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ABSTRACT

Anna Ivanova: Comparison of methods to calculate permeabilities for small molecules through a
lipid bilayer
Bachelor of Science Thesis
Tampere University
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Membrane permeability is a key parameter governing drug bioavailability. One way to quantify
permeability and to investigate which physical properties may influence it is through molecular
dynamics (MD) simulations. MD simulations are also an efficient approach for screening large
pools of candidate molecules. To calculate permeability, the inhomogeneous solubility–diffusion
(ISD) model can be used. ISD captures both thermodynamics and kinetic factors by combining
values from MD-estimated free energy and diffusion coefficient profiles. These profiles can be
computed using several different biasing methods differing in computational efficiency. However,
there is currently no clear framework for choosing between these methods, and their reliability and
convergence has not been systematically evaluated. Most strikingly, there are no publicly available
tools that implement the extraction of permeability coefficients from simulation outputs.

Here, we optimize permeability calculations by simulating the transition of 88 small molecules
across a membrane. Three widely used sampling methods, Umbrella Sampling, Blue Moon sam-
pling, and Accelerated Weight Histogram, are compared to determine the most efficient approach
using a combination of open source and in-house tools. Permeability coefficients are obtained
and analyzed for each method. The work provides practical guidelines for best practices in per-
meability calculations and supports their use in high-throughput drug design.
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The originality of this thesis has been checked using the Turnitin OriginalityCheck service.



ii

USE OF ARTIFICIAL INTELLIGENCE IN THIS WORK

Artificial intelligence (AI) has been used in generating this work:

□ No

□× Yes

I hereby declare, that the AI-based applications used in generating this work are as fol-

lows:

Application Version

To check the text grammar, and help to structure sentences GPT-5.5.

To help with code debugging and complex plots code generation GPT-5.5-Codex

Purpose of the use of AI

The AI usage purposes to assess with grammar and structure corrections of the text. In

addition AI was utilized to debug the codes, and write a quick tests during the code testing

and writing process. As well as it was used to search some of a primary information, which

was carefully checked afterwards.

Parts of this work, where AI was used

AI was used throughout the full work.

Acknowledgement of risks

I hereby acknowledge, that as the author of this work, I am fully responsible for the con-

tents presented in this thesis. This includes the parts that were generated by an AI, in

part or in their entirety. I therefore also acknowledge my responsibility in the case, where

use of AI has resulted in ethical guidelines being breached.



iii

PREFACE

Firstly, I want to acknowledge my supervisors, who helped and supported me during the

full thesis writing process, as well as offered me the opportunity to work on this topic after

my summer internship in the BioInterfaces Group at the Computational Physics Unit. It

was truly splendid to work on this topic, even though sometimes not everything went

according to plan and some technical problems and unexpected results were obtained.

I believe this, in a way, brought even more value to the work and forced us to solve

interesting and important problems related to the field, which needed to be addressed at

some point anyway. Additionally, I want to thank the CSC and The Finnish Academy of

Science and Letters, for providing resources for this project.

I also want to thank the full Computational Physics Unit at Tampere University for the

welcoming atmosphere at work. Especially as, an international student, it was lovely to

work in this amazing group of people during the last year and observe how each of us

grew and developed in our professional fields.

Last but not least, I want to thank my family, friends, and loved ones for their moral support

during my thesis writing process.

Tampere, 21st May 2026

Anna Ivanova



iv

CONTENTS

1. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2. Biological background. . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 Lipid Bilayer Structure . . . . . . . . . . . . . . . . . . . . . . 3

2.2 Biological membrane . . . . . . . . . . . . . . . . . . . . . . 4

3. Transport across lipid bilayer . . . . . . . . . . . . . . . . . . . . . 6

3.1 Active transport . . . . . . . . . . . . . . . . . . . . . . . . 6

3.2 Passive transport . . . . . . . . . . . . . . . . . . . . . . . . 7

3.2.1 Permeability . . . . . . . . . . . . . . . . . . . . . . . 7

3.2.2 Fick’s First Law of Diffusion . . . . . . . . . . . . . . . . . 8

3.2.3 Overton’s Rule . . . . . . . . . . . . . . . . . . . . . . 9

3.2.4 Homogeneous Solubility–Diffusion Model (HSD). . . . . . . . . 10

3.2.5 Inhomogeneous Solubility–Diffusion Model (ISD) . . . . . . . . 11

3.3 The conceptual understanding and importance . . . . . . . . . . . . 12

4. Computational methods . . . . . . . . . . . . . . . . . . . . . . . 14

4.1 Molecular Dynamics (MD) . . . . . . . . . . . . . . . . . . . . 14

4.2 Force field . . . . . . . . . . . . . . . . . . . . . . . . . . 15

4.3 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

4.4 Enhanced Sampling techniques . . . . . . . . . . . . . . . . . . 17

4.4.1 Blue Moon or Constraint Method . . . . . . . . . . . . . . . 18

4.4.2 Umbrella Sampling Method . . . . . . . . . . . . . . . . . 20

4.4.3 The Accelerated Weight Histogram (AWH) . . . . . . . . . . . 21

5. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

5.1 Comparison of Permeability Results Across Sampling Methods . . . . . 25

5.2 Analysis of PMF, Diffusion, and Resistivity Profiles . . . . . . . . . . 26

5.3 Comparison with Unbiased Simulations . . . . . . . . . . . . . . . 28

5.4 Computational Challenges and Sources of Uncertainty . . . . . . . . . 30

6. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

7. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

Appendix A: Permeability results for all molecules and methods . . . . . . . . . 40



v

LIST OF SYMBOLS AND ABBREVIATIONS

C the concentration of the diffusing species

D the diffusion coefficient

D(z) the position-dependent diffusion coefficient

F force

G(z) the position-dependent free energy profile

J the diffusive flux

K the partition coefficient between the membrane and the aqueous

phase

L the membrane thickness

T temperature

U(r) potential energy

τ characteristic correlation time

k force constant

kB Boltzmann constant

m mass

x the spatial coordinate

z the coordinate along the membrane normal

ACF autocorrelation function

ATP Adenosine triphosphate

AWH Accelerated Weight Histogram

CSC Finnish IT Center for Science, Tieteen tietotekniikan keskus Oy

FFT fast Fourier transform

HSD Homogeneous solubility diffusion

ISD Inhomogeneous solubility–diffusion model

MD Molecular dynamics

PMF Potential of Mean Force

WHAM weighted histogram analysis method



1

1. INTRODUCTION

The study of the physical principles and properties that underlie biological processes

is essential for understanding how living systems function from a fundamental point of

view. Biological phenomena are controlled by molecular interactions [1] and therefore

analyzing them from a physical perspective, whether using computational, experimental,

or theoretical methods, allows us to numerically describe complex biological behavior.

Such understanding not only deepens our knowledge of nature but may also enable us to

influence biological systems in ways that improve health, safety, and quality of life.

One of the most popular approaches for investigating biological systems from a physical

perspective is computational modeling, particularly molecular dynamics (MD) simulations.

MD simulations provide an atomistic description of molecular motion by numerically solv-

ing classical Newton’s laws of motion. Compared to experimental techniques, MD simula-

tions are often significantly faster, more budget friendly, quite accurate and allow detailed

insight into microscopic processes that are difficult or impossible to see directly from the

experimental approach [1].

One of the fundamental properties of interest in biological systems is permeability. Per-

meability describes how easily a substance can pass through a medium [2]. A lower

permeability indicates greater resistance to transport, whereas a higher permeability im-

plies easier passage. In biological contexts, membrane permeability plays a crucial role

in many processes. For example, it determines how drugs enter cells, how toxic com-

pounds are absorbed by organisms, and how cosmetic and other chemical substances

interact with biological tissues. Understanding permeability is therefore central to drug

development, toxicology, and many other applied fields.

In this thesis, the focus is on the permeability of small molecules across lipid membranes.

The permeability of molecules such as water can be described using solubility–diffusion

models, in particular the inhomogeneous solubility–diffusion model (ISD), which is well

suited for spatially heterogeneous systems such as lipid bilayers. These models are con-

ceptually related to the Meyer–Overton rule, which states that the anesthetic potency of

a compound is proportional to its lipid solubility [2, 3]. Despite the conceptual simplicity

of these models, accurately computing permeability remains challenging, particularly in

computational studies. One of the main difficulties lies in selecting an appropriate sam-
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pling method to obtain reliable free energy and diffusion profiles.

In standard MD, membrane permeation for some of molecules is a rather rare event due

to high energy barriers, which makes unbiased sampling inefficient [4]. To overcome this,

the enhanced sampling methods that improve exploration along the membrane normal,

could be utilized. In this study, three different enhanced sampling techniques were com-

pared: Umbrella sampling, Accelerated Weight Histogram (AWH), and blue moon sam-

pling. These methods were used to calculate the permeability of 88 small molecules [5]

using MD simulations to model their atomistic passage through a lipid membrane. The

final permeability values were computed using the ISD model. The computational results

were analyzed and compared between methods and against the available experimental

data.
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2. BIOLOGICAL BACKGROUND

The cell is surrounded by a membrane that forms a barrier between the cell and the

outside environment, determining the transport of nutrients and other components from

and to the cell. Therefore, one of the main functions of the membrane is to separate the

cellular contents from the environment [6]. To better understand these processes and

the biological background behind, this chapter introduces the relevant theoretical basis of

cell membranes, providing a broader understanding of the key biological concepts in this

work. The main focus is on the lipid bilayer, which is the basic structural component of

biological membranes and the key system studied in this thesis.

The chapter starts with the elementary building blocks of the lipid bilayers, the lipids, and

progresses step by step to the formation and properties of the lipid bilayer. Lately, wider

context of biological membranes is discussed, including their role and organization in

living systems. However, this chapter focuses only on the general biological background

the technical details of the lipid bilayer system used in the simulations are covered in

Chapter 4.

2.1 Lipid Bilayer Structure

Biological membranes include lipids and proteins, where lipids are responsible for the

structure of the membrane, while proteins are responsible for its functional properties.

Here, we focus on lipids and how they contribute to the formation and stability of the

bilayer structure [6, 7].

Lipids are fatty molecules that form the biological bilayer, which mainly consists of phos-

pholipids. Phospholipids are amphiphilic molecules, that contain two parts joined by glyc-

erol bond: A polar hydrophilic head and a nonpolar hydrophobic tail [7]. The tails consist

of long fatty acid chains, while the head group contains a phosphate group1 and choline

in case of the studied lipids. The detailed structure of the lipid bilayer is captured in Figure

2.1. This amphiphilic property contributes to the essential behavior of lipids in the bilayer,

which we will look into next.
1A functional group characterized by a phosphorus atom bonded to four oxygen atoms (three single

bonds and one double bond). One of these oxygen atoms must be bonded to another atom; if not, the
structure is a phosphate ion [8].
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When phospholipids are solvated in bulk water2, they spontaneously self assemble into

arranged structures which minimize the contact of their hydrophobic tails with aqueous

environment. Therefore, one of the stable configurations under these conditions is the

lipid bilayer. The bilayer structure has two layers of phospholipids organized in such a way

that the hydrophobic tails face inward, creating a nonpolar core, while the hydrophilic head

groups face outward toward the aqueous surroundings on both sides of the biological

membrane [7].

This bilayer structure is determined by thermodynamic principles, more precisely by the

tendency of hydrophobic groups to avoid contact with bulk water. Thus, the bilayer forms

a dynamic, self assembled structure that separates two aqueous environments. The

hydrophobic core set out as a barrier to the transport of polar and charged molecules

through the bilayer, while at the same time allowing small nonpolar molecules to diffuse

more easily through it [10].

Overall, the lipid bilayer is an crucial part of the biological cell structure, which establishes

the primary organization and function of the membrane. Moreover, its physicochemical

properties are fundamental for maintaining the controlled interactions with the outside

environment. The visual representation of lipids and the lipid bilayer is shown in Figure

2.1 [11].

Figure 2.1. Structure of Lipid Bilayer [11]

2.2 Biological membrane

The lipid bilayer is not the only one, but extremely important, component of the biological

membrane, which is in reality a much more complex system. In addition to the lipid bilayer,

membranes also consist of proteins, as well as sugars and other smaller components [6],

each of which plays its own role in the organization and function of the biological cell

membrane.

One of the most widely used ways to understand the fundamental properties of biologi-

2Bulk water molecules comprise the population of water molecules in solution that are not directly asso-
ciated with macromolecules or solutes, and instead behave as a freely diffusing, hydrogen-bonded network
that determines the solvent properties of aqueous systems. In molecular biology, bulk water contrasts with
hydration water, which is structured or influenced by the surfaces of proteins or other biomolecules [9].
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cal membranes is the fluid mosaic model, which was introduced by Jonathan Singer and

Garth Nicolson in 1972 [12]. The model describes the dynamic and fluid nature of bio-

logical membranes. The model visualization is captured in Figure 2.2 [13]. In this model,

lipids and proteins can move within the membrane. For example, phospholipids can dif-

fuse quite fast within the leaflet in which they are positioned, as well as experience the

rotational motion and conformational flexibility of their hydrocarbon tails.

Figure 2.2. Mosaic Model [13]

In addition to phospholipids, membrane proteins are also able to move inside the bilayer,

though their mobility is lower. Furthermore, proteins in some cases can be localized to

specific regions of the membrane, which allows the cell to maintain structural organization

and functional asymmetry [6, 14]. In general, all the properties mentioned above are

essential for adaptation of heterogeneous membrane to different biological functions.

Biological membranes are diverse and well structured. Their composition may vary, de-

pending on the cell type and function and even the lipid composition may be different

between two leaflets of the same membrane [15]. Components such as cholesterol may

be present, defining the membrane fluidity and mechanical stability [16].

Functionally, biological membranes function as selective barriers that control the ex-

change of molecules between the cell and its environment. They also play an important

role in maintaining cellular compartmentalization and communication between different

parts of the cell and external environment.

Even though real biological membranes are rather complex, their fundamental membrane

function could be successfully studied using the simplified models, like the lipid bilayer.

Lipid bilayers consist of two lipid leaflets and are commonly used to study basic struc-

tural and transport properties [2, 6]. It provides a controlled environment that captures

the essential physicochemical behavior of biological membranes while reducing system

complexity. In this thesis the simplified model of the biological membrane the lipid bilayer

is used.
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3. TRANSPORT ACROSS LIPID BILAYER

In this chapter the main focus is on transport across the lipid bilayer. In the previous

chapter we familiarized ourself with biological fundamentals of the lipid bilayer and what it

consist of, therefore we all set to moving forward and investigate one of the main functions

of the lipids bilayer the transport. More precisely, the learning focus is on how different

molecules are able to cross the lipid bilayer from the physical perspective, and how this

process can be quantitatively described. A central aspect of this problem arises from the

coexistence of hydrophilic and hydrophobic environments within the biological membrane,

which creates fundamental challenges for molecular transport.

Firstly, the two main types of transport across the lipid bilayer, active and passive trans-

ports [17] are introduced. After which, the discussion is narrowed to passive transport,

which is the primary focus of this thesis. This is followed by a more detailed examination

of passive transport, including the theoretical background and the inhomogeneous sol-

ubility diffusion (ISD) model which lately used for the permeability calculations from the

simulation systems [2].

3.1 Active transport

As discussed before, the transport across lipid bilayer is controlled by complex interac-

tions between membrane lipids, proteins, and carbohydrates. There are two main types

of transport in the membrane the active and passive.

Active transport is the transport of components across the membrane, which requires an

external energy source. One of the most common forms of energy for the active transport

is adenosine triphosphate (ATP)1. Active transport results in a non equilibrium distribu-

tion of molecules across the membrane. Thus, the process is needed for maintaining

trans-membrane gradients of ions and other solutes, which are essential for cellular func-

tion [17]. An example of gradient is the difference between the sodium and potassium

concentrations in the interior and exterior sides of the cell. These gradients are main-

tained by specialized membrane proteins and are crucial for cell membrane functions

1Adenosine triphosphate is a nucleoside triphosphate that provides free energy of approximately 58
kJ/mol to drive and support many processes in living cells, such as muscle contraction, nerve impulse
propagation, and chemical synthesis [18].
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such as signaling, metabolism, and volume regulation [17].

Active transport can additionally be divided into two types, the primary and secondary

active transport. In primary active transport, energy is derived directly from ATP hydrolysis

which drives the transport of solutes. In secondary active transport, the energy is stored

in an existing electrochemical gradient, which in turn is utilized to transport another solute,

either in the same direction or in the opposite direction [17].

Although active transport plays a an important role in biological systems, it utilizes the

specific membrane proteins and energy input. Therefore, it is fundamentally different

from passive transport, which occurs without external energy and is the primary focus of

this thesis, which will be discussed next.

3.2 Passive transport

In contrast to active transport, passive transport does not require an external energy

source and occurs spontaneously due to thermodynamic gradients. Thus, in passive

transport, the movement of molecules across the lipid bilayer is driven by differences in

concentration, chemical potential, or electrochemical potential. Therefore, the direction

of the passive transport is towards the decreasing free energy, which moves the system

toward equilibrium [2, 17].

Since the lipid bilayer generally represents the energy barrier, the ability of a molecule to

cross it depends on molecules physical and chemical properties, such as size, polarity,

and how it interacts with the membrane.

To quantitatively describe passive transport, the concept of permeability should be intro-

duced, which characterizes how easily a molecule can cross the membrane. Utilizing

the concept of the permeability, passive transport can be described using diffusion-based

models. Mainly using the Overton’s rule which describe the relation between solute per-

meability and its solubility in the lipids, which later on together with Fick’s First law, was

captured into the homogeneous solubility diffusion (HSD) model and its extension, the

inhomogeneous solubility diffusion (ISD) model, which make the numerical calculation of

the permeability possible [2, 3, 17].

In the following subsections, these concepts are introduced in more detail, starting from

the concept of permeability and moving toward the theoretical models used to describe

passive transport across lipid bilayers.

3.2.1 Permeability

Membrane permeability is a key parameter for the description of passive transport. Per-

meability refers to the ability of a lipid bilayer to pass through specific molecules or ions.
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As discussed before, passive transport occurs without external energy input and is driven

by thermodynamic gradients [2, 3, 17]. Thus, permeability provides a quantitative mea-

sure of the efficiency with which a molecule can cross the lipid bilayer.

The permeability is determined from the physical perspective by the free energy bar-

rier associated with the transfer of a molecule from the aqueous phase into and across

the membrane [17], or in other words the energy cost required to cross the membrane

at each point. Since the lipid bilayer is highly heterogeneous medium, molecules ex-

perience a position-dependent environment, which results in a corresponding free en-

ergy profile along the molecule passage. Polar or charged molecules typically encounter

large energetic barriers when entering the hydrophobic membrane core, whereas non-

polar molecules may experience lower barriers [3]. This free energy landscape therefore

strongly influences the odds of a molecule crossing the membrane.

Another important aspect in determining permeability is molecular diffusion within the

membrane, since it is diffusion which make passive transport of the molecules possible.

Diffusion describes the random motion of molecules driven by thermal fluctuations and

determines how quickly a molecule can move through the membrane once it has entered

it. In lipid bilayers, the diffusion coefficient is not constant but varies along the mem-

brane normal due to differences in local membrane structure and density [2]. Regions

with tightly packed lipid tails generally exhibit lower diffusion rates, while more disordered

areas allow faster molecular movement.

Therefore, both the position-dependent free energy and diffusion coefficient define the

overall permeability of a molecule across the membrane. Their combined effect forms the

basis for theoretical descriptions of passive transport.

3.2.2 Fick’s First Law of Diffusion

Fick’s lwa of diffusion describes the relationship between diffusion and transport of molecules

in response to a concentration gradient [2]. As mentioned above, diffusion is a funda-

mental passive transport process in which molecules move spontaneously from regions

of higher concentration to regions of lower concentration as a result of random thermal

motion. In order to quantitatively describe this transport process, it is necessary to in-

troduce the concept of molecular flux, which represents the amount of substance that

passes through a unit area per unit time. The flux therefore provides a measure of the

rate at which molecules are transported through a system [19].

Mathematically, the flux J is defined as follows

J =
1

A

dN

dt
, (3.1)
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where dN represents the amount of substance crossing an area A during the time interval

dt [2].

The flux defined in equation 3.1 provides a quantitative measure of the transport of

molecules through a given surface. In the case of diffusion, this transport occurs as a

result of a concentration gradient. Empirically, it has been observed that the diffusive flux

is proportional to the spatial gradient of the concentration. This relationship is described

by Fick’s First Law of diffusion. Which defined as

J = −D
dC

dx
, (3.2)

where J is the diffusive flux, D is the diffusion coefficient, C is the concentration of the

diffusing species, and x represents the spatial coordinate. The negative sign indicates

that diffusion occurs in the direction of decreasing concentration [20].

In the context of membrane transport, this law describes how molecules move across the

membrane in response to concentration gradients. However, real biological membranes

are heterogeneous systems in which both diffusion and the energetic environment vary

across the membrane thickness.

3.2.3 Overton’s Rule

Now, after introducing Fick’s law of diffusion and obtaining a general understanding of

how molecules diffuse through a medium, it is important to consider the physicochemical

properties of the biological system that affect the permeability of molecules through the

lipid bilayer, which is the main focus of this thesis. One of the earliest observations in this

context is known as Overton’s rule.

Overton’s rule states that the membrane permeability of a molecule increases with its

hydrophobicity, indicating a strong correlation between permeability and lipid solubility [2,

3]. Experimental studies [21] have shown that as lipid solubility increases, the permeation

of molecules through the bilayer also increases. In contrast, polar or charged molecules

exhibit significantly lower permeability. This observation reflects the hydrophobic nature

of the membrane interior, which favors the partitioning of nonpolar molecules into the lipid

bilayer.

From a physical perspective, Overton’s rule describes the partitioning of a molecule be-

tween the aqueous environment and the membrane. This behavior can be quantified

using the partition coefficient, which represents the relative concentration of a molecule

in the lipid phase compared to the aqueous phase [2, 3]. Therefore, membrane perme-

ability is not determined by diffusion alone but also depends on the interaction of the

molecule with the membrane.
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Although Overton’s rule provides a simple and intuitive understanding of membrane per-

meation, and extends the description given by Fick’s law, it has important limitations. In

particular, it does not account for the inhomogeneous nature of the lipid bilayer and ne-

glects the role of diffusion within the membrane. As a result, more advanced models are

required, such as the homogeneous solubility–diffusion (HSD) model and the inhomoge-

neous solubility–diffusion (ISD) model.

3.2.4 Homogeneous Solubility–Diffusion Model (HSD)

The homogeneous solubility–diffusion (HSD) model represents a simplified version of the

more general inhomogeneous solubility–diffusion (ISD) model introduced in the following

subsection. The HSD model provides a fundamental theoretical framework for describing

membrane permeability. Its main assumption is that the membrane can be treated as a

uniform, homogeneous medium, in which both the free energy and the diffusion coefficient

are constant across the membrane [2, 3].

Under these assumptions, membrane permeation can be treated as a two-step process.

First, the molecule partitions from the aqueous phase into the membrane, which is de-

scribed by the partition coefficient. Second, the molecule diffuses across the membrane

due to a concentration gradient, which we introduced earlier Fick’s law. Thus, by com-

bining these two processes, the permeability coefficient P in the HSD model can be

expressed as

J = P (Co − Ci) → P =
DK

L
, (3.3)

where Co is the concentration of the diffusing species outside of lipid bilayer and Ci inside

of it, D is the diffusion coefficient within the membrane, K is the partition coefficient be-

tween the membrane and the aqueous phase, and L is the thickness of the membrane [2].

Thus, the expression of the HSD model shows, that membrane permeability depends

both on the mobility of the molecule within the membrane, represented by the diffusion

coefficient, and on its ability to partition into the lipid phase, represented by the partition

coefficient. Therefore, the HSD model links the two concepts discussed above together

the Fick’s law related to the diffusion part and Overton’s rule which responsible for the

partition coefficient.

As discussed above, the main limitation of the model is the assumption that the membrane

is uniform, but in reality biological membranes are highly inhomogeneous systems, with

distinct regions such as the hydrophilic head groups and the hydrophobic core, which lead

to position-dependent free energy and diffusion profiles.

In order to address these limitations, more advanced models have been developed. One
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example is, the inhomogeneous solubility–diffusion (ISD) model which is an extension of

the HSD which in turn allows both the free energy and the diffusion coefficient to vary

across the membrane, depending on the position.

3.2.5 Inhomogeneous Solubility–Diffusion Model (ISD)

The inhomogeneous solubility–diffusion (ISD) serves as the main theoretical framework

used in this thesis and used for calculating membrane permeability. The ISD model ex-

tends the homogeneous solubility–diffusion (HSD) model by removing the assumption of

a uniform membrane and instead accounts for the spatial variation of molecular properties

across the lipid bilayer [2].

In contrast to the HSD model, the ISD model treats the membrane as an inhomogeneous

system in which both the free energy and the diffusion coefficient depend on the position

along the membrane normal. As a molecule permeates through the bilayer, it experi-

ences a position-dependent free energy profile, often referred to as the potential of mean

force (PMF), which reflects the energetic cost of transferring the molecule across differ-

ent regions of the membrane. At the same time, the mobility of the molecule within the

membrane is described by a position-dependent diffusion coefficient, which varies due

to changes in membrane structure and local density. Therefore, by combining these two

contributions, the permeability coefficient P can be expressed using the ISD as follows

P−1 =

∫︂ z2

z1

exp [βG(z)]

D(z)
dz, (3.4)

where G(z) is the position-dependent free energy profile, D(z) is the position-dependent

diffusion coefficient along the direction of permeation, z is the coordinate along the mem-

brane normal, and β = 1/(kBT ), with kB being the Boltzmann constant and T the tem-

perature [2]. This integrated over the membrane thickness to get the final permeability

value.

This expression shows that membrane permeability is determined by the combined effect

of energetic barriers and molecular mobility across the membrane. Regions with high free

energy or low diffusion contribute strongly to the overall resistance to permeation. The

negative power indicates that permeability is inversely proportional to the resistivity.

The ISD model provides a more realistic description of membrane transport in comparison

to the HSD model, as it explicitly accounts for the heterogeneous structure of the lipid

bilayer. In particular, it captures the presence of hydrophilic headgroup regions and the

hydrophobic membrane core, which give rise to non-uniform free energy and diffusion

profiles.

For this reason, the ISD model is well suited for use in molecular dynamics simulations,
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where both the free energy profile and the diffusion coefficient can be obtained as func-

tions of position. In this thesis, the ISD is utilized to calculate membrane permeability from

simulation data, using the PMF and diffusion profiles obtained for each of the molecules

in the data set.

3.3 The conceptual understanding and importance

Before proceeding to the further technical aspects and results of this work, it is useful to

briefly summarize the key concepts introduced so far and provide a broader conceptual

understanding of membrane permeability. In addition, the importance of this research

and its potential applications are discussed.

The theoretical framework presented in this chapter describes membrane permeability as

a combined effect of molecular diffusion and the free energy barrier within the biological

system. Starting from Fick’s law, which characterizes diffusive transport, and Overton’s

rule, which emphasizes the role of lipid solubility, the discussion leads to homogeneous

and inhomogeneous solubility–diffusion models. In particular, the ISD model, which is

utilized in this work, provides a physically meaningful description of permeability by com-

bining position-dependent free energy profiles and diffusion coefficients, while accounting

for the inhomogeneous nature of the lipid bilayer.

From an application point of view, accurate prediction and understanding of membrane

permeability is important across a wide range of scientific and industrial fields. In pharma-

cology, permeability plays a crucial role in drug absorption, distribution, and bioavailability,

and its accurate estimation is essential for the development of effective pharmaceuticals.

In biophysics, it provides insight into fundamental transport mechanisms across cellular

membranes and contributes to a deeper understanding of cellular processes [22].

Beyond these fields, membrane permeability is also relevant in areas such as cosmetol-

ogy, where it is important to design compounds that can penetrate the skin safely and

effectively. In the food industry, permeability is related to the transport of additives and

contaminants across biological barriers [23]. Furthermore, it has applications in toxicol-

ogy and forensic science, for example in assessing the ability of harmful substances to

penetrate biological membranes [24]. These examples highlight the broad relevance of

membrane permeability and underline the importance of developing accurate and physi-

cally grounded framework.

Although the ISD model provides a powerful and physically meaningful framework for

describing membrane permeability, it cannot be applied directly without accurate sampling

of the relevant configurational space. In particular, reliable estimation of free energy and

diffusion profiles requires efficient sampling of molecular configurations, which cannot be

achieved by straightforward simulations over limited time scales.
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Therefore, enhanced sampling methods are required to obtain accurate, statistically sig-

nificant and converged results. In this work, several sampling techniques are used to

calculate membrane permeability within the ISD model. The methods include umbrella

sampling, adaptive biasing force (AWH), and the Blue Moon constrained approach.

The theoretical foundation underlying all these approaches has been introduced in this

chapter. The following Chapter 4 presents the simulation systems and technical details

used in this work, including the molecular dynamics (MD) and force fields required for

the simulation of biological processes. Additionally, the dataset is described, along with

the enhanced sampling techniques utilized for permeability calculations, which are later

compared and analyzed in the results section.
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4. COMPUTATIONAL METHODS

Computational methods are a powerful alternative to traditional experimental approaches

especially in the context of studying complex biological systems. In comparison to exper-

imental techniques, computational approaches are often more cost and time efficient, in

addition to providing a higher degree of control over the system, and good reproducibil-

ity.It is often also easier to tune the measurement setups for the specific needs. Moreover,

for small and complex systems, such as molecule membrane interactions, computational

methods give the detailed molecular level insight, which is extremely difficult to achieve

otherwise.

In this thesis computation methods are utilized for calculation the permeability of small

molecules through the lipid bilayer. One of the most well known methods used in biological

simulation is the molecular dynamics (MD), which is based on solving Newton’s equations

of motion to describe the time evolution of interacting particles. MD enables the study of

atomic-scale interactions and provides a dynamic picture of molecular behavior within the

complex systems such as biological membrane [1].

One of the essential components of the MD is the force field. A force field defines how par-

ticles interact with each other and allows efficient computation of interatomic forces [25].

In case of the Martini force field [26], which is used in this work, it also introduces coarse-

grained representations where groups of atoms are mapped into simplified interaction

beads, thus significantly improving computational efficiency.

Following the description of the simulation methodology, the dataset used in this work is

introduced. Afterwards, enhanced sampling techniques are presented, which are nec-

essary for accurately estimating membrane permeability. These methods allow efficient

exploration of the relevant configurational space and enable calculating permeability with-

out long time scales, thereby improving computational efficiency without compromising

accuracy.

4.1 Molecular Dynamics (MD)

Molecular dynamics (MD) simulations model the physical interactions of atoms and molecules

by numerically solving Newton’s equations of motion [1]. This computational method gives
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time-dependent trajectories of molecular motion, therefore make it possible to explore

complex dynamical processes that hard to observe utilizing the static structural methods

such as X-ray crystallography 1.

In MD simulations, the time evolution of a system obeys Newton’s second law, which stays

that

mi
d2ri
dt2

= Fi, (4.1)

where mi is the mass of particle i, ri its position, and Fi the force acting on it. Force is

defined as the negative gradient of potential energy U(r),

Fi = −∇iU(r) (4.2)

to obtain trajectories, these equations are integrated numerically over discrete time steps.

One of a common integration scheme is the velocity-based Verlet algorithm [28], which

updates the particle positions and velocities as follows,

ri(t+∆t) = ri(t) + vi(t)∆t+
1

2

Fi(t)

mi

∆t2 and (4.3)

vi(t+∆t) = vi(t) +
1

2mi

[Fi(t) + Fi(t+∆t)]∆t, (4.4)

where ∆t is the integration time step. Thus, this calculation generates trajectories char-

acterize the positions and velocities of all particles as a function of time [1, 28].

The accuracy and physical relevance of MD simulations depend on how forces Fi are

defined. These forces are obtained from the potential energy function, which encrypt all

interactions within the complex system. Therefore, a proper description of the potential

energy is essential for achieving reliable results.

4.2 Force field

In MD simulations, the potential energy is described by a force field, which specifies both

bonded and non-bonded interactions between particles [1]. Thus, utilized force field deter-

mines how accurately the molecular interactions are represented, affecting the simulation

quality. In this work, the interactions are modeled using the Martini 3 coarse-grained force

field [26, 29], which allow efficient simulations of membrane systems.

1X-ray crystallography is a scientific method used to determine the arrangement of atoms in a crystalline
solid in three-dimensional space. The technique relies on the diffraction of X-rays by the periodic arrange-
ment of atoms in a crystal lattice, allowing the atomic structure of the material to be determined. [27]
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The Martini 3 force field model is popular choice for the complex molecular modeling

and has been utilized for wide range of systems such as lipid membranes, membrane

proteins, and solute interactions in membranes [29]. Within this model, groups of atoms

are represented by coarse-grained particles, typically according to a four to one mapping

scheme [26], as shown in Figure 4.1. This mapping allows a significant reduction for the

computational costs, while keeping the key interaction characteristics such as polarity,

hydrophobicity, and charge.

Figure 4.1. Schematic representation of a molecule using coarse-grained beads in the
Martini model.

The potential energy in the Martini 3 force field consists of bonded terms describing in-

teractions between bonded particles and non-bonded terms accounting for interactions

between all particles in the system. These interactions are parameterized to reproduce

experimental thermodynamic properties, such as the partitioning between polar and non-

polar media, which is important for studying membrane systems [1, 26, 28].

The use of a coarse-grained force field such as Martini 3 provides an efficient and physi-

cally meaningful framework for simulating membrane systems and investigating transport

properties. Lets next look at the detailed simulation setup and parameters used in this

work.

4.3 Dataset

The dataset consists of 88 small molecules [5, 30] obtained from a publicly available

GitHub repository, which provides coarse-grained models of diverse organic compounds

specifically designed for the Martini 3 force field [26]. Using this dataset, simulations of

small molecules permeating through a lipid bilayer were performed and sampled using

three different sampling methods. The simulation trajectories were provided by the thesis

supervisor. A complete list of the molecules used in this work is given in Appendix A.
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As described in the theory chapter, the membrane bilayer is modeled as a dioleoylphos-

phatidylcholine (DOPC) bilayer using the Martini 3 coarse-grained force field [31]. Peri-

odic boundary conditions are applied in all spatial directions, and the bilayer is treated as

symmetric in the analysis [26, 28].

All simulations were performed at a temperature of 298 K, 1 bar pressure and NPT con-

ditions. The simulation box consists of a lipid bilayer surrounded by water on both sides,

ensuring bulk-like regions away from the membrane. This setup allows for reliable es-

timation of free energy and diffusion profiles and supports proper convergence of the

simulations.

An important aspect of the simulations is the definition of the reaction coordinate. The

permeation of molecules is described using a one-dimensional reaction coordinate along

the membrane normal. This coordinate is defined as the distance between the center of

mass of the solute and a lipid bilayer. In the simulations used in this work, the reaction

coordinate spans from -4.5 nm to +4.5 nm, covering both the membrane interior and bulk

water regions, and thereby capturing the full permeation pathway.

The following sections describe the sampling methods used to obtain the free energy and

diffusion profiles required for permeability calculations.

4.4 Enhanced Sampling techniques

In MD simulation, choosing sampling method is crucial part for obtaining accurate results,

within the reasonable amount of time, and computational cost. The challenge in calcu-

lating the lipid bilayer permeability is due to the presence of high free energy barriers

along the reaction coordinate [2]. As a result, spontaneous transitions across the mem-

brane occur rarely within accessible simulation times, leading to insufficient sampling of

relevant configurational states. This limitation makes it difficult to obtain converged free

energy and diffusion profiles using straightforward simulations.

One of the approaches to overcome this challenge is utilizing the enhanced sampling

techniques. These methods introduce either biasing potentials or constraints that im-

prove sampling in regions of low probability, thereby enabling efficient exploration of the

configurational space. There is quite a few different sampling methods, which are widely

used in the field. Even though they are different in the approaches to the problem, they

all share a common goal, which is obtaining reliable estimates of the position-dependent

free energy profile G(z) [32].

However, their core differences in how the sampling is performed and how the bias is

introduced and removed. Thus, these differences affect convergence behavior, computa-

tional efficiency, and the robustness of the resulting profiles. In this thesis, three popular

sampling methods are considered, the Blue Moon ensemble approach, umbrella sam-
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pling, and the adaptive weight histogram (AWH) method, progressing from more classical

to more modern and advanced techniques.

For all methods, a consistent post-processing procedure is applied. First, the free energy

profile G(z) and diffusion-related quantities are obtained. The diffusion coefficient D(z)

is either computed directly or derived from auxiliary quantities. Finally, the membrane

permeability P is calculated using ISD model from equation (3.4). This unified framework

allows for a direct comparison between the different sampling approaches.

4.4.1 Blue Moon or Constraint Method

The Blue Moon method is the oldest sampling method analyzed in this thesis. It was

initially introduced as an ensemble method that samples rare events, that is, events that

happen “once in a blue moon”. The method was introduced approximately fifty years ago.

The Blue Moon ensemble approach is a constraint-based enhanced sampling method

used to calculate free energy profiles along a predefined reaction coordinate [33]. Thus, in

this enhanced sampling method, molecules are constrained at defined positions along the

membrane normal, and the force required to keep them at these positions is measured.

Compared to bias methods like AWH, introduced later, the Blue Moon method does not

apply an external harmonic bias potential. The reaction coordinate is fixed using holo-

nomic constraints. Therefore, the free energy profiles need to be reconstructed from the

average forces in order to calculate the final permeability. This can be done by perform-

ing simulations at multiple positions along the membrane normal and obtaining the mean

force profile from the data, which then needs to be integrated in order to obtain the PMF

G(z) required for further calculations [33].

In this thesis, Blue Moon, or constrained sampling, simulations were performed at mul-

tiple positions across the lipid bilayer. During post-processing, the average force acting

on the constrained molecule along the membrane normal was obtained and integrated to

reconstruct the G(z) profile, which is one of the essential quantities required for perme-

ability calculations. Since the Blue Moon method does not directly provide the position-

dependent diffusion coefficient D(z), it also needed to be calculated separately.

The diffusion profile was obtained by analyzing the fluctuations of the constrained reac-

tion coordinate. For each constrained simulation, the autocorrelation function (ACF) of

the force fluctuations was calculated using a fast Fourier transform (FFT) approach. A

double-exponential function was initially used to fit the resulting ACFs, however, addi-

tional analysis indicated that a third-order exponential function may provide a better fit

for both the Blue Moon and umbrella sampling methods. These fits were used to extract

characteristic correlation times τ associated with the local dynamics of the molecule. The

obtained correlation times were subsequently used to estimate the local diffusion coeffi-



19

cient along the membrane normal.

The obtained diffusion values corresponded to discrete constrained positions, and thus

were interpolated onto the PMF grid before permeability calculations. After obtaining

both G(z) and D(z), the membrane permeability coefficient was calculated using the

ISD model and equation 3.4.

The overall workflow of the method can be summarized as

Blue Moon → ⟨F (z)⟩ → G(z), trajectories → D(z), G(z) +D(z) → P. (4.5)

The absence of biasing procedures is one of the main advantages of the Blue Moon ap-

proach. However, on the other hand, the method requires a large number of constrained

simulations in order to achieve sufficient spatial sampling across the membrane, which

can make it computationally expensive. In addition, accurate estimation of the mean

force is essential, since numerical integration of noisy force profiles can lead to the accu-

mulation of errors in the reconstructed PMF.

The main challenge encountered during the use of this method was related to the diffusion

analysis. The ACFs obtained from constrained simulations were noisy and difficult to

fit. Selecting appropriate fitting parameters and obtaining stable double-exponential fits

therefore required careful tuning and verification, and this is still something that needs

further improvement. The ACFs with double-exponential fits for constrained sampling

windows at the three regions, core, interface, and water, are shown in Figure 4.2.

Figure 4.2. ACFs with double-exponential fits for constrained sampling windows shown
on linear (top) and logarithmic (bottom) scales. Data is cropped only up to 1 ns.

These observations demonstrate that, although the Blue Moon method provides a direct

and theoretically reliable approach for obtaining free energy profiles, accurate permeabil-

ity calculations still strongly depend on careful analysis of both force and diffusion-related
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quantities, which are difficult and computationally expensive to obtain using Blue Moon

sampling.

4.4.2 Umbrella Sampling Method

The umbrella sampling method is another widely used enhanced sampling technique

that allows for the efficient study of systems with high energy barriers [34]. Instead of

sampling the entire reaction coordinate in a single simulation, this method divides it into

several overlapping windows, allowing each region to be sampled independently.

Conceptually, the umbrella method can be understood by introducing a bias that con-

strains the system around specific positions along the reaction coordinate. In each win-

dow, a harmonic potential forces the molecule to fluctuate around the selected position,

ensuring coverage of even energetically unfavorable regions. By combining data from all

windows, a continuous free energy profile can be reconstructed [34].

In practice, a series of harmonic bias potentials is applied along a reaction coordinate,

with each simulation window centered at a different positions. Overlap between adjacent

windows is necessary to ensure a smooth and continuous reconstruction of the free en-

ergy profile. If compared to adaptive methods such as AWH which discussed next, the

umbrella sampling method requires all window positions and bias parameters to be pre-

determined before starting the simulation. The unbiased free energy profile G(z) is then

reconstructed using the weighted histogram analysis method (WHAM) [35].

Similarly to the Blue Moon method, the umbrella method does not directly provide in-

formation on friction or diffusion. Therefore, the position-dependent diffusion coefficient

D(z) must be calculated separately from the trajectory data. In this thesis, the diffusion

coefficient was estimated from the ACF of the reaction coordinate in each window, from

which the characteristic correlation time τ was obtained and used to determine D(z)

following the same procedure described earlier for the Blue Moon method.

Compared to the constrained sampling simulations, the ACFs obtained from umbrella

sampling windows exhibited significantly less noise and produced more stable exponen-

tial fits. This made the extraction of characteristic correlation times more reliable and

computationally easier. Examples of the obtained ACFs and their exponential fits for dif-

ferent membrane regions are shown in Figure 4.3.

The simulation data consisted of trajectories and position time series for each umbrella

window, which were processed using the GROMACS WHAM command to obtain PMF

profiles. To assess convergence, the PMF profiles were evaluated at several simulation

points.

The membrane permeability was calculated using the ISD model. Thus, the general work-
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Figure 4.3. ACFs with double-exponential fits for constrained sampling windows shown
on linear (top) and logarithmic (bottom) scales. Data is cropped only up to 1 ns.

flow is to obtain G(z) and D(z) and use these quantities to calculate the permeability,

which could be summarized as follows

Umbrella sampling → G(z) + trajectories → D(z) → P. (4.6)

The umbrella sampling method requires careful selection of simulation parameters, par-

ticularly the number and spacing of windows, as well as the strength of the bias potential.

In this study, increasing the number of windows and increasing the simulation time were

necessary to achieve sufficient overlap and obtain smooth, well-converged free energy

profiles.

An additional complication arises when estimating the diffusion coefficient from the ACF.

The fitting requires appropriate initial parameters and boundaries, and obtaining stable

results proved to be a non-trivial task. Therefore, additional improvements to AFC yet to

be introduced, for example, by utilizing third order exponential equations for better fit.

Furthermore, some simulations exhibited unphysical behavior, such as the water freezing

of Martini 3 due to problems with initial configuration, necessitating the rerun of individ-

ual simulations. These observations highlight that, while the umbrella method is a widely

used technique, it still requires careful parameter tuning and verification of both free en-

ergy and diffusion profiles to obtain reliable permeability estimates.

4.4.3 The Accelerated Weight Histogram (AWH)

The adaptive weight histogram (AWH) method is an newest enhanced sampling method

covered in this thesis, it has been developed to improve sampling along a given reaction

coordinate. In traditional MD simulations, transitions between high free energy regions

occur infrequently, making it difficult to obtain sufficient sampling within the available sim-

ulation time. The AWH method addresses this issue by introducing an adaptive bias
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potential, which promotes more uniform sampling along the reaction coordinate [36].

The method is based on constructing and continuously updating a probability-weighted

histogram of selected states. As the simulation progresses, the bias potential is adjusted

to smooth the sample distribution, allowing for efficient exploration of the configuration

space and accurate estimation of the free energy profile, or PMF G(z) [36].

This approach is particularly well suited for membrane permeability problems, where

molecules exist in widely varying energy environments across the lipid membrane. In

such systems, high energy barriers significantly complicate sampling. By adaptively en-

hancing sampling along the reaction coordinate, the AWH method enables reliable deter-

mination of PMF profiles and associated transport properties.

In this work, the AWH method is used to obtain both the position-dependent free energy

profile G(z) and the friction profile ξ(z) along the membrane normal. The diffusion co-

efficient D(z) is then obtained from the friction profile using the Einstein relation [37].

Together, these quantities provide the necessary input data for permeability calculations

within the ISD model, equation 3.4.

Simulation data were provided as trajectories and GROMACS output files, and PMF and

friction profiles were extracted using GROMACS’s built-in AWH analysis tools [36]. To

assess convergence, profiles were analyzed not only at the simulation’s completion but

also at several intermediate points throughout the simulation.

The extracted PMF profiles were aligned by setting the average free energy in the bulk

water region to zero. In this study, the bulk region was defined as |z| > 4.0 nm. Fric-

tion profiles were processed separately and converted to diffusion profiles. Since the

PMF and diffusion profiles were defined on different spatial grids, the diffusion profile was

interpolated onto the PMF grid before further analysis.

The D(z) profiles obtained directly from the friction values were rather noisy. Therefore,

a filter needed to be applied in order to obtain more reliable results. The chosen filter

was the Savitzky–Golay filter. Figure 4.4 shows how the convergence of the filter window

number affects the permeability value for one of the molecules. Based on this analysis,

the final selected window size was 80.

The permeability coefficient was obtained by numerically calculating the ISD equation 3.4,

using the calculated G(z) and filtered D(z) profiles. The resulting permeability values

were converted to cm/h for comparison between molecules. In addition to the final values,

the same procedure was applied to intermediate simulation checkpoints, allowing for an

analysis of the temporal evolution of permeability and convergence behavior in the future.

The overall workflow of the method can be summarized as

AWH simulation → G(z), ξ(z) → D(z) → P. (4.7)
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Figure 4.4. Permeability results of molecule, dependently on the number of windows in
the filter

The final permeability values obtained using the AWH method for all molecules are given

in Appendix A.

Although the AWH method provides a relatively straightforward way to obtain the quanti-

ties needed for the ISD model, a number of practical problems arise. In initial simulations,

using too large values of the force constants resulted in unrealistically flat diffusion pro-

files, indicating insufficient resolution of the friction behavior.

Furthermore, non-physical freezing of Martini 3 water were observed, due to initial con-

figuration problems. This effect is likely due to the large-scale representation and small

size of the molecules studied, which can lead to artifacts under certain conditions.

As a result, several simulations had to be repeated to obtain physically meaningful dif-

fusion profiles and reliable permeability estimates. These observations highlight the im-

portance of careful parameter selection and verification of both free energy and diffusion

profiles before permeability calculations.

Despite these limitations, the AWH method provides a relatively straightforward approach

to obtaining free energy and friction profiles within a single model. However, the diffusion

values still appear to be underestimated and need to be investigated in more detail in

order to understand the origin of the problem.
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5. RESULTS

In this chapter the obtained results of permeability calculations of all 88 small molecules,

are presented and analyzed using the three enhanced sampling methods introduced in

Chapter 4. The final calculations of the permeability values for each method are shown

in Appendix A. The main purpose of the chapter is to compare the performance of the

methods, as well as, evaluate their efficiency, consistency, convergence behavior, and

reliability for bilayer permeability calculations.

The chapter begins with a comparison of the overall permeability results obtained us-

ing the different sampling methods and the available experimental values. Afterwards,

a more detailed analysis of the PMF, diffusion, and resistivity profiles is performed for

representative molecules in order to better understand the origin of the observed differ-

ences in permeability values between the methods. In addition, the obtained profiles and

permeability values are compared with results from unbiased simulations.

The main analysis focuses not only on the final permeability results estimates, but also

on the intermediate parameters used in the ISD model, including the PMF, diffusion, and

resistivity profiles. Afterwards, these profiles are analyzed and compared between the

methods, which helps understand better the origin of the differences in permeability val-

ues, which were observed in the final results.

During the results calculations, multiple computational and methodological challenges

were encountered, some of which were not initially expected before starting the thesis

project. Therefore, all of the methods required additional post-processing procedures,

parameter tuning, filtering approaches, and repeated simulations in order to obtain phys-

ically meaningful and converged results, some of the difficulties already were discussed

in the chapter before. The possible solutions for the encountered problems and error are

discussed throughout this chapter.

Although reliable permeability estimates were successfully obtained for most of the meth-

ods, some aspects of the workflows still require further investigation and optimization.

These observations highlight the complexity and many nuances involved in bilayer perme-

ability calculations. Based on the obtained results, conclusions regarding the applicability

and limitations of each method are discussed further in the Discussion and Conclusion

chapters.
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5.1 Comparison of Permeability Results Across Sampling Methods

The final permeability values for 88 molecules in Appendix A, calculated using the three

enhanced methods, were first compared on the bigger scale in order to get the overall

picture of the agreement of the methods between each other. Figure 5.1 capture the cor-

relation between the permeability values obtained using the AWH, umbrella sampling, and

Blue Moon methods, as well as the available experimental permeability values obtained

using the MolMeDB [38] and PubChem [39].

Figure 5.1. Correlation matrix of permeability values with linear fits (yellow)

In order to improve the visualization and make the plots easier to read the comparison was

made on a logarithmical scale, the permeability values are in cm/s. As already mentioned

the total amount of permeability values calculated is 88, but only 79 molecules are shown

in Figure 5.1. Since, several obvious outliers were removed from the visualization in

order to better observe the general behavior of the dataset. Although a larger number

of molecules exhibited outlying behavior, removing only the strongest outliers already

noticeably improved the visibility of the correlations between the methods.

The origin of these outliers values, still need to be investigated further. One of the possible

custos of them, could be due to the convergence problems of some of the molecules

during the simulation process. Additionally, some of the molecules may simply exhibit
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significantly different physicochemical behavior compared to the rest of the dataset, which

could make them inherently more difficult to sample reliably using the selected simulation

approaches.

Overall, the strongest agreement was observed between the AWH and Umbrella sam-

pling methods, with a correlation coefficient of R2 = 0.747. In contrast, the agreement

between the Blue Moon and Umbrella sampling methods was significantly weaker, with a

correlation coefficient of only R2 = 0.005. Interestingly, this behavior is quite surprising

in consideration of the profiles analysis, that we will look at in the next section.

The comparison with experimental permeability values should also be interpreted care-

fully. The experimental data though were collected from the same sources, but with the

different experimental techniques, initial conditions, and membrane compositions. There-

fore, the experimental values are not particularly reliable, and cannot be considered as

a fully consistent reference dataset. Instead, the experimental values are mainly used to

provide a general overview of the expected permeability ranges and order-of-magnitude

agreement between the own computational calculations and experimental observations.

These results already show the complexity and versatility of validation and comparison

of the permeability values. This process is much more hard than simply comparing the

final values to some valid dataset. Although some methods may show good agreement in

the final values, the underlying PMF, diffusion, and resistivity profiles can still differ signif-

icantly, which motivates the more detailed profile analysis presented in the next section.

5.2 Analysis of PMF, Diffusion, and Resistivity Profiles

To take a closer look at the results and better understand the differences between the

enhanced sampling methods, a more detailed analysis of the PMF, diffusion, and resistiv-

ity profiles was performed for two representative molecules with different physicochemical

properties. The selected molecules were 1-Methylimidazole (1MIMI) and 2,2’-Bithiophene

(2T). The 1MIMI molecule is hydrophilic, whereas 2T is hydrophobic. Therefore, signifi-

cantly different profile shapes and permeability values are expected for these molecules.

The PMF, diffusion, and resistivity profiles obtained using the three enhanced sampling

methods are captured in Figures 5.2 for 1MIMI molecule and 5.3 for 2T molecule. As

expected, the two molecules have significantly different profiles, which corresponds to

their physicochemical properties. The hydrophilic 1MIMI molecule shows a larger free

energy barrier in the membrane core region, while the hydrophobic 2T molecule exhibits

more favorable membrane insertion behavior.

Overall, the umbrella sampling and Blue Moon methods show good agreement for all

three profile types for both molecules. This observation is quite surprising, since the

final permeability values of this two methods have not shown a strong correlation in the
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Figure 5.2. Profiles for 1MIMI molecule

Figure 5.3. Profiles for 2T molecule
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larger dataset comparison, which were discussed in the section above. In contrast, the

AWH and umbrella sampling methods showed significantly better agreement in the final

permeability values, despite the profile analysis having a big difference in the values,

although the shapes of all three methods agreed almost perfectly with each other.

The largest differences between the methods are observed in the diffusion profiles. In

particular, the AWH method appears to systematically underestimate the diffusion coeffi-

cients compared to the umbrella sampling and Blue Moon methods. Thus, the resistivity

profiles obtained with AWH sampling method are also overestimated. This could suggest

that the issue is likely related to the friction analysis procedure or the GROMACS com-

mand used to obtain the friction profiles. Therefore, additional investigation is still needed

to identify the exact source of this diffusion underestimation and determine whether the

problem originates from methodological limitations, parameter selection, or the implemen-

tation itself.

For the 2T molecule, the diffusion profiles obtained using umbrella sampling and Blue

Moon methods also appear to lack a more pronounced peak in the membrane core region,

which would be physically expected based on the hydrophobic nature of the molecule,

though this peak is clearly could be observed in AWH diffusion profile for this molecule.

However, this behavior may be specific to the selected molecule rather than a general

methodological issue. In contrast, the profiles obtained for the 1MIMI molecule show

physically reasonable and expected behavior for all three methods.

As discussed previously in Chapter 4, some of these deviations may originate from the

fitting used for the ACF during diffusion calculations. Preliminary analysis suggested that

higher-order exponential fitting functions could exhibit a better quality of the fits there-

fore produce more physically realistic diffusion profiles. However, additional testing and

parameter optimization are still required in order to evaluate how strongly these fitting

choices affect the final permeability values.

5.3 Comparison with Unbiased Simulations

Table 5.1 presents the diffusion coefficients in bulk water obtained using the different en-

hanced sampling methods and unbiased simulations for the 1MIMI and 2T molecules.

Using this values we can analyse how well the diffusion values extracted from the en-

hanced sampling approaches reproduce the expected bulk diffusion behavior.

Overall, the diffusion coefficients obtained using the umbrella sampling method show the

best agreement with the unbiased simulation results. For the 1MIMI molecule, the diffu-

sion coefficient from unbiased simulation 2.7 × 10−5 cm2/s, while the umbrella sampling

method resulted in a value of 2.4 × 10−5 cm2/s. Similarly, for the 2T molecule, the unbi-

ased simulation yielded approximately 1.7 × 10−5 cm2/s, compared to 1.9 × 10−5 cm2/s
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Method 2T Dwater (cm2/s) 1MIMI Dwater (cm2/s)

AWH 3.3× 10−6 4.2× 10−6

Umbrella Sampling 1.9× 10−5 2.4× 10−5

Blue Moon / Constraint 3.4× 10−5 3.9× 10−5

Unbiased Simulation 1.7× 10−5 2.7× 10−5

Table 5.1. Comparison of diffusion coefficients in bulk water obtained using different
sampling methods and unbiased simulations for the 2T and 1MIMI molecules.

obtained from umbrella sampling. These results confirm that the diffusion profiles re-

constructed using the umbrella sampling method reproduce the expected free diffusion

behavior reasonably well.

In addition, the ratios between the relative diffusion coefficients were compared to the

unbiased simulation values. AWH gave only 0.19 and 0.16 of the unbiased diffusion co-

efficients for 2T and 1MIMI, respectively. Umbrella Sampling gave ratios of 1.12 for 2T

and 0.89 for 1MIMI, demonstrating the closest agreement with the unbiased simulations.

The Blue Moon method overestimated the diffusion coefficients, with ratios of 2.00 for

2T and 1.44 for 1MIMI, which is quite different ratios between the molecules. Since the

ratios remain relatively similar between both molecules for the AWH and Umbrella Sam-

pling methods, this suggests that these methods preserve the general physical trends

even though the absolute diffusion values differ systematically. On the other hand, the

Blue Moon method does not show similarly good agreement in the ratios and therefore

requires further investigation. This behavior also corresponds to the trends observed in

the final permeability values, where AWH and Umbrella Sampling showed relatively good

agreement, while Blue Moon had the weakest agreement among the methods.

The Blue Moon method also produced diffusion coefficients within the same order of

magnitude as the unbiased simulations. However, the obtained values were systemat-

ically higher for both molecules. Despite this overestimation, the results still physically

reasonable and significantly closer to the unbiased diffusion coefficients compare to the

values obtained using the AWH method.

The AWH method systematically underestimated the diffusion coefficients in bulk water,

similarly to the behavior already observed for the bilayer diffusion profiles discussed in

the previous section. The obtained diffusion values were approximately one order of

magnitude lower than the unbiased simulation results. This observation further supports

the assumption that the underestimation in the AWH diffusion values originates from the

friction values or the GROMACS AWH command used to calculate the friction profiles.

Therefore, additional investigation is required in order to identify the exact source of the

underestimation.
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5.4 Computational Challenges and Sources of Uncertainty

During the work a number of computational and methodological challenges were en-

countered, some of them already mentioned in the previous sections. However, some

additional observation are also important to discuss, since they have an effect on the

quality, convergence behavior, and physical reliability of the obtained profiles during dif-

ferent stages of the thesis work.

One of the most important observations was related to the selection of the force constant

k used in the AWH simulations. Figures 5.4 and 5.5 show how different k values impact

the diffusion and PMF profiles for 2T molecule. Overall, the PMF profiles showed good

convergence for all of k values. However, the diffusion profiles were significantly more

sensitive to the selected parameters.

Figure 5.4. Diffusion profiles for 2T molecule with different k values

Figure 5.5. PMF profiles for 2T molecule with different k values

For too large k values the proper friction metric fluctuations were blurred, which resulted
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in underestimated and overly smoothed diffusion profiles. On the other hand, when too

small k values were applied, the friction fluctuations did not converge properly, produc-

ing noisy diffusion profiles. These tell what the k values should be carefully chosen for

obtaining reliable permeability values, even though it does not strongly effect the PMF

profiles, it has a significant impact on the diffusion ones.

Another issue encountered during the initial stages of the simulations was related to non-

physical freezing of the Martini 3 water model. During early simulations, several systems

produced nearly flat diffusion profiles, which was due to frozen water solvent. In order to

overcome this problem, the systems were briefly simulated at 400 K before the production

simulations. After rerunning the systems using the modified equilibration procedure, the

obtained profiles became significantly more physically meaningful and flat behaviors was

no longer observed. Solvent water also remained liquid.

Overall, these observations show that bilayer permeability calculations are highly sen-

sitive not only to the selected enhanced sampling method, but also to simulation setup

details, equilibration procedures, fitting approaches, and parameter selection. Therefore,

it is important to note that there could still be some unresolved problems related to the

simulations or methodology that will need to be addressed in future work and may still

affect the final permeability values. However, it is believed that most of the significant

issues and major sources of error were already identified and corrected during this work.
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6. DISCUSSION

In this chapter, the obtained results are discussed in more detail together with their sci-

entific meaning, limitations, and possible future plans and applications. In addition to the

comparison of the final permeability values, the discussion also focuses on the physical

reliability of the PMF, diffusion, and resistivity profiles, as well as on the methodological

challenges encountered during the thesis work. Furthermore, possible future directions

and additional analyses required for a more complete understanding of the methods are

discussed.

Although the results were analyzed and checked using different approaches, there is still

a lack of some important analyses that need to be conducted before making final con-

clusions regarding the overall efficiency and reliability of the methods. In particular, con-

vergence analysis for all three methods is needed, since for many practical applications

computational efficiency and convergence speed may become deciding factors.

Based on the currently obtained results, the umbrella sampling method appears to be one

of the most promising approaches among the studied methods. The umbrella method

showed strong overall correlation with the AWH results while simultaneously producing

physically reasonable PMF, diffusion, and resistivity profiles. In addition, the diffusion

coefficients obtained in bulk water showed very good agreement with the unbiased simu-

lation results. The ACFs obtained from umbrella sampling windows were also significantly

less noisy and easier to fit compared to the Blue Moon method, making the diffusion anal-

ysis more stable and computationally reliable. From a methodological perspective, um-

brella sampling also represents a relatively straightforward and clear workflow. Compared

to the Blue Moon method, the simulations and post-processing procedures are generally

easier to perform and analyze.

The AWH method also appears highly promising, particularly if the currently observed dif-

fusion underestimation problems can be resolved. One of the major advantages of AWH

is that both the PMF and friction profiles can be obtained directly using built-in GROMACS

analysis tools, as well as, AWH method require only one simulation, making the workflow

more automated and potentially easier to integrate into a larger number of future appli-

cations. Furthermore, despite the observed underestimation of diffusion coefficients, the

overall shapes of the PMF, diffusion, and resistivity profiles for the analyzed molecules
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appeared physically meaningful and, in some cases, even more consistent with the ex-

pected molecular behavior than the profiles obtained using the other methods.

At the same time, the results demonstrate that comparison of the final permeability coef-

ficients alone is not sufficient for evaluating enhanced sampling methods. For example,

the AWH and umbrella methods showed good agreement between the final permeability

values even when the PMF or diffusion profiles differed significantly. Therefore, detailed

analysis of the intermediate quantities used in the ISD model is essential for understand-

ing the physical reliability of the obtained permeability estimates.

One additional future analysis that could be performed is clustering the molecules and

comparing the results within these groups. By dividing molecules based on properties

such as hydrophobicity, polarity, or size, it may become possible to better understand

which sampling approaches are more suitable for different types of permeating molecules.

Overall, this work demonstrates both the complexity and the scientific potential of mem-

brane permeability calculations using enhanced sampling techniques. Although several

methodological challenges and uncertainties remain unresolved, the obtained results al-

ready provide valuable insight into the behavior, strengths, and limitations of the studied

methods. After further analysis and validation, the presented workflows and observa-

tions may form the basis for a future publication focused on methodological comparison

of enhanced sampling methods for bilayer molecule permeability calculations.
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7. CONCLUSION

In conclusion, in this work permeability values for 88 small molecules were obtained and

analyzed with the use of three different sampling methods: Blue Moon, Umbrella and

AWH method. The permeability calculation were based on ISD model which utilizes the

PMF, diffusion, and resistivity profiles obtained from MD simulations.

The obtained results demonstrated that all three enhanced sampling approaches are ca-

pable of producing physically meaningful permeability estimates. However, the methods

are still quite differ in their fundamentals, therefore computational complexity, profile qual-

ity and reliability of the results differ between the methods. Although the final permeabil-

ity values in some cases showed reasonable agreement between the methods, detailed

analysis revealed that the underlying PMF, diffusion, and resistivity profiles could still don’t

fully agree with each other. These observations highlight the importance of analyzing not

only the final permeability coefficients, but also the intermediate quantities used in the

ISD model.

Among the studied methods, umbrella sampling appeared to provide the most stable and

physically consistent overall workflow. The method showed good agreement with both

the AWH results and the unbiased diffusion simulations while also producing relatively

smooth and physically reasonable PMF, diffusion, and resistivity profiles. Furthermore,

the diffusion analysis based on ACFs was significantly less noisy and stable compared to

the Blue Moon method.

The AWH method as well demonstrated strong potential for future permeability studies,

due to simplicity in its methodology. However, it is underestimate the diffusion values quite

significantly. Thus, methodological improvements are still required before fully reliable

permeability calculations can be achieved using this approach.

The Blue Moon method produced physically meaningful profiles and showed relatively

good agreement with umbrella sampling in several cases. However, the method was

computationally more demanding and significantly more sensitive to noise and fitting in-

stabilities during diffusion calculations.

During the thesis work, several computational and methodological challenges were en-

countered, including convergence difficulties, sensitivity to force constants, fitting instabil-

ities in ACFs, and non-physical freezing behavior in some simulations. Although many of
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these issues were successfully identified and corrected, the work also demonstrated that

membrane permeability calculations remain highly sensitive to simulation setup details

and post-processing methods.

The developed permeability calculation framework itself should have a significant poten-

tial for future scientific and applied applications. After further methodological improve-

ments, the presented workflows could provide a reliable computational framework for

studying membrane permeation processes across a wide range of systems. As well

as, since permeability plays a critical role in many research areas, including drug deliv-

ery, pharmacology, membrane biology, toxicology, and material science. Reliable com-

putational permeability estimation methods may become highly valuable tools for both

fundamental scientific studies and practical industrial applications, where experimental

measurements are difficult, expensive, or time-consuming to perform.

In addition to the methodological comparison itself, the obtained permeability dataset may

also provide a useful foundation for future machine learning applications. After further vali-

dation and refinement, the calculated permeability values could potentially be used to train

machine learning models for permeability prediction. Compared to many currently used

structure-based prediction approaches, which often suffer from limited reliability and gen-

eralization, simulation-based datasets may provide more physically meaningful informa-

tion about membrane permeation processes. As a result, such models could significantly

speed up estimation of approximate permeability values while maintaining improved phys-

ical reliability. This could be particularly useful for large-scale molecular screening and

future computational drug discovery applications.

Overall, this thesis demonstrates both the complexity and the scientific potential of en-

hanced sampling methods for membrane permeability calculations. The presented anal-

ysis provides valuable insight into the strengths and limitations of the studied approaches

and establishes a foundation for future methodological development and larger-scale

comparative studies. Future work should focus particularly on convergence analysis,

improvement of diffusion estimation, and systematic comparison of molecule groups with

different physicochemical properties.
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APPENDIX A: PERMEABILITY RESULTS FOR ALL

MOLECULES AND METHODS

Molecule Blue Moon UMBRELLA AWH EXP

1MIMI 0.18 0.56 0.46 -3.1

2MPYR -0.11 0.93 0.71 -5.6

2NIMX -1.9 0.70 0.64

2NITL -1.3 0.46 0.68 -0.56

3HT -5.2 0.43 0.60

3PT -3.0 0.37 0.66

4MIMI -0.42 -0.35 -0.17

4NIAN -0.60 0.87 0.65

ACPH -0.81 0.96 0.70 -0.89

ANIL -0.065 0.77 0.61 -3.4

BEAL -0.49 -3.6 0.74 -0.60

BENZ -0.74 0.85 0.77 -4.4

BRA -1.3 0.90 0.73

BRBZ -1.4 0.78 0.75

BZDOL -1.5 -1.6 -1.4

BZNI -0.47 0.91 0.75 -0.64

BZQU -0.27 -0.059 -0.074 -2.2

BZTF -1.4 0.82 0.69

CHEX -2.7 0.42 0.69

CHEXE -2.0 0.70 0.70

CLBZ -1.4 0.73 0.76 -0.50

CLPR -1.6 0.70 0.56 -0.61

CLTL -2.0 0.86 0.69

CPR -0.65 0.67 0.77

CUME -2.8 0.66 0.68 -0.36
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Molecule Blue Moon UMBRELLA AWH EXP

CYPE -2.2 0.57 0.73

CYPO 0.29 0.72 0.69

CYPOL 0.15 0.59 0.58

DBRBZ -2.0 0.68 0.70

DCLBZ -1.9 0.80 0.71

DIOX 0.023 0.068 0.27

DMAN -1.3 0.82 0.72

DMBZQ -0.21 0.99 0.56

DXLA 0.41 0.81 0.70

EBEN -2.3 0.59 0.73 -0.53

FURA -0.19 1.0 0.85

IMID -0.61 -0.54 -0.41

IOBZ -2.3 0.59 0.72

IOPHE -0.80 0.81 0.64

MBZOA -1.2 0.81 0.64 -0.72

MCYPE -2.7 0.47 0.67 0.47

MESI -2.7 0.62 0.65

MXYLE -2.2 0.58 0.67

NBAPH -0.58 -0.11 0.39

NIBZ -0.79 0.80 0.72

OMA -1.5 0.92 0.68

OXYLE -2.2 0.60 0.69

PBEN -3.3 0.36 0.64

PBZOA -2.6 0.69 0.63

PCRE -0.086 0.94 0.64

PCYM -3.4 0.54 0.60

PHEN 0.086 0.47 0.48

PIPER -0.13 0.59 0.63

PXYLE -1.7 0.74 0.70 -0.43

PYAZ -0.41 1.0 0.83

PYLI 0.20 0.85 0.70 -6.6

PYMI -0.14 -0.23 -0.18

PYRI 0.35 0.79 0.66 -4.4

PYRR 0.22 0.86 0.68

STYR -1.7 0.81 0.70

TCLBZ -2.4 0.73 0.71

THAZ 0.22 0.63 0.62

THF -0.017 0.88 0.76
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Molecule Blue Moon UMBRELLA AWH EXP

THIO -0.41 1.0 0.83 -0.89

THP -0.35 0.81 0.72

THPH -0.82 0.85 0.73

THT -0.57 0.85 0.78

TOLU -1.5 0.61 0.74 -0.56

XBZ -0.92 0.98 0.78 -0.93

2T -2.3 0.97 0.71

ANTH -3.8 0.78 0.64

BZIM -0.80 0.97 0.73

BZTA -0.73 0.93 0.73

BZTH -1.9 0.88 0.73

CAFF -2.8 -1.9 -1.7 -5.7

CNAP -3.7 0.59 0.69

ENAPH -0.75 0.64 0.65

INDA -0.75 0.90 0.71

INDO -0.96 0.96 0.71 -4.5

MIND -1.2 0.77 0.68

MINDA -0.72 0.92 0.70

MNAP -2.9 0.73 0.67

NAPH -2.3 0.77 0.67 3.8

NAPY -0.19 0.34 0.35

QUIN -0.88 0.62 0.69

TECE -5.1 0.69 0.59

THPY -0.70 1.0 0.70

XNAPH -2.3 0.40 0.68
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