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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 &arallel Artificial Membrane Permeability Asssd§AMPA) andCaco?2 cell assay
provide valuable data, these methods cannot capture atelaistlanolecular interactions and
dynamic conformational changes during membrane permeation. Moldayfemics (MD)
simulations offer detailed atomic insights, yet they tylprcsuffer from insufficient sampling of

rare membranerossing events.

To address these limitations, this thesis, wntroducea novel computational approach,
PACSMD-US, integrating Parallel Cascade Selection Molecular Dynamics (IAG)Swith
Umbrella Sampling (US), to systematically enhance the prediction of membrane permeability.
Initially, we validated PACOMD-US using a dataset of 20 smalblecule drugs, demonstrating
significantly improved correlation (R<9.82) between calculated membramessng free energy
barri éhssig aldgeperimental Loglk (pH 7.4), surpassing traditionaleered MDUS
methods (R =0.58). Independent validation confirmed the robustness and practical utility of
PACSMD-US in highthroughput drug screeningdditionally, extended US sampling time was

shown to reduce hysteresis effects.

To assess the generalizability of PAGI®-US, we expand its application to membrane
permeation studies involving 4yclic peptides representing four representative structural,types
including standard, partiallj-methylated (Types | and Il), and fulj-methylated peptides. By
computing both membrarerossing barriersgd@cossing and partit i2ehend) g energ
we identified strong correlations with experimental permeability for fypethylated peptides.
Solventaccessible surface area analyses highlighted pronounced chameleonic usshavio
emphasizing conformational adaptability during permeationaddiion, we evaluated the
inhomogeneousolubility-diffusion model (ISDM), but it showed no improvement in predictive

accuracy.

To assess how inputonformationinfluences the membrane permeability of cyclic
peptidesye conduct a systematic evaluation comparing chlorefminimized and waterandom
structures in terms of free energy profiles, intramolecular hydrogen bonding, and surface area
characteristicsThis compariso demonstrated substantial predictive improvements for partially
N-methylated Type Il peptides, indicating that solvepécific initial conformations effectively
enhance model reliabilityn addition, he attempt to solve the hysteresis problem by muoujfy

selection parameters in PAGSD did not lead to improvement.



Overall, this thesis establishes PABB®-US as a versatile, and highly predictive
computational method for membrapermeability 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 ofrdg-membrane interactions
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Introduction

1.1 Membranepermeability

1.1.1Significanceof oral delivery for peptide therapeutics

Oral administrationis the most common and convenient route for delivering many
therapeutic agents due to advantages such as ease of administratiomasimeness, and high
patient compliance. While smatiolecule drugs have traditionally dominated this spéege is
growing interest in peptidbased therapeutics, including macrocyclic peptides, owing to their
high target specificity, fauorable safety profiles, and diverse biological activitiésThese
attributes can reduce etfrget éfects and toxicity while enhancing therapeutic efficacy.
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Figure 1. Twedimensional structures ¢A) CyclosporineA, (B) Voclosporin (C) MK-0616and
(D) Paluratide (LUNA18), respectively.



However, most peptides face notable challenges w&Herinistered orally. In particular,
they are often susceptible to enzymatic degradation in the gastrointestinal (Gl) tract and typically
exhibit poor membrane permeability due to their size and polarity, leading to low bioavaifability.
Thus, very few peptide drugs have been successfully formulated for oral delivery. Existing
examples includ€yclosporineA,® Voclosporin® MK -0616" and Riluratide (LUNA18) (Figure
1), whichshowthe 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 tatgpatéllular pathways and thus

need tcenter cells to elicit their therapeutic effects.

In this context, understanding the fundamentals of membrane permeability is critical.
After ingestion, a drug (peptide or otherwiseged to first dissolve in Gl fluid before traversing
the intestinal epithelial membrane and entering systemic circufafibmhe efficiency of this
transmembrane process is governeddetingdasthee compo
rate at which molecules diffuse passively across biomembtaadsgher permeability typically
indicates more efficient membrane traversal, enabling the thurpach effective plasma
concentrations abwer doses and thus improve its oral bioavailabilitherefore, to develop
orally effective peptide therapeutics, weed tounderstand how diffusion drives transmembrane

transport and explore strategies to enhance peptide permeability.
1.1.2 PassivdiffusionandF i clawo s

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 absorptidhDriven by a concentration gradient, drug molecules move from a
region of higher concentration to one of lower concentralibis. phenomenon was first described

guantitativelyin 1855 when Fi ck introduced What i s now kno
o $n# 1)

Here, Jis the flux (i.e., the rate of mass transfer per unit area), D is the diffusion coefficient
that represents the mol ecnClisahé soncdntrdtidngradiedti t y i n t
B Under steadst at e conditions, this | aw indicates th
diffusion coefficient and the concentration difference across the membrane. In this obatakt
peptides membrane permeability can be understoeda aeflection of how readily a molecule

diffuses and partitions within the membrane.



1.13 Inhomogeneousolubility-diffusion model(ISDM)

Al t hough Fickés Law has | ong been fundament :
limitations. Itassumes 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 shortcomintg® |SDM was introduced. The ISDNlearly considers
that different regiongsuch as the aqueous phase and the membrane ntedobit different
physical properties. It thus refines the diffusion description by incorporating spatially varying
diffusion coefftients and partitioning effects. A key theoretical basis for the ISDM is derived

from theSmoluchowski equatioim one dimensior?

5h

—09Q ?—10 °” o (2)
5

The probability density function describimgparticle located at positianalong thez-
coordinate and at timeis represented g¥z,t) The potential energy (or free energy) profile is
defined by the functios(z), while the spatially varying diffusion coefficient is denotedify),
with b=1/(ksT). ke i s Bo | t z ma nEmplayingcappropriata motindary conditions and
assuming a stelg-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 acrassmbrane with thickness
can be expressed succinctly as folldws?

9 QemnOs 09, .
S o (3)

Wherezandz denote reference points on either side of the membildnie 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 tr anmqygeneous,natmeddr es s

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 ases. 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.



1.14 Implications for ADMET angharmacological profiles

From a pharmacokinetic and toxicological perspective, the membrane permeability of
drug molecules(including peptides)significantly influences their ADMET (absorption,
distribution, metabolism, excreti, and toxicity) properties. Substantial research supports this
view. For instance, Flaten et?@lusing a phospholipid vesicleasel model, found that calculated
permeability coefficients showed a strong correlation with in vivo human absorption data.
Meanwhile, Lennernas et &l.investigated intestinal permeability P and its relevance to
absorption and elimination, demonstrating that$’a key predictor of drug absorption efficiency,
particularly in the jejunumWhen P exceedsl.5x10* cm/s, a drug is typically fully absorbed,
independent of specific transport mechanisms. MoreowgralBo affects excretory processes,
such as firspass metabolism.

Further researchby Larregieu et a? reveakd permeability as a critical factor for
predicting drug absorption, noting that higher perméglziften 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, ath metabolism exhibit a dynamic interdependence in drug development.

From a toxicological standpoint, Bertero et &l. demonstratedthat membrane
permeability directly shapestao x i ¢ ¢ © mooeaf actlod byffecting its absorption,
bioavailability, and distributiont should be noted that their study focused on species differences
in absorption, highlighting that model selection is critical when extrapolating such relsgitty.
permeable compounds moreadily 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 efficiencynflmence
distribution, metabolismand toxicity profiles, membrane permeabiliya critical consideration

in both efficacy and safety assessments for pejpidded therapdias.
1.15 Role indrug development and formulation

Membrane permeability plays a critical role in assessing the developability of orally
administered drug candidatéscluding peptidesit underpins not only the feasibility of achieving
sufficient bioavailability and absorption but also affects subsequent distribution, metabolic
pathways, and toxicity profiles. From eadiage candidate selection to final formulation

strategies, optizing membrane permeability is often a key objective. By identifying or



engineering molecules with favourable permeability characteristics, researchers can reduce dosage

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

1.2 Desigrprinciples for permeable molecules

1. 2. 1 Lruleof finegR0%) 6 S

To efficiently identify drug candidates with favourable membrane permeability, certain
structural design principteare often consideredAmong themost widely used guidelisas
Li pinskio6s R¥PmopasdédinA99Y, which e HE®oadlyadopted as a guiding
framework. Ro5 olihes five key molecular properties deemed crucial for predicting oral
bioavailabilityymo |l ecul ar wei ght WaW)erO p5=0Q iDa,o0 no cctoeenfdli ¢
hydrogen bond donors (HBD) O 5, hydrogen bond
rotatable bond¥3% With its concise criteria, Ro5 provides medicinal chemists a rapid and
effective screening tool during eardyage drug discovery*

Although Ro5 has proven remarkably successful for traditional sn@écule drugs, it
does have limitation§: 28First, 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 oftee x ceed t he Ro5 ranges. Second, Ro5 does
dimensional structure, conformational flexibility, or other factors crucial for permeability. As a
result, promising molecules that deviate from these guidelines might be dweetldoring drug

development.
1.2.2 Beyond theule of five (bRo05)- cyclic peptides

To overcome the | imitations of Ro5, researc
Rul e of F1#%His frambMarkeSppndsRo56s par ametwing highgnace by
molecular weights, greater polarity, and more rotatable bonds, while also incorporating additional
molecular descriptors such tologicalpolar surfacearea (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 peptidesjdwareed
special attention. Despite frequently exceeding the conventional Ro5 thresholds for molecular
weight and polarity, these compounds can still exhibit good membrane pertyeatl hold

significant therapeutic potential. It is estimated that about 75% of disglasent human proteins,



including those involved in intracellular protepanotein interactions (PPIs), remain difficult to

modulate with either small molecules ooloigics>®

Cyclic peptides, owing to their relatively large molecular size, can bind flat PPl interfaces
with antibodylike affinity and high specificitymaking them useful for targeting traditidiya
iundr ug g aCtohpesed of amine 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 considerale body of work hashownthe success of cyclic peptides in achieving high
permeability. Cyclosporin A an 11residue cyclic peptide, surpasses multiple Ro5oéfst
(molecular weight (MW), hydrogen bond donors (HBD), and hydrogen bond acceptors (HBA))
yetdisplays outstanding cell membrane permeabifitg.addition, studies from the Craik gréap
have reported high permeability in certain cyclic peptides such as MCahid Marsault et &f
demonstrated that various macrocyclic compounds can effectively enter mammalian cells.
Collectively, these studies demonstrate that cyclic peptides, as highly promising andipment
candidates, offer unique advantages in addressing complex diseases and developing

multifunctional therapeutics.

1.2.3 Keymolecular characteristics and structural modifications affecting

permeability

Having established the importance of the bRo5 é&anrk andshowed the potential of
cyclic peptides, the next step is to explore the major factors determining membrane permeability.
These quantifiable and teable parameters guide medicinal chemists in optimizing molecular

structures to enhangermeability at an early design stage.

This section focuses on four critical aspeptdar surfacearea (PSA)jnternalhydrogen
bonds (IHBs)N-methylation, and thehameleonieffect.

1.2.3.1 Polasurface are@PSA A?)

PSA refers to the total surfaeeea of all polar atoms in a molecule (e.g., oxygen and
nitrogen) and their attached hydrogé&ffs, reflecting how extensively these polar groups are
exposed to the surrounding environment. A higher PSA typically corresponds to more polar
groups, which may facilitate aqueousidulity but reduce the ability to traverse the lipophilic cell
membrane. Palm et &.reported a strong sigmoidal relationship=0.94) between PSA and

permeability, indicating that increasB&A significantly lowers membrane penetration. Similarly,



Kihlberg et al®® proposed a solvergtccessible 3D PSA descriptor that correlated more strongly
with the permeability of macrocycles. Consequently, contigpl$A 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 Internahydrogen bondéHBS)

IHBs are intramolecular hydrogen bonds that form between atwithin the same
molecule®* By fAburyingd polar groups inside the mol e
effective polar surface area and enhance hydr
capacity to cross lipid bilayefsRezai et af? observed a general correlation between the number
of IHBs and the permeability of cyclic peptides, although exceptions do exist. In addition, Alex et
al® demonstrated that forming IHB can improve inherent membrane permeability, but an
excessive number of IHBs may hinder conformational flexibility and thusteract any benefits.

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

permeability of complex molecules, including cyclic peptides.
1.2.3.3N-Methylation

N-methylation involves introducing one or more methyl grooip® the nitrogen atoms
of peptide bonds, thereby replacing polaHNyroups with nonpolar methyl substituents. This
modification lowers overall molecular polarity and can substantially enhance membrane
permeability. For instance, Biragt al®’ reported that multiplé-methylations can increase the
oral bioavailability of cyclic peptides without compromising their biological activity or selectivity.
Similarly, Ovadia et &f® and Chatterjee et & .found that the number and positionNimethyl
groups significantly affect both metabolic stability and intestinal permeability. Collectively, these
studies underscore the effectivenesdNahethylation in improving the permeability of large

moleailes.



1.2.3.4Thechameleonic effect

High PSA, Low PSA
More exposed NHs No or fewer exposed

NHs

0
High PSA, el P
9 Oe
Target Binding .‘..

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 jmlessurface

area (PSA, thereby enabling passive permeatiblustration 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/470)/).

T h echarfieleonice f f ect 06 refers to a molecul eds abi
conformation inesponse to environmental polarity’*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 permédity (Figure 2) Numerous studies have demonstrated how cyclic peptides



leverage thishameleonieffect to more easily penetrate cell membranes. For example, Lee et
al.”2enhanced thehameleonibehaviar of cyclosporin A derivatives through backbone and-side
chain modifications, thereby improving membrane permeability. Similarly, Ramelot’&t al.
reviewed the latest progress in employing thameleoniceffect to boost the permeability of
cyclic peptides. These f i mpdarityigdfferentemgrensidénts,t h at

drug molecules can achieve superior permeability profiles.

Overall, PSA, IHB, N-methylation, and thechameleoniceffect together outline a
multifaceted strategy for optimizing the membrane permeability of larger, narelex
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 Experimenfamethods fopermeability assessment

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

by

objective and reproduci bl e experiment al evalu

membranes becomes indispensable in drug discovery and devetop@Gwmmmonly used

permeability assays include célhsed models (e.g., Ca2), ex vivo tissue models, and artificial
membrane systems. Among these Rheallel Artificial Membrane Permeability Assay (PAMPA)
has gained widespread popularity due to itspicity, high throughput, and suitability for

assessing passive diffusiéH’

1.3.1 Paralleartificial membrane pernadility assayPAMPA)

Acceptor
i H H i :. — Artificial Membrane
| ° o S ° e s - °




10

Figure 3. Schematic of the PAMPA model illustrating passive diffusion across a synthetic
membrane separating two aqueous phaBlesstration reproduced from Gomes A. M., Costa P.
J., Machuqueiro M., BBA Adv. 2023, 100099 (CC BY.4.0

PAMPA is an in vitro technique commonly emp
diffusion potentiaf® By coating a microporous filter méasrane with phospholipids or other
hydrophobic components, an artificial barrier resembling a biological membrane is ¢(Féguieel
3). Under controlled temperature and incubation time, the test compound diffuses passively from
the donor side to the accepside, 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 sctaeme

number of compounds in parallel, offering hitiinoughput and cosffective advantagées. 8!

However, PAMPA also has notable limitatiods®2®* First, the artificial membrane,
typically composed of lipids or otherr#jetic 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
compugtional 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 drawbacksfdAMPA, 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
proces. This section focuses on Molecular Dynamics (Miased simulation approaches for
transmembrane permeation, including conventional MD, Steered Molecular Dynamics (SMD),
and Parallel Cascade Selection Molecular Dynamics (PMO$ as well as enhanced saing
strategiesncludingUmbrella Sampling (US) and Replica Exchange Umbrella Sampling (REUS).

1.4.1 Molecudr dynamicgMD)

1.4.1.1 Background artinciples

MD is a simulation technique founded on classical mechanics. Under a chosen foyce field
the Newbnian equations of motion are numerically integrated to track the time evolution of a

system at the atomic or molecular [e¥F As illustrated in Figue 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 §is commonly used in practice because fixing-fastzing bonds, especially

those involving hydrogen atoms, keeps the simulation stable and makes it rufPfzsitems are
updated in accordance with these forces, with occasional geometric restrairats boold 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 istexpaatil the designated simulation time has elapsed.

Molecular Dynamics

Define the interaction potential and molecular topology

\

Assign initial position and velocities

Compute interatomic forces <
Move atoms according to the equation of motion
Restore molecular geometry

Compute energy, temperature, pressure, etc.

Store configurations Q(r, v, t) == = ter + At

Figure 4. Scheme of the molecular dynamic simulation procedyrér, v, t) denotes the
configuration of the molecular system in phase space at time t, where r and v represent the position
andvelociy of al |l at oms, respectively. t# and t #
an gt i s the i nt e gSchemadtoilustrationnradapted rirone Grigeaal J., Curr.
Pharm. Des. 2002, 8, 1571904 redrawn by the authot’

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 chahgemaoliecule
within the membrane environment. Literature shows that through analysis of thermodynamic
guantities (e.g., entropy, free energy) and kinetic pathways, MD can elucidate the mechanisms of
molecular interactions and provide a comprehensive vietheoconformational ensemble, far

beyond a single static snapsPbt.
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1.4.12 Periodicboundaryconditions(PBCQ)

PBCis a commonlyused 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 realworld environment. The basic idea is to treat the simulation box as thainit
repeats endlessly in all directions, like tiles covering a floor. When a molecule moves out of one
side ofthe box,itre nt er s from the opposite side, as i f st
all particles interact not only with otherstire 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 tempenasseye,
and desity. However, PBC has some limitations. If the simulation box is too small, a molecule
may interact with its own image, leading to unrealistic,-pbysical results. To avoid this, the

box should be large enough so that important molecules are sefpratdéast 2 nm.
1.4.13 CHARMM-GUI

Given the need to build the initiakimulation box system, CHARMM-GUI
(https:/lwww.charmnmgui.org/)was chosen for the initial setup. This online platform simplifies
the construction of complex biomolecular systépesticularly those involving lipid bilayeydy
automating many of the steps required to generate topologies, coordinates, and force field
parameters. It offersonsistent parameter assignment, streamlined membrane construction and
readyto-use input file$? *3By employing CHARMMGUI, the risk of manual setup errors was
reduced, and the resulting configurations adhered to modern CHARMM force field standards.

1.4.14 CHARMM force field

Building on the CHARMMGUI setup, the transmembrane permeation simulations
required a suitable force field. Although various force fields exist (e.g., AMBEFEROMOS?®
OPLS®), CHARMM was chosen because it is well tested for peptides, egsteliability in

modellingpeptidemembrane interactions.

The CHARMM force field family is welknown for its extensive parameterization of
proteins, nucleic acids, lipids, and small molecules. By incorporating data from both quantum
mechanical calculatits and experimental sourcésCHARMM strikes a balance between
computationalefficiency and physical accuracyhis is critical in membraneelated studies,

where lipidprotein or lipiddrug interactionseed tdbe accurately captured. In the context of this



13

research, continuing with the CHARMM force field ensures seamless integratiothevitites
produced by CHARMMGUI.

Subsequently, théormulation of the total potential energy through the force field is
introduced.In a typical CHARMM force field the total potential energyEgw.) is generally
divided intoEponded(covalent) andEnonbonded(long-range) componentd he equation oEsongedand

Enonbondec@re presenteih below%

o) B 0 QO O B 0 — — B O o o
B B Uy p AT | 4
O B B _ h c h
5 $ $ B s 0S S

©)

Equation4 and5 are thegeneral equations of the CHARMM force fidiok calculating
Evonded@ndEnonbonded Here b, d, (i, and- represent bond lengths, valence angles, improper dihedral
angles, and dihedral angles, respectively. The parantetefs and( denote the equilibrium
values for bonds, angles, and improper dihedrals, with corresponding force cokBttsand
K (i For dihedralsKt, andl represent the amplitude and phase shift of the nth multipl@ity.
the dielectric constant, set to the vacuum permittitittn CHARMM. gtandq are the partial
charges on atonisandj, respectively. In the Lennastbnes tem, (tis the well depthR #,#is the

radius pargarmerepreardté& t heiaddij$t ance bet ween at
1.4.15 Thermostats ahbarostats

To maintain stable temperature gmessureduring the simulationa thermostatge.g.,
Berendsel? NoséHoover®velocity-rescaling®) andabarostats (e.g., Berends@hParrinello
Rahmaf?®®) 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 remaithe inorrect thermodynamic

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

While the simulation system was constructed via CHARIBMI and parameterized
under the CHARMM force field, the GROMACS sefire suite was used to perform the actual
transmembrane permeation simulations. GROMACS is an-sparte molecular dynamics

engineknownfor high performanceversatilityanduserfriendliness

By combining CHARMMGUI for system construction, the CHARMNMbrte field for
biomolecular parameterization, and GROMACS for efficient production runs, this study ensures
both the accuracy of the forfield-basednodeling and the computational performance needed

for largescale or longimescale membrane permeation simulations.
1.4.17 Limitations of MD

MD simulationshas evolved into an indispensable technique for exploring numerous
biomolecularor ions movementsNevertleless, conventional MD method faces difficulties in
sampling rare or higenergybarrier events (e.g., membrane permeation). Drug molecules
typically require milliseconds to seconds or even longer to permeate biological menitfr¥hes,
whereas conventional MD simulations can only capture nanosecond&rmseaonds?-110
Attempting to track the entire permeation trajectory purely by conventional MD method would be
prohibitively timeconsuming and costeffective. Consequently, more advanced sampling
methods, such aSMD, have leen developed to quantify energy barriers and overcome the

sampling limitations inherent in conventional MD.
1.4.2Steerednolecular dynamicé6SMD)

SMD is an enhanced sampling technique in wt
selectedtollective variablesuch asthiecentreo f mass distance bet ween a s
and then translated or stretched at a controlled'¥eténe applied bias steers the system along a

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

Compared with conventi@hMD, 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 time§&SMD is typically followed by US, in which the resulting frasne
are routinely used as starting configurations for equilibrium sampling around fixed positions along

the pathway to refine the fremergy profile of membrane permeation.
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US is a commonly useehhanced samplingchnique desited to address the challenge

of insufficient sampling for rare or higénergybarrier events® 112114 The core idea is to divide

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

overlapping windows (Figurg)

and apply

an

additional

Afumbr el

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 conmpaith®tential ofmean

force (PMF) profile.

Umbrella
Potential

L

Umbrella Sampling

WA

Histograms m
4

L4

N

S AN D
Ff HAM

Coordinate

Figure 5. Schematic representation of tlenbrella samplingporocedure and the subsequent
Weighted Histogram Analysis Method (WHAbMEonstruction of thgotential of mean force

(PMP). lllustration reproducedrbm Rég, T.; Girych, M.; Bunker, ABharmaceutical2021,

14(10), 1062 (CC BY 4.6

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

For instance, Subramanian et'#l.combined MD simulations with US to pinpoint freaergy

minima for a set of substrates. Mathath éf‘aémployed US with novel reaction coordinates to

investigate the chloridehannelassisted permeation of halide ions, (EI, I") through lipid

bilayers showing the collaborative roles of water and lipids in modulating-é&eergy barriers.
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Furthermore, Sousa et'afadopted a simulated temperieghanced US approach to improve the

convergence of freenergy calculations during permeation.

Despite its broad usage, the combined use of SMD and US still faces several challenges.
Due to the ge of a constant pulling force in SMD, the system may not reach proper equiftbium.
Additionally, because each umbrella window is simulated independently, there is no
communication between different confuaitions, increasing the risk of getting trapped in local
energy minima and reducing sampling efficiet®#? To overcome these limitations, REUS was

invented.

1.44 ReplicaExchangaimbrella samplingREUS) simulations

Replica-exchange umbrella sampling

(A) Umbrella sampling (B)

Free energy
Free energy

|

Collective coordinate Collective coordinate

Figure 6. Comparison of free energyofile obtained using the US and REUS methods. (A) Free
energyprofile generated by the US meth&thematidlustration adapted froniiao Q., Progress
in Molecular Biology and Translational Science, 2020, redrawn by the atfh@) Free energy

profile generated by the REUS method.

REUS also referred to as Hamiltonian Repleechange MD2°is an enhanced sampling
approach that combines the concept of replica exchangestaitidardumbrella sampling. As
shown in Figuré, comparewith standardJS 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 highdrgg barriers more
effectively. This makes REUS particularly wedlited for describing complex fremergy
landscapes, such as those encountered in membrane permeation or conformationalStilanges.

REUS is typically combined with SMD, so the drawbacks of SMD remain.
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1.45 Parallelcascade selection molecular dynanfleaACSMD)

Developed from parallel computing integrated with multiple iterative selection steps,
PACSMD is an enhanced sampling method designed to more efficiently explore rare events and
multi-pathway processeon the freenergy landscape of large or complex systdimisivolves
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 timestwirgtraal
stress and equilibrate during permeation, overcoming the limitations of 3llepicted in
Figure7a, the procedure begins with an initial MD simulation of the entire system to obtain early
trajectories and rank the resulting conformationd Ste quent | y, sever al nrepl
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;
trajectoriesthat movedoer t o t he target state are selected
process effectively overcomes highergy barriers or multiple transition pathways, ultimately
stitching together multiple shettajectory segments into one complete permeatiater{Figure
7b).
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Figure 7. (a) Flow diagrams illustrating the PAGED methodology and fba permeation
pathway constructed by linking multiple trajectories betweernitial and final conformations
lllustration adapted from Ryuhei Harada and Alkigao, J. Chem. Phys. 139, 035103 (2013),
licensed under CC BY 4%

Since its introductiomy theHaradaandKitao in 201378 126128 PACSMD hasreceived
attention for its straightforward implementation, efficiency, amhjgutational speed. It has been
employed in areas such as protein conformational stifdiEs$proteinligand recognitiort2134
proteinprotein interface$? 13+ 3°and the folding of short peptidé%: 1** Nonetheless, PAGS
MD remains an emerging technique with several limitations yet to be resolved, signatintig

for continued innovation and broader application.
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Regarding cyclic peptides, beyond tManagig r o &’prépert that investigated the
membrane penetration of small cyclodipeptides via a combination of quantum chemistry and
PACSMD, no extensive studies have thusdaplied this method to larger cyclic peptidesl(®
amino acids), whether in their normal tmethylated forms. This gap underscores a promising
frontier for the use of PAC®ID in understanding and predicting the membrane permeability of

more complex cylic peptide systems.
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Figure 8. Schematic representation of a lipid bilayer, showing the positions of polar headgroups,
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obtained from MD simulations describes the energy landscape of membrane perngatathy
pulling the
adPigitdicates the free energlifferenceassociated with the translocation of the drug
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reproduced from Peter Obi et al., J. Chem. Theory Comput. 2024, 20 (14),58886 with

permission from the Amedo Chemical Sociefy/®
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As shown in Figure8, in the free energyrofile during the complete membrane

per meati on process, two types of free
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from the aqueous phase outside the membraoghe interior of the bilayep Qparitioningreflects

the partitioning free energy from the aqueous phase into the phospholipid environment.
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For small drugike molecules, t 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, apdzpariioning IS Often negligible. In such cases, the
permeatiorbehaviourcan be sufficiently captured by ansityg o Qerossingalone. However, for
larger molecules such as cyclic peptides, the permeation process generally involves
conformational transitions and chasgin polarity, which cause significant variations in the free
energy profile. Therefore, botp Acrossing@nd g Eparitioning N€€d tobe considered to accurately

characterize their membrane permeability.
1.5 Aimsand scopeof thesis

Understanding and priding the permeability of drug molecules across biological
membranes is eritical challenge in modern drug discovery, particularly for orally administered
compounds. While experimental techniques such as-Zasgays and PAMPA provide valuable
insightsinto drug permeabilitythey cannot capture atomistievel molecular interactions and
dynamic conformational changes during membrane permedtiocontrast,computationalor
modelling method®ffer unprecedented opportunities to investigate the striic@achdynamic
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 knogk@nd 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 PAGA@BD-US, that combines PAGBID with US to provide a more
comprehensive pgpsctive on membrane permeatifam both smalmolecule drugs and cyclic
peptidesTo achieve this aim, the thesis is guided by the following specific objedkirety, to
establish the PAC®ID-US framework and evaluate its predictive power for smalkmues by
simulating their full membrane permeation trajectories and calculating free energy
barrierggp Acrossim), followed by correlation with experimental LogRpH 7.4) values. Secondly,
to extend the same framework to four classes of cyclic peptides, capturing their dynamic
permeation behaviws, surface areahangesm @crossiy, and quantifying how these features
impact permeability. Thirdlyto comprehensivg compare how different solvedlerived input
conformations, specifically chloroforminimized and waterandom structures, affect surface
ar ea, | H B, leséngnuding tthe PACHIB-US frameworkacross four representative

classes of cyclic peptides
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The scope of this thesis encompasses both the development and application of an
integrateccomputational protocol (PAGBID-US) for modding passive membrane permeation.
The approach integrates PAGE and US (where PAGSID simulates transmembrane
trajectories and US calculates free energy barriers based on these trajectories) and is applied to
two major molecular classes: smaiblecule drugs and cyclic peptidd$rough this framework,
both thermodynamic properties (e.g., free endvgyriers) and structural determinants (e.qg.,
surface area antHBs) are quantitatively evaluated to understand the feeyors influencing

permeability.

Chapter 2aims to establish and validate the PARBS-US methodology for predicting
membrane permeahii of smaltmolecule drugs. To this end, a set of 20 representative drugs is
simulated using PAC#®ID to obtain transmembrane trajectories, folloagcumbrella sampling
to compute free energy barriers. Thalculded qpQcossiy Values are then correlated with
experimentalLogP.« data to evaluate predictive performantée details of the experimental
conditions and data sources are discussed in the relevant chapaeidition, sampling time was

extendedo reduce hysteresi$fects

Chapter 3 seeks to extend the PARB-US framework to cyclic peptides by
investigating four structurally distinct peptide classes. This chapter evaluates the generalizability
of the PACSMD-US met hod for per meabi | i tlyoessingvithe di ct i on
experimental Logk values across the peptide clas3é® details of the experimental data sources
are discussed in the relevant sectidh$urther explores the relationship between permeability
andsurface areaescriptors such as PSAonpolar surfacearea (NPSA) andtotal surfacearea
(TSA), and analyses how the dynamic conformational changes of cyclic peptides contribute to the
chameleonic effect during membrane permeatiddditionally, the ISDM was tested as an

alternative descriptootimprove predictive accuracy.

Chapter 4 aims to assess the impact of solélerited input conformations on the
comprehensive characterization of membrane perme&woeomparing chloroforaminimized
and waterrandom input conformations across the four cyclic peptide classes, this chapter
evaluates their influence opQ@.ossi, SUrface area, and IHB using the PARS-US framework.
The experimental Logk data ardrom the same sources as those used in Chapkodifying

PACSMD selection parameters was also tested to reduce hysteresis effects.

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

implications, and outlines futudirectionsfor advancing computational permeability prediction.
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2.1 Abstract

Cell membrane permeability iscaucial 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 baseA@8-RID have been developed
to predct cellular membrane permeability, these methods are still in their early stages and have
not been extensively applied. In this study, we innovatively combie@SMD with the
UmbrellaSampling (US) method, creating a new approach calk@$MD-US. This method
was applied to a set of 20 drlige compounds by calculating three energy barriers to membrane
crossing( @ Godsing @and establishing its linear correlation with experimental Legiues.Our
results show that this new method predicts drergngability more accuratelwith a correlation
coefficient(R) of -0.82,comparedo the Steered Molecular Dynamics approach combined with
umbrella sampling (SMBJS) method (R =0.58).Extending US simulation time further reduced
hysteresigffectsduring membrane crossingalidationexperiments confirm the reliability of our

method.
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2.2 Introduction

Membrane permeability is a crucial factor in drug desig8mall hydrophobic drugs?
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 cré$simgequently, 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 synthesizeghowng the inadequacy of current models to universally predict

permeation.

Membrane permeability, characterized as the rate of passive diffusion of molecules across
biomembrane$!°is a pivotal factor in the drug design process. In order to determine membrane
permeability, the prevalent approach involves calculating a molecule's partition coeffiGilist.
coefficient is associated with tlieee energyand local diffusivity, as described by the equation

from inhomogeneous solubilitgiffusion modef?

0 — T aq Equation 1.
whereP is the permeability coefficientks is Boltzmann's constant, is the absolute
temperature an@(z) is the difference iffree energybetween the arbitral position of membrane

thicknessz and bulk solutionD(z) is thediffusivity coefficientalong the diection ofz

An alternative approach involves directly calculatingftbe energy barriers to membrane
crossing(op Acrossing derived from thefree energy profilé® However, prior to computing the

o Qerossing It IS essential to first simulate the movement trajectories of the molecules.

Molecular Dynamics (MD) simulations cagive detailed information about membrane
permedion.t*!® However, MD simulations encounter challenges in efficiently sampling rare
eventst® 20 To address these issues, alternative techniques sugte@®d Molecular Dynamics
(SMD),?¥%8 a biased MD approach, have been adopiedSMD, 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, gnerating a full permeation trajectofy3! This method is commonly followed by
Umbrella Sampling (USY where the trajectory is divided into several "windows," and each
window is simulated separately under a harmonic patietensure thorough samplitigf® These
individual simulations are later combined to constrdot@ energyrofile. Howeverthis strategy
presents certain drawbacks. The constant pulling force used in SMD can lead to unrealistic
structural distortionssuch @ 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
equlibrium nature of the procesSonsequently, there is a pressing need to develop a new method
to surmount these challenges.

Recently, Parallel Cascade Selection Molecular Dynamics (MBS a novel enhanced
sampling simulation technique, has gained atterfor its ability to generate transition pathways
from initial to target structures by repeatedly performing short MD simulatiémigke SMD, it
does not rely on external forces, allowing the system to explore permeation events more naturally.
Since its introduction byHarada et at? in 2013, PACSVD has beerwidely appliedacross
various fields,Yanagi et af® employed Quantum Chemistry and PA®I® to estimate the
membrane permealti} of cyclic dipeptides, while Harada et“lcombined PACSMD with
outlier flooding methods and Markov State Models to aaallyge membnae permeation of seven

compounds.

However, the current applications of PA®®D 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 indepthresearch. Moreover, existing research on PAIBhas 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, nanA€2iSFMD-US, by integrating
the existing PACIMD 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
PACSMD simulation method is empje@d to model the drug's passage through the cell membrane.
Subsequently, a combination of PAG and US methods is utilized to predict the membrane
permeability of drugs. Following this, the new method is applied to perform linear regression
analysis ontie correlation betweethe membranerossing barriefg Aerossing and LogPer (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.

2.3Methods

2.3.1Set up of model system

Drug permeation was modelled in a systemtaiming a bilayer membrane, the drug,
water, and ions which was constructed using CHARKAMI,*>* a webbased 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 s@tsvaien
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13.1.141)Using CHARMM-GUI, spediic values were set: the distance betweercérreof the

drug and theentreof 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 7A salt concentration of 0.15 M NaCl was also included in the system.
Charmm36m was selected as the force field for this model systemisdthermalisobaric
ensemble NPT) ensemble was employed for the Equilibration option, with a testyer of

303.15 K. OQutput files with approximate dimensions of 4 x 4 x 8 nm and containing around 14000

atoms were consequently obtained.
2.3.2MD simulations

MD simulations were performed using GROMACS version 20#1% The relevant
parameter settings were as follows. Bonds to hydrogen were constrained using the LINCS
algorithm. A cutoff distance of 1.2 nm was set for van der Waals and-saoge electrostatic
interactions. For longange electrostatics, tiRartide-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 450art0The v
rescale and-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.

2.3.3Minimi zation and equilibration

Initial systems were minimized anduiiprated for 25,000 steps, using the CHARMM
GUI protocolversion 3.7*? which led to the generation of 10 preliminary structures. From these
10 preliminary structures, single structure where the distambetween the drugentreand the
cell membranecentrewas approximately 3.5 nm was selected for asethe input file for
subsequent PAGBID simulations.If none of these 10 preliminary structurgassuitable, the
process of minimization and equilibratiovas repeated to generate a new set of 10 preliminary

structures.
2.3.4PACSMD simulation

PACSMD simulations were run as shown in Figure 1. Starting with one structure selected
from the preliminary MD simulationsine trajectories per batch were reach with a simulation
time of 100.2 ps. The distance betweenddetreof the membrane and tleentreof the drug was
measured, and the three structures withdivest z valuesvere selectefz represents the distance
along the zaxis between the centre of the drug and the centre of the membrane, i.e., along the

membrane normal direction.$ubsequently, for eacdelectedstructure, three trajectories were
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run, and the process of measuring asléctionwas 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 PMADSimulation were identical to those

of thepreliminary MD simulation, excephateach simulation was run for 50,100 steps.

Top 1 (35.23 nm) Top 1 (31.45 nm) Top 1 (28.43 nm) Low distance

K“" Top 2 (35.35 nm) % Top 2 (31.67 nm) '5._:, Top 2 (28.67 nm)
. - ‘J‘. *.

Top 3 (36.10 nm)

Top 3 (31.70 nm) Top 3 (29.30 nm)

Top 4 (36.52 nm) “| Top 4 (32.84 nm) “a

Top 4 (30.22 nm)
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Top 7 (34.35 nm) 4 Top 7 (31.85 nm)
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% | Top 8 (37.78 nm) % Top & (34.87 nm) %%/ Top 8 (32.18 nm)

“| Top 9 (38.10 nm) | Top 9 (35.12 nm) 5 Top 9 (33.20 nm) High distance

Batch 1 Batch 2 Batch 3

PACS - MD Progress

Figure 1. Scheme of the PAGAD simulations. Drug molecules permeate the cell membrane via
PACSMD. The procedure begins by generating nine trajectories and ranking theardaxg 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.
2.3.5Freeenergycalculations usinghe PACSMD-US method

Approximately 40.gro files (GROMACS structure output filesyere taken fom the
PACSMD simulations as starting points for umbrella sampling simulati®sictures were
selected with drugentres of mass gaced between 0.6 to 1.0 nm apdiinbrella sampling
simulations were run for each window using the MD conditions described dboens. The
free energy profilavas constructed using thgeightedHistogramAnalysisMethod (WHAM)
using the Gromacs togimx wham.

2.3.6Freeenergycalculations using theMD-US method

SMD was used to generate starting structures for umbrella sampling calculations. An
externaforce(k= 1000 k J betmedrtheicentnord of th@irug and the bilayer membrane

was used teull the drugalong the zaxisinto thecentreof the membranesinga pull rate of



0.001 nnips.Approximately 34 .gro filelGGROMACS structure output files)ere selecteds the
starting points for thembrella wndows. USwindowswererun for5 ns.Thefree energyprofile
wasconstructeds described above.
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2.4 Results

2.4.1PACSMD andSMD simulations
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Figure 2. (A) 2D Structure (B) and 3D structure of acycloaihydrophilic antiviral nucleoside
analog used as a model of lgyermeability compound$C) Assembly of the components (C). (D
L) Permeation of acyclovir through the membrane by the PMOSnethod. The phospholipid

molecules encountered by the drug dgrine permeation are highlighted limown and purple

The model system consisting of the drug, a membrane bilayer, water and 0.15 M sodium
chloride was built and equilibrated using CHARMBUI. PACSMD simulation wagerformed
in batches, each consistingrohe trajectories of 100 pfn each batch, the starting structures for
the next batch wereased on the displacement in the z direction. Figure 2 shows acyclovir being
driven through the membrane as an example. For comparison with theNBGBnulations we

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

2.4.2Hysteresis
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Figure 3. The overall trend of free energy changes as acyclovir passes through the cell, based on

the PACSVID-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 changasyatovir passes through the cell under
the PACSUS-MD conditions. The drug enters the cell membrane from the positeerzlinates
and permeates out from the negativeoprdinates. A xoordinate of 3.5 indicates that the drug
is located near the extarsurface of the cell membrane, and atcaardinate of O, the drug is at
thecentreof the membrane. As the drug progressively permeates into the cell membrane, the free
energy increases, reaching a maximum value atéh&reof 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-zoordinate are not equal, displaying a hysteresis phenoméfmhypothesize
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that thismay result from a combination of factors. One possible source is the-F¥QO8ethod

itself, which introduces additional driving forces to facilitate membrane crossingtiokddly,

strong electrostatic interactions between the drug molecule and membrane lipid headgroups likely
contribute significantly to the overall energy increa&ven the hysteresis phenomenon, we
decided to discard the negativeaordinate range armhly use the positive-zoordinate range

for subsequent research.

2.4.3 Free energy calculationausing the PACSMD-US and SMD-US
methods

A set of 20 small molecule drugs with experimental permeation data available from
Parallel Artificial Membrane Brmeatbon Assays (PAMPA) were selected (Table 1 and Table
S1)47 48 According to the studies by Mare Oja and Uko Marthe reported Logl values
represent the mean of three independent measurements, with standard deviations ranging from
0.01 to 0.2. Such small deviatis indicate minimal experimental uncertainty, confirming that the
data are reliable for model evaluati@@mpound 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 Bsicgptasoftware®® 0
PACSMD-US and SMDBUS calculations were run for each drug (Figure &t S2. The
umbrella window histograms corresponding to thizee energyprofilesare presented in Figure
S3. The histograms display uniform sampling intervals across each window with no significant
gaps and good overlapping at the eddé®re isan incremental increa in free energy values as
the drug permeates the cell membrane. At the point where the drug is positioneceat reaf
the cell membrane {oordinate=0), théreeenergy value reaches its pedkis phenomenon is
consistent with our expectatiand/e also chose a set of 6 additional compaiasl a validation
set for the PACS/D-US simulations (Table 2 and Tabl&)S
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Figure 4. Potentials of mean force for acyclovir (A, B), famotidine (C, D), and zaleplon (E, F)
obtained using the PAGED-US and US Mihods.TheZ-coordinate of zero corresponds to the
centreof the membrane. PAA@8D-US andSMID-US calculations were run with the drug moving

in the-z direction.
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Table 1.Data for the 20 drugs in the training set. LagBpH 7.4) represents the experimentally

measured permeability obtained from PAMPA assays, as reported in Reféréhgka is the

predicted acid dissociation constant calculated using Percepta softavaracid and b = baséb

Unionizedis the percentage of dgupredicted tdein the neutral form at pH 7.4. Avg. Batches is

the averagenumber of PACSID si mul ati on bat-U8krsandethSl (SHUD P A
are the chdsigabthimet feooh PAS®D-US and SMEUS, respectively.

% pa QG
No Drug '(\Q)V;’) (L‘;gs‘j) pka  Unionized ;A*9-  PACSUS SMD-US
pr 7 (pH 7.4) (kcal/mol) (kcal/mol)
. ] 9.4+ 0.4 () J
1 Acyclovir 2252 -7.92 2.2+ 0.4 ) 99 213 15.21+0.5519.28+0.7!
2 Aminophenazone 231.3 -495 4.9+0.4 () 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
. 14.3+0.8 @ -
4 Carbamazepine 236.3 -5.15 0.1£0.8 ) 100 113 6.97+0.81 8.31+0.57
5 Dexamethasone 392.5 -7.15 131 (8 100 152 13.25+0.9715.58+0.9!
. 11.2+0.4 @) .
6 Famotidine 337.5 -853 6.7+ 0.4 ) 82 669 17.11+0.4829.34+0.7.
7 Flutamide 276.2 -4.13 123+05@Q) 100 124  5.56+ 0.82 10.60+0.5!
8 Hydrochlorothiazide 297.7 -851 8.9+0.4 @) 97 1403 21.51+0.6722.36+0.8:

9 Isoniazid 137.1 -6.73 3.8x0.4 () 100 135 9.56+0.75 9.59+0.2¢
10 Methylprednisolone 374.5 -6.99 13.2+1 (8 100 141 11.54+0.92 8.42+0.5

11 Nifedipine ~ 346.3 -4.12 1.9+0.4(@) 100 128  3.14+0.54 6.52+0.55

. i 14.2+0.8 @ ‘
12  Oxcarbazepine 252.3 -5.54 0.1+0.8 () 100 120 9.21+1.11 10.39+0.6:
13 Pentoxifylline  278.3 -6.01 none 100 142  8.33+0.89 19.27+0.7.

14 Prednisolone  360.5 -7.45 13.2+1 (8 100 211 12.57+0.58 13.07+0.4

15 Prednisone 358.4 -6.77 13+1 () 100 152  10.46+ 0.9 15.85+0.7:
. : 14.8+0.4 @

16 Pyrazinamide 123.1 -6.27 0.5+0.5 () 100 64 5+0.31 2.95+0.31
8.8+0.4 @

17 Rabeprazole 359.4 -5.34 4.4+0.4 @) 96 139 5.19+0.58 15.35+0.3.
o 10.7£0.4 @

18 Sulfanilamide  172.2 -7.35 1.8+ 0.4 ©) 100 123 11.08+0.43 9%0.62

- 8.8+0.4 @

19 Sulfapyridine  249.3 -7.26 3+0.4 () 96 101  2.73+0.59 2.58+0.41

20 Zaleplon 305.3 -547 05+x0.40) 100 86 6.71+ 0.58 14.91+0.5!
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Figure 5. Correlation Betweep Gdssingand LogRs (pH 7.4)using the PACS31D-US (A) and
SMD-US (B) methods. Red dots represent the validation Betor bars represent standard
deviations (n = 3).

Figure 5 shows the correlation betweprt dossingand LogRyx (pH 7.4) for the PACS
MD-US andSMD-US methods. Théne derived through the PACBID-US method exhibits a
high degree of fit with a correlation coefficief)(of -0.81, following the equation y =2.95x-
9.17. In contrast, thine generated by thEMD-US method showed a notably lowervalue of-
0.59, described by the equation y2:83x- 4.55. The PACMD-US method clearly provides a
much better prediction than SMOS. It is noteworthy that the free energy of Sulfapyridine
deviates from the linear reggsion linelt 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 phospholghidlesterol bilayer and the PAMPA artificial
membraneAdditionally, the mean unsigned errqMUE) calculated for the PACGES-MD and
SMD-US methods are 1.82 and 4.32, respectively. This further demonstrates that the model built
using the PACSJS-MD method is more precise and offers better performameredicting drug
permeability compared to ttf#VD-US method.
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Table 2.Data for drugs in the validation setll compounds were 100% unionized at pH Avg.

Batches, awd)pa@re( BRAECS ned as 14 nr effaebrl &vablen thilPe eqdC
estimated frlelbogPishpHf 7t 4rdcopGrel ati on model . fi DI
deviation between simul-Prediaphedpmp&di ct ed val ue

pG1 Predicted Difference
(PACS-US) PGl ( pGPred)
(kcal/mol)  (kcal/mol) (kcal/mol)

MW  LogPes
(Da) (pH7.4)

Avg.

No. Drug Batches

pKa

p Beclomedsont gy, 5 55y 14+0.9 209 13.86+157 729  +6.57

dipropionate
14.5+ 0.9 (acid)

22 Fluconazole 306.3 -6.42 1.6+0.5 (base) 120 8.78+0.99 7.08 +1.70
Medroxy

23  progesterone 386.5 -5.58 none 119 3.51+£0.68 9.77 16.26
17-acetate

24  Metyrapone 226.3 -4.44 491 0.4 (base) 95 3.62+0.64 3.93 10.31

_— 14.8+ 0.4 (acid)
25 Nevirapine 266.3 -4.91 4+1.9 (base) 173 8.05+£0.72 5.31 +2.74
26 Sulfaguanidine 2142 -7.30 128x04(@cd) o, 5o5i055 1237 1655

1.8+ 0.4 (base)

An additional 6 drugs were selected as a validation set, adhering to the previously
established selection criteria. The LegfH 7.4) data of these drugs were then inputted into the
previously derived fitting curveR = -0.81,y = -2.95«¢ -9.17) to calculatéheir corresponding
pr edi cdosengvalugsdhe predictedp G dossingvalues for the validation set were plotted as
red dots onto the existingp G dossingVersus Loges (pH 7.4) correlation curve for comparison
(Figure 5A) Additionally, the calculated mean unsigned error (MUE) was AR3elevant data
were then collated and are presented in TapleaBle S2 and Bure S4

2.4.4Reduction ohysteresis by extending sampling time

To further address the issue of hysteresis, an approach involving the extension of sampling
time was tested. Five representative drégyclovir, Methylprednisoloneydrochlorothiazide,
Nifedipine, and Pyrazinamidevere 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 preseritedligures S559.

As the sampling time increased, a decreasing trend in the free energy difference between
the two membrane exterior positions (z = 3 and-8)referred to as thikysteresis gapwas
observed for nearly all compounds. To quantify thisesbation, 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, althobgomplete elimination was not achieved.
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2.5Discussion

2.5.1Comparison ofesults from PACSD-US andSMD-US methods

The resultshownin Figure5A, despite some experimental data points deviating slightly
from the fitting line, demonstrate that tRACSMD-US method achieved a high and satisfactory
degree of fit R= -0.81) betweenm Gdossing@and LogPex (pH 7.4) for the 20 drugs studied,
indicating a strong correlation. In contrast, the outcomes frorsithie- US method, as seen in
Figure5B, show sattered data points and a poorer fit betwg®8 dossingand LogPest (pH 7.4),
with a correlation coefficient of only0.58 This demonstrateshat, compared to th&MD-US
method, the novel PACBID-US method is capable of producing a better correlation between
P G dossingand LogPert (pH 7.4).1t is worth noting that the experimentadbgPer (pH 7.4)values
were obtained as original data measured by Mare Oja and Uko Msireynthe 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 exaion.This finding lays a solid foundation for future

predictions of drug permeability through cell membranes.
2.6 Conclusion

In this study, the existing PACED and US methods have been innovatively combined
to develop a novel approach for predictinggipermeability, termed PAG®ED-US. This method
has been further substantiated using a validation set. Notablp Gh&ssingvalues calculated by
the PACSMD-US method exhibit a more pronounced linear correlation with o 7.4),
achieving &R of 0.82, which is significantly higher than th&8obtained by th&MD-US method.
Moreover, it was found that extending the sampling time could effectively reduce the impact of
hysteresis, further enhancing the reliability of tiesults.Overall, the PACIMD-US method
provides a robust foundation for future studies on dmgmbrane interactions and the

permeability of other pharmaceuticals, such as cyclic peptides.
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