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Abstract 

Accurate prediction of membrane permeability is crucial for the rational development of 

oral drugs, including small molecules and cyclic peptides. Although experimental permeability 

assays such as Parallel Artificial Membrane Permeability Assay (PAMPA) and Caco-2 cell assay 

provide valuable data, these methods cannot capture atomistic-level molecular interactions and 

dynamic conformational changes during membrane permeation. Molecular Dynamics (MD) 

simulations offer detailed atomic insights, yet they typically suffer from insufficient sampling of 

rare membrane-crossing events. 

To address these limitations, in this thesis, we introduce a novel computational approach, 

PACS-MD-US, integrating Parallel Cascade Selection Molecular Dynamics (PACS-MD) with 

Umbrella Sampling (US), to systematically enhance the prediction of membrane permeability. 

Initially, we validated PACS-MD-US using a dataset of 20 small-molecule drugs, demonstrating 

significantly improved correlation (R = -0.82) between calculated membrane-crossing free energy 

barriers (ȹG1crossing) and experimental LogPeff (pH 7.4), surpassing traditional steered MD-US 

methods (R = -0.58). Independent validation confirmed the robustness and practical utility of 

PACS-MD-US in high-throughput drug screening. Additionally, extended US sampling time was 

shown to reduce hysteresis effects. 

To assess the generalizability of PACS-MD-US, we expand its application to membrane 

permeation studies involving 45 cyclic peptides representing four representative structural types, 

including standard, partially N-methylated (Types I and II), and fully N-methylated peptides. By 

computing both membrane-crossing barriers (ȹG1crossing) and partitioning energies (ȹG2partitioning), 

we identified strong correlations with experimental permeability for fully N-methylated peptides. 

Solvent-accessible surface area analyses highlighted pronounced chameleonic behaviours, 

emphasizing conformational adaptability during permeation. In addition, we evaluated the 

inhomogeneous solubility-diffusion model (ISDM), but it showed no improvement in predictive 

accuracy. 

To assess how input conformation influences the membrane permeability of cyclic 

peptides, we conduct a systematic evaluation comparing chloroform-minimized and water-random 

structures in terms of free energy profiles, intramolecular hydrogen bonding, and surface area 

characteristics. This comparison demonstrated substantial predictive improvements for partially 

N-methylated Type II peptides, indicating that solvent-specific initial conformations effectively 

enhance model reliability. In addition, the attempt to solve the hysteresis problem by modifying 

selection parameters in PACS-MD did not lead to improvement. 
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Overall, this thesis establishes PACS-MD-US as a versatile, and highly predictive 

computational method for membrane permeability prediction, applicable to diverse chemical 

spaces ranging from small molecules to complex cyclic peptides. It provides valuable mechanistic 

insights into conformational flexibility and permeability, advancing our fundamental 

understanding of drug-membrane interactions.
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Chapter 1 

Introduction 

1.1 Membrane permeability 

1.1.1 Significance of oral delivery for peptide therapeutics 

Oral administration is the most common and convenient route for delivering many 

therapeutic agents due to advantages such as ease of administration, non-invasiveness, and high 

patient compliance. While small-molecule drugs have traditionally dominated this space, there is 

growing interest in peptide-based therapeutics, including macrocyclic peptides, owing to their 

high target specificity, favourable safety profiles, and diverse biological activities.1-3 These 

attributes can reduce off-target effects and toxicity while enhancing therapeutic efficacy. 

 

Figure 1. Two-dimensional structures of (A) Cyclosporine A, (B) Voclosporin, (C) MK-0616 and 

(D) Paluratide (LUNA-18), respectively. 
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However, most peptides face notable challenges when administered orally. In particular, 

they are often susceptible to enzymatic degradation in the gastrointestinal (GI) tract and typically 

exhibit poor membrane permeability due to their size and polarity, leading to low bioavailability.4 

Thus, very few peptide drugs have been successfully formulated for oral delivery. Existing 

examples include Cyclosporine A,5 Voclosporin,6 MK-06167 and Paluratide (LUNA-18)8 (Figure 

1), which show the potential feasibility of this route, although specialized formulation strategies 

are often required. Overcoming these barriers and achieving sufficient transmembrane transport is 

therefore a key research priority, especially for peptides that target intracellular pathways and thus 

need to enter cells to elicit their therapeutic effects. 

In this context, understanding the fundamentals of membrane permeability is critical. 

After ingestion, a drug (peptide or otherwise) needs to first dissolve in GI fluids before traversing 

the intestinal epithelial membrane and entering systemic circulation.9, 10 The efficiency of this 

transmembrane process is governed by the compoundôs membrane permeability, defined as the 

rate at which molecules diffuse passively across biomembranes.11 A higher permeability typically 

indicates more efficient membrane traversal, enabling the drug to reach effective plasma 

concentrations at lower doses and thus improve its oral bioavailability. Therefore, to develop 

orally effective peptide therapeutics, we need to understand how diffusion drives transmembrane 

transport and explore strategies to enhance peptide permeability. 

1.1.2 Passive diffusion and Fickôs law 

Among various membrane transport mechanisms (including active transport, vesicular 

transport, and passive diffusion), passive diffusion is one of the most frequently encountered 

modes of drug absorption.12 Driven by a concentration gradient, drug molecules move from a 

region of higher concentration to one of lower concentration. This phenomenon was first described 

quantitatively in 1855, when Fick introduced what is now known as Fickôs law:13 

* $ɳ#                                                                                                                                                    (1) 

Here, J is the flux (i.e., the rate of mass transfer per unit area), D is the diffusion coefficient 

that represents the moleculeôs diffusivity in the medium, and Cɳ is the concentration gradient.13-

18 Under steady-state conditions, this law indicates that a drugôs diffusion rate depends on its 

diffusion coefficient and the concentration difference across the membrane. In this context of oral 

peptides, membrane permeability can be understood as a reflection of how readily a molecule 

diffuses and partitions within the membrane.  
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1.1.3 Inhomogeneous solubility-diffusion model (ISDM) 

Although Fickôs Law has long been fundamental in studying drug permeation, it has clear 

limitations. It assumes the membrane and surrounding water as one uniform medium, ignoring 

differences in diffusion and solubility between them. As a result, it may inaccurately predict actual 

permeability across biological membranes. 

To overcome these shortcomings, the ISDM was introduced. The ISDM clearly considers 

that different regions (such as the aqueous phase and the membrane interior) exhibit different 

physical properties. It thus refines the diffusion description by incorporating spatially varying 

diffusion coefficients and partitioning effects. A key theoretical basis for the ISDM is derived 

from the Smoluchowski equation in one dimension:13 

ȟפּ
ὈּפὩ פּ

פּ
Ὡ ȟὸפּ”פּ                                                                    (2) 

The probability density function describing a particle located at position z along the z-

coordinate and at time t is represented as p(z,t). The potential energy (or free energy) profile is 

defined by the function G(z), while the spatially varying diffusion coefficient is denoted by D(z), 

with ɓ=1/(kBT). kB is Boltzmannôs constant. Employing appropriate boundary conditions and 

assuming a steady-state flux enables the integration of this relationship, yielding an analytical 

expression for permeability that explicitly incorporates spatial heterogeneities in both solubility 

and diffusivity. Under simplified assumptions, the permeability across a membrane with thickness 

can be expressed succinctly as follows:13, 19 

᷿
Ὡὼὴ‍Ὃּפ Ὃּפρ

Ὀּפ
Ὠּפ

ςפּ

ρפּ
                                                                                                           (3) 

Where z1and z2 denote reference points on either side of the membrane. This expression 

shows how local variations in both partitioning and diffusivity can significantly influence the 

overall permeability. Through the ISDM framework, researchers gain a more accurate and 

nuanced description of drug transport, addressing the membraneôs complex inhomogeneous nature 

rather than treating it as a uniform medium. 

Consequently, when a molecule has high membrane permeability, it can efficiently cross 

the barrier even with a moderate concentration gradient, facilitating adequate systemic exposure 

at lower doses. Conversely, for compounds with low permeability, even a substantial 

concentration gradient may fail to drive sufficient absorption, potentially leading to suboptimal 

therapeutic efficacy, increased dosing requirements, and higher toxicity risks. 
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1.1.4 Implications for ADMET and pharmacological profiles 

From a pharmacokinetic and toxicological perspective, the membrane permeability of 

drug molecules (including peptides) significantly influences their ADMET (absorption, 

distribution, metabolism, excretion, and toxicity) properties. Substantial research supports this 

view. For instance, Flaten et al.20 using a phospholipid vesicle-based model, found that calculated 

permeability coefficients showed a strong correlation with in vivo human absorption data. 

Meanwhile, Lennernäs et al.21 investigated intestinal permeability (Peff) and its relevance to 

absorption and elimination, demonstrating that Peff is a key predictor of drug absorption efficiency, 

particularly in the jejunum. When Peff exceeds 1.5×10-4 cm/s, a drug is typically fully absorbed, 

independent of specific transport mechanisms. Moreover, Peff also affects excretory processes, 

such as first-pass metabolism. 

Further research by Larregieu et al.22 revealed permeability as a critical factor for 

predicting drug absorption, noting that higher permeability often correlates with greater intestinal 

absorption and influences the extent of exposure to metabolic enzymes. Because the efficiency of 

absorption (governed by permeability) regulates the intensity of metabolic processes, permeability, 

absorption, and metabolism exhibit a dynamic interdependence in drug development. 

From a toxicological standpoint, Bertero et al.23 demonstrated that membrane 

permeability directly shapes a toxic compoundôs mode of action by affecting its absorption, 

bioavailability, and distribution. It should be noted that their study focused on species differences 

in absorption, highlighting that model selection is critical when extrapolating such results. Highly 

permeable compounds more readily cross biological barriers and can cause systemic toxicity, 

whereas poorly permeable compounds may remain localized and lead to chronic toxicity. This 

relationship serves as a critical indicator for toxicity risk assessment in predictive toxicology 

models. Overall, from improving oral bioavailability and absorption efficiency to influence 

distribution, metabolism, and toxicity profiles, membrane permeability is a critical consideration 

in both efficacy and safety assessments for peptide-based therapeutics.  

1.1.5 Role in drug development and formulation 

Membrane permeability plays a critical role in assessing the developability of orally 

administered drug candidates, including peptides. It underpins not only the feasibility of achieving 

sufficient bioavailability and absorption but also affects subsequent distribution, metabolic 

pathways, and toxicity profiles. From early-stage candidate selection to final formulation 

strategies, optimizing membrane permeability is often a key objective. By identifying or 
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engineering molecules with favourable permeability characteristics, researchers can reduce dosage 

requirements, minimize adverse effects, and ultimately improve clinical success rates. 

1.2 Design principles for permeable molecules 

1.2.1 Lipinskiôs rule of five (Ro5) 

To efficiently identify drug candidates with favourable membrane permeability, certain 

structural design principles are often considered. Among the most widely used guidelines is 

Lipinskiôs Rule of Five (Ro5),24-32 proposed in 1997, which has been broadly adopted as a guiding 

framework. Ro5 outlines five key molecular properties deemed crucial for predicting oral 

bioavailability: molecular weight (MW) Ò 500 Da, octanol-water partition coefficient (LogP) Ò 5, 

hydrogen bond donors (HBD) Ò 5, hydrogen bond acceptors (HBA) Ò 10, and no more than 10 

rotatable bonds.33-35 With its concise criteria, Ro5 provides medicinal chemists a rapid and 

effective screening tool during early-stage drug discovery.36-41 

Although Ro5 has proven remarkably successful for traditional small-molecule drugs, it 

does have limitations.27, 28 First, the rule primarily targets conventional small molecules and may 

not apply to larger entities such as peptides or nucleic acid therapeutics, whose molecular weight 

and polarity often exceed the Ro5 ranges. Second, Ro5 does not fully address a compoundôs three-

dimensional structure, conformational flexibility, or other factors crucial for permeability. As a 

result, promising molecules that deviate from these guidelines might be overlooked during drug 

development. 

1.2.2 Beyond the rule of five (bRo5) - cyclic peptides 

To overcome the limitations of Ro5, researchers introduced the concept of ñBeyond the 

Rule of Fiveò (bRo5).42-52 This framework expands Ro5ôs parameter space by allowing higher 

molecular weights, greater polarity, and more rotatable bonds, while also incorporating additional 

molecular descriptors such as topological polar surface area (TPSA), conformational flexibility, 

and molecular shape. These expanded parameters enable the inclusion of a wider variety of 

therapeutically relevant molecules, particularly those with complex structures and multiple 

functionalities. 

Within the bRo5 paradigm, many macrocyclic drugs (e.g., cyclic peptides) have received 

special attention. Despite frequently exceeding the conventional Ro5 thresholds for molecular 

weight and polarity, these compounds can still exhibit good membrane permeability and hold 

significant therapeutic potential. It is estimated that about 75% of disease-relevant human proteins, 
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including those involved in intracellular protein-protein interactions (PPIs), remain difficult to 

modulate with either small molecules or biologics.53, 54 

Cyclic peptides, owing to their relatively large molecular size, can bind flat PPI interfaces 

with antibody-like affinity and high specificity, making them useful for targeting traditionally 

ñundruggableò sites. Composed of amino acids linked via peptide bonds in a ring conformation, 

cyclic peptides possess enhanced structural rigidity, reduced exposure of polar functional groups 

in solution, and improved metabolic stability.  

A considerable body of work has shown the success of cyclic peptides in achieving high 

permeability. Cyclosporin A, an 11-residue cyclic peptide, surpasses multiple Ro5 cut-offs 

(molecular weight (MW), hydrogen bond donors (HBD), and hydrogen bond acceptors (HBA)) 

yet displays outstanding cell membrane permeability.53 In addition, studies from the Craik group55 

have reported high permeability in certain cyclic peptides such as MCoTI-II, and Marsault et al.56 

demonstrated that various macrocyclic compounds can effectively enter mammalian cells. 

Collectively, these studies demonstrate that cyclic peptides, as highly promising and potent drug 

candidates, offer unique advantages in addressing complex diseases and developing 

multifunctional therapeutics. 

1.2.3 Key molecular characteristics and structural modifications affecting 

permeability 

Having established the importance of the bRo5 framework and showed the potential of 

cyclic peptides, the next step is to explore the major factors determining membrane permeability. 

These quantifiable and tuneable parameters guide medicinal chemists in optimizing molecular 

structures to enhance permeability at an early design stage. 

This section focuses on four critical aspects: polar surface area (PSA), internal hydrogen 

bonds (IHBs), N-methylation, and the chameleonic effect. 

1.2.3.1 Polar surface area (PSA, Å2) 

PSA refers to the total surface area of all polar atoms in a molecule (e.g., oxygen and 

nitrogen) and their attached hydrogens,57-61 reflecting how extensively these polar groups are 

exposed to the surrounding environment. A higher PSA typically corresponds to more polar 

groups, which may facilitate aqueous solubility but reduce the ability to traverse the lipophilic cell 

membrane. Palm et al.62 reported a strong sigmoidal relationship (r2=0.94) between PSA and 

permeability, indicating that increased PSA significantly lowers membrane penetration. Similarly, 
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Kihlberg et al.63 proposed a solvent-accessible 3D PSA descriptor that correlated more strongly 

with the permeability of macrocycles. Consequently, controlling PSA is often a core strategy for 

enhancing membrane permeability and improving intracellular efficacy of both cyclic peptides 

and other large molecules. 

1.2.3.2 Internal hydrogen bonds (IHBs) 

IHBs are intramolecular hydrogen bonds that form between atoms within the same 

molecule.64 By ñburyingò polar groups inside the molecular framework, IHB can reduce the 

effective polar surface area and enhance hydrophobicity, thereby improving a compoundôs 

capacity to cross lipid bilayers.65 Rezai et al.62 observed a general correlation between the number 

of IHBs and the permeability of cyclic peptides, although exceptions do exist. In addition, Alex et 

al.66 demonstrated that forming IHB can improve inherent membrane permeability, but an 

excessive number of IHBs may hinder conformational flexibility and thus counteract any benefits. 

Balancing the formation of IHB is therefore a crucial tactic in optimizing the membrane 

permeability of complex molecules, including cyclic peptides. 

1.2.3.3 N-Methylation 

N-methylation involves introducing one or more methyl groups onto the nitrogen atoms 

of peptide bonds, thereby replacing polar N-H groups with nonpolar methyl substituents. This 

modification lowers overall molecular polarity and can substantially enhance membrane 

permeability. For instance, Biron et al.67 reported that multiple N-methylations can increase the 

oral bioavailability of cyclic peptides without compromising their biological activity or selectivity. 

Similarly, Ovadia et al.68 and Chatterjee et al.69 found that the number and position of N-methyl 

groups significantly affect both metabolic stability and intestinal permeability. Collectively, these 

studies underscore the effectiveness of N-methylation in improving the permeability of large 

molecules. 
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1.2.3.4 The chameleonic effect 

 

Figure 2. Schematic illustration of passive permeability in chameleonic peptides. Macrocyclic 

peptides exist in a dynamic equilibrium among multiple conformations. Upon interaction with a 

hydrophobic membrane, the balance shifts toward conformations with the lowest polar surface 

area (PSA), thereby enabling passive permeation. Illustration reproduced from Ramelot T. A. et 

al., Curr. Opin. Struct. Biol. 2023, 80, 102603. Licensed under CC BY 4.0 

(https://creativecommons.org/licenses/by/4.0/).70 

The ñchameleonic effectò refers to a moleculeôs ability to dynamically adjust its 

conformation in response to environmental polarity.70, 71 In aqueous environments, such molecules 

can adopt a conformation that maintains sufficient polarity for solubility; when embedded in lipid 

membranes, they undergo structural rearrangements that mask polar groups and thus enhance 

membrane permeability  (Figure 2). Numerous studies have demonstrated how cyclic peptides 
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leverage this chameleonic effect to more easily penetrate cell membranes. For example, Lee et 

al.72 enhanced the chameleonic behaviour of cyclosporin A derivatives through backbone and side-

chain modifications, thereby improving membrane permeability. Similarly, Ramelot et al.70 

reviewed the latest progress in employing the chameleonic effect to boost the permeability of 

cyclic peptides. These findings suggest that by ñadaptingò their polarity in different environments, 

drug molecules can achieve superior permeability profiles. 

Overall, PSA, IHB, N-methylation, and the chameleonic effect together outline a 

multifaceted strategy for optimizing the membrane permeability of larger, more complex 

therapeutic candidates. By integrating these factors, medicinal chemists working within the bRo5 

framework can more effectively design and refine cyclic peptides and other macrocyclic 

compounds for oral drug development. 

1.3 Experimental methods for permeability assessment 

Following the discussion on key factors affecting drug molecule permeability, an 

objective and reproducible experimental evaluation of a compoundôs ability to traverse 

membranes becomes indispensable in drug discovery and development. Commonly used 

permeability assays include cell-based models (e.g., Caco-2), ex vivo tissue models, and artificial 

membrane systems. Among these, the Parallel Artificial Membrane Permeability Assay (PAMPA) 

has gained widespread popularity due to its simplicity, high throughput, and suitability for 

assessing passive diffusion.73-77 

1.3.1 Parallel artificial membrane permeability assay (PAMPA) 
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Figure 3. Schematic of the PAMPA model illustrating passive diffusion across a synthetic 

membrane separating two aqueous phases. Illustration reproduced from Gomes A. M., Costa P. 

J., Machuqueiro M., BBA Adv. 2023, 100099 (CC BY 4.0).78 

PAMPA is an in vitro technique commonly employed to predict a compoundôs passive 

diffusion potential.79 By coating a microporous filter membrane with phospholipids or other 

hydrophobic components, an artificial barrier resembling a biological membrane is created (Figure 

3). Under controlled temperature and incubation time, the test compound diffuses passively from 

the donor side to the acceptor side, and its permeability efficiency can then be quantified based on 

the concentration difference of the compound in each chamber. Because PAMPA does not rely on 

living cells or involve transport proteins or enzymatic degradation, it can rapidly screen a large 

number of compounds in parallel, offering high-throughput and cost-effective advantages.80, 81 

However, PAMPA also has notable limitations.73, 82-84 First, the artificial membrane, 

typically composed of lipids or other synthetic materials, cannot fully replicate the complexity and 

diversity of biological membranes. Second, PAMPA cannot reveal detailed interactions between 

the molecule and the membrane at the atomic or molecular level. Finally, compared with advanced 

computational tools, PAMPA still requires bench work, which may consume time and resources; 

variations in experimental operations also introduce potential measurement errors. 

1.4 Computational approaches for predicting membrane 

permeability 

Given the drawbacks of PAMPA, an increasing number of researchers have turned to 

computational approaches to complement or surpass the capabilities of in vitro assays. Moreover, 

these computational methods provide deeper mechanistic insights into the membrane permeation 

process. This section focuses on Molecular Dynamics (MD)-based simulation approaches for 

transmembrane permeation, including conventional MD, Steered Molecular Dynamics (SMD), 

and Parallel Cascade Selection Molecular Dynamics (PACS-MD), as well as enhanced sampling 

strategies including Umbrella Sampling (US) and Replica Exchange Umbrella Sampling (REUS). 

1.4.1 Molecular dynamics (MD) 

1.4.1.1 Background and principles 

MD is a simulation technique founded on classical mechanics. Under a chosen force field, 

the Newtonian equations of motion are numerically integrated to track the time evolution of a 

system at the atomic or molecular level.85-89 As illustrated in Figure 4, a typical MD simulation 
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proceeds by defining the potential functions and topology of the system, assigning initial 

coordinates and velocities to each atom, then calculating intermolecular forces at each time step. 

A timestep of 2 fs is commonly used in practice because fixing fast-moving bonds, especially 

those involving hydrogen atoms, keeps the simulation stable and makes it run faster. Positions are 

updated in accordance with these forces, with occasional geometric restraints such as bond length 

constraints, which are often enforced using the Linear Constraint Solver, known as the LINCS 

algorithm, due to its speed and numerical stability. This is followed by recalculation of energies, 

temperature, and pressure. The process is repeated until the designated simulation time has elapsed. 

 

Figure 4. Scheme of the molecular dynamic simulation procedure. ɋ (r, v, t) denotes the 

configuration of the molecular system in phase space at time t, where r and v represent the position 

and velocity of all atoms, respectively. t♯ and t♯  indicate successive time steps in the simulation, 

and ȹt is the integration time interval. Schematic illustration adapted from Grigera, J., Curr. 

Pharm. Des. 2002, 8, 1579-1604; redrawn by the author.90 

In practical applications, the target molecule and a model membrane can be placed 

together in a simulation box under specific conditions (temperature, pressure, and boundary 

settings), enabling researchers to capture the positional and energetic changes of the molecule 

within the membrane environment. Literature shows that through analysis of thermodynamic 

quantities (e.g., entropy, free energy) and kinetic pathways, MD can elucidate the mechanisms of 

molecular interactions and provide a comprehensive view of the conformational ensemble, far 

beyond a single static snapshot.91 
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1.4.1.2 Periodic boundary conditions (PBC) 

PBC is a commonly used method in molecular simulations to reduce boundary effects 

caused by the limited size of the system. This makes the simulated system behave more like an 

infinitely large real-world environment. The basic idea is to treat the simulation box as a unit that 

repeats endlessly in all directions, like tiles covering a floor. When a molecule moves out of one 

side of the box, it re-enters from the opposite side, as if stepping into a ñmirror box.ò In this setup, 

all particles interact not only with others in the box but also with the images in neighbouring boxes. 

Using PBC makes the system appear to have no edges, allowing molecules to move and diffuse 

freely. It also helps the simulation better reflect macroscopic properties like temperature, pressure, 

and density. However, PBC has some limitations. If the simulation box is too small, a molecule 

may interact with its own image, leading to unrealistic, non-physical results. To avoid this, the 

box should be large enough so that important molecules are separated by at least 1-2 nm. 

1.4.1.3 CHARMM-GUI 

Given the need to build the initial simulation box system, CHARMM-GUI 

(https://www.charmm-gui.org/) was chosen for the initial setup. This online platform simplifies 

the construction of complex biomolecular systems (particularly those involving lipid bilayers) by 

automating many of the steps required to generate topologies, coordinates, and force field 

parameters. It offers consistent parameter assignment, streamlined membrane construction and 

ready-to-use input files.92, 93 By employing CHARMM-GUI, the risk of manual setup errors was 

reduced, and the resulting configurations adhered to modern CHARMM force field standards. 

1.4.1.4 CHARMM force field 

Building on the CHARMM-GUI setup, the transmembrane permeation simulations 

required a suitable force field. Although various force fields exist (e.g., AMBER,94 GROMOS,95 

OPLS96), CHARMM was chosen because it is well tested for peptides, ensuring reliability in 

modelling peptide-membrane interactions. 

The CHARMM force field family is well-known for its extensive parameterization of 

proteins, nucleic acids, lipids, and small molecules. By incorporating data from both quantum 

mechanical calculations and experimental sources,97 CHARMM strikes a balance between 

computational efficiency and physical accuracy. This is critical in membrane-related studies, 

where lipid-protein or lipid-drug interactions need to be accurately captured. In the context of this 
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research, continuing with the CHARMM force field ensures seamless integration with the files 

produced by CHARMM-GUI. 

Subsequently, the formulation of the total potential energy through the force field is 

introduced. In a typical CHARMM force field, the total potential energy (Etotal) is generally 

divided into Ebonded (covalent) and Enonbonded (long-range) components. The equation of Ebonded and 

Enonbonded are presented in below.98 
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Equation 4 and 5 are the general equations of the CHARMM force field for calculating 

Ebonded and Enonbonded. Here, b, ɗ, ű, and ʟ  represent bond lengths, valence angles, improper dihedral 

angles, and dihedral angles, respectively. The parameters b, ɗ, and ű denote the equilibrium 

values for bonds, angles, and improper dihedrals, with corresponding force constants KⱣ, Kɗ, and 

Kű. For dihedrals, K ,ʟ and ŭ represent the amplitude and phase shift of the nth multiplicity. D is 

the dielectric constant, set to the vacuum permittivity Ů in CHARMM. q♯ and q are the partial 

charges on atoms i and j, respectively. In the Lennard-Jones term, Ů♯ is the well depth, R♯,♯ is the 

radius parameter, and ớr♯ - rớ represents the distance between atoms i and j.98 

1.4.1.5 Thermostats and barostats 

To maintain stable temperature and pressure during the simulation, a thermostats (e.g., 

Berendsen,99 Nosé-Hoover,100 velocity-rescaling101) and a barostats (e.g., Berendsen,102 Parrinello-

Rahman103) are commonly used. Thermostats regulate kinetic energy by adjusting atomic 

velocities, while barostats alter the simulation box dimensions to preserve the desired pressure. 

Combining both appropriately ensures that the system remains in the correct thermodynamic 

ensemble (e.g., NVT or NPT) and thereby approximates experimental conditions more closely. 
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1.4.1.6 GROMACS 

While the simulation system was constructed via CHARMM-GUI and parameterized 

under the CHARMM force field, the GROMACS software suite was used to perform the actual 

transmembrane permeation simulations. GROMACS is an open-source molecular dynamics 

engine known for high performance, versatility and user-friendliness. 

By combining CHARMM-GUI for system construction, the CHARMM force field for 

biomolecular parameterization, and GROMACS for efficient production runs, this study ensures 

both the accuracy of the force-field-based modelling and the computational performance needed 

for large-scale or long-timescale membrane permeation simulations. 

1.4.1.7 Limitations of MD 

MD simulations has evolved into an indispensable technique for exploring numerous 

biomolecular or ions movements. Nevertheless, conventional MD method faces difficulties in 

sampling rare or high-energy-barrier events (e.g., membrane permeation). Drug molecules 

typically require milliseconds to seconds or even longer to permeate biological membranes,104-106 

whereas conventional MD simulations can only capture nanoseconds to microseconds.107-110 

Attempting to track the entire permeation trajectory purely by conventional MD method would be 

prohibitively time-consuming and cost-ineffective. Consequently, more advanced sampling 

methods, such as SMD, have been developed to quantify energy barriers and overcome the 

sampling limitations inherent in conventional MD. 

1.4.2 Steered molecular dynamics (SMD) 

SMD is an enhanced sampling technique in which a harmonic spring is attached to a 

selected collective variable, such as the centreof mass distance between a solute and a membrane, 

and then translated or stretched at a controlled rate.111 The applied bias steers the system along a 

predefined reaction coordinate while the instantaneous force and work are recorded. 

Compared with conventional MD, SMD can efficiently pull a drug molecule slowly across 

the lipid bilayer, yielding a complete permeation trajectory that would otherwise be inaccessible 

within practical simulation times. SMD is typically followed by US, in which the resulting frames 

are routinely used as starting configurations for equilibrium sampling around fixed positions along 

the pathway to refine the free-energy profile of membrane permeation. 
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1.4.3 Umbrella sampling (US) 

US is a commonly used enhanced sampling technique designed to address the challenge 

of insufficient sampling for rare or high-energy-barrier events.19, 112-114 The core idea is to divide 

the reaction coordinate related to the target process (e.g., transmembrane permeation) into multiple 

overlapping windows (Figure 5) and apply an additional ñumbrella potentialò in each window. 

This extra bias ensures that the system adequately samples regions that would otherwise be rarely 

visited. Subsequently, a method such as the Weighted Histogram Analysis Method (WHAM) can 

be used to combine data across all windows and reconstruct a complete, smooth potential of mean 

force (PMF) profile. 

 

Figure 5. Schematic representation of the umbrella sampling procedure and the subsequent 

Weighted Histogram Analysis Method (WHAM) reconstruction of the potential of mean force 

(PMF). Illustration reproduced from Róg, T.; Girych, M.; Bunker, A., Pharmaceuticals 2021, 

14(10), 1062 (CC BY 4.0).115 

Numerous studies have reported the use of US for enhanced sampling of drug molecules. 

For instance, Subramanian et al.116 combined MD simulations with US to pinpoint free-energy 

minima for a set of substrates. Mathath et al.117 employed US with novel reaction coordinates to 

investigate the chloride-channel-assisted permeation of halide ions (F-, Cl-, I-) through lipid 

bilayers, showing the collaborative roles of water and lipids in modulating free-energy barriers. 
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Furthermore, Sousa et al.118 adopted a simulated tempering-enhanced US approach to improve the 

convergence of free-energy calculations during permeation. 

Despite its broad usage, the combined use of SMD and US still faces several challenges. 

Due to the use of a constant pulling force in SMD, the system may not reach proper equilibrium.119 

Additionally, because each umbrella window is simulated independently, there is no 

communication between different conformations, increasing the risk of getting trapped in local 

energy minima and reducing sampling efficiency.120-123 To overcome these limitations, REUS was 

invented. 

1.4.4 Replica-Exchange umbrella sampling (REUS) simulations 

 

Figure 6. Comparison of free energy profile obtained using the US and REUS methods. (A) Free 

energy profile generated by the US method. Schematic illustration adapted from Liao Q., Progress 

in Molecular Biology and Translational Science, 2020, redrawn by the author.124 (B) Free energy 

profile generated by the REUS method. 

REUS, also referred to as Hamiltonian Replica-exchange MD,125 is an enhanced sampling 

approach that combines the concept of replica exchange with standard umbrella sampling. As 

shown in Figure 6, compare with standard US method, which samples each window independently. 

REUS periodically attempts to exchange replicas among different biased windows, allowing the 

system to sample a broader range of conformations and overcome high free-energy barriers more 

effectively. This makes REUS particularly well-suited for describing complex free-energy 

landscapes, such as those encountered in membrane permeation or conformational changes. Still, 

REUS is typically combined with SMD, so the drawbacks of SMD remain. 
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1.4.5 Parallel cascade selection molecular dynamics (PACS-MD) 

Developed from parallel computing integrated with multiple iterative selection steps, 

PACS-MD is an enhanced sampling method designed to more efficiently explore rare events and 

multi-pathway processes on the free-energy landscape of large or complex systems. It involves 

repeating short MD simulations and ranking structures based on their distance to select the closest 

conformations between the drug and membrane. This allows the drug more time to release internal 

stress and equilibrate during permeation, overcoming the limitations of SMD. As depicted in 

Figure 7a, the procedure begins with an initial MD simulation of the entire system to obtain early 

trajectories and rank the resulting conformations. Subsequently, several ñreplicasò are assigned 

different initial velocities or conditions and subjected to short MD simulations. After these 

simulations conclude, each replica is evaluated based on structural and energetic criteria; 

trajectories that move closer to the target state are selected for the next iteration. This ñcascadeò 

process effectively overcomes high-energy barriers or multiple transition pathways, ultimately 

stitching together multiple short-trajectory segments into one complete permeation route (Figure 

7b). 



18 

 

 

 

 

Figure 7. (a) Flow diagrams illustrating the PACS-MD methodology and (b) a permeation 

pathway constructed by linking multiple trajectories between the initial and final conformations. 

Illustration adapted from Ryuhei Harada and Akio Kitao, J. Chem. Phys. 139, 035103 (2013), 

licensed under CC BY 4.0.126 

Since its introduction by the Harada and Kitao in 2013,78, 126-128 PACS-MD has received 

attention for its straightforward implementation, efficiency, and computational speed. It has been 

employed in areas such as protein conformational studies,129-131 protein-ligand recognition,132-134 

protein-protein interfaces,129, 134, 135 and the folding of short peptides.127, 136 Nonetheless, PACS-

MD remains an emerging technique with several limitations yet to be resolved, signalling potential 

for continued innovation and broader application. 

javascript:;
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Regarding cyclic peptides, beyond the Yanagi groupôs137 report that investigated the 

membrane penetration of small cyclodipeptides via a combination of quantum chemistry and 

PACS-MD, no extensive studies have thus far applied this method to larger cyclic peptides (6-10 

amino acids), whether in their normal or N-methylated forms. This gap underscores a promising 

frontier for the use of PACS-MD in understanding and predicting the membrane permeability of 

more complex cyclic peptide systems. 
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1.4.6 Free energy barrier for crossing (ȹG1crossing) and free energy difference 

for partitioning (ȹG2partitioning) 

 

Figure 8. Schematic representation of a lipid bilayer, showing the positions of polar headgroups, 

hydrophobic core, and interfacial region along the bilayer normal (z-axis). A 1-palmitoyl-2-

oleoyl-sn-glycero-3-phosphocholine (POPC) molecule is shown in green. The PMF curve 

obtained from MD simulations describes the energy landscape of membrane permeation, typically 

calculated by pulling the molecule from the aqueous phase (z å 30 ¡) to the bilayer centre (z = 0 

¡). ȹG1crossing indicates the free energy difference associated with the translocation of the drug 

from the extracellular environment to the membrane centre, while ȹG2partitioning reflects the 

partitioning free energy from the aqueous phase into the phospholipid environment. Illustration 

reproduced from Peter Obi et al., J. Chem. Theory Comput. 2024, 20 (14), 5866ï5881, with 

permission from the American Chemical Society.138 

As shown in Figure 8, in the free energy profile during the complete membrane 

permeation process, two types of free energy differences (ȹG) are particularly important: 

ȹG1crossing and ȹG2partitioning. ȹG1crossing represents the free energy barrier for a molecule to cross 

from the aqueous phase outside the membrane into the interior of the bilayer. ȹG2partitioning reflects 

the partitioning free energy from the aqueous phase into the phospholipid environment. 
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For small drug-like molecules, the permeation process is typically simple, with little 

conformational change because of their small size and structural rigidity. As a result, the overall 

free energy variation is less complex, and ȹG2partitioning is often negligible. In such cases, the 

permeation behaviour can be sufficiently captured by analysing ȹG1crossing alone. However, for 

larger molecules such as cyclic peptides, the permeation process generally involves 

conformational transitions and changes in polarity, which cause significant variations in the free 

energy profile. Therefore, both ȹG1crossing and ȹG2partitioning need to be considered to accurately 

characterize their membrane permeability. 

1.5 Aims and scope of thesis 

Understanding and predicting the permeability of drug molecules across biological 

membranes is a critical challenge in modern drug discovery, particularly for orally administered 

compounds. While experimental techniques such as Caco-2 assays and PAMPA provide valuable 

insights into drug permeability, they cannot capture atomistic-level molecular interactions and 

dynamic conformational changes during membrane permeation. In contrast, computational or 

modelling methods offer unprecedented opportunities to investigate the structural and dynamic 

factors influencing drug permeability. This thesis aims to integrate computational methodologies 

to systematically study the permeability of both small molecules and cyclic peptides, providing 

insights that bridge gaps in experimental knowledge and advancing the predictive accuracy of 

computational tools. 

The overarching goal of this thesis is to develop and apply an integrated computational 

protocol, referred to as PACS-MD-US, that combines PACS-MD with US to provide a more 

comprehensive perspective on membrane permeation for both small-molecule drugs and cyclic 

peptides. To achieve this aim, the thesis is guided by the following specific objectives. Firstly, to 

establish the PACS-MD-US framework and evaluate its predictive power for small molecules by 

simulating their full membrane permeation trajectories and calculating free energy 

barriers(ȹG1crossing), followed by correlation with experimental LogPeff (pH 7.4) values. Secondly, 

to extend the same framework to four classes of cyclic peptides, capturing their dynamic 

permeation behaviours, surface area changes, ȹG1crossing, and quantifying how these features 

impact permeability. Thirdly, to comprehensively compare how different solvent-derived input 

conformations, specifically chloroform-minimized and water-random structures, affect surface 

area, IHB, and the ȹG1crossing, using the PACS-MD-US framework across four representative 

classes of cyclic peptides. 
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The scope of this thesis encompasses both the development and application of an 

integrated computational protocol (PACS-MD-US) for modelling passive membrane permeation. 

The approach integrates PACS-MD and US (where PACS-MD simulates transmembrane 

trajectories and US calculates free energy barriers based on these trajectories) and is applied to 

two major molecular classes: small-molecule drugs and cyclic peptides. Through this framework, 

both thermodynamic properties (e.g., free energy barriers) and structural determinants (e.g., 

surface area and IHBs) are quantitatively evaluated to understand the key factors influencing 

permeability. 

Chapter 2 aims to establish and validate the PACS-MD-US methodology for predicting 

membrane permeability of small-molecule drugs. To this end, a set of 20 representative drugs is 

simulated using PACS-MD to obtain transmembrane trajectories, followed by umbrella sampling 

to compute free energy barriers. The calculated ȹG1crossing values are then correlated with 

experimental LogPeff data to evaluate predictive performance. The details of the experimental 

conditions and data sources are discussed in the relevant chapters. In addition, sampling time was 

extended to reduce hysteresis effects. 

Chapter 3 seeks to extend the PACS-MD-US framework to cyclic peptides by 

investigating four structurally distinct peptide classes. This chapter evaluates the generalizability 

of the PACS-MD-US method for permeability prediction by correlating ȹG1crossing with 

experimental LogPeff values across the peptide classes. The details of the experimental data sources 

are discussed in the relevant sections. It further explores the relationship between permeability 

and surface area descriptors such as PSA, nonpolar surface area (NPSA) and total surface area 

(TSA), and analyses how the dynamic conformational changes of cyclic peptides contribute to the 

chameleonic effect during membrane permeation. Additionally, the ISDM was tested as an 

alternative descriptor to improve predictive accuracy. 

Chapter 4 aims to assess the impact of solvent-derived input conformations on the 

comprehensive characterization of membrane permeation. By comparing chloroform-minimized 

and water-random input conformations across the four cyclic peptide classes, this chapter 

evaluates their influence on ȹG1crossing, surface area, and IHB using the PACS-MD-US framework. 

The experimental LogPeff data are from the same sources as those used in Chapter 3. Modifying 

PACS-MD selection parameters was also tested to reduce hysteresis effects. 

Chapter 5 summarizes the major findings of this thesis, reflects on the methodological 

implications, and outlines future directions for advancing computational permeability prediction. 
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Chapter 2 

PaCS-perm, a Protocol that Integrates Parallel Cascade 

Selection Molecular Dynamics (PACS-MD) and Umbrella 

Sampling for Enhanced Prediction of Drug Membrane 

Permeability 
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2.1 Abstract 

Cell membrane permeability is a crucial factor in drug design, as low permeability often 

leads to reduced efficacy or even complete failure of the drug. Therefore, accurately predicting a 

drug's permeability is essential. Although new methods based on PACS-MD have been developed 

to predict cellular membrane permeability, these methods are still in their early stages and have 

not been extensively applied. In this study, we innovatively combined PACS-MD with the 

Umbrella Sampling (US) method, creating a new approach called PACS-MD-US. This method 

was applied to a set of 20 drug-like compounds by calculating the free energy barriers to membrane 

crossing (ȹG1crossing) and establishing its linear correlation with experimental LogPeff values. Our 

results show that this new method predicts drug permeability more accurately, with a correlation 

coefficient (R) of -0.82, compared to the Steered Molecular Dynamics approach combined with 

umbrella sampling (SMD-US) method (R = -0.58). Extending US simulation time further reduced 

hysteresis effects during membrane crossing. Validation experiments confirm the reliability of our 

method. 
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2.2 Introduction 

Membrane permeability is a crucial factor in drug design.1-3 Small hydrophobic drugs,4, 5 

such as diazepam and propranolol, can easily cross cell membranes but this is not the case for 

most larger hydrophilic drugs, which face challenges in membrane crossing.6 Consequently, there 

is a pressing need to enhance our understanding of membrane permeation and improve predictions 

of drug membrane permeability. This has become particularly evident as more drugs are 

discovered or synthesized, showing the inadequacy of current models to universally predict 

permeation. 

Membrane permeability, characterized as the rate of passive diffusion of molecules across 

biomembranes,7-10 is a pivotal factor in the drug design process. In order to determine membrane 

permeability, the prevalent approach involves calculating a molecule's partition coefficient.11 This 

coefficient is associated with the free energy and local diffusivity, as described by the equation 

from inhomogeneous solubilityïdiffusion model.12-14 

ὖ   ᷿
Ⱦ 

Ὠᾀ                                                                                  Equation 1. 

where P is the permeability coefficient, kB is Boltzmann's constant, T is the absolute 

temperature and G(z) is the difference in free energy between the arbitral position of membrane 

thickness z and bulk solution. D(z) is the diffusivity coefficient along the direction of z. 

An alternative approach involves directly calculating the free energy barriers to membrane 

crossing (ȹG1crossing) derived from the free energy profile.15 However, prior to computing the 

ȹG1crossing, it is essential to first simulate the movement trajectories of the molecules. 

Molecular Dynamics (MD) simulations can give detailed information about membrane 

permeation.16-18 However, MD simulations encounter challenges in efficiently sampling rare 

events.19, 20 To address these issues, alternative techniques such as Steered Molecular Dynamics 

(SMD),21-28 a biased MD approach, have been adopted. In SMD, a constant external force is 

applied along a specific direction to slowly pull the drug molecule from one side of the membrane 

to the other, generating a full permeation trajectory. 29-31 This method is commonly followed by 

Umbrella Sampling (US),21 where the trajectory is divided into several "windows," and each 

window is simulated separately under a harmonic potential to ensure thorough sampling.32-38 These 

individual simulations are later combined to construct a free energy profile. However, this strategy 

presents certain drawbacks. The constant pulling force used in SMD can lead to unrealistic 

structural distortions, such as unnatural stretching of molecular bonds, forced alignment along the 

pulling direction, or deviation from the preferred permeation pathway. Additionally, the 
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surrounding membrane or solvent environment may become artificially disrupted due to the non-

equilibrium nature of the process. Consequently, there is a pressing need to develop a new method 

to surmount these challenges. 

Recently, Parallel Cascade Selection Molecular Dynamics (PACS-MD), a novel enhanced 

sampling simulation technique, has gained attention for its ability to generate transition pathways 

from initial to target structures by repeatedly performing short MD simulations. Unlike SMD, it 

does not rely on external forces, allowing the system to explore permeation events more naturally. 

Since its introduction by Harada et al.39 in 2013, PACS-MD has been widely applied across 

various fields, Yanagi et al.40 employed Quantum Chemistry and PACS-MD to estimate the 

membrane permeability of cyclic dipeptides, while Harada et al.41 combined PACS-MD with 

outlier flooding methods and Markov State Models to analyse the membrane permeation of seven 

compounds. 

However, the current applications of PACS-MD are still in their early stages and have not 

been extensively used in predicting the cellular permeability of drugs, indicating a vast potential 

for further in-depth research. Moreover, existing research on PACS-MD has primarily focused on 

peptides or proteins and a limited number of drugs, without widespread application to a broader 

range of pharmaceuticals. 

In this study, our aim is to develop a novel method, named PACS-MD-US, by integrating 

the existing PACS-MD and US methods for predicting the cellular permeability of drugs. Initially, 

after constructing a model system that simulates all substances required in real experiments, the 

PACS-MD simulation method is employed to model the drug's passage through the cell membrane. 

Subsequently, a combination of PACS-MD and US methods is utilized to predict the membrane 

permeability of drugs. Following this, the new method is applied to perform linear regression 

analysis on the correlation between the membrane-crossing barrier (ȹG1crossing) and LogPeff (pH 

7.4). To reduce hysteresis effects, we extended the US simulation time before free energy analysis. 

Finally, validation is conducted to verify the accuracy of the fitted model. 

2.3 Methods 

2.3.1 Set up of model system 

Drug permeation was modelled in a system containing a bilayer membrane, the drug, 

water, and ions which was constructed using CHARMM-GUI,42-44 a web-based user interface. The 

2D structure files of the drug were drawn in ChemDraw. The 2D structure was converted to 3D 

and the ligand protonation state was set using the ligprep function of MAESTRO software (version 
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13.1.141). Using CHARMM-GUI, specific values were set: the distance between the centre of the 

drug and the centre of the membrane was established at 3 nm, and the water thickness was set at 

1.5 nm. In the composition of the membrane, the ratio of cholesterol to phosphatidylcholine was 

maintained at 3 to 7. A salt concentration of 0.15 M NaCl was also included in the system. 

Charmm36m was selected as the force field for this model system. The isothermal-isobaric 

ensemble (NPT) ensemble was employed for the Equilibration option, with a temperature of 

303.15 K. Output files with approximate dimensions of 4 × 4 × 8 nm and containing around 14000 

atoms were consequently obtained.  

2.3.2 MD simulations 

MD simulations were performed using GROMACS version 2021.5.45, 46 The relevant 

parameter settings were as follows. Bonds to hydrogen were constrained using the LINCS 

algorithm. A cut-off distance of 1.2 nm was set for van der Waals and short-range electrostatic 

interactions. For long-range electrostatics, the Particle-Mesh Ewald (PME) method was used. The 

temperature was maintained at 303.15 K, with a coupling time constant of 1 ps. The pressure was 

kept at 1 bar with a coupling time constant of 5 ps and a compressibility of 4.5 × 10-5 bar-1. The v-

rescale and c-rescale algorithms were employed for temperature coupling and pressure coupling, 

respectively. The preliminary simulation consisted of 25,000 steps, each with a time step of 2 fs. 

2.3.3 Minimization and equilibration 

Initial systems were minimized and equilibrated for 25,000 steps, using the CHARMM-

GUI protocol version 3.7,42 which led to the generation of 10 preliminary structures. From these 

10 preliminary structures, a single structure where the distance between the drug centre and the 

cell membrane centre was approximately 3.5 nm was selected for use as the input file for 

subsequent PACS-MD simulations. If none of these 10 preliminary structures was suitable, the 

process of minimization and equilibration was repeated to generate a new set of 10 preliminary 

structures.  

2.3.4 PACS-MD simulation 

PACS-MD simulations were run as shown in Figure 1. Starting with one structure selected 

from the preliminary MD simulations, nine trajectories per batch were run, each with a simulation 

time of 100.2 ps. The distance between the centre of the membrane and the centre of the drug was 

measured, and the three structures with the lowest z values were selected (z represents the distance 

along the z-axis between the centre of the drug and the centre of the membrane, i.e., along the 

membrane normal direction.). Subsequently, for each selected structure, three trajectories were 
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run, and the process of measuring and selection was repeated until the compound penetrated the 

membrane. Ultimately, the complete trajectories of drug permeation were obtained by assembling 

all these trajectories. The parameter settings for the PACS-MD simulation were identical to those 

of the preliminary MD simulation, except that each simulation was run for 50,100 steps.  

 

Figure 1. Scheme of the PACS-MD simulations. Drug molecules permeate the cell membrane via 

PACS-MD. The procedure begins by generating nine trajectories and ranking them according to 

the distance between the drug and the membrane. The three trajectories with the smallest distances 

are then chosen to generate another nine. This iterative selection process is repeated until a 

complete permeation pathway is obtained. 

2.3.5 Free energy calculations using the PACS-MD-US method 

Approximately 40 .gro files (GROMACS structure output files) were taken from the 

PACS-MD simulations as starting points for umbrella sampling simulations. Structures were 

selected with drug centres of mass spaced between 0.6 to 1.0 nm apart. Umbrella sampling 

simulations were run for each window using the MD conditions described above, for 5 ns. The 

free energy profile was constructed using the Weighted Histogram Analysis Method (WHAM) 

using the Gromacs tool gmx wham.  

2.3.6 Free energy calculations using the SMD-US method 

SMD was used to generate starting structures for umbrella sampling calculations. An 

external force (k = 1000 kJ mol ĭ nm Į) between the centroid of the drug and the bilayer membrane 

was used to pull the drug along the z-axis into the centre of the membrane using a pull rate of -
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0.001 nm/ps. Approximately 34 .gro files (GROMACS structure output files) were selected as the 

starting points for the umbrella windows. US windows were run for 5 ns. The free energy profile 

was constructed as described above. 
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2.4 Results  

2.4.1 PACS-MD and SMD simulations 
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Figure 2. (A) 2D Structure (B) and 3D structure of acyclovir, a hydrophilic antiviral nucleoside 

analog used as a model of low-permeability compounds. (C) Assembly of the components (C). (D-

L) Permeation of acyclovir through the membrane by the PACS-MD method. The phospholipid 

molecules encountered by the drug during the permeation are highlighted in brown and purple. 

The model system consisting of the drug, a membrane bilayer, water and 0.15 M sodium 

chloride was built and equilibrated using CHARMM-GUI. PACS-MD simulation was performed 

in batches, each consisting of nine trajectories of 100 ps. In each batch, the starting structures for 

the next batch were based on the displacement in the z direction. Figure 2 shows acyclovir being 

driven through the membrane as an example. For comparison with the PACS-MD simulations, we 

also used SMD simulations to drive each drug through the membrane bilayer. 

2.4.2 Hysteresis 

 

Figure 3. The overall trend of free energy changes as acyclovir passes through the cell, based on 

the PACS-MD-US method. 

The WHAM was used to calculate the potentials of mean force for membrane permeation. 

Figure 3 shows the overall trend of free energy changes as acyclovir passes through the cell under 

the PACS-US-MD conditions. The drug enters the cell membrane from the positive z-coordinates 

and permeates out from the negative z-coordinates. A z-coordinate of 3.5 indicates that the drug 

is located near the external surface of the cell membrane, and at a z-coordinate of 0, the drug is at 

the centre of the membrane. As the drug progressively permeates into the cell membrane, the free 

energy increases, reaching a maximum value at the centre of the cell membrane (z = 0). Then, as 

the drug permeates out of the cell membrane, the overall system's free energy decreases, gradually 

dropping to a minimum and stabilizing. Interestingly, the free energy minimum values found on 

either side of the z-coordinate are not equal, displaying a hysteresis phenomenon. We hypothesize 
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that this may result from a combination of factors. One possible source is the PACS-MD method 

itself, which introduces additional driving forces to facilitate membrane crossing. Additionally, 

strong electrostatic interactions between the drug molecule and membrane lipid headgroups likely 

contribute significantly to the overall energy increase. Given the hysteresis phenomenon, we 

decided to discard the negative z-coordinate range and only use the positive z-coordinate range 

for subsequent research. 

2.4.3 Free energy calculations using the PACS-MD-US and SMD-US 

methods 

A set of 20 small molecule drugs with experimental permeation data available from 

Parallel Artificial Membrane Permeation Assays (PAMPA) were selected (Table 1 and Table 

S1).47, 48 According to the studies by Mare Oja and Uko Maran, the reported LogPeff values 

represent the mean of three independent measurements, with standard deviations ranging from 

0.01 to 0.2. Such small deviations indicate minimal experimental uncertainty, confirming that the 

data are reliable for model evaluation. Compound molecular weights ranged between 123 and 392 

Da. To minimize the influence of compound ionization, compounds were chosen to be > 80% in 

the neutral state at pH 7.4 using ionization constants calculated using Percepta software.49, 50 

PACS-MD-US and SMD-US calculations were run for each drug (Figure S1 and S2). The 

umbrella window histograms corresponding to these free energy profiles are presented in Figure 

S3. The histograms display uniform sampling intervals across each window with no significant 

gaps and good overlapping at the edges. There is an incremental increase in free energy values as 

the drug permeates the cell membrane. At the point where the drug is positioned at the centre of 

the cell membrane (z-coordinate=0), the free energy value reaches its peak. This phenomenon is 

consistent with our expectations. We also chose a set of 6 additional compounds as a validation 

set for the PACS-MD-US simulations (Table 2 and Table S2). 
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Figure 4. Potentials of mean force for acyclovir (A, B), famotidine (C, D), and zaleplon (E, F) 

obtained using the PACS-MD-US and US Methods. The Z-coordinate of zero corresponds to the 

centre of the membrane. PACS-MD-US and SMD-US calculations were run with the drug moving 

in the -z direction. 

  



43 

 

 

 

Table 1. Data for the 20 drugs in the training set. LogPeff (pH 7.4) represents the experimentally 

measured permeability obtained from PAMPA assays, as reported in Reference.47, 48 pKa is the 

predicted acid dissociation constant calculated using Percepta software, a = acid and b = base. % 

Unionized is the percentage of drug predicted to be in the neutral form at pH 7.4. Avg. Batches is 

the average number of PACS-MD simulation batches used. ȹG1(PACS-US) and ȹG1(SMD-US) 

are the calculated ȹG1crossing obtained from PACS-MD-US and SMD-US, respectively. 

 

No  Drug 
MW  

(Da) 

LogPeff 

(pH 7.4) 
pKa 

% 

Unionized 

(pH 7.4) 

Avg. 

Batches 

ȹG1 

PACS-US 

(kcal/mol) 

ȹG1 

SMD-US 

(kcal/mol) 

1 Acyclovir 225.2 -7.92 
9.4 ± 0.4 (a) 

2.2 ± 0.4 (b) 
99 213 15.21 ± 0.55 19.28±0.75 

2 Aminophenazone 231.3 -4.95 4.9 ± 0.4 (b) 100 103 4.32 ± 0.69 10.4±0.94 

3 Caffeine 194.2 -5.58 none 100 97 5.71 ± 0.42 9.53±0.57 

4 Carbamazepine 236.3 -5.15 
14.3 ± 0.8 (a) 

0.1 ± 0.8 (b) 
100 113 6.97 ± 0.81 8.31±0.57 

5 Dexamethasone 392.5 -7.15 13 ± 1 (a) 100 152 13.25 ± 0.97 15.58±0.98 

6 Famotidine 337.5 -8.53 
11.2 ± 0.4 (a) 

6.7 ± 0.4 (b) 
82 669 17.11 ± 0.48 29.34±0.72 

7 Flutamide 276.2 -4.13 12.3 ± 0.5 (a) 100 124 5.56 ± 0.82 10.60±0.59 

8 Hydrochlorothiazide 297.7 -8.51 8.9 ± 0.4 (a) 97 1403 21.51 ± 0.67 22.36±0.83 

9 Isoniazid 137.1 -6.73 3.8 ± 0.4 (b) 100 135 9.56 ± 0.75 9.59±0.26 

10 Methylprednisolone 374.5 -6.99 13.2 ± 1 (a) 100 141 11.54 ± 0.92 8.42±0.5 

11 Nifedipine 346.3 -4.12 1.9 ± 0.4 (b) 100 128 3.14 ± 0.54 6.52±0.55 

12 Oxcarbazepine 252.3 -5.54 
14.2 ± 0.8 (a) 

-0.1 ± 0.8 (b) 
100 120 9.21 ± 1.11 10.39±0.68 

13 Pentoxifylline 278.3 -6.01 none 100 142 8.33 ± 0.89 19.27±0.73 

14 Prednisolone 360.5 -7.45 13.2 ± 1 (a) 100 211 12.57 ± 0.58 13.07±0.4 

15 Prednisone 358.4 -6.77 13 ± 1 (a) 100 152 10.46 ± 0.9 15.85±0.73 

16 Pyrazinamide 123.1 -6.27 
14.8 ± 0.4 (a) 

0.5 ± 0.5 (b) 
100 64 5 ± 0.31 2.95±0.31 

17 Rabeprazole 359.4 -5.34 
8.8 ± 0.4 (a) 

4.4 ± 0.4 (b) 
96 139 5.19 ± 0.58 15.35±0.34 

18 Sulfanilamide 172.2 -7.35 
10.7 ± 0.4 (a) 

1.8 ± 0.4 (b) 
100 123 11.08 ± 0.43 9±0.62 

19 Sulfapyridine 249.3 -7.26 
8.8 ± 0.4 (a) 

3 ± 0.4 (b) 
96 101 2.73 ± 0.59 2.58±0.41 

20 Zaleplon 305.3 -5.47 0.5 ± 0.4 (b) 100 86 6.71 ± 0.58 14.91±0.55 
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Figure 5. Correlation Between ȹG1crossing and LogPeff (pH 7.4) using the PACS-MD-US (A) and 

SMD-US (B) methods. Red dots represent the validation set. Error bars represent standard 

deviations (n = 3). 

Figure 5 shows the correlation between ȹG1crossing and LogPeff (pH 7.4) for the PACS-

MD-US and SMD-US methods. The line derived through the PACS-MD-US method exhibits a 

high degree of fit with a correlation coefficient (R) of -0.81, following the equation y = -2.95x -

9.17. In contrast, the line generated by the SMD-US method showed a notably lower R value of -

0.59, described by the equation y = -2.83x - 4.55. The PACS-MD-US method clearly provides a 

much better prediction than SMD-US. It is noteworthy that the free energy of Sulfapyridine 

deviates from the linear regression line. It probably because its sulfonamide group forms strong 

hydrogen bonds in the membrane, reducing diffusivity, and also its permeability is sensitive to 

differences between the simulated phospholipid-cholesterol bilayer and the PAMPA artificial 

membrane. Additionally, the mean unsigned errors (MUE) calculated for the PACS-US-MD and 

SMD-US methods are 1.82 and 4.32, respectively. This further demonstrates that the model built 

using the PACS-US-MD method is more precise and offers better performance in predicting drug 

permeability compared to the SMD-US method.  
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Table 2. Data for drugs in the validation set. All compounds were 100% unionized at pH 7.4. Avg. 

Batches, and ȹG  (PACS-US) are defined as in Table 1. ñPredicted ȹG1ò refers to the ȹG1 value 

estimated from the fitted ȹG1 - LogPeff (pH 7.4) correlation model. ñDifferenceò represents the 

deviation between simulated and predicted values (ȹG1 - Predicted ȹG1). 

No. Drug 
MW  

(Da) 

LogPeff 

(pH 7.4) 
pKa 

Avg. 

Batches 

ȹG1 

(PACS-US) 

(kcal/mol) 

Predicted 

ȹG1 

(kcal/mol) 

Difference 

(ȹG1-Pred) 

(kcal/mol) 

21 
Beclometasone 

dipropionate 
504.6 -5.51 14 ± 0.9 209 13.86 ± 1.57 7.29 +6.57 

22 Fluconazole 306.3 -6.42 
14.5 ± 0.9 (acid) 

1.6 ± 0.5 (base) 
120 8.78 ± 0.99 7.08 +1.70 

23 

Medroxy-

progesterone 

17-acetate 

386.5 -5.58 none 119 3.51 ± 0.68 9.77 ī6.26 

24 Metyrapone 226.3 -4.44 4.9 ± 0.4 (base) 95 3.62 ± 0.64 3.93 ī0.31 

25 Nevirapine 266.3 -4.91 
14.8 ± 0.4 (acid) 

4 ± 1.9 (base) 
173 8.05 ± 0.72 5.31 +2.74 

26 Sulfaguanidine 214.2 -7.30 
12.6 ± 0.4 (acid) 

1.8 ± 0.4 (base) 
90 5.82 ± 0.55 12.37 ī6.55 

An additional 6 drugs were selected as a validation set, adhering to the previously 

established selection criteria. The LogPeff (pH 7.4) data of these drugs were then inputted into the 

previously derived fitting curve (R = -0.81, y = -2.95x -9.17) to calculate their corresponding 

predicted ȹG1crossing values. The predicted ȹG1crossing values for the validation set were plotted as 

red dots onto the existing ȹG1crossing versus LogPeff (pH 7.4) correlation curve for comparison 

(Figure 5A). Additionally, the calculated mean unsigned error (MUE) was 4.23. All relevant data 

were then collated and are presented in Table 2, Table S2 and Figure S4. 

2.4.4 Reduction of hysteresis by extending sampling time 

To further address the issue of hysteresis, an approach involving the extension of sampling 

time was tested. Five representative drugs, Acyclovir, Methylprednisolone, Hydrochlorothiazide, 

Nifedipine, and Pyrazinamide, were selected from the original set of 20 compounds. For each of 

these, US simulations were performed with sampling times of 5 ns, 10 ns, 15 ns, and 40 ns. The 

resulting free energy profiles are presented in Figures S5-S9. 

As the sampling time increased, a decreasing trend in the free energy difference between 

the two membrane exterior positions (z = 3 and z = -3), referred to as the hysteresis gap, was 

observed for nearly all compounds. To quantify this observation, the hysteresis gap values were 

further summarized in bar plots (Figure S10), which confirmed the trend. These results suggest 

that extending the US simulation time can significantly reduce the hysteresis gap across the 

membrane exterior, although complete elimination was not achieved. 
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2.5 Discussion  

2.5.1 Comparison of results from PACS-MD-US and SMD-US methods 

The results shown in Figure 5A, despite some experimental data points deviating slightly 

from the fitting line, demonstrate that the PACS-MD-US method achieved a high and satisfactory 

degree of fit (R= -0.81) between ȹG1crossing and LogPeff (pH 7.4) for the 20 drugs studied, 

indicating a strong correlation. In contrast, the outcomes from the SMD- US method, as seen in 

Figure 5B, show scattered data points and a poorer fit between ȹG1crossing and LogPeff (pH 7.4), 

with a correlation coefficient of only -0.58. This demonstrates that, compared to the SMD-US 

method, the novel PACS-MD-US method is capable of producing a better correlation between 

ȹG1crossing and LogPeff (pH 7.4). It is worth noting that the experimental LogPeff (pH 7.4) values 

were obtained as original data measured by Mare Oja and Uko Maran using the PAMPA method. 

Each value represents the mean of three independent measurements, with standard deviations 

ranging from 0.01 to 0.2, indicating minimal experimental uncertainty and confirming the high 

reliability of the dataset used for model evaluation. This finding lays a solid foundation for future 

predictions of drug permeability through cell membranes. 

2.6 Conclusion 

In this study, the existing PACS-MD and US methods have been innovatively combined 

to develop a novel approach for predicting drug permeability, termed PACS-MD-US. This method 

has been further substantiated using a validation set. Notably, the ȹG1crossing values calculated by 

the PACS-MD-US method exhibit a more pronounced linear correlation with LogPeff (pH 7.4), 

achieving a R of 0.82, which is significantly higher than the 0.58 obtained by the SMD-US method. 

Moreover, it was found that extending the sampling time could effectively reduce the impact of 

hysteresis, further enhancing the reliability of the results. Overall, the PACS-MD-US method 

provides a robust foundation for future studies on drugïmembrane interactions and the 

permeability of other pharmaceuticals, such as cyclic peptides. 
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2.8 Supplementary information 

Table S1. Information on 20 drugs including their names, SMILES format, and molecular 

structures. 

Drugs SMILES Structures 

Acyclovir OCCOCN(C=N1)C2=C1C(NC(N)=N2)=

O 

 
Aminophenazone O=C1C(N)=C(C)N(C)N1C2=CC=CC=C2 

 
Caffeine O=C(N(C1=O)C)N(C2=C1N(C=N2)C)C 

 
Carbamazepine O=C(N)N1C2=C(C=CC=C2)C=CC3=C1

C=CC=C3 

 
Dexamethasone O=C1C=C[C@]2(C)[C@@]3(F)[C@@H]

(O)C[C@]4(C)[C@@](O)(C(CO)=O)[C@

H](C)C[C@@]4([H])[C@]3([H])CCC2=C

1 
 

Famotidine N/C(CCSCC1=CSC(/N=C(N)\N)=N1)=N\

S(=O)(N)=O 

 
Flutamide CC(C(NC1=CC(C(F)(F)F)=C([N+]([O-])=

O)C=C1)=O)C 

 
Hydrochlorothiazide NS(=O)(C1=C(C=C2NCNS(=O)(C2=C1)

=O)Cl)=O 

 
Isoniazid O=C(NN)C1=CC=NC=C1 

 
Methylprednisolone O=C1C=C[C@]2(C)[C@@]3([H])C(O)C[

C@]4(C)[C@](C(CO)=O)(O)CC[C@@]4

([H])[C@]3([H])C[C@H](C)C2=C1 
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Nifedipine O=C(C1=C(C)NC(C)=C(C(OC)=O)C1C2

=CC=CC=C2[N+]([O-])=O)OC 

 
Oxcarbazepine NC(N1C2=CC=CC=C2CC(C3=CC=CC=

C13)=O)=O 

 
Pentoxifylline O=C(N(C)C(N=CN1C)=C1C2=O)N2CCC

CC(C)=O 

 
Prednisolone O=C1C=C[C@]2(C)[C@@]3([H])C(O)C[

C@]4(C)[C@](C(CO)=O)(O)CC[C@@]4

([H])[C@]3([H])CCC2=C1 

 
Prednisone O=C(C=C1CC[C@@]2([H])[C@]3([H])C

C[C@@](O)([C@]3(C4)C)C(CO)=O)C=

C[C@]1(C)[C@@]2([H])C4=O 

 
Pyrazinamide O=C(N)C1=NC=CN=C1 

 
Rabeprazole CC(C(OCCCOC)=CC=N1)=C1CS(C(N2)

=NC3=C2C=CC=C3)=O 

 

 
Sulfanilamide NS(=O)(C1=CC=C(N)C=C1)=O 

 
Sulfapyridine NC1=CC=C(S(=O)(NC2=CC=CC=N2)=O

)C=C1 

 
Zaleplon CCN(C(C)=O)C1=CC(C2=CC=NC3=C(C

#N)C=NN23)=CC=C1 
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Table S2. Information on the validation set including their names, SMILES format, and molecular 

structures. 

Drugs SMILES Structures 

Beclometasone 

dipropionate 

O=C1C=C[C@]2(C)[C@@]3(Cl)[C@@H](O)

C[C@]4(C)[C@](C(COC(CC)=O)=O)(OC(CC)

=O)[C@@H](C)C[C@@]4([H])[C@]3([H])CC

C2=C1 

 
Fluconazole FC1=CC(F)=C(C(O)(CN2N=CN=C2)CN3N=C

N=C3)C=C1 

 
Medroxyprogesterone 

17-acetate 

O=C1CC[C@]2(C)[C@@]3([H])CC[C@]4(C)[

C@](C(C)=O)(OC(C)=O)CC[C@@]4([H])[C

@]3([H])C[C@H](C)C2=C1 

 
Metyrapone CC(C(C1=CN=CC=C1)=O)(C2=CN=CC=C2)

C 

 

 
Nevirapine CC1=C2NC(C3=C(N(C2=NC=C1)C4CC4)N=

CC=C3)=O 

 
Sulfaguanidine O=S(NC(N)=N)(C(C=C1)=CC=C1N)=O 
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Figure S1. Free energy plots for all drugs except Acyclovir, Famotidine, and Zaleplon (shown in 

Figure 4 in the main paper), obtained using the PACS-MD-US and SMD-US methods. 



54 

 

 

 

 

Figure S1 (continued). 
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Figure S1 (continued). 
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Figure S2: Umbrella window curves for Acyclovir, Famotidine, and Zaleplon obtained using the 

PACS-MD-US and SMD-US methods. 
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Figure S3. Umbrella window curves for all drugs except Acyclovir, Famotidine, and Zaleplon 

(shown in Figure S2), obtained using the PACS-MD-US and SMD-US methods. 
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Figure S3 (continued). 
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Figure S3 (continued). 
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Figure S4. Free energy (potential of mean force, PMF) plots and umbrella window curves for the 

validation set obtained using the PACS-MD-US method. 
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Figure S5. PMF curves and sampling histograms for Acyclovir obtained from umbrella sampling 

simulations at 5 ns, 10 ns, and 15 ns. 
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Figure S6. PMF curves and sampling histograms for Methylprednisolone obtained from umbrella 

sampling simulations at 5 ns, 10 ns, 15ns and 40 ns. 
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Figure S7. PMF curves and sampling histograms for Hydrochlorothiazide obtained from umbrella 

sampling simulations at 5 ns, 10 ns, 15ns and 40 ns. 
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Figure S8. PMF curves and sampling histograms for Nifedipine obtained from umbrella sampling 

simulations at 5 ns, 10 ns and 15 ns. 

 










































































































































