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Abstract

The formation of distinct phase-separated condensates of bio-macromolecules underpins
specific regulation in cells. In this thesis, I elucidate how phase-separated condensates
regulate biochemical processes by providing distinct chemical environments through particle-
based multi-scale simulations. The disordered C-terminal domain of RNA polymerase II
(CTD) forms condensates in both unphosphorylated and phosphorylated (pCTD) states.
Understanding the molecular driving forces behind CTD phase separation offers insights into
how these condensates regulate transcription.

To uncover the molecular determinants of CTD phase separation, I integrate nuclear magnetic
resonance (NMR) data with atomistic molecular dynamics simulations using the refined
hierarchical chain growth (RHCG) method. This reveals local structural preferences and
highlights the key role of tyrosine-proline contacts in driving condensation. These insights
aid in validating the coarse-grained simulations, which capture how temperature and post-
translational modifications (PTMs) influence condensate dynamics. I further explore whether
unphosphorylated and phosphorylated CTD form mixed or distinct condensates by calculating
interfacial properties from coarse-grained models.

To understand how phosphorylation modulates CTD condensate behaviour, an algorithm
for simulating stochastic phosphorylation dynamics is developed. This approach provides
a mechanistic understanding of how phosphorylation alters the phase behaviour of CTD
condensates. By dynamically tuning protein interactions, phosphorylation modulates con-
densate stability, facilitating transitions between different functional states. This coupling
between phosphorylation dynamics and phase separation highlights the regulatory potential
of post-translational modifications in transcriptional condensates.

Finally, I introduce an active learning framework combining Bayesian optimization and
coarse-grained simulations to study sequence determinants of phase behavior. This ap-
proach identifies sequence-property relationships for disordered proteins, including their
self-interactions and interactions in phase-separated condensates. Using second virial coeffi-
cients, I predict peptide self-interactions and identify sequences that bind to CTD condensates.
This approach allows the rational design of multiphasic condensates with tunable morpholo-
gies.

These findings highlight the importance of phase separation and post-translational modifica-
tions in regulating transcription. The active learning methods offer key insights for designing
functional condensates and controlling cellular processes.






Zusammenfassung

Die Bildung unterschiedlicher phasengetrennter Kondensate von Biomakromolekiilen bildet
die Grundlage fiir eine spezifische Regulierung in Zellen. In der vorliegenden Arbeit wird
dargelegt, wie phasengetrennte Kondensate die Regulation biochemischer Prozesse bewirken,
indem sie unterschiedliche chemische Umgebungen mittels partikelbasierter Multiskalensim-
ulationen bereitstellen. Die vorliegende Arbeit untersucht die Bildung von phasengetrennten
Kondensaten der ungeordneten C-terminalen Doméane der RNA-Polymerase II (CTD) in
verschiedenen Phosphorylierungszustdnden (unphosphoryliert und phosphoryliert, pCTD).
Das Verstandnis der molekularen Triebkréfte hinter der CTD-Phasentrennung gibt Aufschluss
dariiber, wie diese Kondensate die Transkription regulieren.

Zur Aufdeckung der molekularen Determinanten der CTD-Phasentrennung werden kernmag-
netische Resonanzdaten (NMR) mit atomistischen Molekulardynamiksimulationen integriert,
wobei die Methode des verfeinerten hierarchischen Kettenwachstums (RHCG) Anwendung
findet. Hierdurch werden lokale strukturelle Praferenzen aufgedeckt und die Schliisselrolle
von Tyrosin-Prolin-Kontakten bei der Kondensation hervorgehoben. Diese Erkenntnisse
tragen zur Validierung der grobkornigen Simulationen bei, welche die Beeinflussung der Kon-
densatdynamik durch Temperatur und posttranslationale Modifikationen (PTMs) erfassen.
Dariiber hinaus wird untersucht, ob unphosphorylierte und phosphorylierte CTD-Kondensate
gemischt oder unterschiedlich sind, indem die Grenzflacheneigenschaften aus grobkérnigen
Modellen berechnet werden.

Um ein tieferes Verstdndnis dafiir zu erlangen, wie die Phosphorylierung das CTD-
Kondensatverhalten moduliert, wird ein Algorithmus zur Simulation der stochastischen
Phosphorylierungsdynamik entwickelt. Dieser Ansatz ermoglicht ein mechanistisches
Verstandnis dafiir, wie die Phosphorylierung das Phasenverhalten von CTD-Kondensaten
verdndert. Die Phosphorylierung moduliert die Kondensatstabilitdat und erleichtert
Uberginge zwischen verschiedenen Funktionszustinden durch die dynamische Abstimmung
von Proteininteraktionen. Die Kopplung zwischen Phosphorylierungsdynamik und Phasen-
trennung verdeutlicht das regulatorische Potenzial posttranslationaler Modifikationen in
Transkriptionskondensaten.

SchlieBlich wird ein aktiver Lernrahmen vorgestellt, der Bayes’sche Optimierung und
grobkornige Simulationen kombiniert, um Sequenzdeterminanten des Phasenverhaltens
zu untersuchen. Der dargestellte Ansatz identifiziert Sequenz-Eigenschaftsbeziehungen fiir
ungeordnete Proteine, einschlie8lich ihrer Selbstwechselwirkungen und Wechselwirkun-
gen in phasengetrennten Kondensaten. Mittels zweiter Virialkoeffizienten werden Peptid-



Selbstwechselwirkungen vorhergesagt und Sequenzen identifiziert, die an CTD-Kondensate
binden. Dieser Ansatz ermoglicht das rationale Design von mehrphasigen Kondensaten mit

abstimmbarer Morphologie.

Die Ergebnisse betonen die Relevanz der Phasentrennung und posttranslationaler Modifika-
tionen bei der Regulierung der Transkription. Die Methoden des aktiven Lernens bieten
wichtige Erkenntnisse fiir die Gestaltung funktioneller Kondensate und die Steuerung zel-

lulérer Prozesse.gma
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Background

1.1 How Cells Are Organized?

Biomolecular
condensates

Fig. 1.1: Condensates in living cells are structures formed by liquid-liquid phase separation.

Cells are the fundamental units of life, capable of self-replication and carrying out complex
biochemical processes. To efficiently organise these processes, eukaryotic cells have evolved
intricate systems of compartmentalization. These compartments can be broadly categorized
into membrane-bound organelles and membraneless organelles [1, 2]. Membrane-bound
organelles, such as the nucleus, mitochondria, endoplasmic reticulum, Golgi apparatus,
lysosomes, and vacuoles, are enclosed by lipid membranes, creating specialized environments
for various biochemical processes. These membranes serve as critical diffusion barriers,
establishing distinct environments that allow for specialized biochemical reactions. For
instance, the nucleus houses the cell’s genetic material and is the site of transcription,
while mitochondria are responsible for producing chemical energy in the form of ATP. Such
compartmentalization is essential for maintaining cellular homeostasis and ensuring that
metabolic processes are efficiently regulated.

In contrast, membraneless organelles, like nucleoli, stress granules, and P bodies, do not
have a surrounding membrane. Membraneless organelles have recently gained attention as
an important area of study. They form through liquid-liquid phase separation (LLPS), where
proteins and nucleic acids assemble into dynamic, droplet-like structures (Fig 1.1) [3]. This
process is driven by multivalent interactions between molecules, often involving proteins



with intrinsically disordered regions (IDRs) and RNA. These interactions concentrate specific
biomolecules, triggering a phase separation into liquid-like droplets. These compartments
dynamically form and dissolve in response to cellular signals, effectively organizing various
cellular processes. Membraneless organelles are crucial for functions such as regulating
transcription, processing RNA, and responding to stress.

Initially identified in the P granules of C. elegans embryos, biomolecular condensates have
since been found in many cellular contexts across a wide range of organisms, from bacteria
to humans [4]. Biomolecular condensates play diverse roles in cellular function; they act
as dynamic reaction hubs by concentrating enzymes and substrates to enhance biochemical
reactions[5, 6]. For example, transcriptional condensates formed by RNA polymerase II and
associated factors promote efficient gene expression by creating local environments rich
in transcription machinery[7]. Condensates also play roles in signal transduction, stress
response, and RNA processing, among other cellular processes.

The composition and properties of these condensates vary widely, from simple, single-
component assemblies to complex, multicomponent structures like the nucleolus and stress
granules. Some condensates exhibit multiphasic organization, where distinct liquid phases
coexist within a single condensate, enabling separate biochemical environments [8, 9]. A
prime example of a multiphasic condensate is the nucleolus[10], which is crucial for ribosome
biogenesis. It consists of three distinct phases, each with a specific composition and function.
They enable the coexistence of distinct biochemical environments within a single structure
and support sequential biochemical reactions within one structure.

Dysfunction of biomolecular condensates can lead to various diseases, such as neurodegen-
erative disorders[11]. When these condensates transition from a dynamic, liquid-like state
to a more solid-like state, they can form harmful protein aggregates that disrupt normal
cellular functions. Understanding what drives these transitions is key for developing potential
therapeutic strategies.

The study of biomolecular condensates is increasingly important in cell biology as it sheds
light on how cells are organized and function. Research in this area helps us understand
key biological processes and their roles in health and disease, potentially leading to novel
therapies for neurodegenerative disorders and cancers. Additionally, the unique properties of
these condensates offer potential uses in synthetic biology and drug delivery.

Current methods for studying biomolecular condensates include advanced microscopy
techniques, in vitro reconstitution assays, and computational approaches[12, 13]. Super-
resolution microscopy offers high-resolution imaging of condensates in living cells. Tech-
niques like fluorescence recovery after photobleaching (FRAP) and single-particle tracking
help study the dynamics and material properties of condensates. In vitro reconstitution assays
enable the systematic investigation of condensate formation under controlled conditions.
Computational methods, including molecular dynamics simulations and machine learning,
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help model and predict condensate behavior. These approaches provide valuable insights into
condensate formation and dynamics. However, these methods have limitations. Microscopy
techniques may introduce artefacts due to fluorescent tagging, and in vitro studies often fail
to capture the full complexity of the cellular environment. Computational models, while
useful, may oversimplify biological processes.

Addressing these challenges is crucial for advancing our understanding of biomolecular
condensates. Developing new approaches to studying condensates in living cells remains
an active area of research. Overcoming current limitations will pave the way for developing
novel therapeutic approaches and biotechnological applications based on the principles of

phase separation in living systems.

The Structure and Function of Proteins

Proteins are essential for nearly all biological processes [14]. They consist of long chains
of amino acids linked by peptide bonds, forming polypeptides. The sequence of these 20
naturally occurring amino acids defines the protein’s primary structure, which determines
how the protein folds and functions. Protein folding is a hierarchical process that results
in secondary, tertiary, and sometimes quaternary structures. The secondary structure in-
cludes localized folding patterns like alpha helices and beta sheets, stabilized by hydrogen
bonds. The tertiary structure represents the overall three-dimensional structures of a single
polypeptide chain influenced by interactions among side chains.

The driving forces behind protein folding include hydrogen bonds, ionic interactions, and
hydrophobic effects. These interactions depend on the chemical properties of amino acid
side chains, which can be polar, nonpolar, charged, or neutral [15, 16]. This structural
diversity allows proteins to perform a wide range of functions, such as catalyzing biochemical
reactions, facilitating molecular transport, and providing structural support.

Proteins often contain distinct functional units called protein domains, which can evolve
independently and perform specific roles within multi-domain proteins [17, 18]. These
domains contribute to protein stability and functions by enabling modular interactions.
However, protein stability is influenced by external factors such as temperature, pH, and
chemical agents. High temperatures can disrupt hydrogen bonds, leading to denaturation,
while changes in pH can alter the charge distribution of amino acids, affecting ionic and
hydrogen bonds.

Proteins exist in dynamic states that are crucial for their functionality. The folded state, or
native state, represents the well-defined three-dimensional conformation required for specific
biological functions. However, some proteins remain unfolded or partially folded under
physiological conditions. This flexibility is particularly evident in intrinsically disordered
proteins (IDPs), which lack a three-dimensional structure [19]. IDPs can adopt various
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conformations depending on their environment or binding partners, enabling them to
participate in diverse cellular processes.

Over evolutionary time scales, proteins undergo mutations—changes in their amino
acid sequences—that can enhance stability or create beneficial interactions with other
molecules[20]. This process has resulted in homologous proteins across organisms that
share similar structures but have adapted to perform distinct functions in specific biological
contexts[21]. Such adaptability allows organisms to thrive in diverse environments and
respond to changing conditions.

In addition to folding and sequence variation, proteins undergo post-translational modi-
fications (PTMs), chemical alterations that occur after synthesis, which play a vital role
in regulating protein function [22, 23]. PTMs can significantly alter a protein’s activity,
stability, and interactions with other molecules. One of the most common PTMs is phos-
phorylation, where enzymes called kinases add a phosphate group to specific amino acids.
This modification introduces a 2 charge at physiological pH, altering protein structure and
interactions, which can activate or deactivate proteins depending on the context. Conversely,
phosphorylation can be reversed by enzymes called phosphatases through dephosphorylation,
restoring the unmodified state of the protein. The balance between phosphorylation and de-
phosphorylation acts as a molecular switch that regulates cellular signalling pathways. Other
PTMs, such as acetylation, ubiquitination, and glycosylation, further expand the functional
range of proteins. PTMs are highly dynamic and reversible, allowing cells to adapt rapidly
to environmental cues. For example, during stress responses, PTMs regulate metabolic
enzymes or signaling molecules to support cellular adaptation. These modifications are
vital for fine-tuning protein functions, enabling cells to respond effectively to physiological
challenges. PTMs play crucial roles in cell growth and immune responses, maintaining
cellular homeostasis.

Understanding protein dynamics, including folding, modifications, and adaptability, is essen-
tial for explaining how proteins function in biological systems and how their dysregulation
contributes to diseases like cancer and neurodegenerative disorders.

Intrinsically Disordered Proteins

Intrinsically disordered proteins (IDPs) and intrinsically disordered regions (IDRs) are unique
subsets of proteins or protein segments that lack a stable three-dimensional structure under
physiological conditions. Unlike folded proteins, IDPs exist as dynamic conformational
ensembles, allowing them to remain flexible and adaptable. This intrinsic disorder enables
IDPs to engage in diverse interactions with various molecular partners, making them critical
players in cellular processes such as molecular recognition, post-translational modifications
(PTMs), scaffolding, and liquid-liquid phase separation [24, 25].
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IDPs typically exhibit low sequence complexity and are enriched in polar and charged
amino acids, which contribute to their inability to form a stable hydrophobic core. The
flexibility of IDPs facilitates various interactions that promote phase separation. These include
electrostatic interactions among charged residues, -7 interactions between aromatic amino
acids, and cation-7 interactions. For instance, positively charged amino acids like lysine and
arginine interact with negatively charged ones such as aspartate and glutamate, stabilizing
transient complexes and facilitating the formation of condensates. Aromatic amino acids
like phenylalanine, tyrosine, and tryptophan participate in 7-7 interactions, where their
electron-rich rings stack against each other, contributing to the stability of protein complexes
and enhancing phase separation. Cation-r interactions further promote phase separation by
allowing positively charged side chains to interact with the electron cloud of aromatic rings.

The concept of stickers and spacers further illustrates multivalency—the ability of a molecule
to engage in multiple simultaneous interactions[26]. Stickers are specific amino acid residues
or motifs within IDPs that mediate interactions, such as charged residues or aromatic amino
acids involved in electrostatic or 7-7 interactions. Spacers, on the other hand, are the
disordered regions between stickers that regulate their spacing and accessibility.

The sequence composition of IDRs is crucial for determining their phase separation propen-
sity. Factors such as charge distribution, amino acid composition, and the arrangement of
hydrophobic residues dictate their behaviour [27, 25]. IDRs rich in polar or charged residues
tend to be more soluble, while those with more hydrophobic residues are more likely to
promote phase separation. Specific combinations of amino acids can enhance this propensity,
as sequences that alternate between hydrophobic and polar residues create favourable condi-
tions for multivalent interactions. The arrangement of hydrophobic residues is also critical;
when these residues cluster together, they form hydrophobic cores that drive condensation.
Longer and more flexible IDRs allow for greater conformational variability, increasing the
likelihood of interactions that lead to phase separation.

Post-translational modifications (PTMs) further regulate the phase behaviour by inducing
structural changes that stabilize or destabilize their conformations [23]. Phosphorylation is a
particularly important PTM for IDPs, as it alters their electrostatic properties by introducing
negative charges. This modification acts as a dynamic switch, enabling cells to regulate
condensate formation in response to environmental cues or signalling events.

The ability of IDRs to interact with RNA is another key feature of IDPs. Many RNA-binding
proteins (RBPs) contain IDRs that enhance RNA recognition and binding [28]. This flexibility
facilitates the assembly of biomolecular condensates essential for processes like transcription
and translation.

Within IDRs, short linear motifs (SLiMs) play an important role in mediating protein-protein
interactions and serving as sites for PTMs [29]. SLiMs are compact sequences, typically
3-15 residues long, that do not require a stable tertiary structure to function. These motifs
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often fold upon binding to their partners, enhancing interaction specificity. SLiMs are highly
conserved despite being located in rapidly evolving disordered regions, highlighting their

functional importance.

Another notable feature found in many IDPs and RBPs is prion-like domains (PrLDs) [30].
PrLDs are IDRs characterized by low sequence complexity and enrichment in polar amino
acids. These domains have a strong propensity for self-assembly and aggregation. PrLDs
drive liquid-liquid phase separation but can also form pathological aggregates linked to
neurodegenerative diseases. Proteins like TDP-43 and FUS contain PrLDs critical for cellular
processes but are prone to toxic aggregation when dysregulated.

The interplay among IDRs, SLiMs, PrLDs, and PTMs is vital for regulating protein function.
PTMs can modulate the binding affinity of SLiMs or PrLDs for their interaction partners,
thereby influencing signalling pathways or cellular responses. Multiple SLiMs or PrLDs within
an IDR enable multivalent interactions with various partners, creating complex regulatory
networks essential for cellular function.

//' - -‘ S /
® /// ((z/\/‘}. _ y

Fig. 1.2: Biomolecular condensates are membraneless structures within cells that form through
a process called liquid-liquid phase separation. This phenomenon occurs when certain
proteins and nucleic acids, often intrinsically disordered proteins (IDPs), aggregate to create
dense, dynamic environments that concentrate biomolecules.

Biomolecular Condensates and Phase Separation

Biomolecular condensates are dynamic, membraneless structures that form through liquid-
liquid phase separation (LLPS) within cells[1]. This process occurs when the concentration
of specific proteins and nucleic acids exceeds a critical threshold, leading to their aggregation.
The formation of these condensates is driven by weak, reversible multivalent interactions,
including electrostatic attractions, hydrophobic interactions, and 7-7 stacking between
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aromatic residues. Intrinsically disordered regions (IDRs) within proteins play a crucial
role in facilitating these flexible and dynamic interactions. Their internal structure is often
heterogeneous, containing different types of biomolecules in varying concentrations, which
can enhance functionality through cooperative interactions.

The formation and behaviour of biomolecular condensates are influenced by various factors,
including thermodynamics, concentration changes, and environmental conditions. Nucle-
ation initiates the process, followed by growth through coalescence or incorporation of
additional biomolecules. Changes in ionic strength, molecular crowding, and temperature
can affect the stability and size of condensates. Larger condensates are thermodynamically
favoured due to their lower surface tension, often growing at the expense of smaller ones.

Biomolecular condensates serve several key functions in cellular processes. They enhance
biochemical reactions by increasing the local concentration of reactants[31]. For example, in
the nucleolus, ribosomal RNA synthesis occurs within condensates that help concentrate the
necessary components for ribosome assembly[32]. Condensates can also sequester specific
proteins or nucleic acids to prevent unwanted interactions, allowing cells to control signalling
pathways and metabolic processes more effectively. For instance, P granules in germ cells
help regulate the availability of specific mRNAs and proteins essential for development[33].
By creating localized environments for specific reactions, condensates help maintain cellular
homeostasis by isolating reactions from the bulk cytoplasm and ensuring optimal conditions
for biochemical activities.

The formation and behaviour of biomolecular condensates are influenced by factors such as
post-translational modifications, temperature changes, and variations in ion or metabolite
concentrations. Dysfunctions in these processes are linked to diseases, including neurode-
generative disorders like Alzheimer’s disease, where abnormal protein aggregates can form.
Understanding how these structures function can reveal potential therapeutic targets; for
example, modifying condensate dynamics may help address issues related to abnormal
protein aggregation or disrupted signalling.

Material and Biophysical Properties of Biomolecular Condensates

Biomolecular condensates possess unique material and biophysical properties [1, 34, 35,
36]. These properties include higher viscosity, which allows condensates to resist flow and
maintain their shape, and the ability to exhibit gel-like behavior [37, 38]. This viscosity is
crucial for creating a localized environment where biochemical reactions can occur more
efficiently. Viscosity varies widely among condensates, affecting the diffusion rates of
molecules within them. These condensates are not static structures; instead, they can rapidly
assemble and disassemble in response to changes in cellular conditions such as temperature,
pH, or ionic strength. This flexibility enables cells to adapt to environmental changes or stress.
Molecular concentration, composition, and post-translational modifications can significantly
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alter condensate properties and dynamics. These condensates can be classified into various
material states, including liquid, hydrogel, liquid-crystal, glassy, and amyloid-like fibril
states. Each state has distinct material properties that influence biological functions[39]. For
example, liquid-like condensates are highly fluid and dynamic, while hydrogels are more
stable with limited mobility.

The concentration of components within a condensate is crucial; the saturation concentration
(Csqt) indicates when phase separation occurs, and the partition coefficient (X) describes
the concentration ratio between dense and dilute phases. These parameters help maintain
cellular homeostasis by buffering fluctuations in biomolecule concentrations.

The timescale of interactions between proteins affects the material state of condensates;
longer-lived interactions promote solid-like behaviour[40]. Surface tension plays a key
role in determining the shape and stability of condensates by minimizing surface area,
which drives them to adopt spherical shapes. Some biomolecular condensates consist of
multiple coexisting liquid phases. Interfacial tension controls the arrangement and stability
of these phases, often causing them to form layered structures to minimize energy. Distinct
phases within a condensate enable selective biomolecule partitioning, enhancing biochemical
reaction efficiency.

Understanding these properties elucidates the roles of biomolecular condensates in cellular
processes and their dysregulation in diseases. Their ability to concentrate specific molecules
while excluding others, combined with their dynamic nature, makes them effective reaction
hubs for regulating biochemical processes [41].

Biomedical Significance

Biomolecular condensates are critical in disease pathogenesis due to dysregulation in their
formation, composition, and behaviour [42, 43, 11]. A key process in many condensate-
related diseases is the transition from a functional liquid-like state to a pathological solid-like
state, often leading to the formation of protein aggregates characteristic of numerous neu-
rodegenerative disorders. This phase transition can be triggered by factors such as the ageing
of condensates, post-translational modifications, mutations in condensate-forming proteins,
concentration changes of components, and environmental factors like pH or temperature
shifts[44]. In conditions like amyotrophic lateral sclerosis (ALS) and frontotemporal demen-
tia (FTD), proteins such as TDP-43 and FUS can irreversibly transition from their normal
droplet state into an amyloid state, resulting in loss of function and toxic intermediates[45,
46, 47]. Dysregulated condensates disrupt essential cellular processes[48]. In cancer, abnor-
mal condensate formation by transcription factors can interfere with gene expression. These
disruptions result in the loss of normal cellular functions, toxic effects due to sequestration of
essential components or harmful aggregates, altered cellular organization, and the nucleation
of pathological aggregates.
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Fig. 1.3: A) The transcription process by Pol II involves initiation, where Pol II binds to DNA, and
elongation is driven by CTD phosphorylation for RNA synthesis. B) Hypothetical model of
an active Pol IT gene (blue) with promoter (turquoise) and gene-body (orange) condensates.
The promoter condensate, formed by transcription factors and enhancers (blue boxes),
recruits Pol II with an unphosphorylated CTD (turquoise ovals), co-activators, and initiation
factors (violet). The gene-body condensate includes nascent RNA (red), elongation and RNA
processing factors (orange), and phosphorylated Pol II. Pol II shuttles between condensates
depending on CTD phosphorylation (adapted from [49]).

Transcriptional condensates

Gene expression is the fundamental process by which the information encoded in DNA
is converted into functional products, primarily proteins and RNAs, that perform cellular
functions[50, 51, 52]. In eukaryotic cells, transcription initiates gene expression by copying
DNA into RNA. RNA polymerase II (Pol II) is the enzyme responsible for transcribing protein-
coding genes and some non-coding RNAs. Pol II is a complex of 12 subunits (RPB1-12),
with its largest subunit containing a conserved C-terminal domain (CTD) made up of heptad
repeats (YSPTSPS). The number of repeats varies by species, with 26 in yeast and up to 52
in vertebrates. The CTD serves as a platform for recruiting transcription and RNA processing
factors.

Pol II requires additional proteins for transcription steps and is regulated by factors such
as chromatin structure (the complex of DNA and proteins that packages genetic material),
CTD phosphorylation (the addition of phosphate groups to the CTD), and elongation factors
like TFIIS (a protein that helps Pol II overcome pausing and backtracking). Transcription
is broadly divided into initiation and elongation phases (Fig 1.3A). During initiation, Pol II
and general transcription factors assemble at the promotor region of the gene to form the
pre-initiation complex (PIC), leading to DNA unwinding and the commencement of RNA
synthesis(Fig 1.3B). In elongation, Pol II synthesizes RNA along the DNA template, a process
regulated by P-TEFb kinase (positive transcription elongation factor b), which phosphorylates
the CTD.

The phosphorylation status is crucial for its function throughout the transcription process. At
the beginning of transcription, Ser5 residues are phosphorylated by CDK7 (cyclin-dependent
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kinase 7), while Ser2 residues are increasingly phosphorylated by CDK9 (P-TEFb) during
elongation. This results in a phosphorylation pattern where Ser5 phosphorylation peaks
near the transcription start site, and Ser2 phosphorylation accumulates toward the end of
the gene. Finally, termination occurs when Pol II recognises specific signals in the DNA that
prompt it to stop RNA synthesis and release the completed transcript.

Recent structural studies have revealed that transcription involves the formation of distinct
transient condensates at gene promoters and within gene bodies (regions of a gene that
are transcribed into RNA) (Fig 2.1B, C)[53, 54, 32]. These condensates concentrate the
necessary factors for transcription initiation and elongation, allowing RNA polymerase II (Pol
II) to shuttle between them in a phosphorylation-dependent manner. This organization is
crucial for regulating gene activity and ensuring proper cellular responses. Different types
of transcriptional condensates control various steps of gene activation, including forming
pre-initiation complexes and facilitating elongation. The phosphorylation of the CTD of Pol
II is key to transitioning from initiation to elongation, enabling Pol II to move from initiation
to elongation condensates. Newly synthesized RNA influences condensate formation and
dissolution, creating feedback mechanisms that regulate the transcription process.

Our understanding of transcriptional condensates is still limited, with several open ques-
tions[55]. While many studies support phase separation, some researchers believe that weak,
transient interactions might be enough to explain the clustering of transcription factors and
other components without needing a separate phase. How different condensates coexist
and selectively sort biomolecules during transcription remains unclear. These condensates
are difficult to study because of their small size and complex interactions, which makes
traditional methods less effective in living cells [55, 56].

This thesis addresses these challenges by exploring how transcriptional condensates reg-
ulate gene transcription using multiscale molecular dynamics simulations. It comprises
four key projects: First, we explore the intrinsically disordered nature of the CTD using
NMR spectroscopy and molecular dynamics simulations. Second, we examine how CTD
phosphorylation drives Pol II's phase behaviour, forming multiphasic condensates to separate
initiation and elongation phases. In the third project, we analyze the stochastic effects of
CTD phosphorylation in nonequilibrium states to understand complex cellular behaviours in
dynamic environments. Finally, we apply active learning techniques to efficiently map protein
sequence parameters, enhancing predictions about biomolecular condensate formation.

The objective is to uncover the molecular mechanisms that allow cells to maintain func-
tional organization under dynamic conditions, bridging knowledge gaps in transcriptional
condensate understanding and offering a perspective on cellular gene regulation.
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1.1.4 Experimental Techniques for Investigating Condensates and
Intrinsically Disordered Proteins

Experimental techniques for studying condensates and intrinsically disordered proteins (IDPs)
include a variety of methods[57]. Microscopy techniques are crucial for visualizing conden-
sates. Fluorescence microscopy enables imaging with nanometer resolution. Time-lapse
microscopy tracks phase separation in real time under various conditions. Fluorescence re-
covery after photobleaching (FRAP) assesses molecular diffusion within condensates, helping
distinguish between liquid-like and gel-like states. Single-molecule fluorescence techniques,
such as Forster resonance energy transfer (FRET), provide insights into protein-RNA interac-
tions driving condensate formation. Mass spectrometry identifies protein components within
condensates, though it lacks spatial information.

For IDPs, Nuclear Magnetic Resonance (NMR) spectroscopy is particularly useful, offering
atomic-level insights into their dynamic conformations and structural preferences. NMR re-
veals transient structural features. Small-angle X-ray scattering (SAXS) further characterizes
the overall shape and size distributions of IDPs in solution.

Nuclear Magnetic Resonance (NMR) Spectroscopy

For the study of IDPs, Nuclear Magnetic Resonance (NMR) spectroscopy emerges as a
particularly powerful tool, offering atomic-level insights into their dynamic conformations
and structural preferences[58]. NMR exploits the magnetic properties of certain atomic
nuclei, such as hydrogen and carbon, to study molecular structure and dynamics. When
placed in a strong magnetic field and exposed to radio waves, these nuclei emit signals that
provide detailed information about their chemical environment, interactions with neighboring
atoms, and the overall molecular structure. The resulting NMR spectrum serves as a unique
fingerprint of the molecule, with peaks at different frequencies corresponding to different

atoms.

NMR provides extensive information on molecular structure and dynamics, making it in-
valuable for studying IDPs. Chemical shifts indicate the electronic environment of nuclei,
while spin-spin coupling, observed as peak splitting, reveals magnetic interactions between
neighbouring nuclei. Relaxation time measurements provide data on molecular motion and
dynamics, making NMR well-suited for investigating the highly flexible nature of IDPs. Unlike
structured proteins, IDPs exhibit distinctive spectral characteristics in NMR, with signals
clustered in a narrow region of the spectrum, indicating high flexibility and lack of a defined
structure.

NMR is particularly powerful for studying intrinsically disordered proteins (IDPs), which
lack a stable structure. Unlike structured proteins, IDPs are highly flexible, making
them challenging to investigate with conventional methods. However, NMR captures
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Fig. 1.4: Secondary structure propensity of yCTD based on NMR chemical shifts, with Tyr residues
indicated by red triangles. The analysis confirms a dynamic, predominantly random coil
behaviour, with a slight propensity for turn formation at the Y1 heptad position.

their dynamic nature at the atomic level. For IDPs, NMR shows distinctive spectral
characteristics; the protein’s signals cluster in a narrow region of the spectrum, indicating
high flexibility and lack of a defined structure, contrasting with structured proteins that
exhibit more spread-out and distinct signals. NMR can also reveal local structural preferences.

NMR Spectroscopy Techniques for Studying Intrinsically Disordered Proteins
Intrinsically disordered proteins (IDPs) exist as dynamic ensembles of conformations, making
them difficult to study using traditional structural biology techniques. Several NMR-based
methods have proven effective for investigating their structural and dynamic properties[59,
60, 61]. Secondary chemical shifts, calculated by comparing observed shifts to random coil
values, reveal transient structural preferences such as a-helices and (3-sheets (Fig 1.4). The
secondary chemical shifts of Ca,, C3, N, and HN nuclei provide insights into these preferences.
Residual Dipolar Coupling (RDC) provides information on the alignment of molecules in
a magnetic field by analyzing the angles between internuclear vectors and magnetic field
vectors. It captures the dynamic nature of IDPs and detects transient structural preferences,
aiding in understanding their flexibility. The Nuclear Overhauser Effect (NOE) provides
distance information between protons in NMR spectroscopy, effective up to about 5 A. In
IDPs, sequential and medium-range NOEs are common, while long-range NOEs are rare
in NOESY spectra. The absence of long-range NOEs in IDPs does not rule out short-lived
contacts, as their rapid dynamics can weaken NOE signals and complicate peak assignments.
However, NOE data is still useful for identifying short-range interactions within IDPs. The
hydrodynamic radius (Rh) measures the effective size of IDPs in solution, reflecting their
flexibility. Rh is typically larger for IDPs than for structured proteins, indicating their dynamic
nature. Techniques like pulsed-field gradient NMR (PFG-NMR) measure diffusion coefficients
to calculate Rh.

The dynamic nature of IDPs results in averaged chemical shifts that do not capture the full
range of conformational states, leading to underdetermined datasets that are difficult to
interpret. The study of IDPs relies on conformational ensembles derived from techniques such
as NMR, SAXS, single-molecule FRET, and molecular dynamics (MD) simulations. Recent
advancements in MD simulations provide insights into IDP dynamics and interactions. A
combination of these methods is essential for understanding the complex behaviour and
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functions of IDPs.

Caenorhabditis elegans(C. elegans)

The nematode Caenorhabditis elegans (C. elegans) is a widely used model organism in
biological research due to its simplicity, genetic tractability, and well-characterized biol-
ogy[62, 63]. Its short life cycle ( 3 days), transparent body, and ease of maintenance
enable high-throughput experiments and direct observation of cellular processes in living
tissues[63]. These features make it particularly valuable for studying liquid-liquid phase
separation (LLPS), where its genetic tools allow precise manipulation of proteins involved in
biomolecular condensates like P granules [64].

Beyond LLPS, C. elegans serves as a key system for toxicology, drug discovery, and aging
research, leveraging its conserved molecular pathways (60-80% genetic similarity to hu-
mans) [65]. Its ability to model complex biological phenomena in an ethical, cost-effective,
and physiologically relevant context provides advantages over in vitro systems and mam-
malian models[66].

1.1 How Cells Are Organized?
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Theory

Thermodynamics

Here, we examined the crucial roles of intrinsically disordered proteins (IDPs) and regions
(IDRs) in cellular function, particularly in the context of biomolecular condensates and phase
separation. To fully understand the behaviour of IDPs and IDRs in biomolecular condensates,
we must now turn our attention to the underlying physical principles that govern these
phenomena. The following sections will introduce the key concepts from polymer physics
and thermodynamics that are fundamental to describing the behaviour of disordered proteins
in solution and their propensity for phase separation. We will begin by examining the
Flory-Huggins theory, a fundamental model in polymer physics that provides a framework
for understanding the mixing behaviour of polymers in solution. This theory provides a basis
for exploring how IDPs drive phase separation and contribute to condensate formation.

Intrinsically disordered proteins (IDPs) and polymers share fundamental characteristics as
macromolecules composed of hundreds of thousands of atoms. Both consist of smaller
repeating units — monomers in polymers and amino acids in IDPs — arranged in different
sequences. This repetitive structure, while more complex in IDPs, allows for simplified theo-
retical modelling despite their large size. The conformational diversity of IDPs and polymers
stems from their chain-like structure, which permits significant flexibility. This flexibility
enables a diverse range of conformations and is essential for their function. Importantly,
local interactions among molecules tend to average out due to multiple interactions with
surrounding molecules, allowing for a simplified description of their behaviour. As a result,
both polymers and IDPs can often be characterized using a few effective quantities rather
than detailed atomic-level descriptions. Key parameters include topology, local stiffness along
the backbone, bulkiness, and the compatibility or incompatibility of the building blocks. For
IDPs, these parameters are influenced by their specific amino acid sequences and can include
partially structured regions, adding complexity to their behaviour[67].

The behaviour of both IDPs and polymers is often governed by bulk properties rather than
by specific local structures, as they are influenced by their environment and interactions
with other molecules. Because of these similarities, concepts from polymer physics, such
as the Flory-Huggins theory, can be applied to IDPs[68, 69]. This is particularly useful for
understanding processes like phase separation and the formation of biomolecular condensates
in cells. By combining ideas from polymer physics with the unique aspects of proteins, we
can better understand the complex behaviours of IDPs in cellular organization and function,
helping us explain important cellular processes.

Liquid-liquid phase separation (LLPS) involves a homogeneous mixture of bio-macromolecules
separating into two distinct liquid phases. This can be illustrated by everyday examples
such as oil and water separating into layers due to their immiscibility. In biological contexts,
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consider a water-soluble polymer in an aqueous solution: under specific conditions, it can
separate into a concentrated polymer-rich phase and a dilute polymer-poor phase. This
behaviour is crucial for understanding cellular function as biomolecular condensates emerge
from similar processes, enabling cells to compartmentalize biochemical reactions and adapt
to environmental changes without relying on membranes.

In two-component systems, phase separation can be mathematically described using volume
fractions. For a polymer-solvent mixture, ¢, represents the polymer fraction and ¢, the
solvent fraction, with the relationship ¢, + ¢s = 1 in a closed system. In a binary mixture
of a polymer and a poor solvent, there exists a specific concentration threshold known as
the saturation concentration ( ¢s,). Beyond this threshold, the system separates into a
dense polymer-rich phase and a dilute phase. The volume fractions of the polymer in these
coexisting phases are referred to as ¢g;jute aNd Ggense, Where dgiiute is equal to ¢gq:[70, 71].

The Gibbs phase rule, expressed as F' = C' — P + 2, is a fundamental principle in thermo-
dynamics that relates the number of degrees of freedom (F) to the number of components
(C) and phases (P) in a system at equilibrium[72]. The degree of freedom refers to the
number of intensive variables (such as temperature, pressure, or composition) that can be
independently varied without disturbing the equilibrium state of the system. This rule helps
in understanding the conditions under which phase transitions occur and for predicting the
number of coexisting phases under given conditions.

Flory-Huggins theory

The Flory-Huggins theory is a fundamental model in polymer science that describes the
thermodynamics of polymer solutions and blends [73, 74]. It provides a framework for
understanding phase behaviour, including mixing and demixing phenomena in these systems.
The theory is based on a lattice model, where polymer chains and solvent molecules are
assumed to occupy discrete sites on a regular lattice. Each lattice site is occupied by either a
solvent molecule or a polymer segment.

The theory is based on several key assumptions that simplify its calculations. It assumes
incompressibility, where the total volume of the solution equals the sum of the volumes of
the polymer and solvent components. Polymers chains are considered flexible, allowing them
to adopt any conformation within the lattice. Additionally, the mean-field approximation
is applied, where each molecule experiences an average force field, ignoring the local
fluctuations in concentration and energy.

The Flory-Huggins theory focuses on the Gibbs free energy of mixing (AG,,i,), which is
determined by both the entropy of mixing (AS,,;,) and the enthalpy of mixing (Ah;,i.). The
main source of entropy gain during mixing comes from translational entropy—the increased
ability of polymer chains and solvent molecules to move freely and occupy more spatial
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positions. While polymer chains have many possible conformations that contribute to their
configurational entropy, this contribution changes little upon mixing. The translational
entropy per molecule can be expressed as:

P1

TAS, n = —kpT [ 2L
5 B <N1

Ing; + % In ¢2>

Here, kp is Boltzmann’s constant, and 7 is the absolute temperature. ¢, and ¢- represent
the volume fractions of solvent and polymer in the solution, respectively. Their sum is always
equal to ¢1 + ¢2 = 1. Ny and N, are the lattice sites occupied by a single polymer molecule
and a single solvent molecule, respectively. For a polymer solution Ny = N and N, = 1.

The enthalpy of mixing represents the change in interaction energy during mixing and
depends on the Flory-Huggins interaction parameter y, which characterises the polymer-
solvent interactions in a mean-field approximation. The interaction parameter is defined

as:
z

= %kpT

where z is the coordination number (number of nearest neighbors on the lattice), and u,,

X (2ups - upp - uss)7

Upp, and u,s are pairwise interaction energies for polymer-solvent, polymer-polymer, and
solvent-solvent pairs, respectively. Using this definition, the enthalpy per lattice site can be
expressed as:

A}Imix = X¢(1 - Qb)

Combining entropy and enthalpy contributions, the Gibbs free energy of mixing becomes:
AGunix = AHpix — TASpix,

which can be written as [75]:

AG ¢

o = ot (=01~ 6) +xo(1 — ) (1.1)

This equation is called the Flory-Huggins equation for polymer solutions, which includes
contributions from both entropy and interaction energy. The entropy terms favor mixing
by increasing system disorder, while the interaction energy term, determined by the Flory-
Huggins interaction parameter y, can oppose mixing if y is positive. At low y values, entropy
dominates, resulting in miscibility. However, as x increases, the interaction energy becomes
significant and may lead to phase separation if it outweighs the entropic contributions.

A higher y value reflects greater energy costs for polymer-solvent interactions. When x > 0,
the polymer is in a "poor solvent," encouraging phase separation. If y exceeds a critical
threshold (which depends on system-specific factors), phase separation occurs, forming
two distinct phases: one with low polymer concentration and another with high polymer
concentration. This behavior is observed in solutions containing intrinsically disordered
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proteins (IDPs), which undergo liquid-liquid phase separation due to weak multivalent
interactions modeled by Flory-Huggins theory. Conversely, a negative y value indicates
favorable polymer-solvent interactions, promoting mixing.

The Flory-Huggins interaction parameter x is influenced by temperature, which is important
for understanding polymer solutions. It can be expressed as:

B

T)=A+ =

x(T) T

where A represents a constant entropic contribution (temperature-independent), and %

represents the enthalpic contribution. At low temperatures, the enthalpic term (%) has a

greater effect, while at high temperatures, the entropic term (A) becomes more important.

This analysis is not limited to temperature changes; other conditions can also affect the
interaction parameter. The temperature dependence of x results in two behaviours: the
Lower Critical Solution Temperature (LCST), where y increases with temperature, and the
Upper Critical Solution Temperature (UCST), where x decreases. Some systems can exhibit
both behaviours. The Flory-Huggins theory predicts phase behaviour in polymer-solvent or
polymer-polymer mixtures based on the temperature dependence of the y parameter (Fig.
1.5). Phase behaviour is determined by the Gibbs free energy (AG) of the mixture. If AG
for the blend is lower than that of the separate components, the mixture is fully miscible.
Conversely, if AG is higher than that of two coexisting phases, phase separation occurs. At
high temperatures, the Gibbs free energy favours a stable homogeneous phase, while at
lower temperatures, a maximum in the Gibbs energy versus composition curve can lead to
phase separation.

At equilibrium, a key condition is that the chemical potential (1) of each component must be
equal across all phases. This is expressed mathematically as

p1,a0(T,p) = p1g(T,p) and  poo(T,p) = p2 (T, p),

where subscripts 1 and 2 refer to different components, and a and S represent different
phases. The chemical potential is a measure of how the Gibbs free energy of a system changes
with the addition or removal of a component. This equilibrium condition is fundamental
to understanding phase behaviour and can be derived from the principle of minimizing the
total Gibbs free energy of the system. The chemical potential is defined as the partial molar

i = (aG )
’ an’l T,p,nj?gi ’

where G is the Gibbs free energy and n; is the number of moles of component 1.

Gibbs free energy:

The T1 curve in Fig. 1.5 illustrates two minima in Gibbs free energy (G), indicating unstable
compositions between these points where phase separation occurs. The compositions of
the two coexisting phases (¢’ and ¢"”) are determined by constructing a double tangent
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Fig. 1.5: Variation of Gibbs free energy with composition, ¢ (¢ = ¢; or ¢5) at four temperatures. The
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curve), the mixture will sf:ontaneously phase separate into domains with compositions
¢’ and ¢" via spinodal decomposition. However, at point B (outside the spinodal curve),
there is an energy barrier to phase separation, which then occurs by nucleation and growth.
Adpated from [76]

points of inflection ( )T = 0 defines the spinodal curve. At point A (inside the spinodal
p

line (CC’) that touches the GG curve at these minima. These points define the binodal curve,
which narrows to a single point at the critical solution temperature (7,). The binodal curve
represents compositions where two distinct phases coexist in equilibrium. When the mixture’s
composition lies within the binodal, it is thermodynamically unstable or metastable, meaning
that the mixture can spontaneously separate into different phases.

Inside the spinodal region, phase separation occurs spontaneously via spinodal decomposition,
initiating coarsening processes. In the region between the spinodal and binodal curves, the
phase is metastable. Here, nucleation and growth take place, with small clusters of the
minority phase growing and merging over time, minimizing interfacial energy. As this process
progresses, Ostwald ripening occurs, where smaller droplets dissolve and redeposit their
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material onto larger droplets, resulting in an overall increase in droplet size. The Critical
Solution Temperature marks the point where the spinodal and binodal curves converge. The
condition

va_y

0¢?

marks the boundary between metastable and unstable regions in a phase diagram.

The Upper Critical Solution Temperature (UCST) occurs at the maximum of the phase
diagram, where solubility increases with temperature due to stronger interactions between
molecules and solvent, common in non-polar polymer-solvent mixtures. In contrast, in
the Lower Critical Solution Temperature (LCST), solubility decreases with temperature as
thermal motion disrupts these interactions.

Thermoresponsive phase separation can occur either above or below a critical temperature,
depending on the specific balance between enthalpic interactions and entropic contributions
in the system[77, 78]. These behaviors are classified as lower critical solution temperature
(LCST) and upper critical solution temperature (UCST) transitions, respectively. In some
systems, both types of transitions can be observed under different conditions, allowing for
tunable phase behavior. UCST-type separation is typically governed by the interplay of
entropy and enthalpy of mixing, while LCST behavior is often driven by an entropy gain,
such as the release of bound molecules like water.

Understanding Polymer behaviour

Polymers are large molecules characterized by high molecular weight, consisting of repeated
subunits known as monomers. These monomers, which are relatively small and simple
molecules, are covalently bonded through polymerization. The resulting polymer can
exhibit various forms and structures depending on the arrangement and type of monomers.
Polymers can be broadly categorized into synthetic polymers, such as plastics, fibres, and
glues, and biopolymers, which include natural substances like proteins, polysaccharides, and
DNA. The structural diversity of polymers is further enhanced by factors such as branching
architectures, stereoisomerism (the spatial arrangement of atoms), and different types of
monomer sequences ranging from homopolymers (identical monomers) to alternating and
random sequences. Understanding these fundamental aspects of polymers is crucial for
exploring their physical properties and applications in various fields.

Ideal Chains

Understanding polymer behaviour can be simplified using models like ideal chains. It
assumes that monomers far apart along the chain exhibit no long-range correlation, though
short-range correlations between neighboring monomers may still exist. In this model, the
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polymer consists of connected monomers that do not interact with each other except when
they are adjacent. This allows the chain to behave like a random walk, where each segment
can point in any direction without affecting the others. An isolated homopolymer consists of
N + 1 monomers located at positions rg, r1, ..., 7, in space. It simplifies the representation of
polymer chains by treating them as a series of connected monomers or links, each with a fixed
length b and no restrictions on the angles between them. A specific case of the ideal chain is
the freely jointed chain, which assumes complete independence between bond vectors. In
this model, there is no correlation between the orientations of consecutive bonds[79]:

<I‘i-I‘j>:0 fOI'Z‘#j,

and all bond vectors have the same fixed length b. The total end-to-end vector of the chain is
represented as [80]:
R =) b,
i=1
where n is the number of monomers. The mean square end-to-end distance provides a
measure of the chain’s size and scales linearly with the number of bonds:

(R?) = Zn:zn:(rz 1) = nb?.
i=1j=1

This key result demonstrates that the size of the chain grows with the square root of the
number of bonds:

R o nt/2,

This scaling behaviour is a fundamental characteristic of random walk dynamics and offers
essential insights into the statistical mechanics governing polymer conformations.

Chain Conformations

The conformation of polymer chains is a key factor that affects their physical properties and
behaviours[81, 82, 83]. Polymers are long molecules made up of repeating units called
monomers. They are flexible and can take on different shapes. The main conformations
include extended, coiled, and folded structures. The specific shape a polymer chain adopts
depends on several factors, including steric hindrance, torsional angles, and intermolecular
interactions. Understanding these conformations is essential for predicting the behaviour
of polymers in various applications. Steric hindrance refers to the arrangement of atoms in
a polymer chain that can limit the rotation around bonds, affecting its shape; larger side
groups can increase steric hindrance, leading to more compact conformations. Torsional
angles are the angles between adjacent bonds in the polymer backbone that influence the
overall shape; each bond can rotate freely within certain limits, resulting in various possible
shapes. Intermolecular interactions, such as hydrogen bonding or van der Waals forces, can
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stabilize certain shapes over others.

Random Coil Model

In dilute solutions, polymer chains often exist in a random coil conformation[84, 85]. The
random coil behavior is well-described by the Gaussian chain model, which assumes that the
polymer chain behaves as a random walk in three-dimensional space. This model assumes
monomers are connected by flexible bonds, allowing free rotation. The dimensions of a
random coil can be characterized by the radius of gyration R, which is defined as[82]:

Ry y 2t

where r; is the distance of the i-th monomer from the center of mass of the chain, and N
is the total number of monomers. The radius of gyration provides insight into the size and
compactness of the polymer coil.

Persistence Length

The flexibility of a polymer is characterized by its persistence length (I,,), which measures
the distance over which the directional correlation between segments of the chain persists.

The directional correlation between two segments of a polymer chain decreases exponentially
with the distance separating them along the contour length. This relationship is described by
the equation:

(cos ©(s)) = exp(—sb/l).

where s is the length separating the segments, b is the bond length, and [, is the persistence
length. The persistence length serves as a measure of polymer stiffness. For flexible chains, [,
is comparable to the bond length (b), while for semiflexible chains, such as those described
by the worm-like chain model, [, > b.

The persistence length is closely related to the Kuhn length (l;), which represents an
equivalent freely jointed chain. The relationship between these parameters is given by:

g, 2
P2t ey

where (©?) is the mean square angle between adjacent bonds.
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Influence of Solvent Quality and Scaling Laws in Polymer Physics

The behaviour of polymers in solution is fundamentally governed by the quality of the solvent
in which they are dissolved[86, 87, 88, 85]. The properties of polymers in solution are
determined by the balance between effective monomer-monomer attractions and excluded
volume repulsions. Solvent quality can be categorized into three regimes: good, theta, and
poor solvents.

In good solvents, polymer-solvent interactions are energetically favorable compared to
monomer-monomer interactions. This causes polymer chains to swell and adopt more
extended conformations. The dominance of repulsive excluded volume effects leads to chain
expansion. The radius of gyration (R,) of a polymer in a good solvent scales with the number
of monomers (V) according to:

Ry ~ NO-588.

where 0.588 is known as the Flory exponent. As temperature decreases and approaches the
theta temperature (7j), polymer chains behave like ideal random walks, leading to:

Ry ~ N1/2.

At this temperature, attractive and repulsive forces between polymer segments balance out,
leading to ideal chain behavior where the second virial coefficient (B33) equals zero. The
theta condition helps determine unperturbed chain dimensions.

In poor solvents, polymer-polymer interactions are favoured over polymer-solvent interac-
tions. This causes the polymer chains to collapse into dense globules to minimize contact
with the solvent. The scaling relationship in poor solvents becomes:

Rg ~ N1/3

These solvent conditions significantly influence various polymer properties. For instance,
the second virial coefficient (Bss), which describes the strength of pairwise interactions
between polymer molecules in solution, is positive in good solvents, approaches zero at
the theta point, and becomes negative in poor solvents. This relationship can be expressed
mathematically as:
Boy = ﬁ /OOO {1 - eiU(T)/kBT} 4rridr,

where M is the molecular weight and U(r) is the interaction potential. The behaviour of
polymer solutions is characterized by three key temperatures that provide crucial insights
into polymer-solvent interactions and phase behaviour: the theta temperature (7}), the Boyle
temperature (73), and the critical temperature (7.). At Ty, polymers behave as ideal chains,
meaning that the effects of polymer-polymer interactions and polymer-solvent interactions
exactly balance each other. As the polymer length (L) increases, both the Boyle temperature

Chapter 1 Background



1.2.3

(T's(L))—the temperature at which higher-order virial coefficients vanish—and the critical
temperature (7.(L)) approach the theta temperature (7y). For an infinitely long chain, these
temperatures converge: Tg(L) > Ty > T.(L), and as L — oo, T = T, = Ty. Understanding
these solvent conditions influences various properties of polymers and helps predict their
behaviour across different environments.

Surface tension

Surface tension is a fundamental physical phenomenon that arises at the interface between
different phases, such as liquid-gas or liquid-liquid boundaries. This effect is particularly
pronounced at small scales, where the surface-to-volume ratio is large, making interfacial
properties critically important in various applications, including fluid dynamics, material
science, and biological systems. By applying principles from thermodynamics and statistical
mechanics, we can gain insights into how interfaces influence the stability and behaviour of
multiphase systems.

Surface energy is defined as the excess free energy per unit area at an interface, measured
in Joules per square meter (J/m?) or milliJoules per square meter (m.J/m?), while surface
tension is defined as a tensile force per unit length acting along the surface, measured in
Newtons per meter (N/m) or milliNewtons per meter (mN/m). The microscopic origin of
surface energies arises because molecules at the surface experience different interactions
compared to those in the bulk due to a lack of neighbouring molecules above them. This
results in higher potential energy for surface molecules compared to bulk molecules, leading
to excess energy at the interface. The cohesive energy of a liquid is determined by the sum
of interaction energies with neighboring molecules within the range of molecular interaction
potentials.

Molecular interactions include various types such as Coulombic, dipole-dipole, and van der
Waals forces, with interaction potentials showing both attractive and repulsive components.

Molecules in a liquid are in constant thermal motion, with neighbours changing rapidly. The
average interaction energy reflects many molecular collisions. Surface tensions represent
excess free energies rather than pure binding energies and include random thermal motion
and entropy effects. Capillary waves are fluctuations at the liquid surface that contribute to
the system’s entropy, which become more pronounced at higher temperatures, reducing the
overall surface energy.

Surface tension is defined thermodynamically as the mechanical work (W) required to
increase the surface area (dA) of a liquid[89]:

dW = ~vdA
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where ~ is the surface tension. This definition aligns with the microscopic view that surface
molecules have excess energy compared to those in the bulk. When increasing surface area
while keeping the number of molecules constant, work must be done against molecular
interaction forces, and this work is stored as additional surface energy in the total Gibbs free
energy (G) of the system. Thus, we can express surface tension as:

7= (52)
0A) n.pr

The presence of finite macroscopic surface tension explains why droplets assume a spherical
shape in the absence of external forces. Spheres minimize surface area for a given volume,
making them the equilibrium shape of free drops.

Young-Laplace Equation

The Young-Laplace equation describes the pressure jump across curved liquid surfaces and
liquid-liquid interfaces due to surface tension. For spherical surfaces, where curvature is
uniform across all directions, the pressure difference due to surface tension simplifies to
APy, = %, where R is the radius of curvature of the drop. This excess pressure is known as
Laplace pressure, and the mean curvature (x) is defined as k = %. For nonspherical shapes,
the generalized Young-Laplace equation accounts for two principal radii of curvature (R;

and R»)[89]: . .
sk =g+ ;)

In mechanical equilibrium, a liquid interface maintains a constant Laplace pressure unless
external forces act on it. Any variation in curvature creates pressure gradients along the
interface, driving fluid flow until equilibrium is restored. For spherical surfaces, where

Ry = Ry = R. For flat surfaces, as R;, Ry — oo, the pressure difference becomes zero
(AP, = 0).

Wetting Principles

Wetting describes the interaction between a liquid and a solid surface, specifically the liquid’s
ability to spread and maintain contact with the surface. The degree of wetting is quantified
by the contact angle (6), defined as the angle at the three-phase contact line where solid,
liquid, and vapor meet. A lower contact angle (less than 90°) indicates good wettability;,
while a higher contact angle (greater than 90°) suggests poor wettability. Young’s equation
provides a framework for understanding wetting[90]:

Ysv = Vsl + Viw COS(Q)
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Here, s, is the solid-vapor interfacial tension, vy is the solid-liquid interfacial tension, and
~1» is the liquid-vapor interfacial tension. For complete wetting (6 = 0°), the liquid spreads
entirely over the solid surface, making the solid-vapor interface energetically unfavorable
compared to the solid-liquid and liquid-vapor interfaces. For no wetting (§ = 180°), the
liquid minimizes its contact with the solid surface by forming a nearly spherical droplet.

The thermodynamics of wetting can be analyzed using the spreading parameter S, defined
as:

S = Ysv — (73[ + ’Ylv);

which quantifies whether complete wetting is energetically favorable. A positive spreading
parameter (S > 0) indicates that adhesive forces between the liquid and solid are stronger
than cohesive forces within the liquid, resulting in complete wetting.

Partial Wetting: The Young Equation

Partial wetting involves three phases: solid, liquid, and vapour, with all combinations of
interfaces present. At the edge of the drop, where these phases meet, is the three-phase
contact line. On a flat surface, the angle between the solid-vapor (sv) interface and the
solid-liquid (sl) interface is geometrically defined as 180°. The angle between the solid-liquid
and liquid-vapor (lv) interfaces is the contact angle, denoted as Young’s angle (fy). The
contact angle relates to the interfacial tensions in the system. The total surface energy
(Esuf[A]) is given by:
Esuf[A] = Z AiYis

where A; represents interfacial areas for solid-liquid (), solid-vapor (vs,), and liquid-vapor
(11,) interfaces. On a flat substrate with negligible curvature effects, this simplifies to:

Esurf[A] = Alv7 + Asl('Ysl - ')’sv)-

where A;, is the area of the liquid-vapor interface and A, is the area of the solid-liquid
interface. The goal is to find the shape A of the drop that minimizes E . Near the contact
line, we assume the curvature of the liquid-vapor interface is negligible, allowing us to
consider it flat.

In equilibrium, any displacement of the contact line must not change the surface energy. If
we displace the contact line by a small amount dz, we convert part of the sv interface into sl
interface while generating an additional liquid-vapor interface. The variation in interfacial
energy can be expressed as:

6Esurf = dw(’}/sl — Ysp T 7y COS 9)
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Setting this variation to zero gives us Young’s equation:

cos QY _ Ysv — Vsl )

If v = 7sv, then fy = 90°, indicating no preference for either phase. If v4, > 74, then
0y < 90°, and vice versa. Young’s equation assumes partial wetting conditions. If 6y
approaches 0°, it indicates complete wetting; if 8y approaches 180°, it indicates no wetting.

In systems involving another liquid (e.g., oil droplets on water), all three interfaces (oil-water,
water-air, and oil-air) are deformable. The balance of surface tension forces at the contact
line leads to relationships among angles and interfacial tensions described by Neumann’s
triangle. Neumann’s triangle is a geometric representation that relates the interfacial tensions

at the three-phase junction:
’YOG/ 7wa ’Vow

sinf, sinf, siné,

In Neumann’s triangle, ~,, represents oil-air interfacial tension, ~,,, represents water-air
interfacial tension, and ~,,, represents oil-water interfacial tension. The angles 6,,, 6,, and 6,
correspond to angles opposite each respective tension. This equation highlights several key
points: First, the contact angle depends on the relative magnitudes of interfacial tensions; a
higher tension can lead to a larger contact angle, indicating poorer wetting. Second, smaller
contact angles indicate better wetting; if the sum of two interfacial tensions exceeds the
third, it results in a smaller angle. Third, this relationship shows how interactions between
different phases affect wetting properties. Understanding Neumann’s triangle and contact
angles has significant applications. In coating technologies, achieving the desired wetting
characteristics improves adhesion and uniformity. In biological systems, controlling wetting
properties influences cell behaviour and interactions with biomaterials.

Stability diagram

The stability and morphology of double droplets, where two immiscible liquid phases (A and
B) coexist in a solvent liquid, depend on the interplay of interfacial tensions (y4,v5,v4B)
and spreading coefficients[91]. Three equilibrium configurations are possible: (i) non-
engulfing, where droplets A and B are separated by the host liquid, (ii) complete engulfing,
where one droplet fully encapsulates the other, and (iii) partial engulfing, where droplets A
and B share a common interface while being exposed to the host phase[92, 93]. The stability
of these configurations is governed by the spreading coefficients S4, Sp, and Sy, defined as:
SA=9B—7YA— 4B, SB = 74 — VB — YAB, and Sy = yap — 74 — yp. Stability conditions
are as follows: Sy, > 0 or Sp > 0 indicates complete engulfing, Sy > 0 corresponds to
non-engulfing, and S4, Sp, Sy < 0 ensures partial engulfing.

The equilibrium configuration of the droplets is determined by the force balance at the
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three-phase contact line. This force balance leads to the following equations:

yaB cosOp + B + vyacos(0a + 60p) =0, (1.2)
vapcosfy +ypcos(0a +0p)+v4 =0, (1.3)

where 04 and 6p are the contact angles formed at the interfaces. These contact angles are
further related to the interfacial tensions through:

2 .2 .2
cosfy = 1B TAT TAB (1.4)
2vAvAB
2 2 9
cosfp = w. (1.5)
2vBYAB

For partial engulfing to be stable, the contact angles must satisfy 64 + 0 > 7, ensuring
a wedge-like geometry at the three-phase contact line. The geometry also depends on
the volume ratio k¥ = Vp/V4, where Vp and Vy are the volumes of droplets B and A,
respectively. The curvature of the interface between droplets varies between concave and
convex depending on both £ and the contact angles. The curvature R of the interface between

4
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Fig. 1.6: Stability diagram illustrating the possible morphologies of coexisting liquid droplets com-
posed of phases A and B. The equilibrium shapes of the droplets corresponding to 4 distinct
morphologies are shown.

droplets A and B is determined by the Laplace pressure balance:

B YA YAB

B _ 14 _ A8 1.6

R Ru R (1.6)
where R4 and Rp are the radii of curvature of droplets A and B, respectively, and 74, 75,
and y4p are the interfacial tensions. This equation reflects the balance of normal forces
at the interface between the two immiscible phases. Using the law of sines applied to the
Neumann triangle, which describes the equilibrium of interfacial tensions at the three-phase
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contact line:

B YA YAB
= = 1.
sinfs sinfp  sin(04 +0p)’ -7

The curvature R can be expressed as:

Sin(eA + 93)

Ra Rp

In certain limiting cases, the curvature simplifies. When 64 + 6 = 7, the interface becomes
flat, corresponding to infinite curvature (R — oo). This occurs when the interfacial tensions
are perfectly balanced. Conversely, when one droplet forms a perfect sphere (e.g., v5/va5 —
0), the curvature of the interface becomes infinite.

The stability diagram, constructed using ratios of interfacial tensions, serves as a visual tool
for predicting and controlling droplet morphologies (Fig 1.6). The stability diagram for
double droplets maps the regions of stable morphologies in terms of normalized interfacial
tension ratios, y4/v4p and vp/v4p. Boundaries separating the three configurations are
defined by the conditions 4 = v + Y4B, YB = VA + 74B, and yap = ya + yp. Partial
engulfing occupies the intermediate region where none of these inequalities hold. This
configuration is particularly versatile, as the geometry can be tuned by adjusting interfacial
tensions or volume ratios, making it valuable for designing Janus particles, encapsulating
substances, and creating synthetic tissues.

Interfaces in Polymer Blends

Interfaces in symmetric binary homopolymer blends are crucial for studying inhomogeneous
polymer systems [94, 95]. Intrinsic profiles describe localized, two-dimensional structures of
the interface, capturing density and structural variations that are independent of long-range
fluctuations. These profiles are centred around a defined "local interface position," essential
for understanding polymer interfaces at a microscopic level.

Capillary waves, which are thermal fluctuations along the interface, cause transverse, long-
wavelength disturbances that broaden the apparent interfacial width (w). This broadening
depends logarithmically on the system size (L) and is mathematically expressed as:

(1.9

where wy is the intrinsic width of the interface, ~ is the interfacial tension, ag is a coarse-
graining length scale, kp is Boltzmann’s constant, and 7 is the absolute temperature. The
capillary wave Hamiltonian (Hcoyw ), which quantifies the energy associated with these
fluctuations, is given by:

HCW = %/d$dy|Vh|2
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where h(z,y) is the local interface height. As system size increases, larger capillary waves
contribute to a greater apparent width due to their cumulative effect.

Thermodynamic stability at polymer interfaces arises from balancing the minimization of the
interfacial area and maximizing the conformational entropy of the polymers. The interfacial
energy plays a critical role in determining how polymers behave at interfaces, affecting
their adsorption and desorption. The width influenced by capillary waves correlates with
mechanical stability; wider interfaces typically have fewer inter-chain entanglements[96].
A broad interface allows polymers to entangle across it, which strengthens the interface by
enhancing interactions between the different phases. This entanglement forms a network
that improves mechanical stability. In contrast, sharp interfaces rely predominantly on weak
van der Waals forces to maintain phase cohesion, resulting in reduced mechanical stability.
Therefore, the type of interface, broad or sharp, significantly affects the strength and stability
of polymer blends.

The dynamic behaviour of polymers at interfaces differs significantly from that in bulk
due to confinement effects. Intrinsic profiles exclude capillary wave effects, providing
an "idealized" view of the interface. Understanding these concepts is vital for accurately
predicting interfacial behaviour and improving material performance in polymer blends.

Classical Molecular Dynamics - Theory

Computer simulations, particularly molecular dynamics (MD), are crucial for understand-
ing biomolecular systems[97, 98, 99]. These computational methods reveal the dynamic
behaviour of biological molecules like proteins and nucleic acids, capturing molecular move-
ments that are invisible in static experimental structures. By applying physical principles
and computational algorithms, MD simulations model how molecules move and interact
under various conditions, which helps to track complex processes such as protein folding,
ligand binding, and conformational changes with unprecedented atomic-level detail. MD
simulations bridge the gap between experimental observations and molecular mechanisms,
providing insights into biological systems across multiple scientific domains. They are partic-
ularly valuable in structural biology, drug discovery, and understanding cellular processes
at the molecular level. The technique’s effectiveness stems from its ability to predict atom
movements using established physical laws, offering a comprehensive view of molecular
interactions. As computational power and simulation techniques improve, MD continues to
be an essential tool for exploring the intricate world of biomolecular systems. The following
section looks deep into how such systems are modeled using physics-based principles.

Classical molecular dynamics (MD) is a computational technique used to simulate the physical
movements of particles and molecules over time. This approach is particularly valuable
for studying large biomolecular systems. In classical MD, the forces acting on particles are
calculated based on their interactions with other particles. The forces are derived from the
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potential energy of the system. The core equations are based on Newton’s second law:
where m; is the mass of particle i, #; is its acceleration, and f; is the force acting on it.
Alternatively, in Hamiltonian mechanics, the equations can be expressed as:

i=PL p =t (1.11)

my;
where p; is the momentum of particle i. The force is derived from the potential energy U (r):

8” -

i = VU (1.12)

The MD simulation process involves initializing positions and velocities, calculating forces
based on potential energy, and numerically integrating these equations over time. Integrators
are based on the Verlet and leapfrog algorithms. In the leapfrog algorithm, velocity and
position are updated by:

Acceleration Calculation:
_VU(ri(t))

m;

i =
Velocity Update:
1 1
I"Z‘(t + iAt) = f‘i(t — §At> + r,(t) - At
Position Update:
1
ri(t + At) =r;(t) + 17 (t + 5Alt) At

Choosing an appropriate time step (dt) is important for accuracy. it should be maximised
while still capturing essential dynamics and must be small to conserve energy over long
simulation times. The leapfrog algorithm requires initial velocities to start a new simulation.
These initial velocities are usually generated randomly and follow the Maxwell-Boltzmann
distribution. The probability p of a particle having a velocity r; is given by:

(77) = mi mii?
P =\ onkpT P\ " 2kpT

Here, kp is the Boltzmann constant and 7T is the absolute temperature.

Interactions in Molecular Dynamics

Non-bonded interactions
Non-bonded interactions refer to the potential energy between particles that are not directly
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connected by covalent bonds. The non-bonded potential energy U,,;(r) is expressed as[99]:

Unp(r) = Z Ui(ry) + Z Us(ri,rj) + Z Us(ri,rj,mi) + ... (1.13)
i ij>i ij.k

In this equation, U;(r;) is the one-body potential for individual particles, Us(r;,7;) is the
two-body (pair) potential for interactions between pairs of particles, and Us(r;,7;,7%) is
the three-body potential for interactions among triplets of particles. In simulations of bulk
systems, contributions from external fields or container walls are typically ignored. The
primary focus is on pair potentials, which dominate non-bonded interactions:

Enon—bond = EvdW + Eel (114)

Here, E,q represents van der Waals forces and F.; represents electrostatic interactions.
The Lennard-Jones is an effective model used to describe how neutral particles, like inert
gases, interact with one another. It captures both the attractive and repulsive forces between
particles. The Lennard-Jones potential between two particles i and j can be expressed as:

V0 (rij) = 4eij (ﬁ) - <T”> (1.15)
1) )

In this equation, ¢; indicates how strongly the particles attract each other. The parameter o;
represents the size of the particles. The variable r;; is the distance between two particles. The
parameters ¢;; and o;; can either be set individually for each pair of atom types or calculated
using averages based on their properties. The attractive force comes from the Van der Waals
interactions, represented by the % term and the repulsive force is represented by the r—!2
term. Electrostatic interactions between two particles depend on their partial charges:

L gy
dmeg €15

Val(ri) = (1.16)
Here, ¢; and ¢; are the charges of the particles, r;; is the distance between them, ¢ is a
constant (the permittivity of free space). Calculating these non-bonded interactions can be
very difficult as the number of atom pairs increases with the number of particles (N) in the
system (scaling as O(IN?)). To simplify calculations, a cut-off distance is used, to ignore pairs
that are farther apart than this distance. To avoid sudden changes in energy at this cut-off
point, potentials are adjusted to O at this cut-off.

Bonded interactions

In molecular dynamics, bonded interactions describe how particles connected by chemical
bonds behave[98]. These interactions are typically modelled using harmonic potentials,
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which approximate the energy associated with bonds, angles, and dihedrals:

Uintramolecular = 5 Z krj (Tz‘j - "f’eq)2 + 5 Z kgjk(gljk — Qeq)z (1.17)
bonds bend angles
1 i
+ 5 Z Zk‘(gkl(l + cos(ng — deq)) (1.18)

torsion angles ™

The first term describes the potential energy Vj, of a covalent bond between two particles i
and j is given by:
1 ..
Vi(rij) = 51@?(% — Teq)’

It accounts for the stretching between adjacent particles. Here, k is the force constant, r;;
is the distance between the particles, and req is the equilibrium distance. The second term
describe the potential energy Vy formed by three covalently bonded particles i, 4, k is given
by:
1. ik 2
Vo(0ijr) = S kg (Bijk — Oeq)

In this case, kéj * is the force constant for the angle, and feq is the equilibrium angle. And it
accounts for angles formed by three particles. The third term describes The potential energy
Vg for a dihedral angle formed by four particles is periodic and described using:

Vd(¢ijkl) = kéajkl(l + COS(n¢ - d)eq))

Here, kfbjkl is the force constant for the angle, and ¢, is the equilibrium angle. n is the
periodicity of the angle. It accounts for rotations around bonds involving four particles.

Sampling in molecular dynamics

Adequate sampling in molecular dynamics (MD) is essential to ensure that simulations
effectively capture all relevant conformational states of a system[100, 101]. This is par-
ticularly important in complex energy landscapes that have numerous local minima and
high activation barriers, which can trap the system in non-functional states. Insufficient
sampling can lead to inaccurate characterizations of biomolecular dynamics. To address this
challenge, enhanced sampling techniques have been developed. These methods, such as
replica-exchange molecular dynamics and metadynamics, facilitate the exploration of phase
space. For example, the replica-exchange Molecular Dynamics (REMD) technique involves
running multiple simulations (replicas) at different temperatures[102, 103]. Periodically,
replicas can exchange configurations, allowing the system to overcome energy barriers and
explore a wider range of conformations. These methods enable researchers to study processes
that occur over long timescales and better understand the dynamic behaviour and functional
properties of biomolecules.
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1.2.6 Atomistic and coarse-grained simulations

Atomistic simulations are powerful tools for studying materials at the atomic level[104,
97, 105]. They help analyze specific interactions and molecular dynamics within polymer
systems, providing insights into atomic behaviour under various conditions. These simu-
lations effectively characterize interactions, such as the forces within polymer chains and
between chains and solvents. However, atomistic models have limitations due to their high
computational cost and the short length scales they can probe, typically ranging from 1
to 100 A and time scales of 1 fs to 100 ns. This restricts their use for studying long-term
relaxation processes in polymers with many repeat units. Selecting the appropriate force
field is crucial for accurate simulations. Common force fields include AMBER and CHARMM,
each with unique parameters optimized for specific conditions[106, 107].

Coarse-Graining in Polymer Science

Coarse-grained (CG) models simplify polymer systems by representing chains as intercon-
nected "beads," each corresponding to a segment of the polymer[108, 109]. This approach
allows for the efficient study of large-scale phenomena and employs varying resolutions, such
as monomer-level CG, Kuhn-segment models, and mesoscale models[110, 111]. The choice
of bead interactions and mappings is crucial for maintaining structural and thermodynamic
accuracy while optimizing computational efficiency.

Coarse-graining originated in polymer science and has become widely applied in materials
science, addressing the multi-scale nature of polymers that exhibit structures spanning
Angstroms to micrometres. At the atomic scale, polymers are analyzed through detailed
chemical interactions, whereas mesoscale approaches use simplified models like bead-spring
or lattice models based on statistical physics. These models combine multiple real monomers
into coarse-grained units, allowing flexibility in their representation.

The choice of how to coarse-grain a polymer depends on the specific properties being
studied and the available computational resources. Polymers exhibit universal properties
that connect various coarse-grained models, allowing for meaningful connections between
various representations. This universality is evident when analyzing polymers at scales
larger than the individual monomer level, where distinct models - such as atomistic and
coarse-grained representations-demonstrate similar static and dynamic properties [112,
113]. For instance, studies like [112] show that static properties remain consistent across
coarse-graining levels, while dynamic properties depend on the degree of simplification. By
using a single scaling factor, the study combines mean squared displacement (MSD) data
from coarse-grained and atomistic simulations. By applying scaling factors, such research
bridges microscopic and macroscopic behaviours, validating CG model’s ability to replicate
key polymer dynamics. This universality underpins the flexibility of CG approaches, enabling
simulations of large systems over extended timescales, which is crucial for investigating
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phase transitions, self-assembly, and molecular interactions.

Coarse-graining enhances computational efficiency, allowing the simulation of large systems
over longer timescales. By strategically balancing resolution and efficiency, CG modelling has
become a cornerstone of polymer science, offering both theoretical insights and practical util-
ity. This is especially useful for studying complex phenomena like polymer phase transitions,
self-assembly, and interactions with other molecules. Together, these multi-scale approaches
enhance our ability to predict and manipulate polymer behaviour, linking molecular-level
insights to macroscopic functionality in fields ranging from biomolecular engineering to
industrial material design.

The Stochastic Simulation Algorithm

Biochemical reactions in cells are stochastic due to the discrete nature of molecular interac-
tions and the random timing of reaction events. Reactions occur as discrete events governed
by probabilistic interactions between reactants. Randomness arises because of low copy
numbers of molecules, with many key regulatory molecules, such as transcription factors,
mRNA molecules, and signaling proteins, existing in very small quantities. Molecular motion
governed by Brownian motion causes random encounters between reactants, while localized
concentration fluctuations further enhance randomness. The timing and sequence of these
reactions are not predetermined but follow statistical distributions. In larger molecular
populations, stochastic variations average out, making deterministic models sufficient. How-
ever, in small systems, fluctuations significantly impact behavior, necessitating stochastic
modelling.

Stochastic Chemical Kinetics

Stochastic chemical kinetics models the time evolution of chemical systems by considering
discrete nature of molecular populations and probabilistic reaction events[114, 115]. The
system consist of N chemical species S1,Ss, ..., Sy, and they interact through M reactions
Ry, Ry,...,R). For example, a unimolecular reaction: S; — Product, is described by a
propensity function a;(z), which describes the probability of a reaction happening in a time
interval dt. For a unimolecular reaction: a;(x) = cjh;, where ¢; is the rate constant for the
reaction, and h; is the number of molecule of species S;.

Stochastic models use probability distributions to describe how molecular population changes
over time. The chemical Master equation provides a fundamental framework for this. It
describes how the probability P(z, |z, t9) of the system being in state x at time ¢, given that
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it was in state x at time ¢g, evolves. The chemical Master equation is expressed as:

OP(z, t|mo, tg) &
TOO = Z [a;(x — vj)P(z — v;, t|z0, to) — aj(z) Pz, t|z0, t) ]

J=1
This equation takes into account all the ways the system can change state via each of the

M reactions. However, solving the chemical Master equation exactly is computationally
challenging for systems with many reactions or bimolecular interactions.

Gillespie Algorithm

The Gillespie algorithm is a stochastic simulation method that provides an alternative way
to simulate stochastic dynamics[116, 117, 118]. The algorithm leverages the propensity
functions a;(x) to determine the time until the next reaction and which specific reaction will
occur. Propensity functions are used to sample random numbers that dictate the waiting. By
iteratively applying these steps, the Gillespie algorithm generates sample trajectories that
represent the evolution of the system.

Challenges in Studying Biomolecular Condensates

Studying biomolecular condensates presents several challenges despite their importance
in cellular processes[13, 119, 120]. One major difficulty is their complexity, as these
condensates involve many interacting components, making it hard to fully characterize
their composition and behaviour. This complexity is further complicated by the dynamic
nature of condensates, which can rapidly form and dissolve, making experimental capture
and analysis difficult[121]. Another significant challenge is the vast sequence space of
intrinsically disordered regions (IDRs) that contribute to condensate formation. Predicting
which sequences will phase separate and under what conditions is complex and often
requires time-consuming experimental methods[27]. Additionally, the non-equilibrium
nature of condensates in living cells adds to the difficulty; in vivo, these structures undergo
constant chemical modifications, such as phosphorylation and dephosphorylation cycles,
which can greatly influence their formation, stability, and function[122]. The heterogeneity
of biomolecular condensates also complicates research. Different types of condensates can
have unique properties and functions due to multiple interacting partners within a single
structure, making it challenging to generalize findings across different systems. Moreovet,
existing experimental techniques may lack the resolution needed to observe condensate
dynamics in real time without disrupting normal cellular processes. Finally, computational
models must accurately represent the complex interactions within these systems. This
requires advancements in modeling approaches and computational power to handle the large
amounts of data generated by simulations[123]. Addressing these challenges is essential
for improving our understanding of biomolecular condensates and their roles in cellular
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processes.

Computational Strategies for Studying Condensates Using MD Simulations

Computational methods and machine learning (ML) provide effective tools to address the
challenges of studying biomolecular condensates.

Multiscale Simulation Approaches

Multiscale simulations are useful for studying IDRs and their phase behaviour as they allow
exploration across different length and time scales. By combining atomistic models with
coarse-grained representations, these simulations capture both detailed molecular interac-
tions and broader conformational dynamics of IDRs. This approach provides insights into
the thermodynamic stability of dense phases and the dynamics of condensate formation.
Enhanced sampling techniques enable sampling the complex conformational landscapes of
biomolecular condensates.

Monte Carlo Methods for Stochastic Simulations

Monte Carlo simulations complement MD simulations by modeling stochastic behaviors
under nonequilibrium conditions, capturing fluctuations that deterministic methods may
miss.

Integration of Experimental Data

Integrating experimental data into molecular simulations is crucial for refining models,
validating predictions, and improving force fields to study biomolecular condensates. This
process ensures consistency between computational outputs and experimental observations,
enabling accurate representation. Bayesian methods provide a tool for integrating experi-
mental data with molecular simulations by constructing probabilistic models that account for
uncertainties in both experimental measurements and simulation predictions.

Machine Learning Applications

Machine learning (ML) is significantly enhancing the analysis of IDRs by offering advantages
over traditional molecular dynamics (MD) simulations. Neural networks identify sequence
features influencing condensate formation and help to design novel IDRs with desired
properties using generative models. ML reduces the need for extensive MD simulations or
experiments by efficiently exploring sequence space.[124]

Experimental Validation

Simulations are validated by comparing computational predictions with experimental data
from techniques such as fluorescence microscopy or nuclear magnetic resonance spectroscopy.

Despite these advances, predicting protein phase-separation behavior remains difficult due
to the vast sequence space and complex sequence—property relationships. MD simulations
provide valuable insights but are computationally expensive for large-scale studies.
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Machine Learning and Bayesian Optimization for Predicting and Designing
Phase-Separating Proteins

Machine learning (ML) offers a promising alternative for modeling these intricate relation-
ships[125]. Recent developments have demonstrated that ML models trained on experi-
mental and simulation data can predict phase separation propensities directly from protein
sequences[126, 127].

Active learning frameworks combined with Bayesian Optimization (BO) have emerged
as powerful tools for efficiently exploring sequence space and are applied to design novel
proteins with desired phase-separation properties. [128]. By identifying the most informative
sequences for training, BO optimizes resource allocation while improving predictive accuracy.

These advancements highlight the synergy between physics-based simulations and ML
techniques in addressing fundamental questions about protein phase separation.

Motivation

Gene expression is regulated by RNA Polymerase II (Pol II) condensates, which are crucial
for development, health, and disease. These phase-separated condensates fine-tune tran-
scription by creating distinct chemical environments, but their precise nature, dynamics,
and sequence-property relationships have remained elusive. The complexity of these con-
densates, their dynamic nature, and the vast protein sequence space involved have posed
significant challenges to their study. This research seeks to address these challenges by
integrating multi-scale simulations with experimental observations in C. elegans, employing
active learning approaches, and exploring chemically-driven non-equilibrium dynamics. This
approach has revealed crucial insights into Pol II condensate behaviour, including their
temperature-dependent stability, the formation of distinct chemical environments for differ-
ent transcription stages, the prediction of peptide interactions using Bayesian optimisations,
and the regulatory role of non-equilibrium phosphorylation cycles. By unravelling these
mechanisms, this work not only improves our understanding of transcriptional regulation
but also provides a robust framework for investigating other phase-separated systems in cells,
potentially opening new avenues for therapeutic interventions in diseases associated with

dysregulated gene expression.
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This chapter investigates the formation and properties of RNA Polymerase II (Pol II) con-
densates and their role in regulating transcription. Formed through liquid-liquid phase
separation, these condensates create distinct environments that fine-tune Pol II activity dur-
ing transcription initiation and elongation. Using multi-scale simulations and experimental
observations, this study assesses whether the phases for initiation and elongation mix or re-
main distinct. We also explore how the biophysical properties of Pol II condensate, including
their temperature-dependent behaviour and the effects of CTD phosphorylation, influence
their function. Our findings reveal that Pol II can form multiple distinct condensates, aiding in
the selective recruitment of factors during different transcription phases, thereby enhancing
our understanding of transcriptional regulation and the role of biomolecular condensates in
cellular processes.

Introduction

Phase separation is a fundamental mechanism employed by cells to form condensates,
enabling precise control of biological processes through localized differences in protein
concentrations[129]. This mechanism is crucial for the spatio-temporal regulation of cellular
functions, often requiring the presence of multiple, co-existing condensates with distinct,
unmixed phases[130].

RNA Polymerase II (Pol II) and its C-Terminal Domain (CTD) exemplify this complexity in
transcriptional regulation. The intrinsically disordered CTD plays a crucial role in forming
phase-separated condensates during the distinct stages of transcription: initiation, elongation,
and termination. These condensates are involved in various processes, from the recruitment
of RNA Pol II and initiation of transcription in promoter condensates to later stages of
transcription elongation in gene-body condensates. As transcription progresses, the CTD
undergoes phosphorylation, impacting its phase behaviour[131, 132, 133].

Several proteins that regulate transcription elongation, such as P-TEFb, localize within these
condensates, either directly or indirectly, but also splicing factors. Recent research has
proposed a surface condensation model to explain the dynamics of RNA Polymerase II as it
transitions between stages, based on super-resolution experiments in zebrafish. Nascent RNA
is immediately processed[133]. RNA transcripts are spliced, removing the non-coding regions
(introns). Interestingly, splicing condensates remain distinct and demixed from initiation
condensates, indicating a complex interplay between different types of transcription-related
condensates[134, 135, 136, 137].

While significant progress has been made in understanding these processes, several knowl-
edge gaps persist. The specific factors determining the existence and behaviour of multiple
condensates, the effects of CTD phosphorylation on condensate behavior, and the interactions
between different transcription-related condensates when in direct contact require further
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Fig. 2.1: Hypothesized condensates underlying the initiation of gene transcription and the elongation
phase. The figure is adapted from Figure 1 of reference [147]

investigation. Current experimental techniques often lack the spatial and temporal resolution
needed to observe condensate dynamics in real-time within living cells, and the complexity
of cellular environments makes it challenging to isolate and study individual condensates
effectively.

To address these challenges, we employed a multifaceted approach combining molecular
simulations[138, 139, 140, 141, 142, 10, 9, 143] with experimental observations in C. elegans
and in vitro. We used both coarse-grained and atomistic molecular dynamics simulations to
model the effects of CTD phosphorylation and its interactions with the HRD domain of cyclin
T1 on condensate formation[144, 145, 146]. These simulations predicted that CTD forms
condensates with lower critical solution temperature (LCST) behaviour, distinguishing them
from other nuclear condensates. Additionally, we found that CTD and phosphorylated CTD
(pCTD) form distinct phases, with pCTD partially engulfing CTD.

To validate these predictions, our experimental collaborators conducted experiments in C.
elegans embryos using super-resolution microscopy and in vitro. Their results confirmed the
LCST behavior of CTD condensates and the partial engulfment of CTD by pCTD, aligning with
our simulation findings. This integrated approach provided new insights into the biophysical
properties of Pol IT condensates and their potential role in regulating the transcription cycle,
contributing to our understanding of complex, multi-phase condensates in diverse cellular
contexts.

Methods

Coarse-grained simulation model

We employed coarse-grained molecular dynamics simulations using the residue-level hydropa-
thy scale (HPS) model, which represents amino acids as beads while considering solvent
effects implicitly[139]. This model effectively captures the physical and chemical attributes
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of the 20 natural amino acids, resulting in sequence-specific interactions among the beads.
To describe these interactions, we considered three key types. First, beads are bonded to
each other through harmonic potential energy, represented by, Vi (r) = k(r — 19)?/2 where
k=10kJ A_z is the force constant, and ro = 3.8 A is the bond length.

Second, electrostatic interactions between charged amino acids are modelled using the
Debye-Hiickel (DH) electrostatic screening term:

G r
ij = 47;1;1” GXP(—*)a

where £ = 1 nm corresponds to a salt concentration of 100 mM and D = 80 is the dielectric
constant of the aqueous solvent. A cut-off distance of r¢y = 3.5 A is established; if r exceeds
this distance, then E;; is set to zero.

The third type of interaction is represented by the Ashbaugh-Hatch potential for short-range
pairwise interactions:

o(r) = {¢LJ(T) + (1= Nijle, ifr< 21/60.1,]'.

Xijory(r), otherwise.

Here, ¢, ; is defined by the Lennard-Jones potential:

QbLJ(T) = {46 {(0;1)12 o (vaj)ﬁ} ’ if r < Tcut-

0, otherwise.

The parameters \;; and o;; are the arithmetic average of the hydrophobicity scale and size
of amino acids, respectively. A cut-off distance of r.,; = 2.00 is used and the potential is
shifted accordingly. The residue-specific hydrophobicity values range from O to 1 as the
hydrophobicity increases. The HPS model also provides parameters for phosphorylated
amino acids such as phospho-serine[148], which have been used to model the effect of
phosphorylation on the fifth position in the CTD heptad repeat motifs, which we refer to as
Sers. To study temperature-dependent phase behaviour we used the HPS-T model, a version
of the HPS model which has been extended to predict the temperature dependent properties
of disordered proteins[149].

Coarse-grained molecular dynamics simulations were run with the HOOMD-Blue pack-
age[150]. The system is initialized by placing the protein chains inside an extended rectangu-
lar box with a minimum distance between protein chains. The simulations were performed
under NVT ensemble conditions, using a Langevin thermostat with a friction coefficient of
0.01ps~!. Equilibration occurred within the initial nanoseconds, resulting in the formation
of liquid-dense and dilute phases. We extracted the density profile by analysing protein
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concentration along the z-axis, following the methodology described by Tesei et al.[141].

Atomistic molecular dynamics simulations

Two 21mer CTD fragments were simulated in all-atom molecular dynamics with explicit
solvent. We employed the Amber99sb-star-ildn-q protein force field[151, 152, 153, 154] and
the TIP4P-D water model[155] in the simulations. Equations of motions were integrated
with a 2 fs time step. The NPT ensemble was maintained at 300 K and 1 bar with the Bussi-
Donadio-Parrinello thermostat[156] and the Parrinello-Rahman barostat[157]. Simulations
were run in GROMACS[158], with a cumulative simulation duration of 39.8 us.

Simulated systems

Coarse-grained molecular dynamics simulations provide a powerful tool for elucidating the
intricate mechanisms underlying gene transcription regulation. To understand how deviations
from ideal heptad repeat sequence Y;S,P3T4S;P¢S7 affect phase behaviour, we conducted
simulations using chains of equivalent length but with idealized heptad repeat sequence.
Additionally, we employed the HPS-T model to investigate the temperature-dependent phase
behaviour of C. elegans CTD[149].

To study the formation of distinct phases or multiphasic condensates we focus on a simplified
system, comprising three key components that play a vital role in the transcription process and
may underlie key aspects of phase behaviour in the nucleus. These elements consist of CTD
of RNA polymerase II (140 mer with 20 ideal heptad repeats), responsible for the promoter
condensate; phosphorylated CTD (140 mer with various degrees of phosphorylation); and
Histidine Rich Domains (HRD) of P-TEFb Cyclin T1, contributing to the formation of the
gene body condensate (Fig. 2.1A). The coarse-grained nature of our simulations allowed
us to explore large-scale and long-term thermodynamic and material properties. This was
essential for understanding the stability and structure of multiphasic condensates. We began
by studying the formation and regulation of the promoter condensate, which forms from
CTD phase separation.

We conducted a series of simulations to elucidate the impact of phosphorylation on CTD
phase separation and the co-phase behavior of HRD with CTD and pCTD. The coacervation
behavior of HRD and pCTD was analyzed using Flory-Huggins theory. To comprehensively
understand how phosphorylation influences multiphase condensate formation, we performed
simulations involving CTD, pCTD, and HRD, systematically varying pCTD phosphorylation
levels. Furthermore, to investigate the structure and stability of these multiphase condensates,
we conducted simulations of condensates in a cubic box. This approach allowed us to gain
insights into the spatial organization and interactions within these complex biomolecular
assemblies.
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Analysis of phase behaviour with a mean-field model

To elucidate the thermodynamic principles governing the co-phase separation of phospho-
rylated C-terminal domain (pCTD) and Histidine-Rich Domain (HRD), we employed a
mean-field Flory-Huggins model to analyse the simulated phase diagram, providing a quanti-
tative framework for understanding the complex interactions and phase behaviour of these
biomolecular components[159],

Af  ¢a Wz

= —Inos+ —Indp+ dslnos + xaBPadB + xas04¢s + xBsopds, (2.1)
kT Ny Np

Here, ¢; and N; represent the volume fractions and relative degrees of polymerisation and
xi; the binary interaction parameters. In the model, ¢g follows from the assumption of
incompressibility: ¢ = 1— ¢4 — ¢p. Subscripts A, B, and S respectively denote HRD, pCDT,
and “solvent”. The relative sizes of the polymers, which we fix at N4 = 70 and Np = 140,
have been normalised by a scaled monomeric volume (Ng = 1).

The mean-field phase diagram was obtained in the usual way by demanding that the chemical
potential and the osmotic pressure be similar in the dilute and dense phase, using well-known
methodologies[160].

Calculation of interfacial tension

Interfacial tension is determined using two methods employing capillary wave theory: first,
by assessing interfacial width in the slab simulations, and second, by analysing shape
fluctuations of droplets.

For slab geometries, we utilized capillary wave theory (CWT) with the block analysis method
to estimate condensate interfacial tension [94]. The interface region was divided into
rectangular segments of dimensions L, /ng x L,/np x L., where np is an integer, where
we choose 3 < np < 8. Within each segment, intrinsic profiles are computed based on the
density function,

_PAt+PB | pPA—PB zZ— 20
p(z) = 5 + 5 tanh ( W > (2.2)

where p 4 and pp represent the bulk densities of two phases, denoted as A and B, respectively.
zg is the position of the interface, while 1 corresponds to the intrinsic width of the system.
The apparent interfacial width (1) at a finite temperature is determined by combining the
intrinsic width W} and the capillary contribution:

kT B
2 2 B
We=W5+—1In|— 2.3
0" 971y n(L)’ 2.3)
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where kpT is the thermal energy, v represents the interfacial tension, and B/L is the ratio of
block size to system size.

With CWT, we can determine the interfacial tension at the interface between a dense protein
phase with the solvent, as well as at the interface between two distinct protein phases.

We compared the interfacial tension of the homogeneous condensate obtained from the
above method with the interfacial tension calculated using the Kirkwood-Buff relation [161],

L,

’y:(PZZ_

2 ’ '

2

where, P, 3 are the components of the pressure tensor.

For droplet analysis, the interfacial tension is estimated from the thermal fluctuations of
its spherical shape based on the method pioneered by Henderson and Lekner[162], which
has recently been applied in the analysis of biological condensates[140]. The potential
energy (U) associated with these shape fluctuations is primarily determined by the interfacial
tension (), which can be mathematically expressed as U = vdA. Here, §A is the small
variation in interfacial area relative to that of a perfect sphere. By analysing the droplet’s
shape fluctuations at the lowest order using a spherical harmonics expansion, we can derive
two independent measures of the interfacial tension:

5kT
= 2.5
720 = 167 ((5a + 60)2) (2.5)

and 5kgT
Y22 = B (2.6)

167((da — 0b)?)
Here, the droplet’s instantaneous shape is described by a general ellipsoid, with da and 6b

representing the lengths of any pair of principal axes of the ellipsoid, while R indicates the
average radius of the droplet.

Characterisation of disordered protein conformation

In our study, we investigate the impact of phosphorylation on the conformation and compact-
ness of C-terminal domain (CTD) chains in both dilute and dense phases. A key metric for
this analysis is the radius of gyration (R¢), which provides insight into the spatial extent of
the protein chains. Additionally, we assess protein anisotropy to identify structural changes
resulting from phosphorylation. The radius of gyration of chains is calculated using the
following equation:

N

i=1
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where M represents the total mass of the chain, /V is the number of monomers in the chain,
and Ar; is the position vector of monomer i relative to the chain’s center-of-mass. The
root mean square radius of gyration is derived from the diagonal elements of the G matrix:
Rg = (Gzx + Gy + G,.)'/%. To quantify the structural anisotropy of the chains, we employ
the following equation[161]:

G1G2 + G1G3 + G2G3>

A={(1-3
< (G1 + G2 + G3)?

(2.8)
where G, G2, G5 represent the three eigenvalues of the gyration tensor G. This anisotropy
analysis allows us to characterize structural modifications and deviations from symmetric
conformations that may arise due to phosphorylation.

Interactions of disordered protein chains in condensates

To quantitatively characterise the interactions between disordered protein chains within
condensates, we employed a statistical mechanical approach that calculates the excess of
one monomer type in the vicinity of another, providing a robust metric for assessing protein-
protein interactions, denoted as n(;“: where r; and r represent the minimum and maximum
radial distances from the B monomer, respectively, over which the excess number of monomer
A is computed. We specified cutoff values of r; = 0.45, nm and r, = 7.5, nm. The correlation

function g, (r) is defined as:

9a(1) = N DT g (2.9)

where N, and N, represent the total number of monomers of type A and B, respectively, and
V is the system volume. [...]

Results and Discussion

Understanding RNA Polymerase Il CTD Phase Separation through
Molecular Dynamics Simulations

The carboxy-terminal domain (CTD) of RNA polymerase II is essential for regulating tran-
scription in eukaryotic cells. This region, composed of repeating heptad units, is crucial
for transcription initiation and RNA processing. Recent research combining experimental
methods and computational modelling has improved our understanding of how CTD phase
separation works and its implications for gene expression. Residue-level coarse-grained (CG)
molecular dynamics (MD) simulations are effective for studying the interactions of CTD.
These simulations revealed how phase separation is driven by heptad repeat interactions and
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Fig. 2.2: A) All-atom simulation capturing the behaviour of two 21mer CTD peptides. B) Contact
map for two all-atom CTD chains showing Tyr-Tyr and Tyr-Pro interactions. A pair of
residues is in contact if any atom is below a threshold of 2'/%(o; + ¢;)/2, where ¢ is the
diameter of the residues. The simulation is 39 us long. C) Coarse-grained(CG) simulation

featuring two 21mer CTD peptides. D) CG slab simulation depicting CTD condensate.

E) Interactions among CTDs in CG simulation revealed through intermolecular contact
frequency. F) All-atom model of yeast CTD highlighting Tyr-Pro contacts. Adapted from
Figure 1 of reference [147]
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Fig. 2.4: Comparison of the dense concentration of real and ideal sequences from Drosophilia
melanogaster, Saccharomyces cerevisiae, and Homo sapiens. The ideal sequences are less
prone to phase separation compared to the real sequence. Shorter CTD sequences exhibited
reduced phase separation compared to longer ones. The figure is adapted from SI of
reference [147]

how deviations from the ideal heptad sequence and truncations influence the CTD’s ability to
phase separate.

To validate our CG simulation approach, we compared our results to experiments and
atomistic reference simulations, focusing on the contact statistics of CTD at various levels:
condensates, inter-chain interactions, and intra-chain interactions (Fig 2.2). In our coarse-
grained simulations, we found that the CTD (140-mer with 20 ideal heptad repeats) can phase
separate on its own. We observed that contacts between aromatic tyrosine (Tyr) residues
within the CTD were particularly significant, as shown in our contact analysis (Fig 2.2 B,D).
These results support previous experimental findings that highlight the important role of
hydrophobic interactions in driving phase separation[163, 164]. Additionally, we noted
that Tyr-Tyr contacts were prominent in the interactions of two 21-mer CTD fragments
during extensive atomistic reference simulations (100 x 0.12us) (Fig. 2.2 B). By comparing
these atomistic simulations with our coarse-grained simulations, we demonstrated that our
approach effectively captures CTD interactions not only qualitatively but also quantitatively.
Our contact analysis also highlighted Tyr-Pro interactions (Fig 2.2 B), which have been
recently emphasized by nuclear magnetic resonance (NMR) experiments and atomistic
modelling. As discussed in Chapter 2, this study generated all-atom structures of yeast
CTD that align with experimental data (Fig 2.2E) [164]. Finally, we compare simulations
to experiments with CTD truncation, which shows that our modelling captures functional
relevant trends in the behaviour of CTD. As anticipated, shorter CTD sequences exhibited less
phase separation than longer ones[163] (Fig 2.4). Additionally, we observed that the actual
sequences from Drosophilia melanogaster, C. elegans, Saccharomyces cerevisiae, and Homo
sapiens, which all deviate from the heptad repeat pattern Y;S2P3T4S5P¢S7, are less prone to
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phase separate than sequences of equal length consisting only of ideal heptad repeats. In line
with experiments, a truncated version of Drosophilia (20 repeats) CTD[165], which features
only idealised CTD repeats phase separates, about as much as full-length Drosophilia real
CTD, whereas the full length ideal Drosophilia CTD showed a considerably higher tendency
to phase separate. [...]

We investigated the temperature-dependent phase behaviour of CTD and found that CTD
condensates dissolve at lower temperatures but remain stable at room temperature. To
understand this phenomenon better, we compared our predictions about how temperature
affects condensate behaviour with observations of RNA Pol II condensates in C. elegans
embryos exposed to different temperatures (Fig 2.3). To quantify these condensates in living
organisms, Dr. Jan Padeken, our experimental collaborator from IMB Mainz, imaged embryos
expressing the main RNA Pol II subunit, RPB1 (known as ama-1 in C. elegans), tagged with
GFP (Fig 2.3 C). Interestingly, our findings revealed that, unlike most other condensates that
dissolve at higher temperatures and exhibit an upper critical solution temperature (UCST),
both our simulation model and the in vivo observations indicated a lower critical solution
temperature (LCST). This means that at lower temperatures, the formation of condensates is
reduced, while higher temperatures promote their formation. This LCST behaviour aligns
with recent studies showing similar results for RNA Pol I CTD in vitro [164], reinforcing the
consistency between our in vivo experiments and simulations. LCST behaviour has been well-
studied in synthetic polymers and, more recently in disordered proteins[166, 167, 168, 169,
170]. Many proline-rich protein sequences exhibit this behaviour because water molecules
are highly organized around proline residues[171], creating a structured water network that
incurs an entropic cost. At higher temperatures, this water network becomes less favourable,
allowing proline to interact more readily with other residues. This shift favors compact
chain conformations and promotes the formation of protein condensates. In contrast, other
nuclear condensates, such as those formed by the histone methyltransferase MET-2[172] and
HP1«[173], dissolve as temperatures rise. These differences suggest that multiple distinct
condensates coexist within the nucleus, each responding uniquely to temperature changes.

[...]

The Influence of Phosphorylation Patterns on RNA Polymerase |l
CTD Condensates

In addition to the separation of active from inactive regions in the genome, transcription
itself occurs in multiple defined steps. The post-transcriptional phosphorylation state of
RNA Polymerase II CTD is characteristic of each of these transcriptional stages[131, 133]
and has been implicated in condensate formation. Here, we ask how the degree of CTD
phosphorylation and the distribution of phosphosites impact condensate formation. To specif-
ically examine how phosphorylation influences phase separation, we conducted simulations
using CTD and pCTD chains, each comprising 140-mers (20 repeats of the ideal heptad
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Fig. 2.5: Phase behavior of 100 CTD and 50 pCTD chains. Visualization of CTD and pCTD in molec-

ular dynamics simulations in slab geometry of box dimension 15 nmx15nmx100 nm. A)
The degree of phosphorylation of pCTD chains varies in each simulation. Density plots for
simulation with CTD and pCTD with 10pSer, 12pSer, 18pSer, and 20pSer, respectively. B)
Quantifying cajjute/Cdense Of partially phosphorylated pCTD chains as the Sers phosphoryla-
tion increases. C) Variation in cgjute of pCTD with pSer residues distributed in five distinct
patterns. D) Distribution of pSers residues in the 140mer pCTD. Adapted from SI ref [147].
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repeats) (Fig 2.5). We incrementally phosphorylated 50 CTDs in our simulations and in
accordance with experiments, we find that phosphorylation dissolves CTD condensates in a
dose-dependent manner. Phosphorylating up to 15 Sers; in the heptad motif out of a total
of 20 Ser5 in the 140-mer pCTD still predominantly leads to partitioning into the dense
phase of CTD. However, as the phosphorylation level of pCTD increases above the threshold
of 15 Sers, the dilute concentration of pCTD gradually rises as the electrostatic repulsion
between pCTDs in the dense phase dominates and expels the pCTD chains into the dilute
phase (Fig 2.5 B). The contact map illustrating pCTD-CTD interactions (Fig 2.5 B) highlights
the relatively weak nature of the intermolecular binding between the CTD and pCTD when
all 20 Sers residues are phosphorylated, as compared to the intermolecular interactions
observed between CTD-CTD. pCTD with each heptad repeat phosphorylated does not phase
separate on its own (Fig 2.7B).

To explore the impact of different patterns of distributing an identical number of phospho-
rylated Sers residues on CTD sequences, we conducted simulations with partially phospho-
rylated pCTD chains, each carrying different distribution of pSer, in the presence of a CTD
condensate and compared the variation in dilute concentration of pCTD (Fig 2.5 C). We
considered five distinct distributions: maximally distributed in every second heptad repeat,
in adjacent heptad repeats, in the middle, and in N- and C-termini, respectively. For pCTD
chains with 10 phosphorylated sites (below the threshold), rarely were any pCTD chains
found outside the CTD condensate, regardless of their distribution. With 15 pSer (above the
threshold), the dilute concentration remained nearly the same for different distributions. In
conclusion, our simulations show a phosphorylation-dependent demixing of unphosphory-
lated and phosphorylated CTD. The degree of demixing is thereby dependent on the number
of phosphorylation sites but not their distribution along the CTD heptad repeats.

Thus, our simulations can explain why in vitro CTD condensates are dissolved over time in
the presence of the kinase CDK7 and ATP[163]. However, this also poses a clear contradiction
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with all observations made in cells[174, 175], where transcribing RNA Polymerase CTD
localises into condensates even when it is highly phosphorylated[176]. A likely explanation
for this discrepancy is that in cells, the phosphorylation of CTD can create binding sites for
multiple other interacting proteins[174]. We, therefore, wondered if we could simulate the
impact of additional factors in our model. As a first indicator, we consider the interactions
of CTD and pCTD with FUS condensates. In our simulation, the unphosphorylated CTD
binds more strongly to FUS low complexity domain (LCD) condensates than pCTD (Fig 2.6),
which is in line with experiments that demonstrated that CTD phosphorylation abrogates the
binding of CTD to FUS gels and condensates. Interestingly, while FUS and CTD both localise
to a single dense phase, they are not homogenously mixed in the condensate. We further
observed that FUS results in a minor enrichment of pCTD in the dense phase. Together, this
shows that we can indeed expand our simulation to encompass CTD interaction partners.

Co-phase separation of pCTD and HRD by complex co-acervation

This section examines the role of Cyclin T1 in transcriptional elongation, specifically its
interaction with the C-terminal domain (CTD) of RNA Polymerase II. Cyclin T1, a component
of the positive transcription elongation factor b (P-TEFb), is crucial for stabilizing elongating
RNA Polymerase II and facilitating pCTD condensation both in vitro and potentially in vivo.
Simulations corroborate experimental findings [174], demonstrating that phosphorylated
CTD (pCTD) co-phase separates with the histidine-rich domain (HRD) of Cyclin T1.

Interestingly, while HRD, which is positively charged due to its histidine side chains, does not
interact strongly with unphosphorylated CTD, it forms strong electrostatic interactions with
pCTD (Fig 2.7). pSer residues in pCTD interact effectively with positively charged residues
(Arg, Lys, and His) in HRD, while tyrosine (Tyr) residues in pCTD make strong contacts
with several HRD residues, particularly Lys and Arg (Fig 2.7D). To better understand these
interactions, a phase diagram was plotted. This diagram shows that pCTD and HRD form
complex coacervates through electrostatic interactions, illustrating a type of phase separation
known as cross-interaction-driven phase separation (CIP) [177]. CIP occurs when two species
are mutually attracted to each other and cannot phase separate independently, typically
resulting in a looped phase diagram as the binodal lines do not intersect with the composition
axes. Throughout these simulations, the concentration of HRD remained constant at 3.9 mM
while the concentrations of pCTD were systematically increased (Fig 2.7E-H). The relative
concentrations of the proteins are critical in determining the extent of phase separation and
the location of the coexistence region. Notably, an increase in the concentration of either
protein can initiate phase separation, leading to condensate formation.

This phenomenon is illustrated in Fig 2.71, which shows that at an approximate concentration
of 5 mM pCTD, all HRDs in the dilute phase undergo phase separation. Further increasing
the pCTD concentration does not affect the dense phase; instead, the dilute concentration of
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Fig. 2.7: Co-phase separation HRD with CTD and pCTD in slab simulation. A) Single chains of CTD,
pCTD, and HRD. B) Simulation snapshot showing pCTD and HRD forming condensate. C)
Simulation snapshot of CTD with HRD. While CTD forms a condensate, HRD exhibits no
favourable interaction with CTD. D) Contact frequency analysis between pCTD and HRD
showing the important electrostatic interactions between positive (blue) and negative (red)
charged residues. E-H) Simulation snapshots depicting the effect of increasing pCTD while
maintaining a constant concentration of HRD in a slab simulation. Density profiles for
pCTD and HRD correspond to the simulations shown on the right side. I) Variation of dilute
concentration of pCTD and HRD as the pCTD concentration increases. J) Biphasic diagram
of the pCTD-HRD system. Positive tie lines indicate associative phase separation. The
volume fractions from molecular dynamic simulations are in magenta and purple. Binodal
and spinodal from mean field fit are shown in green and yellow dots. Adapted from ref
[147]
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pCTD increases (Fig 2.7F-H). The saturation concentration of HRD gradually decreases with
increasing pCTD concentration, as HRDs initially present in the dilute phase transition into
the dense phase by associating with added pCTD chains. These findings provide a foundation
for further analysis. To gain deeper insights into these interactions and quantitatively
understand their implications, a mean-field theory analysis was conducted.

Mean-field theory analysis of phase behaviour of pCTD and HRD

Building upon the observations regarding pCTD and HRD co-phase separation, the mean-
field theory was applied to analyze their phase behaviour. This approach helps clarify the
underlying physical principles driving phase separation. The phase behaviour of binary
solutions of biopolymers can often be described using mean-field theory, regardless of the
exact nature of the underlying interaction pattern [178]. The ternary phase diagram depicted
in Fig 2.7J shows simulated coexisting (binodal) dilute and dense phases represented by
pink and purple dots, respectively. The phase separation is associative, evidenced by the
positive tilt in tie-lines connecting coexisting phases in composition space. This is further
supported by fitting simulated binodal compositions using Flory-Huggins theory (Eq. 2.1),
shown by green dots.

The simulated binodal compositions were fitted using Flory-Huggins theory to provide the
dimensionless Helmholtz free energy density for the ternary mixture (Eq. 4 in the main text
[159]). An excellent fit with the simulated data was achieved despite Flory-Huggins theory
not accounting for long-range electrostatic interactions. This suggests significant screening by
implicit background salt in simulations, making attractive forces between polymers effectively
short-ranged.

The interaction parameters obtained from fitting are: xap = —2.36, xas = 0.55, and
xBs = 0.36. The highly negative polymer-polymer interaction parameter captures the energy
balance associated with the electrostatic attraction between HRD and pCTD, combined with
repulsion between like species. Both polymer-solvent interaction parameters are below
their critical values (y. = %(\/ﬁ +1)2 = 0.63 for HRD and 0.59 for pCTD), which is
necessary for a looped miscibility gap. The value of x 44 lies closer to its critical value than
XBs, suggesting that pCTD is somewhat better accommodated by the salt solution than HRD.
The fit strengthens interpretations that self-interactions between hyper-phosphorylated CTD
and HRD are negligible due to electrostatic repulsion. This observation aligns with findings
that the dilute phase lacks polymers of one type but is enriched by polymers of another
type as their average volume fraction increases(Fig 2.7J). This study highlighted how pCTD
and HRD co-phase separate through electrostatic interactions, forming complex coacervates
under varying concentrations. It was established that the phase behavior of these proteins is
influenced by their relative concentrations and the presence of electrostatic forces, which
can lead to distinct environments within the nucleus.

2.3 Results and Discussion
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Co-phase separation of CTD, pCTD, and HRD

The previous section described that unlike CTD condensates, where Tyr-Tyr and Tyr-Pro
contacts drive phase separation, pCTD and HRD form co-acervates through electrostatic
interactions. This suggests that due to differences in molecular driving forces, CTD and
pCTD-HRD phases could potentially constitute distinct environments within the nucleus. This
section builds on these findings by examining how increased pCTD phosphorylation affects
phase separation dynamics with CTD and HRD. The focus is on how varying phosphorylation
levels influence interactions between CTD, pCTD, and HRD, and whether they form a single
mixed phase or segregate into distinct dense phases. In separate simulations, increased
phosphorylation disrupts the phase separation of pCTD. However, the binding of HRD to pCTD
facilitates its phase separation. Yet, within cells, CTD, pCTD, and HRD coexist concurrently,
raising the question of whether they form a single mixed phase or segregate into two distinct
dense phases. To address this, fixed numbers of CTD, pCTD, and HRD were simulated
while increasing pCTD phosphorylation. The results show that partially phosphorylated
pCTD (4 pSers) co-phase separates with CTD, forming a mixed condensate(Fig 2.8A). As
phosphorylation increases (8 pSers), more HRD is recruited to the dense phase by pCTDs,
with pCTD and HRD tending to co-localize (Fig 2.8B). Further phosphorylation (10 pSers)
enhances this co-localization and reduces HRD in the dilute phase(Fig 2.8C).

The co-localization of pCTD-HRD is observed to favor the periphery of the condensate border
(Fig 2.8B-E). This preference for condensate periphery localization could be attributed to the
presence of negative charges on pCTD and positive charges on HRD, potentially facilitating
interactions with the solvent compared to the uncharged CTD chains. Earlier simulations em-
ploying the same coarse-grained approach have also shown microstructuring in condensates
due to electrostatic interactions[161]. With further increasing phosphorylation of pCTD,
there is an enhanced tendency for both pCTD and HRD to localize towards the boundaries of
the CTD-pCTD-HRD condensate (Fig 2.8C-D). Unphosphorylated CTD is clearly at the centre
of the condensate. Adding more phosphates to pCTD results in a core-shell morphology, with
the CTD density mostly at the centre of the condensate, with steep decreases in CTD density
towards the boundaries. De-mixing is not complete, since some CTD chains co-localize with
pCTD-HRD as is apparent from both the visualisation of the simulation and the density
profile. Phosphorylating all Ser; residues in the 140mer pCTD chains (Fig 2.8E), further
enhances the de-mixing.

The size of the largest CTD cluster in simulation shows a sharp transition when about half of
the Sers of pCTD chains are phosphorylated, indicating the onset of the separation process
into two distinct phases: CTD and pCTD-HRD (Fig 2.8F). The microphase separated domains
of the homopolymer CTD phase and the heteropolymer pCTD-HRD phase begin to evolve
as the degree of phosphorylation increases. This change becomes more pronounced with
increasing phosphorylation, leading to an expansion in the size of these domains. The
excess of CTD in proximity to CTD and pCTD (n*“) also shows a similar transition as
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Fig. 2.8: Mixing and de-mixing of the dense phase of 100 CTD, 100 pCTD, and 250 HRD chains,
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15pSer E) 20 pSer of pCTD are phosphorylated. F) The size of the biggest CTD cluster as
the phosphorylation of pCTD varies in the simulation. G) Comparison of the excess of CTD
monomers surrounding a phosphorylated pCTD (CTD-pCTD) and surrounding another CTD
(CTD-CTD), with increasing phosphorylation levels, denoted as n¢*“. This metric quantifies
the number of protein-protein contacts and is calculated using Equation 2.9. Adapted from
ref [147]
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phosphorylation increases (Fig 2.8G). The parameter n“*“ reveals how the number of nearby
pCTD and CTD chains within a specific distance from a CTD chain changes with increasing
phosphorylation of pCTD. It shows changes in local environments, providing insights into
interaction frequency and strength between CTD and pCTD chains as phosphorylation varies.
At lower phosphorylation levels, a CTD chain is surrounded by both pCTD and CTD, with
consistent numbers for both types. However, noticeable deviations occur as phosphorylation
exceeds 10 pSers. The findings from this study elucidate the intricate dynamics of phase
separation among CTD, pCTD, and HRD, particularly highlighting the significant influence
of pCTD phosphorylation. As phosphorylation levels increase, a transition from a mixed
phase to distinct core-shell morphologies is observed, with unphosphorylated CTD central
and phosphorylated pCTD and HRD localising to the periphery. [...]

This leads us to the next section, where we will examine the core-shell arrangement of
these condensates, exploring how varying interfacial tensions influence their morphological
characteristics and the implications for protein interactions and stability.

Morphology of CTD and pCTD condensates in simulations, in vitro,
and C. elegans embryos

To further understand the implications of the phase separation dynamics observed earlier,
we now examine the core-shell arrangement of the condensates formed by CTD, pCTD,
and HRD. In this section, the potential morphologies of these condensates will be explored,
specifically how interfacial tensions influence their stability and interactions within cellular
environments.

Our molecular dynamics simulations and calculations of interfacial tensions [179, 140]
provide insight into the potential morphologies of condensates formed by CTD and pCTD-
HRD. When these two immiscible droplets come into contact, four distinct morphological
configurations can emerge[180, 181]. These configurations are visually represented using a
stability diagram generated from the contact angle equation, as depicted in Fig 2.9D. The
contact angle equation is given by:

2 2 2
7ierp] ~ Yipetp-HRD] ~ VipCTD-
[CTD] [PCTD-HRD] [pCTD-HRD]CTD ) ( 2.1 0)

0 [pCTD —HRD} = arccos 9
7Y[pCTD-HRD] Y [pCTD-HRD]CTD

In Figure 2.9D, a schematic depicts partially engulfing CTD and pCTD-HRD phases, illustrat-
ing the contact angles between these phases. The stability diagram describes the four different
morphologies attainable by adjusting relative interfacial tensions, and these variations can be
characterised through the corresponding contact angles. In Region I, the CTD phase is entirely
enveloped by the pCTD-HRD phase, with the condition +|ctp) > 7jpctp-HRD] + VIpCTD-HRDICTD-
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Fig. 2.9: Morphology of the multiphasic condensate A) Formation of a droplet composed of 900
pCTD and 1800 HRD chains. B) Droplet comprising 600 CTD chains. C) Multiphasic droplet
with a core-shell morphology, constituted by 900 pCTD, 1800 HRD, and 600 CTD chains. D)
Stability diagram illustrating four distinct morphologies arising from the interaction between
CTD and pCTD-HRD droplets. Interfacial tension analysis from slab and droplet simulations
indicates the core-shell morphology. Sketch illustrating a partially engulfing CTD and
pCTD-HRD phases indicating the contact angles. E) CTD condensate partially enveloped
by pCTD and HRD condensate. Sequential images depict the progression from partially
engulfed to fully engulfed morphology as the ratio of pCTD/CTD chains increases. F)
Super-resolution microscopy image of C. elegans embryos stained with antibodies targeting
phospho-Serine 5 (pSer5, indicating transcriptional initiation) and phospho-Ser2 (pSer2,
indicating transcriptional elongation) phosphorylated RPB1. RPB1 labeled with either PTM
is localized in prominent subnuclear foci. G)The segmentation and quantification of these
foci demonstrate that both types of foci colocalize, exhibiting only partial overlap. Adapted
from ref [147]
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Fig. 2.10: Analysis of interfacial tension from slab simulations using Capillary Wave Theory (CWT)
with the block analysis method. Panels A-C display density profiles for CTD, pCTD-HRD,
and CTD-pCTD-HRD systems. Panels D-F illustrate the apparent interfacial width W2 with
block size B. The interface region is divided into rectangular segments. Interfacial tension

is determined using the equation: W¢ + I;fVT In (%£). Adapted from SI of ref [147]

In Region II, the CTD and pCTD-HRD phases are partially engulfed, sharing an interface
while also being exposed to the dilute phase. The transition from complete engulfment to
non-engulfing phases is gradual as 0j,crp.urp) increases. Here, the three interfacial tensions
are comparable: yctp] ~ VpcTp-HRD] ~ VIpcTD-HRDICTD- 1N Region III, the significant interfa-
cial tension between the CTD and pCTD-HRD droplets leads to a non-engulfing morphology,
defined by y[pctp-HRDICTD > 7Y|cTD] + VpcTD-HRD]- 1N Region IV, the CTD phase engulfs the
pCTD-HRD phase. The transition from Region 4 to Region I is marked by a black arrow,
signifying an increase in O|crp)-

Full engulfment of CTD but pCTD-HRD is the most favourable morphology, but small changes
in the system would enable partial engulfment. Capillary wave theory (CWT)[179] was
utilized to compute interfacial tensions of CTD and pCTD-HRD using slab geometry with
each Sers in the heptad repeats of pCTD phosphorylated. Three sets of slab simulations
were performed to determine interfacial tension at different interfaces (Fig. 2.10). The
first two simulations involved separate simulations of CTD and pCTD-HRD forming their
respective condensates, allowing for the calculation of interfacial tension at the interface
with the dilute phase. In the third simulation, both CTD and pCTD-HRD were simulated
together to form a multiphasic condensate, enabling the computation of interfacial tension at
their interface. Evaluating the ratio of interfacial tension for different interfaces, specifically
Yictp]/Vpctp-trp] @nd YpcTp-HRDICTD/VpcTD-HRD], confirmed that the observed core-shell
morphologies are consistent with the theory of liquid interfaces (depicted by the green dot
in Fig 2.9E). This supports the conclusion that core-shell morphology is a stable state in
simulations and not an artifact of insufficiently long simulations.
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Theory. Comparison among CTD, pCTD-HRD condensates, and the interface between CTD
and pCTD-HRD. Adapted from SI of ref [147]

To rule out effects from box geometry, simulations were repeated in larger cubic boxes
measuring 150 nmx 150 nmx 150 nm protein chains forming spherical droplets (Fig 2.9A-
C. The ratios of interfacial tension between different interfaces, vcrp|/vpcrp-urp] and
Y[pCTD-HRDICTD/ V[pcTD-HRD]> Were computed from the shape fluctuations method [140] (indi-
cated by the red dot in Fig 2.9D). These results further confirm that core-shell morphology is
indeed favorable for the CTD-pCTD-HRD system in simulations. A comparison of interfacial
tension at different interfaces using various methods is illustrated in Fig 2.11, demonstrating
consistent values across approaches.

The computed ratios of surface tensions are closer to the boundary between full and partial
engulfment. Simulations also reveal partial engulfment of CTD when there are insufficient
pCTD and HRD chains to fully cover its surface (Fig 2.9E). Simulations clearly show that the
condensate of pCTD-HRD either fully or partially surrounds the CTD condensate (Fig 2.9C,
E). At lower concentrations of pCTD and HRD, they undergo coacervation and form a small
patch on the surface of the CTD condensate rather than spreading evenly across the surface,
resulting in a partially engulfed structure. With an increase in the concentration of pCTD
and HRD, the degree of engulfment also increases, indicating that higher concentrations of
pCTD and HRD lead to a decrease in interfacial tension between the pCTD-HRD complex
and CTD[182].

2.3 Results and Discussion
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Fig. 2.12: Droplet compartments induced by HRD. Differential interference contrast (DIC) shows
MBP-hCTD (AF488; green), MBP-p-hCTD5,tia1 (AF594; yellow) and HRD (AF647; red)
forming different protein condensates upon the addition of HRD. Composite pictures show
droplets formed by different components in the function of HRD’s concentration. Adapted
from SI of ref [147]

Experimental Validation of Simulation Predictions
In Vitro Observations

Collaboration with Markus Zweckstetter’s lab at the German Center for Neurodegenerative
Diseases (DZNE) investigated composition-dependent partial demixing of CTD, pCTD, and
HRD. CDK9 addition to human CTD produced partially phosphorylated CTD (pCTDpartial)
with varying phosphorylation levels. pCTD 1.1 mixed well with CTD (Fig 2.12F, top row).
Adding purified HRD (50 M) to 25 M mixtures of CTD and pCTDpartial created distinct
CTD foci within mixed condensates. More phosphorylated pCTDpartial chains preferred
to reside outside these foci, while less phosphorylated chains interacted more readily with
them. CTD foci prominence increased with HRD concentration; at 300 um and 150 wm, foci
became more pronounced. At 150 M, HRD was clearly present within foci alongside CTD-
pCTDpartial-HRD condensates. This trend continued with increasing HRD concentration.
At 200 um, the effect was more pronounced, and at 250 um, distinct HRD droplets emerged
with CTDs and pCTDspartial partially covering them. Most droplets were mixtures of all
three components. These observations confirm that partial demixing aligns with simulation
predictions, demonstrating simulated behavior replication in purified protein experiments.
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In Vivo Validation

Dr. Jan Padeken at the Institute of Molecular Biology performed super-resolution microscopy
on C. elegans embryos to test RNA Polymerase II condensate segregation. Embryos were
stained with antibodies against phospho-Serine 5 (pSers, transcriptional initiation) and
phospho-Ser2 (pSer,, transcriptional elongation) of RPB1. Large subnuclear foci marked
by either post-translational modification were identified (Fig 2.9F). Quantification showed
both foci types colocalize but only partially overlap (Fig 2.9G), consistent with partial or full
engulfment in simulations. Some foci formed hollow spheres or half-moon-like structures,
while total RPB1::GFP formed solid round foci (Fig 2E and Ref [183]). This suggests hollow
spheres are part of larger RNA Pol II condensates, highlighting partial and full engulfment of
CTD by pCTD. CTD condensates remained stable in vivo even when Cyclin T1 was knocked
down via RNA interference, abolishing Sers phosphorylation [184]. This indicates that
CTD condensates can form independently of Sers phosphorylation, as shown in simulations.
These condensates were more regularly round compared to those formed with Cyclin T1,
aligning with differences between pure CTDs and multi-component condensates. These
findings demonstrate significant agreement between experimental data and simulation
results regarding partial and full engulfment patterns of RNA polymerase II across different
phosphorylation states, validating molecular dynamics simulation predictions.

These results emphasize how the different phases within the condensate significantly influ-
ence the shapes of CTD and pCTD chains. The unique properties of the CTD and pCTD-HRD
phases suggest they may play distinct roles in regulating protein behavior and interactions
in a biphasic environment. In the next section, we will examine how these conforma-
tional changes occur and their implications for molecular interactions, which are crucial for
understanding the mechanisms of transcriptional regulation by RNA Polymerase II.

The conformations of the CTD and pCTD chains are modulated by
the two condensates phases

This section examines how the conformations of CTD and pCTD chains are influenced by
the distinct phases and interfaces within the condensates. The CTD and pCTD-HRD phases
exhibit different properties, which can affect their conformations (Fig 2.13A, B). These
differences may underlie unique regulatory processes mediated by the two phases in a
biphasic condensate. Recent theoretical and experimental advances have demonstrated the
significant impact of condensates on protein conformations, including their orientations and
extensions [185, 186].

The conformation of a protein chain within a phase can be understood through the concept
of solvent quality from polymer science [187, 161]. In a “good” solvent, compatible with the
chain, the chain remains extended, regardless of whether it is in a dilute solution or a dense
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Fig. 2.13: Conformation of CTD and pCTD within the droplet. A) Snapshot capturing CTD conforma-
tions, where the R of CTD chains reduces slightly in the pCTD-HRD phase. In the dilute
phase, the chains become more compact. B) Snapshot showing pCTD conformations. The
chains are more elongated in the CTD phase and compact in the pCTD-HRD phase. The
chains are elongated in the dilute phase. C) Comparison of the Variation in R, (radius
of gyration) between CTD and pCTD Conformations, Analysed from the Center of the
Condensate. D) Changes in R and diagonal components of the gyration tensor for CTD
chains, measured from the droplet’s center. E) Variation in R and diagonal components
of the gyration tensor for pCTD chains, measured from the droplet’s center. Adapted from

SI of ref [147]
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phase. Conversely, in a “poor” solvent, which is incompatible with the chain, it tends to
collapse. In this context, CTD is more expanded in the condensate than in a dilute aqueous
solution, as indicated by its radius of gyration(R,) (Fig 2.13C). The aqueous phase is a poor
solvent for CTD chains since the ideal YSPTSPS heptads are devoid of charged groups and
feature aromatic and non-polar residues.

To analyze chain conformations in the condensate, parallel and perpendicular components
of the gyration tensor were computed. The components (G) align parallel to the interface,
while (G ) represents the perpendicular component. In the center of the CTD phase,
extended CTD chains are neither aligned parallel nor perpendicular to the condensate
interface; both components of the radius of gyration tensor adopt similar values (Fig 2.13D).
At the interface of the CTD phase, CTD chains tend to align parallel to the interface, with
(G 1) being smaller than (G) (Fig 2.13A)[188]. Occasionally, some CTD chains enter the
pCTD-HRD phase; however, their R remains largely unchanged despite this phase being
enriched with positive and negative charges, which reduces solvent quality for CTD. Near
the interface between pCTD-HRD and the dilute aqueous phase, CTD chains collapse as they
preferentially interact with pCTD-HRD rather than with the dilute phase. The conformation
of pCTD is influenced differently by these phases. Hyperphosphorylated pCTD is more
extended in dilute aqueous solutions than in condensates (Fig 2.13B, E). Phosphorylation
significantly affects pCTD’s conformation in solution; however, its conformation changes
less in dense phases due to interactions with positively charged HRD. While CTD shows
minimal conformational changes when transitioning from its parent phase to pCTD-HRD
phase, pCTD expands further when moving from its parent phase into the CTD phase. Within
the CTD phase, pCTD extends even more; (G|) decreases compared to (G ), indicating a
slight preference for alignment perpendicular to the interface. This alignment enhances
interactions with positively charged HRD residues in the core. At the interface with the
dilute phase, pCTD chains are squeezed; here, (G|) is larger than (G ), as chains align
parallel to the interface. These observations show that the distinct chemical environments of
each phase significantly influence chain conformation. This implies that the different phases
within condensates can recruit molecules in unique ways and play critical roles in regulatory
processes. With the understanding that the CTD and pCTD-HRD phases represent distinct
chemical environments, we investigated their differential interactions with other molecules,
which may enable each phase to support different stages of transcription. In this section,
we will examine the recruitment of FUS and partially phosphorylated CTD to multiphasic
condensates and how these interactions affect transcriptional processes.

Recruitment of FUS and partially phosphorylated CTD to multiphasic
condensates

After establishing that the CTD, pCTD, and HRD condensates consist of distinct chemical
environments, we investigated whether these phases interact differently with other molecules,
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Fig. 2.14: A) Simulation of pCTD, CTD, HRD, and FUS (Pink). B) Density profile showing FUS

interactions with CTD. C) Cross-section of the droplet. The droplet has partial engulfment
morphology. Adapted from SI of ref [147]

B
—— pCTD
= HRD
[l = CTD
% 40 ____ PpCTD partially
fl phosphorylated
2
220
]
o
0
0 10 20 30
r[nm]

Fig. 2.15: Interactions of partially phosphorlylated CTD with the CTD and pCTD-HRD phases. A) Pic-

ture shows cut through a droplet of partially phosphorylated (cyan), fully phosphorylated
CTD (red), unphosphorylated CTD, and HRD from coarse-grained molecular dynamics. In
the partially phosphorylated CTD, Sers within the initial 10 heptad is phosphorylated. B)
Density profile of the system. Adapted from SI of ref [147]
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potentially enabling each phase to support various stages of transcription. Contrasting
interaction patterns were observed between CTD and pCTD-HRD with phase-separated
LCD FUS. Specifically, CTD interacts with phase-separated FUS, as shown in snapshots of
simulation systems involving CTD, pCTD-HRD, and FUS (Fig 2.14). Regions enriched in
pCTD-HRD are relatively depleted of FUS.

This preference for the CTD phase over the pCTD-HRD phase aligns with the proposed roles
of CTD chains and condensates in facilitating transcription initiation by interacting with
transcription factors to form promoter condensates. Experimental evidence also supports a
preference for FUS LCD to interact with CTD rather than pCTD. Additionally, the partitioning
of partially phosphorylated pCTD within multiphasic condensates was examined, revealing
that it can interact with both the CTD and pCTD-HRD phases (Fig 2.15). Notably, partially
phosphorylated CTD is relatively depleted at the peaks of the pCTD and HRD concentration
profiles. This suggests that partially phosphorylated CTD can reside in the condensate phase
associated with transcription initiation, while RNA Polymerase II would switch to the other
phase upon further phosphorylation.

Conclusion

This chapter demonstrates that phosphorylation of the RNA Polymerase II CTD leads to
the formation of distinct phase-separated condensates that regulate transcription through
interactions with intrinsically disordered regions and other proteins. The findings underscore
the importance of these condensates in facilitating transcription initiation and elongation,
highlighting their role in fine-tuning gene expression.

Intrinsically disordered regions (IDRs) are essential for the formation of transcription conden-
sates, as perturbations in these structures can significantly impact transcriptional activity[165,
134]. Experimental evidence suggests that transcription initiation and elongation are spa-
tiotemporally regulated by distinct phase-separated condensates[183, 176]. Our results
suggest that, in C. elegans, CTD phase-separated condensates facilitate chromatin target
searching despite the structured and featureless nature of IDRs. Molecular dynamics simula-
tions in this study have provided insights into the interactions between CTD, phosphorylated
CTD (pCTD), and proteins such as Cyclin T1’s HRD, revealing distinct phases influenced by
hydrophobic and electrostatic interactions. Increased phosphorylation levels drastically alter
CTD-pCTD interactions, and experimental validation through partial demixing of CTD and
p-hCTD with HRD supports these simulation findings, demonstrating effective phase separa-
tion. Furthermore, thesis simulations indicate that CTD can be fully or partially engulfed by
pCTD-HRD, with interfacial tensions determining favorable morphologies. This approach
allows for the prediction of morphologies for various protein mixtures. The coarse-grained
model employed in these simulations accurately reproduces experimental truncation and
sequence effects, capturing CTD’s contact statistics from both NMR and atomistic molecular
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dynamics data. Super-resolution microscopy in C. elegans embryos further confirms the
simulation results regarding CTD engulfment by pCTD. Distinct phases have been shown to
recruit different proteins, with FUS exhibiting a stronger binding affinity for CTD compared
to pCTD-HRD. Simulations and cellular observations suggest core-shell morphologies, where
promoter condensates may be engulfed by gene-body condensates, consistent with findings
related to Ser5-phosphorylated CTD. Additionally, CTD demonstrates temperature-dependent
behavior, forming condensates that enhance transcription at elevated temperatures, thereby
fine-tuning gene expression rather than triggering a classic heat shock response. This phase
behavior is distinct from heterochromatin proteins like MET-2 and HP1«, which dissolve
at higher temperatures, underscoring functional distinctions that are essential for effective
transcription regulation. This chapter highlights the intricate relationship between phospho-
rylation, phase separation, and transcription regulation, providing a foundation for further
exploration into the molecular mechanisms governing gene expression.[...]

Chapter 2 Phase-Separated Promoter and Gene-Body Condensates: A
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3.1

Modelling Intrinsically Disordered
Proteins: The Hierarchical Chain
Growth Approach

Introduction

RNA Polymerase II (Pol II) plays a fundamental role in gene expression, with its carboxy-
terminal domain (CTD) serving as a critical regulatory element in transcription [191, 51]. A
key feature of Pol II is CTD, an intrinsically disordered region composed of heptad repeats
with the consensus sequence Y755 P31, S5 PsS7 [192]. It is crucial for transcription initiation,
elongation, and co-transcriptional RNA processing. Recent research shows that the CTD’s
ability to undergo phase separation is vital for forming transcriptional hubs— dynamic
clusters of Pol II at active genes that enhance gene expression efficiency.

IDPs like CTD exhibit significant structural variation and are more often compact than
expected for chemically denatured proteins. Unlike denatured proteins, which have lost
their native structure due to factors such as external stresses, IDPs naturally lack a stable
three-dimensional structure but retain functional capabilities. The structural properties of
IDPs, including their degree of compaction, vary widely and are influenced by their unique
sequence characteristics.

Recent research has revealed that proline content and net charge are primary determinants
of compaction in IDPs, while hydrophobic contacts play a limited role. This is particularly
relevant for the CTD, which is rich in proline residues [193]. The hydrodynamic radius
(Rh) serves as a key measure of IDP compaction, calculated from the translational diffusion
coefficient.

Experimental studies (3.1B), the interactions within the CTD were examined using nuclear
magnetic resonance (NMR) experiments [190]. Two-dimensional spectra of 'N-labeled yCTD
in a dilute, non-phase-separated state showed low chemical shift dispersion, suggesting the
absence of well-defined 3D structures such as secondary or tertiary structures. A comparison
of the spectra revealed five cross-peaks with identical chemical shifts, indicating similar
chemical environments. These residues corresponded to the conserved heptad repeats (Y1,
S2, T4, S5, S7). Weaker peaks were attributed to residues in non-conserved repeats or due
to changes in proline isomerization, implying that these residues may exhibit more flexible
or dynamic behaviours compared to the conserved ones. Overall, yCTD exhibits dynamic,
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Fig. 3.1: A) CTD S-turn conformation and modeling. The 12-subunit structure of Pol II is shown

in silver, with the active site indicated by a magenta sphere and an arrow for RNA exit.
The CTD is represented as a §-spiral model, with S-turns (cyan) and extended regions
(pink) derived from observed CTD peptide structures. The model assumes all repeats adopt
this conformation, resulting in a compact left-handed S-spiral. Adapted from [189]. B)
NOE contacts between Tyr ring protons and aliphatic proline protons in 2D 'H-'H NOESY
spectra of 3R-CTD (purple) and yCTD (cyan) at 5 °C. Additional Tyr-Thr and Tyr-Ser cross-
peaks were identified in the NOESY spectrum of 3R-CTD. C) CTD with flexible disordered
structure. D) Comparative analysis of the hydrodynamic radii (Rh) for human CTD (hCTD)
and yeast CTD (yCTD) measured across a range of temperatures under dilute conditions (25
M concentration). The plot includes theoretical curves depicting the expected Rh trends
for fully denatured proteins, intrinsically disordered proteins (IDPs), and folded proteins
as a function of residue count. Adapted from [190] E) Peptide exhibiting well-defined
secondary structure elements F) Peptide with localized structural characteristics with regions
of disorder. Exhibits a mix of structured and unstructured regions. Some segments form
secondary structure elements, while others remain flexible. G) Fully disordered peptide.
This peptide lacks any stable secondary structure. It exists as a highly flexible, dynamic
ensemble of conformations, characteristic of IDPs or protein regions (IDRs).
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predominantly random coil behaviour, with a slight tendency to form turns, particularly at
the Y1 heptad position.

Complementary data in figure 3.1D shows the hydrodynamic radii (Rh) for human CTD
(hCTD) and yeast CTD (yCTD) across a range of temperatures in dilute conditions (25 M
concentration) [190]. The graph includes theoretical curves representing the expected Rh
trends for three distinct protein categories: fully denatured, intrinsically disordered (IDP),
and folded proteins, each plotted as a function of residue count. What is interesting is
that Ry, fall within a range intermediate to those typically observed for IDPs and denatured
proteins in the yeast CTD. This suggests that the CTD has unique structural properties—it is
less compact than typical IDPs but more compact than fully unfolded proteins(Fig 3.1E-G).

At the same time, earlier structural studies have presented conflicting views on the structure
of CTD. Structural modelling based on conformations resolved by X-ray crystallography [189]
suggest that the CTD can adopt a compact 3-spiral conformation, which aids its incorporation
into transcription initiation complexes (Fig 3.1A). Newer NMR data would at first glance
also support well-defined and compact conformations of the CTD (Fig 3.1B). In NMR spectra,
Nuclear Overhauser enhancements (NOEs) are apparent, which are observed for nuclei
in close spatial proximity. However, a well-defined 3D structure would not be accepted,
considering the low chemical shift dispersion in the NMR experiments. This structural
ambiguity has made it challenging to understand the CTD’s precise role in transcriptional
regulation.

This structural ambiguity in the CTD hinders our understanding of the mechanism by
which the CTD facilitates phase separation and the formation of transcriptional condensates.
Clarifying whether the CTD functions primarily as an IDP (Fig 3.1B) or adopts specific
conformation is crucial for understanding its biological functions. This would help elucidate
transcriptional regulation and explore how variations in CTD structure impact the gene
transcription and cellular processes.

To resolve this ambiguity, it is essential to integrate experimental and computational ap-
proaches that can capture the full spectrum of conformational states characteristic of IDPs.
Experimental techniques, such as nuclear magnetic resonance (NMR) spectroscopy and
small-angle X-ray scattering (SAXS), provide valuable insights into protein conformations
and interactions in physiological contexts. However, these methods have limitations in
resolving the full range of structural states. Computational modelling, in contrast, allows
systematic exploration of the conformational landscape, revealing dynamic features and
interactions that may be inaccessible to experimental observation.

Recent advances in ensemble generation techniques, such as hierarchical chain growth
(HCG)[194] provide frameworks for exploring the conformational ensembles and interactions
of IDPs like the CTD. This methods integrate experimental data to construct ensembles
consistent with experimental observations while sampling the vast conformational space

3.1 Introduction
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Fig. 3.2: Overview of the Hierarchical Chain Growth (HCG) Algorithm. The HCG algorithm effi-
ciently constructs polymeric molecules by recursively combining fragments. It starts with
monomers, which are combined into dimers, then dimers into tetramers, and so on, as long
as there are no steric clashes. For chains made up of N = 2™ fragments, the algorithm
has M = log, N assembly levels, highlighting its systematic approach to building complex
structures. Adapted from [194].

accessible to IDPs.

In this work, we apply HCG and RHCG to investigate the conformational ensemble of the CTD
and its potential role in mediating phase separation and protein—protein interactions relevant
to transcription. These models provide insight into the dynamic, heterogeneous nature of the
CTD and help elucidate how its structural properties contribute to transcriptional condensate

formation.

In this chapter, we detail the methodology of the HCG approach, emphasizing its application
to IDPs such as the CTD.

Chapter 3 Modelling Intrinsically Disordered Proteins: The Hierarchical Chain
Growth Approach



3.2 Methods

We employed the Hierarchical Chain Growth (HCG) algorithm [195] to generate initial
conformational ensembles of IDPs. Chain growth algorithms can be advantageous for
modelling biomolecules with intrinsically disordered regions. The weak coupling between
different segments of IDPs allows for simplified sampling. Instead of simulating the entire
protein at once, individual fragments can be simulated independently to efficiently explore

their conformational space.

Hierarchical Monte Carlo Chain-Growth Algorithm

The Hierarchical Monte Carlo Chain-Growth (HCG) algorithm was used to generate initial
conformational ensembles of IDPs. These algorithms begin by dividing biomolecules into
small fragments, creating a pool of structural fragments (Fig 3.2 ). The Hierarchical Chain
Growth (HCG) algorithm leverages the hierarchical organization of IDPs by dividing protein
chains into overlapping sequence fragments [195]. The details of the method is described
below:

Replica Exchange Molecular Dynamics (REMD) Simulations

To efficiently sample the conformational space of intrinsically disordered protein (IDP) frag-
ments, Replica Exchange Molecular Dynamics (REMD) simulations were employed. REMD
enhances conformational sampling by running multiple replicas at different temperatures,
allowing exchanges between neighbouring replicas. This helps overcome energy barriers
and accelerates the sampling of rare events like proline isomerization [196, 195]. These
simulations were run independently for each fragment. The Amber99sb-star-ildn-q force
field was used for the protein structures, and the simulations were performed in an explicit
solvent with the TIP3P water model. The REMD simulations spanned across 32 replicas,
with temperatures ranging from 300 K to 540 K. Exchange attempts were made every 1 ps to
promote transitions between energy states, and each fragment was simulated for a total time
of 1.9 us, ensuring thorough sampling of the conformational space.

Assembly of Full-Length yCTD Chains

A library of 10,000 fragment structures for each peptide segment was created using the
REMD data. Structures are extracted from the 300 K ensemble. These fragment structures
were assembled into full-length yCTD chains using the HCG algorithm. During the assembly
process, steric exclusion was enforced by preventing atomic overlaps between fragments,
ensuring physically realistic structures. This was done using distance-based cutoffs to
maintain proper spatial arrangement and avoid unrealistic overlaps.

3.2 Methods 73
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Fig. 3.3: (A) L-curve analysis for the global BioEn KL divergence SE®°E™ from the initial weights
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(pink). The black circles indicate the KL divergences for the global BioEn with § = 10.

Refinement and Validation Methods

Reweighted Hierarchical Chain Growth (RHCG)

The Reweighted Hierarchical Chain Growth (RHCG) method was employed to refine the
initial structural ensemble using experimental data. Bayesian inference was applied to
combine the HCG-generated ensemble with experimental data, enhancing the agreement
between computational models and experimental observations.

Chemical Shift Refinement

To refine the structures further, SPARTA+ and POTENCI tools were used to predict and
analyze chemical shifts. SPARTA+ employs a machine-learning approach to predict chemical
shifts based on known structures, while POTENCI analyzes secondary shifts. BioEn reweight-
ing was applied, with a confidence parameter (6;) of 20, to adjust the structural ensemble to
match experimental chemical shift data for Ca, C3, N, and HN chemical shifts.

Global Reweighting

The final structural ensemble was further refined through global reweighting using BioEn
with the parameter ¢ set to 10, determined by L-curve analysis(Fig. 3.3). This optimization
ensured that the structural ensemble closely matched experimental constraints while main-
taining its physical validity.

Hydrodynamic Radius (Rh) Refinement

The hydrodynamic radius (Rh) was calculated for each structure in the ensemble. The
calculated Rh values were compared to experimentally measured Rh. The refinement process
adjusted the structures to match these experimental values, ensuring that the final ensemble
was consistent with experimental measurements of size.

NOE Contact Analysis

For further validation, 21 residual fragments corresponding to YSPTSPS repeats were ex-
tracted from the yCTD ensemble. Nuclear Overhauser Effect (NOE) contacts were computed
and compared with experimental data for the 3R-CTD construct. We utilized the BME2
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(https://github.com/sbottaro/BMEZ2) library to match the upper bound distances from the
NOE measurements of 3R-CTD [197].

Residual Dipolar Coupling (RDC) Analysis

Residual Dipolar Coupling (RDC) analysis was performed using the PALES method to assess
the global alignment and accuracy of the structural ensemble [198]. RDC values were
calculated for each structure in the ensemble and compared with experimental RDC data,
further validating the long-range structural properties and global alignment of the protein.

Statistical Independence and Detailed Balance

The HCG algorithm preserves detailed balance, ensuring that the final conformational
ensemble is independent of the order in which the fragments are assembled. This ensures
unbiased sampling of the IDP conformational space, allowing the method to explore a broad
range of potential conformations.

Software and Computational Setup

All simulations were performed using GROMACS. The HCG and RHCG algorithms were im-
plemented using a publicly available framework (https://github.com/bio-phys/hierarchical-
chain-growth), facilitating reproducibility and further methodological improvements. The
framework allows for easy integration of new experimental data to improve the refinement
process and expand the scope of the algorithm for other IDPs.

Refining IDP Ensembles Using Bayesian Methods

The Hierarchical Chain Growth (HCG) algorithm is designed to efficiently generate diverse
structural ensembles of IDPs by assembling fragments sampled from molecular dynamics
(MD) simulations. This hierarchical process, which scales logarithmically with protein length,
produces a wide array of conformations. To ensure these ensembles align with experimental
observations, Bayesian Inference of Ensembles (BioEn) is applied.

BioEn refines the initial ensemble by adjusting the weights of each conformation to optimize
the fit with experimental data, such as NMR chemical shifts. The weight vector w =
(w1, ..., wc) contains the normalized weights of the individual chains in the ensemble. The
refinement uses a posterior probability distribution P(w|data, I), which depends on the
weights w, the experimental data, and any prior information I:

P(wldata, I) o Py(w|I) - P(datalw, I)

In the BioEn method, the prior probability distribution Py(w|I) over the ensemble weights w
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is formulated as a maximum-entropy distribution given by:

w9

¢ Ow,

Po(wl) ocexp (<08iw) = [T (=5)

c=1

where 0 is a hyperparameter controlling entropy regularization, and Sk, is the Kullback-
Leibler (KL) divergence:

C
w,
SkL, = chln (S) ,
c=1 We
measuring the deviation of the refined weights w,. from the initial weights.

The Reweighted Hierarchical Chain Growth (RHCG) method builds on the HCG algorithm,
designed to integrate experimental data into the process of ensemble generation [199, 195].
RHCG improves on HCG by assigning probabilistic weights to fragment conformations rather
than treating all fragments equally. This weighting corrects potential biases in the fragment
pool, such as those arising from force-field inaccuracies that could skew the conformer
distribution (e.g., favouring extended over helical structures). Without such weighting on
the level of fragments, larger chains could become dominated by only a few conformational
types when refining such ensembles against experimental data [200]. To resolve this, RHCG
applies Bayesian inference to refine the weights, ensuring that the generated ensemble
not only captures a wide range of structural possibilities but also remains consistent with
experimental data.

The RHCG focuses on fragment-based chain growth. At each position n along the chain,
there are F' fragments in the library to choose from. Instead of picking fragments with
equal weights as in HCG, RHCG picks fragments according to a set of weights w, where the
weights are normalized such that the sum over all fragments f at position n is 3 wl = 1.
The probability of selecting a particular chain c is the product of the weights for its fragments:
plf9 =115, wi". The bias introduced during this process is later corrected in a reweighting
step to match experimental data.

The fragment library is generated from MD simulations of short overlapping peptides. To
bias the fragments, NMR chemical shifts are used. SPARTA+ predicts backbone chemical
shifts for proteins based on their three-dimensional structure, focusing on atoms like Ca, Cf3,
N, and Hy [201]. It provides error estimates (0.92 ppm for C«, 1.13 ppm for C3, 2.45 ppm
for N, and 0.49 ppm for Hy) that help refine protein structures, and its predictions can be
combined with methods like POTENCI to determine secondary shifts [202].

In an ideal importance sampling framework, chains are grown with equal probabilities,
ensuring that each generated chain is an equally representative member of the target
ensemble. This results in uniform weights after reweighting with Bayesian Inference of
Ensembles (BioEn). The effectiveness of the bias during chain growth is evaluated using the
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KL divergence of the BioEn-optimized weights w, from ideal importance sampling:

C
Sbias Z we In (Cw,)

c=1

If SPias < 1, it indicates that, there is a high overlap between the biased ensemble and the
reweighted ensemble, meaning the bias introduced during chain growth was effective and
close to ideal importance sampling. Conversely, if SPi3 > 1, it suggests the overlap is small
and that the chain growth method needs further optimization.

Finally, SPiss is used to determine the optimal confidence parameter, 0, which controls
the strength of bias during fragment selection. The value of 0, is chosen to minimize S}Z}fs,
striking a balance between guiding chain growth toward the desired distribution and avoiding
overfitting to experimental data. This refinement process was implemented using the BioEn
library ([https://github.com/bio-phys/BioEn]).

Hydrodynamic Radius Calculation

The hydrodynamic radius (R},), or Stokes radius, represents the effective radius of a theoreti-
cal hard sphere with the same translational diffusion coefficient as the protein of interest [87].
The translational diffusion coefficient (D;) can be measured experimentally through methods
such as pulsed-field gradient NMR, fluorescence correlation spectroscopy, and dynamic light
scattering. The Stokes-Einstein equation relates D; to Rp:

kpT

= 3.1
Ll (3.1

where kp is the Boltzmann constant, 7' is temperature, and 7 is solvent viscosity. The
hydrodynamic radius (R},) is calculated using the Stokes-Einstein equation. An empirical
parameterization relates Ry, to the radius of gyration (R,) and number of residues (V):

By

o (N,Ry) = a1 Ry — agN 3% . (NO60 _ NO-33) 4 g (3.2)

where o, as, and a3 are empirically determined parameters. The radius of gyration (R,)
is calculated for each structure, and these values are converted to R; using an empirical
parameterization.

NMR Residual Dipolar Couplings (RDCs)

Residual dipolar couplings (RDCs) provide insights into the orientation and dynamics of
molecular structures in solution[203]. In this study, RDCs were calculated from ensembles of
full-length structures using the PALES software in steric alignment mode. For each residue
i, the backbone amide RDC value Dyy(i) was determined by aligning each chain c in the
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ensemble and averaging the results across all structures. This process involves calculating
the alignment tensor, which captures the average orientation of the molecule relative to the
external magnetic field. The RDC constant is given by:

po  hyan 2
Dy = 22 (3cos20—1)- 8
HN 4 T%N (3 cos )

where 1 is the permeability of free space, h is the reduced Planck constant, v; and v, are
the gyromagnetic ratios of the nuclei, r is the distance between the nuclei, # is the angle
between the internuclear vector and the magnetic field, and S is the alignment factor derived
from the molecular alignment tensor. RDCs provide long-range orientational information,
complementing traditional NMR techniques such as Nuclear Overhauser Effects (NOEs),
which focus on short-range distance constraints.

Nuclear Overhauser Effect (NOE) Calculations

NOEs provide crucial short-range distance constraints in biomolecular structure determi-
nation [204]. The average effective distance () from NOE data is calculated using the
equation:

—6>71/6

r=(r;

where r; is the distance in structure i. This equation reflects the »—¢ dependence of NOE
intensities, emphasizing shorter distances.

Results and Discussions

Conformational Ensemble Generation

To explore the conformational landscape of the yeast RNA polymerase II C-terminal domain
(yCTD), we employed a hierarchical Monte Carlo chain-growth algorithm combined with
Replica Exchange Molecular Dynamics (REMD) simulations. Given the dynamic and flexible
nature of CTD, accurately modelling their conformational transitions, especially for proline
isomerization, is crucial for understanding their function in cellular processes.

REMD can generate libraries of fragment conformations that sample both cis and trans states
3.5B. Figure 3.5 A and B show the cis and trans isomers of a fragment, respectively. REMD
accelerates sampling by allowing exchanges between replicas at different temperatures,
enabling transitions like proline cis-trans isomerization that occur on longer timescales. We
observed around 0.3 per cent of cis isomers at 300K from the REMD simulations. After 900
ns we started to observe cis isomers.

Proline isomerization plays a critical role in protein folding, dynamics, and function
[205]. Proline is unique among amino acids because of its cyclic structure, which limits
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Fig. 3.4: Workflow for Generating yCTD Conformational Ensembles.

the flexibility of its backbone. As a result, peptide bonds involving proline, particularly
Xaa-Pro bonds, have a greater tendency to adopt the cis conformation compared to other
amino acids. Under physiological conditions, about 10 % of Xaa-Pro bonds exist in the
cis state. This isomerization process is energetically demanding and occurs on a much
slower timescale than protein folding, often serving as a rate-limiting step in folding
pathways. Accurately capturing proline cis-trans isomerization in molecular simulations
poses significant challenges. Advanced techniques like replica exchange molecular dynamics
and the use of precise force fields are necessary to overcome sampling inefficiencies and
ensure reliable modelling of proline’s conformational dynamics.

Assembly of Full-Length yCTD Chains from HCG Ensembles

We used structures from the T = 300 K ensemble to assemble chains. we created a library of

10000 fragment structures for each peptide segment at the temperature of interest (Fig. 3.6A).

This extensive library allows us to capture a wide range of conformations for yCTD. The
algorithm grows the full-chain by assembling possible structures of dimers, quadruplets, and
so on until the entire chain is constructed. At each step of the assembly, steric exclusion is
imposed to prevent atom overlaps. To evaluate the accuracy of our models, we compared
them to full-length CTD structures generated from the HCG ensemble with the NMR structure

3.3 Results and Discussions
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Fig. 3.5: (A) Representative structure of fragment with a cis proline isomer, illustrating the local
backbone conformation. (B) Representative structure of fragment with a trans proline
isomer, showing the structural differences compared to the cis form. C)Distribution of the
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isomers. Different colours represent distinct sequence fragments analyzed in the simulation.
d) Probability of the cis proline conformation of one fragment at different temperatures,
demonstrating the temperature-dependent shift in isomerization equilibrium.
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Fig. 3.6: Hierarchical chain growth ensemble. (A) Integrative models of RNA polymerase II CTD
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structural ensembles, with the 21-mer highlighted. (B) Comparison of full-length CTD
models from the hierarchical chain-growth (HCG) ensemble computation with the NMR
structure of three heptad YSPTSPS CTD-repeats (cyan). The full-length CTD model from the
hierarchical chain growth ensemble is shown in grey, with the aligned region highlighted in
blue. C) Minimum Ca root mean square deviation (RMSD) between conformations from
HCG and RHCG and equivalent regions from the NMR-data based structural model for the
three heptad repeats.
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of three heptad YSPTSPS CTD repeats (depicted in cyan). The NMR structure was derived
using Rosetta [206], incorporating data from chemical shifts, NOE contacts, and 1H-15N
residual dipolar couplings. In the Rosetta calculation, one assumes that each structure
needs to fulfill all the experimental restraints. This assumption is typically not justified
[207] but is the basis of determining structures from NMR data. In practice, this structure
can be considered as one that best matches experimental data without accounting for
conformational heterogeneity. Conformational heterogeneity often results in multiple distinct

conformations that better represent molecular-level behavior than a single average structure.

For instance, the NMR structure of a functionalised DNA molecule computed by such an
approach matches less well with the raw experimental data than the MD simulations as
the simulations show averaging between two different conformations, which both give rise
to distinct NMR signatures which also found in the experimental raw data [204]. Two
representative CTD models from the HCG ensemble are illustrated in grey, with the aligned
region highlighted in blue (Fig. 3.6B). A considerable fraction of the conformations of HCG
and RHCG structures are very close to the NMR-based Rosetta structure, as is apparent by
computing the Cae RMSD to the Rosetta structure. The yCTD ensembles generated through
hierarchical chain growth (HCG) show a strong correlation with NMR experiments that probe
chemical shifts (Fig 3.7).

Refinement Against Chemical Shifts

After generating conformational ensembles, we refined yCTD fragments using experimental
chemical shift data. Chemical shifts are especially informative for IDPs because they provide
insights into transient structural features and dynamic interactions that are difficult to capture
using traditional structural techniques. Incorporating them into our model helps ensure that
the conformational ensemble aligns closely with what is observed in biological systems.

HCG provides a systematic approach to generating such ensembles. Once the initial ensemble
is generated, the reweighting technique RHCG is employed to better fit experimental data,
making the approach highly adaptable to integrating with experimental measurements. In
the Reweighted Hierarchical Chain Growth (RHCG) method, we tailored fragment selection
based on C«,C3,N, and HN chemical shifts obtained from NMR measurements. We used
SPARTA+ and POTENCI tools for this refinement.

For each fragment position, we performed independent BioEn reweighting using the chemical
shift data. We set a confidence parameter ¢; of 20 to balance the influence of experimental
data with prior knowledge about the system. This parameter determines the weight given to
experimental chemical shifts versus the predictions from our computational models. Applying
a high confidence parameter increases the impact of the chemical shift data, ensuring that
conformations closely matching the experimental shifts are assigned higher weights in our
ensemble. A lower value would prioritize prediction. By setting a high confidence threshold,
we reduce noise and variability in the data, resulting in a more consistent representation of

3.3 Results and Discussions
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the local structural features across all fragments. Here, by choosing 6 = 20, we aimed to
better capture the experimental insights into the prior distribution so that both contribute
effectively to the refinement process.

After chemical shift refinement, we performed a global reweighting step(Fig. 3.4). The
bias in the assembly of the RHCG ensembles was corrected through final BioEn refinement.
This step is crucial as it ensures that the entire ensemble is consistent with all available
experimental data while correcting any biases introduced during fragment-based simulations.
The global reweighting helps mitigate discrepancies and enhances the accuracy of the
ensemble representation. With @ set at 10, our results indicate that SE{OE“ is less than 1, and
SPias ig also around 1 in Fig 3.3. This suggests that the fragments generated from the REMD
simulations and the reweighting on the fragment level are already well aligned with the NMR
chemical shift data, which helped guide the process by balancing the effect of experimental
data with the initial ensemble distribution.

Hydrodynamic Radius Refinement

Following the initial ensemble generation, we observed that our structures did not match the
experimental hydrodynamic radius (Rh) values well. This mismatch necessitated a second
refinement step focused on aligning our yCTD ensembles with experimentally measured
Rh. While chemical shift refinement ensures local structural accuracy, hydrodynamic radius
refinement provides validation of overall protein size and shape in solution. Rh, or the
Stokes radius, measures protein expansion based on translational diffusion, determined
experimentally via techniques like NMR or light scattering. The hydrodynamic radius
provides information about the overall size and shape of the protein in solution, which is
particularly important for IDPs that can adopt various conformations depending on their
environment. It helps validate our models against experimental data. For each structure
in the ensemble, we calculated the hydrodynamic radius [87], ensuring that the refined
ensembles accurately reflected the experimental data. This step enhances our confidence
in the biological relevance of our generated ensembles by ensuring they closely match
experimentally observed values. This combined approach of using RHCG with chemical shift-
guided fragment selection, BioEn reweighting, and hydrodynamic radius refinement enabled
us to generate ensembles that closely match experimental NMR data, providing a reliable
representation of the yCTD structure in solution. The secondary chemical shifts (Ca,C3,N,
and HN ) are calculated from the yCTD ensemble, obtained using RHCG and refined against
Ry, and were compared with experimental NMR shifts (Figure 3.7). The RHCG ensemble
generally reproduced the overall trend of experimental shifts. The models consistently
produced slightly larger shifts than those measured by NMR. Quantitative measures of
agreement were calculated to assess the accuracy of the predictions. The Pearson correlation
coefficients (r) between predicted and experimental shifts were calculated.

Chapter 3 Modelling Intrinsically Disordered Proteins: The Hierarchical Chain
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Fig. 3.7: Comparison of NMR Chemical Shifts for yCTD Fragment Simulations and Full-Length
Models from Hierarchical Chain Growth: The analysis of NMR chemical shifts for yCTD
fragment simulations and full-length models obtained from hierarchical chain growth
comparing with secondary shift values for Co,C3,N, and HN atoms. These values are

derived from different sources: fragment all-atom molecular dynamics (MD) simulations,

assembled full-length models, and experimental data.
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Fig. 3.8: NOE analysis: A) Without any refinement, 29 out of 36 experimental NOE contacts within
5.65 Awere matched, with two additional contacts at the cutoff. B) NOE after the final
reweighting of the 21mer fragment extracted from the full-length chains. After minimal
refinement, the 3R structures from yCTD HCG matched 33 out of 36 NOE contacts within
the threshold, with one contact slightly exceeding it.

Extraction and Comparison of Fragments

To further validate our yCTD ensemble against experimental data, we extracted 10° fragments,
each 21 amino acids long, with the sequence YSPTSPS from the yCTD ensemble. We then
calculated NOE contacts for these fragment ensembles to compare with the NMR data
of 3R-CTD (Fig 3.8). NOE contacts provide information about spatial proximity between
atoms, which is crucial for structure determination. Initially, without any refinement, we
successfully matched 29 out of 36 experimental NOE contacts that were within 5.65 A, with
two additional contacts at the cutoff, indicating a promising level of agreement between our
computational predictions and experimental observations fig. 3.8A. With minimal additional
refinement, the 3R structures from yCTD HCG matched 33 out of 36 NOE contacts within the
threshold, with one contact slightly exceeding it fig. 3.8B. The SPi% was below 1, suggesting
that the importance sampling generated relevant structures. Our analysis demonstrated
a good fit to the experimental data, with minimal changes in weights, reflecting strong
agreement with the experimental chemical shifts while remaining close to the initial weights.

Residual Dipolar Coupling Analysis

To further validate the structural ensemble of the 21-mer RHCG domain of the yCTD, residual
dipolar coupling (RDC) analysis was employed. RDCs provide long-range information about
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Fig. 3.9: Comparison of experimental RDCs (cyan) along the yCTD sequence with RDCs calculated
from the RHCG ensemble (violet). (A) Experimental RDCs are compared with the RHCG
ensemble structures. (B) Scatter plot showing the correlation between RDCs calculated
from the RHCG ensemble and experimental RDCs. RDCs were calculated using the PALES
method.

the molecule’s shape. RDCs for the ensemble were calculated using PALES [198]. Importantly,
RDCs were not used in our ensemble refinement procedure (Fig. 3.4). The results were
averaged over the ensemble, taking into account the weight of each chain. Figure 3.9A shows
a direct comparison between calculated RDC values from the ensemble and experimental
RDC measurements.

The calculated RDCs closely matched the experimental values, indicating that the ensemble
effectively captures both the overall shape and local structural details. This agreement
is visually observed in Figure 3.9A. To quantify this agreement, the Pearson correlation
coefficient (R-value) was calculated, yielding a value of 0.8 (Figure 3.9B). This strong
positive correlation indicates that the ensemble accurately represents the structure and
dynamics of the 21-mer RHCG domain in solution. The close match between computed and
experimental RDC data supports the model and enables further studies of the yCTD RHCG
domain.

Additionally, the yCTD ensembles were refined to match the hydrodynamic radius (RH)
measured by NMR, employing the BioEn library for this ensemble refinement. For NOE
contact matching, we extracted 10° fragments of 21 amino acids (YSPTSPS) from the yCTD
ensemble and calculated their chemical shifts and NOE contacts for comparison with the
NMR data of 3R-CTD.

The NMR biased ensembles matched the experimentally determined hydrodynamic radii (Fig.
3.11). Notably, the Y1 position was preferentially situated in turn regions within both the
3R-CTD and the yCTD ensemble. Turn conformations of S_sP_1SY7, characterized by O-N
distances below 5 A, were observed in approximately ~ 16% of the conformers (Fig 3.10).
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Fig. 3.11: A) Histogram distribution of R, values for the HCG structures of yCTD compared with the
experimental value at 5°C (red dashed line). A) Without reweighing, the experimental

value is to the left of our distribution.
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Fig. 3.12: Phase separation and structural interactions of human CTD and Mediator complex. A)
Microscopy images showing phase separation of hCTD (green) and human Mediator
complex (red). B)Structure of the Mediator-bound preinitiation complex. The inset shows
the structure of hMED-bound CTD. c-e. Close-up views of specific interactions within
the Mediator-CTD complex: c. Tyrosine-tyrosine (Tyr-Tyr) contacts d. Proline-proline
(Pro-Pro) contacts e. Tyrosine-proline (Tyr-Pro) contacts. Adapted from [190]

Tyr-Pro interactions are important for the contacts of CTD with the
Mediator complex

Intriguingly, the Pro-Tyr contacts, which are highlighted by the RHCG and NMR studies of
CTD on its own, are also found in interactions of CTD with the Mediator complex (Fig 3.12)
[190]. Specifically, the study demonstrates that the CTD phase separates together with the
Mediator complex, suggesting a functional link between these interactions and mediator
recruitment. These interactions observed via NMR, indicate a direct physical association
between Pro-Tyr, Pro-Pro, and Tyr-Tyr contacts between CTD and Mediator complex (Fig 3.12
e-f). This co-recruitment suggests that Tyr-Pro interactions facilitate the CTD and Mediator
complex interaction. These interactions are a key aspect of CTD’s role in transcription.

Conclusions

This study offers a novel approach to address the longstanding structural ambiguity of the
yeast RNA polymerase II C-terminal domain (yCTD), a critical regulator of gene expression.
By integrating a hierarchical Monte Carlo chain-growth algorithm (HCG), replica-exchange
molecular dynamics (REMD), and NMR data, we have mapped the dynamic structural
ensemble of yCTD with high resolution.

3.4 Conclusions
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Previous research has presented conflicting views on the structure of the CTD, with some
studies proposing compact conformations such as a [3-spiral, which helps to incorporate into
transcription initiation complexes. However, the low chemical shift dispersion observed in
NMR experiments contradicts the existence of a stable 3D fold, consistent with its intrinsic
disorder. This persistent structural ambiguity has hindered precise mechanistic understanding
of the CTD’s role in transcriptional regulation.

Our simulations reveal that yCTD exhibits a dynamic, predominantly random coil structure
with a slight tendency to form turns, particularly at the Y1 heptad position. These findings
align with existing experimental observations. The hydrodynamic radii (Rh) fall within a
range intermediate to those typically observed for IDPs and denatured proteins in the yeast
CTD. This indicates that the CTD exhibits unique structural properties falling between those
of fully unstructured protein or compact IDPs. Importantly, our REMD simulations captured
and characterized the conformational heterogeneity of yCTD. With experimental data to
reweight them, the diverse structures that arise from the HCG simulation are consistent with
observations that suggest the absence of stable interactions. This successful reconciliation of
NMR and structural behaviour.

A key advancement of our approach is the explicit treatment of proline isomerization. Proline
residues are abundant in yCTD and are known to exhibit cis- and trans- conformations
that can significantly impact local and global protein structure. REMD simulations allowed
us to overcome energy barriers and efficiently sample both cis- and trans- proline states,
revealing the dynamic interplay between these conformers and their influence on yCTD’s
overall conformational ensemble.

By generating structural ensembles that are not only consistent with experimental NMR data
but also explicitly account for proline isomerization dynamics, our approach offers a more
accurate and complete representation of yCTD structure. This level of detail is crucial for
understanding how specific sequence elements and cis/trans proline equilibria cooperate
to modulate yCTD function and facilitate its interactions with other proteins involved in
transcription.

Chapter 3 Modelling Intrinsically Disordered Proteins: The Hierarchical Chain
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Stochastic Models for
phosphorylation and their
application in molecular
dynamics simulations of protein
condensates

This chapter explores how cells use chemical modifications, specifically phosphorylation, to
control the formation and behaviour of biomolecular condensates. The study focuses on the
C-terminal domain (CTD) of RNA Polymerase II, a protein critical for transcribing DNA into
RNA, which we discussed in detail in the previous chapters. The CTD undergoes frequent
phosphorylation, where phosphate groups are added or removed, altering its properties and
interactions. The research explores how phosphorylation mechanisms influence condensate
formation, stability, and organization. By examining varying phosphorylation and dephos-
phorylation rates, this work aims to provide insights into the non-equilibrium control of
cellular structures and their adaptive responses to changing conditions.

Introduction

Biomolecular condensates are typically driven by weak and multivalent interactions between
biomolecules, often involving intrinsically disordered proteins (IDPs) or intrinsically disor-
dered regions (IDRs) of multi-domain proteins with both folded and disordered regions.
Interestingly, in comparison to folded protein domains, IDRs are often enriched in phos-
phorylation sites, making them key targets for post-translational modifications (PTMs) that
regulate condensate behavior.[208].

Phosphorylation— the reversible addition of phosphate groups to proteins— is a key post-
translational modification (PTM) that responds to cellular signals. In IDRs, phosphorylation
can alter the charge, structure, and interaction properties of proteins, influencing the stability,
assembly, and disassembly of condensates. [209, 23, 210, 211]. This dynamic regulation is
essential for processes like gene expression, signal transduction, and stress responses[212].
Enzymes called kinases phosphorylate proteins in the process of consuming adenosine
triphosphate (ATP) and yield adenosine diphosphate (ADP). Conversely, phosphatases re-
move phosphate groups from these proteins, increasing the concentration of inorganic
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phosphate (Pi) in the solution. Cycles of phosphorylation and dephosphorylation represent
non-equilibrium steady states when ATP, ADP, and Pi concentrations are maintained by
external processes, as occurs in cells. Chemically driven dynamics can determine the size of
protein droplets [213], and such systems can be considered active emulsions.

Dynamic phosphorylation of disordered proteins is essential for regulating gene transcrip-
tion[214, 215, 216]. Hnisz et al. proposed that dynamic phosphorylation would determine
whether condensates underpinning the transcription of genes form. A specific example of this
interplay between phosphorylation dynamics and condensation is seen with the C-terminal
domain (CTD) of RNA Polymerase II [217, 215]. During transcription initiation, the CTD
forms condensates or is recruited to condensates formed by transcription factors [218, 219,
215, 216, 220]. These condensates could create local concentrations of factors necessary
for gene activation. As transcription initiation progresses, the CTD of RNA Polymerase II is
progressively phosphorylated. Phosphorylation of CTD [220] is essential for switching from
the initiation phase of transcription to the elongation of RNA transcripts[133].

However, phosphorylation events can dissolve these condensates [217]. Simulations show
that CTD, phosphorylated CTD (pCTD) can, in principle, partially demix and form distinct
condensate phases[221], explaining why condensates of initiating and elongating RNA
Polymerase II are partially separated in C. elegans embryos. Simulations further showed that
the resulting morphologies can be understood by considering the interfacial tensions of the
different phases[181, 221]. Co-localization of pCTD and protein required for the splicing of
nascent RNA transcripts has also been reported in cells[183].

Molecular dynamics simulations can directly reveal how chemical modifications of individual
residues change the properties of proteins[211, 210], but chemically driven nonequilibrium
dynamics such as phosphorylation and dephosphorylation cycles have not been extensively
studied through molecular simulations. Relaxation from a state far from thermodynamic
equilibrium has been simulated by Grazaizar et al. [222]. Chemical reactions in conden-
sates have been simulated with a reactive force field close to atomic resolution[223]. The
enzymatic phosphorylation of proteins in condensates can be simulated in residue-level
coarse-grained molecular dynamics[224] by combining molecular dynamics with Monte
Carlo steps for chemical reactions[225, 226]. However, even at a residue-level resolution, it is
difficult to simulate how condensates are shaped by enzymatic reactions, as large simulation
systems are required and simulation trajectories have to be simulated for long durations to
adequately sample how condensates are shaped by these reactions.

To better understand these dynamics we have developed models to simulate the stochastic
switching between phosphorylated and unphosphorylated states in molecular dynamics
simulations. We studied the stochastic switching of serine (Ser) to phospho-serine in a system
composed of two components: pCTD (phosphorylated C-terminal domain) and CTD (unphos-
phorylated C-terminal domain). The dynamics of this system are examined under different
rates for phosphorylation and dephosphorylation reactions, considering two distinct models:

Chapter 4 Stochastic Models for phosphorylation and their application in molecular
dynamics simulations of protein condensates
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the random-uniform switching model and the Processive chain switching model. These
reflect two different biological mechanisms based on the way kinases can interact with their
substrates. In the random-uniform switching model, phosphorylation and dephosphorylation
events are assumed to occur independently across all serine residues within a CTD chain.
Each serine residue has an equal probability of undergoing modification, regardless of the
state of neighbouring residues. This would correspond to kinases or phosphatases binding to
a protein chain, modifying one residue and then immediately dissociating. By contrast, in
the Processive chain switching model, the entire protein chain is either phosphorylated or
dephosphorylated at once. In this model, phosphorylation and dephosphorylation events
occur processively, with the modification of one serine residue coupled to the phosphorylation
of neighbouring residues along the CTD chain. This processive behaviour is inspired by the
processive nature of many kinases and phosphatases, which can move along protein chains,
catalyzing multiple modification events in sequence before dissociating from their substrate.
These models highlight how different phosphorylation mechanisms can impact the behavior
of biomolecular condensates. The random-uniform switching model may better represent
situations where modifications are carried out by a large number of freely diffusing enzymes,
leading to a more random distribution of phosphorylation sites. In contrast, the Processive
chain switching model captures scenarios where processive enzymes create localized regions
of high or low phosphorylation, potentially leading to more dramatic changes in protein
interactions and condensate properties. Understanding how the CTD of RNA Polymerase II is
phosphorylated by kinases such as CDK9 is important as it might severely alter the critical
concentrations required for this rate-limiting step[227].

Our modeling approaches demonstrate that phosphorylation dynamics profoundly affect the
formation, stability, and internal organization of biomolecular condensates. For example,
simulations have shown that changes in phosphorylation rates can lead to transitions between
different condensate states, such as from a single large droplet to multiple smaller droplets
or even to the complete dissolution of condensates. These findings provide mechanistic
insights into how cells might use phosphorylation to rapidly reorganize subcellular structures
in response to various stimuli.

Methods

In this chapter, we explore stochastic switching processes as a model for biochemical reactions
driven by chemical fuel. Specifically, we focus on phosphorylation and dephosphorylation
cycles, which are mediated by kinases and phosphatases.

To simplify the modeling, we assume that the concentrations of ATP, ADP, and inorganic
phosphate Pi are maintained at steady-state levels through external cellular processes. This
assumption allows us to treat reaction rates as fixed parameters rather than dynamically
adjusting them based on local energy changes or environmental factors. Consequently, our

4.2 Methods
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model represents a non-equilibrium system actively driven by chemical fuel input. The energy
change upon switching and its influence on the reaction rate based on the local environment
are not explicitly incorporated. The probability of reactions occurring is determined by
molecular populations and fixed rate constants.

It is important to note that detailed balance is not enforced in this framework because
the system is inherently out of equilibrium. While energy dissipation occurs during ATP
hydrolysis, it is not explicitly tracked in our simulations. Instead, we focus on the stochastic
dynamics of switching events and their implications for biochemical networks. It enables us
to analyze key properties such as steady-state probabilities and reaction dynamics without
considering the microscopic details of switching.

Gillespie’s First-Reaction Method

To simulate stochastic processes in systems with multiple reactions, we employ Gillespie’s
First-Reaction Method. The algorithm treats the reaction system as a Markov process and
simulates it using two key steps for each event: determining the time until the next reaction
and selecting which reaction occurs next. One of the methods for simulating stochastic
processes in systems with multiple reactions is the First-Reaction Method. The steps in the
First-Reaction Method are as follows:
1. Initialization: Set the initial time ¢ = 0 and define initial molecule counts X; for each
species S; (where i = 1,..., N). Compute the propensity a, for each reaction R, (where
p=1,...,M): a, = c, - h,, where c, is the reaction rate constant and 5, is the number of
distinct combinations of reactants.
2. Generate Tentative Reaction Times: For each reaction R, (where v =1,2,..., M), gen-
erate a ’tentative’ time 7, at which it would occur. This time is sampled from an exponential
distribution with rate a, = h,c,, where: 7, = —i In(r,), and r, is sampled from a uniform
distribution|0, 1].
3. Select the First Reaction: Identify the reaction with the smallest 7,, as this is the first to
occur: 7 = min(7y, 7o, ..., 7ar). The index p of the reaction corresponding to 7 is selected as
the next reaction.
4. Update the State: Advance the system’s time by 7: ¢ — ¢ + 7. Update the populations of
the species involved in reaction R,,.
The First Reaction Method is based on the fact that the time to the next reaction follows an
exponential distribution. The joint probability of a reaction R, occurring at time 7 is given
by:

P(r,p) = aue” SliaT,

The algorithm achieves this distribution by treating each reaction as if it operates indepen-
dently and selecting the first event that occurs.

Chapter 4 Stochastic Models for phosphorylation and their application in molecular
dynamics simulations of protein condensates



Stochastic Switching of Bits in Molecular Dynamics Simulations

Building on Gillespie’s First-Reaction Method, we developed a tailored approach to simulate
stochastic switching between neutral and phosphorylated states within molecular dynamics
(MD) simulations. This framework models phosphorylation-dephosphorylation cycles as
stochastic events driven by fixed rates corresponding to enzymatic activity.

1. The state variable for phosphorylated and unphosphorylated bits are defined as: N,,
and Np respectively, with the total number of bits conserved according to the equation
Nn + Np = Nm.

2. Transition rates are r,, for neutral to phosphorylated and r,, for phosphorylated to
neutral. The algorithm models two events: a neutral bit switches to phosphorylated,
and a phosphorylated bit switches to neutral.

3. In the molecular dynamics (MD) simulation, the next time step is determined by the
smaller of two sampled exponential times, represented as: tpext = min(Enp, Epn),
where E’np ~ Exp(ﬁnrnp) and Epn ~ Exp(ﬁprpn).

4. After an event occurs, update the state by modifying N,, and N »- Repeat the process as
necessary.

The rate corresponds to the activity of kinases and phosphatases, enzymes that add and
remove phosphate groups to proteins. Higher rates indicate more frequent phosphoryla-
tion/dephosphorylation events, reflecting higher enzyme activity or concentration.

Building on this framework, Prof. Lisa Hartung suggest the following two algorithms to
model the stochastic effects of switching between different states in our system. The base
model consists of N chains, each composed of m bits. Each bit can exist in one of two states:
neutral (n) or phosphorylated (p).

The uniform random switching model
The algorithm

In this model, each bit switches states independently, reflecting the random nature of
phosphorylation and dephosphorylation events in cellular environments. Let N,, represent
the number of neutral bits and Np represent the number of phosphorylated bits. The total
number of bits is given by:

N, + N, = Nm. (4.1)

Each bit can switch its state independently, simulating the random nature of phosphorylation
and dephosphorylation events in cellular environments.

1. Generate Random Variables: Create an exponentially distributed random variable

4.2 Methods
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Enp with parameter Nnrnp. This variable represents the time until the next neutral-
to-phosphorylated transition occurs. Similarly, create another random variable Epn
with parameter Nprpn, representing the time until the next phosphorylated-to-neutral
transition.

2. Run Simulation: Execute the MD simulation for a duration equal to the smaller of the
two random variables, min(Enp, Epn).

3. Switch Bit State:

o If min(Enp, Epn) = Enp, randomly select a neutral bit and switch it to phosphory-
lated. This simulates an event where a kinase enzyme adds a phosphate group to
a protein.

o If min(Enp,Epn) = Epn, randomly select a phosphorylated bit and switch it
to neutral. This represents an event where a phosphatase enzyme removes a
phosphate group.

4. Update Counts: Adjust N,, and Np based on the changes made, and repeat the process
from step 1. This iterative process allows for continuous monitoring and adjustment of
bit states as they fluctuate over time.

Equilibrium Considerations

Over time, the numbers of neutral and phosphorylated bits, N,, and Np, will fluctuate around
an equilibrium value. This equilibrium satisfies the condition:

NnTnp = Nprpn (4.2)

At equilibrium, phosphorylated bits are uniformly distributed across all chains. This uniform
distribution means that most chains will appear similar, with only minor fluctuations in their
composition. Occasionally, rare events may lead to larger deviations from this uniformity, but
these are infrequent. This model helps us understand how phosphorylation dynamics can
influence molecular behaviour in systems where stochastic switching plays a significant role.

The Processive chain switching model

The Processive chain switching model focuses on phosphorylation dynamics at the level of
entire protein chains rather than individual bits. This approach reflects biological processes
where enzymes like kinases and phosphatases act processively on proteins, often modifying
multiple sites before dissociating from the substrate protein.

Chapter 4 Stochastic Models for phosphorylation and their application in molecular
dynamics simulations of protein condensates



Model Description

We denote by N,, the number of chains without any phosphorylated bits (fully neutral chains)
and by N, the number of chains with at least one phosphorylated bit. The total number of
chains remains constant:

N,+N,=N (4.3)

We introduce two key rates to describe the transitions between these states:

* cpp: the rate at which a neutral chain is phosphorylated by a motor. This rate reflects
how often kinase enzymes target and modify these chains.

* ¢y the rate at which a phosphorylated chain is dephosphorylated by a motor, repre-
senting phosphatase activity.

When a neutral chain undergoes phosphorylation, each of its m bits becomes phosphorylated.
Similarly, when a phosphorylated chain is targeted for dephosphorylation, all its phosphory-
lated bits revert to neutral simultaneously. Here, phosphorylation and dephosphorylation are
rapid and coordinated.

Algorithm

The algorithm for implementing the Processive chain switching model in molecular dynamics
simulations involves the following steps:

1. Generate Random Variables: Create an exponentially distributed random variable £,
with parameter N,,c,,. This variable represents the time until the next phosphorylation
event occurs. Similarly, generate another random variable E,,, with parameter N,cpy,
representing the time until the next dephosphorylation event.

2. Run Simulation: Conduct the MD simulation for a duration equal to min(E,,,, Ep).
3. Switch Chain State:

a) If min(E,,, E,,) = E,;,: Select a neutral chain uniformly at random. For each
bit in this chain, flip it to the phosphorylated state with probability p, = 1. This
simulates independent Bernoulli trials for each bit.

b) If min(E,,, Epn) = Epn: Select a phosphorylated chain uniformly at random.
Convert all phosphorylated bits in this chain back to neutral.

c) Update Counts: Adjust V,, and NV, based on the changes made and repeat from
step 1.

4.2 Methods

95



96

Unlike the uniform random switching model, this approach leads to distinct subpopulations
of chains: fully neutral chains and chains with multiple phosphorylated bits. This results
in more pronounced fluctuations and highlights how collective phosphorylation events can
influence system dynamics. After some time, the number of phosphorylated chains will
fluctuate around the equilibrium values

Npcnp = Npcpn. 4.4)

If a chain gets phosphorylated by a Processive chain p,m many bits get phosphorylated.
Note that in this model the phosphorylated bits will be less uniform: There will always be
a percentage of chains that are neutral. The phosphorylated chains have many bits that
are phosphorylated. This model highlights significant differences in interaction behaviours
between neutral and phosphorylated chains. Unlike the random-uniform switching model
where phosphorylation occurs bitwise across all chains (m/N > N), here we observe more
pronounced fluctuations due to whole-chain phosphorylation events. As a result, random
fluctuations in the number of phosphorylated chains are more visible. The Processive chain
switching model provides insights into how collective phosphorylation events can lead
to distinct subpopulations within a system, influencing overall dynamics and interaction
patterns.

Implementation

We used HOOMD-blue version 3.8.1 to simulate phosphorylation events in our protein
systems. HOOMD-blue [150] allows us to combine molecular dynamics and stochastic
switching of particle identities[224, 226]. In this way, we simulate the random transitions
between phosphorylated and neutral states of protein chains within the molecular dynamics
simulation. We set up the initial protein configurations, defined the rates of phosphorylation
and dephosphorylation, and ran simulations to observe how protein phosphorylation states
changed over time. We used our random-uniform and processive chain switching model
to generate these random switching events. We used the HPS residue-level coarse-grained
model for our simulations[139]. Parameters for phosphorylated Ser were taken from Ref
[148].

Simulation setup

Three sets of systems were simulated at different levels of phosphorylation over dephospho-
rylation 7, /rpy,. The first set comprised slab simulations with an initial configuration of 200
CTD chains and 2 pCTD chains. To create this initial system, the chains were arranged linearly
adjacent to one another and subjected to a 100 ns simulation. This preliminary system was
then utilized as the starting point for conducting stochastic phosphorylation studies. The
additional 2 pCTD chains were included to introduce the identity of phosphorylated serine.

Chapter 4 Stochastic Models for phosphorylation and their application in molecular
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The second system consisted of 300 CTD chains and 300 fully phosphorylated CTD chains
in a cubical box. The initial system for this was a condensate formed by simulating linearly
arranged chains for 0.5 us. This setup, containing an equal number of CTD and pCTD chains,
was then used to simulate stochastic phosphorylation and dephosphorylation events.

The third system consisted of 600 CTD, 600 pCTD, and 1200 HRD chains. The initial
configuration was formed by simulating linearly arranged chains for 5 us. During this
simulation, the peptide phase separated, forming a condensate with a core-shell morphology.
The core was composed of CTD chains, while the shell was formed by pCTD-HRD interactions.
This initial configuration was then used to study the effects of stochastic phosphorylation and
dephosphorylation under different rates, allowing for an examination of how these processes
influence the complex core-shell structure of the condensate.

Results and Discussions

Comparison of the two models for the phosphorylation dynamics

Coarse-grained simulations of C-terminal domain (CTD) chains reveal that increasing phos-
phorylation levels (7ph0sp/Tdephosp) drive a transition from a single large condensate to
multiple smaller ones, eventually leading to complete dissolution at high phosphorylation
levels. These findings underscore the sensitivity of condensates to phosphorylation dynamics
and their ability to reorganize rapidly in response to changes. The simulation system initially
comprised 200 CTD chains and 2 fully phosphorylated CTD (pCTD) chains, each modelled
as a coarse-grained polymer with 140 amino acid residues. Phosphorylation and dephos-
phorylation events were introduced dynamically to explore the effects of post-translational
modifications. Two distinct phosphorylation models were employed: the Processive Chain
Switching Model and the Random-Uniform Switching Model (Fig. 4.1). At low phospho-
rylation levels, with a phosphorylation rate of r,, = 0.1 and ¢,, = 0.1 for the cases of
Random-Uniform Switching and Processive Chain Switching Model respectively (Fig 4.1C),
CTD chains predominantly remain in their neutral state, promoting strong inter-chain inter-
actions that favour the formation of a single large condensate. This behaviour is consistent
across both the Processive Chain Switching and Random-Uniform Switching models. How-
ever, as phosphorylation levels increase, the system undergoes fragmentation into multiple
smaller condensates, as observed at r,,, = 0.5 and ¢,;, = 0.5 Fig. 4.1E. This fragmentation
arises from phosphorylated regions altering interaction propensities, disrupting favourable
contacts between protein chains.

Interestingly, at an intermediate phosphorylation level, with a phosphorylation rate r,, = 0.3
and c,;, = 0.3, clear differences are observed between the two models. In the random-uniform
switching model, the system remains as a single large condensate (Fig. 4.1D). However, in
the Processive chain switching model, the system splits into two distinct condensates. The

4.3 Results and Discussions
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Fig. 4.1: A) Schematic of random-uniform switching Model and B) Processive chain Switching Model.
C-G) Coarse-grained simulations of C-terminal domain (CTD) chains varying the relative
phosphorylation and dephosphorylation rates. Simulations demonstrating the effect of
phosphorylation level on condensate formation. The system’s behaviour transitions from
a single large condensate to multiple smaller condensates as the phosphorylation rate
increases. At a higher phosphorylation level, the condensates dissolve. Simulations on the
left illustrate the random uniform switching model, where the residues get phosphorylated
randomly. Processive chain Switching Model simulations are shown on the right side. H-I)
Time-series plot showing the fluctuations in the number of phosphorylated and dephospho-
rylated residues/chains. The system oscillates around an equilibrium value.
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Stochastic switching of phosphorylation and dynamics of the size of the largest cluster.

Average number of phosphorylations per chain over time. A) Processive chain switching. B)
random-uniform switching. Phosphorylation occurs more rapidly per chain in Processive
chain switching, reaching equilibrium faster compared to random-uniform switching C)
Size of the largest cluster over time with phosphorylation and dephosphorylation dynamics

as the time step increases. D) Processive chain switching: consistent with Figure 1A,

the condensate splits into multiple clusters at ¢,, > 0.1. D) random-uniform switching:
consistent with Figure 1B, multiple clusters form beyond r,,, = 0.3.
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Fig. 4.3: Analysis of phosphorylation states and cluster formation in CTD condensates. A) Simulations

were conducted in an elongated box with 200 chains. The plot shows the distribution of
phosphorylation along the CTD in the random-uniform switching Model. Histogram showing
the number of phosphorylated bits per chain as the phosphorylation rates increase. The
distribution shifts towards higher phosphorylation levels with increasing r,,, /rp,. B) The
plot demonstrates the increase in the average number of fully phosphorylated chains (20
pSer per chain) as the rates increase in both the random-uniform and processive chain
switching. In the processive chain switching model, the average number increases linearly.
In the random-uniform switching model, fully phosphorylated chains are observed at higher
phosphorylation rates (0.7 and 0.9), with a significant increase at 0.9. C) Cluster analysis
from simulations in elongated boxes shows that the number of clusters formed in both
Processive chain and random-uniform switching models increases with phosphorylation
rates. D) The size of the biggest cluster formed decreases as the phosphorylation levels
increase in both cases.
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differences in behaviour between the two models at an intermediate phosphorylation rate can
be attributed to several factors, including the mechanisms of phosphorylation and the role of
charge asymmetry in protein interactions. In the Processive chain switching model, where
phosphorylation is treated as a coordinated event affecting entire chains, the introduction of
multiple negative charges can significantly alter the interactions between these chains and
the unphosphorylated CTD chains. The increased electrostatic repulsion among negatively
charged phosphorylated bits can lead to fragmentation of the large condensate. Some
highly phosphorylated chains are not part of any protein cluster but are in an aqueous
solvent. Conversely, in a random-uniform switching model, where phosphorylation occurs
independently at each bit, the overall charge distribution remains more balanced, allowing
strong interchain interactions to persist, enabling the system to maintain a single condensate.

At a higher phosphorylation level, with a phosphorylation rate c¢,, = 0.5 and r,, = 0.5
and above, both the processive chain and random-uniform switching models result in the
system splitting into multiple smaller condensates. The increased rates lead to a higher
concentration of negatively charged phosphate groups on the protein chains. This charge
asymmetry enhances electrostatic repulsion between phosphorylated regions, making it
energetically unfavourable for the chains to remain aggregated in a single large condensate.
As a result, the system tends to fragment into smaller, more stable condensates to minimize
repulsive interactions. Both models exhibit a saturation effect at high phosphorylation levels.
In the random-uniform switching model, independent phosphorylation events still occur, but
as more bits become phosphorylated, the overall charge distribution becomes increasingly
imbalanced. This imbalance contributes to the destabilization of larger condensates. At higher
phosphorylation rates (r,, > 0.5 and ¢, > 0.5), both the processive chain and random-
uniform switching models lead to the disruption of the entire structure of biomolecular
condensates. In both models, this repulsive force becomes significant enough to overcome
the attractive interactions that stabilize larger condensates, leading to the dissolution of the
entire structure.

The interplay between phosphorylation and dephosphorylation establishes a dynamic equi-
librium, as shown in the time-series plot of phosphorylated and unphosphorylated chains
(Fig. 4.1H-I). This plot reveals a dynamic equilibrium where the ratio of neutral and phos-
phorylated entities oscillates around a mean value. The equilibrium mean value corresponds
to the ratio of the rate of phosphorylation and dephosphorylation. These oscillations reflect
the continuous competition between phosphorylation and dephosphorylation processes,
capturing the dynamic nature.

As we observe the dynamic equilibrium between phosphorylation and dephosphorylation, it
becomes clear that this balance significantly affects the structure of biomolecular condensates
over time. To further understand the impact of phosphorylation dynamics on condensate
structure, we analyzed the size of the largest cluster as a function of phosphorylation rate.
In random-uniform switching, the condensate remains as a single large cluster until the

4.3 Results and Discussions
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phosphorylation rate r,, reaches 0.3. Beyond this point, multiple smaller clusters begin
to form due to the independent phosphorylation of individual bits on the chains. Initially;,
this independent phosphorylation maintains a more balanced charge distribution, reducing
overall electrostatic repulsion. However, as the phosphorylation rate increases, the charge
imbalance grows, leading to increased electrostatic repulsion (Fig. 4.2D-G). In contrast, the
Processive Chain Switching model exhibits fragmentation into smaller clusters at a lower
phosphorylation rate of ¢, = 0.1 due to the rapid introduction of negative charges across
entire chains.

The mechanism of phosphorylation is a key aspect that distinguishes the processive chain
Switching and random-uniform switching models, even though the overall phosphorylation
level can be the same in both cases. In the processive chain switching model, phosphorylation
occurs quickly because it affects entire chains simultaneously. This coordinated approach
rapidly introduces negative charges, leading to a faster equilibrium (Fig. 4.2B). The swift
introduction of these negative charges accelerates the system’s transition to a stable state,
where the number of phosphorylated entities stabilizes quickly. In contrast, the Random-
Uniform Switching model involves the independent phosphorylation of individual sites,
resulting in a slower accumulation of negative charges. Consequently, the system takes
longer to reach equilibrium, with the number of phosphorylated residues increasing more
gradually over time, as illustrated in Fig. 4.2A. It is important to note that eventually, at
equilibrium, the average number of phosphorylated residues per chain is the same in both
models (Fig. 4.2A, B). However, fluctuations around the mean are more pronounced in the
Processive Chain Switching model, reflecting its coordinated phosphorylation mechanism.

Droplet size and shapes in simulation of cubic boxes

To characterize how phosphorylation kinetics influence the size and shape of protein droplets,
we extended our analysis to simulations conducted in a cubical box setup. The simulations
were conducted with CTD chains, with snapshots showing the equilibrated system at dif-
ferent phosphorylation levels Fig. 4.4A, with the random-uniform switching model. As the
phosphorylation rates increase, the system transitions from a single large condensate to
multiple smaller condensates.

In the random-uniform switching model (Fig. 4.4B), the condensate remains largely intact
at lower phosphorylation rates (e.g., 0.1 and 0.3). However, once the phosphorylation
rate exceeds 0.3, the cluster size decreases significantly, leading to the formation of smaller
condensates. This behaviour aligns with our earlier slab simulations, where independent
phosphorylation events initially maintain a balanced charge distribution. In contrast, the
Processive Chain Switching model exhibits a more immediate response. At a moderate
phosphorylation rate ¢, = 0.3, the cluster size decreased significantly due to the coordinated
phosphorylation of entire chains, similar to slab simulation.

Chapter 4 Stochastic Models for phosphorylation and their application in molecular
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Fig. 4.4: Characterisation of droplets of CTD and pCTD in cubic box simulations. A) Simulation Setup:
Simulations are conducted in a cubical box containing 300 CTD chains (grey) and 300 fully
phosphorylated CTD (pCTD) chains (red). The snapshots show the equilibrated system
at different levels of phosphorylation. As the rates increase, the system transitions from
one large condensate to multiple smaller condensates. B) Cluster Size at random-uniform
switching: This plot shows the size of the largest cluster at different phosphorylation rates
in the random-uniform switching model. C) Cluster Size at processive chain Switching: This
plot shows the size of the largest cluster at various phosphorylation rates in the processive
chain Switching model. In contrast to the random-uniform switching model, the cluster
size in the processive chain D) The plot shows the increase in the number of clusters as the
rates increase. E) Number of free chains in the dilute phase.
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The total number of clusters also increased in both models as the phosphorylation rate
increased(Fig. 4.4D). Additionally, Fig 4.4E shows that the number of CTD chains in the
dilute solution rises as the phosphorylation rate increases. These findings again support that
higher phosphorylation levels disrupt cluster formation, leading to more chains outside any
cluster in the dilute phase.

Phosphorylation dynamics of a multiphasic condensate

To further understand the complex interactions and phase behaviour of biomolecular conden-
sates, we simulated a system consisting of CTD and histidine-rich domains (HRD), with the
CTD being phosphorylated stochastically. The charge alterations caused by phosphorylation
play a critical role in cellular processes. However, during transcription, phosphorylated CTD
also functions as an interaction interface with other proteins, such as the HRD of Cycline T1.
In these simulations, we started with CTD and HRD components and applied the processive
chain Switching model to phosphorylate the CTD chains. We took simulation snapshots
to observe the equilibrium steady state at various phosphorylation rates (Fig 4.5). The
shell thickness around the CTD condensate increased with a higher phosphorylation rate.
This indicates that phosphorylating CTD chains leads to a more extensive and dense shell
formation, as pCTD and HRD interact via electrostatic potential. At a high rate of 0.9, the
system changed from a multiphasic state to a single-phase state. It is also important to note
that the CTD condensate, which forms the core of the system, has an irregular shape when
phosphorylation kinetics are active. In contrast, when the kinetics are turned off, the CTD
condensate has a more regular shape. This irregularity under active phosphorylation indi-
cates that the dynamic introduction of negative charges disrupts the cohesive forces within
the CTD condensate. Fig. 4.6, shows the asphericity of CTD condensates as a function of rate,
comparing scenarios with and without kinetics. At lower ratios c,,;/c,, (0.1, 0.3, and 0.5),
the asphericity values are similar for both conditions. However, at higher rates (0.7 and 0.9),
the asphericity increases for both cases, with condensates formed with kinetics exhibiting
greater asphericity than those formed without kinetics. This indicates that including kinetic
effects leads to more irregular or non-spherical shapes in the condensates at higher rates.

We analyzed the cluster size of CTD for different phosphorylation rates to quantify the
effects of phosphorylation on the structure of the CTD condensate. At lower phosphorylation
rates, CTD chains form larger clusters. However, as the phosphorylation level increases,
the introduction of negative charges leads to enhanced electrostatic repulsion, causing the
clusters to break apart into smaller clusters.
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Conclusion

We introduced a simple and efficient approach to simulations of phosphorylation dynamics
of protein condensates. Phosphorylation and Phosphorylation can be simulated by explicitly
representing enzymes in coarse-grained molecular dynamics simulations. However, sim-
ulations of long duration are required to observe how a condensate responds to a given
phosphorylation level. By modelling the phosphorylation and de-phosphorylation reactions
as kinetic rate processes without 3D representations of the enzymes, we can efficiently
capture how indices respond to changes in protein phosphorylation levels.

The two chemical reaction models we considered represent extreme cases: one assumes
no correlation between successive reactions, while the other models the behavior of a
maximally processive enzyme. The processive model leads to larger fluctuations in the
number of phosphorylated Ser residues and greater variation in the size of clusters, especially
at intermediate phosphorylation-to-dephosphorylation ratios. To make the processive chain
switching model less extreme, we could set the probability of an individual residue reacting
to a value smaller than 1. This would allow for partial modification during a single processive
event. The switching between events where droplets are present and where they dissolve
has been proposed to regulate transcription initiation [214]. Droplets would recruit the
transcription machinery, supporting transcription initiation. These switches between droplet
formation and dissolution could also help explain the experimentally observed bursts in gene
transcription.

Including chemical-driven phosphorylation in our simulations, we observe similar morpholo-
gies as in equilibrium simulations of condensates of phosphorylated and unphosphorylated
CTD as well as HRD of the elongation factor Cyclin T1. Our simulations show that high
levels of phosphorylation make droplets less spherical, which can be clearly seen for droplets
of CTD, pCTD and HRD and also for CTD and pCTD droplets, but these droplets split and
dissolve at larger ratios of phosphorylation to de-phosphorylation. Interestingly, droplets
become more spherical in C. elegans as Cyclin T1 expression is inhibited by RNA interference
(RNAI), which leads to a loss of HRD and reduction of CTD phosphorylation [221]. There
are likely additional proteins with positively charged disordered regions which support
transcription elongation by interacting with pCTD [174]. While there is not an exact corre-
spondence between simulations and in vivo experiments, it is still interesting to note that
lower phosphorylation levels are associated with more spherical droplets in simulations and
in vivo. It is important to note that the changes in CTD droplet shapes in C. elegans could
also be due to changes in interactions with many other proteins as well as direct and indirect
interactions with RNA and DNA, which are beyond the scope of this study.

Chapter 4 Stochastic Models for phosphorylation and their application in molecular
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Elucidating how protein sequence determines the properties of disordered proteins and
their phase-separated condensates is a great challenge in computational chemistry,
biology, and biophysics. Quantitative molecular dynamics simulations and derived free
energy values can in principle capture how a sequence encodes the chemical and
biological properties of a protein. These calculations are, however, computationally
demanding, even after reducing the representation by coarse-graining; exploring the
large spaces of potentially relevant sequences remains a formidable task. We employ an
"active learning” scheme introduced by Yang et al (bioRxiv, 2022, https://doi.org/
10.1101/2022.08.05.502972) to reduce the number of labelled examples needed from
simulations, where a neural network-based model suggests the most useful examples
for the next training cycle. Applying this Bayesian optimisation framework, we
determine properties of protein sequences with coarse-grained molecular dynamics,
which enables the network to establish sequence—property relationships for disordered
proteins and their self-interactions and their interactions in phase-separated
condensates. We show how iterative training with second virial coefficients derived
from the simulations of disordered protein sequences leads to a rapid improvement in
predicting peptide self-interactions. We employ this Bayesian approach to efficiently
search for new sequences that bind to condensates of the disordered C-terminal
domain (CTD) of RNA Polymerase Il, by simulating molecular recognition of peptides to
phase-separated condensates in coarse-grained molecular dynamics. By searching for
protein sequences which prefer to self-interact rather than interact with another protein
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sequence we are able to shape the morphology of protein condensates and design
multiphasic protein condensates.

1 Introduction

Proteins and other biomolecules within cells can phase separate to form liquid-
like droplets.! Such phase-separated droplet regions provide a unique microen-
vironment essential for several important cellular processes and thus are an
important way of regulating biological function. The human proteome has a very
rich diversity in terms of composition.”> A predictive insight into which protein
sequences could undergo phase-separation would improve understanding of the
pathogenesis of several neurodegenerative diseases including Alzheimer’s
disease,>* where protein phase separation and the formation of toxic aggregates
of these proteins have been linked to pathogenesis. Different condensates or
condensates with multiple distinct phases provide a way for biological processes
to be regulated in time and space.>” Spatially separating different biochemical
reactions is also a promising blueprint for biotechnological applications.® This
necessitates efficient strategies to design novel phase separating condensates and
to develop molecules, such as artificial proteins, to bind selectively to phase-
separated condensates. However, in other contexts such as designing protein
interaction modules for synthetic biology,” one might specifically want to reduce
the propensity of proteins to interact and form condensates.

Molecular dynamics (MD) simulations have played a major role in our
understanding of protein-protein interactions and protein phase separation."'***
The development of state-of-the-art molecular force fields has enabled accurate
representation of molecular interactions, allowing these simulation models to
successfully predict phase separation propensities of diverse protein
sequences.'"® Atomistic molecular dynamics simulations can provide essential
insights into molecular driving forces by simplifying the description. However,
building an exact quantitative understanding of a protein sequence—property
relationship, to be able to predict the behaviour of a sequence without the
necessity of a simulation or an experiment, has remained difficult to achieve. This
is in part due to the large space of possible biological sequences, and also how
sequence context will change the interaction characteristics of the amino acids.

One way to model such complicated relationships is via machine learning, and
recently, important progress has been made in learning such relationships and also
applying this progress to the interactions and phase behaviour of flexible and
disordered proteins.'*"” A very successful strategy has been to combine physics-based
simulations with machine learning and artificial intelligence.'*'®'* Ginell et al. have
trained a neural network with a physics-based simulation model to predict how
different disordered proteins will interact."* With a physics-based simulation model
von Biilow et al. have successfully trained a neural network to predict the phase
separation propensities of proteins.' In recent years, protein language models have
been shown to organise protein sequences in biologically meaningful ways.>*>
Language models also seem to encode useful physical and chemical information,
which makes it imperative to see how we can leverage the information encoded in
such models to predict protein behaviour. Language models have been used in
iterative design® and for proposing entirely novel proteins.*® However, a key difficulty
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in mapping sequence-property relationships is the limited availability of “labelled”
data needed for training. The property of interest may require experimental input or
computationally expensive simulations. One must also note that not all labelled data
is equally useful, and some specific examples may be more beneficial for training
than others.

Active learning® is a machine learning paradigm meant to address exactly this
issue, where the model interacts with the human to suggest which labelled
examples should be provided for training. Within such a framework, Bayesian
Optimisation (BO) can be invoked to rank the most useful sequences in terms of
their potential utility to the model and thus can be used to judiciously direct one’s
resources. These approaches can be utilised to understand how chemical struc-
ture and biological sequences give rise to chemical® and biological properties.
Recently, An et al.*® used active learning to discover strongly interacting proteins
that tend to phase-separate, while optimising the trade-off between thermody-
namic stability and transport properties. In another context, it was demonstrated
that active learning helps to design molecules selectively interacting with one
phase of a lipid membrane over another phase of this membrane®® and to find
small molecules binding to a protein.** Chemical structure and biological
sequences have to be inputted in a way that is amenable to machine learning. One
possibility is to combine various metrics. Deep learning provides a way of
achieving this and promising results based on autoencoder have been obtained.**
For biological sequences, language models may be a natural way of representing

Wazy Model (Yang et al 2022)

Sequences : Deep Ensembles
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Fig.1 Schematic overview of the active learning framework for predicting peptides using
Bayesian Optimisation (BO) and Molecular Dynamics (MD) simulations: (A) MD simulations
of protein chains to compute second virial coefficient (B,,) and partition free energy (AG)
for model training. This initial sample is fed to the ¥azy BO package,?® which utilises UniRep
LSTM,?%2¢ to parse the protein sequence into a feature vector ¥. Deep ensemble training on
feature vectors and computed properties to establish sequence—property relationships.
To choose which sequences the model would benefit the most from, an acquisition
function .« is used to rank and suggest the next set of sequences. The suggested
sequences are simulated again, generating new data for subsequent training cycles. This
iterative process helps the model learn the sequence—property relationship with fewer
examples and simultaneously explore sequence space regions that contain proteins with
the most extreme values of the property we studied.
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sequences and recent advances make it possible to use pre-trained language
models for featurisation.”*** Language models show a lot of promise for BO, as
exemplified by a recent study by Hoffbauer and Strodel,"”” where the authors
showed that the biochemical knowledge encoded in an advanced pre-trained
language model enables efficient active learning even when only limited data is
available. Yang et al. have developed a very promising workflow based on a pre-
trained language model* and deep ensembles to express the learned relation-
ships. Here we investigated three related questions: (1) Can we identify the
sequence determinants which lead to protein self interactions and phase sepa-
ration? (2) Can we understand and design new sequences which selectively bind
to phase-separated protein condensates? (3) Can we design multiphasic
condensates? To address these important questions in biophysics and physical
chemistry we utilize the BO approach by Yang et al.*® (Fig. 1).

2 Methods

We study the mapping of a protein sequence to one of its properties, as repre-
sented by a numeric quantity f(X). As we shall describe later, f{x) could be the
second virial coefficient B,,, or another quantity that provides an estimate of the
affinity of a sequence to bind to a condensate. Our scientific problem thus reduces
to training a model to learn the mapping between X and f(¥X), while simulta-
neously exploring the protein sequence space to maximise this label. We utilize
the wazy package® which provides the framework for performing such optimi-
sation tasks implemented here.

Fig. 1 illustrates our workflow: We begin with an initial set of protein
sequences and conduct coarse-grained molecular dynamics simulations to extract
for instance, B,, or AG values. We initialize a surrogate model within the protein
sequence Bayesian Optimisation (BO) package wazy>® and provide it with an initial
set of sequences and labels to calibrate the initial sequence-property mapping.
During that, wazy uses UniRep—a multiplicative Long-Short Term Memory
(mLSTM) model**** for parsing the amino acid sequence into a feature vector x
that contains the essential protein features in a fixed-length numeric vector.

UniRep, trained on 24 million primary amino acid sequences in the UniRef50
database, has shown the ability to accurately partition structurally and evolu-
tionarily similar proteins, even when they share little sequence identity.>* The
resulting feature vectors, combined with the computed labels, serve as input for
training the surrogate models, which in the context of wazy are ensembles of
multi-layer perceptrons (MLPs). Such deep ensembles are appropriate for uncer-
tainty quantification and offer greater expressive power compared to the Gaussian
processes (GPs) that are otherwise typically chosen as surrogates.

Following this initial calibration of sequence-property mapping, the Bayesian
optimiser uses an acquisition function to rank which proteins would serve as the most
useful examples for further training. This process simultaneously explores the
sequence space, in search of regions with proteins that possess the highest values of
the property we are studying. A batch of sequences is drawn from this for the next
cycle of training. Coarse-grained simulations of these sequences are again performed,
and the entire process is repeated for several iterations. In the subsequent sections,
we provide a detailed account of the training and optimisation methodology.
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2.1 Model description and optimisation

As mentioned before, the surrogate model in wazy is an ensemble of feedforward
neural networks (called a deep ensemble®’). In such a model, the quantity of
interest flx) is independently predicted by not one but an ensemble of neural
network models, which in this case is a Multi-Layer Perceptron (MLP). In the
configuration used here, the ensemble comprises of 5 MLPs. UniRep* parses an
input sequence into a fixed-length feature vector of dimension N = 1900.
Therefore, each individual MLP takes an input of dimension 1900, followed by
three layers having 128, 32, and 2 neurons each. The last layer outputs two
numbers: a mean 4 and a standard deviation ¢ that characterise a normal
distribution N (u, ). The dispersion in the mean values 4 predicted by the
individual models, and the sum of the variances > of this A by the different
models, together give a total uncertainty estimate. All networks layer but the last
one is followed with the SiLU (also known as Swish) activation function. In
addition, standard techniques such as dropout and weight decay are utilised to
reduce overfitting. For further technical description about wazy, we refer the
reader to Yang et al., who designed it.*

The advantage of deep ensembles is that neural networks possess more
expressive power than Gaussian processes, while providing a way of uncertainty
quantification. Bayesian optimisation works via ranking sequences using an
acquisition function .. Unless stated otherwise, for most of the work presented
here, we chose the “upper confidence bound” (UCB) acquisition function®® which
balances both exploitation of the known maximas and exploration of the
parameter space:

(% 2) = (x) + 20(x) W

here, the exploitation term u(x), represents the current estimate of the value
known to the surrogate, while the exploration term o¢(x) quantifies the uncer-
tainty. The parameter 4 acts as a control to adjust the balance between exploita-
tion and exploration. 4 is set to a value 2.

Another commonly used acquisition function is Expected Improvement (EI).
The fundamental principle behind EI is to select the next point to evaluate based
on the current best result. The choice of the acquisition function sensitively
affects which regions of sequence space get explored for, and thus the arrival at,
an optimal solution. Later, in Section 3.1, we will show the impact of this choice as
observed in our study.

2.2 Training and validation

Optimisation of the surrogate model—by asking it to suggest sequences to be
measured in a lab or simulated—requires an initial calibration. For most of the
tasks studied here, an initial set of sequences was drawn from ProtGPT2,*
a protein language model constructed for de novo protein design. Quantities f{x),
either B,, or AG values, were computed from coarse-grained molecular dynamics.
This computed value was treated as the true or expected value of the property of
interest. The length of all sequences used for training was chosen to be 21 amino
acids.

While training, to track the learning of the model, we set aside two sets of
sequences for validation of the model’s predictive ability, which were never used
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for training. The first set was drawn the same way as the training data itself, with
42 21-amino acid length sequences drawn from the ProtGPT2 language model,*
spanning a wide range of B,, values. To track how well the approach captures
strongly interacting peptides which are likely only a small fraction of natural
protein sequences, we generated a second set of validation data. We took 22 21-
amino acid sequences with very negative B,, values from the study of An et al
(2024)* (see their ESI Tables). The true values of B,, for these validation
sequences were computed in exactly the same way, from coarse-grained simula-
tions. The coarse-grained simulations for calculating B,, were conducted for 10
us.

For designing peptides that bind to condensates, an initial calibration set of 70
21-mer peptides was selected from An et al. (2024). For validation, 30 peptides
were chosen from ProtGPT2. The simulations involving the condensate and
peptides were performed for 0.6 ps.

Similar to Yang et al.,>® we will refer to an “optimisation step” as being the
usage of one sequence-label pair after which the model is updated. Subsequent to
each optimisation step, we predicted the numeric label for the validation set
sequences and tracked the mean squared error from the residual between true
(computed from simulations) and values predicted by the model. The exact size of
the calibration and validation sets were chosen separately for the different tasks
studied here (described in their respective subsections). In all that follows, we
shall refer to the initial calibration as iteration 0.

2.3 Specifications of the coarse-grained molecular dynamics simulations

Residue-level coarse-grained simulations with the HPS model** were run in
HOOMD-blue v. 2.9.6 ** extended with azplugins (v. 2.9.2). Simulations were also
conducted with the more recent CALVADOS2 simulation model.** The second
virial coefficient (B,,) was calculated from the simulations of two 21-amino acid
peptide sequences in a cubic box of dimension 8 nm x 8 nm x 8 nm. To deter-
mine the partition free energy, condensate simulations were conducted in a slab
geometry of dimension 15 x 15 x 250 nm. The condensate was simulated with
300 chains of 140-amino acid CTD of RNA Polymerase II, and 30 chains of 21-
amino acid peptides were added to the preformed condensate.

2.4 Computing the second virial coefficient from coarse-grained simulations

The second virial coefficient B,, is used as a measure of protein self interactions.
This is well-reasoned, as B,, is an estimate of the intermolecular forces between
two molecules in dilute solutions.** It is well established that a negative B,,
correlates strongly with the tendency to phase separate, an idea that led An et al.*®
to similarly use B,, as a proxy label. We compute it using equilibrium molecular
dynamics simulations with durations of 10 ps. The second virial coefficient is
defined as:

By = J: 2 [exp( —U(r)/ksT) — 1]dr, (2)

where U(r) is the potential energy at radius r, kg is the Boltzmann’s constant and T
the temperature.
We compute B,, from the radial distribution function g(7)
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By, = J: 2702 [g(r) — 1]dr. 3)

2.5 Designing binders to a specific condensate

In our simulations, we investigate sequence-specific binding to condensate
formed by the intrinsically disordered C-terminal domain (CTD) of RNA Poly-
merase II. Here we consider two types of CTD condensates: one composed of ideal
140-mer CTD sequences (each containing 20 ideal YSPTSPS heptad repeats), and
another representing the CTD of human RNA Polymerase II.

To quantify the binding affinity of the designed peptides for the condensed
phase, we calculated the partition free energy (AG) from the equilibrium densities
in the coexisting dilute and dense phases. We calculated the partition free energy
of the peptides to the condensate using the expression,** AG = —RT102(pgense/
(paitute + €)), which became the numeric label f{x) we wanted to train for. Here AG
is the binding free energy, R is the gas constant, 7' is the temperature, pgense is the
density of the peptide in the dense condensate phase, and pgjiute is the density of
the peptide in the dilute phase. ¢ is a small constant (=10"°) added to the
denominator to prevent the divergence of AG when peptides strongly bind to the
condensate.

2.6 Protein sequence descriptors

In addition to predictability of B,, or AG by the model, we kept track of the amino
acid diversity, sequence properties such as mean hydropathy, fraction of residues
that contribute to disorder or chain expansion, the number of charged residues,
etc. For this, the amino acid compositions and relevant descriptors were esti-
mated with the localCIDER Python library from Holehouse et al.*”

3 Results

As mentioned previously, we trained the model for several different tasks. In the
following, we demonstrate the performance on each of these. Note that for each
task, the model was trained independently from scratch. In Section 3.1, we show
how the model successfully learnt to predict strongly self-interacting proteins,
and suggest sequences that are likely to phase separate. In Section 3.3, utilising
a different property—namely AG, which gives the binding affinity—we trained to
find peptides that like to bind with pre-formed condensates, using CTD of the
RNA Polymerase II as a test case. The method can be extended to multi-phasic
condensates by defining a suitable fitness function to shape the morphologies
of multi-phasic condensates. The success of the model on its ability to perform on
these very different tasks with limited training data shows the generalised
applicability of the method.

3.1 Sequence-determinants of protein self-interaction from active learning

As the training progresses, the deep ensemble (Fig. 1) quickly learns the rela-
tionship between protein sequences and the second virial coefficient B,,, quan-
tifying a protein’s tendency to interact with another chain with identical
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Fig. 2 Accuracy of the learned relationship between protein sequence and By,. (A)
Feedback between ML model and simulations. The shaded areas highlight the transitions
between the sequences 0-50, 50-100, 100-150 and 150-200 in the first, second, and
third iterations of the active learn procedure. The validation set is generated with
ProtGPT2. (B) The same but with a validation set which includes more strongly interacting
sequences from An et al. (C) Predicted B, from the active learning and computed from
coarse-grained molecular dynamics. After the network was trained with N = 50
sequences. At the second iteration with a total of N = 100. Third iteration with N = 150
sequences (Fig. S17).

sequence. In Fig. 2A, we see a rapid decline in the mean squared error (MSE) in its
predictions for B,,, on validation sequences the model has never seen during
training, with the MSE dropping from more than 25 to just above 5. The alter-
nating shaded regions mark the different iterations in the active learning process.
Note that in Fig. 2, each optimisation step represents the training and update of
the deep ensemble using one sequence and its corresponding label. The valida-
tion set used in Fig. 2A features sequences which follow the rules of natural
protein sequences as encapsulated by ProteinGPT2.**> Note that while improve-
ment against this set begins to stagnate at around 50 steps, we find a continued
improvement with the second validation set of 21 mer sequences designed by An
et al.* (Fig. 2B). This is because, after the first 50 steps when the model is
interrogated for suggestion, it already picks up chains with the most negative B,,
values (Fig. 3A). Continued training on those sequences therefore does not
improve the predictability of the average sequence, but improvement is seen
against the An et al.*® sequences, which are enriched with more strongly inter-
acting proteins. The MSE decreases from values above 200 to values below 100.
After seeing more than 150 sequences, the MSE rises again, which could hint at
overfitting. In addition, the decrease in the uncertainty estimate after 150
sequences in Fig. 2A may also be due to overfitting, as this suggests all models
within the ensemble are predicting values closer to each other’s, while not
improving in accuracy. Note that mean-squared error alone is not a complete
indicator of progress during training.

When the model is interrogated for suggesting training examples, we also ask
it to predict B,, values for these sequences. After coarse-grained molecular
dynamics simulations of these suggested sequences were performed, we
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Fig. 3 Wwazy trained to maximise the —B,, values, thereby suggesting interacting
sequences. (A) Distribution of —B,, after each iteration shifts towards more negative
values. (B) The plot depicts the amino acid fractions in each iteration, showing a higher
fraction of isoleucine (l), leucine (L), valine (V), and phenylalanine (F). (C) Analysis of the
amino acid composition of the sequences suggested by the model after each iteration
provides insight into the evolving composition of the optimised sequences. (D) Repre-
sentative simulation snapshot of the protein sequences suggested by wazy in the third
iteration.

compared how well those forecasts matched with the true values (Fig. 2C). This
improvement is quantitatively reflected in the coefficient of determination (R?),
which indicates how well the model predictions match the observed data.
Initially, there is poor agreement between predicted and true estimates, indicated
by R* = 0.53. The correlation between predicted and expected values continued to
improve in the subsequent iterations as evidenced by the increasing R> values. By
the fourth iteration, the R* value had risen to 0.85.

Note that a significantly longer calibration (e.g. 200 sequences instead of 50) in
the initial training does not improve the overall outcome (see Fig. S1 in the ESIT).
We tentatively conclude that results from the suggested sequences in active
learning are more important, or that there is not much new information in these
additional initial sequences.

As remarked previously, after just 50 such steps, when the model was interro-
gated to suggest the next batch of sequences to train with, it already picked up
sequences with very negative B,, values. When coarse-grained molecular dynamics
simulations of these sequences were run, we found that the distribution of B,,
values had clearly shifted from a mean value of —2.3 uL. mol ' g~ 2 to —18.7 pL. mol "
g2 (see iteration 1 in Fig. 3A). Subsequent iterations of training with examples
requested by the model led to a further shift to even further negative values.

In addition to these quantitative metrics around B,, values, in Fig. 3B we show
that even the amino acid composition of the suggested sequences changed in
biologically meaningful ways. The sequences get enriched with hydrophobic
amino acids such as Ile, Leu, and Val. Charged residues are already lost in the first
stage of learning. Impressively, all of these biologically and chemically sensible
changes emerged without explicit input regarding information about the charge
or hydrophobicity of the residues during training. We attribute this to the fea-
turisation with the UniRep LSTM, and it illustrates the remarkable ability of the
model to learn and capture relevant physicochemical properties from the
sequence data alone. Many of the sequences we provided initially feature charged
residues (Fig. 3C). While these sequences are not highly charged, with a net
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charge per residue close to 0, some sequences are enriched in positively or
negatively charged residues. The model seems to learn from the input sequences
that a simple way to enhance protein-protein chain interactions is to eliminate
charged residues. It is important to note that complementary patches of positively
and negatively charged residues can give rise to strong interactions and protein
condensation via complex coacervation.”*® The input sequence set includes
sequences which feature a third or half of the residues favouring expanded
conformations. As the training progresses, the number of disorder promoting
residues decreases strongly with iteration. At the same time the mean hydro-
phobicity of the suggested sequences increases.

We expect that sequences with large negative values of B,, interact strongly
and phase separate, which we verified by simulating multiple chains for
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Fig. 4 Optimisation by maximising —B,, values, where the simulations are conducted
using the CALVADOS force field.*®* (A) The distribution of B, values for 5 iterations of
optimisation. The observed distribution shifts towards increasingly negative values
compared with the HPS model, indicating a trend towards sequences with stronger
interactions. (B) The plot illustrates the fraction of amino acids present in the sequences
suggested by Wazy during each iteration of optimisation. Notably, there is a noticeable
increase in the fraction of isoleucine (), leucine (L), valine (V), and phenylalanine (F) over
successive iterations. (C) Analysis of the amino acid compositions of the sequences
suggested by the model after each iteration.
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a sequence from iteration 3 (Fig. 3D). Multiple chains of this peptide form
a condensate as expected given its favourable inter-chain interactions.
Conversely, for sequences with a positive B,, we expect that the chains are not
interacting with each other and that the chains prefer to stay separate from each
other and do not phase separate as shown for a sequence from the validation data
set (Fig. 3D). We note that the HPS model which underestimates interactions of
Arg residues likely underestimates the self interactions of this peptide.

3.1.1 Influence of the force field in the coarse-grained simulations. To
examine how the coarse-grained simulation model we use affects the suggested
sequences, we conducted coarse-grained simulations using the CALVADOS?2 force
field,"*** which is a reparameterisation of HPS and more accurately describes the
interactions of disordered proteins. We used the same initial set of sequences to
calibrate. The distribution of —B,, from the sequences suggested by training
shifted towards larger values (Fig. 4A) of —B,, of close to 0 uL. mol ' g > (iteration
0) to approximately 10 uL mol " g~ (iteration 3). The sequences the model
suggested are enriched with Tyr and Trp residues (Fig. 4B). Consistent with BO
employing the HPS model, the fraction of disorder-promoting residues decreases
across the iterations. However, in contrast to the HPS model, the mean hydrop-
athy value of the suggested sequences decreases when using the CALVADOS force
field (Fig. 4C).***° This can be attributed to the increase in the fraction of tyrosine
and tryptophan residues, which have a lower hydropathy index compared to
isoleucine, leucine, valine, and phenylalanine, as reported in the Kyte-Doolittle
hydropathy scale.*

3.1.2 Sensitivity to acquisition function: test with expected improvement.
From the previous discussion, we showed that active learning enabled us to very
efficiently find strongly interacting sequences. However, the peptide sequences
we suggested are likely to be hydrophobic for the actual realisation of peptide-
based condensate material in a laboratory experiment. For the practical appli-
cation of designing novel peptide-based condensate materials, one likely needs to
perform multi-parameter optimisation to achieve a trade-off between protein
interactions and fluidity® of the resulting materials, and change the acquisition
function accordingly.

Therefore, to potentially identify alternative solutions while exploring the
sequence space, we independently trained the model using sequences ranked
best by the Expected Improvement (EI) acquisition function. The mean squared
error (MSE) between the predicted and expected —B,, of the ProteinGPT2

w
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Fig. 5 Optimisation using Expected Improvement (El) acquisition function to find the
optimal value of —By,. (A) Evolution of mean squared error (MSE) between the predicted
and expected —B,, of the ProteinGPT2 validation set. (B) Fraction of amino acids in the
sequences suggested by Wazy after each iteration. (C) Snapshot of the simulations of
sequences suggested by Wazy at the 4th iteration. (D) The sequences with more negative
By, showed clear phase separation (Fig. S2B+).
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validation set, decreased with each training step (Fig. 5A), similar to what we
observed in the UCB-based model. The model suggests sequences with diverse
amino acid compositions (Fig. 5B). Examining the suggested sequences, we found
that the EI-based optimisation found less strong interactors (smaller —B,, values)
compared to the model trained using the Upper Confidence Bound (UCB)
acquisition function (Fig. S2t). The UCB-based optimisation predominantly
predicted sequences with high negative B,, values, while the EI-based model
predicted a wider range of sequences, mostly with negative B,, values and a small
fraction with positive B,, values.

When we simulated the sequences suggested by the model in the 4th iteration,
those with negative B,, values in particularly exhibited clear phase separation—
forming dense, condensed phases (see Fig. 5C and D). The phase-separating
sequence not only features aromatic residues such as Trp and Phe and hydro-
phobic residues such as Val, but also negatively charged Asp and positively
charged Arg at its C-terminal end. Interactions of positively and negatively
charged amino acids can also contribute to phase separation,*®** provided the net
charge of the sequence is low to moderate.*® Overall the optimisation using UCB
led to the identification of sequences with stronger interactions than EI. However,
we note that, in the search for an optimal solution, UCB had led to less diverse
sequence structures. On the other hand, the sequences ranked by EI were more
diverse in amino acid composition but this came at the cost of not touching the
sequence space of the most negative B,, chains. These differences are evident in
the distributions shown in Fig. S2.t

3.2 Designing peptides that do not interact

Employing the same approach, we can design peptides which do not interact with
copies of themselves. For many biotechnological applications, one would want to
minimise the interactions between proteins, e.g., to reduce the aggregation of
therapeutic antibodies.”” Non-interacting sequences can be useful building
blocks in protein design,” for example when combining protein domains with
different functionalities. To decrease the propensity for protein self-interaction,
we maximise B,, rather than —B,,, as previously done for promoting interactions.

As the BO proceeds, suggested sequences tend to have more positive B,, values
(Fig. 6A) than the initial set of sequences we have used to start the BO (referred to
as “Iteration 0”). Interestingly, at the first iteration, the proposed sequences
feature a combination of negatively charged amino acids, such as glutamic acid
(Glu) and some aspartic acid (Asp) residues, as well as positively charged amino
acids, including lysine (Lys) and arginine (Arg) (Fig. 6B and C). In the subsequent
second, third and fourth iterations, Arg residues become highly enriched
(Fig. 6B). Note that the enrichment in Arg residues may be partially due to the
specific choices made in the parameterisation of the coarse-grained simulation
model we employ. While Arg is positively charged and increasing the net positive
or negative charge of a peptide can prevent phase separation,®® Arg residues have
a very low tendency to interact with other protein residues in the version of
residue-level coarse-grained HPS model** we employ here. Tesei et al., have shown
that a higher interaction strength of Arg for other amino acids leads to a better
overall description of disorder proteins, their phase behaviour and properties.***°
The net charge per residue increases as the training progresses (Fig. 6C). Residues
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Fig. 6 Design of non-interacting sequences using ¥azy, by training to maximise +B5;
values, thereby suggesting sequences with minimal intermolecular interactions. (A)
Distribution of B,, values for the sequences suggested by wazy after each iteration,
showing a shift towards higher By, values, indicating the evolution of non-interacting
sequences. (B) Amino acid composition of the suggested sequences, exhibiting an
increasing fraction of the positively charged amino acid arginine (Arg) after each iteration.
(C) Analysis of amino acid composition in the suggested sequences. The fraction of
positively charged residues increases with each iteration, while the mean hydropathy
decreases, reflecting the enrichment of charged residues. (D) Simulation conducted with
the sequence suggested by Wazy after the 4th iteration. The simulation reveals that the
suggested sequence does not undergo phase separation, remaining uniformly distributed
throughout the simulation box.

tend to favour extended rather than collapsed conformations. The fraction of
negatively charged amino acids in the selected sequences becomes negligible
after the first iteration (Fig. 6C). Concurrently, the fraction of amino acids asso-
ciated with favouring extended rather than collapsed conformations increases
compared to the initially input sequences. Analogously, the fraction of disorder
promoting residues increases with each iteration. However, in the third iteration,
there is a temporary drop in the fraction of disorder promoting residues, but this
trend is reversed in the fourth iteration, where a high level of disorder-promoting
residues is observed once again. Conversely, the mean hydrophobicity decreases
as there are almost no aromatic residues (Phe, Tyr, and Trp) present in the
sequences suggested by the active learning process.

To test whether these sequences actually interact with each other or not, we
observed their behaviour in our CG simulations. In Fig. 6D, we show a snapshot of
such a simulation of protein with B,, = 4.0 uL mol g >. Clearly, the suggested
sequence remains uniformly distributed throughout the simulation box, prefer-
ring to not interact with its identical chains and therefore not showing any sign of
phase separation.

3.3 Designing peptides binding to phase-separated condensates

To investigate the ability of peptides to interact with pre-formed condensates, we
initiated 70 simulations with peptides and a pre-formed condensate of the C-
terminal domain of RNA Polymerase II (CTD).”

By optimising the peptide sequences to maximise the magnitude of the
negative partition free energy (—AG), our active learning approach effectively
identifies peptides with an enhanced propensity to interact with the condensed
phase. Just like for the B,, task, the performance of the model was evaluated using
the mean squared error (MSE) calculated for a validation set of peptides.
Remarkably, the MSE showed a significant decrease after just 50 training steps—

This journal is © The Royal Society of Chemistry 2025  Faraday Discuss., 2025, 256, 235-254 | 247



Open Access Article. Published on 03 August 2024. Downloaded on 1/30/2025 7:52:31 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(<)

View Article Online
Faraday Discussions Paper

similar to other tasks studied here—with MSE dropping from above 200 to less
than 50 indicating that the model could effectively capture the underlying
patterns and characteristics of the peptide-CTD condensate interactions. In the
second iteration hydrophobic residues such as Cys, Phe, Leu, and Trp residues are
very prominently enriched (Fig. 7C, S4A and Bf). After four iterations of the
Bayesian optimisation cycle, peptides are highly enriched in Trp residues. At this
stage, peptides are uniformly distributed in the dense condensate phase. At the
same time sampling the dilute concentration of the peptides becomes very
challenging and long simulations are required for proper equilibration of the
peptides between the dilute and condensate phases. Once the peptides are
interacting strongly with the condensates and the dilute concentration becomes
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Fig. 7 Designing peptides which bind to a phase-separated condensate of CTD. (A) Grey
CTD chains. Light blue peptide chains. (Top) Peptide weakly interacting with condensate.
(Bottom) Peptide from BO, which interacts strongly. (B) Progress of the training by
comparison to the validation data set. Each training step corresponds to an additional
sequence and corresponding binding propensity being processed by wazy (C) Changesin
the amino acid composition of sequences binding with ideal CTD condensate after each
iteration. (D) For human CTD condensate. (E) AlphaFold (Q95XNO) structure of LIN65. The
intrinsically disordered region is shown in pink, and the ordered regions, excluded from the
analysis, are shown in grey. A 20-mer sequence from the disordered region is shown in
blue. (F) Correlation plot of predicted and computed AG values for LIN-65 fragments and
peptides suggested by Wazy in iteration 7.
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difficult to sample further, so enhancing the interactions of the peptides with the
condensates becomes difficult. However, at this stage, the design task has in some
sense been successfully completed as strongly interacting protein sequences have
been found. We note that the lack of sequence diversity means that these peptides
are likely too hydrophobic to be useful for biochemical and biotechnological
applications, but our investigation shows that it is possible to quickly identify
sequences which bind to condensates given a coarse-grained simulation model.

We also performed iterative optimisation to identify sequences that bind
effectively to human CTD condensates.”® The human CTD (hCTD) sequence
deviates from the ideal CTD sequence, which consists of a consensus repeat of
heptad motifs. During the training process with wazy * the algorithm suggested
peptide sequences with a similar composition to the sequences found in the
previous case, but featuring a higher fraction of the following amino acid resi-
dues: Trp, Phe, Leu, and Cys (Fig. 7D, S4C and D).}

Once trained, such a model can quickly evaluate many novel sequences for
their potential to interact with specific condensates without requiring time-
consuming simulations for each sequence. It can generalize from learned
patterns to predict the interaction propensity of sequences different from those in
the training set. For instance, we used the trained model to investigate interac-
tions between LIN-65 and RNA Polymerase II (Pol IT). In C. elegans, LIN-65 (Fig. 7E)
is an important regulator of chromatin organisation by supporting the formation
of heterochromatin which represses the transcription of genes. Given that the
CTD of RNA Pol 1II is critical for transcription, but LIN-65 is associated with the
repression of transcription, we surmised that disordered sequences in the LIN-65
disordered regions may be disfavoured from binding to CTD condensates and
this preference encoded in the sequence of LIN-65 could contribute to its speci-
ficity in separating transcribed genes from heterochromatin. Since the model is
trained on 20-mer sequences, we divided the intrinsically disordered region of
LIN-65 into 20-mer fragments (Fig. 7E, pin and blue regions). We then predicted
the propensity of LIN-65 fragments to be recruited to CTD condensates using the
trained model. The correlation plots shown in Fig. 7F, indicate that the recruit-
ment propensity of LIN-65 fragments is lower than that of sequences suggested by
wazy after the seventh iteration, as the AG is lower for LIN-65 fragments compared
to the sequences wazy suggested (Fig. S4E and Ft). This predictive ability without
new simulations showcases the powerful application of machine learning in
studying protein-condensate interactions.

3.4 Design of multiphasic condensates

To explore the nature of sequences that can be recruited to CTD condensates
while forming multiphasic structures, we employed a strategy based on the
second virial coefficient (B,,). We calculated B,, for a given sequence interacting
with itself and with a 21-mer CTD sequence. The residue-level coarse-grained HPS
force field we employ for these simulations captures the interactions of 21-mer
CTD sequences well, as established through comparisons to all-atom simulations
with explicit solvent.” The fitness function, AB,, = —B,,[seq—seq] + By,[seq-ctd],
was optimised using wazy, aiming to identify sequences that interact more
strongly with sequences of the same type than with CTD. Through this optimi-
sation process, wazy suggested highly hydrophobic sequences that exhibited
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Fig. 8 Designing multiphasic condensates using ¥azy. (A) Amino acid composition of the
sequences suggested by Vazy after each iteration of optimising the fitness function. (B)
Simulation with 300 chains each of the optimised sequence and CTD, illustrating the
formation of a mixed condensate when the B,, values of sequence-sequence and
sequence—CTD interactions are comparable. The corresponding density profile is shown
in (G). (C) Formation of a remixed phase when By, of the sequence—sequence is notably
lower than sequence—CTD. The corresponding density profile is shown in (D). (D-F)
Density profile showing the formation of multiphasic condensate when the AB,, is higher,
indicating stronger sequence-sequence interactions compared to sequence-CTD
interactions. (G—I) Density profile in the case of mixed phase condensate formed when the
AB,; is lower, suggesting weaker sequence—-sequence interactions relative to sequence—
CTD interactions.

stronger interactions with themselves compared to their interactions with the
CTD sequence (Fig. 8 and S3).f To validate the formation of multiphasic
condensates, we conducted simulations with a system comprising 300 chains of
the 21-mer CTD sequence and 300 chains of the highly hydrophobic sequences
suggested by wazy (Fig. 8B and C). Analysis of the density profiles from these
simulations revealed a distinct phase separation, where the highly hydrophobic
sequences formed the core of the condensate, while the comparatively less
hydrophobic CTD sequences formed a surrounding shell (Fig. 8C-F). For lower
AB,, values, the density profile shows a mixed condensate(Fig. 8G-I). This
observation suggests that the highly hydrophobic sequences identified through
the optimisation process have the propensity to be recruited to CTD condensates
while maintaining a distinct phase separation, leading to the formation of
a multiphasic condensate structure with a hydrophobic core and a CTD-rich shell.

4 Conclusions

While modelling sequence-property relationships remains a difficult challenge,
here we showed it is possible to train neural network models with molecular
dynamics simulations to design disordered proteins to: (1) self-interact and phase
separate and (2) to bind to phase separated condensates and (3) even shape the
morphologies of phase-separated condensates. For this we employed the
approach developed by Yang et al.*® that utilises appropriate featurisation from
pre-trained sequence models,***>** and Bayesian Optimisation (BO) for sampling
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the candidates most useful for training and protein design (Fig. 1). For these
design tasks a limited number of sequences, with numeric labels from molecular
dynamics, are sufficient, e.g., 50-100 sequences with labels are enough to predict
B,, with reasonable accuracy (Fig. 2C). Even when no explicit information about
the hydrophobicity and charge of individual amino acids is given,* approaches
based on pre-trained language models are able to learn biologically and chemi-
cally relevant information from the sequence data alone.

Active learning provides a significant advantage when individual computations
are expensive and an efficient way of traversing a large parameter space is needed.
While training and optimising for certain fitness criteria, one must appropriately
tune the balance between exploration and exploitation. The improvement using
CALVADOS force-field'**® highlighted the importance of the availability of state-of-
the-art molecular force fields. The sequences identified from the coarse-grained
simulations could be further explored with atomistic resolution along with
explicit solvent, to include the role of water, ions and secondary structure formation
and provide further insight into the molecular driving forces.**

A key limitation of the present work is that many of the peptides we suggest
here may be too hydrophobic to be realised in a laboratory experiment. Recent
work shows that one could explicitly consider the synthesizability of peptides in
a neural network.*> As pointed out by An et al.,*® optimising interaction strength
comes with a trade-off in terms of transport properties of the material and
considering this in multi-parameter optimisation will yield protein sequences
that are more balanced with regards to hydrophobic and non-hydrophobic resi-
dues. While we have not attempted to perform multi-parameter optimisation, for
future practical applications to inform the design of novel materials underpinned
by protein phase separation, multi-parameter optimisation is likely beneficial.
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Summary and outlook

Biomolecular condensates, formed via liquid-liquid phase separation (LLPS), are critical for
organizing the intracellular environment by concentrating macromolecules both spatially and
temporally. These dynamic assemblies facilitate biochemical reactions and provide a flexible
organizational mechanism. Condensates enable cells to modulate molecular processes
in response to dynamic cues. The C-terminal domain (CTD) of RNA Polymerase II, an
intrinsically disordered region (IDR) that regulates transcription, exemplifies such a system.
The CTD consists of tandem heptapeptide repeats that undergo extensive post-translational
modifications, primarily phosphorylation. These modifications dictate the recruitment of
transcription factors and RNA-processing machinery, thereby orchestrating the transitions
between different stages of transcription, such as initiation, elongation, and termination.
Despite its functional importance, the precise structural and dynamic mechanisms underlying
CTD phase separation and transcriptional regulation remain incompletely understood due to
the highly flexible and disordered nature of the domain.

This thesis addresses these challenges by integrating advanced simulation techniques, ma-
chine learning, and experimental collaborations to systematically investigate the confor-
mational landscape, phase behaviour, and functional consequences of CTD phase separa-
tion. The research is structured into four key chapters: Chapter 1 examines the role of
phosphorylation in phase separation and transcription regulation, Chapter 2 explores the
conformational equilibrium of the RNA Polymerase II CTD by integrating atomically-detailled
models of proteins with experimental data, Chapter 3 introduces a novel approach to simulate
phosphorylation-driven condensate dynamics, and Chapter 4 leverages machine learning to
design phase-separating proteins and shows how to binding of peptides to CTD condensates
and the morphology of CTD condensates can be designed and shaped in silico. Collectively,
these studies provide critical insights into the molecular mechanisms governing transcrip-
tional condensates. The research not only advances the fundamental understanding of IDPs
in the transcription process but also offers computational tools and predictive frameworks
that can be applied to other biomolecular condensates. These findings have broad implica-
tions for synthetic biology, drug discovery, and molecular medicine, enabling the design of
novel biomaterials and therapeutic interventions targeting condensate-mediated processes.
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Key Findings

1. Phase Separation and Transcription Regulation: Phosphorylation of CTD plays a

crucial role in the formation of distinct phase-separated condensates that regulate
transcription initiation and elongation. These condensates facilitate interactions with
IDRs and other transcription-related proteins. Molecular dynamics simulations revealed
the effects of phosphorylation on CTD interactions, highlighting the role of hydrophobic
and electrostatic forces in phase separation. The research shows phosphorylation as a
molecular switch that alters protein behaviour and condensate morphology. Experimen-
tal validation through super-resolution microscopy confirmed these findings, linking
condensate morphology with transcriptional activity.

. Structural Dynamics of Intrinsically Disordered CTD: Through RHCG and REMD

simulations, all-atom structural ensembles of yCTD were generated that align well
with experimental NMR data. These simulations successfully captured rare but bio-
logically significant events, such as proline isomerization, demonstrating the power of
computational approaches in modelling intrinsically disordered proteins (IDPs). The
agreement between simulated and experimental structures validates the robustness of
this methodology and paves the way for further computational studies of IDPs.

. Phosphorylation-Driven Dynamics of Protein Condensates: An efficient compu-

tational approach was introduced to model phosphorylation dynamics in protein
condensates, capturing how phosphorylation and dephosphorylation modulate conden-
sate morphology and stability. By simulating phosphorylation as a kinetic rate process
rather than explicitly modelling enzymes, condensates that influence transcriptional ac-
tivity were observed. The findings suggest that phosphorylation-dependent condensate
dissolution could be a mechanism for regulating transcriptional bursts.

. Machine Learning-Guided Design of Disordered Proteins: One important contri-

bution of this work is the application of neural network models trained on molecular
dynamics simulations to design novel disordered protein sequences. Using active
learning and Bayesian Optimization, sequences were successfully identified that phase
separate, bind to condensates, and even shape condensate morphology. These results
highlight the potential for computational approaches to inform the rational design of
IDPs for synthetic biology and biomaterials applications.

Implications and Future Directions

This research addresses the behavior of IDPs, focusing on the CTD of RNA Polymerase II
in regulating gene transcription. It combines advanced molecular dynamics simulations,
machine learning, and experimental validation to reveal how protein phase separation
modulates transcription.

Chapter 6 Summary and outlook



A key contribution is the mechanistic insight into transcriptional regulation, demonstrating
how CTD phosphorylation leads to the formation of phase-separated condensates, which
recruit and organize the transcription machinery. The ability to predict and design protein
interactions using machine learning and simulations enables the understanding of cellular
processes and development of targeted therapies.

This work establishes a computational framework applicable beyond RNA Polymerase II.

Integrating computational modeling, experimental validation, and machine learning offers
a method for studying molecular mechanisms of protein phase separation. The framework
allows for modeling disordered proteins, simulating protein interactions, and predicting
molecular behaviors in biological systems.

The research presented in this thesis opens up numerous directions for future investigation
into intrinsically disordered proteins, transcriptional condensates, and computational protein
design. The computational methods developed in this thesis provide a strong foundation
for investigating complex biological systems using advanced modelling techniques. Future
studies could focus on developing more sophisticated computer simulations that combine
different approaches like machine learning, atomic-level modelling, and experimentation. By
expanding the current methodological frameworks, it becomes possible to design new protein
sequences with specific functions, understand how proteins form condensates, and explore
their interactions with other cellular components. The computational strategies can help
unravel how different cellular conditions affect phase separation behaviour and molecular
interactions. Potential directions include creating more nuanced models of phosphorylation
dynamics, investigating broader ranges of protein variants, and developing multi-parameter
optimization techniques that capture the intricate mechanisms of cellular processes.
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