Max Planck Graduate Center ﬁ ]G‘U

mit der Johannes Gutenberg-Universitdt
sonannes GUTENBERG
UNIVERSITAT MAINz

Structural and Dynamic

Characteristics of Water
in Biological Systems

Dissertation
for the award of the academic degree of
”Doctor rerum naturalium” (Dr. rer. nat.)

of the faculties:

08 - Physics, Mathematics and Computer Science
09 - Chemistry, Pharmacy, Geography and Earth Sciences
10 - Biology

University Medicine

submitted by

Daniel Chavez Rojas

Mainz, 2025



O

Nutzungsbedingungen:

Dieses Werk steht unter der Lizenz Creative Commons Namensnennung 4.0 International



Supervisor: Prof. IR
Co-supervisor: Prof.

Direct supervisor: Dr. IR
Co-direct supervisor: Dr. | KGN


Daniel

Daniel

Daniel

Daniel


Table of Contents

Zusammenfassung V1
Summary X
1 Introduction 1
1.1 Background and motivation . . . . . . . .. ..o )
1.1.1 Protein structure . . . . . . . . . .. ... 5

1.1.2 Relevance of protein-protein, protein-solvent, lipid-solvent and protein-

lipid interactions . . . . . . . .. . ... 7
1.1.3 Lipid-solvent interactions . . . . . . . .. . ... ... ... ... 9
1.1.4 Relevance to biological systems and related pathologies. . . . . . . . 12
1.1.5 Motivation behind studying systems that are biological relevant and
experimentally . . . . . . . ... L 12
1.2 Research objectives . . . . . . . . . . 13
1.2.1 Scope of this dissertation . . . . . .. .. .. ... ... 13
1.2.2 Hypothesis and research questions . . . . . .. ... ... ... ... 13
1.2.3 Significance of research contributions . . . . . . . ... ... ... .. 14
2 Theoretical background 17
2.1 Statistical mechanics . . . . . . ... oo 18
2.1.1 Microstates and Macrostates . . . . . .. . ... ... ... ... 18
2.1.2 Thermodynamical ensembles and probability distribution . . . . . . 18
2.1.3 Entropy . . . . ..o 23
2.2 Solvation . . . . . . . 25
2.2.1 Solvation Energy . . . . . .. ..o 25
2.2.2 Factors Influencing Solvation Energy . . . . . . . .. ... ... ... 26
2.2.3 Phase separation theory . . . . . ... ... 26
2.2.4 Phase separation of polymers . . . . . . ... ... 28
2.2.5 Polymer theory for biological systems . . . . .. .. ... ... ... 33
2.3 Computational methods . . . . . . . . . .. .. ... 34



2.3.1 Molecular dynamics simulations . . . . . .. ... ... .. .. ... 34

2.3.2 Thermodynamic Variables . . . . . . . ... ... .. ... .. .. .. 35

2.3.3 Dynamics algorithms . . . . . . ... ... 42

2.3.4 Coarse-grained models and backmapping schemes . . . . . . . .. .. 44

2.4 Graph analysis formalism . . . . . ... .. ... 0L 46
2.5 Spectroscopy techniques . . . . . . . . . .. ..o 50
2.5.1 Two dimensional infrared spectroscopy . . . . . . . . .. . ... ... 50

2.5.2 Sum frequency generation spectroscopy . . . . . .. ... ... ... 52

3 Methods and results 53
3.1 Water orientation around lipid monolayers . . . . . . . ... .. ... ... 53
3.1.1 Simulations . . . . . ... 54

3.2 Water structure and dynamics around protein condensates . . . . . . . . .. 61
3.2.1 Slowing of water dynamics inside protein condensates . . . . . . .. 61

3.2.2 Water structure around FUS LC protein . . . . . .. ... ... ... 76

3.2.3 Water structure in protein condensate microenvironments . . . . . . 78

4 Discussion 83
4.1 Lipid Organization and Water orientation . . . . . . . . . .. .. ... ... 83
4.2 Slowing of water dynamics inside FUS LC protein condensate . . . . . . . . 84
4.3 Water structure around FUS LC protein. . . . . . .. ... ... ... ... 85

5 Conclusion 88
5.1 Biological implications . . . . . . ... ... oo 88
5.2 Future research directions . . . . . . .. ... Lo 90
5.2.1 Lipid organization and water orientation . . . . . . . .. ... .. .. 90

5.2.2 Water structure and dynamics around protein condensates . . . . . . 91
Acknowledgements 93
Bibliography 94
Publication statement 103

Permission rights 105






List of Abbreviations

PC phosphatidylcholine

PE phosphatidylethanolamine
GPCR g protein-coupled receptors
AML acute myeloid leukemia

MD molecular dynamics

CG coarse-grained

2D-IR two-dimensional infrared

IR infrared

SFG sum frequency generation
BCs biomolecular condensates
LLPS liquid-liquid phase separation
FFCs frequency—frequency correlations
FUS fused in sarcoma

CLS center line slope



List of Figures

1.1 Protein Hierarchical organization . . . . . . . ... .. ... ... ... ... 6
1.2 Protein-water hydrogen bond . . . . . . . . . ... 8
2.1 Phase separation diagram . . . . . . .. ... 32
2.2 Graph analysis . . . . . . ... 46
3.1 Lipid chemistry . . . . . . . .. .. 54
3.2 lipid monolayers simulations . . . . . . ... .. ... ... L. 55
3.3 Tetrahedral order parameter . . . . . . . . .. ... ... ... 56
3.4 Histograms of tetrahedral order parameter at lipid interface PC . . . . . . . o7
3.5 Histograms of tetrahedral order parameter at lipid interface PE . . . . . . . Y
3.6 Depiction of the vectors used as reference for calculating orientation of water
molecules in reference to the membrane . . . . . . ... ..o o8
3.7 Water angle vs tail type . . . . . . . ..o 29
3.8 Depiction of lipid tilt angle . . . . . . . . . . ... 60
3.9 Tilt angle histogram . . . . . . . .. .. Lo 60
3.10 Experimental samples of FUS LC BC vs diluted phase . . . . . . .. .. .. 62
3.11 Linear expectra of FUS LC samples . . . . . . . .. .. .. ... .. .... 63
3.12 Infrared spectra from MD simulations . . . . . . . ... ... ... ... .. 65
3.13 2D IR spectra of FUSLC . . . . . . . .. ... ... .. ... ... ..... 67
3.14 CLS lines for all samples . . . . . . . ... .. ... ... ... 69
3.15 hydrogen bond criteria . . . . . . ... .o 74
3.16 FUS clasification and time autocorrelation plot . . . . . . . . ... ... .. 75
3.17 Tetrahedral order parameter distribution . . . . . . .. ... ... ... .. 7
3.18 Contact map . . . . . . . .. 79
3.19 Histograms of tetrahedral order parameter distribution . . . .. .. .. .. 80
3.19 Histograms of tetrahedral order parameter distribution . . . .. .. .. .. 81
3.20 Density map plot of aminoacid degree . . . . . . . . . ... ... ... ... 81
3.20 Density map plot of aminoacid degree (continuation) . . . . . . .. ... .. 82



Zusammenfassung

Wasser ist fiir das Leben unentbehrlich und spielt eine wesentliche Rolle in biologischen
Systemen, von molekularen Interaktionen bis hin zu physiologischen Prozessen im grofien
Mafstab. Wassermolekiile bestehen aus zwei Wasserstoffatomen und einem Sauerstoffatom
(H50) und haben eine gebogene Struktur, die ein polares Molekiil ergibt. Diese Struktur
ermoglicht die Bildung von Wasserstoftbriicken, sowohl zwischen Wassermolekiilen als
auch mit anderen polaren Substanzen, was sie zu hervorragenden Losungsmitteln macht.
Dariiber hinaus ist die Untersuchung von Wasser von grundlegender Bedeutung fiir das
Verstandnis der biologischen Welt. In der Molekularbiologie fungiert Wasser nicht nur als
Medium fiir den Nahrstofftransport, sondern hat auch direkte Auswirkungen auf die Fal-

tung, Stabilitat und Funktion von Proteinen sowie auf die Dynamik von Lipidmembranen.

Insbesondere interagieren Wassermolekiile eng mit Lipidkopfgruppen und bilden Hy-
dratationsschichten, die die Lipiddynamik, Diffusion und Konformation erheblich beein-
flussen. Die Untersuchung dieser Wechselwirkungen kann das Design und die Wirksamkeit
von Arzneimittelabgabesystemen wie Liposomen beeinflussen oder bei der Entwicklung
vollig neuer Abgabesysteme helfen, die die Bioverfliigbarkeit erhchen oder auf bestimmte

Gewebe abzielen.

Wasser spielt auch bei Proteinen eine entscheidende Rolle, indem es deren Struktur
durch Wechselwirkungen mit polaren und geladenen Gruppen auf der Oberflache des
Proteins stabilisiert. Wasser fungiert auch als Medium zur Erleichterung biochemischer
Wechselwirkungen und ermoglicht es Proteinen, mit anderen Molekiilen zu interagieren.
Wassermolekiile stehen in enger Wechselwirkung mit Proteinen, indem sie Hydrata-
tionsschalen um deren Oberflachen bilden. Diese Hydratationshiillen beeinflussen die
Proteindynamik, d. h. wie sich Proteine bewegen, an andere Molekiile binden und
biochemische Reaktionen durchfithren. Die Untersuchung dieser Wechselwirkungen kann

erhebliche Auswirkungen auf die Entwicklung von Arzneimitteln haben, da sie hilft zu
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verstehen, wie sich Proteine in verschiedenen Umgebungen verhalten. Dieses Wissen
kann die Entwicklung von Therapien auf Proteinbasis leiten oder die Verabreichung von
Arzneimitteln, die auf bestimmte Proteine abzielen, verbessern, wodurch die Wirksamkeit

verbessert und die Nebenwirkungen verringert werden konnen.

In dieser Dissertation konzentrieren wir uns hauptsachlich auf die Charakterisierung
von Wasser im Zusammenhang mit Lipiden und Proteinkondensatsystemen. Zunachst
untersuchen wir Lipid-Wasser-Grenzflachen, um zu verstehen, wie Unterschiede in der
Lipidchemie die Wasserorientierung beeinflussen konnen. Zu diesem Zweck haben wir
Molekulardynamiksimulationen (MD) von Membranen durchgefiihrt, die aus verschiede-
nen Lipidtypen bestehen, und die Ausrichtung der Wassermolekiile an ihrer Grenzflache
analysiert. Unsere Arbeit zeigt, dass die Schwanzchemie der Lipide eine geringere Rolle
bei der Ausrichtung der Wassermolekiile spielt als die Lipidorganisation. Dies zeigt, wie
die rdumliche Anordnung der Lipide und das kollektive Verhalten die Wasserstruktur an

der Lipidgrenzflache beeinflussen.

Ein weiteres biologisches System, das wir untersuchen, ist das Fused-in-Sarcoma-
Protein (FUS). Dieses Protein wurde aufgrund seiner Neigung zur Selbstorganisation in
Stressgranula innerhalb von Zellen und der Bildung von Einschlusskorpern, die bei amy-
otropher Lateralsklerose und anderen neurodegenerativen Krankheiten beobachtet werden,
eingehend untersucht. Die Hauptursache fiir diese Selbstorganisation ist die intrinsisch
ungeordnete LC-Doméne von FUS. Verschiedene Faktoren wie pH-Wert, Temperatur,
Ionenstiarke und molekulare Verdrangung konnen die LC-Kondensation von FUS auslosen,

was es zu einem idealen Modell fiir die Untersuchung von Proteinkondensaten macht.

Proteinkondensate schaffen unterschiedliche biochemische Umgebungen, die spezi-
fische Reaktionen fordern oder hemmen konnen, ohne dass membrangebundene Or-
ganellen erforderlich sind. Durch die Konzentration von Enzymen und Substraten erhéhen
sie die Reaktionsgeschwindigkeit, wahrend sie durch den Ausschluss anderer Molekiile
unerwiinschte Wechselwirkungen unterdriicken konnen. Diese Form der Kompartimen-

tierung ist fiir Prozesse wie den RNA-Stoffwechsel entscheidend.
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In unserer Arbeit haben wir die Wasserstoftbriickenbindungen in diesen Kondensaten
untersucht, die ein entscheidender Faktor bei der Solvatisierung sind. Wir haben uns auf
die Erforschung der komplizierten Wasser-Protein-Wasserstoftbriickenbindungsdynamik
innerhalb der Kondensate konzentriert, die von der niedrig komplexen Domane von FUS
LC gebildet werden. Um dies zu erreichen, haben wir ein multidisziplinares und in-
terinstitutionelles Forschungsprojekt durchgefiihrt. Dies fiihrte zu einer Zusammenarbeit
zwischen dem Max-Planck-Institut fiir Polymerforschung, insbesondere den Abteilungen
Theorie und Molekiilspektroskopie, und dem Department of Biomedical Engineering der
University of Texas, Austin. In dieser Zusammenarbeit analysierten wir die Dynamik
von Wasser in FUS-LC-Kondensaten und verglichen sie mit der Dynamik von Wasser
in vollstandig solvatisiertem FUS-LC-Protein, sowohl experimentell als auch theoretisch.
Sayantan Chatterjee stellte die FUS-LC-Proben zur Verfiigung, I fiihrte
2D-Infrarot-Spektroskopie (2D IR) durch, um die FUS-LC-Spektren aufzuzeichnen, und
ich fithrte die Molekulardynamiksimulationen und die theoretische Analyse durch. In
Kombination liefern Spektroskopie und MD-Simulationen ein klares Bild des molekularen

Verhaltens.

Die 2D-IR-Experimente zeigten, dass die spektrale Diffusionsdynamik von FUS LC in
kondensierten Tropfchen etwa doppelt so langsam ist wie die Dynamik in einer homogenen
Losung. Dies veranlasste uns zu der Hypothese, dass die beobachteten Unterschiede in
der Dynamik auf eine Verlangsamung der Hydratationsdynamik fiir FUS LC innerhalb
des Kondensats zuriickzufiihren sind. Um diese Hypothese zu untersuchen, fithrten wir
vollstandig atomistische MD-Simulationen von FUS LC und seiner solvatisierten Form
durch. Wir analysierten die Lebensdauer der Wasserstoffbriickenbindungen zwischen den
Amidgruppen (C=0) der Proteinketten und den Wassermolekiilen sowohl in der konden-
sierten als auch in der solvatisierten Phase, indem wir die Zeit-Autokorrelationsfunktion,
auch bekannt als Uberlebensfunktion, berechneten. Diese Analyse bestétigte, dass die
Lebensdauer der Wasserstoftbriickenbindungen zwischen Wasser und den Amidgruppen
bei FUS LC in den Kondensaten deutlich langer ist (etwa 40%) als bei verdiinnter FUS
LC. Unsere Ergebnisse zeigen, dass die Wasserdynamik in den Kondensaten langsamer ist

als in den verdiinnten Gegenstiicken. Wir vermuten, dass diese unterschiedliche Dynamik

VIII


Daniel


auf Pikosekunden-Zeitskalen auf eine verlangsamte Wasserstoftbriickenbindungsdynamik

in der das Kondensat umgebenden Hydratationsschale zurtickgefiithrt werden kann.

Unter Ausnutzung der detaillierten atomistischen Einblicke, die MD-Simulationen
in die Struktur von Wassermolekiilen und Proteinen innerhalb des Kondensats bieten,
erweitern wir unsere Arbeit, um zu untersuchen, wie sich Wassermolekiilnetzwerke in-
nerhalb des Kondensats anordnen. Aufgrund der riesigen Datenmenge von mehr als
3 Milliarden Datenpunkten haben wir einen auf Graphenanalyse basierenden Formalis-
mus entwickelt, um die Protein-Protein- und Protein-Wasser-Wechselwirkungen mit einer
Auflésung auf Aminosédureebene zu untersuchen und zu klassifizieren, wobei wir festgestellt
haben, dass Tyrosin und Glutamin im Verhéltnis zu anderen Aminoséuren Mikroumge-
bungen mit dicht gedrangten Kontaktnetzwerken bilden. Um die Wasserstruktur in diesen
Mikroumgebungen zu charakterisieren, berechneten wir anschlieflend die tetraedrischen
Ordnungsparameter, die eine Storung der Wasserstruktur in tiberfiillten Umgebungen
zeigten. Dank der Kombination dieser leistungsstarken Techniken, der Graphenanalyse
und der MD-Simulationen konnten wir die Hauptakteure bei der Bildung komplizierter

Protein-Protein- und Protein-Wasser-Netzwerke aufklaren.

Zusammenfassend lasst sich sagen, dass ein so einfaches Molekiil wie Wasser nicht
nur ein Losungsmittel ist, sondern eine aktive Komponente biologischer Systeme, die die
Wechselwirkungen in Lipiden und Proteinkondensaten gestaltet. Mit Hilfe der atomistis-
chen Auflésung, die Molekulardynamiksimulationen bieten, konnten wir die feinen Details

der Wasserdynamik im Kontext dieser biologischen Systeme erfassen.
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Summary

Water is indispensable to life, playing an intrincate role in biological systems, from
molecular interactions to large scale physiological processes. Water molecules are composed
of two hydrogen atoms and one oxygen atom (H20) and have a bent structure creating a
polar molecule. This structure allows for the formation of hydrogen bonds, both between
water molecules and with other polar substances. which makes them excellent solvents.
Moreover, the study of water is fundamental for understanding the biological world. In
the case of molecular biology, besides acting as a medium for nutrient transport, water
interactions have a direct effect on protein folding, stability, and function as well as lipid

membrane dynamics.

Specifically, water molecules interact closely with lipid head groups, forming hydration
layers that significantly affect lipid dynamics, diffusion, and conformation. Studying
these interactions can influence the design and efficacy of drug delivery systems, such as
liposomes, or aid in the development of completely new delivery systems that increase

bioavailability or target specific tissues.

Water also plays a crucial role with proteins by stabilizing their structure through
interactions with polar and charged groups on the protein’s surface. Water also acts as a
medium for facilitating biochemical interactions, allowing proteins to interact with other
molecules. Water molecules interact closely with proteins by forming hydration shells
around their surfaces. These hydration shells influence protein dynamics, including how
proteins move, bind to other molecules, and carry out biochemical reactions. Studying
these interactions can have significant implications for drug design, as it helps in un-
derstanding how proteins behave in various environments. This knowledge can guide
the development of protein-based therapies or enhance the delivery of drugs that target

specific proteins, potentially improving efficacy and reducing side effects.



In this dissertation, we primarily focus on characterizing water in the context of lipids
and protein condensate systems. Firstly, we explore lipid-water interfaces aiming to
understand how differences in lipid chemistry can affect water orientation. To do this,
we performed molecular dynamics (MD) simulations of membranes composed of different
lipid types, and analyzed the orientation of water molecules at their interface. Our work
shows that lipid tail chemistry plays a lesser role in affecting the orientation of water
molecules, compared to lipid organization. This highlights how lipid spatial arrangement

and collective behavior impact water structure at the lipid interface.

Another biological system that we study is the Fused in sarcoma (FUS) protein. This
protein has been extensively studied due to its propensity for self-assembly into stress
granules within cells, and the formation of inclusion bodies observed in amyotrophic lateral
sclerosis and other neurodegenerative diseases. The key driver behind this self-assembly
is the intrinsically disordered low-complexity (LC) domain of FUS. Various factors, in-
cluding pH, temperature, ionic strength, and molecular crowding, can trigger FUS LC

condensation, making it an ideal model for investigating protein condensates.

Protein condensates create distinct biochemical environments that can promote or
inhibit specific reactions without the need for membrane bound organelles. By concen-
trating enzymes and substrates, they enhance reaction rates, whereas their exclusion of
other molecules can suppress undesired interactions. This form of compartmentalization

is critical in processes like RNA metabolism.

In our work, we shed light into the hydrogen-bonding environment within these
condensates, a crucial factor in solvation. We focused on the exploration of the the
intricate water-protein hydrogen-bond dynamics within condensates formed by the low
complexity domain of FUS LC. To achieve this, we conducted a multidisciplinary and
inter-institutional research project. This resulted in the collaboration between the Max
Planck Institute of Polymer Research, specifically its Theory and Molecular Spectroscopy
departments, and the Department of Biomedical Engineering at the University of Texas,
Austin. In this collaborative effort, we analyzed the dynamics of water within FUS LC
condensates and contrasted it with the dynamics of water in fully solvated FUS LC protein,

both experimentally and theoretically. Specifically, Sayantan Chatterjee provided the
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FUS LC samples, N conducted 2D infrared (2D IR) spectroscopy to record
the FUS LC spectra, and I performed the molecular dynamics simulations and theoretical
analysis. When used together, Spectroscopy and MD simulations provide a clear picture

of molecular behavior.

The 2D IR experiments indicated that the spectral diffusion dynamics of FUS LC in
condensed droplets is approximately twice as slow compared to its dynamics in a homo-
geneous solution. This led us to hypothesize that the observed differences in dynamics
result from a deceleration of hydration dynamics for FUS LC within the condensate. To
investigate this hypothesis, we conducted fully atomistic MD simulations of FUS LC and
its solvated form. We analyzed the lifetimes of hydrogen bonds between the amide (C=0)
groups of the protein chains and water molecules in both the condensed and solvated
phases by calculating the time autocorrelation function, also known as survival function.
This analysis confirmed that hydrogen bond lifetimes between water and the amide groups
are significantly longer (approximately 40%) for FUS LC in the condensates, compared to
dilute FUS LC. Our findings reveal that water dynamics inside the condensate are slower
than their dilluted counterparts. We suggest that these distinct dynamics on picosecond
time scales can be attributed to slowed hydrogen-bonding dynamics in the hydration shell

surrounding the condensate.

Taking advantage of the detailed atomistic level insights that MD simulations provide
into the structure of water molecules and proteins within the condensate, we extend our
work to investigate how water molecule networks arrange themselves inside the condensate.
Due to the huge amount of data, consisting of more than 3 billion data points, we designed
a graph analysis based formalism to study and classify the protein-protein and protein-
water interactions at an amino acid level resolution, where we observed that tyrocine and
glutamine, form microenvironments of crowded contact networks in relation to other amino
acids. Then, in order to characterize the water structure in these microenvironments, we
calculated the tetrahedral order parameters, showing a disruption of water structure in
crowded environments. Thanks to the combination of such powerful techniques, graph
analysis and MD simulations allowed us to elucidate the key players in forming intricate

protein-protein and protein-water networks.
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In summary, we showcase that a molecule as simple as water, is not merely a solvent,
but an active component of biological systems, shaping interactions in lipids as well
as in protein condensates. Aided by the atomistic resolution that molecular dynamics
simulations provide, we were able to capture the fine details of how water dynamics

function in the context of these biological systems.
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Chapter 1

Introduction

Proteins are basic structural, functional, and regulatory molecules present in all
living organisms. They are encoded in the genetic code and synthesized through a
process called translation, which occurs in ribosomes. Translation is the mechanism
by which the sequence of a messenger RNA molecule is decoded to produce a specific
sequence of amino acids, forming a protein. Proteins are made from basic building
blocks called amino acids and are involved in various biological processes, making
them essential for cellular function. For this reason, their study is fundamental to

understanding the macromolecular world.(1).

The study of proteins has a history spanning centuries of scientific research. The
term " protein” itself has a Greek origin, derived from the word ”proteios”, meaning pri-
mary or first place. However, it wasn’t until the 19th century that scientists recognized
proteins as distinct entities within living organisms, separate from other biological
macromolecules such as carbohydrates and lipids, In the early 18th century, French
chemist Hilaire Rouelle coined the term ”albumen” to describe egg white, marking
one of the earliest identifications of a protein(2). In 1838, Swedish chemist Jons
Jakob Berzelius introduced the term ”protein” to encompass a class of nitrogen-rich

compounds in living tissues.
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Further advancements in protein chemistry occurred in the late 19th and early
20th centuries. Friedrich Miescher’s discovery of nucleic acids briefly shifted focus, but
attention soon returned to proteins as the isolation of various types of proteins, such

as enzymes, antibodies, and hemoglobin, provided diverse research paths.

The 20th century brought the introduction of X-ray crystallography, a groundbreak-
ing technique for determining the three-dimensional structures of structured proteins.
This method works by directing a beam of X-rays at a crystallized protein sample. As
the X-rays pass through the crystal, they are scattered by the electrons in the atoms of
the protein, creating a diffraction pattern. This pattern, when captured on a detector,
contains information about the atomic arrangement within the crystal. With this
information is possible to construct an electron density map, which reveals the precise
positions of atoms in structured proteins. In 1957, Francis Crick proposed the central
dogma of molecular biology (3), suggesting an unidirectional flow of information from
DNA to RNA to proteins. Which became a guiding principle for molecular biology

research.

The late 20th and early 21st century witnessed the rise of proteomics, a field dedi-
cated to the large-scale study of proteins, their structures, functions, and interactions

within a biological system.

With innovations in mass spectrometry, protein sequencing, cryo electron microscopy
and recombinant DNA technology. In recent years, systems biology has gained traction,
considering proteins within the context of large biological ensembles. This integrative

perspective aims to understand the interplay between proteins and other biomolecules.

Nevertheless, as protein structures were being deciphered, the limitations of struc-
tural information obtained from methods like X-ray crystallography, which provide a
snapshot of a protein in a single, fixed conformation became apparent. While these
methods are invaluable for understanding protein structure, they do not capture the

inherent flexibility and dynamic behavior of proteins in their natural, fluctuating states.



Proteins are not rigid entities; they undergo constant movements, such as folding,
conformational changes, and interactions with other molecules, all of which are essential
to their function. This highlighted the need for methods that capture the dynamic
nature of proteins. This led to the use of molecular dynamics, whose origins can be
traced back to the 1950s and 1960s. In the 1970s, McCammon and Gelin (4 ) conducted

the first molecular dynamics simulation of a protein.

Over subsequent decades, molecular dynamics expanded with advancements in
computational power and methodology. Supercomputers enabled more extensive and
realistic simulations trough the use of force fields specifically designed to capture the
movement of biological molecules, capturing the movements of thousands of atoms over
longer timescales. A force field is a mathematical model used to describe the interac-
tions between atoms and molecules through potential energy functions that calculate
the forces acting on particles. Force fields, such as CHARMM(5) and AMBER(6),
were developed to describe atom interactions, more the accurately. These force fields
are based on classical approximations, meaning they use classical mechanics rather than
quantum mechanics to approximate atomic and molecular behavior. This approach

enhances the accuracy of simulations while maintaining computational feasibility.

Molecular dynamics is playing a vital role in understanding basic principles of
protein folding, providing insights into the processes by which a linear chain of amino
acids can assume its functional three-dimensional structure. Currently simulations can
provide guidance into possible folding trajectories, driving forces, and key intermediates,
and can shed light on protein unfolding dynamics, revealing the stability of different

structural motifs and the impact of external factors.

Water molecules have a unique ability to form intricate networks of hydrogen bonds
due to their polar nature, which allows them to interact with a variety of functional
groups present in proteins and lipids. Around proteins, water molecules form hydration
shells that envelop the protein surface, contributing significantly to the protein’s stabil-

ity and structural dynamics (7). These hydration shells not only solvate the protein,
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but also play a vital role in mediating protein-protein interactions, ligand binding, and

enzymatic activity.

Understanding the interplay between water molecules and biological molecules like
proteins and lipids is crucial in comprehending the fundamental mechanisms governing
biological processes. Their interactions play a pivotal role in dictating the structure,

stability, and function of macromolecules (7).

Water molecules have a unique ability to form intricate networks of hydrogen bonds
due to their polar nature, which allows them to interact with a variety of functional
groups present in proteins and lipids. Around proteins, water molecules form hydration
shells that envelop the protein surface, contributing significantly to the protein’s stabil-
ity and structural dynamics (7). These hydration shells not only solvate the protein,
but also play a vital role in mediating protein-protein interactions, ligand binding, and

enzymatic activity.

The mobility of water molecules around proteins and lipids are highly dynamic and
heterogeneous, for these reason their role at the interface of proteins and lipids are
influenced by factors such as temperature (8), pressure (9), pH (10), and the specific
chemical and structural features of the biomolecules involved. Molecular dynamics
simulations, spectroscopic techniques like NMR, (11), X-ray crystallography (12), and
theoretical models (13) have provided insights into the spatiotemporal behavior of

water molecules in these biological systems

A comprehensive understanding of water structure and dynamics around proteins
and lipid systems is essential for unraveling the underlying principles governing biologi-
cal functions, drug interactions, and the design of novel therapeutics. Investigating
these interactions at the molecular level not only sheds light on fundamental biological
processes but also holds immense potential for various biotechnological and pharmaceu-

tical applications. The exploration of water behavior within these biological contexts



Background and motivation

continues to evolve, offering opportunities for further research and discoveries in the

realm of physics, biophysics, biochemistry, and structural biology.

1.1 Background and motivation

1.1.1 Protein structure

The functionality of proteins is not solely determined by their individual structures
but is also influenced by their interactions with other bio molecules. Among these
interactions, protein-protein, protein-solvent, and protein-lipid interactions stand out

as pivotal contributors to the dynamic and intricate nature of cellular processes.

The structure of proteins is hierarchically organized. At the primary level, proteins
are linear chains of amino acids linked together by peptide bonds. The sequence of
amino acids in a protein is determined by the genetic code in an organism’s DNA. This
sequence, known as the protein’s primary structure (Figure 1.1), serves as a foundation

for its three-dimensional shape and function (14).

The secondary structure of proteins arises from folding and interaction of neigh-
boring amino acids. Common secondary structures include alpha helices and beta
sheets, which result from hydrogen bonding between amino acids. These structures
contribute to the overall stability and function of the protein (14). Water, with its
ability to mediate hydrogen bonding, plays a vital role in ensuring the proper formation

of these secondary structures, contributing significantly to protein stability and function.

Tertiary structure refers to the three-dimensional arrangement of the entire polypep-
tide chain. It is influenced by various interactions, such as hydrogen bonding, disulfide
bridges, ionic bonds, and hydrophobic interactions. The final, functional form of a

protein is often determined by its tertiary structure (14).
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In some cases, proteins may consist of multiple polypeptide chains, each with its
own tertiary structure. The quaternary structure refers to the arrangement of these
individual chains and the interactions between them. Hemoglobin, for instance, is a

globular protein with quaternary structure, composed of four polypeptide subunits (14 ).

Primary structure Secondary structure

a-helix

Polypeptide chain

Subunit 1 Subunit 2

Figure 1.1: Protein Hierarchical organization. Proteins have four levels of hierarchical
organization, consisting of primary, secondary, tertiary and quaternary structures (Created
with BioRender.com).

Proteins can have different functions. They can serve as enzymes, catalysts that
facilitate biochemical reactions, as structural proteins providing shape to cells and

tissues, as transport aiding in the movement of substances across membranes, as
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hormones, acting as signaling molecules, or as antibodies, contributing to the immune

system’s defense against pathogens(1/).

Proteins that only have a primary structure are known as intrinsically disordered
proteins, or IDPs. In some cases proteins may contain structured and unstructured
regions; in this case, unstructured sections are called intrinsically disordered regions or

IDRs.

1.1.2 Relevance of protein-protein, protein-solvent, lipid-solvent and protein-

lipid interactions
Protein-protein interactions

Protein-protein interactions orchestrate the regulation of numerous cellular processes,
including signal transduction, gene expression, and metabolic pathways. Understand-
ing the specificity, affinity, and dynamics of these interactions provides insights into
the coordination and fine-tuning of cellular functions (15). Likewise, deregulation of
protein-protein interactions is implicated in various diseases, such as cancer, neuro-

degenerative disorders, and infectious diseases (16).

However, protein-protein interactions play an important role in drug discovery and
design. Many pharmaceutical molecules target protein-protein interactions to modulate
cellular pathways. A comprehensive understanding of these interactions facilitates the
rational design of drugs that selectively interfere with specific protein complexes (17)

(18).

Protein-solvent interactions

The solvent environment significantly influences protein stability, aggregation, and
folding. An example of solvent affecting protein behavior is that the solubility of a

protein can change with the pH of the solvent. For instance, casein, a protein found in
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milk, is soluble in the pH range of about 6.6 to 7.0 (19). However, if the pH is lowered,
casein can precipitate out of solution due to changes in the ionization of its amino
acid side chains. This phenomenon is often used in cheese-making, where the acidic
environment leads to the coagulation of casein. Another example of solvent affecting
protein behavior is how the presence of salts in the solvent can also affect protein
solubility. For example, high ionic strength can shield the charges on a protein’s surface.
This can lead to reduced electrostatic repulsion between protein molecules, which may
lead to protein aggregation or precipitation (20). At low ionic strengths, proteins may
be more soluble due to the increased repulsion between their similarly charged surfaces.
Furthermore, hydrogen bonding between the protein surface and water molecules (1.2)
in the solvent plays a critical role in maintaining protein solubility and stability. These
bonds help stabilize the protein’s structure by facilitating hydration of the polar and
charged groups on the protein surface. For this reason is necessary to understand the
protein-solvent interactions which allows to elucidate mechanisms for proper protein

function (7).

Figure 1.2: Protein-water hydrogen bond. Protein backbone can form hydrogen bonds
with water molecules, the figure shows a water molecule donating it’s hydrogen atom to the
oxygen of the amide group of an amino acid in order to form an hydrogen bond

Another biological process where solvent plays a fundamental role is enzyme cataly-
sis one example where solvent affects protein behavior is with serine proteases these are

a class of enzymes that utilize a serine residue in their active site to perform hydrolysis
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of peptide bonds. In an aqueous environment, water serves as a medium for substrate
binding and product release, and it also participates in the reaction by stabilizing the
transition state and providing protons during hydrolysis. But when instead of water the
protein is surrounded by an organic solvent like ethanol, it can alter the polarity and
dielectric constant of the medium, affecting protein conformation and dynamics, and in
this case enhance the catalytic activity of some serine proteases by promoting a more
flexible enzyme structure. However, at very high concentrations, organic solvents can
denature the enzyme, reducing its activity. Another reason by which organic solvent
can affect catalysis is due the solvent polarity, this can influence the ionization states of
amino acids in the active site, impacting the enzyme ability to interact with substrates
(20). these are some examples of how solvent molecules participate in enzyme catalysis
by influencing the micro-environment around active sites. Studying the intricacies of
these protein-solvent interactions can aid to understand enzyme kinetics and substrate

specificity (21).

1.1.3 Lipid-solvent interactions

Lipids can be broadly defined as amphiphilic small molecules, the amphiphilic
nature of lipids allows them to form structures such as vesicles and membranes in
an aqueous environment (22). Phospholipids are a particular class of lipids, these
molecules are caracterized by having an hydrophilic head containing a phosphate group,

and most of them contain two hydrophobic tails composed of fatty acids (23).

Lipid headgroup chemistry

Of particular interest for this dissertation are two particular types of lipid head-
groups. Phosphatidylcholine (PC) and phosphatidylethanolamine (PE) which are two
major classes of phospholipids that differ by the chemistry of their headgroup. PC lipids
have a choline group attached to their phosphate heads, which contains a trimethy-
lamine structure. This headgroup is bulky and more hydrophilic than PE due to the

presence of charged atoms (24). For this reason, PC lipids tend to pack more loosely.
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This loose packing allows for higher hydration around the lipid headgroups, as water

can easily penetrate and interact with the exposed phosphate and choline moieties (24).

PE lipids, on the other hand, contain an ethanolamine headgroup, which is small
and has a primary amine (-NH2) attached to an ethyl group. This headgroup has a
more compact and less bulky structure compared to PC (24). The smaller ethanolamine
headgroup in PE lipids allows for tighter packing. This tight packing reduces the
amount of water that can interact with the headgroup, creating a more hydrophobic

environment around lipid-water interfaces.

Lipid tail saturation

Saturation refers to whether the fatty acid chains have double bonds (unsaturated)
or only single bonds (saturated) along their lipid tails, each impacting the lipid’s

behavior and way to interact with with water.

Saturated fatty acid chains contain no double bonds, meaning that the hydrocar-
bon chain is fully saturated with hydrogen atoms. As a result, the tails are straight
and can pack closely together. Tighter packing reduces the hydration shell around
the lipids, due to the lack of space for water molecules to interact with the head-
groups or to penetrate into the membrane. This less hydrated surface and can lead to

a more structured, but thinner layer of water molecules around the lipid membrane (25).

On the other hand, unsaturated fatty acid chains have one or more double bonds,
introducing kinks in the tail. These kinks prevent the tails from packing as tightly,
creating more space between the lipids, resulting in a more fluid and dynamic mem-
brane. This conformation increases the hydration of the membrane and enhances the

interaction between water and the lipid headgroups.
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Lipid tail

Interactions between short lipid tails experience reduced Van der Waals forces,
resulting in a fluid membrane with enhanced water interactions at the surface. This

leads to a more dynamic and fluctuating hydration shell.

Long tails, however, increase Van der Waals interactions, resulting in more rigid
and ordered membranes. This rigidity reduces the mobility of the headgroups, de-
creasing their interaction with surrounding water molecules. In this conformation,

the water molecules remain largely restricted to interact with the polar headgroups (26).

In summary, longer and fully saturated lipids will form a more structured layer

than shorter unsaturated lipid tails.

Protein-lipid interactions

Proteins interact with lipids in cell membranes, influencing membrane structure,
fluidity, and permeability. This is critical for cellular processes such as signal transduc-
tion, membrane trafficking, and cell-cell communication (27). Exploiting protein-lipid
interactions is integral to the design of drug delivery systems. Tailoring these inter-
actions enables the development of carriers that enhance drug solubility, stability,
and targeted delivery (28). An example of a lipid interacting protein that has taken
relevance in recent years are G protein-coupled receptors (GPCRs). GPCRs have a
characteristic structure made up of seven transmembrane alpha-helices. These helices
span the lipid bilayer of the cell membrane, with portions of the receptor extending
outside the cell and a portion extending into the cytoplasm (29). When a signaling
molecule, such as a hormone protein, binds to the extracellular portion of the GPCR, it
induces a conformational change in the receptor. This conformational change activates
an associated G-protein on the intracellular side. The G-protein then dissociates into
its subunits, which can interact with other intracellular signaling pathways, leading to

a cellular response. The lipid bilayer is crucial for anchoring the GPCRs and allowing

11
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the proper alignment and interaction with not only the ligand, but also the G-proteins
and downstream signaling molecules. GPCRs are among the most important drug
targets, with a significant fraction of therapeutic molecules targeting them. Drugs
like beta-blockers (30), antihistamines (31) and antipsychotics (32) exemplify their
therapeutic versatility. A recent successful therapeutic case involving a GPCR receptor
are the GLP-1 antagonists that have been developed for treating diabetes, and more

recently, as weight loss drugs (33).

1.1.4 Relevance to biological systems and related pathologies

Water, a seemingly ubiquitous component of biological systems, is more than
a simple passive medium for functional macromolecules to diffuse within biological
systems. Its unique molecular structure, characterized by hydrogen bonding, shapes the
dynamic landscapes of biomolecular interactions. Water molecules dynamically cluster

and reorganize, participating in the conformational flexibility of biological molecules.

1.1.5 Motivation behind studying systems that are biological relevant and

experimentally

The reason behind investigating systems characterized by both biological relevance
and experimental feasibility comes from the importance of establishing a connection
between theoretical frameworks and empirical substantiation. This approach serves to
amplify the utility of the results, favoring implementation of theoretical understanding
and empirical applicability. This dual emphasis enriches the understanding of biological
processes. Specifically, our investigation of slowing water dynamics in intrinsically disor-
dered proteins IDPs using spectroscopy and MD simulations exemplifies this approach.
Spectroscopy provided direct empirical evidence of altered hydration dynamics near
IDPs, while MD simulations offered a detailed theoretical framework to interpret these
changes at the molecular level. The integration of these methods not only validated
the findings but also provided a deeper understanding of the interaction between IDPs

and their hydration shell.
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1.2 Research objectives

1.2.1 Scope of this dissertation

In this dissertation, we employ a combined approach of spectroscopy, network
science theoretical framework and molecular dynamics simulations to characterize the
environmental, structural, and dynamic processes of water molecules within distinct

biological systems. Focusing on protein condensates and lipid monolayers.

Molecular dynamics simulations provide an ideal tool for understanding the dy-
namics of biological systems at an atomistic resolution. The simulations give access to
the dynamic and structural properties of water molecules around the disorder protein

systems studied in this dissertation.

Network science provides a theoretical formalism for understanding interactions
between biomolecular systems and their solvent environments. By abstracting com-
plex structures into network representations, we quantify spatial relationships and
connectivity patterns within protein networks and water molecules. Applying this
methodology to protein condensates provides insights into the spatial organization and

connectivity of water within these condensates.

Integration of these two techniques permits a methodological and efficient path to
analyze and interpret the vast amount of data obtained from the simulations.
1.2.2 Hypothesis and research questions

The aim of this dissertation is to answer the following questions:

e How is the orientation of water differ at the interface of lipid monolayers, and

does this orientation exhibit sensitivity to variations in lipid chemistry?

e Do the dynamics of water inside protein condensates differ from their diluted
counterparts, indicating differences in the interactions within these respective

environments?

13
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e What are the defining features of the environment within protein-protein networks?

e Do water molecules exhibit distinct structural arrangements within protein con-
densates, and if so, are these structural differences localized to specific regions

within the condensate environment?

1.2.3 Significance of research contributions

Understanding water structure and orientation at lipid monolayers is crucial for
designing drug delivery systems like liposomes and for developing biomimetic materials.
The behavior of water at lipid interfaces can affect how these systems encapsulate and

release drugs, influencing their efficiency and bioavailability.

In the case of molecular condensates there is evidence linking protein aggregation
to the pathogenesis of neurodegenerative diseases. Proteins like FUS, undergo phase
separation to form condensates. When this process is dysregulated, it can lead to the
formation of solid protein aggregates, mutations in these proteins disrupt their normal
phase behavior, promoting pathogenic aggregation and neurotoxicity, which has been

linked to neurodegenerative deseases like ALS (34).

Another case of pathologies driven by protein condensates are those derived from
mistranslocation or mutation. A notable example being oncogenes, like MYC (35)
and BRD4 (36). When mistranslation or mutations occur, these proteins can form
condensates (37). These condensates play a role in upregulating expression of genes
that drive cancer cell proliferation, the study of these condensates has led to the
development of inhibitors capable of disrupting these condensates, offering a potential
therapeutic target in cancers such as acute myeloid leukemia (AML) and breast cancer

(38).

Therefore, understanding the precise atomic-level mechanisms driving the formation
of these condensates is of therapeutic interest. Studying the water environment in

these biological systems will increase our understanding of neurodegenerative disease
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development and also allow for the development of targeted therapeutic mechanisms.
By unraveling the atomistic details governing the assembly of molecular condensates,
novel strategies may emerge with the potential to modulate or disrupt these structures,

which might provide a path to disrupt the pathological aggregation of these biomolecules.

15






Chapter 2

Theoretical background

This theoretical framework draws upon foundational concepts outlined in several
texts, including: T. Hill, An Introduction to statistical mechanics, 1986 (39); M.
Rubinstein, Polymer physics, 2003 (40); D. Frenkel, B. Smit, Understanding molecular
simulation, 2023 (41); F. Menczer, S. Fortunato, C. A. Davies, A first course in network

science, 2020 (42) and GROMACS documentation section (43, 44).

Biophysics is an interdisciplinary science that applies the principles and techniques
of physics to study biological systems. This chapter lays the groundwork for delving
into the key principles that underpin the relation between physical concepts and
biological systems. The complexity of biological systems requires an interdisciplinary
approach, where the rigor of physics is employed to shed light to complex biological
processes. Aiming to understand the principles that govern molecular interactions,
thermodynamic landscapes, dynamic behavior of biomolecules and provide a theoretical

framework for interpreting experimental observations and computational simulations.

17
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2.1 Statistical mechanics

Statistical mechanics is a branch of physics that aims to understand the behavior
of macroscopic systems by analyzing the statistical properties of their microscopic
constituents. It provides a powerful framework for describing and predicting the thermo-

dynamic properties of gases, liquids, solids, and complex systems like biological systems.

Statistical mechanics is a fundamental tool to understand protein folding pathways
and conformational dynamics. By modeling the energy landscapes and probability
distributions of protein conformations, it’s possible to understand structural transitions
of proteins. Statistical mechanics theoretical principles can also be directly applied to
create computational models that serve as a tool to understand biological processes,

improve experimental design and perform large scale computational analyses.

2.1.1 Microstates and Macrostates

In statistical mechanics, a microstate refers to a specific configuration of the
microscopic components like atoms, molecules or particles in a system, characterized by
their positions and momenta. A macrostate, on the other hand, describes the overall
properties of the system at a macroscopic level, such as temperature, pressure, and

volume.

2.1.2 Thermodynamical ensembles and probability distribution

A thermodynamic ensemble is a collection of possible states of a system, each of
which has a certain probability of occurring. It provides a theoretical framework for
describing the statistical properties of systems in equilibrium. There are several types
of thermodynamic ensembles, each used for different types of theoretical systems. In
the microcanonical ensemble, the system is isolated and its energy E, volume V', and
number of particles IV are fixed. The microcanonical ensemble describes systems where

the system’s energy is conserved.
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Its possible to discuss the equivalence of different ensembles through Legendre

transformations and the relationship between extensive and intensive quantities.

The microcanonical ensemble is defined by the extensive quantities N, V', and FE,
which correspond to the number of particles, volume, and total energy of the system,
respectively. In contrast, the canonical ensemble is constructed by relaxing the con-
straint on energy and allowing the system to exchange heat with a reservoir at a fixed
temperature T', which is an intensive quantity. The transition from the microcanonical
to the canonical ensemble is achieved through a Legendre transformation of the entropy

S, converting the internal energy dependence to a dependence on temperature.

F(T,V,N)=E —TS§, (2.1)

where F' is the Helmholtz free energy. Here, T = <g_§)v y acts as the intensive

conjugate variable to the entropy S.

Similarly, the grand canonical ensemble is constructed by allowing the system to
exchange particles with a reservoir, fixing the chemical potential x as the intensive
conjugate of the particle number N. This is again achieved through a Legendre trans-

formation, this time involving the Helmholtz free energy:

QUT,V,u)=F —uN =E—-TS — uN, (2.2)

where () is the grand potential, and pu = (8—E) 5y s the intensive variable associated

N
with N.

The different thermodynamic ensembles (microcanonical, canonical, and grand
canonical) are related by Legendre transformations, which enable the interchange of

extensive quantities (E, N, V') with their corresponding intensive conjugates (7', i, P).
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The equivalence of ensembles arises in the thermodynamic limit, where fluctuations
in the exchanged quantities become negligible relative to the total system size, ensuring

that the macroscopic properties predicted by each ensemble converge.

The probability distribution function for the microcanonical ensemble is given by:

P(E)= —— (2.3)

where Q(F) is the number of microstates corresponding to energy F.

The canonical ensemble describes systems in thermal equilibrium with a heat bath
at constant temperature 7'. In this ensemble, the system is allowed to exchange energy

with the surroundings but has fixed volume V' and number of particles V.

The central concept in statistical mechanics is the probability distribution function,
which gives the probability of finding a system in a particular microstate. In the
canonical ensemble, the probability P; of finding a particle in the i** energy state is

given by the Boltzmann factor:

P, = (2.4)
where:
e P is the probability of finding a particle in the i** energy state.
e [; is the energy of the i'" state.
1

o (= LT 1S the reciprocal of the product of Boltzmann’s constant (kg) and the

temperature (7).
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e 7 is the partition function, which ensures that the probabilities sum up to unity:
Z =Y e (2.5)

The Boltzmann factor e ?F decreases exponentially with increasing energy, mean-
ing that lower energy states are more likely to be occupied than higher energy states

at thermal equilibrium.

The Boltzmann distribution describes the probability of a system occupying a par-
ticular energy state. It implies that particles tend to occupy lower energy states more
frequently, as these states have higher probabilities according to the Boltzmann factor.
It aids in our understanding of the behavior of gases, such as the distribution of molec-
ular speeds in a gas. In solid-state physics, it describes the distribution of electrons
among energy bands. I the case of biological systems the Boltzman distribution serves
as a link between statistical mechanics and sampled states of a system. Analyzing
the probability distribution of molecular states allows us to interpret experimental

observations and infer the equilibrium states of biological systems.

The grand canonical ensemble extends the canonical ensemble by allowing both
energy and particles to exchange with the surroundings. It describes systems in equi-
librium with a reservoir at constant temperature 7', chemical potential x4, and volume

V. The probability distribution function for the grand canonical ensemble is given by:

1
pP= Ee*w*#m (2.6)

where Z is the grand canonical partition function.
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In principle, any thermodynamic ensemble can be applied to study theoretical
systems when considering a large enough system where fluctuations become negligible.
But in practice, the choice of ensemble depends on the specific constraints and condi-

tions of the system being studied.

In MD simulations, NVT ensemble is preferred in certain biological contexts where
controlling the volume and temperature is more critical than avoiding pressure fluctua-
tions. An example of this, are lipid monolayers membranes, which can be better studied
under NVT conditions when their structure is already well-defined, and the goal is to
understand their internal dynamics or interactions with surrounding water or solutes.
Maintaining a constant volume in NV'T simulations helps stabilize the organization of
lipids and enables focusing on specific interactions, such as lipid-lipid interactions or
how water organizes around lipid heads. Overall, NVT simulations are advantageous
in these biological systems because they focus on precise temperature control and
internal dynamics, avoiding complications from pressure fluctuations, which may not

be biologically relevant or necessary in such contexts.

For systems where a protein is solvated by water or another solvent, NPT simula-
tions are typically employed when is relevant to ensure that the system matches the
pressure of an experimental setup. NPT allows for fluctuations in the system’s volume
to account for solvent compressibility. This is particularly important for studying
large, flexible proteins, as the interactions between the protein and the surrounding
solvent need to be accurate for understanding folding, dynamics, or solvent-accessible
surface areas. Overall the choice of ensemble in MD simulations depends on the desired
observables and constraints like temperature, or pressure control, than on intrinsic

restrictions of the system itself.
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2.1.3 Entropy

Entropy is a fundamental concept in biology, physics, chemistry, and informa-
tion theory. It is a measure of the disorder or randomness in a system and plays a
crucial role in thermodynamics and statistical mechanics. Thermodynamic entropy,
statistical mechanics entropy, and information entropy can be understood as different
points of view of the same fundamental concept. The measure of disorder, uncer-
tainty, or information in a system. They are equivalent in that they all provide a

way to quantify the number of possible microstates or configurations a system can have.

In statistical mechanics this corresponds to the number of microstates that cor-
respond to a particular macroscopic state. In information theory, it’s the number of
possible outcomes or messages that can be communicated or the uncertainty about

which state the system is in.

In biology, however, the concept of entropy is utilized to analyze the diversity of
molecular configurations within biological systems, and to quantify molecular disorder.

The entropy (S) of a system can be expressed in terms of the partition function as:

S =kpn(Z) + kpB(E) (2.7)

where kp is Boltzmann’s constant, (E) is the ensemble average of the system, and

1

f = —= is the reciprocal of the product of Boltzmann’s constant and temperature (7).

kT

However, other thermodynamic quantities such as internal energy (U), Helmholtz free
energy (F'), and Gibbs free energy (G) can also be expressed in terms of the partition

function.

The entropy of a system can be expressed as:

S = kpn(Q) (2.8)
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where kg is Boltzmann’s constant and €2 is the number of microstates corresponding
to the macroscopic state of the system. This equation, known as Boltzmann’s formula,

relates entropy to the multiplicity of possible microscopic arrangements of the system.

The second law of thermodynamics states that the entropy of an isolated system

tends to increase over time. This is often expressed as the Clausius inequality:

AS > (2.9)

NI

where AS is the change in entropy, () is the heat added to the system, and 7" is the
temperature. This inequality implies that in any irreversible process, the total entropy

of the system and its surroundings must increase.

In statistical mechanics, entropy is related to the probability distribution of mi-

crostates. For a system with discrete energy levels, the entropy can be expressed as:

S=—ks Y Pn(P) (2.10)

where P is the probability of finding the system in the i** microstate.
For a continuous energy spectrum, the entropy is given by:

S = —kp / P(E)In(P(E))dE (2.11)

Entropy thus quantifies the uncertainty associated with the distribution of mi-

crostates in a system.

In information theory, entropy is a measure of the uncertainty or randomness in a
set of data. It quantifies the average amount of information produced by a random
variable. The entropy of a discrete random variable X with probability mass function

P(X) is given by:
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H(X) = = Y P(x) logy(P(x)) (2.12)

where the sum is taken over all possible values of X. For a continuous random variable,

the entropy is defined similarly using the probability density function.

2.2 Solvation

Solvation energy, is the quantity of energy associated with dissolving a solute in

a solvent, quantifies the energetic cost or gain associated with solute-solvent interactions.

Solvation is the process by which solvent molecules interact with and surround
solute molecules, is a highly relevant phenomenon in biophysics that influences the
stability, structure, and dynamics of biomolecular systems. The interaction between
solvent molecules and biomolecular surfaces influences the stability and reactivity
of macromolecules such as proteins, and lipids. Understanding solvation energies
is crucial for deciphering the molecular forces that govern biomolecular interactions
in physiological solution, and play a vital role in multiple biological processes, such
as protein folding and protein agregation. The hydrophobic effect, driven by the
tendency of non polar molecules to minimize contact with water, is a prominent
contributor for solvation energies in proteins. The release of water molecules from
hydrophobic aminoacids during protein folding contributes to a favorable solvation

energy, influencing the overall stability of the folded protein structure.

2.2.1 Solvation Energy

Solvation energy, denoted by AGg.y, is the change in Gibbs free energy associated

with the solvation process. It can be expressed as:

AG'solv - A-[—-[solv - TASSOIV (213>

where:
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e AH,,, is the enthalpy change of solvation, representing the energy released or

absorbed when solute molecules interact with solvent molecules.

e AS,,, is the entropy change of solvation, reflecting the increase or decrease in

randomness associated with the solvation process.

e T is the temperature.

2.2.2 Factors Influencing Solvation Energy

The solvation energy of a solute depends on various factors, including;:

1. Nature of solvent: Different solvents have different solvation energies due to

variations in polarity, hydrogen bonding capability, and dielectric constant.

2. Nature of solute: The size, charge, and polarity of the solute molecule influence

its interaction with solvent molecules and hence the solvation energy.

3. Temperature: Solvation energy is temperature-dependent, with both enthalpy

and entropy contributions varying with temperature.

4. Concentration: Solvation energy may exhibit concentration dependence, espe-

cially in cases of solute-solute interactions or solvent-solvent interactions.

5. Pressure: High pressures can affect solvation energy by altering the solvent

density and compressibility.

2.2.3 Phase separation theory

Phase separation theory describes the spontaneous division of a homogeneous mix-
ture into two or more distinct phases. This phenomenon is observed in various systems,
including liquids, polymers, and colloidal suspensions. Phase separation occurs due to
minimization of the free energy of the system (AG). It occurs when the free energy
change is negative (AG < 0), indicating that the system can achieve a lower energy

state by forming distinct phases.
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The specific mechanism of phase separation depends on factors such as temperature,
pressure, composition, and interactions between molecules (45). Phase separation
theory provides a framework for understanding the spontaneous division of homoge-
neous mixtures into distinct phases. This fundamental concept in physics has gained
attention in the field of biophysics due to its role in organizing cellular compartments
and influencing cellular functions (45). This phenomenon permits the creation of
membraneless organelles or biomolecular condensates. These membraneless compart-
ments play a vital role in cellular processes, by bringing localized concentrations of

biomolecules and facilitating specific biochemical reactions.

In biological systems phase separation is driven by the balance of attractive and
repulsive forces among biomolecules. Weak multivalent interactions, such as protein-
protein interactions in IDPs contribute to the formation of liquid-liquid phase-separated
condensates. The dynamic nature of these interactions allows for the rapid and re-

versible assembly and disassembly of condensates.

There are several examples of phase separated biomolecular condensates, each with
distinct functions. Stress granules and P-bodies are involved in cellular stress responses
and mRNA regulation. Nuclear bodies, such as nucleoli, contribute to ribosomal RNA

processing.

Phase-separated condensates have been implicated in diverse cellular functions,
including gene expression regulation, signal transduction, and the response to cellular
stress. Dysregulation of phase separated biomolecular condensates are associated with
various diseases, including neurodegenerative disorders and certain cancers. Targeting
phase-separated condensates has gained importance due to its importance for drug
development, particularly in diseases where aberrant phase separation contributes to

disease.
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2.2.4 Phase separation of polymers
Flory-Huggins

The Flory-Huggins theory is a fundamental model in polymer physics that describes
the thermodynamics of polymer solutions and polymer blends. Developed indepen-
dently by Paul Flory and Michael Huggins in the 1950s (46, 47), this theory provides

insights into the mixing behavior of polymers and predicts phase separation phenomena.

To derive the Flory-Huggins model is necessary to take into account the following

considerations:

e The solution is modeled on a lattice, with each lattice site occupied either by a

solvent molecule or a polymer segment.

e The polymer chains are made up of several segments, each occupying one lattice

site.

e The mixing of polymer segments and solvent molecules occurs randomly, and

interactions are localized between adjacent lattice sites.

e The polymer-solvent interactions are described by the Flory-Huggins interaction
parameter, Y, which accounts for the energetic interactions between polymer and

solvent.

The derivation of the Flory-Huggins model consists in considering the entropic and
enthalpic contributions to the free energy of mixing. The free energy of mixing is

derived from the lattice model of mixing, first we consider the entropy of mixing.

The entropy of mixing AS,, for a system consisting of a polymer and a solvent,
arises from the number of possible configurations of polymer segments and solvent

molecules on a lattice.

Where:
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e N; be the number of solvent molecules, with each molecule occupying one lattice

site.

e Ny be the number of polymer molecules, with each polymer composed of r

segments (so the total number of polymer segments is rNy).
e ¢ and ¢y be the volume fractions of the solvent and polymer, respectively.

The entropy of mixing is given by the number of distinct ways to arrange solvent

molecules and polymer segments on a lattice:

N.
AS,, = —kp (N1 In ¢y + — In @) (2.14)
T
Where:

e kp is the Boltzmann constant,

— N1
° h= Ni+rN2

is the volume fraction of solvent,

o ¢y = NﬁVfM is the volume fraction of polymer.

This equation accounts for the configurational entropy lost when polymer chains,
which are much larger than solvent molecules, are arranged within the solvent. Due
to the connectivity of polymer chains, the entropy of mixing is significantly reduced

compared to a system of small molecules.

Next, we consider the enthalpy of mixing AH,,, which is determined by the
interactions between polymer segments and solvent molecules. The Flory-Huggins
interaction parameter y describes the energy difference between polymer-solvent and
solvent-solvent or polymer-polymer interactions.

The enthalpy of mixing is given by:

AHm = X12¢2N1kBT (215)

Where:

e Y is the Flory-Huggins interaction parameter,
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e N is the total number of lattice sites,
e T'is the temperature.

The interaction parameter y can be positive for unfavorable polymer-solvent in-
teractions or negative for favorable polymer-solvent interactions. Because of this a

positive x promotes phase separation, while a negative y favors mixing.

The total free energy of mixing AG,, is the sum of the entropic and enthalpic

contributions:

AG,, = AH,, — TAS,, (2.16)

Substituting the expressions for AS,, and AH,,, we obtain the Flory-Huggins free

energy of mixing per lattice site:

AG,, = kT (% In g1+ @2 In gy + X¢1¢2) (2.17)
Where:

e ¢ and ¢, are the volume fractions of the solvent and polymer, respectively,

e 1 is the number of segments per polymer chain,

e Y is the Flory-Huggins interaction parameter.

To move to a macroscopic (per mole) description, we scale the free energy by the

number of moles of molecules or segments.

Where:

e N; be the number of solvent molecules,

e N, be the number of polymer molecules,

e 1 be the number of segments per polymer molecule.

Thus, the total number of lattice sites N is:
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N:N1+TN2 (218)

This means that the number of lattice sites occupied by the polymer is proportional

to the number of segments in each polymer molecule, (7 x Ny).

To convert AG,, from per segment to per mole, we multiply by the total number

of lattice sites:

AGix = Na - AGy (2.19)

Substituting for AG,,:

AGnix = NaksT (% In g1 + @2 In g + X¢1¢2) (2.20)

We then use the fact that Nskg = R, where R is the gas constant. Thus, the

equation becomes:

1

AGnix = RT (7 Ing; + ¢2In gy + X¢1¢2) (2.21)

Now, we express the volume fractions ¢; and ¢, in terms of mole numbers:

sl 1o
_ __ T2 2.92
1 ny +rng’ P2 ny + rng ( )

Finally, the macroscopic equation for the free energy of mixing becomes:
AGhnix = RT (n1In ¢y + naIn ¢y + nyxer1¢2) (2.23)

where n; is the number of moles of solvent and ns is the number of moles of polymer.

By analyzing the Flory-Huggins free energy expression, one can predict the phase
behavior of polymer blends at different temperatures and compositions. For instance,
when x exceeds a critical value, phase separation occurs, leading to the formation of

two distinct phases, as shown in Figure 2.1. The phase diagram can be constructed
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based on the Flory-Huggins theory, providing valuable insights into the miscibility of
polymer blends.

Two phases

Homogeneous
solution

1 I L

Spinodal Binodal

Critical point 1/\VN

Figure 2.1: Phase diagram of phase separation displaying the critical point with the filled
black point, where phase separation does not occur. Depending of the values of ¢ and x (X
and Y axis) the system will be in homogeneous, coexistence or phase separated state. The
diagram illustrates the binodal and spinodal curve. The region between the binodal and
spinodal curves corresponds to the coexistence phase. In the region enclosed by the spinodal
curve, phase separation will occur.

Phase separation in polymer mixtures can occur through different mechanisms
depending on the thermodynamic conditions. One of the mechanisms is spinodal
decomposition, which occurs when the mixture is thermodynamically unstable with
respect to small perturbations in composition. In spinodal decomposition, the system
undergoes spontaneous phase separation without the formation of a distinct interface
between the phases. Another mechanism is binodal decomposition, which occurs when
the mixture is thermodynamically metastable with respect to small perturbations in

composition. In binodal decomposition, phase separation occurs through the nucleation
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and growth of small domains of one phase within the matrix of the other phase, leading

to the formation of a distinct interface between the phases.

Phase separation in polymer mixtures is governed by various factors such as polymer-
polymer interactions, temperature, and composition. In polymer solutions, liquid-liquid
phase separation occurs when the concentration of polymers surpasses a critical point,
resulting in the formation of coexisting polymer-rich and polymer-poor phases. This
phenomenon occurs in biological systems, one example of this phenomena lies within
intracellular environments, where macromolecules like proteins and nucleic acids can

liquid-liquid phase separate forming membraneless organelles.

2.2.5 Polymer theory for biological systems

Polymer physics provides an ideal theoretical framework for understanding biologi-
cal processes, offering insights into the behavior of biopolymers and synthetic polymers
within living systems. Polymer theory concepts, such as the Flory—Huggins theory,
allows to analyze the equilibrium conformations, structural transitions, and stability of

biopolymers.

In the realm of biological processes, concepts like Gibbs free energy, enthalpy and
entropy calculations based on polymer theory allow examining the energy of binding
events, such as protein—protein interactions or DNA—protein recognition. Polymer
physics models, and chain models, are used to understand the behavior of biopolymers

like actin and microtubules or IDP proteins.

The phenomenon of phase separation in biology, typically associated with cellular
organization and biomolecular condensation, has gained increasing attention for its
potential implications in the onset and progression of various diseases, aberrant cellular

functions and the formation of pathological structures.
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Understanding the involvement of phase separation and nucleation processes in
disease pathogenesis is relevant for developing new therapeutic approaches. Targeting
specific phases in these processes, such as disrupting protein aggregation or modulating
cellular phase separation, could open the way for developing innovative treatments for

diseases where these processes are involved.

2.3 Computational methods

2.3.1 Molecular dynamics simulations

Molecular Dynamics (MD) simulations are a powerful tool in biophysics, allowing
for the exploration of the dynamic behavior of biomolecules at an atomistic resolution.
MD simulations numerically solve the equations of motion for a system of interacting
atoms or molecules over time. With these, basic principles from classical mechanics,
statistical mechanics, and quantum mechanics can be used depending on the scale
of the simulated system. Relying on force fields to describe interatomic interactions
and the integration algorithms used to propagate the system’s dynamics. Statistical
mechanics provides the theoretical framework for connecting microscopic properties
of a system with its macroscopic behavior. In MD simulations, statistical mechanics

principles are used to calculate ensemble averages of various thermodynamic quantities.

In MD simulations, the ensemble refers to the collection of all possible states that
the system can occupy under specified conditions of temperature, volume, and number
of particles. In this dissertation the ensembles used for the MD simulations are the

canonical ensemble (NVT), and isothermal-isobaric ensemble (NPT).

In biology, MD simulations can be used to understand the complexities of protein
folding and dynamics. By simulating the trajectories of atoms over nanosecond to
microsecond timescales, it’s possible to gain insights into the folding pathways, stability,

and conformational changes of proteins. Another example of of MD simulations is to
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provide a microscopic view of DNA and RNA dynamics, understanding the structural

dynamics of DNA during processes like replication, transcription, and repair.

MD simulations also play a role in elucidating the dynamics of lipid bilayers
and their interactions with membrane proteins. By simulating systems of lipids in
membranes, the formation of lipid rafts and the dynamics of membrane-bound proteins
has been used to explore cellular membrane functions. MD simulations also enable
the study of the solvation and hydration of biomolecules which is crucial for their
stability and functionality. MD simulations of water molecules around biomolecules,
enhances understanding of solvation energies, hydration shells, and the effects of water

on protein folding.

2.3.2 Thermodynamic Variables

Force fields

In our simulations we employ a classical force field approximation, where interactions
between atoms are described using empirical mathematical functions. These functions
are based on principles of classical mechanics and are parameterized to capture the
behavior of molecular systems. Importantly, this classical approximation does not
account for quantum mechanical effects, and instead relies on approximations derived

from experimental data and simplified classical physics models for atomic interactions.

I these force fields the total energy E of a molecular system in an MD simulation is

typically calculated as the sum of different energy contributions:

1. Bond energy (Epond): This term accounts for the energy associated with the
bonds between atoms in the system. It includes contributions from covalent
bonds, angle bending, and dihedral rotations. The bond energy is often described

using harmonic potentials for simple bonds.
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For a system with Nyongs, the bond energy can be calculated as:
Nbonds

Eyona = Z ki(ri - 7“1',0)2 (2-24)
i=1

where k; is the force constant of the i-th bond, 7; is its current length, and ;¢ is

its equilibrium length.

. Non-bonded energy (Fnon-bonded): Non-bonded interactions refer to interac-

tions between atoms that are not directly bonded to each other. These interactions
include van der Waals forces (dispersion forces) and electrostatic interactions
(Coulombic forces). The van der Waals interactions are often modeled using
Lennard-Jones potentials, while electrostatic interactions are described by the

Coulomb potential.

The non-bonded energy can be represented as:

Zi)y (% _ 2.25
[(w) <nj) ] +47T507“ij) (22

where 0;; is the parameter of the Lennard-Jones potential, ¢; and ¢; are the

N
Enon—bonded = E 45ij

charges of atoms ¢ and 7, ¢ is the dielectric constant, and r;; is the distance

between atoms ¢ and j.

. External potential energy (Fexterna1): If the system is subjected to external

fields or potentials (such as a confinement potential, the energy associated with

these external influences is also included in the total energy calculation.

This can be represented as:

N
Eexternal = Z Uext (Tz) (226)
i=1

where Uy (r;) is the external potential acting on atom i.
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4. Kinetic energy (K): The kinetic energy of the system arises from the motion
of atoms and molecules. In MD simulations, it is typically calculated using the
velocities of particles according to classical mechanics, where kinetic energy K is

given by K = %mv2, where m is the mass of the particle and v is its velocity.

The total energy of the system, Eluta1, is then the sum of all these contributions:

Etotal = Ebond + Enon—bonded + Eexternal + K (227)

In MD simulations, this total energy is typically calculated at each time step to
monitor the system’s behavior, ensure energy conservation and analyze thermodynamic
properties.

Temperature

In molecular dynamics simulations, temperature is calculated by the average kinetic
energy of the particles in the system. It is calculated using the velocities of the particles

according to the equipartition theorem.

The temperature 1" of the system can be calculated using the average kinetic energy

per degree of freedom:

T=(—K) (2.28)
where:
e T is the temperature,
e kg is the Boltzmann constant (kg ~ 1.38 x 1072 J/K),
e K is the total kinetic energy of the system.

In practice, the istantaneous temperature is calculated periodically during the

simulation by averaging the kinetic energies of all particles and using equation 2.28.

MD thermostats are used in order to reach the desired temperature of the system an

example of these thermostats is the Bussi velocity rescaling algorithm (48) used in
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the simulations performed for this dissertation. The Bussi velocity rescaling algorithm

operates as follows:

The thermostat adjusts the velocities based on the difference between the instanta-
neous temperature 7" and the target temperature Tiaee¢. The equation for calculating

the deviation of the system temperature to the target temperature is:

— =—=(Ty—T) (2.29)
where:
e T is the target temperature of the system,
e T is the instantaneous temperature,

e 7 is the temperature coupling time constant, which determines how quickly the

system equilibrates to the target temperature.

In this thermostat, the equation is implemented using a velocity rescaling approach

where the velocity of each particle is scaled according to a factor:

where:

e At is the time step used in the simulation,

e T is the instantaneous temperature of the system,
e n,. refers to each step,

e and 7 the time constant

Then the thermostat modifies the kinetic energy at each scaling step by:
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AE,=(A—1)’E, (2.31)

The sum of these changes over the simulation run needs to be subtracted from the
total energy to obtain the conserved energy quantity. Nevertheless this scaling is not
thermodynamically correct, as it does not preserve the ensemble in the long term, but
it is often used for temperature equilibration in initial simulation stages. To produce
the correct ensemble we add an stochastic term that ensures a correct kinetic energy

distribution by modifying it according to:

dt , [KKydW
Ny T

where K is the kinetic energy, Ny the number of degrees of freedom and dW a

dK = (K, — K)

(2.32)

T

Wiener process.

The velocity rescaling algorithm is then applied periodically during the simulation
to maintain temperature control. By adjusting the velocities of particles based on the
difference between the current and target temperatures, this algorithm ensures that

the simulated system matches the desired thermodynamic conditions.

Pressure

Pressure (P) represents the force per unit area exerted by the particles on the
boundaries of the system. In MD simulations, pressure control is essential for sim-
ulations performed under constant pressure conditions (NPT ensemble). Barostats

are used to maintain the desired pressure by adjusting the volume of the simulation cell.
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Barostat algorithms are used to control the pressure of the simulated system. These
algorithms mimic the role of a pressure bath in a real-world scenario, ensuring that
the system maintains a desired pressure throughout the simulation. Barostats are
particularly important when studying systems under constant pressure conditions or

when simulating phase transitions. Some barostat algorithms are:

Berendsen Barostat

The Berendsen barostat is a simple and widely used method for pressure control in
MD simulations. It operates by scaling the box dimensions (volume) of the simulation
cell based on the difference between the current pressure and the target pressure. This

scaling factor is gradually applied over a relaxation time to achieve the desired pressure.

1. Calculate current pressure: First, the instantaneous pressure Py ent Of the
system is calculated. This is typically done using the virial stress tensor or other

pressure estimators based on the positions and velocities of particles.

2. Calculate scaling factor: Next, a scaling factor s is determined based on the
difference between the current pressure Puyrent and the target pressure Piaget.
This scaling factor adjusts the volume of the simulation cell to rescale the pressure

towards the desired value. The scaling factor s is often calculated as:

krAt

B = 1 + (Ptarget - Pcurrent) (233)

where At is the simulation time step, k7 is the compressibility, and 7 is a relaxation

time constant that controls the rate of volume scaling.

3. Rescale volume: Finally, the volume of the simulation cell is scaled by the
factor p to adjust the pressure towards the target pressure Piapget. This rescaling
process ensures that the system maintains the desired pressure throughout the

simulation.
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The Berendsen barostat algorithm is effective for maintaining pressure control,the
Berendsen barostat does not yield the exact NPT ensemble. Instead, it provides a
simple and efficient method for quickly equilibrating the system to the desired pressure

conditions.

Parrinello-Rahman Barostat:

The Parrinello-Rahman barostat is a more sophisticated method that correctly

yields the NPT ensemble. It introduces additional degrees of freedom to the system,

allowing the box dimensions to evolve dynamically in response to changes in pressure.

This barostat is particularly useful for simulating systems undergoing large volume

fluctuations, such as phase transitions or structural transformations.

The Parrinello-Rahman method modifies the simulation box vectors h, which
describe the size and shape of the simulation box. The time evolution of h is determined

by the equation:

db? L
—7 = VW (P — PLy) (2.34)

The volume of the box is denoted V, and W is a matrix parameter that determines
the strength of the coupling. The matrices and ,ef are the current and reference

pressures, respectively.
The modified Hamiltonian will be:
Epot + Bwin = ZPZ-Z-VJFZlwi-(%)2 (2.35)
P i 2 TN dt
The equations of motion for the atoms, obtained from the Hamiltonian are:

d2I'i Fi dT’i

=— -—M— 2.36
dt2 m; dt ( )

d db .] ..
M=b?'|b—+—b|b! 2.37
{ @ } (2:37)
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This extra term might look like friction, but it’s actually a result of how the
Parrinello-Rahman equations are defined. These equations use particle coordinates
relative to the box vectors, while most MD simulations use standard Cartesian coordi-

nates for positions, velocities, and forces.

The Parrinello-Rahman barostat algorithm provides an efficient and accurate
method for pressure control in MD simulations, particularly for systems undergoing
large volume fluctuations or structural transformations. By conserving both energy
and volume fluctuations, it ensures that the simulated system closely matches the

desired thermodynamic conditions.

Barostats play a critical role in ensuring that MD simulations accurately capture
the behavior of real-world systems at specified pressure conditions. Each barostat
algorithm has its advantages and limitations, depending on the specific characteristics
of the system being simulated and the desired balance between accuracy, efficiency,

and conservation of thermodynamic properties.

2.3.3 Dynamics algorithms
Velocity verlet algorithm

The velocity Verlet algorithm is a numerical integration scheme used in simulations
for solving the equations of motion. It is an extension of the original Verlet algorithm
that includes velocities explicitly and is used for its simplicity, efficiency, and conserva-

tion of energy.

The velocity Verlet algorithm computes the positions and velocities of particles at

each time step based on their accelerations and initial conditions. It works as follows:

1. Initialization: At the beginning of the simulation, initial positions r;(¢y) and

velocities v;(ty) of all particles are known.



Computational methods

2. Position update: The positions of particles are advanced by a full time step

(At) using the current velocities and accelerations:

(AL)?

r;(t + At) =r;(t) + At - vi(t) + -Fi(t) (2.38)

where F;(t) is the force acting on particle i at time ¢, m is the mass of the particle,

and At is the time step.

3. Velocity half-step: The velocities are updated by a half time step (At/2) using
the current accelerations and the average of accelerations at the current and

updated positions:

Vit + At/2) = vi(t) + 2% (Fy(t) + Fi(t + A1) (2.39)

4. Force recalculation: Using the updated positions, forces are recalculated based

on the new configuration of particles.

5. Velocity update: Finally, the velocities are updated to the full time step using

the average of the accelerations at the current and updated positions:

Leapfrog Algorithm

The leapfrog algorithm is another numerical integration scheme used in molecular
dynamics simulations for solving the equations of motion. This algorithm computes
the positions and velocities of particles at each time step based on their accelerations

and initial conditions in the following way:

1. Initialization: At the beginning of the simulation, initial positions r;(¢y) and

velocities v;(tg) of all particles are known.
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2. Half-step velocity update: The velocities of particles are updated by a half

time step (At/2) using the current accelerations:

At At
vi(t+ At/2) =vi(t — —) + — - Fy(t) (2.41)
2 m
where F;(t) is the force acting on particle i at time ¢, m is the mass of the particle,

and At is the time step.

3. Position update: The positions of particles are advanced by a full time step

(At) using the updated velocities:

ri(t+ At) =r;(t) + At - vi(t + At/2) (2.42)

4. Force recalculation: Using the updated positions, forces are recalculated based

on the new configuration of particles.

5. Full-step velocity update: Finally, the velocities are updated to the full time

step using the new accelerations:

Vit + At) = vi(t + At/2) + ?—t CFi(t + At) (2.43)
m

2.3.4 Coarse-grained models and backmapping schemes

Coarse-grained (CG) models and backmapping schemes are techniques used in
molecular simulations in order to bridge the gap between computational efficiency and

molecular detail.

Coarse graining

Coarse-grained models allow simulating larger timescales by reducing the system’s
degrees of freedom, grouping atoms into simplified ”"beads,” and smoothing energy
landscapes. This enables larger time steps and faster computations by averaging out
fine-scale fluctuations while focusing on essential large-scale dynamics, facilitating
the exploration of biologically relevant phenomena. To properly take advantage of

coarse-grained models it is necessary to select the pertinent level of detail, preserve
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relevant key interactions, and capture properties of interest for the system of study

while minimizing computational costs.

Various coarse-grained models exist, for example united-atom, bead-spring and mul-
tiscale models. United-atom models merge neighboring atoms into a single interaction
site, reducing the number of degrees of freedom. Bead-spring models represent polymers
or macromolecules as connected beads, emphasizing chain connectivity. Multiscale
models combine different levels of resolution within a single simulation, providing a
versatile approach to study systems focusing on the relevant part of the system while

preserving crucial interactions with its environment.

For biological systems, coarse grained models are used when the large size and
timescales often exceed the capabilities of all-atom simulations. From simulating
membrane dynamics to investigating protein folding pathways and understanding
nucleic acid behavior, coarse-graining is a powerful tool to explore biological phenomena

that would be computationally prohibitive with finer resolution models.

Backmapping

Backmapping is the process of reverting a coarse-grained representation back to
atomistic detail, a crucial step for analyzing processes at the atomistic level. However,
backmapping is inherently challenging because coarse-graining is not an injective
transformation; that is, multiple atomistic configurations can correspond to the same
coarse-grained structure. Additionally, the coarse-grained representation is subjective,
as the choice of mapping scheme and level of coarse-graining affect the information
retained. Various approaches have been developed to tackle this, including statistical
methods that rely on probability distributions, optimization algorithms that minimize
potential energy or other metrics, and machine learning techniques trained to predict

atomistic structures from coarse-grained representations.
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2.4 Graph analysis formalism

Graph theory is a branch of mathematics that, in the context of biology, allows
the representation of biological systems as graphs composed of nodes and edges. In
our work nodes represent biomolecules (e.g., proteins, amino acids or water molecules),
and edges denote the interactions between them, its possible to assign weights to this
edges to represent the strength of their interactions. The application of graph theory
allows for the representation of biological networks, providing quantitative means to

analyze connectivity patterns.

A graph G = (V, e) is defined by a set of nodes V (or vertices) and edges e
(see Figure 2.2), where an edge represents a connection between two nodes. In our
work, this formalism is used to model a molecular network by representing individual
molecules (or specific groups, such as amino acids or water molecules) as nodes, and

their interactions as edges.

v K,

Residue or

./ water

Contact between
particles

€s €q

Figure 2.2: Graph representation of residues or water molecules as graph nodes V; and
contacts between them as edges e;

The edges in graphs can be weighted and directed (or undirected) depending on

the type of interactions being modeled:
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- Weighted edges: The weights represent the strength of interaction, such as bond

proximity.

- Directed edges: In cases where the interaction has a directional component, such

as donor-acceptor relationships in hydrogen bonding, the edges are directed.

- Undirected edges: For symmetrical interactions, such as proximity-based contacts,

edges are undirected.

In the network created for the work in this dissertation we took the following

considerations.

1. Nodes correspond to entities of interest (e.g., water molecules or amino acids).
Each node is assigned attributes such as its identity, protein chain, or degree of inter-

action.
2. Edges are established based on specific criteria. For instance, edges may be
drawn if the distance between two nodes is below a cutoff radius (e.g., 3.5 A for molecu-

lar interactions). Edge weights may be assigned based on metrics such as bond distance.

3. The graph is mathematically represented by an adjacency matrix A, where A;;

denotes the presence (and weight, if applicable) of an edge between nodes ¢ and j.

Additionally, key graph-theoretical measures are used to analyze the network struc-

ture:

- Degree Centrality:
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The degree centrality d; of a node ¢ in an undirected graph is defined as the number

of edges connected to that node:

di=> Ay, (2.44)

jEV
where A;; is the element of the adjacency matrix A representing the edge between

nodes ¢ and j. For directed graphs, degree centrality can be divided into:

- In-degree: The number of edges directed toward the node:

A" =>" Ay (2.45)

jev

- Out-degree: The number of edges originating from the node:

A =" Ay (2.46)

jev
Degree centrality provides insight into the connectivity of a node, identifying highly

connected nodes that may play critical roles in the network.

- Clustering Coefficient. The clustering coefficient C; quantifies the tendency of
a node ¢ to form tightly connected local neighborhoods. It is defined as the ratio

of the number of edges between the neighbors of ¢ to the maximum number of such edges:

261’

Ci= ki(k; — 1)

(2.47)

where: - k; is the degree of node 7, - e; is the number of edges between the neighbors

of i.
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For a graph as a whole, the average clustering coefficient is calculated as:

Z C, (2.48)

ZEV
where |V is the total number of nodes in the graph. The clustering coefficient

highlights the presence of local clusters or communities within the network.
- Path Length and Connectivity.

The shortest path length [;; between two nodes ¢ and j is the minimum number of

edges that must be traversed to connect ¢ to j:

l;; = min{number of edges between i and j}. (2.49)

The average path length L for the entire graph is given by:

L= G yvy Z Lij, (2.50)

z;ﬁjEV
where the summation is over all pairs of nodes in the graph. The average path

length provides a measure of the overall connectivity and compactness of the graph.

Graph analysis formalism can be used to perform topological analysis in order to
reveal key features of biological networks. From this topological analysis it is possible
to identify crucial nodes and decipher hierarchical structures within biomolecular

interactions (49).

Graph analysis formalism can be extended to study dynamic changes and evolution
in biological networks. Temporal aspects, such as changes in network topology over

time and identification of network motifs, provides insight into the dynamic nature
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of biological processes. This formalism is employed to understand folding patterns of
biomolecules and the interaction interfaces within macromolecular complexes. Through
the identification of relevant nodes in biological networks it is possible to target and

prioritize molecules of interest to aid in the development of therapeutic drugs.

By combining graph theory with atomistic-level simulations, we are able to analyze
the large amounts of data obtained from our simulations in a structured fashion and

understand structural elements and organization of large scale simulations.

2.5 Spectroscopy techniques

MD simulation methods provide insights that enhance relevance of experimental
results. While MD simulations offer detailed, atomistic views of molecular interactions
and dynamic processes, they rely on theoretical models. Spectroscopy techniques such
as two dimensional infrared spectroscopy and sum frequency generation spectroscopy
allow for direct experimental observation of conformational changes and time dependent

behaviors.

Spectroscopy and molecular dynamics simulations are highly complementary tech-
niques. When used together, they provide a clear picture of molecular behavior.
Spectroscopy offers experimental validation and data on longer time scales, while MD
provides atomistic detail and predictions of molecular motions, enabling understanding

of both the structure and dynamics of biomolecules.

2.5.1 Two dimensional infrared spectroscopy

Two-dimensional infrared (2D-IR) spectroscopy offers a unique perspective on
molecular dynamics and interactions, giving insights into how molecules move and
interact on very short timescales. Unlike traditional infrared (IR) spectroscopy, which
measures the absorption of infrared light at different frequencies, 2D-IR spectroscopy

adds a second dimension by introducing a sequence of ultrashort infrared light pulses.
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These pulses interact with the sample in a timed order, creating a signal that reflects

how vibrational modes (the ways molecules vibrate) are coupled or related to each other.

The resulting 2D spectrum is like a map, showing the frequencies of the vibrations

along one axis and how they change or interact over time along the other.

Interpreting 2D-IR spectra involves assigning peaks to specific vibrational modes
and understanding their temporal evolution. Quantum mechanical calculations and
modeling aid in assigning spectral features to specific molecular vibrations, which
are then used to gain information of the structural dynamics of biomolecules. The
cross-peaks in the 2D spectra reveal vibrational couplings and correlations. 2D-IR
spectroscopy is used in structural biology to probe the dynamics of biomolecules. It
has been employed to study protein folding, elucidate the dynamics of peptides and
proteins in membranes, and investigate the structure and behavior of nucleic acids
(50). The technique provides a time-resolved view of conformational changes, hydrogen

bonding dynamics, and solvent interactions.

Of notable interest for this dissertation is the application of 2D-IR spectroscopy
to studying solvation dynamics and water interactions with biomolecules. This tech-
nique allows the exploration of the dynamics of water molecules surrounding proteins,
providing insights into hydration shells, water-mediated structural changes, and the

influence of solvent on biomolecular dynamics.

Time resulution, inherent to 2D-IR spectroscopy, enables the study of ultrafast
processes and kinetics in biomolecular systems. Time-resolved experiments have been
employed to investigate processes such as energy transfer in photosynthetic systems,
ligand binding kinetics, and the dynamics of enzymatic reactions, providing a detailed

temporal understanding of these events.
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2.5.2 Sum frequency generation spectroscopy

Sum Frequency Generation (SFG) spectroscopy probes molecular organization and
interactions at interfaces by exploiting the nonlinear optical properties of materials.
It is a second-order nonlinear optical technique, where two input beams, infrared (to
excite molecular vibrations) and visible (to induce electronic resonance), interact within
a material, generating a signal at the sum of their frequencies. The strength of the SFG
signal depends on the second-order nonlinear susceptibility (x®), which is inherently

sensitive to the symmetry properties of the system. Importantly, x(?

is nonzero only
in regions lacking inversion symmetry, such as interfaces, making SFG uniquely suited
for studying surface specific phenomena. By analyzing the SFG spectrum, it’s possible
to connect molecular vibrations and orientations to material properties like interfacial
structure, bonding, and surface composition. With this technique, vibrational modes

at interfaces, such as CH, NH, and OH stretching vibrations, can be selectively probed,

offering insights into molecular structures and orientations.

SF'G spectroscopy can be used to study biological interfaces, like lipid membranes,
proteins, and biomolecular monolayers. The technique is sensitive to changes in molec-
ular orientation, ordering, and interactions at these interfaces. In the context of lipid
bilayers, for example, SFG can provide information into lipid packing, phase transitions,

and the influence of biomolecules on membrane structure.

Moreover, SFG spectroscopy has been employed to investigate the adsorption and
folding of proteins at interfaces. It can provide details about the secondary structure
and conformational changes of proteins upon adsorption to surfaces. SFG spectroscopy
is ideal for studying biomolecular interactions in aqueous environments. It can probe
water structure and hydrogen bonding at interfaces, providing information on how
biomolecules interact with water molecules. This information is vital for understanding
hydration layers around biomolecules and the influence of water on biological processes.
SF'G spectroscopy plays a vital role for probing biological interfaces, providing unique

insights into molecular structures and interactions.



Chapter 3

Methods and results

In this section, I show the effects of water around lipid monolayer systems, and
within protein condensates and their surroundings. Both systems involve a balance
of hydrophobic and hydrophilic forces at their interfaces, influencing macromolecular
organization. Understanding these connections is critical for elucidating how water
mediates biological functions in diverse contexts, from membrane-associated processes
to the regulation of protein condensates, revealing the universal importance of water

as a mediator of biomolecular interactions.

3.1 Water orientation around lipid monolayers

To investigate the effects of lipid head group chemistry, tail length, and tail satu-
ration on water orientation around lipid monolayers, we simulated six different lipid
monolayers. Three of these monolayers had PE headgroups with varying tail lengths
and saturation. The remaining three monolayers had the same tail chemistry, but a

PC headgroup. These lipid variations are depicted in figure 3.1.
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Figure 3.1: Lipid chemistry. The numbers on the left denote lipid tail length, followed
by the number of saturated bonds. As an example, 18:1 denotes a tail length of eighteen
carbons and one unsaturated bond. At the top, PC and PE represent phosphocholine and
phosphatidylethanolamine headgroups, respectively.

The different chemistry of the lipids have an affect on the way how they interact
among themselves, and with water molecules. A brief explanation on how the three
main lipid components, headgroup, saturation and tail length, affect the lipid properties

was given in the introduction section.

3.1.1 Simulations

Our systems consisted of a simulation box of 7 X 7 X 25.5 nm, with the elongated
section in the Z direction, a water slab at the middle of the simulation box, and lipid
monolayers surrounding the water slab, as shown in Figure 3.2. The systems contained

~6552 water molecules and 150 mM of NaCl ions. Each leaflet contained ~70 lipids.

The simulations were performed with the charmm36m forcefield, which is ideal
for lipid simulations (&5), and the TIP3 water model (57). The system was then
equilibrated for 2 ns using the Berendsen (52) Barostat and thermostat. Afterwards,
another 21 ns simulation was performed with the Nose-Hoover (53) thermostat at 300

K and the Parrinello-Rahman barostat (54) at 4.5e-5 bar™!.
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Figure 3.2: Simulation box for the lipid monolayers. The cyan transparent center
represents the water molecules. The molecules on top and bottom of the water slab are lipids.

In order to understand the arrangement of water molecules at the lipid interface
we calculate the tetrahedral order parameter of the molecules at a cutoff distance of

3.5 A from the phosphate of the lipids.

This parameter measures the degree of tetrahedral arrangement of water molecules,
reflecting their local structural order. Water naturally tends to form tetrahedral
configurations due to the orientation of hydrogen atoms around the central oxygen
atom, where each water molecule can be surrounded by four neighbors in a tetrahedral

geometry.

At lipid monolayer interfaces, the tetrahedral order parameter provides insights into
how water molecules organize. lipid interfaces disrupt the bulk tetrahedral arrangement
due to interactions with the lipid headgroups. This metric helps to characterize the
interfacial hydration structure, revealing how water molecules adapt to the environment

at the monolayer interface.

To calculate the water tetrahedral order parameters we developed a code that
searches a water molecule within a selected cut off radius, and then calculates the
tetrahedral order parameter taking into account the nearest four water molecules, by
using equation 3.1. We repeat this process until we have calculated the order parameter

for every single water molecule in the hydration layer of the lipid monolayer. With this
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Hydrogen
bond

Figure 3.3: The tetrahedral order parameter quantifies how closely the water
molecules in a given environment adhere to this idealized tetrahedral structure.

process we were able to calculate the order parameter of water all the water molecules

at the interfae of the monolayers.

3 /1
=5 (5(3 cos?(6) — 1)) (3.1)

in this equation q is the tetrahedral order parameter and 6 represents the angle
between the reference water molecule and its four closest neighbors, the closer the

tetrahedral order parameter goes to 1 the closer the structure around a reference water

molecule resembles an ideal tetrahedron.

As shown in figures 3.4 and 3.5, the tetrahedral order parameter distribution and
mean values in both lipid types (PC and PE), are similar between the lipid types

and consistent with the values for tetrahedral order parameter of water molecules at
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Figure 3.4: Tetrahedral order parameter distribution at the interface of PC lipid
monolayers, the orange, green and red lines depict the distribution for dopc, dspc and dppc
monolayer, the blue line depicts the distribution of bulk water, and the dotted colored lines
display the mean values of the tetrahedral order parameter for its corresponding lipid

Histogram of Tetrahedral Order Parameters

Lipid type
dope
0.06 mean 0.459
— dspe H:
----- mean 0.455
0.05 dppe
- mean 0.456
— water
>
= 008 mean 0.556
=
©
Qa
2 0.03
a
0.02
0.01
0.00
-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

Tetrahedral Order Parameter

Figure 3.5: Tetrahedral order parameter distribution at the interface of PE lipid
monolayers, the orange, green and red lines depict the distribution for dope, dspe and dppe
monolayer, the blue line depicts the distribution of bulk water, and the dotted colored lines
display the mean values of the tetrahedral order parameter for its corresponding lipid

other planar interfaces (55), greatly differing from an ideal tetrahedral water structure
(order parameter value of 1), and with a difference of ~0.1 from the tipical value
for TIP3P bulk water (56). This effect is due to the fact that water molecules at
the lipid-water interface are confined to a planar geometry, which limits their ability
to form a complete tetrahedral structure. In bulk water, tetrahedral arrangement is

possible because water molecules can freely interact in three dimensions. Near a plane,
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water molecules lose one degree of freedom as their positions are constrained parallel to
the surface. This confinement disrupts the three-dimensional hydrogen bond network

between water molecules, forcing water to adopt a less ideal, more planar arrangement.

At the lipid interface, water molecules are often oriented in specific ways to max-
imize interaction with the surface. The oxygen atom of water may face toward the
surface to act as a hydrogen bond acceptor, or the hydrogen atoms may orient toward

the surface to donate hydrogen bonds.

To analyze the effect of different lipid chemistry on the orientation of water molecules,
in relation to the monolayer, we calculated the angle between the vector of the dipole
moment of the water molecule and the vector normal to the monolayer as shown as

theta in figure 3.6.

Dipole moment

Monolayer

Figure 3.6: Depiction of the vectors used as reference for calculating orientation
of water molecules in reference to the membrane. The light brown bar represents the
surface of the monolayer, and the dotted lines show the vectors of the dipole moment and
the normal to the surface of the monolayer, with theta depicting the angle between them.

The angle of all individual water molecules was measured and the mean angle of all
the water molecules at different distances from the monolayer was used for the analysis.

First we compared the water angle around lipids with same PC headroup, Figure 3.7
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(left) and then we compared the water orientation whith PE lipide headgroups, Figure
3.7 (right).
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Figure 3.7: Water orientation plot of water molecules in relation to monolayer
surface of the different lipid tail chemistries. The blue dotted line shows the position of the
lipid monolayer. The colored lines indicate the different lipid chemistries. The X axis displays
in nanometers the distance of the water molecules to the lipid monolayer, and the Y axis
the mean (denoted by brackets) cosf value of the water dipole angle to the monolayer. In
this plot due to the topology of our simulation box, negative mean cosf (closer to -1), shows
that water molecules are, on average, oriented with their dipoles pointing toward the surface
(hydrogen atoms close to the surface) of the monolayer. A cosf of 0 indicates that water
molecules, on average, have a random orientation relative to the surface, with no preferential
alignment.

As shown in Figure 3.7, the overall behavior of water orientation between the PC
and PE headgroups is similar, with the difference being that the PC lipids, with their
larger hydrophilic groups have an increased effect on water orientation in the vicinity
of the monolayer than their PE counterparts (cosf value closer to -1). Nevertheless, we
expected different water orientation regimes between the three lipid tail chemistries,
(three separated colored lines). But is clear that we only find two regimes one for the
18:0 tails (long and saturated), and a different one for both the 18:1 (long with one

unsaturation) and 16:0 (short and saturated).

This could be explained by the fact that introducing a saturation to the lipid tail
induces a conformational change in the packing of the lipids equivalent to the change
provoked by shortening the tail. To observe if this was indeed the case, we decided

to plot the tilt angle of the lipids. The tilt angle of a lipid can be calculated by
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determining the angle between the lipid tail vector (in this case drawn from the first

to the last carbon of the tail) and the normal to the monolayer, as shown in figure 3.8.

Monolayer

Figure 3.8: Depiction of lipid tilt angle where the slab represents the monolayer.
The vector going down depicts the lipid tail vector, the Z vector depicts the normal to the
monolayer and © represents the angle between them, also known as lipid tilt angle.

Tilt angle PC lipids

0.06 /1 mm pCcis:1
i PC 18:0
0.05 - : : mwm PC 16:0
I —-- pCc18:1
— [
< 0.04 4 : : PC 18:0
S N === PC16:0
[N
° 1
& 0.03 1 i
g ]
B [N
Z 0.02
0.01
0.00 -

60 80 100 120 140 160 180
Tilt angle[6]

Figure 3.9: Histogram of the normalized distribution of lipid tilt angles. The colored
areas represent the distribution for each lipid chemistry, the dashed line, the mean of their
distributions
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From figure 3.9 is noticeable that the 18:1 and 16:0 lipid tails are indeed packed in
a similar fashion, which can be an explanation for the similarities in water orientation
between them. In contrast the tails of the 18:1 lipid show a narrower distribution of

tilt angles. which is expected from a fully saturated long lipid tail.

As shown in Figure 3.7, lipid tails with unsaturated bonds (18:1) have stronger
effect on water orientation than the fully saturated lipid (18:0). An explanation for
this is that unsaturated lipids are characterized by looser packing, which means that
the water can create a larger hydration shell at the monolayer. In contrast, water
molecules around lipids with fully saturated tails (18:0) will form a tight packing where
water molecules have to compete with lipid-lipid interactions to interact with the polar

headgroups.

3.2 Water structure and dynamics around protein condensates

To explore the influence of water dynamics in and around protein condensates, we
adopted a multidisciplinary approach that integrates both experimental and computa-
tional techniques. Using spectroscopic methods, conducted by my colleague R
E 2longside MD simulations conducted by me, we aimed to characterize the
structure and dynamics of water molecules within protein FUS LC condensates. This
combined methodology allows for a comprehensive understanding of hydration dy-
namics, enabling us to link experimental observations with detailed molecular insights
and providing a robust framework for studying protein-water interactions in complex

biological systems.

3.2.1 Slowing of water dynamics inside protein condensates

This section draws extensively from our published work. See Krevert and Chavez

et al., 2023 (57).
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To delve into the dynamics within biomolecular condensates (BCs), we focus on
the low-complexity domain of FUS LC using IR spectroscopy. A comparative analysis
is conducted between phase-separated FUS LC BCs at neutral pH 7.4 values and FUS
LC at pH 11, which does not exhibit phase separation due to tyrosine deprotonation.
Additionally, we examine a phosphomimetic mutant of FUS LC, denoted FUS LC
12E, at pH 7.4, shown in Figure 3.10, which remains uniformly distributed in solution
and does not undergo liquid-liquid phase separation (LLPS) to form droplets, even at
millimolar concentrations. Notably, FUS LC self-assembles into micrometer-sized BCs
at neutral pH values, as expected, at a protein concentration of approximately 300 M.
Conversely, FUS LC 12E remains uniformly dispersed even at a protein concentration

of about 400 pM.
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Figure 3.10: Phase contrast microscopy captured images of (a) FUS LC BCs exhibiting
a diameter range of 2-10 pum, and (b) the homogeneous distribution of FUS LC 12E. These
images were acquired following 2D IR experiments. Notably, panel (b) displays an absence of
droplets. Figure and text taken from (57)

The amide I mode of proteins, associated with the C=0 stretching mode of the
protein backbone, serves as a highly informative indicator of alterations in both protein
secondary structure and its surrounding environment. Hence, to investigate spectral
variations during LLPS, we examine the amide I vibrational band of FUS LC for both
its homogeneous and condensed states. The linear Fourier transform IR spectrum
shown in Figure 3.11 illustrates the profiles of FUS LC BCs at pH 7.4 shown in orange,
FUS LC 12E at pH 7.4, shown with the blue line, and FUS LC at pH 11 shown in green.
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Figure 3.11: Linear IR spectra of FUS LC under different conditions (a) spectra of
FUS LC BCs in orange, FUS LC 12E at pH 7.4 in blue, and FUS LC at pH 11 in green. The
concentrations for FUS LC at pH 11 and FUS 12E were maintained at approximately 0.4
mM. All spectra underwent correction for solvent background and were normalized to the
absorption of the amide I mode at around 1640 cm—1. (b), (c), and (d) present 2D IR spectra
at a 0 fs waiting time for FUS LC BCs, FUS LC 12E, and FUS LC at pH 11, respectively.
The dotted lines signify the diagonals where the pump frequency equals the probe frequency,
while the dashed line represents an antidiagonal at 1645 cm—1. (e) showcases diagonal and
antidiagonal cuts through the 2D IR spectra, as depicted in panels (b—d). Figure and text
taken from (57)

The amide I band observed in the infrared spectra of FUS LC BCs, FUS LC 12E,
and FUS LC at pH 11 exhibits notable breadth. In all samples, the amide I band
centers around ~1640 cm—1. Despite this commonality, distinctions in the band shape
are discernible between homogeneous forms (FUS LC 12E and FUS LC at pH 11) and
phase-separated proteins (FUS LC BCs). In the condensed state, the amide I band of
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FUS LC appears somewhat broader, featuring weak shoulders at approximately ~1580
and ~1620 cm—1, distinguishing it from the amide I peak of FUS L.C 12E and FUS LC
at pH 11. Consequently, the broadened infrared spectra imply that the amide backbone
of FUS perceives a more diverse distribution of microenvironments within the BCs,
compared to the uniformly dissolved protein. The slight red-shift potentially indicates
stronger hydrogen bonds of the amide backbone with water and/or proteins. In order
to further confirm this interpretation, we calculated the IR spectra from all-atom
molecular dynamics simulations shown in Figure 3.12. These calculations substantiate
the idea that spectral alterations primarily arise from a distinct hydrogen-bonding
environment of the protein within the BCs, in contrast to that of the homogeneously

dissolved protein.

Vibrational spectroscopy and NMR, provide insights into the structural dynamics
of the FUS LC protein in its condensed versus non-condensed states. Vibrational
spectroscopy, which captures rapid structural and environmental changes on a very
short timescale (subpicosecond), shows minor differences in FUS LC’s vibrational struc-
ture between these two states. On the other hand, NMR, which averages structural
information over a much longer timescale (milliseconds), suggests that FUS LC does

not undergo significant structural changes when it condenses (59).

This discrepancy in findings raises an important question about whether the struc-
tural differences observed with vibrational spectroscopy are transient or if they might

persist longer but simply aren’t detectable on the NMR timescale.

To address this question, we conducted 2D IR spectroscopy experiments on the
amide I band (60). In a typical 2D IR experiment, vibrational modes undergo ex-
citation with intense femtosecond IR laser pulses, and the response of the excited
sample is probed using an infrared probe pulse. The response is recorded as a function
of excitation frequency, enabling the detection of the system’s response to a specific
pump frequency. This approach facilitates the experimental determination of fre-

quency—frequency correlations (FFCs) for molecular-level oscillators. By adjusting the
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Figure 3.12: Spectral calculations from MD dynamics reveal a broad distribution
within the ensemble of BC chains, with the observed spectral broadening predominantly
influenced by hydrogen-bonding effects. a) Within the diverse ensemble of protein chains
residing in the BC, distinct sub-ensembles exhibit either red- or blue-shifted characteristics
(illustrated by the red and blue traces) in comparison to dispersed chains (depicted by the
green trace). The limited extent of red- and blue-shifting may be attributed in part to
the presence of a relatively small number of chains within the droplets, with a substantial
fraction likely located on the condensate surface. b) While both coupling and hydrogen
bonding contribute to spectral broadening, it appears that relatively strong hydrogen bonding
plays a dominant role in shaping the spectra of the 10 most redshifted FUS chains. This
determination is based on the systematic activation and deactivation of different spectral
modeling elements governing the spectra, calculated using the one-exciton Hamiltonian
approach In the absence of any coupling or hydrogen-bonding model, the local modes are
fixed to the gas phase frequency (58). Amide groups downstream of proline residues, which
feature a heavier ring moiety instead of the proton found in other amino acids at the nitrogen
atom, are redshifted by 19 cm-1 as per (58). When coupling models are introduced, the
normal modes broaden as anticipated, yet the predominant red-shifting results from the
inclusion of the hydrogen-bonding model. The combined influence of both effects leads to
even greater spectral broadening, aligning with expectations in these one-exciton Hamiltonian
calculations. Figure and text taken from (57)

delay between the probing pulse and the excitation pulses, referred to as waiting time

(Ty), is possible to investigate vibrational dynamics.
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Panels b—d in Figure 3.11 show the 2D IR spectra for FUS LC BCs (3.11b), for
homogeneous solvated FUS LC 12E (3.11c), and FUS LC pH 11 (3.11d) at a T, of
0 fs. The shown spectra display the typical 2D IR features of an inhomogeneously
broadened band, a ground state bleach (blue shaded areas) at the excitation frequency
( Vpump = Vprobe), and a red-shifted (vpum, > vprobe) excited state absorption (1 —
2 transition) of the anharmonic oscillators (red shaded areas). The homogeneous
line width, which can be assessed from the antidiagonal cut of the 2D spectra shown
with dashed lines in Figure 3.11 panels b-d, is comparable at 1645 cm-1 for the
condensed and homogeneous form of FUS LC (dashed lines in (3.11e)). Conversely,
the diagonal cuts dotted lines shown in panel e of the same figure resemble linear
IR spectra. Given the different sensitivities of the linear (squared transition dipole)
and 2D IR spectroscopy, the similarity of the squared linear spectra and the diagonal
cuts indicates that the distribution of transition dipoles is similar for FUS LC in
the homogeneous and condensed phases (50). The broadening of the amide I band
upon phase separation is reflected in both the linear and the diagonal cuts of 2D
IR spectra. Together, these results suggest that upon BC formation, the intrinsic
properties of the amide I mode (the homogeneous line widths in Figure 3.11d) are
unaffected. However, the distribution of microenvironments of the amide groups is
somewhat altered inhomogeneous line width, (diagonal cut shown as dotted line in
Figure 3.11d). In general, the resonance frequency of an amide mode is sensitive to the
H-bonding environment and concomitantly to the secondary structure of a protein (50,
61-63). As such, the enhanced spectral inhomogeneity of FUS LC in the droplets may
stem from different protein conformations, resulting in different distributions of inter
and intramolecular protein interactions (64 ). However, due to the reduced volume
density of solvating water molecules, a broader distribution of the protein hydration
motifs, which in turn alters the amide I frequency (65), may also give rise to spectral

inhomogeneity.

The spectral inhomogeneity is investigated further to understand the underlying
reasons behind the spectral variation in the amide I band. This exploration delves

into the vibrational dynamics of the amide mode of FUS, specifically analyzing the
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Figure 3.13: BCs (top row, a—d), FUS LC 12E (center row, e-h), and FUS LC
pH 11 (bottom row, i-1), with increasing 7,, (from left to right). Yellow lines show
the center line slope (CLS) of the ground state bleach (blue). With an increasing T,,, the
CLS, which is almost parallel to the diagonal when T, = 0 fs, becomes more parallel to the
pump axis. This loss of FFC is more pronounced for FUS LC 12E and pH 11 than for FUS
LC BCs; spectral diffusion occurs faster for the homogeneous FUS LC than for the droplets.
Figure and text taken from (57)

time-resolved 2D IR spectra for FUS LC 12E, FUS LC BCs, and FUS LC pH 11, as
presented in Figure 3.13. The conformational and hydration dynamics, occurring on
distinct time scales, are examined through the decay of transient signals with increasing
T, from the maximum normalized bleaching signal in Figure 3.13a a to 25% of the
original signal in Figure 3.13d. This decay is attributed to the relaxation of the excited
state population to the vibrational ground state (7 ggr). The relaxation is quantified
by fitting a single-exponential decay [Ag exp(-T,/TvER) + Yo] to the integrated peak
volumes, revealing similar vibrational lifetimes (7 gg) of 0.54 £+ 0.03 ps for FUS LC
12E, 0.55 £ 0.03 ps for FUS LC BCs, and 0.48 + 0.02 ps for FUS LC pH 11. These
values closely resemble the relaxation of the amide group of the dipeptide alanyl-alanine
in D,O (0.7 ps) (66). The observed 1y g values align with those found for other

proteins (~1 ps or less) (50, 67) and the isolated amide moiety of N-methylacetamide
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(0.5 ps) (68). Therefore, the study indicates that condensation does not significantly
alter these dynamics, consistent with the general insensitivity of energy transfer from

excited amide groups to the primary structure of proteins.

Despite the comparable vibrational energy relaxation observed in both the homoge-
neous and condensed phases of FUS LC, significant disparities emerge in the decay
of FFCs, representing the temporal variations in the instantaneous frequency of the
amide I modes. The assessment of FFCs can be done qualitatively by examining the
elongation of signals along the diagonal in the 2D spectra. In all three samples, the
2D IR peaks at a (7},) of 0 fs exhibit noticeable elongation along the diagonal due to
the inhomogeneous broadening of the amide I mode. As we increase the T,, to 800 fs
in 3.13, these FFCs become less pronounced, with the peaks adopting a more vertical

orientation.

However, in the case of BCs, the ground state bleaching signal retains some elonga-
tion along the diagonal of Figure 3.13d. In contrast, for solutions of FUS LC 12E and
FUS LC at pH 11, the peaks have already shifted to a more vertical alignment (Figure
3.13h,1. Consequently, the detected probe signals exhibit a weaker correlation to the
excitation frequency at a T, of 800 fs for homogeneous protein solutions compared to

the condensed state.

Center line slope (CLS) is a common metric for quantifying FFCs. CLS is calculated
as the inverse slope of a straight line fitted through the minima of transient signals
(in the ground state bleach) corresponding to a specific pump frequency (depicted
by yellow lines in Figure 3.13). In the case of a perfect direct correlation between
excitation and detection frequencies, the CLS = 1, while a CLS of 0 signifies that
the detected response is independent of the excitation frequency (indicating a line
parallel to the pump axis). Figure 3.14 presents these CLS values over T,,. The figure
illustrates that the initial CLS is somewhat higher for the condensate compared to
the homogeneous FUS LC from either FUS 12E or FUS LC at pH 11, indicating

increased amide I mode spectral inhomogeneity in the condensate. It’s worth noting



Water structure and dynamics around protein condensates

0.90} # y ~
0.85F
0.80 Y~
. D ]
60.75—

0.70 |

065 ® FUSLCBCs
e FUSLC 12E
o FUSLC pH 11

T

0.60

T

0 200 400 600 800

T,/ fs

Figure 3.14: (T},)-dependent CLS of FUS LC BCs (orange), FUS LC 12E (blue),
and FUS LC pH 11 (green). The CLS of BCs exhibits a greater value for instantaneous
inhomogeneous broadening [CLS(Ty, = 0 fs)] when compared to homogeneous FUS LC in a
solution. Moreover, the CLS of BCs demonstrates a slower decay than that of FUS LC in
homogeneous solutions. Furthermore, the decay rate of the CLS in BCs is slower compared
to that of FUS LC in homogeneous solutions. Single-exponential fits are depicted by solid
lines. The determination of CLS for all three samples utilized the same frequency range
(1618-1685 cm—1). Notably, even with a significant variation in this frequency range, these
trends remain consistent. Figure and text taken from(57)

that the starting CLS value is higher in FUS 12E (at pH 7.4) than in FUS LC at
pH 11, implying distinct amide I spectral inhomogeneity under conditions where FUS
is homogeneous. This observation aligns with the protein’s disordered nature and
adaptability in various solution environments(69). Additionally, considering the nodal
line slope yields similar results. We observed that an alternative consideration of
the nodal line slope yields comparable outcomes. Besides the distinct initial (7, =
0) inhomogeneity, there are notable differences in spectral dynamics among various
protein states. Within the experimentally observable time frame of approximately
800 fs, the CLS value experiences a decay of about 20% for homogeneous FUS LC
(FUS LC 12E and FUS LC at pH 11). In contrast, in BCs, the CLS value decreases by
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around 10%, indicating a twofold slower dynamics of the amide mode in the condensed
phase compared to the homogeneous FUS LC. To characterize the decay kinetics, we
employed an exponential decay model [CLS(T3,) = C'LSy exp(-T4,/Tspecdif £ ), depicted
by solid lines in Figure 3.14]. This enabled the determination of decay times (Typecdifs)
under the assumption of a straightforward single-exponential decay. Despite the fact
that the experimental CLS does not completely decay within 800 fs, suggesting the
potential presence of multiple time scales in the decay dynamics, the short vibrational
lifetime imposes constraints for employing more intricate models(70). Nonetheless, the
use of single-exponential fits seems to effectively capture the experimental data shown
in Figure 3.14, allowing for the evaluation of differences in spectral diffusion dynamics
between the two samples. From these analyses, we determine that the diffusion time
Tepeediff for FUS LC 12E is 2.9 £ 0.2 ps (2.9 & 0.3 ps for FUS LC at pH 11), which
is nearly twice as fast as the value observed for FUS LC BCs (Typecaiff = 5.5 £ 0.7
ps). The fitted results corroborate the approximately 2-fold slower spectral diffusion
dynamics of FUS LC within condensed droplets compared to its behavior in the ho-
mogeneous solution. The decay of the CLS can be attributed to protein fluctuations
(conformational dynamics) and/or environmental fluctuations (H-bonding with water
in the proteins hydration shell), both of which can influence instantaneous amide I
frequencies(50, 71-73). While NMR relaxation rates have indicated slowed backbone
dynamics in the condensates on the pico to nanosecond timescale(74), we observe
significant differences in subpicosecond spectral dynamics for FUS LC in condensed
and homogeneous environments. These subpicosecond dynamics may be influenced
by diverse protein structures, such as a sub-ensemble of aggregate proteins associated
with the shoulder at 1620 cm—1. However, the observed deceleration remains consistent
across the frequency range of the CLS analysis. Alternatively, distinct energy transfer
dynamics may impact spectral dynamics(60), yet the similarity in vibrational energy
relaxation time scales in all three samples suggests minimal changes in energy dynamics.
Furthermore, the observed picosecond time scales align with H-bond dynamics, where
fluctuations and formation/dissociation events can lead to a loss of FFCs, given the

sensitivity of amide resonance frequency to hydration(77). Consequently, we posit
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that the pronounced differences in CLS decay dynamics shown in Figure 3.14 primarily

stem from a deceleration of the hydration dynamics of FUS LC within the BCs.

In order to test this hypothesis, we compared our experimental observations with
dynamics derived from fully atomistic MD simulations of a FUS LC droplet immersed
in water. Due to the large size of the system, it was necessary to start from a coarse
grained conformation, provided by Benayad et al. (75). This CG condensed confor-
mation was performed by utilizing a modified MARTINI CG model (76), and the
simulation trajectory file was supplied by the authors of this study. Subsequently, the
system underwent backmapping using CHARMM-GUI (77) and the CHARMM-GUI
Martini Maker (78), which employs the backward.py program for the all-atom conver-
sion (79).

The backed-mapped all-atom system consists of 134 chains representing the low-
complexity region of the FUS LC. These chains are situated within an approximately
50 nm cubic box and are explicitly surrounded by 4,222,084 water molecules and 24,202
Na and CI ions, leading to a salt concentration of approximately 150 mM. As a result,

the simulation box encompasses a total of 17,213,858 atoms.

The all atom simulation utilized the GROMACS 2019.3 simulation suite(43, 44 ),
employing the a99SB-disp force field(80) for protein interactions and the four-point
a99SB-disp(81) for water molecules. The equations of motion were resolved with a
time step of 2 fs, and periodic boundaries were applied in all directions. Covalently
bonded hydrogens were constrained using the P-LINCS(82) algorithm. Long-range
electrostatic interactions were computed using particle-mesh Ewald summation(87),
while Lennard-Jones and short-range electrostatic interactions were truncated at a

cutoff distance of 12 A.
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For the equilibration, we used a multiple step equilibration process. The initial
step involved energy minimization of the system using the steepest descent algorithm.
Following this, a series of equilibration simulations were performed with position

restraints applied to the heavy atoms of the FUS chains. These steps included:

1. Two 125 ps NVT simulations with a 1 fs time step, using the Berendsen thermostat
(coupling constant of 1 ps) and restraint force constants of 1000 and 400 kJ mol !

nm 2.

2. A 125 ps NPT simulation with a 1 fs time step, the Berendsen thermostat and
barostat (coupling constants of 1 ps and 5 ps, respectively), and a restraint force

constant of 200 kJ mol™ nm™2.

3. Two 500 ps NPT simulations with a 2 fs time step, the Berendsen thermostat
and barostat (coupling constants of 1 ps and 5 ps, respectively), and restraint

force constants of 200 and 100 kJ mol™* nm2, respectively.

4. A 1.5 ns NPT simulation using the same parameters as in step 3 but without

position restraints.

After this, the system underwent an equilibration period of 20 ns NPT ensemble
at 300 K, using the Par- rinello-Rahman barostat (time constant of 2 ps) and the
Bussi-Donadio—Parrinello velocity rescaling (V-rescale) thermostat (coupling time
constant of 0.1 ps). to allow for the relaxation of the system in accordance with the
atomistic model. With the system relaxed we did a production run of 1 ns that we

utilized for the following analysis.

We clasified each protein in the simulation as ”"dispersed (dilute FUS LC)” or
”condensed (FUS BCs)” by using the gmx cluster analysis function within the Gromacs
simulation package, employing a cutoff distance of 0.3 nm. This categorization was
further confirmed using MDAnalysis(83, 84 ), ensuring that proteins categorized as

dispersed had no contact within 0.3 nm of any protein categorized as condensed.
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After the classification we proceeded to evaluate the dynamics of hydration, by
examining the lifetime of hydrogen bonds formed between the amide groups of protein
chains and water molecules. The criteria to classify if a hydrogen bond is occurring
between a water molecule and the amide group is depicted in Figure 3.15. With this
information we calculate the survival function, which is essentially the time correlation

function shown in equation 3.2 of the hydrogen bonds. (85).

hij(to)(to + 1))
> (hij(t0)?)

Here, the function h;;(t) is defined as 1 when there exists a hydrogen bond between

C(t) = <Z( ) (3.2)

the amide oxygen of residue i and any hydrogen of water molecule j at time t, otherwise,
it is set to 0. The angular brackets indicate the averaging across various starting points

of the trajectory.

We fit the hydrogen bond time autocorrelation function by eliminating the baseline
H-bond population, and then fitting with a triple-exponential function shown in equa-

tion 3.3 (85).

F) = Ae ™™ + Ay 4 Age!/T (3.3)

in equation 3.3 the pre-exponential factors are limited to the condition shown in

equation 3.4.

n—1
Ay =1-) A (3.4)
=1

The resulting time autocorrelation functions are shown in 3.16. These findings
indicate that the overall hydration dynamics exhibit qualitative similarities between
FUS LC in condensed and dilute phases. There is an initial rapid decay of C(t) followed

by a somewhat slower decline in the H-bond correlation function. However, at t >
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7 (ps) 71 (ps) Ty (ps) T3 (fs) Aq As As
condensed | 3.2 +£02 | 7.5+0.3|0.77 £0.13 | 50.0 £ 0.1 | 0.41 & 0.01 | 0.07 = 0.01 | 0.52 £ 0.02
in solution | 2.3 £0.2 | 5.4 + 0.2 | 0.58 £ 0.15 | 50.0 £ 0.2 | 0.41 £ 0.01 | 0.07 &= 0.01 | 0.52 £ 0.02

Table 3.1: A; and 7; are the amplitudes and time constants, respectively, of the three
exponentials. 7 is the amplitude-weighted average time constant. Errors were obtained from
the diagonal elements of the covariance matrix of the nonlinear fit. Figure and text taken
from(57)

0.5 ps, it becomes evident from the raw data that C(t) decays noticeably more slowly
for FUS LC within the condensates than for dilute FUS LC, indicating prolonged

protein—water H-bond lifetimes in the condensates.

Figure 3.15: Depiction of water molecule forming a hydrogen bond with FUS A
hydrogen bond is identified between a water molecule and the amide I oxygen if any hydrogen
atom of the water molecule is within a 3 A distance from the amide I oxygen and exhibits
an angle greater than 130 degrees in the O(water)-H(water)-O(FUS amide) configuration.
Figure taken from(57)

The amplitudes and time constants for the fittings are shown in table 3.1. The
swiftest dynamics, characterized by a time constant of approximately 50 fs, exhibit
comparability between the protein states in both solution and the condensate. These
dynamics can be associated with rapid water motions, such as the librational dynamics
of water hydrogen bonds, although numerical effects in the analysis may also contribute.

However, the slower dynamics, characterized by time constants of approximately 0.5-0.8
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Figure 3.16: (a) Depiction of the categorization of individual FUS protein chains
in the atomistic simulations. A straightforward clustering analysis was conducted to
recognize components of the protein droplet, identifying groups of chains in close proximity.
The remaining protein chains are designated as proteins in the dispersed phase. (b) H-bond
autocorrelation function between the carbonyl oxygen and water for FUS LC BC (orange) and
FUS LC dilute (blue), revealing the decelerated hydration dynamics in the condensed phase.
The solid lines represent the triple-exponential fit, and the corresponding fit parameters are
outlined in Table ??. Figure and text taken from(57)

and 5-7 ps, consistently display a slower value in the condensate compared to FUS LC
in solution. Both time scales align with the experimental 2D IR results and represent

typical time frames for H-bond lifetimes.

The observation of two distinct time scales in the simulations (0.5-0.8 and 5-7 ps)
suggests potential heterogeneous water accessibilities to the amide backbone. However,
the longer time scales (5-7 ps) could also be attributed to H-bond breaking induced
by the motion of multiple heavy atoms, such as side chain rotation. Nonetheless, this
analysis confirms a significant extension (by approximately 40%) in the lifetimes of
H-bonds between water and the amide C=0 group for FUS LC in the condensates
compared to dilute FUS LC. Considering the intimate relationship between the hy-
dration state of the amide C=0 and the amide I resonance frequency, this observed
increase in H-bond lifetimes in the simulations provides a substantial explanation for

the experimentally observed slower decay of FFCs in the 2D IR experiments.

In essence, we investigated the impact of FUS LC’s LLPS on the vibrational dynam-
ics of the amide I mode, a distinctive vibrational indicator for the protein backbone,

utilizing time-resolved vibrational spectroscopy. Linear infrared spectra unveil a 12%
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broader line width for FUS LC within the condensate compared to FUS LC at pH
11 or FUS LC 12E at neutral pH, both of which remain completely homogeneous as
solutions. Robust FFC signals in 2D IR spectra indicate that the line widths observed
in linear IR spectra stem from inhomogeneous broadening, implying a more extensive

range of microenvironments for the amide backbone of FUS LC in the condensates

compared to the diluted FUS LC.

3.2.2 Water structure around FUS LC protein

In the previous section we analyzed water dynamics in the whole FUS LC conden-
sate and diluted FUS LC protein chains. In this section we aim to understand the
ordering of water levels at an aminoacid level resolution. In order to achieve this we

used the data of the MD simulations from the previous section.

In the lipid monolayer section, we used the water tetrahedral order parameter
to analyze the organization of water molecules at lipid interfaces. This parameter
quantified how water adapts to the structural and chemical environments presented by
lipid monolayers. At these interfaces, the disruption of the bulk tetrahedral arrangement
due to interactions with lipid headgroups and tails provided insights into interfacial
hydration structure and dynamics.

Now, we extend the use of this parameter to study water organization in FUS LC
systems. Specifically, the tetrahedral order parameter is applied to investigate the
structural arrangement of water molecules within the hydration shell of FUS LC chains.
To calculate the order parameter, we used the same developed code that identifies water
molecules within a cutoff radius of 3.5 A from any FUS LC chain. With this method-

ology we are able to assess the order parameter for all water molecules around FUS LC..

This parameter provides insights into the structural organization of water molecules,
particularly within confined spaces like protein condensates. This parameter aids in

understanding the hydration properties of biological macromolecules, as well as the



Water structure and dynamics around protein condensates

interactions and structural characteristics of water in the specific microenvironments,

within around FUS LC chains.

In order to compare the ordering of water around FUS LC, with water in bulk

state, we performed a small 5x5x5 nm simulation with the same parameters of the

FUS LC simulation, consisting of only water molecules, and then calculated the order

parameter for every water molecule in the box.

With this approach, we were able to calculate the water tetrahedral order parameter

of water around protein chains in condensed, diluted, and bulk state. The result of

this analysis is shown in Figure 3.17. Notably, this parameter is similar for waters

inside the protein and around diluted protein chains. Nevertheless, in both systems

the order parameter value is lower than water in bulk state.
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Figure 3.17: Tetrahedral order parameter distribution in red, water molecules around
dispersed protein, in green water molecules around protein in condense state, and in blue the
order parameter of bulk water. The vertical straight lines denote the mean tetrahedral order

parameterl
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3.2.3 Water structure in protein condensate microenvironments

To delve deeper into the water structure within protein condensates, we analyzed
the water environment in distinct microenvironments of the condensate. Specifically,
our goal was to comprehend the water structure around particular amino acid types or

specific amino acid contacts.

Due to the vast number of particles in the system, we opted to utilize graph theory
methods, in order to simplify and organize our data structures as shown in Figure
2.2. In doing so, we created a graph network where each node contained attributes
with information of their amino acid type, which FUS LC protein they belonged to, or
if they where a water molecule. If two particles were within the specified cutoff, we
added an edge between the nodes to represent a contact between them. To obtain
information on the distance between the nodes, we assigned a weight to the edges based
on the proximity of the particles. This weight can range from 0.01 to 1, respectively

indicating the maximum and closest distances between the nodes, respectively.

Using this methodology we first look into the contact map between the distinct
amino acids of the protein chains shown in figure 3.18. Of interest is that Tyrosine
(Y) and Glutamine (Q) have an increased number of contacts, suggesting that this
aminoacids could be responsible of stabilizing the condensate by interacting with

neighboring protein chains (59).

We scrutinized the water order parameters encompassing the specific amino acids
within the protein chain. As depicted in Figure 3.19, the mean tetrahedral parameter of
the water surrounding these amino acids is notably similar. However, the distribution
of the order parameter for water molecules around the amino acids identified as high-
contact residues, is more sharply defined than the ones around their low-interacting
counterparts. This shows that the water surrounding the high-contact residues has

fewer potential tetrahedral conformations compared to their counterparts.
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Figure 3.18: Contact map between FUS LC condensate aminoacids, normalized by their
abundancy in the sequence.

We expanded our analysis by creating density plots that compare the degree of
individual amino acids to the proportion of isolated water molecules in their vicinity.
A water molecule is considered isolated if it has fewer than four neighboring water
molecules within a 3.5 A cutoff radius. These plots provide insights into the relationship
between the narrow distribution of the tetrahedral order parameter around high-contact
amino acids and their interaction patterns within their local microenvironments.

Our previous findings showed that water surrounding high-contact residues exhibits

a more sharply defined tetrahedral order parameter compared to low-contact residues.

These density plots extend this analysis by focusing on the connectivity of the amino

acids themselves. The degree reflects the number of interactions an amino acid forms

within the molecular network, highlighting its role in maintaining structural cohesion.

Meanwhile, the proportion of isolated water molecules indicates the extent to which
water is confined in small pockets or trapped between neighboring FUS LC chains, where
it can act as a stabilizing element in the network, such as by forming hydrogen-bond
bridges.

By plotting these variables together, we assess how the interaction levels (degree) of

amino acids correlate with the presence of isolated water molecules in their environment.

The results show that high-contact residues not only exhibit greater connectivity within
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Figure 3.19: Histograms of tetrahedral order parameter distribution around residue
types of FUS LC, the red dotted lines display the mean values of the tetrahedral order
parameter.

the network but also interact more frequently with isolated water molecules. Conversely,
low-contact residues, which correspond to broader distributions of tetrahedral order,
are less likely to engage in such interactions with isolated waters, making them less
involved in network stabilization.

The plots specifically reveal that high-contact residues such as glutamine (Q) and
tyrosine (Y) have steeper slopes compared to other residues. This indicates that when
their surrounding microenvironment consists predominantly of isolated water molecules,
these residues form highly dense contact networks. This suggests that isolated water
molecules play a critical role in stabilizing these networks, acting as structural bridges
that enhance the cohesion and stability of the system.

These results show that although the water dynamics differ between FUS LC BC
and dispersed FUS LC, the tetrahedral structure of water is largely conserved in both
systems, nevertheless it seems that there are certain restrictions in the values that
the order parameter can take at the micro environments around high contact residues,

which could be explained by the amount of isolated waters around this residues.
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Figure 3.19: Histograms of tetrahedral order parameter distribution (Continuation)
around residue types of FUS LC, the red dotted lines display the mean values of the tetrahedral
order parameter.
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denote the value for the slope of the linear fitting shown as a red line.
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Figure 3.20: Density map plot of aminoacid degree (continuation) in relation to the
proportion of isolated waters by aminoacid type arranged by aminoacid type from top left
to bottom right. The Y axis displays the weighted degree (amino acid contacts) and the X
axis shows the proportion of Isolated waters (less than 4 water molecule neighbors). The
numbers in red denote the value for the slope of the linear fitting shown as a red line.
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Chapter 4

Discussion

In this project, we used computational methods to characterize the structure and
dynamics of water molecules interacting with lipids and protein condensates. By
employing MD simulations, and spectroscopy techniques, we were able to investigate
water organization, hydrogen-bonding dynamics, orientation around lipid interfaces
and water structure within protein condensates. These analyses provided insights into
how water structure and dynamics differ within phase-separated protein structures.
Our approach also enabled the identification of distinct water orientations across
different lipid packing arrangements, and specific protein-protein contact points within
condensates, revealing how water structure and dynamics are altered around these

biological structures.

4.1 Lipid Organization and Water orientation

In the first part of this dissertation we aimed to understand whether water ori-
entation is affected by lipid tail or headgroup chemistry. In order to achieve this,
we performed MD simulations of six different lipid monolayer systems with varied
specifications. We focused on two headgroups, PC and PE, fully saturated or with one
unsaturation, and two different tail lenghts, 16 and 18 carbons. Based on this systems,

we calculated the orientation of the water molecules at the lipid-water interface. From
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the results shown in Figure 3.7, we highlight that, as expected, hydrophilic interactions
between the lipid headgroup and water molecules, enhances the orientation affinity of
water molecules to the lipid monolayer. Nevertheless due to the similitude between the
16:0 and 18:1lipids, the water orientation plots (Figure 3.6) show no discernible water
orientation differences. This reveals that, in this case, lipid tail chemistry didn’t affect
water orientation. By analyzing lipid tilt angles we discovered that water orientation
is highly dependant of lipid packing, measured through tilt angles. From this we can
conclude that the determining factor affecting water orientation at the lipid-water

interface lipid packing in the monolayer.

4.2 Slowing of water dynamics inside FUS LC protein con-

densate

Given the relevance that LLPS proteins play in RNA transcription and neuron
motor diseases, and the fact that these biological systems are mostly composed of
water, we aimed to understand the differences in the dynamics of water inside protein
condensates and diluted proteins. Due to the fact that FUS LC domains drive phase
separation and that FUS condensates play a role in RNA transcription and DNA repair,
FUS LC is an ideal model for studying LLPS in proteins. To achieve this, we studied
a system comprising both, FUS LC condensates and diluted FUS LC proteins shown
in Figure 3.10.

A highlight of our methodology is the focus on experimental collaboration. Our
colleagues at the Spectroscopy Department at the MPIP carried out a spectroscopy
experiment indicating that water dynamics are approximately twice as slow inside
FUS LC BC in comparison to diluted FUS LC (Figure 3.14). In order to interpret
these experimental findings at an atomistic resolution, we utilized all-atom molecular

dynamics simulations.
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From our H-bond time autocorrelation plot (Figure 3.16b), the slowing of water
dynamics inside FUS LC BCs is apparent. Furthermore, by fitting the time autocorre-
lation function to the triple exponential function (3.3), we discerned three different
time constants associated with bond dynamics time scales. We associate the fastest
constant to the librational mode of water, the middle time scale to hydrogen bonding
dynamics, and the slowest to conformational changes in the protein backbone. From
the fitting function, we derived an amplitude-weighted average time constant 7, shown
in Table 3.1, that clearly presents a 40 % increase in hydrogen bond lifetime in FUS
LC BC, compared to the diluted FUS LC. Our data shows that the dynamics are
consistently slower in the condensate compared to FUS LC in solution. This hints at
the notion that slowed hydrogen-bonding dynamics contribute to the unique solvation

and reaction properties observed within the condensate.

Moreover, our results revealed a contrast with hydrogels, where macroscopic trans-
port and microscopic hydration dynamics show a correlation for FUS (Roget). This
correlation can be rationalized by considering that the H-bond lifetimes in the hydration
shells are closely linked to exchange dynamics. The reduction in the density of water
molecules within the condensates leads to a decrease in H-bond exchange rates within
the BCs, resulting in more persistent hydration shells around FUS and potentially
other solutes in the BCs. This suggests that the unique hydration dynamics within
FUS condensates may play a critical role in modulating the stability and biochemical

environment of FUS LC condensates.

4.3 Water structure around FUS LC protein

In order to understand water organization around FUS LC at an amino acid resolu-
tion, we used a combination of graph analysis techniques combined with calculation of
tetrahedral order parameter of water molecules from MD simulations. The tetrahedral
order parameter allowed us to measure water structure around FUS LC proteins as it
quantifies how closely the local arrangement of water molecules resembles a tetrahedral

structure. In this way, we objectively quantified how closely the water organization
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around FUS LC resembles the structure of bulk water. Through this analysis, we
assessed the changes in water organization near the FUS LC-water interface. Observing
the plot from Figure (3.17), we see a clear difference between the mean tetrahedral order
parameter of TIP4P bulk water (0.66), and around FUS LC proteins (0.57), both in
condensed and diluted phase. The difference between bulk water and FUS LC systems
is of 0.09, which could look negligible at first sight. Nevertheless, it is important to
consider that an increase mean value of 0.06 is the difference between room temperature
water and water below freezing point (duboue). Such a difference in mean values
highlights the magnitude of water structure disordering in the neighborhood of the
FUS LC protein. This could be explained by the fact that around FUS LC, water
molecules find themselves in a crowded micro environment due to inter/intra-protein

contacts severely restricting tetrahedral conformation.

Likewise, it is possible that that water molecules are taking part in forming hydrogen
bond bridges between amino acids. When we calculate the order parameter of a water
molecule that is forming a hydrogen bond with FUS LC, we can expect neighborhood
of water molecules that don’t resemble a tetrahedron. In our analysis, we also examined
the tetrahedral order parameter of water molecules surrounding each amino acid within
the FUS LC protein chains. Shown in Figure 3.9, the mean tetrahedral order parameter
of water around the amino acids is generally similar across different residue types.
However, we observed that the distribution of the order parameter is more narrow for
water near residues (Y) and (Q), detected as high-contact residues in the contact map
of Figure 3.18, compared to their low-contact counterparts. This suggests that water
molecules near high-contact residues experience a more restricted range of possible
tetrahedral conformations, indicating a localized influence of protein interactions on

water structuring.

These findings demonstrate that while the water dynamics differ between FUS LC
condensates and dispersed FUS LC, the tetrahedral organization of water is generally
preserved in both environments. Nonetheless, water molecules in the immediate vicinity

of high-contact residues show limited available conformations in tetrahedral ordering,
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likely due to specific microenvironmental restrictions imposed to these protein-water
interactions. This implies an interaction landscape where specific residue contacts
influence local water structuring without fully disrupting the tetrahedral order of the

surrounding hydration shell.
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Chapter 5

Conclusion

5.1 Biological implications

In the aforementioned projects, we used the combined advantages of MD, 2D IR
and graph analysis to elucidate the intricate interactions between water-lipid and
water-protein biological systems. Trough our work, we showed that water is a dynamic

component in biological systems, and a fundamental component of protein condensates.

In our studies of water orientation around lipid monolayers, we found that the main
factor in orienting the water molecules was the lipid tilt angles, closely related to lipid

packing.

The hydration layer around lipids affects the membrane’s elasticity and bending
rigidity. These properties are fundamental for processes like vesicle formation, mem-
brane fusion, and cell motility, understanding how water molecules organize themselves
at the lipid-water interface is indispensable to develop new therapeutic treatments,
a recent example is that of the new RNA vaccines, which require lipid vesicles for
the delivery of mRNA, acting as protective and delivery vehicles that ensure the
introduction of mRNA into human cells. As nanoparticles, they are carefully designed

to interact with cell membranes, allowing the mRNA to enter the cells. Understanding
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water organization around these vesicle may open the door to improve vesicle stability

and vesicle-cell interaction.

Furthermore, in this work we explored the dynamics of water within condensates.
As mentioned in previous sections protein condensates play a vital role in the realm of
biology, influencing the spatial arrangement of various components or altering hydro-

dynamic transport.

FUS LC is a great study target within this field. There have been extensive studies
on how FUS condensates concentrate proteins and RNA| in order to organize and
regulate biochemical reactions. Inside FUS droplets, FUS binds to specific RNA
molecules, creating a local environment rich in RNA. This helps control RNA process-
ing, splicing, and transport. Nevertheless the hydrogen-bonding environment within

these condensates, a crucial factor in solvation, was not previously understood.

Our study sheds light into the role of water-protein hydrogen-bonding dynamics
within condensates, providing information on how these molecular interactions may
underpin the specific solvation and reaction behaviors exhibited by these condensed

biological structures.

Finally, our MD studies provide insight into the structural organization of water
molecules, particularly within confined spaces like protein condensates. Our results aid
in understanding the hydration properties of biological macromolecules, as well as the
interactions and structural characteristics of water within specific cellular environments.
In this case, the tetrahedral order parameter serves as a valuable tool for analyzing
and characterizing the water structure under different contexts contexts, especially in

the study of protein condensates and cellular processes.

In general, our results indicate that both the structure and dynamics of water
exhibit distinct behaviors inside protein condensates compared to bulk water. This

divergence in water behavior may serve as one of the driving mechanisms through which
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protein condensates create a unique environment for facilitating biological processes

within the cell.

5.2 Future research directions

5.2.1 Lipid organization and water orientation

Lipid tilt angles are closely related to lipid phase, which refers to the distinct

structural and physical arrangements that lipids can adopt:

1. Gel Phase: Lipid molecules are tightly packed, with ordered, extended acyl chains

(tails) and minimal movement.

2. Liquid-Ordered Phase: Lipids are organized, though some degree of lateral

mobility is retained.

3. Liquid-Disordered Phase: Lipids have greater freedom of movement, with more

rotation and lateral diffusion.

To understand water organization around lipids, it is essential to compare mem-
branes in these different phases. One approach involves simulating various lipid
chemistries across phases. However, we found it challenging to compare different lipids
in the same phase while maintaining consistent thermodynamic properties; measuring
water orientation at different temperatures hindered direct comparisons. To address
this, we attempted simulations under uniform thermodynamic parameters, but encoun-
tered phase coexistence within different regions of the lipid monolayers, pushing for
classification of each lipid by phase, and an independent analysis of water molecules

surrounding each type of lipid phase.

In practice, our current algorithm to measure lipid tilt angles, could be used to
classify lipids into specific phases. Additionally, a modified version of the algorithm
we used to calculate water tetrahedral order parameter could be employed to measure

water orientations around lipids within each distinct phase.
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5.2.2 Water structure and dynamics around protein condensates

While this study provides insights into the organization and dynamics of water
around FUS LC condensates, there are still several interesting research paths for
further exploration. One direction could be to investigate how specific amino acid
sequences within FUS LC influence local hydration dynamics. Certain residues, such
as glutamine and tyrosine, are known to play a stabilizing role in phase separation,
therefore, targeted studies could help us elucidate their specific effect in water dynam-

ics, and, potentially, whether they alter protein interactions within FUS LC condensates.

Expanding this research work to study temperature and concentration effects on
FUS LC hydration dynamics could also provide valuable insights. For instance, per-
forming MD simulations across a range of temperatures and protein concentrations
could clarify the conditions under which water structure and dynamics are disrupted
or preserved the most around the protein. Understanding these conditions would be of
great benefit, as they could have important implications in FUS LC stress responses,

or in pathological aggregation linked to neurodegenerative diseases.

When it comes to water structure however, it is crucial to study not only water
organization around different amino acid types but also around specific interactions
between these residues. Particularly, examining water structuring around contacts like
Q-Q, Y-Y, or Q-Y is of great interest due to their central role in stabilizing FUS LC

protein condensates.

A current limitation in MD is managing the large datasets generated by our
simulations. Even with graph analysis formalism, performing these analyses requires
frequent application of clustering, parallelization, and classification algorithms to
analyze each parameter effectively. This could be solved by the application of machine
learning techniques to analyze the large datasets from MD simulations. By employing
machine learning models, it may be possible to identify subtle patterns and structural

characteristics in water-protein interactions that are not apparent through traditional
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analysis methods. Such approaches could reveal relationships between hydration
behavior and phase separation tendencies, which may be crucial for understanding
the stability of FUS LC condensates, and, ultimately, lead to the development of
therapeutic strategies aimed at modulating FUS LC condensate stability and mitigating

aggregation-related diseases.
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