shaded
grey,(77)). The arrow indicates the mean of the current amplitude histogram
used in panel D at 60mV (similar arrow). Similar histograms are constructed for a
range of Vm to obtain the microscopic I-V relationship in panel D. (D) The
simulated mean current amplitude of single-channel traces for several Vm, (red
line) fits the experimental data (symbols) with a slope (mean conductance)

=3.2pS as determined experimentally. (E) SC Map, estimated from purely
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experimental data, projected onto two structural dimensions - PD and Avg.S47
(77). The numbers refer to the structures in main text, Figure 2B. The legend for
panels A-D is shown on the bottom right of the figure. Pore diameter less than
2.76A (smaller than K* ion) is considered to be non-conducting. (pS. pico-

Siemens (10e-12 Siemens)
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