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Abstract

Proteins are essential structural and functional components of cells and act at a
range of assembly states, from single proteins to macromolecular complexes. The
pathological aggregation of proteins into amyloid fibrils and other morphologies of
aggregates is a hallmark of several human diseases, many of which are neurodegenerative
disorders like Alzheimer’s and Parkinson’s and pose a global health burden due
the limited therapeutic approaches.

Proteins carry out their function not only in very well defined structured
states, which is the basis of the structure-function dogma, but also by exploiting
the unique properties of conformationally heterogeneous disordered states. In
particular, the recently discovered phenomenon of protein phase separation, in
which proteins and nucleic acids form a distinct phase (a membraneless organelle or
biomolecular condensate) from the surrounding bulk environment, is emerging as
a key compartmentalisation mechanism in cells, alternative to membrane-bound
compartments, with a wide range of functions and unique properties.

In this thesis, I present the results of applying biophysical approaches, mainly
nuclear magnetic resonance (NMR) and modelling, to the processes of protein
aggregation and phase separation, with the aim to gain a better understanding of
those at the molecular level. Chapter 1 introduces the topics of study, covering the
fundamental aspects as well as the specific systems of study in more detail.

In chapters 2 through 4, I present the application of a recently developed NMR-
based chemical kinetics method to the mechanism of aggregation of the protein
tau and its inhibition by a peptide. In chapter 2, I present the R3 model system
of tau as a biologically relevant model for tau which is amenable to our method.
Chapter 3 is concerned with the mathematical modelling challenges and presents
further developments to the initial method. Finally, in chapter 4, I present the
mechanisms of aggregation and inhibition obtained by applying this modelling
strategy to R3 and the peptide D-TLKIVW. The primary aggregation of tau R3
includes dimerisation and the formation of a tetrameric nucleus that elongates
into fibrils, which can fragment. We find that D-TLKIVW, originally developed
as an elongation blocker, has a more nuanced mode of action than expected and
targets in particular the nucleus.

In chapter 5, I focus on the phenomenon of phase separation and in particular
the hypothesis that condensates constitute a distinct chemical environment, a



solvent. We investigate this by studying the partitioning of small molecules into
condensates of two phase separating proteins, DDX4 and FUS. The results include
the development of several NMR-based methods to measure partitioning, as well as
reveal chemical trends in the relative partitioning of a set of nucleotides.
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1
Background

1.1 Introduction

The nature of this work is fundamentally interdisciplinary as is reflected in this

introductory chapter, which covers the basic knowledge and description of research

questions for the phenomena of protein aggregation and phase separation, and

the fundamental principles of the experimental, mathematical and computational

approaches that have been used to model these, in the broad literature and in the

context of this detailed study. Within each subtopic, an effort has been made to

achieve the right balance between width of scope and detailed description, since

all of these fields have a rich literature of research that is beyond the scope of

this work. Therefore, this introductory chapter offers in-depth descriptions of the

aspects most relevant to the particular focus and methods used in this thesis, and

aims to provide a broad description of other aspects of each field.

1.2 Protein folding, misfolding and aggregation

Protein aggregation consists of the conversion of functional native (ordered or

disordered) proteins into pathological aggregates of amyloid, native or amorphous

structure (see Figure 1.1) [1]. Aggregation represents a failure of proteostasis,

the maintenance of proteins in their functional state, which is carried out by a

1
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network of proteins: molecular chaperones, which assist de novo folding or refolding,

and the ubiquitin-proteasome and autophagy systems, which facilitate targeted

degradation of misfolded proteins [2]. Deposits of aggregated proteins constitute

hallmarks of many human diseases, most notably devastating neurodegenerative

disorders such as Alzheimer’s, Parkinson’s and Huntington’s disease, and other

forms of dementia. These disorders pose global health challenges yet have limited

therapeutic approaches, with a high failure rate in the drug discovery pipeline

[3]. There are many open questions in this field, such as in the mechanisms of

formation of the aggregates, the actual cause of the disease (loss of function vs

gain of toxicity, and which aggregates are most toxic), and the mechanisms of

action of potential therapeutics.

native state 

?
aggregation

mechanism

pathological aggregates

amyloid

native-like

amorphous

functional polymers or assembliesphase separation

inhibition?

Figure 1.1: Protein aggregation consists of the conversion of native states into
pathological aggregates. Schematic of the questions addressed in chapters 2,3 and 4
of this thesis.

In order to better understand what protein aggregation is, it is also helpful to

consider what it is not: the wide range of functional protein assemblies through

which proteins carry out their functions.

1.2.1 Functional protein organisation at several scales

The structure-function paradigm states that protein function stems from its

three-dimensional structure, which is determined by its primary sequence. In

this context, proteins can carry out their function in a range of assembly states:
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single subunits, small oligomers and large macromolecular complexes or cellular

substructures (see Figure 1.2 A) [4][5][6].

A i) i)ii)
B

cAMP 

activation

glucagon

GPCR
ligand

inactive receptor

ligand

active dimerised

receptor

Nucleolus

iii) iv)

binding pocket

ii)

cell body
growth cone

axon

Figure 1.2: Overview of protein functional organisation through a range of scales.
A. Functional proteins in a range of (mostly) structured assemblies. (i) X-ray crystal
structure of lysozyme, which cleaves carbohydrate chains on the surface of bacteria (taken
from [7]). (ii) Schematic representation of the activation of a signalling cascade via ligand
binding and dimerisation of a cellular receptor. (iii) The ribosome is a macromolecular
complex composed of more than 30 proteins, and of RNA, where protein translation
occurs (taken from [8]). (iv) The cytoskeleton is a large protein network composed
of microtubules (green), actin (purple) and intermediate filaments (red), represented
schematically in a neuron. The fluorescence image corresponds to a neuronal growth cone
during development (taken from [9]). B. Disordered proteins or regions are also functional,
and linked to phase transitions which form membraneless organelles such as the nucleolus.
(i) The cyclic-AMP response binding protein CREB and its binding partner both become
more folded upon binding, which is triggered by phosphorylation of CREB downstream
of GPCR activation (taken from [10]). (ii) The nucleolus is a multilayer membraneless
organelle formed by phase separation (taken from [11]).

More recently, functional disorder has challenged the structure-function dogma,

with intrinsically disordered proteins (IDPs) and proteins with intrinsically disordered

regions (IDRs)[12]. Around 30 % of proteins are predicted to contain disordered

regions, a proportion that increases with organism complexity [13]. These partially

or fully disordered protein states are functional, interacting with a wider range of
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partners, sometimes folding upon binding[14]. More importantly, IDPs and IDRs

are linked to the emerging phenomenon of phase separation [15] [16], which is

the object of Chapter 5 of this thesis and described in more detail below. Phase

separation leads to the formation of large assemblies of protein and nucleic acids in

a condensate phase distinct to the surrounding bulk. Interestingly, there are many

links between phase separation and aggregation, which are discussed later.

1.2.2 Protein aggregation and disease

More than 30 peptides/proteins are associated with human disease, wherein

their deposits as aggregated proteins constitute a hallmark of the disease [1].

Many protein-aggregation diseases are neurodegenerative. Some examples of the

aggregating proteins include amyloid β and tau in Alzheimer’s disease (see Figure

1.3 Ai ), α-synuclein in Parkinson’s disease (see Figure 1.3 Bii ) and huntingtin

in Huntington’s disease. Some aggregating proteins are natively folded in their

non-aggregating state, while others are partially or fully intrinsically disordered.

There is also a wide range in terms of the genetics of these diseases, with cases

at either extreme (mainly hereditary or mainly sporadic) [1].

Protein aggregates: a structural view

Protein aggregates can take several morphologies: amyloid, native-like and

amorphous [1]. The amyloid fold is a very well defined structural feature which

consists of β sheets arranged with a 4.7 Å longitudinal spacing (along the fibril

axis) and 6-11 Å interstrand spacing. These spacings give rise to a characteristic

cross-β diffraction pattern (see Figure 1.3 B). Even though amyloid structures

have been studied mostly in disease-related proteins, it is important to remember

that amyloid does not necessarily imply pathology, since there are examples of

functional amyloids in humans and other organisms, such as in melanin production

[20], hormone storage [21] and the yeast stress response [22].
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Aß42 α-synuclein

cross-β
fiber diffraction

A

B

EM schematic cross-ß fiber diffraction

C

4-7 Å

4-7 Å

6-11 Å

6-11Å

i) ii)

Figure 1.3: Protein aggregates from a structural point of view. A. Example of
pathological aggregates in two very severe neurodegenerative diseases: (i) intracellular
neurofibrillary tangles of tau (in brown) and extracellular amyloid β plaques (in blue) in
Alzheimer’s disease. (ii) Inclusions of α synuclein are shown in brown in Parkinson’s disease.
Images taken from [17]. B. Biophysical description of amyloid structure. Elongated (and
often twisted fibrils), easily visible by negative stain EM, are composed of single or
multiple protofilaments that have a β-sheet core. The longitudinal and perpendicular
spacings between strands, with respect to the growth axis, give rise to distinctive cross-β
fiber diffraction patterns. Taken from [18]. C. Structures of the cores of fibrils of amyloid
β 42 (two polymorphs) and α-synuclein resolved by cryoEM (taken from [19]).
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In contrast with the very well-defined structural amyloid core, amyloid fibrils

show considerable polymorphism in terms of the residues forming the β -sheet fold

(which usually does not encompass the entire protein, but a central core, leaving

a “fuzzy coat” around) as well as the arrangement of protofilaments, for example

regarding the degree of twist [1] [23]. Structural aspects of amyloids have been

studied using a wide range of biophysical methods, which include circular dichroism,

Fourier-transform infrared spectroscopy, Raman spectroscopy and solution NMR

(secondary propensities of small species), X-ray crystallography (ordered cores)

and electron microscopy (EM) and solid state NMR (oligomers and full fibrils)

[24]. Recently, the study of amyloid fibrils has also benefited from the advances in

cryogenic electron microscopy (cryoEM) that have revolutionised structural biology,

allowing atomic resolution of the fibril cores of both patient derived and recombinant

fibrils (see examples for amyloid β 42 and α-synuclein in Figure 1.3 C).

Metastability of the amyloid state

It is perhaps surprising (and worrying) that most proteins can form amyloid

structures in the right conditions, in vitro. In fact, a systematic study of the amyloid

state free energy showed a dependency on the number of residues, in contrast to

the free energy of folding versus unfolded states (which depends specifically on the

sequence) [25]. The free energy difference between the amyloid and the native state

was often higher than the difference between the native and unfolded states; in

addition, for most analysed proteins, the critical concentration above which amyloid

formation would be favourable was lower than the in vivo concentration. These

findings led to the conclusion that in physiological conditions the native state is

only metastable with respect to the amyloid state (while it is stable with respect to

the unfolded state), i.e. the barriers between functional native state proteins and

the disease-related amyloid forms they can adopt are kinetic, not thermodynamic.

This implies that the role of molecular chaperones is related to slowing down certain

transitions (i.e. unfolding) and speeding up others (i.e. refolding) (see Figure

1.4) [2]. At this point it is worth mentioning that the fibril state has sometimes



1. Background 7

been considered irreversible, yet there is ever-increasing evidence that chaperone

complexes can disaggregate fibrils [26] [27] [28].
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Monomers
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Figure 1.4: Energy landscape of protein folding, unfolding and aggregation. Energetic
minima correspond to different states, with kinetic barriers in between. The fact that the
amyloid state is the global minimum makes the native state metastable. In this sense,
chaperones contribute to proteostasis by raising or lowering some of these kinetic barriers.
Adapted from [2].

Kinetics of protein aggregation

There are a few features of protein aggregation kinetics that recur across different

proteins [1] [29] [30] (see Figure 1.5). First, aggregation is considered to be a

nucleated process, with initial unfavourable rate-limiting steps, which stems from

the observation of a lag phase in the appearance of large aggregates. This can include
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also conformational changes or unfolding of the monomer. Secondary processes,

such as fragmentation and secondary nucleation, have also been considered for

many systems. Finally, aggregates can propagate from cell to cell, in what is

called seeding, which bypasses the need for the slow nucleation stage; this has

been observed in neurodegenerative diseases, where aggregate pathology spreads

through the brain [31] [32].
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Figure 1.5: Chemical kinetics modelling of protein aggregation. A. Schematic of
mechanistic steps proposed for protein aggregation, building on the simplest case of linear
polymerisation. B. Mathematical expression of the chemical equilibria of a nucleated
polymerisation model. (i) Chemical equilibria. (ii) The system of ordinary differential
equations (ODEs) that describes the evolution of the system.

Challenges in the study of protein aggregation kinetics

Protein aggregation systems are highly heterogeneous and fast evolving, which

leads to experimental and mathematical challenges. Further, in vivo aggregation

occurs in the cellular context, where interacting partners of the proteins, as well

as the proteostasis network, are likely to influence the process, which leads to

biochemical challenges, some unique to this field of research and others intrinsic

to in vitro work.

Biochemical challenges In order to conduct kinetics experiments, the aggregation

assay needs to be reproducible and occur at a suitable timescale. In some cases, the
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aggregation propensity of the protein is so high that after recombinant expression it

is very difficult to keep it from precipitating, while in others, the opposite problem

occurs, with the native full length protein being very stable in in vitro conditions.

To address the latter, in particular, strategies such as the use of smaller/mutant

(more aggregation-prone) constructs and aggregation inducers are common, as well

as incubation under agitation conditions for increased reproducibility. Finally,

aggregation is usually monitored in vitro (a most notable exception is the use of

fluorescence to follow aggregation in Caenorhabditis elegans, which is transparent),

which is often criticised for challenges in reproducibility of patterns of post-

translational modifications, unlike in vivo studies. At this point I would like to note

that in the course of this thesis, and for clarity, I will refer to studies as in vitro or

"in cells" as separate categories, even though cellular work is technically in vitro.

Therefore, in this work, in vitro refers to in vitro studies not carried out in cells, "in

cells" refers to in vitro cellular work, and in vivo refers to work in whole organisms.

Experimental challenges Aggregation systems are very heterogeneous, with

many distinct species that are evolving at the same time. For this reason, no single

technique is suitable to study the behaviour of all the species [33]. I will consider

three techniques to illustrate this in more detail, as well as introduce solution Nuclear

Magnetic Resonance (NMR) as a technique with unique advantages that are still

relatively under explored in this research area. Table 1.1 summarises the physical

basis, advantages and disadvantages of dye-based ensemble fluorescence (the most

commonly used technique), dynamic light scattering and NMR. Fluorescence-based

methods have been extensively used in the protein aggregation field given the

ability of certain dyes (thioflavin S, thioflavin T and derivatives, among others) to

recognise amyloid fibrils in histological samples (reviewed in [34]). Their use in

kinetics monitoring is also extensive, even though it presents limitations such as

the incomplete understanding of the binding mechanism[35], which complicates the

interpretation of signal in terms of concentration of particular species, as well as

the interference of dyes with the aggregation process or inhibitors [33].
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Table 1.1: Comparison of techniques for monitoring protein aggregation

Technique Physical basis Advantages Disadvantages
Fluorescence Molecular rotor fluorophores Amenable to high throughput Most commonly used dyes

emit signal only when their Low sample requirement only recognise amyloid structures
rotation is restricted by binding Can be used in cells Requires labelling
amyloid structures /tissues / whole organisms (potential interference)

Unclear signal-to-
concentration relationship

Dynamic Size determines diffusion, Amenable to high throughput Large or non-spherical
Light Scattering which affects light scattering Low sample requirement aggregates cause bias

fluctuations differently Label free Concentration limited
Can detect small species (too turbid samples

generate secondary
scattering)

Solution NMR Monitors small species, Signal directly proportional Large sample requirement
since with growing size to concentration Low throughput
transverse relaxation Label free Limited information on
broadens signal beyond Multiple channels available large aggregates
detection (using isotopic labelling)

Structural information

While in principle dynamic light scattering would report on all species throughout

the size range, this technique suffers from bias from non-spherical aggregates,

which masks the signal of small species, as well as turbidity, which constrains the

concentrations that can be used. In contrast, solution NMR is very well suited

to probe the early smallest species in the aggregation pathway, given the signal-

broadening effects of increasing molecular weight on molecular tumbling, usually

a limitation in protein studies. The fundamentals of NMR, as well as the specific

aspects most relevant to this thesis, are presented in a later section.

Mathematical challenges Chemical kinetics provides a framework for the study

of reactions, in terms of rate laws and rate constants, which is applicable also to

the field of protein aggregation. In this context, a mechanistic model of aggregation

consists of a series of chemical steps such as the ones outlined in Figure 1.5. These

can be treated as any chemical reaction and expressed mathematically as a series

of ordinary differential equations (ODEs). The systems of ODEs that represent

aggregation models are non-linear, due to the presence of bimolecular events, and in

most cases an analytical solution cannot be found. Two main approaches have been

used: exact numerical integration methods [36] [37] and approximation methods
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[38] [39]. The work in this thesis uses an exact numerical approach, in order to

exploit the very well-understood nature of the NMR signals and explicitly model

the actions of inhibitors, an advantage with respect to existing approximation

treatments [40]. This method was developed in our lab by Tkachenko et al. ,

and the proof-of-principle study characterised the mechanism of aggregation of the

model protein α-lactalbumin and the inhibition of its nucleation by the molecular

chaperone αB-crystallin [37]. A detailed introduction to the specific challenges in

applying exact approaches for protein aggregation kinetics is included in Chapter 3,

which presents and discusses developments to the existing method.

1.3 Tau biology and pathology

Tau is a protein encoded by the gene MAPT, located in chromosome 17q21.31

[41] (UniProt ID P10636), that was initially identified as a protein necessary for

microtubule polymerisation [42]. Tau has taken a prominent place in biological and

biomedical research due to its involvement in protein aggregation diseases such as

Alzheimer’s disease and other neurodegenerative disorders [43].

1.3.1 Domain organisation of tau

Tau is composed of an acidic N-terminal domain, a proline rich region, a a

microtubule binding repeat domain (MTBR) and a C-terminal domain (see Figure

1.6). Multiple isoforms arise from alternative splicing of 16 exons [41]. Six isoforms

are expressed in the central nervous system, ranging in size between 352 and 441

amino acids, and showing differences in the N-terminal and MTBR domains [44].

The terminology 3R and 4R refers to the presence of three or four repeat domains

in the MTBR, respectively. The differences in the N-terminal region consist of the

absence (0N) or presence of one (1N) or two (2N) short inserts. In the adult brain,

there is a roughly equal composition of 3R and 4R isoforms, while only 3R forms

(mainly 0N3R, called "fetal") are expressed in the fetal brain. A larger isoform of

tau, called "Big Tau", was discovered in rats [45] and is expressed in the peripheral

nervous system. Big Tau contains an insert of 254 amino acids in the N-terminal
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domain [46]. The role of this isoform in health and disease is not very clear (see [47]

for a comprehensive review). Finally, the largest central nervous system isoform,

2N4R (UniProt ID P10636-8) is often used as the reference sequence for residue

numbering, a convention also followed in this work.
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Figure 1.6: Human tau: isoforms and key literature constructs. A. Isoforms in the adult
central nervous system. There is a larger isoform, Big Tau, which contains an additional
254 amino acids within the N-terminal domain (not shown). B. Model constructs used to
probe tau aggregation mechanisms and structural features, discussed in the text. R3 and
R3R4 are the model systems explored in this thesis, in chapter 2. The numbering of all
isoforms and constructs refers to the 2N4R isoform, as is consensus in the literature.

Tau is an IDP, with almost no secondary structure [48] [49] and an elongated

asymmetric shape in solution [50], yet with long range interactions that indicate

a certain degree of global folding [51] [52], an aspect that is discussed below in

more detail. Tau presents many sites for post-translational modifications (PTMs)
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[53] [54]. Hyperphosphorylated tau is a hallmark of neurofibrillary tangles in AD,

and phosphorylation was initially proposed to trigger aggregation by detaching tau

from microtubules. However, it is emerging that the effects of phosphorylation on

tau function and pathology are much more nuanced [55] [56].

1.3.2 Functions of tau

Tau promotes the formation and stability of microtubules in neuritic processes,

mainly axons [57] [58]. Lee et al. identified the three repeat sequences in

the C-terminal half of a short (fetal) tau construct as the sites of binding to

microtubules; hence, this sequence has been referred to as the microtubule-binding

domain (MTBR). However, binding to microtubules requires the adjacent proline-

rich and C-terminal domains, and is modulated by the N-terminal "projection"

domain, which remains disordered in microtubule-bound tau [58]. The N-terminal

domain associates with the plasma membrane [59]. Apart from the classical role in

microtubule dynamics, other functions have been proposed for tau more recently,

such as regulation of axonal transport and a scaffolding role in signaling [60].

1.3.3 Tau pathology

Tau aggregation is a hallmark of many neurodegenerative diseases [61], amongst

which Alzheimer’s disease (AD) stands out in terms of disease prevalence. AD

is the main cause of dementia, with rising prevalence predicted to reach around

150 million people by 2050 [62]. Tauopathies are mostly sporadic, but there are

cases of dominant genetic familial forms that lead to frontotemporal dementia and

parkinsonism (5% of the cases) and other disorders such as Pick’s disease [43]. Based

on the grouping of isoforms into 3R and 4R types (see Figure 1.6), tauopathies

can be defined as purely 3R (e.g. Pick’s disease), purely 4R (e.g. progressive

supranuclear palsy) or a combination of 3R and 4R isoforms (AD) [43]. Figure 1.7

shows a few features of tau aggregates, including their spread across the brain in

AD and their polymorphism as observed by EM and cryoEM.
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Figure 1.7: Pathological aggregates of the protein tau. A. In AD, tau pathology spreads
through the brain with characteristic patterns, which led to the definition of six disease
stages by Braak and Braak [63] (taken from [64]). B. Two main polymorphs of tau are
found in AD: paired helical filaments (PHFs), indicated by blue arrows, and straight
filaments (SFs), indicated by green arrows (taken from [65]). C. The hexapeptide VQIVYK
aggregates into fibrils with a "steric zipper" interdigitated β-sheet interface (taken from
[66]). D. cryoEM structures of PHFs and SFs, showing a common core encompassing the
R3 and R4 repeats plus some adjacent residues, which forms the two polymorphs via
distinct interfaces (taken from [65]).

Full length isoforms are highly soluble and it is difficult to find conditions for

aggregation in vitro. For this reason, shorter constructs, mainly of the MTBR, have

been routinely used, since they aggregate on a faster timescale [67]. Also, cofactors

(also referred to as inducers) have been used, such as heparin [68], polyglutamate

[69], arachidonic acid [70] and RNA [71]. Studies with constructs and in the presence

of cofactors have led to a few features of aggregation of tau being unveiled.

The aggregation propensity of tau is located in the MTBD, indicating a
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competition between microtubule binding and aggregation [67] [72]. In particular,

two hexapeptide motifs, PHF6 (tau306-311) and PHF6* (tau275-280), located at

the beginning of repeats R2 and R3, have the highest β-sheet propensities of the

MTBR, and disease mutations that affect their secondary structure propensity have

effects on the aggregation kinetics in vitro [72] [73]. The study from Von Bergen et

al. was also seminal in unambiguously detecting β structure upon heparin-induced

aggregation of constructs K19, PHF43 (resulting from the digestion of AD Paired

Helical Filaments - PHFs - by GluC), and PHF6 (306VQIVYK311), which resolved

the controversy of whether there was β structure at the core of tau aggregates [72].

The discovery of the aggregation hotspots enabled the initial atomic resolution

structures of tau fibrils using microcrystals of VQIVYK [66], which revealed

interdigitating β-sheets (see Figure 1.7 C). However, a true revolution in the

structural biology study of tau came from the cryoEM resolved structures of AD

brain derived PHF and straight filament (SF) fibrils [65] (see Figure 1.7 D). In

the last few years, a wealth of structures of tau fibrils in distinct diseases have

appeared [74] [75] [76] [77]. These have added another dimension to the existing

debate regarding the biological relevance of aggregation studies using cofactors.

The finding that the structure of recombinant fibrils formed with heparin was

different to that of AD fibrils [76] questioned the use of cofactors in aggregation

studies and led to a move towards constructs that aggregate in the absence of

any external agents [77] [78] [79]. However, other studies argue that the cofactors

used in vitro have biological relevance [75].

1.3.4 Mechanisms of tau aggregation

The mechanism of aggregation of tau into amyloid fibrils has been an ongoing

topic of study for the last fifty years, with some emerging features, including the

existence of a lag phase in the formation of amyloid aggregates and structural

heterogeneity at the level of the monomer. Comparing and integrating the results

of multiple studies is complicated by the large variability in experimental conditions

of the aggregation reaction, which include: 1) which isoform or repeat region
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construct was used (and any mutations, either disease-associated or at the cysteines

in order to affect disulfide bond formation and/or introduce fluorophore labelling

sites), 2) which cofactor, if any, was used, and at which ratio with respect to the

protein, 3) the buffer composition in terms of salt, pH, and redox state, 4) whether

incubation was quiescent or with agitation, and 5) which methods were used to

monitor the reaction and model the kinetics.

In this section I present an overview of several kinetic models proposed for

tau aggregation, from early seminal work to more recent models derived from

experiments in cofactor-free settings. The latter are most relevant to the results

presented in Chapter 4 using a cofactor-free model described in Chapter 2. I also

review the evidence for conformational changes at the level of monomeric tau.

The earliest mechanistic descriptions were proposed in the late 1990s and differed

in the redox conditions of the assay, the inducer of aggregation and the conclusions

regarding the limiting step [70] [80] [81]. Following their development of a thioflavin

S fluorescence monitored assay for full length of MTBR tau [69], Friedhoff et al.

proposed a nucleated polymerisation mechanism with a dimer as the species involved

in nucleation and elongation [80]. One of the characteristic features of the nucleation-

dependent polymerisation model, an initial lag-phase, could be bypassed by a large

enough protein concentration or a seeded assay (using preformed aggregates, called

seeds, in addition to dimers) [80]. Kinetically, seeding manifested as a linear

dependency of maximal velocities on the concentration of seeds in conditions of

constant protein concentration and vice versa [80]. Their kinetic model described the

aggregation pathway as an initial equilibrium of monomer (P1) and oxidised dimer

(P2), a nucleation reaction involving n dimers and elongation by addition of dimer:

P1 + P1 −−⇀↽−− P2 (1.1)

nP2
knuc−−→ P2n (1.2)

P2n
kel−−→ P2n+2 (1.3)
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The nucleation parameter n was fitted to a value of 4-7 dimers depending on

the cofactor (4.4 for polyglutamate and 6.2-7.2 for heparin), and the dissociation

rates were neglected as indicated in the equations. The model was experimentally

tested with primary (for the nucleation reaction) and seeded (for the elongation

reaction) experiments under oxidising conditions, using the 3R constructs K12 and

K19, in the presence of either polyglutamate or heparin. The dimerisation reaction

was not investigated kinetically, since dimers were allowed to form and isolated

by size exclusion chromatography prior to all reactions. In these conditions, the

aggregates formed were predominantly of the PHF morphology.

In contrast, King et al. proposed that tau nucleated through a ligand-mediated

mechanism in the presence of arachidonic acid, with the binding of the inducer as

the obligate first step for a rate-limiting conformational change [70]. This model

was based on experiments performed in reducing conditions with full-length 2N4R

tau, which predominantly formed SF fibrils. The lack of change in the potency of

arachidonic acid when monomeric tau concentration was varied favoured a ligand-

mediated mechanism (binding of the inducer followed by a conformational change)

over a ligand-facilitated mechanism where the ligand would stabilise pre-existing

oligomers. Polymerisation yielded SF filaments that would over time attain the

morphology of PHFs. This was mistakenly attributed to self-association since at

the time it was thought that SFs only contained one protofilament, which has

been since proven incorrect by cryoEM [65].

These contrasting models and the distinct assay conditions were partially

reconciled in an extensive comparative study by Barghorn et al. [81]. First,

regarding the differences between using heparin and arachidonic acid as inducers,

the authors noted that above the critical micellar concentration arachidonic acid

would function as a polyanion, with the carboxylic acid groups pointing outwardly.

Second, using either inducer, the 3R constructs tended to form PHFs, while the

4R would form SF (which could over time convert into PHFs, as discussed above).

The unified model proposed by Barghorn et al. is shown in Figure 1.8 A.
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Figure 1.8: Literature mechanisms for tau aggregation. A. Unified model by Barghorn et
al. , adapted from [81] and including the proposed nucleation mechanism for air-oxidised
K19 dimers [80]. B. Structural models for the two families of full length tau monomer
conformers identified using single molecule anisotropy measurements and characterised
by anisotropy decay analysis (taken from [82]). The conformer families differ in the
degree of overall compaction and the local rigidity of the MTBR; the aggregation-prone
conformation (in blue) shows a loss of long range contacts between the termini and the
MTBR, yet an increase in ridigity of the MTBR, similar to the effects measured by single
molecule FRET upon addition of heparin [52]. C. Mechanism modelled for the cryoEM
structure core fragment 304-380 (C322S) in quiescent conditions without inducers (taken
from [78]).

The model included conformational changes of monomer, on and off pathway,

on-pathway dimerisation followed by a less-precisely defined stage of nucleation,

and elongation events, overall made faster by the presence of inducers or certain

mutations. Both the conformational change of monomer and the dimerisation

reaction were modelled as unfavourable (in terms of the rate constants) due to

the very slow aggregation of full length constructs. The dimerisation equilibrium

was studied in detail for 3R vs 4R MTBR constructs and found to be much more

influenced by the redox state in the presence of heparin than with arachidonic acid.

This difference was one of the main points of discrepancy prevailing at the end of

this study. In aggregation reactions with heparin and under oxidative conditions,

dimerisation of 3R constructs was strongly favoured and led to aggregation, while
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the 4R constructs would be split roughly equally between an extended monomeric

conformation and a more compact form, and aggregation would be impaired. This

was attributed to an intermolecular disulfide bridge between two Cys322 residues,

for 3R forms, while in the 4R construct an intramolecular Cys291-Cys322 bridge

would lock the monomer into one of the off-pathway conformations. In the absence

of any cofactor, and in reducing conditions, non covalent dimers of either 3R or 4R

constructs form in a small percentage, which would be enough for aggregation to

proceed when inducers are present. Overall, differences in the relative magnitude

of rate constants would account for the observed rate-limiting steps in different

experimental setups. Regarding the distinct effects of redox conditions on 3R vs

4R constructs, a recent study of Al-Hilaly et al. probed the dGAE construct,

which only contains one cysteine, in a cofactor free assay. This study showed that

reducing conditions, or the Cys322Ala mutation, favoured aggregation [79]. This

indicates there are more nuanced sequence features relevant for understanding the

relationship between disulfide bond formation and aggregation.

In support of the conformational change rate-limited model, Chirita et al.

showed that for the 2N4R full length isoform, in reduced quiescent conditions

and induction with carboxylate-substituted polystyrene microspheres, the initial

velocities of thioflavin fluorescence appearance were first order with respect to

monomeric concentration during the lag time before fibrils were visible by EM

[83]. Further, there was a critical concentration of 2 µM for fibrillisation, similar to

previous literature values, but not for the appearance of fluorescence, which would

reflect the formation of the monomeric intermediate. They proposed that anionic

inducers stabilise a pre-molten globule state, a partially folded conformation with

higher β-sheet content, which precedes elongation into fibrils.

One mechanism of particular interest for the context of this work is that of the

construct R3R4 (304-380) in the absence of cofactors and in quiescent conditions, at

pH 8 [78]. The construct encompasses the resolved core of the cryoEM structure for

AD fibrils [65] plus two residues in each direction, yet with the mutation Cys322Ser

that abolishes the ability to dimerise through a disulfide bond at that position. As
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described in the general method publication [39], the aggregation reactions were

monitored by fluorescence using the dye X34 and fitted using integrated rate laws

derived by approximations. A good fit for either primary aggregation or seeded

aggregation was not possible with a model including only nucleation and elongation,

while similar fits were achieved by the addition of a secondary event, either secondary

nucleation or fragmentation, the model with secondary nucleation having a 5%

smaller χ2. Seeded assays with 15N labelling of the seeds, followed by isolation of

oligomers by centrifugation and size exclusion chromatography, showed that less

than 0.035% of oligomers originated from the seeds (compared to the theoretical

17% maximum possible given the mixture of seeds and unlabelled monomer), which

led the authors to conclude that secondary nucleation of monomers was the main

secondary process. It is worth pointing out that the primary nucleus could actually

correspond to an initial conformational change of the monomer, since the parameter

nc (how many monomers make the nucleus) was fitted to 1 in the best fit. In

contrast, in the best fit secondary nucleation was fitted as requiring two monomers

to nucleate on the surface of fibrils.

1.3.5 Structural transitions of tau involved in aggregation

The conformational landscape of tau has been probed using several ensemble

and single-method spectroscopic methods. However, in many studies it was not

possible to determine the order of events between the conformational change and

the formation of small oligomers. Early work showed that upon aggregation tau

acquired local β-sheet structure within a globally random-coil structure [72], which

was observable by CD and FTIR in shorter constructs (but masked in the longest

isoforms) and has abundantly been seen by cryoEM in recent years. This transition

was considered to occur post-dimerisation, in the nucleation stage [84], but this could

be due to lack of detectability; following a complete assignment of the 441 residue

full length longest isoform, NMR showed β-sheet propensity regions in monomeric

tau [85]. The propensity localised to stretches in the repeat regions with populations

between 12 and 25 %, and with the R2 and R3 hexapeptide motif regions having
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the highest propensity, in agreement with the identification of those as hotspots [72].

In line with this, another ensemble study, this time using double electron electron

resonance (DEER), was able to detect an extension of the hexapeptide regions in

soluble species upon induction of aggregation by heparin; this occured on a faster

timescale than the appearance of fibrils but it was not possible to resolve whether

the conformational transition preceded or followed the formation of oligomers[86].

In terms of large conformational rearrangements, the full length protein has

been shown to be disordered and elongated, yet a seminal study using ensemble

FRET detected long range contacts between the N-terminal domain and the MTBR,

leading to the so-called "paper clip" conformation model [51]. A certain degree

of folding had already been suggested since epitopes for antibodies that detected

early conformational changes were spread across sequences far away in the primary

sequence [87]. In parallel, the NMR study by Mukrasch et al. used Paramagnetic

Relaxation Enhancement (PRE) restraints to model the conformational ensemble of

monomeric tau; if only allowed to fit one conformation, a quite compact conformation

was found, yet modelling an ensemble of 30 conformers (considered by the authors

to be an underestimation) led to the appearance of both compact and more

extended conformations [85].

In a seminal single-molecule FRET study of tau, Elbaum-Garfinkle et al. showed

a structural rearrangement induced by the high affinity (nM) binding to heparin [52].

Single molecule FRET data of 2N4R full length and eight truncated constructs, in

conditions with heparin, could be fitted to a two-state model (and not a continuous

transition expected from charge screening), in which heparin reduced long-range

interactions between the termini and between each terminus and the MTBR, leading

to an overall more extended conformation, yet with a more compacted MTBR.

Some truncated constructs also had a compact MTBR, which would mean both

the presence of heparin and truncation can shift the equilibrium towards more

compact aggregation-prone conformations. In that study, the heparin-free state was

described as S-shaped. Importantly, the construct used did not have any cysteines

able to form disulfide bonds, since they had been used for fluorophore labelling.
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Finally, a recent single molecule study measuring fluorescence anisotropy of

trapped monomeric 2N4R full length tau also showed a bimodal distribution with

conversion in the timescale of tens of minutes, which the authors interpreted as

two families of conformations [88]. A further study using time-resolved anisotropy

decay analysis, and the same trapping, revealed one of the two families to have a

more rigidly structured MTBR domain, reflected in lower local rotational motion,

that is able to sample more conformations (i.e. has larger local anisotropy)[82]

(see Figure 1.8), indicating the free protein is already sampling the conformations

observed upon heparin addition [52].

From the kinetic point of view, and further to the above-mentioned studies that

had detected a kinetic fingerprint of an early conformational change [70][83], a recent

kinetic study proposed a structural rearrangement at the level of small oligomers

which would render them elongation competent. Shammas et al. [89] proposed a

nucleation-conversion-elongation model based on studies of a K18 construct without

free cysteines (C291A, C322A, I260C for labelling with fluorophore via maleimide

chemistry), using a single molecule FRET technique to distinguish monomers from

oligomers and applied previously to study α-synuclein [90]. Their conditions were

pH 7 and a molar ratio of 1:4 tau:heparin (generally considered the optimum ratio

since early studies [80]). Fitting to a nucleation-elongation mechanism, considering

two species, monomer and oligomers, yielded a poorer fit than when considering a

more complex model with monomer, non-growth competent oligomers and growth

competent fibrils. In the best fitting model, there is a reaction of conversion

of oligomers into fibrils that is first order with respect to monomer, as well as

a nucleation reaction which is assumed to be a dimerisation reaction. In both

models, the heparin effects were subsumed in the nucleation rate constant (i.e.

not accounted for explicitly).

1.3.6 Aggregation modulating inhibitors of tau for AD

Therapeutics development for AD was initially focused on amyloid β, following

the amyloid hypothesis according to which the initial pathogenic event was the
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formation of amyloid β plaques, which would trigger cellular dysfunction phenotypes,

amongst which are the formation of tau neurofibrillary tangles [91]. The continued

failures in clinical trials, together with evidence challenging the amyloid hypothesis,

such as the correlation of neuronal loss with tau deposits but not amyloid β plaques

[92] and the better prediction of mild AD to severe AD transitions based on

tau imaging compared to amyloid β measures [93], have led to a shift towards

tau-targeting therapeutics, which will also benefit tauopathies without amyloid

β pathology [94].

Below I focus in particular in therapeutic strategies directly targeting tau,

rather than affecting it by reducing its expression or by targeting enzymes that

regulate tau post-translational modification [95]. A variety of therapeutic approaches

targeting tau aggregation are under preclinical and clinical study; most of them use

small molecules [96] or immunotherapeutics [97][98], and emerging new approaches

include RNA based therapies (in clinical trials) [99][100] and peptide therapies

(in preclinical stage) [101].

A discussion on the most prominent small molecule inhibitor, methylene blue, is

used to illustrate the lack of detailed understanding of the mechanism of action of

potential therapeutics, even as they progress along the clinical trials path. Finally,

since in Chapter 4 I present the mechanistic analysis of the inhibition by an all D

amino acid peptide, I include an overview of peptide therapeutics and in particular

early stage (preclinical) D-peptide candidates for tau targeting.

Immunotherapy

There has been extensive work on developing immunotherapeutics that target

tau, using either passive (antibodies) or active (vaccines) approaches. Tau antibodies

target tau in either monomeric or aggregated forms, with specific PTMs or conformational

changes and throughout the distinct domains of the protein. Four clinical candidates

have recently failed in phase I or II clinical trials, but there are some with ongoing

trials [98][102]. There are also two active immunotherapeutics for tau: AADvac1 and

ACI-35. AADvac1 targets the C terminal sequence of repeat R2 [103] [104], and has
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successfully completed phase I and II trials [105].ACI-35 targets a phosphorylated

sequence in the C terminal region [106]; following initial low immunogenecity in phase

I trials, one of the redesigned versions has been selected for further development

based on preliminary results from a phase 1b/2a trial [107] [108]. Investment in tau

immunotherapeutics is likely to increase following the (controversial) approval of

aducanumab in the US as the first amyloid-β targeting antibody for AD [109] [110].

Small molecules

Several small molecules have been identified in vitro[111]. Methylene blue (MB)

and its derivatives have been the most studied since the finding that it made the core

fragment of PHFs isolated from AD brain tissue susceptible to proteolytic cleavage

by pepsin, which it would otherwise be resistant to [112]. MB is a redox-cycling

phenothiazine initially used for the treatment of malaria, in the late 19th century, and

currently indicated for acquired methemoglobinemia but actively studied for other

indications [113]. MB has been shown to inhibit tau aggregation in vitro [112][114],

and mitigate tauopathy in vitro and in vivo through induction of autophagy [115].

MB has been repurposed as a neurodegeneration therapeutic by the company

TauRx and tested in clinical trials in two different formulations: a phase II trial of

methylthioninium chloride (MTC; Rember™) showed cognitive improvements in

patients with moderate AD[116], in patients receiving the second highest dose. The

lack of response to the highest dose prompted a new formulation as the reduced

form leuco-methylthioninium (LMTX trademark), with better pharmacokinetic

properties [117]. LMTX failed to show efficacy in two phase III trials (Gauthier

2016), yet another related compound, Hydromethylthionine mesylate, has been

recently tested in a phase III trial with positive (yet controversial, due to a posteriori

changes in the analysis of the data) results, following which TauRx announced

they would pursue FDA approval [118].

The mechanism of action of MB on tau aggregation has been under some

controversy. MB was proposed by two studies to act through a redox cycling

mechanism that promoted disulfide bridges, but has since been shown to inhibit
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aggregation under reducing conditions as well. Briefly, Crowe et al. [114] showed

that both methylene blue and another set of inhibitors (aminothienopyridazines, or

ATPZ) promoted the formation of disulfide bridges only under oxidising conditions,

and had different effects on the heparin-induced aggregation of the constructs K18

and K19. These compounds prevented the aggregation of the 4R K18, which can

form the compact monomer form through an intramolecular disulfide bridge; however,

they did not affect the aggregation of K19, instead they shifted K19’s monomer-

dimer equilibrium towards dimer in a similar manner to air oxidation, indicating

the formation of the intermolecular disulfide bridge previously identified[119]. MB

showed non-specific cysteine oxidation of a 10mer peptide into an intramolecular

disulfide bridge, and a redox-cycling mode of action was suggested. Similar

observations were made using NMR on the 2N4R full-length isoform with Azure

A and B, which are derivative methylated forms of MB and also exist in oxidised

and reduced form [120]. However in that case, using higher concentrations of MB,

the aggregation of the 3R K19 construct was also inhibited by MB (with a lower

potency compared to K18) both in oxidising conditions and reducing conditions (up

to 5 mM DTT) but to a lesser extent in the latter, in which aggregation itself was

impaired. Mass spectrometry showed evidence of the azure compounds converting

the sulfhydryl groups of cysteines into sulfenic, sulfinic and sulfonic acid.

Al-Hilaly et al. proposed a different mechanism based on the findings that

MB exists predominantly in the reduced form (LMT) in reducing conditions, and

that it inhibited aggregation of the construct dGAE more strongly in reducing

vs oxidising conditions [121]. Therefore LMT would be expected to be active

in the natural reducing environment of cells, which was questioned by Crowe et

al. [114]. This would seem to be in agreement with current clinical trials using

the stabilised reduced form.

Peptides

Peptides (2-100 amino acids) have become promising candidates for protein-

protein interaction disruption, thanks to their distinct properties compared to small
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molecules and antibodies, and there are currently 60 peptide therapeutics in use,

mostly for metabolic diseases and cancer, as well as hundreds in clinical trials [122].

Their advantages include a very high control in their production, using chemical

synthesis, as well as high biological specifity and potentially low immunogenicity,

while their main drawbacks are instability due to serum proteolysis and fast kidney

clearance as well as low penetration through the blood-brain barrier [123]. However,

a variety of strategies are under development that address these limitations.

The usage of all D-amino acid peptides (D-peptides) is one of the main strategies

employed to reduce the protease susceptibility of peptides [124], together with the

identification and replacement of possible cleavage sites and chemical modifications

to enhance the degree of secondary structure of the peptides [125]. D-peptides

could have better oral absorption, which is an important area of development in

peptide therapeutics, since most are injectables.

D-amino acid peptide development There are several established methods for

the development of all D-amino acid peptides, mainly retro-inverse synthesis and

more recently mirror image phage display [124]. The starting point for retro-inverse

synthesis is the L-peptide of interest; by assembling the D-amino acids in the

reverse order to the L-counterpart reference peptide [126], a potentially equivalent

all D-amino acid peptide is generated. The original L-peptide and the retro-inverse

peptide have topologically equivalent side chains, with the backbone reversed.

However, this approach does not guarantee that the D-peptide will maintain the

chemical interactions and/or biological function [127].

Phage-display [128][129] is the main combinatorial screening method for protein-

protein interactions, with great relevance in drug discovery pipelines for antibodies

and peptides [130]. Libraries of peptides/proteins are fused to a coat protein

encoding gene from filamentous phage, and a ligand of interest is immobilised to a

surface and exposed to the phage library. Selection, consisting of several rounds

of screening, is based on the presence of the interaction between the ligand and

one or more displayed peptides/proteins; the sequence of the final best hit(s) is



1. Background 27

then determined by sequencing. This approach is becoming even more powerful by

the development of methods that allow cyclisation of peptides, post translational

modifications and other chemical modifications, all of which expand the chemical

space probed by the libraries.

One particular development useful for D-amino acid therapeutics came in the

form of mirror image phage display [131], in which the target is synthesized using

D-amino acids (for large proteins, using native chemical ligation [132]), and the

library contains L-amino acid peptides. Once a peptide has been selected, its

D-enantiomeric form is synthesized and therefore the symmetry of the binding

interface is maintained.

There are also many computational methods for peptide design which have

spun out from the field of small molecule docking and which can be classified into

three categories in increasing order of difficulty: template-based docking, local-

docking and global docking [133], depending on the amount of information (atomic

resolution structure of the target and/or target-peptide complex, location of binding

site, or none, respectively) available about the interaction. Both computational

and experimental screening methods have been applied to the development of

tau targeting D-peptides [101].

Computationally-designed tau-targeting D-peptides Sievers et al. used a

mirror image template-based docking method, starting with the inverted stereochemistry

structure of an X-ray resolved structure of VQIVYK fibrils, which showed a "steric

zipper" [66] [134]. This inhibitor and its design are discussed in Chapter 4, where

its mechanism of action on a model system of tau is analysed.

Furthermore, the same group developed a longer 10mer peptide, W-MINK

(DVWMINKKRK), by applying the same computational strategy to the structure

of fibrils containing the VQIINK sequence (beginning of the R2 repeat), which

formed a stronger zipper interface in terms of larger buried surface area - this

inhibitor had a lower IC50 for 2N4R tau compared to D-TLKIVW[135]. Finally,

another computational design study, this time targeted at residues 16-22 of amyloid
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β, led to the development of D1 (D-LYIWVQ), D1b (D-LIYWIWRT) and D1d

(D-LYIWIQKT), which not only prevented the aggregation of amyloid β but also

impaired the ability of preformed amyloid β seeds to cross-seed intracellular (K18)

tau in cells, as well as primary and seeded aggregation of 2N4R tau [136]. The effects

were specific for amyloid β and tau, since other amyloid forming proteins were not

inhibited. Tau binding was mapped to the VQIINK and VQIVYK segments of tau,

suggesting structural similarity between the tau and amyloid β cores.

Experimentally selected tau-targeting D-amino acid peptides Experimental

approaches have mostly used phage display. Using mirror-image phage display based

on fibrils made of D-VQIVYK, Dammers et al. selected nine peptides to compare

with D-TLKIVW as the standard positive control in in vitro aggregation assays with

2N4R full length tau, using arachidonic acid as the inducer [137]. Of those, five were

active as inhibitors of the three repeat construct K19, with TD28 having the lowest

IC50 at 8 µM. However, even though they were able to penetrate cells, cytotoxic

effects were observed. From a structural point of view, it’s interesting to note that

in silico modelling revealed similarities in the binding of TD28 and D-TLKIVW to

VQIVYK: stabilising hydrogen bonds with the backbone of VQIVYK, an interaction

between a central positively charged residue and Q307 and a steric clash that would

block elongation (the D-TLKIVW case is described in Chapter 4).

In a similar study, the peptide p-NH (D-NITMNSRRRRNH) was found to

inhibit VQIVYK fibrils [138]. Seven candidates were selected by phage display, and

from three of those being carried forward due to higher affinity to VQIVYK fibrils in

ELISA assays; from the final three peptides, p-NH (but not its isomer L-p-NH) was

inhibitory of primary aggregation and also disassembled preformed aggregates, while

the other two actually promoted aggregation. p-NH was able to enter cells and caused

site specific reduction of tau phosphorylation, as well as reduced neurofibrillary

tangles. Importantly, these effects were recapitulated in transgenic mice expressing

the human P301S tau gene, using intranasal administration (which bypasses the
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blood-brain barrier), and cognitive improvements were detected, which makes this

peptide the most promising candidate for clinical trials.

Mirror-image phage display has also been applied to VQIINK fibrils which

identified MMD3 and MMD3rev (the retro inverse version), which were able to

inhibit fibrillisation of the VQIINK (but not VQIVYK) fragment as well as the

2N4R full-length isoform, by promoting the formation of amorphous aggregates

[139]. In silico modelling showed similar interaction features with the peptides

developed by Seidler et al. [135].

1.3.7 How well do we understand the mechanism of action
of tau and of tau-targeting inhibitors?

Neurodegenerative diseases associated with protein aggregation have the highest

failure rates in the drug discovery pipeline. This is not surprising given the many

open questions regarding how proteins evolve from their native, folded or disordered,

states into pathological aggregates. Without a detailed mechanistic understanding

of the aggregation pathways of proteins, there is little solid basis upon which to

decipher the mechanism of action of a potential therapeutic [140]. In the specific

case of Alzheimer’s disease, the earlier therapeutic focus on amyloid β, consequence

of the amyloid hypothesis [141], has been shifting towards tau [94], given evidence

that tau pathology correlates better with disease severity [92]. The long-standing

controversy on the mechanism of MB on tau aggregation, discussed above, is an

example of the gaps in our understanding of tau therapeutics, as well as how

investigation of a detailed kinetic mechanism of action often follows, rather than

precedes, the start of clinical trials of potential therapeutics.

The study of tau aggregation in vitro is hindered by the high solubility of the

full length protein, requiring the use of model systems and a variety of aggregation

inducing cofactors and conditions as discussed in the previous section. There is a

consensus that rate-limiting nucleation events initiate aggregation, yet the nature of

the aggregation nucleus has been ill-defined in the proposed mechanisms, and studies

investigating conformational heterogeneity of monomeric tau and conformational
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changes in the early stages of aggregation have struggled placing the rearrangements

precisely within the overall mechanism. Further, there is also conflicting evidence

regarding the influence of redox conditions on aggregation.

The aim of the first project presented in this thesis was to improve our

understanding of the mechanism of aggregation of the protein tau, involved in

AD and neurodegenerative disorders, by using a suitable model system, as well

as its inhibition by a literature peptide (see Figure 1.1). We tackled these aims

within the framework of NMR-based chemical kinetics, in which a mechanism

of aggregation is modelled explicitly as a set of chemical reactions, and multiple

mechanisms are optimised and ranked against NMR kinetic traces [37]. This

method is particularly well suited to probe the early stages of aggregation and

explicitly account for inhibitor interactions.

More detailed introductions to the technical aspects are provided at the end of

this introductory section (NMR) and in the introduction of chapter 3 (mathematical

modelling), and the results of this project are presented in chapters 2, 3 and 4.

1.4 Protein phase separation

1.4.1 Overview of membraneless organelles

The phenomenon of phase separation is a recent discovery in the field of cell

biology [15], even if the membraneless organelles (MLOs) it gives rise to (also referred

to as biomolecular condensates) have been observed for a much longer time using

light microscopy. In this context, liquid-liquid phase separation (LLPS) involves

the formation of condensates which behave like oil droplets in water, for which they

are known as "liquid-like". MLOs form through weak multivalent protein-protein

interactions that under certain conditions become stronger than interactions with

the solvent, water in this case. Figure 1.9 shows an overview of the MLOs present

in eukaryotic cells and the main physicochemical properties of these compartments.

MLOs differ from membrane enclosed compartments because they form and

dissolve upon stimuli[144], and they are more permeable[145][146]. Three key

properties were initially proposed to define an MLO: rapid internal rearrangement,
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Figure 1.9: Overview of phase separation in biology. A. Diagram of MLOs identified in
eukaryotic cells to arise from LLPS. Taken from [16]. B. Examples of MLOs. (i) Germline
P granules (taken from [142]). (ii) The nucleolus, which is a multilayered MLO (taken
from [11]). C. Properties of MLOs (taken from [143]).

spherical shape (due to surface tension) and the ability to coalesce (two droplets

fuse into one)[147]. The internal rearrangement has been studied with fluorescent

recovery after photobleaching (FRAP) experiments, in which the signal of a

fluorescent-tagged droplet component is bleached and the signal recovery time

reports on diffusion and exchange between the condensate and dilute phase[142]

[148]. Two more properties have been added to the list of requirements: slowed

diffusion at the interface between the condensate and dilute phases (due to the free

energy cost of leaving the condensate phase)[149] and concentration dependence

of the formation and size of condensates[150][151].

Finally, a recent review suggested that from a biological perspective the challenging

distinction between "true" condensates and dynamic hubs (assemblies with rapidly

exchanging multivalent interactions) might be possible based on the criterion of

whether there is an internal environment in which the protein (and RNA) constitutes

a distinct solvent to the outer bulk environment [152]. The hypothesis of condensates

being a distinct chemical solvent environment is one of the focuses of chapter 5.



1. Background 32

1.4.2 Importance of disorder for phase separation

Phase separation and protein intrinsic disorder are intricately linked: the

proteome of MLOs is enriched in proteins containing IDRs[153] and several features

of those are beneficial for phase separation. These include their conformational

flexibility, modularity, multivalency, low sequence complexity and accessibility to

PTMs [154], as well as the ability to interact promiscuously with other IDRs/IDPs

or folded proteins / domains [144]. It has been shown that the dimensions of

disordered proteins correlate with phase separation boundaries; indeed, more

compact proteins have a lower critical temperature (below which they phase

separate) [155]. Also, several disordered domains of phase separating proteins

have been shown to remain disordered in the condensate phase [156][157][158][159].

Both folded proteins/domains and IDP/IDRs are important for phase separation,

and most phase separating proteins contain both disordered regions and folded

domains, the latter including RNA binding domains, oligomerisation domains and

specific functional domains [144].

1.4.3 Functions of membraneless organelles

Many compartments of eukaryotic cells which arise by phase separation are now

referred to as MLOs, in contrast to the standard membrane-enclosed compartments

such as mitochondria, the nucleus and the ER. Some examples are P (germ) granules

[142] (Figure 1.9 Bi ), the nucleolus [160] (Figure 1.9 Bii ), Cajal bodies [161] [162],

P bodies [163] and stress granules [147]. MLOs contain tens to hundreds of different

proteins, some of which are constitutive (“scaffolds”) while others, the majority of

components, are only transiently present (“clients”), and often also RNA [164][16].

Some MLOs have multiple subcompartments; in the case of the nucleolus, in

vitro reconstitution showed that RNA-binding domains drive the specificity of the

immiscible subcompartments, suggesting a role for the substructures in facilitating

sequential enzymatic reactions in the RNA processing pathway [165][11].

Most functions associated with MLOs concern the regulation of key processes

involving nucleic acids, including chromatin organisation [166], DNA repair [167],
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transcription [168][169], RNA splicing [170] and translation [163]. More recently,

phase separation has been linked to quality control processes such as proteosomal

degradation [171] and autophagy [172], as well as cellular signaling [173].

Recent progress suggests phase separation is a conserved mechanism for cellular

organisation and also relevant for bacterial cells [174], even if their proteome has

a much lower content of predicted disordered regions [13]. The characterisation

of these putative MLOs is hindered by their much smaller size with respect to

eukaryotes’, for which reason super resolution microscopy approaches are increasingly

used to extend conventional in vitro studies to the cellular setting [143]. A few

examples of proteins/systems with in vitro and cellular evidence of phase separation,

as comprehensively reviewed by Azaldegui et al. , are: mRNA decay mediating

BR-bodies [175], RNA polymerase clusters [176], the nucleoid protein Dps [177], the

asymmetric pole constituent PopZ [178] and the chromosome segregating ParABS

partition system [179] [143].

From a physicochemical mechanistic point of view, modulating chemical reactions

[180] [181], reducing cellular noise through buffering of biomolecular concentrations

[182] [183] and cellular sensing [184] have been proposed as general functions of

MLOs. The fast, adaptable, reversible switch-like behaviour of MLOs provides

unique advantages with respect to membrane-bound compartments [185]. However,

membrane-bound compartments also confer unique properties such as higher stability

and the ability to isolate cytotoxic species and maintain ion gradients, which suggests

complementary strengths of the two compartmentalisation strategies [16].

1.4.4 Interactions that drive phase separation

Phase separation is driven by multivalent weak interactions, mainly electrostatic

charge-charge interactions, aromatic interactions (cation-π or π-π), and dipole-dipole

interactions [186]; a role for hydrogen bonding and hydrophobic contacts has also

been proposed [144]. Different interactions have distinct salt dependencies, as

shown in Figure 1.10.
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Figure 1.10: Interactions and factors influencing phase separation. A. Taken from
[186]. B. Example phase diagram showing phase transition boundaries between mixed
and demixed states, showing condensates as circles given their 3D spherical shape due to
surface tension. In this system, we would refer to the phase separation occurring above
the upper boundary (dashes) as a reentrant phase transition.

Charge-charge Phase separation-driving charge-charge interactions, also commonly

referred to as electrostatic interactions, can occur in the context of a single protein

containing alternating charges (such as DDX4[148], in which charge scrambling

abrogates phase separation) or two oppositely charged biomolecules (such as the

coacervation of negatively charged RNA and positively charged tau[187]). Regarding

the former, charge-patterning based metrics have been developed to predict phase

separation [188].

π interactions π interactions arise from sp2-hybridised atoms such as those in

aromatic compounds, and in the context of protein interactions mainly involve

the rings of aromatic residues. π-π interactions occur between two π systems, in

a perpendicular or parallel (planar), often off-centered, arrangement. Cation-π

interactions occur between a π system and a cation.

Cation-π interactions are abundant in protein structures, with an average of 1

interaction per 77 residues, and specifically 25 % of tryptophan residues being part

of one [189]. They are also frequent in protein-ligand recognition, such as in the
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paradigmatic example of nicotine binding to the acetylcholine receptor of the brain

but not muscle, which is determined by a cation-π interaction in the former case [190],

and in particular in protein-DNA/RNA binding [191][192]. Cation-π interactions can

be probed by progressive fluorination of the π system, which inverts the quadrupole

moment [193], which has also been applied to phase separation systems [148]. On the

cation side, methylation of arginine side chains impairs phase separation [148] [194],

indicating the role of the interaction as well as revealing PTM-based modulation.

π-π stacking interactions have a stabilising effect on the DNA double helix,

potentially contributing more to its stability than hydrogen bond mediated base-

pairing [195], and are very prevalent in protein-nucleic acid complexes [196][197].

In the sticker-spacer model proposed based on the analysis of FUsed in Sarchoma

(FUS) family proteins, π-π interactions between tyrosines were highlighted as a

sticking feature [198]. A recent study by Vernon et al. developed a predictor of phase

separation based on π-π frequencies, and suggested (based on their results) that the

importance of π-π contacts in phase separation has hitherto been underestimated.

The authors highlighted that π systems are not only found in aromatic amino

acids (tyrosine, tryptophan, phenylalanine, histidine) but also on the side chains of

glutamine, asparagine, glutamic acid, aspartic acid and arginine, as well as in peptide

backbone amide groups; in fact, planar contacts involving the backbone amide were

the most predominant contact in their analysis of π-π in the folded proteome.

Dipole-dipole In the sticker-spacer model, spacers are enriched in glycine, serine

and glutamine, and these residues are proposed to control the material properties

of the condensate phase [198]. Glutamine in particular contributes to hardening,

the progressive loss over time of liquid-like properties which has been seen for

MLOs and in vitro condensates, which is system dependent and often affected by

mutations. This was demonstrated by lack of hardening in a glutamine to glycine

FUS variant [198]. In a study of FUS low complexity (LC) domain (QGSY-rich),

NMR Nuclear Overhauser Effects (NOE), an NMR signature of through-space
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contacts, were detected for intermolecular interactions involving glutamine side

chain amide groups and methylene groups [159].

Hydrogen bonds Hydrogen bonds are thought to contribute to phase separation,

since most amino acids contain donors and acceptors. Further, hydrogen bonds

are key interactions between proteins and nucleic acids, which suggests a role in

protein-nucleic acid interactions in condensates [144]. In the study by Murthy et

al. mentioned above, molecular dynamics simulations showed hydrogen bonds

by glutamine (mainly), tyrosine and serine, and the introduction of additional

glutamine residues stabilised the phase separated state [159].

The role of hydrophobic residues IDPs/IDRs contain fewer amino acids

with hydrophobic side chains than folded proteins, yet there is some evidence

for their contribution to LLPS. Helical leucine-rich motifs were shown by NMR

to contribute to the multivalent network of P body mRNA decay factors in a

phase separating system reconstituted in vitro [199]. In another case, the transient

formation of an α helix led to interhelix contacts necessary for phase separation,

and a mutation enhancing the hydrophobicity of the helix enhanced the phase

separation propensity [200].

The LLPS promoting effects of salt for some proteins, such as the FUS LC

domain (discussed in the following section), also suggest a role for hydrophobic

interactions. The importance of hydrophobic contacts was probed for full length

FUS and a PR repeat peptide, which show phase separation at low and high salt

concentrations (see a reentrant phase separation diagram in Figure 1.10 B, dashed

line). In the high salt regime, only 1,6-hexanediol (which disrupts hydrophobic

interactions), but not polyRNA or ATP, was able to inhibit phase separation, while

all three could disrupt it at low salt conditions, indicating a role for hydrophobic

contacts throughout the range of salt concentrations tested [201].

Finally, it is important to note that in many cases it is very challenging to

disentangle the contributions of distinct interactions to phase separation, since there

are many amino acids able to engage in more than one interaction [159].
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1.4.5 Factors that affect phase separation

Phase separation is modulated by a range of environmental stimuli (salt,

temperature, pH), as well as protein concentration and PTMs.

Salt Salt can promote [200][157] or hinder [148][202] phase separation; in a few

proteins for which it had been shown to be inhibitory, reentrant phase separation

was observed in the molar regime (see Figure 1.10 B) [201]. In the case of FUS low

complexity domain, for which salt enhances phase separation, a series of anionic

Hofsmeister salts (but not cationic) in a range of 0-1 M were shown to affect phase

separation in an analogous way to their effect on protein stability, with kosmotropes

(which salt-out proteins) enhancing it and chaotropes inhibiting it [159]. In a

high salt regime (above 0.5M), the reentrant behaviour of full length FUS and a

PR-repeat peptide was also affected by a series of cationic Hofmeister salts in the

same way as protein stability, with higher salt concentration required to induce

phase separation for the salts later in the series (more chaotropic) [201].

Multivalent salts present different effects: trivalent cations induce reentrant

PS behaviour for acidic proteins [203]; divalent cations have opposing effects on

heterotypic peptide-RNA and homotypic RNA condensates, inhibiting the phase

separated state of the former and enhancing the latter [204]; and divalent CaCl2 has

a neutralising effect on negatively charged DDX4, rather than a charge-screening

effect (such as that of NaCl), and promotes LLPS [205].

Temperature Proteins can exhibit phase separation with a lower critical solution

temperature (LCST) or an upper critical solution temperature (UCST), depending

on whether an increase of temperature stabilises or destabilises the demixed phase

separated state, respectively, and in some cases show reentrant phase behaviour

[206][144]. UCST phase transitions are explained via the increased entropic cost

of chain collapse at higher temperatures, which disfavours the demixed state; in

the case of LCST, differences in free energy of solvation between amino acid types

have been proposed. Indeed, the amino acid composition can be used to predict
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which temperature-dependent behaviour a protein will show, with sequences rich

in polar and aromatic amino acids tending to show UCST transitions while more

hydrophobic sequences have LCST behaviour [207].

pH There are theoretical descriptions of how pH would affect phase separation,

especially depending on the content of charged residues and net charge [206] [208].

For the negatively charged DDX4N1 domain (the object of study in chapter 5),

the LLPS stimulatory effect of lowering the pH could be reproduced by reducing

the negative net charge of DDX4 constructs [205], which is expected for anionic

polyelectrolytes [206]. Evidence of physiological regulation of LLPS via pH is limited,

but includes stress granule formation in budding yeast as a response to a decline

in cytosolic pH [209], the acidic pH-induction of phase separation of a proinsulin

carrier protein [210] and the acidic pH-dependent decondensation of keratohyalin

granules which contributes to the formation of the skin surface barrier [211].

Post-translational modifications LLPS is regulated by several PTMs, most

notably arginine methylation and phosphorylation (mainly of serine, but also

threonine and tyrosine) [212]. Arginine methylation is inhibitory in vitro [148] [194]

[213], which supports the role of cation-π interactions for LLPS; however, in cellular

studies of RNP granules methylation has also been shown to promote LLPS and/or

the localisation of proteins into certain MLOs. Phosphorylation has been shown

to both promote and inhibit LLPS in vitro and in cells.

RNA Many MLO components contain RNA-binding domains, and RNA has been

shown to promote LLPS, either specifically [214] or non-specifically [157] [215]. The

action of RNA is non monotonic, since it stimulates LLPS at low concentrations

and inhibits it at the higher concentration regime [157] [214] (the phase diagram

would resemble Figure 1.10 B, with the intermediate state being demixed). This has

been attributed to a mechanism of charge inversion (which has also been observed

for single stranded DNA) [216]. In addition to effects on the phase separation
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boundaries, RNA also tunes the physicochemical properties of MLOs, such as

viscosity, both increasing it [214] or decreasing it [202].

1.4.6 Links between phase separation and disease

Phase separation has been linked to several diseases, mainly in neurodegeneration,

cancer [217] and infectious diseases [218]. Increasingly, proteins whose aggregation

is a hallmark of neurodegenerative diseases have been observed to phase separate,

such as tau [219], α-synuclein[220], TDP43 and FUS [221]. In vitro studies have

shown that phase separation can be followed by a process of maturation, sometimes

called hardening, in which the liquid-like properties of the condensates are gradually

lost and eventually macroscopic amyloid or amorphous aggregates are formed

[16]. In the case of tau, recombinant phosphorylated 2N4R full length tau and

brain purified phosphorylated tau formed droplets (with a crowding agent) that

rapidly transitioned to a gel state and over time aggregated into amyloid fibrils

[219]. Further, in condensates of the tau K18 construct (see Figure 1.6), K18

stayed largely disordered yet showed propensity for β-structure in the hexapeptides

and KXGS motifs upon LLPS, suggesting a common structural transition in the

LLPS and aggregation of tau [222].

A similar process was observed for Parkinson’s related α synuclein, with LLPS

proposed to nucleate its aggregation [220]. ALS-linked FUS G156E mutant showed

accelerated hardening (shown by reduced coalescence) and formation of fibrous

amorphous aggregates, compared to wildtype [147]. ALS-linked TDP-43 mutations

disrupted the transient α-helical structure that is necessary for the LLPS of TDP-

43’s low complexity domain [200].

1.4.7 Can we modulate phase separation?

Targeting phase separation presents unique challenges, because both disordered

proteins and biomolecular condensates lie outside what is considered to be druggable

[223] [224]. One way around this would be to target canonical drug targets, i.e.

the enzymes that regulate phase separation and/or client protein partitioning
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into condensates [223]. The alternative, targeting the physical chemistry of phase

separation, is a promising new avenue that can have distinct strategies, including

the selective targeting of transient conformations of disordered proteins and directly

targeting the phase separated state using small molecules. Regarding the latter, there

is already evidence of small molecules modulating phase separation: a paradigmatic

example is 1,6-hexanediol, albeit non-specifically [225].

Small molecules could target the phase separated state by partitioning into it -

indeed, the condensate phase has been postulated as a distinct chemical environment

to the bulk [148] [152]. The partitioning of small molecules into condensates of

two model proteins is the object of study of chapter 5.

1.5 Nuclear Magnetic Resonance

Nuclear Magnetic Resonance (NMR) is a spectroscopic technique based on the

alignment of the nuclear spins of certain atoms (usually 1H, 15N, 13C and 19F in

biological systems) with an external field. It is extensively used in chemical and

biological research due to its sensitivity to the local environment of the nuclei, which

provides information on the structure and dynamics of the molecules studied.

1.5.1 The 1D experiment

The basic NMR experiment is a one-dimensional (1D) pulse-acquire (shown

in Figure 1.11 in a vector model representation).

Initial state In the beginning of the experiment, because of the presence of an

external field (B0), the nuclear spins of the sample align with or against (α and β

states, respectively, for 1H) B0, and the difference in populations gives an overall

net magnetisation aligned with B0, referred to as z in the vector model.

Pulse application A radiofrequency pulse is applied for a certain duration to get

the spins of choice (e.g. 1H) to rotate from the z axis to the transverse (xy) plane.
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Figure 1.11: Overview of NMR. A. Vector model (top) and pulse sequence (bottom)
descriptions of the 1D pulse-acquire experiment. B. Typical 1H spectrum for a folded
protein, showing distinct proton environments. Taken from [226]. C. Transverse relaxation
causes the broadening of signals as proteins (or complexes) become larger. Taken from
[227].
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Precession In the transverse plane, magnetisation starts to rotate. This is called

precessing and it happens at a frequency characteristic of the atom, called the

Larmor frequency. Crucially, though, small magnetic fields arising from nearby

electrons affect the Larmor frequency, leading to the appearance of the chemical

shift, which is the ensemble-averaged deviation (from the Larmor frequency) of the

precessing frequency of sets of atoms experiencing a similar electronic environment.

We can imagine this using the vector model as several vectors rotating around the

z axis, with marginally different frequencies (in the parts per million scale). The

relationship between the electronic environment and the precession frequency is

one of the aspects that make NMR such a powerful structural technique.

In the case of proteins, for example, distinct chemical shift regions exist for the

protons in the amide peptide bond between amino acids, those in aromatic residues,

and aliphatic carbons (and CH3 groups specifically), as shown in Figure 1.11 B for

the folded protein ubiquitin. In the amide area, more dispersion of the chemical

shifts is observed for folded proteins, with more distinct environments, than for

IDPs or unfolded proteins. Changes in the local environment of an active nucleus,

for example due to the presence of another molecule nearby, perhaps a ligand, or

the sampling of multiple structural states, lead to changes in chemical shift that

are thus very informative of structure and dynamics. Further, when magnetisation

is transferred between multiple nuclei, in multidimensional NMR experiments, the

chemical shifts of 1H, 13C and 15N have signatures of the secondary structure [228].

Acquisition Finally, in the acquisition step, the oscillating magnetisation generate

electric currents in a coil, which are recorded. The resulting signal, called the free

induction decay (FID), is the sum of all oscillating fields within the system, and

needs to be converted to frequency space (to yield the chemical shifts), which

is done by Fourier transformation.

The 1H 1D experiment is the basis of the monitoring of aggregation kinetics

presented in later chapters. The intensity of the signal is directly proportional to

the concentration of spins (and of biomolecules, by proxy), which makes this signal
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an excellent observable for quantitative modelling. For a better understanding

of this particular application of NMR, it is necessary to discuss the phenomenon

of relaxation, a key aspect of NMR. There are two main types of relaxation:

longitudinal relaxation, in which the α and β states return to their equilibrium

values; and transverse relaxation, a loss of coherence between spins. Due to

relaxation, the magnetisation slowly rotates back to the z axis, as well as declines

in intensity in the xy plane. Transverse relaxation is proportional to molecular

size, which leads to very broad, ultimately disappearing, signals (see Figure 1.11

C). Transverse relaxation poses limits on the size of proteins that can be studied

by NMR, for which reason an area of very active method development is that of

techniques pushing the size limit of NMR, for example the category of TROSY

techniques, by understanding the sources of relaxation and exploiting circumstances

in which they cancel each other out [227].

Transverse relaxation is thus often regarded as a negative limiting aspect of

biomolecular NMR. However, returning to the study of protein aggregation, there

are advantages to this feature. The disappearance of signal from large molecular

species leads to only a few observables, which can be well understood and followed.

Which specific small species are visible in a kinetic experiment will depend on the

size of the monomer, the concentrations of small oligomers and the sensitivity

of the spectrometer.

1.5.2 Diffusion NMR

Diffusion NMR experiments combine radiofrequency pulses as described above

with the application of gradients along the z axis [229]. In Figure 1.12, we can

see that the consequence of applying the gradient is that the spins, represented

as net vectors, experience a rotation that depends on their position along the

z axis (referred to as "encoding"). Following that, there is a delay (∆), after

which a gradient with opposite effects is applied. In the case that there were

no movements during the delay time, the original vectors would be restored to

their initial intensity (ignoring relaxation).
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∆δ

Figure 1.12: Diffusion NMR. The main stages of a diffusion experiment are the dephasing
of magnetisation in a position-dependent manner along the z axis, a delay period in which
molecules diffuse, and a reverse rephasing of the magnetisation which restores the signal
of the molecules that haven’t moved in between the gradients. Taken from [230].

In contrast, this experiment is based on the fact that during the delay, biomolecules

are expected to diffuse in the solution due to Brownian motion. When the second

gradient is applied, some of the magnetisation will not be recovered. Mathematically,

this is expressed by the Stejskal-Tanner equation, which states that the signal S

at the end of the experiment varies as:

S = S0e
−γ2δ2g2(∆− δ

3 )D (1.4)

where γ: gyromagnetic ratio, δ: duration of the gradient pulse, g: gradient

strength, ∆: duration of the diffusion delay and D: diffusion coefficient.

A series of 1D spectra are acquired at varying gradient strengths, with δ and ∆

calibrated to give almost (but not complete) attenuation at the highest gradient

strength, and the decay in intensity is fitted to the above equation to yield the

diffusion coefficient. The calibration parameters depend on the size of the molecules

studied; a protein will require a longer delay and a stronger gradient for the signal

to be attenuated, in comparison with a small molecule. However, even if neglected

in equation 1.5.2, relaxation is present during the experiment and will reduce the

signal. For this reason, it is common to study the diffusion of proteins using a

particular type of diffusion experiment, called the pulsed field gradient stimulated

echo, in which the magnetisation is stored along the z axis during the diffusion
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delay (the longest part of the experiment), which prevents the stronger decay of

the signal by transverse relaxation.

Diffusion NMR is thus informative on the molecular size of the biomolecules

in the sample. In the case of this thesis, as seen in Chapter 2, we applied it to

understanding the identity of the small species observed during aggregation reactions.

1.5.3 Chemical exchange

As discussed above, the chemical shifts of magnetic nuclei within a molecule

are very sensitive to the local electronic environment. As a consequence, changes

in the environment such as those caused by a binding event cause chemical shift

perturbations that can often be observed and quantified in the form of dissociation

constants. These are referred to as chemical exchange, given that there are multiple

states of the molecule (e.g. free and bound). This is illustrated in Figure 1.13.

Depending on the timescale of exchange between the populations, the chemical shifts

of both states (slow exchange) or an intermediate chemical shift (fast exchange)

are observed. In the intermediate regime, the signals become broadened and

hard to detect. Further to this illustration, experiments that probe exchange can

be used to obtain structural and dynamical information on high energy states

("excited" states) that are invisible because they exist sparsely and transiently, yet

are essential for biochemical function [231].

1.5.4 Applications of solution NMR to the study of protein
aggregation

Solution NMR has been extensively applied to the study of protein aggregation, in

particular to probe the conformation(s) of monomeric species and detect interactions

with large aggregates through exchange methods [233]. However, and perhaps

surprisingly given the degree of sophistication in the approaches employed, only

recently has NMR started to be used for kinetic monitoring, which as discussed

above requires time-series of the relatively "simpler" experiments. These studies

include the monitoring of the prion protein [234], amyloid β 40 [235] and 42 [236]
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Figure 1.13: Overview of chemical exchange. A. Example of the effects of symmetrical
(i) and asymmetrical (ii) exchange on peak shape and chemical shift, depending on the
timescale of exchange. In a slow exchange regime, the NMR signals correspond to the
two states, in a proportion weighted by the populations. If the exchange is fast, the
peak position is located in an intermediate chemical shift position. In an intermediate
regime, the signals might be broadened beyond detection. The two states have the same
relaxation rates. Taken from [230]. B. Examples of exchange regimes in the amide peaks
upon titration of the constant region of immunoglobulin E with a specific antibody. Taken
from [232].

[237], human islet amyloid polypeptide [237] and hungtingtin [238], in addition

to the study from our lab already discussed [37].

Summary of advantages of NMR versus other techniques for the study
of protein aggregation

Table 1.1 shows a comparison of NMR and two other techniques regarding their

use for monitoring kinetics of aggregation. Importantly for this thesis, NMR has

the unique advantage of providing information on the small species, and therefore

the early events in the aggregation pathway. Also, related to the mathematical

fitting aspect of kinetics modelling, there is a direct relationship between the

signal and the concentration which is very suited to our approach of using exact

numerical integration methods.
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1.5.5 Applications of NMR to the study of phase separation

Solution NMR is uniquely suited to the study of the conformations and dynamics

of disordered proteins, particularly in the context of phase separation [239], in

comparison with other classical structural biology techniques such as X-ray crystallography

and cryoEM. As discussed in the section above, NMR has shown that several proteins

remain disordered during phase separation, as well as detected interactions and

motions in the condensate phase [156] [157].

1.6 Thesis overview

This thesis is organised in four chapters. In the first three, I present the

results of studying the mechanism of aggregation and inhibition of the protein

tau using NMR and chemical kinetics:

• Chapter 2 covers the process of validating R3 as a model system for tau, in

terms of biological relevance, reproducibiity of the kinetics and suitability to

NMR based monitoring.

• Chapter 3 discusses the mathematical challenges of modelling protein kinetics

using exact approaches and presents developments to an existing method.

• Chapter 4 shows the results of applying the modelling strategy described in

chapter 3 to the tau model R3 and its inhibition by a literature peptide.

In chapter 5, I focus on the emerging phenomenon of phase separation and in

particular on the hypothesis of condensates constituting distinct solvent environments.

I present the development of NMR-based partition coefficient measurements and

partitioning trends of nucleotides into a model system of a biomolecular condensate.
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R3 as a model system for tau aggregation

2.1 Abstract

In this chapter, we have assessed two potential tau constructs as model systems

amenable to NMR-based chemical kinetics studies of aggregation mechanism and

inhibition by small molecules. The constructs tested were the third repeat of

the microtubule domain, "R3", and the third and fourth repeats, "R3R4". Both

contain one of the aggregation hotspots, the hexapeptide 306VQIVYK311, while R3R4

corresponds to the resolved core in cryoEM structures of Alzheimer’s brain fibrils.

The two constructs showed many similarities: they reproducibly aggregated in a

timescale of days, in a cofactor-free way, and aggregation was inhibited by literature

peptide D-TLKIVW. However, R3R4 aggregation was very slow in the absence of

agitation, which hinders the temporal resolution that can be achieved using NMR

due to the need to shuttle the sample between the spectrometer and a shaking device.

For this reason, we focused on R3 as a potential system. We could detect two species

with distinct chemical shift for the two histidine residues, and which corresponded

to monomer and dimer as assessed by diffusion NMR. Dimerisation and aggregation

were inhibited in the presence of DTT, suggesting an on pathway role for a disulfide

linked dimer at position Cys322; the need for oxidising conditions was bypassed in

the case of seeded elongation. Further, R3 aggregates acted as seeds for aggregation

48



2. R3 as a model system for tau aggregation 49

of full length tau in HEK293 cells. Overall, R3 fulfilled the requirements for a

model system that we set out to meet, and a dataset of aggregation curves was

acquired by NMR to enable chemical kinetics fitting to models.

2.2 Introduction

Aggregation studies of tau often require the use of constructs, due to the low

aggregation propensity of the full length wildtype protein, as well as inducers and

agitation conditions [69] [81] [240], the latter of which are especially expected

to affect the kinetic mechanism. The finding that heparin-induced recombinant

fibrils diverged in structure from Alzheimer’s brains fibrils [76] has prompted the

search for cofactor-free aggregation models [78] [79]. Additionally, fluorescence

dye based monitoring of aggregation, though commonly used, possesses some

limitations in terms of the difficulty to interpret the signal in terms of protein

concentration, the lack of signal from non-amyloid species preventing detection of

early binding/nucleation events, and the requirement of potentially interfering dyes

[33]. Recently, NMR has been used to monitor aggregation kinetics [37] [238], with

the advantages of being a label-free method with a direct signal-to-concentration

relationship, which allows the observation of early events in the aggregation process.

For the above mentioned reasons, we chose NMR as the method for monitoring

kinetics of aggregation of tau, and aimed to find a suitable tau model system.

Such a system would be defined by:

• Aggregation on a suitable timescale for the experimental set-up

• Reproducible kinetics

• Aggregation in the absence of cofactors or agitation

• Biological relevance

Regarding the biological relevance, we chose two constructs to test given their

importance within the full length tau protein isoforms. Briefly, as discussed in the

introduction, the microtubule binding domain aggregates faster than the full length
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protein, and in particular two sequences of six residues, at the beginning of repeats

2 and 3, constitute hotspots for beta-sheet formation and aggregation. Repeat 3

(tau306-331), unlike repeat 2, is present in all isoforms, and Alzheimer’s disease

has a mixed content of 3R isoforms (lacking R2) and 4R isoforms (containing all

four repeats) (see Figure 1.6). Further, the repeat 3 had already been found to

self-aggregate in the absence of heparin and shaking, even if more slowly, and form

amyloid as detected by fluorescence of thioflavin T [241]. The other construct tested,

called "R3R4" (tau306-378), encompasses repeats 3 and 4, plus an additional 6 C

terminal residues, and was chosen since it corresponded to the protofilament core

in Alzheimer’s patient brain derived fibrils as resolved by cryoEM [65].

2.3 Methods

2.3.1 Contributions

All experimental procedures were carried out at Eli Lilly facilities (Erl Wood

Manor, UK) by our collaborators Gary Sharman and Sylvain Demanze (NMR

diffusion experiments and NMR-monitored kinetic runs, including sample preparation,

set-up and analysis), Suchira Bose, Annalisa Cavallini, Caroline Kerridge and Sarah

Pearce (ThT aggregation assays and cellular seeding assays). Results implications

and project directions were discussed with all above.

2.3.2 Materials

The following antibodies were kind gifts from Peter Davies (Albert Einstein

College of Medicine, New York): MC1 (Jicha et al., 1997) and PG5 (Ser(P)409(Jicha

et al., 1999). R3 and R3R4 peptides were purchased from CPC Scientific. These

have the following sequences:

R3:

306V QIV Y KPV DLSKV TSKCGSLGNIHHK331
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R3R4:

306V QIV Y KPV DLSKV TSKCGSLGNIHHKPGGGQ

V EVKSEKLDFKDRV QSKIGSLDNITHV PGGGNKKIETHLLTF 372

The numbering refers to the 2N4R isoform, as per convention (UniProt ID

P10636-8).

2.3.3 Thioflavin T monitored kinetic assays

R3 or R3R4 were resuspended in phosphate buffered saline (PBS) buffer

containing 15 µM ThT in a 384 well plate., using dilutions to yield the desired

concentrations of peptide. Triplicate experiments for each concentration were

performed. Samples were incubated at 37ºC, with shaking at 1200 rpm, and the

Thioflavin T fluorescence measured at various time points using an Envision plate

reader at ex/em 405/525nm. The plate was incubated until the Thioflavin T

signal plateaued.

2.3.4 NMR
Assignment of R3 peptide

R3 was assigned in water (under conditions in which it didn’t rapidly aggregate)

at 25 ºC.

Experimental kinetic run set-up

A 1 mM solution of R3 peptide was prepared in pure water (to prevent

aggregation). For reproducibility, the solution was aliquoted into Eppendorf tubes

(54 µl per tube tube), and the aliquots frozen at -80 ºC. Aliquots were removed from

the freezer as needed and thawed. 492 µl of 50mM PBS, pH 7.4, was added along

with 5.4 µl of DMSO (control) or inhibitor stock in DMSO for inhibition studies.

The sample was mixed, transferred to a 5mm NMR tube and placed into the NMR

spectrometer with temperature control pre-set to 37 ºC. The delay between mixing

R3 with buffer and the first NMR data point was recorded.
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R3R4 assays A similar protocol was followed for the R3R4 kinetic assay in the

absence of shaking. For the assay with shaking, in between the NMR acquisition

points the sample was transferred to a microcentrifuge tube and shaken at 1200

rpm in a Block Thermal Mixer (Thermo Scientific) at 37 ºC.

Assessment of DTT effects To test the effects of DTT on primary and seeded

aggregation, two experimental variations were performed. In the first sample,

(primary aggregation), an aggregation sample of 100 µM R3 was as described

above, but with PBS buffer containing 1 mM DTT. In the second sample (seeded

aggregation), a thawed fresh R3 aliquot was added to the recovered sample of

a run with 90 µM R3, which contained aggregates that act as seeds, and DTT

was added to 1 mM final concentration.

Aggregation assays

NMR data were recorded on a Bruker Avance III 600 MHz instrument. Samples

were shimmed with topshim and tuned using automatic tuning and matching.

Spectra were acquired using composite pulse presaturation solvent suppression.

Spectra were all acquired under identical conditions of 1024 scans, each experiment

taking approximately 20 minutes.

Kinetic data processing

Data were processed using MNova software. They were imported into a stacked

plot with 1:10 decimation. The same manual phase correction was applied to

all spectra, followed by automatic spline baseline correction. Relevant peaks

were identified by a window of chemical shift, and intensities extracted using

a MNova script (Mestrelab). The previously measured delay was added as an

offset to the time dimension.
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Diffusion

Set-up and analysis The Bruker pulse sequence “ledbpgppr2s” (stimulated echo,

with water presaturation) was used with diffusion delay ∆ of 0.2 s and gradient

pulse length δ of 4 ms. Data analysis was done using MNova (Mestrelab).

Hydrodynamic radii relationships with diffusion coefficients The relationship

between the diffusion coefficient and the hydrodynamic radius (the radius of the

corresponding hard sphere which diffuses at the same rate as a particular molecule)

can be used to interpret the diffusion data on aggregating species in terms of their

oligomer state, by using the appropriate power-law scaling factor for the case of an

intrinsically disordered protein. According to the Stokes-Einstein equation:

D = kBT

6πµRh

(2.1)

where D: diffusion coefficient, kB: Boltzmann constant, T: temperature (in K),

µ: solvent viscosity and Rh: hydrodynamic radius.

If we consider multiple oligomeric states within an experimental sample, all

parameters in the Stokes-Einstein equation have the same values apart from the

Rh. Rh depends on the number of amino acids and the degree of compaction of the

protein according to the following power-scaling law, established empirically[242]:

Rh = R0N
v (2.2)

where N is the length of the sequence and R0 and v are constants fitted from

sets of proteins, and which vary for folded (0.29) unfolded/chemically denatured

(0.55-0.57) and intrinsically disordered (0.51) proteins [242] [243].

Therefore we can express the ratio of diffusion coefficients of two species 1 and 2

as:

D2

D1
= Rh1

Rh2
=
(
N1

N2

)v
(2.3)
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For a scaling v of 0.51, since Tau is an IDP, assuming the second species is

a dimer and replacing N1/N2 by 0.5, we obtain a value of 0.707 for the ratio of

diffusion coefficients, which is reported in Figure 2.4.

2.3.5 Seeding with aggregated R3 peptide in a cell-based
assay

Seed preparation

Lyophilised R3 peptide was resuspended in PBS containing 1 mM DTT and

15 µM Thioflavin T in a 384 well plate. Samples were incubated at 37ºC, shaking

at 1200rpm and the Thioflavin T fluorescence measured at various time points

using an Envision plate reader at ex/em 405/525nm. The plate was incubated

until the Thioflavin T signal plateaued. Aliquots were stored at -80ºC until further

use in the cell based assay.

Cellular assay

HEK293T cells expressing human 1N4R P301S Tau were used to assess the

ability of the R3 fibrils to induce aggregation in a model system [244]. Cells

were grown in 96 well poly-D-lysine coated plates and induced to express 1N4R

P301S Tau with 1 µg/ml tetracycline. Subsequently cells were incubated with R3

aggregates (1, 0.5, 0.25 and 0.125 uM) diluted in complete cell media (DMEM

plus 10% fetal calf serum). After 3 hours, the inoculum was removed, washed with

PBS to remove exogenous aggregates, and replaced with fresh complete medium.

Cells were maintained for a further 3 days at 37 ºC and 5% CO2 in a humidified

incubator. Cells were fixed with Glycofix containing 1% Triton X-100 for 20 minutes

and intracellular Tau inclusions detected by immunofluorescence.

Immunofluorescence

Fixed cells were washed thoroughly with PBS and blocked with Odyssey blocking

buffer prior to incubation with primary antibodies. The antibodies used were MC1

(1:8500) with anti-IgG1 conjugated to Alexa Fluor 568 (1:1000) and PG5 (1:1000)

with anti-IgG3 conjugated to Alexa Fluor 488 (1:1000). Washings were carried
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out with PBS and antibody solutions prepared with Odyssey blocking buffer.

Hoechst staining was used to visualize nuclei. Confocal images were acquired

using an Olympus Fluoview 1000 with a 60x oil objective. An Acumen imager

was used for high-content imaging.

2.4 Results and discussion

2.4.1 R3 and R3R4 self aggregate in PBS

The constructs R3 and R3R4 aggregated reproducibly in PBS, without the

addition of cofactors, as can be seen by monitoring ThT fluorescence (Figure 2.1).

There was an initial lag phase, corresponding to early nucleation events (longer

for R3R4), followed by a rapid increase in signal and a plateau.
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Figure 2.1: Aggregation of R3 and R3R4 followed by thioflavin T fluorescence. A.
Kinetic traces of R3 and R3R4 aggregating under shaking conditions, at a concentration
of 100 µ, also showing the effects of D-TLKIVW (R3/R3R4 + I traces). B Quantification
of the extent of inhibition, assessed by calculating the average area under the curve (AUC)
(n=6) of the traces (normalised to the highest point) with respect to the values without
inhibitor. The colours of the traces correspond to those in A. Raw data provided by Eli
Lilly.

The literature inhibitor D-TLKIVW, found to inhibit aggregation of the K12

and K18 constructs, was inhibitory for both constructs, to a higher extent for R3R4

as can be seen by a longer lag phase before the start of the increase in fluorescence.
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2.4.2 Aggregation of R3 followed by NMR

The fragment R3 readily aggregates without shaking, as can be seen in Figure

2.2. From a qualitative analysis of the NMR data, it is clear that there are two

species visible, indicated by two very distinct kinetic patterns: one in which the

signal decays from the beginning, and another in which there is a build-up and

decline of the signal. These patterns can be seen in both amide and methyl regions

and correspond to a monomeric and dimeric species as discussed in the next section.

For each species, there is excellent agreement in the evolution of intensity of the

doublets. The agreement between amide and methyl regions is better for the dimer

peaks, while the methyl region monomer peaks have a slightly higher intensity than

the amide peaks. This is probably due to the fact that the methyl area has more

overlap in amino acid resonances; in contrast, the peaks in the aromatic region can

only correspond to histidines(∼7.8 and 7 ppm) and one tyrosine (doublets at ∼ 7.1

and 6.9 ppm). In particular, the four peaks in the 7.77-7.83 ppm region (see Figure

2.2 B) correspond to one of the imidazole protons of histidine residues H329 and

H330, with the main peak and a downfield shoulder corresponding to the dimer

for each histidine. The 7.8 ppm was chosen to monitor monomer intensity and the

7.77 for dimer, respectively, for kinetic traces of a larger dataset.

Further, we can see there is a good match between the timescale of aggregation

and the experimental set-up. Each data point corresponds to 20 minutes of

acquisition, and there are no steep changes in signal intensity where data is not

available.

2.4.3 R3 stock samples are disordered and contain monomeric
and dimeric species

The fragment R3 was investigated by NMR in non aggregating conditions. First,

the assignment showed that there was no secondary structure, as indicated by very

small deviations for random coil values for most amino acids (Figure 2.3).

The oligomeric nature of the species yielding the two traces was investigated by

diffusion NMR using a sample in water (non-aggregating conditions), corresponding



2. R3 as a model system for tau aggregation 57

7.79 ppm

 0.74 0.76 0.78 0.8 0.82
1H ppm

 0
 10
 20
 30
 40
 50
 60
 70

time

 0  20  40  60time (hr)

 0  20  40  60  7.77 7.79 7.81 7.83time (hr) 1H ppm

 0
 10
 20
 30
 40
 50
 60
 70

time

 0  10  20  30  40  50  60  70

time (hr)

7.80 ppm

N
M

R
 s

ig
n

a
l 
in

te
n

s
it
y
 

N
M

R
 s

ig
n

a
l 
in

te
n

s
it
y
 

N
M

R
 s

ig
n

a
l 
in

te
n

s
it
y
 

7.82 ppm

7.77 ppm

 0  10  20  30  40  50  60  70

time (hr)

0.78 ppm
0.77 ppm

 0.76 ppm

 0.75 ppm

7.77 ppm

7.79 ppm

N
M

R
 s

ig
n

a
l 
in

te
n

s
it
y
 

B

A

D E

C

 0 1 2 3 4 5 6 7 8 9

* *

1H ω (ppm)

B,D

C,E

species 1

species 1

species 2

species 2

species 1

species 2

Figure 2.2: Aggregation of R3 followed by NMR. A. 1H spectrum of R3 peptide. B,
C. Waterfall plots of 1H spectra during a typical aggregation run of the R3 fragment
(B: aromatic region, C: methyl region). D,E. Kinetic traces corresponding to the ppm
resonances shown in B and C, quantified as the intensity of the highest point within a
small range around the peak maximum at t=0h. Raw data provided by Eli Lilly.

to the initial equilibrium (Figure 2.4). The diffusion coefficients were fitted to

1.48·10-6 cm2s-1 for species 1 and 1.03·10 -6 cm2s-1 for species 2. By considering

the power-scaling law that links the hydrodynamic radius and length of sequence,
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Figure 2.3: Lack of secondary structure of an R3 sample in non aggregating conditions.
The deviation shifts were calculated by comparing to reference literature values. Data
and analysis provided by Eli Lilly.
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of the signal decay as a function of relative gradient strength. C. Measured diffusion
coefficients for monomer and dimer compared to the diffusion coefficient expected for a
dimer of an IDP (see Methods). Raw data provided by Eli Lilly.

in particular with scaling for IDPs, we found that the ratio of diffusion coefficients

agreed with a monomeric species for the decaying resonances in Figure 2.2 and

dimeric species for the trace that builds up and decays.

2.4.4 R3R4 doesn’t aggregate in non-shaking conditions

In the case of R3, both monomer and dimer traces substantially decay over

time to a plateau close to zero, indicating that almost all the small species present

initially have been incorporated into large oligomers or fibrils that are not visible
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by NMR due to their large size and relaxation properties. For R3R4 (Figure

2.5), similar monomer/dimer features are observed but the monomer and dimer

plateau at around 25% and 90% of their maximum intensity, suggesting they have

reached an equilibrium but are not progressing into larger aggregates at a significant

rate that would correspond to the quick consumption of monomer expected for

elongation reactions. This is in line with findings by Carlomagno et. al, who showed

aggregation of this construct in the absence of cofactors only with agitation, also

at 37 ºC (even if the temperature requirement was more flexible and aggregation

also happened at room temperature) [245].

We next explored a hybrid shaker-NMR assay for R3R4 in which the sample

was manually transferred from a shaker to the spectrometer at several points

in the reaction, which can be seen in the trace with five datapoints in Figure

2.5. As expected, the timescale of decay of the total signal (∼30h) matched the

build-up of fluorescence in Figure 2.1.

However, given the experimental challenges in running this hybrid assay over

several days, plus the expected larger variability and lower temporal resolution,

we decided this was not a suitable system to acquire a dataset for quantitative,

modelling and chose to focus on R3.

2.4.5 The aggregation of R3 in non shaking conditions is
reproducible

We had obtained good reproducibility in ThT monitored aggregation assays

of R3 (see Figure 2.1), however it was necessary to verify that this would also be

the case in non-shaking conditions and in a different experimental set-up, given

how sensitive aggregation experiments can be to many sources of experimental

variability. Figure 2.6 shows that there were small variations between two replicates

of 100 µM, as expected, but the reproducibility was very good in the context of

aggregation kinetics studies in the literature.
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2.4.6 The formation of dimer occurs in oxidising conditions
and is essential for primary aggregation of both R3
and R3R4

Given the literature concerning dimerisation via the cysteine residue in R3

(Cys322), we investigated the effects of a reducing environment on dimerisation and

overall aggregation by using dithiothreitol (DTT). When DTT was added to the

resuspension buffer, the amount of dimeric species present initially (approximately

15 minutes after onset of aggregation) was much lower and further decreased

with time, indicating the initial pre-equilibrium of monomer-dimer is disrupted by

DTT (see Figure 2.7 A). Additionally, aggregation was greatly abrogated, with the

monomer trace staying at around 80 % of the initial value after 65 h (compare

with an almost complete decay in panels D and E in Figure 2.2). Consistently,

the monomeric trace decay was much less pronounced, since levels of monomer

stayed around 80% of the initial values. We then tested whether the oxidising

environment was required at all stages of aggregation by performing a seeded assay

with preformed R3 aggregates, in the presence of DTT. In that case, there was

no detectable dimer present, but the decay of monomer proceeded much faster,

plateauing earlier than primary aggregation without DTT. This is consistent with

seeded aggregation bypassing nucleation events, and indicates that elongation is not

dependent on either a substantial amount of free dimer nor oxidising conditions.

We also tested the effects of DTT on the longer R3R4 model system, using a

fluorescence based assay with shaking, and found similar inhibition of aggregation

to that observed with R3 (see Figure 2.7 B).

R3 and R3R4 behave similarly to literature 3R constructs in heparin-

induced aggregation reactions In the literature, dimers (and higher order)

species have been observed under oxidising conditions by native gel electrophoresis for

3R constructs (lacking the second repeat, e.g. K12), which only contain one cysteine

(Cys322), while in the case of 4R constructs (e.g.K11) two bands corresponding

to different degrees of compaction of the monomer were observed [119]. When
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Figure 2.7: Effect of DTT on the aggregation of R3 and R3R4. NMR monitored
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the cysteine was mutated to alanine, or under reducing conditions, the dimer

band disappeared, confirming the presence of an intermolecular disulfide bond. In

the 4R K11 construct, the compact monomer was the predominant species under

oxidising conditions, while a reducing environment led to a majoritary extended

conformation, suggesting an alternative compact conformation held together by

an intramolecular disulfide bond. The aggregation of the two constructs followed

opposite trends with redox conditions; K12 aggregated only in oxidising conditions

and was inhibited by reducing agents or the mutation Cys322Ala, while K11

aggregated only in reducing conditions or when one of the cysteines (Cys291, in

repeat 2) was mutated to alanine. These distinct effects of the redox environment

on 3R versus 4R constructs were only observed when using heparin as the inducer,

but not with arachidonic acid [Barghorn2000].

In the course of this PhD project, a few studies have reported on redox conditions

effects for similar model systems to ours and in a cofactor-free manner, including the

closely related entire R3 repeat(tau306-336, containing an additional 5 C terminal

residues)[246] [247], and for the same R3R4 cryoEM core sequence[245], as well

as a 3R construct (dGAE;297-391)[79].

For the 306-336 R3 construct, aggregation was faster in oxidising conditions than

using a reducing agent or mutating cysteine 322 to serine; furthermore, chemical
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disulfide bond formation prior to aggregation greatly accelerated the kinetics

(yet reduced seeding efficiency to much lower levels, lower than the aggregates

formed in reduced conditions which had much slower aggregation as measured

by fluorescence) [246].

Annadurai et al. reported that R3 but not R2 was able to self-aggregate without

heparin, but that the aggregation of the C322A mutant, unable to form disulfide

bonds, was rescued by heparin; the effects of reducing agents were not explored

further [247]. Both R2 and R3 formed dimers in the presence of heparin, but

not at time 0. Their assay set-up method was similar to ours (resuspension of

lyophilised peptides in water, stored at -80ºC), however the lack of timepoints

between 0 and 24 hours and detail regarding the use of native or SDS denatured

elecrophoresis prevents further discussion of this potential difference in monomer-

dimer pre-equilibrium populations.

In contrast, in the case of R3R4, our results differ with those of Carlomagno et

al., given that they performed aggregation in reducing conditions (1 mM TCEP)

and it proceeded with very similar kinetic features to ours (in terms of time to

plateauing of fluorescence signal and disappearance of most of the protein from

the supernatant after centrifugation)[245]. This is surprising given that the buffer

conditions were not very different (PBS, pH 7.4 in our assay; 10 mM HEPES, pH

7.4, 100 mM NaCl in theirs) and the temperature was 37ºC in both cases, suggesting

a dependency on buffer and/or salt. Finally, another proof that the earlier 3R vs

4R explanation of redox effects might be too simplistic came from studies with

the dGAE construct (tau297-391), which starts with the last R2 4 residues, and

includes 20 residues past repeat 4, and is one of the protease(pronase)-resistant

constructs derived from Alzheimer’s paired helical fibrils [248]. The aggregation

of dGAE was qualitatively found to speed up in the presence of DTT and even

further in the mutant Cys322Ala, which led the authors to suggest there may be

a competition between on-pathway and off-pathway dimers[79]. As a follow up to

that finding, an experimental screen of aggregation conditions of dGAE and similar

constructs, combined with cryoEM resolution of the structures, was carried out in
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always reducing conditions (10 mM DTT) and found to yield fibrils with the same

structural cores as in vivo fibrils in AD and other neuropathies [77].

In our case, both R3 and R3R4 are behaving like a 3R construct in the classical

sense, R3 in agreement with the closely related 306-336 construct [246]. The

observation of a redox-dependent monomer-dimer pre-equilibrium of R3 is in

agreement with literature, with the caveat that we cannot compare the timescale

of the monomer-dimer conversion in our data the previous studies [119] [246] due

to lack of experimental details.

Why is the R3R4 dimer not progressing to aggregation in the absence of

shaking? Carlomagno et al. reported that R3R4 did not form fibrils (visible

either by EM or thioflavin fluorescence) in the absence of shaking (but with reducing

agent, as discussed above). In our case, under oxidising conditions and in the

absence of shaking, we have observed NMR signatures of both monomer and dimer

populations. 2.5. We speculate that either R3R4 can form both on-pathway and

off-pathway (disulfide-linked) dimers with the equilibrium affected by agitation, or

that there are higher conformational constraints (compared to R3) for on-pathway

dimers to proceed in the next steps towards fibrillisation and which are removed by

agitation. Further work would be required to investigate this behaviour.

2.4.7 R3 can seed full length tau in cells

In a study exploring the seeding capability of R3 related constructs as a proxy

for biological relevance, it had been found that the entire repeat (306-336) had

strong seeding ability in a HEK cell line stably expressing the four repeat construct

(244-372; with mutations P301L and V337M), with 50% cells showing aggregates,

but that shorter constructs including our model system (306-331 and 306-326) also

had seeding ability, with 10% of cells showing aggregation[246]. On the other hand,

smaller constructs, most notably including the hexapeptide 306VQIVYK311, did

enter the cells but failed to seed the microtubule binding domain.
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Figure 2.8: Seeding of full length tau by R3 aggregates. A. Representative seeding assays
with HEK293 cells expressing human P301S 1N4R tau. (i) Negative control without
seeds. (ii) Seeding with 1 µM R3 seeds). B. MC1-positive tau inclusions measured by
high content imaging showing dose-dependent inclusion formation with R3 aggregates
upon induction of tau expression. Data and analysis provided by Eli Lilly.

We confirmed this capacity for the R3 aggregates formed in our experimental

conditions, using a well-established cellular assay with transiently expressed full

length (1N4R) P301L tau [244]. HEK293T cells overexpressing tau were exposed to

pre-formed R3 amyloid fibrils for 3 days, resulting in MC-1 positive (red) and PG5

positive (green) tau inclusions which can be seen in Figure 2.8 Aii as merged yellow

signal. Staining for these antibodies indicates misfolded tau (MC-1) and the presence

of hyperphosphorylated aggregates (PG5), both of which are toxic. Seeding of full

length tau was concentration dependent and did not occur without induction of tau

expression (see Figure 2.8 panel B) or by expression of tau without addition of seeds.

Interestingly, both R2 and R3 aggregates formed in the presence of heparin have

been shown to have cell seeding capability, but that was only the case for R3 (and

not the R3 C322A mutant) for heparin-free seed formation [247].

Overall, our results and those of others highlights the relevance of the R3-derived

construct 306-331 in the cellular context of longer constructs (such as a microtubule

binding domain construct) and full length.

2.5 Conclusions

In this chapter, we aimed to test two potential model systems for tau aggregation,

given the low aggregation propensity of full length tau, in cofactor-free and shaking
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Figure 2.9: R3 as a model system for tau aggregation: summary of features A. Structure
of full length tau (2N4R) and schematic representation of constructs R3 and R3R4,
explored in this chapter as potential model systems for aggregations, as well as main
findings for each construct. B. Features of R3 aggregation. R3 aggregation can be
monitored by following the aggregation intensity of the C-terminal histidine residues,
which have distinct chemical shift signatures for monomer and dimer oligomeric states as
probed by diffusion NMR. The aggregation of R3 is reproducible in those conditions, and
produces aggregates that can seed the aggregation of endogenous full length tau in cells,
an indication of biological relevance.

free conditions (see Figure 2.9).

Both the R3-derived construct "R3" and the related longer sequence, "R3R4",

which forms the structurally resolved core of Alzheimer’s brains derived fibrils,

showed many similarities in terms of aggregation timescale (order of days), formation

of a dimer in early stages of aggregation and primary aggregation dependence on an

oxidising environment. However, R3R4 required vigorous shaking for aggregation

to proceed to fibrils, for which reason it was discarded as a model.

R3 exists in a pre-equilibrium of monomer and dimer species in water, as observed

by diffusion NMR, and which is quickly shifted towards monomer by the addition

of the reducing agent DTT, indicating the dimer is disulfide bonded. The dimer is

on-pathway to nucleation, since primary aggregation (but not seeded aggregation,
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as a proxy for elongation) require an oxidising environment. The monomer and

dimer species of R3 have distinct chemical shift signatures in the two histidine

residues, which allows us to monitor their concentration separately and with good

reproducibility. Finally, the R3 construct was capable of seeding full length tau

aggregation in a well-established assay, similar to literature results.

Overall, we have established an R3-derived construct as a suitable model system

for NMR-based quantitative chemical kinetics modelling of tau aggregation, which

aggregates reproducibly in the absence of cofactors or agitation, and which is

biologically relevant.
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3.1 Abstract

The modelling of protein aggregation in a chemical kinetics approach presents a

two-layer optimisation challenge. First, the model space, consisting of all possible

chemical interactions and conversions, is very large, given that aggregates reach

lengths of µm, corresponding to 103-104 subunits. A common approach is to sample

subsets of potential chemical reactions into proposed models. Second, within a

68
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specific aggregation model, there is a multidimensional rugged energy space with

local minima, which requires a suitable optimisation strategy. In this chapter, I

present method developments in both layers, building on previous work from our

lab applied to a different aggregating protein. We define an algorithm for sampling

of the model space, based on a systematic gradual increase of model complexity,

with inheritance of fitted parameters from simpler models in the more complex

models, followed by a reverse pruning procedure. The goal of this strategy is to

find the minimally complex model, in number of parameters, which can explain the

kinetic features observed. Further, we use an intermediate complexity model and

the data obtained for tau R3 to investigate three numerical integration methods in

terms of accuracy vs computing time, since numerical integration constitutes the

backbone of the optimisation method used. The results confirmed the suitability

of using the simplest of the methods, explicit/forward Euler, for the optimisation

of each aggregation model, which is accurate enough when dt is adequate for the

rates of evolution of the system. We decided to incorporate a result verification

check, after optimisation of parameters, comparing the χ2 with the value obtained

using the more accurate linear multistep predictor-corrector method. This updated

modelling strategy is applied to the biological system of tau R3 and the inhibitor

D-TLKIVW in the following chapter.
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3.2 Introduction

The modelling of protein aggregation kinetics with the chemical kinetics framework

presents several challenges. Aggregates reach large sizes in terms of number of

individual protein units, which results in a large number of potential chemical

reactions. Also, the resulting systems of differential equations (ODEs) are non-

linear, due to bimolecular interactions required for the growth of aggregates. What

follows is a detailed discussion of the challenges in terms of the amount of potential

reactions (model space challenge) and the difficulty of optimising non-linear systems

(optimisation challenge), in order to contextualise the method developments in

both areas that are shown in the Results section.

3.2.1 Model space challenge

The experimentally observed length of amyloid fibrils is in the µm range [23].

Considering the spacing of 4.7 Åcharacteristic of the amyloid fold, the range of

maximum protein subunits per fibrils would be in a range of 2·103 (1 µm) to 2·104

(10 µm). In the most exhaustive chemical description, all species would be expected

to interact with each other, for example by binding into larger species or breaking

apart. Only considering bimolecular binding reactions, the number of reaction rates

(forward and backward) to fit corresponds to n2 (where n is the number of subunits

in the largest fibril); in addition, we could have n rates for unimolecular events such

as structural conversion (see representation in Figure 3.1). In the case of structural

conversion, this opens up another n2 space of bimolecular binding events, since

it is reasonable to assume that binding rates depend on conformation. Overall,

this complexity would be very hard to tackle computationally. We would also risk

running into an overfitting situation, having more parameters to fit than datapoints.

For this reason, most aggregation models effectively group subsets of rates into

single forward and backward rates as well as set other rates to 0. For example, in

the case of linear polymerization, all Pi species elongate by P1 (monomer) (see panel

B i) ) with equal forward and backward rates, and all other rates of interactions

of Pi with Pi(i 6= 1) are set to 0. In a slightly more complex nucleated model, the
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Figure 3.1: Mathematical complexity in protein aggregation systems. A. Representation
of the possible unique reaction rates space in an aggregating system with maximum length
n subunits of protein, considering bimolecular binding events (rates scaling with n2) and
some unimolecular events (rates scaling with n). Note that in the case of unimolecular
structural changes this could open up another n2 space of interactions. B. Illustration
of three models that simplify the complete model space by grouping sets of elementary
reactions to have the same rates, and by setting the rate of sets of events to 0.

equilibrium of early species would have distinct rates (see panel B ii) ). The latter two

approaches were considered by Oosawa in his seminal work on actin polymerisation,

which was fitted to a nucleated model with a trimeric nucleus [249]. As another

example, adding the chemical step of Pi elongating by addition of P2 (dimer) would

incorporate some of the reactions whose rates were set to 0 in the previous two

models, with distinct (also grouped) forward and backward rates (see B iii) ).



3. Development of a modelling strategy 72

In order to address this layer of optimisation, i.e. how to choose the reactions

to include, and any grouping of rates, in the Results section we define an algorithm

for model space search based on a systematic gradual increase of complexity, with

inheritance of chemical steps and fitted rates.

3.2.2 Model parameter optimisation

Aggregation models pose a multidimensional optimization challenge, especially

those including several primary and secondary events. In a rugged energy landscape,

there are multiple local minima which can prevent the optimization routine from

reaching the global minimum. Previous work of our lab focused on developing a

model optimiser for the application to the aggregation mechanism of α lactalbumin

and the effects of a chaperone protein [37]. Tkachenko et al. used a global algorithm

inspired in the basin-hopping algorithm, using the Levenberg-Marquadt algorithm

(LMA) as the local optimisation method [37]. The LMA is well suited for non-linear

least square fitting problems, such is the case for chemical mechanisms involving

many bimolecular reactions. It is an iterative method based on computing the

gradient of the function to minimise with respect to its parameters, around a trust

region. However, if there are local minima, it is very likely that LMA will not

converge on the true global minimum unless the starting parameter guesses are

close enough to the solution. It would be inefficient to use a brute-force grid search

method for such systems, given the multidimensionality (number of rates) and the

range of rate values to explore. Instead, Tkachenko et al. used a global search

method inspired by the framework of basin-hopping [250], which has been applied

to a range of biological optimisation problems [251]. Further, in the results section,

we describe two strategies for parameter value initialisation.

Basin-hopping couples local searches (using any suitable method) with the

introduction of perturbations to the parameters which bring the overall optimisation

to higher energy levels, some of which will lead to neighbouring lower local minima

and eventually the global minimum. This is represented in two dimensions as a

staircase of energy wells (see Figure 3.2).
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Figure 3.2: Staircase representation of the basin-hopping framework. Taken from [251].

In basin hopping, an important parameter is the amount of perturbation applied

to the parameters. If the change is too small, the new state of the system will

be within the same energy well and the local search will return the previous local

minimum. In the other extreme, if the parameters change too much, the new

position might be very far away (in energy space) from the current position. In

the latter case, this framework degenerates into a multistart method, losing the

connection with the previous state[251]. In the result section, we describe our

approach with regards to setting the amount of perturbation.

At the lowest layer of the optimisation, in any local search strategy (such as

LMA, used here), there is a need to choose a method for numerical integration of

the systems of ODEs. In the next section, we describe three methods of varying

accuracy whose performance is discussed in the Results section.

Numerical integration methods

Let’s consider a chemical reaction of the form:

P1 + P1
k+−−⇀↽−−
k−

P2 (3.1)
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The rates of change of each species are given by:

d[P1]
dt = −2k+[P1]2+2k−[P2] (3.2)

d[P2]
dt = k+[P1]2 −k−[P2] (3.3)

In a more general sense, the evolution of a species, for example P1, is defined

as a function of time y(t). Given the state of the system yn at time n, we need to

calculate the state of the system at time yn+1, after a time interval (dt above). This

is done differently depending on the method. In the simplest method, developed

by Euler in the 18th century and referred to as "forward/explicit Euler", this

approximation is made:

y(t+ h) ≈ y(t) + h(f(t, y(t)) (3.4)

where f(t, y(t)) is the gradient at time t and h is the time interval (dt above).

Therefore the value at a time n+1 would be calculated as:

yn+1 = yn + hf(tn, yn) (3.5)

Because the value yn+1 is defined in terms of known values, it is a type of explicit

method. The global error accumulated is on the order of h, which is why the

method is called first-order. In order to improve the accuracy of integration, two

broad types of methods exist: methods in which more points in the interval h are

used, often referred to as Range-Kutta methods, and multistep methods in which

the value at yn+1 depends not only on yn but more values in the past (e.g. yn−1).

Further to that, methods have been developed that use a variable step size (variable

h) which is adjusted based on a computation of a local error.

We have compared forward Euler to a second order Range-Kutta method and a

multistep method with variable step size (with an order ranging between 1 and 12):

1. Explicit midpoint method. The value of the function at time tn+1 is

calculated as:

yn+1 = yn + hf(tn + h

2 , yn + h

2f(tn, yn)) (3.6)
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This requires two computations: 1) a calculation of the state of the system at

the midpoint (yn+1/2, at time tn+h/2), and 2) the calculation of the state at

time tn+h using the gradient at the intermediate point to evolve yn to yn+1.

The error is on the order of h2.

2. Variable step multistep methods. This method was implemented

from the GSL2.7 library using the step type msadams. It is a multistep

method, which considers more positions other than the immediately past one.

This particular implementation uses an explicit predictor method (Adams-

Bashforth) and an implicit corrector method (Adams-Moulton). It is also

a variable step size method in which the size of the step is automatically

modified based on a specified relative error and absolute error, from an initial

dt. The step size is adjusted to be accurate enough and also increased if the

error is much below the tolerance, providing an optimal computational cost.

3.3 Methods

3.3.1 Contributions

The back-end C++ optimisation code used in this thesis was written by

Andy Baldwin.

3.3.2 Representative model for tests

A model of intermediate complexity, with six rates, was chosen as a representative

case to explore the trade-off between accuracy and computation time of three

numerical integration methods. The model included off-pathway dimerisation

(forming P2,off), on-pathway dimer nucleation (forming P2,on) and elongation

by addition of monomer (from P2,on). The chemical equilibria of this model
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were as follows:

P1 + P1
k1−−⇀↽−−
k−1

P2,off (3.7)

P1 + P1
k2−−⇀↽−−
k−2

P2,on (3.8)

P2,on + P1
k3−−⇀↽−−
k−3

P3 (3.9)

Pi≥3 + P1
k3−−⇀↽−−
k−3

Pi+1 (3.10)

The parameters were set at the values shown in Table 3.1. The maximum length

of fibrils was set to 240. The simulations were done using three datasets, with

protein concentrations of 400 µM, 100 µM and 50 µM, respectively.

3.3.3 Settings and timing of numerical integration simulations

In our implementation, dt was set as the result of dividing the total time by

the setting rune, independently for each protein concentration. It follows that, in

the case of the forward Euler method, the number of function calls was directly

proportional to the parameter rune, and in particular three-fold since we used

three datasets (50 µM, 100 µM and 400 µM).

Table 3.2 shows the dt values for the rune settings tested. For the variable

step multistep method, initial dt was set to 10−3 h (0.27 s) and the relative and

absolute error tolerances were both set to 10−6.

Since the total time of the experiment was different depending on the protein

concentration (∼ 89h for 50 µM, ∼ 69h for 100 µM and ∼ 19h for 400 µM), so

was dt. This is intended, since the rates of evolution of species will be faster

for more concentrated samples.

In the forward Euler method, the sampling of dt was in the range of hours (for

rune = 75, dt = 0.25, 0.92 and 1.28 h for 400 µM, 100 µM and 50 µM, respectively)

and milliseconds (for rune 7.5·106, dt = 0.009, 0.03 and 0.05 s).

Each simulation was run three times and timed using Bash’s "time" command

upon calling the C++ executable. The time reported in the results corresponds to

the average ± standard deviation in "user time" (the cpu time spent on running
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Table 3.1: Rate values used for simulations. The rates correspond to the chemical
equilibria above, plus two non-rate parameters: srac (signal to concentration ratio) and
frac (initial monomer fraction /(monomer+dimer) ).

k1 9.7·10−5

k−1 4.5·10−7

k2 1.0·10−4

k−2 1.0·10−6

k3 1.0·10−4

k−3 1.0·10−6

srac 0.5
frac 0.9998

Table 3.2: rune settings tested and corresponding dt in the forward Euler method.

dt for forward Euler (s)
rune 400 µM 100 µM 50 µM
75 912 3312 4608
200 342 1242 1728
400 171 621 864
750 91.2 331.2 460.8
7.5·103 9.12 33.12 46.08
7.5·104 0.912 3.312 4.608
7.5·105 0.0912 0.3312 0.4608
7.5·106 0.00912 0.03312 0.04608

the code). The reported χ2 are cumulative from all the concentrations used in

the simulation. The χ2 error was calculated as:

χ2
err(%) = |χ

2 − χ2
true|

χ2
true

100 (3.11)

3.4 Results

3.4.1 Description of the algorithm

Figure 3.3 shows a general algorithm designed to approach the top layer (i.e.

which chemical reactions are included in the model) of this optimisation problem,

which can be applied to modelling the mechanism of aggregation of a protein and

also the effects of an inhibitor, in distinct stages as will be explained below.

The inputs of the process are the dataset of kinetic traces and the "pool" of

available chemical steps. The pool is designed manually based on the reactions



3. Development of a modelling strategy 78

proposed in the literature, as well as experimental insights relevant to the specific

case (i.e. which particular species have been observed to appear). The general

strategy is to build models of increasing complexity by combining the existing best

fitting model ("parent model") with other chemical reactions available in the pool.

In the case of a protein only mechanism, the initial model is fixed to be linear

polymerisation, since an essential aspect of any good aggregation model is that it

needs to be able to generate long aggregates, as observed experimentally.

The iterative process of building complexity goes in generations, each consisting

of a set of "child models" that all have the parent model steps in common. The

same generation "sibling" models get optimised in parallel, and the model with

the lowest χ2, the winning model, is chosen as the new parent. The steps that

did not get selected in the winning model go back into the pool and are available

for the following round of model building. It’s important to note that in the

simplest single-pathway implementation, which is the one used by default to avoid

too much complexity, there can exist mutually incompatible steps, for example a

nucleation reaction that converts two monomers into a into a dimeric nucleus (that

is elongation competent) and a nucleation reaction that generates a trimeric nucleus

from a monomer and a dimer. This is taken into account by removing from the

pool any steps incompatible with the new parent model.

After each generation is complete, and before starting a new one, there is a

set of stop conditions to consider: 1) whether the winning model is significantly

better than the previous parent model (to avoid overfitting), 2) whether the error

in the fit is still higher than the inherent data variability, (if available) and 3)

whether there are any remaining compatible steps in the pool. Steps 1 and 2 are

designed to avoid overfitting. If the data was still fitting poorly after reaching

condition 3, it would be necessary to either enlarge the initial pool or consider

parallel pathways, as was done in the original study [37].

Finally, once the building complexity stage had been completed, there would be

a pruning stage, essentially a reversal of the previous process, as a second-pass for

avoiding overfitting. In a similar generation-by-generation process, child models
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would be created in which one of the chemical steps has been removed. The models

would then be optimised and compared with the parent with the same criteria as stop

conditions 1 and 2. This would allow us to confidently assess that all the chemical

steps included in the final model are needed for the goodness of fit, regardless of

the order in which they were incorporated into the parent model. It is possible

to envision that at an early stage, in a poorly fitting model, introducing certain

reactions could lead to a substantial drop in χ2 and the acceptance of the steps, but

that once the entire system of chemical reactions had reached a global minimum,

some of the steps might be partially or fully redundant. This entire process is to be

applied twice in the case of the modelling of inhibition. Initially, the data with only

protein would be modelled, to achieve a well-fitting mechanism. Afterwards, the

chemical reactions and rates (with values fixed at the values fitted) of the winning

model would be the constant backbone of all the inhibition models. The design of

the inhibitor pool would be informed by the mechanism of the protein, in terms

of which species seem to have a specific relevance (i.e. the nucleus). In this way,

we can achieve explicit mechanistic modelling of both protein and protein-inhibitor

interactions, one of the strengths of using a numerical integration framework.

In a way, this algorithm resembles, at the top layer level, the gradient descent -

hopping algorithm that is implemented to optimise individual models. The gradient

descent part would correspond to testing several child models in parallel and

progressing in the direction of greatest improvement. The hopping/perturbation

aspect would correspond to the initialisation of some of the optimisation runs

with naive initial guesses, since that moves them away from a local minimum,

however not too far away considering the model space, since most of the chemical

steps are the same as those of the related parent which after optimisation had

achieved that local minimum.



3. Development of a modelling strategy 80

Linear polymerisation

goes forward

update parent model PM
n
  

update available pool AvP

AvP = P - PM
n
 - S

exc(PMn)

make child models CM
n

CM
n
i
 =  PM

n
 U Part

j
(AvP)

...CM
n
1

CM
n

2
CM

n
3

decide best CM

stop 

  ?

No  

n=n+1   

Yes  

refine CM
n
best

Best model

transmit inheritance

Define pool P

optimise 

model

2

4 4 5 4 4

6 7 6 5

 =20

3

 =10.7  =7.3  =10.2  =1.0  =7.2  =11.7

6

 =1.3  =3.9  =1.7  =3.9  =3.8

A B

Run A

4

2

4 5 4 4

6 7 6 5

 =20

3

 =11.2  =9.3  =10.9  =3.9  =2.9  =3.2

6

 =2.2  =2.3  =3.0  =2.5  =2.1

7 77 8

 =1.2  =2.1  =1.7  =2.8

99 10

 =1.2  =1.9  =1.4

1211

 =1.4  =1.1

14

 =1.0

Run B

=

pass guesses ({guesses})

build/find model ({steps})

optimise model (data)

score model (PM
n 
χ

2, 
dof)

{steps},{guesses}, data, PM
n 
χ

2, 
dof 

plot fits

Structure 

P

AvP

S
exc(PMn)

Pool = {S
i
} where S is a step

AvP = {S
i
}   

steps mutually exclusive 

with any step in the current 

PM
n
 set 

PM
n

parent model (generation n)

a child model of generation nCM
n
i

represents all information needed 

for the optimisation of that model

single value data variability

Meaning

available pool 

total pool 

S
exc(PMn) 

= {S
i
}  

PM
n
 = {S

i
} Є P,{rates}, dof

χ
2 
(after fitting)  

CM
n
 = {S

i
}, {guesses}, dof

χ
2 
(after fitting)   

represents information needed 

to generate children models, 

give appropriate guesses and

score CMs versus PM 

Part
j
(AvP) each of the elements in AvP[partition of set AvP]    

*PM
n
 and Part

j
(AvP) are 

needed to make CM
n
 

{el1 el2 frag ...   nuc
2      

} 

                          nuc
3

{ }
some steps are mutually 

exclusive inside the 

nucleation subset  

data evolution of observable

Stop conditions:

- no further improvement

  in child models

- no more steps to test 

-      ~ data σ 

  

A

B

i) ii)

iii)

N
u

m
b

e
r 

o
f 
p

a
ra

m
e

te
rs

 

χ
2
 o

f 
b

e
s
t 
m

o
d

e
l 

3.5

1.5

2.0

2.5

3.0

1.0

2 3 4 5 6 7
0

2

4

6

8

10

12

14
Randomised results (1000 runs)

Generation of best model

*PM
n
 determines S

exc(PMn)

array(times,[prot])

data σ

Figure 3.3: A. Schematic of the algorithm flow. (i) Overview of the generation-based
model building strategy. (ii) Optimisation steps. (iii) Detailed description of the structures
in (i). B. Illustration of the types of pathways taken by the algorithm in A, by repeating
the process 1000 times using a pool of seven chemical steps, and a pseudorandom number
generator (sampling a uniform distribution from 1 to 50/n2, where n is the current
generation) at the model optimisation stage. The graph shows the correlation between
best model χ2 and the generation the modelling routine stopped in a series of 1000 runs.
The trees depict two specific runs that finished with χ2 = 1.0 (run A, left), at generation
number 2, and another that also finished with χ2 = 1.0, but at generation number 7 (run
B, right).
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Example modelling pathways from simulations

Figure 3.3 shows the results of running the modelling algorithm, in build-up

stage only, with a pseudorandom number generator as the χ2 of optimisation. Two

examples of pathways are shown to illustrate the process. In the left shorter path,

the stop condition of the goodness of fit not improving versus the parent model

was met by a model of the 2nd generation, and therefore the algorithm stopped at

that point. In contrast, the path on the right exhausted the pool of steps, since

there were seven (arbitrary) steps in the pool and it stopped after generation 7

(with only one model left to test) gave a lower χ2 than the parent. The specific

implementation of generating a random χ2 was designed to reflect a real scenario

by sampling χ2 from a uniform distribution between 1.0 and 50/n2, n being the

current generation. The dependency on n meant that the higher the generation, the

lower the maximum bound of the distribution sampled, which was a way to mimic

the expectation that more complex models are expected to fit the data better.

In Figure 3.3 A ii), we can see the lower level of optimisation challenge described

in the introduction, the actual optimisation of parameters of a given model. In

the next section, we describe the results of comparing three numerical integration

methods to be used in the LMA local search.

3.4.2 Evaluation of the performance of several ODE solvers
Simulation of kinetic traces

Assessment of integration accuracy To test the performance of the different

numerical integration methods, a set of rates and a model of moderate complexity

were selected. To get a reference value for ’accurate’, a series of long simulations

with short dt were run using the various methods. Confidence was achieved when

all methods provided essentially identical descriptions of the kinetics, in this limit

(see Figure 3.4). For the purposes of modelling, we sought an optimal method that

provided a result with sufficient accuracy in a minimum amount of computational

time. To this end, the deviation of the simulation compared to the known correct

result was measured and we defined a maximum error threshold of 0.5%. Figure
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3.4 shows how all the methods converged to the same value of χ2 (472.246), which

for the Forward Euler and the Explicit midpoint method was achieved at 400

function calls. Using fewer function calls (i.e. too large dt) manifested in non-

physical discontinuities in the simulated traces, as shown in Figure 3.4 B i and

ii. Also, as expected, the Explicit Midpoint method had a smaller error for the

same setting of rune (with twice as many function calls), which is seen more

clearly in the following figure.

Assessment of computational time cost In order to obtain a reasonable

assessment of the durations of the different algorithms, the total computation

time was measured (see Figure 3.5).

In the case of high values of the rune setting (>105), this is directly measuring

the linear dependence expected on the number of core evolution function calls.

When this value was smaller, there were deviations from linearity, indicating that

ancillary functions of the program are contributing significantly to the measured time.

Nevertheless, this simple approach reveals the trade-off between computational

time and accuracy between the three methods.

We were interested in comparing the time taken by the variable step multistep

method, given these types of methods are designed to find the optimal balance

between sampling accurately and sparing resources, and found that it did an

excellent job in this case. The variable step multistep method took a similar time

to the other two methods with rune settings in the 750-7500 range and achieved

the same true χ2 as the two other methods at their largest values of rune. Based on

this, we have shown the result of the variable step multistep method interpolated

at rune of 1500, as a high-end conservative estimation (see Figure 3.5 B, inset).

At that range of rune, using the Forward Euler or the Midpoint method the χ2

had not completely converged to the true value, indicating that the variable step

multistep method performed better (see Figure 3.5 A, inset).



3. Development of a modelling strategy 83

 0

 20

 40

 60

 80

0 20 40 60 80

N
M

R
 R

e
la

ti
v
e

 i
n

te
n

s
it
y

time (h)

 0

 5

 10

 15

 20

 25

χ
2
 e

rr
o

r 
(%

)

evolve function calls

Forward Euler

Explicit midpoint

Variable step multistep

102 103 104 105 106 107

0 20 40 60 80

time (h)

0 20 40 60 80
time (h)

ii) iii) i) 

B i)

B ii)

B iii)

100 µM

400 µM

50 µM

data
fit

data
fit

data
fit

100 µM

400 µM

50 µM

data
fit

data
fit

data
fit

100 µM

400 µM

50 µM

data
fit

data
fit

data
fit

A

B

 0.5% accuracy threshold

Figure 3.4: Comparison of the accuracy of the forward Euler, explicit midpoint and
variable step multistep methods. A. Accuracy of integration depending on evolve function
calls (shown in log space). For forward Euler, this corresponds to how many times the
calculating function is called (for each protein concentration dataset) and to the setting
rune ( 1

dt), which varies for each concentration. For the explicit midpoint method, the
number of function calls per dataset is twice the rune value. rune is not a relevant
parameter for the variable step multistep method; the value is shown interpolated at
rune=1500, as a high-bound estimate based on measurements of calculation time (shown
in the next figure). The χ2 error was calculated relative to the true χ2, obtained with
the variable step multistep method and the other two methods using a very large rune
setting, and the threshold of 0.5 % accuracy is shown as a dashed horizontal line. B.
Non-physical mass discontinuities arise when using a dt that is not small enough for
the rates of evolution of the system of ODEs. (i) Reference simulated traces obtained
using the Forward Euler method with dt < 1ms. (ii) Simulated traces using the Forward
Euler and dt = 0.5− 2s. (iii) Simulated traces using the Explicit Midpoint method with
dt = 0.5 − 2s. Mass discontinuities in the 50 µM simulated trace are indicated with
arrows.
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on the setting rune ( 1
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Performance of numerical methods in LMA optimisation

Following the results that for this test model, the variable step multistep method

had performed more efficiently (and not just more accurately) than the other two

methods, we tested its use in LMA optimisation. However when we used this

method empirically as part of optimisation calculations, frequently it was found not

to progress to the local minima in a number of cases; the precise reasons for this were

unclear. The algorithm used by the variable step multistep approach to determine

the ’optimum’ time effectively assumes that all rates being optimised contribute

similarly to the overall evolution. In our case, some rates such as the nucleation rates,

have extremely strong effects on the overall curves generated, and so we suspect

that this is not working well with the heuristics in the variable rate algorithm. To

address this, we used the Forward Euler with a manually judged value of dt (rune =

5·104) for the optimisation runs, well within the 0.5 % acceptable error threshold

(in this instance), and with a relatively small calculation time. The calculation time

for each simulation in LMA would then be in the order of seconds (see Figure 3.5

B, upper rune range shown in the inset); in the real implementation, the maximum

length of oligomers was set to 800 instead of 240, around three-fold higher.

At the end of each optimisation run, we compared the obtained χ2
Euler with

the true χ2 obtained from the variable step multistep method. If the curves were

essentially identical (the difference in χ2 was below a 0.5% threshold), we concluded

that the Euler method and the choice of time step were well set-up, and the result

was approved. In the event of a deviation in this test, where the difference was

larger than 0.5 %, the result was flagged for manual interrogation. Over the course

of modelling three datasets (shown in Chapter 4), we observed around 5% of the

runs failing the test. However, for every model several optimisation runs were

run (details below in section 3.4.4) and for all models there were always multiple

results that passed all the checks, which led us to conclude that in our case, the

settings chosen for the Forward Euler method are an adequate trade-off between

accuracy and computational resources.
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In this section, we considered the tradeoff of accuracy versus computational

time of the numerical integration backbone of the model parameters optimisation.

We decided that the optimal balance would be to maintain the use of the fastest

Forward Euler method and introduce a single final "expensive" χ2 accuracy check

to validate the optimisation result.

3.4.3 Model fitting and comparison of model’s goodness
of fit

Model fitting

Minimisation We have performed a non linear least squares minimisation procedure

on each model proposed, in which the local search algorithm (LMA) minimises

the average error per point (χ2
RSS), defined as the Residual Sum of Squares

divided by datapoints:

χ2
RSS =

∑n
i=1(yi,exp − yi,sim)2

np
= RSS

np
(3.12)

where yi,exp represents each datapoint, yi,sim represents each simulated value

and np is the number of datapoints.

Note that the true χ2 would be:

χ2 =
∑n
i=1(yi,exp − yi,sim)2

σ2
i

(3.13)

were σi represents the error of point i. The errors are not always known precisely,

and such is our case, which is discussed below in section 3.4.3.

Regardless, within each model optimisation, the result of the minimisation

does not depend on which metric (RSS, the true χ2 or χ2
RSS as defined above) is

used, since the errors (known or not) and number of datapoints are constant

within the dataset.
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Comparison of relative goodness of fit between models In terms of

comparing models, though, one would aim to compare the true χ2 and also take

into account their complexity in terms of degrees of freedom.

However, given that the errors would be constant within the dataset, not

knowing them precisely does not affect comparing the relative goodness of models,

and so we have used the χ2
RSS.

In the case of child models within a generation, their complexity is equal

(within 1 parameter difference, in case some contain steps that consist of only a

forward reaction, i.e. fragmentation); therefore we chose as winner the model

with the lowest χ2
RSS.

The next section explains how we approached comparing models of distinct

complexity, in terms of evaluating the winner child of a generation with respect

to its parent and avoiding overfitting.

When to stop increasing complexity

As part of the algorithm depicted in Figure 3.3, there is a “STOP?” decision point

at the end of each generation, in which the winning child model of the generation

needs to be evaluated. This assessment is done to avoid overfitting, a problem we

are critically aware of. Certainly, we would expect that as the number of fitting

parameters in a model becomes large, the quality of the fit would improve and the χ2

would decrease. Overfitting would mean that we are effectively fitting noise, thereby

increasing the complexity of the model without any gain in mechanistic insight.

We considered several ways to address this problem. The first is a statistical

F-test. This allows us to estimate if the improvement in a fit is statistically justified

versus the increased number of degrees of freedom. In our case, it is not obvious

what to use as a true degree of freedom. Naively we would have thought we

could take the number of data points as the degree of freedom. When we did this,

however, because we have so many time points measured in our experiments, (in

the range of 103, compared 4-30 parameters), extremely small improvements in

χ2 became justified by this method. Therefore we concluded the F-test did not
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address our concerns about overfitting. Instead we relied on three criteria: 1) visual

improvement of the fit, 2) loss of goodness of fit from removal of each component,

and 3) comparison with experimental variability.

1. Visual improvement of the fit A model of increased complexity (a “child”)

was accepted as the new parent model if the improvement in χ2
RSS was visible

when inspecting the traces and fit curves. Over the course of the project, we arrived

at a working value of detectable change in χ2
RSS to be around 0.1, and this cut-off

acted as a reasonable ‘barometer’ of significant improvement.

2. Loss of goodness of fit from removal of each component At the end

of the complexity-building stage, when the additional complexity was not justified

(according to criteria 1), the final model was tested in terms of all the components

being needed for the fit. For this, a systematic removal of each step (referred to

as a pruning stage) was carried out from the final model. Simpler models (each

lacking one component of the final model) were optimised (with the same global

optimisation settings - see below) and compared to the final model. The final

model was approved if it was better than each of the pruned models according

to the cut-off in 1), meaning there was a significant loss of goodness of fit from

removing any of its components.

Otherwise, if the final model failed the test against a simpler model, that

simpler model was taken as the updated final model and the process of pruning

was performed again until a model passed all the tests. The final models presented

in Chapter 4 passed this two-step test, and the process is discussed in detail there.

3. Comparison with experimental variability Any experimental measurement

carries an error, and this needs to be accounted for when modelling data; a good

understanding of the experimental error allows fitting the data to a precision

equivalent to the uncertainty in the measurements, avoiding both underfitting (not

explaining all the features of the data) and overfitting (fitting noise). In the case

of our experiment, there are three main sources of error:
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1. Volume and weight handling errors that affect the concentration of protein

and small molecules. Since the reactions are sensitive to concentration, small

handling errors might lead to large differences in the kinetic traces. This

introduces random (the making of each high concentration stock and each

sample) and systematic errors (e.g. making samples by serial dilutions from

two slightly different concentration stocks).

2. Dead-time. There is dead time between mixing reagents in aggregating

conditions and the first recorded datapoint. This could be random or

systematic.

3. Intensity recorded by the NMR spectrometer. This would be random and

include the intrinsic error of a single measurement as well as any spectrometer

drifts during the course of the experiment (which last days).

The intensity fluctuation of a single measurement in identical conditions is very

low (0.1 %), therefore this error can be neglected in magnitude in comparison with

the others. There were steps taken to minimise errors in handling and dead-time:

when possible, the samples were made from serial dilutions from a single high

concentration stock (to reduce systematic errors), and the dead-time was kept

to a minimum of around 15 minutes between the mixing and the first datapoint

being acquired. Within the modelling aspect, to take into account some of the

variability, we established a process called "polishing", in which we took the final

fitted parameters of each optimisation (see below for full details) and inputted

them as initial guesses for more optimisation runs in which we additionally allowed

the parameters "srac" (NMR signal / concentration) and "frac" (initial monomeric

fraction) to vary specifically per sample. srac in particular has the effect of treating

the sample as a slightly different sample concentration, therefore we only carried

out these additional adjustment optimisation runs (after which the χ2
RSS was

taken as the goodness of fit for that model, for comparisons described above) in

late generations, i.e. to models that had achieved good fits with common frac
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and srac parameters across the multiple concentrations in the dataset, therefore

preserving the global fit aspect of the procedure.

The best way to obtain good estimates of the error per point would be to

acquire all the data in replicates, where three is a good standard in the literature.

However, this was not possible in this study due to the expense of both sample

and spectrometer time. Instead, we acquired several samples in duplicate in

the protein-only case, which we used to obtain an estimate of the average error

per point as described below.

We recall the expression of the true χ2 (3.4.3), which can be expressed in terms

of a single σ2 in the limit where the errors are the same at each point:

χ2 = RSS

σ2 (3.14)

It is a commonly used criteria for a model to be a good fit to data, and with errors

appropriately estimated, that the reduced χ2 (χ2
red) is approximately equal to 1 [252]:

χ2
red = χ2

dof
= 1 (3.15)

Given equation 3.4.3, then RSS
dof

can be related to σ2 as:

σ2 = RSS

dof
(3.16)

where dof is the degrees of freedom. In our case, RSS
dof

can be approximated

as χ2
RSS (equation 3.4.3) since we are in the limit where the number of points

greatly exceeds the number of parameters, and therefore the degrees of freedom are

approximately the number of datapoints. Therefore, we can compare the expected

scatter from a fit, as measured by σ, to the measured scatter that we get when we

perform repeated measurements at a given set of concentrations.

This allows us to define a third final criterion by which we can stop fitting.

When the final χ2
RSS value can be translated into an average scatter (σ) that is

comparable to what we see from experimental repeats, then we can reasonably
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Table 3.3: Experimental scatter in duplicates of R3-only samples. The average scatter
was calculated from two traces in each case, separately for monomer and dimer traces,
and is reported as an average error per sample in units of NMR signal (arbitrary) and in
percentage error with respect of the highest averaged monomer signal (t=0h) for each
sample. From this analysis, we take 3 % as a reference value for experimental error.

sample monomer σ dimer σ average σ (% of maximum signal) Time between repeats
100 µM (H2O) 0.55 0.58 0.57 (1.5) Days
94 µM (D2O) 2.62 1.86 2.24 (3.88) Months
188 µM (D2O) 5.82 1.94 3.88 (2.9) Months

state that we are explaining our data to within the precision we expect from

repeated measurements, and thus conclude it is unreasonable to continue to increase

the complexity of our models.

The duplicates of the sample of 100 µM in 90 % H2O buffer have an average σ of

0.6 NMR signal units in both the monomer and dimer traces, which considering the

maximum measured signal (35 units) would give an average error per point of 1.5

%. With the same logic, the σ measured from two sets of duplicate measurements

in the 90 % D2O buffer dataset was in the order of 3 % (see Table 3.3).

The samples in D2O buffer were made from different high concentration stocks,

therefore we consider they reflect a more realistic measure of experimental variability

than the replicates of 100 µM in H2O buffer, which represent the best case scenario

performing repeats with the same initial stocks and closely in time (which could

affect a range of other relevant variables). Overall, from this analysis we take an

average error of 3 % as the estimate for kinetic runs in our datasets.

Looking ahead at the results presented in Chapter 4, our final best models in

each dataset have fitted χ2
RSS values that, when considered relative to the maximum

signal intensity of the samples the errors were estimated from, correspond to expected

scatter around 3 %: the first dataset of R3-only was fitted to χ2
RSS = 1.2 (equivalent

average error of 3.1 %), the dataset with inhibitor to χ2
RSS = 1.4(equivalent to

4%), and the second dataset (in D2O) to χ2
RSS = 3.1 (equivalent to 2.4 %.)

Finally, given the estimation of the error as 3 %, we can relate the 0.1 cut-

off defined empirically for a fit to be visually better than another to detecting

around a 0.3 % of average fit improvement - typically, though, the improvement
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was visible in a particular time range and sometimes only in some of the samples,

so the average can be misleading.

Overall, we ascertain that the aggregation models that are our best fits are

far more complex than any model tried previously in the literature. However,

the application of three criteria to prevent overfitting (visual improvement of fits,

worsening of fits upon removal of each component, and consideration of experimental

variability) justifies considering our models minimally complex. In principle we

could, following the F-test and the current estimate of experimental error, continue

to generate models of even higher complexity. The specific gains however will be

modest and so the subjective-seeming criteria of ‘we need to see the improvement by

eye to believe it’ is perhaps the most powerful, together with a conservative approach

with regards to how precise an estimate of experimental variability we have.

3.4.4 Global optimisation settings
Parameter initial guesses

Local search algorithms such as LMA are very sensitive to initial conditions,

and in a space with multiple minima only find the global minimum if the starting

conditions are close enough. For this reason, Tkachenko et al. incorporated a basin-

hopping like framework to perturb the parameters found after each local search so

that the perturbed state would lie outside the local minimum well, therefore paving

a path towards the global minimum [37]. As described above, we have designed a

global search algorithm one layer above, which can be thought of as basin-hopping

but in terms of exploring the model space. Each child model is a perturbed model

with respect to its parent, with a larger chemical space of reactions. We wanted

to preserve local information not only in terms of the set of reactions but also in

the parameter values, which led to the “inherited” guess mode of initialising child

model’s parameters at the fitted values for the same shared steps in the parent.

This could be beneficial in terms of starting the optimisation in a good area

both regarding model space and parameter space. However, it is also possible that

upon introduction of additional chemical steps, the now true global minimum might
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lie far away in parameter space of (some) existing parameters of the simpler model.

For this reason, we have designed the “naive” guess mode, in which all parameters

are initialised at a low value (10−9), therefore preserving the local environment in

terms of model space but clearing the prior information regarding parameter space.

We have optimised each model using both guess initialisation modes and observed

either guess mode performing better in a model specific way (see Results of Chapter

4). For this reason we performed optimisations in both initialisation settings

in parallel. The only exception is for polishing runs: in those we start from an

already fitted model, and allow signal-to-concentration, and initial monomer fraction

parameters, to vary independently for each concentration, in order to allow small

adjustments equivalent to experimental variability. For this case we only used

inherited naive guesses, because the chemical steps composition of the model is

not changing, and are by design polishing the result further within a minimum

that we consider the global minimum for that model.

Perturbation of parameters in basin-hopping

As mentioned in the introduction, in a basin-hopping framework the amount of

perturbation of the parameters after each local search is an important setting. If

the perturbation is too small, it is likely the new state will be within the same local

minimum, and the LMA will converge back to the same state. If perturbation is

too large, the information about the local environment of good parameter space is

lost. As in the original method by Tkachenko et al., perturbation was applied for

each parameter by replacing the initial parameter value (pstart) by a value (pfinal)

drafted from a lognormal distribution with θ (location parameter) = pstart and σ as

customly defined, where varying σ effectively changes the amount of perturbation;

the use of a lognormal distribution was meant to keep parameter values positive [37].

In the original method implementation a few values of σ were tested and one

was chosen for the entire modelling process. However, in this case, throughout

the project we have found that we couldn’t define a single setting that worked for

all cases. For this reason, we chose to optimise each model, for each initialisation
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mode (naive and inherited) with four σ settings. σ values were 0.01, 0.05, 0.1 and

0.2 for optimisations without polishing (see above, and details in Chapter 4), and

0.01,0.05 and 0.1 for optimisations with polishing.

Overall, the optimisation of a model without polishing consisted of 8 optimisation

runs, combining the two initialisation modes and the four settings of perturbation,

while the optimisation in polishing mode had inherited guesses and was repeated

at 3 settings of perturbation, giving a total of 24 optimisation runs for the more

complex models. In the modelling of distinct datasets we have observed models

in which all settings led to a very similar fit, and others in which distinct settings

yielded the best results. We have not explored any trends further, yet it is clear

from our experience that this strategy of using a range of optimisation settings

was instrumental to achieve the good mechanistic model fits for this particular

system of study, and which are presented in Chapter 4.

3.5 Conclusions

This chapter described developments in several aspects of a generalisable

modelling strategy for chemical kinetics modelling of protein aggregation mechanisms,

and which is applied to real data in the following chapter. The developments

affected all three layers of the modelling challenge, the search within model space

(see 3.6 A), the basin-hopping like global parameter search and the lowest layer,

the numerical integration of systems of ODEs (see Figure 3.6 B). Additionally,

we defined three criteria by which to evaluate models of higher complexity, with

the aim to avoid overfitting.

The strategy for model search starts by creating a pool of chemical steps and

optimising the simplest model, linear polymerisation (see Figure 3.1 B i) ). From

there, an iterative generation making procedure is carried out until a good enough

model is found and the stop criteria is met. In each generation, additional steps from

the pool are added to the existing best ("parent") model, one at a time, creating

"sibling" models of similar complexity. After optimisation of each child model, three

criteria are applied to evaluate whether the increased complexity is justified.
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Figure 3.6: Summary of modelling method developments. A. Systematic model space
search strategy, consisting of building models with increased complexity from a set of
chemical reactions (pool). B. The optimisation of each model requires establishing initial
guesses and is done using the faster forward Euler method, with a suitably small dt,
followed by a validation step using a higher order more accurate multistep method.

Regarding the optimisation process, each model is optimised in several parallel

runs, combining two strategies of parameter value initialisation with several degrees

of perturbation between local search. Based on the tests of numerical integration

methods, we decided to carry on with using forward Euler and introduce a result

validation step in which we would compare the obtained χ2 with the value obtained

with the more accurate multistep method msadams from the GSL2.7 library.

Forward Euler should be implemented with a sampling value rune (dt = experiment

length / rune) in the right range, for accuracy purposes. We have chosen rune

at 5·104, a middle point of those tested and which gave values well within the

acceptable error (set to 0.5%) for a model of intermediate complexity with the
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rates tested here (see Figure 3.4). We believe this approach represents an optimal

balance of accuracy versus computational cost, as is shown to be the case in the

full results of modelling shown in the following chapter (given the large majority

of individual optimisation runs passed the χ2
true comparison test). However, dt

should be adjusted for the modelling of distinct datasets, in particular if aggregation

proceeds significantly faster.

Overall, we have shown further developments to the existing method from our lab

[37] by addressing aspects in all optimisation layers and developing stringent criteria

to prevent overfitting. We conclude that it was far more challenging than expected

to produce a reliable optimisation strategy. Nevertheless, when implemented in

this way, our multilayered optimisation method allows us to 1) achieve a simulation

at excellent numerical integration accuracy as measured by the comparison to the

variable step multistep method, 2) find a global minimum in parameter space (using

a combination of variable parameter initialisation modes and perturbation amounts

in the basin-hopping method) and 3) find a minimally complex global minimum in

model space (using the top-level model search strategy) from tens to hundreds of

satisfactorily optimised models, for each dataset, as will be shown in the next chapter.



All models are wrong, but some are useful.

George E.P. Box
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4.1 Abstract

The mechanism of aggregation of tau is thought to proceed via a nucleation

mechanism, yet the nature of the nucleus is ill-defined. In this chapter, we used

97
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NMR-monitored kinetic traces of monomer and dimer concentration of tau’s model

system R3 (established in chapter 2) to numerically optimise models of protein

aggregation, as well as explicit models of inhibition by literature peptide D-TLKIVW.

The modelling process followed the algorithm abstractly presented in chapter 3 and

was performed as a global fit, using reactions at multiple concentrations of protein

and/or inhibitor. The early aggregation steps in the pathway of tau R3 aggregation

corresponded to dimerisation and nucleation of a tetrameric nucleus from a dimer

and two monomers; an initial monomeric unimolecular step was also required in

the case of aggregation in D2O based buffer. Elongation proceeded via addition of

monomer and dimer, with distinct rates, and a secondary process, fragmentation,

was also important for the goodness of fit. Importantly, the mechanism of tetrameric

nucleation could be kinetically distinguished as a better fit than related mechanisms.

In the second stage of the modelling process, the inhibitor D-TLKIVW was found

to have a multifaceted mechanism of action on tau, involving binding to small

species, nucleus disruption and surface binding to fibrils. Systematic pruning

stages were performed for both modelling processes to avoid overfitting and allow

a more nuanced understanding of the relative importance of individual chemical

steps within the mechanisms. Further work could involve exploring structural

aspects of the monomer and dimer species observed, as well as their interactions

with inhibitor predicted by the model. Finally, we discuss the implications of

this mechanistic model in relationship with atomic resolution cryoEM structures

of AD brain derived tau fibrils.

4.2 Introduction

This chapter concerns the kinetic modelling of the aggregation of tau’s R3

fragment, the model system discussed in the previous chapter, and the inhibitory

action by the all D-amino acid peptide (D-peptide) literature inhibitor D-TLKIVW.

We provide below a detailed introduction to this inhibitor as well as sum up the

experimental insights on the R3 model, discussed in Chapter 2, which are most

relevant for the modelling process.
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4.2.1 Inhibition of tau by D-TLKIVW

The inhibitor used in this study is the first D-peptide developed to inhibit tau

aggregation, the hexapeptide D-TLKIVW developed by Sievers et al. [134]. In

this pioneering study, a series of peptides was computationally designed based on

the X-ray crystal structure (obtained from microcrystals) of the R3 hexapeptide

VQIVYK [66], one of tau’s two aggregation hotspots [72]. VQIVYK packs in what

the authors have defined as a dry steric zipper, in which a pair of β-sheets are

interdigitated via the interface-facing side chains (see Figure 4.1 A). Sawaya et

al. crystallised fragments of a variety of aggregating proteins, which presented a

variety of packing arrangements; tau’s VQIVYK in particular packed in individual

β sheets made of parallel in-register strands (see Figure 4.1 A i and ii), an interface

consisting of the same residues from each sheet (Val306, Ile308 and Tyr310), with

both sheets parallel as well in the longitudinal axis [66]. D-TLKIVW was docked

on the VQIVYK structure and packed on top of either β-sheet, forming backbone

hydrogen bonds with a few residues as well as a bond with the side chain of Gln307.

From the peptides selected by the computational design approach, D-TLKIVW

was the strongest inhibitor of tau aggregation, delaying the onset of aggregation

of the hexapeptide VQIVYK and the 3R construct K12 (see Figure 4.1C) in a

concentration dependent manner [134].

4.2.2 Summary of qualitative findings on R3 aggregation
from the previous chapter

From the previous chapter, we know that there are two visible species in the

reaction, which correspond to monomer and dimer. Also, the formation of dimer

under oxidative conditions is necessary for the primary (but not seeded) aggregation

of R3, suggesting it is an on-pathway species. These observations were used here to

inform the design of the pool of steps to be tested following the systematic strategy

and optimisation settings described in Chapter 3. Finally, the inhibitor D-TLKIVW

delays aggregation of R3 as shown by monitoring with ThT fluorescence, which

makes it a suitable candidate for mechanism modelling using our method.
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Figure 4.1: D-TLKIVW, a computationally designed inhibitor of tau aggregation.
A. Atomic resolution structure of VQIVYK aggregates (adapted from [66]). (i) The
interdigitated interface between the two β-sheets (purple and grey, shown in stick and
ribbon representation) is shown from a side-view (left) and a top view (right). (ii)
Schematic representation of the class 1 steric zipper formed by VQIVYK, from a side-view
(left) and a top view (right), with the green arrow indicating the direction of growth
of the fibrils. Each sheet is in register and arranged in a parallel configuration, also
parallel with respect to each other along the growth axis. B. D-TLKIVW represented at
the docked binding site (adapted from [134]. (i) Sphere representation of D-TLKIVW
on top of one of the strands of the steric zipper. (ii) Side view showing the packing
of D-TLKIVW on top of the grey strand and interacting with Val306 on the opposite
strand. (iii) Close side-view on the packing of D-TLKIVW on top of the β sheet strand
(the purple strand has been removed). Hydrogen bonds in black correspond to side chain
bonds along the β sheet. Several bonds are predicted between the inhibitor and the strand
residues. (iv) Steric clash between the Leu2 of D-TLKIVW docked on the grey strand and
a VQIVYK molecule at the same z position in the fibril axis, but on the purple strand,
suggesting elongation would be blocked at both strands. C. Inhibition of aggregation by
D-TLKIVW (adapted from [134]). (i) Inhibition of seeded aggregation of tau K12 (using
50 µM K12, 0.25 % K12 seeds v/v and 500 µM of either peptide). (ii) D-TLKIVW, but
not a scrambled version, inhibits primary aggregation of tau K12. (iii) The inhibition of
primary aggregation is lost if Leu2 is replaced by alanine, in agreement with the steric
clash represented in B iv. In ii) and iii), equimolar 50 µM concentrations of K12 and
peptides were used.
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In this chapter, we apply the algorithm presented in chapter 3 to the model

system peptide R3. We fit the data to an extensive set of models, from which

a most likely mechanism of R3 aggregation is found. Next we apply the same

method to probe a variety of inhibitory actions of the peptide D-TLKIVW and

arrive at a best model of inhibition.

4.3 Methods

4.3.1 Experimental

Kinetic traces were obtained following the method described in the previous

chapter, with the only difference that the second dataset of R3-only experiments

was carried out in 90% D2O-based PBS. The datasets contained the following traces:

• R3-Only Dataset 1: 50 µM, 100 µM (2 replicates) and 400 µM.

• R3-Only Dataset 2: 47 µM, 94 µM (2 replicates, one of them used only for

cross-validation), 188 µM (2 replicates) and 376 µM.

• R3+D-TLKIVW: 100 µM R3 + 121 µM D-TLKIVW, 100 µM R3 + 48 µM

D-TLKIVW and 50 µM R3 + 134 µM D-TLKIVW.

The R3 concentrations refer to the equivalent total monomeric concentration.

4.3.2 Computational
Initial rates fitting

We initially aimed to probe the early stage reactions involving monomer by

using the initial rates method, a type of differential method that can be applied

to experimentally determine the rate law of a reaction. If we consider a reaction

involving m monomers (P 1) and n dimers (P 2), the rate equation can be written

as: v = kP 1
mP 2

n where k is the rate constant and m and n represent the order

of the reaction with respect to monomer and dimer, respectively. If we perform

experiments with variable monomer concentration and constant dimer concentration,

measure the monomer initial rates of decay as v0 = dP 1
dt

, and fit a straight line to a
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logarithmic plot of rate versus monomer concentration, the slope of the line would

indicate the order of the reaction with respect to monomer. In the case of a reaction

involving only monomer, the requirement of having constant dimer concentration is

removed, although if the dimer is the product of the reaction it should ideally not

be present in a significant amount. Even though in our case there was dimer signal

present at the early timepoints (especially for the first dataset), we applied the

approach described above as an approximation to gain insight on the mechanism.

By taking all the datasets and considering the monomer signal as a direct proxy for

concentration, we fitted the initial rates of reaction (in units of monomer signal ·h−1)

as a straight line of the form P 1signal(t) = v0t+ P 1signal0, using the datapoints

for the first 2 hours (first dataset) or the first 4 hours (second dataset). Then,

independently for each dataset, we fitted ln(v0) = ln(k) +mln(P 1signal0), yielding

m (the reaction order for monomer) as the slope. The fits were performed using the

fit function of Gnuplot, which uses an implementation of non-linear least-squares

fitting, with equal weighting of each datapoint.

Overview of model exploration strategy

The modelling process followed the algorithm described and discussed in Chapter

3. The analysis was performed in two stages: we first used the data of aggregation of

R3-only (1st dataset) to obtain a model we call "best protein-only model". Second,

we tested models of inhibition using the same principle, and starting with a model

that included all the chemical steps of the "best protein-only model". The rates of

those steps were kept fixed at the values of the best protein only fit, and only the

rates of the inhibitor related steps were allowed to vary during the optimisation. In

parallel, another dataset of R3-only was acquired, in D2O based buffer, and was

modelled independently using the same strategy as the first R3-only dataset.

As described in Chapter 3, we calculated an average per point χ2
RSS by dividing

the residual sum of squares by the number of datapoints. For the rest of this

Chapter, we refer to this χ2
RSS as χ2. In all cases, the criterion for accepting

a model of higher complexity, i.e. with more fitted parameters, (or for reducing
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complexity in pruning stages) was an improvement to the second significant figure

(0.1) with respect of the simpler one. If the models had equal complexity, the

lowest χ2 model was always accepted.

Broadly speaking, there were three types of model testing generations:

• Model building. A parent model was the basis for generating more complex

children models, each of which shared all the chemical steps of the parent and

included an additional chemical step from the pool.

• Pruning.. In order to prevent overfitting, the potential overall winner model

was pruned by generating a set of models that each lacked a specific chemical

step of the original model.

• Specific hypothesis probing. Specific steps were tested against alternatives

(i.e. nucleation tests for protein-only first dataset, inhibition mechanisms

for the inhibitor dataset). This represents a deviation from the algorithm

outlined in Chapter 3 and is discussed in the Results section.

R3-only 1st dataset

We started with a model of linear polymerisation, designed a pool of steps

to test and tested them in the systematic way described in the previous chapter,

in which each model tested included a new step and all the rates of the steps in

the model were optimised. This was done for a total of four generations until

the pool of steps was exhausted. Polishing (explained below) was applied from

generation 4. The winner of generation 4 was pruned (1st pruning) and in parallel

became the basis for nucleation tests (in which the nucleation step was switched for

other steps from the original pool, with all other steps remaining the same). Extra

models were retrospectively added to generation 2 in parallel to the nucleation

tests from the winner of generation 4. There was a final 2nd pruning stage from

the winner of the 1st pruning stage.

R3-only 2nd dataset We included extra steps into the pool (explained

below) and followed the algorithm in a similar fashion, involving 4 model building

generations and two pruning generations.
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Inhibitor dataset

There were 11 generations of models, in which polishing was turned on from

generation 7. Two generations of pruning were performed from the winner of

generation 10. In parallel to the 2nd pruning stage (i.e. with the same parent,

the winner of the 1st pruning stage), some models were tested to probe specific

hypotheses.

Model Optimisation

Implementation of model Each model consists of a set of chemical steps. In

terms of implementation, there are two main kinds of chemical steps, those that

involve a single equilibrium (such as dimerisation from two monomers, or inhibitor

binding to the nucleus), and those which occur iteratively, such as the elongation of

fibrils, or the binding of inhibitor to fibrils. The latter have been implemented using

for loops. Each model is implemented on a per chemical equilibria basis, since that

facilitates keeping track of species involved in many different steps. As an example,

this is the chemical equilibrium, differential equations and code implementation for

the dimerisation / nucleation step in which two monomers reversibly form a dimer:

Chemical equilibria

P1 + P1
k+−−⇀↽−−
k−

P2 (4.1)

d[P1]
dt = −2k+[P1]2 + 2k−[P2] (4.2)

d[P2]
dt = k+[P1]2− k−[P2] (4.3)

Rate constants

//rates

kp[0] = fabs(*(params->m["kp1"]));
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km[0] = fabs(*(params->m["km1"]));

where kp1 and km1 correspond to k+ and k− as defined in the above equilibria.

The arrays kp and km get multiplied by dt in a different function, prior to the

calculation of the derivative and update of the system at time t+ dt.

Calculation of concentrations at time t+ dt

//forward

double kpcurr1 = kp[0]*xpt[0]*xpt[0];

xp[0] += -kpcurr1;

xp[0] += -kpcurr1;

xp[1] += kpcurr1;

//backward

double kmcurr1 = km[0]*xpt[1];

xp[1] += -kmcurr1;

xp[0] += kmcurr1;

xp[0] += kmcurr1;

where the arrays xp and xpt are identical before the execution of the code above,

tracking the concentration of monomer (index 0) and dimer (index 1) at time t,

and xp gets updated with the concentrations at time t + dt.

The complete equations and implementations of the best D-TLKIVW inhibition

model, which includes the best R3-only model (first dataset) are included in

the Appendix.

Parameters The parameters can be grouped in three categories:

• Initial conditions parameters.

• Rate of reaction parameters.
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• Others.

Initial conditions parameters. The parameter "frac" corresponds to the

fraction of total equivalent monomeric concentration that is in monomeric state at

time 0. The parameter "srac" is used to relate the signal intensity to equivalent

monomeric concentration (in µM). They are expressed as follows, where P1 refers

to monomer, and P2 to dimer:

frac = [P 1]0
[P 1]0 + 2[P 2]0

(4.4)

srac = P 1signal

[P 1] = P 2signal

2[P 2] (4.5)

The concentrations of monomer and dimer are initialised as:

[P 1]0 = frac[PTot] (4.6)

[P 2]0 = [PTot](1− frac)
2 (4.7)

where PTot is the total equivalent monomeric concentration. For the calculation

of χ2 between the fit and the data, the concentrations of monomer and dimer

are converted to signal as follows:

P 1signal = srac[P 1] (4.8)

P 2signal = 2srac[P 2] (4.9)

The optimiser can either fit a global value for these parameters (i.e. the same for

all samples) or can fit individual srac and frac values to account for sample variability

and/or pipetting errors (called "polishing"). For the protein-only modelling process,

initially all models were fit with a global frac and srac, and later the process of

"polishing" allows both to be fitted individually. In particular, it’s important to

note that allowing srac to vary results in effectively changing the concentration

ratios between samples, and should be done only once it has been established

that that particular model can fit the data well with a single global srac. In the

second protein-only dataset, frac was kept fixed at a value of 0.9995 throughout



4. Mechanism of aggregation and inhibition of tau R3 107

the modelling process and only allowed to vary in the polishing stage. For the

modelling of inhibitor action, initially frac and srac were not allowed to vary; they

were only allowed to vary, and in a sample-specific way, at the polishing stage.

Rate of reaction parameters. Those are the parameters that correspond

to the rates of chemical steps, such as in this example:

P1 + P1
k1−−⇀↽−−
k−1

P2 (4.10)

Within the code implementation of the system of ODEs, these are multiplied

by dt. All reaction rates have units of h−1 (unimolecular, such as k1) or µM−1

h−1 (bimolecular, such as k−1), with the exception of nucleation steady-state

approximations which are discussed later in more detail.

Other parameters These are parameters that don’t correspond to rates but

are part of the definition of a chemical step, such as the "n" in the steady state

approximation of nucleation described below. These don’t get multiplied by dt.

Optimisation settings The overall optimisation process started with the calculation

of the χ2 using the input parameters (initial simulated χ2). Then there was an

initial gradient-descent step, which yielded the initial reference χ2. This χ2 (and

the corresponding modified parameters) was accepted if it was lower than the

initial simulated χ2, and stored as the first reference χ2. Otherwise, the input

parameters and the initial simulated χ2 were taken as the reference. Then, a

series of iterations of a perturbation-minimisation process started: in each iteration,

the parameters would be perturbed, and gradient-descent would be applied to

find a new minimum. The χ2 after gradient-descent would then be compared

to the reference best χ2: the new parameters would be accepted (and the best

χ2 updated), if the χ2 had been reduced. In the process of calculating the χ2,

penalties would be applied. The optimisation was set to stop if 20 iterations of

perturbation-minimisation had been performed without an improvement of the

reference best χ2. Settings were defined for each of the procedures (integration,

penalty calculation, gradient-descent and basin-hopping) as follows:
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• Integration. δt for calculation was set by dividing the total time by the

parameter "rune", which was set as 5·104. δt ranged between 1.4 s and 8.4 s

depending on the duration of the experiments (20-120 hours). The maximum

length of fibrils was set at 800 (this corresponds to N/2 in the implementation

in the Appendix).

• χ2 penalties. Maximum thresholds were set for the parameters srac and

frac. For frac, the threshold of 1 corresponds to a physical limit, since above

that there would need to be a negative dimer concentration. For srac, the

threshold was set to 5. The penalties were applied as:

Penalty = f ∗ (deviation)2 (4.11)

where f is a multiplication factor set to 105 and deviation is the squared

difference between the value and the threshold (to ensure it’s a positive

number).

• Gradient-descent. We used the gsl_multifit_nlinear library (GSL 2.7), with

gsl_multifit_nlinear_trust as the type of nonlinear least squares minimization

method, and using Levenberg-Marquadt (default) as the solver. The method of

integration was forward Euler, as discussed in chapter 3. Most parameters were

set at their default values using gsl_multifit_nlinear_default_parameters(),

unless mentioned explicitly. The increment step for the derivative calculation

was set to 10−15 h. The descent was set to converge with gtol and xtol of

10−4, ftol=0 and maximum iterations = 5.

• Basin-Hopping. Each parameter was perturbed by adjusting it according

to a lognormal distribution. The setting "heat" corresponded to the σ of the

distribution and was varied between 0.01 and 0.2 in separate optimisation

runs. For each parameter initialisation mode (see below), an optimisation was

run with four heat values. The parameter-polishing runs (explained below)

were run three times with heat 0.01,0.05 and 0.1.
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Parameter initial values There were two main modes of parameter initialisation,

called "naive guess" and "inherited guess".

Naive guess mode. For protein only fitting, initial values of global frac and

srac were estimated as an average between the calculated frac and srac for each

sample. The following expression relates frac to the initial monomeric (P 1signal0)

and dimeric signal (P 2signal0) as:

frac =
P 1signal0
srac

P 1signal0
srac

+ P 2signal0
2srac

(4.12)

= 2P 1signal0
2P 1signal0 + P 2signal0

(4.13)

= 2
2 + α

(4.14)

where

α = P 2signal

P 1signal
(4.15)

From frac we can calculate srac as:

srac = P 1signal0
[P Tot]frac

(4.16)

where P Tot corresponds to the total monomeric equivalent concentration (in µM).

For the modelling of inhibitor actions, individual frac and srac were initialised

(in a fixed way, not fitted) as the fitted parameter values from the best protein only

model of the sample with the same concentration (of protein); the values from one

of the two protein-only 100 µM replicates were used since this sample had the closest

initial monomer and dimer signal to both inhibitor samples with 100 µM protein.

The remaining parameters corresponding to rates were initialised at 10−9,

except for the initialisation of rates for linear polymerisation (the first protein

only model) which were initialised as 10−4 (k+) and 10−6 (k−). For the dimer+n

monomers steady-state nucleation step (described below), n was initialised either

at 10−9, 1, 2, 3 or 4.

Inherited guess mode. For the chemical steps that were common between a

model and its parent, the final parameter values of the parent model were passed
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to the child model as initial guesses. This applied to all parameter types, including

frac, srac, rates and any other non rate parameters.

For the main R3-only dataset, the modelling included tests of different nucleation

mechanisms at a late stage, i.e. stemming from and comparing to the winner

of the 1st pruning generation. For these tests, in addition to the "naive guess"

and "inherited guess" parameter initialisation modes, the following variations of

the inherited modes were used:

• Nucleation-naive inherited guess mode. All rates were inherited except

the forward and backward rates of the nucleation reaction (which is different

to the nucleation reaction in the parent model), which were initialised at 10−9.

• Nucleation-slowed inherited guess mode. All rates were inherited, and

the forward and backward rates of the nucleation reaction were divided by a

factor of 10.

Polishing runs Regardless of the inheritance mode, after the main optimisation

run, polishing (fitting sample-specific frac and srac parameters) was run if the

main optimisation had been approved (according to the metrics described in the

next section). For polishing, the fitted values were given as initial guesses for the

polishing run, in which all parameters and sample-specific srac and frac were allowed

to vary. Three polishing runs were done for each main run, using "heat" settings of

0.01, 0.05 and 0.1, and the best result was taken as the polished result.

Direct-polishing runs Specifically for the nucleation tests in the first protein-

only dataset, all the four inheritance modes were also run, in parallel to the usual two-

step optimisation, directly with polishing (sample-specific frac and srac) turned on.

Validation of individual optimisation results A series of validation steps

were implemented to ensure the quality of the optimisation results. These metrics,

described below, were calculated for each run (main and polishing), independently

for each sample and the largest value amongst samples was compared to the

threshold of acceptance.
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• Constant Mass. We assessed any deviations of the calculated total monomeric

equivalent protein concentration and the sample concentration, as follows:

δ[P ] = | [P ]calc − [P ] |
[P ] · 100 (4.17)

where [P ]calc was the average calculated mass (over time). We also assessed

that the mass fluctuation over time would not be too large, by calculating:

σP fractional = σP
[P ] · 100 (4.18)

This was calculated for each sample, the test was passed if the largest

concentration deviation and the largest fractional standard deviation (within

the dataset) were both below 0.5%, and failed otherwise.

• Absence of negative mass.

The fractional negative oligomeric concentration was calculating by summing

over the negative and positive oligomeric masses, over all time points, as

follows:

[Oligomer]negative =
∑[P n]negative∑[P n]negative +∑[P n]positive

· 100 (4.19)

The results were approved if the largest fractional negative oligomeric concentration

was below 0.5%.

• Numerical integration accuracy.. The χ2
true was calculated using a non-

linear ODE solver (gsl_odeiv2_step_msadams). Then the χ2 calculated with

the Euler method (the outcome of the optimisation) was compared to the

true χ2:

χ2
error = | χ

2
Euler − χ2

true |
χ2

true

100 (4.20)

The accuracy test was passed if χ2
error < 0.5%, and failed otherwise.
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4.3.3 Composition of the chemical steps pool

Protein-only pool

Figure 4.2 shows the steps that were included in the pool for modelling the

protein-only data. Steps in panel A(i) were used for both datasets, while steps

in panel A(ii) were only used for the first dataset, and steps B were only used

in the second dataset pool.
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oligomer/2

Elongation via monomer1 k

Tetrameric nucleation 

Hexameric nucleation 

Trimeric nucleation 
Dimerisation / nucleation 

Dimerisation / nucleation 

Off-pathway dimerisation3 
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Figure 4.2: Pool of steps proposed for the aggregation of R3. A. (i) Steps included in
both datasets. (ii) Steps included only in the first datset, in the nucleation tests. B. Steps
included only for the second dataset. Notes: 1: If a is the only reaction, the mechanism
of the model corresponds to linear polymerisation. 2: In the second dataset, the step b
(elongation by dimer; shown in A) involves either of the dimers that can be formed in
steps c1, c2 or c3, depending on which one is part of the model. 3: In this reaction, the
resulting dimer doesn’t participate in any further reactions.4: n can either be free to vary
(hn) or fixed (e.g.h2). If n=1, this step is equivalent to f.
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Inhibitor pool

For the inhibitor modelling, the steps shown in Figure 4.3 were included. It

is important to note that steps i’, j’ and k’, corresponding to elongation and

fragmentation reactions of inhibitor-bound oligomers, were only added to the pool

from generation 4, once inhibitor binding to the oligomers had been selected as

part of the generation winning model (in generation 3).

Regarding the inhibitor actions that affect the nucleus, binding and disruption

were tested both independently (c’1 and f’1) and as a single composite mechanism

(c’1 and f’2) of the following form:

P4 + I kb−−⇀↽−−
k−b

P4I (4.21)

P4I kd−−→ P2 + 2 P1 + I (4.22)

4.3.4 Mathematical approximations

Single-step steady-state nucleation reaction

Step h of the protein-only pool, with all its variations, corresponds to a multistep

nucleation mechanism involving a dimer and 2 or a variable "n" number of monomers,

which has been modelled as a single-step steady state approximation.

Single-step tetrameric nucleation The full derivation of this approximation

starts with a single-step tetrameric nucleation in which a dimer (P 2) initially

binds a monomer (P 1) to form a trimer (P 3), which then binds another monomer

to form the tetrameric nucleus (P 4). Each reaction is associated with forward

and backward rates as follows:

P2 + P1
k1−−⇀↽−−
k−1

P3 (4.23)

P3 + P1
k2−−⇀↽−−
k−2

P4 (4.24)
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Figure 4.3: Pool of steps proposed for the inhibition of R3 aggregation by D-TLKIVW.
In steps i’, j’ and k’, the following details apply: 1 and 3 indicate the rates of the reaction
are fixed at the same values the protein-only best model reactions, 2 and 4 they are
allowed to vary. Note that in several steps (i’1,i’2, j’1, j’2, j’3 and j’4 elongating by
dimer-single inhibitor complex) the current depiction would lead to a mass imbalance;
this imbalance and the necessary correction applied to compensate for it are discussed in
detail in the next section. Steps i’ to k’ were added to the pool in generation 4 once step
d’2 had been included in the parent model. For steps i and j, if used in a model including
nucleus binding (c’1/c’2), two variants were tested: one in which the inhibitor-nucleus
complex can also participate in those reactions (b) and one in which it doesn’t (a).
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Thus, the system of ODEs that describes the evolution in the concentration

of all species is the following:

d[P1]
dt = −k1[P1][P2] + k−1[P3]− k2[P1][P3] + k−2[P4] (4.25)

d[P2]
dt = −k1[P1][P2] + k−1[P3] (4.26)

d[P3]
dt = +k1[P1][P2]− k−1[P3]− k2[P1][P3] + k−2[P4] (4.27)

d[P4]
dt = +k2[P1][P3]− k−2[P4] (4.28)

If we assume that the species P 3 is unstable and therefore never builds up,

we can consider it in a steady state (d[P3]
dt

= 0) and we can isolate [P 3] as a

function of [P 1], [P 2] and [P 4]:

[P3] = k1[P1][P2] + k−2[P4]
k−1 + k2[P1]

Substituting this into the original ODE system yields:

d[P1]
dt = −2 k1k2

k−1 + k2[P1] [P1]2[P2] + 2 k−1k−2

k−1 + k2[P1] [P4] (4.29)

d[P2]
dt = − k1k2

k−1 + k2[P1] [P1]2[P2]+ k−1k−2

k−1 + k2[P1] [P4] (4.30)

d[P4]
dt = + k1k2

k−1 + k2[P1] [P1]2[P2]− k−1k−2

k−1 + k2[P1] [P4] (4.31)

The rates in these equations can be redefined as single composite forward and

backward rates, ks and k−s (the subindex s stands for "steady-state approximation"):

ks = k1k2

k−1 + k2[P1] (4.32)

k−s = k−1k−2

k−1 + k2[P1] (4.33)

However, in these expressions, the composite rates have a dependency on the

concentration of monomer ([P 1]), which is not constant. We can simplify the

expressions and remove the dependency, in order to be able to fit these composite

rates as a single rate, by making the assumption that k−1 ≫ k2[P 1]. This can

be interpreted as the energy barrier to the final product P 4 being very high (see
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Figure 4.4: Free energy landscape for the two-step tetrameric nucleation mechanism.
There is a pre-equilibrium between the dimer P 2 and the trimer P 3, and the formation of
tetramer or P 4 is the rate limiting step, with a high energy barrier between P 3 and P 4,
which corresponds to a small k2 rate (relative to k−1).

Figure 4.4). This further supports the earlier assumption of a steady-state of P3,

since if the forward rate to P4 is very slow compared to the breakage of P3, P2 and

P3 will be in a fast equilibrium. This simplifies the rates as:

ks = k1k2

k−1 + k2[P1] ≈
k1k2

k−1
(4.34)

k−s = k−1k−2

k−1 + k2[P1] ≈
k−1k−2

k−1
= k−2 (4.35)

Finally, this can be represented as a single step reaction, with the approximated

composite rates:

P2 + 2 P1
ks−−⇀↽−−
k−s

P4 (4.36)

Figure 4.4 shows a potential energy landscape for this multistep reaction,

consistent with the approximations made, which corresponds to step h2 in Figure 4.2.

Single-step dimer + n monomers nucleation

Building on the previous approximation, we can further generalise this single

step nucleation reaction as a reaction between a dimer and a number n of monomers

(in intermediate steps), corresponding to step hn in Figure 4.2, which opens the
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possibility to allow n to vary during the optimisation. The multiple step chemical

reaction can be represented as:

P2 + P1
k1−−⇀↽−−
k−1

P3 (4.37)

P3 + P1
k2−−⇀↽−−
k−2

P4 (4.38)

P4 + P1
k3−−⇀↽−−
k−3

P5 (4.39)
... (4.40)

Pi + P1
k(i−1)−−−−⇀↽−−−−
k−(i−1)

P(i+1) (4.41)

... (4.42)

P(n+1) + P1
kn−−⇀↽−−
k−n

P(n+2) (4.43)

where i = 2,3,...,n+1

We have already shown that we can approximate the two step nucleation to a

tetramer to a single step with composite rates. Now, we want to prove by induction

that the same is true for the nth approximation, such that:

P2 + iP1
ks−−⇀↽−−
k−s

P(i+2) (4.44)

P(i+2) + P1
k(i+1)−−−−⇀↽−−−−
k−(i+1)

P(i+3) (4.45)

can be approximated to:

P2 + (i + 1) P1
k̃s−−⇀↽−−
k̃−s

P(i+3) (4.46)

Similarly as before, the equations that represent these two steps are:

d[P1]
dt = −iks[P2][P1]i + ik−s[P(i+2)]− ki+1[P1][P(i+2)] + k−(i+1)[P(i+3)] (4.47)

d[P2]
dt = −ks[P2][P1]i + k−s[P(i+2)] (4.48)

d[P(i+2)]
dt = +ks[P2][P1]i − k−s[P(i+2)]− k(i+1)[P1][P(i+2)] + k−(i+1)[P(i+3)] (4.49)

d[P(i+3)]
dt = +k(i+1)[P1][P(i+2)]− k−(i+1)[P(i+3)] (4.50)
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Similarly as before, we first consider the intermediate P (i+2) in a steady state

where d[P (i+2)]
dt

= 0, and isolate the concentration of this intermediate with respect

to the other species involved as:

[P(i+2)] = ks[P2][P1]i + k−(i+1)[P(i+3)]
k−s + k(i+1)[P1] (4.51)

Then we substitute [P (i+2)] in the equations of the system and obtain:

d[P1]
dt = −(i+ 1) ksk(i+1)

k−s + k(i+1)[P1] [P2][P1](i+1) + (i+ 1) k−sk−(i−1)

k−s + k(i+1)[P1] [P(i+3)]

(4.52)
d[P2]

dt = − ksk(i+1)

k−s + k(i+1)[P1] [P2][P1](i+1)+ k−sk−(i−1)

k−s + k(i+1)[P1] [P(i+3)]

(4.53)
d[P4]

dt = + ksk(i+1)

k−s + k(i+1)[P1] [P2][P1](i+1)−
k−sk−(i−1)

k−s + k(i+1)[P1] [P(i+3)]

(4.54)

The dependency on monomer concentration can be removed from the composite

rates, as before, by assuming that k−s ≫ k(i+1)[P 1], which yields the following

rates and "single-step" equilibrium:

k̃s = ksk(i+1)

k−s + k(i+1)[P1] ≈
ksk(i+1)

k−s
(4.55)

k̃−s = k−sk−(i+1)

k−s + k(i+1)[P1] ≈
k−sk−(i+1)

k−s
= k−(i+1) (4.56)

This means that the complete system of successive monomer additions that

yields [P (n+2)] can be modelled as a single step of the form:

P2 + nP1
k̃s−−⇀↽−−
k̃−s

P(n+2) (4.57)

When n=1, the composite rates become single rates since there is only one

chemical step, and when n=2, this reduces to the tetrameric nucleation case

we proved previously.

Extensions of this approximation to pentameric and hexameric nucleation

The same steady-state approximation framework was applied to derive single-step

reactions for the formation of pentamers and hexamers in the explicit formulations

of hn, h3 and h4, as well as through the steps j1, j2, j3 (Figure 4.2).
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Mass balance considerations for fragmentation reactions

Protein-only models We model fragmentation as a unimolecular irreversible

reaction that breaks an oligomer or fibril in half:

Pi
kf−−→ P(i/2) + Pi−(i/2) (4.58)

where the subindex of P represents how many monomers it is made of (for

example, P i is an oligomer or fibril made of i monomers), accounting for the fact

that i can be even or odd. The change of concentration of each species is defined as:

d[Pi]
dt = −kf [Pi] (4.59)

d[P(i/2)]
dt = +kf [Pi] (4.60)

d[Pi−(i/2)]
dt = +kf [Pi] (4.61)

In practice, since i needs to be an integer, the implementation of this reaction

in the code is as follows:

∆xp[i] = −kf xp[i] (4.62)

∆xp[frag] = +kf xp[i] (4.63)

∆xp[i− frag + Corr] = +kf xp[i] (4.64)

where frag = i/2(floored division), and the concentration of P i is stored in

location i of array xp (xp stores protein-only species), and so on. The index

location of the second half fibril is i-frag+Corr, where Corr is an index correction

necessary to keep mass balance constant for specific model implementations in

which the size of a fibril monitored at xp[i] is not i monomers, which will be

described in more detail below.

Justification of index correction Corr In the general case, let’s assume

that from the nucleus onwards, oligomers or fibrils of length (i+j) monomers are

stored at index i of the array xp. For example, in a model with a dimeric nucleus

stored at position xp[4], j=-2, and if a pentameric nucleus is stored at position xp[4],
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j=1. For mass balance to be maintained, loss of substrate(s) needs to equal the

gain in product(s). In this case in particular, we need to consider the equivalent

monomeric mass/concentration:

Loss of Substrate = Gain of Products (4.65)

kf xp[i] (i+ j) = kf xp[i] (frag + j) + kf xp[i] (i− frag + Corr + j) (4.66)

(i+ j) = (frag + j) + (i− frag + Corr + j) (4.67)

Corr = −j (4.68)

We can see that Corr = 0 when j = 0, that is, when the location in the array

xp corresponds to the number of monomers that make up that species, as expected.

If that’s not the case, modifying the index by Corr keeps mass balance, as desired.

Finally, there are instances of the implementation of the steady state dimer

+ n monomers approximation described above in which n is allowed to take non

integer values during optimisation, which corresponds to allowing a mixture of

nucleus sizes. These require a further concentration correction to keep mass balance

in the fragmentation step.

Justification of concentration correction for models including steady-

state dimer + n monomers nucleation, where n can be decimal

In the implementation of this nucleation mechanism, we arbitrarily define xp[4]

as the location to store the nucleus, which contains 2+n monomers:

species : size

xp[4] : 2 + n (4.69)

xp[5] : 2 + n+ 1 (4.70)

... (4.71)

xp[i] : 2 + n+ (i− 4) = i+ n− 2 (4.72)

From the nucleus onwards, the size of oligomers/fibrils is thus (i + n − 2).

Therefore, if n is an integer, (n− 2) would correspond to the variable j described
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above, and Corr = −(n − 2) = 2 − n. We define nucCorr in an analogous way,

but corresponding to the closest integer j, for cases when n is not an integer,

as nucCorr = 2 − round(n), using the C function round(n) that returns the

integer closest to n. Thus the implementation contains an index correction for

the second half fibril as previously:

∆xp[i] = −kf xp[i] (4.73)

∆xp[frag] = −kf xp[i] (4.74)

∆xp[i− frag + nucCorr] = −kf xp[i] (4.75)

We then consider the mass balance of this fragmentation implementation by

looking at the monomeric equivalent loss and gain:

Loss of Substrate = Gain of Products (4.76)

kf xp[i] (i+ n− 2) = kf xp[i] (frag + n− 2) + kf xp[i] (i− frag + nucCorr + n− 2)
(4.77)

i+ n− 2 = i+ nucCorr = i+ 2− round(n) (4.78)

n = round(n) (4.79)

We can see that the mass is only balanced when n=round(n), i.e. when n is an

integer, as expected. Therefore we introduce a concentration correction factor CF:

∆xp[i] = −kf xp[i] (4.80)

∆xp[frag] = −kf xp[i] (4.81)

∆xp[i− frag + nucCorr] = −kf xp[i] CF (4.82)

By considering the monomeric equivalent mass balance again, we can isolate

this correction factor:
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Loss of Substrate = Gain of Products (4.83)

kf xp[i] (i+ n− 2) = kf xp[i] (frag + n− 2) + kf xp[i] CF (i− frag + nucCorr + n− 2)
(4.84)

i+ n− 2 = (frag + n− 2) + CF (i− frag + nucCorr + n− 2) (4.85)

CF = i+ n− 2− (frag + n− 2
i− frag + 2− round(n) + n− 2 = i− frag

i− frag + n− round(n)
(4.86)

Finally, we define nucRem as nucRem = n − round(n) and implement the

reaction as:

∆xp[i] = −kf xp[i] (4.87)

∆xp[frag] = −kf xp[i] (4.88)

∆xp[i− frag + nucCorr] = −kf xp[i]
i− frag

i− frag + nucRem
(4.89)

In summary, in this implementation, the index correction nucCorr places the

second half fibril in the array location corresponding to the closest integer size value,

and the correction factor adjusts the oligomeric concentration to compensate for

the difference between the rounded value of n and the actual decimal value of n, in

a way that the overall monomeric concentration (mass balance) is kept constant.

Inhibitor models - fragmentation of inhibitor-bound species In the end-

binding model tested in the last generation (model ID 142), k’4 was implemented

as depicted in Figure 4.3, generating a protein-only fibril and an inhibitor-bound

fibril, since this is the easiest way to keep mass balance without the need of

any approximations.

Surface binding of inhibitor

We wanted to compare a surface binding model of inhibitor with an end binding

model, for which we developed an approximation described below (represented

as step d’2) in Figure 4.3).



4. Mechanism of aggregation and inhibition of tau R3 123

If we propose a single binding site per protein unit, this can be modelled as

a series of successive binding steps of the form:

Pi + I k1−−⇀↽−−
k−1

PiI1 (4.90)

PiI1 + I k2−−⇀↽−−
k−2

PiI2 (4.91)
... (4.92)

PiIn−1 + I kn−−⇀↽−−
k−n

PiIn (4.93)

Focusing on the forward binding reactions, If we consider a Langmuir-like

process with the elementary rate depending on the number of free sites, we can

express the rate (rf) as:

rf = k+

i∑
n=0

(i− n)[PiIn][I] (4.94)

where i represents the length of the fibril, n the number of sites occupied by

inhibitor and the (i-n) inside the sum turns the concentration of fibril-inhibitor

species PiIn into a concentration of free sites, which gives the dependency of

the rate on free sites.

At this point, we need to consider the computational aspects of implementing this

mechanism as is. For each oligomer/fibril of length i, we would need to keep track of

the concentration of each PiIn over time. This would require an additional i(i− 2)

calculations and memory locations with respect to the inhibitor end binding model

(where two species of Pi interconvert, free and bound to one inhibitor molecule).

The value of this fully explicit calculation would lie in obtaining distributions of free

and bound states, therefore allowing to verify the Langmuir model assumptions and

propose alternatives. However, large species are invisible in NMR measurements;

in our case, we are observing the monomer and dimer species. Therefore, given

that it is not possible to compare the distributions of free and bound fibrils with

data, we decided to reduce the computational complexity and consider two species:
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free fibril (Pifree) and inhibitor bound (Pibound). Rearranging the previous dI/dt

equation, and with the approximation of constant PiIn, we obtain the forward rate:

rf = k+[Pifree]
1

[Pifree]

i−1∑
n=0

(i− n)[Pibound][I] = (4.95)

= k+[Pifree]i− n[I] (4.96)

where i− n is the average of free sites in a fibril with length i.

In terms of i− n, this would take a value between 0 and 1. We could define it

as a free parameter to optimise for each value of i, or as a single parameter that

is function of i, if we consider it could increase with i. Alternatively, we could

approximate it to 1 if we assume all sites are always saturated, for example if

there is cooperativity and the microscopic rate limiting step is the first binding

event, followed by much faster events. We could also incorporate it into a rate

k
′
+, if we assume only a weak dependency on i.

Again, as outlined above, the consequences of these assumptions would lie in

different distributions of free and bound fibrils, which we can’t probe experimentally.

For simplicity, then, we have approximated it to 1, compatible with saturation of

all the sites, which translates to a rate forward of:

rf = k+[Pifree][I] (4.97)

and a rate of change of inhibitor, in the forward binding reaction, as:

dI

dt
= −ik+[Pifree][I] (4.98)

This approximation is similar to the assumption in the fibril fragmentation

reaction that all species break in half (or as close to as possible, if the length is

odd). In both cases, certain aspects of the physical complexity that we cannot

experimentally probe against have been removed from the mathematical treatment

accordingly.

In summary, the approximation implemented for surface binding of inhibitor

is as follows, with a single chemical equilibria for each Pi species:
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Pifree + iI
k+−−⇀↽−−
k−

Pibound (4.99)

The rates of change of each species are as follows:

d[Pifree]
dt = −k+[Pifree][I] + k−[Pibound] (4.100)

d[Pibound]
dt = +k+[Pifree][I]− k−[Pibound] (4.101)

d[I]
dt = −ik+[Pifree][I] + ik−[Pibound] (4.102)

Most importantly, the approximation implemented captures the higher oscillations

in free inhibitor concentration that will result from a surface binding model with

respect to an end binding one (in the i factor in dI
dt
). These will affect the kinetics

in a measurable way, given that the inhibitor participates in other interactions with

protein species whose concentrations we can monitor.

Finally, the same approximation was applied for the surface binding of inhibitor

to either dimer (step b’2) or nucleus (step c’2).

Mass balance corrections for elongation reactions in models including
surface binding of inhibitor

These are small mass balance corrections that are required in order to fit some

combinations of chemical steps as part of the same model and keep mass balance

constant. This is due to implementation decisions to simplify the calculations

computationally, which are described above, as well as the adjustments required.

If i is the number of monomeric subunits in an oligomer or fibril, and N is

the maximum length of fibrils included in the system, we are keeping track of the

concentration of species in two arrays of size N, "xp" for protein-only species and

"xpC" for protein-inhibitor complexes. For oligomers (species larger than nucleus),

the location xp[i] contains a protein oligomeric species of size i. The content of

xpC is also a protein oligomeric species of size i, but the inhibitor content depends

on the mode of inhibitor binding. For end binding, xpC[i] contains a fibril of
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oligomer(i>4) oligomer(i>4)

i

nucleus

A

B

oligomer(i+1)oligomer(i)

Figure 4.5: Example model requiring mass balance corrections.A. Model b’1 d’2 f’1,
including surface binding of inhibitor to oligomers (P iIi). B. Elongation by monomer
step that generates P iI(i−1).

length i and two inhibitor molecules (one at each end), so P iI2. In models with

surface inhibitor binding, xpC[i] keeps track of the concentration of a fibrils of

length i with i molecules of inhibitor bound, which we can refer to as P iN i, as

was described in the previous section.

Therefore, mass imbalances can be generated when reactions that involve protein-

inhibitor complexes generate products that don’t have the same protein-inhibitor

composition. In particular, this was encountered for models including surface

binding of inhibitor, since that step was selected in the modelling process (if end-

binding had been selected, different corrections would have been needed, following

the same logic). This is illustrated with an example by looking at the model I24

with inhibitor binding to dimer, nucleus disruption and inhibitor surface-binding

(Figure 4.5). In this model, some protein-inhibitor complexes (dimer+1 inhibitor,

and surface-bound oligomers and fibrils) are created. Reactions i’ through to k’

(Figure 4.3), which have surface-bound oligomers as reactants, can be added to this

model and sometimes cause mass imbalances, as in the case considered below in

detail where elongation by monomer (Figure 4.5B) is added.

This corresponds to this chemical equilibria, represented also as array locations
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(note that monomer is stored in xp[0]):

P8I8 + P1
kel−−⇀↽−−−
k−el

P9I8 (4.103)

xpC[8 ] + xp[0 ] kel−−⇀↽−−−
k−el

xpC[9 ] (4.104)

The product of the reaction is a species of the form P iI(i−1); however, when

it participates in the surface-binding reaction between oligomers and inhibitor, it

will be interpreted as P iI i and this will result in the release of i (9 in this case)

molecules of inhibitor in the dissociation step.

The imbalance can be seen when considering the change of concentration of

the species in the forward reaction:

∆ [P 8I8] = ∆ [P 1] = −∆ [P 9I8] = −kel [P 8I8][P 1] + k−el [P 9I8] (4.105)

The mass balance is correct for protein subunits:

Loss of Substrate = Gain of Products (4.106)

∆ Conc · i+ ∆ Conc · 1 = ∆ Conc · (i+ 1) (4.107)

(i+ 1) = (i+ 1) (4.108)

But incorrect for inhibitor molecules:

Loss of Substrate = Gain of Products (4.109)

∆ Conc · i+ ∆ Conc · 0 6= ∆ Conc · (i+ 1) (4.110)

(i+ 0) 6= (i+ 1) (4.111)

The exact solution to this problem would be to implement several protein-

inhibitor arrays, for example in this case an array with i-1 inhibitor molecules.

However we can implement a simple adjustment that allows to keep the computational

complexity to a minimum, with only the xp and xpC arrays. The solution, defined

generally for a case in which a species P pI i is generated in an elongation reaction
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(where p 6= i), is to remove (in the forward reaction) and add (in the backward

reaction) (p-i) equivalents of free inhibitor concentration. For the example above

with elongation by free monomer, the system becomes:

d[PpIp]
dt = −kel[PpIp][P1] +k−el[Pp+1Ip+1] (4.112)

d[Pi]
dt = −kel[PpIp][P1] +k−el[Pp+1Ip+1] (4.113)

d[Pp+1Ip+1]
dt = +kel[PpIp][P1] −k−el[Pp+1Ip+1] (4.114)

d[I]
dt = −akel[PpIp][P1]+ak−el[Pp+1Ip+1] (4.115)

with the last equation corresponds to the adjustment by a equivalents of inhibitor

concentration, 1 in this case. Note that this adjustment does not alter the rate

expressions, and the reaction remains order zero with respect to free inhibitor.

This logic was followed to check and maintain mass balance for all cases of

elongation reactions involving surface-bound oligomers, and Table 4.1 summarises

the corrections implemented. Note that in cases where the nucleus is allowed to

elongate, it requires a specific correction if it is bound to only one molecule of

inhibitor. Also, in some cases there are no corrections applied, when all species

involved are of the form P iI i. Whenever there was a need for such an adjustment,

if the alternative exact model was possible (for example, elongation by surface

bound dimer, or the surface-bound nucleus also elongating), it was explicitly tested,

which meant deviating slightly from the original step selection process in which

mutually exclusive (or redundant) steps, such as the binding of dimer to one (b’1)

or two (b’2 - surface binding) inhibitor molecules, would not be tested in parallel

(within "sibling" models) again.

A similar logic was used to keep mass balance in cases with end-binding of

inhibitor to fibrils and elongation of bound-fibrils by bound monomer or dimer. For

simplicity we have assumed a single binding event at one of the fibril ends. This

would cause mass balance issues if the single-bound fibril elongates by a monomer-

inhibitor or dimer-inhibitor complex, since there would be a second molecule of
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inhibitor bound to the fibril which would not be accounted for in the array. This

has been solved in an analogous way to the elongation of surface-bound fibrils,

by releasing one equivalent of inhibitor concentration in the forward reaction and

removing it in the backwards reaction - again, the rate of the backwards reaction

is order zero with respect to free inhibitor.

Table 4.1: Mass balance corrections for elongating steps involving inhibitor surface-bound
oligomers. The units refer to equivalents of inhibitor concentration that are removed and
added to the pool of free inhibitor in the forward and backward reaction, respectively.

Elongation by Oligomeric correction Nucleus correction

1

3 if nucleus 0 if nucleus
0

2

1

0

4.4 Results and Discussion

4.4.1 Mechanism of R3 aggregation
Concentration dependency of the monomer initial decay rates

Figure 4.6 shows the kinetic traces for two protein-only datasets, referred to

as first and second dataset, and an analysis of the order of reactions involving

monomer at the beginning of the aggregation process. In the first dataset, there was

a substantial amount of dimer present at t=0h in all concentrations, building-up

and decaying in the 100 and 50 µM samples, while already decaying in the 400

µM sample. In contrast, in the second dataset the initial concentration of dimer

was small throughout the concentration range.

We expect many elementary reactions to occur during the full timecourse of

the aggregation reaction and we are not expecting a simple overall mechanism

or rate law.
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Figure 4.6: Initial rates analysis of protein-only data. Analysis of the order of reactions
involving monomer at initial times for the first (A) and second (B) protein only datasets.
(i) Complete dataset showing monomer (dark blue) and dimer (light blue) traces. (ii)
Initial rate fits, using the first 2 hours and 4 hours of data for the first dataset and the
second dataset, respectively, as indicated by the shaded area. (iii) Plot of ln(rate) versus
ln(signal), in which the fitted slope value indicates the order of the reaction.
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However, we thought we could obtain insights on the early events in the

aggregation pathway by using the initial rates method. This would not be possible

with other methods such as half lives or integral methods that would require looking

at a longer time period. The initial rates of monomer decay in the first dataset

followed a second order dependency with respect to monomer signal (taken as a

direct proxy for concentration). This indicates that at early stages there is a reaction

involving two monomers. In contrast, the initial rates in the second dataset show a

first order dependency on monomer signal, indicating a unimolecular reaction of

the monomer. This had implications for the design of the pool of steps inputted

into the modelling algorithm, as seen below in the respective sections.

Modelling results

First dataset: The aggregation of R3 involves dimerisation, nucleation,

elongation and fragmentation events The application of the modelling algorithm

to the first dataset of R3-only data yielded the results schematically shown in Figure

4.7 and reported fully in Table 4.2 (with model IDs used in text). Briefly, it can be

seen how the systematic search explored a number of models of complexity ranging

between 4 parameters (linear polymerisation, χ2=48.6, ID 1 in Table 4.2, Figure 4.7

D i) and 19 (ID 24 Table 4.2) and arrived at a final best model with 17 parameters (9

rate constants and 4 pairs of sample-specific srac and frac (as part of the polishing

procedure - see Methods), χ2=1.22, ID 25 in Table 4.2) which maximised the

goodness of fit. Figure 4.7 C shows that in this process, there were four generations

of model building (with polishing turned on at generation 4), two pruning stages

and specific nucleation tests in parallel to the first pruning (not depicted in full

- discussed below in a separate section). The final best model, the winner of the

1st pruning stage (Figure 4.7 D ii) can be described as a tetrameric nucleation

model with fragmentation as a secondary process. The formation of the nucleus

involves a dimerisation reaction and a nucleation reaction involving one dimer and

two monomers, fitted as a single-step steady-state approximation (see Methods).
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Figure 4.7: Mechanistic model for the aggregation of R3. A. Overview of the algorithm
employed to search the model space (Chapter 3). B. Pool of steps (see Figure 4.2). Notes:
1: If a is the only reaction, this corresponds to linear polymerisation. 2: The resulting
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in B. D. Fits and schematic representation for the initial linear polymerisation model (i)
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50 µM: frac = 0.78, srac = 0.39, Ceq = 45 µM.



4. Mechanism of aggregation and inhibition of tau R3 133

Table 4.2: Modelling results for the R3-only first dataset. Best result for each model
tested in the systematic modelling process of the first dataset of R3. The winning models
of each stage are shown in bold and the overall best model is shown in bold italicised. 2-ext:
extra nucleation tests added at the generation 2 level. P1: First pruning. P2: Second
pruning. NT: Nucleation tests run in parallel to the first pruning. p: parameters, σ:
perturbation in basin-hopping like optimisation. Asterisks refer to parameter initialisation
modes in which polishing was already turned on, as explained in the Methods section.
The initial (unpolished optimisation, if polishing is turned on) and fitted (for the final
model result reported in the table) n values are indicated when the nucleation step is hn.

ID Gen. Model p χ2 Parent? Polish? Guess σ
1 1 a 4 48.63 Yes No naive 0.01
2 2 a,b 6 6.79 No No inherited 0.05
3 2 a,c 6 6.49 No No inherited 0.1
4 2 a,c,hn 9 4.31 No No inherited, n=1e-09(->n=1.4) 0.01
5 2 a,c,hn 9 4.09 Yes No inherited, n=1(->n=1.6) 0.05
6 2 a,c,hn 9 4.10 No No inherited, n=2(->n=1.7) 0.05
7 2 a,c,hn 9 6.69 No No inherited, n=3(->n=2.4) 0.1
8 2 a,i 5 48.63 No No inherited 0.01
9 2 a,e 6 9.03 No No naive 0.01
10 2 a,c,g 8 4.94 No No inherited 0.05
11 2 a,c,h2 8 4.99 No No naive 0.2
12 2 a,c,f 8 6.11 No No naive 0.01
13 2 a,c,d 8 7.22 No No naive 0.1
14 2 a,i2 6 48.63 No No naive 0.01
15 2- ext a,c,h3 8 8.38 No No naive 0.2
16 2- ext a,c,j1 8 4.49 No No inherited 0.1
17 2- ext a,c,h4 8 9.91 No No inherited 0.2
18 2- ext a,c,j2 8 6.13 No No naive 0.1
19 2- ext a,c,j3 8 4.46 No No naive 0.1
20 3 a,c,hn,i 10 4.08 No No inherited (n=1.6->n=1.6) 0.01
21 3 a,b,c,hn 11 3.47 Yes No naive, n=1(->n=1.7) 0.05
22 3 a,c,hn,i2 11 4.07 No No inherited (n=1.6->n=1.6) 0.01
23 4 a,b,c,hn,i 18 1.62 Yes Yes naive, n=2 (->n=3.4) 0.1
24 4 a,b,c,hn,i2 19 1.95 No Yes naive, n=1 (->n=1.5) 0.1
25 P 1 a,b,c,h2,i 17 1.22 Yes Yes inherited 0.2
26 P 1 b,c,hn,i 16 4.31 No Yes naive, n=3 (->n=2.8) 0.1
27 P 1 a,c,hn,i 16 2.22 No Yes naive, n=2 (->n=1.7) 0.01
28 P 1 a,b,c,hn 17 2.06 No Yes naive, n=1 (->n=1.5) 0.01
29 P 1 a,b,c,i 15 2.49 No Yes naive 0.05
30 NT a,b,c,f,i 17 2.33 No Yes inherited 0.2
31 NT a,b,c,d,i 17 2.29 No Yes naive* 0.05
32 NT a,b,c,g,i 17 1.68 No Yes naive* 0.05
33 NT a,b,c,h3,i 17 1.56 No Yes inherited* nuc* 0.05
34 NT a,b,c,h4,i 17 1.73 No Yes inherited* 0.05
35 NT a,b,c,i,j1 17 1.80 No Yes inherited nuc* 0.05
36 NT a,b,c,i,j3 17 2.00 No Yes inherited* nuc 0.1
37 NT a,b,c,i,j2 17 1.32 No Yes inherited nuc* 0.1
38 P 2 b,c,h2,i 15 3.66 No Yes inherited 0.1
39 P 2 a,c,h2,i 15 2.12 Yes Yes inherited 0.1
40 P 2 a,b,c,h2 16 3.62 No Yes naive 0.05
41 P 2 a,b,c,i 15 2.49 No Yes naive 0.05
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The nucleus and oligomers/fibrils elongate by addition of monomer or dimer at

distinct rates that are independent of their size. Finally, oligomers/fibrils (species

made of more than 10 subunits) fragment irreversibly.

Evolution of the goodness of fit through the stages leading to the final

best model Figure 4.8 shows in more detail how the application of the algorithm

progressed through stages towards the final result, with the goodness of fit improving

at each stage. In the first three generations, there were systematic residual trends

for both the monomer and the dimer traces. There were very prominent systematic

deviations in generation 1, which were reduced and changed in generation 2, when

the nucleation reaction (dimer+n monomers, n=1.5) was incorporated into the

best model. The same trend was maintained in generation 3, but with smaller

dimer deviations - this is consistent with the new step incorporated involving the

dimer species (elongation). In generation 4, the monomer residuals evened out but

the dimer deviations stayed similar, and finally in the winning model, resulting

from the first pruning generation, the dimer residuals also evened out. The steps

were incorporated in the following order: elongation via monomer (equivalent to

linear polymerisation) in generation 1, single-step dimer+n monomers nucleation

(n=1.5) in generation 2, elongation via dimer in generation 3 and fragmentation in

generation 4. In the 1st pruning stage, the winning model had one less parameter

than its parent, since the parameter n of the steady-state nucleation approximation

was fixed to 2. In contrast, its parent model, the winner of generation 4, had been

optimised to a final n of 3.3 (ID 23 in Table 4.2). This reduction of complexity

was accepted since the χ2 was reduced, and as a consequence the nucleation step

was explicitly defined as the formation of a tetramer.

Justification of the complexity of the best model based on the results

of the second pruning stage Figure 4.9 shows the worsening of the fits and

reappearance of systematic residual deviations in all the models tested in the 2nd

pruning stage, compared to the best model (winner of the 1st pruning stage). The

χ2s of all pruned models were higher than that of the winner (Figure 4.9 i) by
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Figure 4.8: Evolution of goodness of fit through the modelling process. Each row shows
the winner of the generation indicated in the left, in terms of its global goodness of fit
(χ2) and residuals (data - fit) for the monomer and dimer traces separately. The number
of parameters reflects only those that correspond to a chemical reaction, excluding the
initial monomeric fraction and signal to concentration ratio. The steps that have been
added to the model at each generation are schematically shown on the left. The results
shown in each row correspond to ID 1, 5, 21, 23 and 25, respectively, in Table 4.2.

a larger amount than the 0.1 cut-off defined in the Methods. Also, systematic

residuals reappeared for both the monomer and dimer traces in most of the pruned

models (with the exception of removing monomer elongation, which mainly affected

the monomer fits). None of these models were accepted and therefore the winning

model of the first pruning stage, model "a b c h2 i" (ID 25 in Table 4.2), became

the final best model.

It seems at first sight that there is little correlation between the importance of

each step in terms of how early it was added in the evolution process (meaning it

had been the best in the generation compared to other steps in sibling models) and

how much impact on the χ2 its removal in the pruning stage had. The goodness of

fit as expressed in χ2 (the quantitative measure used in the modelling process) was

more resilient to the removal of the elongation by dimer (χ2 = 2.13, Figure 4.9 ii)
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Figure 4.9: Results of the second pruning stage of the first R3-only dataset. Top row:
winning model in the first pruning (reference model for comparison). From the second
row, each row shows one of the pruned models and which step was removed from the
reference model. Each row shows the global goodness of fit (χ2), the fits for each sample
and the residuals (data - fit) for the monomer and dimer traces separately. The number
of parameters reflects only those that correspond to a chemical reaction, excluding the
initial monomeric fraction and signal to concentration ratio. The results shown in each
row correspond to ID 25, 39, 41, 40 and 38, respectively, in Table 4.2.

and tetrameric nucleation (χ2 = 2.49, Figure 4.9 iii) steps than of the other steps.

However, the features of build-up and decline of the dimer traces were completely

lost in all concentrations in the case of removing tetrameric nucleation and in the

50 µM sample if removing elongation by dimer. Meanwhile, larger increases in χ2 in

the models without fragmentation (χ2 = 3.62, Figure 4.9 iv) or monomer elongation

(χ2 = 3.67, 4.9) resulted from systematic deviations mainly in the monomer traces,

yet those models recapitulated the features of the dimer traces. Overall, and most

importantly for the purpose of avoiding overfitting, it was clear that there were

significant losses of goodness of fit in all pruned models. This supported fitting

the data with a final best model with 9 chemical rate constants (and 8 auxiliary

parameters that define initial monomer fraction and signal to concentration ratio).
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Challenges in the optimisation of the nucleus size The results of the 1st

pruning stage represent a (rare) instance in which the optimiser has not found the

global minimum for a model, since nucleation step h2, with a tetrameric nucleus (in

the final best model, see Figure 4.8 v) is an explicit implementation (n=2) of the

more general hn (dimer and n monomers make nucleus) steady-state approximation

nucleation step that was part of the winner model of generation 4 (see Figure 4.8

v). Therefore the global minimum with n=2 and χ2 of 1.22 should have been found

for the winner model of generation 4. Instead, the best fit at that generation had

n=3.4 and a χ2 of 1.62. We attribute this specific instance of suboptimal optimiser

performance to the specific nature of the n parameter, which introduces higher

powers in the concentration dependencies of the derivatives, compared with other

chemical steps, which leads to numerical instabilities.

Due to this finding, we wanted to verify that the h2 nucleation step was

the best fit for the data, given the importance of the nucleation reaction within

the aggregation mechanism and the discrepancies in the literature. For this we

performed additional nucleation tests (grid search), presented below, with which we

can confidently conclude that a tetrameric nucleus is essential for the best fitting

model presented above and remains the best fitting nucleation mechanism.

Comparison of nucleation hypotheses at two stages of the modelling

We performed an exhaustive quantitative and qualitative comparison of a wide

range of nucleation reactions. This was done at two levels of model complexity:

relatively simple models, equivalent in complexity to generation 2 (with linear

polymerisation as the parent model); and more complex models, equivalent to the

1st pruning stage (with the winner of generation 4 as the parent model). Given that

generation 2 had already tested many nucleation mechanisms as part of the original

routine, the extra tests involved defining explicit implementations of the hn general

case as well as adding larger nucleus sizes. In the more complex stage, we took the

best model of generation 4 and systematically switched the h2 nucleation step for

all other available steps, including as well explicit formulations of hn up to n=4 and
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larger nucleus sizes (j1,j2,j3). Two additional parameter initialisation inherited mode

variants were used, which specifically cleared the information regarding nucleation

rates (see Methods); in some cases, these setting variants led to the best results.

The results of these tests are recorded in Table 4.2 (2/2-ext and NT categories,

respectively, for lower and higher complexity of models compared).

Figure 4.10 shows the goodness of fit depending on the nucleation reaction

at the two complexity levels. In the generation 2 equivalent stage, the model of

reference was the winner of that generation (ID 5 in Table 4.2), while at the later

stage, the reference models were the winner of generation 4 with step hn (ID 23,

χ2 = 1.62) and the final best model (ID25, χ2 = 1.22). Importantly, the model

with h2, the best model found with the original algorithm, remained the overall

best model. There is little correlation between the ranking at the two stages of

the modelling, however the best step (h2) in the later generation corresponds to

an explicit implementation of the more general hn step that was selected in the

winner model of generation 2. In generation 2, the parameter n was fitted to 1.5,

indicating a mixture of trimer and tetramer nuclei, while at generation 4 it was

fitted to 3.4. Based on their quantitative goodness of fit at the later generation,

and the qualitative visual inspection of systematic residuals (for the dimer trace

in particular), we can group the nucleation steps in three categories: good, close

and poorly fitting (Figure 4.10 B).

Overall classification of nucleation steps based on goodness of fit and

qualitative assesment The good steps include the tetrameric nucleation step of

the best model (h2), the dimer+n monomers hn step that was part of all models

since being incorporated in generation 2 (optimised to n=3.3 in generation 4),

as well as similar mechanisms (see Figure 4.10 B i). All "good" steps involve

a dimer and more than one monomer (h3, with three monomers, and h4, with

four, are explicit formulations of the general dimer+n monomers steady-state

approximation), except for step j2 which involves two dimers and two monomers.

Models in the "close" category (Figure 4.10 B ii) show an initial build-up of dimer,
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Figure 4.10: Comparison of nucleation steps at an early and late stage of the modelling
process. A. χ2 vs nucleation step type. All other steps in the mechanism are common,
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nucleation tests. The parameter n of step hn was fitted to 1.5). (ii) Nucleation tests
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tests stage (A ii) and visual inspection, paying particular attention to how closely they
match the build-up and decline of the dimer trace (i.e. whether there are large systematic
residuals). The fits shown correspond to the 100 µM (1) sample in Figure 4.8 and others.
The final best model (h2) is shown in all categories for reference. The model IDs (Table
4.2) of the models shown are: h2 - 25, hn - 23, j2 - 37, h3 - 33, h4 - 34, f - 30, j1 - 35, j3 -
36, c - 29, g - 32, d - 31.

but not sustained enough; these are mechanisms with a trimeric nucleus (f) or a

nucleation reaction with at least two dimers, and either a third dimer (j3) or a

monomer (j1). The steps j1, j2 and j3 are multistep mechanisms that were fitted

to steady-state approximations with single composite rates, in an analogous way

to the hn family of steps. Finally, the poorly fitting steps (see Figure 4.10 C)

are those with either a dimeric nucleus, with (d) or without (c) a conformational

change that makes it elongation-competent, or a tetrameric nucleus formed by

two dimers (g). It is worth noting that the model with tetrameric nucleation by
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assembly of two dimers (g) is in the poor fitting category despite having a χ2 of

1.68, in the range of the good models (1.22-1.73); however, it did not recapitulate

the build-up and decline of the dimer in either the 50 µM (not shown) or 100 µM

traces. Finally, as expected due to the abundance of dimer in the traces, the model

with a dimeric nucleus performed poorly even in the context of a relatively complex

mechanism containing all other important steps.

Dimer residuals allow further discrimination between well-fitting models

Within the mechanisms of nucleation that gave a good fit, two patterns can be

distinguished, as shown in Figure 4.11. Crucially, only the final best model (h2,

χ2 = 1.22) and the second best (j2, χ2 = 1.32) have small systematic residuals

for both monomer and dimer. In contrast, the explicit versions of hn, h3 and h4,

unsurprisingly, have a similar pattern to the winner of generation 4 (hn, fitted to

n=3.3). The second best model (j2, ID 37 in Table 4.2) has a higher χ2, above the

0.1 threshold, and worse systematic residuals for the dimer trace in particular. This

model is also more complex than the h2 step even if it has the same amount of

fitted rate constants, given that one more (three versus two) elementary reaction

has been included in the steady-state approximation (see Methods). With the same

logic, the remaining models in this well-fitting category also are more complex than

the one with h2, on top of having worse fits. The conclusion from these extended

tests regarding the nucleation step was that the model with the h2 step (tetrameric

nucleation from a dimer and two monomers), which was arrived at following the

original algorithm, stands as the overall best model, given it had the lowest χ2 and

minimal complexity amongst the closest fitting alternatives.

Discussion of the first dataset winning model

Following the application of the modelling algorithm to the first dataset, we

selected a minimally complex best model. The rates shown in Figure 4.7 indicate

that the formation of the tetrameric species is the rate limiting step, with a very

slow forward assembly rate and very fast dissociation rate. The nucleus of a reaction

is typically defined as the first species in the pathway for which the subsequent
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(h2, ID 25) and the model with mechanism j2, which had the second best fit both in terms
of χ2 and features. (i) Fits of models with h2 and j2 nucleation types. (ii) Monomer
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.

reaction proceeds faster than the breakage of the nucleus [38]. In this case, two

reactions involve the nucleus in the forward direction, elongation by monomer and

by dimer, and the magnitude of the elongation by dimer forward rate is higher than

the backwards dissociation rate of the nucleation step. These aspects of the final

model are consistent with the definition of the tetramer as the nucleus.

Furthermore, the unfavourable nature of the nucleus assembly and its fast

consumption in elongation reactions is reflected, as expected, in the tetramer not

being an abundant species in the course of the reaction - the predicted signal for the

nucleus does not exceed 0.45 signal units within all the samples, in comparison with

15-110 for monomer and 5-20 for dimer. Given the scarcity of this species, if there
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were a unique chemical shift signature for the histidine residues corresponding to the

nucleus, it would likely be below detection; in addition, the signal calculated does

not consider the additional relaxation of a larger species or potential broadening

due to exchange. It is also expected that the diffusion experiment performed

in non-aggregating conditions, in which the nature of the dimer was established,

would not have reflected any significant amount of nucleus, since that would have

led to aggregation. However, it is worth noting that for the 3R construct K12,

not only dimers but also traces of higher aggregates (trimers and tetramers) had

been detected by native PAGE, in oxidising but not reducing conditions [119].

Therefore it would be interesting to examine in more detail if the R3 nucleus

can be detected by NMR, using multidimensional experiments and/or exchange

experiments, or other biophysical techniques.

Comparison of full mechanism with initial rates insights In light of this

detailed complete mechanism, we can better interpret the early insights from the

analysis of the initial rates of monomer decay (Figure 4.6). The only two steps in

the mechanism that are second order with respect to monomer are dimerisation and

nucleation. These two reactions might contribute differently to the rate dependencies

analysed in each sample, since the different samples were "caught" at different stages

of the process. For the 400 µM sample we are likely observing the nucleation step

since there is already a substantial dimer build up prior to the recording of the first

datapoint, and at t=0h it is already declining, getting used up in the nucleation

(and elongation) reactions. For the remaining samples, we are more likely observing

the dimerisation step, since it is faster than nucleation, and the dimer curve is

still building up, or a combination of the two.

The analysis of the initial rates was limited in that the monomer concentration

is not properly isolated, since the concentration of dimer, both a reactant and a

product of reactions involving monomer, is neither constant nor zero. A reflection of

the limitations is the fact that the datapoint further away from the fit in Figure 4.6

A iii is that of the 100 µM (1) sample, which has a higher amount of dimer at t=0h
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relative to the other replicate. In the case of 400 µM, the good agreement with an

initial second order dependency of monomer consumption further supports that the

reaction reflected is the nucleation reaction, therefore it doesn’t matter as much that

the dimer was present in a high amount at the start of aggregation. The agreement

of the early insights and the detailed chemical kinetics mechanism highlights the

usefulness of applying this simpler approach, even given the limitations discussed.

The effect of the polishing process on the final fit concentrations is modest.

The largest deviation affects the 400 µM sample, which is treated as having an

effective concentration of 322 µM (see Figure 4.7). This would imply a 20%

experimental error in that sample with respect to the others. Since that is the

highest concentration sample, a slightly longer (with respect to the other samples)

dead-time before the first datapoint (approximately 15 minutes for all samples)

would have the largest effect on the concentration dependency, leading to the

sample appearing to have a lower concentration.

Finally, it is worth noting that it was very difficult to fit the dimer traces

well, as that was the last issue to be solved in the modelling process. The biggest

improvement in goodness of fit came from defining the nucleus size in generation

2, with a dimerisation and nucleation involving a dimer and n monomers (hn;

n=1.5). Yet, even with a nucleation reaction that was very close to the final best

(dimer and two monomers; hn), there were systematic deviations in the dimer

traces. A more complex model was required for those to flatten, with the main

contribution coming from adding the elongation by dimer step. Further, the

extensive nucleation tests showed that a good fit is very sensitive to the nucleation

step; if the nucleation reaction was not that of the winning model or a very similar

one, there were prominent systematic deviations in the dimer traces. In conclusion,

the correct nucleation step was not enough to remove the systematic deviations in

the dimer traces if other important steps were missing, but it is essential for the

overall best model fit, as can be seen by the comparison of nucleation reactions

in more complex models. We think this has strong implications when considering

the choice of model systems and aggregation conditions. As discussed in the
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introduction, one of the areas of controversy in the modelling of tau has been

the influence of redox conditions. Many literature model systems contain cysteine

mutations (even in constructs containing only one cysteine, which is our case [79]

[78]), which prevents probing potential dimerisation via disulfide linkage. Our

results suggest that not only is the dimer state of the R3 model system crucial for

its aggregation, but that the availability of distinct NMR chemical shift signatures

of the monomer and dimer species allowed us to discriminate very finely between

similar models of primary nucleation.

Analysis of the second dataset reveals a monomer conformational change
prior to dimerisation

Figure 4.12 shows the result of independently modelling the second dataset of

R3-only traces (see Methods for experimental differences). The pool of steps was

very similar to the one for the first dataset, with the addition of a unimolecular

monomer conformational change step (k) and the variations in nucleation and

elongation steps that directly result from the existence of two distinct monomeric

species (e.g. c2 and c3 for the dimerisation/nucleation step). The final best

model, discussed in detail below, had a global fit χ2 of 3.1, and was arrived at by

using the data from five samples; a sixth sample (a repeat of 94 µM) not used

for modelling is shown as crossvalidation. The global fit of the six samples was

3.7 when the crossvalidation sample’s individual frac and srac parameters were

given the values fitted for 376 µM, with which the crossvalidation traces had the

best agreement in terms of proportional initial monomer signal. The global fit

including the extra sample improved to a χ2 = 2.8 after allowing only srac and

frac of the crossvalidation sample to be optimised.

The process taken to model the second dataset is summarised in Figure 4.13 and

recorded fully in Table 4.3. There were six generations of model building, where

polishing was turned on in generation 6. The monomer conformational change

step (k) and heterogeneous dimerisation (from an original monomer and a changed

monomer; c3) were incorporated in generation 2, which improved the fit substantially

and flattened the monomer and dimer residuals. This was followed by tetrameric
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Figure 4.12: Mechanistic analysis of the second dataset of R3-only data. A. Pool of
steps. Notes: 1: If a is the only reaction, this corresponds to linear polymerisation. step b
involves either of the dimers from steps c, c2 or c3, depending on which one is part of the
model. 3: The resulting dimer doesn’t participate in any further reactions.4: n can either
be free to optimise (hn) or fixed (h2). If n=1, this step is equivalent to f. B. Trajectory of
the systematic search. C. Fits corresponding to the winning model. The monomer fraction
(frac), and concentration/signal ratio (srac) parameters and the equivalent concentration
(Ceq = srac

sracref
C), based on the reference srac (sracref ) and sample concentration (C),

taking the 94 µM sample as the reference, are: 94 µM (1): frac = 0.93, srac = 0.67, Ceq
= 94 µM; 188 µM (1): frac = 0.96, srac = 0.80, Ceq = 223.5 µM; 188 µM (2): frac =
0.97, srac = 0.61, Ceq = 172 µM, 376 µM: frac = 1.00, srac = 0.55, Ceq = 307.5 µM, 47
µM: frac = 0.88, srac = 0.68, Ceq = 48 µM, 94 µM (crossvalidation): frac = ,0.93, srac =
0.51, Ceq = 72 µM. D. Crossvalidation of the model with another 94 µM sample. χ2 are
global (n=6). (i) Simulation of the crossvalidation sample with parameter values from the
best fitted model (frac and srac from the 376 µM sample). (ii) Fit of the crossvalidation
sample allowing only its specific frac and srac parameters to be optimised. E. Mechanism
of the winning model (ID 41 in Table 4.3). The length of the chemical equilibria arrows
corresponds to the order of magnitude of the rate (discretised to the closest 0.5).
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nucleation from dimer and two changed monomers in generation 3, at which point

the dimer fits started to recapitulate the characteristic build-up and decline of the

data, and elongation by dimer in generation 4, which further improved the dimer

fits in particular. The addition of fragmentation led to small further improvements

in χ2 (30.8 vs 33.8) as did the elongation by changed monomer (30.6). Polishing

was turned on at this point, in generation 6, due to the observed convergence of

the modelling process, and had a large effect (see Figure 4.13 vii vs vi) on the χ2

(larger than for the first dataset). Before turning on polishing, and since generation

3, the fits had systematically underestimated the signal of both monomer and dimer

for the first 188 µM (1) sample (in red) while overestimating them for the 376 µM

sample. Since the polishing effectively allows changing the concentration of each

sample (see legend of Figure 4.12), which is why it is not carried out until the late

stages of the modelling, it’s important to inspect this process in some detail. In

this case, and with respect to the 94 µM sample, the polishing led to the 188 µM

(1) sample being readjusted to 223 µM (a 20 % increase), the 188 µM (2) sample

to 172 µM (a 10% decrease), and the 376 µM to 307 µM (a 20 % decrease), while

the 47 µM remained unadjusted. This can be better rationalised by taking into

account experimental details for this dataset. The first two samples, 94 µM and

188 µM (two first from the left in the figures), were acquired from a common high

concentration stock, while the remaining three (and the crossvalidation sample)

were part of a second set of experiments from a different stock (both stocks made

from dissolving the same batch of peptide). Either experimental variability in

handling the reagents, or different gain settings in the NMR spectrometer, or a

combination of both, resulted in a consistently lower signal for three out of four

samples of the second set of experiments (other than the 47 µM). This is best seen

by comparing the initial monomeric signal, e.g. between the 188 µM (1) and (2)

replicates (black and red traces), the 94 µM first sample and crossvalidation sample,

and the roughly only 1.5 times (versus 2-fold expected) larger signal of the 376 µM

sample compared to the 188 µM (1) (red) sample. These differences explain why

in the crossvalidation fits the best unoptimised fit was obtained when the second
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sample of 94 µM was given the srac and frac values of a sample of the second set of

experiments (376 µM, see Figure 4.12 D i), rather than those of its corresponding

replicate. This variability would be best reduced for future work, for example by

acquiring the entire dataset from a single higher concentration initial stock and in

one set of experiments, close to each other. However, the polishing feature of our

modelling approach, applied only to fine tune well fitting models, can compensate

for it within a global fitting procedure. In this case, it also indicates that there was

not only systematic error, given the lack of adjustment of the 47 µM sample effective

concentration. Most importantly, the final best model (Figure 4.13 viii), as well as

the late generation winners (Figure 4.13 iv and v) recapitulated the features of the

monomer and dimer traces well without the fine-tuning allowed by the polishing of

the srac and frac parameters, confirming the data has been well fit in a global way.
Table 4.3: Modelling results for the R3-only second dataset. Best result for each model
tested in the systematic modelling process of the second dataset of R3. The winning
models of each stage are shown in bold and the overall best model is shown in bold
italicised. 2-ext: extra model run at the level of complexity equivalent to generation 2.
p: parameters, σ: perturbation in basin-hopping like optimisation. The asterisks in the
Parent? category indicate that the model with ID 5 was the winner of generation 2 used
to continue with the process, while the model with ID 17, tested later, has a lower χ2 -
this is discussed in the text. P1: First pruning. P2: Second pruning.

ID Gen. Model p. χ2 Parent? Polish? Guess σ
1 1 a 3 571.17 Yes No naive 0.01
2 2 a,b 5 164.58 No No inherited 0.05
3 2 a,c 5 280.75 No No naive 0.05
4 2 a,c2,k 7 212.82 No No naive 0.05
5 2 a,c3,k 7 104.83 Yes* No naive 0.2
6 2 a,c3,f 7 171.28 No No inherited 0.2
7 2 a,c3,g 7 190.61 No No inherited 0.01
8 2 a,c3,h2 7 280.82 No No naive 0.1
9 2 a,c3,hn 8 142.33 No No inherited, n=1e-09(->n=6e-03) 0.01
10 2 a,c3,hn 8 142.29 No No inherited, n=1(->n=3e-03) 0.2
11 2 a,c3,hn 8 281.25 No No naïve, n=2 (->0.5) 0.2
12 2 a,c3,hn 8 136.44 No No inherited, n=3 (->0.4) 0.01
13 2 a,c3,d 7 142.51 No No inherited 0.2
14 2 a,e 5 198.85 No No inherited 0.2
15 2 a,i 4 571.17 No No inherited 0.1
16 2 a,i2 5 571.17 No No inherited 0.05
17 2 - ext a3,c3,k 7 90.15 No* No naive 0.1
18 3 a,b,c3,k 9 54.55 No No inherited 0.01
19 3 a,c3,i,k 8 103.55 No No inherited 0.01
20 3 a,c3,hn,k 10 63.76 No No naïve, n=1e-09 (->2e-02) 0.2
21 3 a,c3,hn,k 10 63.75 No No naïve, n=1 (->2e-02) 0.1
22 3 a,c3,hn,k 10 115.49 No No inherited, n=2 (->5e-04) 0.05
23 3 a,c3,hn,k 10 105.03 No No inherited, n=3 (->8e-04) 0.05
24 3 a,c3,f1,k 9 100.70 No No naive 0.01
25 3 a,c3,f2,k 9 53.38 No No inherited 0.2
26 3 a,c3,g,k 9 59.85 No No naive 0.05
27 3 a,c3,h2a,k 9 150.49 No No inherited 0.01
28 3 a,c3,h2b,k 9 51.00 Yes No naive 0.05
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Table 4.3 continued from previous page
ID Gen. Model p. Chi2 Parent? Polish? Guess σ
29 3 a,c3,h2c,k 9 61.52 No No inherited 0.1
30 3 a,a2,c3,k 7 103.62 No No naive 0.2
31 3 a,a3,c3,k 9 64.25 No No naive 0.05
32 4 a,b,c3,h2b,k 11 33.35 Yes No naive 0.2
33 4 a,c3,h2b,i,k 10 50.96 No No inherited 0.01
34 4 a,a2,c3,h2b,k 9 50.89 No No inherited 0.01
35 4 a,a3,c3,h2b,k 11 50.10 No No inherited 0.05
36 5 a,b,c3,h2b,i,k 12 30.76 Yes No inherited 0.01
37 5 a,a2,b,c3,h2b,k 11 32.49 No No inherited 0.05
38 5 a,a3,b,c3,h2b,k 13 31.53 No No inherited 0.1
39 6 a,a2,b,c3,h2b,i,k 21 5.09 No Yes inherited 0.05
40 6 a,a3,b,c3,h2b,i,k 23 3.27 Yes Yes inherited 0.01
41 P1 a3,b,c3,h2b,i,k 21 3.13 Yes Yes naive 0.2
42 P1 a,a3,c3,h2b,i,k 21 27.46 No Yes naive 0.05
43 P1 a,a3,b,c3,i,k 21 20.62 No Yes naive 0.2
44 P1 a,b,c3,h2b,i 19 131.82 No Yes naive 0.01
45 P1 a,a3,b,c3,h2b,k 22 3.61 No Yes inherited 0.1
46 P1 a,a2,b,c3,h2b,i,k 21 4.95 No Yes inherited 0.05
47 P1 a,b,c3,h2b,i,k 21 5.15 No Yes naive 0.2
48 P2 a3,c3,h2b,i,k 19 46.35 No Yes inherited 0.01
49 P2 a3,b,c3,i,k 19 20.57 No Yes inherited 0.2
50 P2 a3,b,c3,h2b,k 20 3.37 Yes Yes inherited 0.2
51 P2 b,c3,h2b,i,k 19 12.07 No Yes inherited 0.05
52 P2 a,b,c3,h2b,i 19 131.82 No Yes naive 0.01

The winning model is the result of the 1st pruning stage, which is shown in detail

in Figure 4.14. The removal of the step corresponding to elongation by original

(unchanged) monomer (which was incorporated in generation 1 by default in the

modelling strategy, since it is equivalent to linear polymerisation) leads to a small

gain in goodness of fit (3.1 vs 3.3, see ii) vs i) ) with a reduction of complexity by 2

parameters, which is therefore accepted by default. The removal of the fragmentation

step has a modest effect on the fit, while there are larger effects when removing

the elongation by changed monomer or constraining the rates of that step to those

of the original monomer, but in all these cases the main features of the traces are

recapitulated. In contrast, removing any of the other steps (see vi, vii, viii) leads to

the reappearance of clear systematic residuals, in the dimer traces in particular.

The elongation step using conformationally changed monomer fits the

data better also at an earlier stage In line of the result of the pruned model

without step a, we performed a test at an earlier stage equivalent to generation

2 by replacing this step, in the winner model of generation 2, with the changed

monomer counterpart (a3), and allowing it to inherit the rates fitted for the a step

in the parent model (from generation 1) in the inherited initial guesses mode.
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Figure 4.13: Modelling path for the R3-only second dataset. Each row shows the
winner of the generation indicated in the left, in terms of its global goodness of fit (χ2)
and residuals (data - fit) for the monomer and dimer traces separately. The number
of parameters reflects only those that correspond to a chemical reaction, excluding the
initial monomeric fraction and signal to concentration ratio. The steps that have been
added to the model at each generation are shown on the left. The results shown in each
row correspond to ID 1, 5, 28, 32, 36, 40 (vi; unpolished and vii; polished), 41 and 50,
respectively, in Table 4.3.
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This resulted in a better fit with respect to the generation winner (90.4 vs

104.8, see Figure 4.14 B), which means this alternative model would have won that

generation. However, it’s clear that both models still have substantial residuals,

both in the monomer and especially the dimer traces. The alternative path that

would ensue from taking that new winner model through the full modelling process

was not further explored. In the future, when multiple species of monomer are

present, it seems sensible to consider these two types of elongation reactions earlier

in the modelling process, in an analogous way to what was done for the dimerisation

and nucleation steps.

Further, the lower χ2 of a pruned model with fewer parameters indicates another

instance of the optimiser struggling to leave a local minimum, since the winner

model of generation 6 could have achieved the same goodness of fit by setting the

rates of the a step to zero. However, as in the previous case (the nucleation step

in the modelling of the first dataset), the full course of the modelling process did

arrive to the minimally complex best solution.

In the 2nd pruning stage, similar to the first, the closest fit (i.e. least loss

of goodness of fit) corresponds to removing fragmentation, and the largest to

removing the conformational change of monomer (see Figure 4.15). In this case, the

removal of any of the other steps leads to large systematic deviations, mainly for

the dimer traces, including that of a3 (iii). In the 1st pruning stage, the removal of

either elongation by monomer step had minor effects, indicating a certain degree of

redundancy between them, which is consistent with the removal of one of them in

the 1st stage. In contrast, the loss of goodness of fit when removing a3 indicates

there are no further redundant steps.

The amount of conformationally changed monomer is negligible at early

stages of the aggregation reaction Finally, it’s interesting to discuss the

relative abundance of the two monomer species in the final model and in the course

of the modelling process. In the path through generation/stage winners (Figure

4.13), the conformationally changed species is consistently not abundant at early
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Figure 4.14: First pruning stage for the R3-only second dataset. A. Each row shows
one of the pruned models, in terms of its global goodness of fit (χ2) and residuals (data -
fit) for the monomer and dimer traces separately. The number of parameters reflects only
those that correspond to a chemical reaction, excluding the initial monomeric fraction
and signal to concentration ratio. The steps that have been added to the model at each
generation are shown on the left. The results shown in each row correspond to ID 40, 41,
45, 46, 47, 43, 42 and 44 in Table 4.3. B. Result of changing the elongation by monomer
step in generation 2. The models depicted include the winner of the generation (χ2 =
104.8) and the newly tested model (χ2 = 90.2), and correspond to ID 5 and 17 respectively,
in Table 4.3. The shaded areas show improvements of systematic deviations in the 90.2
fit model with respect to the 104.8 model, while the asterisks indicate better fit in the
104.8 model.
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Figure 4.15: Second pruning stage for the R3-only second dataset. Each row shows one
of the pruned models, in terms of its global goodness of fit (χ2) and residuals (data - fit)
for the monomer and dimer traces separately. The number of parameters reflects only
those that correspond to a chemical reaction, excluding the initial monomeric fraction
and signal to concentration ratio. The steps that have been added to the model at each
generation are shown on the left. The results shown in each row correspond to ID 41, 50,
51, 49, 48 and 52 in 4.3.

stages (0-40h) and generally builds up to around 20 % only in the late second half of

the reactions. The exception is the generation 4 winner, when elongation by dimer is

incorporated in the model, in which there is no substantial build-up. In the pruning

stages, there are exceptions to the build-up to 20 % as well, in particular in the

models in which a3 has been removed or replaced by a2. This can be understood

since the ability of the changed monomer to elongate reduces its concentration, and

this is completely abolished if a3 is removed, and partially if it is happening at the

same rates as the original monomer (step a) and those are slower. That is the case;

in orders of magnitude, the generation 6 winner has forward and backward rates of

10−4 and 10−3 for a (original monomer), while for a3 (conformationally changed

monomer) they are 100 and 10−1, respectively. Another noticeable aspect of the

build-up of the changed monomeric species is that it coincides with the decline in
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dimer concentration, which is sensible since the changed monomer is a reactant in

the dimerisation reaction and also in the nucleation reaction involving the dimer.

Discussion of the second dataset model

For this dataset, the rate limiting step is the conformational change of monomer.

Even if the forward rate constant of nucleus assembly is larger than the forward

rate for the monomer conformational change, given that there is a second order

dependency on the changed monomer and that this species is very scarce (negligible

in the first 40 hours), the rate of nucleus assembly will still be slow. A similar

logic applies to the formation of the heterogeneous dimer, since that also has a

dependency (first order) on the concentration of the scarce changed monomer.

This agrees with the findings from the initial rates method, for which this

dataset is better suited, since the concentration of dimer at t=0h is much lower with

respect to that of monomer than in the first dataset. The unimolecular early event

revealed by this analysis would correspond to the conformational change step (k)

incorporated into the pool for the modelling of this dataset. In this case neither the

dimerisation or nucleation events, which are second order for monomer, even if also

essential steps in the mechanism, dominate the rate law at the early stages (t < 4h).

Comparison of the first and second dataset models

There are a few differences between the best final models for the two datasets,

and in the path taken by the algorithm, which are interesting to comment on,

including some that once rationalised appear much more modest.

The main difference between the models obtained from the first and second

protein only datasets concerns the monomer conformational change step that is

required in order to fit the second dataset well, and which is reflected in the linear

dependency of the initial rate of monomer decay. In contrast, the first dataset showed

a second order dependency for initial monomer consumption and was well described

without including any monomer unimolecular step. The rest of the steps included in

the final models are the same, most importantly regarding the identity of the nucleus

and the species involved in nucleation. There are some differences in the fitted rate
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constants, of which the biggest is the faster forward nucleation rate constant for

nucleation in the second dataset. However, as discussed above, the effective rate of

nucleus formation will be reduced by the scarcity of the changed monomer species.

In order to integrate the two models, an early hypothesis was that the second

dataset had been caught at an earlier time of the aggregation process when the

unimolecular conformational change was rate-limiting, while the first one had already

pre-equilibrated into a majoritary population of changed monomer to start with.

However, the results disagree with this hypothesis, since the changed monomer

does not build-up in the first 40 hours of the reaction, and only to a maximum of

20 %. This suggests a small amount of the changed monomer is enough to drive

the reaction forward, and that might already have built-up by the start of the first

dataset reactions. Alternatively, the initial conformational change might be slower

in a 90 % D2O buffer compared to a 90 % H2O buffer.

The common steps were also included in the final model in the same order in

the modelling process (see Figure 4.8 and 4.13). The goodness of fit of the final fits

is also comparable; since the average per point χ2 reported (see Chapter 3) are not

divided by the error of each point, they are proportional to the signal magnitude.

That is a bit below two-times higher (1.5-1.75 taking an average of the srac values

for each dataset) for the second dataset compared to the first one. Therefore the

final best fit of χ2 = 3.1 units would be equivalent to a 1.77-2.06 fit for the first

dataset, and that is closer to the 1.22 fit that was initially apparent.

Another apparent difference, which in reality is a similarity, is the difference

in the order of impact of each step in the pruning stage (see Figure 4.9 vs 4.15).

In the second dataset case, there seems to be a much smaller impact of removing

the fragmentation step on the goodness of fit (3.4 vs 3.1, compared to 3.62 vs 1.22

in the first dataset). However, as explained above, the features of the traces (in

particular the dimer, which is the hardest to fit well) are maintained in the model

without fragmentation both for the first and second datasets. Similarly, the removal

of elongation by monomer has the largest χ2 effect for the first dataset, while it is

the second in the second dataset, but in both cases the build-up and decline of the
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dimer traces are maintained. Finally, and similarly for both datasets, the removal

of either tetrameric nucleation or elongation by dimer leads to the reappearance

of significant dimer residuals, as well as worse χ2 values.

4.4.2 Mechanism of action of D-TLKIVW on R3 aggregation
General features of R3 aggregation in the presence of D-TLKIVW

Figure 4.16 shows a comparison of the amide and methyl regions of the 1H

NMR spectra in aggregation reactions of R3-only (first dataset, 100 µM) and R3

with the inhibitor D-TLKVIW (100 µM + 48 µM), at the start of the reaction, a

middle point and an end point for each sample. Several features can be noted: 1)

there is a slower decay of monomer signal and a larger build-up and delayed decline

of the dimer signal in the presence of inhibitor (compare the t=23h timepoint of

the R3-only sample with the t=34h timepoint of the sample with inhibitor); 2)

there are no chemical shift perturbations (CSPs) larger than the linewidth in the

resolved histidine resonances or the inhibitor peaks (see Figure 4.16 C); 3) there are

well-resolved D-TLKIVW peaks (shown are the D-Tryptophan aromatic peaks and

a methyl region doublet for D-Isoleucine), which decay approximately by 20-30%

over the timecourse of the experiment. Importantly, the fact that the D-tryptophan

aromatic peaks can be identified and don’t overlap with the histidine resonances

of the R3 monomer or dimer justifies that the concentrations of R3 species can be

reliably monitored following the same peaks as in the R3-only experiments.

In the study where the inhibitor D-TLKIVW was developed, the authors reported

a lack of CSPs of the inhibitor indole peak in conditions of great excess of monomeric

VQIVYK (the starting hexapeptide of the R3 repeat, and one of the hotspots for

aggregations, which was used to structurally design this inhibitor) [134]. This is

in agreement with our observations, however without a full titration in our case.

Similarly, the decline in inhibitor signal is consistent with Sievers et al. observing

concentration-dependent decays upon titration with either pre-formed aggregates

of the construct K19 or of the hexapeptide VQIVYK.
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Figure 4.16: Overlay of 1H amide and methyl regions in the presence or absence of
inhibitor. The non inhibitor data corresponds to 100 µM R3, and the inhibitor data to
100 µM R3 with 48 µM D-TLKIVW. Signal intensity for the no-inhibitor sample was
normalised by a factor of 1.1 to have an equivalent signal at the first time point, and
shifted upfield by 0.005 ppm (A) or 0.0038 (B). A. Amide region. The inset shows the
monomer and dimer peaks corresponding to histidines (around 7.8 ppm) that were used
to quantify aggregation (see also C). Several peaks (red stars) appear between 7.2 and 7.7
ppm which correspond to the terminal tryptophan residue in D-TLKIVW (by comparison
to reference spectra in http : //www.hmdb.ca/spectra/nmr_one_d/1608). B. Methyl
region. The inhibitor doublet (red stars) corresponds to the isoleucine residue. C. Zoomed
in region around the R3 histidine peaks and aromatic resonances from D-TLKIVW.
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Figure 4.17: Overview of modelling results for the action of the D-TLKIVW peptide on
R3. A. Summary of pool of steps tested, including binding events, disruption events and
elongation/fragmentation of inhibitor-bound species; where multiple similar steps exist,
the variants present in the final model are shown (see Figure 4.3 for more details). B.
Tree-like description of the modelling path, including generations of increasing complexity
and two pruning stages. The letter codes correspond to the steps in A / Figure 4.3. The
number of parameters is the sum of protein-only model parameters and inhibitor model
parameters. C. Data and fits for the final winning model (ID 125 in Table 4.4). The
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The length of the chemical equilibria arrows corresponds to the order of magnitude of the
rate (discretised to the closest 0.5).
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The mechanism of inhibition of D-TLKIVW is multifaceted and affects
multiple species in the pathway to aggregates

The inhibition by the peptide D-TLKIVW is summarised in 4.17 and the

complete results are recorded in Table 4.4. The inhibition mechanisms proposed in

the pool, summarised in A (see Figure 4.3 for a more detailed depiction), correspond

to interactions with all important species identified in the mechanism obtained from

modelling the first dataset of R3 data, namely monomer, dimer, tetrameric nucleus

and larger oligomers/fibrils (any species larger than nucleus, treated collectively).

They include end or surface binding to each species independently, disruption events

and distinct hypotheses on whether inhibitor-bound species participate in elongation

or fragmentation reactions that occur in the R3-only mechanism, and with the

same or different rates. The algorithm progressed through eleven generations of

model building, in which the winner model of the last one was not accepted since

the χ2 improvement was below the threshold, and two stages of pruning, with the

overall best model resulting from the first pruning stage.

The evolution of the modelling process is shown in Figures 4.18 and 4.19. The

top row shows the R3-only best model fits of the equivalent R3 concentration (from

the first dataset) and their poor agreement with the data from the samples with

inhibitor, in line with the qualitative features shown in Figure 4.16 and discussed

above. For all the samples, the main systematic deviations occur in the dimer traces,

whose build-up is delayed yet reaches higher values in the presence of inhibitor. As

expected, the effects are concentration dependent with respect to inhibitor (e.g.

compare 121 µM vs 48 µM inhibitor concentration, with constant R3 concentration).
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Figure 4.18: Evolution of modelling process for D-TLKIVW inhibition mechanism - Fits
and residuals. Top row: best protein-only model (ID 25 in Table 4.2) shown against the
kinetic traces of the inhibitor dataset. From 2nd row to the last: winner of each generation.
Polishing was turned on in generation 7. The number of parameters refers only to rate
parameters, excluding frac and srac. The inhibitor models displayed correspond to entries
with IDs 9, 14, 29, 49, 54, 72, 84, 95, 98, 109,113, 125 and 135 in Table 4.4.
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The disruption of the nucleus was the first step to be incorporated to the model,

which led to a big improvement in the dimer residuals yet also to larger deviations of

the fits from the monomer decay (which are less affected by the presence of inhibitor,

see Figure 4.18 i). Following this, binding to dimer and surface binding to oligomers

were incorporated. Surface-binding to oligomers was better than end binding

but not by a lot (χ2 of 4.87 vs 5.00). In generation 4, elongation of the surface-

bound oligomers by dimer-inhibitor complexes was incorporated, with different

rates compared to the elongation of free oligomers by free dimer. The binding to

nucleus was incorporated in generation 5 and in generation 6 a step that releases free

dimers from oligomers was incorporated, with a small but noticeable improvement

in the fits (and difference in χ2 clearly above the 0.1 cut-off; see Figure 4.18 vii

vs vi). Polishing was turned on in generation 7, after observing the improvements

in χ2 were getting smaller as the features of all traces were mostly recapitulated

by the fitted curves. From generation 7 (other than the monomer binding step in

generation 9), all the steps that were incorporated (or modified, in the pruning)

belong to the category of elongation and fragmentation steps involve inhibitor-bound

species. Finally, the winner of generation 11 was not accepted because of a too

small reduction in χ2. The winner of the first pruning stage was, since it reduced

complexity by 1 parameter while having a marginally smaller χ2, but not that of

the second pruning stage since there was a loss of χ2 without any reduction in

complexity. The best models fit have the relatively larger deviations in the fits to

concentration 50 +134 and in particular the monomer trace, in line with what was

observed in the other two datasets, since that has the lowest signal of all the traces.

Analysis and comments on the amounts of inhibitor-bound populations

From Figure 4.19, we can also comment on the binding of inhibitor to monomer,

dimer and nucleus as percentage of the respective species that is in complex form

with respect to total, and similarly the percentage of inhibitor that is either free

(black), bound to monomer (red) or dimer (orange), or the sum of free and bound to

small species (purple, including both monomer and dimer). The difference between
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the purple trace and 100 % is then the amount of inhibitor bound to larger species

starting from nucleus. The step of inhibitor binding to dimer is incorporated the

first in the modelling process, in generation 3, and from that stage and consistently

onwards most of the dimer is in the complex form, with no evident change when the

complex is allowed to elongate with different rates in generation 4. This is reflected

in the inhibitor as well, and we can see that the percentage of inhibitor bound to

dimer (orange traces) reaches 10 to 30 % depending on the sample, and that it

follows a similar build-up and decline pattern to the dimer traces in the dataset.

Therefore it seems that the existence of a dimer-inhibitor complex is one of the ways

in which the inhibitor model manages to recapitulate the larger and more sustained

build-up of dimer, by sequestering the dimer in a state where it cannot participate in

some of the protein-only mechanism reactions, such as nucleation or elongation steps.

In agreement with this hypothesis, the elongation on and off rates for the complex

are slower compared to those of the protein-only by free dimer, and the models

with elongation by bound-dimer at the same rates as protein-only (step j’1) fit quite

poorly, sometimes worse than the parent model (this is further discussed below).

In contrast, the percentage of monomer that is in complex with the inhibitor is

smaller (maximum of 20-40 %) and only builds up after 40 hours, once the monomer

concentration has already declined substantially, when this step is incorporated

in generation 9. It does increase when this complex is allowed to elongate, in

generation 10, and this is reflected in a consistently very low percentage of inhibitor

that is in a complex with monomer (red traces). In the case of the nucleus, it

is almost 100 % bound to the inhibitor in all generations after, and including,

generation 5 when it is included in the model.

In the traces of inhibitor, we can see that the gap between the percentage of free

inhibitor (black), or the sum of free and bound to either monomer or dimer (purple),

is largely due to the percentage bound to dimer (orange)s, which as commented

above is following the shape of the dimer traces in the data the generation 3 model

winner when the binding was incorporated. The amount of free inhibitor at the

late stages is almost the same as at the start in that generation. From generation 4,
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there starts to be a substantial decay of the free or bound to small species traces at

the end of the experiment, which is larger in generation 4 and 5 and then is reduced

again and stays very similar throughout the remaining stages. In generation 4 and

5, the larger decay is rationalised by the steps added, since the bound-oligomers

are able to elongate, including the nucleus-inhibitor complex, which leads to more

inhibitor-bound oligomers and therefore less free inhibitor. The rationale behind

calculating the free plus bound to monomer and dimer percentage is that the

inhibitor in those complexes should be visible in the 1D spectra, since the monomer

and dimer are visible and the complex only has a molecular weight six amino acids

larger than these free R3 species. This is discussed again later when contrasting

the kinetic and spectral evidence for the binding of inhibitor to small species.

The decline of the free inhibitor traces, in particular for the 100 µM R3 samples,

becomes smoother as the generations progress. Remarkably, in the final best model

(xiii), there is around 70 % of visible inhibitor left at t=70h for the 100 µM R3

+ 121 µM D-TLKIVW, which is in very close agreement with the experimental

observations in Figure 4.16 even though the concentration of visible inhibitor was

not used as a constraint in the modelling.

Results of extensions (and rationale for those) of the modelling strategy

applied to the inhibitor data In the course of the generation building process,

there were three instances of minor deviations from the general model building

procedure defined as part of the algorithm, which are discussed here. The first

one concerns the acceptance of the winner model of generation 9, with χ2 of 1.52

(see Figure 4.18 x), which is within the 0.1 cut-off with respect to its parent (χ2

= 1.61, see Figure 4.18 ix). When the binding of monomer was incorporated in

the model, it opened up the question on whether this monomer-inhibitor complex

would be able to elongate, and whether it would be with the same rate constants of

the elongation of free oligomers or different ones. At that stage the model already

included the steps of inhibitor-bound oligomers elongating by free monomer and

by bound dimer. This was tested in two steps between generation 9 (binding step
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incorporated, no involvement in elongation) and generation 10 (elongation occurs,

either with same rates (step i’1b) or different rates (i’3b)). In generation 10 the

model including elongation with the same rates had a χ2 of 1.44, without any

additional parameters, so it was accepted by default in comparison to generation

9. It can be considered that globally from generation 8 to generation 10 the χ2

dropped from 1.61 to 1.44, which is within the 0.1 cut-off. The χ2 with different

rates was 1.45 (ID110) therefore clearly not justifying the additional complexity

with respect to the sibling model with 1.44. This successive addition of the binding

step, then the elongation step was done in the same way as for the dimer binding

step (incorporated in generation 2, its involvement in elongation steps tested from

generation 3), with the rationale being to avoid adding too many new parameters to

optimise at the same time. It’s worth noting that the binding of the nucleus and its

ability to elongate or not were tested simultaneously in generation 5, yet the step of

elongation of bound-oligomers by dimer had already been incorporated in generation

4, meaning the models of generation 5 only had two new parameters to optimise.

The second deviation from the general model building procedure concerns the two

interactions with the nucleus identified in the modelling process: direct disruption

and the binding into a complex. Since it seemed these two steps could be redundant

and/or part of a single two step mechanism, this possibility was tested (c’1,f’2) in

generations 4 and 5; in both cases, the models with the separate interactions had a

better fit than the binding equilibrium - disruption model: in generation 4, 4.45

(ID 35) vs 4.91 (ID 37), in generation 5, the generation winner 3.02 (54) vs 3.11

(ID 58). This will be further discussed in the pruning stage below. It’s interesting

to compare the results of both generations, since the binding to the nucleus led to

only a modest improvement in fit in generation 4 (4.45 vs the 4.87 of the parent),

while in generation 5 it improved the χ2 from 3.48 (v, ID 49) to 3.02 (vi, ID 54) but

specifically in the case that it was elongating by dimer-inhibitor complex as well (the

model without this elongation competency was not better than the parent, with χ2

of 3.47 (ID 55). This indicates the binding to nucleus itself is not beneficial for the

fitting unless it is coupled to the ability of the nucleus-inhibitor complex to elongate.
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Finally, and thirdly, there was a model tested in order to avoid the usage of

the mass corrections described in 4.3.4 for the cases when surface-bound oligomers

can elongate by addition of species that don’t contain an equal number of inhibitor

molecules per protein subunit (i.e. the inhibitor-dimer complex, free monomer and

dimer, and single-bound nucleus elongating into a surface-bound oligomer). This

affected generation 4; the step of inhibitor binding to dimer b’1 was replaced by

surface-binding (b’2 ) in the model ID51, which removed the need for corrections, but

had a worse fit and therefore the step b’1 was maintained in the generation winner.

In relation to that, it’s worth noting that when the binding to nucleus (which

elongates) was incorporated in the model in generation 5, a full set of exhaustive

combinations (single, surface-binding or equilibrium disruption; with or without

the ability to elongate) was tested, of which the winning model (ID 54), with a

single inhibitor molecule binding to nucleus, was the best in goodness of fit. In

the later generations, there were no more alternative models tested and instead

the mass corrections were applied when required.

The first pruning reveals another instance of optimisation converging to

a local minimum The improvement of the fit in the winning model of the first

pruning stage shows another case of the optimiser not finding the global minimum,

even if by a very small margin, since in generation 10 the winning model could have

been optimised to the χ2 of 1.41 by setting the rate of fragmentation to the value

of the protein-only model step. This is probably achieved, in the pruning stage,

by lowering the amount of monomer-inhibitor complex in the pruned model (see

Figure 4.19 xiv vs x). Still, this instance of optimiser limitations is more similar to

the minor improvement in the first pruning stage of the second protein-only dataset

(when elongation by original monomer was removed) than the equivalent stage

of the first protein-only dataset (when the nucleation step hn had been modified

to h2, with a constrained n=2; see Figure 4.9). Furthermore, looking into the

generation 8 results in more detail, we can see that the related model with equal

fragmentation rate (k’1 had been fitted to 1.61 - ID 94; vs 1.62 of the winning
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model), therefore the result of the pruning stage is not unexpected. It seems thus

that for the specific case of inhibitor modelling, in which some steps can be included

but with equal or different rates to the protein-only counterpart step (therefore

not always adding more optimisable parameters), it might be useful to modify the

modelling procedure to include a 0.1 cut-off across the generation, to evaluate the

winner of the generation against its related siblings of lesser complexity.
Table 4.4: Modelling results for the R3 + D-TLKIVW dataset. Best result for each
model tested in the systematic modelling process of the inhibitor dataset. The winning
models of each stage are shown in bold and the overall best model is shown in bold
italicised. P1: First pruning. P2: Second pruning. P2 - ext: second pruning, testing of
additional hypotheses. p: parameters, σ: perturbation in basin-hopping like optimisation.
The number of parameters is reported as the sum of the 9 chemical rate constants of the
R3-only mechanism (even if they are kept constant in the optimisation of inhibitor models),
the chemical rate constants of steps involving inhibitor and the global or sample-specific
frac/srac parameters.

ID Gen. Model p. χ2 Parent? Polish? Guess σ
1 1 a’ 15 44.49 No No n 0.1
2 1 b’1 15 9.65 No No n 0.01
3 1 b’2 15 9.85 No No n 0.05
4 1 c’1 15 5.80 No No n 0.01
5 1 c’2 15 5.80 No No n 0.01
6 1 d’1 15 6.89 No No n 0.01
7 1 d’2 15 7.32 No No n 0.01
8 1 e’ 14 45.94 No No n 0.01
9 1 f’1 14 5.79 Yes No n 0.01
10 1 g’2 14 42.58 No No n 0.01
11 1 g’1 14 24.25 No No n 0.1
12 1 h’ 14 45.94 No No n 0.01
13 2 a’,f’1 16 5.79 No No i 0.01
14 2 b’1,f’1 16 5.41 Yes No n 0.05
15 2 b’2,f’1 16 5.53 No No i 0.01
16 2 c’1,f’1 16 5.79 No No i 0.2
17 2 c’2,f’1 16 5.79 No No n 0.05
18 2 d’1,f’1 16 5.65 No No i 0.01
19 2 d’2,f’1 16 5.64 No No i 0.01
20 2 e’,f’1 15 5.79 No No i 0.01
21 2 f’1,g’2 15 5.72 No No n 0.01
22 2 f’1,g’1 15 5.79 No No i 0.01
23 2 f’1,h’ 15 5.79 No No i 0.01
24 3 a’,b’1,f’1 18 5.37 No No i 0.2
25 3 b’1,c’1,f’1 18 5.39 No No n 0.01
26 3 b’1,c’2,f’1 18 5.41 No No i 0.01
27 3 b’1,c’1,f’2 18 5.41 No No n 0.01
28 3 b’1,d’1,f’1 18 5.00 No No i 0.01
29 3 b’1,d’2,f’1 18 4.87 Yes No i 0.01
30 3 b’1,e’,f’1 17 5.41 No No i 0.01
31 3 b’1,f’1,g’2 17 5.41 No No i 0.01
32 3 b’1,f’1,g’1 17 5.41 No No i 0.01
33 3 b’1,f’1,h’ 17 5.27 No No i 0.01
34 4 a’,b’1,d’2,f’2 20 4.87 No No i 0.2
35 4 b’1,c’1,d’2,f’2 20 4.45 No No n 0.01
36 4 b’2,c’2,d’2,f’1 20 4.87 No No i 0.01
37 4 b’1,c’1,d’2,f’2 20 4.91 No No i 0.05
38 4 b’1,d’2,e’,f’2 19 4.87 No No i 0.01
39 4 b’1,d’2,f’2,g’2 19 4.87 No No i 0.01
40 4 b’1,d’2,f’2,g’1 19 4.87 No No i 0.01
41 4 b’1,d’2,f’2,h’ 19 3.89 No No n 0.01
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Table 4.4 continued from previous page
ID Gen. Model p. Chi2 Parent? Polish? Guess σ
42 4 b’1,d’2,f’2,i’1 18 4.76 No No i 0.01
43 4 b’1,d’2,f’2,i’2 20 4.62 No No n 0.01
44 4 b’1,d’2,f’2,j’1 18 4.82 No No i 0.01
45 4 b’1,d’2,f’2,j’2 20 3.63 No No i 0.05
46 4 b’1,d’2,f’2,k’1 18 4.12 No No i 0.01
47 4 b’1,d’2,f’2,k’2 19 4.05 No No n 0.1
48 4 b’1,d’2,f’1,j’3a 18 4.53 No No i 0.01
49 4 b’1,d’2,f’1,j’4a 20 3.48 Yes No i 0.01
50 4 b’2,d’2,f’1,j’3a 18 3.90 No No i 0.01
51 4 b’2,d’2,f’1,j’4a 20 3.61 No No i 0.05
52 5 a’,b’1,d’2,f’1,j’4a 22 3.44 No No i 0.2
53 5 b’1,c’1,d’2,f’1,j’4a 22 3.47 No No i 0.01
54 5 b’1,c’1,d’2,f’1,j’4b 22 3.02 Yes No n 0.1
55 5 b’1,c’2,d’2,f’1,j’4a 22 3.47 No No i 0.01
56 5 b’1,c’2,d’2,f’1,j’4b 22 3.08 No No n 0.05
57 5 b’1,c’1,d’2,f’2,j’4a 22 4.89 No No n 0.05
58 5 b’1,c’1,d’2,f’2,j’4b 22 3.11 No No i 0.2
59 5 b’1,d’2,e’,f’1,j’4a 21 3.47 No No i 0.01
60 5 b’1,d’2,f’1,g’2,j’4a 21 3.47 No No i 0.01
61 5 b’1,d’2,f’1,g’1,j’4a 21 3.43 No No i 0.2
62 5 b’1,d’2,f’1,h’,j’4a 21 3.32 No No i 0.1
63 5 b’1,d’2,f’1,i’1,j’4a 22 3.46 No No i 0.01
64 5 b’1,d’2,f’1,i’2,j’4a 22 3.46 No No i 0.01
65 5 b’1,d’2,f’1,j’4a,k’1 20 3.24 No No i 0.01
66 5 b’1,d’2,f’1,j’4a,k’2 21 3.21 No No i 0.01
67 5 b’1,d’2,f’1,j’4a,j’1a 20 3.58 No No i 0.01
68 5 b’1,d’2,f’1,j’4a,j’2a 22 3.44 No No i 0.05
69 6 a’,b’1,c’1,d’2,f’1,j’4b 24 2.98 No No i 0.05
70 6 b’1,c’1,d’2,e’,f’1,j’4b 23 2.99 No No i 0.01
71 6 b’1,c’1,d’2,f’1,g’2,j’4b 23 2.96 No No i 0.01
72 6 b’1,c’1,d’2,f’1,g’1,j’4b 23 2.69 Yes No n 0.05
73 6 b’1,c’1,d’2,f’1,h’,j’4b 23 2.97 No No i 0.01
74 6 b’1,c’1,d’2,f’1,i’1b,j’4b 22 2.87 No No i 0.1
75 6 b’1,c’1,d’2,f’1,i’2b,j’4b 24 2.87 No No i 0.01
76 6 b’1,c’1,d’2,f’1,j’4b,k’1 22 3.05 No No i 0.1
77 6 b’1,c’1,d’2,f’1,j’4b,k’2 23 2.98 No No i 0.2
78 6 b’1,c’1,d’2,f’1,j’4b,j’1b 22 2.98 No No n 0.01
79 6 b’1,c’1,d’2,f’1,j’4b,j’2b 24 2.96 No No i 0.1
80 7 a’,b’1,c’1,d’2,f’1,g’1,j’4b 27 1.94 No Yes i 0.1
81 7 b’1,c’1,d’2,e’,f’1,g’1,j’4b 26 1.98 No Yes i 0.01
82 7 b’1,c’1,d’2,f’1,g’2,g’1,j’4b 26 1.90 No Yes n 0.2
83 7 b’1,c’1,d’2,f’1,g’1,h’,j’4b 26 1.92 No Yes n 0.01
84 7 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b 25 1.86 Yes Yes n 0.1
85 7 b’1,c’1,d’2,f’1,g’1,i’2b,j’4b 27 1.85 No Yes i 0.05
86 7 b’1,c’1,d’2,f’1,g’1,j’4b,k’1 25 1.95 No Yes i 0.2
87 7 b’1,c’1,d’2,f’1,g’1,j’4b,k’2 26 1.91 No Yes i 0.2
88 7 b’1,c’1,d’2,f’1,g’1,j’4b,j’1b 25 2.17 No Yes n 0.1
89 7 b’1,c’1,d’2,f’1,g’1,j’4b,j’2b 27 1.91 No Yes i 0.01
90 8 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b 27 1.83 No Yes i 0.05
91 8 b’1,c’1,d’2,e’,f’1,g’1,i’1b,j’4b 28 1.89 No Yes i 0.05
92 8 b’1,c’1,d’2,f’1,g’2,g’1,i’1b,j’4b 26 1.88 No Yes i 0.01
93 8 b’1,c’1,d’2,f’1,g’1,h’,i’1b,j’4b 26 1.86 No Yes i 0.1
94 8 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,k’1 25 1.62 No Yes i 0.01
95 8 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,k’2 26 1.61 Yes Yes n 0.05
96 8 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,j’1b 25 2.03 No Yes n 0.1
97 8 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,j’2b 27 1.84 No Yes n 0.01
98 9 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,k’2 28 1.52 Yes Yes i 0.1
99 9 b’1,c’1,d’2,e’,f’1,g’1,i’1b,j’4b,k’2 27 1.59 No Yes i 0.05
100 9 b’1,c’1,d’2,f’1,g’2,g’1,i’1b,j’4b,k’2 27 1.63 No Yes i 0.01
101 9 b’1,c’1,d’2,f’1,g’1,h’,i’1b,j’4b,k’2 27 1.60 No Yes i 0.1
102 9 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,j’1b,k’2 26 1.85 No Yes i 0.05
103 9 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,j’2b,k’2 28 1.60 No Yes i 0.05
104 10 a’,b’1,c’1,d’2,e’,f’1,g’1,i’1b,j’4b,k’2 29 1.51 No Yes i 0.05
105 10 a’,b’1,c’1,d’2,f’1,g’2,g’1,i’1b,j’4b,k’2 29 1.47 No Yes i 0.01
106 10 a’,b’1,c’1,d’2,f’1,g’1,h’,i’1b,j’4b,k’2 29 1.49 No Yes i 0.2
107 10 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,j’1b,k’2 28 1.89 No Yes i 0.05
108 10 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,j’2b,k’2 30 1.47 No Yes i 0.01
109 10 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,i’3b,k’2 28 1.44 Yes Yes i 0.05
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Table 4.4 continued from previous page
ID Gen. Model p. Chi2 Parent? Polish? Guess σ
110 10 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,i’4,k’2 30 1.45 No Yes i 0.05
111 11 a’,b’1,c’1,d’2,e’,f’1,g’1,i’1b,j’4b,i’3b,k’2 29 1.45 No Yes i 0.01
112 11 a’,b’1,c’1,d’2,f’1,g’2,g’1,i’1b,j’4b,i’3b,k’2 29 1.49 No Yes i 0.01
113 11 a’,b’1,c’1,d’2,f’1,g’1,h’,i’1b,j’4b,i’3b,k’2 29 1.42 Yes Yes i 0.05
114 11 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,i’3b,j’1b,k’2 28 1.89 No Yes i 0.2
115 11 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,i’3b,j’2b,k’2 30 1.44 No Yes i 0.01
116 P1 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,k’2 26 1.58 No Yes i 0.05
117 P1 a’,c’1,d’2,f’1,g’1,i’1b,i’3b,k’2 24 2.13 No Yes i 0.05
118 P1 a’,b’1,d’2,f’1,g’1,i’1b,j’4b,i’3b,k’2 26 1.58 No Yes i 0.01
119 P1 a’,b’1,c’1,d’2,g’1,i’1b,j’4b,i’3b,k’2 27 1.93 No Yes n 0.1
120 P1 a’,b’1,c’1,d’2,f’1,i’1b,j’4b,i’3b,k’2 27 1.59 No Yes i 0.2
121 P1 a’,b’1,c’1,d’2,f’1,g’1,j’4b,i’3b,k’2 28 1.95 No Yes n 0.2
122 P1 a’,b’1,c’1,d’2,f’1,g’1,i’1b,i’3b,k’2 26 1.91 No Yes i 0.2
123 P1 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,k’2 28 1.45 No Yes i 0.2
124 P1 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,i’3b 27 1.88 No Yes i 0.1
125 P1 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,i’3b,k’1 27 1.41 Yes Yes i 0.2
126 P1 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’3b,i’3b,k’2 26 1.86 No Yes n 0.01
127 P2 b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,k’1 25 1.62 No Yes i 0.05
128 P2 a’,c’1,d’2,f’1,g’1,i’1b,i’3b,k’1 23 2.07 No Yes i 0.05
129 P2 a’,b’1,d’2,f’1,g’1,i’1b,j’4b,i’3b,k’1 25 1.83 No Yes i 0.2
130 P2 a’,b’1,c’1,f’1,g’1 23 4.24 No Yes i 0.2
131 P2 a’,b’1,c’1,d’2,g’1,i’1b,j’4b,i’3b,k’1 26 1.82 No Yes i 0.1
132 P2 a’,b’1,c’1,d’2,f’1,i’1b,j’4b,i’3b,k’1 26 1.58 No Yes i 0.05
133 P2 a’,b’1,c’1,d’2,f’1,g’1,j’4b,i’3b,k’1 27 1.90 No Yes n 0.05
134 P2 a’,b’1,c’1,d’2,f’1,g’1,i’1b,i’3b,k’1 25 1.90 No Yes i 0.2
135 P2 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,k’1 27 1.46 Yes Yes i 0.1
136 P2 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’4b,i’3b 27 1.86 No Yes i 0.2
137 P2 a’,b’1,c’1,d’2,f’1,g’1,i’1b,j’3b,i’3b,k’1 25 1.91 No Yes i 0.05
138 P2 - ext a’,b’1,c’1,d’2,f’2,g’1,i’1b,j’4b,i’3b,k’1 27 1.72 No Yes i 0.2
139 P2 - ext c’1,d’2,f’1,g’1,i’1b,k’1 21 2.21 No Yes n 0.2
140 P2 - ext a’,b’1,c’1,d’2,f’1,g’1,i’1b,k’1 25 2.07 No Yes i 0.05
141 P2 - ext a’,b’1,c’1,d’2,f’1,g’1,k’1 25 2.99 No Yes i 0.1
142 P2 - ext a’,b’1,c’1,d’1,f’1,g’1,i’1b,j’4b,i’3b,k’1 27 2.19 No Yes i 0.05
143 P2 - ext a’,b’1,c’1,f’2,g’1 23 4.23 No Yes n 0.1
144 P2 - ext a’,b’1,d’2,g’1,i’1b,j’4b,i’3b,k’1 24 2.27 No Yes i 0.05
145 P2 - ext a’,b’1,c’1,d’2,f’1,g’1,i’1a,j’4a,i’3a,k’1 27 1.68 No Yes i 0.01

Finally, another feature of this modelling process that is a consequence of the

steps that have rate constants equal to protein-only steps is that not all models

across a generation need to have a lower χ2 than their parent; this is true for

many of the models with such steps and is reasonable since the parent model is no

longer a subset of the steps of the children models, in terms of optimisable rate

constants. For example, step j’1 leads to consistently worse fits than the parent

model in the models with IDs 67,96, 102, 107 and 114.

Discussion of the importance of each step and impact on the fit based

on the results of the second pruning stage We can analyse the relative

importance of each inhibitory action by looking into more detail at the second

and final pruning stage of the modelling process, comparing the effects in χ2 and

systematic deviations that result from the removal of specific steps. This is shown in
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Figure 4.20 and 4.21, with the steps ordered based on the impact of their removal on

the fit, from smaller to larger. The removal of elongation by bound monomer leads

to a marginally worse fit (χ2 = 1.46), with the same amount of parameters, which

was not accepted. The fit had a reduced percentage of monomer that is bound

to inhibitor to a maximum of 10 % which doesn’t vary with time (see ii) vs i) of

Figure 4.21). This suggests the effect of binding monomer is partially independent

from its ability to elongate (e.g. has to do with preventing it from participating in

reactions that involve free monomer, such as dimerisation and nucleations), which

is expected since in terms of the elongation reaction it makes no difference whether

it is free or bound, as it was happening with the same rates.

Similarly to what was discussed above for the first pruning stage winner, this fit

of 1.46 could have been achieved earlier by the generation 9 winner (fitted to 1.52),

since that had the fragmentation step with a free optimisable rate and therefore was

a superset of steps. This would have required both optimising the fragmentation

rate to the same value as the protein-only model, and reducing the amount of

monomer-inhibitor complex, as seen with the 1.46 result.

The next closest model in χ2 is the one without dimer dissociation from

oligomers/fibrils (1.58), a step which was incorporated in generation 6 and led

to minor improvements (2.69 vs 3.02), for which reason the polishing was turned

on from generation 7. The removal of the binding to monomer (and elongation by

bound monomer) has a similar small effect (1.62) and an equal fit to the same model

that was the second best in generation 8, as has been discussed before (ID 94).

Removing either the direct disruption of nucleus or the binding to nucleus has

similar effects in χ2 with minor differences in the residuals that appear. This

similarity in the fit agrees with the result of the first generation, in which the

goodness of fit was very similar between the models including these two steps

(5.79 for disruption, ID 9, 5.80 for binding, IDs 4/5, the latter having one more

parameter). When the direct disruption is removed, even more of the nucleus is

bound by the inhibitor (see Figure 4.21 v), another indication of the redundancy

of these steps, discussed below in the section of custom tests.
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Next comes a set of models with similar χ2 worsening, all of which involve

removing fragmentation or elongation steps of the inhibitor-coated fibrils, and most

of which don’t reduce complexity (other than the elongation by bound dimer with

different rates to the protein-only fibrils, shown in ix) ). Removing the elongation

by bound dimer or forcing it to have the same rates as the protein-only model step

has very similar effects in χ2, yet different residual patterns, and different effects

on the abundance of free/bound protein species (discussed below). Most of the

losses in fit (but not all) affect the dimer traces; this suggests the contribution

to a good fit from this step relies mainly on the slower elongation rates, which

contribute to the larger and longer build-up of dimer.

Looking into them in more detail, removing fragmentation of the inhibitor-

bound oligomers (vii) leads to a reduced amount of percentage of monomer bound

to inhibitor (see Figure 4.21 vii). This is in agreement with the χ2 of 1.86, the

same as the winner of generation 7, which had two fewer parameters since it didn’t

include the binding of monomer step. At generation 8 the binding of monomer only

led to a minor improvement to 1.83 (ID 90), so overall this seems to indicate a direct

link between more elongation ends of bound oligomers being available and a greater

amount (and contribution to the fit) of inhibitor-bound monomer. If elongation

by free monomer is removed (viii), we might expect a higher proportion of bound

monomer, which can elongate at the ends of inhibitor-bound oligomers. However

we observe the opposite, together with a reduction of inhibitor-bound nucleus. It

seems that in order for more free monomer to be consumed in elongation reactions

by protein-only oligomers, the model has increased the amount of free nuclei, and

the proportional decline in bound nuclei (and elongation ends of inhibitor-bound

oligomers) is coupled to the lower abundance of inhibitor bound monomers. Also,

we can see that removing elongation by free monomer has more impact than the

binding to monomer or elongation by bound monomer, which might be due to the

fact that in the final best model bound monomer is a minor species in comparison.

The removal of elongation by bound dimer, or constraining its rates to those of the

protein-only oligomers, has similar effects on χ2 but leads to opposite readjustments
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in the percentages of small species bound to inhibitor, which can be rationalised since

the rates of elongation of protein-only oligomers are faster, meaning the pruning is

having opposite effects on the fate of inhibitor-dimer complexes. If elongation is

removed, there is a decline in inhibitor-dimer complexes which is needed to adjust

the traces of this species, given it cannot be used up in elongation reactions. If the

elongation of this complex is faster than in the best model, the model readjusts

by reducing the amount of bound nucleus and thus available ends of elongation of

bound-oligomers, which in turn affects elongation by bound monomer and leads

to a marked reduced in the amount of the inhibitor-monomer complex.

Removing the binding to the dimer step has quite noticeable effects on the fits

(mainly on the dimer traces) and also on the decays of free inhibitor; it seems to

lead to a much stronger binding of the inhibitor to the large oligomeric/fibril species,

especially in the samples with 100 µM R3. Theses large effects are in agreement

with this step having been incorporated quite early in the modelling process (in

generation 3). Finally, though, the biggest loss in goodness of fit comes with the

removal of binding of inhibitor to oligomers/fibrils, which leads to similar patterns

of systematic deviations to that earlier simple model with only nucleus disruption

and dimer binding (see Figure 4.18 iii). It also has the consequence of keeping the

inhibitor mostly in a free or bound to dimer state throughout the reaction.

Finally, we extended the second pruning stage with a few extra models in order

to probe some open questions from the final winning model, which concern the

interactions of inhibitor with the visible monomer and dimer species, the nucleus

and the oligomers (see Figure 4.22 and 4.23).

There is some redundancy between the binding to and disruption of the

nucleus by D-TLKIVW The models in Figure 4.22 B probe the interactions

with the nucleus. The potential redundancy of the binding and direct disruption

effects was confirmed by the model shown in i), which had a much larger impact on

the goodness of fit. When both steps were removed, there were large systematic

deviations from the dimer traces in all three samples, and some of which had not
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Figure 4.20: Final individual-step pruning stage of the modelling of inhibition by
D-TLKIVW - Fits and residuals. Top row: winning model of the modelling process.
From 2nd row to the last: models involving the removal of one step (depicted) from the
winning model. Note that in some cases additional steps (indicated in italics) had to
be removed, since they involved a species that was not present in the system anymore
due to the removal of the specific step. The number of parameters refers only to rate
parameters, excluding frac and srac. The models displayed correspond to entries with
IDs 125, 135,132,127,131,129, 136,133, 134, 137, 128 and 130 in Table 4.4.
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Figure 4.21: Final individual-step pruning stage of the modelling of inhibition by
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appeared either of the single pruned models (χ2 = 2.27, see Figure 4.20 v and

vi). There were also deviations in the monomer which were similar to the model

without the disruption step. Both single pruned models had large changes in the

amount of free inhibitor, by increasing its decay for both the 100 µM R3 samples,

and in the combined pruning model this effect was even larger, in the case of the

100 µM R3 + 48 µM D-TLKIVW bringing the free inhibitor percentage to almost

zero for the second half of the reaction. The percentage of monomer in a complex

with inhibitor was also increased in the double pruned model, and similar to the

model without direct disruption. Overall this confirms the partial redundancy of

the steps, which was suggested by the previous results in which goodness of fit was

lost with the removal of either, given the greater loss with the removal of both.

It also indicates that when considered as the sum of two effects, the interaction

of the inhibitor with the nucleus acquires higher importance as a mechanism of

action, only surpassed by the the binding to oligomers.

When the bound nucleus is not able to elongate, there is a smaller loss of

goodness of fit compared to the removal of the binding to nucleus (1.68 vs 1.83).

Therefore the binding itself has a contribution to the fit, even if in the earlier

generation 5, when that step was incorporated, it required the ability to elongate by

bound dimer (the only elongation step for inhibitor-bound oligomers in that model)

in order to improve the goodness of fit with respect to the parent. Unlike the case of

binding to monomer, even if the bound nucleus is not able to elongate, most of the

nucleus is in a complex with inhibitor (see Figure 4.23, compare the winner model

in i) and the 1.68 fit in iii) ). Bound nucleus elongates by free monomer or bound

monomer at the same rates as free nucleus, therefore the effect might be either a

stabilisation effect of the nucleus (can’t dissociate while it’s bound) or an effect due

to the slower aggregation by dimer. The lack of elongation of the bound nucleus led

to a reduction in the percentage of dimer bound to inhibitor, yet at the same time

there is more binding of the inhibitor to the oligomers, as indicated by much reduced

free inhibitor. These common readjustments amongst the models in Figure 4.22 i)

and ii) can be understood as the model needing to create more elongation ends of
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bound oligomers in order to support the consumption of the dimer as dimer-inhibitor

complex, which elongates more slowly than the free counterpart on the inhibitor-free

oligomers. Yet this is not achieved completely (even if in the case of 100 µM R3 +

48 µM D-TLKIVW, the free inhibitor drops to zero, similar to the previous model),

and therefore leads to a reduction on the amount of dimer-inhibitor complex.

The model with an equilibrium two step mechanism of nucleus disruption (iii)

has the same amount of parameters as the final best model, but a worse fit with

increased systematic residuals mainly in the dimer traces. Also, the replacement of

the independent steps by this equilibrium step in a model analogous to that shown

in Figure 4.20 xii, in which binding of inhibitor to oligomers was removed, resulted

in an identical χ2 and fit in terms of systematic residuals and abundance of the

inhibitor-protein complexes. In conclusion, it seems that the inclusion of both the

nucleus direct disruption and binding steps, and as independent events affecting

the nucleus, is justified by the results at multiple stages of the modelling, even if

they do display a certain degree of redundancy in the final model.

At the late stage, surface-binding of inhibitor gives a much better fit

compared to end-binding Another relevant test was between the surface and

end binding models of elongation, given the rationale behind the design of this

inhibitor as well as the EM data showing nanogold-labelled inhibitor bound to ends

of fibrils[134]. Figure 4.22 and 4.23 C show that the end binding model has a clearly

worse fit with more systematic residuals mainly in the dimer traces, and almost all

the inhibitor would be free at the end of the reaction, in disagreement with the data

in 4.16. It is important to note that the modelling did not incorporate constraints

on the concentration of free inhibitor, which makes this agreement between observed

decline (20-30% for the 100 µM R3 + 48 µM D-TLKIVW in Figure 4.16) and

predicted decline remarkable. Overall, the evidence in our kinetic analysis supports

a model with surface binding better than one with end-binding.
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Custom pruning confirms the relatively larger importance of inhibitor

binding to dimer versus monomer Finally, another set of tests was performed

to probe in more detail the importance of the binding of the inhibitor to the small

visible species, monomer and dimer, given the lack of clear evidence of binding both

in our data (see 4.16) and in the study where this inhibitor was developed. In the

single pruning stage, we had already seen, for the case of the monomer, that its

removal had a moderate impact on the goodness fit (the third smallest impact), to a

χ2 of 1.61 (see Figure 4.20 and 4.21, (iv) ), and that there was an even smaller loss

of goodness of fit when removing the ability of the complex to elongate (χ2 = 1.46,

see Figure 4.20 and 4.21, (ii) ). In comparison, the removal of dimer related steps

had a larger impact; the removal of binding of dimer had the second largest effect on

goodness of fit in the pruning stage, only after the removal of binding to oligomers,

with a χ2 = 2.07 and again, similarly to monomer, some contribution coming from

the ability of the complex to elongate (at a different rate than the inhibitor-free

oligomers, in this case, χ2 = 1.90, which is worse than removing binding to the

monomer), as indicated by the loss of fit in Figures 4.20 and 4.21 ix and x, and

some that is independent of the elongation of the complex. The relative larger

importance of binding of dimer is also reflected in the population of dimer bound

to inhibitor being majoritary and building up quickly from the onset of aggregation

reactions, while the monomer remained mainly mostly free until at later times (and

at which point its total concentration is greatly reduced).

We tested the effects of removing binding to both monomer and dimer, which

yielded a substantially worse fit, with χ2 = 2.21 (see Figures 4.22 and 4.23 D

ii), in particular with much larger systematic deviations observed in the dimer

traces. This together with the previous results indicates that it can be interpreted

as most of the effect coming from the absence of binding to the dimer, given the

previous results above described. Interestingly, when the binding to both monomer

and dimer is allowed but not the elongation by either complex, the systematic

deviations are very similar and the χ2 is only marginally better (2.07, see D iii);

meaning that when evaluated jointly, most of the effects of the binding of monomer
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and dimer are dependant on the complexes being able to elongate. In line with

this, we probed the hypothesis that all inhibitor-bound species are not able to

elongate and found that the fit is significantly affected (χ2 = 2.99, see D i) ), yet the

residuals that appear differ from the subset model without elongation by monomer

or dimer inhibitor complexes. The ability of bound-oligomers to elongate by free

monomer is an important feature of the best final model, confirmed by this custom

test and already indicated earlier by the single removal of that step (viii). This

also indicates that the binding of oligomers does have an important contribution

to the good fit of the best model, but that a large part of that effect lies in the

ability of the bound oligomers to still elongate. Overall, from the extended set of

tests, we can deduce that it is not possible to obtain a well fitting model without

binding to oligomers, binding to dimer, and the ability of bound oligomers and

dimer-inhibitor complex to participate in elongation, while the binding of monomer

(and the elongation of that complex) is more dispensable.

Kinetic versus spectral evidence for inhibitor binding to monomer and

dimer As discussed above, the step of D-TLKIVW binding to the dimer (and

to a lesser extent, to the monomer) contributes to the goodness of fit of the final

model (Figures 4.20 and 4.22), and in particular the fits predict the dimer to be in a

predominantly inhibitor-bound state (see Figure 4.19 xiii). In the earlier qualitative

overview of spectral changes in the presence of the inhibitor, we did not observe

CSPs for either the R3 species (histidine peaks) or the D-tryptophan and D-leucine

peaks from D-TLKIVW, which was consistent with the literature [134].

However, the lack of CSPs does not necessarily imply a lack of binding. The

R3 resonances correspond to the histidines, which are located in the C terminus,

while the predicted binding site is at the N-terminal starting sequence VQIVYK.

In addition to that, chemical exchange between multiple populations can occur in

a intermediate regime in which either or both states are broadened out beyond

detection. We therefore did not biase the modelling process into excluding these

potential interactions, for which upon analysis of the results there is supportive
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Figure 4.22: Custom testing of mechanistic hypothesis of inhibition by D-TLKIVW
- Fits and residuals. Top row: winning model of the modelling process. From 2nd row
to the last: models involving the removal of multiple steps or changes to specific steps.
The number of parameters refers only to rate parameters, excluding frac and srac. The
models displayed correspond to entries with IDs 125, 144,145,138,143,142,141,139 and
140 in Table 4.4.

kinetic evidence. Further work is needed to probe these predicted bound states

and potentially obtain constraints for the modelling.

Discussion of the inhibition mechanism

D-TLKIVW is one of four inhibitors designed computationally on the basis of

the crystal structures of the hexapeptide VQIVYK (the beginning of the R3 repeat

and of our R3 fragment), in order to block the binding of other hexapeptides in both
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Figure 4.23: Custom testing of mechanistic hypothesis of inhibition by D-TLKIVW
- Analysis of binding between small species and inhibitor. The models correspond to
the same as in Figure 4.22. Left three panels. For each model, left to right: percentage
of monomer bound to inhibitor, percentage of dimer bound to inhibitor, percentage of
nucleus bound to inhibitor. Right three panels. For each dataset, distribution of inhibitor
concentration amongst bound to monomer, bound to dimer, free, free+bound to either
monomer or dimer.
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the longitudinal (elongation) and horizontal (accross the steric zipper) axis, and acts

on VQIVYK as well as three-repeat constructs K12 and K19 [134], blocking seeded

and primary elongation. Their experiments were performed in reducing conditions

(under which R3 doesn’t aggregate on a timescale of days) and initiated by heparin.

D-TLKIVW was found to bind fibrils with µM affinity and proposed mainly as

an elongation blocker, even though a delay in the onset of primary aggregation

was also observed. The results here offer a more complete picture of its action,

allowing us to also assess the relative importance of each step.

4.4.3 Integration of the kinetic model with structural information

The tetrameric nucleus can be structurally understood in the context of the

recent atomic resolution structures of Alzheimer’s disease fibrils, which adopt mainly

PHF but also SF morphologies[65] (see Figure 4.24A). The SF longitudinal interface

is formed entirely of residues in the R3 repeat, which would be accessible to the

R3 fragment. In this two-by-two model, the interface between monomers along

the growth axis would likely generate a stronger interaction (perhaps aided by

disulfide bridges, even if the distances between rows are too large for the bond

to be present in the fibrils) compared to the interface across; oncse a dimer was

formed, the less favourable binding of two monomers along that interface would

constitute the rate-limiting nucleation step. The existence of polymorphisms could

be attributed to nucleation happening along distinct interfaces for SF and PHFs;

however this is subject to reorganisation as it has been shown that SFs convert to

PHFs both in vitro[70] and in Alzheimer’s disease patients [253]. Within this model,

given enough structural resemblance between small species and fibrils (perhaps

via partial sampling of more ordered conformations), it would be reasonable that

D-TLKIVW could bind to either.

4.4.4 Discussion of the performance of the modelling algorithm

In chapter 3, we designed an algorithm to explore model space in a systematic

way, with a pool of chemical steps, a building stage of generations of models of
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Figure 4.24: Structural model for the aggregation of R3. A. Paired Helical Filaments
have an interface formed by residues in the R3 and R4 repeats. B. Straight filaments
have an interface made entirely of R3 residues. C. Left: Illustration of the early steps
in the aggregation mechanism. Arrows indicate that the monomeric and dimeric species
are dynamic disordered species. A potential binding site for D-TLKIVW on the dimer
and nucleus is indicated. Right: Illustration of the growing axis of the fibrils. The data
represented corresponds to PDB accession numbers 5O3L (paired helical filaments) and
5O3T (straight filaments) and was displayed using PyMOL under an educational license.

increasing complexity and a final pruning stage to avoid overfitting. The application

of this abstract framework allowed us to find the best fitting models over a very large

set for both protein aggregation and the explicit inhibition by the inhibitor. There

were a few instances, discussed above, where the optimiser (using basin-hopping

like global search and local gradient descent) did not find the true global minimum.

However, we believe that a certain degree of redundancy in our approach (i.e. some

models being optimised twice, in the building-up stage and the pruning stage, as well

as running parallel runs for the same model with multiple settings for some of the



4. Mechanism of aggregation and inhibition of tau R3 182

optimiser) has been beneficial in dealing with this challenging optimisation problem.

An aspect worth discussing, in relationship to the results of chapter 3, is that of

the accuracy of the numerical integration method used for LMA. Forward Euler is

accurate when the time interval taken, dt, is small enough for the rates of evolution

of the system. Since most of the optimisation runs were validated by the more

accurate variable step multistep method, it follows that our heuristic of setting

dt to 5·10−4 was suitable for this system.

4.5 Conclusions

This chapter represents the culmination of the work described in the previous

three chapters. We aimed to obtain a detailed step by step mechanistic understanding

of the aggregation of a biologically relevant fragment of tau, as well as explicitly

modelling the inhibitory actions of the literature pioneering D-peptide D-TLKIVW.

With this aim, we applied the two-layer optimisation computational strategy

described in chapter 3 (building on previous work[37] to the selected construct of

tau, R3, characterised in chapter 2. We can see the overall mechanism of aggregation

and inhibition by D-TLKIVW obtained from the first dataset in Figure 4.25.

Regarding the modelling process, we observed a few instances in which the

lowest-layer optimisation protocol struggled to find the true global minimum, even

when provided with a combination of optimisation settings regarding the parameter

initialisation and perturbation stage of basin-hopping. Such cases involved the

nucleation step for the protein-only mechanism (fitted best by the steady-state

approximation of dimer and two monomers, but the best fit not being achieved in a

superset of possibilities if the amount of monomers in that reaction is allowed to

vary) and the fragmentation step of the inhibitor-coated oligomers.

However, in both cases the use of a top-layer optimisation algorithm that

includes a certain level of redundancy (e.g. the same model with the same chemical

reactions has been tested at multiple stages of the modelling process) enabled

us to bypass these limitations and achieve a true global fit. In particular, the

pruning stage (introduced to prevent overfitting) was instrumental in this sense.
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Additionally, in the case of the protein-only nucleation step, testing an exhaustive

set of potential nucleation reactions after other steps had been optimised to good

values allowed us to verify that the model obtained following the original strategy

was indeed the best fitting of all.

A key feature observed during the modelling process was how much harder it

was to fit well the dimer traces, in comparison to those of monomer. This was most

striking in the comparison of nucleation mechanisms for the first protein-only dataset

(see Figures 4.10 and 4.11), for which the dimer fits were particular informative
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to distinguish the best fitting mechanism with confidence. This highlights the

value of having found conditions in which both monomer and dimer species can

be monitored independently and simultaneously, in particular given the trends

in the literature of performing reactions in reduced conditions and/or modifying

the cysteine residues for fluorophore labelling.

The best model for R3 aggregation included dimerisation, tetrameric nucleation

by addition of a dimer and two monomers, elongation by monomer and dimer,

and fragmentation. A small amount of a different conformation of monomer was

essential for the fitting of the second dataset (in D2O conditions) but was not

detected kinetically in the first dataset, while all other steps in the model were the

same. It is worth mentioning that in comparison with literature models [80][78], the

nucleation reaction has been more precisely modelled, as attested by the sensitivity

of the fits (especially in the dimer traces) to relatively small variations in that

step. Additionally, the tetrameric nucleus identified from its kinetic fingerprint

can be easily rationalised structurally from the recent cryoEM structures (i.e. for

Alzheimer’s, [65]). Finally, we have provided an explicit mechanism of action of the

literature inhibitor D-TLKIVW which extends beyond its proposed role in elongation

blocking and includes an essential step of nucleus disruption as well as more subtle

effects on elongation of the bound fibrils and interactions with small species.

The models discussed above are of higher complexity than most literature models;

however, the implementation of several criteria to prevent overfitting allows us

to conclude they are minimally complex.

4.6 Further work

The main focus of this section of the thesis was to investigate the kinetics of

tau aggregation. In the process, though, the results have revealed insights on other

aspects of this system of study, as well as on the methodology used. I present below

a few directions of interest for further research building on the current results.
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Structural features of the monomer and dimer We have already gained

structural insights, in the process of modelling the kinetics of R3, such as the

observation that the histidine residues have a proton chemical shift unique to the

monomer and dimer environments. This is interesting given that they are located

in the C terminal end of the peptide, while the cysteine is at the middle of the

sequence, which suggest the histidines (and other residues) could be involved in the

dimer interface. We could probe transient contacts at the dimer interface using

two-dimensional NMR methods on isotopically labelled R3. This seems feasible

given the long timescales of aggregation, specifically in terms of the time during

which there are substantial amounts of monomer and dimer.

Further to this, literature studies in a wide range of systems (from full length

tau to the smallest hexapeptide models) and techniques (ensemble versus single-

molecule) have shown evidence of aggregation prone transient conformations in

the monomer. In our case, in the aggregation in D2O, a unimolecular event was

needed to fit the kinetic data well. The best fitting model included a unimolecular

conversion that only generates a very small population of conformationally changed

monomer for most of the nucleation stage, building to around 20 % at the end. If

we could detect this distinct conformation using multidimensional NMR and/or

exchange studies [231], we would both gain information on the structure and

dynamics of this conformational change for the R3 model, as well as potential

constraints to include in the kinetic modelling process.

Interactions of D-TLKIVW with monomer and dimer Our kinetic model

of inhibition included binding of D-TLKIVW to the monomer and dimer species,

which was important for the goodness of fit yet did not manifest in unambiguous

signs of chemical exchange for these visible species. Higher-dimensional experiments

and exchange experiments could help validate these interactions, as well as introduce

fitting constraints, as in the case of the monomer conformational change.
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Modelling strategy: optimising the process Finally, it proved very challenging

to develop a modelling strategy to find a global minimum both in model space

and parameter space, as discussed in Chapter 3 and throughout the description

of the results in this chapter. The final implementation included parallel runs of

optimisation for each model, with variable initialisation modes and perturbation

levels: these were recorded not only in terms of final χ2, but also other metrics such

as the time taken for the optimisation, the number of iterations of the basin-hopping

like routine and the evolution of the overall global minimum χ2 at each iteration.

While there were no obvious trends in the performance of distinct conditions, a

more exhaustive analysis could help understand the performance of the modelling

approach developed and potentially allow to optimise the optimisation process itself.

Given the generalisable nature of our approach, this could be beneficial for the study

of other tau model systems and other proteins within the protein aggregation field.
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5.1 Abstract

In this chapter, I present results concerning the partitioning of small molecules

into two proteins, FUS and DDX4. These are well studied model systems for liquid-

liquid phase separation, with orthogonal properties in terms of salt dependency and

interactions driving condensation. In the case of FUS, the finding that the molecule

lipoamide (which disrupts stress granules in cells and affects FUS condensates in

vitro) is ten-fold enriched into in vitro FUS-GFP condensates suggests a mode of

action based on stronger interactions with FUS in the condensate phase. In the

case of DDX4, we investigated the contributions of chemical features of nucleotides

to the interactions with the condensed phase that drive their partitioning into in

vitro condensates of the N-terminal domain DDX4N1. The triphosphate moiety

of nucleotides contributed positively to the partitioning, as seen by comparing

triphosphate and cyclic versions of adenosine and guanosine nucleotides. The

interactions were also influenced by the nature of the nucleobase, with partitioning

trends decreasing in the order G > A > C ∼ U. This is discussed in the context of the

main interactions that can be established between nucleotides and protein residues

as well as findings from heterotypic condensates formed by RNA homopolymers and

model peptides. The increasing evidence of molecular selectivity by the environment

of condensates supports the hypothesis that phase separation leads to a distinct

chemical solvent environment.
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5.2 Introduction

Membraneless organelles (MLOs) carry out a range of essential functions in cells,

in particular concerning nucleic acids. MLOs are permeable to small molecules in

the cytoplasm [146] and several studies have suggested their environment constitutes

a distinct chemical solvent to the surrounding bulk [254] [152]. Understanding

the rules that determine partitioning or exclusion of small molecules into MLOs,

both regarding small molecules and the protein/nucleic acid constituents of the

MLO, would be beneficial in developing therapeutic strategies to modulate phase

separation.

In this chapter, we have developed NMR-based methods for measuring partitioning

coefficient of small molecules into in vitro condensates of two orthogonal well studied

models of phase separation, the stress granule protein FUS and the nuage protein

DDX4. The introduction below focuses on the known characteristics of the phase

separation of these model systems. Further, given the frequent presence of nucleic

acids in MLOs, and their modulatory role of phase separation, we have explored

the influence of some features of nucleotides on partitioning. To aid the discussion

of those results, I present a review of the literature concerning the effects of

nucleotides on phase separation.

5.2.1 FUS
Overview

The FUS ("FUsed in Sarcoma") protein was identified as part of the oncogenic

fusion protein FUS-CHOP (also called TLS-CHOP) in myxoid liposarcoma, and

found to bind RNA in vitro [255]. FUS is a 526 amino acid protein encoded by 15

exons [256]. FUS contains a low complexity Prion-like domain (PLD), three RGG

rich domains (one N-terminal, two C-terminal), an RNA binding region (RRM), a

zinc finger motif, a nuclear export signal and an atypical PY nuclear localisation

signal, which can be seen in Figure 5.1.

FUS is located both in the nucleus and the cytoplasm in most cell types (more

in the nucleus in neurons, and exclusively in glia [257]), binds RNA in vivo in both
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compartments and shuttles in between [258]. In the nucleus, it plays a role in the

regulation of RNA transcription and splicing, as well as genome maintenance; a

cytoplasmic function in mRNA transport has also been identified in neurons [259].

Mutations in the nuclear localisation sequence, located in the C terminus (last 18

residues), lead to impaired nuclear import[260] and excessive localisation into the

cytoplasm, linked to incorporation into cytoplasmic stress granules [261] and which

can be rescued by adding the wild-type C-terminus to the mutant protein [262].

After initial emphasis on its role in cancer, FUS has been linked to neurodegenerative

disease, in particular amyotrophic lateral scleroris (ALS) [263][264] and frontotemporal

dementia (FTD) [265],which is the second most common form of dementia after

AD[266]. FUS mutations cause 3 % of familial ALS and 1 % of sporadic ALS; most

affect the nuclear localisation sequence [267]. In contrast, autopsy-confirmed FTD

cases with FUS pathology are not accompanied by mutations in FUS [268][269][270].

The disruption of RNA homeostasis has been proposed as a common pathogenic

mechanism for both ALS and FTD [271].

Phase separation of FUS

FUS was shown to phase separate into liquid like droplets in cells and in

vitro (see Fig 5.1 B) that show the characteristics of these compartments: rapid

internal rearrangement, shown by recovery after photobleaching (Fig 5.1 Ci), a

roughly spherical shape, shown with experiments with shear flow (Fig 5.1 Cii), and

coalescence (Fig 5.1 Ciii) [147]. It has been shown that in vitro FUS droplets can

"harden" and fibrillise over time and this is accelerated by the ALS-associated

mutation G156E [147].

The phase separation of full length FUS is much more favourable than that of

the PLD domain, with a saturation concentration two orders of magnitude smaller

for full length[198]. The N-terminal PLD domain (1-165) is rich in tyrosines (27

occurrences) but contains no charged residues, and remains disordered, lacking

stable secondary structure, in the phase separated state [157][159]. Its phase
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Figure 5.1: Overview of FUS phase separation. A. Domain organisation of FUS. PLD:
prion-like domain (low complexity), RGG: arginine-glycine-glycine repeat domain, RRM:
RNA recognition motif, NES: nuclear export signal, NLS: nuclear localisation sequence,
ZnF: zinc finger domain. Adapted from [259]. B. Full length FUS can exist in diffuse,
phase separated (droplet) and hydrogel states. Taken from [147]. C. Liquid-like behaviour
of FUS: rapid internal rearrangement (i), spherical shape (ii) and fusion (iii). Taken from
[147]. D. Cation-π interactions between N-terminal tyrosine residues and arginines drive
the phase separation of FUS, which is downregulated by methylation.

separation is likely driven by tyrosine-tyrosine π-π interactions; in the case of full-

length, the presence of both the tyrosine-rich PLD (there are no tryptophan or

arginine residues in the PLD) and the arginine rich disordered RGG domains in

the C-terminal domain (165-526) allows for cation-π interactions to be stronger

drivers of phase separation [198]. This was supported by evidence from mutagenesis

studies and by the finding that in the wider family of FUS proteins, the product

of the number of tyrosine and arginine residues negatively correlated with the

saturation concentration [198]. These cation-π interactions are fined-tuned by the

methylation state of the arginine residues[194] (Fig 5.1 D). Electrostatic interactions

also contribute to the phase separation of full length FUS, enhancing the aromatic

interactions, and other residues, mainly glutamine, serine and glycine, modulate

the dynamics in the condensate phase[198]. In addition, the phase separated

and hydrogel states of FUS are stabilised by intermolecular β-sheet hydrogen

bonds in the PLD domain[272]. Overall, the sticker-spacer model proposed for the
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family of FUS proteins proposes that stickers (containing tyrosines and arginines)

drive phase separation, while spacers (containing glycine, serine and glutamine)

modulate condensate dynamics[198].

FUS phase separation is also modulated by salt concentration, showing phase

separation at low ionic strength [147] with a reentrant phase at high ionic strength

[201], temperature [273], protein concentration[194] and specific interactions with

the nuclear import receptor, which was proposed to act as a chaperone for non-

nuclear FUS [273][212][194]. Phase separation and aggregation of FUS are disrupted

by phosphorylation of the PLD domain[274].

Modulation of stress granules and FUS condensates by lipoamide

The work presented in this chapter relates to a study aiming to test the

druggability of MLOs by focusing in particular on stress granules [275]. Stress

granules are cytoplasmic ribonucleoprotein (RNP) granules formed by phase separation,

consisting of protein and RNA, which assemble upon the inhibition of translation

initiation by small molecules or stress stimuli (reviewed in [276]). They contain

a variety of proteins, in particular translation factors, protein chaperones and

RNA-binding proteins, the latter including ALS and FTLD-associated proteins

TDP-43 and FUS [277]. For several components of stress granules, disease associated

mutations have been shown to affect in vitro phase separation of the isolated proteins

[147] or in vivo / ex vivo of the entire stress granule compartment [278] [279], which

is manifested as hardening, and in some cases fibrillar aggregation.

In the study this work relates to [275], lipoamide and the related lipoic acid

were selected from a library of small molecules in a two step screening process; first,

in cell systems they reduced the formation of stress granules and the localisation

of FUS into these upon arsenate stress; second, they affected the phase separation

behaviour of FUS in vitro. Importantly for its therapeutic potential, lipoamide was

shown to act on stress granules in a specific way, not affecting other MLOs such

as P bodies, Cajal bodies and the nucleolus. Lipoamide rescued the phenotype of

ALS-associated FUS mutants in vivo in different systems (Caenorhabditis elegans,
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Drosophila melanogaster and patient derived induced pluripotent stem cells). In

terms of the molecular mechanism of action of lipoamide, in-cell NMR studies

using 15N-labelled lipoamide showed that lipoamide enters cells regardless of stress

conditions, and is not metabolised. However, using standard protein-ligand probing

techniques, including NMR and ITC, an interaction between FUS and lipoamide

was not observed. In this context, we aimed to contribute to a more detailed

mechanistic understanding of the action of lipoamide on FUS and stress granules,

by taking the approach of probing interactions in the condensed phase through the

measurement of its partition coefficient for FUS in in vitro condensates.

5.2.2 DDX4

DDX4 (sometimes referred to as VASA homolog) is a dominant component

of the mammalian nuage[280], a conserved membraneless organelle that has an

epigenetic role in male germ cells, functionally related to somatic cell P-bodies [281].

DDX4 contains a central DEAD-box RNA helicase domain[282], not essential for

its phase separation either in vitro or in cells, surrounded by disordered N- and

C- terminal regions [148]. Figure 5.2 shows the domain organisation of DDX4 and

the features most relevant for its phase separation.

Features of DDX4 phase separation

The N-terminal domain construct (1-236; DDX4N1) can phase separate on its

own, which is driven by electrostatic interactions and cation-π interactions [148].

Charge-charge interactions occur between alternating charged blocks of 8-10 amino

acids (see Figure 5.2 A-B) and cation-π interactions involve phenylalanine and

arginine residues in FG and RG groupings, which have conserved spacings amongst

DDX4 orthologues (Figure 5.2 D). The phase diagram of DDX4 is influenced by salt

concentration (attributed to charge screening effects - see Figure 5.2 C), temperature

(UCST behaviour) and arginine methylation (inhibitory). DDX4N1 is disordered in

both the dilute and condensate phase and reaches concentrations of 300-400 mg/ml

in the latter[156]. The translational diffusion of DDX4N1 is a hundred fold slower in
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the condensate phase with respect to the dilute phase, yet local dynamics remain fast

as seen by relaxation measurements of the amide backbone, and there are abundant

interactions leading to Nuclear Overhauser Effects, mainly involving phenylalanine,

arginine, lysine, leucine, threonine and valine. The diffusion of small molecule

probes can be modelled with an excluded volume effect, while DDX4N1 is further

slowed down consistently with the transient intermolecular interactions observed.

Chemical environment of DDX4

The existence of a chemical solvent environment in phase separated condensates,

distinct to the surrounding bulk, is a feature hypothesized to emerge from the

phenomenon of phase separation [148] [16]. In fact, this has been proposed as

the biological criterion to distinguish condensates from protein dynamic hubs,

with which they share multivalent fast exchanging weak interactions [152]. Effects

on the rates and/or specificity of biochemical reactions have been observed in

condensates of a range of systems [16], but there isn’t yet a consensus on whether

their environment constitutes a true chemical solvent.

The dielectric constant and molecular selectivity are two of the properties of a

solvent that have been explored in the model system DDX4N1. In terms of selectivity,

DNA and RNA oligonucleotides differentially partition into DDX4N1 in vitro

condensates, with their enrichment following an inverse correlation with stability

[254]. Single stranded and compact structures are enriched in the condensates,

while double stranded are excluded. In particular, double stranded DNA melts

inside the condensates, with a denaturation effect comparable to 4 M guanidinium

hydrochloride. In terms of the dielectric constant, the environment inside DDX4N1

condensates has been compared to polar solvents like DMSO and acetonitrile,

given their values of 47 and 38, respectively, and values predicted to be 45 ± 13

[148] or even lower (20 [155]) for the DDX4N1 condensate phase. For reference,

the dielectric constant of bulk water is 80, which means that there is a notable

difference with the DDX4N1 condensate environment, even if its water content

is estimated to be 75 % [156].
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Figure 5.2: Overview of DDX4 phase separation. A. Domain organisation of DDX4. B.
Charge-charge interactions between opposite charge blocks and cation-π interactions are
required for phase separation of DDX4N1, as indicated by the lack of condensate formation
when charge is scrambled or when phenylalanine residues are mutated to alanine. C. The
phase diagram of DDX4N1 is affected by salt concentration. D. Cation-π interactions occur
between phenylalanine residues and arginine residues. E. The condensate environment of
DDX4N1 melts double stranded DNA. B and C were taken from [148], E from [254].
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5.2.3 Motivation for the partitioning experiments into DDX4
in vitro condensates

In order to further explore the hypothesis that the condensate phase constitutes

a solvent, we studied the partitioning of a set of nucleotides into DDX4N1, one

of the best understood model systems for phase separation. This was designed

within the framework of not only showing selectivity of DDX4 for these molecules,

but also including a set of systematic tests to probe the chemical space around

single nucleotides, given the importance of protein-nucleic acid interactions in phase

separation. Through these, we aimed to find correlations between the features

and the partitioning into condensates enrichment, potentially generalisable to

chemical rules.

The small molecule set consisted of triphosphate and cyclic nucleotides (ATP,

cAMP, GTP and cGMP) and the deoxyribonucleosides dA, dC, dG and dU. ATP,

cAMP, GTP and cGMP are important metabolites in cells involved in cellular

signalling, one of the functions related to phase separation: ATP is the cell’s

most important energy source and a phosphoryl group donor, cyclic AMP and

cyclic GMP are second messengers [283] [284] and GTP is part of the signalling

cascade of nitric oxide/cGMP. Furthermore, ATP has been increasingly studied as

a regulator of protein stability in general as well as a LLPS modulator and protein

stabiliser in a hydrolysis independent matter [285] [286], which is described in more

detail in the next section. Finally, the set of deoxyribonucleosides was chosen to

probe the influence of the nucleobase moiety on the interactions of nucleotides

with the condensate phase of DDX4.

5.2.4 Nucleotide effects on phase separation

ATP was originally shown to inhibit the phase separation of full-length FUS,

at mid millimolar concentration, as well as inhibit protein aggregation of amyloid

forming proteins, leading to the hypothesis that a protein homeostasis action in

this concentration regime could explain that cells maintain 2-8 mM concentrations

of this metabolite, well above the necessary concentration for most ATP-utilising
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enzymes [285] [287]. Further studies have shown a non monotonic effect of ATP on

LLPS, as an enhancer at low concentrations and inhibitor at high concentrations,

for a range of proteins including FUS [288] [289], the PLD of TDP-43 [290] and the

SARS-CoV-2 nucleocapsid protein [291]. Similar biphasic action has been observed

by RNA [292] and ssDNA [293]. Finally, the ALS-linked D169G mutation, in the

RRM1 domain of TDP-43, previously poorly understood in terms of pathogenesis,

has been shown to allosterically disrupt the binding of ATP to RRM1 [294].

ATP has also been shown to stabilise around 25 % of the insoluble proteome

[286], inhibit fibrillisation of aggregation-prone proteins such as amyloid β [285]

[295] and dissolve preformed aggregates of the ALS-linked FUS G156E mutant [147]

[285]. ATP inhibits fibrillation of the TDP-43 RRM domain, with an affinity in

the millimolar range for the RRM1 and RRM2 domains [296].

5.2.5 Literature evidence of chemical features influencing
nucleotide-condensate interactions

Interactions between ATP and phase separating proteins

The induction of the phase separation of FUS-NTD by ATP was proposed to

require cation-π interactions with arginine/lysine residues of the RGG1 domain [289].

The rationale for this was that the PLD, rich in tyrosines but devoid of charged

residues, was not induced to phase separate by either ATP or ssDNA at much

higher concentrations than required for the enhancement of the entire NTD domain

(PLD+RGG1) or the CTD (see Figure 5.1 for domain organisation), suggesting that

π-π interactions between the PLD tyrosines and the nucleobases in ATP/ssDNA

were too weak in those conditions. Further to this, NMR titrations showed mainly

chemical shift perturbations (CSPs) in arginine peaks and some lysines.

NMR titration studies of interactions of ATP with the prion-like domain of

TDP43 showed that arginines were not required to be in an arginine rich domain

for ATP binding; even though TDP-43 PLD is not RGG rich, its phase separation

was modulated by ATP and analysis of CSPs showed specific binding of ATP to

three N-terminal arginine residues (out of a total of five arginines), and subsequent
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perturbations in neighbouring residues that were dependant upon the presence of

the arginines [290]. Further, when the arginine residues were mutated to lysine,

the CSPs of HSQC peaks remained unsaturated, indicating a lower affinity of

ATP for lysine versus arginine.

In terms of general nonspecific protein binding, it has been shown that ATP

could bind weakly to two folded proteins (mainly in the flexible loops) and α-

synuclein as representative of a disordered protein; in the case of ubiquitin, an

RGR sequence in an exposed loop was affected, suggesting coordination of the

triphosphate group; in the case of synuclein, different types of residues were bound.

[297]. It is worth noting that there are no arginines in the sequence of α-synuclein,

and only one lysine out of 15 was affected, indicating a relative binding preference

for arginine as in the study with TDP-43 [290].

Arginines have a prominent role in our understanding of phase separation, since

many phase separating domains are RGG rich. In fact, an analysis of 22 phase

separating proteins of the FUS family showed that the saturation concentration

could be predicted from the product of the number of arginine and tyrosine residues,

in an inversely proportional relationship [198]. Arginine to lysine mutations have

been shown to reduce phase separation propensity in several systems [212] [298] [159].

Importance of the triphosphate moiety of ATP

For full length FUS, ATP inhibited phase separation at mid millimolar concentration,

while ADP and AMP had lower inhibitory effects by a factor of 5 [285]. Similarly,

for the N-terminal domain (PLD+RGG1), ATP had stronger effects in disrupting

phase separation than AMP, while adenosine didn’t show detectable effects at

the solubility limit; their binding to FUS as shown by NMR titrations followed

the same relative trends [289].

In the case of the PLD domain of TDP-43, which is the C-terminal low complexity

domain of TDP-43, and is not RGG/RG rich, ATP vs ADP and AMP showed

different effects on phase behaviour as well as binding/dynamics assessed by NMR

titrations [290]. ATP biphasically modulated phase separation and induced chemical
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shift differences (largely to arginines) that saturated at a 1:100 protein:ATP ratio.

ADP showed similar CSPs as ATP, while AMP did not induce CSPs even at a

1:500 ratio. However, ADP did not show a biphasic modulatory effect, instead

causing aggregation and precipitation in a monotonic way. At high excess of

either ATP or AMP, HSQC signals were either broadened (ATP) or non-detectable

(AMP), suggesting oligomerisation mediated by the nucleotides. The fact that the

triphosphate group is important for modulating phase separation has been linked to

its hydration properties: ATP (and ADP/AMP to a lower extent) have two types

of water; constrained water, which moves slower than bulk water, and hypermobile

water around the phosphates [299]; in a study of non-specific binding of ATP to

three proteins, hydration of the proteins (in particular of α synuclein as a model for

IDPs) was affected by ATP, as indicated by reduced protein-solvent exchange [297].

Finally, the triphosphate group was responsible for many CSPs measured for

α-synuclein, as a model of an IDP, which was shown by ATP and adenosine affecting

the same aromatic / hydrophobic residues (suggesting π-π interactions involving

the base), with additional CSPs caused only by ATP (and similarly the other

triphosphates tested), in aromatic, hydrophobic and polar residues [297].

Importance of the nucleobase moiety of ATP

After the discovery of ATP’s modulatory action on phase separation, relatively

little attention has been devoted to the action of the remaining nucleotide triphosphates.

GTP was found to have similar or stronger inhibitory action on full length FUS, yet

this was not considered very relevant due to the much lower concentration of free

GTP in cells [285]. In the case of the ParABS partition system, the phase separation

of the ParB component (which has CTPase activity) is positively modulated by

CTP but destabilised by CDP, ATP, GTP and UTP, which requires the integrity

of the CTP-binding site and has been explained as CTP-induced oligomerisation

that favours phase separation [300].
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In terms of non specific protein binding of nucleotides to α-synuclein as a model

IDP protein, the four studied triphosphates (ATP, GTP, CTP and UTP) had similar

binding, in terms of direction and magnitude of the CSPs in the HSQC [297].

Neither study is informative on nucleobase trends for general non-specific

interactions with residues relevant for phase separation proteins; in the former, a

highly specific binding-site mediated effect was reported, while in the latter the model

protein chosen did not contain any arginines and the data was not analysed in terms

of distinct amino acid types, such as aromatic residues capable of π-π interactions.

However, there are studies of RNA homopolymer-peptide/protein coacervates

which reveal trends that could be relevant for the single nucleotides, and which

further highlight the differences between arginine and lysine residues in terms of

phase separation. These are discussed in the next section.

Insights from polynucleotide - protein LLPS The study of reentrant phase

separation behaviour of coacervates made of polyadenine(polyA)/polyuridine(polyU)

and R-rich/K-rich peptides, in which the polynucleotides induced phase separation

at intermediate concentrations, inhibiting it at the high concentration regime,

provide insights on the relative strength of interactions on both the nucleotide

and protein sides[298]. The decondensation boundary for both R-rich and K-rich

peptides was higher (i.e. the condensates stayed stable until higher polynucleotide

concentrations) for mixtures with polyA with respect to polyU, and the effect was

stronger for R-rich peptides, which overall showed wider regions of demixed state

in the phase diagrams compared to the K-rich peptides. Also, the viscosity of the

condensates depended on the combination of R/K rich peptide and polyA/polyU

nucleic acid, with polyA-R-rich condensates being the most viscous. Additionally, a

construct of FUS encompassing its R-rich domains had slower dynamics in mixtures

with polyA compared to polyU. All these effects suggested that the strongest

interaction was between the purine base polymer polyA and arginines, in either

the R-rich peptide or the FUS construct.
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In another study, PR-repeat (PR) peptides had greater affinity for, and higher

partitioning in, polyA versus polyC and polyU constructs (polyC ≈ polyU), which

was attributed to the increased aromatic interaction strength of the double ring

versus the single ring bases [301]. Interestingly, PR peptides had the lowest affinity

for polyG RNA, which was attributed to the formation of very stable G-quadruplexes.

polyA, polyC and polyU all could induce the formation of PR-homopolymeric RNA

coacervates, while polyG yielded non spherical morphologies. Similar to the results

of Alshareedah et al., the polyA-PR condensates had higher viscosity and slower

dynamics. However, unlike the previous study, differential effects of the RNAs

were not observed for PK-repeat peptides, which was attributed to the additional

aromatic interactions enabled by the additional dipole and quadrupole moments

of the guanidinium groups of arginine being most important. In particular, π-π

interactions between the nucleobases and arginine were proposed to be the source of

the ability of distinct RNA homopolymers to tune the dynamics of the PR-droplets

but not of PK-droplets. This was further supported by the finding that the FUS

LCD, rich in tyrosines but without cationic residues, was preferentially partitioned

in polyA versus polyC condensate subcompartments. However, hnRNPA2 (less

rich in tyrosines, and which contains arginines) did not show a preference, which in

that case indicated a degree of complexity in the rules governing these interactions

higher than for the "simple" R-rich or K-rich model systems.

In conclusion, the current evidence from two homopolymeric polynucleotide-

model peptide coacervate studies indicates that purine nucleobases can form stronger

interactions with cationic residues than pyrimidine bases, and in particular with

arginine [298][301]. Due to the formation of G-quadruplexes from polyG, the

only comparison between guanine and adenine bases is in the context of ATP

vs GTP and indicated similar interactions with full length FUS, even though it

was not probed extensively [285].
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Requirement of the nucleobase of ATP for its effects on proteins

There have been several studies aiming to deconvolve the contributions of the

adenine and the triphosphate (TPP) moieties to the diverse actions of ATP on

protein stability, phase separation and aggregation.

ATP was proposed as a hydrotope [285], a type of molecule that can solubilize

hydrophobic substances in water and is routinely used as such in the chemical

industry [302]. However this has been questioned; a thorough analysis of hydrotope

behaviour led to the conclusion that two different activities coexist in ATP: a

kosmotropic Hofmeister salt (the triphosphate group) and a fibrillisation inhibitor

(the adenosine group) [295]. In the former case, the salting-out action and inhibition

of the aggregation of thermally denatured proteins effects were sensitive to the

presence of triphosphate, but not the base, and proposed to stem from the reduction

of availability of the exposed hydrophobic residues, which is in agreement with

NMR studies showing reduced protein-solvent exchange for flexible loops of folded

proteins and widely for disordered α-synuclein [297]. In the latter case, concerning

effects on fibrillisation, ATP and adenosine had more similar effects than ATP and

sodium triphosphate, but a role for the triphosphate could not be ruled out [295].

The description of ATP as the combination of two groups is helpful in reconciling

some of the contrasting observations as to whether the nucleobase was required for

the observed effect, such as the lower inhibitory effect of TPP versus ATP for phase

separation of FUS, and lack of inhibition by TPP of fibrillisation of amyloid β 42

[285] [295], yet a similar action in stabilising folded proteins [295] [303].

However, some features remain unexplained, such as the requirement for the

nucleobase for arginine-rich peptides to have a higher decondensation boundary than

lysine-rich [298], since in that study the boundary effect was not present when using

polyphosphate, in contrast with the finding that the phase diagram of a series of

mutants of IDP histatin with TPP was sensitive to the arginine/lysine content [304].
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What is the mechanism of action of nucleic acids on phase separation?

Taken together, it is clear that nucleic acids interact with and modulate a range

of phase separating systems, which lead to contrasting behaviours both in vitro

and in vivo. The mechanism by which this is accomplished is unclear, and we

propose to address it at the level of the fundamental building blocks: nucleotides.

There are some literature studies on the relative contribution of the nucleobase

and the triphosphate moieties of ATP to its various effects on phase-separating

proteins, as well as studies of heterotypic polyRNA-peptide systems, which I have

summarised above, yet no systematic comparison of binding or partitioning trends

of single nucleotides with different nucleobases. This is one of the focuses of this

chapter, within the broader aim of exploring the distinct solvent environment of

condensates via their selectivity for small molecules. The finding that purine bases

are enriched with respect to pyrimidines is discussed in the context of trends in

nucleic acid-protein non covalent interactions.

This research required the development of novel NMR-based methods tailored to

the specific challenges of studying phase separation systems in vitro, and particular

attention has been given to methods to measure the volume of the condensate phase,

which is required to calculate absolute partition coefficients. Their development

is described in detail in the following Methods section and throughout the results

obtained using them.

5.3 Contributions

Some of the work presented in this chapter was performed in collaboration with

or by others than the author of this thesis; these contributions are acknowledged

below. 15N lipoamide was synthesized and provided by Satoshi Kishigami, who

had previously optimised the conditions for NMR experiments. Expression of

DDX4N1NoCys and the design and setup of the relative partitioning experiments

with ATP, cAMP, GTP, cGMP and thiamine were performed by Spencer A. Cahill;

the NMR data acquisition for that dataset was done by Charlie Buchanan. The
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development of condensate volume measurement methods was carried out in

collaboration with Richard Wheeler (microcentrifuge tube method) and James

Eaton (PCV-based method). The design and experimental setup of the partitioning

experiments of DDX4N1 deoxyribonucleosides were performed together with James

Eaton, and the NMR data was acquired by James Eaton.

5.4 Methods

5.4.1 Protein expression

FUS-GFP was obtained as part of a collaboration with the laboratory of Anthony

Hyman (Dresden, Germany). The N-terminal construct DDX4N1 (residues 1-236)

wildtype (WT) and the cysteine mutant DDX4N1NoCys (containing four Cys->Ser

mutations) were expressed as fusion proteins with an N-terminal TEV cleavable

SUMO-His tag (pET-SUMO vector). Expression was done in BL21-Codon Plus

(DE3)-RIL competent cells (Agilent), which contain extra copies of tRNA-encoding

genes in order to compensate for the different distribution of tRNAs between

Escherichia coli and human cells, requiring antibiotic selection with chloramphenicol

(for the tRNAs plasmid) as well as kanamycin (for the DDX4 plasmid). Standard

protein expression procedures were followed, with expression induced by 1 mM

IPTG for 18-24h at 22 ºC, with agitation. Cells were spun down (soft spin) at 4000

g and 4 ºC for 15 minutes and the pellets resuspended in pre-cooled lysis buffer (20

mM sodium phosphate, 6 M guanidinium chloride, 10 mM imidazole, pH 8). Lysis

was done using a microfluidiser with three passes. The solute fraction (with DDX4)

was separated from all other fractions from cell lysis via centrifugation at 16500

rpm and 4 ºC for 1h. Purification was done with a combination of nickel-based

affinity purification, on-column TEV cleavage, inverse nickel-based purification (since

the cleaved DDX4 protein does not have a His tag anymore) and size exclusion

chromatography. Size exclusion chromatography was performed to final buffer

containing 20 mM sodium phosphate and 300 mM NaCl (to keep the protein at

dilute phase), at pH=8, with additional 5 mM TCEP only for the wild type protein.
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to prevent aggregation. After lysis, all purification, cleavage and concentration

steps were performed at room temperature to prevent phase separation.

5.4.2 Partitioning of small molecules in condensates
FUS-Lipoamide

Phase separation set-up In order to measure the partitioning of a small molecule

in biomolecular condensates, we designed the workflow depicted in Figure 5.3.

Briefly, phase separation was performed in a 1.5 ml microcentrifuge tube with

known bottom internal radius.

Phase separation of FUS-GFP, at room temperature, was achieved by diluting

12.5 µl of protein stock at 170 µM concentration (in salty HEPES buffer – 50 mM

HEPES, 500 mM KCl and 5% glycerol, at pH 7.25, DTT 1 mM) with 247 µl of

salt-free buffer containing 15N-(±)-lipoamide (50 mM HEPES, 5% D2O, 105 µM

[15N]-(±)-lipoamide, 1.05% DMSO, at pH 8), resulting in samples of 260 µl with 8

µM FUS-GFP, 100 µM [15N]-(±)-lipoamide, 1 % DMSO and 25 mM KCl.

The sample was then centrifuged using a bench centrifuge at a low speed (4000g)

for 10 minutes at room temperature. Once there was a visibly separate condensate

phase, referred to as the pellet, photographs were taken with a smartphone for

volume measurement (explained in more detail in the next section). Then the

supernatant was carefully removed from the tube and placed in another tube to

make up the dilute phase NMR sample. This was done in multiple steps, removing

first most of the volume and later only a few µl which were discarded from the

subsequent sample (the incomplete recovery of supernatant was accounted for in the

calculations later). Then the pellet was resuspended in the same buffer corresponding

to the conditions of phase separation in order to make up the NMR sample, for

comparison of the signal of supernatant and pellet by NMR, as explained below.

FUS-GFP (+ lipoamide) volume fraction measurements After phase

separation of the sample and centrifugation, perpendicular view pictures of the

condensate phase were taken using any regular smartphone; the wall width was
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Figure 5.3: Overview of the experimental protocol for partition coefficient determination.
The protein is depicted in dark and light green for the condensate and soluble phase,
respectively.

not visible, which implies that the view of the pellet was refracted by the walls,

projecting the inner diameter onto the outer (see Fig 5.4). The volume of condensate

was calculated as the volume of a spherical cap, based on measurements of the pellet

circular radius (a) and previous knowledge of the inner radius of the semi-spherical

bottom of a 1.5 ml the microcentrifuge tube (r) (which gives the scaling for the

pellet radius a), by applying the following equations:

V = π

3 r
3(2 + cosθ)(1− cosθ)2 (5.1)

θ = sin−1a

r
(5.2)

where a = pellet circular radius, r = microcentrifuge tube inner radius and

θ = subtended angle.

NMR intensity measurements The resuspended condensate or supernatant

were loaded in D2O-matched 5 mm Shigemi tubes and analysed by 1H detected 15N

edited 1H sensitivity enhanced HSQC ((15N)1H) at 10 ºC. Spectra were acquired

on a 14.1 T Varian Inova spectrometer equipped with a 5 mm z-axis gradient

triple resonance room temperature probe. Previously, the conditions of NMR

measurement had been optimised (by Satoshi Kishigami, a collaborator in this

project). At 10 ºC and pH below 8.6, the signal of the trans-amide proton showed

minimal exchange and was stable over 10 hours [275].
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r = Tube inner radius

a = Condensate pellet radius

h = Condensate pellet height
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Figure 5.4: Volume fraction measurement. The microcentrifuge tube inner diameter was
projected onto the outer in this view; therefore the known r value was taken as the inner
diameter, and the measurement on the image gave the scaling needed to relate measured
a to real units a.

The free induction decay was recorded for an acquisition time of 0.0624 s and

a sweep width of 8 kHz, recorded over 1000 points and with a recovery delay of 1

s. To achieve adequate signal to noise, the resuspended condensate was scanned

for 20 h (using 5 four-hour experiments, during which the signal did not decay),

while the supernatant was scanned for 4 h.

Partitioning calculations We define the partition coefficient (PC) as the ratio

between the concentration of small molecule (SM) in the condensate ([SM ]Cond)

and the dilute ([SM ]Cond) phases:

PC = [SM ]Cond
[SM ]Dil

(5.3)

We know that the total amount of small molecule distributes between the

phases as follows:

[SM ]Tot ∗ VTot = [SM ]Cond ∗ VCond + [SM ]Dil ∗ VDil (5.4)
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where [SM ]Tot is the total concentration, VTot the total volume, and VCond and

VDil the volumes of the condensate and dilute phase, respectively.

The intensity ratio between the two phases, or signal factor, can be described as:

SF = SDil
SRCond

= [SM ]Dil
[SM ]RCond

(5.5)

where [SM ]RCond is the concentration of small molecule in the condensate once

resuspended with a volume VRes:

[SM ]RCond = VCond ∗ [SM ]Cond
VCond + VRes

(5.6)

Combining the previous two equations, we can define [SM ]Dil as:

[SM ]Dil = SF ∗ VCond ∗ [SM ]Cond
VCond + VRes

(5.7)

And finally we can substitute [SM ]Dil in the initial partitioning equation to

obtain:

PC = [SM ]Cond
SF∗VCond∗[SM ]Cond

VCond+VRes

= VCond + VRes
SF ∗ VCond

(5.8)

This final equation allows us to calculate the partitioning coefficient from the

measured volume of condensate VCond, the experimentally defined resuspension

volume VRes and the intensity factor SF measured by NMR as explained above.

The partition coefficient was calculated per each replicate, and the result is

reported as average ± standard deviation.

Additionally, we can rearrange equation 5.4.2 and substitute [SM ]Dil in 5.4.2,

also considering that VDil = VTot − VCond, as follows:

[SM ]Cond = [SM ]Tot ∗ VTot
VCond + VTot−VCond

PC

(5.9)

Finally, from this last expression and using the obtained partition coefficient,

we can easily use equation 5.4.2 to calculate the concentration of small molecule
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in the dilute phase. Finally, the fraction of signal from the condensate signal

is calculated as follows:

SCondFraction = SRCond
SRCond + SDil

= SRCond
SRCond + SFSRCond

= 1
1 + SF

(5.10)

Relative partitioning measurements of ATP, cAMP, GTP and cGMP
in DDX4N1NoCys

Phase separation set-up Initially DDX4N1NoCys was buffer exchanged from a

H2O based sodium phosphate buffer into a D2O based sodium phosphate buffer using

phase separation. We have observed that at the conditions of 100-150 uM protein

and 100-150 mM NaCl approximately half the protein amount is in the condensate

phase, which makes this viable (the dilute phase can be recovered and used later).

250 µl of 374 µM DDX4N1 NoCys (in H2O 20 mM sodium phosphate, 300 mM

NaCl, pH 8) were mixed with the same volume of D2O 20 mM sodium phosphate

pH 6.2. This led to phase separation of the protein. The sample was centrifuged

and after removal of the supernatant the pellet was resuspended in 300 µl of D2O

20 mM sodium phosphate, 150 mM NaCl, pH 7.2 (the equivalent conditions of the

phase separated sample). This sample was still phase separated and used as the

protein stock for three samples; for each sample, 100 µl of DDX4N1NoCys suspension

was mixed with small molecule stocks at 10 mM (for final 1mM concentration of

each small molecule) and buffer up to a volume of 200 µl. After incubation for

10 minutes at 4 ºC, the samples were centrifuged and separated into pellet and

supernatant samples. The pellet sample was resuspended in 200 µl of buffer and

the supernatant sample was topped up to 200 µl with buffer (D2O 20 mM sodium

phosphate, 150 mM NaCl, pH 7.2). In order to ensure the samples would be in

the dilute phase for NMR analysis, the salt concentration was raised to 500 mM

NaCl by adding 20 µl of a 4 M NaCl stock.

The dataset consisted of six samples (n=1 for each) that came from two rounds

of the procedure described above:

• Thiamine + ATP



5. Partitioning of small molecules in biomolecular condensates 210

• Thiamine + cAMP

• Thiamine + ATP + cAMP

• Thiamine + GTP

• Thiamine + cGMP

• Thiamine + GTP + cGMP

One stock of D2O exchanged DDX4N1NoCys was used for the three samples with

thiamine and adenine nucleotides, and the other stock for the samples with thiamine

and guanine nucleotides.

NMR measurements 1H water suppressed spectra were acquired using a 22.3 T

(950 MHz) Bruker spectrometer equipped with a 5 mm TCI cryoprobe (Department

of Biochemistry, University of Oxford).

Relative partitioning calculations This was based on the NMR measurement

of signal factor, which is the quantity used to obtain the partition coefficient. For

this set of experiments, since volume fractions were not available, quantification

of relative partitioning was based on the relative SF versus a reference molecule

SF, which is present in all the samples, which corresponded to thiamine.

5.4.3 Computational analysis

We designed a pipeline for automated processing of the data using the python

module nmrglue. Briefly, there are 3 stages to the analysis:

1. Analysis of the small molecule control samples and identification of

peaks This was done applying a hat function (1/0) to the processed spectra

(5-9 ppm), in which spectral points with values above a user-defined threshold

would be converted to 1, and otherwise replaced by 0s. Afterwards the new

binary array was subtracted from itself with a 1 point displacement in order

to identify the edges of the peaks where 0 becomes 1 and viceversa. These
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locations were then saved in arrays of left edges and right edges, and the

center was calculated as the mean point and reported in ppm as the reference

value for each peak.

2. Processing of pellet and supernatant spectra for the extraction of

signal factors The pellet and supernatant spectra were processed using the

Python package nmrglue. Then, for each molecule region found in step 1,

the correlation of the pellet and supernatant peaks was maximised (using the

function correlate from scipy) and the pellet signal shifted appropriately. This

was done to facilitate visual comparison of the peak shapes to detect signs of

exchange. If baseline correction was required, it was then applied next. Finally,

the signal factor was calculated as the ratio between the signal per region in

supernatant / pellet, taking the maximum value within the region defined

(original region widened by the default or customised "width" parameter - see

a discussion in the Results section). A series of Figures representing the entire

processed regions for pellet, supernatant and control molecule spectra, as well

as the individual regions, were saved.

3. Calculation of statistics Based on the signal factors, relative signal factors

were calculated (versus thiamine) as a ratio of the average signal factor

(across multiple peaks of the same molecule included in the quantification

- referred to as internal error later in the Results section), propagating the

error accordingly. If the pellet volume was known (as an input), the absolute

partition coefficient, both for each peak individually and per molecule as

average ± standard deviation, would also be calculated. A series of plots

was automatically produced of all the per peak and per molecule statistics

calculated.

The analysis pipeline took a few seconds to complete. In general, for each

sample it was typical to run the code 3 or 4 times. The first time, we used a

default width (3.0) and no baseline correction for all peaks. In some samples that

was already appropriate and the analysis was complete, if none of the peaks had
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different baselines and the initial region window didn’t miss any peaks. However in

most samples baseline correction would be needed for some of the peaks, in which

case the edges of the region had to be flat, which sometimes requires adjusting the

width parameter. Also, in case of exchange in any peaks, we would update the

settings input file to exclude them from quantification. A few examples of manual

adjustments required are discussed in the Results section.

5.4.4 Comparison of methods to determine pellet volume

Two different methods were compared using samples made from the same protein

stock (400 µM DDX4N1 WT in 20 mM sodium phosphate, 300 mM NaCl, 5 mM

TCEP, pH 8) and phase separated to the same conditions using a no salt buffer

(20 mM sodium phosphate, 5 mM TCEP, pH 8). The final conditions were 133 µM

protein, 100 mM NaCl, 5 mM TCEP, pH 8. Each sample consisted of 59 uL of protein

stock and 118 no salt buffer. The samples were incubated for one hour at 5 ºC (cold

room) and centrifuged for 10 minutes at 2500 g (at 10 ºC). In the microcentrifuge

method, the samples were made in a microcentrifuge 1.5 ml tube, imaged after

centrifugation and the volume calculated as described above for the FUS-lipoamide

project. In the PCV tube method, the samples were made directly in the PCV tube

The initial method described above in section 5.4.2 was compared with a new

method based on using PCV tubes (Helena Biosciences) designed for cellular fraction

measurement. The two methods had differences not only in the measuring of the

volume but also in how the resuspended pellet sample was recovered from the tube,

which are shown in the Figure 5.8. The differences with the original method consist of

initiating the phase separation reaction in the PCV tube instead of a microcentrifuge

tube, and after centrifugation measuring the volume of pellet using the Volume

Reading device that is calibrated for the PCV tubes. Another new step in the

protocol consisted of measuring the volume of leftover supernatant: after removal of

the supernatant, without disturbing the pellet, the PCV tube was centrifuged again

to bring down any remaining supernatant, and the total volume remaining measured

using the same device, from which the leftover supernatant volume was extracted.
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5.4.5 Measurements of absolute partitioning of ATP, cAMP,
GTP, cGMP and deoxyribonucleosides

Phase separation set-up Samples were buffer exchanged by phase separation

at room temperature with a D2O-based buffer: 1 part of the DDX4N1 (WT or

NoCys) stock solution (400 µM protein, 20 mM sodium phosphate H2O-buffer, 300

mM NaCl, pH=8 and 5 mM TCEP) was mixed with 2 parts of D2O-based buffer

(20 mM sodium phosphate, pH 8.0, 5 mM TCEP). The phase separated mixture

was centrifuged at 1000g for 10 minutes and the supernatant was removed and

stored away. The pellet was resuspended in high-salt D2O-based buffer (20 mM

sodium phosphate, 300 mM NaCl, pH 8.0, 5 mM TCEP) to a final concentration of

250 µM (at which conditions it was still phase separated). The resuspension was

mixed by pipetting before taking out 59 µl volumes into PCV tubes. Compounds

were prepared individually in 5-10 mM stock solutions in NaCl-free D2O-based

buffer (20 mM sodium phosphate, 300 mM, pH 8.0, 5 mM TCEP) and pH was

adjusted to 8. Then mixtures of small molecules were made by combining the

stocks, for a concentration of 750 µM of each small molecule in the molecule mix

(and a final 500 µM concentration after mixing with the protein). Partitioning

experiments were carried out by mixing 118 µl of small molecule mix (750 µM of

each small molecule in 20 mM sodium phosphate, pH 8.0, 5 mM TCEP) into the

59 µl of protein already present in the PCV tube.

Pellet volume measurements Pellet and leftover supernatant volumes were

measured using the PCV tube based method described in detail above.

NMR Measurements 1H water suppressed spectra were acquired using a

22.3 T (950 MHz) Bruker spectrometer equipped with a 5 mm TCI cryoprobe

(Department of Biochemistry, University of Oxford). Typical acquisition times

were 5 min for small molecule only control and supernatant samples and 1h 50

min for pellet samples.
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Quantification of partition coefficients Volumes relating to experimental

handling of the samples were added to consideration in the PC calculation, due

to the fact that in the lipoamide sample we used Shigemi tubes (for minimal

dilution of the pellet sample), therefore we were measuring all the signal available

in the sample of pellet and dilute phase. Here we used 3 mm tubes, therefore

the dilutions performed are relevant. We chose the resuspension and additional

volumes needed to make up the samples to be very consistent across pellet and

supernatant, which means that those extra terms have very little impact in this

setting, but the expressions developed are the most exact and should be used if

any of the volumes is substantially different for any reason.

To study the impact of knowing the volume of leftover supernatant on the

absolute partition coefficient, we calculated the partition coefficient in two ways:

without and with accounting for the signal of molecule that comes from the

leftover supernatant.

Without considering the contribution of leftover supernatant

Briefly, considering the sample handling volumes results in the following relations

between the concentration of molecule in each supernatant and pellet NMR samples,

and the concentration of the molecule in the dilute/condensate phase, respectively:

[Dil]Sample = [Dil]VDil
(VDil + V extraDil)

(5.11)

[Cond]Sample = [Cond]VCond
(VCond + VRes + V extraRC) (5.12)

The signal factor is then:

SF = [Dil]Sample/[RCond]Sample (5.13)

Rearranging gives:

[Dil] = SF ∗ [RCond] ∗ VCond
VCond + VRes + V extraRC

∗ (VDil + V extraS)
VDil

(5.14)
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Note that this expression shows how the concentration in the dilute phase

sample is smaller than the concentration in the dilute phase by a factor that directly

comes from the added volume Vextra(S).

Finally, incorporating this expression into the expression for partition coefficient

yields:

PC = VDil ∗ (VCond + VRes + V extraRC)
SF ∗ VCond ∗ (VDil + V extraS) (5.15)

where VDil is the volume of dilute sample taken for analysis, VRes is the

resuspension volume added to the pellet, V extraRC is the extra volume added

to the pellet and V extraS is the extra volume added to the supernatant. Those

were added to increase the salt concentration to 300 mM and to make up enough

sample for the 3mm tubes.

If we account for leftover supernatant (VLOS), then the concentration of molecule

in the resuspended condensate needs to be modified as:

[RCond]Sample = [Cond]VCond + [Dil]VLOS
VCond + VRes + V extraRC

(5.16)

This introduces a term depending on the concentration in the dilute phase ([Dil]),

and after applying the same reorganisation than previously, the partition coefficient

is:

PC = 1− αSFVLOS
αSFVLOS

(5.17)

where α includes terms related to the experimental handling volumes mentioned

above as follows:

α = VDil + V extraS
VDil(VCond + VLOS + VRes + V extraRC) (5.18)

The concentrations of molecule in each phase are defined by the same equations

derived before for lipoamide.
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5.5 Results and Discussion

5.5.1 Lipoamide partitions into in vitro FUS condensates

Figure 5.5 shows the application of the designed method for the quantification

of partitioning of lipoamide into FUS in vitro condensates. This method involved

the physical separation of the condensate and dilute phases into two NMR samples

(Figure 5.5 A). As described in the Methods, by measuring the NMR signal ratio

(Signal Factor) between the samples (an example of the overlay of spectra is shown

in Figure 5.5 B) and the volume of condensate phase as a centrifuged pellet (an

example of the measurement is shown in Figure 5.5 C), we could quantify the

partition coefficient of lipoamide into the droplets.

The volume fraction of the condensate phase of FUS condensates was determined

to be on average 0.15 ± 0.02 % (Figure 5.5 D i) and the signal factor as measured

by NMR was 65.45 ± 12.62. From these measurements, the calculated partition

coefficient (PC) was 10.34 ± 1.74 (Figure 5.5 D ii), which indicates that lipoamide

is enriched in the condensate phase of FUS condensates. This would be equivalent

to −∆G = 5.5± 0.29 kJ mol-1 (or 1.34± 0.07 kcal mol-1) , which is energetically

comparable to the contribution of a hydrogen bond in protein-ligand interactions

(0.5-1.8 kcal mol-1[305]), or its stabilisation effect for a protein in an aqueous

environment (average at 3.2 kJ mol-1[306]). The tenfold difference in concentration

between the two phases is apparent in the comparison of the NMR signal fraction

corresponding to the condensate phase and the volume fraction of the condensate

phase (Figure 5.5 D i). Given a total average lipoamide concentration of 100 µM in

the phase separated mixture, the effective calculated concentration in the condensate

phase is ∼ 1 mM; in contrast, the concentration in the dilute phase is only minimally

reduced with respect to the average. Lipoamide disrupts phase separation of stress

granules (of which FUS is a component) in cells, and affects phase separation of FUS

in vitro, yet it does not show binding to FUS using gold standard interaction-probing

techniques[275]. These results suggest a potential mechanism of action of lipoamide

on phase separation based on its preferential localisation in the condensate phase.
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Figure 5.5: Measurement of the lipoamide partition coefficient into FUS condensates
by NMR. A-C, Methodology for determination of partition of 15N lipoamide into FUS
condensates in vitro. A. Schematic showing the sample preparation process. B.Example
of 15N edited 1H NMR signal around the 15N cis and trans amide protons of lipoamide
in representative spectra of the dilute phase and condensate phase of the same sample.
The signal is previously normalised to account for different numbers of scans, since
more scans were required for the pellet sample to achieve adequate signal to noise. The
resuspended pellet (condensate phase) spectrum is shown scaled by an experimentally
determined signal factor (for the trans-amide proton), used in the calculation of the
partition coefficient and signal fraction (see Methods). C.Measurements for calculation
of the condensate phase (pellet) volume from macro photographs of the sample within
a microcentrifuge tube. D. Results of the partitioning experiments, shown as mean ±
standard deviation; uncertainties derive from independent repeated measurements (n =
4). (i) Measured 15N edited 1H NMR signal fraction and condensate volume fraction.
(ii) Calculated partition coefficient. (iii) Concentration of racemic 15N-lipoamide in the
condensate and the surrounding dilute phase.

5.5.2 Development of a semi automated pipeline for analysis
of partitioning: test case results

Figure 5.6 shows some of the outputs produced by the analysis code that

systematise and quicken the analysis of the data, as well as examples of small

manual adjustments required. The main output for verification of analysis being

done correctly is the multiplot figure in which the spectra of supernatant (dilute

phase) and resuspended pellet (condensate phase), scaled by the automatically

calculated signal factor (based on maximum intensity in the region - see Methods)



5. Partitioning of small molecules in biomolecular condensates 218

are plotted for each peak region identified for each molecule, aligned with spectra

of each molecule on its own (see Figure 5.6 B ii). This helps verify that the

processing has been done well, and aids in making two small manual adjustments:

the modification of the width of the region (with respect to the center of the peak)

and the application of baseline correction, in this order. The width of the region

taken for analysis needs to be adjusted in three situations: 1) the location of the

peak center is different enough to that in the molecule-only control sample that the

default window misses the peak in the phase separated protein-molecule samples,

2) the location of a more intense peak of another molecule of the mixture is close

enough that the intensity of the other peak is mistakenly used for the quantification

(e.g. Figure 5.6 A) and 3) if baseline correction is required, in order to make sure the

signal at the edges is suitable for the linear subtraction applied (for example, not

including the start of another peak, as in Figure 5.6 B). In the case of the protein

regions used to quantify the enrichment (increased density) in the condensate phase,

taking the maximum intensity automatically to calculate the signal factor worked

better for the amide region than the methyl region if there were sharp peaks from

the small molecules in the latter; in such cases, we applied a manual adjustment to

the signal factor using the signal factor based on integral calculation as the basis.

The processing of the data produces outputs including the signal factor, and if

pellet volume is known (included together with experimental handling volumes

in a sample information input file), the partition coefficient, both for each peak

individually and per molecule as average ± standard deviation, as a well as a set

of plots representing these quantities. Regarding the averaging, by default all the

peaks of a molecule would be included, but we often had to manually exclude peaks

due to exchange or the overlap of peaks of different molecules (see Figure 5.6 B).

5.5.3 Partitioning into DDX4N1NoCys is affected by the
nucleobase (G vs A) and the triphosphate vs cyclic
moiety of a set of nucleotides

Figure 5.7 shows the results of applying the semi automated processing method

described above to the dataset of samples containing thiamine and one or two
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Figure 5.6: Adjustments in the semiautomated NMR processing pipeline. A. Width of
the region needs to be adjusted to avoid nearby stronger intensity peaks (i) and/or for
correct baseline subtraction (ii).B. Exclusion of peaks due to overlap between molecules (i)
or in the case of multiplets to avoid underestimating the error between peaks corresponding
to individual atoms (ii). (ii) also serves as a representative example of outputs used to
verify the processing workflow.

molecules from the sets of ATP,cAMP, GTP and cGMP (Figure 5.7 A). There were

three aims of this experiment: 1) to test a semiautomated processing pipeline, 2)

to determine if thiamine could be used as a reference standard molecule across

distinct combinations of small molecules, and thus gain insight on their relative

partitioning (see table of sample composition and chemical structures in Figure

5.7 A), and 3) to probe the effects of backbone charge (triphosphate vs cyclic)

and aromatic ring substituents (guanine vs adenine bases) on partitioning into

DDX4N1NoCys, taken as a model system.
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Figure 5.7: Relative partitioning of guanine and adenine nucleotides into DDX4N1NoCys
in vitro condensates. A. Chemical structures of ATP, cAMP, GTP, cGMP and Thiamine
and composition of the samples used. B. Example of semi automated processing for the
sample containing thiamine, ATP and cAMP. The peaks not included for quantification
are shaded in grey. C. i) Measured NMR signal factor (signal supernatant / signal pellet,
after scan normalisation) for each molecule (i), and relative signal factor (ii) (signal
factor / signal factor of thiamine - taken as the average of two peaks) per individual
sample containing the molecule. Absolute Signal factor Results are shown as a single
measurement (if only one peak was available in the aromatic region) or mean ± standard
deviation (across multiple peaks), with error propagation applied included in the error for
the relative signal factor quantity. (iii) Average relative signal factor vs thiamine for each
molecule (mean ± standard deviation from two samples, see table in A). The experiments
reported here were carried out by Spencer A. Cahill (protein expression and set-up of
partitioning samples) and Charlie Buchanan (NMR spectra acquisition).
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First, Figure 5.7 B shows an example of the application of the processing

pipeline to the sample thiamine + GTP + cGMP. The 8.10 ppm peak of GTP

and the 8.0 ppm peak of thiamine were excluded from quantification since they

showed signs of exchange.

Second, Figure 5.7 C i and ii show the value of assessing relative signal factor

ratios of each molecule with respect to the chosen standard, thiamine. In i) we can

see that the absolute NMR-measured signal factors of each molecule are not the same

across samples containing this molecule. This is expected since the NMR intensities

of supernatant and pellet samples (and their ratio, signal factor (SF)) depend not

only on the molecule’s intrinsic property of partitioning but also on the fraction

of condensate phase (which can be affected by the presence of the molecules in

different ways across the sample) and on the amount of leftover supernatant, both of

which are subject to experimental variability. In this dataset, both volume fraction

and volume of leftover supernatant were not known, which precludes calculations

of partition coefficients and further analysis of the variations in absolute signal

factor. For this reason, we focused on the comparison of relative signal factor

measurements, taking thiamine as the reference. In iii), we can see that the relative

signal factor of all molecules with respect to that of thiamine was consistent across

samples containing the same molecule, within error (for example, the relative signal

factor of ATP in samples ab and abc), even if the absolute signal factors were

different. This confirms that the behaviour of each molecule was independent of

the presence of others and the relative trends are maintained.

Third, Figure 5.7 D shows the average of relative signal factor for each molecule

across the two samples that contained it. The four nucleotides partitioned more

than thiamine into DDX4N1NoCys droplets. The main trend shown by the results

is that guanine-containing molecules (GTP/cGMP) had a smaller relative signal

factor, and therefore a larger partition coefficient, than adenine-containing molecules

(ATP/cAMP). This can thus be attributed to the distinct substituents present on

the indole group. In addition, the triphosphate versions were slightly more enriched
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than the cyclic versions, which was more pronounced in the GTP/cGMP pair. Both

findings are discussed below in conjunction with other results.

In summary, this experiment allowed us to validate the approach of studying

chemical trends via relative partitioning experiments, and test the benefits of using

a semiautomated approach for the analysis of the NMR data. We observed that

the partitioning of this set of four nucleotides is sensitive to the substituents of

the indole ring, given the relative enrichment of guanine vs adenine-containing

nucleotides, as well as the presence of the triphosphate moiety (being more enriched

than the cyclic counterpart, for the same base).

5.5.4 Development of a PCV tube based method for determining
partition coefficient

There were two main limitations of the method developed for the study of

lipoamide partitioning into FUS droplets, and which were addressed by further

method development: 1) when observed from a top view, the pellets formed at the

bottom of the microcentrifuge tube had a concave appearance, meaning that the

real pellet volume was smaller than the semi-spherical cap delimited by the top of

the pellet meniscus observed in the perpendicular views and used in the calculations,

and 2) the fact that we could not determine the amount of leftover supernatant

that remains in the tube after removing the volume of supernatant required for

dilute phase NMR sample and as much as possible without disturbing the pellet.

We addressed this by developing the pipeline further by using packed cell volume

tubes, designed to measure the cell volume fraction of cell samples, instead of

microcentrifuge tubes, for the phase separation reaction, and measuring the volume

of pellet using the companion calibrated measuring device. A key aspect of these

devices is that they are designed for very viscous samples (we had previously found

that FUS stuck to the glass of various capillaries tested) and that they have a thin

graded cylinder for measurements with a precision of 0.025 µl.

Figure 5.8 A shows a direct comparison of the two methods in terms of the

measured pellet volume, using samples of the same concentration of DDX4N1 WT.



5. Partitioning of small molecules in biomolecular condensates 223

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

Microcentrifuge tube PCV tube

C
o

n
d

e
n

s
a

te
 v

o
lu

m
e

 (
µ

l)

0

2

4

6

8

10

12

14

16

0

2

4

6

8

10

12

14

16

Thi
am

in
e

A
TP

cG
M

P

Thiamine

S1 S2 S3 S1 S2 S3 S1 S2 S3 S1 S2 S3

ATP cGMP

a

r

A

B C

D

i) ii)

ii)

iii)

iii)

P
a

rt
it
io

n
 C

o
e

ff
ic

ie
n

t

0

200

400

600

800

1000

1200

Ddx4

Ddx4 Ddx4

P
a

rt
it
io

n
 C

o
e

ff
ic

ie
n

t 
(p

ro
te

in
)

P
a

rt
it
io

n
 C

o
e

ff
ic

ie
n

t 
(s

m
a

ll 
m

o
le

c
u

le
s
)

Sample 
Pellet 

Volume (μl)

Leftover 

supernatant (μl)

S3 0.825 4.025

S2 1 1.7

S1 0.9 3.95

5

4

3

2

1
.5
.25

μl removal of 

supernatant &

centrifugation

resuspension, 

mixing & 

centrifugation

Pellet 

(condensate phase)

Supernatant 

(dilute phase)

5

4

3

2

1
.5
.25

μl

NMR dilute

phase sample

Leftover 

supernatant

5

4

3

2

1
.5
.25

μl

resuspended

 pelletPellet

(condensate phase)

NMR condensate

 phase sample

i) ii) iii) iv)

0.80.7 0.9

1

small molecule protein

D
e
n

s
it
y
 (

m
g

/m
l)

0

50

100

150

200

250

300

350

400
P

a
rt

it
io

n
 C

o
e
ff
ic

ie
n

t

0

100

200

300

400

500

600

700

800

900

1000

Figure 5.8: Experimental method developments. A. Volume of condensate phase (pellet
formed after centrifugation) measured using two different methods (see Methods for
complete description) using the same conditions (buffer conditions, protein concentration
and sample volume). Results shown are the average ± standard deviation for three
replicates (microcentrifuge tube method - ii) ) and two replicates (PCV tube - iii) ). Note
that the image of the PCV tube in (iii) does not correspond to any of the replicates
that yielded the measurements shown in the barchart in (i), but to another sample. B.
Overview of the protocol used to measure the amount of leftover supernatant after removal
of the dilute phase sample. C. Pellet volume and leftover supernatant for individual
triplicate samples of DDX4N1 with thiamine, ATP and cGMP, measured using the PCV
tube based method. D. (i) Determined partition coefficients for small molecules and
protein for individual triplicate samples of a mixture of thiamine, ATP and cGMP, using
the PCV tube volume measurement method and accounting for the leftover supernatant.
Values are reported as average ± standard deviation from internal error (using different
peaks of the molecule). (ii) Average ± partition coefficient of the individual replicates
shown in D i) (n=3). (iii) and (iv) Average protein partition coefficient (iii) and density
(iv) in the samples shown in D i. The experiments reported here were designed and
performed together with James Eaton.
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The two methods showed good reproducibility but the volume measured with

the cell counting device is smaller (by around 25 %). This is in line with the

expectations outlined above. To further validate the new PCV based method for

partition experiments, we used three repeats of phase separated mixtures containing

WT DDX4N1, thiamine, ATP and cGMP. The results are shown in Figure 5.8 B-D.

The correction for leftover supernatant volume (see schematic) is important for the

reproducibility of the method; for thiamine, for example, without the correction

PC = 11.7 ± 1.66, and with the correction PC = 8.3 ± 0.6. This is expected

since the leftover supernatant volume depends on pipette handling and is different

amongst samples, as can be seen in the table in Figure 5.8 B. Also, as expected, the

calculated partition coefficient is lower when accounting for the leftover supernatant;

the leftover supernatant contributes to the signal in the NMR pellet sample, which

biases the result to a higher apparent concentration and thus partition coefficient

in the condensate phase. We concluded that even though there was quite good

agreement in terms of measured volume fraction between the two methods, the PCV

method (using the leftover supernatant correction) was able to reduce a source of

experimental variability, and for this reason established it as the reference method

for determining absolute partition coefficients.

From the comparison of Figure 5.8 D i and D ii, it seems that for the small

molecules the internal error in PC from a single sample (coming from using different

peaks for the same molecule) is only marginally smaller than the error across the

set of triplicates. The results revealed a larger variation in protein partitioning

(also with respect to the internal error of each sample), compared to the small

molecules. Interestingly, the fluctuations around the mean of the measured partition

coefficient for the small molecules showed a strong correlation with the protein PC

/ density in the condensate phase of the corresponding individual sample (Pearson

coefficients of 0.98-0.99). For DDX4N1, the density at the same salt conditions

(100 mM NaCl) was found to be around 400 mg/mg (for a single sample [156]),

which is in the range of the values obtained here.
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Figure 5.9: The partitioning trend of a set of aromatic molecules varies with protein
construct and pH. Partitioning of thiamine, ATP, cGMP, cAMP and GTP at pH 8
in DDX4N1WT (A) and Ddx4N1NoCys (B), assessed using the PCV method and semi
automated data processing. The value for thiamine in A (n=4) and B (n=2), and ATP
(n=3) and cAGMP (n=3) in A are reported as mean ± standard deviation of independent
replicates; all other values are reported as mean ± standard deviation from technical error
(different peaks in the same sample); see tables for details of samples. C. Partitioning
trends for the same set of molecules in three distinct conditions; the pH 8 trends correspond
to the data shown in A and B, the pH 7 trend corresponds to figure 5.7. The experiments
reported here were designed and performed together with James Eaton.

5.5.5 Comparison of partitioning trends of thiamine, GTP,
cGMP, ATP and cAMP in DDX4 depending on construct
and pH

Figure 5.9 shows the comparison of the partitioning of the previous set of

thiamine and nucleotides at distinct conditions. All the molecules tested were

enriched in the condensate phase, at pH 8, for both the WT and NoCys constructs.

The trends in partitioning were different at pH 8 for the NoCys mutant, and also
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different to WT at pH 8. Neither of these samples shows the trend of enrichment of

triphosphate vs cyclic, and of guanine vs adenine bases observed in the previous

dataset (see table in Figure 5.9 C and Figure 5.7 C iii).

Figure 5.8 shows that the replicability of the results was very good for the

DDX4N1 WT + thiamine+ATP+cGMP sample; however, comparing the two WT

protein samples there was a larger error for the thiamine PC (see 5.9 A) which is

coming from values of ∼ 7.5,8 and 9 from the triplicates shown in 5.8 and a value ∼

4 for the cAMP and GTP sample. Similarly, in the case of NoCys protein, thiamine

had a PC of ∼ 6 in the ATP+cAMP sample, versus ∼ 3 in the cAMP+GTP sample.

We speculate that the variations in thiamine partition coefficient might be due

to small experimental differences in pH and/or percentage of D2O in the samples

due to the buffer exchange procedure prior to the partitioning experiments, since the

samples were prepared on different days from a different batch of buffer exchanged

protein (from the same batch of recombinant DDX4N1 in H2O sodium phosphate

buffer - see Methods) and buffers, and we observed strong effects of D2O on the

phase diagram of DDX4N1 WT and NoCys. In the buffer exchange (done by phase

separation), we resuspended the pellet in 300 mM NaCl D2O based buffer to a

concentration equivalent to the original conditions in H2O buffer (around 400 µM),

in which we were expecting it to become dilute again. However, after equilibration

at room temperature and extensive mixing, the solution stayed phase separated.

We did not characterise the phase diagram fully, yet we diluted the concentration

up to 250 µM and still observed phase separation, which is equivalent to at least the

effect of lowering the concentration of NaCl from 300 mM to 200 mM in H2O buffer

(see Figure 5.2 C). This qualitative observation of a strong D2O effect is in line with

literature observations on other proteins. The phase separated regime of bovine

serum albumin, in the presence of trivalent salts, was broadened by D2O, and a

30 % content of D2O lowered the transition temperature by 13 ºC [203]. Similarly,

strong effects of D2O on the phase diagram were observed for a fragment of the

androgen receptor, with the transition temperature dropping by 25 ºC at 50 %

D2O [307]. Given the strong impact of D2O on protein-protein interactions driving
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LLPS, it seems plausible that small differences in D2O content (from adjusting

the pH of buffers, for example, since we used H2O based acid and base solutions)

could also influence the interactions between the protein and small molecules in

the condensate phase, which drive partitioning.

For these reasons, I believe the buffer exchange into D2O buffer, prior to

the partitioning experiments, is one of the steps of the method which should be

investigated and more carefully controlled. Overall, further work is needed to

elucidate the source of the variability observed between experiments performed on

different days, and make modifications to the protocol accordingly.

Finally, the differences seen at pH 8 for the WT versus NoCys constructs could

be due to the effects of the four cysteine to serine mutations, or the presence

of 5 mM TCEP as a reducing agent in the case of the WT protein (to prevent

aggregation), which could interact differently with the small molecules. We did

not probe this further, and instead focused on the WT construct for the remaining

experiments presented in this chapter.

5.5.6 Purine deoxyribonucleosides partition more than pyrimidines
into DDX4N1 WT

We next probed the influence of the nucleobase on the partitioning into DDX4N1

by using a set of four deoxyribonucleosides (see Figure 5.10). In both samples,

the purine nucleoside showed larger partitioning than the pyrimidine. The values

for thiamine partitioning were very consistent across the two samples, as can be

seen in the very small error bar in Figure 5.10 B i (coming from the average of

the two samples, and not the internal between peaks error that is reported for the

bases). Therefore we could compare the absolute partition coefficients of all the

deoxyribonucleosides. dG was clearly more enriched than the rest, dA being the

closest, marginally within the experimental error with respect to dC ≈ dU. The

preferential partitioning of dG versus dA reproduced the trend seen for ATP/cAMP

vs GTP/cGMP in the previous section (see Figure 5.7).
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Figure 5.10: Partitioning of deoxyribonucleosides into DDX4N1 WT. A. Chemical
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The partition coefficient trends of the deoxyribonucleosides do not correlate

significantly with logP, which is a measure of partitioning into an organic phase

(octanol) relative to water, and one of the five properties related to the Lipinski

rules, used for the prediction of absorption in drug discovery[308]. There is though

a strong positive correlation with the topological polar surface area[309]. This

descriptor is a two-dimensional version, faster to compute, of the three-dimensional

polar surface area, which has been found to inversely correlate with intestinal

absorption and blood-brain barrier permeability [310][311]. One of the features

that distinguishes membraneless organelles from membrane-bound organelles is

the greater permeability of membraneless organelles [145][146]. The fact that

membrane permeability and droplet partitioning are inversely correlated emphasizes

the distinct environment that is created by phase separation, both with respect

to the bulk cytoplasm and the membrane boundaries.

Also, the correlation of the partitioning with a descriptor related to polar

interactions (TPSA), but not with the solubility in the nonpolar solvent octanol,

is in agreement with the finding that the permittivity of the condensed phase

of DDX4N1 resembles that of polar solvents DMSO and acetonitrile[148], even

if it contains 75% water[156].

5.5.7 Rationalisation of the partitioning trends as a reflection
of protein-nucleotide interactions in the condensate
phase

We have explored the interactions in the condensed phase of DDX4N1 through a

series of experiments to determine relative and absolute partitioning coefficients

of a set of test molecules. These revealed a trend of preferential enrichment for

triphosphate nucleotides versus their cyclic counterpart (for DDX4N1NoCys at pH

= 7), and higher partitioning of guanine-containing nucleotides versus adenine

counterparts, both in the NoCys mutant at pH 7 and in the WT at pH 8. We

then chose the WT construct and pH 8 conditions to further probe purine and

pyrimidine deoxyribonucleosides, which yielded the trend dG > dA ≥ dC ∼ dU.
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The finding that the triphosphate group (versus cyclic) has a positive effect

on partitioning (5.7) follows a similar trend with literature results of ATP vs

ADP/AMP comparisons regarding the disruption of phase separation, for FUS-

GFP [285] and for the N-terminal domain of FUS[289], also reflected in binding

trends in the latter case. Given that triphosphate nucleotides are more negatively

charged than the cyclic counterparts (-3 vs -1), it is interesting to note that these

preferential interactions of the triphosphate nucleotide happen across a range of

protein net charges; FUS-GFP and FUS NTD are positively charged at pH 7

(+5 and +2, respectively), while DDX4N1NoCys is negatively charged (-4). This

lack of correlation with the net charge is consistent with the DDX4 literature,

since both DNA and RNA oligonucleotides, also negatively charged, partition into

DDX4N1 in vitro condensates[254], as does messenger RNA (Hickling et al. , in

preparation). Regarding protein partitioning, both a more positive and a more

negative mutant form of GFP (in terms of surface charge) were more enriched

than the WT GFP in DDX4N1 droplets[254]. Overall, the trends of partitioning

of a range of proteins could not be explained by simple metrics like the pI or

molecular weight; instead, there was a correlation with the amino acid composition

(in particular, favouring proteins with a higher content of proline, arginine and

tyrosine), which pointed at aromatic interactions being important for partitioning,

as they are for the formation of the phase separated state.

Stronger effects/interactions of purine (polyA) versus pyrimidine (polyU and/or

polyC) RNA homopolymers have been described for arginine-rich model peptides as

well as full length FUS (which contains three RGG domains - see Figure 5.1)[298][301].

We have recapitulated this effect from single nucleosides, for the RGG domain of

DDX4 (see Figure 5.10). Further, we have also been able to probe trends within

the purine nucleobases (see Figure 5.7 and 5.10), which had not been possible in

the context of RNA homopolymers given that polyG forms G-quadruplexes [301].

In both studies with cationic peptides, π-π or cation-π interactions between the

nucleobases and cationic residues, arginines in particular, had been proposed to

explain the observations. The phase separation of DDX4N1 is driven by cation-π
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interactions between phenylalanine and arginine residues, very abundant in the

sequence (6% and 10%, respectively), as shown by the destabilisation of the mutant

containing DL-3-fluorophenylalanine instead of phenylalanine [148]. However, NMR

studies of the condensed phase have revealed abundant intermolecular interactions

involving most amino acids [156]. It is worth considering the wider range of

interactions available to the nucleobases and residues in DDX4N1, in order to

interpret the observed trends.

Protein-nucleotide interactions have been an object of study for the last fifty

years, with two main types of studies: database searches of PDB crystal structures

and quantum chemical energy calculations, very often in combination, with the

distance-based identified interactions being analysed computationally. What follows

below is a review of the main trends identified and a discussion on how these

can be applied to rationalise the partitioning trends observed, focusing on the

chemical signatures of the bases and the sequence characteristics of DDX4N1 already

outlined in the introduction.

Cation-π interactions

Cation-π interactions are abundant in protein, protein-ligand and protein-nucleic

acid structures[193]. Pioneer studies by Dougherty-Gallivan of a set of 600 protein

structures combined a distance-based search criteria with ab initio / force-field

energetic calculations, and found abundant cation-π interactions as well as showed

biases in favour of tryptophan, as the aromatic residue, and arginine over lysine[189].

Cation-π interactions have received increasing attention in the phase separation

field, given their importance for phase transitions and their regulation (by arginine

methylation) as discussed in the introduction for both DDX4 and FUS [148][194].

Studies of DNA-protein and RNA-protein complexes have showed very abundant

cation-π interactions, mostly involving arginine side chains, and with a higher

frequency of purine versus pyrimidine bases[191][192]. The population trend for the

DNA bases decreases according to G > A > C > T [191][312], while for RNA it

follows G > A > U > C [192]. In these database mining studies, accompanying
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energy calculations showed the same trends in the energetics of the interaction,

highlighting in particular arginine-guanine as the strongest interaction, and showed

that pyrimidine interactions can often be energetically unfavourable, in particular

for thymine[191][192][312].

Regarding the cation side of the interaction, a quantum chemistry comparative

study of the relative strength of arginine versus lysine for cation-π interactions

has rationalised the higher prevalence of arginine in these interactions, even if

lysine shows a stronger interaction in the gas-phase[313]. In the case of arginine,

but not lysine, the geometries obtained by gas-phase had good agreement with

those experimentally observed in a dataset of protein structures. The authors

proposed that the arginine-arene interaction remains strong in a dielectric medium

since it involves both electrostatic and dispersion attraction, in contrast to the

electrostatic dominated lysine-arene interaction.

It seems that the trend we have observed of dG partitioning more than dA, and

both more than the pyrimidines, agrees with the population trends of cation-π in

crystal structures as well as the results of energetics calculations.

π-π interactions

Analysis of π-π stacking in DNA-protein X-ray crystal structures has shown

that pyrimidines are involved in more interactions than the purines (with frequency

decreasing as T > C > A > G), even if the strongest calculated energies correspond

to interactions with C or G[196]. However, the self-stacking (π-π) tendency of

nucleobases decreases in the order adenine > guanine > cytosine ≈ uracil; the

fact that the purine bases self-associate more than the pyrimidine bases has been

attributed to their larger aromatic systems [314].

Furthermore, gas-phase calculations of all pairwise DNA/RNA nucleobase-

aromatic amino acid π-π stacking interactions showed that on average the interaction

energy decreases in the order G > A > T ∼ U ∼ C (except for the specific

tryptophan-nucleobase case where G > T > A ∼ U ∼ C), which suggests geometric

constraints might apply in the context of structured complexes, especially including
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double stranded DNA[315]. For RNA-protein complexes, the overall trend for

nucleobase-amino acid interactions (grouping π-π and cation-π) is more sensitive

to the amino acid (with Y,F and R overrepresented) than to the nature of the

nucleobase (A>U G>C), perhaps reflecting the greater degree of conformational

flexibility of RNA [197].

There is little agreement between the trends observed and the population

frequencies for π-π interactions in either DNA-protein or RNA-protein complexes,

yet better agreement regarding stronger self-stacking of purine versus pyrimidine

nucleotides (yet with adenine having stronger self-association than guanine) and

even better with gas phase calculated interaction strengths. Given there are no

structural constraints in single nucleotides interacting in the context of a disordered

protein, the latter would be a reasonable point of reference.

Hydrogen bonds

Hydrogen bonding is fundamental for the recognition of nucleic acids by proteins

[305][316][317]. Non-specific bonding plays an important role in stability; two

thirds of DNA-protein bonds involve the DNA backbone[316], and for RNA 20

% of bonds involve the 2’OH on the ribose. The original predictions for specific

recognition of base-pairs in the DNA major and minor grooves were that bidentate

hydrogen bonds would be able to distinguish between nucleobases better than single

bonds[318]. The proposed interactions (compatible with the base-pairing bonds,

see Figure 5.11 A and B) involved arginine (guanidinium group, with two donors)

which would select for guanine, and asparagine or glutamine (carboxamide group,

with one acceptor and one donor) for adenine, for the major groove (also known as

the Hogsteen edge), and asparagine or glutamine would bind guanine in the minor

groove (also known as the sugar edge). These predicted interactions have indeed

been the most observed in database analysis of both DNA-protein and RNA-protein

complexes, with the exception of the major groove Asn/Gln-Adenine interaction for

RNA-protein complexes[316] [317]. Guanine in particular had the largest observed

versus expected ratio of hydrogen bonds, which was attributed to it containing
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the greatest number of potential hydrogen bonding atoms that are available for

interaction at the edges of the G-C base pair[316]. The extraction of overall trends

was complicated by the coexistence of several types of interactions in the dataset,

including single interactions, bidentate interactions with a base or base-pair, and

more complex interactions along the DNA double strand (the latter of which are

beyond the scope of this discussion since our focus is on single nucleotides). Finally,

an analysis of nucleobase - amino acid pseudo pairs in protein-nucleotide complexes

(heavily biased in favour of complexes with adenine nucleotides) showed further

trends of interactions also at the Watson-Crick edge, available in single nucleotides

[319]. The authors highlighted that asparagine, glutamine, aspartic acid, glutamic

acid and arginine can orient coplanarly with the bases and make two bonds at the

Watson-crick edge; in addition, serine, threonine and also aspartic acid could make

a double bond using both the side chain and backbone. Guanine interactions with

Asp and Glu were seen at the Watson-Crick edge , the interaction with Asp (see

Figure 5.11 C) being most represented, as well as with arginine in the Hogsteen

edge as in the previous studies. For adenine, interactions with Asn,Gln, Asp and

Glu were found both at the Watson-Crick (mainly Asn and Asp - see Figure 5.11 D)

and Hogsteen edges, even if in the latter case the majority of interactions were with

the protein backbone. The latter study is most relevant for the current discussion,

since single nucleotides are not base-paired and therefore can bond with protein

residues at any interaction edge, as well as being much smaller so less constrained

geometrically. Overall, the fact that guanine was the most frequent nucleobase

engaging in hydrogen bonds in protein-nucleic acid complexes [316] and frequently

interacts with arginine and aspartic acid in single nucleotide complexes, both of

which are abundant in DDX4, highlights the likely contribution of hydrogen bonding

to the higher partitioning of dG vs dA. Relating to the correlation of partitioning

with TPSA, guanine has one more hydrogen bond donor atom than adenine, which

would allow it to satisfy four (vs three) hydrogen bonds.

Finally, and returning to the previous discussion of triphosphate nucleotides

having higher partitioning than the cyclic counterparts, findings from protein-DNA
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data mining studies also suggest that hydrogen bonding could explain the additional

interactions of the triphosphate moiety (other than charge-charge interactions

with cationic residues). Two thirds of DNA-protein H-bonds (from 129 crystal

structures) involve the DNA backbone phosphate groups[316], and in particular

the side chains of arginine, lysine, serine, theronine, asparagine and glutamine (in

decreasing order of frequency). A more recent comparison using a larger structure

database (over 3000 structures) showed similar trends with arginine being the highest

contributor with two-fold as many hydrogen bonds as the next most prevalent amino

acids (lysine, threonine and serine)[320]. Given that arginine (20 instances) and

serine (33 instances) are the second and third most frequent amino acids in the

236 residue chain of DDX4N1 (only after glycine, with 44 instances), it seems

plausible that the potential for many such hydrogen bonds to stabilise backbone

phosphate groups can explain the relatively higher partitioning of the triphosphate

versus the cyclic nucleotides. Furthermore, it has been shown for ATP that it

binds weakly and in a non specific way to proteins, especially disordered or in

flexible regions, replacing protein-solvent hydrogen bonds (seen by NMR as reduced

protein-solvent hydrogen exchange [297]).

Multiple interactions

Cation-π interactions have been found to frequently be accompanied by a

hydrogen bond, for example for arginine binding to a DNA strand, which has been

called the cation-π H-bond stair motif[321], and in cation-π interactions at protein-

protein interfaces, which are very abundant and also mainly involve arginine [322].

Considerations on the correlations between partitioning trends and
interaction trends

Overall, there is an good level of agreement between experimentally observed

(and/or calculated) non-covalent interactions and the partitioning trends observed,

which is better for cation-π and hydrogen bonding than for π-π.

If we consider the solvent properties of the condensate phase, we might place

higher weight on the hydrogen bond capabilities as determining factors for the
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partitioning. It has been shown using MD simulations that for guanine and cytosine

in particular, the solvation environment changes the relative strength of aromatic

versus hydrogen bond interactions.[323]. MD simulation extracted binding energies

between all pairs of nucleobases and aromatic or charged amino acids were compared

in two environments, water and methanol. The energies calculated for guanine

and cytosine interactions showed the greatest variation with the nature of the

solvent; guanine in particular had the strongest interactions in either solvent, but

those were of π-π nature (with aromatic amino acids) in water, while in methanol

the strongest interactions were hydrogen bonds with acidic residues. Further to

that, energy calculations in a range of solvent mixtures (0-1 methanol fraction)

for all bases with aspartate (representing hydrogen bonding) and tryptophan (π-π)

showed a linear correlation between the strength of guanine/cytosine aspartate

hydrogen bonding and the methanol fraction [324].

There is a large amount of acidic residues as part of the alternating charge

blocks of DDX4 [148], which could engage in hydrogen bonding. An important

contribution of the hydrogen bonding interactions to the partitioning would also

be in agreement with the strong correlation between the TPSA metric and the

partitioning trends. Finally, the fact that arginine has been seen to simultaneously

engage in a cation-π interaction and a hydrogen-bond, and that it is very enriched

in DDX4, could point to abundant combined multivalent interactions.

5.6 Conclusions

The study of partitioning of small molecules into protein phase separated

condensates motivated the development of an NMR-based method and a semiautomated

processing pipeline. NMR-based partitioning studies have the advantage of being

label-free with respect to fluorescence approaches, as well as being informative on

any chemical processes occurring in either dilute or condensate phase; however, it

is necessary to physically separate and recover the two phases and measure the

volume of condensate fraction. An initial protocol was designed for the study with

lipoamide and FUS; as a follow up, another method for measuring the fraction
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of condensate volume was developed. The two methods compared quite well in

terms of pellet fraction, yet we chose to take forward the PCV tube based method

given it would allow us to reduce the potential bias / variability in partitioning

coming from the volume of supernatant fraction that remains with the pellet

separated fraction. Finally, the design of relative partitioning experiments using

mixtures of small molecules prompted and benefited from the development of

data processing code, which used with some manual adjustments greatly sped

up and systematised the analysis.

Regarding the implications of the results presented, the study of lipoamide

partitioning into FUS condensates provides a potential mechanism of action for the

regulation of phase separation by a small molecule, which is based on its enrichment

into the condensate phase. This highlights the need (and opportunity) for new

approaches to drug discovery for these systems [223].

Through a series of systematic comparisons of nucleotides partitioning into

DDX4N1 constructs (see Figure 5.12 A), we have established that all the molecules

partitioned into the condensate phase, and that the condensate phase selectively

enriched for some more than others. The finding of selective enrichment provides

further evidence to the hypothesis that the condensate phase acts as a distinct

solvent to the surrounding bulk, in agreement with selectivity being one of the

properties of solvents.

Further, we investigated a few chemical features and observed two trends (see

Figure 5.12 B). First, there was a positive contribution of the triphosphate group

to partitioning, in line with some literature results but in this case also for a

protein with a negative net charge. Second, the partitioning depended on the

individual nucleobase in the order (higher PC to lower PC) dG > dA ≥ dC ∼ dU,

which reproduces literature trends of purine vs pyrimidine RNA homopolymer -

R-rich peptide coacervates but extends the chemical space probed by including

guanine nucleotides, which were not amenable to RNA homopolymers studies due

to the formation of G-quadruplexes. The partitioning trend within nucleobases

correlated with the descriptor topological surface area (a count of heteroatoms) but
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Figure 5.12: Schematic summary of the investigation of the influence of chemical features
on the partitioning of nucleotides into DDX4 condensates. Nucleotides were selected as
scaffolds for systematic analysis of chemical features along two dimensions of chemical
space and their effects on relative partitioning into model system DDX4N1. The top
diagram shows a schematic of the results obtained, in which all nucleotides were enriched
in the condensate phase, but their relative enrichment depended on charged phosphates
(red vs orange) and the nucleobase (blue vs cyan). The colours correspond to the axis
of partitioning represented in the bottom. A triphosphate moiety drives partitioning
into the condensed phase, relative to the cyclic phosphate moiety. The nucleobase also
influenced partitioning, with purines favoured over pyrimidines, with partition coefficients
correlating with the topological polar surface area of the deoxynucleosides compared.
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not with logP (a measure of solubility in octanol), which highlights the differences

between incorporation into these compartments versus crossing of lipid bilayers.

Considering the literature on non-covalent interactions between proteins and nucleic

acids / nucleotides, we proposed that the partitioning trend could be rationalised

via differences in strength of cation-π or hydrogen bonds; cation-π interactions

have been shown to drive phase separation of DDX4 (amongst other proteins),

while hydrogen bonding is a ubiquitous interaction within protein structures and

in particular with nucleic acids, and is directly related to the descriptor TPSA,

which is correlated with the trend. Further work remains to elucidate the relative

contribution of these interactions, as well as probe a wider chemical space in terms

of both phase separating protein and small molecules.

In conclusion, the study of small molecule interactions with the condensed phase

of phase separating proteins can provide insights into the distinctive features of these

environments, as well as inform strategies for the modulation of this fundamental

cellular compartmentalisation mechanism.

5.7 Further work
Method development

As discussed regarding the data presented in Figure 5.9, there was a larger

variation in the PC of thiamine in several samples. In contrast, the two samples

of thiamine and deoxynucleosides (Figure 5.10) showed variability for thiamine

PC in line with the interreplicate variability observed for the DDX4N1 sample in

Figure 5.8). Phase separation is very sensitive to variables such as temperature,

pH and salt, yet those were controlled in our experimental design. However given

the unexplained variability, more experiments are required to uncover any hidden

variables and improve the consistency of the method. In particular, the buffer

exchange step prior to partitioning experiments should be investigated as a source

of variability, given the strong effect of D2O on the phase diagram of DDX4N1,

consistent with the literature, and which suggests that small variations in D2O

could also have effects on the partitioning of small molecules.
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Partitioning trends

The short term extension of the work presented in this chapter would involve

completing the exploration of the chemical space of nucleotides in relation to their

interactions with DDX4 in the condensate phase, as well as orthogonal studies in

proteins with different sequence composition features, such as the FUS N-terminal

PLD domain (rich in tyrosines, devoid of cationic residues). In particular, we could

probe: 1)the influence of cyclisation (AMP vs cAMP), 2) the phosphate contributions

sequentially (ATP vs ADP vs AMP), 3) the contribution of the adenine base (ATP

vs tripolyphosphate (TPP), 4) the effect of the 2’OH group on the ribose base (e.g.

A vs dA) and 5) the relative contribution of cation-π and hydrogen bonds to the

partitioning (e.g. introducing a fluorine into the nucleobase, vs unmodified);the

latter three follow-up experiments are rationalised in more detail below.

ATP vs TPP As discussed in the introduction, there is some contradictory

evidence on whether the TPP moiety contributes to the phase separation effect of

nucleotides, in particular ATP. In the study that showed higher decondensation

boundary for R-rich peptides than K-rich peptides, in mixtures with homopolymeric

RNA (pA or pU), polyphosphate did not show differential boundaries for the two

peptides [298]. Similarly, TPP had lower effects than ATP on phase separation of

FUS [285]. However, in another study the phase diagram of an IDP with TPP was

sensitive to the arginine/lysine content of a series of mutants [304]. Therefore it

will be interesting to compare the partitioning of TPP with ATP / GTP, in order

to deconvolve the contributions from the sugar-base and from the triphosphate. We

might expect lower partitioning of TPP based on the loss of probable aromatic

interactions of the base; however, triphosphate would also be a smaller molecule,

which might facilitate more non-specific interactions.

RNA vs DNA bases Regarding the 2’OH characteristic of RNA), this group is

involved in 20% of hydrogen bonds[325] and 14% of sugar-pi interactions in RNA-
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protein complexes [197]. Therefore we would hypothesize that the corresponding

ribonucleosides would partition more into DDX4 than the deoxyribonucleosides.

Fluorination of nucleobases The introduction of a fluorine atom as an aromatic

substituent in the ring of a nucleobase would have a large impact on the charge

density distribution, which is crucial for cation-π interactions; in contrast, it would

add another heteroatom able to accept a hydrogen bond. This could help us uncover

the relative contribution of aromatic vs hydrogen bonding to the partitioning of

these molecules into this particular phase separation model system.

In the longer term, we would aim to expand the chemical space probed in

our systematic tests, as well as use NMR structural and exchange methods to

investigate the relative strengths and effects of the interactions proposed to drive

the partitioning trends observed.
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Conclusions

In this thesis, I have explored questions regarding protein assembly, both

physiological and pathological, from a biophysical point of view and using mainly

NMR, a technique particularly suited to these systems. The results are relevant at

both extremes of the continuum between basic and translational research, given

that a more nuanced understanding of fundamental phenomena is intrinsically

linked with opportunities to modulate them in novel ways. This is particularly

relevant in these areas of research, since protein aggregation and phase separation

are associated with severe human diseases that have few therapeutic options and

a high rate of clinical trials failure. It is a belief shared by many researchers,

which I subscribe to, that the lack of a detailed mechanistic understanding of these

processes is a major roadblock in the drug discovery pipeline. I present below a

few concluding remarks, first regarding the tau project presented in chapters 2, 3

and 4, and finally the phase separation work in chapter 5.

6.1 Mechanism of aggregation and inhibition of
tau

There is an extensive rich body of literature on the aggregation of tau, yet

there are still many open questions which have challenged the excellent researchers

243
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in the field for decades. The main question that I believe this work contributes

to answer is the nature of the nucleus of the aggregation pathway of tau. This

has remained ill-defined throughout mechanistic studies of several model systems.

We have obtained a model for aggregation that includes disulfide-bond mediated

dimerisation and the formation of a tetrameric nucleus from the assembly of a

dimer and two monomers, as well as elongation and fragmentation. This has

been extensively tested against other nucleation mechanisms with nuclei in the

range of dimer through to hexamer, which I believe is the most exhaustive set

of comparisons performed for a tau construct.

Several challenges, some general to protein aggregation studies, and others

specific to the case of tau, had to be overcome in order to obtain this result. A

particular complication in the study of tau, in comparison with amyloid β (the

other protein implicated in Alzheimer’s disease), is its high solubility and low

propensity to aggregate in in vitro settings. This has traditionally required the

use of inducers of aggregation, shorter more aggregation prone constructs, or both,

although recently there has been an increasing effort towards inducer-free systems.

This switch is related to the long ongoing controversy in the field regarding the

biological relevance of studies using inducers, and to which the recent developments

of cryoEM have added another dimension, with some studies providing evidence of

differences of structure between in vitro fibrils formed with inducers and fibrils from

patient tissues, yet others showing endogenous cofactors similar to the inducers

commonly used present in in vivo fibrils.

We wanted to work with an inducer-free system, given that the modelling

methods developed previously in our lab allow us to model the intrinsic aggregation

pathway of the protein independently from the actions of other biomolecules,

such as inducers or inhibitors, the actions of which are probed in an explicit

manner. Therefore, elucidating a mechanism of a "purely tau" system is only

the first step towards modelling the influence of other molecules of biological

or therapeutic interest. In this sense, another contribution of this work is the
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detailed characterisation of the kinetic effects of a literature inhibitor of tau, D-

TLKIVW, developed in a pioneering computational study, and which we show

has a multifaceted mechanism of action.

The model system we used, "R3", a 26mer that constitutes most of the R3

repeat of tau, located in its microtubule binding repeat domain, and which begins

with the hexapeptide VQIVYK sequence, one of the two hotspots of aggregation.

R3 aggregated in a reproducible manner, in the absence of inducers or agitation,

in a suitable scale for NMR-based monitoring, and the aggregates formed had

the ability to template the aggregation of full length endogenous cellular tau, in

agreement with other studies that defined R3 as the minimal seeding-competent

construct. Further, two distinct chemical signatures were resolved in 1D 1H spectra

for the two C terminal histidine residues, and which corresponded to a monomer

and a dimer. The monitoring of the dimer trace, in particular, was instrumental

in discriminating between nucleation mechanisms.

Finally, the optimisation procedure leading to the mechanistic descriptions

above-mentioned is the subject of a substantial part of the thesis, in line with the

difficulty of modelling such processes as systems of nonlinear ODEs. This work

extended the previous method, which combined a local search algorithm with a

global search basin-hopping like routine, by adding a top layer algorithm at the level

of the model space. This algorithm combined elements of local search (incorporating

distinct steps in parallel, and choosing the path with the best goodness of fit) and

global perturbation, by adding new chemical steps and combining different modes of

initialisation of the parameters. In combination with developments in other layers of

the optimiser, we achieved a strategy that allowed us to find a best model for each

dataset which represents a global minimum both in model and parameter space.

6.2 Probing the chemical environment of in vitro
biomolecular condensates

Phase separation is emerging as a key mechanism by which eukaryotic organisms

(and probably prokaryotic too) organise processes in cells in a complementary way
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to the traditional membrane-based compartmentalisation. From a physicochemical

point of view, an exciting area of research is the hypothesis that the inside of the

condensates (also known as membraneless organelles) constitutes a true chemical

solvent, for which there is increasing evidence at multiple levels. One aspect

of condensates that permeates the literature is their complex composition, yet

also selectivity, in terms of proteins, nucleic acids and small molecules, which is

increasingly linked to functions such as the regulation of enzymatic processes. In

the absence of delimiting membranes, such selectivity seems analogous to that

of a solvent, and it follows to consider the partitioning trends of biomolecules in

condensates. Again, this has implications for the basic understanding of phase

separation, as well as huge translational potential given that the proteins typically

found, and driving, the formation of condensates are rich in disordered regions,

which turns them into classically undruggable targets and asks for novel strategies

for their modulation based on understanding the chemical rules in play.

Early work in this thesis addressed a specific case of phase separation modulation,

where lipoamide was found to alter phase separation of FUS, a protein linked

to neurodegenerative diseases. The results of this collaboration contributed a

piece of evidence concerning the mechanism of action of lipoamide, which we

showed was enriched by ten-fold in the condensate phase. This project required

the development of a method to study partitioning with NMR, including the

measurement of the condensate volume fraction. Next, while further developing

this method, we addressed the question of selectivity by studying partitioning

into another phase separating system, DDX4, a component of the nuage MLO

in male germ cells. We explored chemical trends in partitioning by comparing

the partitioning of nucleotides, which have a well defined scaffold yet naturally

rich in chemical variation, and which are the building blocks of nucleic acids,

essential components and regulators of phase separation in vivo. We observed

preferential partitioning of purine versus pyrimidine nucleobase nucleosides, as well

as enrichment of triphosphate nucleotides versus cyclic counterparts. Our results are

in agreement with the "solvent hypothesis", and the methods developed are label-free
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and thus generalisable to studies of a wide range of chemical features in orthogonal

protein systems, which I hope will be useful in improving our understanding of

this aspect of phase separation.

Overall, this thesis highlights the value of detailed mechanistic studies of protein

aggregation and phase separation, from a fundamental and applied point of view; I

think the work presented makes modest but valuable contributions to these exciting

fields of research, in terms of insights on specific systems as well as generally

applicable methods developed to meet (some of) the abundant challenges.
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A.1 Full implementation of best R3 + D-TLKIVW
mechanistic model

Implementation

//nucleation_2

//forward

double kpcurr1 = kp[0]*xpt[0]*xpt[0];

xp[0] += -kpcurr1;

xp[0] += -kpcurr1;

xp[1] += kpcurr1;

//backward

double kmcurr1 = km[0]*xpt[1];

xp[1] += -kmcurr1;

Chemical equilibria

Dimerisation

P1 + P1
kp[0−−⇀↽−− ][km[0 ]]P2 (A.1)
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xp[0] += kmcurr1;

xp[0] += kmcurr1;

//nucleation_n

//forward

double kpcurr2 = kp[1]*xpt[1]*pow(xpt[0],

kp[2]);

xp[0] += -kpcurr2*kp[2];

xp[1] += -kpcurr2;

xp[4] += kpcurr2;

//backward

double kmcurr2 = km[1]*xpt[4];

xp[4] += -kmcurr2;

xp[0] += kmcurr2*kp[2];

xp[1] += kmcurr2;

for(int i=4; i<N/2-5;++i)

{

//elongation_1

//forward

double kpcurr3 = kp[i]*xpt[i]*xpt[0];

xp[i] += -kpcurr3;

xp[0] += -kpcurr3;

xp[i+1] += kpcurr3;

//backward

double kmcurr3 = km[i]*xpt[i+1];

xp[i+1] += -kmcurr3;

xp[i] += kmcurr3;

xp[0] += kmcurr3;

Nucleation (steady-state approximation)

P2 + 2 P1
kp[1]−−−⇀↽−−−
km[1]

P4 (A.2)

Monomer elongation

// free fibrils

Pi + P1
kp[i]−−−⇀↽−−−
km[i]

Pi+1 (A.3)
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//elongation_2

//forward

double kpcurr4 = kp[N/2+i]*xpt[i]*xpt[1];

xp[i] += -kpcurr4;

xp[1] += -kpcurr4;

xp[i+2] += kpcurr4;

//backward

double kmcurr4 = km[N/2+i]*xpt[i+2];

xp[i+2] += -kmcurr4;

xp[i] += kmcurr4;

xp[1] += kmcurr4;

//fragmentation

//fragmentation corrections

int nucCorr= +2 - round(kp[2]);

double nucRem = kp[2]-round(kp[2]);

//forward

if (i > 10)

{

int frag = i/2;

double kpdcurr5 = kpd[0]*xpt[i];

xp[i] += -kpdcurr5;

xp[frag] += kpdcurr5;

xp[i-frag +nucCorr] += kpdcurr5*(i-frag)/(i-

frag+nucRem);

//inhibitor-bound oligomers fragment (same

rate)

int frag_j = i/2;

double kpdfrag = kpd[0]*xptC[i];

Dimer elongation

// free fibrils

Pi + P2
kp[N/2 + i]−−−−−−−⇀↽−−−−−−−
km[N/2 + i]

Pi+2 (A.4)

Fragmentation of oligomers / fibrils

// free fibrils

Pi
kpd[0]−−−→ P(i/2) + P(i/2) (A.5)

// inhibitor-bound fibrils

Pi, bound
kpd[0]−−−→ P(i/2,bound) + P(i/2,bound)

(A.6)
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xpC[i] += -kpdfrag;

xpC[frag_j] += kpdfrag;

xpC[i-frag_j +nucCorr] += kpdfrag*(i-

frag_j)/(i-frag_j+nucRem);

}

//oligomers + drug elongate by monomer

(same rate)

//forward

double kpcurrelm = kp[i]*xptC[i]*xpt[0];

xpC[i] += -kpcurrelm;

xp[0] += -kpcurrelm;

xpC[i+1] += kpcurrelm;

if (i==4)

{

xpC[1] += -kpcurrelm*4; //for mass balance

if elongating nucleus

}

else

{

xpC[1] += -kpcurrelm;

}

//backward

double kmcurrelm = km[i]*xptC[i+1];

xpC[i+1] += -kmcurrelm;

xpC[i] += kmcurrelm;

xp[0] += kmcurrelm;

if (i==4)

{

xpC[1] += +kmcurrelm*4; //for mass

Monomer elongation (of inhibitor-

bound oligomers/fibrils)

// by free monomer

// inhibitor-bound fibrils

Pi,bound + P1
kp[i]−−−⇀↽−−−
km[i]

Pi+1,bound (A.7)
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balance if elongating nucleus

}

else

{

xpC[1] += +kmcurrelm;

}

//inhibitor-bound oligomers elongate by

inhibitor-monomer complex (same rate)

//forward

double kpcurrelbm = kp[i]*xptC[i]*xptC[2];

xpC[i] += -kpcurrelbm;

xpC[2] += -kpcurrelbm;

xpC[i+1] += kpcurrelbm;

if (i==4)

{

xpC[1] += -kpcurrelbm*3; //for mass

balance if elongating nucleus

}

//backward

double kmcurrelbm = km[i]*xptC[i+1];

xpC[i+1] += -kmcurrelbm;

xpC[i] += kmcurrelbm;

xpC[2] += kmcurrelbm;

if (i==4)

{

xpC[1] += +kmcurrelbm*3; //for mass

balance if elongating nucleus

}

// by inhibitor-monomer complex

Pi,bound + P1I
kp[i]−−−⇀↽−−−
km[i]

Pi+1,bound (A.8)
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//inhibitor-bound oligomers elongate by

dimer (different rate)

//forward

double kpcurreldd = kpd[3]*xptC[i]*xptC[3];

xpC[i] += -kpcurreldd;

xpC[3] += -kpcurreldd;

xpC[i+2] += kpcurreldd;

if (i==4)

{

xpC[1] += -kpcurreldd*4; //for mass

balance if elongating nucleus

}

else

{

xpC[1] += -kpcurreldd; //for mass balance

if elongating species larger than nucleus

}

//backward

double kmcurreldd = kmd[3]*xptC[i+2];

xpC[i+2] += -kmcurreldd;

xpC[i] += kmcurreldd;

xpC[3] += kmcurreldd;

if (i==4)

{

xpC[1] += kmcurreldd*4; //for mass

balance if elongating nucleus

}

else

{

xpC[1] += kmcurreldd; //for mass balance

Dimer elongation (of inhibitor-bound

oligomers/fibrils)

// inhibitor-bound fibrils

// by dimer-inhibitor complex

Pi,bound + P2
kpd[3]−−−−⇀↽−−−−
kmd[3]

Pi+2,bound (A.9)
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if elongating species larger than nucleus

}

if (i>4)

{

//Inhibitor binds oligomers (surface binding,

1 per protein molecule)

//forward reaction

double kpcurrolis = kpd[5]*xpt[i]*xptC[1];

xp[i] -= kpcurrolis; // oligomeric protein

xpC[1] -= kpcurrolis*i; // free inhibitor.

1 molecule per protein (surface)

xpC[i] += kpcurrolis; // protein + inhibitor

(bound)

// backward reaction

double kmcurrolis = kmd[5]*xptC[i];

xp[i] += kmcurrolis; // oligomeric protein

xpC[1] += kmcurrolis*i; // free inhibitor.

1 molecule per protein (surface)

xpC[i] -= kmcurrolis; // protein + inhibitor

(bound)

}

//Inhibitor dissociates dimer from oligomer

//forward reaction

if (i>5)

{

//forward reaction

double kpdcurrdiss= kpd[6]*xpt[i]*xptC[1];

xp[i] -= kpdcurrdiss; // oligomer

Inhibitor surface-binding to oligomers/fibrils

Pifree + iI
kpd[5]−−−−⇀↽−−−−
kmd[5]

Pibound(Ii) (A.10)

Inhibitor dissociates dimer from fibrils

Pi
kpd[6]−−−→ Pi−2 + P2 (A.11)
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xp[i-2] += kpdcurrdiss; // shortened oligomer

released

xp[1] += kpdcurrdiss; // free dimer

} // end of if loop for dimer dissociation

} //end of big for loop

//additional inhibitor steps

//Inhibitor binds monomer

//forward reaction

double kpdcurrmon = kpd[8]*xpt[0]*xptC[1];

xp[0] -= kpdcurrmon; // monomeric protein

xpC[1] -= kpdcurrmon; // free inhibitor

xpC[2] += kpdcurrmon; // protein +

inhibitor (bound)

//backward reaction

double kmdcurrmon = kmd[8]*xptC[2];

xp[0] += kmdcurrmon; // monomeric

protein

xpC[1] += kmdcurrmon; // free inhibitor

xpC[2] -= kmdcurrmon; // protein +

inhibitor (bound)

//Inhibitor binds dimer

//forward reaction

double kpdcurrdim = kpd[1]*xpt[1]*xptC[1];

xp[1] -= kpdcurrdim; // dimeric protein

xpC[1] -= kpdcurrdim; // free inhibitor

Inhibitor binds monomer

P1 + I
kpd[8]−−−−⇀↽−−−−
kmd[8]

P1I1 (A.12)

Inhibitor binds dimer

P2 + I
kpd[1]−−−−⇀↽−−−−
kmd[1]

P2I (A.13)
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xpC[3] += kpdcurrdim; // dimeric protein

+ inhibitor (bound)

//backward reaction

double kmdcurrdim = kmd[1]*xptC[3];

xp[1] += kmdcurrdim; // dimeric protein

xpC[1] += kmdcurrdim; // free inhibitor

xpC[3] -= kmdcurrdim; // dimeric protein

+ inhibitor (bound)

//Inhibitor binds nucleus

//forward reaction

double kpdcurrnuc = kpd[4]*xpt[4]*xptC[1];

xp[4] -= kpdcurrnuc; // dimeric protein

xpC[1] -= kpdcurrnuc; // free inhibitor

xpC[4] += kpdcurrnuc; // dimeric protein

+ inhibitor (bound)

//backward reaction

double kmdcurrnuc = kmd[4]*xptC[4];

xp[4] += kmdcurrnuc; // dimeric protein

xpC[1] += kmdcurrnuc; // free inhibitor

xpC[4] -= kmdcurrnuc; // dimeric protein

+ inhibitor (bound)

// Inhibitor disrupts nucleus

// forward reaction

double kpdcurrdisn = kpd[2]*xpt[4]*xptC[1];

xp[4] -= kpdcurrdisn; // nucleus (xp[4])

xp[1] += kpdcurrdisn; // release dimer

Inhibitor binds nucleus

P4 + I
kpd[4]−−−−⇀↽−−−−
kmd[4]

P4I (A.14)

Inhibitor disrupts nucleus

P4 + I kpd[2]−−−→ P2 + 2 P1 + I (A.15)
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xp[0] += kpdcurrdisn*kp[2]; // nucleus

(xp[4]) + inhibitor (bound)

Mass balance calculation

////calculate aggregation concentration

double model::CalcConcX()

{

double fConc=0.0;

fConc+= xp[0]*(+1);

fConc+= xp[1]*(+2);

fConc+= xp[4]*(+*(params->m["kp13"])+2);

for(int i=0;i<N-(5);++i)

{

fConc+= xp[5+i]*(+*(params->m["kp13"])+i+3);

}

for(int i=0;i<N-(5);++i)

{

fConc+= xpC[5+i]*(+*(params->m["kp13"])+i+3);

}

fConc+= xpC[2]*(+1);

fConc+= xpC[3]*(+2);

fConc+= xpC[4]*(+*(params->m["kp13"])+2);

return fConc;

}

////calculate chaperone concentration

double model::CalcConcC()

{

double cConc=0.0;
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cConc+= xpC[1]*(+1);

cConc+= xpC[2]*(+1);

cConc+= xpC[3]*(+1);

cConc+= xpC[4]*(+1);

for(int i=0;i<N-(5);++i)

{

cConc+= xpC[5+i]*(+i+5);

}

return cConc;

}

The winning model of the R3-only second dataset had one additional chemical

step, the monomer conformational change (see Figure 4.2, step k):

P1
k+−−⇀↽−−
k−

P1,changed (A.1)

Additionally, the dimerisation and nucleation reactions included both P1 and

P1,changed, and elongation used up P1,changed (see Figure 4.2 B). Array locations of

each species (within xp) were adjusted as required, following the same principles

as the above implementation.
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A.2 Fitted parameters for best models

Table A.1 relates the rate constant array positions from the implementation

above with the code of the chemical equilibria in Figure 4.2 (protein-only steps)

or 4.3 (inhibitor steps), the reaction they correspond to and their fitted values

in the best models for the R3-only 1st dataset winning model (9 rates) and the

R3 + D-TLKIVW best model (remaining rates).

Table A.1: Rate constants fitted for the R3-only best model (first dataset) and for the
R3 + D-TLKIVW best model. The reaction codes correspond to the depictions in Figure
4.2 (protein-only steps) and Figure 4.3 (inhibitor steps). Reaction rates have units of
h−1 (unimolecular, such as km[0]) or µM−1 h−1 (bimolecular, such as kp[0]), with the
exception of those of the nucleation steady-state approximation (step h2).

rate (array) Name in Figure 4.2 / 4.3 Meaning Fitted value
kp[0] c Dimerisation (forward) 5.7·10−4

km[0] c Dimerisation (backward) 3.3·10−4

kp[1] h2 Nucleation (forward) 9.0·10−8

km[1] h2 Nucleation (backward) 1.3
kp[4...N/2] a / i’1b / i’3b Monomer elongation (forward) 2.7·10−1

km[4. . . N/2] a / i’1b / i’3b Monomer elongation (backward) 7.3·10−1

kp[N/2+0...N] b Dimer elongation (forward) 20
km[N/2. . . N] b Dimer elongation (backward) 29
kpd[0] i Fragmentation (forward) 1.3·10−1

kpd[8] a’ Inhibitor - monomer binding (forward) 9.7·10−4

kmd[8] a’ Inhibitor - monomer binding (backward) 1.4
kpd[1] b’1 Inhibitor - dimer binding (forward) 2.1·10−3

kmd[1] b’1 Inhibitor - dimer binding (backward) 7.1·10−2

kpd[4] c’1 Inhibitor - nucleus binding (forward) 1.1
kmd[4] c’1 Inhibitor - nucleus binding (backward) 4.3·10−3

kpd[5] d’2 Inhibitor - fibril surface binding (forward) 1.4·10−5

kmd[5] d’2 Inhibitor - fibril surface binding (backward) 3.2·10−5

kpd[2] f’1 Inhibitor - nucleus disruption (forward) 4.2
kdp[6] g’1 Inhibitor - dissociates free dimer (forward) 4.3·10−1

kpd[3] j’4b Inhibitor-bound fibrils elongate by dimer-inhibitor complex (forward) 2.1·10−2

kmd[3] j’4b Inhibitor-bound fibrils elongate by dimer-inhibitor complex (backward) 1.4·10−3

Table A.2 details the rate constant names, meaning and fitted values for the

best model fitted to the R3-only second dataset.
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Table A.2: Rate constants fitted for the R3-only second dataset best model. The
reaction codes correspond to the depictions in Figure 4.2.Reaction rates have units of
h−1 (unimolecular, such as km[0]) or µM−1 h−1 (bimolecular, such as kp[0]), with the
exception of those of the nucleation steady-state approximation (step h2b).

Code in Figure 4.2 Meaning
k Monomer conformational change (forward) 1.5·10−2

k Monomer conformational change (forward) 3.7·10−1

c3 Dimerisation (forward) 2.7·10−1

c3 Dimerisation (backward) 1.9·10−4

h2b Nucleation (forward) 5.1
h2b Nucleation (backward) 6.5·10−1

a3 Changed monomer elongation (forward) 2.6
a3 Changed monomer elongation (backward) 6.4·10−1

b Dimer elongation (forward) 2.2·10−2

b Dimer elongation (backward) 7.2·10−4

i Fragmentation (forward) 7.9·10−2
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