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Abstract 

Ion channels are integral membrane proteins facilitating permeation of ions through 

aqueous pores across cell membranes. They are essential to numerous physiological 

processes such as nerve impulses and heartbeats and are key therapeutic targets due to their 

involvement in various diseases. This dissertation employs advanced computational 

techniques to investigate the structure and function of ion channels, specifically focusing on 

the human (denoted by the prefix “h”) voltage-gated sodium channel hNaV1.7, voltage-gated 

potassium channel hERG, and small-conductance calcium-activated potassium channel 

hSK2, which are critical therapeutic targets for pain management and the treatment of 

cardiac arrhythmias. A brief overview of ion channels and lipid membranes as well as their 

experimental and computational studies is provided in Chapters 1 and 2, followed by three 

specific ion channel related stories in Chapters 3 through 5 and finishing with closing 

remarks and future outlook in Chapter 6. 

The first story focuses on the human voltage-gated sodium channel hNaV1.7, a prime target 

for pain therapy due to its predominant expression in peripheral nociceptive neurons. We 

explored the interaction between the hNaV1.7 channel’s voltage sensing domains (VSDs) II 

and IV in different conformational states and the tarantula venom peptide protoxin-II, a 

potent and selective inhibitor of the channel. Our computational models revealed that 

protoxin-II exhibits state-specific binding modes to different states of the channel’s VSDs, 

illuminating the molecular basis of its inhibitory effects through enhanced hNaV1.7 channel 

deactivation and inactivation. Additionally, we identified key channel’s residues involved in 

the toxin binding and their energetic contributions. These findings are crucial for the rational 

design of novel pain therapeutics with improved selectivity and potency. 

The second story shifts focus to the human voltage-gated potassium channel hKV11.1, also 

known as hERG (human Ether-à-go-go-Related Gene), a vital component of cardiac 

repolarization and a notorious drug anti-target. This makes the hERG channel a primary 

target for assessing the safety of new drugs due to association of its inhibition with drug-

induced arrhythmias. Utilizing AlphaFold2, a state-of-the-art deep learning tool trained to 

predict protein structures from amino acid sequences, we modeled the elusive inactivated 
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and closed conformations of the hERG channel not available experimentally. Molecular 

dynamics and drug docking simulations validated these models, aligning closely with 

existing experimental data. Drug docking simulations revealed state-specific drug 

interactions, underscoring the critical importance of the inactivated state for drug binding 

and the potential for drug entrapment in the closed state. Analysis of interaction networks 

across different conformational states of the hERG channel provided insights into potential 

molecular mechanisms underlying state transitions. These findings are pivotal not only for 

understanding the functioning of this crucial channel but also for predicting drug-induced 

arrhythmias from drug chemical structures and thus developing cardiac-safe medications. 

The third story explores the regulation of the human small-conductance calcium-activated 

potassium channel hSK2 by phosphatidylinositol 4,5-bisphosphate (PIP2) lipid in cardiac 

cells, aiming to enhance therapeutic strategies for cardiac arrhythmias like atrial fibrillation. 

Using optogenetic constructs to deplete PIP2, our collaborative study demonstrated that 

PIP2 depletion reduces hSK2 current in both cultured Chinese hamster ovary (CHO) cells 

and rabbit ventricular myocytes, underscoring PIP2's crucial role in hSK2 channel activation. 

Homology modeling and molecular dynamics simulations revealed the dynamic binding sites 

and mechanisms of PIP2 interaction with hSK2 channels, identifying key residues like R395 

and E398 involved in channel activation by PIP2. This detailed analysis provides insights into 

the molecular mechanisms regulating cardiac excitability, offering potential targets for new 

anti-arrhythmic therapies. 

In summary, this doctoral dissertation delves into the intricate world of membrane proteins, 

in particular, ion channels, exploring their structural and functional intricacies including 

their interactions with the lipid bilayer environment, pharmacological agents, and toxin 

peptides. By employing cutting-edge computational approaches, we provided novel insights 

and strategies that hold promise for accelerating drug discovery and advancing precision 

medicine, ultimately aiming to develop more targeted and effective therapies for cardiac and 

neurological disorders. 
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CHAPTER 1: 

Molecular Calligraphy on the Lipid Bilayer Canvas: 

The Art of Membrane Transport and Electrical Signaling 

“Every cell is a triumph of natural selection, and we are made of trillions of cells.  

Within us, is a little universe.” – Carl Sagan (1934 – 1996) 

 

1.1) The Cellular Membrane: A Gateway to Life’s Mysteries 

The cell membrane, a semi-permeable barrier that delineates the boundaries of all living 

cells, is a remarkably complex and dynamic structure. Far from being a mere inert envelope, 

the membrane orchestrates many vital cellular processes and serves as a platform for 

intricate molecular interactions1–4. This beautifully organized assembly of lipids, proteins, 

and carbohydrates maintains the delicate equilibrium between the intracellular and 

extracellular environments1–4. In addition, it also facilitates various functions essential for 

cellular survival, communication, and homeostasis1–4. 

At the core of the cell membrane lies the lipid bilayer, a fluid mosaic of amphipathic 

molecules that form the structural foundation of this biological barrier. This dynamic matrix 

comprises various lipid species, including phospholipids, glycolipids, and cholesterol, which 

self-assemble into a two-dimensional sheet through hydrophobic and hydrophilic 

interactions1,2,5,6. The unique biophysical properties of the lipid bilayer, such as its fluidity, 

curvature, and lateral organization, play a crucial role in modulating the activities of 

membrane-associated proteins and regulating critical cellular processes2,5,6. 

Embedded within this lipid matrix is a diverse collection of proteins, each meticulously 

sculpted by evolution to perform specialized functions. These membrane-bound proteins 

can be broadly classified into two categories: integral proteins, which span the entirety of 

the lipid bilayer, and peripheral proteins, which are loosely associated with the membrane 

surface7,8. The intricate interplay between these proteins and the lipid environment is a 

fundamental determinant of membrane structure and function. 
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Among the integral membrane proteins, ion channels and transporters serve as molecular 

gatekeepers that regulate the precise flow of ions, nutrients, and other essential molecules 

across the membrane9,10. These protein complexes possess exquisitely designed pores and 

gates that selectively allow the passage of specific molecular species while maintaining 

precise control over their transport kinetics. By governing the movement of charged 

particles and metabolites, these membrane proteins orchestrate a wide range of 

physiological processes, from electrical signaling in neurons and muscle contraction to 

nutrient uptake and waste elimination9,10. 

Another significant class of membrane proteins comprises the receptors, which act as 

molecular sentinels that detect and respond to a diverse array of extracellular signals11. 

These proteins span the lipid bilayer, presenting specific binding sites on their extracellular 

domains that recognize and interact with ligands, such as hormones, neurotransmitters, or 

growth factors11. Upon ligand binding, receptors undergo conformational changes that 

trigger intracellular signaling cascades, ultimately leading to various cellular responses, 

including gene expression, metabolic regulation, and cell proliferation or differentiation11. 

In addition to proteins, the cell membrane is adorned with a diverse array of carbohydrate 

moieties, collectively referred to as glycocalyx5,12. These sugar residues can be found 

attached to lipids (glycolipids) or proteins (glycoproteins), forming intricate glycoconjugates 

that play crucial roles in cell-cell recognition, signaling, and adhesion5,12. The glycocalyx 

serves as a molecular interface between the cell and its environment, mediating interactions 

with other cells, pathogens, and the extracellular matrix5,12. 

1.2) Membrane Proteins: Architects of Cellular Functionality 

Membrane proteins are integral components of the cell membrane, playing crucial roles in 

various biological processes and remarkably represent over 50% of all targets for drugs13,14. 

They constitute approximately 20–30%  of all cellular proteins and can be broadly classified 

into two categories: integral (or intrinsic) and peripheral (or extrinsic) membrane 

proteins7,13–15. 
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Integral membrane proteins are embedded within the lipid bilayer, where their hydrophobic 

regions interact with the fatty acid chains of membrane lipids, and their hydrophilic regions 

extend into the aqueous environment1,16. These proteins include transmembrane proteins, 

which span the membrane one or more times, and lipid-anchored proteins, which are 

covalently attached to membrane lipids17. Transmembrane proteins are particularly crucial 

for the structural integrity of the membrane and for mediating transport across it, while 

lipid-anchored proteins often play roles in signaling and membrane dynamics17. 

Peripheral membrane proteins, on the other hand, are not embedded in the lipid bilayer. 

Instead, they are loosely attached to the membrane's surface, often through interactions with 

integral membrane proteins or membrane lipids17,18. These proteins can be easily 

dissociated from the membrane without disrupting the lipid bilayer17,18. 

Membrane proteins are versatile molecules that perform a variety of essential functions 

within the cell. They are involved in transport, facilitating the movement of ions, nutrients, 

and waste products across the membrane to maintain cellular homeostasis17,19,20. As 

receptors, they detect extracellular signals such as hormones, neurotransmitters, and 

growth factors, initiating intracellular signaling pathways21. Some membrane proteins also 

exhibit enzymatic activity, catalyzing crucial biochemical reactions at the membrane 

surface22. Additionally, adhesion molecules among these proteins play a vital role in 

mediating interactions between cells and the extracellular matrix, which is fundamental for 

tissue formation and immune responses23. Lastly, certain membrane proteins provide 

structural support to the cell by anchoring the cytoskeleton to the membrane, ensuring 

cellular stability and shape23. 

Ion channels are a subclass of membrane proteins that form pore-like structures, allowing 

the selective passage of ions across the cell membrane down their electrochemical 

gradients17,19,20. They play a pivotal role in generating and propagating electrical signals in 

excitable cells, such as neurons and muscle cells, i.e. skeletal, smooth, and cardiac 

myocytes17,19,20.  
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Ion channels can be classified based on their gating mechanisms (how they open and close), 

ion selectivity (which ions they allow to pass), and their physiological roles. Voltage-gated 

ion channels, such as sodium (NaV), potassium (KV), and calcium (CaV) channels, open and 

close in response to changes in membrane potential, playing a crucial role in the generation 

and propagation of electrical signals in excitable cells24. Ligand-gated ion channels, also 

known as ionotropic receptors, are activated by the binding of specific ligands, such as 

neurotransmitters, facilitating rapid communication across synapses25. Mechanosensitive 

ion channels respond to mechanical forces or changes in membrane tension, enabling cells 

to sense and respond to physical stimuli26. Lastly, thermosensitive ion channels are triggered 

by temperature variations, contributing to the detection of thermal stimuli and the 

regulation of temperature-dependent physiological processes27. Each type of ion channel 

contributes to the intricate regulation of cellular activities, highlighting the diversity and 

complexity of these membrane proteins. 

Ion channels play a pivotal role in various physiological processes. They are crucial for 

neuronal communication, where they enable the initiation and propagation of action 

potentials in neurons, facilitating rapid signal transmission within the nervous system24. In 

muscle cells, ion channels regulate the flow of ions necessary for muscle contraction19,24. 

They are also essential for maintaining cardiac rhythm, as the coordinated opening and 

closing of ion channels in cardiac cells ensure a regular heartbeat28. Furthermore, ion 

channels are involved in sensory perception, converting stimuli such as light, sound, touch, 

and temperature into electrical signals26,27. Additionally, they contribute to the regulation of 

cell volume by controlling the movement of ions and osmotically active substances across 

the cell membrane, maintaining cellular homeostasis29. 

Given their central role in cellular function and their involvement in various diseases, ion 

channels are a major focus of biomedical research and drug development30. Understanding 

the structure, function, and regulation of these membrane proteins is key to developing 

targeted therapies for a range of disorders, including neurological conditions, cardiovascular 

diseases, and pain management30,31. 
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1.3) Voltage-Gated Ion Channels: Structures and Functions 

Voltage-gated ion channels (VGICs) are transmembrane proteins that play a critical role in 

the generation and propagation of electrical signals in excitable cells, such as neurons, 

skeletal muscle cells, and cardiac cells. These channels are sensitive to changes in membrane 

potential and operate by opening or closing in response to depolarization or 

hyperpolarization, allowing the selective flow of specific ions across the cell membrane 

down their electrochemical gradients. This activity is fundamental to rapid electrical 

signaling between and within cells, and sometimes across long distances, as it initiates major 

cellular events like synaptic vesicle exocytosis and muscle contraction24,32,32. 

VGICs are tightly regulated by various mechanisms, including phosphorylation, interaction 

with accessory proteins, and modulation by intracellular signaling molecules33. These 

mechanisms finely tune the opening and closing of these channels, ensuring precise control 

over cellular excitability and signal transmission. Post-translational modifications such as 

ubiquitination play a key role in the regulation of the number of channels on the cell surface, 

thus modulating neuronal excitability33,34. 

VGICs play a crucial role in various physiological processes. They are vital for neuronal 

communication, as they are responsible for the initiation and propagation of action 

potentials in neurons, enabling rapid signal transmission within the nervous system24,32,32. 

In cardiac cells, VGICs are key regulators of the heartbeat, controlling the rhythmic 

depolarization and repolarization of the heart muscle28. Additionally, in skeletal, cardiac, and 

smooth muscle cells, VGICs are also involved in the excitation-contraction coupling process, 

leading to muscle contraction24,35. 

Dysfunction or mutations in VGICs can lead to a range of pathological conditions, including 

epilepsy, cardiac arrhythmias, and muscle disorders30. Consequently, understanding the 

structure, function, and regulation of VGICs is of paramount importance for developing 

targeted therapies to treat these and other related diseases. 
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a. Voltage-Gated Sodium Channels 

Voltage-gated sodium channels (NaV channels) are crucial transmembrane proteins that 

enable electric signaling in cells. They are responsible for the rapid depolarization phase of 

the action potential in excitable cells, such as neurons, cardiac, smooth, and skeletal muscle 

cells, by selectively allowing the flow of sodium ions (Na+) across the cell membrane. This 

function is essential for initiating and propagating action potentials, which are vital for 

numerous physiological processes36.  

NaV channels are composed of a large α-subunit, which forms the pore through which Na+ 

ions pass, and one or two smaller β-subunits that modulate channel function36. The α-

subunit consists of four homologous domains (I-IV), each containing six transmembrane 

segments (S1-S6). The S4 segment acts as the voltage sensor, detecting changes in membrane 

potential and triggering channel opening. The segments S5 and S6, along with the 

intervening loop, form the pore region that determines ion selectivity and conductance. The 

inactivation gate, located in the intracellular loop between domains III and IV, temporarily 

blocks the channel after activation to prevent excessive Na+ influx. This fast inactivation is 

necessary for the cell to repolarize and prepare the channel for reactivation36. 

Upon membrane depolarization, NaV channels open, allowing Na+ ions to enter the cell, 

leading to further depolarization. This creates a positive feedback loop that rapidly raises 

the membrane potential. Shortly after opening, the channels inactivate, halting Na+ influx 

and contributing to the repolarization of the membrane. The precise regulation of NaV 

channel opening, closing, and inactivation is essential for the proper functioning of the 

nervous and cardiovascular systems. This process underlies the generation of rapid, high-

frequency action potentials necessary for fast signal transmission across excitable 

tissues32,36. 

There are nine subtypes of NaV channels, labeled Nav1.1 to Nav1.9, expressed in neuronal, 

cardiac, smooth and skeletal muscle cells37. In humans, the major VGSC isoform in the heart 

is the hNav1.5 channel that is responsible for initiating the cardiac action potential28,38. 

NaV1.5 channels are predominantly expressed in cardiac myocytes, the muscle cells 
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responsible for the contraction of the heart. During the cardiac action potential, NaV1.5 

channels open quickly, causing a rapid influx of Na+ ions. This leads to depolarization and the 

initiation of Phase 0 of the cardiac action potential, crucial for spreading electrical signals in 

the heart and ensuring synchronized chamber contractions for effective blood pumping. 

Mutations or dysfunctions in NaV1.5 channels can lead to various cardiac arrhythmias, such 

as long QT syndrome, Brugada syndrome, and atrial fibrillation39. These conditions often 

arise from alterations in the channel's ability to conduct sodium ions properly, affecting the 

electrical activity of the heart and leading to arrhythmic disorders. The study of these 

mutations has significantly advanced the understanding of the molecular mechanisms 

underlying these cardiac conditions39. 

Recent research has provided significant insights into the role of the NaV1.5 channel in 

cardiac electrophysiology and its potential as a target for treating heart rhythm disorders. 

For example, using computational modeling and simulations, Nguyen et al. identified several 

key binding sites within the pore lumen of NaV1.5 that can accommodate drug molecules40. 

Their simulations revealed a hydrophilic access pathway through the intracellular gate and 

a hydrophobic pathway through a fenestration between domains III and IV, facilitating drug 

access to the channel40. The findings significantly enhance understanding of the molecular 

mechanisms by which antiarrhythmic and local anesthetic drugs modulate NaV1.5 activity40. 

Certain subtypes of NaV channels, such as NaV1.7, NaV1.8, and NaV1.9, are particularly 

important in pain sensation41. They are involved in the generation and propagation of action 

potentials in nociceptive neurons, which are specialized sensory neurons responsible for 

detecting painful stimuli. When these neurons are activated by noxious stimuli, NaV channels 

open, allowing an influx of Na+ ions that leads to the rapid depolarization of the membrane 

and the initiation of an action potential. This electrical signal is then transmitted along the 

sensory nerves to the central nervous system, where it is interpreted as pain.  

Mutations or dysregulation of these channels can lead to altered pain sensitivity. For 

example, gain-of-function mutations in NaV1.7 are associated with conditions like 

erythromelalgia and paroxysmal extreme pain disorder, which are characterized by 
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episodes of severe pain42,43. Conversely, loss-of-function mutations in NaV1.7 can result in 

congenital insensitivity to pain, where individuals do not feel pain at all44. Given their crucial 

role in pain signaling, NaV channels are potential targets for the development of analgesic 

drugs. Blocking these channels can prevent the initiation and propagation of action 

potentials in nociceptive neurons, thereby reducing pain sensation. Natural peptide toxins, 

such as those derived from spider and scorpion, have been found to bind to specific sites on 

the NaV1.7 channel, inhibiting its function and effectively reducing pain sensation45–47. 

Research into the mechanism of action of these toxins has provided valuable insights for the 

development of new pain therapies45–47. Understanding how these natural toxins interact 

with NaV1.7 channels can facilitate the development of more effective and selective NaV1.7 

blockers. These blockers have the potential to provide pain relief without the side effects 

associated with traditional pain medications, offering a promising avenue for the treatment 

of chronic pain conditions48,49. 

Certain NaV subtypes, particularly NaV1.1, play a significant role in proprioception, the 

sensory ability to perceive the position and movement of the body50. NaV1.1 channels are 

essential for the proper function of mammalian proprioceptors, which are sensory neurons 

that relay information about muscle stretch and tension. These channels significantly 

contribute to the intrinsic excitability of proprioceptors. Genetic deletion of NaV1.1 in 

sensory neurons causes profound motor coordination deficits, akin to those seen in 

conditions with impaired proprioceptive signaling. This is because NaV1.1 is crucial for 

transmitting the receptor potentials generated during sustained muscle stretch, highlighting 

its indispensable role in proprioceptive function and related motor behaviors50. 

b. Voltage-Gated Potassium Channels 

Voltage-gated potassium channels (KV channels) are critical transmembrane proteins that 

facilitate the selective passage of potassium ions (K+) across cell membranes. These channels 

are essential for maintaining the resting membrane potential, shaping action potentials, and 

regulating cellular excitability. They play a fundamental role in the generation and 

propagation of the action potential, helping to regulate the electrical activity of neurons and 
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other excitable cells51. Currently, there are 40 known human voltage-gated potassium 

channel alpha subunits31. 

KV channels are homo-tetramers, where each subunit includes six transmembrane segments 

(S1-S6)52. The S5 and S6 segments, along with the intervening loop (P-loop), form the pore-

forming region of the channel, which contains the selectivity filter responsible for the high 

specificity for K+ ions. The S1-S4 segments make up the voltage-sensing domain, with the S4 

segment acting as the voltage sensor. This arrangement enables the channels to open or close 

in response to changes in membrane potential, providing a mechanism for their voltage-

dependent gating52. KV channels exhibit a variety of gating mechanisms53,54. These include 

voltage-dependent opening and closing, which are crucial for repolarizing the membrane 

following an action potential, thereby terminating the electrical signal and preparing the cell 

for the next stimulus. Additionally, KV channels also demonstrate inactivation mechanisms55–

60. Inactivation can be rapid or slow and typically involves a conformational change in the 

channel that temporarily reduces its conductivity even in the continued presence of a voltage 

stimulus55–60. This inactivation process is critical for shaping the action potential and 

controlling the firing frequency of neurons and cardiac cells, thereby fine-tuning cellular 

excitability and signal transmission. 

KV channels play a crucial role in a myriad of physiological processes beyond their well-

known function in regulating action potentials. For example, they are instrumental in 

hormone secretion, where they help in the release of various hormones from endocrine 

cells61. This secretion process often involves facilitating the repolarization phase of action 

potentials which reset the membrane potential after a depolarization, enabling cells to 

respond to further stimuli and regulate hormone release efficiently61. 

In the context of cell volume regulation, KV channels contribute significantly to the 

maintenance of cell volume under varying osmotic conditions. These channels participate in 

regulatory volume decrease, a process essential for cells to recover from swelling by 

expelling K+ ions and restoring their original volume62. This mechanism is particularly vital 

in immune cells like T lymphocytes, where proper volume regulation is crucial for cell 

function and survival62. 
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They are also deeply involved in modulating immune responses. They regulate the activity 

of immune cells by controlling the membrane potential and calcium signaling, which are 

critical for the activation and function of these cells. This regulation is crucial for the proper 

functioning of the immune system, influencing processes from lymphocyte activation to 

cytokine secretion and cytotoxic responses63. 

The hERG channel, or KV11.1, is a critical component of cardiac cell physiology, contributing 

significantly to the cardiac action potential's repolarization phase64. Dysfunctions or 

mutations in hERG can lead to serious cardiac arrhythmias such as Long QT Syndrome65. 

Beyond the heart, hERG channels are also expressed in various brain regions, smooth muscle 

cells, and endocrine cells, indicating their broader physiological relevance66. Importantly, 

hERG channels are implicated in cancer, where they may influence cell proliferation and 

apoptosis, suggesting a potential target for anticancer therapy67. 

hERG is a notorious anti-target in drug development due to its association with serious 

cardiac side effects66,68. Blockade of the hERG channel can lead to QT prolongation, 

increasing the risk of potentially fatal arrhythmias such as torsades de pointes69. Many drugs 

have been withdrawn or faced restricted use due to their unintended interactions with hERG, 

which underscores the importance of screening for hERG activity early in the drug 

development process69–71. 

KV1.3 channels, part of the Shaker family of potassium channels, play diverse roles across the 

immune system and are crucial in T lymphocyte activation and proliferation72. Inhibition of 

KV1.3 has been explored as a therapeutic approach in treating autoimmune diseases due to 

its role in immune modulation73. Moreover, KV1.3 channels are involved in various non-

immune functions such as metabolism, insulin resistance, and sensory perception, 

underscoring their multifunctional nature72. 

c. Voltage-Gated Calcium Channels 

Voltage-gated calcium channels (CaV channels) are pivotal membrane proteins that mediate 

the influx of calcium ions (Ca2+) into cells, serving as key regulators of various cellular 
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processes. These include muscle contraction, neurotransmitter release, gene expression, and 

cell proliferation74. The influx of Ca2+ through these channels triggers numerous cellular 

responses, vital for physiological functions across different tissue types74. 

A typical CaV channel comprises a central pore-forming α1-subunit and auxiliary β, α2δ, and 

sometimes γ subunits, enhancing the functional diversity and regulatory complexity of these 

channels75. The α1-subunit contains four homologous domains (I-IV), each consisting of six 

transmembrane segments (S1-S6), similar to the structure of NaV channels. The S4 segments 

function as voltage sensors, responding to changes in membrane potential to trigger channel 

opening. The pore region, formed by the S5 and S6 segments and the intervening P-loop, 

includes the selectivity filter which is critical for the high specificity for Ca2+ ions, ensuring 

that these channels selectively conduct calcium ions over other types75. 

CaV channels are activated by depolarization of the membrane potential, leading to the 

opening of the channel and an influx of Ca2+ ions74. This calcium influx is crucial for various 

physiological processes such as muscle contraction in cardiac, smooth, and skeletal muscle 

cells, the release of neurotransmitters in neurons, and the activation of intracellular 

signaling pathways that control gene expression and cell growth74. The precise regulation of 

Ca2+ influx through these channels is critical for maintaining cellular homeostasis and proper 

physiological function, with implications for a wide array of cellular and systemic 

physiological processes74. 

The CaV1.2 channel, also known as an L-type calcium channel, is a well-studied example that 

highlights the critical roles of CaV channels in cellular processes76. CaV1.2 channels play a 

vital role in the cardiovascular system, particularly in the regulation of cardiac muscle 

contraction28. They facilitate the influx of Ca2+ necessary for the excitation-contraction 

coupling in cardiac myocytes. This process is essential for the proper functioning of the 

heart's pumping action, as the entry of Ca2+ through CaV1.2 channels triggers the contraction 

of heart muscles. Dysfunctions or mutations in CaV1.2 can lead to cardiac arrhythmias, 

underscoring their importance in maintaining cardiac health and rhythm76. 
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CaV1.2 channels also regulate contraction in smooth muscle cells. They are involved in 

various smooth muscle functions such as vasoconstriction and gastrointestinal motility, 

which are vital for blood pressure regulation and digestive processes76. The proper 

functioning of CaV1.2 channels ensures that smooth muscles can respond appropriately to 

physiological stimuli76. 

1.4) Experimental Approaches in Protein Structure Determination 

Protein structure determination is crucial for deciphering the function and biological roles 

of proteins. Understanding the three-dimensional structures of proteins is essential as it 

directly relates to their functions in biological processes. Throughout the decades, a variety 

of experimental techniques have been developed to reveal the complex three-dimensional 

structures of proteins, essential for getting insights into their function and molecular 

mechanisms of its regulation. 

1. X-ray Crystallography: The historical journey of protein structure determination 

began predominantly with X-ray crystallography77. X-ray crystallography involves 

directing X-rays at a crystallized protein and analyzing the diffraction patterns that 

result78. These patterns provide detailed information about the atomic structure of the 

protein, allowing scientists to construct models of the protein at atomic resolution. The 

precision and detail offered by this technique have made it a fundamental tool in the 

field of structural biology, contributing to numerous scientific advances and medical 

discoveries. This method remains one of the most widespread and accurate techniques 

for elucidating protein structures. The foundations of protein crystallography were laid 

in the early 20th century, but it was not until the 1950s that the method achieved major 

milestones with the determination of the structures of hemoglobin and myoglobin79–81. 

These groundbreaking studies marked the beginning of structural biology and provided 

the first clear insights into how protein structures could explain their functions and 

interactions. 

2. Nuclear Magnetic Resonance (NMR) Spectroscopy: NMR spectroscopy is a 

sophisticated technique used to determine protein structures in solution and in 

membrane environment as well, revealing not only their static shapes but also dynamic 
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changes. By exploiting the magnetic properties of atomic nuclei, NMR spectroscopy 

provides detailed insights into protein structures based on the specific frequencies at 

which these nuclei resonate in a magnetic field82. Since its adaptation for biological 

molecules in the 1980s83, NMR spectroscopy has become essential for studying proteins, 

especially for understanding the structure and dynamics of transient, complex, or 

disordered protein states that other methods might miss. Techniques like inferential 

structure determination, which combines NMR data with statistical models, further 

enhance our ability to explore protein dynamics in depth84. 

3. Cryo-Electron Microscopy (Cryo-EM): Cryo-EM has transformed the landscape of 

structural biology, especially for studying biomolecules that are challenging to 

crystallize85. This technique involves rapidly freezing samples and then examining them 

under an electron microscope to prevent the formation of ice crystals that can damage 

the structure85. Unlike traditional methods that require crystallization, cryo-EM allows 

scientists to observe proteins and other biological complexes in a state close to their 

natural environment. The origins of cryo-EM trace back to the 1970s and 1980s when 

the foundational processes were developed86,87. However, it was the introduction of 

direct electron detectors and automated data collection techniques in the 2000s that 

significantly improved the resolution and usability of cryo-EM88, leading to what is often 

called the resolution revolution89. These advancements enabled the detailed 

visualization of biomolecules at near-atomic resolutions, which was previously only 

possible with X-ray crystallography88,89. Cryo-EM is particularly advantageous for 

studying large protein complexes, membrane proteins, and viruses that are difficult or 

impossible to crystallize90. This method has been crucial for understanding the 

mechanisms of complex molecular machines and has had profound implications in drug 

design and other biotechnological applications. 

The acquisition of detailed structural data through experimental techniques is invaluable 

across various scientific domains, significantly enhancing our understanding and 

manipulation of biological systems. The Protein Data Bank (PDB) serves as a crucial 

repository for these data, housing the three-dimensional structural information of proteins, 

nucleic acids, and complex assemblies obtained from experiments91. This freely accessible 
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database enables researchers worldwide to study, model, and simulate the molecular 

machinery of life. 

The benefits of acquiring detailed structural data are manifold. In drug development, 

knowing the precise structure of target molecules allows for the rational design of drugs that 

can bind with high specificity and efficacy, potentially reducing side effects and improving 

therapeutic outcomes92. Similarly, in bioengineering and enzyme engineering, structural 

insights enable the redesign of enzymes to catalyze reactions more efficiently or under novel 

conditions, which is crucial for industrial applications such as biofuel production93. 

Additionally, understanding the structures of biological molecules aids in elucidating the 

mechanisms of diseases at the molecular level, facilitating the development of more effective 

treatments by targeting specific molecular pathways involved in disease processes94. 

1.5) Lipid Diversity and Functionality in the Cell Membrane 

The cell membrane is a complex mosaic of lipids, each contributing to its structural integrity, 

dynamic behavior, and functional diversity. Indeed, in most animal cell membranes, lipid 

molecules make up 50% of the mass, while proteins account for most of the remaining half1. 

Each lipid molecule found in cell membranes exhibits an amphipathic (or amphiphilic) 

characteristic, having a hydrophilic (polar) region and a hydrophobic (nonpolar) region1,6. 

This dual characteristic enables the lipid molecules to self-assemble into membranes. This 

process is driven by entropy, as the hydrophobic parts of the molecules avoid water and 

cluster together, while the hydrophilic parts seek to interact with the surrounding water. 

This organization reduces the system's overall energy, effectively creating a barrier that 

defines the cell's boundaries and provides structure to the membrane6. The lipid 

composition of the membrane is heterogeneous, varying between different cell types and 

even within different regions of the same cell6,95. Understanding the variety and roles of 

these lipids is crucial for deciphering membrane physiology and its implications in health 

and disease. The major classes of membrane lipids are: 

1. Phospholipids: These are the most abundant and thus considered the primary building 

blocks of the cell membrane1,6. Phospholipids are amphipathic molecules with a 
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hydrophilic phosphate head group and two hydrophobic fatty acid tails. The most 

common phospholipids include phosphatidylcholine (PC), phosphatidylethanolamine 

(PE), phosphatidylserine (PS), and phosphatidylinositol (PI). Each phospholipid 

contributes to membrane properties; for example, PC is the most abundant eukaryotic 

phospholipid and provides structural stability in addition to cell-signaling functions6,96, 

while PS is negatively charged and involved in interactions with proteins and mediation 

of intracellular and extracellular signaling pathways97. 1-Palmitoyl-2-oleoyl-sn-glycero-

3-phosphocholine (POPC) is a specific phospholipid often studied for its prevalence in 

biological membranes and its role in maintaining membrane fluidity98. 

Phosphatidylinositol 4,5-bisphosphate (PIP2) is an integral component of many cellular 

signaling pathways99, serving as a substrate for phospholipase C (PLC), which catalyzes 

its hydrolysis to produce second messengers, inositol 1,4,5-trisphosphate (IP3), and 

diacylglycerol (DAG). These second messengers play essential roles in intracellular 

calcium release and the activation of protein kinase C, respectively100,101. 

2. Sterols: These lipids are critical components of the cell membrane, modulating its 

fluidity, thickness, and permeability102. As an example, cholesterol is crucial in regulating 

various biological processes103, such as passive permeation104, and protein and enzyme 

activity105. Cholesterol intercalates between phospholipids, reducing membrane fluidity 

by restricting the movement of fatty acid tails and increasing membrane rigidity102. This 

balance is essential for maintaining membrane integrity and optimizing the function of 

membrane proteins102. 

3. Glycolipids: These lipids, composed of a lipid moiety and one or more carbohydrate 

residues, are primarily found in the outer leaflet of the plasma membrane107. Glycolipids 

play crucial roles in cell recognition, adhesion, and communication, as well as in the 

immune response107. Gangliosides, a type of glycolipid, are involved in cell signaling and 

are markers for cellular differentiation107. These sialic acid-containing 

glycosphingolipids are primarily found in the nerve tissues but are also present in 

various other tissues, highlighting their importance across multiple biological functions 

and diseases107. Gangliosides facilitate essential cell-cell interactions and play regulatory 

roles in natural killer cell activity, myelin-axon interactions, and inflammation, often 

through their interactions with proteins like Siglecs and selectins107. 
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4. Sphingolipids: This class of lipids includes sphingomyelin, ceramide, and 

glycosphingolipids108–110. Sphingolipids are essential for membrane structure and are 

involved in various signaling pathways108–110. Sphingomyelin, for example, is a major 

component of lipid rafts and is involved in signal transduction and apoptosis109. 

Ceramide, another significant sphingolipid, functions as a bioactive molecule that 

regulates cell death, differentiation, and proliferation110. Glycosphingolipids, including 

gangliosides, are essential for cellular recognition processes and are involved in the 

modulation of cell signaling, contributing to the structural diversity and functionality of 

cellular membranes108. 

The intricate interplay between different lipids in the cell membrane is essential for its 

diverse functions. The specific arrangement and interactions of these lipids influence 

membrane fluidity, curvature, and the formation of microdomains, which are critical for 

membrane dynamics and the regulation of cellular activities. Understanding the diversity 

and roles of membrane lipids is fundamental for exploring membrane biology and its 

implications in health and disease. 

1.6) The Electrical Symphony: Cellular Currents and the Action Potential 

The action potential is a fundamental mechanism in cellular physiology, representing a brief 

and rapid change in the membrane potential of excitable cells such as neurons and muscle 

cells. This electrical event underlies the transmission of nerve impulses and muscle 

contraction, orchestrating a complex interplay of ionic currents across the cell membrane, 

essential for communication and function in many bodily systems. 

At the core of the action potential lies the delicate balance between two primary types of 

ionic currents: inward sodium currents (INa) and outward potassium currents (IK). These 

currents are mediated by voltage-gated sodium (NaV) and potassium (KV) channels, which 

respond dynamically to changes in membrane potential. 

The action potential is a masterful orchestration of ionic currents, a testament to the 

precision and complexity of cellular processes. Understanding this electrical symphony not 
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only sheds light on the fundamental mechanisms of cellular communication but also 

provides insights into the pathophysiology of various neurological and cardiac disorders, 

paving the way for targeted therapeutic interventions. 

a. Neuronal Action Potential 

The neuronal action potential embodies the quintessence of neural communication, 

facilitating the rapid and precise transmission of information within the nervous system39. 

This electrical impulse traverses the neuron's axon, carrying signals across vast networks of 

neural pathways39. 

The neuronal action potential is characterized by distinct phases111–114: 

1. Resting Membrane Potential: The stage is set with the neuron at rest, harboring a 

membrane potential of approximately -70 to -60 mV. This negative potential is 

maintained chiefly by the selective permeability of the membrane to potassium ions (K+) 

and the diligent efforts of the Na+/K+ ATPase pump, which extrudes three sodium ions 

(Na+) for every two potassium ions brought into the cell, thereby sustaining the 

electrochemical gradient. 

2. Depolarization: Triggered by a stimulus, this phase sees the dramatic opening of 

voltage-gated sodium channels (NaV), which allows a swift influx of Na+ into the neuron. 

This influx shifts the membrane potential in a more positive direction, marching towards 

the threshold required to fire an action potential. 

3. Rising Phase: Once the threshold is crossed, NaV channels fully open, permitting a more 

substantial entry of Na+ through a positive feedback loop mechanism. This rapid inflow 

propels the membrane potential upward, creating the rising phase of the action potential, 

a critical step in the neural signal's journey. 

4. Overshoot: The culmination of the rising phase is the overshoot, where the membrane 

potential momentarily reverses its sign, achieving a positive peak between +30 to +40 

mV. This reversal underscores the neuron's full commitment to transmitting the signal. 

5. Repolarization: The narrative takes a turn as voltage-gated potassium channels (KV) 

open, ushering K+ out of the neuron. Concurrently, NaV channels start to inactivate, 
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stemming the Na+ influx. These actions collectively pull the membrane potential back 

down towards its resting value. 

6. Afterhyperpolarization: An overcorrection occurs, with the membrane potential 

dipping below the resting level due to the continued outward flow of K+ and the delayed 

closure of KV channels. This hyperpolarization ensures a unidirectional flow of the action 

potential and contributes to the refractory period, during which the neuron is less 

susceptible to firing another action potential. 

7. Return to Resting State: Gradually, the membrane potential is restored to its resting 

level, prepared for the initiation of a new action potential. This restoration is facilitated 

by the Na+/K+ ATPase pump as well as leak channels, which rectify the ion concentrations 

disrupted during the action potential. 

b. Cardiac Action Potential 

In stark contrast to neurons, cardiac cells orchestrate a longer and more complex action 

potential, essential for the rhythmic contraction of the heart. The cardiac action potential 

encompasses five phases, each contributing to the heart's ability to pump blood 

effectively28,115,116: 

Phase 0 (Rapid Depolarization): Initiated by the opening of voltage-gated sodium channels, 

this phase mirrors the depolarization in neurons but is pivotal for the synchronous 

contraction of cardiac muscle. 

Phase 1 (Initial Repolarization): A brief outward flux of K+ follows, slightly lowering the 

membrane potential in a nod to the impending plateau phase. 

Phase 2 (Plateau): Characteristically unique to cardiac cells, this phase is mediated by the 

slow, prolonged opening of voltage-gated calcium channels (CaV), allowing Ca2+ to enter the 

cell. This influx is counterbalanced by a slow efflux of K+, maintaining a prolonged 

depolarized state crucial for cardiac muscle contraction. 

Phase 3 (Rapid Repolarization): The closure of CaV channels and an enhanced outward flow 

of K+ through KV channels bring about a swift repolarization, resetting the cardiac cell's 

membrane potential. 
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Phase 4 (Resting Membrane Potential): The cardiac cell returns to its resting state, 

readying itself for the next action potential. This state is maintained by the Na+/K+ ATPase 

pump and leak channels, ensuring the heart's readiness for another cycle of contraction. 

c. Comparing and Contrasting Neuronal and Cardiac Action Potentials 

Neuronal and cardiac action potentials, while both essential for their respective systems, 

exhibit several key distinctions.  

Neuronal action potentials are brief and sharp, designed to facilitate rapid and precise signal 

transmission across the nervous system111–114. These action potentials typically last only a 

few milliseconds and involve a rapid influx of sodium ions followed by a swift efflux of 

potassium ions, allowing neurons to quickly reset and fire at high frequencies111. This rapid 

signaling is crucial for processing complex information and responding to environmental 

stimuli rapidly111.  

In contrast, cardiac action potentials feature a longer duration (200-400 ms compared to 1-

5 ms of action potentials in the nerves or muscles117) with a unique plateau phase, critical 

for the heart’s pumping function28,115,116. This plateau phase, maintained mainly by calcium 

influx, ensures a prolonged contraction of the heart muscle, necessary for effective blood 

circulation28. The longer duration and extended refractory period of cardiac action 

potentials prevent premature re-excitation of the heart cells, ensuring coordinated and 

sequential contractions essential for maintaining a steady heartbeat28. 

When it comes to the ionic contributions, both types of action potentials rely on the flow of 

sodium (Na+) and potassium (K+) ions. However, calcium (Ca2+) ions play a more prominent 

role in cardiac action potentials, contributing significantly to the plateau phase and the 

excitation-contraction coupling in heart muscle cells118. The refractory period also differs 

between the two; neurons have a shorter refractory period, allowing for rapid, successive 

firing of action potentials111, whereas cardiac cells have an extended refractory period that 

matches with the longer duration of the action potential28. This extended refractory period 
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is crucial for preventing the possibility of tetanic contractions and ensuring the orderly 

progression of the heartbeat28,115,116. 

Another distinction lies in the regenerative mechanism; neuronal action potentials are 

typically initiated by synaptic inputs or sensory stimuli28, while cardiac action potentials are 

often initiated by pacemaker cells, such as those in the sinoatrial node47, which possess the 

intrinsic ability to generate rhythmic depolarizations. Furthermore, the propagation of these 

action potentials differs; neuronal action potentials propagate along axons to transmit 

information between different regions of the nervous system, whereas cardiac action 

potentials propagate through the interconnected network of cardiac muscle cells, ensuring 

synchronized contraction of the heart chambers28,111–116. 

In summary, despite sharing some fundamental mechanisms, neuronal and cardiac action 

potentials exhibit distinct characteristics and roles that reflect the specialized functions of 

the nervous and cardiovascular systems. Understanding these differences is crucial for 

appreciating the intricate workings of these vital physiological processes. 

d. Patch-Clamp Technique for Studying Ionic Currents 

The patch-clamp technique, developed by Erwin Neher and Bert Sakmann in the late 1970s, 

revolutionized the field of electrophysiology by enabling high-resolution recordings of 

membrane currents from single ion channels and whole cells. This method is essential for 

understanding the electrophysiological properties of neurons and cardiac cells, particularly 

in measuring action potentials and the underlying ionic currents. The significant impact of 

this technique was recognized with the awarding of the Nobel Prize in Physiology or 

Medicine to Neher and Sakmann in 1991 for their groundbreaking work in this area119. 

Patch-clamping involves using a glass micropipette with a polished tip to create a tight seal 

(giga ohm seal or gigaseal) creating a resistance in the 10-100 giga-ohms range with the cell 

membrane. This technique enables the isolation and precise recording of electrical currents 

across the cell membrane, providing high sensitivity and minimal noise interference. The 

micropipette is filled with an electrolyte solution, and a silver-silver chloride (Ag-AgCl) 
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electrode is inserted to transmit the electrical signals to an amplifier, facilitating detailed 

electrophysiological studies119–121. 

There are several different configurations of the patch-clamp setup, each designed to achieve 

specific experimental goals122,123. The primary configurations are: 

1. Cell-Attached Mode: The pipette forms a seal with a small patch of the cell membrane, 

allowing for the recording of currents from individual ion channels within that patch. 

2. Whole-Cell Mode: After forming the cell-attached configuration, suction is applied to 

rupture the patch of membrane under the pipette, establishing electrical access to the 

entire cell. This allows for the recording of whole-cell currents and action potentials. 

3. Inside-Out and Outside-Out Modes: These configurations involve the excision of a 

patch of membrane with the pipette. In the inside-out mode, the intracellular side of 

the membrane is exposed to the bath solution, while in the outside-out mode, the 

extracellular side faces the bath. These configurations are useful for studying the 

effects of intracellular or extracellular factors such as different voltage protocols, 

ionic bath compositions and drug molecules on ion channel activity. 

The patch-clamp technique has been instrumental in advancing our understanding of the 

electrical properties of cells and the function of ion channels under both normal and 

pathological conditions121. Its precision and versatility make it a cornerstone method in 

electrophysiological research119. 

e. Measuring Action Potentials with Patch-Clamping 

Patch-clamping, especially in whole-cell mode, is excellently suited to measure the 

membrane potential in excitable cells. The procedure includes124,125: 

1. Preparation: Cells are typically cultured or freshly isolated and placed in a recording 

chamber filled with an appropriate physiological solution. The glass pipette is filled 

with an electrolyte solution that mimics the intracellular environment. 
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2. Gigaseal Formation: The pipette is carefully positioned against the cell membrane 

using a micromanipulator. Gentle suction is applied to form a tight seal between the 

pipette and the membrane. 

3. Membrane Rupture: A brief suction or an electrical pulse ruptures the membrane 

patch, allowing the pipette to access the cell’s interior. This configuration now allows 

the measurement of the cell's overall ionic currents. 

4. Recording: Using a patch clamp amplifier, the membrane potential is held at a set 

value (voltage clamp) or allowed to vary naturally (current clamp). In current clamp 

mode, the amplifier records changes in membrane potential as the cell generates 

action potentials in response to stimuli. 

5. Data Analysis: The recorded action potentials are analyzed to determine key 

parameters such as amplitude, duration, and frequency. This information provides 

valuable insights into the function of ion channels, the effects of pharmacological 

agents, and the mechanisms underlying various physiological and pathological 

conditions. 

1.7) Benchtop to Desktop: The Next Frontier in Human Electrophysiology  

In the opening chapter of this dissertation, we have explored the complex architecture and 

dynamic roles of the cell membrane, highlighting its critical function as the orchestrator of 

membrane transport and electrical signaling. We examined the detailed structure of the lipid 

bilayer, the diverse functionalities of embedded proteins, and the intricate dance of ions and 

molecules across this biological barrier. This foundation underscores the membrane's 

pivotal role in regulating cellular life processes, from ion exchange to receptor signaling, all 

of which are fundamental to understanding human physiology. 

As we move forward, we will pivot to a discussion of computational approaches that 

complement the experimental insights gained in the first chapter. These computational 

models are invaluable in bridging the gap between theoretical knowledge and practical 

application, especially in the complex field of human electrophysiology. This is particularly 

crucial in the study of ion channels and transport mechanisms, where computational 
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simulations can predict how changes in environment, structure, or intermolecular 

interactions affect cellular functionality. 

The interplay between computational and experimental methodologies exemplifies the 

cutting-edge trends of modern biomedical science, where innovation in one area sparks 

advancements in another. Through this interdisciplinary approach, we strive to unlock 

deeper insights that could redefine the future of medicine and human well-being. 
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CHAPTER 2: 

From Micro to Macro: Computational Techniques  

for Multiscale Physiological Studies 

“Nothing in life is to be feared, it is only to be understood.  

Now is the time to understand more, so that we may fear less.” – Marie Curie (1867 – 1934) 

 

2.1) Overview of Computational Modeling and Simulation in Physiology 

a. The Need for Computational Models 

Computational models are invaluable in physiology, providing platforms for formulating 

hypotheses about how biological systems operate under different conditions and 

interventions. These models offer virtual environments for the predictive testing and 

refinement of hypotheses, enhancing our comprehension of intricate biological processes in 

a reproducible and controlled setting. Developed based on well-understood biological 

mechanisms, these models undergo rigorous validation against empirical data, confirming 

their accuracy and reliability. Such validations are essential, reinforcing the models' ability 

to mimic and predict real-world biological behaviors accurately1. 

Moreover, scientists can use computational models to explore scenarios that might be 

difficult or unethical to test in vivo, such as the impact of various drug dosages on human 

tissues2 or the progression of diseases under different conditions3,4. By simulating these 

conditions, they can gather preliminary data that can guide the design of future experimental 

studies, ultimately leading to more efficient research efforts. 

As technology advances, human knowledge also expands. The iterative nature of 

computational modeling allows for continuous improvement of the models as new data 

becomes available5. This adaptability ensures that the models remain relevant and accurate 

over time. The integration of computational models with experimental data not only 
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enhances the robustness of the research findings but also accelerates the pace of scientific 

advancements by providing deeper insights into the complexities of biological systems. 

b. Types of Models 

1. Whole-body: These models simulate the interactions of all physiological systems within 

an entire organism, providing a comprehensive view of overall health and disease states. 

Such models are essential for understanding how various systems of the body interact 

and influence each other, which is crucial in diagnosing systemic diseases and in the 

development of treatments that might affect multiple body systems. Whole-body models 

often integrate data from various organs to simulate how changes in one affect the others, 

and they are especially useful in the study of drug’s pharmacokinetics and 

pharmacodynamics across the human body6. 

2. Organs and Organ Systems: These models focus on a specific organ, detailing its 

functionality and pathophysiology under various conditions. By concentrating on one 

organ, these models allow researchers and clinicians to delve deeply into the specific 

diseases affecting that organ, such as heart disease in cardiac models7. Organ-specific 

models are critical in developing targeted therapies and are widely used in the 

development of medical devices and surgical interventions that require precise 

understanding of an organ's response to treatments. 

3. Tissue: Tissue models simulate the behavior of specific types of tissues, such as epithelial, 

connective, or muscle tissues. These models are particularly valuable in studying 

diseases that primarily affect specific tissue types, such as fibrosis or cancer. Tissue 

models help in understanding the progression of these diseases and the impact of 

potential treatments at the tissue level. They provide insights into cellular interactions 

within the tissue and how these interactions contribute to the overall function or 

dysfunction of the tissue8. 

4. Cell: Cell models focus on the activities within individual cells, such as action potential 

generation9, metabolic pathways10, genetic regulation11, or signaling pathways12. These 

models are fundamental in molecular biology and genetic engineering as they provide 

insights into how changes at the cellular level affect cell behavior and disease 
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progression. Cell models are essential for drug development, particularly for 

understanding how drugs interact with cellular components and influence cell function9. 

5. Subcellular: These models delve into the subcellular level, focusing on proteins and 

other macromolecules as well as specific subcellular signaling pathways. They are used 

to study the structural properties of proteins, their interactions, and their role in cellular 

functions. Subcellular models are crucial for understanding diseases at the molecular 

level and for developing targeted therapies that interact with specific proteins or 

molecular pathways. They often employ techniques from molecular dynamics13,14 and 

quantum chemistry15 to simulate the behavior of molecules in high detail, which is critical 

for drug design and understanding enzyme catalysis.  

c. Classifications of Simulations 

1. Deterministic: These simulations employ predefined equations and parameters to 

predict specific outcomes under controlled conditions, allowing for precise predictions 

and analyses. Deterministic models are particularly useful in situations where variables 

are well understood and can be accurately measured. They excel in scenarios where the 

biological systems are large enough that random fluctuations average out and do not 

significantly affect the system's behavior. A notable example is molecular dynamics 

simulation, which is extensively used for studying the dynamic structural behavior of 

biomolecules like proteins and nucleic acids. Molecular dynamics simulations are 

particularly effective in exploring the motion and interactions at the atomic level over 

time, such as examining the folding process of proteins14 or the interactions between 

ligands and their target protein sites, providing precise insights into molecular 

mechanisms13,16. Additionally, deterministic models are crucial in cardiac cell functional 

modeling, particularly for simulating the precise interactions within cardiac cells during 

heart rhythm propagation and potential arrhythmia mechanisms9. 

2. Stochastic: Incorporating elements of randomness and probability, stochastic 

simulations offer a more accurate reflection of the inherent variability found in 

biological processes. Stochastic models are particularly suited for examining biological 

systems where the discrete nature and the small number of molecules can lead to 
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significant variations in the behavior of the system. For instance, Brownian dynamics 

simulations, a subset of stochastic methods, are utilized to calculate reaction rates in 

biochemical pathways, thereby offering insights into cellular processes17,18. 

3. Agent-based: These models simulate the actions and interactions of individual 

autonomous agents within a system, such as cells or molecules, to study the collective 

effects of individual behaviors on the system as a whole. This approach is particularly 

valuable for understanding emergent behaviors and the dynamics of complex systems, 

where the global system behavior results from the interactions at a micro-level. As an 

example, agent-based modeling is instrumental in exploring the dynamics of tumor 

microenvironments and their response to therapeutic interventions, providing a deeper 

understanding of cancer progression and treatment efficacy19. 

2.2) Biomolecular Structural Modeling 

The evolution of protein structural modeling reflects a significant shift from early empirical 

methods20,21, which relied heavily on direct insights and physical experimentation, to 

advanced computational approaches powered by artificial intelligence22–24. This 

transformation has been pivotal in enabling researchers to unravel the complexities of 

biological systems, accurately predict protein behaviors, and accelerate the pace of drug 

discovery. Particularly, the integration of machine learning technologies marks a profound 

advancement, enhancing the precision, accuracy, and efficiency of modeling techniques and 

broadening the scope of their application in modern biosciences. 

The journey began in the mid-20th century with the first protein structures determined by 

X-ray crystallography. The pioneering work by Max Perutz and John Kendrew on hemoglobin 

and myoglobin, respectively, laid the groundwork for structural biology25–27. By the 1970s, 

as more protein structures were solved, researchers could predict protein structures based 

on amino acid sequence homology. This method, known as homology modeling, relies on the 

assumption that protein structures are more conserved through evolution than their amino 

acid sequences. Tools such as MODELLER, developed in the 1990s, facilitated these 

predictions by constructing models based on known template structures28. 
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By the early 2000s, the field saw further advancements with the development of the Rosetta 

platform – a comprehensive software suite for protein structure prediction and design20,21,29. 

It uses both experimental data and theoretical models to predict the three-dimensional 

structures of proteins30, design new proteins21, model protein-protein interactions13,31, and 

simulate protein-ligand binding32. Rosetta has been pivotal in various biomedical 

applications, such as vaccine design where it was used to predict the structure of surface 

proteins of viruses to create more effective vaccine candidates33. It has also been 

instrumental in enzyme design, where researchers have used it to engineer enzymes with 

new functionalities, such as the creation of enzymes capable of degrading plastic, thereby 

addressing environmental issues34. Additionally, Rosetta has contributed to understanding 

the molecular basis of genetic disorders by modeling the effects of mutations on protein 

structural stability35. I-TASSER (Iterative Threading ASSEmbly Refinement) is another 

powerful tool for protein structure and function predictions36. It works by constructing a 

protein model through iterative template-based fragment assembly, followed by atomic-

level structure refinement. 

The most recent revolution in protein structural modeling has been driven by deep learning, 

epitomized by DeepMind's AlphaFold23. AlphaFold uses a deep learning architecture based 

on the attention mechanism that allows it to interpret the spatial relationships between 

amino acid residues in a protein23. AlphaFold's approach involves predicting the distances 

and angles between pairs of residues, which it uses to construct a highly accurate 3D model 

of the protein structure23. AlphaFold's capabilities were highlighted in the Critical 

Assessment of protein Structure Prediction (CASP) competition, where it outperformed 

other methods by a significant margin37,38. The accuracy of AlphaFold's predictions is often 

comparable to that achieved with experimental methods, such as X-ray crystallography and 

cryo-electron microscopy, making it a powerful tool for researchers37,38. The system's ability 

to predict structures within days, a process that might otherwise take years in the lab, marks 

a monumental shift in structural biology. The tool has profound implications for biomedical 

research, such as expediting the process of drug discovery by providing detailed structural 

data that can help in the design of drugs that precisely target disease-related proteins39. 
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ESMFold, developed by researchers at Meta AI, extends the capabilities of machine learning 

in protein structure prediction by incorporating evolutionary scale modeling24. This method 

utilizes large language models that are traditionally used in natural language processing to 

understand the evolutionary relationships between different protein sequences. By training 

on extensive databases of known protein structures, ESMFold can predict the structure of 

related proteins even if they are not closely related to any sequence with a known 

structure24. ESMFold emphasizes leveraging evolutionary data, which helps in modeling 

proteins that have few known analogues, potentially filling gaps left by other methods like 

AlphaFold24. 

RoseTTAFold, developed by the Baker lab at the University of Washington, shares 

similarities with AlphaFold in its use of deep learning but introduces a novel three-track 

neural network architecture that processes information about the sequence, structure, and 

the relations between sequence and structure22. This architecture allows RoseTTAFold to 

efficiently predict protein structures as well as interactions between proteins and RNA or 

between multiple protein subunits. The technique strikes a balance between computational 

efficiency and accuracy, making it particularly useful for researchers with limited 

computational resources. RoseTTAFold has been applied to various problems beyond mere 

structure prediction, including complex modeling scenarios involving multiple interacting 

chains40.  

The primary differences among these approaches employing artificial intelligence lie in their 

architectural distinctions and specific applications. AlphaFold uses a deep learning model 

based on transformers and excels in accuracy, making it suitable for creating detailed models 

of protein structures23. ESMFold applies evolutionary data through large language models, 

which can enhance predictions for proteins with fewer known relatives24. In contrast, 

RoseTTAFold's flexible architecture allows it to handle a broader range of biological 

problems, including multi-chain interactions, not just single protein folding22. 

Today, the integration of artificial intelligence (AI) and deep learning into structural 

modeling and molecular docking continues to evolve, promising not only faster and more 

accurate predictions but also the capability to handle larger and more complex molecular 
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systems. This evolution from empirical and knowledge-based methods to computational and 

AI-driven techniques highlights the dynamic and rapidly advancing nature of the field, 

continually expanding the boundaries of what can be achieved in computational biology and 

molecular medicine. As these tools evolve, they will undoubtedly unveil new dimensions of 

biological complexity, opening up further opportunities for scientific discovery and 

therapeutic invention. 

2.3)  Molecular Docking of Drugs and Peptides 

Molecular docking is a computational technique that models the interaction between two or 

more molecules, typically between a small molecule (like a drug or peptide) with a larger 

molecule (such as a protein), to predict the orientation and affinity of the molecules when 

they are bound to each other. This method is crucial for understanding molecular 

mechanisms of action and for facilitating the design of new therapeutic agents with higher 

efficacy and specificity. 

Molecular docking involves two primary components: the docking algorithm and the scoring 

function. The docking algorithm predicts the possible binding modes of the drug molecule to 

its target protein, while the scoring function evaluates the stability and strength of the 

interaction. More realistic docking considers the flexibility of both the ligand and the target 

molecule41, although accounting for protein flexibility remains computationally challenging 

and is often simplified. 

The history of molecular docking, a vital computational technique in drug discovery, dates 

back to the early 1980s when the first algorithms were developed to predict how small 

molecules, such as drugs, interact with proteins42. This method emerged from the need to 

understand and predict the interactions at the molecular level without relying solely on 

labor-intensive experimental methods. This pioneering software, named DOCK, was 

developed by Tack Kuntz and colleagues at the University of California, San Francisco in 

198242. It was aimed to simulate the docking process of small molecules into the binding 

sites of target proteins, akin to fitting a key into a lock42. 
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Over the years, molecular docking has evolved with advancements in computational power 

and algorithms, including the development of more sophisticated scoring functions and the 

incorporation of protein and ligand flexibility to improve accuracy32,43–46. As an example, 

RosettaDock is a commonly used and powerful tool for modeling protein-protein 

interactions today43–45. It refines the interface between proteins by optimizing the side-chain 

conformations and slight adjustments to the backbone, allowing a high degree of accuracy in 

predicting protein complexes43. RosettaDock is particularly useful in the design of protein 

interfaces and engineering novel protein interactions43–45. For example, it was used in our 

recent study to investigate the interaction between the tarantula peptide Protoxin-II and the 

NaV1.7 sodium channel, important in pain perception13 (see Chapter 3 for more details). The 

tool provided detailed insights into the binding interactions between the toxin and the 

channel, highlighting crucial interaction points for drug design. This research supports the 

development of Protoxin-II analogs and offers a foundation for creating targeted pain 

management therapies13. Moreover, RosettaDock has been instrumental in designing 

antibodies that can selectively bind to and neutralize the influenza virus, providing a basis 

for potential flu vaccines47. 

As another example, GALigandDock is a molecular docking software that uses a genetic 

algorithm to optimize the docking simulations32. Genetic algorithms are search algorithms 

based on the mechanics of natural selection and genetics. They are particularly useful in 

molecular docking for exploring large search spaces and finding the best fit or highest affinity 

of a ligand to a protein's active site. GALigandDock iteratively improves the fit of the drug 

molecule to the binding site by mutations and crossover in genetic algorithm reflecting 

natural evolution32. This method is effective in cases where the ligand flexibility needs to be 

considered, such as in docking large and complex molecules. 

Commonly used in the pharmaceutical industry, GLIDE and GOLD are widely recognized for 

their efficacy in virtual screening and docking accuracy48–50. GLIDE, for example, is praised 

for its ability to consistently yield high enrichment factors (i.e., the concentration of the 

active ligands) among the top-scoring docking hits, making it an excellent choice for virtual 

screening applications48,51. It successfully identifies active compounds, showing a notable 
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advantage in handling various protein targets and ligand sets52. Similarly, GOLD has 

demonstrated strong performance across multiple assessments, especially noted for its 

superior sampling power and the ability to accurately reproduce known inhibitor 

conformations in the docking process49,50. These tools have become industry standards due 

to their robust algorithms and consistent results in complex docking scenarios. 

In conclusion, the advancements in molecular docking have undeniably established it as an 

indispensable method within the pharmaceutical industry. Its critical role in the 

development and optimization of new therapeutic agents continues to influence 

groundbreaking research and innovation in drug discovery, particularly in the context of 

both small molecule drugs and peptide-based therapies. As this technique evolves, it 

promises to further enhance the accuracy and efficacy of therapeutic interventions, marking 

its significance not only as a tool for today but also as a foundation for future pharmaceutical 

advancements. 

2.4)  Molecular Dynamics Simulations of Biomolecules 

Molecular dynamics (MD) simulations are advanced computational techniques designed to 

study the physical movements of atoms and molecules within various systems. These 

simulations are instrumental for scientists as they enable detailed observation and analysis 

of how particles interact and evolve over time. The process involves numerically solving 

Newton's equations of motion for each particle, providing a dynamic view of molecular 

behavior and interactions. 

The development of MD simulations can be traced back to the mid-20th century when 

scientists first utilized computers to study the dynamics of hard spheres53. Initially, these 

simulations were rudimentary, limited to modeling only a handful of particles due to the 

computational constraints of the time. However, the field of MD simulations has undergone 

significant transformations due to technical advancements in computing power54. By the 

1970s, researchers were able to perform simulations of proteins and other complex 

biological molecules, marking a significant milestone in the field55. Today's simulations 

leverage enhanced computational power and sophisticated algorithms, allowing for the 
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intricate and detailed modeling of complex biomolecular systems. This evolution has 

expanded the applicability of MD simulations, making them a crucial tool in areas such as 

drug discovery and materials science, where they help predict molecular behaviors and 

interactions with high accuracy56,57. 

A variety of software packages are available for conducting MD simulations, each with its 

own unique features and capabilities. Prominent among these are GROMACS58, AMBER59, 

and NAMD60, which are widely used in the scientific community for a range of applications 

from biomolecular studies to materials science. These programs are designed to facilitate 

detailed and scalable simulations, providing researchers with the tools needed to model 

complex systems at the molecular level.  

The predictive power of MD simulations largely depends on the use of accurate forcefields. 

Forcefields are mathematical models that describe the forces and potential energies between 

atoms in a molecule. They include sets of equations and empirical parameters that describe 

various types of interactions —such as bonded interactions (e.g., covalent bonds) and non-

bonded interactions (e.g., electrostatic and van der Waals). 

The selection of an appropriate forcefield is critical because it directly affects the 

simulation's ability to replicate real-world molecular dynamics. Different forcefields may be 

optimized for specific types of molecules or conditions, thus affecting the results of the 

simulations61. For instance, the AMBER ff14SB is often preferred for exploring protein 

dynamics62, while CHARMM27 can be used for the investigations of nucleic acid 

interactions63. The development and refinement of these forcefields are ongoing processes, 

as they are continually updated and validated against experimental data to improve their 

accuracy and applicability61,64. 

MD simulations are extensively employed in the study of biomolecules, including proteins 

and nucleic acids57. By simulating the atomic-level interactions within these complex 

molecular systems, MD simulations provide invaluable insights into their structures, 

dynamics, and functions. This detailed understanding is crucial for unraveling the 

mechanisms underlying various biological processes and phenomena. 
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In pharmaceutical research, MD simulations play a pivotal role in drug discovery and 

development. They are used to model and predict the interactions between drugs/peptides 

and their molecular targets, aiding in the design of molecules with optimal binding 

properties13. This computational approach not only speeds up the drug development process 

but also enhances its accuracy by allowing scientists to foresee how modifications in drug 

structure might impact efficacy and safety. 

2.5) Advanced Techniques in Molecular Dynamics Simulations 

MD simulations employ several advanced techniques to enhance sampling efficiency and 

navigate the complex energy landscapes of molecular systems. These techniques are crucial 

for studying dynamic processes that occur over extended timescales or involve significant 

free energy barriers. 

1. Coarse Graining: Coarse-grained models in MD simulations reduce the number of 

degrees of freedom by simplifying the molecular systems, thus extending simulation 

timescales and enabling the study of larger systems efficiently65. Coarse-grained 

models simplify molecules into fewer interaction groups compared to all-atom 

representations, such as combining all atoms in an amino acid residue as a single 

particle, which allows the simulation to cover longer timescales due to fewer 

interactions being calculated65. Coarse graining serves as a bridge between detailed 

molecular behavior and larger-scale biological functions, making it possible to 

explore complex systems that were previously intractable with traditional simulation 

methods. For example, Maisuradze et al. used coarse-grained MD simulations to 

explore the folding dynamics of proteins66. Their work demonstrates that coarse-

grained models can effectively capture essential aspects of protein folding kinetics 

and thermodynamics, providing insights into folding pathways and intermediate 

states66. 

2. Umbrella Sampling: Umbrella sampling is a powerful technique used in MD 

simulations to calculate free energy profiles along a reaction coordinate by 

performing multiple simulations at various values of the coordinate using harmonic 

restraints67. This method is particularly useful for exploring the free energy 
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landscapes of biomolecular systems, where it helps understand various biochemical 

processes by providing insights into the energy barriers and stable states along a 

reaction pathway. For example, umbrella sampling has been employed in studies such 

as those by Kästner to calculate the free-energy differences across biomolecular 

reactions67. This method involves applying a series of biased potentials, typically 

harmonic, to drive the system through different states along a predefined reaction 

coordinate. Each state is explored within a window set by reference coordinates and 

restraints, and the data collected from these windows are then integrated using 

techniques like weighted histogram analysis method to construct the overall free 

energy profile across the reaction coordinate68. 

3. Metadynamics: Metadynamics is an advanced simulation technique that employs a 

time-dependent, history-dependent bias potential to effectively navigate free energy 

landscapes, making it particularly suitable for complex molecular systems where 

local minima can trap the system69. This method functions by adding a Gaussian 

potential at each step of the simulation, effectively filling these minima and allowing 

the system to explore other states that might otherwise be inaccessible due to high 

energy barriers. The adaptive nature of the bias potential in metadynamics aids in 

exploring these landscapes efficiently by continuously modifying the potential in 

response to the state of the system. 

4. Replica Exchange MD: Replica exchange MD is a sophisticated simulation method 

that improves sampling efficiency by running multiple replicas of a system 

concurrently at various temperatures or modifications of the energy function 

(Hamiltonian)70. This technique enables the replicas to exchange configurations 

among themselves, which helps in overcoming energy barriers and facilitates a more 

thorough exploration of the energy landscape. Replica exchange MD is especially 

beneficial because it allows systems trapped in local minima to escape and explore 

other areas of the energy landscape that might be energetically favorable70. The 

configuration exchanges between replicas ensure that each replica can traverse a 

wider range of energy states than would be possible in a single, isolated simulation, 

leading to more robust and reliable sampling. 
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2.6) Computational Models of Cellular Electrophysiology 

Moving from the molecular intricacies of proteins and ions to the cellular level, the field of 

electrophysiology utilizes mathematical modeling to bridge our understanding of how 

individual cellular components contribute to larger, system-wide functions. In 

electrophysiology, these models transform our insights from molecular dynamics into a 

broader context, focusing on the electrical activities within cells. By applying principles from 

biophysics and electrical circuit theory, we treat the cell membrane as an electrical circuit, 

where ion channels act as essential components. This methodological shift allows us to apply 

mathematical laws to simulate and predict the dynamics of action potentials, providing a 

comprehensive view that links molecular interactions to cellular behavior. Although this 

approach simplifies complex biological processes, it effectively exposes the fundamental 

patterns and governing principles of action potentials, enhancing our understanding of 

cellular function in health and disease. 

a. Modeling the Cell Membrane as an Electrical Circuit 

The cell membrane can be modeled as a parallel electrical circuit composed of resistors and 

capacitors. The resistors represent the ion channels, each with a specific conductance for 

different ions (e.g., Na+, K+, and Ca2+), while the capacitor represents the lipid bilayer's 

capacity to store electrical charge.  

Ohm's Law states that the current (I) through a conductor is directly proportional to the 

voltage difference (V) across it and inversely proportional to its resistance (R): 

𝐼 =
𝑉

𝑅
 

In the context of ion flow, the current for a specific ion (Iion) can be expressed as: 

𝐼ion = 𝑔ion ⋅ (𝑉𝑚 − 𝐸ion) 

where 𝑔ion is the conductance of the ion channel, 𝑉𝑚 is the membrane potential, and 𝐸ion is 

the equilibrium potential for that ion (also known as the reversal or Nernst potential). 
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The Nernst potential describes the voltage across a cell's membrane necessary to balance 

the net diffusion of a particular ion X into and out of the cell. It can be calculated using the 

Nernst equation: 

𝐸𝑋 =
𝑅𝑇

𝑧𝐹
ln (

[𝑋]𝑜𝑢𝑡
[𝑋]𝑖𝑛

) 

Where 𝐸𝑋  is the Nernst potential, 𝑅 is the universal gas constant, 𝑇 is the temperature in 

Kelvin, 𝑧 is the valance (net charge) of the ion, 𝐹 is the Faraday’s constant, and [𝑋]𝑜𝑢𝑡 and 

[𝑋]𝑖𝑛 are the concentrations of the ion outside and inside the cell, respectively.  

According to Kirchhoff’s Current Law, the total current entering a junction equals the total 

current leaving it. For the total ionic current (𝐼ionic) across the membrane, this implies: 

𝐼ionic = 𝐼Na + 𝐼K + 𝐼Ca + 𝐼leak 

where 𝐼Na, 𝐼K, and 𝐼Ca are the currents for sodium, potassium, and calcium ions, respectively, 

and 𝐼leak represents leak currents through other ion channels. 

The capacitive current (𝐼𝐶) is associated with the charging and discharging of the membrane 

capacitor. It is related to the rate of change of the membrane potential: 

𝐼𝐶 = 𝐶𝑚
𝑑𝑉𝑚
𝑑𝑡

 

where 𝐶𝑚 is the membrane capacitance and 
𝑑𝑉𝑚

𝑑𝑡
 is the rate of change of the membrane 

potential. The total membrane current is the sum of the ionic and capacitive currents: 

𝐼total = 𝐼ionic + 𝐼𝐶  

b. The Hodgkin-Huxley Model: First Mathematical Model of Neuronal Action Potential 

The Hodgkin-Huxley model, developed by Alan Hodgkin and Andrew Huxley in 1952, is a 

seminal mathematical framework used to describe the electrical characteristics of excitable 
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cells, such as neurons and muscle cells71. This model provides a quantitative description of 

the action potential, the rapid rise and fall in membrane potential that occurs in response to 

a stimulus. To do so, it represents the cell membrane as an electrical circuit with ion channels 

modeled as voltage-dependent conductances. 

The model is constructed from a set of interrelated equations that collectively describe the 

dynamic behavior of the action potential in excitable cells. These equations can be 

categorized into different components, each representing a specific aspect of the cellular 

electrophysiology: 

i. Membrane Potential 

The membrane potential equation in the Hodgkin-Huxley model describes how the 

membrane potential (𝑉) changes over time (𝑡). It is based on the principle of conservation of 

electrical charge, taking into account the capacitive current (𝐼𝐶) and the ionic currents (𝐼Na, 

𝐼K, and 𝐼L): 

𝑑𝑉

𝑑𝑡
=

1

𝐶𝑚
(𝐼ext − 𝐼Na − 𝐼K − 𝐼L) 

where: 

• 𝑉 is the membrane potential. 

• 𝐶𝑚 is the membrane capacitance, which represents the ability of the membrane to 

store charge. 

• 𝐼ext is the externally applied stimulus current, which can be used to stimulate the cell. 

• 𝐼Na, 𝐼K, and 𝐼L are the sodium, potassium, and leak currents, respectively, which 

represent the flow of ions through their respective channels. 

ii. Gating Variables 

The gating variable equations describe the time-dependent changes in the probabilities of 

ion channels being in certain states. These probabilities are represented by the gating 



51 
 

variables 𝑛, 𝑚, and ℎ. The variable 𝑛 corresponds to the activation of potassium channels, 

while 𝑚 and ℎ correspond to the activation and inactivation of sodium channels, 

respectively: 

𝑑𝑛

𝑑𝑡
= 𝛼𝑛(𝑉) ⋅ (1 − 𝑛) − 𝛽𝑛(𝑉) ⋅ 𝑛 

𝑑𝑚

𝑑𝑡
= 𝛼𝑚(𝑉) ⋅ (1 −𝑚) − 𝛽𝑚(𝑉) ⋅ 𝑚 

𝑑ℎ

𝑑𝑡
= 𝛼ℎ(𝑉) ⋅ (1 − ℎ) − 𝛽ℎ(𝑉) ⋅ ℎ 

where: 

• 𝑛, 𝑚, and ℎ represent the proportion of channels in the open state or available to open. 

• 𝛼 and 𝛽 are voltage-dependent rate constants that determine the transitions between 

open and closed or inactivated states of the channels. 

Each of the rate constant for the gating variables has an associated voltage-dependent 

function that describes how quickly the ion channels respond to changes in membrane 

potential. The functions for these constants are derived from experimental data71, typically 

involving voltage-clamp experiments where the membrane potential is clamped at different 

voltages and the resulting currents are measured (see Chapter 1), and are determined as 

follows: 

𝛼𝑛(𝑉) =
0.01(10 − 𝑉)

exp (
10 − 𝑉
10 ) − 1

 

𝛽𝑛(𝑉) = 0.125exp (−
𝑉

80
) 

𝛼𝑚(𝑉) =
0.1(25 − 𝑉)

exp (
25 − 𝑉
10 ) − 1
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𝛽𝑚(𝑉) = 4 exp (−
𝑉

18
) 

𝛼ℎ(𝑉) = 0.07exp (−
𝑉

20
) 

𝛽ℎ(𝑉) =
1

exp (
30 − 𝑉
10 ) + 1

 

iii. Ionic Currents 

The ionic currents in the Hodgkin-Huxley model are defined as: 

• Sodium Current (𝐼Na): 𝐼Na = 𝑔̄Na ⋅ 𝑚
3 ⋅ ℎ ⋅ (𝑉 − 𝐸Na) 

• Potassium Current (𝐼K): 𝐼K = 𝑔̄K ⋅ 𝑛
4 ⋅ (𝑉 − 𝐸K) 

• Leak Current (𝐼L): 𝐼L = 𝑔̄L ⋅ (𝑉 − 𝐸L) 

where: 

• 𝑔̄Na, 𝑔̄K, and 𝑔̄L are the maximum conductances for sodium (1.2 mS/cm2), potassium 

(0.36 mS/cm2), and leak currents (0.003 mS/cm2), respectively72, where S is siemens 

or 1/ohm. 

• 𝐸Na, 𝐸K, and 𝐸L are the reversal (Nernst) potentials for sodium (55.17 mV), potassium 

(-72.14 mV), and leak currents (-49.42 mV), respectively72. 

The Hodgkin-Huxley model stands as a cornerstone in the field of neuroscience and 

electrophysiology, providing a comprehensive mathematical framework for understanding 

the biophysical underpinnings of the action potential. Since its inception in the early 1950s, 

the model has not only deepened our grasp of neuronal and muscular excitability but has 

also paved the way for a myriad of advancements in both theoretical and applied science. 

c. Solving the Hodgkin-Huxley Model with Numerical Integration: The Forward Euler 

Method  
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Numerical integration is a crucial technique used to solve the differential equations in the 

Hodgkin-Huxley model, as analytical solutions might not be effective due to the model's 

complexity. Methods such as the forward Euler method, Runge-Kutta methods, and the 

predictor-corrector method are commonly employed72. These methods provide 

approximate solutions to the equations by discretizing time and iteratively calculating the 

membrane potential and gating variables. The choice of integration method and step size can 

impact the accuracy and computational efficiency of the simulations. 

The forward Euler method is one of the simplest and most commonly used numerical 

methods for integrating ordinary differential equations (ODEs)73. It is a first-order numerical 

procedure for solving ODEs with a given initial value and is based on the idea of using the 

slope of the tangent line at a known point to estimate the value of the function at a nearby 

point. For a general ODE: 

𝑑𝑦

𝑑𝑡
= 𝑓(𝑡, 𝑦) 

the Euler method approximates the solution at a subsequent time step (𝑡 + Δ𝑡) as: 

𝑦(𝑡 + Δ𝑡) = 𝑦(𝑡) + Δ𝑡 ⋅ 𝑓(𝑡, 𝑦(𝑡)) 

where: 

• 𝑦(𝑡) is the value of the function at time 𝑡. 

• Δ𝑡 is the time step. 

• 𝑓(𝑡, 𝑦(𝑡)) is the rate of change of the function at time 𝑡. 

In the context of the Hodgkin-Huxley model, the Euler method can be used to integrate the 

membrane potential equation and the gating variable equations over time. For example, the 

membrane potential equation: 

𝑑𝑉

𝑑𝑡
=

1

𝐶𝑚
(𝐼ext − 𝐼Na − 𝐼K − 𝐼L) 



54 
 

can be discretized using the Euler method as: 

𝑉(𝑡 + Δ𝑡) = 𝑉(𝑡) + Δ𝑡 ⋅
1

𝐶𝑚
(𝐼ext − 𝐼Na − 𝐼K − 𝐼L) 

Similarly, the gating variable equations can be discretized as: 

𝑛(𝑡 + Δ𝑡) = 𝑛(𝑡) + Δ𝑡 ⋅ (𝛼𝑛(𝑉) ⋅ (1 − 𝑛) − 𝛽𝑛(𝑉) ⋅ 𝑛) 

𝑚(𝑡 + Δ𝑡) = 𝑚(𝑡) + Δ𝑡 ⋅ (𝛼𝑚(𝑉) ⋅ (1 −𝑚) − 𝛽𝑚(𝑉) ⋅ 𝑚) 

ℎ(𝑡 + Δ𝑡) = ℎ(𝑡) + Δ𝑡 ⋅ (𝛼ℎ(𝑉) ⋅ (1 − ℎ) − 𝛽ℎ(𝑉) ⋅ ℎ) 

While the Euler method is straightforward and easy to implement, it has some limitations. It 

is a first-order method, meaning its accuracy is proportional to the step size (Δ𝑡). Smaller 

time steps increase accuracy but also computational cost. For systems with rapid changes, 

such as action potentials, a small time step is necessary to capture the dynamics accurately 

(e.g., 0.001 ms). Higher-order methods, such as the Runge-Kutta methods, can provide better 

accuracy for a given time step but are more complex to implement72. 

d. Integration and Uses of Markov Models in Computational Electrophysiology 

Markov models have emerged as a powerful tool in computational electrophysiology, 

enabling the detailed simulation of state-specific drug interactions and the modulation of ion 

channel gating. These models are particularly useful in safety pharmacology, where 

understanding the effects of drugs on ion channels is crucial for assessing their potential 

cardiotoxicity2,74. 

A Markov model represents an ion channel as a system of discrete states, including different 

conformational states such as open, closed, and inactivated. Transitions between these states 

are governed by rate constants, which can be modulated by voltage, ligands, or drugs. This 

allows for the simulation of complex gating kinetics and the effects of state-dependent drug 

interactions on ion channel behavior. 
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A simple example of a Markov model can be illustrated using a two-state system for an ion 

channel, which can exist in either an open (𝑂) or closed (𝐶) state. The transitions between 

these states are governed by rate constants: the opening rate (𝛼) and the closing rate (𝛽). 

The states and transitions can be represented as: 

𝐶 ↔
𝛽

𝛼
𝑂 

The behavior of this system can be described by a set of differential equations that represent 

the time-dependent probabilities of the ion channel being in each state. Let 𝑃𝐶(𝑡) be the 

probability of the ion channel being in the closed state at time 𝑡, and 𝑃𝑂(𝑡) be the probability 

of the ion channel being in the open state at time 𝑡. The sum of these probabilities must be 

equal to 1 at all times, as the ion channel must be in one of these two states: 

𝑃𝐶(𝑡) + 𝑃𝑂(𝑡) = 1 

The rate of change of the probabilities can be described by the following differential 

equations: 

𝑑𝑃𝐶
𝑑𝑡

= 𝛽𝑃𝑂 − 𝛼𝑃𝐶  

𝑑𝑃𝑂
𝑑𝑡

= 𝛼𝑃𝐶 − 𝛽𝑃𝑂  

These equations state that the rate of change of the probability of being in the closed state 

(𝑑𝑃𝐶/𝑑𝑡) is equal to the rate of channels closing (𝛽𝑃𝑂) minus the rate of channels opening 

(𝛼𝑃𝐶), and vice versa for the open state (𝑑𝑃𝑂/𝑑𝑡). 

The steady-state probabilities of the open and closed states can be found by setting the 

derivatives to zero and solving for 𝑃𝑂 and 𝑃𝐶: 

0 = 𝛽𝑃𝑂 − 𝛼𝑃𝐶  

0 = 𝛼𝑃𝐶 − 𝛽𝑃𝑂  
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Adding these equations gives 𝛽𝑃𝑂 + 𝛼𝑃𝐶 = 𝛼𝑃𝐶 + 𝛽𝑃𝑂, which simplifies to 𝑃𝐶 + 𝑃𝑂 = 1, as 

expected. Solving for 𝑃𝑂 and 𝑃𝐶  in terms of the transition rate constants 𝛼 and 𝛽 gives: 

𝑃𝑂 =
𝛼

𝛼 + 𝛽
 

𝑃𝐶 =
𝛽

𝛼 + 𝛽
 

These equations provide the steady-state probabilities of the channel being in the open and 

closed states, respectively, based on the opening and closing rates. This simple Markov 

model can be extended to include more states and transitions to capture the complexity of 

real ion channel behavior2,74. 

Drugs often interact with ion channels in a state-dependent manner, binding preferentially 

to certain conformational states2,74,75. Markov models can simulate these interactions by 

incorporating drug-bound states and modifying the transition rates between states based on 

the presence of the drug. This enables the prediction of how drugs affect the probability of 

channels being in the open, closed, or inactivated states, and consequently, their impact on 

the action potential. 

Markov models are integral to a multi-scale approach to safety pharmacology2, which spans 

from the atomic level to the tissue level and beyond: 

1. Atomic Level: At the atomic scale, molecular dynamics simulations and structural 

studies inform the construction of Markov models by providing insights into the 

conformational changes of ion channels and their interaction sites for drugs and thus 

may provide identity of distinct states in the Markov model and transitions between 

them. Also, molecular dynamics simulations can estimate rates of conformational 

transitions between ion channel states as well as drug binding and unbinding (so 

called “on” and “off” rates), which can be used as Markov model parameters.    

2. Channel Level: Markov models simulate the gating kinetics of ion channels at the 

channel function level, taking into account the state-specific binding of drugs and 
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their effects on channel transitions using experimental and molecular dynamics 

simulation data as model parameters. 

3. Cellular Level: The ion channel Markov models including those  describing effects of 

drugs on ion channels are integrated into models of the action potential, such as the 

Hodgkin-Huxley neuron71 or Luo-Rudy cardiac myocyte76 models, to predict how 

these ion channels and their drug modulation alter cellular excitability and electrical 

signaling. 

4. Tissue Level: At the tissue level, Markov models incorporating the effects of specific 

ion channels and their interacting drugs on cellular action potentials are incorporated 

into models of cardiac or neural tissues to simulate their impact on the propagation 

of electrical waves and the emergence of arrhythmias or other dysfunctions. These 

models can be further integrated into the whole-organ (e.g., heart) or organ-system 

(e.g., cardiovascular system) models77,78.  

This multi-scale approach allows for a comprehensive assessment of drug cardiac safety, 

from the molecular mechanisms of drug-channel interactions to their potential 

proarrhythmic effects in cardiac tissue2. By bridging the gap between different scales of 

biological organization, Markov models and computational safety pharmacology provide a 

powerful framework for predicting the safety and efficacy of drugs in a preclinical setting. 

2.7) Applications of Computational Electrophysiology: Past, Present, and Future 

Computational electrophysiology has emerged as a pivotal tool in the study of action 

potentials, providing deep insights into the intricate electrical behavior of excitable cells. 

These models have a wide range of applications, from unraveling the fundamental 

mechanisms of physiology to contributing to the development of medical treatments. 

A key application of computational modeling lies in unraveling the biophysical processes 

that drive the generation and propagation of action potentials. The Hodgkin-Huxley model, 

for example, has shed light on the role of voltage-gated ion channels in modulating the swift 

fluctuations in the membrane potential that define action potentials. By adjusting model 



58 
 

parameters, scientists can explore how factors like ion channel mutations or shifts in 

extracellular ion concentrations influence the characteristics of action potentials. 

In the pharmaceutical realm, computational models play a crucial role in forecasting the 

impact of drugs on the excitability of cardiac and neuronal cells. Models that incorporate the 

Markov model of ion channels are particularly adept at simulating how drugs selectively 

bind to different states of ion channels, influencing the duration and shape of action 

potentials. This capability is crucial for evaluating the cardiotoxic potential of drugs, as 

prolonged cardiac action potentials can trigger arrhythmias. The O'Hara-Rudy ventricular 

action potential model9, for instance, is employed to assess the risk of drug-induced 

arrhythmias in a virtual environment2, aiding in the creation of safer pharmaceuticals. 

Furthermore, computational modeling is instrumental in investigating the 

electrophysiological changes associated with various diseases. By tailoring models to 

replicate the specific conditions seen in disorders such as epilepsy, cardiac arrhythmias, or 

ion channelopathies, researchers can gain a better understanding of their pathophysiology 

and develop targeted treatments. Additionally, models tailored to individual patients' data 

can predict the effectiveness of various therapeutic approaches, heralding a new era of 

personalized medicine.  

In summary, computational electrophysiology stands at the forefront of scientific discovery, 

offering a powerful lens through which to view the complexities of cellular electrical activity. 

As we continue to refine these models and integrate them with emerging technologies, we 

can expect even greater advancements in our understanding of biological systems and the 

development of innovative medical solutions. 

The journey of computational electrophysiology is a testament to human curiosity and 

ingenuity. From the early days of manual calculations and rudimentary experiments, where 

pioneering scientists like Hodgkin and Huxley meticulously charted the course of action 

potentials, to the modern era of powerful computer processors and simulations, where 

intricate models come to life on formidable computers, we have witnessed a remarkable 
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evolution. This journey reflects our relentless pursuit of understanding the intricate 

electrical language of life.  

As we continue to unravel the mysteries of the electric universe within us, we stand on the 

shoulders of giants, armed with advanced computational tools and a deepening appreciation 

for the delicate interplay of ions, membranes, and molecules that orchestrate the symphony 

of life. The future of computational electrophysiology promises to further bridge the gap 

between abstract mathematical equations and the tangible biological phenomena they 

represent, opening new horizons for exploration and discovery of the universe hidden 

within each of us. 
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3.1) Introduction 

Voltage-gated sodium (NaV) channels are responsible for electric signaling and play a key 

role in various physiological processes1,2. NaV channels are involved in the functioning of the 

central and peripheral nervous systems and the contraction of skeletal and cardiac muscles2. 

There are nine known members in the NaV family, named NaV1.1 to NaV1.92. A pore-forming 

α subunit of a eukaryotic NaV channel is composed of four homologous domains (DI-DIV), 

each containing six transmembrane segments (S1-S6), with S1 through S4 serving as the 

voltage-sensing domain (VSD). The S4 segment contains four or five positively charged 

amino acid residues known as gating charge residues and acting together as a voltage sensor. 

The S5 and S6 segments, intervening loops, and pore helix form the channel pore containing 

the ion selectivity filter (SF) region. Membrane depolarization induces the charged residues 

in the S4 segment to move outwards, a movement that is transmitted to the pore domain 

through the S4-S5 linker leading to channel opening and a rapid influx of sodium ions into 

the cell. This sodium influx further depolarizes the cell membrane and leads to the 

generation of an action potential. NaV channel opening depends on the sequential activation 

of VSD I through III3,4. In contrast, the activation of VSD IV is coupled with the rapid 

inactivation of the channel through the release of the isoleucine – phenylalanine – 

methionine (IFM) or similar motif in the DIII-DIV intracellular loop (inactivation gate)3–6. 

This inactivation process is crucial to stop the influx of sodium ions and enable the 

repolarization of the membrane to terminate the action potential. 

NaV channel dysfunction arising from mutations can lead to various pathophysiological 

conditions, including arrhythmias, epilepsy, chronic pain, and insensitivity to pain7. NaV1.3, 

NaV1.7, NaV1.8, and NaV1.9 channels have been implicated in pain signaling2. Transgenic mice 

lacking NaV1.7- and NaV1.8-positive nociceptors have been shown in experiments to exhibit 

increased mechanical and thermal pain thresholds8. In particular, the mice showed reduced 

or no response to inflammatory pain responses evoked by various stimuli8. Moreover, 

humans born with loss-of-function mutations in the SCN9A gene encoding for the NaV1.7 α 

subunit were discovered to have congenital insensitivity to pain9. In contrast, gain-of-

function mutations have been associated with aberrant chronic pain sensation and related 
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disorders such as inherited erythromelalgia and paroxysmal extreme pain disorder10,11. 

These observations further emphasize the importance of the NaV1.7 channels to pain 

perception.  

Local anesthetics, such as lidocaine, reduce the transmission of pain signals to the central 

nervous system by non-selectively blocking various NaV subtypes12. Due to their lack of NaV 

selectivity, side effects are often reported concerning the loss of other sensations, such as the 

sense of touch. The use of opioid analgesics is associated with side effects such as respiratory 

depression, constipation, and development of dependence13. Therefore, developing drugs 

that selectively inhibit NaV1.7 function may result in strong analgesia without undesirable 

side effects14,15. NaV channels implicated in pain signaling have been discovered to be targets 

of natural toxins found in species such as spiders and scorpions7. The toxins modulate 

channel activity by blocking the ion permeation pathway (i.e., pore blockers) or binding to 

the VSD to alter channel gating kinetics (i.e., gating modifier toxins)16. 

Protoxin-2 (PTx2), a 30-residue peptide derived from the venom of the Peruvian Green 

Velvet tarantula (Thrixopelma pruriens), is a gating modifier toxin and has a moderate 

selectivity for NaV1.7 versus other NaV subtypes, making it a suitable scaffold for a peptide-

based pain therapeutic17. This toxin interferes with the activation of NaV channels by binding 

to the S3-S4 loop in the deactivated VSD II and shifting the voltage dependence of activation 

to a more positive potential17. PTx2 is 100-fold more potent for NaV1.7 (IC50 = 0.3-1.0 nM) 

versus other NaV subtypes14,18–20. Additionally, PTx2 binds to the deactivated hNaV1.7 VSD 

IV inhibiting fast inactivation and producing sustained sodium currents, similar to the effect 

of α-scorpion toxins4, but with lower potency (IC50 = 0.24 μM)19. However, this effect of PTx2 

is typically masked by the preferential inhibition of NaV channel activation due to its higher 

affinity binding to VSD II19. 

By using peptide toxins as a scaffold for designing novel ion channel modulators, researchers 

can potentially develop more effective and targeted therapies for chronic pain15,21. Potential 

strategies for pain therapy via hNaV1.7 gating inhibition include the trapping of VSD II in the 

deactivated state22 (to prevent the channel from activating) or the trapping of VSD IV in the 

activated state23 (to keep the channel in the inactivated, non-conducting state). However, 
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current structural studies4,17 have yet to result in a complete atomic-resolution 

understanding of how PTx2 interacts with NaV1.7 VSDs in a state-specific manner and with 

the surrounding lipids. Recently, experimental structures of PTx2 bound to NaV1.7 VSD II in 

various states have been resolved using chimeric constructs, grafting parts of the human 

NaV1.7 channel sequence into a bacterial NaV channel22. These studies resulted in X-ray and 

cryogenic electron-microscopy (cryo-EM) structures of the PTx2-hNaV1.7-VSD II-NaVAb 

complexes in activated and deactivated states22. Yet, these structures do not fully represent 

a human NaV channel. Notably, Shen et al.17 obtained the first cryo-EM structure of the full 

hNaV1.7, resolving structures of PTx2 bound to activated VSD II and VSD IV. However, due to 

the relatively low resolution of PTx2 densities, these structures did not allow complete 

atomic reconstruction of the peptide toxin. In addition, the studies did not provide energetic 

insights into toxin – channel and lipids interactions, which are crucial to designing improved 

peptides as ion channel modulators. 

Computational methods can provide structural insights into the atomic-level mechanisms 

involved in ion channel function, modulation24 and toxin binding25–27. Moreover, they are 

useful tools to guide the rational design process towards enhanced peptide variants14,28. Our 

study demonstrated that computational structural modeling and molecular dynamics 

simulations could accurately capture the atomic-resolution molecular mechanisms by which 

PTx2 binds to hNaV1.7 VSD II and IV in the activated and deactivated states. Our molecular 

modeling and simulation insights will be useful to inform future peptide design studies and 

help researchers to identify potential peptide mutations to improve PTx2 selectivity and 

potency for hNaV1.7. Moreover, our methodology can be expanded to study other toxin – ion 

channel interactions to design potential peptide-based therapeutics for diseases such as 

cancer29, cardiac arrhythmia30,31, epilepsy32,33, and neuropathic pain14,21,30. 

3.2) Materials and Methods 

a. Structural Modeling and Peptide Docking 

In this study, we used computational modeling methods guided by experimental structural 

data to investigate molecular mechanisms of PTx2 interaction with the hNaV1.7 VSD II and 
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VSD IV in multiple conformational states (Figure 1). Our primary objective was to generate 

models of PTx2 bound to VSD II and VSD IV in deactivated and activated conformations as 

input for molecular dynamics (MD) simulations. 

To achieve this goal, we first used cryo-EM structures of PTx2 bound to hNaV1.7 to both the 

activated VSD II and VSD IV (PDBs: 6J8J)17. However, the resolution of the toxin EM density, 

at ~5 Å, did not permit complete atomic structure reconstruction in the experimental 

structure17. To overcome this limitation, we utilized the Rosetta structural modeling 

software suite34 and the PTx2 - hNaV1.7 complex electron-microscopy (EM) density data to 

model the interactions of PTx2 with activated hNaV1.7 VSD II and VSD IV. For VSD II, we used 

Rosetta Loop Modeling35,36 for modeling missing residues in the S3-S4 loop which form 

receptor site for binding of PTx2 based on experimental structural  data for both VSD II17 and 

PTx222.  

The PTx2 docking protocol comprised a first step using RosettaDock37,38 with the Rosetta 

membrane energy function39. RosettaDock is a Monte Carlo-based multiscale algorithm that 

optimizes both rigid-body orientation and side chain conformations of the docked protein 

partners. In this step, the ion channel VSD’s structural model was transformed into 

membrane coordinates by superimposing it into a reference hNaV1.7 experimental structure 

downloaded from the Protein Data Bank of Transmembrane Proteins (PDBTM) database40, 

which stores experimental structures of membrane proteins in membrane coordinates. The 

toxin was placed manually in three different initial locations around the binding site in the 

corresponding VSD, using the toxin's EM density as a reference. The structure of PTx2 was 

obtained from the PTx2-hNaV1.7-VSD II-NaVAb X-ray structure (PDB: 6N4I)22. Subsequently, 

20,000 docked models per input were generated with RosettaDock making a total of 60,000 

models. The top 10% of models based on Rosetta total_score (total computed Rosetta energy 

of the protein) were extracted, and the top 100 interface_score (Rosetta interaction energy) 

models were used as an input for the next step. The second step involved EM density fitting 

of top-docked models to the experimental EM map using Rosetta EM density refinement.41 

During EM density refinement, toxin backbone and sidechain conformations are optimized 

using a modified energy function that accounts for the agreement between the model and 

the provided experimental EM map. In this step, 500 models were generated per input, 



72 
 

making a total of 50,000 models. The top 10% of models based on total_score was initially 

extracted. The final models were selected based on the recalculated interface_score after EM 

fitting, and on the elec_dens_fast score term (agreement between the Rosetta model and the 

experimental EM maps).  

 

Figure 1. Structural comparison of different conformational states of hNaV1.7 VSD II and 

IV. A) Snapshots of deactivated (left) and activated (right) VSD II structures. For each state, S1 

to S4 VSD segments are shown, highlighting the gating charge residues (“R1”, “R2”, “R3”, “K4”, 

“R5”) and the hydrophobic constriction site (HCS) in yellow. The distance between the Cα atoms 

of each gating charge in each state after superimposition of the VSDs is shown. B) Global view 

of cryo-EM NaV1.7 structure from PDB 6J8J17 highlights the VSD II and IV positions. C) Snapshots 

of deactivated (left) and activated (right) VSD IV structures (same information as in panel A). 

Furthermore, we docked PTx2 onto the structure of hNaV1.7 VSD IV trapped in a deactivated 

state by an α-scorpion toxin (PDB: 6NT4)4, thereby constructing a model of PTx2 bound to 

deactivated hNaV1.7 VSD IV. Note that this experimental structure comprises a human – 

cockroach chimeric NaV channel, in which the VSD IV has a human sequence while the 

remaining part is derived from the cockroach NaVPaS channel. To model the interactions 

between PTx2 and VSD IV, the NaVPaS portion was removed, leaving only the VSD IV. The 

docking protocol was similar to the two cases above, but without any EM density-related 

refinement or scoring, since no experimental map is available for this interaction. Finally, we 
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employed the cryo-EM structure of the chimera channel hNaV1.7-VSD II-NaVAb (PDB: 6N4R), 

22 which has the VSD II in a deactivated state, as a template for RosettaCM 42 homology 

modeling. This allowed us to generate a model of the deactivated VSD II with the entire 

hNaV1.7 VSD II sequence (sequence identity between template and target: 63.7%). We 

generated 5,000 RosettaCM models, extracted the top 10% based on total_score, and selected 

the final model based on both low root-mean-square deviation (RMSD) for the template and 

low total_score. Then, we used RosettaDock37,38 with membrane energy function39 to dock 

PTx2 to the deactivated VSD II of the hNaV1.7 model described above. 

 

Figure 2. Creation process of a molecular simulation system consisting of the PTx2 – 

hNaV1.7 activated VSD II complex embedded in a POPC bilayer and solvated with 

aqueous 0.15 M NaCl solution. PTx2 and VSD II are shown as green and dark gray surfaces, 

respectively. The lipid membrane composed of POPC lipids is shown in blue sticks. Water is 

displayed as a transparent surface. Na+ and Cl–ions are displayed as purple and gold spheres, 

respectively. 

b. Atomistic MD simulations 

Using the CHARMM-GUI web server43, the VSD-bound-toxin complexes were inserted into 

tetragonal phospholipid bilayer patches composed of 160 1-palmitoyl-2-

oleoylphosphatidylcholine (POPC) molecules in total. The systems were then solvated by a 

0.15 M aqueous NaCl solution to mimic the physiological extracellular environment, 

resulting in molecular systems of ~63,000 atoms as illustrated in Figure 2. The protonation 



74 
 

state of each residue was assigned under neutral pH conditions. Standard N- and C-termini 

were set for PTx2 and VSD II/IV. For PTx2, disulfide bonds were added between cystine 

residues C2 and C16, C9 and C21, and lastly, C15 and C25. 

All-atom molecular dynamics (MD) simulations were performed using the Amber20 

software package44 and the standard all-atom Chemistry at Harvard Macromolecular 

Mechanics (CHARMM) force fields for proteins (CHARMM36m), lipids (C36), and ions45–47 as 

well as the TIP3P water model48. During system equilibration, a 1 kcal/mol/Å2 harmonic 

restraint was applied to all atoms in the system and was gradually reduced to 0.1 

kcal/mol/Å2 over a period of 90 ns. Subsequently, a production run of 910 ns was conducted, 

resulting in a total simulation time of 1 μs for each system. All MD simulations were run in 

the isobaric-isothermal or NPT ensemble at 310.15 K and 1 atm pressure, which were 

maintained using the Langevin temperature equilibration scheme and Berendsen barostat. 

Non-bonded interactions were computed up to a 9 Å cutoff. Long-range electrostatic 

interactions were computed using Particle mesh Ewald (PME) method49, while no long-

range correction was applied to van der Waals interactions as suggested for C36 lipid force 

field. All covalent bonds involving hydrogen atoms were constrained using the SHAKE 

algorithm50 allowing to use of a 2-fs time step. The simulation protocol was replicated three 

times, each with different initial lipid positions and starting velocities of atoms. The 

replication accounts for potential variability in the lipid arrangement and system dynamics.  

Afterward, protein-ligand interactions were characterized in each set of simulations using 

in-house Python scripts incorporating the protein–ligand interaction profiler (PLIP) Python 

module51. Binding free energy calculations were performed using the Molecular Mechanics 

Poisson-Boltzmann Surface Area (MM/PBSA) approach52–54 with all-atom MD simulation 

trajectories by MMPBSA.py program in Amber Tools55. MM/PBSA was selected due to its 

computational efficiency, which facilitates the generation of qualitative insights into the 

energetic components of binding. Moreover, it enables the incorporation of an implicit 

membrane in its calculations. This feature is particularly advantageous as it fosters a more 

accurate approximation of the energetics underlying the interaction between PTx2 and 

hNaV1.7 embedded in the membrane. 
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The Chamber module of ParmEd program was used to convert CHARMM-style forcefield files 

to Amber-style forcefield files without changes in the force field parameters56. The aqueous 

solution (with ionic strength of 0.15 M) and lipid membrane were treated implicitly using 

dielectric constants, denoted ε (water εw = 80, lipid bilayer εl = 2, and protein εp = 4). The 

solvent probe radius was set to 1.4 Å, and the atomic radii were set according to the 

converted force field parameters. 

To obtain the solvation free energy and the gas-phase electrostatic energy contributions 

without entropy, the particle-particle particle-mesh (P3M) procedure was used57. These 

calculations were performed with an implicit membrane, where the electrostatic energy 

includes both reaction field and Coulombic electrostatic energies. Entropy was calculated 

separately by the interaction entropy method,58 where interaction energy between PTx2 and 

hNaV1.7 VSD II/IV, including only Coulombic electrostatic and van der Waals energies was 

needed. To obtain the Coulombic energy separated from the reaction field energy, each 

system energy was recalculated using the dielectric boundary surface charges method in the 

implicit ionic solution.  

To calculate the energy contribution of each residue to the binding process for each system, 

we computed the electrostatic and van der Waals interaction energies of PTx2 with POPC 

lipids and VSD II/IV using AMBER linear interaction energy analysis44,59. 

c. Molecular Graphics 

Molecular graphics visualization was performed using UCSF ChimeraX60 to depict all 

resulting models and illustrate toxin – VSD protein residue interactions. Structural 

comparison was carried out through the superposition of the structures using the 

MatchMaker tool within ChimeraX. 

3.3) Results 

a. General Overview of Different PTx2 - NaV1.7 VSD Structures 

In this study, we employed computational modeling, informed by experimental structural 

data, to investigate the molecular interactions between PTx2 and hNaV1.7's Voltage Sensor 



76 
 

Domains (VSDs) II and IV in different conformational states (Figure 1). It should be noted 

that our focus was solely on individual VSDs and not the whole channel alpha subunit, an 

approach selected to optimize the use of computational resources and consistently use 

available structural information. While experimental structures of activated/deactivated 

VSD IV and activated VSD II of human NaV1.7 are available 17,22, the experimental structure 

of deactivated VSD II of hNaV1.7 has yet to be determined. To acquire the necessary 

structural information, we sought to obtain structures of both hNaV1.7 VSD II and VSD IV in 

both activated and deactivated conformations. To obtain a structure of deactivated VSD II, 

we used the experimental structure of the hNaV1.7-VSD II-NaVAb22 as a template for 

homology modeling (sequence identity: 63.7%) using the RosettaCM42. We then compared 

the positions of gating charges in each VSD by calculating the distances between equivalent 

Cα atoms after VSD superimposition (Figure 1). Our analysis revealed that gating charges of 

VSD II move ~8.5 Å, on average, between the deactivated and activated states. In the 

deactivated state, only the first gating charge (“R1”) is above the hydrophobic constriction 

site (HCS), while in the activated state “R1”, “R2” and “R3” are above the HCS. VSD IV showed 

a more dramatic displacement of the gating charges (~13.8 Å) between the activated and 

deactivated states. Just as in VSD II, in the deactivated conformation, only “R1” is located 

above the HCS; however, in the activated conformation of VSD IV “R4” also reaches above the 

HCS, which contrasts with the activated VSD II structure where only “R1” to “R3” lie above 

the HCS. These results suggest that the VSD II in the NaV1.7 cryo-EM structure (PDB: 6J8J)17 

is not fully activated, which might be explained by the presence of PTx2 or the lack of 

membrane voltage during the structure determination process. 

Subsequently, structural models of PTx2 in complex with VSD II and VSD IV were generated 

in both deactivated and activated states as starting points in MD simulations. The 

methodology utilized for generating these models is outlined in Figure 3 and briefly 

summarized as follows: RosettaDock with a membrane energy function was employed for 

docking PTx2 to the VSDs. The activated conformations of the VSDs (PDB: 6J8J)17 with bound 

PTx2 were further refined using the available experimental EM density maps. 
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Figure 3. Workflow of the structural refinement, modeling, and docking process for 

different PTx2 – hNaV1.7 VSD II and IV structures. The membrane is represented as a gray 

box, with the extracellular- and intracellular-facing sides labeled as "EX" and "IN" respectively. 

Previously, it was determined that PTx2 interferes with NaV1.7 activation by binding 

potently (IC50 = 0.3-1.0 nM) to the S3-S4 loop in VSD II and shifting the voltage dependence 

of activation to more depolarized potentials14,17–20. Analysis of the structural models 

generated here provided important insights into the conformational-dependent binding of 

PTx2 to NaV1.7 VSD II & VSD IV. PTx2 binds to the VSD II at the “LFLAD” motif, which 

comprises residues L812 to D816 and is located within the S3 segment and S3-S4 loop22. The 
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toxin binding interface can be divided into two distinct regions: polar and hydrophobic. In 

the PTx2 - deactivated VSD II model (Figure 4A, panel i), the first gating charge (“R1”) is 

observed to be located below the channel-toxin polar binding interface. The electronegative 

pocket created by VSD II residues E811 and D816 forms hydrogen bonds and salt bridges 

with the positively charged toxin residues K26 and R22 (Figure 4A, panel iii). The 

hydrophobic interface (Figure 4A, panel ii) is composed of M6 and tryptophan residues W5, 

W24, and W30 (not shown) from the toxin and L812 and F813 from the channel’s VSD II S3 

segment. Additionally, W24 was observed to be positioned into the VSD’s top wedge, making 

hydrophobic contacts with channel’s residues A776 and L770 from VSD II segment S2 

(Figure 4A, panel iv).  

In the PTx2 – activated VSD II model (Figure 4B), the upward movement of the S4 segment 

and subsequent relocation of the “R1” gating charge residue disturbs the electronegative 

pocket, and the toxin experiences a global shift that pulls it away from the VSD. The main 

interaction in our PTx2 – activated VSD II model at the polar interface is between toxin’s R22 

and K26 residues and channel’s D816 residue (Figure 4B, panel iii). Also, channel’s residue 

E818 interacts with K28 from the toxin (Figure 4B, panel i), although this interaction is not 

present in any of the experimental structures. The hydrophobic interface (Figure 4B, panel 

ii) comprises π-stacking interactions between toxin’s W5 and W30 residues and channel’s 

F813 residue (Figure 4B, panel iv). The overall shift of the toxin resulted in toxin’s residue 

W24 no longer interacting with channel’s residues of VSD II S2 segment. 

Experimental results show that PTx2 can also bind to NaV1.7 VSD IV and modulate channel 

inactivation,19 although with much lower potency (IC50 = 0.24 μM). Our models of PTx2 

bound to both deactivated and activated VSD IV presented binding interfaces, which can also 

be separated into a polar interface and a hydrophobic interface. Our models revealed that 

the position and interface of PTx2 changed significantly more between the deactivated and 

activated states of VSD IV compared to VSD II.  

  



79 
 

 

Figure 4. Binding interfaces of PTx2 – deactivated VSD II (A) and PTx2 – activated VSD II 

(B) complexes of top scoring Rosetta structural models. i) Front view of the complex 

highlighting interactions with the VSD that comprise the polar binding interface; “R1” 

highlights the position of the first gating charge. ii) Back view of the complex highlighting 
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interactions with the VSD that comprise the hydrophobic or membrane-interacting interface. 

iii) Detailed interactions at the polar interface; yellow dashed lines indicate hydrogen bonds. 

iv) Detailed interactions at the hydrophobic interface; blue dashed lines highlight π - stacking 

interactions. The membrane is represented as a gray box, with the extracellular-facing side 

labeled as "EX". 

Our model of PTx2 bound to the deactivated VSD IV was built using the experimental 

structure of the hNaV1.7 VSD IV in a deactivated state induced by binding of an α-scorpion 

toxin (PDB: 6NT4)4, and it is important to note that the actual VSD IV deactivated state to 

which PTx2 binds may differ. In our final top Rosetta model, which was selected for 

subsequent MD simulations, PTx2 is embedded in the membrane between the VSD IV S3 and 

S2 segments. hNaV1.7 VSD IV residues D1586 and E1589 create an electronegative pocket 

that accommodates R22 and K26 from the toxin (Figure 5A, panel i). Toxin’s R22 extends 

into the VSD and establishes hydrogen bonds with channel’s residue D1586, while K26 

interacts with G1581 at the top of the S3 segment (Figure 5A, panel iii). The hydrophobic 

interface is more complex in this case (Figure 5A, panel ii). PTx2 makes contacts with 

residues in the VSD IV S2 segment, which are mainly hydrophobic interactions mediated by 

toxin’s residue W24 and channel’s residues Y1539 and W1538. Finally, toxin’s residues W5, 

M6, and W30, which also serve as membrane anchors, interact with several hydrophobic 

residues from the channel located in the VSD IV S3 segment: M1582, F1583 and L1584 

(Figure 5A, panels ii and iv). In our models, a large conformational rearrangement of the 

VSD IV occurs between the deactivated and the activated state. As a result, the location of 

PTx2 also undergoes a dramatic change. 
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Figure 5. Binding interfaces of PTx2 – deactivated VSD IV (A) and PTx2 – activated VSD 

IV (B) complexes of top-scoring Rosetta structural models. i) Front view of the complex 

highlighting interactions with the VSD that comprise the polar binding interface; “R1” 

highlights the position of the first gating charge. ii) Back view of the complex highlighting 



82 
 

interactions with the VSD that comprise the hydrophobic or membrane-interacting interface. 

iii) Detailed interactions at the polar interface; yellow dashed lines indicate hydrogen bonds. 

iv) Detailed interactions at the hydrophobic interface. The membrane is represented as a gray 

box, with the extracellular-facing side labeled as "EX". 

In the activated VSD IV state, the toxin is situated at the top of the S3 segment and does not 

establish interactions with the S2 segment. The polar interface observed in the activated VSD 

IV state (Figure 5B, panel i) is primarily mediated by the interaction between the sidechain 

of toxin’s residue K26 and the backbone carbonyl oxygen of channel’s S3 segment residue 

E1589 (Figure 5B, panel iii), with PTx2’s residue R22 not appearing to play a significant 

role in this interaction in contrast to the deactivated state. In the hydrophobic interface 

(Figure 5B, panel ii), the toxin uses its residues W5, M6, and W30 to anchor to the 

membrane and establish hydrophobic contacts with residues I1588, Y1591, F1592 from the 

channel’s S3 segment (Figure 5B, panel iv). Notably, these hydrophobic channel’s VSD IV 

residues are positioned far from the binding interface in the deactivated state. In contrast, 

the channel’s residues previously involved in the hydrophobic interface in the deactivated 

state (M1582, F1583 and L1584) now lie below the interface and do not interact with the 

toxin (Figure 5B, panel ii). 

b. Molecular Dynamics Simulations on PTx2 Interactions with hNaV1.7 VSD II and IV 

We conducted molecular dynamics (MD) simulations on the docked PTx2 – hNaV1.7 VSD 

structures to assess their stability in an environment more closely resembling physiological 

conditions. These simulations, carried out in three independent 1-µs long replicates, were 

instrumental in quantifying the energetics of the binding process and investigating the 

impact of lipids on binding. The simulations showed converging behavior during these 

timeframes, the details of which are discussed further below. To analyze the simulations, we 

utilized the atomic coordinates from the entire MD simulation trajectories, excluding 90-ns-

long equilibration phases. From this data, contact maps were generated, revealing the 

residues involved in PTx2 – hNaV1.7 VSD interactions, along with the type (e.g., hydrophobic, 

hydrogen bond, salt bridges, π-stacking, or cation-π) and duration of these interactions. The 
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criteria used to quantify these interactions are indicated in Supplementary Table S1. The 

contact maps are displayed in Supplementary Figures S1-S4. 

PTx2 – hNaV1.7 deactivated and activated VSD II: Throughout the simulation, PTx2 

consistently remained bound to VSD II by lodging itself in a cleft located between the S1-S2 

and S3-S4 loops, as depicted in Figure 6A, D. Hydrophobic contacts constitute the majority 

of interactions between the toxin and deactivated or activated VSD II (57 ± 4% or 55 ± 5%), 

followed by hydrogen bond formation (30 ± 2% or 29 ± 6%) and salt bridges (13 ± 2% or 16 

± 8%), as shown in Figure 6B, E.  

The backbone RMSD profiles, as depicted in Figure 6C and 6F, suggest that the toxin 

underwent only minor structural changes during the 1-μs simulations, approximately 

between 1 to 2 Å RMSD. In contrast, the VSDs underwent more considerable structural 

alterations during the simulations, about 3 to 4 Å RMSD. The overall RMSD for the complex 

varied between 3 to 5 Å, with deactivated VSD II systems being on the lower end and the 

activated VSD II systems being on the higher end. These instabilities could be due to their 

disconnection from the rest of the ion channel in addition to the flexibility of the loops as 

well as the pre-S1 helix. However, the RMSD of the toxin-binding region, defined as the area 

within a 6 Å radius (max distance for interaction detection) of where the toxin interacts with 

the VSD, experienced only minor deviations from the initial structures, with RMSDs between 

approximately 1 to 2.5 Å. 

Supplementary Figures S1 and S2 present the contact maps, averaged over three replicas, 

showcasing the interactions between PTx2 and VSD II in the deactivated and activated states, 

respectively, along with any interactions with lipids. In both cases, PTx2 formed hydrogen 

bonds, hydrophobic interactions, and salt bridges primarily with residues on the S3-S4 loop 

of VSD II (including E811, L812, F813, L814, A815, D816), as depicted in Figure 7. 
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Figure 6. General overview of the three replicas (REP) of 1-μs molecular dynamics (MD) 

simulations of PTx2 – hNaV1.7 VSD II in the deactivated (A, B, C) and activated states (D, 

E, F). The lipid membrane is represented as a gray box, with the extracellular- and intracellular-
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facing sides labeled as "EX" and "IN" respectively. PTx2 – VSD binding sites are highlighted in 

yellow circles. A, D) Conformational changes of the toxin – VSD complex following the 1-μs long 

MD simulation for each replica. B, E) Distribution of all toxin – VSD non-bonded interaction 

types encountered during the simulations, computed by dividing the sum of a specific 

interaction type by the sum of all interactions across all MD simulation frames. C, F) Time series 

of the root-mean-square deviation (RMSD) of PTx2 – VSD complex, VSD, toxin’s binding region, 

and PTx2 backbone atoms compared to the initial structures. The plotted values represent the 

moving averages calculated over intervals of 5 ns each. The MD simulation equilibration period 

is shown as a light green box. 

In most cases, the root-mean-square deviation (RMSD) of the PTx2 binding site showed 

stabilization during the latter half of the simulation (≥ 500 ns). Based on this observation, 

we classified a contact between two residues as dominant if the average contact duration 

derived from three replicas, plus standard errors of the mean, exceeds 75% (or 50% for 

protein-lipid interactions) of the time in this latter half of the simulation. Our subsequent 

analyses primarily centered on characterizing and visualizing these dominant interactions 

that drove the binding process. That said, we also paid attention to any noteworthy non-

dominant contacts that emerge in the study. 

During PTx2 binding to the deactivated VSD II, several key interactions were observed. PTx2 

K26 formed a hydrogen bond with VSD II E811 carbonyl located on the S3 helix, while K27 

backbone engaged in hydrogen bonding with F813 carbonyl and A815 amide backbone 

groups on the VSD II S3-S4 loop (Figure 7A). PTx2’s V20 participated in a hydrophobic 

interaction with VSD II residue A815, and toxin’s residue R22 formed a salt bridge with VSD 

II residue D816, as depicted in Figure 7C. Notably, as shown in Figure 7B, PTx2 was 

observed to anchor itself to the membrane through hydrophobic interactions involving 

residue W24 and the surrounding lipids. Additionally, its residue K27 formed salt bridges 

with nearby lipid head groups. In addition to these dominant interactions, Supplementary 

Figure S1 shows toxin’s residues L23 and W24 also sporadically engaged in hydrophobic 

interactions with VSD II S1-S2 loop residues N763, A766, I767, and L770, effectively creating 

two anchors that positioned the toxin between the VSD loops. 



86 
 

Intriguingly, when PTx2 binds to the activated VSD II, it exhibited a stronger reliance on 

interactions with the surrounding lipids rather than VSD II residues. Similar to the previous 

case, toxin’s residue K27 backbone engaged in hydrogen bonding with F813 carbonyl and 

A815 amide backbone groups on the S3-S4 loop (Figure 7E). As shown in Figure 7D, the 

PTx2 T8 side chain hydroxyl group engaged in hydrogen bonding and to a lesser extent, the 

K4 side chain amino group formed a salt bridge with nearby POPC phosphate (PO4) groups. 

Moreover, as shown in Figure 7F, toxin’s residue W30 engaged in hydrophobic interactions 

with lipids and to a lesser extent, K27 created a salt bridge with POPC PO4 groups near the 

VSD II S3 location. At the same time, PTx2 residue W7 participated in cation-π interactions 

with neighboring lipids close to VSD II S2 segment (Figure 7F). Such interactions 

contributed to the formation of hydrophobic anchors that helped orient the toxin binding to 

the VSD II. Although to a lesser extent than the previous case, some hydrophobic interactions 

were observed involving PTx2 residues W5 and V20 with VSD II residues F813 and A815 

(Supplementary Figure 2). Additionally, toxin’s R22 sporadically formed salt bridges with 

VSD II residues E753 (S1-S2 loop) and D816 (S3-S4 loop). 

PTx2–hNaV1.7 deactivated and activated VSD IV: PTx2 exhibits a dynamic range of 

binding poses when interacting with VSD IV in the deactivated and activated states. Upon 

binding the deactivated VSD IV during the simulations, PTx2 progressively adjusted its 

binding pose, positioning itself deeper into the binding pocket nestled between the S1-S2 

and S3-S4 loops as displayed in Figure 8A. Hydrophobic contacts formed most of the 

interactions between PTx2 and the deactivated VSD IV, accounting for 45 ± 5% as 

demonstrated in Figure 8B. These are followed by hydrogen bonds and salt bridges, 

constituting 32 ± 1% and 22 ± 5% of the interactions respectively. Figure 8C depicts 

considerable fluctuations in the backbone RMSD profiles of the whole complex, the VSD and 

the toxin’s binding region throughout the simulations, varying between 2 to 3.5 Å. This 

significant variability primarily resulted from the flexible S3-S4 loop's movement as PTx2 

embedded itself into the crevice formed between the two VSD loops.  
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Figure 7. Dominant non-bonded interactions recorded from molecular dynamics (MD) 

simulations between PTx2 and hNaV1.7 VSD II (A, C, E) or PTx2 and POPC membrane (B, 

D, F). Residues engaged in binding are highlighted in gold with oxygen atoms participated in 

those interactions colored in red, nitrogen atoms in blue and hydrogen atoms in white. PTx2 is 

represented in green, while the VSD is depicted in gray. Each panel features interaction types 
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presented in color-coded boxes whose color corresponds to the involved residues' labels. The 

structures were visualized at the end of the 1-μs long MD simulations. 

Supplementary Figures S3 and S4 present the contact maps, averaged from three replicas, 

showcasing the interactions between PTx2 and VSD IV in the deactivated and activated 

states, respectively, along with interactions with lipids. Throughout the MD simulations, 

PTx2 was bound to the deactivated VSD IV via multiple interactions with the residues on the 

S3-S4 loop of the VSD. As depicted in Figure 9A, PTx2's K27 formed several hydrogen bonds 

with F1583 carbonyl and A1585 amide backbone groups, both situated at the VSD IV S3 

helix's terminus where the S3-S4 loop commences. Toxin’s residues K26 and K28 established 

salt bridges with VSD IV residues E1589 and D1586, respectively, located higher on the S3-

S4 loop, as indicated in Figure 9B. Additionally, PTx2’s R22 contributed to salt bridge 

formation with D1586, albeit to a lesser extent than K28 (Supplementary Figure S3).  

Figure 9E illustrates how the toxin bound to the deactivated VSD IV embedded itself within 

the membrane. PTx2 residues K4 and K27 generated salt bridges with lipid headgroups 

positioned proximal to the toxin’s binding region on the S3-S4 loop. At the same time, PTx2’s 

W30 initiated hydrophobic interactions with lipids, effectively functioning as a membrane 

anchor.  

In addition to these dominant interactions, PTx2’s K26 was observed to form a hydrogen 

bond with VSD IV residue G1581, located lower in the S3 helix (Supplementary Figure S3). 

Moreover, a limited number of interactions of PTx2 with the S1-S2 VSD IV residues were 

recorded. This includes hydrogen bonding between toxin’s and VSD IV residues T8 and 

E1534, hydrophobic interactions of L23 and W24 with Y1537 and V1541, respectively, and 

the formation of a salt bridge between R13 and E1534 as shown in Supplementary Figure 

S3. 

 



89 
 

 

Figure 8. A general overview of the three replicas (REP) of 1-μs molecular dynamics 

(MD) simulations of PTx2 – hNaV1.7 VSD IV in the deactivated (A, B, C) and activated 
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states (D, E, F). The lipid membrane is represented as a gray box, with the extracellular- and 

intracellular-facing sides labeled as "EX" and "IN", respectively. PTx2 – VSD binding sites are 

highlighted in yellow circles. A, D) Conformational changes of the toxin – VSD complex following 

the 1-μs-long MD simulations for each replica. B, E) Distribution of all non-bonded toxin – VSD 

interaction types encountered during the simulations, computed by dividing the sum of a 

specific interaction type by the sum of all interactions across all simulation frames. C, F) Time 

series of the root-mean-square deviation (RMSD) of PTx2 – VSD complex, VSD, toxin’s binding 

region, and PTx2 backbone atoms compared to the initial structures. The plotted values 

represent the moving averages calculated over intervals of 5 ns each. The MD simulation 

equilibration period is shown as a light green box. 

Upon binding with the activated VSD IV, as illustrated in Figure 8D, the toxin ascended above 

the membrane, thereby making only a limited number of interactions with lipids. As 

represented in Figure 8E, the interactions established by the toxin with the activated VSD 

IV were predominantly hydrophobic (49 ± 3%) and hydrogen bonds (46 ± 2%), with salt 

bridges making up a minor fraction (5 ± 1%). Throughout the MD simulations, the activated 

VSD IV underwent subtle conformational adjustments, as evidenced by a ~2-3 Å RMSD 

relative to the initial structure, shown in Figure 8F. However, the toxin’s binding region 

remained largely unchanged, exhibiting a minor ~1.5 Å RMSD shift – a fluctuation nearly 

identical to that of the toxin itself. Interestingly, the RMSD of the complex displayed a greater 

shift, ranging from 3 to 4.5 Å. Although the structures of the PTx2 and VSD themselves did 

not exhibit any significant changes, a rotation in the toxin binding position (Figure 8D) 

resulted in the higher complex’s RMSDs observed (Figure 8F).  

With PTx2 situated atop the activated VSD IV S3-S4 loop, as depicted in Figure 9C, the toxin’s 

K26 side chain amino group formed a hydrogen bond with E1589 backbone carbonyl group 

of the residue E1589 located on the S3 helix of VSD IV. Concurrently, toxin's K27 backbone 

amide and carbonyl groups established hydrogen bonds with Y1591 carbonyl and V1593 

amide backbone groups (Figure 9C), respectively, both positioned at the start of the VSD IV 

S3-S4 loop. Furthermore, PTx2’s V20 engaged in a hydrophobic interaction with VSD IV 

residue V1593, as visualized in Figure 9D.   
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Figure 9. Dominant non-bonded interactions recorded from molecular dynamics (MD) 

simulations between PTx2 and hNaV1.7 VSD IV (A, B, C, D) or PTx2 and POPC membrane 

(E, F). Residues engaged in binding are highlighted in gold with oxygen atoms participated in 

those interactions colored in red, nitrogen atoms in blue and hydrogen atoms in white. PTx2 is 
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represented in green, while the VSD is depicted in light blue. Each panel features non-bonded 

interaction types presented in color-coded boxes whose colors correspond to the labels of 

involved residues. The structures were visualized at the end of the 1-μs-long MD simulations. 

Despite PTx2's significant elevation above the membrane, which resulted in substantial 

exposure to the solvent, its C-terminal tail reached down into the lipid bilayer. Here, toxin’s 

residue W30 engaged in hydrophobic interactions with nearby lipids in proximity to the VSD 

IV S3-S4 loop (Figure 9F), maintaining sufficient toxin’s binding stability. Additionally, 

marginal hydrophobic contacts involving PTx2’s residue W5 and residue Y1591 on the VSD 

IV S3-S4 loop were detected as shown in Supplementary Figure S4. 

c. Analysis of Binding Energetics 

We calculated the free energy of binding between PTx2 and different states of hNaV1.7 VSD 

II and IV using the implicit-solvent MM/PBSA methodology55, based on our all-atom MD 

simulation trajectories. We analyzed each component of the free energy by block averages, 

taken during the latter half of each simulation (500 – 1000 ns) when binding stability was 

typically achieved as assessed by looking at the RMSD profiles (see Figure 6 and Figure 8), 

in addition to the enthalpy and the interaction energy time series across all three replicas 

(Supplementary Figure S12). These block averages as well as standard errors of the mean 

were calculated from all three MD simulation replicas of each system, as illustrated in Figure 

10. 

The binding of PTx2 to the activated VSD II and deactivated VSD IV induced the most 

favorable binding enthalpy (ΔHMM/PBSA). In contrast, PTx2's binding to the activated VSD IV, 

marked by fewer intermolecular interactions in MD simulations, was characterized by the 

least negative enthalpy. When accounting for the entropic contributions (-TΔS), the resulting 

binding free energy of PTx2, ΔGbind, was the most favorable for the deactivated VSD II, with a 

value of -23.1 ± 0.9 kcal/mol. This was followed by the activated VSD IV (-21.1 ± 1.0 

kcal/mol), deactivated VSD IV (-20.1 ± 1.6 kcal/mol), and activated VSD II (-18.5 ± 2.5 

kcal/mol) in descending order of favorability. Through paired t-tests, we established that a 

statistically significant difference in ΔGbind exists (p < 0.05) between PTx2 binding with the 

deactivated VSD II compared to the activated VSD II and the deactivated VSD IV, respectively.  
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Figure 10. MM/PBSA binding energies in PTx2 – hNaV1.7 VSD systems averaged over 

three replicas from the second half (500 ns onward) of the all-atom molecular dynamics 

simulations. The optimal block sizes for the systems were selected to minimize the standard 

errors of the mean shown as error bars. Statistical significance was determined using unpaired 

two-tailed Student’s t-test. 

Our MM-PBSA calculations, showing that PTx2 binds more favorably to the deactivated state 

of VSD II, align with previous electrophysiology experiments19,22. Those studies 

demonstrated that PTx2's antagonism of NaV1.7 occurs with around 60-fold reduced potency 

when the membrane potential is held at a voltage that favors VSD activation22. Moreover, 

another research study suggested that the estimated IC50 for PTx2's inhibition of NaV1.7 

activation (namely, binding to the deactivated VSD II) is roughly 400-fold lower than the 

observable IC50 for the inhibition of inactivation (that is, binding to the deactivated VSD IV)19, 

corresponding to a ~3.7 kcal/mol free energy difference in good agreement with our MM-

PBSA estimate of 3.0 ± 1.8 kcal/mol. 

The time series of MM/PBSA computed enthalpy and interaction energies are shown in 

Supplementary Figure S12. Among the four studied systems, the PTx2 – activated VSD IV 

system displayed the most stability while the remaining systems showed some degrees of 

variability across multiple replicas. These variances could stem from the binding mode of 
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PTx2 to the VSD in these cases where the toxin wedged into the space between the two VSD 

loops. This insertion process caused bending of the S3-S4 loop for the deactivated and 

activated VSD II as well as deactivated VSD IV systems (as shown in Figures 6A, 6D, 8A), 

where the attachment occurs, leading to a pattern of contact disruptions and formations. In 

contrast, the PTx2 – activated VSD IV system displayed the most stability, likely because 

PTx2 rose above the membrane and engaged in fewer interactions with the activated state 

of VSD IV (as shown in Figure 8D). The limited interactions with the toxin helped preserve 

the VSD's structural integrity and kept the binding area largely unaltered. 

Then we conducted a linear interaction energy analysis on our all-atom MD simulations 

using Amber2044,59 and the same CHARMM force field parameters as used in the simulations. 

This allowed us to calculate the electrostatic and van der Waals interaction energies between 

PTx2 and VSD II/IV residues as well as explicit POPC lipids (not possible with the implicit-

membrane MM/PBSA approach), and as depicted in Figure 11 (for a more exhaustive 

depiction of specific interactions involving additional residues, refer to Supplementary 

Figures S5-S7). 

Figure 11A shows the top 15 PTx2 residues that exhibit the most favorable total interaction 

energies with activated and deactivated VSD II/IV residues and lipids combined (refer to 

Supplementary Figure S5 to see the full list). The interaction energy for each toxin residue 

with different VSD states displays a variety of patterns. However, the general trend suggests 

that most residues have stronger interactions (i.e., more negative interaction energy values) 

with both the VSD II and VSD IV in their deactivated states compared to their activated states. 

This could imply that the electrostatic environment of the VSDs in their deactivated state is 

more favorable for binding those residues. From an energetic perspective, PTx2’s residues 

R22, K26, K27, K28, and W30 are the main contributors to PTx2 – VSD II and IV binding 

through the formation of hydrogen bonds, hydrophobic interactions, and salt bridges. The 

most apparent difference is observed in the case of PTx2 binding to the activated state of the 

VSD IV as the binding pose excludes many toxin residues from forming interactions with the 

VSD. 
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Figure 11. Interaction energies contributed by each residue toward the binding process 

for different PTx2 – hNaV1.7 VSD MD systems. Residues involved in protein-protein 

interactions are visualized in yellow on the corresponding structures to the right of each row.  

The VSD structures are viewed from the extracellular side. The top 15 residues for PTx2 (A) and 

top 10 residues for VSD II (B) or IV (C) with the most favorable interaction energies (van der 

Waals + electrostatic) averaged from all three MD replicas are displayed.  

 



96 
 

The PTx2’s residue K4 also exhibits a significantly more favorable interaction energy when 

binding to the deactivated state of VSD IV compared to other cases. This can be attributed to 

the specific binding pose of the toxin in this state, which positions K4 favorably for forming 

salt bridges with surrounding lipids. The interaction energies with lipids depicted in 

Supplementary Figure S1-S4 revealed the main PTx2 – lipid membrane interaction surface, 

highlighting the important roles played by toxin residues K4, W5, M6, W7, K27, and W30 in 

anchoring PTx2 to the cell membrane. The tight binding of PTx2 to the outer leaflet of the 

cell membrane seems to be critical for the inhibition of PTx2 on hNaV1.7 channels, which was 

supported by  based   a mutagenesis study26 that produced W5Y, W7Y, W24Y, and W30Y 

PTx2 mutants. In that experimental study, the mutations to tyrosine were performed since 

tyrosine is more polar than tryptophan and is less suited to bind at the water – lipid bilayer 

interface61. These W-to-Y mutations led to 6- to 291-fold reduction in potency in the 

inhibition of hNaV1.726, indicating the importance of these residues for PTx2 binding to 

hNaV1.7 in line with our MD simulation predictions.  

Despite their significant roles in binding to both states of VSD II and the deactivated state of 

VSD IV, PTx2 residues K4, W7, T8, R13, R22, and L23 did not form substantial interactions 

when binding to the activated state of VSD IV as shown in Figure 11A.  This lack of significant 

interactions could be attributed to the orientation of the bound toxin, which positioned these 

residues at a considerable distance from potential binding partners. As a result, their 

contribution to the binding process is diminished or negligible in this state. 

Figure 11B provides an overview of the interaction energies between notable VSD II 

residues with PTx2. When comparing the activated and deactivated states, minor variations 

are observed in terms of the interaction energies of VSD II residues involved in the binding 

of PTx2. Notably, residues E811 and D816, located on the S3-S4 loop, exhibit slightly more 

favorable interaction energies with PTx2 when VSD II is in the deactivated state compared 

to the activated state. Conversely, residues E753 and E759 on the S1-S2 loop, as well as E818 

on the S3-S4 loop, show stronger interactions with PTx2 when VSD II is activated compared 

to when it is in the deactivated state. 
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Interestingly, Figure 11C, which illustrates the interaction energies of notable VSD IV 

residues with PTx2, demonstrates a distinct difference in their pattern when PTx2 binds to 

the activated and deactivated states of VSD IV. This disparity in interaction energies can be 

attributed to the positioning of PTx2 within the membrane. In the deactivated state (Figure 

8A), PTx2 binds deeper within VSD IV cleft, leading to a stronger interaction with the VSD 

residues. Conversely, in the activated state, PTx2 binds more superficially to VSD IV, 

resulting in fewer interactions and primarily involving VSD residues located at the top of the 

S3-S4 loop (Figure 8D). Additionally, the analysis of PTx2's interactions with the lipid 

membrane reveals that when binding to VSD IV in the activated state, PTx2 exhibits 

significantly fewer interactions with the lipid membrane compared to the deactivated state 

(Figure 9F vs. Figure 9E). In conclusion, the variations in interaction energies and the 

involvement of specific VSD residues, as well as the differential interactions with the lipid 

membrane, contribute to the distinct binding characteristics of PTx2 to VSD IV in different 

states. 

d. MD Simulations with Activated VSD II and IV as a Part of the Full hNaV1.7 Channel 

While the toxin binding regions remained largely stable, structural instability of the rest of 

the VSDs was observed in certain simulations, likely due to their detachment from the full 

ion channel's structure. Control MD simulations with the full hNaV1.7 channel were 

conducted to evaluate the toxin – VSD complex stability and the subsequent effect on their 

binding. Given the unavailability of complete hNaV1.7 or homologous ion channel structures 

with deactivated VSDs, our simulations were limited to activated VSD II and IV integrated 

into the full hNaV1.7 channel. 

As shown in Supplementary Figure S8, analysis of three 300-ns full-channel simulation 

replicas showed improved stability in VSDs, with backbone RMSDs relative to the starting 

structures of around 2-3 Å for activated VSD II and IV, versus 3-4 Å for isolated VSDs (see 

Figures 6F and 8F). The toxin’s binding region RMSDs stabilized to around 2 Å (VSD II) or 1-

1.5 Å (VSD IV) by the end of the MD simulations, comparable to simulations with isolated 

VSDs. 
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Supplementary Figure S9 offers an analysis of PTx2's positional variations relative to the 

VSD in scenarios where the VSD was either isolated or part of the full channel. This was done 

by calculating the RMSD of PTx2's backbone atoms when the trajectory was aligned to the 

VSD. Overall, PTx2's binding to VSD II and IV in their activated state was characterized by 

greater fluctuations. This could be attributed to multiple factors. For instance, when PTx2 

interacted with the activated VSD II, it engaged more with surrounding lipids than when 

binding to the deactivated state; the lipids' inherent mobility could contribute to PTx2's 

positional instability. In the case of PTx2 binding to the activated VSD IV, the toxin was 

observed to rise well above the membrane surface, resulting in fewer VSD contacts and 

increased exposure to the aqueous environment, which could explain the noted fluctuations. 

Despite these movements, the RMSD of PTx2 generally stabilized as the simulations 

progressed, although there were exceptions such as replica 1 of the deactivated VSD IV and 

replica 2 of the activated VSD IV – both involving isolated VSD systems. Nonetheless, these 

instances of fluctuation appeared not to compromise the toxin's binding, as the time series 

of interaction energies for these replicas showed minimal disruption, as shown in 

Supplementary Figures S12C and S12D. 

Supplementary Figures S9B and S9D present a comparison of the RMSD time series data 

for PTx2 in its interaction with both isolated and non-isolated (attached to the full ion 

channel) activated VSD II and IV systems. When bound to the activated form of VSD II, PTx2 

showed only slight positional deviations, regardless of whether the VSD was part of the full 

ion channel or isolated. In contrast, PTx2's binding to the activated VSD IV was more stable 

when the VSD was part of the full channel than in the isolated configuration. This finding is 

particularly notable given that the activated VSD IV generally displayed more structural 

rigidity due to its fewer interactions with the toxin in both scenarios. Nonetheless, in the 

isolated VSD scenario, PTx2 underwent a subtle rotational movement at the binding site 

(illustrated in Figure 8D), a phenomenon not observed when the VSD was integrated within 

the full channel (see Supplementary Figure S8D). 

Further examination of the MD simulation trajectories revealed that when the activated VSD 

IV was isolated, the toxin's high exposure to the solvent and minimal VSD binding led to the 

toxin moving around and causing the isolated VSD's S3 and S4 helices to sway along (as 
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shown in Figure 8F, with an RMSD for the VSD of approximately 3 Å). Conversely, when the 

activated VSD IV was part of the complete channel, the movement of the VSD's S4 was 

restricted (as indicated in Supplementary Figure S8F, with an RMSD for the VSD of about 

2 Å), resulting in the toxin maintaining its initial binding orientation without significant 

deviation. 

Supplementary Figures S10-S11 depict binding interactions between the toxin and the 

full-channel activated VSD II and IV during the latter half the simulations when the protein 

structures demonstrated stability. These results largely align with those from the isolated 

VSD simulations. Specifically, for VSD II, PTx2's K27 hydrogen bonded with VSD’s F813 and 

A815, W5, V20, and K26 had hydrophobic interactions with VSD S3-S4 loop residues, and 

L23, W24 with VSD S1-S2 loop residues. PTx2's R22 and K28 formed salt bridges with VSD’s 

D816 and E818, respectively. PTx2's interactions with lipids included T8 in hydrogen 

bonding, W30 in hydrophobic interactions, K4 and K27 in salt bridges, and W7 in cation-π 

interactions. In VSD IV, hydrogen bonds included K26-E1589 and K27-Y1591/V1593 pairs, 

hydrophobic interactions involved PTx2’s W5, V20, K26, K27 with VSD’s Y1591, F1592, and 

V1593, and a salt bridge formed between PTx2’s K27 and VSD’s E1589. W30 also interacted 

with lipids. 

Minor differences were observed compared to the isolated VSD simulations. For example, in 

the VSD II case, the toxin's K26 formed a salt bridge with VSD II's D816, whereas R13 formed 

a salt bridge and W30 engaged in cation-π interactions with lipids - forming interactions not 

seen in the isolated VSD case. In the VSD IV case, in addition to W30, W5 also formed 

hydrophobic interactions with lipids, unlike in the isolated VSD scenario. 

Supplementary Figure S13 details the calculation of MM/PBSA binding energies for PTx2 

with the activated VSD II and IV attached to the hNaV1.7 channel. Even though the PTx2 – 

activated VSD II interaction showed a more favorable binding enthalpy, ΔH, there was no 

notable distinction in the overall free energy of binding, ΔG, when comparing the activated 

VSD II with the activated VSD IV. This aligns with the energy computations for the isolated 

VSD systems shown in Figure 10, which indicate similar binding free energies of the toxin 

for both VSD II and IV in the activated state. 
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In conclusion, integrating the VSDs into the full channel improved stability, although the 

toxin binding interaction outcomes largely mirrored those observed in isolated VSD MD 

simulations. As we do not have the full hNaV1.7 structure with VSDs in the deactivated state, 

our study primarily used isolated VSDs, whose structures we have in both the activated and 

deactivated states, to allow for a consistent comparison. 

3.4) Discussion 

a. PTx2 Interactions with hNaV1.7 VSD II and IV in Different States 

Using existing experimental data as a guide, we generated models of PTx2 bound to human 

NaV1.7 VSD II and IV in both the activated and deactivated states. These models accurately 

reproduced the crucial toxin – ion channel’s VSD II interactions, as previously elucidated 

through mutagenesis experiments and structural studies involving chimeric ion channels 

17,22. Our findings also shed new light on PTx2 interactions with VSD IV, unveiling substantial 

differences compared to its interactions with VSD II.  

MD simulations can provide a dynamic perspective on toxin-receptor interactions, 

transcending the static results from experimental structures and docking. This is especially 

important when the binding site is surrounded by lipids, making the fluid nature of lipid 

membranes play a crucial role. As lipids are continually in motion, their interactions with the 

toxin can significantly influence and even shift the binding of the toxin to the receptor, a 

phenomenon not captured in static structures or even typical docking runs but evident in 

MD simulations. Indeed, we discovered several new insights into PTx2 – hNaV1.7 

interactions by performing the MD simulations. For example, initially, PTx2's residue K27 

showed no interaction with VSD II in both states, and M6 interacted with hydrophobic VSD 

II residues. However, after 1 µs of the MD simulation, K27 extensively interacted with VSD 

II, while M6's interactions diminished. In the case of PTx2 binding to deactivated VSD IV, MD 

revealed PTx2's residue K28 as the dominant contact with VSD's D1586, overshadowing the 

initially observed PTx2's R22 interaction. For the activated VSD IV, interactions involving 

PTx2's K27 and V20 emerged only in MD simulations. Additionally, MD runs can detail the 

roles of individual residues in interaction energies, deepening our grasp of the binding 
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mechanics. This detailed perspective, highlighting the influence of dynamic lipids, is vital for 

understanding molecular interactions and subsequent therapeutic peptide design. 

Based on our atomistic structural modeling and MD simulations we established that PTx2 

primarily binds to VSD II in different conformational states through interactions with 

residues on the S3-S4 loop of the VSD II. In both states, PTx2's residue K27 formed hydrogen 

bonds with the channel’s residues F813 and A815 located on the S3-S4 loop. In the 

deactivated state of VSD II, a hydrogen bond is established between residue K26 of PTx2 and 

residue E811 of VSD II. On the contrary, when VSD II is activated, K26 interacted with VSD II 

residue L812 instead, and this interaction was less frequent and more variable. Similarly, 

PTx2's R22 established a more robust and consistent salt bridge with D816 (on the S3-S4 

loop) when bound to the deactivated VSD II state compared to the activated state, as it 

occasionally shifted its interaction to E753 (on the S1-S2 loop). Also, PTx2 exhibited a 

hydrophobic interaction via residue L29 with channel’s residue L814 in the deactivated state 

of VSD II, an interaction not observed in the activated state. 

PTx2 interacts with VSD IV primarily through residues on the VSD IV S3-S4 loop, but 

significant differences were observed in the toxin's binding to the deactivated and activated 

states of VSD IV. For example, PTx2's K26 formed a hydrogen bond with G1581 (located in 

the S3-S4 loop) in the deactivated state and with E1589 (also in the S3-S4 loop) in the 

activated state of VSD IV. In the activated state, K26's interaction with E1589 was more 

frequent and consistent, suggesting stronger binding. Another differential interaction can be 

seen with the toxin’s residue K27. When binding to the activated VSD IV, K27 interacted with 

three different residues in the S3-S4 loop, Y1591, V1593, and F1592, while in the deactivated 

state it interacted mostly with F1583 and A1585 in S3-S4 loop only. 

b. PTx2 Interactions with Lipids when Binding to hNav1.7 VSD II and IV 

A significant advancement highlighted in this study is the novel atomistic understanding of 

PTx2's interactions with surrounding POPC membrane lipids upon binding to the NaV1.7 

channel. Lipid interactions play a vital role in stabilizing the position and orientation of PTx2 

for binding to VSD II and IV in different conformational states. These novel insights from 
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simulations could open a new avenue for enhancing PTx2 binding to the channel by 

optimizing toxin’s interactions with nearby membrane lipids 26.  

Upon PTx2’s binding to the activated VSD II, PTx2’s residue T8 formed a hydrogen bond 

while K4 and K27 formed salt bridges with nearby POPC PO4 groups. W7, W24, and W30 

engaged in hydrophobic interactions with the lipids’ fatty acid tails, and W7 formed cation-

π interactions with POPC choline group. When PTx2 binds to the deactivated VSD II, PTx2’s 

W5 and W24 engaged in hydrophobic interactions while K4 and K27 formed salt bridges 

with POPC PO4 groups. T8 still engaged in hydrogen bonding with nearby lipids, but no 

hydrophobic interactions originating from W7 and W30 were observed unlike the previous 

case. However, PTx2’s R13 was observed to interact sporadically with lipids through salt 

bridge formation. 

When PTx2 binds to the activated VSD IV, the only interaction with lipids was a hydrophobic 

one originating from W30, which was stronger and more consistent than when PTx2 binds 

to the deactivated state. However, when PTx2 binds to the deactivated VSD IV, salt bridges 

with POPC head groups were formed by toxin’s residues K4 and K27 (and with R13 and K28 

to a much lesser extent). It is noteworthy that K27 – POPC salt bridge interactions were also 

substantially more frequent and consistent in the deactivated VSD IV than in the deactivated 

VSD II. Hydrophobic interactions with POPC were observed not only from W30, like the 

activated VSD IV case, but also from W5 and W24, which are unique to the deactivated VSD 

IV case. 

In summary, this first view into the lipid modulation of toxin binding may constitute a novel 

and emerging area of research for optimizing peptide toxin’s specificity and selectivity.  

c. Energetics of PTx2 Binding 

Lastly, we complemented the data with specific binding energetic contributions from 

individual toxin’s and ion channel’s residues in different VSD conformational states, enabling 

the identification of potential mutation candidates to enhance or weaken toxin’s state-

specific binding. This information can support the design of toxin analogs with enhanced 

potency, holding promise as a way to identify candidates for the development of innovative 
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treatments for chronic pain. Our analysis of PTx2 binding energetics to different states of 

VSD II and IV indicates that PTx2 binds most favorably to the deactivated VSD II, followed by 

the activated VSD IV. A substantial difference in the free energy of PTx2 binding is observed 

when comparing the deactivated VSD II to both the activated VSD II and the deactivated VSD 

IV. PTx2 binding to and trapping VSD II in its deactivated state can prevent the opening of 

the hNaV1.7 channel. Likewise, trapping VSD IV in its activated state can keep the channel in 

a non-conducting, inactivated state. The net effect is a decrease in the Na+ current flowing 

through the NaV1.7 channels when PTx2 is introduced, which aligns with experimental 

results19. From a therapeutic standpoint, optimizing PTx2's interactions with these states 

could enhance its effectiveness in pain therapy through hNaV1.7 channel inhibition. 

Furthermore, experimental findings demonstrate that the efficacy of PTx2 as an inhibitor of 

hNaV1.7 is significantly influenced by its binding to the lipid membrane26. Therefore, 

improving PTx2 interactions with cell membrane lipids could also augment PTx2's inhibition 

of hNaV1.7.  

Based on our analysis in Figure 11A and Supplementary Figure S5, we have identified 

certain residues of PTx2 that interact with either the activated and deactivated states of VSDs 

and lipids but exhibit relatively weak interaction energies. For residues that primarily 

interact with membrane lipids (T8, R13, E17), introducing mutations that enhance their 

hydrogen bonding interactions with lipids for T8, remove negative charge for E17 or 

diminish preferential state-specific salt bridge formation for the deactivated VSD IV system 

could be beneficial. V20 interacts exclusively with the VSDs through hydrophobic 

interactions but has remarkably low interaction energy despite its relatively long contact 

duration. Therefore, a non-conservative mutation could be considered. A recent mutagenesis 

study achieved a more potent and selective peptide by performing the V20R mutation14. 

A promising strategy entails fine-tuning state-specific interactions. Mutations could be made 

to increase PTx2’s affinity for states that decrease Na+ conduction by preventing channel 

activation or trapping it in an inactivated state (deactivated VSD II and activated VSD IV, 

respectively) compared to those that facilitate Na+ conduction (activated VSD II and 

deactivated VSD IV). Residue L23 demonstrated hydrophobic interactions with both the 

VSDs and the lipid molecules in the membrane. However, it favors binding to the activated 
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VSD II and deactivated VSD IV which are both undesirable. In addition, K4, R13, K26, and 

K28 exhibit significantly higher binding energies upon binding to the deactivated VSD IV 

compared to the other states. This heightened affinity is undesirable as it impedes channel 

inactivation. Consequently, careful mutation of these residues could serve to increase PTx2’s 

affinity for the desired states of the channel. As an example, a mutagenesis study discovered 

that K26R and K28E resulted in improved PTx2 potency14. Another experimental study also 

revealed that charge-reversing and charge-neutralizing mutations of PTx2’s basic residues 

R22 and K26  lead to significant loss of potency22, which was also corroborated by a 

computer simulation study of PTx2 mutant – hNaV1.7-NaVAb deactivated VSD II system using 

free energy perturbation (FEP)28. However, this MD simulation method, more rigorous and 

computationally expensive than a posteriori interaction energy analysis used in this work, 

was unable to predict gain in potency for some charge-preserving K26 and R22 mutations 

(e.g., K26R and R22noR, where norR is norarginine)28.  This suggests that using PTx2– 

hNaV1.7 VSD II and IV systems in different conformational states as we explored in this work 

might be crucial for a more accurate estimates of peptide toxin mutation effects using FEP or 

other approaches as will be explored in our follow-up studies.  

By strategically introducing mutations to enhance the interactions of these residues, there is 

a possibility of enhancing the affinity of PTx2 towards the VSDs, their different 

conformational states and/or lipids. These mutations can be designed to optimize specific 

interactions, such as salt bridges, hydrogen bonding, electrostatic, hydrophobic and/or other 

types of interactions, involved in PTx2's binding to the VSDs and lipids as indicated in the 

contact maps in Supplementary Figures S1-S4. Nonetheless, it is vital to balance this 

enhancement with the potential effects on state specificity and ion channel subtype 

selectivity for toxin – receptor binding, as well as the net effect on protein's overall structure 

and stability. 

c. Limitations and Future Directions 

Using computational modeling and simulation tools, we can model the atomic-resolution 

structures and relative energetics of peptide toxin interactions with hNaV1.7 in different 

conformational states. This allows for the accurate prediction of key binding interactions, 
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their subsequent experimental validation and design of more potent and selective peptides 

targeting hNaV1.7 or other ion channels as we did recently14.  

Although the computational workflow in our study can provide valuable insights into the 

complexities of peptide – receptor interactions at the atomic resolution, several drawbacks 

are associated with each methodology. Given the absence of complete hNaV1.7 channel 

structures with VSDs in the deactivated state, our modeling and simulations were limited to 

the isolated VSDs of the channel. This limitation could potentially introduce instabilities 

during the MD simulations. Nonetheless, we observed only minor displacements of the 

PTx2’s binding regions during the majority of our simulations as demonstrated by the RMSD 

profiles shown in Figures 6 and 8. We also performed preliminary MD simulations of a full 

hNaV1.7 channel with VSDs II and IV in the activated state as shown in Supplementary 

Figures S8-S11 and S13 demonstrating fairly similar results to the isolated VSD simulations 

with somewhat higher stabilities (lower RMSDs) and a few additional interactions observed.   

In the future, we will expand our study by modeling and simulating full hNaV1.7 channel 

structural models in different conformational states.  

Peptide backbone flexibility, especially at the N- and C- termini, is difficult to capture during 

the protein-protein docking and, therefore, RosettaDock might not be able to sample the full 

range of possible toxin conformations. Additionally, Rosetta scoring uses an implicit 

membrane model that might not account for energetic contributions involving membrane 

lipids that could be important to stabilize the toxin’s binding pose. Although a lipid 

membrane can be explicitly included in MD simulations, simulation accuracy often depends 

on the quality of the force field and parameters used in the simulation, and it can be difficult 

to determine the best set of parameters for any given system62. Fully atomistic molecular 

dynamics simulations are limited by their timescale (ns to μs), and hence enhanced sampling 

MD simulation techniques such as string method with the swarm of trajectories63, weighted 

ensemble (WE) 64, Gaussian accelerated MD (GaMD)65 or their combination66  need to be 

employed to observe peptide – protein binding and large-scale protein conformational 

transitions.  
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For estimating the free energy of binding, MM/PBSA methodology may suffer from accuracy 

problems especially for predicting absolute binding free energies as was demonstrated by a 

study done by Sheng et al.67. The accuracy can be improved such as by damping the solvated 

and Coulombic terms for highly charged systems67,68, using residue type-specific dielectric 

constants69, and applying potentially more accurate entropy calculation methods70. Yet, 

MM/PBSA methodology employed here was successfully utilized in our recent study71 to 

correctly predict conformation-dependent binding of a small molecule ligand 

norepinephrine and large stimulatory G protein to beta-2 adrenergic receptor, another 

integral membrane protein. In order to predict effect of toxin’s mutations on state-specific  

ion channel binding, potentially more accurate but computationally expensive MD 

simulation technique, free energy perturbation (FEP) 72, can be used, which was recently 

employed to study relative energetics of PTx2 mutants – hNaV1.7-NaVAb deactivated VSD II 

interactions 28. A similar approach can be used in our future studies focused on optimizing 

specific toxin – ion channel interactions, while in this work we aimed to predict molecular 

determinants of those state-specific interactions using a consistent set of wild-type toxin – 

hNaV1.7 VSD II and IV structural models and microsecond-long MD simulations.   Other 

molecular simulation and analysis methodology advancements such as using enhanced 

sampling techniques GaMD, WE or their combination64–66,73 will be explored in our follow-

up studies to thoroughly explore both thermodynamics and kinetics of toxin – ion channel 

interactions with the current work providing a necessary framework and achieving a good 

agreement with several experimental findings19,22. 

In conclusion, our molecular modeling and simulation protocol can be a helpful guide for 

future designs of more potent therapeutic peptide variants with improved selectivity for 

different states of the hNaV1.7 channel and other NaV channel subtypes as will be explored 

in follow-up studies. In addition, our results demonstrate that the interactions between PTx2 

residues and lipids are important for state-specific binding to hNaV1.7 VSDs and should be 

considered in future ion channel inhibitor studies as well. These findings open the possibility 

to improve the balance of VSD and lipid-binding capability of the toxin and, consequently, its 

efficacy as an ion channel inhibitor. We anticipate that this methodology can be readily 

expanded to study the interactions between other peptides and ion channels. Advancing our 
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understanding of the molecular mechanisms of ion channel modulation by peptide toxins 

will allow us to harness the full potential of these molecules for therapeutic applications.  
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3.5) Supplementary Information 

Amino acid sequences of the structures used in the study. 

Multiple sequence alignment was done using CLUSTAL OMEGA (1.2.4) 

Protoxin2                     YCQKWMWTCDSERKCCEGMVCRLWCKKKLW 

 

 
hNaV1.7_VSD_II_deactivated    CSPYWIKFKKCIYFIVMDPFVDLAITICIVLNTLFMAMEHHPMTEEFKNVLAIGNLVFTG 60 

hNaV1.7_VSD_II_activated      CSPYWIKFKKCIYFIVMDPFVDLAITICIVLNTLFMAMEHHPMTEEFKNVLAIGNLVFTG 60 

hNaV1.7_VSD_IV_deactivated    ------KIQGCIFDLVTNQAFDISIMVLICLNMVTMMVEKEGQSQHMTEVLYWINVVFII 54 

hNaV1.7_VSD_IV_activated      ----GNKIQGCIFDLVTNQAFDISIMVLICLNMVTMMVEKEGQSQHMTEVLYWINVVFII 56 

                                      *:: **: :* :  .*::* : * ** : * :*:.  ::.:.:**   *:**   

 

hNaV1.7_VSD_II_deactivated    IFAAEMVLKLIAMDPYEYFQVGWNIFDSLIVTLSLVELFLADVEGLSVLR--SFRLLRVF 118 

hNaV1.7_VSD_II_activated      IFAAEMVLKLIAMDPYEYFQVGWNIFDSLIVTLSLVELFLADVEGLSVLR--SFRLLRVF 118 

hNaV1.7_VSD_IV_deactivated    LFTGECVLKLISLRHY-YFTVGWNIFDFVVVIISIVGMFLADLIETYFVSPTLFRVIRLA 113 

hNaV1.7_VSD_IV_activated      LFTGECVLKLISLRHY-YFTVGWNIFDFVVVIISIVGMFLADLIETYFVSPTLFRVIRLA 115 

                                :*:.* *****::  * ** ******* ::* :*:* :****:    .:    **::*  

 

hNaV1.7_VSD_II_deactivated    KLAKSW------ 124 
hNaV1.7_VSD_II_activated      KLAKSW------ 124 
hNaV1.7_VSD_IV_deactivated    RIGRILRLV--- 122 
hNaV1.7_VSD_IV_activated      RIGRILRLVKGA 127 
                       :::.:      

 

Table S1. Criteria for Different Type of Non-bonded Interactions Used in Analyses 

TYPES OF 

INTERACTION 
DETECTION CRITERIA FILTERING CRITERIA 

HYDROPHOBIC 
INTERACTIONS 

All pairs of hydrophobic atoms (i.e., carbons with only 

carbon or hydrogen atoms as neighbors) not involved 
in other specific types of interactions shown below 

within 4 Å. 

Exclude hydrophobic interactions 
between rings that interact through  

π-stacking. 

HYDROGEN 

BONDS 

Distance between the hydrogen bond donor (D) and 
acceptor (A) should be less than 3.5 Å. 

The angle D-H...A should be above 100°. 

Exclude hydrogen bonds between 

atoms that already form a salt bridge. 
A hydrogen bond donor can participate 

in only one hydrogen bond, while 
acceptor atoms can form multiple 

hydrogen bonds. 

SALT BRIDGES 
Centers of oppositely charged groups that come within 
5.5 Å. 

 

CATION-Π 

Pairing of a positive charge and an aromatic ring if the 

distance between the charge center and the aromatic 

ring center is less than 6 Å. 

 

Π-STACKING 

Centers of two aromatic rings within 5.5 Å. The angle 

between the rings should deviate no more than 30° 
from the optimal angle (90° for T-stacking, 180° for P-
stacking). When projecting each ring center onto the 

opposite ring plane, the distance between the other 

ring center and the projected point (offset) should be 
less than 2 Å. 
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Figure S1. Contact maps showcasing PTx2 – VSD residue or POPC lipid interactions 

averaged over three MD simulation replicas of PTx2 – deactivated VSD II system. PTx2 

residues are denoted by the suffix “:T”, while VSD residues are denoted by the suffix “:V” Error 

bars are standard errors of mean from 3 MD simulation replicas. Only contact pairs with 

duration above 5% (including standard errors) are displayed, and only the 2nd half of each MD 

simulation was used for the analysis. 
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Figure S2. Contact maps showcasing PTx2 – VSD residue or POPC lipid interactions 

averaged over three MD simulation replicas of PTx2 – activated VSD II system. PTx2 

residues are denoted by the suffix “:T”, while VSD residues are denoted by the suffix “:V”. Error 

bars are standard errors of mean from 3 MD simulation replicas. Only contact pairs with 
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duration above 5% (including standard errors) are displayed, and only the 2nd half of each MD 

simulation was used for the analysis. 

 

Figure S3. Contact maps showcasing PTx2 – VSD residue or POPC lipid interactions 

averaged over three MD simulation replicas of PTx2 – deactivated VSD IV system. PTx2 

residues are denoted by the suffix “:T”, while VSD residues are denoted by the suffix “:V”. Error 

bars are standard errors of mean from 3 MD simulation replicas. Only contact pairs with 

duration above 5% (including standard errors) are displayed, and only the 2nd half of each MD 

simulation was used for the analysis. 
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Figure S4. Contact maps showcasing PTx2 – VSD residue or POPC lipid interactions 

averaged over three MD simulation replicas of PTx2 – activated VSD IV system. PTx2 

residues are denoted by the suffix “:T”, while VSD residues are denoted by the suffix “:V”. Error 

bars are standard errors of mean from 3 MD simulation replicas. Only contact pairs with 

duration above 5% (including standard errors) are displayed, and only the 2nd half of each MD 

simulation was used for the analysis. 
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Figure S5. Interaction energies (van der Waals + electrostatic) contributed by each PTx2 

residue toward the VSD and lipid binding process for different PTx2 - hNaV1.7 VSD II/IV 

MD simulation systems. Only residues with combined interaction energies across the whole 

system more favorable than –5 kcal/mol when averaged over all replicas are displayed, and 

only the 2nd half of each MD simulation was used for the analysis. 
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Figure S6. Interaction energies (van der Waals + electrostatic) contributed by each VSD 

II residue toward the PTx2 binding process for different PTx2 - hNaV1.7 VSD II/IV MD 

simulation systems. Only residues with combined interaction energies across the whole 

system more favorable than –0.5 kcal/mol when averaged overall replicas are displayed, and 

only the 2nd half of each MD simulation was used for the analysis. 
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Figure S7. Interaction energies (van der Waals + electrostatic) contributed by each VSD 

IV residue toward the PTx2 binding process for different PTx2 - hNaV1.7 VSD II/IV MD 

simulation systems. Only residues with combined interaction energies across the whole 

system more favorable than –0.5 kcal/mol when averaged over all replicas are displayed, and 

only the 2nd half of each MD simulation was used for the analysis. 
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Figure S8. A general overview of the three replicas (REP) of 300-ns molecular dynamics 

simulations of PTx2 – hNaV1.7 activated VSD II (A, B, C) or VSD IV (D, E, F) as a part of the 
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full hNaV1.7 ion channel. The lipid membrane is represented as a gray box, with the 

extracellular- and intracellular-facing sides labeled as "EX" and "IN" respectively. PTx2 – VSD 

binding sites are highlighted by yellow circles. A, D) Conformational changes of the toxin – VSD 

complex following the 300-ns-long molecular dynamics simulation for each replica. B, E) 

Distribution of all toxin – VSD interaction types encountered during the MD simulations, 

computed by dividing the sum of a specific interaction type by the sum of all interactions across 

all MD simulation frames. C, F) Time series of the root-mean-square deviation (RMSD) of PTx2 

– VSD complex, VSD, toxin’s binding region, and PTx2 backbone atoms compared to the initial 

structures. The plotted values represent the moving averages calculated over intervals of 5 ns 

each. The MD simulation equilibration period is shown as a light green box. 
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Figure S9. Time series of the root-mean-square deviation (RMSD) of PTx2 backbone 

atoms relative to the VSD compared to the initial structures. RMSD plots from A) 

deactivated VSD II, B) activated VSD II, either isolated or attached to the channel, C) 

deactivated VSD IV, and D) activated VSD IV, either isolated or attached to the channel, are 
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displayed for three MD simulation replicas each. The colored bold lines represent the moving 

averages calculated over intervals of 10 ns each, while the gray lines represent the raw values. 

The MD simulation equilibration period is shown as a light green box. 

 

Figure S10. Contact maps showcasing PTx2 – VSD residue or POPC lipid interactions 

averaged over three MD simulation replicas of PTx2 – activated VSD II system (now as a 
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part of the full ion channel). PTx2 residues are denoted by the suffix “:T”, while VSD residues 

are denoted by the suffix “:V”. Error bars are standard errors of mean from 3 MD simulation 

replicas. Only the 2nd half of each MD simulation was used for the analysis. 

 

Figure S11. Contact maps showcasing PTx2 – VSD residue or POPC lipid interactions 

averaged over three MD simulation replicas of PTx2 – activated VSD IV (now as a part of 

the full ion channel). PTx2 residues are denoted by the suffix “:T”, while VSD residues are 

denoted by the suffix “:V”. Error bars are standard errors of mean from 3 MD simulation 

replicas. Only the 2nd half of each MD simulation was used for the analysis. 
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Figure S12. Time series of MM/PBSA computed enthalpy and interaction energies for 

PTx2 – hNaV1.7 isolated VSD II and IV systems during the all-atom molecular dynamics 

simulations. Energies from PTx2 interactions with A) deactivated VSD II, B) activated VSD II, 

C) deactivated VSD IV, and D) activated VSD IV are displayed. The first and third columns 

indicate individual energy values from different replicas.  The plotted values represent the 

moving averages calculated over intervals of 5 ns each. The second and fourth columns indicate 

the averaged energy values across the replicas including standard errors of the mean shown by 

lighter colors. The MD simulation equilibration period is shown as a light green box. 
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Figure S13. MM/PBSA binding energies in PTx2 – hNaV1.7 activated VSD II and IV 

systems (full channel simulation). A)  Energies averaged over three replicas from 100 ns 

onward of the 300-ns-long all-atom molecular dynamics simulations. B) Time series of 

MM/PBSA computed enthalpy and interaction energies for PTx2 interactions with activated 

VSD II and C) activated VSD IV during the full channel simulations are displayed. The first and 

third columns indicate individual energy values from different replicas. The second and fourth 

columns indicate the averaged energy values across the replicas including standard errors of 

the mean shown by lighter colors. The MD simulation equilibration period is shown as a light 

green box. 
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4.1) Introduction 

The human voltage-gated potassium channel KV11.1, encoded by the KCNH2 or human 

Ether-à-go-go-Related Gene (hERG) gene, is a key player in cardiac electrophysiology, 

underpinning the rapid component of the delayed rectifier K+ current (IKr) in cardiac 

myocytes1. This current plays a crucial role in the repolarization phase of the cardiac action 

potential, essential for the rhythmic and stable electrical propagation and consequent 

contraction2. Perturbation to hERG channel function, whether stemming from genetic 

anomalies or pharmacological interventions, can precipitate multiple arrhythmogenic 

disorders2.  

 

The distinctive pharmacological sensitivity of hERG channels, prone to blockade by a diverse 

array of drugs, has placed them at the forefront of cardiac safety pharmacology and the drug 

discovery process. Blockade of hERG by drugs can lead to QT interval prolongation known 

as an acquired long QT syndrome and escalate the risk of torsades de pointes (TdP), a 

potentially fatal arrhythmia3. This issue has prompted the withdrawal of various drugs from 

the market and underscored the necessity of incorporating hERG safety evaluations in the 

drug development pipeline4–6. 

 

The hERG channel is a homotetramer, with each subunit containing six membrane-spanning 

segments (S1-S6)7. The segments S5 and S6 along with the intervening loops and short pore 

helix form the channel pore domain (PD), crucial for potassium ion passage, while segments 

S1-S4 form the voltage sensing domain (VSD), responding to voltage changes across the cell 

membrane. Notably, the hERG channel also features specialized intracellular regions: the 

Per-Arnt-Sim (PAS) domain at the N-terminus and the cyclic nucleotide-binding domain 

(CNBD) at the C-terminus. The structural intricacies of the hERG channel, particularly its 

pore and voltage-sensing domains, render it sensitive to a variety of drugs, highlighting the 

imperative for intricate structural understanding of drug channel interactions to foster safer 

drug designs. This susceptibility is not uniform but varies depending on the channel 

conformational state, a phenomenon known as state-dependent drug block. Drugs may 
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preferentially bind to and block the channel in specific states (open, closed, or inactivated), 

which can differentially affect cardiac repolarization and rhythm8,9. 

 

Capturing the dynamic spectrum of hERG channel states poses a formidable challenge. While 

cryo-electron microscopy (cryo-EM) has offered invaluable insights into the open state of 

the channel7,10, a comprehensive view of the closed and inactivated states has remained 

elusive. Thus, even as we embark on a scientific era of explosive growth fueled by the 

convergence of protein structure insights, computational capabilities, and AI based modeling 

and synthetic data, the next frontier is marked by the need to reveal all relevant 

conformational states of proteins. The existing knowledge gaps constrain both predictive 

capabilities regarding drug – protein interactions and the creation of therapies through drug 

discovery to find specific and selective drugs, or in the case of hERG, to minimize adverse 

interactions. For example, a recent study by Yang et al. introduced a multiscale model 

framework to forecast drug-induced cardiotoxicity at cellular and tissue levels, utilizing 

atomistic simulations of drug interactions with hERG11. However, the absence of hERG 

structural models in the inactivated and closed states limited the predictive potential of 

atomistic scale simulations of state-specific drug binding.  

 

The emergence of AlphaFold2, a protein structure prediction tool driven by machine 

learning, has brought a paradigm shift in structural biology12. The proficiency of AlphaFold2 

in accurately predicting protein structures presents a significant opportunity to model 

numerous proteins whose experimental structures remain unsolved. Nonetheless, the 

conventional use of AlphaFold2 tends to produce a single-state structure for the protein, 

which in the case of hERG corresponds to the open state. In this study, we presented a novel 

approach to guide AlphaFold2 to predict models of the hERG channel in the closed and 

inactivated states, thereby unveiling the elusive structural underpinnings of state-specific 

drug interactions and gating mechanisms of the channel. 

 

We sought insights into the state-specific interactions of drugs with hERG channel, which are 

vital for revealing the mechanisms behind drug-induced cardiotoxicity and for designing 

safer pharmaceuticals. Our methodology blended advanced computational techniques to 
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yield an exhaustive understanding of the dynamics of the hERG channel at atomistic 

resolution. We commenced with structural modeling using AlphaFold2, followed by drug 

docking simulations via Rosetta GALigandDock13 to evaluate drug – ion channel interactions. 

All-atom molecular dynamics (MD) simulations were employed to investigate ion 

conduction attributes and dynamic channel behavior across conformational states. We also 

present an interaction network analysis that revealed key protein residues and domains 

involved in state transitions, offering a molecular framework for deciphering hERG channel 

gating mechanisms. 

4.2) Results and Discussion 

 

a. Generating hERG channel conformational states 

The hERG channel undergoes transitions between closed, open, and inactivated 

conformational states. Experimental cryo-EM structures published so far7,10 appeared to 

resolve only one of those states (open and conducting) based on previous molecular 

simulation studies11,14,15. To guide AlphaFold2 in generating diverse conformations 

pertinent to each conformational state, we integrated fragments from experimental 

structures, each characteristic of the discrete closed, open or inactivated state. We then 

utilized AlphaFold2 to explore a broad array of conformational states and generate the final 

structures. This approach ensured that the resulting conformations were diverse and 

relevant to each discrete conformational state. Inspired by the Meiler lab's successful use of 

AlphaFold2 for sampling alternative conformations of transporter and receptors16–18, we 

expect that this method will be capable of yielding possible representations of the hERG 

channel in different states, offering an improvement over earlier computational methods 

that depended on homology modeling19,20. 

To construct the closed state of the hERG channel, we used regions of the voltage-sensing 

domains (VSDs) from the rat EAG channel cryo-EM structure in its closed conformation (PDB 

8EP121, residues H208 – H343) as a structural template and combined them with the 

selectivity filter (SF) region from an available hERG cryo-EM structure (PDB 5VA27, residues 

I607 – T634), as depicted in Figure 1a. Recognizing that the physiological closed state of the 
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hERG channel might only partially resemble these structural elements, we sought to 

introduce a degree of flexibility in our model sampling process.  

Due to the time-intensive process of creating multiple sequence alignments (MSA) for 

AlphaFold2, the ColabFold22 software was made to streamline protein structure prediction 

by combining MMseqs223 sequence search toolkit with AlphaFold2, enhancing runtime 

efficiency while preserving high prediction accuracy. First, we provided this hybrid structure 

as a template for ColabFold. ColabFold utilized only a portion of the MSA in the modeling 

process to reduce memory usage. We adjusted the limit to 256 cluster centers and 512 

additional sequences, a reduction from the standard 512 and 1024, respectively. Altering the 

random seed can lead to variance in cluster centers and, consequently, in structure 

predictions. Therefore, we set AlphaFold2 to cycle through 20 random seeds (each seed was 

used to produce 5 models) to foster diversity in the predicted conformational states. 

Additionally, we enabled the model stochastic (dropout) component during inference to 

sample from an ensemble of models for the more ambiguous segments of the structure 

prediction. Past research has indicated that these settings may permit the sampling of 

alternative protein conformations16–18,22. In total, we generated 100 models for further 

analysis. The N-terminal PAS domain (residues M1 – R397) was not included in the modeling 

due to graphics card memory limitation making the resultant model (W398 – R863) 

resemble hERG 1b isoform24. 

For the open hERG channel state, we utilized the existing cryo-EM structure of hERG (PDB 

5VA27), albeit with missing extracellular loops. We then reconstructed the extracellular 

loops using the Rosetta LoopRemodel mover25 with the results shown in Figure 1b. This 

reconstructed model served as a base for molecular dynamics and drug docking simulations. 

However, we also wanted to test the potential for AlphaFold2 to emulate this structure. The 

modeling procedure was initiated with constraints akin to those used for the closed state. 

This time, specific regions of the putative open state hERG model (PDB 5VA27) — namely 

the VSD (W398 – V549), the SF with adjacent pore helix (I607 – T634), a part of S6 and the 

cytosolic domain (S660 – R863) — were provided to ColabFold as a structural guide. Then, 

we generated 100 diverse models for the detailed cluster analysis. 
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The task of modeling hERG in an inactivated state was more complex due to the absence of 

direct experimental references. As illustrated in Figure 1c, we extracted a region of the S6 

and the entire cytosolic domain (S660 – R863) from the open-state hERG channel model and 

employed ColabFold under similar conditions to those described above for closed and open 

states. Our method involved letting AlphaFold2 reconstruct the transmembrane domain 

from the ground up under conditions that facilitated the sampling of varied conformations17. 

In the resulting models, a subset of these models exhibited SFs (residues S624 – G628) akin 

to the non-conductive variant observed under low extracellular K+ conditions, as described 

in a preprint study by Lau et al.26,27 This non-conductive SF is primarily identified by a 

distinct lateral flip of the backbone carbonyl oxygens in residue V625 away from hERG 

central axis, creating a potential barrier that may prevent K+ from crossing from S3 to S2 ion 

binding sites. We extracted this non-conductive SF and the adjacent pore helix (residues 

Y607 – T634) structures from our array of models and merged it with the activated VSDs 

(W398 – V549) and the cytosolic domain (S660 – R863) from the open-state hERG structure 

(PDB 5VA27) to use as structural template. Employing the same parameters in ColabFold as 

described above, we then generated 100 more models for further analysis. 
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Figure 1. Generation of hERG channel models in the closed (a), open (b), and 

inactivated (c) states. The lower limit of the pore radius color profile (1.15 Å) indicates the 



138 
 

minimum radius to accommodate a water molecule, and the upper limit (2.30 Å) indicates 

sufficient space to fit two water molecules side by side. 

b. Clustering AlphaFold2-generated hERG models 

Post-prediction, the resulting 100 models for each structural state were categorized into 

clusters based on all-atom root-mean-square deviation (RMSD) between those models, as 

shown in Figure 2. Closed-state models were clustered with a threshold of 0.75 Å across the 

entire channel, whereas inactivated and open states (non-empirical, AlphaFold-predicted) 

models focused on the SF (residues S624 – G628), with a more stringent threshold of 0.35 Å. 

We ranked the models in the cluster by their average per-residue confidence metric 

(predicted local distance difference test, or pLDDT), which assesses the likelihood that the 

predicted structure aligns with an experimentally determined structure12. pLDDT above 90 

are considered to be highly reliable and those between 70 and 90 as reliable with generally 

good protein backbone structure prediction12. Lower scores indicate regions of lower 

confidence and may be unstructured. Cluster 1 is defined in this study to be the cluster with 

highest average pLDDT among its members. 

Closed-state clusters: The analysis of closed-state clusters revealed very minor discrepancies 

when comparing RMSD and pLDDT values across those clusters. Comparing the top-ranked 

model in each cluster, the all-atom RMSD between cluster 1 (cluster with highest confidence) 

with cluster 2 is 0.36 Å, and with the outlier cluster is 0.95 Å (clusters with fewer than 3 

members are classified as outliers). Excluding the outlier cluster, the average pLDDT scores 

between cluster 1 and cluster 2 are very similar. The predicted low RMSD between the 

models suggests a convergence of the prediction to a singular conformation, with minor 

differences likely arising from slight variations in the positioning of intracellular loop 

regions. Therefore, the top-ranked model in cluster 1 was chosen for subsequent 

simulations. 

Inactivated-state clusters: Compared to the previous case, we observed more differences 

among the putative inactivated-state clusters. For this situation, we used a more precise 

metric for clustering by focusing exclusively on the SF (S624 – G628). Following this, we 
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ranked the clusters according to the average pLDDT of these specific residues. This method 

led to the identification of four main clusters and one outlier.  

Cluster 1, which has the highest certainty (pLDDT = 90.3 ± 2.3), consists of models where the 

carbonyl of SF V625 alternates between turning inward and outward, i.e. toward and away 

from the central axis, among different subunits. Cluster 2 (pLDDT = 85.2 ± 1.6) is fairly 

similar, but the carbonyl of SF V625 is now flipped outward from the central axis in all 

subunits in most instances, and there is a noticeable constriction between G626 carbonyls. 

Cluster 3 (pLDDT = 77.5 ± 2.5) features the carbonyl reorientation of SF G626 and 

occasionally F627. In most models from these groups, the S6 helix rotates to varying extents, 

causing Y652 and particularly F656 side chains to rotate along and extending further into 

the hERG inner cavity. Both cluster 4 and the outlier cluster have low average pLDDTs (<70), 

rendering them unreliable for our analysis. 

Intriguingly, while modeling hERG inactivation, we found that the SF conformations 

predicted by AlphaFold coincide with proposed hERG C-type inactivation mechanisms as 

highlighted in other experimental and computational studies15,26,27. This correlation is 

particularly notable considering the structures in the mentioned studies have not been 

published in any publicly accessible databases, to the best of our knowledge. Specifically, the 

behavior observed in clusters 1 and 2, namely the flipping of V625 and the constriction at 

G626 carbonyls, was previously reported in a preprint study by Lau et al.26,27 Moreover, Li et 

al.’s computational work revealed an asymmetric SF conformation, where two opposing 

subunits exhibited similar V625 flipping and G626 narrowing as seen in our AlphaFold-

predicted clusters 1 and 2, while the other two subunits displayed the G626 and F627 

carbonyl reorientation characteristic of our cluster 315. For our investigation, we chose to 

focus on the conformations seen in clusters 1 and 2, as this behavior was observed in both 

previous studies. We proceeded with further analysis and simulations using the best model 

from cluster 2, where all subunits consistently show the flipping of V625 carbonyls and 

pinching between G626 carbonyls. 
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Figure 2. Clustering of AlphaFold2-predicted hERG channel models. a) The model chosen 

for subsequent analysis. b) Clusters created from 100 models predicted for each state. Each 

structure visualized is colored according to the per-residue confidence metric (pLDDT). The 

closed-state models are clustered based on the RMSD of the entire protein models. The 

inactivated- and open-state models are clustered based on the RMSD of the selectivity filter 

(S624 – G628). To represent each cluster, the top 5 models ranked by average pLDDT are shown. 

The bar graphs display the mean pLDDT values for the clustered segment across all models 
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within each cluster, accompanied by the standard deviation. Clusters containing less than three 

models are categorized as outliers. 

 

Open-state clusters: In a control study, we used the conductive SF from the presumed open-

state cryo-EM hERG structure (PDB 5VA27), combined with the VSD and cytosolic domain, 

as the structural template for AlphaFold. Remarkably, the generated models converged 

almost uniformly into a single cluster, exhibiting negligible variance in both pLDDT and 

RMSD values across the models. The highest scoring model closely mirrors the experimental 

structure with reconstructed loops, showing only 0.5 Å all-atom RMSD due to minor 

differences in the loop conformations. 

c. Comparison of state-specific hERG channel models 

We refined the preliminary atomistic structural models putatively representing each 

functional state of the hERG channel (open, inactivated and closed) using Rosetta25,28 with 

an implicit membrane to optimize each residue orientation and resolve any steric clashes. 

The resulting models are compared in Figure 3. In Figure 3a, b, the closed-state model 

displays the most constricted channel pore, followed by the inactivated-state and then the 

open-state model. In the pore-lining S6 helix, the drug-binding residue Y652 maintains a 

consistent position in both closed and open hERG channel models. However, in the 

inactivated-state model, Y652 and its aromatic ring move slightly due to the rotation of the 

S6 helix, and together with the rotation of S624 sidechain hydroxyl oxygen away from the 

pore help form a shallow hydrophobic pocket above Y652 rings and beneath the SF. The 

rotation and movement of the pore-lining S6 helix also influences the position of residue 

F656 across the models, with its side chain protruding most into hERG inner cavity in the 

closed state, followed by the inactivated state and least in the open state. 

Shown in Figure S1a, b, the SFs of the open- and closed-state models display similar 

arrangements, with carbonyl oxygens along the ion path all oriented inward to the central 

axis as in other K+ channel structures, e.g., KcsA and KV1.2, enabling efficient knock-on K+ 

conduction29,30. In contrast, the inactivated-state model SF is distinct, marked by the lateral 

rotation of the V625 backbone carbonyl away from the central axis (Figure S1c), thereby 
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creating a potential barrier preventing ion crossing from the S3 to S2 binding sites. 

Additionally, we noted a constriction between the G626 backbone carbonyls and a 

repositioning of the S624 sidechain hydroxyl oxygen. In the model representing the 

inactivated state, the carbonyl oxygens of G628 and F627 exhibit an upward shift relative to 

their positions in the open-state model. Figure S1d-f presents the SF of all three models from 

an extracellular perspective. In both the closed- and inactivated-state models, the F627 side 

chain undergoes a clockwise rotation when contrasted with its orientation in the open state. 

This rotational behavior aligns with findings from prior simulation study14 where it was 

noted in a metastable non-conductive state. The loop that links the upper SF to the S6 helix 

rotates anti-clockwise relative to its position in the open-state model, consequently 

narrowing the upper part of the SF. 

Echoing our observations, Lau et al., in a preprint, have suggested that the observed flipping 

of V625 carbonyls might be a potential C-type inactivation mechanism for the hERG 

channel26,27. Their study involved altering the external K+ concentration to predispose the 

channels towards a non-conductive, inactivated-like state26,27. Li et al. made a similar 

observation in their study, demonstrating the constriction between G626 carbonyls which 

occurs asymmetrically in only two opposing subunits and not in the others to be a potential 

C-type inactivation mechanism15. Indeed, this constriction was accompanied by the flipping 

of V625 carbonyls in the same subunits where the constriction was observed15. Both 

structural features, which are also replicated in the AlphaFold-predicted model, might 

collectively constitute components of the inactivation mechanism. 

Furthermore, Cuello et al. in their study of KcsA channel identified a similar constriction at 

G77 within the SF and a corresponding reorientation of the V76 carbonyl, resulting in a 

dilation in the SF at this location and correspondingly the loss of the S2 and S3 ion binding 

sites31. Consequently, they suggested this backbone rearrangement as a fundamental 

molecular mechanism underlying C-type inactivation in K+ channels31. In other studies on 

Shaker and Kv1.3 channels, dilation in the upper SF has been proposed to be a potential C-

type inactivation mechanism but without notable constriction at the SF glycine32–35. The 

inactivation processes across various K+ channels may exhibit similarities to some degree, 
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but possess distinct differences that could account for the observed variability in inactivation 

rates among different K+ channels1. 

Figure 3. Structural comparison of different hERG channel state models. a) Visual 

comparison of the closed, open-, and inactivated-state models. b) Pore radius for the SF and 

drug binding region (upper) and for the entire pore (lower). c) Comparison of the VSD 

conformation in each model, showcasing the positively charged Arg and Lys gating-charge 

residues, located on the S4 helix, and the gating charge transfer center residue, F463, on the S2 

helix. d) Measurement of the distance between the Cα atom of F463 to the Cα atom of each of 

the gating-charge residues.  
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For the VSD, we measured the distances between the backbone Cα atoms of the gating charge 

residues (K525, R528, R531, R534, R537, K538) on the S4 helix and the gating charge 

transfer center F463 on the S2 helix, as shown in Figure 3c. Although we observed an 

increased distance between the gating charge residues and the charge transfer center 

residue in the closed state, this separation was not due to a straight downward movement of 

the S4 helix. Instead, the closed-state model S4 exhibited a minor kink around residue R531 

and lateral movement toward the center of the channel, impacting the S4 – S5 linker and 

consequently nudging the S5 helix inward, effectively narrowing the pore. It should be 

emphasized that the predicted closed-state model exhibits lower confidence levels for the S4 

helix and S4-S5 linker residues (pLDDT ≤ 75) when compared to their counterparts in 

models of other states, necessitating caution in interpreting the physiological implications of 

this observation. Conversely, the pore region, which demonstrates closure, is characterized 

by a higher prediction confidence (pLDDT ≥ 75), suggests a more robust and reliable 

representation in this part of the model. 

In Figure 4a and b, we analyzed interactions of extracellular S5-P linker (I583 – Q592) along 

with SF and surrounding SF residues (S620 – N633) through heatmaps detailing hydrogen 

bonding, π stacking, cation-π, and salt bridge formation similarities and differences (Table 

S1 shows detection criteria; distance-based contact maps36 for all residues are shown in 

Figure S2). Distinct interaction patterns between open- and inactivated-state models were 

observed in these regions (Figure 4b, c). N633 atop the SF forms hydrogen bonds with S5-

P linker G584 and Q592 from an adjacent subunit, while N629 forms hydrogen bonds with 

adjacent S631. Additionally, SF G626 forms a hydrogen bond with S620 behind the SF. Within 

the S5-P linker, N588 and D591 also display hydrogen bonding. However, these stabilizing 

interactions in the open-state model SF region are absent in the inactivated-state model, 
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where only intra-subunit hydrogen bonds between I583 (S5-P linker) and N633 (SF) occur, 

along with V630 bonding with N629 atop the SF. 

 

Figure 4. Interaction network analysis showcasing residue-residue interactions in the 

S5-P linker (I583 – Q592) and region surrounding the SF (S620 – N633). a) An image of 

a hERG channel subunit with the analyzed regions colored in cyan and blue. b) Heatmaps 

showing intrasubunit and intersubunit (marked by X) interactions between each residue in the 

analyzed regions. The interactions analyzed are hydrogen bonding, π stacking, cation-π, and 

salt bridges. Black cells indicate no interactions. Gray cells indicate an interaction is present in 
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both states. Blue, orange, and green colored cells indicate the interaction is present only in the 

open, inactivated, or closed state, respectively, but not in the other state being compared in the 

map. White lines are added to separate S5-P linker residues from the SF region residues. c, d, 

e) Visualization of the interactions being present in one state but not the other. Gold-colored 

residues are involved in the interactions. Green-colored residues, named with an asterisk at the 

end, are from an adjacent chain but are interacting with gold-colored residues. Dashed lines 

represent hydrogen bonds. 

 

To corroborate our findings, mutations involving the residues above have been shown to 

impact hERG inactivation as evidenced in numerous clinical and experimental studies14,37–44. 

For instance, the S631A mutation, linked to short QT syndrome, causes a positive shift in 

hERG half-inactivation voltage38, while S631C speeds up fast inactivation39. N629D, N629S, 

and N633S mutations, found in long QT syndrome patients, disrupt inactivation and K+ 

selectivity 14,40. N588K/E and Q592K modulate rapid inactivation41,42, G584S leads to 

inactivation gating defects45, and S620T abolishes hERG inactivation43. V630L caused a 

negative shift in the voltage dependence of steady-state inactivation44, while H587P/K 

disrupts the C-type inactivation process and K+ selectivity37. N588C and I583C mutations 

have high and intermediate impact of hERG inactivation46. Lastly, the D591R/Q592R double 

mutation inhibits inactivation42. 

There are fewer differences between the open- and closed-state models (Figure 4b, d). In 

the open-state model, D591 from the S5-P linker forms hydrogen bonds with N588, and G584 

bonds with N633 at the top of the SF. These interactions are absent in the closed-state model, 

where H587 (instead of N588) bonds with D591 within the S5-P linker, and I583 (replacing 

G584) interacts with N633 at the SF top. Additionally, G628 from an adjacent subunit forms 

a hydrogen bond with N629 atop the SF. Analyzing the differences between the inactivated- 

and closed-state model (Figure 4e), the inactivated-state model uniquely features a V630-

N629 hydrogen bond, whereas the closed-state model exhibits intersubunit hydrogen bonds 
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between N633 and Q592, and between S631/G628 and N629. Furthermore, in the closed-

state model, S620 forms a hydrogen bond with G626, stabilizing the SF conformation. 

In Figure S3, we compared the S6 pore-lining helix orientation across various models. The 

closed-state model features a straight S6 helix with a minor kink. On the contrary, both the 

open- and inactivated-state models exhibit a pronounced kink around I655, as identified in 

a prior study47, which facilitates pore opening and distinguishes the inactivated-state from 

the closed-state model. Notably, a slight rotation differentiates the S6 helix in the open- and 

inactivated-state models, altering the alignment of drug-binding residues Y652 and F656. 

The interaction network analysis results from Figure 4b, c suggest that alterations in the 

hydrogen bond network around the SF region, during the transition from open to inactivated 

state, might pull on the S6 helix and influence its orientation (Figure S1e, f) – a subtle yet 

potentially impactful change for drug binding which we will explore later. In agreement with 

our observations, a study by Helliwell et al. also suggested that a slight clockwise rotation of 

the S6 helix in the hERG open-state cryo-EM structure7 could align the S6 aromatic side 

chains, particularly F656, into a configuration to enable interactions with inactivation-

dependent blockers that more accurately reflects experimental data48. 

d. Molecular dynamics simulations to assess ion conductivity 

We performed all-atom molecular dynamics (MD) simulations on two hERG channel models 

described above, one in the open state and the other in the predicted inactivated state, to 

evaluate their ion conduction capabilities. Unlike the closed-state model, both open- and 

inactivated-state models should allow ions and water to enter and traverse the channel pore 

reaching the SF region. However, only the open state-model is expected to facilitate ion 

conduction through its SF. 

To investigate ion conduction in the selectivity filter, we considered two conditions, as 

shown in  

Figure 5a: one in which the SF initially contained only K+ ions and another in which both 

ions and water were present to test previously proposed direct (or Coulombic) and water-

mediated K+ conduction knock-on mechanisms49,50 as in a previous study14. In the direct 
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knock-on (ions-only) scenario, we manually positioned K+ atoms in the putative K+ binding 

sites of S0, S2, S3, and S4 within the SF. For water-mediated knock-on (the alternating ions 

and water molecules) scenario, K+ ions were placed in the S1, S3, and Scav positions, while 

water molecules were inserted into the S0, S2, and S4 positions. These models were 

incorporated into phospholipid bilayers consisting of 1-palmitoyl-2-

oleoylphosphatidylcholine (POPC) molecules, as depicted in  

Figure 5b. Subsequently, we conducted simulations for each case under three membrane 

voltage conditions: 0 mV, 500 mV, and 750 mV, each lasting 1 μs. This resulted in a total of 

six MD simulations for each model. 

 

 

Figure 5. Setup of MD simulations to assess ion conduction in the open and inactivated 

models. a) Initial configuration of the SF, set to fill with either all K+ ions, or alternating K+ 

and water molecules. b) An example MD simulation box showing a hERG channel model (shown 

in yellow surface representation) embedded in POPC lipid bilayer (shown as sticks) and 

solvated by an aqueous 0.3 M KCl solution (shown as a transparent surface with K+ and Cl- ions 

shown as purple and green balls, respectively). 
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For all instances where a non-zero membrane voltage was applied, we observed K+ 

conduction after equilibration in the open-state model (Figure 6a, c and Figure S4a, c), 

whereas such conduction was not observed in the inactivated-state model (Figure 6b, d and 

Figure S4b, d). For ions-only initial arrangement we observed that all K+ ions initially 

located in the SF went across during 1 μs MD runs under applied 750 and 500 mV membrane 

voltage (Figure 6a and Figure S4a), whereas for the alternating water-ion initial SF 

configuration we observed conduction of SF ions as well as additional K+ moving all the way 

across the channel pore (Figure 6c and Figure S4c). In both cases we saw combination of 

direct and water-mediated knock-on mechanisms as in our previous hERG channel MD 

simulations11,14. Control MD simulations conducted under zero voltage conditions revealed 

a single K+ conduction event for the open-state model (Figure S4g) when the SF was initially 

filled with water molecules and ions, while no conduction events were observed in the 

remaining cases (Figure S4e, f, h). 

Subsequently, we conducted an analysis of pore radius changes throughout the MD 

simulations (full results in Figure S5). In  

Figure 7a, under zero voltage conditions, we observed consistent and distinct pore radius 

profiles across all simulations within their respective models. Specifically, MD simulations 

featuring the inactivated-state model consistently displayed a narrower pore radius when 

compared to simulations involving the open-state model. However, when subjected to high 

voltage conditions, the open-state model exhibited a shift towards an inactivated-like state, 

leading to a reduction in the pore width, which is consistent with an increased hERG channel 

inactivation propensity at more depolarized voltages1. Although we did not observe the 

outward flipping of the V625 backbone carbonyl oxygens in the SF during the 1 μs 

simulations of the open-state model, we did observe the flipping of the F627 backbone 

carbonyl oxygens as shown in  

Figure 7b. Interestingly, this SF conformation with flipped F627 but not V625 backbone 

carbonyls is also observed in cluster 3 of the AlphaFold-predicted models shown in Figure 

2. In the inactivated-state model MD simulations, V625 backbone carbonyl oxygens flipped 
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inward into ion conducting conformation more often with increasing voltage, but as long as 

one out of four of them remained outward oriented, no K+ could pass through the SF. 

 

Figure 6. Movement of K+ ions through hERG SF. The z coordinates of K+ ions are tracked 

as they traverse from the pore of the channel (lower y-axis limit) to the extracellular space 

(upper y-axis limit) under membrane voltage of 750 mV. Putative K+ binding sites in the SF (S0 

– S5) are marked using blue dashed lines in the plots. a, c) Results from MD simulations on the 

open model with the SF initially configured to have only K+ ions or alternating K+ / water 



151 
 

molecules, respectively. b, d) Results from MD simulations on the inactivated model with the SF 

initially configured to have only K+ ions or alternating K+ / water molecules, respectively. 

 

 

Figure 7. Analysis of dynamics of the SF and pore conformations over the course of the 

1 µs MD simulations. a) Pore radius averaged over each 1 µs long MD simulations with or 

without applied membrane voltage. Open- and inactivated-state model MD simulations are 

notated as O and I, respectively, with the subscripts KK and WK denoting whether the SF 

initially configured to have only K+ ions or alternating K+ / water molecules, respectively. b) 
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Ensembles of SF conformation over the course of each MD simulation superimposed over each 

other. The gold-colored conformation indicates the initial conformation. 

e. Assessing state-dependent drug block using GALigandDock 

We utilized Rosetta GALigandDock software13 to dock 19 drugs from different classes, 

including alternative protonation states, into our hERG state-specific channel models. This 

process aimed to evaluate and corroborate their state-dependent binding interactions with 

experimental studies, specifically in terms of relative binding affinities. Figure 8 presents 

these findings in the form of Rosetta GALigandDock13 binding energies (lower values mean 

more favorable binding). Consistent with published studies, most drugs showed stronger 

binding to the inactivated-state hERG channel model, including astemizole8, terfenadine8, 

cisapride8, d/l-sotalol8, dofetilide8, and E-403151,52. Drugs including moxifloxacin53, 

quinidine8, and perhexiline8 did not show strong preference for the inactivated model, 

aligning with findings from hERG experimental studies using inactivation-deficient mutants8 

or “step-ramp” voltage protocol53. 

 

In our GALigandDock docking results, most drugs exhibited increased binding affinity to the 

closed-state hERG model compared to the open-state hERG model. Drugs are unable to bind 

to the closed state from the intracellular space because the pore is closed. However, they can 

become trapped if they are already bound when the channel transitions from open to closed 

state, as shown in experiments for dofetilide54, cisapride54, terfenadine54,55, E-403155, 

nifekalant56, etc. To model drug trapping, we placed the drug in a pocket beneath the 

selectivity filter in the closed pore configuration before docking. However, this method does 

not consider how the conformational shift from the open to the closed state might influence 

drug binding. Under physiological conditions, the pore gating motion from open to closed 

might expel drugs from the pore instead of pushing them deeper. This limitation might 

account for some inconsistencies noted in our docking study, particularly regarding the 

apparent trapping of drugs such as amiodarone and haloperidol, which is at odds with 

experimental results57. However, these preliminary results could pave the way for more 
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thorough investigations, employing advanced computational techniques to delve deeper into 

the dynamics of drug trapping58,59. 

 

 
 

Figure 8. GALigandDock drug docking results to different hERG channel models. Each 

bar plot represents the estimated energy of binding in Rosetta energy units (R.E.U.) for the 

named drug to the open-, inactivated-, and closed-state hERG channel models. Lower values 

mean more favorable binding. 25,000 docking poses were generated for each drug/channel 

model pairing. The top 50 poses were clustered, and the plotted energy represents the average 
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free energy of the top cluster along with the standard deviation. The labels (0), (+), (±) after the 

drug name indicate its neutral, cationic, or zwitterionic form, respectively. 

 

In most cases, the increased drug binding affinity to the inactivated-state hERG model can be 

attributed to the protrusion of residue F656 aromatic side chain into hERG central cavity 

(Figure 3a). This protrusion has the potential to strengthen drug binding through providing 

extra π stacking or hydrophobic interactions. Furthermore, the side chains of F656 could act 

as a barrier, blocking drugs that are bound deeper within the pore from escaping even when 

they do not have direct interactions with the drugs. Similar observations were made for the 

closed-state model, where the pore closure also positions the F656 side chain inward. In 

addition, the slanted orientation of the Y652 aromatic ring and repositioning of the S624 

sidechain hydroxyl oxygen in the inactivated model enabled the formation of a pocket 

beneath the SF (Figure 3b), enabling drugs to reach deeper into the pore. 

 

As an example,  

Figure 9 focuses closely on the binding of astemizole, dofetilide, and quinidine in their 

cationic forms (the predominant species at the physiological pH 7.4) to different hERG 

channel models. Experimental evidence8 suggests that dofetilide and astemizole bind more 

potently to the inactivated state, while quinidine does not exhibit this preference. 

 

Astemizole: In the open-state model, astemizole engages in π stacking with the Y652 

aromatic side chain via its benzimidazole group and forms hydrophobic contacts with 

adjacent residues (A653, F656, and Y652). Its binding occurs just below S6 helix residue 

Y652, not deeply within the pore, resulting in a binding pocket that remains partially open 

to external solvent. In contrast, in the inactivated-state model, astemizole demonstrates an 

increase in interactions and becomes fully enclosed within the binding site deeper into the 

pore, engaging in hydrophobic interactions with S6 residues S649, Y652, F656, I655 and S5 

residue F557. Astemizole phenyl ether group engages in the π stacking with hERG Y652 and 

F656 side chains from adjacent subunits. At the other end, the aromatic ring of Y652 phenol 

side chain also engages in π stacking, while its oxygen atom acts as a non-ideal hydrogen 

bond acceptor (i.e., donor angle of ≤ 45° and bonding distance of ≤ 3.8 Å60) to astemizole 
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nitrogen. Furthermore, the SF residue S624 side chain participates as a hydrogen bond 

acceptor with the piperidine ring of the drug. The binding pattern in the closed-state model 

is similar to that in the inactivated-state model, but it includes additional hydrophobic 

interaction with S660 and an extra hydrogen bond provided by the phenol oxygen of Y652.  

 

In 2021, a study by Asai et al. solved the cryo-EM hERG structure in complex with 

astemizole10. Although the structures deposited to the PDB (7CN010 and 7CN110) did not 

depict any bound ligand, a possible astemizole binding pose was suggested based on residual 

EM density. The density map showed a π-π interaction of astemizole with Y652 and a 

hydrogen bond with S62410. In addition, electrophysiology study by Saxena et al. has 

identified F557 and Y652 as crucial for astemizole binding, as determined through 

mutagenesis61. In 2022, a study by Nano Imaging Services unveiled a cryo-EM structure of 

hERG with astemizole at a refined 2.7 Å resolution62, showcasing a binding pose remarkably 

similar to what we observed in our study for the hERG inactivated state. 

 

Dofetilide: In the open-state hERG model, dofetilide interacts with multiple residues of the 

pore lining S6 helices. For instance, it forms hydrogen bonds with two S660 residues from 

opposite subunits and two A653 residues from adjacent subunits. Additionally, there are 

hydrophobic interactions with Y652 and G657. When bound to the inactivated-state model, 

dofetilide settles deeper into the pore, extending horizontally above the Y652 residue, where 

it forms π stacking and cation-π interactions, as well as hydrogen bonds with the Y652 

residues of all subunits. The backbone carbonyl oxygen of residue S649 also engages in 

hydrogen bonding with the nitrogen in the sulfonamide group of dofetilide. There are also 

hydrophobic contacts with hERG S6 residues S649, F656, and I655 as well as residue F557 

on the S5 helix. The closed-state model pore provides a substantially narrower space, leading 

dofetilide to bind vertically along the pore axis, forming hydrophobic contacts with S624, 

S649, Y652, F656, and S660. Here, the oxygen and nitrogen of its sulfonamide group create 

a series of hydrogen bonds with hERG residues T623 and Y652. The central cationic 

ammonium group of the ligand forms cation-π interactions with two F656 residues from 

adjacent subunits. Lastly, the oxygens in the remaining sulfonamide group are involved in 

hydrogen bonding with the S660 residues from every subunit. In the inactivated-state and 
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closed-state models, the binding pocket is completely enclosed, notably unlike the open-

state model. 

 

In line with our results, mutations affecting A653 have demonstrated an influence on hERG 

channel blocking by dofetilide63. Additionally, electrophysiology study by Saxena et al. 

revealed that mutants Y652A and F557 altered dofetilide binding61. Simulation studies have 

highlighted interactions involving non-polar residues A653, Y652, F656, as well as polar 

residues S624, T623, S649, and S660 with dofetilide64. 

 

Quinidine: Unlike the previous two drugs, quinidine does not exhibit significant state-specific 

binding based on our docking predictions (Figure 8). In the open-state hERG model, its small 

size allows for complete enclosure within the binding pocket, where it forms non-ideal 

hydrogen bonds with residue Y652 and hydrophobic contacts with another Y652 from an 

adjacent chain as well as A653 and S660. In the inactivated-state model, quinidine binds 

lower in the pore, resulting in a partially open binding pocket. Here, its quinoline rings 

engage in π-stacking interactions with the F656 side chain above and hydrophobic contacts 

with another F656 from the opposite subunit. The hydroxyl oxygen forms a non-ideal 

hydrogen bond with residue S660. In the closed-state model, quinidine becomes trapped 

deeper in the pore and is fully enclosed. Its quinoline rings π stack with multiple F656 side 

chains below and the Y652 side chain above drug binding position. The hydroxyl oxygen now 

establishes a non-ideal hydrogen bond with Y652, with additional hydrophobic contacts 

observed with Y652 side chains and the T623 backbone. Corroborating our results, Sănchez-

Chapula et al. previously found that mutating key aromatic residues (Y652, F656) in the S6 

domain reduced the efficacy of quinidine by more than 100-fold65. 
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Figure 9. Visualization of interactions for cationic astemizole (a), dofetilide (b), and 

quinidine (c) to different hERG channel models. Each panel includes 3 subpanels 

showcasing drug interactions to the open-, inactivated, and closed-state hERG channel models. 

In each subpanel, an overview of where the drug binds within the channel pore is shown on the 

upper left, a 3D visualization of interactions between each channel residue (blue, red, green, 

and tan residues are from the subunit A, B, C, or D, respectively) to the drug (magenta) is shown 

on the upper right, and a 2D ligand – protein interaction map is shown at the bottom. A 

continuous gray line depicts the contour of the protein binding site, and any breaks in this line 

signal areas where the ligand is exposed to the solvent. 

4.3) Conclusions 

Employing AlphaFold2 under default parameters typically leads to the prediction of the 

hERG channel in a single state conformation. In our study, we presented an approach to guide 

AlphaFold2 to model the hERG channel in various conformational states. We further 

validated the physiological significance of these states using computational simulations. This 

methodology has provided new insights into the structural and functional behavior of the 

hERG channel, including state-specific drug interaction mechanisms. 

 

The predicted models, which putatively represent the closed, open and inactivated states of 

the hERG channel, have revealed detailed structural aspects that were previously elusive, 

particularly in the pore region where drug binding occurs. The closed-state hERG channel 

model demonstrates a constricted pore and deactivated voltage-sensing domains, 

suggesting a structural basis for the prevention of ion passage. The open-state hERG channel 

model, conversely, illustrates a pore conformation accessible to ion conduction, aligning with 

the physiological role of the channel in cardiac repolarization. The inactivated-state hERG 

channel model, a prediction of which greatly contributes to our understanding to hERG 

channel gating mechanism, shows a non-conductive selectivity filter conformation with 

significant changes to the pore region that could be a key in understanding state-specific 

drug-induced channel blockade. The non-conductive SF predicted by AlphaFold2, 

characterized by flipping of SF V625 carbonyl oxygens away from the central axis and minor 

constriction at the level of G626, aligns with prior computational analyses and preliminary 
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experimental reports as a possible hERG C-type inactivation mechanism15,26,27. The 

structures referenced in these studies have not been published in any publicly available 

databases and used for the training of AlphaFold2 to our knowledge. Our approach thus 

underscores the substantial yet untapped potential of AlphaFold2 to predict de novo channel 

conformations with physiological relevance. 

 

Molecular dynamics simulations were crucial in confirming these model functional 

properties. The observed differences in ion conduction between the open and inactivated 

hERG channel states illustrate the impact of structural changes on ion channel activity. In 

addition, the drug docking analysis matched expectations, with significant preference for the 

inactivated-state model across a variety of hERG blockers. In the model representing the 

inactivated state, a subtle rotation of the S6 pore-lining helix from the open state results in a 

more prominent protrusion of the F656 side chains into the central cavity and widens the 

inner cavity below the SF due to the repositioning of Y652 side chains. These structural 

modifications facilitate deeper binding of certain drugs in the pore, increase interactions 

between drugs and the channel, impede ion movement, and obstruct the exit routes for drugs 

that are bound within the pore. Although prior studies have proposed potential molecular 

mechanisms for hERG C-type inactivation15,26,27, they have primarily concentrated on 

conformational shifts leading to a non-conductive selectivity filter. Our research, however, 

also sheds light on how these alterations extend to the pore region and subsequently impact 

drug binding, an issue of significant relevance in safety pharmacology and drug 

development. 

 

Moreover, the study highlights the potential for deep-learning based computational methods 

like AlphaFold2 in structural biology, especially for complex proteins like ion channels and 

a simultaneous prediction of multiple conformations putatively representing different 

channel states. This is a challenging task for experimental structure determination as it 

requires changes in experimental conditions and/or classification of multiple cryo-EM 

images. Our proposed AlphaFold2 approach using multiple templates and fine-tuned 

structural prediction parameters allowed us to overcome this challenge and predict 

atomistic structural models of the hERG channel in the putative closed, open, and inactivated 
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states. These models were further validated using all-atom molecular dynamics simulations 

under applied voltage to test ion conduction through model channel pores as well as 

molecular docking of multiple drugs to test their state-dependent binding preferences 

compared to known experimental data. The intersection of structural modeling, molecular 

docking and molecular dynamics simulations, and supporting experimental data offers a 

comprehensive approach to understanding protein structures and their links to biological 

functions. 

 

Despite the promising results, our study is not without limitations. While AlphaFold has 

demonstrated remarkable accuracy in numerous instances66–68, it is important to note that 

the predicted models, particularly in regions where the model has lower confidence, may not 

always be reliably accurate to predict drug binding poses69. Moreover, hERG channel 

inactivation and closure might encompass a range of states, and the conformations we have 

identified could potentially represent just a few possibilities within this broad spectrum. The 

results from GALigandDock drug docking, while providing valuable insights, should be 

regarded as provisional due to inherent limitations of this approach, including limited 

accuracy and transferability19. Additionally, knowing the computational binding free 

energies of a drug is not the complete story; binding rates such as kon (association rate) and 

koff (dissociation rate) are also crucial for a quantitative evaluation of drug binding to the 

channel. The results herein primarily serve as a basis for further detailed investigation using 

methods like molecular dynamics simulations linked to multiscale functional modeling, as 

demonstrated in previous studies11,70. 

 

In conclusion, this study not only advances our knowledge of the hERG channel structural 

dynamics but also sets a precedent for using AlphaFold2 or similar computational methods, 

such as RoseTTAFold71, to study other ion channels and membrane proteins. The insights 

gained from this study are expected to have a lasting impact on the fields of ion channel 

physiology and pharmacology including cardiac drug safety, providing a foundation for 

future research aimed at developing safer and more effective therapeutic agents. 
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4.4) Methods 

 

a. hERG channel model generation and refinement 

Structural data for the Eag KV channel in its closed conformation (PDB 8EP121) and the hERG 

channel in its open state (PDB 5VA27) were sourced from the Protein Data Bank (PDB72). To 

accurately represent the open state of hERG, we integrated known cryo-EM structures (PDB 

5VA27) with modeled segments of absent loops, employing Rosetta28 software suite 

LoopRemodel mover in a symmetrical configuration. The refinement of all final models was 

performed using Rosetta FastRelax protocol, which iterated 15 times and included a 

simulated POPC membrane environment. For each finalized model, 10 separate relaxation 

runs were executed, and the highest-scoring model from these runs was selected for further 

simulation and analysis. 

 

Cloud computational resources, specifically NVIDIA A10 GPUs (24 GB of VRAM) provided by 

Oracle, facilitated the modeling processes in ColabFold22. To enhance sampling diversity, in 

each modeling session, ColabFold was configured to utilize 256 sequence clusters and 512 

extra sequences (max_msa = “256:512”) under the MSA option and have dropouts enabled 

(use_dropout = True). The prediction phase was further diversified by running 20 iterations 

with different random seeds (num_seeds = 20), each producing 5 models and resulting in 100 

total models per run. An exception to this approach was the initial phase of inactivated-state 

hERG model creation, where a single seed number was used to generate 5 models. The 

number of iteration cycles was set to 20, with an early stopping tolerance of 0.5 based on 

per-residue confidence metric pLDDT deviation from the previous cycle.  

b. Atomistic MD simulations of hERG channel conduction 

The CHARMM-GUI web server73 was employed to embed hERG channel structural models 

within tetragonal patches of phospholipid bilayers, each comprising approximately 230 to 

240 POPC lipid molecules. The resulting assemblies were immersed in a 0.3 M KCl aqueous 

solution, culminating in molecular systems with an approximate total of 144,000 atoms. 
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Residue protonation states were determined assuming a neutral pH environment, and each 

channel subunit was terminated with standard charged N- and C-termini. 

 

MD simulations were conducted using the Amber2274 software suite. The simulations 

utilized standard all-atom CHARMM force fields specific to proteins (CHARMM36m75), lipids 

(C3676), and ions, in conjunction with the TIP3P water model77. The systems were 

maintained at 310.15 K and 1 atm pressure in the isobaric-isothermal (NPT) ensemble, 

facilitated by Langevin temperature equilibration and the Berendsen barostat. Non-bonded 

interactions were calculated with a cutoff of 12 Å. Long-range electrostatic forces were 

addressed using the Particle Mesh Ewald (PME) method78, and van der Waals interactions 

were not subjected to long-range correction as per recommendations for the C36 lipid force 

field. All hydrogen-involved covalent bonds were constrained using the SHAKE algorithm to 

enable a 2-fs MD simulation time step. 

 

Equilibration began with harmonic restraints imposed on protein atoms and lipid dihedral 

angles, initially set at 20 kcal/mol/Å² and reduced to 2.5 kcal/mol/Å² over 6 ns. A 

subsequent 90 ns equilibration phase further decreased the restraints to 0.1 kcal/mol/Å², 

initially encompassing all atoms in the protein and eventually focusing solely on the 

backbone atoms of pore-lining residues (G546 to F720). In selected MD simulations, an 

electric field was applied along the Z direction to mimic membrane voltage, increasing 

linearly over the final 10 ns of equilibration to reach either 500 or 750 mV. This setup 

prefaced a production phase lasting 910 ns, totaling 1 μs of total simulation time per each 

case. 

c. Docking of drugs to hERG channel models 

Ligand structures (i.e., pharmaceutical compounds) were retrieved from the PubChem79 and 

ZINC80 databases. Afterward, each ligand underwent modification processes including bond 

corrections and setting of protonation states using the Avogadro software81. In this study, 

we considered the protonation state of the top two most dominant species at the 

physiological pH of 7.4, computed using the Henderson–Hasselbalch equation. After these 
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initial modifications, each ligand partial atomic charges, as well as atom and bond types, 

were refined using AM1-BCC correction via the Antechamber module in AmberTools2274,82. 

Each ligand was individually positioned within the pore of the hERG channel, specifically 

between the key drug-binding residues, Y652 and F656, located on the pore lining S6 helices. 

This manual placement was a preparatory step for the docking process. Docking was 

executed using the GALigandDock13 Rosetta mover, a component of the Rosetta software 

suite28. The DockFlex mode was utilized for this purpose with a spatial padding of 5 Å. For 

every individual hERG channel – ligand pair, a total of 20 parallel runs were conducted. Each 

run generated 1,250 unique docking poses, cumulatively providing a substantial collection 

of 25,000 poses for each ligand – hERG channel complex. This extensive array of poses was 

intended to ensure a comprehensive exploration of potential ligand binding configurations 

and orientations within the hERG channel pore. 

Utilizing in-house Python scripts, we selected the top 50 docking poses for each ligand based 

on the lowest free energy of binding as calculated by GALigandDock. These selected poses 

were then clustered based on ligand all-atom RMSD, factoring in the symmetry of the hERG 

channel to ensure accurate grouping. The clustering was executed with an RMSD threshold 

of 2.5 Å, and only clusters containing a minimum of 8 poses were deemed significant; those 

with fewer were classified as outliers. Within the cluster with the most favorable average 

binding free energy, we selected the top scoring pose as the representative pose for further 

analysis. This pose was then subjected to a detailed analysis of protein-ligand interactions 

utilizing the Grapheme Toolkit from the OpenEye software suite83. The criteria for detecting 

interactions are outlined in the OEChem Toolkit manual60, with two modifications: the 

MaxContactFraction is set to 1 (default: 1.2), and the MaxCationPiAngle is adjusted to 30° 

(default: 40°). The interaction patterns and binding sites were subsequently rendered as a 

two-dimensional image for comprehensive visual interpretation. Additionally, for a more 

detailed understanding of the spatial arrangement, three-dimensional visualization of the 

protein-ligand complexes was conducted using the ChimeraX20 software. 
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d. Molecular graphics and interaction analysis 

Molecular graphics visualization was performed using ChimeraX84. MD trajectory and 

simulation images were visualized using VMD85. Interaction network analysis was 

performed using the Protein-Ligand Interaction Profiler86 with criteria outlined in Table S1. 

 

4.5) Supplementary Information 

Table S1. Criteria for Different Type of Non-bonded Interactions Used in Analyses 

TYPES OF 
INTERACTION 

DETECTION CRITERIA FILTERING CRITERIA 

Hydrogen 
Bonds 

Distance between the hydrogen bond 
donor (D) and acceptor (A) should be 
less than 3.8 Å. 
The angle D-H...A should be above 110°. 

Exclude hydrogen bonds 
between atoms that already 
form a salt bridge. 
A hydrogen bond donor can 
participate in only one 
hydrogen bond, while 
acceptor atoms can form 
multiple hydrogen bonds. 

Salt Bridges 
Geometric centers of oppositely charged 
groups that come within 4.5 Å. 

 

Cation-π 

Pairing of a positive charge and an 
aromatic ring if the distance between 
the charge center and the aromatic ring 
center is less than 6 Å. 

 

π-Stacking 

Geometric centers of two aromatic rings 
within 5.5 Å. The angle between the 
rings should deviate no more than 30° 
from the optimal angle (90° for T-
stacking, 180° for P-stacking). When 
projecting each ring center onto the 
opposite ring plane, the distance 
between the other ring center and the 
projected point (offset) should be less 
than 2 Å. 
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Figure S10. Comparison of the SF in hERG closed- (a, d), open- (b, e), and inactivated-

state (c, f) models. a, b, c) Measurement of the distances between each carbonyl oxygen lining 

the conduction pathway in the SF. In the open- and closed-state models, S620 carbonyl interacts 

with G626 and S624 backbone amides. In the inactivated-state model, the hydrogen bond 

between S620 and G626 is absent due to a reorientation of V625 backbone. However, at the 

bottom of the SF, S624 sidechain interacts with S623 carbonyl from an adjacent subunit. d, e, 

f) View of the SF from the extracellular side. Large arrows indicate the rotation of the F627 side 
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chain, while small arrows show the rotation of the loop that connects the upper SF to the S6 

helix, all relative to the equivalent in the open-state model. 

 

 

Figure S11. Distance-based contact maps comparing intra- and intersubunit contacts 

between each model. Two residues whose Cα atoms are within 6 Å of each other are 

considered to be in contact, provided there are no Cα atoms belonging to a third residue in 

between. Black cells indicate no contacts. Gray cells indicate a contact is present in both states. 

Blue, orange, and green colored cells indicate the interaction is present only in the open, 

inactivated, or closed state, respectively, but not in the other state being compared in the map. 

Colored topology labels are included along the left and bottom edges of the maps showing the 

specific regions of hERG to which the residues correspond. 
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Figure S12. Comparison of the S6 helix conformation for the hERG closed- (a), open- 

(b), and inactivated-state (c) models. Residues E575 – L666 from the pore domain are 

visualized. Selectivity filter (SF) residues and those on the S6 helix are shown with their side 

chains displayed as colored sticks. C atoms are gray, O are red, N are blue, S are yellow, H are 

not shown. The drug binding residues Y652 and F656 are highlighted in green. 
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Figure S13. Movement of K+ ions through hERG selectivity filter (SF). The z coordinates 

of K+ ions are tracked as they traverse from the pore of the channel (lower y-axis limit) to the 

extracellular space (upper y-axis limit). Putative K+ binding sites in the SF (S0 – S5) are marked 

using blue dashed lines in the plots. a, c) Molecular dynamics (MD) simulations with the applied 

500 mV membrane voltage of the open-state model with the SF initially configured to have only 

K+ ions or alternating K+ / water molecules, respectively. b, d) MD simulations with the applied 

500 mV membrane voltage of the inactivated-state model with the SF initially configured to 

have only K+ ions or alternating K+ / water molecules, respectively. e, g) MD simulations 

without applied membrane voltage of the open-state model with the SF initially configured to 

have only K+ ions or alternating K+ / water molecules, respectively. f, h) MD simulations 
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without applied membrane voltage of the inactivated-state model with the SF initially 

configured to have only K+ ions or alternating K+ / water molecules, respectively. 

 

 

 

Figure S14. Analysis of modulations of the selectivity filter (SF) and pore radii over the 

course of the 1 µs long molecular dynamics (MD) simulations. The blue/orange-colored 

lines represent the average pore radius and the shaded regions represent the standard 

deviation measured in MD simulations for a given Z value. The black lines represent the initial 

pore radii. The label on the left indicates the voltage of the simulations in each row. 
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5.1) Introduction 

Atrial fibrillation is the most common cardiac arrhythmia seen in clinical practice and is 

associated with increased morbidity and mortality1,2. SK2 channels are pivotal in linking 

changes in intracellular calcium to the heart's electrophysiological properties, making their 

regulation critical for developing effective treatments3. 

SK2 channels belong to the family of small-conductance Ca2+-activated K+ channels3. These 

channels are unique because they are gated exclusively by intracellular calcium levels, 

without direct voltage sensitivity3. This makes them crucial for connecting calcium signaling 

to the electrical responsiveness of cardiac cells, making them key targets for arrhythmia 

treatments. Their importance is further underscored by their higher expression in atrial 

myocytes compared to ventricular ones, highlighting their significant role in atrial 

electrophysiology3. 

Historically, the modulation of SK2 channels has been of great interest, particularly their 

potential as therapeutic targets for atrial fibrillation4. However, the specific regulatory 

mechanisms, especially how lipid signaling molecules like PIP2 influence their function, have 

remained less understood. Previous studies have shown that PIP2 interacts with these 

channels, affecting their activity in heterologous expression systems, but detailed 

understanding of this interaction in native cardiac cells has been lacking5. 

Our study aims to dissect the interactions between PIP2 and SK2 channels using a 

combination of experimental and computational techniques. By resolving the atomic-level 

dynamics and functional consequences of PIP2 binding to SK2 channels, we seek to provide 

new insights into the modulation of cardiac excitability and arrhythmogenesis. These 

insights are crucial not only for understanding cardiac ion channel physiology but also for 

developing novel therapeutic strategies for managing atrial fibrillation and other cardiac 

arrhythmias involving SK2 channels3. 
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5.2) Methodology and Results 

a. Optogenetic Analysis of PIP2's Role in Regulating IK,Ca in Ventricular Myocytes 

To investigate the regulation of apamin-sensitive current (IK,Ca) in ventricular myocytes by 

PIP2, we employed optogenetic constructs to deplete PIP2 in cells expressing hSK2 channels, 

shown in Figure 1A. Initial tests were conducted using Chinese hamster ovary (CHO) cells, 

where IK,Ca was recorded using a voltage ramp protocol. Blue light exposure initiated PIP2 

depletion by bringing 5-Ptase to the membrane, catalyzing the conversion of PIP2 to PIP. 

During blue light exposure, there was a significant reduction in IK,Ca, which recovered when 

the light was turned off, demonstrating the sensitivity of the SK2 channels to PIP2 levels 

(Figure 1B). Apamin was used at the end of the experiments to confirm the apamin 

sensitivity of the recorded currents. 

To extend these findings to cardiomyocytes, we combined functional analyses with 

optogenetics in rabbit ventricular myocytes (Figure 1C, D). These cells were transfected 

with optogenetic constructs containing either active protein phosphatase (5P) or an inactive 

variant (5P-Dead). Using a two-pulse protocol to elicit IK,Ca, we recorded the currents before 

and after blue light exposure. The results showed a significant inhibition of IK,Ca after blue 

light exposure in cells with active 5P compared to controls, indicating that PIP2 depletion 

leads to a marked reduction in SK2 channel activity (Figure 1E, F). 

These findings confirm the crucial role of PIP2 in the activation of SK2 channels in 

cardiomyocytes. Despite this, the exact atomistic mechanisms underlying this regulation 

remain unclear. Further exploration using atomistic structural modeling and simulations is 

necessary to fully understand how PIP2 regulates SK2 channel activity at the molecular level.  

b. Development hSK2 Models Using Molecular Modeling and Molecular Dynamics 

(MD) Simulations 

Next, we developed homology models of the hSK2 channel using the cryo-EM structures of 

the hSK4 channel complexed with CaM in closed, intermediate, and open states (PDB IDs: 

6CNM, 6CNN, and 6CNO, respectively6). 
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Figure 1. A. Schematic illustrating the dimerization of the CRY2 and CIBN optogenetic 

constructs at the plasma membrane and dephosphorylation of PIP2 via inositol-5-phosphatase 

activity to produce phosphatidylinositol 4-phosphate (PIP). B. IK,Ca recorded in CHO cells using 

a voltage-ramp protocol prior to and during blue light exposure (blue arrow in the left panel 

and black lines in the right panel). C. Current traces and the two-pulse voltage-clamp protocol 

used to isolate apamin-sensitive current activated by Ca2+ influx through L-type Ca2+ channels 

(LTCCs). The voltage-clamp protocol uses a prepulse to progressively induce Ca2+ influx via 

LTCCs from a holding potential of -55 mV, followed by a test pulse to monitor the apamin-

sensitive IK,Ca. We recorded Ca2+ current (ICa) for each cell to measure the reversal potential 

(ECa). The test pulse was stepped to the observed ECa to minimize inward ICa. Specific inhibitors 
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for transient outward K+ current (Ito), rapidly activating (IKr) and slowly activating delayed 

rectifier K+ currents (IKs), inward rectifier K+ currents (IK1), and Cl- currents were applied. The 

instantaneous outward K+ currents progressively increased depending on the Ca2+ influx. D. 

Rabbit ventricular myocytes were transfected with optogenetic constructs containing protein 

phosphatase 5 (5P, Left Panel) compared to control (inactive phosphatase, 5P-Dead, Right 

Panel) using magnetic nanoparticles. E. The activation kinetics of IK,Ca was quantified compared 

to the total charge entered through LTCC during the prepulse (QCa in pC). Current traces 

together with insets showing activation kinetics of IK,Ca (red line) compared to the total charge 

entered through LTCCs during the prepulse (QCa in pC, blue line), before and after the blue light 

for rabbit ventricular myocytes transfected with optogenetic constructs containing 

phosphatase (5P, Left Panel) compared to control (inactive phosphatase, 5P-Dead, Right 

Panel). F. IK,Ca was significantly blocked after blue light exposure compared to control cells. 

*P=0.01. 

We compared the sequence of hSK2 (UniProt ID: Q9H2S1) with the cryo-EM structure of 

hSK4 used as a template. The sequence identity between hSK4 and hSK2 is 46%, with a 

sequence similarity of 63%. For the CaM binding domain (CaMBD) in the C-terminal domain 

of hSK2 (residues 412-488), the sequence identity is 47%, with a sequence similarity of 68%. 

Given that sequence identities above 30-40% are considered sufficient for reliable modeling, 

hSK4 structures were deemed appropriate templates for generating hSK2 models. 

Using the Rosetta Comparative Modeling (RosettaCM) protocol7, we generated hSK2 

homology models through two main steps: cryo-EM map refinement and homology 

modeling. During this process, additional restraints were imposed to maintain the integrity 

of the selectivity filter (SF) and CaMBD. Models without CaM exhibited large movements in 

the CaMBD due to the flexible hinge loop connecting the S6 transmembrane domain to the 

CaMBD (Figure 2A). Conversely, including CaM resulted in convergence and improved 

agreement among the top hSK2-CaM models for the CaMBD (Figure 2B-D). 
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Figure 2. Homology models of hSK2-CaM complexes based on the open state of hSK4-

CaM cryo-EM structure (PDB: 6CNO) using Rosetta structural modeling. A) Top 10 

homology models of hSK2 channel without CaM show large movements in the CaMBD in the C 

terminus of hSK2 channels, due to the flexible loop connecting pore-lining transmembrane helix 

S6 to the CaMBD. B) Inclusion of CaM in homology modeling shows convergence among the top 

10 models for the CaMBD. C) Selectivity filter (SF) of hSK2 channel shown using ball-and-stick 

representation with the distances of backbone carbonyl oxygen atoms (red balls) shown as 

dashed black lines (amino acid residue numbering based on hSK2 channel). Nitrogen atoms are 

shown as blue balls. D) Cross-subunit backbone carbonyl oxygen distances for amino acid 

residues for the open state of hSK4 cryo-EM structure (blue bars), hSK2-CaM homology models 

with 100 kcal/mol/Å2 restraints being applied to the backbone Ca atoms (red bars), and hSK2-

CaM homology models without restraints (yellow bars). 

The hSK2-CaM complex models were embedded into a 1-palmitoyl-2-oleoyl-sn-glycero-3-

phosphocholine (POPC) lipid membrane, solvated by 0.15 M KCl aqueous solution using 

CHARMM-GUI8 (Figure 3A), and subjected to MD simulations. We conducted 18 MD 

simulations on Anton 2 with varying PIP2 concentrations (2.5%, 5%, and 10%). An extended 

equilibration protocol was performed on the high-performance computer Expanse using 

Amber189 (Figure 3B). After 100 ns of equilibration, the simulations were transferred to 
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Anton 2 for production runs extending up to 5 μs (Figure 3C). To ensure system stability, 

position restraints were applied to the hSK2-CaM complex or its components at each step of 

the equilibration MD runs, with weak restraints on the SF backbone atoms maintained 

throughout the production runs. The MD simulation trajectories, analyzed via root-mean-

square deviation (RMSD) calculations, demonstrated stable hSK2-CaM complexes and 

selectivity filters throughout the 5-μs simulations. 

c. Pore Mapping and Conductivity Validation through HOLE Analyses 

To further validate the homology models for the hSK2-CaM complex, central ion channel 

pore mapping was performed using the HOLE program10 to confirm the closed, intermediate, 

and open states of the models. Figure 4A-C highlight the radius profiles across the entire 

channel pore and the intracellular hydrophobic gate region at the V390 residues in the pore-

lining S6 helices of the hSK2-CaM tetramer. These profiles are shown for the closed, 

intermediate, and open states, demonstrating clear distinctions in pore dimensions at each 

state. Time series profiles of the cross-subunit distances between V390 residues, depicted in 

Figure 4D and 4E, show consistent distances of approximately 6 Å in the closed and 

intermediate state models and about 14 Å in the open state models throughout the 5-μs-long 

MD simulations. 

To validate the conductivity of the SK2-CaM complex homology models in the open state, we 

tracked the trajectory of K+ ions over a 5-μs MD simulation, as shown in Figure 4F and 4G. 

Using an applied electric field approach with a 750 mV transmembrane voltage, 150 mM of 

K+ ions in the aqueous solution, and 1 M K+ ions seeded in the pore, we observed multiple K+ 

pore permeation events. These events corresponded to a single-channel current of 

approximately 2.47 pA, closely matching the experimental values for SK2 channels. 

These results confirm that the homology models accurately represent the different 

conformational states of the hSK2-CaM complex. The observed K+ ion conduction in the open 

state model validates its functional integrity, reinforcing the reliability of these homology 

models in replicating the known behaviors of SK2 channels. 
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Figure 3. MD simulation parameters for a hSK2-CaM complex. A) Visualization of the four 

subunits of hSK2-CaM complex before (left) and after (right) embedding into a POPC bilayer 

(light gray). PIP2 molecules are included in the lower bilayer leaflet only but are not visualized. 

MD simulation conditions and box size dimensions in X, Y and Z are shown. B) An extended 

equilibration protocol for 100 ns using Amber18 on the high-performance computer cluster 

(HPC) Expanse provides stable MD simulations by varying the location and strength of the 

restraints applied to the hSK2-CaM tetramer up to each time point indicated in ns and shaded 

in light green. It was followed by mostly unrestrained production run on Anton 2 

supercomputer. C) Root-mean-square deviation (RMSD) profiles for the backbone Ca hSK2-CaM 

tetramer and the selectivity filter (SF) during MD simulations equilibrated for 100 ns using 

Amber18 (light green shaded area corresponding to the shaded area in panel B), followed by 

production runs of 5,000 ns on Anton 2. 
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Figure 4. Intracellular hydrophobic gate V390 residue cross-subunit distances and K+ 

ion conduction for homology models of the hSK2-CaM tetramer. A-C) location of the 

V390 residue in the S6 transmembrane helix of the hSK2-CaM tetramer in closed, intermediate, 

and open conformational states. Pore dimensions were computed using HOLE program and are 

shown using surface representation with coloring corresponding to the pore radii. D-E) 

Quantification of the cross-subunit distances between backbone Ca atoms of V390 residues  

(open = blue, intermediate = magenta, and closed = yellow). F-G. Illustration of ion conduction 

in the open conductive homology model of hSK2-CaM tetramer. The time series of K+ ion z-

positions (K+ z-pos.) during 5-ms MD simulations with an applied voltage of 750 mV  is depicted 

as they pass through the selectivity filter (SF). Five distinct positions of K+ in the SF,  sites S0-S4, 

defined by the backbone carbonyl oxygen atoms (colored in red) of SF amino acid residues 

(S358-D363) have been labeled and separated by horizontal dashed lines. The inset on the right 

panel shows K+ ion conduction at an expanded time scale. 
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d. Dynamics of PIP2 Binding to the hSK2-CaM Complex in MD Simulations 

To understand the dynamics and binding sites of PIP2 on SK2 channels, PIP2 molecules were 

randomly placed in the lower leaflet of lipid bilayers at concentrations ranging from 2.5-10% 

(physiologically 1-3%) during MD simulations. Our setup aimed to capture unbiased PIP2 

binding sites and to provide insights into how PIP2 interacts with the basic residues of SK2 

channels. A new analysis protocol was designed, focusing on salt bridges formed between 

the hSK2 channel and PIP2, using a 5.5 Å cutoff from the center of the charges. 

The analysis enabled tracking the lateral movement of PIP2 molecules within the lipid 

membrane as they interacted with different amino acid residues. Figure 5A-B show the 

movement of PIP2 into the binding pockets of the SK2-CaM complex over 5-μs MD 

simulations from the membrane periphery. Initially, PIP2 binds to residues depicted in cyan 

in Figure 5A-B, and then sequentially transitions to other binding sites depicted in green, 

yellow, orange, red, and finally dark red over the course of the simulations. Two main PIP2 

binding pockets were identified: the transient site and the activation site. The transition from 

the transient to activation sites occurs via the transfer residue R418, as shown in Figure 5C-

E. 

In conclusion, the data reveal that PIP2 binds to specific transient and activation sites on the 

hSK2-CaM complex, moving through a defined pathway that involves key residues, with the 

residue R418 playing a crucial role in transferring PIP2 from the transient to the activation 

site. This detailed dynamic interaction underscores the importance of PIP2 in SK2 channel 

regulation. 
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Figure 5. Tracking of PIP2 in the membrane XY plane over time identifies two PIP2 

binding pockets, denoted transient and activation binding sites. A, B) Movement of PIP2 

molecules into the binding pockets of hSK2-CaM complex during MD simulations. The color 

scale provides time progression over the 5-μs MD simulations from cyan to green, yellow, 

orange, red, and dark brown. The hSK2-CaM complex is shown with side and top views in panels 

A and B, respectively. C-E) PIP2 molecule 1, 2 and 3 locations at the transient and activation 

binding sites during 5 ms of the MD simulations. PIP2 location is shown by a colored dot 

corresponding to the simulation time, whereas hSK2-CaM complex atomic density is shown in 

different shades of green with darker corresponding to higher density.  C) PIP2 molecule 1 at 

the transient binding site, which includes amino acid residues R271, K278, and R286. D) 

Transfer of PIP2 molecule 2 from the transient to the activation binding site.  E) PIP2 molecule 

3 at the activation binding site, which includes residues R299, R395, K396, and K471.  
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e. Salt Bridge Formation between PIP2 and hSK2-CaM Amino Acid Residues 

MD simulations provide significant insights into how the binding of PIP2 within the 

activation site results in hSK2 channel activation. To determine if PIP2 binding disrupts any 

stabilizing salt bridges in the channel, we analyzed intra- and inter-subunit interactions 

within the hSK2 structure. Remarkably, our analyses revealed that only one salt bridge is 

routinely disrupted by PIP2 binding: the cross-subunit R395:E398 salt bridge, located close 

to the hydrophobic gate at the S6 residue V390 of two adjacent subunits. 

Figure 6A-B highlight the formation of the R395:E398 salt bridge between adjacent hSK2 

subunits. Figure 6C-F focus on clustering MD simulation poses with and without the 

PIP2:R395 salt bridge, showing PIP2 interactions with other basic residues of hSK2. Figure 

6G demonstrates the dynamics of salt bridge formation and disruption between PIP2 and 

these hSK2 residues. In Figure 6C-F and the top panels of Figure 6G, representative poses 

from MD simulations that form the PIP2:R395 salt bridge are shown in darker shades of pink 

and green, while poses that do not form this salt bridge are shown in lighter shades. 

As shown in Figure 6C, G, the amino acid residues in the activation site that form salt bridges 

with PIP2 include R299, R395, K396, and K471. Interestingly, the formation of the PIP2:R395 

salt bridge appears to correlate with the breaking of the PIP2:R299 salt bridge, while 

interactions with K396 and K471 are not affected. The R395 residue shows a significant 

change in side chain orientation when it forms a salt bridge with either E398 or PIP2, as 

exemplified in Figure 6E-F. 

To summarize, the MD simulations reveal that PIP2 binding within the activation site 

primarily disrupts the R395:E398 salt bridge, which is crucial for hSK2 channel activation. 

The formation and disruption of specific salt bridges, especially involving R395, play a key 

role in the dynamic regulation of the channel, with distinct changes in side chain orientations 

reflecting these interactions. 
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Figure 6. Formation of salt bridges between PIP2 and amino acid residues from the 

hSK2-CaM tetramer. A) hSK2-CaM complex (shown as green ribbons with 70% transparency) 

to highlight the location of PIP2 binding shown as a wireframe. Only two subunits are shown 

for clarity. The red box highlights the region of zoom-in panels in B-F. B) Zoom-in view of the 

inter-subunit salt bridge between R395 of subunit III and E398 of subunit II located on S6 

helices shown as ribbons. C-F) PIP2 carbon atoms are shown in pink and hSK2 backbone is 

shown in green. Phosphorus (Orange), oxygen (Red) and nitrogen (Blue) atoms involved in 

PIP2:R395 salt bridges are shown in ball-and-stick representation. Representative poses of 

hSK2-CaM from clustering of MD simulation data that are able to form the PIP2:R395 salt 

bridge are shown in darker shades and poses unable to form this salt bridge are shown in lighter 

shades. C) Poses with all major amino acid residues forming salt bridges with PIP2 in the 

activation site, R299, R395, K396, and K471. D) R395 side chain orientations shown to 

exemplify differences when  it forms a salt bridge with E398 vs. PIP2. E) Only hSK2-CaM poses 
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that do not form the PIP2:R395 salt bridge. F) Only hSK2-CaM poses that do form the PIP2:R395 

salt bridge. G) Two top graphs show clustering of MD simulation results based on time showing 

hSK2-CaM (SK2) and PIP2 poses, which are able to form the PIP2:R395 salt bridge in darker 

shades of green and pink, respectively. The four lower graphs show time series of salt bridge 

formation (dark-blue) and breaking (white) between several hSK2-CaM residues and PIP2 

using a 3.6 Å cutoff. The red vertical line across all the graphs shows time point at which 

R395:PIP2 salt bridge was first detected. 

f. Solvent Accessible Surface Area (SASA) Analysis Supporting PIP2:R395 Salt Bridge 

Formation 

To understand how PIP2 binding within the activation site results in hSK2 channel 

activation, we performed solvent-accessible surface area (SASA) analyses. These analyses 

quantified the solvent exposure of each amino acid in the PIP2 binding sites across different 

channel states (closed, intermediate, and open). We compared the SASA for each amino acid 

residue in the four subunits, focusing on whether the residue was bound or unbound by PIP2, 

and tracked changes as residues formed new salt bridges with PIP2. 

The SASA analyses revealed that PIP2 binding significantly affects the solvent exposure of 

specific residues. Notably, the R395 residue exhibited a significant increase in SASA upon 

PIP2 binding in the intermediate state, indicating its crucial role in the transition to the open 

state. Time series data showed that the R395 residue transitions from forming a salt bridge 

with E398 to binding PIP2, which correlates with changes in SASA and the stability of the 

salt bridge formation (Figure 6 C-F). 

Overall, the findings suggest that PIP2 binding disrupts the R395:E398 salt bridge, 

facilitating the conformational transition of the hSK2 channel to the open state. The 

consistent changes in SASA values for residues like R395, K278, R299, and R418 upon PIP2 

binding further highlight their importance in channel activation. This dynamic interaction 

underscores the regulatory role of PIP2 in SK2 channel function. 
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g. Proposed Structural Mechanism of SK2 Channel Activation by PIP2 

Figure 7A-B summarize our proposed atomistic structural and dynamic mechanisms for 

how PIP2 works in concert with CaM to activate the hSK2 channel. The hSK2-CaM complexes 

are depicted in closed, intermediate, and open states, showing only two subunits for clarity. 

In the closed state, the CaMBD at the C-termini of the hSK2 channel interacts with the C-lobes 

of apo-CaM. Upon Ca2+ binding to CaM in the intermediate state, CaM extends and interacts 

with the S4-S5 linker, which pulls the linker down and out, enabling PIP2 to bind to residue 

R395. This interaction disrupts the R395:E398 salt bridge, leading to the widening of the 

pore domain in the open state. 

Figure 7C-D illustrate that multiple PIP2 molecules reside within the inner leaflet of the 

membrane in the hSK2-CaM intermediate state, with Ca2+ bound to CaM. The MD simulations 

show PIP2 molecules sequentially traversing through the basic amino acid residues in 

CaMBD, similar to objects on a conveyor belt. When PIP2 binds to residue R395, it disrupts 

the R395:E398 salt bridge between adjacent hSK2-CaM subunits. This disruption triggers 

the expansion of the channel's pore gate, facilitating K+ passage through the channel. 

5.3) Discussion and Conclusion 

In this study, we present the first report on the regulation of apamin-sensitive SK currents 

in cardiomyocytes by PIP2, leveraging optogenetics and magnetic nanoparticles combined 

with structural analyses. We used homology modeling and all-atom MD simulations to 

uncover the atomistic structural and dynamic mechanisms of how PIP2, in concert with Ca2+-

CaM, activates the hSK2 channel. Previous studies had identified PIP2 binding sites but 

lacked a detailed understanding of the mechanisms underlying hSK2 channel activation by 

PIP211. Our computational study aimed to identify all key PIP2 binding sites in an unbiased 

manner by randomly placing PIP2 in the lipid membrane during simulations. We found that 

the amino acid residue R395, located close to the intracellular hydrophobic gate, is critical 

for channel activation. PIP2 binding to R395 disrupts the R395:E398 salt bridge, increases 

the flexibility of the S6 transmembrane segment, and activates the channel. These findings 

offer a new platform for future structural-based drug designs targeting SK channels. 
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Figure 7. Diagrams depicting how PIP2 works in concert with Ca2+ and calmodulin 

(CaM) in the proposed activation mechanism of the SK2 channel. A) The conformational 

state transition mechanism of the hSK2-CaM complex. B) The widening of the SK2 intracellular 

gate through the disruption of the cross-subunit R395:E398 salt-bridge by PIP2. C) The 

movement of PIP2 into the SK2 activation site. D) Depiction of the conveyor belt-like movement 

of PIP2 by binding to multiple basic residues in the CaMBD of SK2 channels. 

Alternative mechanisms of SK channel activation by PIP2 have been explored in prior 

studies, including a crystal structure of the hSK2 channel containing CaMBD, CaM, and 

PIP211. Our current study, using cryo-EM structures of hSK4 complexed with CaM and built 

using Rosetta, showed differences from previous models. Notably, mutations in the S6-

CaMBD linker region disrupt multiple salt bridge networks, affecting the overall 

conformation of the channel but not directly impacting PIP2 binding. Prior studies also 

identified different PIP2 binding pockets involving residues from CaM and the S6-CaMBD 

linker. Our study found that PIP2 binds initially to R299 before transitioning to the activation 

site, highlighting differences in PIP2 binding dynamics between hSK2 and hSK4 channels.  
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MD simulations revealed the dynamic mechanisms of PIP2 binding and its role in channel 

activation under more physiologically relevant conditions, with PIP2 embedded in the lipid 

bilayer. We found that PIP2 did not bind to previously predicted CaM residues but did bind 

to residue K116 while trafficking to the transient site. Our new analysis protocol focused on 

salt bridges between hSK2-CaM and PIP2, showing that PIP2 binding disrupts the cross-

subunit R395:E398 salt bridge, crucial for channel activation. The R395:E398 salt bridge's 

presence varied across channel states, being most frequent in the closed state and least 

frequent in the open state. The increase in SASA for R395 upon PIP2 binding supports its 

role in the transition to the open state. 

Regulation of cardiac ion channels by PIP2 represents a novel mechanism for lipid regulation 

of cardiac function. PIP2 has been shown to regulate multiple cardiac ion channels and may 

play critical roles in arrhythmia initiation and maintenance. PIP2 dysregulation in heart 

failure, mediated by sustained phospholipase C activation, significantly affects cardiac ion 

channel activities. SK channels integrate beat-to-beat changes in intracellular Ca2+ with 

membrane potentials, playing essential roles in cardiac excitability and arrhythmogenesis. 

New insights into the dynamic regulation of cardiac SK channels by PIP2 are crucial for 

developing therapeutic strategies for cardiac arrhythmias. 

The current study provides new insights into the atomistic mechanisms of how PIP2 works 

with Ca2+-CaM to activate hSK2 channels. The critical role of R395 is supported by its location 

near the hydrophobic gate and its dynamic salt bridge formation with E398 and PIP2. Future 

mutational studies will further validate these findings. Additional computational studies are 

needed to determine if PIP2 binds R395 in closed or open states and to quantify the 

increased flexibility near E398 when the R395 salt bridge is disrupted. Further MD 

simulations of SK1-3 and SK4 channels will provide insights into distinct PIP2 activation 

mechanisms. These studies will enhance our understanding of the atomistic-level 

mechanisms for channel function modulation and support future structure-based drug 

designs for therapeutic inhibitors and activators of the SK channel family. 

 



195 
 

5.4) References 

1. Wyndham, C. R. Atrial fibrillation: the most common arrhythmia. Tex. Heart Inst. J. 27, 

257–267 (2000). 

2. Nesheiwat, Z., Goyal, A. & Jagtap, M. Atrial Fibrillation. in StatPearls (StatPearls 

Publishing, Treasure Island (FL), 2024). 

3. Zhang, X.-D., Lieu, D. K. & Chiamvimonvat, N. Small Conductance Ca2+-Activated K+ 

Channels and Cardiac Arrhythmias. Heart Rhythm Off. J. Heart Rhythm Soc. 12, 1845–

1851 (2015). 

4. Diness, J. G., Bentzen, B. H., Sørensen, U. S. & Grunnet, M. Role of Calcium-activated 

Potassium Channels in Atrial Fibrillation Pathophysiology and Therapy. J. Cardiovasc. 

Pharmacol. 66, 441–448 (2015). 

5. Zhang, M., Meng, X.-Y., Zhang, J., Cui, M. & Logothetis, D. E. Molecular overlap in the 

regulation of SK channels by small molecules and phosphoinositides. Sci. Adv. 1, (2015). 

6. Lee, C.-H. & MacKinnon, R. Activation mechanism of a human SK-calmodulin channel 

complex elucidated by cryo-EM structures. Science 360, 508–513 (2018). 

7. Leman, J. K. et al. Macromolecular modeling and design in Rosetta: recent methods and 

frameworks. Nat. Methods 17, 665–680 (2020). 

8. Jo, S., Kim, T., Iyer, V. G. & Im, W. CHARMM-GUI: A web-based graphical user interface for 

CHARMM. J. Comput. Chem. 29, 1859–1865 (2008). 

9. Case, D. A. et al. The Amber biomolecular simulation programs. J. Comput. Chem. 26, 

1668–1688 (2005). 



196 
 

10. Smart, O. S., Neduvelil, J. G., Wang, X., Wallace, B. A. & Sansom, M. S. HOLE: a program 

for the analysis of the pore dimensions of ion channel structural models. J. Mol. Graph. 

14, 354–360, 376 (1996). 

11. Zhang, M. et al. Selective phosphorylation modulates the PIP2 sensitivity of the CaM-

SK channel complex. Nat. Chem. Biol. 10, 753–759 (2014). 

 



197 
 

CHAPTER 6: 

Shaping the World of Tomorrow: Innovations and 

Future Directions in Computational Physiology 

“In my view, all that is necessary for faith is the belief that by doing our best we shall succeed 

in our aims: the improvement of mankind.” – Rosalind Franklin (1920 – 1958) 

 

6.1) Dissertation Summary 

The research presented in this dissertation has significantly advanced our understanding of 

ion channels and their roles in physiological processes, focusing on the human (denoted by 

the prefix “h”) voltage-gated sodium channel hNaV1.7, voltage-gated potassium channels 

hKV11.1 also known as hERG (human Ether-à-go-go-Related Gene), and small conductance 

calcium activated potassium channel hSK2. Utilizing state-of-the-art computational 

techniques, we have modeled conformational state-specific structures of these channels, 

studied their structural dynamics, ion conduction as well as their modulations by lipids, 

small-molecule and peptide ligands, revealing critical insights into their functions and drug 

interactions. 

Our research on the hNaV1.7 channel provides a detailed understanding of its interaction 

with the protoxin-II peptide, offering a basis for the design of novel pain therapeutics2. The 

knowledge of state-specific toxin binding to hNaV1.7 informs the design of therapeutic 

treatments for chronic pain, demonstrating the importance of understanding the structural 

nuances of ion channels and their ligand interactions3,4. 

Our findings on the hERG channel elucidate the atomic-level mechanisms underlying drug-

induced arrhythmias, emphasizing the importance of the inactivated state of this channel for 

pro-arrhythmic drug binding and highlighting potential pathways for safer cardiac 

medications. Studies have shown that understanding the inactivated state of the hERG 

channel is crucial for developing drugs that minimize the risk of arrhythmias1. Despite these 

advances, experimental approaches for determining different ion channel states still have 
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limitations. Therefore, we leveraged deep learning-based tools like AlphaFold25 to predict 

various hERG channel conformational states, providing models that align closely with 

experimental data5–7. These computational predictions offer a powerful complement to 

traditional experimental methods, enabling more precise and detailed insights into ion 

channel behavior. 

Additionally, our combined experimental and molecular simulation research on the hSK2 

channel modulation by phosphatidylinositol 4,5-bisphosphate (PIP2) lipid has identified the 

critical role of the channel’s R395 residue in the S6 transmembrane segment, which was hard 

to predict using experiments alone. This finding enhances our understanding of hSK2 

channel regulation and provides a new platform for the structure-based design of 

therapeutic inhibitors and activators, particularly relevant for ongoing clinical trials 

targeting cardiac arrhythmias8. 

Overall, this dissertation underscores the power of integrative computational approaches in 

predicting drug interactions, designing targeted therapies, and uncover fundamental 

mechanisms of ion channel gating. By combining protein structural modeling, molecular 

dynamics simulations, deep learning predictions, and experimental validations, we have 

made significant strides in understanding the complex behavior of ion channels. These 

insights are crucial for developing safer and more effective treatments for cardiac and 

neurological disorders. 

6.2) Outlook 

The future of computational physiology holds immense promise as technological 

advancements continue to expand the capabilities of simulation and modeling techniques. 

These advancements are particularly transformative when combined with artificial 

intelligence and machine learning, which are reshaping the landscape of biological research. 

Tools like AlphaFold5,9 have revolutionized protein structure prediction by providing highly 

accurate models, which were previously unattainable10,11. The continuous improvement of 

these artificial-intelligence-driven tools is expected to lead to even more accurate and 
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efficient modeling of complex biological systems, thereby enhancing our understanding of 

protein functions and their implications in health and disease. 

In the context of ion channels, which are crucial for numerous physiological processes and 

disease mechanisms, future research should focus on integrating multi-scale models. These 

models would bridge the gap between molecular interactions and whole-organism 

physiology12. Multi-scale modeling is a powerful approach that connects detailed molecular 

dynamics simulations with higher-level physiological models, such as those of cells, tissues 

and organs. This integration can elucidate how molecular-level drug interactions affect 

overall physiological outcomes. For example, coupling molecular simulations of ion channel 

function with cardiac electrophysiology models can provide insights into how specific drug 

interactions can lead to arrhythmias, thus informing the development of safer cardiac 

drugs13. Moreover, incorporating patient-specific data into these models could revolutionize 

personalized medicine by enabling treatments tailored to individual genetic and 

physiological profiles. This patient-specific approach is essential for optimizing therapeutic 

efficacy and minimizing adverse effects, leading to a new era of precision medicine. 

Furthermore, advancements in high-performance computing and quantum computing are 

set to further enhance the resolution and accuracy of molecular dynamics simulations. High-

performance computing allows for the simulation of larger and more complex biological 

systems over longer timescales, which is critical for studying the dynamic behavior of ion 

channels and their interactions with various biomolecules. Quantum computing, although 

still in its early stages, holds the potential to solve complex problems that are currently 

beyond the reach of classical computers. By enabling simulations that can model the 

quantum nature of molecular interactions, quantum computing could provide 

unprecedented insights into ion channel function and drug interactions. 

Another critical area of development is the integration of artificial intelligence with 

experimental data to refine and validate computational models. By training artificial 

intelligence algorithms on large datasets from experimental studies, researchers can develop 

models that predict biological behaviors with high accuracy. The resulting models can 

identify patterns and relationships that might be missed by traditional approaches, thus 
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accelerating the discovery of new drug targets and therapeutic strategies14. For instance, 

using machine learning to analyze ion channel mutations and their effects on channel 

function can help in the design of targeted therapies for diseases such as epilepsy, cystic 

fibrosis, and cardiac arrhythmias15,16. 

In addition to these technological advancements, there is a growing emphasis on the need 

for collaborative efforts across disciplines. The complexity of biological systems and the 

challenges of modeling them accurately necessitate collaboration between computational 

biologists, experimental scientists, clinicians, and data scientists. Such interdisciplinary 

efforts are essential for translating computational predictions into clinically relevant 

outcomes and ensuring that new therapies are both effective and safe17. 

By harnessing the power of advanced computational tools, artificial intelligence, multi-scale 

modeling, patient-specific data, and cutting-edge computing technologies, we can accelerate 

the pace of drug discovery and development, improve the safety and efficacy of treatments, 

and move closer to the realization of precision medicine. The journey ahead is filled with 

opportunities for groundbreaking discoveries that will transform our approach to 

understanding and treating human diseases. These advancements will not only enhance our 

scientific knowledge but also have a profound impact on patient care and public health 

globally. 
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