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Preface
The text in your hands is a product of approximately four years worth of work. I would
like to give some reasons for why I wanted to spend that time on this text.
Firstly, there is a bit of a ”game” in making predictions and see how they compare with
experiment. The game is made interesting here by not always being a binary question of
”was prediction close enough to the experimental number”, but one can look at different
aspects, such as predictions of varying systems or varying molecular properties.
Secondly, I have a fascination of the underlying theory of the models used here, the frame-
work of statistical thermodynamics. With a few assumptions, there is a claim of being able
to predict ALL (thermodynamic) properties of any given system. Methods starting off in
this framework thus have the opportunity of being universal, being the ultimate source of
knowledge. Certainly, it is a very pretentious view of things, and probably impossible to
practically achieve (as a joke, I tell people that experimental work will be obsolete in 50
years, unfortunately people don’t laugh at this statement), but it is absolutely fascinating.
Lastly, I like the craft. Using computers, scripting/programming, data analysis, and a bit of
lab work from time to time is enjoyable, which should not be underestimated as a driving
force.
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Popular summary in English

Proteins are more than something to eat to gain muscles, they are necessary for the body to
function at all. For proteins to have a function it was long believed that the protein needed
a well-specified 3D-structure. This view has changed after so-called intrinsically disordered
proteins (IDPs) were confirmed to have important biological functions. Estimates also
show that they are not a fringe-class of proteins, but encompass almost 30  of proteins in
eukaryotic organisms.

Distinguishing IDPs from other proteins is the very fact that they lack a specific 3D-
structure. Instead they exist as ensembles of heterogenous structures. However, this makes
them harder to study experimentally, why computer simulations may contribute to the
understanding of these proteins.

In many studies, proteins are investigated at low protein concentrations. But in biological
contexts, the concentration of macromolecules (such as proteins, fats, carbohydrates, etc)
is high. The high concentration may affect proteins to assume other structures than those
observed at lower concentrations, thus, studies aiming to investigate biological function
should consider this effect.

In this Thesis, a particular protein found in the saliva, Histatin 5, has been studied at high
concentrations using scattering methods and computer simulations. Having high concen-
tration is an impediment for simulations, as it is more computationally demanding. To get
around this problem, so-called coarse-grained models has been utilized, which simplifies
structures by putting several particles in groups, which then is treated as one big particle.

Several coarse-grained models were considered together with experimental data at high
Histatin 5 protein concentration, and while no model was perfect, the best performing
model indicated that concentration effects could be found up to medium-high concentra-
tions. At very high concentration, experiments indicated that Histatin 5 to some extent
lumped together to form aggregates, which simulations did not indicate. An hypothesis
for the experimental behaviour was that Histatin 5 was too small protein for any dramatic
effects to be observed, why a new protein was constructed by putting together two Histatin
5 proteins, attaching the C-terminal of the first Histatin 5 protein with the N-terminal of
the second Histatin 5 protein. The same experiment was repeated, together with the best-
performing model from before, and it was found that for the repeat-protein, the model
was worse performing, even at lower protein concentrations. Some experiments pointed
to properties in the repeat-protein that could not be modelled with the previous model,
why a more powerful but more computationally expensive, non-coarse-grained (atomistic)
model, able to model additional properties, was applied, but it was found that even this
model had difficulty explaining experimental data. This shows the need to develop models
further to work better with this important class of proteins. Experimental behaviour of
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the repeat-protein was as with Histatin 5, with the exception that the concentration where
aggregation would start to be observed was lower than for Histatin 5.

In biological contexts, proteins are not surrounded by copies of themselves, but exist in a
heterogenous environment. One should therefore also study proteins together with other
sorts of molecules, that contribute to a crowded environment. Such a molecule, that are
intended to make an environment crowded at increasing concentration, is aptly called a
crowder. Here, Histatin 5 was studied together, each by themselves, together with four
other molecules, in various size. For three of these, no effect on Histatin 5 was found at
all, while the fourth, largest crowder had, according to experiments where structure was
probed, no effect, while other experiments probing diffusion showed a difference when the
concentration of crowder was fairly large. Simulations were able to confirm the lack of
effect by the crowders concerning structural properties.

How diffusion was affected by high concentrations of Histatin 5 alone was also studied. It
was found that diffusion slowed down, which possibly is explained by Histatin 5 lumping
together at high concentrations. The effect of temperature and salt at high protein con-
centration was also investigated, where the temperature effect was found to be trivial (high
temperature yielding faster diffusion), while increasing salt content decreased the diffusion
rate. Speculatively, the salt effect was explained by Histatin 5 having a slightly different
structure at low salt content, or that salt induces clustering of Histatin 5.

The examination of diffusion as a function of protein concentration also included simu-
lations at the atomistic level. To compare experiments with the simulations, assumptions
was needed. These were primarily chosen based on previous studies of another protein.
With such assumptions, the simulation found too slow diffusion rates as compared with
experiment. Other assumptions, based on approximations about the geometry of Histatin
5 would yield more favourable values compared with experiment, but studies on real pro-
teins should be deemed as more realistic. The trends of diffusion as a function of protein
concentration were similar between experiments and simulation, why the simulation model
should be regarded as semi-quantitative.

Finally, a comparison between three different coarse grained models was performed, where
it was found that the most advanced model did not perform as well as the simpler models
in terms of predicting the overall dimensions of a set of intrinsically disordered proteins,
indicating that simpler models are competitive.
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Populärvetenskaplig sammanfattning på svenska

Proteiner är mer än något man behöver äta för att få stora muskler, de är absolut nödvän-
diga för att kroppen ska fungera överhuvudtaget. För att proteiner skulle ha en funktion
ansågs det länge vara nödvändigt att proteinet hade en väl specifierad 3D-struktur. Denna
syn har ändrats efter att så kallade intrinsikalt oordnade proteiner (”Intrinsically Disordered
Protein”, förkortat IDP på engelska) bekräftats ha viktiga biologiska funktioner. Uppskatt-
ningar visar också att de inte är en liten grupp specialfall av proteiner, utan nästan 30  av
proteinerna i eukaryota organismer är IDP:er.

Det som utmärker IDP:er är just att de saknar en specifik 3D-struktur. Istället existerar
dessa som en ensemble av heterogena strukturer. Det gör dem dock svårare att studera
experimentellt, varför datorsimuleringar kan bidra till att förstå dessa proteiner.

I många studier studerar man proteiner i låga koncentrationer. Men i verkliga biologiska
sammanhang är koncentrationen inte låg utan hög. Den höga koncentrationen kan få pro-
teiner att anta andra strukturer än dem som observeras vid låga koncentrationer, så studier
som syftar till att förstå biologisk funktion hos proteiner bör ta hänsyn till denna effekt.

I den här avhandlingen har speciellt ett protein som finns i saliven, Histatin 5, studerats
vid höga koncentrationer med spridningstekniker och datorsimuleringar. Höga koncent-
rationer är i datorsimuleringar ett hinder, eftersom det är mer beräkningskrävande. För att
komma runt detta har så kallade grovkorniga datormodeller använts, som förenklar struk-
turer genom att sätta flera partiklar i grupper, som sedan behandlas som en stor partikel.

Flera sådana grovkorniga modeller utvärderades tillsammans med experimentella data, och
även om ingen modell var perfekt, visade den bästa modellen att för Histatin 5 finns ing-
en större effekt upp till medelhöga koncentrationer. Vid än högre koncentrationer visade
experiment att Histatin 5 i viss mån började att klumpa ihop sig, vilket modellering inte
visade. En hypotes för det experimentella beteende var att Histatin 5 var ett för litet protein
för att mer dramatiska effekter skulle kunna ske, varför ett nytt protein där man satte ihop
två Histatin 5 proteiner skapades och samma experiment upprepades, med den modell som
i föregående fall presterat bäst.. Här var modellen sämre, även vid låga proteinkoncentra-
tioner, och vissa experiment pekade på egenskaper hos det nya proteinet som inte kunde
modelleras med den förenklade modellen. Därför utfördes simuleringar med en kraftfull,
men beräkningskrävande modell som kan förklara fler egenskaper, men det visade sig att
även denna hade problem med att förklara experimentella data. Detta visar på behovet att
utveckla modeller vidare för att fungera bättre med denna viktiga klass av proteiner. Expe-
rimentellt var beteendet som tidigare, med undantaget att den koncentration där proteinet
började klumpa sig var lägre.

I biologiska sammanhang är inte proteiner omgivna av kopior av sig själva, utan befinner

viii



sig i en heterogen miljö. Man bör därför också studera proteiner tillsammans med andra
sorters molekyler. Här studerades Histatin 5 var för sig ihop med fyra andra molekyler, i
varierande storlekar. För tre av dessa fanns ingen effekt på Histatin 5 alls, medan den fjärde,
största molekylen enligt ett experiment där struktur undersöks inte gav någon observer-
bar effekt, medan ett annat experiment där diffusion undersöks påvisade en skillnad när
koncentrationen av molekylen blev större. Simuleringar kunde bekräfta bristen på effekt
gällande strukturella egenskaper.

Hur diffusion påverkas av höga koncentrationer av Histatin 5 ensamt studerades också.
Hög koncentration visades sakta ner diffusionstakten, vilket eventuellt kan förklaras att
Histatin 5 klumpar ihop sig vid högre koncentrationer. Effekten av salt och temperatur
vid höga koncentrationer undersöktes också, där temperatur visade sig påverka Histatin
5 trivialt (hög temperatur gav snabbare diffusion), medan salt minskade diffusionstakten,
vilket spekulativt förklaras med att Histatin 5 har en något annorlunda struktur vid lägre
salthalter eller att höga saltkoncentrationer får Histatin 5 att klumpa ihop sig.

För undersökningen av diffusion som funktion av koncentration användes simuleringar
med hög detaljnivå. För att jämföra simuleringarna med experimenten behövdes dock någ-
ra antaganden, vilka valdes utifrån tidigare studier av ett annat protein. Med det valda
antagandet gav simulering en för långsam diffusion jämfört med experiment. Andra anta-
ganden, som baserar sig på approximationer om geometrin hos Histatin 5 ger mer jämför-
bara värden med experiment, men det bör anses att studier på verkliga proteiner ger mer
realistiska antaganden. Trender inom diffusion var däremot likartade gentemot experiment,
varför simuleringsmodellen bör anses semi-kvantitativ.

Till sist testades flera grovkorniga modeller, där det visade sig att den mest avancerade
modellen var den som presterade sämst, vilket visar på att enklare modeller är konkurrens-
kraftiga.
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Chapter 1

Biological background

“Biology is just applied chemistry ”
- Randall Munroe

Although one can consider both natural occuring and artificial proteins, this work mainly
concerns proteins that are naturally occuring and have biological functions, or derivatives
thereof. A general introduction to proteins is given, along with the class of proteins this
Thesis concerns, providing the biological context these proteins operate in.

1 Proteins

Proteins are polymers, with the monomers consisting of amino acids. An amino acid in
general has the structure found in Figure 1.1, with the group R differentiating between
different amino acids.

In nature, there are mainly twenty different amino acids, which are covalently joined to-
gether in a linear fashion to form a protein. If there are only few amino acids joined to-
gether, then the sequence is called a peptide. The description of the sequence of amino
acids in a protein is called the primary structure. The chain of amino acids can adopt mul-
tiple configurations, where distinct 3D-structures along a part of the chain are referred to as
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Figure 1.1: Left: The general structure of an amino acid. Right: Amino acids combining to form a (di-) peptide.

the secondary structure. A number of categories of secondary structure are used. The exact
categorisation may vary, but the main ones are based on the hydrogen bonding pattern,
which yields either helix, beta-sheet or coil structure. Another categorisation that has the
advantage of being continous, rather than defining categories which some structures may
not be easily categorised into, is the dihedral angles. The dihedral angles for an amino acid
in a chain are three, visualized in Figure 1.2:

• ω angle, defined by the Cα atom of the previous amino acid, the carbonyl carbon of
the previous amino acid, the nitrogen atom of the present amino acid, and the Cα

atom of the present amino acid

• ϕ angle, defined by the carbonyl carbon of the previous amino acid, the nitrogen
atom of the present amino acid, the Cα atom of the present amino acid and carbonyl
carbon of the present amino acid

• ψ angle, defined by the nitrogen atom of the present amino acid, the Cα atom of the
present amino acid, the carbonyl carbon of the present amino acid and the nitrogen
atom of the next amino acid in the chain.

The secondary structures formed may contribute to the formation of an overall 3D-structure
of the whole protein, called the tertiary structure. Even further, different proteins with dif-
ferent structures may come together to form more complex structures, called the quartenary
structure.

An important feature of proteins is that the sequence of amino acids influences the forma-
tion of the secondary and tertiary structure. This feature has motivated the field of bioin-
formatics to attempt the prediction of structurual features using statistical analysis of the
amino acid composition of proteins.

2 Intrinsically Disordered Proteins

A particular grouping of proteins that emerged in the early 2000s was the intrinsically dis-
ordered proteins (IDPs), which also has, historically, been denoted ”natively unfolded” or
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Figure 1.2: The dihedral angles ω, ϕ, and ψ in a protein chain. Taken from Wikipedia (https://en.wikipedia.org/wiki/
File:Protein_backbone_PhiPsiOmega_drawing.svg), usage allowed under the Creative Commons Attribution
3.0 Unported licence

intrinsically unstructured. [1] The main feature of IDPs is that they do not form a distinct,
singular tertiary structure. Instead, they exist as ensembles of heterogenous structures. His-
torically, a dogma has been that for a protein to function, a distinct structure is necessary.
[2] This dogma does not apply to IDPs, a wide range of biological functions have been
elucidated, despite their lack of distinct structure. Examples of these functions include
transcription activation, misfolding recognition, and stress response. They have also been
implicated to have roles in diseases such as Parkinson’s and cancer. [3–6] However, a func-
tionality that IDPs so far seem to be lacking is catalytic activity, they are not enzymes.[7]

IDPs are not a fringe-class of proteins. Estimates show that 25-30  of all eukaryotic pro-
teins are IDPs, while more than 50  have regions in their sequence that are disordered. [8]
It has also been shown that eukaryotic species on average has more disorder in their pro-
teomes than prokaryotic organisms, though there is overlap between the groups. Likewise,
organisms that change habitats have more disordered proteins than organisms that do not,
like endosymbionts. [9] Bioinformatical analysis of IDPs show some amino acids to be
more common in IDPs than in other proteins. Generally, charged or hydrophilic amino
acids tend to be overrepresented in IDPs compared to the content globular proteins. More
rigourous statistical analysis has shown that the top 5 amino acids for promoting disorder
are proline, glutamic acid, serine, lysine and glutamine, all of which are either polar or
charged (except for proline, which may be regarded as a special case) while the top 5 order
promoting amino acids are tryptophan, phenylalanine, tyrosine, isoleucine and methion-
ine, all regarded to be hydrophobic. [10]

Recognizing that charge is important in IDP sequences, one way to categorize proteins
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suggested by Das and Pappu [11] is to consider the fraction of positive residues (f+) and the
fraction of negative residues (f−). These measures define the fraction of charged residues
(FCR = f+ + f−), and the net charge per residue (NCPR = |f+ - f−|), for which thresholds
are defined to delineate different proteins into groups. This is plotted in Figure 1.3, with
the position of the protein Histatin 5 shown.

Figure 1.3: The categorization of proteins according to Das and Pappu [11], where FCR and NCPR predicts what kind of structure
a protein will have, as seen in the legend. The classification of the protein Histatin 5 shown in the plot. Plot produced
through the tool ”CIDER”. [12]

Three principle categories are found by this method: globules and tadpoles (low FCR and
low NCPR), hairpins, coils and chimeras (high FCR and low NCPR) and swollen coils
(high FCR and high NCPR). A fourth class, sharing features of both the first and second
categories (light-green and dark green in Figure 1.3) is also considered, where the exact
nature of the protein may be context dependent.

One important consequence of disorder in proteins is that they, because of their lack of dis-
tinct structure, cannot be probed using techniques like X-ray crystallography or cryogenic
electron microscopy. Other techniques that can be used to study IDPs only provide average
properties of IDPs. In recent years, great success has been achieved in prediction of pro-
tein structures, using the AlphaFold model. [13] However, IDPs still elude this impressive
model. [14–16]

For the simpler problem of determining whether a sequence or region is disordered or
not, there are several predictors available. [17–19] Using the metric of the area under the
receiving operating characteristic curve, these may achieve a performance above 90 , while
accuracy, defined as the mean of specificity and sensitivity, is lower, around 80 . [20]
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3 Saliva

Saliva is 99  water, the rest being salts, proteins and nitrogenous compounds. [21] Despite
the deceptively small amount of non-water compounds, saliva has five major functions: (1)
lubrication and protection, (2) acting as a buffer, (3) help maintain tooth integrity, (4) help
with taste and digestion, and (5) antibacterial activity. For the lubrication function, which
combats irritants, help with speech and swallowing, a group of proteins called mucins are
the prime components. For the buffering activity (saliva has a pH between 6 and 7 at
normal conditions), bicarbonate is the main actor, while phosphate, urea and amphoteric
proteins and enzymes contribute. The buffering action also helps with tooth integrity, as
development of caries has a critical pH range of 5 - 5.5. But tooth integrity is also main-
tained through the stabilization of calcium and phosphate salts, which may remineralize
the enamel, by for example the protein statherin. Digestion is helped by the presence of
amylase, which breaks down starch, and other enzymes initiate the breakdown of fat. The
function most related to this Thesis is the antibactierial activity. Saliva contains molecules
part of the immunesystem, such as antibodies IgA, IgG and IgM, but also the families
of smaller proteins of cysteins, histatins, and proline-rich proteins. These may, for ex-
ample, help aggregate bacteria, making it harder for bacteria to colonize, or inhibit specific
enzymes (such as cystein-proteinase) that are important for development of disease. The
histatin family is in particular also known for having antifungal properties. [22]

4 Histatin 5

The main protein of study in this Thesis is Histatin 5 (Hst5 for short), along with a derivative
of Hst5. It is a member of the histatins, has a net charge of +5 and is 24 amino acids long,
with a sequence as shown in Figure 1.4.

DSHAKRHHGYKRKFHEKHHSHRGY
Figure 1.4: One-letter sequence code of Hst5. Positively charged residues in red, negatively charged residues in blue and neutral

residues in black.

Hst5 has been found by small angle X-ray scattering to be an IDP [23], but before the
concept of IDPs was established, it was known from nuclear magnetic resonance and cir-
cular dichroism studies to lack distinct structure. [24, 25] However, it is known to form
an α-helix in dimethylsulfoxide [25] and in aqueous trifluoroethanol solutions. [26] In the
saliva, it is fungicidal, being particularly potent towards Candida albicans [27, 28] and can
also bind tannins. [29, 30] Others have also investigated derivatives of Hst5, finding some
of these to self-assemble and to be more potent in terms of antimicrobial properties. [31]
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5 Crowding

The macromolecular concentration in cells is high, around 300 - 400 mg/mL. [32] Thus, the
in vivo cellular environment is a crowded one, which may have impact on protein structure.
However, most research investigates proteins under dilute conditions, hence a discrepancy
between research data and the biological situation may arise.

One simple effect of crowding is that the available volume for a singular protein molecule
becomes smaller. The effect can be rationalized by considering Le Chatelier’s principle, that
a system should counteract any change to the system, in this case countering the dimin-
ishing volume by minimizing the volume occupied by the protein studied. This behaviour
has been found for some IDPs, with decreasing size upon crowding. [33, 34] Though, even
when considering systems where this excluded volume-effect is the main consequence of
crowding, the effect on protein structure is non-monotonic. [35] The situation may be-
come even more complicated by protein-protein interactions, which are considered to be
negligible in dilute systems.

Some general classes of IDPs, based on the effect of crowding, has been suggested: Fold-
able, non-foldable and un-foldable. [36] The foldable IDPs assume an ordered (or par-
tially ordered) structure when present in a crowded millieu. [34, 37] Historically, when the
concept of intrinsic disorder in proteins was still debated, a hypothesis was that all IDPs be-
longed to this class, which would render the concept irrelevant, as the disordered structure
would not be present in biological settings. Non-foldable IDPs on the other hand do not
exhibit any significant effect of crowding. [38–41] The last class, un-foldable IDPs, behave
counter-intuitive to the excluded-effect and expand upon crowding.

These classes are not without exception, and should not be taken as absolute. An example
where these classes may not be relevant is when crowding causes different sub-populations
of the same protein in a solution to behave differently, where one subpopulation exhibits
compaction while another subpopulation exhibits expansion. [42]

Crowding can also cause a process called liquid-liquid phase separation (LLPS). By ana-
logy, it is similar to oil in water: one can dissolve small amounts of oil in water, but if
larger amounts of oil is added, it will not dissolve but instead create another phase in the
solution. This has been shown to also apply for IDPs, which at high protein concentration
may create droplets in the solution. In vivo, such droplets have been designated membrane-
less organelles (MLO), providing compartmentalisation for biological functions, without
the use of membranes. [43] However, a protein being an IDP is not a guarantee for LLPS,
but there has been found some requirements on the IDP for LLPS, such as the IDP being
trivalent. [44] Some researchers have found LLPS to be electrostatically driven, [45, 46]
while others have found aromatic amino acid residues to be of particular importance for
LLPS [47] and yet others find that both of these factors are important. [48] There have
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been several algorithms developed for prediction of LLPS, [49] though prion-like domain
predictive models have also been considered for LLPS. [50] These are considered to be
”first-generation” predictors - while having predictive capability, there is still room for im-
provement.

Crowding may also have an impact on diffusive properties. In this context, a study com-
paring the diffusion rates of an IDP (α-synuclein) and a globular protein (chymotrypsin
inhibitor 2) found that in dilute conditions, the smaller globular protein had a faster dif-
fusion, while for several different crowding conditions (using both synthetic polymers and
other globular proteins as crowders), the IDP had faster diffusion rate. [51] An exception
to this behaviour was found when using glycerol as a crowder, where the globular protein
had faster diffusion, showing that the identity of the crowder matters. Another study used
a more realistic crowding environment by performing experiments inside cells. [52] Also
this study found an IDP to diffuse faster in crowded environments than a globular protein
of similar dimensions.

Crowding is not just a concern in terms of how proteins behave in vivo. A medical applica-
tion is the formulation of protein therapeutics, where a high protein concentration is used
to achieve correct dosage when administration is done via the subcutaneous route, which is
more appealing as it, for example, can be used at home. [53, 54] High protein concentration
may also be pursued to decrease the frequency at which the therapeutic needs to be injec-
ted. [55] The challenges that appear in this context is limited solubility of the protein, the
possibility of protein aggregation and increased viscosity which may have negative impact
on large-scale manufacturing processes, the deliverability of the protein and the shelf-life
of the therapeutic.
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Chapter 2

Theory

Theories provide frameworks for interpretation of the world, rationalizing methods and
sometimes predictions of future results. Here, the underlying rationalization for molecular
simulation, a description of forces at the molecular level, and a description of polymer
behaviour is presented.

1 Statistical thermodynamics

Thermodynamic properties can be observed or measured with the naked eye - a so called
macroscopic scale. Observations on this scale are the averages of many particles, on the
order of, for example, 1020. Statistical thermodynamics is used to connect these averages
with properties of molecules.

A full description of the foundations of statistical thermodynamics can be found in, for
example, the book ”An Introduction to Statistical Thermodynamics” by Hill [56]. Here, a
brief overview of the theory is presented.

The concept of ensembles is a pillar in statistical thermodynamics. An ensemble is a mental
collection of many systems. Each system considered to have the same general thermo-
dynamical properties, but can vary on the microscopical level, as many different states
may yield the same thermodynamic state. Depending on what the set thermodynamical
variables are, the type of the ensemble is determined. Most relevant in this Thesis is the
ensemble where the number of particles N, the volume V, and the temperature T are set
constant. This ensemble is referred to as the canonical ensemble, or short-hand written as
the NVT-ensemble. Having both N and V constant would be considered a closed sys-
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tem. Other common ensembles are the microcanonical ensemble, where the energy E is set
constant instead of the temperature, and the grand canonical ensemble, where the chemical
potential µ is constant, along with volume and temperature.

A postulate concerning these ensembles states that

the (long) time average of a mechanical variable M in the thermodynamic
system of interest is equal to the ensemble average of M, in the limit of the size of the
ensemble approaching infinity, provided that the systems of the ensemble replicate
the thermodynamic state and environment of the actual system of interest.

Thus, instead of measuring the time-averaged result of a singular system, we can instead
take an average over a large number systems in any given moment.

The systems in the ensemble can be found to be in many different states, or configurations.
Enumerating each state, one can count in how many systems a state is found, forming a
distribution. Combinatorically, for a given distribution of n1 states being in state 1, n2
states being in state 2, etc., the number of states, denoted Ω, is

Ω =
(n1 + n2 + n3 + ...)!

n1!n2n3!...
(2.1)

This applies for a given distribution.

To compute the average of a (mechanical) variable, a summation over all the states need to
be done, summing the probability for a specific state and the value of the variable in that
state. Taking pressure (denoted p) as example, we get

< p >=
∑
j

pjPj (2.2)

The probability of a state, the number of systems in the state of interest divided by the total
number of systems, can be determined if the distribution is known. It can be reasoned that
the most probable distribution will dominate, and the most probable distribution is the
one that has the largest number of states Ω. The task becomes one of maximisation of Ω.

The logarithm of Eq. 2.1, which is more convenient, can be approximated with Stirling’s
approximation. Then, the maximum of Ω is found by using the method of Lagrange
undetermined multipliers, with the trivial requirements that the energy of each state mul-
tiplied by the number of such states summed yields the total energy and that summing all
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systems in states 1, 2, 3 ... yields the total number of systems. Then, the probability is found
to be

Pj =
e−βEj∑
i e

−βEj
(2.3)

where β = 1/(kB · T) with kB being the Boltzmann constant, Ej the energy of state j and
the factor e−βEj is called the Boltzmann factor. A consequence of this expression is that it
is lower probability to find states with high energy than systems with low energy.

It can further be shown that the denominator in Eq. 2.3, which is the definition of the
partition function Q, can be related to all thermodynamic properties of interest, via the
Helmholtz free energy A:

A = −kBTln(Q) (2.4)

The treatment so far is general, applying to both quantum-systems and classical systems.
However, for classical systems, an approximation is usually made where the discrete states
are considered to be similar enough so they can be considered continous. Then, the sum
in the expression of Q can be changed to an integral, though with a correcting pre-factor:

Qclassical =
1

N!h3N

∫
S
e−βE(s) (2.5)

where h is the Planck constant, S is the phase space and s a point in phase space. Unfortu-
nately, this cannot be computed analytically, but numerical methods are necessary.

2 Intermolecular forces

2.1 Electrostatics

Electrostatics concerns the forces that charged particles have upon each other. The central
equation, Coulomb’s law, calculates the force between two charges:

F =
q1q2

4πϵ0ϵrr2
(2.6)

where q1,q2 are the charges, ϵ0 is the vacuum permittivity (a constant set to 8.854·10−12Fm−1),
r is the distance between the charges and ϵr is the relative permittivity. The relative per-
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mittivity introduces any medium between the charges implicitly, and will thus depend on
what the medium is. Polar solvents will yield larger relative permittivity, screening the in-
teraction between the charges. Coulomb’s law can also be expressed in terms of energy, by
integrating over two distances - the energy required to move the charges at a distance r1 to
a distance r2. A reference state can be set by setting the initial distance r1 to infinity, why
the interaction energy between two charged particles in a medium becomes

E =
q1q2

4πϵ0ϵrr
(2.7)

The interaction energy can be seen as a charge, moving from an infinite distance, up against
an electrostatic potential generated by the second charge. The electrostatic potential can be
obtained by removing either q1 or q2 in the right-handside of Equation 2.7.

Additional screening can be provided by salt ions in a solution. These can also be treated
implicitly, through the Debye-Hückel equation:

V(r) = ψ0e−κr =
q

4πϵ0ϵrr
e−κr (2.8)

where V is the potential, ψ is the potential generated by the charge, which is identified as
the expression for electrostatic potential from Coulomb’s law, r is the distance and κ is the
inverse Debye screening length. The screening length determines the decrease in interaction
between any charges, and is given by

κ =

√
2Ie2

ϵ0ϵrRT
(2.9)

where e is the elementary charge, T is the temperature and R is the gas constant. I is the
molar ionic strength of the solution, given by

I =
∑
i

(c+z2
+ + c−z2

−)/2 (2.10)

where c is the cationic(+) or anionic(-) concentration and z is the valency for all the salts i
in the solution. The Debye-Hückel equation is valid for small potentials and for salts that
fully dissociate in solution. Ions are also assumed to be point-charges.
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2.2 Dipoles

Atoms and molecules may have a neutral net charge, but they still consist of positive nuclei
and negative electrons. The electrons distribute according to the laws of quantum mechan-
ics, but may not distribute evenly. This gives rise to partial charges in molecules, which can
be described as multipoles. The simplest non-evenly distributed multipole is the dipole,
where two partial charges (of different sign, but same magnitude) can be formed from the
distribution of electrons. The formula describing a dipole is

µ⃗ = ql (2.11)

where q is the magnitude of the charges and l is the distance between the charges. As
indicated in Eq. 2.11, dipoles are described as vectors, i.e. they are directional.

Dipoles can be permanent or induced. A permanent dipole exists due to the difference in
ability to attract electrons (electronegativity) between two neighbouring atoms in a mo-
lecule. A permanent dipole also requires the molecule to be asymmetric, otherwise other
atoms may cancel out the effect.

An induced dipole on the other hand is created from the influence of an external electrical
field, which is supplied by, for example, a nearby charge or permanent dipole.

2.3 van der Waals forces

van der Waals forces is an umbrella term for interactions that have distance dependence of
r−6. They are all dipole-interactions, but differ in the kind of dipoles that interact. These
interactions are called Keesom interaction, Debye interaction, and London-dispersion inter-
actions. The Keesom interaction is the interaction between two permanent dipoles. The
Debye interaction is the interaction between a permanent dipole and an induced dipole,
produced by the permanent dipole. London dispersion interactions are instantaneous di-
poles that induce dipoles, from which there is an interaction. The instantaneous dipole
forms from the instantaneous distributions of electrons in molecules, which may moment-
arily be assymetric. The effect is quantum-mechanical in origin.

Out of the three interactions contributing to van der Waals forces, London dispersion in-
teractions is the only one present in all molecular systems. It should also be noted that this
interaction is not additive; two molecules interacting through London dispersion interac-
tions will be affected by other molecules in their vicinity.
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2.4 Hydrogen Bonds

A hydrogen bond is a special case of a dipole-dipole interaction. A dipole constituted
from a hydrogen atom and either an oxygen, nitrogen, fluorine or a chlorine atom will be
paticularly strong, since the difference of electronnegativity is large. The hydrogen bonded
to the other atom (denoted X), can interact with another atom being oxygen, nitrogen,
fluorine, or chlorine (denoted Y) which creates an interaction about a magnitude stronger
than a van der Waals interaction, though not as strong as a covalent bond. The X-H part
of interaction is referred to as the hydrogen bond donor, while the Y part of the interaction
is referred to as the hydrogen bond acceptor.

2.5 Steric repulsion

Due to quantum mechanical effects, electron clouds of separate atoms may not overlap.
This has the effect that there is a limit of how close two atoms may approach each other.
This is called steric repulsion. Approximatively, once can consider this limit ”strictly”, like
putting two billiard balls next to each other - unless a forced strong enough to break the
balls is used, they will not come closer to each other. This approximation refers atoms as
hard spheres. Alternatively, the repulsion can be modelled with a powerlaw. A common
example of a powerlaw is r−12, as is done in the Lennard-Jones interaction.

2.6 Entropic effect

Entropy refers to the number of configurations a system can achieve, and the relative prob-
ability of these. If two molecules approach each other, some of these configurations will
be restricted. This leads to a reduction in entropy, which, if no other forces compensate
for the loss of entropy (which relates to energy via the temperature), will lead to a repulsive
effect. This should not be confused with the steric repulsion.

3 Polymer theory

The interactions of a singular polymer chain may either be between atoms within the poly-
mer chain (intramolecular interactions) or with solvent atoms, considering a very dilute
solution so that no polymer chain interacts with any other polymer chain. The relative
strength of (all) intramolecular interactions and (all) solvent interactions can be summed
up in a parameter w, which is the difference in interaction energy between all monomer-
monomer particles and all the monomer-solvent particles. To account for the effect of
entropy, w is used to form the parameter χ, defined as
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χ = w/RT (2.12)

where R is the gas constant and T is the temperature. For different values of χ, three regions
are identified:

• χ < 0.5: Compared with thermal fluctuations or solvent interactions, intramolecular
interactions are weak. This is referred to as the polymer being in a good solvent.

• χ > 0.5: Intramolecular interactions are relatively strong. This is referred to as the
polymer being in a bad solvent.

• χ = 0.5: Neither interaction dominates. No interaction would seemingly affect the
polymer chain. This condition is called a theta (θ) condition.

The parameter of χ and the resulting regime of χ will affect the structure of the polymer.
In order to describe this influence, a measure of structure is needed. One such measure is
the radius of gyration, Rg, which, assuming all monomers are the same (homopolymer), is
defined as

Rg =
∑p

i=1 |r⃗i − ⃗rCM|2

Np
(2.13)

where r⃗i is the position of monomer i and ⃗rCM is the center-of-mass position. Np is the
number of monomers in the chain. Another useful metric of a structure is the end-to-end
distance, which is the distance between the first amino acid in the sequence (the N-terminal)
and the last amino acid in the sequence (the C-terminal):

Ree =
√
< |r⃗1 − r⃗p|2 > (2.14)

where the angular brackets denote an average over all conformers considered. Another
measure for structure is the hydrodynamic radius (Rh), which can be defined in terms of
diffusion. Considering a spherical particle, the hydrodynamic radius is the radius of the
sphere that diffuses through a medium according to the Stokes-Einstein equation,

Rh =
kBT

6πηD
(2.15)

where kB is the Boltzmann constant, T is the temperature, η is the viscosity of the medium
and D is the diffusion coefficient. For any geometry not being a sphere, the hydrodynamic
radius is an ”effective radius”, i.e. the radius it would have if it had been a sphere.
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3.1 Scaling laws

At theta conditions, where there are (effectively) no interactions, a model to describe the
overall size of polymers is the random walk, also called freely jointed chain. In a random
walk, from the start position, a random direction is chosen and a distance l is travelled in
that direction. From the new position, a new direction is randomly chosen and the same
distance l is travelled in that direction. This is repeated, up to a specified number of steps.
The distance between the starting position and the end position can then be, on average,
computed as a function of the square root of the number of steps taken and the length
of the step taken. Adapting this model to polymer structures, the step length is identified
as the monomer size and the number of steps the number of monomers. A complication
is found for stiff chain segments, where the step length would be identified as a certain
number of monomers, but this can later be accounted for in a pre-factor. Thus, a polymer
at theta-conditions, following a random-walk model, would have the following scaling law:

Rg = αN0.5
p (2.16)

where α is a prefactor and Np the number of monomers. However, this model allows for
the path taken to cross itself. Molecules have steric repulsions which do not allow this,
therefire a modification of the random walk into the self-avoiding random walk (SARW)
is introduced. The SARW is less compact than the random walk, and is described by the
equation

Rg = αN0.6
p (2.17)

which then is the expected size of a polymer at theta-conditions.

If the polymer is in a bad solvent, the polymer would minimize the surface area with the
solvent, becoming a more compact globule. Such a polymer would instead follow the
scaling law

Rg = αN0.33
p (2.18)

One should consider that all Equations 2.16 - 2.18 applies for polymers with large num-
bers of monomers. Smaller polymers may need corrections. As well, these scaling laws
are approximate for heteropolymers (polymers with different kinds of monomers, such as
proteins), as the size of each monomer may be different - an effective monomer size would
need to be considered.
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For diffusion, a scaling law has been suggested by Augé et al. [57], which does not consider
the number of monomers in the chain, but the mass M and the fractal dimension dF,

log(D) = − 1
dF

log(M) + log(C). (2.19)

whereC is a constant which depends on the molecular ”family” that is considered and needs
to be parameterized. Scaling laws have also been developed for the hydrodynamic radius,
with various factors considered. [58] Only considering the number of residues, for an IDP
a scaling law suggested is Eq. 2.20:

Rh = R0Nν (2.20)

where R0 and ν are constants. A more detailed scaling law taking into account the fraction
of prolines in the sequence (fPRO) and the net charge (q) is

Rh = (1.24 · fPRO + 0.904) · (0.00759 · |q|+ 0.963) · 2.49 · N0.509 (2.21)

as parameterized by Marsh and Forman-Kay. [58]
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Chapter 3

Molecular Simulation

There are several ways to perform a molecular simulation. In this work, two approaches
have mainly been employed: Monte Carlo and Molecular Dynamics.

1 Monte Carlo

The first ever Monte Carlo (MC) molecular simulation was performed 1953 [59] on the
Los Alamos MANIAC computer. The method can be adapted for more than just chemical
simulation; many optimization problems in many different fields may be approached. A
few examples of this is how COVID 19 spread [60], risk assesments for nuclear power-
plants [61], how to choose a portfolio for investing [62], and predict air travel demand.
[63] For molecular simulation, the objective is to sample states (configurations) so that the
probability found in Eq. 2.3 is estimated. Sampling all possible states is computationally
impossible, but the idea in MC is that some states have such low probability that they can
be ignored, so the algorithm aims to only sample states with high probability. As found in
Eq. 2.3, the probability is proportional to the Boltzmann factor. The basic MC algorithm
is described below:
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1. Generate an initial configuration

2. For a number of steps (the duration of the simulation):

(a) Select particle at random, calculate its energy in phase space,
E(s)

(b) Displace the particle randomly, s′ = s+ Δ

(c) Compute the new energy in phase space, E(s′)

• Accept the move if E(s′) < E(s)
• If E(s′) > E(s), generate a random number X ∈ [0, 1]
• If X < e−[E(s′)−E(s)]/kBT, accept the move
• Otherwise, reject the move and return the particle to pre-

vious position in phase space

1.1 Trial moves

The displacement in the MC algorithm can include many types of changes to the config-
uration of the system. In particular, these so called Monte Carlo moves can be unphysical,
which is one of the reasons dynamical properties cannot be estimated using MC. There are
some restrictions in regards how these moves should be constructed; mainly the condition
of detailed balance, which is discussed in detail in Ref. [64]. Briefly, detailed balance is
imposed to fulfil the requirement of moves not changing the distribution once the equi-
librium distribution has been attained. Detailed balance is in this context a stronger than
necessary requirement, being the condition of

P(s)π(s → s′) = P(s′)π(s′ → s) (3.1)

where π(s → s′) is the transition probability of going from state s to state s′. As examples
of moves, consider the following MC moves found in the bead-necklace model used in this
work:

Single particle translation randomly takes a singular particle and moves it a distance (in any
direction) away from its current position.

Pivot rotation is a rotation of a (polymer) chain about an axis, decided upon by random
selection of a bond in the chain.

Chain translation randomly takes a whole (polymer) chain and moves it a distance, while
keeping the chain rigid.
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Slithering move, also called reptation, randomly chooses a chain and takes one of its end-
particles and displaces it. The rest of the chain, while keeping the chain rigid, is moved
along with the displaced end-particle.

Size of a displacement

Some of the above-mentioned moves require a parameter, that determines how dramatic
the change is. This parameter should not be too small nor too large. If it is too small, only
small changes happen, which can both increases simulation time and make the crossing of
energy barriers harder, possibly only sampling local energy minima. A too large parameter
may lead to larger differences in energy, making trial moves less likely to be accepted, in-
creasing simulation time. This is a balance that depends on both the system of study and the
interaction potential chosen. There exists methods where the displacement size is changed
during the simulation to make the simulation more efficient, [65–67], but these are not
considered in this Thesis.

2 Molecular Dynamics

Molecular Dynamics (MD) is, compared with MC, a younger algorithm for chemical sim-
ulation - the first MD simulation was done in 1957. [68] A distinct advantage of the method
over MC is that dynamical properties can be obtained. The method uses Newton’s equa-
tions of motion. After an initial setup of the system in a simulation box (usually including
energy minimization to ascertain initial forces are not too large), velocities are randomly
assigned to the particles, but are shifted so that the velocity center of mass is zero. The
velocities are scaled to fit with the initially set temperature, as velocity of particles and
temperature are connected by the equipartition theorem:

T(t) =
N∑
i=1

miv2
i (t)

kbNf
(3.2)

where T(t) is the temperature as a function of time, mi is the mass of particle i, vi is the
velocity of particle i, kB is the Boltzmann constant and Nf is the number of degrees of free-
dom (for a fized total momentum, this is 3N-3, N being the number of particles). After
this initial setup, the simulation can start. Three general operations are done throughout
the simulation: the calculation of all forces, the integration of Newton’s equations and re-
gistration of variables for computation of any sought-after average properties of the system.
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2.1 Verlet algorithm

In this work, the Leap-frog algorithm [69] has been used for the integration of the Newto-
nian equations. This is a variation of the Verlet algorithm, which is derived by considering
the Taylor expansion of the coordinate of a particle, in regards to time. For particle moving
in one dimension, the next position after a time Δt, while currently occupying coordinate
r(t), is

r(t+ Δt) = r(t) + v(t)Δt+
f(t)
2m

Δt2 +
Δt3

3!
...r + O(Δt4) (3.3)

where v is velocity, f is the force, m the mass and O the order of the error. The equation
also holds for going back in time; i.e. the previous coordinate can be computed by

r(t− Δt) = r(t)− v(t)Δt+
f(t)
2m

Δt2 − Δt3

3!
...r + O(Δt4) (3.4)

Adding these equations together and rearranging, omitting the error, the next coordinates
can be computed by

r(t+ Δt) = 2r(t)− r(t− Δt) +
f(t)
m

Δt2 (3.5)

which is one of the simplest algorithms, but still achieves an error of O(Δt4). In order
to achieve higher precision, one can take into account higher-order terms in the Taylor
expansion. These may however have other drawbacks (see Ref. [69]) and are not considered
in this Thesis.

2.2 Bond constraints

The time step, Δt, need to be set as to not introduce a too high error as shown by the above
discussion, while also considering that smaller time steps translates to higher computational
load, for a given simulation time. Additionaly, the time step should consider the highest
frequency motion in the system, to prevent the simulation becoming unstable. This highest
frequency motion in the system is usually bond vibrations, which commonly has put the
time step to be about 1 fs. [70]

This limitation can be overcome by using a constraint for the bond vibrations. An example
of such a constraint is the LINCS algorithm. [71] In this algorithm, the new positions
of two particles bonded together are first computed as above, but this position is then
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corrected according to a projection to the old direction of the bonds, whereafter the bond
length (and thereby the positions) is adjusted in the new bond direction to retain target
bond length.

2.3 Keeping temperature constant

As different ensembles could be aimed at in a simulation, variables may need to be kept
constant. To keep the temperature constant, which is needed in the canonical (NVT)
ensemble considered in this Thesis, one could scales the velocities in every step to be in
accordance with the equipartition teorem (Eq. 3.2), but with this restrained, there would
not be any fluctuation of temperature and the kinetic energy would be constant, which
would not achieve a true canonical ensemble. There are several algorithms that can be
used, but in this work, the velocity-rescale thermostat [72] is used. The velocities are still
scaled by a constant, but it is done at a specified interval and the scaling constant is arrived
at differently. The scaling constant is found by taking a kinetic energy that is stochastically
chosen from the kinetic energy distribution, as imposed by the canonical ensemble.

3 Interaction potentials

For both MC and MD simulations, an interaction potential, describing the energies of a
system, is needed. In the case of MD, the interaction potential is usually referred to as
a force field, as the force (the derivative of the interaction energy in regards to distance)
on particles is used in the simulation. For exact descriptions of these energies, a quantum
mechanical treatment is necessary, which requires a computational cost only allowing the
study of small systems and limited timescales. Instead, approximations are used to enable
the study of larger system over large timescales.

An important commonly used approximation is pairwise additivity, which means that the
interaction between any two particles can be considered independent of any other particles
and the total interaction on any singular particle is found by summing all interactions with
other particles pairwise. This also reduces the computational complexity to O(N2). A
related approximation is that electrons are considered to be in their ground states, since
the treatment of electron distributions would require a quantum mechanical treatment.
This is a fairly reasonable approximation, as the difference in mass between an electron and
nuclei (say a single proton) is large (9.1·10−31 vs. 1.7·10−27), so an electron can respond
comparatively instantly to a change in nuclei displacement. [73]

An general example of a commonly used force field for proteins (the AMBER force field,
[74] a variation of which is applied in this Thesis) is found in Eq. 3.6:
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Etotal =
∑
bonds

Kr(r− req)2 +
∑
angles

Kθ(θ − θeq)
2+

∑
dihedral

Vn

2
[1 + cos(nϕ− γ)] +

∑
i<j

[
Aij

r12
ij

−
Bij
r6ij

+
qiqj
ϵrij

]
(3.6)

where req, θeq are bonded parameters, Vn, γ are parameters for the dihedral, and qi, qj are
partial charges forming the Coulombic forces, which also require parametrization. The first
two terms in the last sum form the Lennard Jones (LJ) potential, where the first part ( Aij

r12
ij

)

approximates steric repulsion, while the second part (Bijr6ij
) approximates all van der Waals

forces. The LJ potential is useful as the distance dependence of the steric repulsion is the
square of the distance dependence of the van der Waals interaction, which is computation-
ally faster than having non-related distance-dependencies between the two, as they would
need to be computed separately. The LJ potential may also be expressed as

ELJ(r) = 4ϵ
((σ

r
)12 −

(σ
r
)6
)

(3.7)

The parameters can be deduced by fitting to quantum mechanical calculations or by fit-
ting to experimental data. When two particles i and j with different LJ paramters in-
teract with each other, a rule for how the parameters should be combined need to be
used. Two examples of combination rules are the geometric mean, Aij = (AiiAjj)

1/2 and
Bij = (BiiBjj)1/2, and the Lorentz-Bertelot rule [75, 76],

σij =
σii + σjj

2
ϵij = (ϵiiϵjj)

1/2
(3.8)

3.1 Force field development

The improvement of force fields is an active research field, with a fairly long develop-
ment history. Some of the most widely used families of force fields (such as AMBER,
CHARMM, GROMOS, and OPLS-AA) has been developed since the 1980s or 1990s.
[74, 77–79] After the concept of IDPs matured throughout the 2000s, simulations of IDPs
were benchmarked against experimental data. [80–82] These showed in particular that
many force fields yielded too compact structures for IDPs, prompting further development.
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Two methods of improvements have been widely applied: Optimization of dihedral angle
parameters and changing water-protein interactions. [83, 84] Some examples of force fields
improved by changing dihedral angle parameters are ff03*, ff99SB*, OPLS-AA/M, OPLS3,
and CHARMM22*. [85–88] A variation on the dihedral angle optimization scheme should
be noted, the grid-based energy correction map (CMAP). [89] In CMAP, the dihedral angles
are divided into bins and for each bin a conformational free energy is computed,

ΔGi = −RTln
( Ni

Nmax

)
(3.9)

where i is the bin index, Ni is the number of dihedral data in bin i and Nmax is the total
number of dihedral data. These are computed from both the force field to be corrected,
and a reference database. The difference in conformational free energy between these is
then incorporated into the force field, interpolating the energy for values of the dihedral
angles not having the angles of the center of the bin. This correction was first used in
the development of the CHARMM27 force field. Additional iterations of the same force
field, during which was CMAP with NMR data as basis and using CMAP to some part
in a residue specific way (and additional changes) eventually yielded CHARMM36m, a
force field claimed to be ”balanced” considering the simulation of both folded proteins and
IDPs. [90] Another force field using this scheme in a residue-specific manner, while also
only considering IDPs, is CHARMM36IDPSFF. [91]

The second widely used correction, the changing of water-protein interaction parameters,
most often changes the LJ-parameters of the force field. Examples of such force fields are
ff03ws, [82] which circumvents the Lorentz-Bertelot rule to have specifically interactions
between water and protein changed, while keeping parameters themselves unchanged, and
a99SB-disp, [92] which changed the water model parameters to change water-protein in-
teractions (among other changes).

Care need to be taken when choosing a force field. For example, a newer force field is
not necessarily better performing than an older, depending on the observables of interest,
as shown by comparing CHARMM22* with CHARMM36m. [83] Not only need one
to consider what observables that are of interest, but also the system - while some force
fields try to encompass all proteins (such as a99SB-disp and CHARMM36m) but can have
varying performance for different systems, others are more specific towards a certain class
of proteins (such as CHARMM36IDPSFF).

3.2 Water models

Unlike proteins, which is a large class of molecules, which in humans alone encompass any-
where between 20 000 and 6 million members [93] (including different post-translational
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modifications), water is a single compound, with a structure that has been investigated since
the 1930s. [94, 95] Despite this comparable simplicity, there was in 2002 more than 40 dif-
ferent models of water. [96] Among other reasons is to have models that are as simple as
possible, while retaining the properties of interest. Perhaps among the most simple models
possible is the use of an implicit water model, where individual water molecules are not
considered, but all water molecules are treated as a continuum. This yields computational
efficiency, but it is a great simplification. Benefits of implicit solvents are listed by for
example Onufriev and Case. [97]

Considering explicit water models, one of the most widely used family of water models is
the Transferable Intermolecular Potential N-Point model (TIPNP, where N denotes the
number of points the model uses), which are rigid, fixed-charge models. [98] Two im-
portant members of this family is TIP3P and TIP4P. TIP3P have three points in a v-shaped
pattern at an angle of 104.52 ◦, where the end-points represent the H-atoms and the middle
point represent the oxygen atom. Each hydrogen is assigned a charge of +0.417, and the
oxygen a charge of -0.834. Interactions with other molecules is through Coulombic inter-
actions with the charges, and a LJ-interaction for the oxygen atom only. TIP4P on the
other hand introduces a fourth point, located on a bisecting line of the HOH angle, to-
wards the hydrogens. At this point, the oxygen charge is moved, while the LJ-calculation
is still based on the original oxygen position. The properties obtained from these water
models are highly sensitive to parameterization, [99] and many variations exist. As well,
the combination of a particular water model with a particular protein force field impacts
performance. For instance, using the AMBER ff99SB-ILDN force field with a TIP3P water
model has been found to yield too compact structures of Hst5, [80] while instead using a
variation of TIP4P called TIP4P-D [100] yielded results more in line with experimental
data. [101] Atomistic simulations with explicit solvent presented in this Thesis have been
using the TIP4P-D water model and the a99SB-disp water model, as they, in combination
with AMBER ff99SB-ILDN and a99SB-disp protein force field, respectively, have shown
to have fair performance for Hst5.

3.3 The interaction potential in the bead-necklace model

In this work, a bead-necklace model is frequently applied using the MC simulation method.
The interaction potential used is the following:

Utotal = Ubonded + Unon−bonded = Ubonded + Uhs + UDH + Ushort, (3.10)

with the bonded harmonic spring given by:
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Ubonded =
N−1∑
i=1

kbond
2

(ri,i+1 − r0)2, (3.11)

where the sum loops over all the monomers. Here, ri,i+1 denotes the distance between
two connected monomers, r0 is the equilibrium distance set to 4.1 Å, and kbond is the spring
force constant set to 0.4 N/m. A hard-sphere potential is used to mimic the steric repulsion,
defined as

uhsij (rij) =

{
0, rij > Ri + Rj
∞, rij < Ri + Rj

, (3.12)

where Ri, and Rj are the radii of the beads. All beads are here given the same radius of 2 Å.
All pairs of particles i, j (i ̸= j) are considered, with a total hardsphere-interaction summed
to yield Uhs. An extended Debye-Hückel potential is used, according to

UDH =
∑
ij

uDHij =
∑
i<j

ZiZje2exp[−κ(rij − (Ri + Rj))]
4ϵ0ϵr(1 + κRi)(1 + κRj)rij

, (3.13)

where e is the elementary charge, Z is any integer, positive or negative, corresponding to
the number of charges of a given amino acid, κ is the inverse Debye screening length, ϵ0
is the vacuum permittivity, and ϵr is the dielectric constant for water. In this case, Z is
either 1 or -1, depending on the charge of the amino acid; neutral particles (Z=0) are not
treated by the Debye-Hückel potential. Salinity is treated via the inverse Debye screening
length, as defined in the Theory part. To determine the charge of each bead (amino acid),
a method by Kurut et al. [102] was used, where a Monte Carlo simulation is performed
with a titration step, which adds a protonation term to the interaction potential,

βUprotonation =

Np∑
i=1

(pKa,i − pH)ln10 (3.14)

where Np is the number of titratable amino acids in the sequence, and pKa,i is the intrinsic
acid dissociation constant for amino acid i, as found by Nozaki and Tanford. [103] van der
Waals forces are treated with a short-ranged potential:

Ushort = −
∑
i<j

ϵ

r6
, (3.15)
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where ϵ sets the strength of the interactions due to polarisability. Here ϵwas set to 0.6·104kJ
Å6/mol to achieve an attractive potential of 0.6 kT at closest contact. For short range
interactions, all beads are treated identically.

4 Simulation technicalities common to both MC and MD

4.1 Simulation box

In the simulation, a box defining the boundaries of the simulation volume is used. To
assure that particles are simulated as in bulk, what happens when particles approach the
boundaries need to be considered, otherwise the system at the edge may exhibit effects
not present in the middle of the box. This is particularly important if the box is small
with a small number of particles, which then would have a large fraction of particles at the
edges. To avoid such behaviour, a common algorithm used is periodic boundary conditions
(PBC). This imagines the simulation box to be one cell surrounded by other, perfectly
identical cells. Particles in the cell would interact with particles in neighbouring cells -
including themselves, as every cell is an identical copy of the cell of interest. To avoid
particles interaction with themselves, a cut-off for the interactions is used. Practically, when
a particle diffuse/translates across a box boundary, it is put on the other side of the box when
using PBC.

Despite the use of tricks to assure bulk properties are achieved in the simulation, there
are properties that are dependent on the box size. For example, the longest wavelength of
fluctuations will be the size of a box side length. Therefore, one has to consider if the box is
adequately large to be able to consider the properties of interest, while keeping in mind that
a larger box requires a greater number of particles to simulate, if a particle concentration
should remain at a specific value.

4.2 Interaction truncation

van der Waals interactions and steric repulsions are usually treated with potentials where
the interaction decreases fairly quickly with distance, so that the contribution to the en-
ergy is small at large distances. A cut-off can then be used, where only the interaction of
particles within a specified distance (the cut-off) are considered. Interactions with far-away
particles are either ignored or dealt with through a correction, which would not treat the
remaining particles explicitly. The procedure of using cut-offs also decreases the number
of computations needed, decreasing computer power needed.

However, in the case of electrostatic interactions, the interaction does not decrease as
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quickly with distance, so long-range interactions contribute significantly to the overall in-
teraction energy, so cut-off need to be as large as possible (half the box-side length, to avoid
previously stated problems with PBC). As an alternative, the algorithm of Particle Mesh
Ewald (PME) [104] can be used (there are other algorithms achieving the same effect, but
PME is one of the most popular). PME is a faster variation of the Ewald method [105],
which divides the calculation into two parts: Short range interactions are computed in real
space, while long-range interactions are computed via a Fourier transform.

Neighbor list

If a potential with a cut-off is used, it is possible to save computer power if the system is large
(the simulation box need to be larger than the cut-off distance). This can be achieved with
either the Verlet-list method [106] or the cell-list method. [107] The Verlet list is a list of the
particles which will actually be interacting with a particle i, due to the cut-off distances being
exceeded for other particles. Even if truncation is used, the distance bewteen any particle
and all others need to be computed, amounting to N(N-1)/2 pair distance computations.
In the Verlet list scheme, a list of particles within a distance rv, larger than the cut-off
distance rc, is created. If, in the next step, no particle has a displacement greater than rv
- rc, then only the particles in the Verlet list need to be considered, skipping all particles
not in the list. If a particle has a displacement larger than rv - rc, then the Verlet list need
to be updated, but this is not needed for every interaction calculation, thus decreasing the
number of computations needed.

In the cell-list method, the whole simulation box is divided into cells, each with a side-size
equal to or slightly larger than the cut-off distance rc. For each particle, the pair distance
computation now only need to be considered for particles in the cell it is currently in, and
the neighboring cells. In particular, the updating of the cell-list scales with N.

Which method is more efficient to use depends on the system, in particular the system size.
A discussion on the efficiency of either method (and the combination of both methods)
can be found in the book by Frenkel and Smit. [64]

4.3 Convergence

In both MC and MD, the aim is to sample states (configurations) so that correct probability
for different states are achieved, from which one can compute average properties of a system.
An important question that arises in this context is how long does a simulation need to run
in order to obtain correct probabilities. A simulation is said to have reached convergnce if
correct probabilities have been estimated. The problem of convergence is also known as the
sampling problem. For an infinitely long simulation, the value of any property should reach
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a constant value. Since computer resources are not infinite, one instead have to rephrase
this requirement so that the simulation has converged if a variable is seemingly at a constant
value. Strictly, convergence is impossible to prove, but can be argued for any property by
plotting the property against simulation time, where one can visually inspect the behaviour
and make a judgement regarding whether a constant value has, within a specified error,
been achieved.

A problem in regard to convergence is that a simulation may only sample a subpopulation of
configurations, as there can be an energy barrier between subpopulations of configurations
that need to be crossed for proper sampling. This is referred to as the simulation being
trapped in a local energy minima. There are special techniques to overcome this problem,
such as metadynamics or simulated annealing, which are not considered in this Thesis.
There are several statistical methods to help judge the convergence of a simulation (or rather,
a single observable in a simulation), but each also have weaknesses. [108] Two common
procedures should be mentioned: correlation-time analysis and block averaging.

Correlation-time analysis

The (auto) correlation-time is described as the time that it takes for a process to ”forget”
which values it had earlier, more strictly how fast correlation between datapoints different
in time is lost. The correlation-time is computed from the autocorrelation function c(t′),
which for a function f(t) is

c(t′) =
(1/N)

∑N−(t′/Δt)[f(t)− ⟨f⟩][f(t+ t′)− ⟨f⟩]
σ2 (3.16)

where N is the number of datapoints, Δt is the time step of the simulation, ⟨f⟩ is the mean
of the function f and σ2 is the averaged squared deviation from the mean. Note that a more
compact version of this formula is found in the section about dynamic light scattering. The
correlation-time is computed via

τ =

∫ ∞

0
dt′c(t′) (3.17)

The correlation-time can be used to find the number of statistically independent data points
in the simulation. It has been argued that one should have at least 20 such independent
data points to have a reliable estimate of the property investigated. [108] Weaknesses of this
procedure are not accounting for the full statistical information in the trajectory (only using
N−(t′/Δt) frames) and being less reliable when processes on a slower timescale comes into
play in the simulation.
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Block averaging

In block averaging, the trajectory is split into M pieces, each n long. The average value
of the function of interest for each M is computed, out of which a standard deviation is
computed, σn, and the block standard error (BSE) is computed

BSE(n) =
σn√
M

(3.18)

This function is plotted for various lengths of n, which when blocks are long enough to be
independent of each other should yield a plateau in BSE, giving the ”true standard error”
of the function at hand.

Other notes on convergence

IDPs are known to be flexible proteins, why fluctuations on structural properties should
be expected, giving large standard deviations. A timesseries of a (structural) property may
not therefore show a singular value to be attained over time, as one could expect from a
globular protein, but one should look at the major trends.

Ideally, a simulation is run for a long period of time, so that correct sampling is achieved
irregardless of starting position. In practice, this may not always be true, due to afore-
mentioned reasons. One should therefore start several simulations of the same system with
slightly different starting positions (these different simulations of the same system is de-
noted ”replicates”). In this Thesis, this is not strictly done - the same starting configuration
is used, but the starting velocities are different, why the different replicates will, at least
initially, evolve into slightly different structures. Comparing different replicates can also
be a way to judge whether the simulation has reached convergence.

Despite the above tools available for deciding whether a simulation has been run for long
enough, there is no ”one-size fits all”, simple visual inspection may sometimes be sufficient
to determine if a simulation observable is systematically changing and one should con-
sider what is ”good enough”, why communicating how analysis was performed and how
interpretations are made is of high importance. [109]

4.4 Principal components analysis

Principal components analysis (PCA) is a general method for data analysis. It can be used
to get an overview of a very large data set and find patterns in the data. A simulation
trajectory can indeed contain large amounts of data: 3N - 6 data points for each snapshot
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in a system with N particles (simulations with N being on the order 105-106 is today not
uncommon, in this Thesis, a system with N ≈ 600 000 will be presented). PCA takes a
data set, here represented by a matrix denoted X, consisting of a number of observations
or measurements (corresponding to the number of rows of the matrix X) and a number of
variables or features (corresponding to the columns of the matrix X), and transforms the
data set into two matrices X = T.P, where T (called the scores, describes the observations)
has the same number of rows as the number of observations and A columns, while P (called
the loadings, describes the variables) has A rows and the same number of columns as the
number of variables. A is the number of principal components (PCs). The beauty of this
transformation is that one can use fewer PCs than the original number of variables, as
the PCs are constructed in such a way that each successive PC describes as much variance
or information content as possible. This is measured by the eigenvalue of each PC, which
divided by the sum of squares of the data matrix X yields the proportion of variation covered
by the PC. The reduction in the number of variables (or dimensions) can be large - in this
Thesis, a PCA of a data set consisting of 48 spectra (being the observations), each having
more than 1000 q-values (being the variables/features in this case) could be reduced to two
PCs, easily shown in a 2D-plot, while retaining 99.5  of the variance of the data set. This
allows an overview of how different observations relate to each other. The PCs themselves
are abstract mathematical entities, being linear combinations of the original variables and
are orthogonal to each other.

Energy surface

The PCA of a trajectory can show how different structures in a simulation relate to each
other, however, with some additional processing, one can also find which classes of struc-
tures that may be more important and identify barriers between different conformational
classes. This is achieved by, for each structure, computing a conditional free energy,

E(r) = −RTln
P(r)
Pmax

(3.19)

where E(r) is the conditional free energy of structure with coordinates r, R is the gas con-
stant, T is the temperature, P(r) is the probability density function and Pmax is the max-
imum value of the probabiliy density function. Assigning the conditional free energy to
the structures in the PCA plot as a heat-map yields a so-called energy surface, or energy
landscape. In this Thesis, the method of Campos and Baptista [110] was used to compute
the energy surface. The PCA is performed not on the whole set of coordinates, but on the
protein backbone atom coordinates, after translational and rotational least-squares fitting
to a central structures. This central structure (which should not be confused with some
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kind of ”equilibrium structure” often found for globular proteins) is found by computing
a dispersion measure Di, defined for structure i as

D2
i =

1
n− 1

n∑
j=1

rmsd2
ij (3.20)

where n is the number of structures considered and rmsd is the root-mean squared distance
between the backbone atoms of structures i and j. The structure with lowest dispersion
measure, i.e. the one structure most similar to other structures, is chosen as the central
structure. The probability density function is estimated using a Gaussian kernel estimator.
A possible pitfall when using this method to analyze a simulation is whether the two first
PCs cover only a part of all the variation of the data set. The identified conformational
classes from the two first PC may not then be representative of the whole data set.

4.5 Ramachandran plot

There are other ways to visualize and compare structural ensembles with each other. One is
the Ramachandran plot, [111] which is based on the dihedral anglesϕ,ψ plotted against each
other. It has been shown that certain regions of dihedral angle values corresponded to sec-
ondary structure values, as well as some regions being ”forbidden”, due to steric hindrance.
One definition of how dihedral angles and secondary structure categories connect can be
found in Hollingsworth and Karplus [112], which put α-helices to be found near the point
ϕ, ψ = (-63, -43), with most variations found within ± 15◦ of this peak, the 310 helix in the
point ϕ, ψ = (-60, -25), the β-strand in the point ϕ, ψ = (-120, +130) while spanning a range
of 80◦ in both angles, and the poly-proline II structure centered in ϕ, ψ = (-65, +145) with
a range of 50◦ in both angles. It should however be stressed that categories of secondary
structure and their position in the Ramachandran plot may vary in the literature.

4.6 Brief note on comparative performance between MC and MD

There are some studies that have compared using the MC methodology with the MD meth-
odology, as to discuss which scheme is the best choice. A study of liquid hexane found MC
to be superior, with MC being 2-3 more efficient than MD. [113] Another study, where
a protein was simulated, found MD to have 1.5 larger sampling efficiency. [114] For gen-
eral arguments, it is claimed that MD better accounts for collective motions, as found
in longer chains, while MC can more easily transition across large energy barriers. Thus,
which method is better can be considered system dependent. However, it might be more
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important to consider the implementation of each method, as noted by Jorgensen and
Tirado-Rives [113] when considering an older comparison between MC and MD. [115]

5 Coarse-graining

As stated earlier, the computational complexity is, without special techniques, O(N2). Mo-
lecular systems can be quite large, why some systems may be out of computational range. A
technique to still be able to model such systems is the use of coarse-graining. Here, several
atoms are considered to be part of one larger pseudo-atom, or bead. Interactions of the
individual atoms are disregarded, and an effective interaction of all atoms constituting the
pseudo-atom is used instead. This reduces the number of particles in the simulation, at the
cost of molecular detail. An example of coarse-graining is shown in Fig. 3.1.

The method of coarse-graining has been around since the 1970s, with a prominent example
being a coarse-grained model published in 1975 by Levitt and Warshel. [116]

Not only does the computational feasibility increase by the decreasing of the number of
particles, but the coarse-graining also smoothens the free energy surface. [117] This decreases
the risk of the simulation being trapped in local energy minima, and shortens the simulation
time necessary to reach convergence. [118] The smoother free energy surface also makes it
possible to have a larger integration steps. All these factors make it possible to speed up a
simulation by 2-5 orders of magnitude. [119] Several different levels of coarse-graining can
be considered. Models mapping 4 heavy atoms to one bead, [120–122] or a whole amino
acid to one bead, [23, 123] or two beads, [124] exist, though it is not a requirement that the
mapping to be strict. For example, there exists hybrid-approaches where part of the protein
has an atomistic representation, and other parts has a coarse-grained representation. [125]
The model of choice depends on the property of interest and available computer power.

This Thesis considers to a great extent a coarse-grained model with a one-amino-acid, one-
bead mapping. This excludes, for example, the study of secondary structure, which requires
a fairly high level of description detail for the protein back-bone atoms.

A general problem of coarse-grained models is, apart from the inability of computing some
properties (depending on level of coarse-graining), the transferability of the models. [126]
Care is therefore needed in the choice of model, which depends on the problem at hand.
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Figure 3.1: Example of coarse-graining. In the top-left figure, an atomistic representation of a molecule (three amino acids
forming a peptide) is used. In the top-right figure, we form pseudo-particles out of the individual atoms, in this case
a one-bead-per-amino acid mapping. Lastly, in the bottom figure, we have achieved a coarse-grained representation
of the original molecule. No details of side-chains or any other internal degrees of freedom are presented, but a
significant reduction in the number of particles has been achieved, reducing the computational cost of modelling
the molecule.

6 Computation of observables

After performing a simulation, one computes the properties of interests. This section gives
a brief overview of how this computation is done for a few select properties. In general, one
usually need a so-called forward function to connect the simulation-produced ensemble of
structures (trajectory) with what is observed in experiment. These may sometimes need
parameterization and/or be approximate in nature, why this can sometimes be a source of
error when comparing simulation with experiment.

6.1 SAXS observables

From SAXS experiments, one can obtain the radius of gyration, which can be computed
from a simulation according to Eq. 2.13. However, one can also compute the whole scat-
tering curve. In general (applying to both SAXS and neutron scattering), for a particular
scattering orientation,

I(q) = |
N∑
j

bjexp(−iqrj)|2 (3.21)

with bj being the generalized scattering length of particle j, N the total number of particles
and rj being the position of particle j. For SAXS, bj implicitly depends on q. An integra-
tion over all orientations (with the assumption that there is no preference in the molecular
orientation) yields the Debye formula for spherical scatterers:

37



S(q) =
Nj∑
j=1

Ni∑
i=1

fi(q)fj(q)
sinqrij
qrij

(3.22)

where f is the form factor for particle i, j, and rij is the distance between them. This formula
is implemented in, for example, the software FoXS. [127, 128] Different software for the
calculation of SAXS profiles may rely on different approximations on the Debye formula,
or considers hydration in different manners. [129] It should also be noted that even when
using the same software, but changing input parameters for the hydration shell may cause
different results, on the order 5-10 . [130] For the bead-necklace model used in this Thesis,
all particles are assumed to be identical scattering objects, for which the scattering curve is
computed according to

S(q) =
⟨

1
N

∣∣∣∣∣∣
N∑
j=1

exp(iq · rj)

∣∣∣∣∣∣
2 ⟩

, (3.23)

which can be computed as a sum of partial structure factors Sij,

S(q) =
Nj∑
j=1

Ni∑
i=1

(NiNj)
1/2

N
Sij(q), (3.24)

which are in turn computed via

Sij(q) =
⟨

1
(NiNj)1/2

[ Ni∑
i=1

exp(iq · ri)
][ Nj∑

j=1

exp(−iq · rj)
]⟩
. (3.25)

For this structure factor to be comparable with experiment, a scaling factor is needed, which
is not computed, but the curve is fitted to the experimental data, with the scaling factor as
the only fitting parameter.

6.2 Diffusion

Diffusion can be computed in several ways from simulation. One alternative is time-
integrating the velocity autocorrelation function, however, in this Thesis, the Einstein re-
lation
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D = lim
t→∞

d
dt

1
6
⟨|ri(t)− ri(0)|2⟩ (3.26)

has been used, where the ⟨...⟩ expression is the mean square displacement (MSD). The
relation is valid at long times, and requires the MSD vs. t plot to be linear. Therefore, one
selects the region in the MSD vs t that displays linear behaviour. Deviations from linearity
can, for example, be a consequence of poor sampling (mainly for large t) and non-diffusive
behaviour. It has been stated that there exists no objective method to determine this region.
[131] In this work, linearity of the chosen region was confirmed by computing R2. Further,
diffusion is known to be affected by finite box-size effects. [132] A way to adjust for this is
via Eq. 3.27:

D0 = DPBC +
kBTξ
6πν L

(3.27)

where D0 is the true/corrected diffusion, DPBC is the ”raw” diffusion obtained from simu-
lation, kB is the Boltzmann constant, ξ is a constant dependent on the box geometry, ν is
the viscosity of the solvent and L is the length of the side of the unit cell.

Another way to compute diffusion from simulation snapshots is through the HYDROPRO
algorithm by Ortega et al. [133] This algorithm replaces the surface of particles with a
number of small beads, which are used to compute properties through the primary hydro-
dynamic model, using frictional coefficients for the beads. [134]

6.3 Circular Dichroism

Direct computation of CD spectra from simulation

There are several competing suggestions to compute a circular dichroism spectra from a
simulation. One of the more recent is a data-driven approach (called ”SESCA”), using a
set of reference proteins where both structure (from the Protein Data Bank) and CD spectra
are known. [135] These were used to create a collection of ”basis sets”, from which spectra
are computed according to

Scalcj (λ) =
K∑

k=1

F∑
i=1

WjkαkiBi(λ) (3.28)

where Scalcj is the spectra to be calculated, λ is the wavelength, K is the number of secondary
structure elements, F is the number of basis spectra, Wjk is the fraction of residues in protein
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j classified as the category of secondary structure k, αki is an assignment factor, giving the
factor for the contribution of secondary structure element k from basis spectra i. αki was
the main optimization target in this scheme. The above computation only considered the
backbone-structure to be used for computing CD spectra, however, additional basis sets
were also constructed to include the contribution of protein side chains to the CD spectra,
though this procedure was performed independently of the rest of the protein.

Indirect comparison

Rather than computing a CD spectrum from a simulation, one can instead analyse the
experimental spectrum to estimate the relative amounts of secondary structure (as noted
in Chapter 4). The secondary structure from simulation is then computed, according to
a chosen definition of secondary structure, and the two amounts are compared with each
other. For different choices of defintions of secondary structures, DSSP [136] is a common
choice which is based on hydrogen bonding, while an alternative called DISICL is based
on dihedral angles only. [137]
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Chapter 4

Experimental background

1 Sample preparation

A possible discrepancy between experimental measurements and simulated predictions is a
difference between the conditions in either case. This could relate to a lack of control in
the experimental case, for example there being unknown impurities in the samples (which
may also be important for reproducible results for a purebred experimentalist). Care must
therefore be taken when preparing samples. It should however be pointed out that 100
purity may not be practically achieveable.

Protein samples used in this Thesis were mainly bought from companies using the solid-
phase synthesis method. Samples were delivered as a lyophilized powder, which however
contained TFA (CF3COONa) and other monovalent salts (e.g. NaCl, KCl), according to
the manufacturer. To achieve pure samples, these samples were dialyzed against Milli-Q
water using 500-1000 Da membranes, the ratio of Milli-Q/sample solution volume being
between 250 - 500. The Milli-Q water was changed to fresh Milli-Q water 4-5 times during
the course of two days. After dialysis, the sample solution was freeze-dried, and then ready
for use in a solution.

The buffer solution used was mainly 20 mM Tris, together with NaCl salt at pH=7. An
exception is the circular dichroism measurements, where NaF salt was used instead, due to
the high absorbance of Cl in circular dichroism spectroscopy. As well, before measurements
with circular dichroism, the sample solution was filtered (this also applied for dynamic light
spectroscopy measurements).
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2 Small angle X-ray scattering

Small angle X-ray scattering (SAXS) is the use of X-rays (light with a short wavelength <0.3
nm) to irradiate a sample and infer particle structure based on the angle-dependent distri-
bution of the scattered X-rays at small angles. This is demonstrated in Fig. 4.1, where a
crude, constructed pattern of scattering is used to demonstrate how the spectrum is pro-
duced from the pattern of scattering.

Figure 4.1: Far left: When X-rays irradiate the sample, they may interact with the sample, scattering in a different angle com-
pared to the incident angle. Mid left: At the detector, the intensity at different angles (the distance from the center
in any direction) is recorded. Mid right: The intensity found at the detector is radially averaged and displayed as
a function of q, a wavelength-independent metric of angle. This example shows how the mid-left figure would
approximately be displayed. Far right: A more realistic example of a scattering curve.

An incident X-ray may scatter if there is an interaction with the sample, otherwise it may
just go straight through the sample. Mainly, the interaction that produces scattering is
caused by collisions with electrons in the sample. It is possible that an X-ray scatters more
than once (i.e. interacting with more than one particle in the sample), but this is usually
neglected.

If the particles are randomly oriented in the sample, the intensity found at the detector
will be the same in all directions. The X-ray scattering can be measured as a function of
the angle θ (which at the detector will correspond to a distance R from the mid-point, but
which depends on the length between sample and detector), but to relate to the fact that
the angle may depend on the wavelength λ of the X-rays used, a measure q is used:

q =
4π
λ
sin(θ) (4.1)

which is denoted ”momentum transfer” or ”length of scattering vector”. This vector can
be related to the distance probed in the sample, via

d =
2π
q

(4.2)
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where d is distance. For highly ordered and peridiodic systems, pronounced peaks can be
visible in the spectra, which are referred to as Bragg peaks. Eq. 4.2 is derived from Bragg’s
law, where aligned particles are considered.

The intensity at any q for a given sample in a solution (or matrix) is dependent several
factors, as seen below:

ΔI(q) = NI0(Δp)2V2P(q)S(q) (4.3)

where N is the number of particles, I0 in the intensity of the incoming beam, Δp is the
difference in electron density between the sample and the solution (or matrix), V is the
volume of a particle, P(q) is the form factor and S(q) is the structure factor. Eq. 4.3 holds
for monodisperse samples; for polydisperse samples, a summation of all particle dependent
terms is required instead of a multiplication with N.

A few observations should be noted from this equation. If N is small (i.e. there is a low
sample concentration) the scattered intensity will be low. To achieve spectra with reason-
able resolution, instruments with a large incoming intensity (I0) may thus be necessary for
dilute samples, such as those instruments found at synchrotrons. As well, low intensity is
generated if the difference in electron density between sample and solution (matrix) is low,
making some samples hard to distinguish. The intensity increases on the square with the
volume of the sample particle, and as the volume of a (spherical) sample increase with the
cube of the radius, large sample particles will dominate with a signal to the sixth exponent,
therefore even small amounts of aggregates in protein solutions can completely dominate
the spectrum. This can be considered both an advantage or a disadvantage: smaller aggreg-
ates are fairly easy to discover, while at the same time, signal from the larger volume of the
sample is obscured.

The form factor P(q) describes the shape of the particles, while the structure factor is a meas-
ure of relative distance between particles in a solution, with shorter distances yielding larger
structure factor. The relative distance between particles will depend on the concentration of
particles in the solution and the interactions of the particles. For repulsive particles, the re-
lative distance between particles will be larger than with non-interacting particles, resulting
in smaller structure factor. Likewise, with attractive interactions between particles, relative
distances will be shorter, yielding larger structure factor. For very dilute systems, where
particles can be considered far away and interactions small, the structure factor is approx-
imately 1, so very dilute systems will yield the form factor, with all other factors collected
into a constant. The scattering power of a sample, referred to as scattering length density
(SLD), is related to the electron density of the sample and the energy of the X-rays. The
energy dependence becomes important when the energy is close to the absorption edge
of a sample, which is utilized in so-called Anomalous Scattering Angle X-ray Scattering

43



(ASAXS), which is not considered in this thesis. Biological samples have usually a weak
anomalous effect.

X-rays can be scattered in a coherent manner or in a incoherent manner. Coherent scat-
tering is when the scattered X-rays (or any other type of scattering) have a certain degree
of regularity, or rather, the waves scattered from different atoms interact with each other,
making the final ”outbound” scattering dependent on the relative distance between the
atoms, encoding information about the structure in a sample. Incoherent scattering on
the other hand has the waves scattered being independent from each other, so that waves
scattered from different atoms do not interact with each other.

2.1 Guinier analysis

The form factor can, at very small angles, be considered Gaussian. In the Guinier analysis
[138], this Gaussian is approximated by

P(q) ≈ aoe−
R2
g q

2

3 (4.4)

where a0 is the extrapolated intensity at zero angle (I(0)), when considering the actual
intensity rather than P(q). Importantly, this expression can be linearized so the parameters
are supplied by linear fitting. Thus, the radius of gyration can be obtained through the use
of SAXS, if the sample is dilute so that there is no contribution from the structure factor.

Exactly how small angle (q) that is necessary depends on the sample studied, but for well-
folded proteins, a rule of qRg < 1.3 is used, while for IDPs, a rule of qRg < 0.8 is used.
[139]

There exists suggestions for an ”extended” Guinier analysis. ”Extended” in this context
refers to the range of q-values that can be used in the analysis. Eq. 4.4 is expanded to be

P(q) ≈ aoe−
R2
g q

2

3 +αq4R4
g (4.5)

where α is a parameter, dependent on the system at hand. A parameterisation of this
equation for IDPs, using simulations for parameterisation, yieldedα = 0.0479(v−0.212),
where v is the polymer scaling exponent. [140]

The scattering intensity can also be related to the molecular weight of the particles, via the
volume and the (electron) density of the particles. In theory, this can be calculated at any
value of q according to
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Mw =
ΔI(q)

K0(ΔZ)2P(q)S(q)
(4.6)

where K0 collects constant terms and ΔZ is the electron density difference scaled with the
density of the particle materials. With dilute systems, S(q)=1, and in order to avoid using
a model of P(q), one can use the intensity at q = 0, where P(q) (I(0)) is found via the
Guinier approximation.

2.2 Kratky plot

A Kratky plot is constructed by plotting the (qRg)2I(q)/I(0) vs qRg [141]. With such a plot,
the shape of the protein can be assessed, as the plot yields different behaviours for different
(average) shape of the protein at high values of qRg. For a globular protein, the plot is
bell-shaped, while a gaussian chain exhibits a plateau with increasing qRg, and a rod-like
protein has an approximately linear behaviour with a positive slope. Examples of these are
shown in Fig. 4.2.

Figure 4.2: Sketch of examples of different shapes of proteins deduced from Kratky plot. Red curve: Globular protein. Green
curve: Gaussian chain. Blue curve: Rod-like protein.

2.3 Fractal dimensionality number

The fractal dimensionality number [142] considers, just as the Kratky plot, the overall shape
of a particle. Fractal dimensionality refers to the number of dimensions a particle occupies;
1 is a straight line, 2 is a plane and 3 is a sphere, though, as the name implies, fractal numbers
are allowed. The number is computed by estimating the slope of log(I) vs. log(q) at higher
values of q.
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3 Quasi elastic neutron scattering

Quasi elastic neutron scattering (QENS) differs from (small angle) X-ray scattering in two
ways: X-rays are changed to neutrons and the change in energy in the incident and scattered
neutrons is measured. The scattering power of neutrons does not depend on electron dens-
ity as in X-ray scattering, rather, it depends on the neutron interaction with the nucleus
of the sample. This gives neutron scattering two particular features: It is sensitive to iso-
topes, and the scattering power is irregular with increasing atomic number of the elements.
Scattering lengths for select elements are found in Table 4.1

Table 4.1: Neutron scattering lengths for a few select elements. Data from Bee (1988).[143]

Element Coherent scattering length (10−15 m) Incoherent scattering length (10−15 m)
H -. .
D . .
C . 
O . 
N . .

In QENS, it is mainly the incoherent scattering that is measured. As an example, for
Histatin 5, with a chemical formula of C133H195N51O33, ≈ 86  of the scattering would
be incoherent. For a protein in water solution, the water can be exchanged to deuterium
oxide to decrease the signal from the solvent.

The scattering function for incoherent scattering is defined as

Sinc(q,w) =
1

2πN

∫ +∞

−∞
dtexp(−iωt)

N∑
i=1

⟨
exp[iq(Ri(t)− Ri(0))]

⟩
(4.7)

where ω is the energy (frequency), N is the number of particles and Ri(t) is the position of
particle i at time t. This expression can be treated with an inverse Fourier transform twice
to reveal the van Hove self-correlation function,

G(r, t) =
1
N

∫ ⟨∑
i

δ(r− Ri(0))δ(r− Ri(t))

⟩
dr (4.8)

which reveals that QENS report on the autocorrelation of position, i.e. dynamics.

Assuming a diffusive process, going from a van Hove function back to scattering through
treatment Fourier transform twice, one arrives at a Lorentzian function,
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S(q,w) =
1
π

γ

γ2 + ω2 (4.9)

where γ is the half-width at half maximum (HWHM). γ can be related to diffusion in
different ways depending on the diffusive process. For a freely diffusing particle (Fickian
diffusion), γ = Dq2. For a jump-diffusion process, one could use the model of Singwi and
Sjölander, [144]

Γjump(q) =
Ddiffq2

1 + Ddiffτq2 (4.10)

where Ddiff is the diffusion coefficient and τ is the time between jumps. A QENS exper-
iments probes dynamics during a specific time window (through the Fourier transform of
energy into time - being very strict, it does not directly probe dynamics). This time window
is determined by the energy range of the instrument. This is in contrast to other methods,
which might only measure long-term diffusion. Thus, the diffusion coefficient obtained
from QENS may not be directly comparable with that obtained from other techniques.

Several different diffusive processes may take place in a sample. Modelling-wise, one can
add and/or convolute together several Lorentzian functions to account for each process.
The process can occur to different extents, why a factor is used to account for the relat-
ive contribution of each diffusive process. This factor is referred to as Elastic Incoherent
Structure Factor (EISF), also often denoted A0. While the incoherent scattering spectra is
insensitive to the value of q, the EISF is not. The EISF can therefore give information on
the geometric confinement of motions.

4 Dynamic light scattering

In SAXS and QENS, the scattering (as found by the detector) is measured in a time-
independent manner. In dynamic light scattering (DLS), the time-dependency is taken
into account, measuring intensity (for a given q-value) as a function of time. From this
data, one can construct an intensity correlation function,

g2(τ) =

⟨
I(t)I(t+ τ)

⟩
⟨
I(t)

⟩2 (4.11)
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where I is the intensity, t is any given time, τ is the lag time and the denominator is a
normalisation factor. This correlation function is related to a an electric field correlation
function, which correlates the movements of particles relative to each other. Considering
the normalized electric field correlation function, denoted g1, the relation is

g2(τ) = B + β|g1(τ)|2 (4.12)

where B is a baseline, and β is a constant depending on the scattering particles and the
instrumentation. For Brownian motion of monodisperse particles, the electric field correl-
ation function is an exponentially decaying function, e−Γτ , where Γ is the decay constant.
This constant is related to the diffusion of the particle by Γ = −Dq2. The hydrodynamic
radius can thereafter be computed from the diffusion by the Stokes-Einstein equation,

Rh =
kBT

6πηD
(4.13)

where kB is the Boltzmann constant, T is the temperature and η is the viscosity of the
solution. For a polydisperse system, a distribution of decaying exponentials is needed to
represent the electric field function. This can be formulated as a sum of decay exponentials,

g1(τ) =
M∑
i=1

aiexp(−Γiτ) (4.14)

where M is the number of exponentials to be used and ai describes the distribution of the
exponentials.

The contribution to the intensity of different particles depends on the size of the particles.
For a solution consisting of two particles with size a and b, the relative intensity from
particle a would be

%Ia =
a6Na · 100

a6Na + b6Nb
(4.15)

where Na, Nb is the number of particles a and b, respectively. The scaling of size to the
power of six means that larger particles may dominate the scattered intensity, even if the
number of large particles is small.
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5 Circular dichroism

Light can be viewed as a wave, which while propagating forward oscillates in the planes
perpendicular to the direction of propagation. [145] The oscilliation is usually isotropic, i.e.
the oscilliations are in all possible directions. However, when this does not apply, the light
is said to be polarised. The polarisation can be linear, so that the light only oscillate in one
direction, or the polarisation can be circular, so the direction rotates about the direction of
propagation. Circular polarisation can be clockwise (right handed, R) or counter-clockwise
(left handed, L). Circular dichoism (CD) is the differential absorption of these when light
passes through a sample. A sample that can absorb light (contains a chromophore) needs
to be chiral in order to produce a difference in absorption between the R and L polarised
light. It is this difference (ΔA = AL − AR) that is monitored for different wavelengths in
the CD experiment.

If one would look in the propagating direction, a polarised light would oscillate in an
elliptical manner, as L and R have different magnitudes. A common unit used for the
polarisation is ellipticity (θ), which can be computed as θ = tan−1b/a, where b and a
are the minor and major axes of the ellipse. This is related to the absorbance ΔA through
θ = 32.98ΔA. [146] Further, the concentration of sample and, in the case of proteins, the
number of peptide bonds may affect signal strength, why the measure [θMRW] is used:

[θMRW] =
MRW× θ

l× c
(4.16)

where MRW is the Mean Residue Weight in Da, l is the pathlength in mm and c is the
concentration in g/ml.

In proteins, it is the peptide bond (mainly absorbs in the 170-240 nm region), aromatic
amino acid side chains and disulphide bonds (mainly absorbs in the 250-320 nm region)
that are considered in CD. In particular, the peptide bond, gives information about the
secondary structure in a protein. For example, estimates for alpha-helical content can be
obtained by using the values at wavelengths 208 nm and 222 nm, and CD-spectra associated
with different types of secondary structure are available. [146] A few examples of spectra of
proteins with a high degree of specific secondary structures are found in Figure 4.3.

There are also algorithms available that uses a range of wavelengths in the CD-spectra to
infer estimates of several categories of secondary structure. [151]

Even if IDPs lack distinct tertiary structure, there can still be transient secondary structure,
why CD is a useful tool in the case of IDPs. However, CD only yields averages of the
secondary structure.
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Figure 4.3: Example CD spectra using proteins acquired from the PCDDB resource, [147], each protein representing a secondary
structure category. The alpha-helix structure is represented by myoglobin [148] (DSSP-value of 0.742 in the α-helix
category), beta-strand structure is represented by OmpG [149] (DSSP-value of 0.676 in the β-strand category), and
irregular/loop structure is represented by Translocated Actin Recruiting Phosphoprotein [150] (DSSP-value of 0.71 in
the irregular/loop category).

An important issue to consider when using CD is the use of buffers. Some buffers absorb
in a wavelength-dependent manner, causing signal (and signal-to-noise ratio) of the species
of interest to decrease. The same problem may arise if sample concentration is high, leading
to high absorbance and low signal-to-noise ratios, or if the sample is complex in the way of
containing several species, where some are particularly absorbing.
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Chapter 5

The Research

Proteins are usually investigated at dilute concentrations, but in biological settings, macro-
molecular concentrations are high, in the range of 300-400 mg/ml. [32] The high concen-
tration may affect both the structure and the dynamics of proteins. In the case of IDPs,
having no distinct 3D-structure in dilute conditions, different outcomes can be realized
due to the effect of crowding encountered in high macromolecular concentrations.

In this Thesis, the crowding effect has been investigated for two IDPs: The saliva protein
Hst5 (main focus) and the artificial dimer of Hst5. Where Hst5 is found in vivowith disease-
prevention functions, the dimer was chosen as a way to investigate if the crowding effect
could be dependent on the sequence-length of the protein. Hst5 has in earlier research been
investigated by several methods in dilute conditions, while the dimer is a novel protein.

The approach used here was a combined experimental and computational one. With dis-
ordered proteins, some experimental techniques are not suitable to use, such as crystallo-
graphic techniques. Instead, SAXS have been the main method of choice, being able to
account for the shape and size of proteins, with the downside of only providing average
structures. Computer modelling is used to achieve more detailed information than avail-
able from experimental data. With high protein concentration follows high computational
power costs. This is countered by employing coarse-grained models. A potential pitfall
of using modelling techniques is that models may not be well-parametrized or suitable for
the model systems considered. For example, many atomistic models have previously been
found to be inadequate for modelling IDPs, [80] though improvements have been made
in later years. [152] The computer models thus need to be confirmed to agree with experi-
mental data, before conclusions are drawn from the results of the simulations.
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1 SAXS

For both IDPs investigated, a protein concentration series was measured with SAXS. Tem-
perature and salt concentration was as well varied, to assess the influence of these parameters
as protein concentration increases. In both cases, in the high salt concentration domain,
there was a range of protein concentration where the proteins remained monodisperse. In
the case of Hst5, this was up to 50 mg/ml, while for the dimer, it was found to be about
25 mg/ml, though a vague hint of aggregation was noted already at this concentration. At
higher protein concentration, both aggregation and interparticle effects were found. This
change in point of aggregation for different protein lengths is in qualitative agreement with
concepts from polymer physics. [153]

At lower salt concentration, interparticle effects were visible at very low protein concen-
tration, if not the lowest measured, for both IDPs. The interparticle effects were mainly
repulsive effects, being stronger at lower salt conditions at all protein concentrations. As
salt screens electrostatic effects, the repulsion is considered an electrostatic effect.

No effect was found when varying temperature in the case of Hst5, while a modest effect
was found in the case of the dimer. Temperature had, for the dimer, a greater effect in the
case of high protein concentration, which might be connected to the presence of aggregates
at those concentrations.

A cell is a heterogenous environment, where not only the protein itself may contribute to
make the environment crowded. As a model for other kinds of macromolecules with little
”direct” interactions (i.e. being inert) with proteins, poly-ethylene glycol (PEG) at vari-
ous sizes and Ficoll70® was used at increasing concentrations in solutions together with a
constant concentration of Hst5. These investigations showed that, up to a crowder concen-
tration of 100 mg/ml, there was no discernable impact on Hst5. The crowders themselves
experienced repulsive interactions, but Hst5 was unaffected, at least for the PEG crowders.
Ficoll70® had such a large scattering intensity that the Hst5 signal was partly ”drowned” in
the noise, why the effect of Ficoll70® as a crowder is somewhat uncertain from the SAXS
experiments.

2 Diffusive properties

Concentrated solutions of Hst5 were measured with quasi-elastic neutron scattering (QENS),
giving information about dynamical properties. QENS uses neutrons, which are fairly pen-
etrative, so in order to get sufficient scattering signal, a fairly high concentration is needed
to get a good enough signal. The lowest concentration of Hst5 considered was 50 mg/ml
in this case. From the QENS measurements, it was found that with increasing Hst5 con-
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centration, the diffusion decreased significantly - at 200 mg/ml protein concentration, the
diffusion was less than 40  of the diffusion found at 50 mg/ml. In part, this can be ex-
plained with the aggregation found by SAXS. The QENS measurements also encompassed
different temperatures and salt concentrations. The temperature dependence of the diffu-
sion was found to trivially follow Stokes-Einstein behaviour. Increasing salt concentration
yielded slower diffusion, which could not be referred to changing solvent properties alone.
A possible explaination to the salt dependence is to look at the impact on salt on structure
(as observed from simulations), which show slightly larger Rg at lower salt concentrations,
which speculatively would be equivalent to more elongated structures, known to have faster
diffusion. At low protein concentration (10 mg/ml), Hst5 has also been investigated with
dynamic light scattering (DLS). The value of diffusion obtained, 18.9 Å2/ns, is larger than
the value obtained from QENS at 50 mg/ml (16.8 Å2/ns). Given the trend of decreas-
ing diffusion with increasing protein concentration, as observed from QENS, this was an
expected result. However, even if the concentration would have been the same in both
instances, differences may have appeared due to the differences between the techniques,
which inherently measure slightly different diffusional modes. The measurement of Hst5
with DLS also revealed two relaxation processes, corresponding to one smaller and one
larger particle in the solution. Further investigation indicated that there exist, to a small
extent, dynamical aggregates in the solution. This had not been previously detected by
SAXS, and is largely ignored, due to the small population found. Using DLS, the impact
of PEG, Ficoll® crowding on Hst5 was investigated. A complication here is that DLS mainly
captures the behaviour of larger particles. With the exception of the smallest PEG specie
investigated, PEG2K, all crowders were larger than Hst5. Thus, the measurements would
rather display the impact of Hst5 on the diffusional properties of the crowders. For all
crowding agents, no effect of adding Hst5 to a crowder solution at low concentration was
found, in line with the SAXS results. At higher crowder concentrations, there was a hint
of an effect using PEG4K and PEG6K, but nothing definitive. Ficoll® on the other hand
showed a clear effect, with the diffusion decreasing, compared with the ”pure” crowder
solution. For the pure crowder solution, diffusion increased with increasing crowder con-
centration. This would be indicative of a polymer network/entanglement, as can be formed
in the semi-dilute regime. Given the relative change upon the addition of Hst5, the hypo-
thesis is that Hst5 modulates the polymer network, though without completely breaking it
up, given that even with the added Hst5, diffusion still increases with increasing crowder
concentration.

3 Bead-necklace model

Whenever a SAXS measurement was performed, a corresponding simulation was performed
using a bead-necklace model that has previously been successful for predicting the structure
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of several IDPs (including Hst5), though at dilute conditions. [154] For Hst5, as protein
concentration increased, the experiment/model agreement decreased, up to the point where
aggregation was experimentally found. At this point, agreement increased momentarily,
but further increases in protein concentration worsened agreement. The discrepancy was
mainly in regards to repulsive interactions, where electrostatic effects were excessive at lower
protein concentrations, but not solely at fault at higher protein interactions. The model
predicted mainly a conserved structure at crowded conditions, and was considered the best
coarse-grained model considered for Hst5 in regards of modelling crowded conditions.

Considering the dimer, the experiment/simulation agreement was worse than for Hst5 at
lower protein concentration. However, as protein concentration increased, agreement be-
came better, up to a point, thereafter agreement decreased with increasing protein con-
centration. Importantly, the radius of gyration was not accurately predicted. As well, the
model broke down for low salt concentrations in the case of the dimer, in the sense that the
system aggregated at lower protein concentrations. A hypothesis explaining this behaviour
attributes the Tris buffer as contributing to the screening of interactions, just as the salt do,
which several different buffers are known to do, to various extent.[155] This would affect
the Debye-Hückel screening length. Additional simulations indicated aggregation to stop
if the buffer was considered to contribute to the screening length to the same extent as if
adding 5-10 mM of salt.

For simulations where Hst5 was crowded by the polymers PEG (of various lengths) and
Ficoll70®, modelling the crowding agents as one sphere/crowder, there was only small
changes with increasing crowder concentration. Agreement with SAXS also decreased as
crowder concentration increased. Comparing with the self-crowded simulations, the relat-
ive change in Rg for Hst5 was larger when using spherical crowder, which is speculatively
attributed to the unrealistic volume occupied by the crowding agents when using spherical
crowders. Another difference between the self-crowded simulations and having spherical
crowders was the way the models differed from experiment: The self-crowded model dis-
played, relative to experiment, repulsive interactions (lower intensity at low q, relative to
experiment), while the simulations with spherical crowders showed attractive interactions
(higher intensity at low q, relative to experiment). Using the bead-necklace model together
with another bead-necklace model specifically developed for PEG chains by Xie et al., [156]
the crowding response was found to be milder, in terms of Rg, as the difference from the
non-crowded value of 13.8 Å was smaller. However, comparing with SAXS curves, the
model had mixed performance compared to the case of having spherical crowders.

Looking at a limited selection of seven IDPs, (and three phosphorylated IDPs), the bead-
necklace model has been shown to have some degree of transferability. [154] Extending
upon this result, an additional 22 IDPs were simulated, using a data set that had previously
been used for benchmarking a model called SOP-IDP, with two beads per amino acid,
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while building upon the bead-necklace model. [124] It was found that the bead-necklace
model had similar performance as the latter model in terms of Rg, showing that a simple
model can provide as good results as a more advanced model.

3.1 The MARTINI model

The 4-to-1 bead coarse-grained model of MARTINI was already at very low protein concen-
trations of Hst5 predicting both very compact structures and aggregation, in disagreement
with experiment. Other studies have found similar behaviour, [157] and suggested improve-
ments to the model. [158] Using the suggested improvements of Stark et al., [158] better
agreement on Hst5 dimensions (as found by SAXS) was observed. This model was further
used for modelling the crowding response of Hst5 when subjected to PEG crowders. In line
with experiment, the effect of crowding on Hst5 was negligible/small. Instead, compared to
single-chain simulations, the PEG crowder was to a larger degree affected by the crowding.
This would point to Hst5 being, relative to other polymers, resistant to crowding effects,
at least in terms of structural changes. The MARTINI model with adjustments of Stark
et al. was additionally benchmarked against the series of IDPs used for benchmarking the
bead-necklace model and the SOP-IDP model. [124] This MARTINI model had less good
predictability of the experimental data compared with the models benchmarked, which
might be attributed to the MARTINI model being a more universal model, also being able
to capture the behaviour of globular proteins at the cost of performance for the sub-class
of disordered proteins.

4 Other models

The Ensemble Optimisation Method (EOM) [159] and the ProFasi model, [160] were also
considered for the interpretation of SAXS data of Hst5 at crowded conditions. These how-
ever were not found to be suitable, and were not considered in the modelling of the dimer,
due to the low performance of modelling Hst5.

EOM, which chooses protein structures out of a large ensemble to reproduce SAXS data,
predicted the protein ensemble to be bimodal at low protein concentrations and was gen-
erally not handling high-salt conditions well. The poor suitability of EOM for Hst5 was
later also confirmed by others. [161]

ProFasi, an implicit-solvent, atomistic model with a simplified interaction potential, showed
good agreement with SAXS measurements of Hst5 at dilute conditions. However, it provided
either too attractive or too weakly repulsive interactions at higher protein concentrations,
which was considered a consequence of the model not considering long-range electrostat-
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ics. This feature also only allowed comparisons with experimental data using high salt
concentrations.

5 Secondary structure content

With the failure of the bead-necklace model in the case of the dimer, it was considered
if there might be transient secondary structure present, which the bead-necklace model
cannot account for, due to its coarse-grained nature. Circular dichroism was therefore
performed, for both Hst5 and the dimer. The overall shape of the curves were similar,
though the amplitude of peaks and troughs were larger in the case of the dimer. Using the
BESTSEL algorithm [151] to determine the amount of secondary structure, the difference
between the two IDPs were negligible, though the amount indicated was fairly high in
absolute terms - 27  was found to be anti-parallel β-structures.

6 Atomistic modelling

6.1 Hst5-dimer

With the failure of the bead-necklace model and the fairly high secondary structure content
predicted by BESTSEL from CD-data, a fully atomistic force field with explicit solvent was
used to produce a more accurate picture of the dimer, at single-chain conditions (corres-
ponding to very dilute conditions), using the force field Amber99SBN-ILDN, [162] with a
TIP4P-D water model. [100, 163] Previously, atomistic modelling of Hst5 (with the same
force field) has been successful, therefore should, ostensibly, the modelling of the dimer
have promise to be successful. Performing this modelling, the atomistic modelling yiel-
ded a similar size of the dimer as the bead-necklace model, and too attractive interactions
comparing with the SAXS data.

Comparison with CD-data was somewhat inconclusive, as this comparison requires the
use of either DSSP [136] + BESTSEL or the use of algorithms generating CD-spectra from
simulations, which may have limited precision. In particular, different algorithms of the
latter type were highly divergent. This shows the importance of further development of
both CD-algorithms and atomistic force fields, and how a change of sequence length (even
though the relative amino acid composition remains the same) can have a significant im-
pact.
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6.2 Crowded Hst5

Atomistic modelling of self-crowded Hst5 was performed using the Amberff99SB-disp with
the accompanying TIP4P-derived water model and parameters for ions. [92] The main in-
terest here was how diffusive properties would compare with the QENS data, but how
structural properties would change with increasing protein concentration was also of in-
terest, in particular since data was available for this kind of comparison from SAXS. In
single-chain simulations, Rg was found to be 13.1 Å using this force field, fairly in line with
previous studies which had obtained values of 12.9 and slightly below and above 12 Å (de-
pendent on whether enhanced sampling was used or not). [164, 165] Increasing the protein
concentration to 10 mg/ml yielded a Rg of 12.2 Å, and an increase to 50 mg/ml yielded a
Rg of 12.9 Å. Given the differences in Rg reported from different studies, and the stand-
ard deviation being about 2 Å for the simulations in this Thesis, the data is interpreted
as pointing to no difference in Rg due to crowding (up to the concentration considered).
Additionally data supporting non-structural effects of the crowding was the visual obser-
vation of Ramachandran plots, indicative of secondary structure, not changing noticeably
across the simulations of different protein concentrations. The translational diffusion coef-
ficients were computed to be 19.8, 18.0 and 13.2 Å2/ns for the single-chain, 10 mg/ml, and
50 mg/ml simulation, respectively. Specifically, the diffusion coefficients were computed to
correspond to the coherence time of QENS-measurements, but additional considerations
are necessary to compare with the QENS measurements, namely that the QENS meas-
urements were conducted in deuterium, not in water, why a correction to this difference
is necessary. This correction yielded translational diffusion coefficients of 16.0, 14.6, and
10.7 Å2/ns, for single-chain, 10 mg/ml, and 50 mg/ml simulation, respectively. Comparing
the simulations, there is a monotonic decrease in translational diffusion as protein concen-
tration is increased, qualitatively in line with trends found by QENS measurements. This
also indicates in particular that diffusion properties may be more sensitive to crowding
than structural properties. However, for a comparison with QENS data, one also has to
consider that QENS measures an apparent diffusion, where rotational and translational
diffusion is convoluted. From another QENS study of an IDP, it was found that the ratio
between translational diffusion and apparent diffusion was 1.27. [166] Applying this ratio
for the 50 mg/ml simulation (the concentration at which experimental data is available),
a value of 13.6 Å2/ns was found, slower than the experimental value of 16.8 ± 0.7 Å2/ns.
It should however be emphasized that this comparison hinges on the ratio between trans-
lational diffusion and apparent diffusion found for another IDP being the same for Hst5.
For reference, approximating Hst5 for an ellipsoid, the ratio is 1.7, which would put the
diffusion on par with experiment, but the ellipsoid approximation has been found to be a
poor model to predict diffusion properties of Hst5. Therefore, considering the approxim-
ate ratio for another IDP to be the better estimate, the force field is found to have slower
dynamics than found by experiment.
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7 Outlook

The research performed here show Hst5 to be, structurally, fairly resistant to crowding ef-
fects. One suggested reason for this resistance, the short length of Hst5, was considered
by investigating the twice as long Hst5 dimer, which mainly showed a lower aggregation
point, with respect to protein concentration compared to Hst5. However, this dimer is
still a very small protein - indeed, the encyclopedia Britannica claims that the limit of what
should be called a ”protein” is at 50 amino acids, while anything smaller should be referred
to as a ”peptide”, a category which even the dimer, at 48 amino acids, would belong to.
[167] Thus, whether resistance to crowding is an effect of length is not yet settled. Many
different models have been used in this Thesis. Often it has been found that these have
semi-quantitative agreement with experiment, showing additional developments to be ne-
cessary but currently offering performance that can give initial insight into the nature of
intrinsically disordered proteins.
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