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Abstract

Ubiquitin and Ubiquilin-2 are both part of the protein quality control mechanism in the
cell. Mutations, especially in the PXX domain of Ubiquilin-2, have been found as one
cause of amyotrophical lateral sclerosis (ALS). Experimental results have shown that
Ubiquilin-2 undergoes liquid-liquid phase separation and that this process is disrupted
by Ubiquitin. This Master thesis investigates the interactions of Ubiquilin-2 and Ubiquitin
using molecular dynamics simulations. As all-atom simulations are too computationally
expensive to model the time scales necessary to characterize multi-chain interactions
of these proteins, a coarse-grained model that represents side chains with a single site
and treats solvent interactions implicitly, PLUM, is employed. This work extends the
PLUM model to more accurately describe multi-domain proteins with ordered, partially-
disordered and disordered regions, using ideas from traditional elastic network models.
In particular, additional harmonic interactions are implemented, and the corresponding
spring constants are iteratively optimized to reproduce fluctuations of all-atom reference
simulations of the relevant folded domains. Thereby, the extended model facilitates the
stabilization of Ubiquitin and the UBA domain of Ubiquilin-2 and ensures their stability
in the condensed phase, as determined experimentally. As Ubiquilin-2 is partially disor-
dered, this extension is applied locally only to the folded UBA domain. The simultaneous
modeling of disordered and partially ordered domains is enabled via the PLUM model.
The developed model is then validated by determining the binding affinity using um-
brella sampling. The results for the umbrella sampling fall within the order of magnitude
of experimental measurements. Preliminary results for simulations of aggregation sug-
gest that the PLUM is limited in its application to larger systems. Thus, it is prohibitively
computational expensive to derive full phase diagrams of the interaction of Ubiquilin-2
and Ubiquitin using the current implementation of the PLUM model. Taken together, the
results of this Master thesis represent a significant step towards investigations of the LLPS
of Ubiquilin-2 using coarse-grained molecular dynamics simulations, and open several
directions for future research.
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1 Introduction

1.1 Biological background

The structure-function paradigm asserts that proteins need a stable three-dimensional
structure to be able to carry out a biological function. However, continually growing
evidence has shown that there is a large fraction of proteins, known as intrinsically
disordered proteins (IDPs), that lack a stable three-dimensional structure but are still
involved in biological processes. These proteins are not necessarily fully disordered, but
may contain disordered regions along with structured domains [1]. Although IDPs do
not have a single, well-defined equilibrium structure, some IDPs obtain a stable structure
through binding to other proteins. However, this disorder-to-order transition is not a
prerequisite for an IDP to be biologically active. Indeed, IDPs are characterized not by
one stable structure but by a spectrum of conformations which range from extended
coils to collapsed globules [2]. Furthermore, these disordered regions are connected to
different characteristics of the amino acid sequence. In contrast to structured proteins,
IDPs tend to have an amino acid sequence with a low complexity — some IDPs just
contain a few amino acid types. While IDPs contain lower percentage of hydrophobic
amino acids (Ile, Trp, Val), they are rich in polar and charged amino acids (Arg, Lys,
Ser, Glu, Pro) [3]. Therefore, it may be possible to predict the disordered propensity of
proteins based on different features of their amino acid sequence.

IDPs take part in many different biological processes such as signaling pathways,
regulation of transcription and translation and the cell cycle. Due to their high mul-
tivalency, IDPs can form many contacts simultaneously. These contacts are important
for cellular organization through the formation of membraneless organelles, also called
bodies or granules, via liquid-liquid phase separation (LLPS). These phase-separated
condensates have liquid-like properties including internal diffusion and inter-condensate
fusion upon contact [4]. Through this compartmentalization, certain proteins are con-
centrated in order to take part in biological functions. Proteins phase separate when
macromolecule-macromolecule and water-water interactions are energetically more fa-
vorable than macromolecule-water interactions. This depends not only on the concentra-
tion of phase-separating proteins, but also on environmental factors including tempera-
ture, pH, salt concentration and others [5]. These factors may change in response to heat
shock and other stress factors, modulating LLPS.

Since biomolecular condensates formed by LLPS are important for many biological
processes, aberrant phase separation may contribute to various complex human dis-
eases including cancer, infectious diseases, and neurodegeneration. Neurodegeneration
is thought to be driven mainly by regional aggregation of cytosolic or nuclear proteins
[6]. Different studies showed that many of the aggregates in neurodegenerative diseases
contain proteins that are part of the protein quality control mechanism [7], [8]. This
control mechanism detects misfolded proteins in the endoplasmic reticulum and ensures
their degradation in the ubiquitin-proteasome system. Misfolded proteins are marked
by Ubiquitin, which is highly conserved throughout different species. Therefore, a lysine
residue of the misfolded proteins is bound to the C-terminus of Ubiquitin monomers
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Figure 1: Domain architecture of UBQLN2. Proline-rich domain (PXX) contains most of the ALS-linked
mutations. The figure was adapted from [10].

(mUb) or polyubiquitin chains via a reaction chain that includes three different ligases —
E1, E2 and E3. The ubiquitinated substrate is then recognized by the proteasome which is
responsible for the proteolysis. The guidance to the proteasome is facilitated by so-called
shuttle proteins. While the Ubiquitin-like domains (UBL) are recognized by and subse-
quently bound to subunits of the proteasome, the Ubiquitin-associated (UBA) domain of
these proteins binds to the ubiquitin of the target proteins. The binding between the UBA
domain and mUb is induced by a hydrophobic patch on mUb. This hydrophobic patch
consists of three different residues, namely residue 8 (Leu), residue 44 (Ile) and residue 70
(Val) and is critical for the ubiquitin-proteasome system [9]. The UBA and UBL domains
of different shuttling proteins are, like mUb, conserved, and have been well characterized.
Ubiquilin-2 (UBQLN2), a member of the protein family of Ubiquitin-like proteins, is one
example of a shuttle protein for the Ubiquitin-proteasome system.

There are four Ubiquitin-like proteins in human cells (Ubiquilin 1 - 4). All of them are
part of the protein quality control system and play a role in biological processes such as
protein degradation, autophagy and stress response. Regarding their domain architecture
1, Ubiquilins contain multiple ST1-like domains that take part in dimerization and lead
to homodimers and heterodimers in addition to the UBA and UBL domain. Furthermore,
UBQLN2 contains a unique, proline rich PXX domain. While the C-terminal and the
N-terminal region of UBQLN2 are predominantly ordered, the central region is predicted
to be mainly disordered [10].

Dao et al. showed that UBQLN2 not only co-localizes with stress granules in response
to stress factors such as oxidative stress, translational inhibition and osmotic stress, but
also undergoes LLPS under physiological conditions [10]. Using different deletion con-
structs, they were able to identify the STI1-II domain as a crucial domain for LLPS of
UBQLN2. According to their results, this domain drives the LLPS through multivalent
interactions with the PXX domain and the UBA domain resulting in the oligomerization
of UBQLN2 monomers. This oligomerization can be interrupted by Ub. The results
of Dao et al. suggest that mUb and polyubiqitin chains bind specifically to the UBA
domain. The authors determined a binding affinity of ≈ 30 kJ/mol for the interaction
between UBQLN2:UBA and mUb. This result is supported by experimental results of
Zhang et al [11]. They characterized the interaction interface of Ub and the UBA domain
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of Ubiquilin-1, and also showed the high affinity binding between this UBA domain and
Ub. Due to their high sequence identity, the experimental findings for the UBA domain
of Ubiquilin-1 might be transferable to the UBA domain of UBQLN2 [11]. The binding
of Ubiquitin to UBQLN2:UBA appears to disrupt its interaction with the STI1-II domain
and, as a result, alters the LLPS of UBQLN2 [10].

Gaining further insight into the LLPS of UBQLN2 and its interactions with Ubiquitin
is important because it has been linked to the neurodegenerative disease amyotrophic
lateral sclerosis (ALS). ALS is incurable, affects the upper and lower motor neurons and
causes among other symptoms an increased muscle tone, muscle fasciculations, and
muscle cramps [12]. Most of the mutations relevant for ALS are found in the PXX
domain of UQBLN2 (Figure 1). These mutations, first identified in 2011 [8], likely affect
the interactions between the molecular components and perturb the protein degradation.
As a consequence, the propensity for aggregation might change.

Figure 2: Yang et al. propose a closed loop phase diagram. The figure
was adapted from [13].

Yang et al. fur-
ther analyzed the inter-
actions that drive LLPS
of UBQLN2, employing
the sticker-spacer perspec-
tive [13]. Sticker residues
are associative motifs that
drive LLPS. They are mostly
hydrophobic and polar
amino acids, but the chem-
ical basis of sticker inter-
actions varies across phase
separating systems. On the
other hand, spacer residues
connect the sticker motifs

along the backbone without significant attractions between them. Yang et al. exam-
ined the phase transition of the wild type and the effect of single point mutations on
different sticker and spacer residues. Regarding the wildtype, the authors observed two
phase transitions as a function of temperature [13]. Performing mutation assays for
all 20 proteinogenic amino acids, their results show that hydrophobic mutations lower
the temperature threshold in sticker but not in spacer residues. Furthermore, aromatic
mutations decrease the phase separation temperature.

Overall, this data suggests a closed loop phase diagram for the phase separation of
UBQLN2. This means that there is a lower critical solution temperature (LCST) below
which the protein is always in solution and there is an upper critical solution temperature
(UCST) above which the protein is always in solution. LCST transitions are driven by
weaker hydrogen bonds at higher temperatures and the resulting dehydration of polymer
chains [14] while UCST transitions are governed by changes in the strength of molecular
interactions. [15]. Depending on the protein concentration, there are other LCST and
UCST transitions possible at different temperatures. (Figure 2).
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The study of Yang et al. gives some insight into the effect of mutations on LLPS of
UQBLN2. However, the mechanisms of ALS progression remain still unknown. There-
fore, understanding the molecular details of the relationship between mutations and aber-
rant phase separation is one route for active therapies. However, comprehending LLPS is
not a trivial task since there are many different factors including post-translational modifi-
cation and protein modifiers that affect this process. Because of the lack of a stable tertiary
structure, amino acids are less packed in IDPs. This results in a higher accessibility of
amino acids for post-translational modification which is important for the regulation of
LLPS [16]. There is a large number of possible post-translational modifications, includ-
ing phosphorylation and hydroxylation among others. In addition to post-translational
modification and environmental factors, LLPS can be also influenced by interactions with
other biomolecules such as Ubiquitin.

The different modifications result in altered chemical properties of the amino acids,
such as charge state or excluded volume, and either enhanced or weakened interactions
between the molecules [17]. Understanding different interactions during LLPS is cru-
cial in order to learn more about pathological protein aggregates in neurodegenerative
diseases, such as ALS. Charge-charge and π-interactions as well as hydrophobic contacts
and hydrogen bonds contribute to the emergent properties, e.g. aggregation, of IDPs.
However, it is difficult to determine the relative importance of distinct interactions to
LLPS because the formed droplets are highly dynamic and, like UBQLN2, many com-
ponents are at least partially disordered [16]. Hence, it is hard to to obtain structural
properties of this IDP experimentally and understand the forces that drive its LLPS using
solely experimental methods [18].

1.2 MD simulations of intrinsically disordered proteins

Experiments provide limited insights into LLPS of macromolecules due to the spatiotem-
poral resolution of individual techniques. This often makes it difficult to simultaneously
probe the relevant length and time scales while capturing microscopic details. Although
some ensemble techniques, such as NMR, have a finer spatiotemporal resolution, they
still lose details about individual molecules which complicates the investigation of IDPs
with broad conformational ensembles [19]. Therefore, it is helpful to complement ex-
perimental measurements with computational methods, e.g., molecular dynamics (MD)
simulations.

MD is a simulation method that is used to analyze the behavior of molecular systems.
By numerically solving Newton’s equations of motion in a step-wise manner, trajectories
are generated that display the time evolution of the system. Using these trajectories, differ-
ent observables can be calculated that characterize the molecules, e.g., their compactness
and flexibility among others. In addition to analyzing properties of single molecules,
it is also possible to investigate the interactions of several molecules, e.g., to calculate
their contact probability or binding affinity. By providing microscopic details, this type of
study can lead to insights about the relevant driving forces of LLPS. Additionally, results
of MD simulations can be used to design and specify further experiments to reinforce the
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simulation data.
Depending on the resolution of the studied system, MD simulations are categorized

into three classes: ab-initio (quantum), all-atom (AA) and coarse-grained (CG) MD simu-
lations [20]. While quantum MD simulations model the electrons of the system explicitly,
the latter two employ so-called force fields to model the forces acting on the particles in
the system. As the name already implies, AA MD simulations include all particles of a
system without the electrons, which results in a reduction of the computational resources
needed. They are a powerful tool for investigating specific chemical driving forces of
biomolecular processes. Although some studies have investigated the correlation be-
tween single-chain properties and phase behavior using AA simulations, these models
are these models are prohibitively expensive for the large scales necessary to investigate
LLPS for more than one chain. [21].

Therefore, CG approaches that represent groups of atoms with a single CG bead
are needed. CG models decrease the number of degrees of freedom and the required
computational resources. Due to this reduction in degrees of freedom, there are less
force calculations in each MD step and the free energy landscape is smoothed. Hence,
the motion through phase space is accelerated and conformational changes occur faster.
This possibility of simulating larger systems comes with a loss of accuracy. However,
CG models focus on essential interactions and driving forces while getting rid of less
important details of the examined system.

Regarding MD simulations of IDPs, they are not trivial to conduct for AA as well as
CG models and there are different approaches. While AA simulations are often used to
model IDP structures and their binding, CG simulations are typically applied to model
assemblies of IDPs. One of the simplest CG model for IDPs are Gō-models, which
represent each amino acid with one bead. Gō-models are only relevant for coupled folding
and binding processes. The energy functions of these models are constructed based on
contacts found in experimentally determined structures such that the native structure is
the global minimum of the model. These models are only applicable to systems where
the structure of the proteins in the bound complex is known. Further developed Gō-
models—hybrid Gō-models—integrate amino-acid specific interactions and non-native
interactions. Therefore, these hybrid Gō-models allow for the investigation of the impact
of specific interactions to the folding process [22]. Other models have been developed
to investigate the specific binding of two IDPs whose functions do not require folding.
Theses models need to reproduce the conformational heterogeneity of proteins without
a stable three-dimensional structure within fuzzy IDP complexes [19]. One example is
a CG model which has a simple contact potential to represent cation-π interactions. Via
these interactions aromatic amino acids, like phenylalanine, can bind to charged amino
acids, such as lysine. They have been proposed as being important for binding partner
recognition [23].

Other approaches allow a more general view at IDP interactions without requiring any
specific binding partners and also allow potentially the simulation of many molecules.
The formation of granules has been primarily investigated using CG models that do
not have a native-structure bias by employing simple physics-based models [16]. In
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these models the solvent is modeled implicitly. For example, one study investigated the
temperature-dependent LLPS of various proteins [18] and examined sequence determi-
nants for LLPS based on a model sequence with various charge distributions. Further-
more, there have been recent efforts to improve these models through a more accurate
reproduction of experimental observables, e.g. radius of gyration [24]. However, some
interactions, such as cation-π interactions, which are regarded as important for LLPS,
are not included explicitly in these models. In addition, most of the studies focus on
completely disordered proteins [24].

In this Master thesis, the interactions between mUb and UBQLN2 and their relevance
for LLPS is investigated using CG MD simulations. In order to represent the disordered
and partially ordered domains of UBQLN2, the PLUM model, parameterized to balance
α-helix and β-sheet propensity, was employed. While the PLUM model can stabilize some
tertiary structures, e.g., three-helix bundles, it does not perfectly model mUb, which has
a more complex structure. Therefore, the PLUM model was extended with additional,
harmonic interactions that facilitated the simulation of mUb and ensured a stable struc-
ture of UBQLN2:UBA upon interaction with other proteins. This extension was based
on the idea of an elastic network model. The harmonic interactions were established
based on a Cα contact map and their strength was iteratively optimized in a set of simula-
tions. To investigate the interactions of mUb and UBQLN2 in aggregation simulations, it
was necessary to guarantee that the two proteins interact reasonably in the PLUM-ELM
model. This was verified using umbrella sampling. Aggregation simulations were then
performed to investigate the interactions between UBQLN2 and mUB and preliminary
analyzed using different observables. The Master thesis is organized as follows. First,
an introduction to the basic physical concepts of MD simulations, the PLUM model and
the idea behind elastic network models and umbrella sampling is given. This section is
concluded with the relevant implementation details. Next, the results of the different MD
simulations are summarized. These results are then discussed and set in context to other
studies before providing the conclusions from the study and an outlook for future work.

2 Theory and methods

2.1 Basic physical concepts of MD simulations

MD simulations are computational calculations based on physical concepts. Because
ab initio modeling through quantum mechanics would require too many computational
resources for more complex systems, such as proteins, classical MD simulations are
needed. During these simulations, particles are evolved by using Newton’s equations
of motion. These movements and interactions can be described by the forces applied to
them and the derived energies. Overall, classical MD simulations result in trajectories
that provide information about the most favorable energetic states and pathways to them.
A MD cycle typically includes the following steps:

1. Coordinates and velocities are initialized.
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2. Forces are calculated based on the coordinates and the provided interactions.

3. Coordinates and velocities are updated based on the forces.

4. Observables, such as positions, energies, temperature, are computed and written as
output at predefined time steps.

5. Is the termination condition fulfilled? If not, the simulation is continued with step
2.

First an input configuration needs to be generated including all atoms that should be
simulated. This file can be obtained using experimental results, like structures from NMR
experiments, or the initial coordinates can be created manually or based on the sequence
with the help of prediction tools, e.g. the I-TASSER server [25]. In order to precisely
describe all forces acting within and between molecules in the system, the Schrödinger
equation has to be solved which is almost impossible for system sizes exceeding a few
atoms. Thus, empirical force fields are employed to approximate these forces and energies
and model the interactions in molecules . These modeled interactions include bonded
and non-bonded interactions. An example of a force field, the PLUM model, and its
implementation is given in section 2.2.

The bonded interactions typically consist of bonds, angles and dihedral interactions.
Chemical bonds form a covalent link between two atoms that vibrate around a equilibrium
distance. The simplest way to model these bonds is with a harmonic potential which
depends on the distance between the bonded particles. Three bonded atoms form an
angle that, like a covalent bond, pulsates around an equilibrium position. These angles
are also mostly modeled using harmonic potentials. Finally, dihedral angle interactions
control the relative orientation of the planes defined by adjacent bond angles. This
dihedral term is generally modeled using some form of a cosine series [20].

The non-bonded interactions consist of electrostatic and van der Waals interactions
and act between atoms that are not linked by a covalent bond. Electrostatics describe the
interaction between atoms due to their partial charges. These charges interact through
the Coulomb potential and their interactions are considered long range because they
decay slowly with distance. In contrast, the van der Waals interactions are short ranged.
They include an attractive and a repulsive part. If the distance between atoms is short,
the van der Waals interactions will be strongly repulsive due to the Pauli principle. On
the other hand, the electron clouds of two atoms will polarize each other when they are
close. This results in an induced-dipole and the attractive part of the van der Waals
interactions. These interactions are often modeled using the Lennard-Jones potential
which is commonly expressed by:

V(r) = 4ε[
σ
ri j

12
−
σ
ri j

6
], (1)

where ε is the depth of the energy minimum, ri j is the distance between two particles i
and j and σ is the distance between atom i and j at which the attractive and the repulsive
contributions of the Lennard-Jones potential balance out.

11



The non-bonded and bonded interactions add up to the total energy of the system.
As all of the above described interactions are energies, the corresponding force on each
atom is obtained by taking the negative gradient of the energy. The calculated forces are
then used in the next step to update the coordinates and velocities of the atoms. For this
update, the classical equations of motion are solved in a step-by-step manner. Newton’s
second law implies that the acceleration of an object is proportional to the force acting on
it:

~F(~r, t) = m~a(t) = m
d
dt
~v(t) = m

d2

dt2
~r(t) (2)

Since it is a daunting task to solve this second-order differential equation analytically,
integrators are employed that solve Newton’s equations of motion numerically, e.g. the
leap-frog algorithm [26]:

~v(t +
∆t
2

) = ~v(t −
∆t
2

) + ~a(t)∆t (3)

~r(t + ∆t) = ~r(t) + ~v(t +
∆t
2

)∆t, (4)

where ~a is the acceleration, ~v is the velocity and ~r is the position at a certain time point t.
It is called the leap-frog algorithm because the position and the velocities are updated at
shifted time points which causes them to "leapfrog" over each other. Another integrator
is the leap-frog stochastic dynamics integrator which is based on Langevin dynamics.
Considering a number of solute particles and a much greater number of solvent particles,
it would take a lot of computational resources to model the motion of both. As the
time scale for solvent motion is much faster than for dispersion particles and one is not
interested in the motion of the solvent itself, the impact of the solvent on the dispersion
particles can be treated collectively [27]. Therefore, a friction constant and a noise term are
added to Newton’s equations of motion in Langevin dynamics. The noise term represents
a stochastic process and aims to resemble the effects on a system that are caused by high
velocity collisions with the solvent. Hence, it partially incorporates solvent effects into
systems that are modeled in vacuum.

Depending on the properties of interest, there are different statistical ensembles that
can be sampled from. An ensemble is defined as a set of microstates that are compatible
with a given macrostate. The microcanonical ensemble (NVE) describes an isolated
system in which the number of particles (N), the volume (V) and the energy (E) do not
change over time and no energy is exchanged with the environment. In a canonical
ensemble (NVT) the number of particles (N), the volume (V) and the temperature (T)
are kept constant. In contrast to the microcanonical ensemble, the energy will change
over time because the system can exchange energy with a heat bath. Another important
ensemble is the isobaric-isothermal ensemble (NPT). This ensemble implies a constant
number of particles (N), pressure (P) and temperature (T). All simulations in this Master
thesis were conducted either in the NVT or NPT ensemble.

In order to sample from the desired ensemble, thermostats and barostats are needed
to maintain the correct average temperature or pressure of the system, respectively. In
MD simulations the temperature is computed based on the kinetic energy of the system.
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Hence, it is possible to modify a system’s temperature by velocity rescaling. Since simple
velocity rescaling leads to instabilities, more sophisticated algorithms were developed
to control the temperature of a system. For example, the above mentioned stochastic
dynamics integrator can be used as thermostat. Another algorithm is the Berendsen
thermostat [28] which rescales the velocity as followed:

~vi(t)→ ~v′i (t) =

√
1 + γ(

T f

T(t)
− 1)~vi(t), (5)

where ~vi and ~v′i correspond to the velocity and the rescaled velocity, T f is the target
temperature and the time constant γ controls the decay time. The Berendsen thermostat
is able to relax systems to a desired temperature efficiently. On the other hand, it is
not correctly sampling the NVT ensemble because it prevents the kinetic energy from
fluctuating. As the Berendsen thermostat approximates the canonical ensemble, it is
often used for equilibration of larger systems. After that, the thermostat is switched to a
more accurate one.

There is also the Berendsen barostat [28] which works in a similar way as the thermo-
stat. Like the temperature of a system, its pressure can be also derived from the kinetic
energy. To keep the average pressure constant, barostats rescale the distance between
particles instead of the velocity. The Berendsen barostat is often used for equilibration for
the same reasons as the the Berendsen thermostat. To ensure correct sampling after that,
other barostats are used, such as the Parrinello-Rahman barostat [29]. This barostat not
only allows changes to the volume of the simulation box but also to the box shape.

Before starting the aforementioned MD cycle, the initial structure needs to be locally
energy-minimized. If there was no energy-minimization and the starting configuration
was energetically unfavorable, e.g. due to steric clashes, the system would have a high
potential energy. This energy would then be mostly translated into kinetic energy. The
resulting high velocities might destabilize the simulation or even lead to a crash. One
approach to energy-minimize systems is the steepest descent algorithm. This algorithm
minimizes the energy of a structure by calculating the gradient of the energy in each step.
Stepping in the opposite direction of this gradient, is a step in the direction of the locally,
steepest descent. This is repeated until the algorithm converges to a local minimum.

The energy-minimization is followed by an equilibration phase which ensures to relax
the system to the right temperate and pressure. At the end of the equilibration phase the
mean of potential energy of the system should not change significantly. After that, the
production run is started to sample the properties of interest.

2.2 Coarse-graining and the PLUM model

Simulating biological systems with more than just a few amino acids requires a lot of
computing power. In addition, the relevant time scales of biological processes differ from
ps to s or even longer. This makes AA MD simulations often impracticable for processes
on longer time scales, such as LLPS. Hence, methods, such as coarse-graining, are needed
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to reduce the computational resources and enable simulations at time scales that are
inaccessible for AA models.

CG approaches reduce the resolution by representing groups of atoms with a single
bead. There are different levels of coarse-graining ranging from grouping together the
atoms of single amino acids to combining several amino acids to one bead. This simpli-
fication aims to focus on the essential interactions and driving forces while getting rid
of less important details. In order to ensure that a CG model is physically realistic and
useful, the removed degrees of freedom must be chosen carefully [30]:

1. They must not be indispensable for the investigated process.

2. Removing these degrees of freedom should result in a sufficient reduction of com-
putational resources to compensate the loss in accuracy.

3. The interactions that are important for the removed degrees of freedom should
mostly not be coupled with the remaining degrees of freedom.

4. Removing these degrees of freedom, should enable a simple and efficient represen-
tation of the remaining degrees of freedom.

The reduction in degrees of freedom leads to less force calculations in each MD
step. Furthermore, the free energy landscape is typically smoothed which accelerates the
motion through phase space. Thus, conformational changes occur faster and the time
measured for conformational changes in the CG model does not correspond to the time
that it would take the real protein to undergo the same structural changes.

Figure 3: Mapping scheme of the PLUM model. Figure was
adapted from [31]

There are different ways for
developing a CG model. Two
common approaches are top-
down and bottom-up coarse-
graining. Top-down models
rely on experimental data while
bottom-up models use an under-
lying model with higher resolu-
tion of the same system. One
commonly used CG model is the
MARTINI model which employs
a four-to-one mapping [32]. This
means that approximately four

heavy atoms are mapped to one bead. The MARTINI model is a top-down model,
parameterized using experimental partitioning coefficients. In the MARTINI force field
water molecules are CG as well. Other force fields do not model the solvent explicitly, but
account for its effects on the studied system implicitly in the implemented interactions.

The CG model used in this Master thesis, the PLUM model, is hybrid. This means
that the some of the interactions are parameterized bottom-up, while others are derived
from experiments. However, the interaction forms are all physics-based. In this implicit
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solvent CG approach, the backbone is represented with near-atomistic resolution [31].
Each amino acid is modeled by 3 (glycine) to 4 (all other amino acids) beads in the PLUM
model. There is one bead for the amide group (N), one for the central carbon (Cα), one
for the carbonyl (C’) group and one (for non-glycine residues) for the side chain (Cβ). The
side chain bead is responsible for the amino acid specificity and is placed at the location of
the first carbon of the side chain. It is directly connected to the backbone (Figure 3). Since
secondary structures, such as α-helices and β-sheets, are stabilized by backbone-backbone
hydrogen bonds between the amide and the carboxyl group, the high resolution of the
backbone allows the PLUM model to form well-defined secondary structures. All amino
acids, except glycine, are given the same van der Waals radii for the Cβ bead. Because
glycine residues do not have a Cβ bead in the PLUM model, they are highly flexible and
occupy different regions in the Ramachandran plot [33]. Using the Ramachandran plot,
the backbone dihedral angles φ and ψ are plotted against each other to visualize their
energetically favorable positions. In addition, identical van der Waals radii might lead to
problems if dense packing of secondary structures is important, e.g., in globular proteins
[31]. Regarding the force field parameterization, the bond and angle potentials are chosen
to be harmonic:

Vbond(r) =
1
2

kbond(r − r0)2 (6a)

Vangle(θ) =
1
2

kangle(θ − θ0)2, (6b)

where kbond is the spring constants for the bond and r and r0 are the current distance and
the equilibrium distance for the bonded beads, respectively. The variable kangle refers to
the spring constant of the angle and θ and θ0 are the current angle and the equilibrium
angle, respectively.

The structural flexibility of the backbone beads enters through the dihedrals—φ
(C’NCαC’), ψ (NCαC’N) and ω (CαC’NCα). While φ and ψ are very flexible and are
important for local structure elements, ω is located at the peptide bond. The rotation
around this bond is resembled by a symmetric potential with two minima, cis and trans
conformation. As cis conformations are sterically unfavored for all amino acids except
prolines, the authors employed a potential with one minimum around the trans confir-
mation for ω:

Vdih(ω) = kn[1 − cos(nω − ωn,0)], (7)

with coefficient kn and phaseωn,0. A potential with two minima is employed for a peptide
bond right before a proline residue.

Regardingφ andψ, they added a potential that takes into consideration the interacting
dipoles of carbonyl and amide groups in a peptide bond:

Vdip(Φ,Ψ) = kdip[(1 − cos(Φ)) + (1 − cos(Ψ))], (8)

where kdip is the force constant for this potential which accounts for a non-bonded dipole
interaction.

The remaining non-bonded interactions in the PLUM model include backbone and
side chain interactions and implicitly modeled hydrogen bonds. To model the steric
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interactions of the backbone, Bereau et al. used the purely repulsive Weeks-Chandler-
Anderson potential which represents a local excluded volume:

Vbb(r) =

4εbb[(
σi j

r
)12
− (
σi j

r
)6 +

1
4

] , r ≤ rc

0 , r > rc,
(9)

where rc = 21/6σi j and σi j is the arithmetic mean between the two bead sizes. The same
εbb is used for backbone-backbone and backbone-side chain interactions. The excluded
volume is only calculated between beads that are further than two bonds apart.

The interactions between Cβ beads are modeled based on the interaction strength for
every pair of amino acids which were determined by Miyazawa and Jernigan via analysis
of the PDB [34]. These are rescaled to values between 0, for the most hydrophilic residue,
and 1, for the most hydrophobic residue and multiplied by the free parameter εhp. For
the overall side chain interaction, Bereau et al. used a Lennard-Jones potential for the
attractive part which was combined with a purely repulsive Weeks-Chandler-Andersen
potential at smaller distances.

Vhp =


4εhp[(

σCβ

r
)12
− (
σCβ

r
)6] + εhp − ε

′

i j , r ≤ rc,

4εhpε
′

i j(
σCβ

r
)12
− (
σCβ

r
)6] , rc ≤ r ≤ rhp,cut,

0 , r > rhp,cut

(10)

In order to implicitly model hydrogen bonds, the authors decided to use a 12-10
Lennard-Jones potential in combination with an angular term:

Vhb(r,ΘN,ΘC) = εhb[5(
σhb

r
12

) − 6(
σhb

r
)10] ×

cos2(ΘN)cos2(ΘC) , |ΘN |, |ΘC| < 90◦,
0 , otherwise,

(11)

where r is the distance between the N and C’ beads, σhb is the bead radius and the angles
ΘN and ΘC are formed by the atoms HNC’ and NC’O, respectively. According to the
authors, the implemented hydrogen bonds were only sufficient to stabilize β-sheets in
combination with the aforementioned dipole interaction [31].

The implemented interactions aim to reproduce the balance of α/β structural propen-
sity without being biased towards a native structure. This allows simulation of proteins
with a changing structure or no dominant structure at all, e.g. IDPs. So far, the model has
been shown to stabilize β-sheet structures [31], [35] and to fold several helical peptides
[31], [36], [37]. Testing the transferability of the PLUM model to IDPs, Rutter et al. found
that it over-stabilizes α-helices for a short disordered peptide [38]. In order to represent
destabilization of helices in IDPs, Rutter et al. reduced the strength of the backbone-
backbone hydrogen bond interaction strength parameter εhb to 94.5% of its original value
[38]. Bereau et al performed a manual parametrization of the free energetic parameters
(εbb , εhp) and the bead diameters (σCα , σCβ , σC′C

, σCN ) while keeping the cutoff values
for the different potentials and the equilibrium distance of a hydrogen bond fixed, in
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an attempt to reproduce the probability distribution functions of dihedral angles and
large-scale properties, such as folding [31].

The PLUM model has its natural units [31]. Since coarse-graining a molecule speeds
up its motion through phase space, the time that the CG molecule needs to undergo
conformational changes is not equal to the time that the molecule would need to undergo
these changes in reality. ε = 1 Å is the length. The thermal energy at room temperature is
given by ε = kBTr = 1.38 ∗ 10−23 J K−1300 K ≈ 0.6 kcal ∗mol−1 and M ≈ 4.6 ∗ 10−26 kg is the

mass. τ = L

√
M
ε
∼ 0.1 ps is the natural time unit of the PLUM model. The temperature is

reported in Kelvin in this Master thesis. However, a temperature of 300 K corresponds to
T∗ = 1 in PLUM. In order to match the real time and τ, an associated speedup factor needs
to be determined. This speedup factor has not been determined for the PLUM model yet.
Therefore, the natural units of the PLUM model will be used in this Master thesis.

2.3 Calculation of observables from MD simulations

MD simulations produce high-dimensional trajectories. To understand the conformations
sampled by the system, a range of low-order, usually 1-dimensional, observables are em-
ployed. In this Master thesis the root-mean-square deviation (RMSD), radius of gyration
(Rg), root-mean-square fluctuations (RMSF), the helical fraction and the β-sheet fraction
were used as observables for each single chain simulation to measure convergence and
to compare to other simulations and experimental results. It is important to mention that
all of these observables have their advantages and disadvantages. Hence, regarding one
of these observables alone results in an incomplete picture. All observables have to be
taken into consideration in combination instead.

The RMSD is a measurement of the similarity between two structures. More specifi-
cally, for a configuration of the system at time t, the RMSD is determined by calculating
the mean squared distance between the Cartesian coordinates at time t of atom i and the
Cartesian coordinates of the same atom in a reference structure:

ρRMSD(t) =

√√√
1
N

N∑
i=1

(ri(t) − rref
i )2, (12)

where N is the number of atoms, t is the current time point and ri(t) and rref
i are the

coordinates at time t and reference coordinates of atom i, respectively. Before calculating
the RMSD, the current structure is superimposed to the reference structure by least-square
fitting. An experimental structure is often used as reference for proteins.

The compactness of a protein can be measured through the Rg. It can indicate struc-
tural changes and is defined as the root-mean-square deviation from the center of mass
(COM):

Rg(t) =

√√√
1
M

N∑
i=1

mi(ri − RCOM)2, (13)
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Figure 4: Ramachandran plot of a simulation of mUb with the PLUM-ELM model. (A) The blue box indicates
the helical region. (B) The black boxes indicate the β-sheet regions

where M is the total mass, N is the number of particles, mi is the mass of particle i, ri are

the Cartesian coordinates of particle i and R =
1
M
∑N

i=1 mi ri is the COM of the protein.
The RMSF measures the flexibility of each residue within a protein. For proteins it is

common to use Cα atoms as a probe of the residue fluctuations. The RMSF is determined
by the square root of the variance around the average position:

ρRMSF
i (t) =

√
〈(ri(t) − 〈ri〉)2〉, (14)

where 〈...〉 indicates the average and ri and 〈ri〉
2 are the Cartesian coordinates at time point

t and the average Cartesian coordinates of atom i, respectively. It can be compared to the
experimentally determined Debye-Waller factor, also called B factor.

To examine the secondary structure of the proteins during the simulations, the helical
and β-sheet fractions were calculated. In α-helices and β-sheets the dihedral angles of
the backbone atoms (φ, ψ) fall within specific regions of the Ramachandran plot (Fig.
4), since the backbone flexibility largely depends on these two observables. Hence, it is
possible to assign a secondary structure element to each residue based on the values of
these dihedral angles. In this Master thesis the helical region is defined as φ ∈ [−160,−20]
and ψ ∈ [−120, 50] (Blue box in fig. 4A) [39]. For each residue in each time frame
it was determined whether a residue is helical — within the helical (h) region — or
non-helical (n) — outside the helical region. If (φ, ψ) of one residue fall within the
specified region, this does not necessarily imply that this residue is part of a α-helix. It is
the correlated positioning of multiple, consecutive dihedrals that indicates a secondary
structure element. A helical segment is a segment where at least three consecutive residues
lie within the helical region in a time frame, e.g. ...nhhhn... is the shortest possible helical
segment. The helical fraction of a given residue is then given by the fraction of time that
this residue spends within a helical segment.
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The β-sheet fraction was calculated in the same way as the helical fraction. There are
three different regions in a Ramachandran plot which are occupied by β-sheets. They are
shown in figure 4B (Black boxes): 1. φ1 ∈ [−180,−20], ψ1 ∈ [50, 180], 2. φ2 ∈ [−180,−20],
ψ2 ∈ [−180,−120] and 3. φ3 ∈ [160, 180], ψ3 ∈ [50, 180] [40]. For each residue in each time
frame it was checked whether the dihedral angles are found in a β-sheet region (b) or
non-beta (n) — outside the β-sheet regions. A β-sheet segment is a segment where at least
five consecutive residues lie within the β-sheet regions in a time frame, e.g. ...nbbbbbn...
is the shortest possible β-sheet segment. The β-sheet fraction of a given residue is then
given by the fraction of time that this residue spends within a β-sheet segment.

2.4 Elastic network models and stabilization of protein structure

To ensure the stabilization of tertiary structure in a CG model, some studies have used
elastic network models (ENM). ENMs are simple CG models in which all atom pairs
within a cutoff distance in the native structure are linked with a harmonic spring of rest
length equal to the atoms’ distance [41]. It has been demonstrated that this model can
reproduce the frequency spectrum of a folded protein. The additional springs of ENMs
can be also used on top of another, more complex CG model to stabilize a given reference
structure. This approach does not consider the fact that the atoms might be positioned
within the cut-off radius but are the still not able to interact with particular atom. Consider
the case that atoms 2 and 3 are within the cutoff radius of atom 1 (Figure 5). A more
sophisticated approach to determine the contact list that factors in these shadow contacts
has been previously developed [42]. It excludes bonds that would establish unphysical
contacts.

Figure 5: Scheme of how contacts are determined
using the shadow contact map tool.The figure was
adapted from [42]

However, solely avoiding these con-
tacts does still not take into consider-
ation the different fluctuations between
the pairs of atoms and the need for
a unique spring constant for each pair,
which is typically chosen uniformly for
all springs. To solve this problem,
Globisch et al. established an itera-
tive scheme which updates each spring
constant separately in a series of sim-
ulations [43]. Starting from an ini-
tial simulation with uniform spring con-
stants, the spring constants are up-
dated after each simulation according
to:

Ki j,n+1 = Ki j,n − α
kBT
R4

C

[σ2
d,AA(i, j) − σ2

d,CG(i, j)], (15)

where Ki j,n and Ki j,n+1 are the current and the new spring constant, respectively, between
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particles i and j, α is the scaling factor, RC is the cut-off distance, and σ2
d,AA(i, j) and σ2

d,CG(i, j)
are the variances in distances of particles i and j in AA and CG simulation, respectively.
The scheme is said to be converged, if the difference in variances of AA and CG simula-
tion is sufficiently small [43]. To emphasize in which simulation additional springs were
used, the resulting combination of the PLUM model and the additional spring network
will be subsequently referred to as PLUM-ELM.

2.5 Determination of binding affinity using umbrella sampling

In addition to determining the properties of single chains, it is also possible to characterize
the conformational behavior of multiple molecules using MD simulations. The overall
interaction strength between molecules is determined through the binding affinity. De-
riving the binding affinity of two proteins from unbiased MD simulations requires the
occurrence of multiple binding and unbinding events. While the association rate of pro-
tein complexes is mostly limited by diffusion and is on the order of the magnitude of 10
M ∗ s−1 [44], [45], the dissociation rate is mainly governed by the strength of short-range
non-covalent interactions, such as hydrogen bonds, van der Waals forces, hydrophobic
interactions, and ionic bonds [46]. This leads to a wide range of dissociation constants
for different protein complexes which makes it difficult to ensure several binding and
unbinding events within the time scales accessible to MD simulations.

The binding affinity is a function of the free energy difference between the bound and
unbound states. This free energy difference is linked to the equilibrium constant of the
reversible binding process L + P
 LP which is defined as:

Keq =
[L] + [P]

[LP]
, (16)

where [...] is the concentration of each species. For an easy nomenclature one protein
is named P while the other is referred to as L for ligand. The smaller the dissociation
constant, the higher the free energy difference between the bound and the unbound state
and the more tight the binding between two proteins or a protein and a ligand.

Figure 6: Scheme that describes the process of umbrella sampling.
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To enable the crossing of free energy barriers, enhanced sampling techniques are
needed, e.g. umbrella sampling (US) [47]. US aims to enhance sampling of energetically
unfavorable configurations by adding a biasing potential w(ξ) along a one- or more
dimensional reaction coordinate ξ, e.g. the COM distance. Different choices are possible
for the ξ. However, the bound and unbound states must be clearly distinguishable along
the chosen ξ. w(ξ) could be, for example, a harmonic function of the form:

wi(ξ) =
1
2

k(ξ − ξi)2 (17)

In order to calculate the binding affinity, the unbiased potential of mean force (PMF)—
the free energy surface along ξ — needs to be extracted. As w(ξ) ensures that only a
defined region along ξ is sampled, a single simulation allows an estimate for a small part
of the desired PMF. Hence, several, successive simulations have to be run that sample
different regions of ξ. The input files for these simulations are often created via a pulling
simulation. During the pulling simulation, the ligand is pulled out of the binding site
along ξ. Using the pulling trajectory, structure files are saved in the desired regions of ξ.
The US is then conducted with these input structures and a biased histogram is produced
for each umbrella window. The unbiased probability distribution of each simulation,
and subsequently an estimate of the unbiased PMF, is then obtained using a reweighting
procedure. A scheme of how an US works is illustrated in fig. 6.

2.5.1 Estimation of the potential of mean force

One method to unbias US simulations is the weighted histogram analysis method (WHAM)
[48]. Using WHAM, the unbiased probability distribution P(ξ) is calculated as followed:

P(ξ) =

∑Nw
i=1 g−1

i hi(ξ)∑Nw
( j=1) n jg−1

j e−β(w j(ξ)− f j)
(18a)

e−β f j =

∫
dξe−βw j(ξ)P(ξ), (18b)

where β = 1/kBT is the inverse temperature, hi(ξ) is an umbrella histogram representing
the biased probability distribution Pb

i (ξ), n j is the number of data points in histogram h j
and fi is the total free energy including the biasing potential. The statistical inefficiency
gi is given by gi = 1 + 2τi with τi being the autocorrelation time. It only cancels out of
the equation if all umbrella windows have the same autocorrelation time. Otherwise,
windows with longer τ will be assigned with lower weights [49]. As there are two
unknown parts in equations 18a and 18b, P(ξ) and fi, they have to have to be solved
self-consistently starting from a initial guess for the free energy constants f j. The PMF
along ξ can then be calculated using P(ξ):

W(ξ) =
1
−β

ln(P(ξ)/P(ξ0)), (19)
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where ξ0 is arbitrary reference point at which the PMF,W(ξ0), is set to 0. The WHAM
equations do not allow direct inference of an error estimates, but different bootstrapping
methods can be used to compute them [50].

Another example of an estimator for calculating free energy differences between mul-
tiple states is the multistate Bennett acceptance ratio (MBAR) [51]. If the bin size in the
WHAM equation is set to zero, the MBAR equation is obtained [52].

Ai = −β−1ln
K∑

k=1

Nk∑
n=1

e−βUi(~rkn)∑
k′=1 NkNk′eβAk′−βUk′ (~rkn)

, (20)

where i takes values from 1 to K (the number of intermediate states), Ai is the free energy
of state i,~rkn is the nth sample from the kth state and Ui is the potential of state i. In contrast
to WHAM, MBAR allows for direct error estimation. In addition, MBAR does not suffer
from a histogram bias because no histograms are used. However, the differences in
free energy for MBAR and WHAM should be insignificant if the number of bins used
for WHAM calculation is sufficiently large [53]. Hence, WHAM can be used to obtain
reasonable error estimates of the free energy calculations if long autocorrelation times do
prevent direct error estimation with MBAR.

2.5.2 Facilitated convergence through additional restraints

Figure 7: Definition of the local reference frame.
Two triplets of beads P1, P2, P3 and L1, L2, L3,
one for each molecule, are selected as reference
beads. In order to restrict the relative orientation,
the Euler angles {θ (P3 − L1 − L2), φ (P2 − P1 −
L1 − L2), ψ (P1 − L1 − L2 − L3)} are restrained.

Sampling the full phase-space of the molecules
with all possible orientations is daunting.
Hence, additional restraints can help to bet-
ter sample and to reduce the simulation time
needed to reach convergence of the US [54].
Roux et al. suggest different restraints that
might reduce the simulation time needed, such
as restraining the RMSD. They also establish a
local frame of reference using three sites from
each binding partner which restricts the rela-
tive orientation uo of the two proteins. In addi-
tion, the relative position can be restrained not
only based on distance but also on spherical
coordinates using the local frame of reference.
This restricts the movements of the ligand on
the sphere that is determined by the protein-
ligand distance. The relative orientation is specified by the Euler angles—a set of three
angles (Θ,Φ,Ψ)—and can be used to preserve the orientation with respect to the bound
state. The beads building the local frame of reference for the system studied in this Master
thesis are shown in fig. 7. Restraining the relative orientation of the binding partners, Keq
is defined as:

Keq =

∫
site dRL

∫
dRPe−βU∫

site dRL
∫

dRPe−β[U+uo]
(21a)
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×

∫
site dRL

∫
dRPe−β[U+uo]∫

bulk dRLδ(rCOM − r∗COM)
∫

dRPe−β[U+uo]
(21b)

×

∫
bulk dRLδ(rCOM − r∗COM)

∫
dRPe−β[U+uo]∫

bulk dRLδ(rCOM − r∗COM)
∫

dRPe−βU
(21c)

There are different contributions to Keq that influence the final binding affinity. The
largest contribution comes from the differences in the PMF along the reaction coordinate:

I∗ =

∫
site

dr e−β [W(r)−W(r∗)], (22)

whereW(r) is the PMF along the reaction coordinate.
The term S∗ describes the surface area on the sphere with radius r∗ that is accessible

to the ligand. This sphere is centered on the binding site:

S∗ = (r∗)2
∫ 2π

0
sin(θ) dθ

∫
dφ e−β ua(θ,φ), (23)

where r∗ is a reference point in the bulk which is arbitrary chosen and θ and φ are the
angles used to restrain the relative position of the binding partners.

At last, the contribution to the PMF of restraining the relative orientation has to be
taken into account. Thus, Keq can be as well written as [54]:

KPMF
eq = S∗I∗ e−β(Gbulk

o −Gsite
o ), (24)

where Gbulk
o and Gsite

o are the contribution of the orientational restraints in the bulk and
the site, respectively.

A variety of additional restraints can be applied to a system as long as their contribu-
tion to the PMF is accounted for in the determination of Keq via subsequent free energy
calculations at the end states — bound and unbound state. The resulting binding free
energy is then given by:

∆G◦bind = −kTlog(KeqC◦), (25)

where C° is the standard state concentration. It is common to assume a C° of 1 mol/L (≡
1/1661 Å3) [54].

2.6 Implementation details

2.6.1 Preparation of structure files

To our knowledge, there is no structure file of UBQLN2’s N-terminus published in
the PDB database. Therefore, we used the published structure of Ubiquilin-1’s UBA
domain—residue 536 to 587— (PDB: 2JY5) which shares a sequence identity of 98 % with
UBQLN2-UBA according the a BLASTp alignment [55]. In order to match the sequence
of UBQLN1:UBA to UBQLN2:UBA, residue 555 was mutated from Serine to Asparagine
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using PyMol [56] and the first six residues (536 to 541) and the last residue (587) were
deleted. For the simulations of the C-terminus (residues 450 to 624), the input structure
was generated using the I-Tasser server [25].

For the simulations of Ub, the last two residues had to be removed using PyMol
because they are glycine residues which are not compatible with the CAP group — first
and last residue of each molecule — of the PLUM model.

2.6.2 All-atom simulations

The AA MD simulations were performed using the GROMACS simulation package ver-
sion 5.1.2 [57] with periodic boundary conditions applied in all three dimensions. For
each simulation the AMBER99SB-ILDN force field [58] and the TIP3P water model [59]
were employed. The proteins were placed in a octahedron box shape with at least 1.0 nm
distance to the box edges to avoid interaction with periodic images. UBQLN2:UBA and
mUb were solvated using 3040 and 6525 water molecules, respectively.

If necessary, the system was neutralized by adding sodium or chloride ions. In all
simulations, the leap-frog algorithm [26] was used as an integrator with a time step of 2 fs
and hydrogen bonds were constrained using the LINCS algorithm [60]. The system was
initially energy-minimized with the steepest descent algorithm. Subsequently, the system
was equilibrated for 5 ns under constant volume and temperature (300 K). The system
was first heated up from 0 K to 300 K over 0.5 ns using GROMACS implementation for
simulated annealing. The temperature was maintained using the Berendsen thermostat
with a friction coefficient of 0.5 ps-1. The NVT equilibration was followed an NPT
equilibration of 10 ns where the weakly-coupling Berendsen thermostat and barostat was
used to maintain temperature at 300 K and pressure at 1 bar, respectively. In both cases,
a coupling constant of 0.1 ps-1 was used. For the production phase, the simulations were
performed under constant temperature (300 K) using velocity rescaling with a stochastic
term and a friction constant of 0.1 ps-1. In addition, the pressure (1 bar) was kept constant
using the isotropic Parrinello-Rahman barostat with a friction constant of 2 ps-1. For a
more accurate thermostat, the temperature coupling for protein and non-protein atoms
was separated. During the simulation time of 100 ns, the short range van-der-Waals and
electrostatic interactions within a cut off of 1.2 nm were updated every time step. The
long-range electrostatics were calculated with the PME method with a grid spacing of
0.08 nm and interpolation order 6. The neighborlist was updated using a grid and a cut
off distance of 1.2 nm for short-range neighbor list.

From these single chain simulations the RMSD, RMSF, Rg, the helical fraction and,
for mUb, the β-sheet fraction were calculated. For RMSD and Rg calculations only the
backbone atoms were used to ensure comparability with the CG simulations. In the case
of mUb, the last two residues were excluded from these calculations for the same reason.

2.7 Coarse-grained simulations

All simulations of single chains using the PLUM model, the US and the simulations
of aggregation, were performed using the GROMACS simulation package version 4.5.4
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[61] extended with the additional patches for the PLUM model [31]. All simulations
employed the leap-frog stochastic dynamics integrator with a time step of 0.01 τ.

2.7.1 Stabilization of protein structure

Short single chain simulations were run for a total simulation time of 20 000 τwith periodic
boundary conditions applied in all three dimensions. The systems were simulated at 300
K with a coupling constant of 1 ps. Semi-isotropic pressure coupling was used with a
fixed box size in the x- and y-direction and the Berendsen barostat in the z-direction, as
these simulations were initial simulations for the planned slab simulations described in
section 4.4. A coupling constant of 1 ps and a reference pressure of 0 bar in the z-direction
were used. The reference pressure in the x- and y-directions was 1 bar. The neighborlist
was updated every 10th step using a grid search and a cut off of 1.5 nm. There is no explicit
treatment of electrostatics in the PLUM implementation and the cut off for van der Waals
forces was set to 1.5 nm. The first 500 τ of the trajectories were omitted as equilibration
and were not included in further analysis of the observables.

Initially, different contact cut off values with a uniform spring constants were tested to
determine how many springs are needed to stabilize the protein’s structure. The SMOG
server was used to the create relevant contact lists [62]. While the cut off distance differed
for each of these lists the other parameters were kept the same. The default atom radius
of 1 Å was used and only residues that were more than least three residues apart on the
backbone sequence were considered. For using the SMOG server all hydrogen atoms had
to be removed from the original PDB file. Since the SMOG server establishes a contact
between two residues as soon as any two atoms of these residues are found within the
contact cut off distance. The contact lists were modified and only Cα-Cα contacts within
the radius were kept. Then, short simulations were run using the updated contact lists as
additional bonds. The equilibrium distance for these bonds was chosen to be the distance
in the original PDB file and the spring constant was varied. One of the contact cut off trials
was chosen for each molecule and used for the initial model for the iterative scheme (see
section 2.4. From this uniform starting point for each spring constant the constants were
updated after every 20 000 τ long simulation according to the iterative scheme described
in equation 15 with α = 1050 and RC corresponding to the contact cut off of the initial
simulation. In the case of a negative spring constant, the value was set to zero for the
current iteration.

2.7.2 Umbrella sampling

In order to generate the input structures for the US, the CG protein complex was placed
in a rectangular box (12 nm x 5.94 nm x 4.84 nm) which made sure that the molecules
could not interact with their periodic images—even at the maximal separation distance.
After an energy minimization using the steepest descent algorithm, a pulling simulation
was performed where UBQLN2:UBA was pulled over the course of 20 000 τ using a time
step of 0.01 τ and a pulling rate of 0.001 nm

ps along the reaction coordinate — here the
x-component of the distance of center of masses (COM) — while Ubiquitin was position
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restrained at its initial position. Periodic boundary conditions were applied in all three
dimensions and the neighbor list was updated every 10th step using a grid search and a
cut off of 1.5 nm The temperature was kept constant at 300 K with a coupling constant of
0.1 ps, and initial velocities were generated at this temperature as well. A cut off of 1.5 nm
was used for the van der Waals forces. From the pulling simulation, configurations were
saved approximately every 0.05 nm resulting 34 input configurations for the umbrella
simulations. The initial distance between the two molecules was ≈ 2.05 nm and the
configuration with greatest distance was saved at ≈ 3.7 nm.

Each input configuration was energy-minimized using the steepest descent algorithm
and then a 400 000 τ long simulation was performed in the NVT ensemble with a harmonic

biasing potential of 2500
kJ

mol ∗ nm2 while the pulling rate was set to 0. All other run

parameters were equal to the above mentioned parameters for the pulling simulation
except for the time step which was increased to 0.02 τ. The biasing potential was applied
to all three dimensions of the COM of the protein. To help convergence, a local frame
of reference was established consisting of three beads for each molecule. For mUb, the
three reference beads were chosen to be the Cβ beads of L8, I44 and V70—P1, P2 and P3,
respectively. These residues are known to form a hydrophobic patch which is important
for the binding of UBA and other Ubiquitin binding domains. [63]. UBQLN2:UBA
contains two binding sites which play a role in binding to mUb [11]. Therefore, the Cβ

beads of residues 16 (L1) and 40 (L3) belonging to the two binding sites and residue 25 (L2)
which is part of the second α-helix were chosen as reference beads in UBQLN2:UBA. The
PMF was then be extracted using the GROMACS built-in function g_wham for WHAM
calculations [49] and the python library pymbar for MBAR calculations [51]. While pymbar
allows for direct error estimations, the errors of g_wham calculations were computed by
bootstrapping trajectories [49]. To check the convergence of the PMF, the PMF was
calculated for the first quarter, the first half, first three-quarters of the simulation as
well as for the full-length simulation separately and the results were compared. The
contribution to the PMF from restraining the Euler angles of the reference frame in the
bound state was calculated using pymbar and the influence in the bulk was calculated
directly as an angular integral. The restraining Euler angles over time were calculated
using the MDtraj tools for angle computation [64]. In addition, the running average of
the COM, RMSD, RMSF and Rg was calculated for each frame and compared to single
simulations.

2.7.3 Simulation of aggregation

For the simulations of aggregation, 20 configurations were randomly chosen and arbi-
trarily placed in a 23 x 23 x 23 nm simulation box from each single chain simulation —
C-terminus of UBQLN2 and mUb. The configurations were placed subsequently while
making sure that the newly placed molecule was not overlapping with any other molecule
in the box. For these starting configurations, short benchmark simulations were run in
order to determine the ideal number of cores for each setup.

Then, the input structure was energy-minimized using the steepest-descent algorithm.

26



The energy-minimized structure was then heated from 0 to 500 K over 20 000 τ using
simulated annealing and equilibrated at 500 K in the NVT ensemble for 300 000 τ. Before
the 1 000 000 τ long production simulation was started, the system’s temperature was
reduced to 300 K over 10 000 τ. All other run parameters were kept the same as for US
simulations 2.7.2 — except for the time constant for temperature coupling, which was
reduced to 0.05 ps.

3 Results

3.1 Stabilization of protein structure

3.1.1 Stabilization of an Ubiquitin monomer

For each simulation of mUb the backbone RMSD, Rg, helical fraction, β-sheet fraction and
the RMSF of the Cα beads were calculated. It is important to keep in mind that the AA
model is still a model that has its inaccuracies. Therefore, the aim may not be to force
the CG model to exactly reproduce the AA model. Rather, AA simulations are used as a
reference in combination with experimental results.

To determine the right contact cut off value for the shadow map contacts, simulations
with different contact cut off values and different, but uniform, spring constants, K, were
performed. Figure 8A shows the RMSD distribution for an AA simulation, a simulation
with the unrestrained PLUM model and simulations with a variety of PLUM-ELM models.
The RMSD distribution of the AA simulation contains values between 0.05 and 0.2 nm
which are lower than the CG simulations. The AA model gives rise to two distinct, stable
conformations, as can be seen by the two modes of the RMSD distribution, centered at
0.09 nm and 0.12 nm. Regarding the RMSD over time, the molecule has a RMSD of ≈ 0.1
nm for the first 30 ns. Subsequently, the RMSD increases to ≈ 0.15 nm for the last 70 ns.

The unrestrained PLUM model also shows two peaks at≈ 0.34 nm and at≈ 0.4 nm in its
RMSD distribution which have approximately the same height. However, the two RMSD
distributions do not overlap. The PLUM-ELM model seems to stabilize only one state for
mUb for all contact cut off values. The mean of the RMSD distribution decreases upon
adding the springs with contact cutoff 0.7nm, and further decreases as the the contact
cutoff is increased to 0.9nm. Finally, this distribution is slightly shifted to lower RMSD

values as the spring constants are increased from 50 to 75
kJ

mol ∗ nm2 . The distributions

from PLUM-ELM models with contact cutoff = 0.9 nm overlap with the more prominent
mode of the AA distribution.

Regarding the Rg distributions for the different models, all distributions are found
within a range of 0.1 nm (Fig. 8B). The Rg of the AA simulation is on average higher than
for all CG simulations. The Rg distribution of the simulation with the unrestrained PLUM
model is broader and the protein less compact in this simulation as compared to the AA
simulation. This simulation shares a small overlap with the AA simulation. Applying
a contact cut off of 0.7 nm results in even lower values for the Rg and subsequently a
smaller overlap with the AA simulation. The Rg distributions from PLUM-ELMs with a
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Figure 8: Results for the chosen observables for an AA simulation (black), a simulation with the unrestrained
PLUM (orange) and simulations with the PLUM-ELM model with different contact cut off values and

different, but uniform spring constants—contact cut off 0.7 nm and K = 50
kJ

mol ∗ nm2 (blue), contact cut off

0.9 nm and K = 50
kJ

mol ∗ nm2 (purple), contact cut off 0.9 nm and K = 75
kJ

mol ∗ nm2 (green). (A) For the
RMSD distributions only those simulations with a contact cut off of 0.9 nm do overlap with the distribution
of the AA simulations. (B) The Rg distributions of all simulations do at least partially overlap with the Rg

distribution of the AA simulation. The greatest overlap have the simulation with a contact cut off value of 0.9
nm. (C) The simulations with contact cut off 0.9 nm do correctly stabilize the helical regions. (D) In contrast,
to the simulations with contact cut off 0.9 nm, the unrestrained PLUM does not stabilize all β-sheet regions
correctly. (E) The simulations with contact cut off 0.9 nm resemble the AA RMSF the best.
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contact cut off of 0.9 nm are closest to the AA simulation. The peak of both distributions
is only ≈ 0.1 nm lower than the peak of the AA distribution.

Given the structure in the unrestrained PLUM model implied by the differences in
the RMSD and Rg, the results suggest that the unrestrained PLUM is not able to stabilize
the tertiary structure of the mUb on its own. The same applies to the simulation using a
contact cut off of 0.7 nm for the PLUM-ELM model. On the other hand, enough springs are
established with a contact cut off of 0.9 nm to have a good overlap with the distributions of
the AA simulation. From the RMSD and Rg distributions, which give information about
the tertiary structure of a protein, it is unclear to what extend the secondary structure is
stabilized. Therefore, the α-helical and β-sheet fractions were calculated.

The calculated fractions for the AA simulation are in good accordance with the experi-
mentally assigned secondary structure in the PDB file (see fig. 8C and D). The unrestrained
PLUM model stabilizes well the largest two α-helical segments (residues 22 to 32 and 55
to 57). It also forms additional, short helical segments around residues 17 and 70 which
are not stable over the full simulation length. Regarding the and β-sheet segments, the
unrestrained PLUM model misses parts of the longer β-sheet segments (residues 11 to
16 and 65 to 72). The PLUM-ELM model with a contact cut off of 0.7 nm resembles the
secondary structure of mUb well except for a short, additional β-sheet segment (residues
19 to 21) and a short, missing helical segment around residue 39. Using a contact cut off
of 0.9 nm, the ELM-PLUM model stabilizes all secondary elements regardless of whether

a force constant of 50 or 75
kJ

mol ∗ nm2 was used.

Finally, the RMSF of each simulation was analyzed in order to identify regions of
higher flexibility in the proteins. The RMSF for the AA simulation of mUb shows a
somewhat flexible N-terminus and a highly flexible C-terminus (Fig. 8E). The second
highest peak is found around residue 8 at 0.22 nm. Residue 8 is a Leucine residue and
is part of a hydrophobic patch which has been shown to be important for the interaction
of mUb with UBA domains [11] and other binding partners. According to the structure,
L8 is part of a turn between two β strands. The hydrophobic patch also includes two
other residues, an isoleucine (residue 44) and a valine (residue 70). While V70 is part
of the highly flexible tail at the C-terminus, I44 is part of the third highest peak. Our
AA simulation is in good accordance with previously reported RMSF values [65], [66].
They all share the flexible C-terminus, the two next highest peaks and the plateau between
residues 30 and 40. Looking at the experimental results for mUb, the B-factors also suggest
a highly flexible C-terminus and that residue 8 is the most flexible internal residue. The
rest of the B-factor profile differs somewhat from the shape of the RMSF presented here
[67]. This might be due to the fact that Vijay-Kumar et al. calculated the B-factors from
the whole amino acids while, here, only the Cα atoms were used.

In comparison to the AA simulation, the unrestrained PLUM model captures the
fluctuations of the N-terminus including the peak around residue 8. It also qualitatively
reproduces the peaks around residue 44 and the highly flexible tail. However, this model
does not accurately represent the fluctuations along the middle section of the chain. In
the unrestrained CG model, this part includes several peaks as high as the peak of residue
8 and it does not include the plateau between residue 30 and 40. The fluctuation towards

29



the C-terminus lowers in the unrestrained CG model as well, but is not as low as in the AA
simulation. The largest difference in fluctuations between the AA and the unrestrained
PLUM model is to be found at residue 22 where the two simulations differ by ≈ 0.23 nm.

A contact cut off of 0.7 nm for the shadow map contacts seems to not include enough
contacts to resemble the RMSF of the AA simulation. Although the fluctuations in the
middle part are lowered as compared to the unrestrained PLUM model, these residues
still fluctuate too much and the shape of the AA RMSF profile is not resembled in this

region. Using a contact cut off of 0.9 nm and a spring constant of 50 or 75
kJ

mol ∗ nm2
results in an RMSF profile with all major maxima and minima of the AA RMSF, although
the fluctuations of some residues remain a little too high.

Taken together, these results suggest that a contact cut off of 0.7 nm is not sufficient
to stabilize mUb’s protein structure. Therefore, a contact cut off of 0.9 nm and a spring

constant of 75
kJ

mol ∗ nm2 was used as an initial model for the iterative scheme. Regarding

the error of the RMSF (see SI 5), there is a large decrease in the error upon applying the
uniform spring constants. During the iterative scheme the error of the RMSF fluctuates
between 0.075 and 0.035 while it tends to get a bit smaller overall. Therefore, it was
decided to not further optimize the spring constants after iteration 7. In that iteration four

spring constant were equal to zero, the highest spring constant was 252.0
kJ

mol ∗ nm2 and

the lowest non-zero spring constant was 17.8
kJ

mol ∗ nm2 . Figure 9 shows the calculated

observables for selected iterations. In each plot the observable of the AA and the initial
simulation are plotted as reference. The results for the other iterations can be found in
the supporting information (SI) 5.

Regarding the results for the iterative scheme for mUb, there are no major changes
in the observables for all iterations, except iteration 6. Adjusting each spring constant
individually only marginally reduces the differences between the AA and the PLUM-ELM
models. This suggests that a uniform spring constant is already sufficient to resemble AA
observables in the PLUM-ELM model. Nevertheless, the mean Rg is ≈ 0.2 nm lower in
iteration 6 as compared to all other iterations. This numerical difficulty might arise due
to the independent treatment of the springs. This does not take into consideration that
different springs established at the same Cα bead might influence each other. However,
the properties of the observables are recovered in the PLUM-ELM model of iteration
7. Taken together, these results suggest that probably any of these PLUM-ELM models
would sufficiently stabilize mUb in further simulations. Thus, iteration 7 was chosen to
be used for the subsequent simulations.

3.1.2 Stabilization of the UBA domain of Ubiquilin-2

In addition to the above discussed simulations of mUb, single chain simulations of
UBQLN2:UBA were run. Since the RMSF in fig. 10D suggest that the N- and C-terminus
of UBQLN2:UBA are highly flexible, the first three residues and the last residue were
excluded from RMSD calculations because they might have a significant impact on the
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Figure 9: Results for chosen observables for an AA simulation of mUb (black), the chosen initial simulation
(red) and iteration 1, 2, 6 and 7 (blue, purple, green, pink, respectively).(A) The RMSD distribution stays
approximately the same for all iterations. (B) Except for iteration 6, the Rg distributions of all iterations are
only slightly shifted from the AA simulation. (C) All iterations stabilize the helical regions. (D) The five
β-sheets are sustained in each iteration. (E) While the initial simulation does not resemble all peaks of the
RMSF, iteration 7 resembles most major peaks and the general shape of the RMSF.
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Figure 10: Results for the chosen observables for an AA simulation of UBQLN2:UBA (black), a simulation
with the unrestrained PLUM (orange) and simulations with the PLUM-ELM model with different contact cut

off values and different, but uniform spring constants—contact cut off 0.6 nm and K = 50
kJ

mol ∗ nm2 (blue),

contact cut off 0.6 nm and K = 75
kJ

mol ∗ nm2 (purple), contact cut off 0.6 nm and K = 100
kJ

mol ∗ nm2 (green),

contact cut off 0.65 nm and K = 50
kJ

mol ∗ nm2 (pink) and contact cut off 0.65 nm and K = 50
kJ

mol ∗ nm2 (light
green)
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overall RMSD distribution. This might result in high RMSD although the rest of the
structure might be very similar. In comparison to mUb, the RMSD of the AA simulation
of UBQLN2:UBA is higher, which might indicate more structural flexibility, e.g. in the
arrangement of the three-helix bundle (Fig. 10A). The distribution of the AA simulation
contains values from 0.2 to 0.3 nm and only has a single peak. The distribution of the un-
restrained PLUM model is slightly shifted to higher RMSD values and includes a second,
lower peak which might indicate a structural rearrangement throughout the simulation.
The RMSD distribution of all simulations with the PLUM-ELM model is shifted to lower
RMSD values as compared to the AA distribution. The single peaks of the PLUM-ELMs

model with a contact cut off of 0.6 nm and a spring constant of 50 and 75
kJ

mol ∗ nm2 are

closest to the AA distribution. The higher the contact cut off or the spring constant of the
PLUM-ELM models, the more the RMSD distributions are shifted to lower values. The

PLUM-ELM model with a contact cut off of 0.7 nm and spring constant of 50
kJ

mol ∗ nm2
has its peak for the RMSD distribution at the lowest value. In contrast to the other PLUM-
ELM models, this setup has small plateau region in its RMSD distribution around 0.22
nm.

Fig. 10B shows the Rg distribution for the different simulations of UBQLN2:UBA.
The Rg distribution of the AA simulation contains values from 0.85 to 1.03 nm and is
broader than the Rg distribution of mUb which underlines the possible higher structural
flexibility of the UBA domain. Overall, the values for the three-helix bundle are lower
than for mUb which might be simply due to the different sequence length of the two
molecules. Comparing the AA Rg to the CG simulations, the protein seems to be more
compact in the PLUM model. For all CG simulations, the single peak of the Rg distribution
lies 0.05 nm lower, at ≈ 0.9 nm, compared with the distribution of the AA simulation. The
overall Rg distribution of the CG simulation is more narrow which might indicate less
structural rearrangement as compared to the AA simulation.

Regarding the secondary structure of the three-helix bundle, the three α-helices are
stabilized in all three classes of simulations. While the unrestrained PLUM model elon-
gates the first and the third α-helix in some parts of the simulation, a contact cut off of 0.7
nm for the PLUM-ELM model over-stabilizes the C-terminus of the UBA domain. But
both of these offsets are quite small as compared to the experimental results of Dao et al.
[10].

The RMSF of the AA simulation suggests a highly flexible N- (residue 1 to 4) and
C-terminus (residues 43 and 44). In comparison with mUb, there are no such clear peaks
around the binding sites — residue 16 to 18 and residue 37 to 43 — as for mUb. The
two highest peaks — except the termini — are found at residues 19 and 22, which is
the region directly before and after the first binding site and at the beginning of the
second α-helix. Before and after that regions the overall fluctuations are lower and range
around 0.1 nm. The unrestrained PLUM model resembles the fluctuations of the Cα beads
belonging to the first α-helix quite well, but allows too large fluctuations for the rest of
the residues. All simulations using the PLUM-ELM lower the RMSF values as compared
to the unrestrained PLUM model but a contact cut off value greater than 0.6 seems to
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establish too many springs as the RMSF values become lower than the RMSF of the AA
simulation for residue 15 to 25. On the other hand, all simulations with the PLUM-ELM
model have a peak at residue 33 where the results differ by around 0.14 nm as compared
to the AA simulation.

Because, to our knowledge, no MD simulations have been previously conducted for
UBQLN2:UBA, simulations of other UBA domains are used to compare the RMSF of
UBQLN2:UBA. Although the UBA domains of UBQLN2 and the autophagosome cargo
protein p62 hardly share any sequence identity, the RMSF profiles of these two UBA
domains do have a similar shape [68], [69]. Evans et al. performed NMR spectroscopy as
well as MD simulations in their investigations. Both methods suggest a highly flexible N-
and C-terminus as in our results for UBQLN2:UBA. While they find a residue of higher
flexibility between the first and the second α-helix in their simulation, there are no major
peaks throughout the RMSF profile for their NMR results with values between 0.05 and
0.1 nm. Similar results were published by Teixeira et al. [69]. Overall, this suggests a
low flexibility of the Cα beads which implies a high stability of the secondary structure
underlined by the results for the helical fraction.

As all tried combinations of contact cut off values and uniform spring constants yield
similar results, and there are no major outliers, the setup with contact cut off of 0.6 nm and

a spring constant of 75
kJ

mol ∗ nm2 was chosen as initial model for the iterative scheme

because it best resembled the RMSF and had one of the greatest overlaps with RMSD
distribution of the AA simulation. Regarding the error of the RMSF (see SI 5), the initial
decrease of the error upon adding springs is smaller than for mUb. The error of the
RMSF fluctuates between 0.17 and 0.05 throughout the iterative scheme. However, as the
RMSD distribution tended to be narrowed with each iteration, the iterative scheme for
UBQLN2:UBA was stopped after 10 iterations. In this iteration the highest spring constant

was 554.2
kJ

mol ∗ nm2 and the lowest, non-zero spring constant was 13.6
kJ

mol ∗ nm2 . Three

spring constants were set to 0 in this iteration. The calculated observables for some
selected iterations are shown in fig. 11. The plots for all other iterations can be found in
the SI 5.

The RMSD distributions for iterations 1, 2, 5, 9 and 10 can be seen in fig. 11A. As
compared to the initial and the AA simulation, the RMSD distribution for all iterations—
except iteration 1—are more narrow and slightly shifted to the left with a single peak
around 0.15 nm. This indicates that the additional springs whose stiffness tend to get
higher throughout the iterative scheme reduce the structural flexibility of the UBA do-
main. In constrast, iteration 1 has two peaks in its RMSD distribution. Looking at the
RMSD over time, the molecule seems to visit two states. First it is found in the same
state as the molecule is in the other iterations. Then it switches to the second state for
about 5000 τ before going back to the initial state. This indicate either that there might be
another stable state which is not visited in the AA simulation or that the springs might
cause some unphysical rearrangement which is fixed in the following iterations.

Comparing the Rg distributions, the distributions of the simulations of the iterative
scheme are a little broader than the one of the initial simulation and the peaks for iteration
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Figure 11: Results for chosen observables for an AA simulation (black), the chosen initial simulation (red)
and iteration 1, 2, 5, 9 and 10 (blue, purple, green, pink, yellow respectively). While iteration 1 does not
properly resemble the observables of the AA simulations, escpecially the RMSD, the difference of the other
iterations to the AA simulations is smaller. Iteration 9 seems to be the best fit.

35



1 and 10 are slightly shifted to the right, closer to the AA distribution (Fig. 11B). Similar
to mUb, the secondary structure was already well stabilized in the unrestrained PLUM
and the PLUM-ELM model with uniform spring constant. Therefore, it was not expected
to see much change among the different simulations of the iterative scheme and the initial
simulation. Small outliers are seen in iteration 5 and 10 where a small helical segment is
formed before the first α-helix during 30 % and 12 % of the simulation time. Furthermore,
the end of the third α-helix is over stabilized in all iterations except iteration 1.

Regarding the RMSF, the Cα beads fluctuate less as compared to the initial simulation
in all iterations except iteration 1. While the shape of AA RMSF profile is well resembled
for the first 12 residues and residues 22 to 30, residue 19 fluctuates more than in the AA
simulation in iterations 1, 2 and 10. The flexibility of all Cα beads following residue 30 is
higher than in the AA simulation for all iterations with the biggest difference in iterations
1 and 2. In general, all observables for the PLUM-ELM model of iteration 1 suggest a
similar numerical difficulty as it was observed in the iterative scheme of mUb in iteration
6.

Taken together, the results for the single chain simulations of UBQLN2:UBA suggest
that the unrestrained PLUM model can reasonably stabilize the structure of the three-helix
bundle. While the secondary structure is nicely stabilized there is a small offset for the
RMSD and Rg. The biggest difference can be seen in the RMSF which is reduced by the it-
erative scheme. However, it was unclear whether these results would be transferable into
the condensed phase. Hence, the additional springs were still applied for UBQLN2:UBA
to ensure the stability of this domain during the simulations of aggregation, which has
been shown experimentally. As all simulations of the iterative scheme showed simi-
lar results and all simulations, except iteration 1, reasonably stabilized the structure of
UBQLN2:UBA, the following simulations, US and simulations of aggregation, were all
run with the set of spring constants from iteration 9 to stabilize UBQLN2:UBA’s structure.

3.2 Umbrella sampling

After stabilizing the structure of the proteins, the binding affinity of mUb and UBQLN2:UBA
was calculated using US. Several attempts were needed to identify a biasing force that
was high a enough to sufficiently restrain the COM distance between the two proteins.
A histogram plot for a biasing force that was too low can be found in fig. 12 A. In this
plot, the histograms are not evenly distributed along the reaction coordinate. The COM
distance, especially of the middle windows, does not fluctuate around the set equilibrium
position, but UBQLN2:UBA moves towards mUb throughout the simulation. Although
not all regions along the reaction coordinate seem to be sampled sufficiently, the resulting
PMF is continuous. However, the larger error bars around a COM distance of 3.25 nm
are likely to indicate that more sampling is needed in that region. (Fig. 12B).

Fig. 13 shows the histogram and the running average for the full simulation length

of 400 000 τ and the PMF. For all US simulations a biasing force of 2500
kJ

mol ∗ nm2
was used. To extract the PMF from the biased simulations, WHAM and MBAR were
employed. Normally, MBAR calculations would allow for direct error estimation. In
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Figure 12: Histograms (A) und PMF profile (B) for an umbrella sampling with a biasing force of 750
kJ

mol ∗ nm2

and no additional restraints.

this study, it was not possible to obtain an uncorrelated subsample from the trajectories
due to long autocorrelation times. This is a prerequisite for reasonable error estimates
for MBAR. Nonetheless, the error bars for the approximate PMF could be calculated
using bootstrapping [50]. As this method is already implemented in g_wham, WHAM
calculations were used to obtain the PMF and its error estimates. To ensure that a
sufficiently small bin size was chosen for WHAM [53], the results were compared to the
MBAR calculations with the correlated sample. They were both the same within error.
Therefore, the results for the WHAM calculations are presented here and the results for
the MBAR calculations can be found in the SI 5.

The histograms for all windows can be seen in figure 13A. All histograms do overlap
with their neighboring windows which is important for a sufficient sampling along the
reaction coordinate. The peaks of the histograms are evenly distributed over the consid-
ered region of the reaction coordinate. This indicates that the chosen spring constant is
high enough although some distribution of COM distances are broader than others.

Regarding the running averages, they seem to stabilize for all windows after ≈ 20 000
τ (Fig. 13B). For most windows the running average is found around the initial COM
distance. But in some simulations a shift of the running average towards a smaller COM
distance is observed during the first 20 000 τ of the simulation. This is especially the case
for the windows between 2.25 nm and 2.6 nm. After that drop in the running average, it
stabilizes between the initial COM distance and the shortest distance between mUb and
UBQLN2:UBA. Complementary, the average COM distance and its standard deviation
of each window can be found in the SI 5. The average COM distance confirms the initial
shift for some frame, especially for the first three windows. The distance between these
windows shrank from 0.5 nm to ≈ 0.2 nm.

The resulting PMF profiles for 100 000, 200 000, 300 000 and 400 000 τ differ slightly in
their shape while the difference between the lowest and the highest PMF value stays the
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Figure 13: Histograms (A), running averages (B) over 400 000 τ and PMF calculations (C) based on WHAM

using a biasing force of 2500
kJ

mol ∗ nm2

same within error (Fig. 13C). The minimum of the PMF for all parts of the simulations
lies at 2.06 nm and the plateau is reached at ≈ 3.2 nm. The first three-quarters of the
umbrella simulation have the lowest values in their PMF profile. The difference between
the minimum and the plateau region of this PMF profile is ≈ 89 kJ/mol Calculating the
PMF profile for the other parts of the simulations, the average PMF value in the plateau
region of the PMF profile increases by ≈ 2 kJ/mol. Although the shape of the PMF profile
of these parts still differs a little, the values at the end points of the US — the bound and
unbound state — are the same. The errors for each part of the simulation were calculated
using bootstrapping and range between 4.5 to 7.2 kJ/mol.

Fig. 14 shows the comparison of the RMSD and RMSF of the bound state, the unbound
state and the single chain simulations. One would expect that the results of the single
chain simulations are recovered as soon as the two proteins are not interacting any more
— in the unbound state. While this expectation is met for UBQLN2:UBA, the results for
mUb differ more from the single chain simulation in the unbound state. The peak for the
RMSD distribution of mUb slightly shifts to the right. But the two distributions still share
an overlap. In the bound state, the RMSD distribution is a bit narrower with the a single
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Figure 14: RMSD and RMSF for the bound and unbound state compared to the results for single chain
simulations. (A) The RMSD for mUb slightly increases in the unbound state as compared to the single chain
simulation and the bound state. (B) The RMSD for UBQLN2:UBA is higher in the bound state than in the
unbound state and for the single chain. (C) The difference between the RMSF for the bound and unbound
state and the single chain simulation is small. (D) The RMSF of the bound state differs more from the single
chain simulation than the RMSF of the unbound state.

peak that is almost not shifted as compared to the single chain simulation (Fig. 14A).
Regarding the RMSF, the most flexible residue and the region towards the C-terminus
fluctuate a bit less in the bound state, while Cα beads around residue 55 to 60 fluctuate a
bit more. In the unbound state, the two highest peaks of the RMSF profile are a bit higher
than in the single chain simulation. The RMSF profile of the bound and the unbound
state is still very similar to the RMSF profile of the single chain simulation (Fig. 14C).

The differences between the bound and the unbound state are bigger for UBQLN2:UBA.
While the RMSD distribution for the unbound state is in good agreement with the distri-
bution of the single chain simulation, the bound state only shares little overlap with it.
The RMSD of the bound state is higher than the RMSD of the single chain (Fig.14B). Com-
paring the RMSF for the different windows, the Cα beads fluctuate more for the bound as
well as for the unbound state. In the unbound state, the shape of the RMSF profile of the
single chain simulation is mostly resembled. The biggest differences can be seen around
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Figure 15: RMSD over time for the first and second run of the window with average COM distance 3.095
nm. (A) Simulation was run with the default random seed (1993) for the integrator. (B) RMSD of the single
chain is mostly recovered using 619230 as random seed.

residue 10 to 20 and he region towards the C-terminus. In contrast, the RMSF differs a lot
for the bound state from the single chain simulation. There are two higher peaks around
residue 30 to 35 that are not found the profile of the single chain simulation.

The fact that the differences of the observables between the bound and the unbound
state are smaller for mUb, is in accordance with the experimental results of Zhang et al.
[11] for the UBA domain of Ubiquilin-1. Their results suggest that the structure of mUb
is not changing upon binding to the UBA domain while the α-helices are slightly rear-
ranging. Hence, the changes in the RMSD might indicate this structural rearrangement.
Regarding these observables, one always has to keep in mind that they are obtained
from biased simulations. These simulations are designed to calculate the binding affinity.
Therefore, one cannot trust the apparent pathways to the bound state because restraints
are added to the simulations which affect the resulting available structures.

In addition, the RMSD of the single chain simulation was recovered for most, but not
for all of the windows in the unbound state. For UBQLN2:UBA it seems like there are
three different states of the RMSD: the one of the single chain simulation, one around 0.3
nm and one around 0.22 nm that matches with the distribution for the bound the state.
In some windows, the UBQLN2:UBA visits all three states throughout the simulation.
In other simulations UBQLN2:UBA is first found in the state around 0.15 nm and then
switches to a state with a higher RMSD. While UBQLN2:UBA only spends a short part
of the simulation in this state for some windows, it stays in this state with a higher
RMSD for other windows. The RMSD distributions for mUb are more stable between the
different windows. The RMSD distribution for most windows is either very close to the
distribution of the single chain simulation or slightly shifted to the right.

For the windows that did not recover the RMSD of the single chain simulations, the
simulations were re-run using different random seeds. Fig. 15 shows the RMSD of
UBQLN2:UBA over time for the window with the average COM distance of 3.095 nm.
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The plots for the other simulations that were re-run can be found in the SI. Using the
default random seed for the integrator (1993), the RMSD of UBQLN2:UBA fluctuates
around 0.15 nm for the first 100 000 τ. After that, the RMSD ranges between 0.25 and
0.35 nm (Fig. 15A). For the second run of this window 619230 was used as random seed
for the integrator. In contrast to the first simulation, the RMSD of this simulation mostly
recovers the RMSD of the single chain simulation. UBQLN2:UBA only switches states
for a short part of the simulation around 50 000 τ (Fig. 15B). In order to check the effect
of this difference in the RMSD on the PMF, the PMF was re-calculated including both
simulations for the windows that were re-run. The resulting PMFs only differ within
error (see SI 5).

Euler angle unrestrained [°] restrained [°]

Θ 93.55 ± 12.67 95.01 ± 2.92
Φ 91.89 ± 18.24 92.58 ± 4.41
Ψ 4.50 ± 29.63 1.15 ± 3.93

Table 1: Averages and standard deviations of the
Euler angles in the restrained and unrestrained
bound state.

The long autocorrelation times
suggested that an additional equili-
bration time might be needed. This
need was underlined by the initial
shifts of some frame seen in the plot
of the running average 13B. For this
purpose, the average COM distance
was calculated over the a equilibra-
tion time of 50 000 τ and the last frame
at this average was saved as input
conformation of the production phase.

While this procedure worked for most of the umbrella windows, another configuration
had to be saved for some of the windows because the initially saved configuration led
to an unstable simulation. It is expected that is problem has to do with the additional
restraints of the Euler angles. It might be avoided more robustly by taking into con-
sideration the averages of these angles as well for choosing an input structure for the
production phase of the US. Preliminary results for the US simulations with a preceding
phase of equilibration show that autocorrelation times are shortened for some umbrella
windows while they are elongated for others. However, they are still too long to allow
reasonable error estimates from the MBAR calculations. The results for the PMF are the
same within error as for the US simulations without the equilibration. As the additional
equilibration time seems to make no difference in the results for the PMF, the results
without the additional equilibration were used for the final calculation of the binding
affinity.

Table 1 shows the averages and the standard deviation of the Euler angles in the
restrained and the restrained bound state over the full simulation length. These were
calculated to check whether the Euler restraints are working correctly. The standard
deviations are significantly smaller for all Euler angles in the restrained bound state. This
suggests that the restraints of the Euler angles were correctly applied.

The contribution of the orientational restraints in the site and the bulk are written
in table 2. The contribution of these restraints to the PMF in the unbound state was
calculated by numerical integration as the bulk is isotropic. Their contribution to the
PMF in the bound state was calculated via MBAR. In addition to the long autocorrelation
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times, the PLUM-ELM model had problems to stabilize the Euler angles in the bound
state without additionally restraining them (see SI 5). Hence, the calculated contributions
in the bound state are an approximation to the correct values. As S∗ and I∗ are both
dependent on the choice of the reference point r∗, S∗I∗ was calculated using three different
reference points (see SI 5). They were found to differ ≈ 0.49 kJ/mol at most. Hence, r∗

was chosen to be 34.71 Å based on these calculations. In addition, I∗ depends on the
region of integration, which should include the binding site only. This binding site is
not well-defined. However, integrating over the full range of W(r) or + 4 Å from the
minimum, results in a difference of≈ 2.5 * 10−7 kJ/mol in the final binding affinity because
the ascent of the PMF is steep.

Restraint Contribution to PMF [kJ/mol]

Gsite
o -0.152 ± 0.155

Gbulk
o 12.2

Table 2: Contribution to the PMF of the orienta-
tional restraints in the bound and unbound state.

Taking together all contributions
to the PMF, the final binding affinity is
-77.31 kJ/mol. This is about 46 kJ/mol
higher than the experimentally deter-
mined binding affinity of Dao et. al
[10]. Although the binding affinity of
the PLUM-ELM model does not per-
fectly align with the experimental re-
sults, they are still in the right order of

magnitude.

3.3 Simulation of aggregation

Figure 16: Average simulation time in ns/day in bench-
mark simulations using different numbers of cores

.

Unfortunately, a full analysis of the sim-
ulations of aggregation was out of scope
for this Master thesis. Some of the pre-
liminary results are presented in this sec-
tion. Fig. 16 shows the plot for the
short benchmarking simulations for the
largest studied system—20 molecules of
UBQLN2:C-terminus (residues 450 to 624)
and 20 molecules of mUb. This system
has 28 260 beads. First, the performance
is slowly rising from 25 to 40 cores. The
biggest rise can be seen between 40 and 60
cores. After that, the performance only in-
creases little with a higher number of cores.
In combination with the rising load imbal-

ance for more cores, this suggests that using 60 to 65 cores is a reasonable choice for this
system.

Examining the simulations visually in VMD, it was observed that all molecules diffuse
slowly even at a temperature of 500 K during equilibration. There are some changes and
new interactions throughout the production simulation which was performed at 300 K
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over 1 000 000 τ. But the formation of these contacts takes a long time. Fig. 17 shows the
contact map for a simulation of UBQLN2:UBA domains. The highest contact probability
is observed between residues 4 to 6 and 16 to 18. Residue 4 to 6 have a higher probability
to interact with residues towards the C-terminus as well. Both of these regions have been
identified as potentially important for the interactions between UBQLN2:UBA and mUb
[11]. This motivates future studies on these interactions using the PLUM-ELM model.

4 Discussion

4.1 Limitations of the PLUM model that have to be further investigated

Figure 17: The residue-residue contact map of a simu-
lation with UBQLN2:UBA domains shows an overall
low contact probability for the first part of the simula-
tion.

.

Like all other AA and CG models, PLUM
is a model that has its advantages and po-
tential pitfalls. Because the PLUM model
is an implicit solvent model, it is not able
to properly model the hydrophobic ef-
fect. The hydrophobic effect describes the
apparent attraction between hydrophobic
solute molecules due to the entropically-
preferred rearrangement of (polar) solvent
molecules. In an implicit solvent model
these interactions have to be represented
based on the solute’s coordinates only
which limits the ability to describe changes
in this effective interaction, e.g., as a func-
tion of thermodynamic state [30]. For ex-
ample, the current implementation of the
PLUM model cannot capture the temper-
ature dependence of this hydrophobic ef-
fect. With rising temperature, the free en-

ergy of solvation of residues changes which leads to the collapse of some IDPs upon
increasing temperature. However, this change in the effective interactions cannot be
modeled by a simple, fixed interaction potential. The representation of LCST transitions
with implicit sovent models can be achieved through either temperature dependent in-
teractions between solute molecules [70] or more sophisticated functional forms for the
interactions that depend on properties of the environment, such as the solvent accessible
surface area [71].

Moreover, environmental factors, e.g. the ionic concentration, are important in mod-
ulating LLPS of proteins. Modeling the influence of these factors in MD simulations
requires the explicit treatment of electrostatics. Since there are no explicit electrostatics
included in the PLUM model [31], the current version of the PLUM model is not able
to capture the influence of the ionic concentration and other environmental factors. Fu-
ture work should incorporate explicit electrostatics into the PLUM model, e.g., using the
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Debye-Hueckel formalism.
Bereau et al. hypothesized that their implementation of the PLUM model might have

packing problems for stabilizing the tertiary in globular proteins [31] which is underlined
by the results for mUb. All side chain beads have the same van der Waals radius. This
does not take into account the size differences of different amino acids. While alanine only
has a methyl group as side chain, the side chain of arginine consists of a 3-carbon aliphatic
straight chain ending in a guanidino group. Different bead sizes could be incorporated
in the PLUM model via parameter refinement based on experimental results [72] or
atomistic simulations [73], [30].

In addition, Rutter et al. identified problems in sampling the (φ, ψ) coordinates
correctly for prolines [38]. The side chain of proline is cyclic and is bonded to the Cα

and N atom of the backbone. The results of Rutter et al. show that the PLUM model is
not able to stabilize a left-handed polyproline helix. This secondary structure element is
not stabilized through hydrogen bonds but rather through the interaction of neighbored
amide groups [74]. As the percentage of proline residues in mUb and UBQLN2:UBA are
low, 4 % and 2 %, respectively, the two proteins do not form polyproline helix and this
inaccuracy of the PLUM model should not influence the results of the folded domains
presented here. However, this issue should be kept in mind when studying the PXX
domain of UBQLN2 because 31 % of the residues in this domain are prolines. At the
same, the structural propensity of this domain is low [10].

Another downside of the force field that has arisen during this Master thesis are the
slow dynamics of larger systems. This slow dynamics are at least partially caused by the
high resolution of hydrogen bonds in the PLUM model and limit the application of it to
much larger systems. Regarding the setup that includes 20 molecules of the C-terminus
of UBQLN2 and mUb (28 620 beads), ≈ 67 000 τ/day can be simulated with the current
implementation of the PLUM model. Aiming at a simulation length of 1 000 000 τ for
the simulations of aggregation, this results in a computing time of about 2 weeks for one
simulation. This simulation would have to be conducted at different temperatures to allow
deriving a phase diagram. In this Master thesis GROMACS version 4.5 was employed.
Implementing the PLUM model for a newer GROMACS version, would require changes
in the source code as the hydrogen bonding interactions are specialized. Therefore, the
original implementation of the PLUM model was used in this study. However, the large
amount of computational resources needed for the planned study (see section 4.4) suggest
to implement PLUM on a faster platform in future studies, such as LAMMPS [75].

4.2 Stabilization of protein structure

The results of this thesis demonstrate that the PLUM-ELM model can effectively stabilize
the structure of mUb and UBQLN2. The additional springs can be applied only locally
which enables the simulation of ordered and disordered domains at the same time.

While proteins with a simpler structure are already reasonably modeled by the unre-
strained PLUM model, the PLUM-ELM model facilitates the modeling of mUb, a more
complex, globular protein. One reason for the lower accuracy of PLUM for mUb might
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be that the PLUM model was mainly parameterized using three-helix bundles. On the
other hand, mUb contains several short helical segments and five β-strands that have to
be correctly arranged in space. Both of these secondary structure elements are stabilized
by backbone hydrogen bonds. Despite the relatively sophisticated hydrogen bonding
interactions in the PLUM model, the limitations of the PLUM model discussed above
prevent an accurate modeling of β-sheets in mUb. The results for the unrestrained PLUM
model show that there might be some additional parameter tuning needed in order to
fully stabilize this secondary structure element.

According to Bereau et al., another explanation for the difficulties in the arrangement
of tertiary structures could be the problem of realistic packing in globular proteins [31].
Adding enough additional springs to model, fixes this problem to some extent. These
springs harmonically restrain the distance of specified Cα beads around a chosen equilib-
rium. This procedure allows structural rearrangements to some extent while keeping the
structure as close to the initial structure as needed. The balance between those two can
be managed by the number and the strength of the additional springs. A higher number
of springs with higher spring constant result in a more restricted structure.

Hence, the aim should be to use enough restraints to resemble the RMSF while, at the
same time, not restraining the structure too much, since this would influence the RMSD
distribution. This seems to be especially important for more flexible proteins such as
UBQLN2:UBA. While the RMSD distribution of the unrestrained PLUM model is close to
the AA simulation, it is significantly lowered when applying the PLUM-ELM model. At
the same time, the fluctuations of the Cα beads are better resembled when the additional
springs are applied. This suggests that the impact of the number of springs is higher than
the particular spring constants used. Indeed, a set of uniform spring constants is already
sufficient to stabilize the structure of the two proteins studied in the PLUM-ELM model.

Here, the shadow map approach [42] was used to determine the number of contacts
for the addition of springs. Evaluating the PLUM-ELM model, one possibility would be
to try different contact maps. Globisch et al., for example, establish a contact between
two Cα beads when their average distance is smaller than a cut off and they are at least
two residues apart. In addition, they checked whether the correlation coefficient of the
covariance of an atom pair is higher than a predefined minimum or the variance of their
is smaller than a maximum [43]. The advantage of this procedure is that it is not solely
based on the initial structure and avoids erroneous bonds. Using the overlap criterion,
a native contact is formed if the van der Waals spheres of any heavy atoms of different
residues overlap [76]. Another approach that takes into account structural and chemical
properties is the repulsive contact of structure unit. It differentiates between proper and
destabilizing contacts and a contact is only established if the number of proper contacts
is higher than the number of destabilizing contacts [77]. In the present study, all of these
options would result in slightly different contact maps, as they focus on different features.
This might lead to different results and a better or worse stabilization of protein structure
as the number of stabilizing springs would differ for each approach.

Poma et al. used the latter two contact maps for their extension of the MARTINI
model [78]. Instead of connecting beads in contact with harmonic bonds, they used
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Lennard Jones potential interactions. This idea was already implemented for Gō-models
and allows more structural flexibility in the MARTINI model. Earlier versions of the
MARTINI model did not allow for this flexibility because the structure was kept close to
the native structure using a stiff elastic network [79], [43]. Poma and co-workers state
that their results for proteins with a highly conserved structure, like mUb, are still in good
agreement with AA simulations. Hence, this might be one possibility to avoid restricting
the RMSD too much. On the other hand, the results of this Master thesis show that the
PLUM-ELM allows for some structural flexibility.

Investigating the phase-separating behavior of UBQLN2 in combination with mUb
using the PLUM-ELM, is one aim of future studies. As compared to other CG models
for studying LLPS, the structural flexibility in the PLUM-ELM might be an advantage.
Most of these models treat the ordered regions as rigid bodies that do not have any
structural flexibility. For example, Dignon et al. developed a sequence-specific bead-
spring type model where one amino acid is mapped to one bead [18]. There are two
different versions of the model. One is based on a hydrophobicity scale and the other one
uses the paramaterized functional form of the Miyazawa Jerningan potential [34], [80].
There are three reasons why both version of this model are computational more efficient
than the PLUM(-ELM) model. First, less interactions need to be calculated due to the
lower resolution of the model of Dignon et al. Second, their model allows for greater
time steps than the PLUM model. They were using a time step of 10 fs, while the greatest
time step that was employed for the PLUM model so far is 3 fs [38]. At last, the model
of Dignon et al. has a smoother free energy landscape than the PLUM-ELM model. The
high resolution of hydrogen bonds results in a more rugged free energy landscapes, e.g.
slower transitions between structures.

The higher computational efficiency of the model of Dignon et al. is traded against
a lower structural accuracy. As the model does not distinguish between the backbone
and the side chain of amino acids, it is limited in the distinction of different types of
interactions [72]. This sensitivity might be important because further analysis with a
modified hydrophobicity scale suggested that backbone interactions are likely to play
a role in driving LLPS [72]. On the other hand, the PLUM-ELM model is capable of
distinguishing these interactions and investigating the role of sidechain-sidechain and
sidechain-backbone interactions in LLPS.

Furthermore, the more generic model of Dignon et al. does not form any secondary
structure [18]. As this further reduces the computational resources needed, it denies that
disordered domains can still have a structural propensity and might temporarily form
secondary structure. Whereas, the high resolution of the backbone in the PLUM model
enables secondary structure formation for ordered as well as disordered domains. This
results in a higher structural accuracy of the PLUM model.

Comparing PLUM-ELM with the model of the Dignon et al, electrostatics are treated
explicitly in the latter. This enables the investigation of environmental factors, such as salt
concentration, and the simulation of LCST in LLPS. The current implementation of the
PLUM model is lacking these interactions. However, they could be added to the PLUM
model using a Debeye-Hückel potential for future studies.
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The PLUM-ELM extension is based on a paper of Globisch et al [43]. They applied
the iterative scheme to a protein employing the MARTINI model. Lower uniform spring
constants are needed for the PLUM-ELM model than for the MARTINI model to initially
stabilize the structure. The reason for that might be that MARTINI model, in contrast
to the PLUM model, is not able stabilize secondary structure on its own in its current
implementation. Hence, stabilizing this structure via an elastic network model is a pre-
requisite in order to model stable proteins with the MARTINI model. In the PLUM-ELM
model, on the other hand, the high resolution of the backbone allows secondary structure
formation and the additional springs are a supportive factor that ensure stabilization,
even in untested environments.

To interpret the results presented in this thesis, it is important to consider the limi-
tations of the particular observables considered. Regarding the RMSD, a flexible tail or
structural differences in one loop already cause a high RMSD although the two struc-
tures might be almost identical otherwise [81]. Another problem of the RMSD is that
many configurations can be found at the same distance of the given reference structure,
although they are not the same. To further investigate what structural changes are in-
dicated by particular RMSD values, one could use a weighted RMSD or calculate the
all-to-all RMSD—this means that the RMSD of each time frame is taken with respect to
all others in the trajectory [82]. Another possibility to compare the structural similarity
would be calculating the RMSD of the dihedral angles [81].

4.3 Umbrella sampling

The results presented here for US underline that one needs to carefully assess multiple
observables of each simulation to ensure sufficient sampling in each window. To ensure
that the binding affinity of mUb and UBQLN2:UBA was calculated accurately for the
PLUM-ELM model, different observables, such as the RMSD and the running average
of the COM, were calculated. Using WHAM as an estimator, even poor sampling might
result in a continuous PMF profile which is not converged and where the molecules did not
sample the desired distances along the reaction coordinates. There are different potential
sources of error that have to be taken into consideration to determine the accuracy of the
calculated binding affinity. While some of these errors, like an insufficient sampling time,
can be avoided easily, others are harder to detect.

First, an unfortunate choice of reference points for umbrella distance restraints might
be made, e.g. an input structure where the two molecules are not interacting as they
would in reality. This would lead to configurations used for the US that do not represent
the path of unbinding. It has been shown that this offset is avoided if the orientation of
the pulled protein is restrained closely to the bound state [83]. This was accomplished in
this Master thesis using the local frame of reference. Another source of error is the used
estimator, such as WHAM, MBAR or umbrella integration. In order to quantify the offset
caused by the used estimator, the results presented here could be compared to results for
umbrella integration. Here, WHAM and MBAR were used as estimators. Normally, one
would prefer to use MBAR over WHAM because a binning error is introduced in WHAM
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calculations [51]. However, due to long autocorrelation times of some windows it was not
possible to obtain an uncorrelated subsample for MBAR calculations and hence, to benefit
from the direct error estimation of MBAR. Therefore, the PMF and its error estimates were
calculated via WHAM and the already implemented bootstrapping. A sufficiently small
bin size for these WHAM calculations was ensured by comparing the results to the results
of the MBAR calculations with the correlated sample.

Although the PMF presented here seems to be converged, changing only within the
statistical error over 400 000 τ, the long autocorrelation times suggest that more sampling
is needed to get the correct free energy differences. These long autocorrelation times
might arise due to insufficient sampling of coordinates that are orthogonal to the reaction
coordinate [84]. In the literature, it is suggested to sample approximately 50 times the
integrated autocorrelation time [53]. Regarding the longest autocorrelation time 160
000 τ of the investigated, the sampling in this study corresponds to only ≈ 2.5 times the
autocorrelation times. This makes it difficult to achieve the suggested simulation length
within reasonable usage of computational resources. Hence, the presented results for the
binding affinity have to be interpreted with caution as they are only an approximation
for the real free energies of the model.

If the histograms were not converged, the integrated autocorrelation time might be still
underestimated because transitions might have not have occurred during the simulations
[49], [84]. Taken together with the RMSD results for re-running different frames, this
suggests that it might be more efficient and accurate to run multiple, shorter simulations
for each umbrella window instead of running one long simulation for each window. These
simulations should be performed starting from different input structure for each distance
with different random seeds. Bootstrapping complete histograms from these simulations
has been shown to be give more accurate estimates of the errors than bootstrapping
complete trajectories if the phase space is not completely sampled [49].

Regarding the structural observables of the umbrella windows, the RMSD of the single
chains is not recovered. This might be due to the additional restraints of the Euler angles.
Here, single beads were used as a local reference frame. Hence, the orientational restraint
is only applied to these beads. One way to ensure an even distribution of the additional
forces among several beads is to use virtual sites [54]. This method allows to group
together several particles to one virtual bead and avoid an impact of the restraints on the
overall structure of the proteins.

In principle, it is possible to add a variety of restraints to help convergence and
reduce the simulation time needed for US. As these restraints are, like coarse-graining,
removing certain degrees of freedoms of the system, they have to be chosen carefully
and their contribution has to be accounted for in the final calculations of the binding
affinity. However, it is not always trivial to identify observables that might be hindering
convergence and restrain them. This is especially the case if convergence impeded by
specific interactions between pairs of residues [85]. To solve this problem, enhanced
sampling techniques, such as replica-exchange US, can be employed [86], [54], [87]. In
this approach the biasing potential of adjacent windows is exchanged. This exchange
is accepted or not based on a Metropolis criterion. The aim of replica-exchange US is

48



to make free energy calculations independent from the starting conformation of each
window.

In addition to general sources of error, there are inaccuracies of the PLUM model in
representing the interactions between UBQLN2 and mUb. The binding affinity of two
molecules and the stability of a bound state are influenced by non-covalent interactions,
such as van der Waals forces, hydrogen bonds and electrostatic interactions. One potential
issue is again the lack of explicit electrostatics in the PLUM model, although these inter-
actions are partially accounted for within the Miyazawa-Jernigan matrix [34]. Another
source of inaccuracy might be the implicit representation of solvent in the model. Water-
mediated hydrogen bonds can influence the binding of proteins [88]. As an implicit
solvent model, the PLUM model treats water-mediated hydrogen bonds only implicitly
through the backbone hydrogen bonds and other effective interactions in the model.

US is not the only possibility to calculate the binding affinity of two proteins. Another
PMF-based method is adaptive biasing force (ABF) [89]. The ABF algorithm incorporates
the average force acting along the reaction coordinate in the equations of motion. There-
fore, the free energy barrier between the bound and unbound state is flattened adaptively
[90]. As compared to US, ABF would allow insights into the dissociation pathway in
future studies.

In addition, there are also methods for free energy calculations that do not rely on the
extraction of the PMF, but on alchemical transformation. In these approaches the interac-
tions of the ligand with the binding partner and/or solvent are switched off progessively
using unphysical intermediate states. One of these methods is free energy perturbation
(FEP) [91]. The greatest drawback of alchemical transformation methods is that their
convergence is currently limited to small ligands [85]. As extensive sampling is needed,
there are only few studies that tried to calculate the binding affinity of protein-protein
systems [92], [93]. On the other hand, alchemical perturbation methods, such as FEP,
are favored over PMF-based methods if the binding site is not easily accessible and there
is no simple association path [94]. However, the results of Zhang et al. suggest a specific
binding of UBQLN2:UBA to mUb through hydrophobic patches on the surface of both
proteins [11]. Taken together the specific binding of mUb and UBQLN2:UBA and the
size of the studied proteins, using US to determine the binding affinity between mUb and
UBQLN2:UBA, was a valid choice.

Despite these limitations of the PLUM-ELM model, the results for the binding affinity
of UBQLN2:UBA and mUb presented in this Master thesis are still within the order of
magnitude experimental results [10], [11]. The experimental results suggest a binding
affinity of 31.5 ± 0.1 kJ/mol. This is about 46 kJ/mol lower than the binding affinity that
was determined in this Master thesis. Potential reasons for this difference were discussed
above. The binding affinity calculated here and the contribution of the additional re-
straints to it were determined from not converged simulations and hence, might differ if
the simulations are elongated until convergence. However, so far only small changes in
the PMF were observed upon incorporating additional simulations for certain windows.
Compared to the accuracy of another implicit solvent CG model that was employed for
free energy calculations, the difference of the PLUM-ELM model to the experimental
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results is smaller [54]. The estimated binding affinity of the CG model used by Woo
et al. was ≈ 300 kJ/mol larger than the experimentally determined binding affinity for
their system. In contrast, other studies suggested a binding affinity can be calculated in
good accordance with experimental results for other studied systems when AA models
for US are used [54], [95]. The error of this calculated binding affinity is on the order
of ≈ 4 kJ/mol. With this in mind, the results for the umbrella sampling indicate that
the PLUM-ELM model provides a reasonable representation of the interactions between
mUb and UBQLN2:UBA, and can be further employed to investigate the aggregation of
UBQLN2.

4.4 Intermolecular interactions between multiple chains

Regarding the intermolecular interactions between multiple chains, simulations over a
simulation time of 1 000 000 τ were run. For these simulations different domains of
UBQLN2 with and without mUb were placed randomly in a simulation and their inter-
actions were observed over time. A full analysis of these simulations was unfortunately
out of scope of this Master thesis. This analysis would have included inter- and intra-
molecular observables. As intra-molecular observables the change in RMSD, RMSF and
Rg as compared to single chain simulations would have been analyzed. The solvent
accessible surface area would have been calculated as an additional intra-molecular ob-
servable. Regarding the interactions among different molecules, the radial distribution
function of COM of single molecules would have been computed and the formation of
clusters over time would have been observed. Here, only the results for the contact map
were presented. This contact map gives an initial insight of how different UBQLN2:UBA
domains interact with each other in the PLUM-ELM. The influence of mUb on the contact
map of UBQLN2, would have been of special interest because mUb interrupts the LLPS
of UBQLN2 experimentally. For the same reason it would have been interesting to obtain
further information on the interaction of the UBA and the STI1-II domain of UQBLN2.

Given the slow dynamics of larger systems, it was not intended to reach a fully equili-
brated system in the simulations of aggregation. The simulations should be rather seen as
a starting point for further investigation. The slow dynamics make it difficult to apply this
model to simulations of aggregation without using enhanced sampling techniques. One
of these techniques that might help sampling is Monte Carlo simulations. A Monte Carlo
simulation consists of a series of random steps in the phase space modifying degrees of
freedoms of the system. These steps are accepted or rejected with a probability that is
based on the change in energy. In contrast to MD simulations, Monte Carlo simulations
do not investigate the time evolution of a system, they produce a set of possible con-
figurations in the equilibrium ensemble. This procedure facilitates crossing free energy
barriers because energetically unfavorable conformations might be still accepted. These
regions might not be visited in MD simulations, as the system might get trapped in local
energy minima. Furthermore, other studies suggest that simulations should be elongated
to larger time scales than 1 000 000 τ to see proper droplet formation [18]. This is not
possible with the current implementation of the PLUM model and a reasonable usage of
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computational resources. Hence, using Monte Carlo simulations might be one way to
better sampling of the phase space and observe LLPS in addition to improvements of the
PLUM implementation as they already have been employed to study ensembles of IDPs
before [96].

The overall aim of the simulations of aggregation would have been to derive a full
phase diagram, as Dignon et al. did in their study employing the slab method [18].
In this approach, a rectangular simulation box that is equal in length for the x- and y-
direction, but elongated in the z-direction is used. The high-density (concentrated) phase
with surfaces normal to the z-axis is modeled in equilibrium with the low-density (dilute)
phase. This allows the determination of the equilibrium concentration of proteins in each
phase and consequently, a phase-diagram if several simulations at different temperatures
are conducted.

The idea was to perform this type of simulations for six different setups. First, there
would have been one simulation of the UBA domain solely. In two subsequently simu-
lations, the PXX and STI1-II domain would have been added, respectively. Then, all of
these three setups would have been repeated with additional mUb molecules. Deriving
a phase diagram from each of the simulations, would have allowed to further investigate
the impact of mUb and the disordered domains of UBQLN2 on the LLPS of UBQLN2
and the interactions between the two molecules. Experimental results suggest that only
the full C-terminus of UBQLN2 is phase-separating. This LLPS is disrupted by mUb via
binding to the UBA domain [10]. Unfortunately, conducting all of the needed simulations
was out of scope of this Master thesis.

5 Conclusions and outlook

This Master thesis employed a multiscale approach to investigate the role of mUb in
the aggregation of UBQLN2. Both of these proteins have been found to play a role in
the pathological mechanism of ALS [10], [8]. In order to enable accurate modeling of
ordered and disordered domains of UBQLN2, a physics-based CG model, the PLUM
model, was extended with harmonic interactions to stabilize structured domains that are
known to remain folded under significant environmental perturbations. This extension,
the PLUM-ELM model, was tested on two different proteins, mUb and UBQLN2. The
results of this Master thesis underline the capability of the PLUM-ELM model to model
highly conserved proteins as well as molecules with a higher structural flexibility. As
compared to the PLUM model, the PLUM-ELM model improves the stabilization of
globular domains. Additionally, the PLUM-ELM model can be easily transferred to
other molecules of interest with short, additional simulations. These simulations do not
require a lot of computational resources. The most computing power is needed for the
AA simulation of the system of interest. These systems might include other proteins
associated with the ubiquitin-proteasome system that are also found in inclusions of ALS
patients, e.g. p62.

Employing the PLUM-ELM model, the binding affinity between mUb and UBQLN2:UBA
was determined. To obtain the difference in the PMF between the bound and the un-
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bound state, umbrella sampling was used and additional restraints were employed to
facilitate convergence. It was found that the PLUM-ELM model is able to give an es-
timate within the order of magnitude of experimental results. This implies that mUb
and UBQLN2:UBA are interacting reasonably within the PLUM-ELM model despite the
limitations of the PLUM model including the implicit representation of solvation, coarse
description of amino acid side chains, and lack of explicit electrostatic interactions. Re-
garding the long autocorrelation times of the US simulations, the results presented here
are an initial estimate of the binding affinity. Using replica-exchange US, is one approach
for facilitating convergence with reasonable computational requirements in future studies
[85]. In addition, using virtual sites instead of single beads as local frame of reference
might further decrease the autocorrelation time of simulations. Moreover, it would be
possible to add other additional restraints, e.g. restraining the RMSD or the relative po-
sition using spherical coordinates. Roux et al. could show that each of their additional
restraints significantly helps convergence [85], [94], [54].

In addition, preliminary simulations of the aggregation of UBQLN2 were performed.
These simulations identified limitations of the PLUM-ELM model and its implementation
for larger systems and longer time scales. This suggests the implementation of PLUM
on a faster platform, such as LAMMPS. In addition, using Monte Carlo instead of MD
simulation, might enable the sampling needed to see the formation of droplets. By
performing such simulations at different temperatures, a full phase diagram for the
aggregation of UBQLN2 could be characterized [18]. Testing the impact of different
domains of UBQLN2 on the phase diagram, could complement the experimental results
of Dao et al. [10]. Additionally, the PLUM-ELM modle could applied to study mutations,
which have been demonstrated experimentally to impact the aggregation of UBQLN2
[13].

Other improvements that can be made include the incorporation of electrostatics in
the PLUM-ELM mode. This would allow the investigation of the impact of environmental
factors, such as ionic concentration, on the LLPS of UBQLN2 and other proteins. In the
current implementation of the PLUM model side chain interactions implicitly incorpo-
rate average electrostatic effects, but they have no explicit dependence on the solution
conditions. Using an explicit Debye-Hueckel iteraction, would allow to model changes
in the concentration.

In conclusion, the results presented in this Master thesis are a good starting point
for further research. They open prospects in several directions: (i) further investigation
of the capabilities and limits of the PLUM-(ELM) model, (ii) analysis of the impact of
partially disordered domains, mUb interactions and mutations on the LLPS of UBQLN2,
(iii) transfer of the PLUM-ELM model to other proteins. This might lead to further insights
into the driving forces of LLPS and the mechanisms that lead to degenerative diseases,
e.g. ALS.
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Supplementary information

Stabilization of protein structure

The error in the RMSF was chosen as criterion to stop the RMSF. Table 3 shows the error
for the RMSF for the iterative scheme of mUb and UBQLN2:UBA.

Iteration mUb UBQLN2:UBA
0 0.06998 0.13859
1 0.04838 0.16513
2 0.02967 0.05037
3 0.04160 0.13942
4 0.06144 0.04507
5 0.07526 0.02973
6 0.03999 0.08109
7 0.03462 0.06838
8 - 0.06485
9 - 0.05611
10 - 0.05280

Table 3: The error of the RMSF for the iterative scheme of mUb and UBQLN2:UBA. The
error for the unrestrained simulation is 0.62182 and 0.22287 for mUb and UBQLN2:UBA,
respectively
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Figure 18: Results for chosen observables for an AA simulation of mUb (black), the chosen initial simulation
(red) and iteration 3, 4, and 5 (blue, purple, green, respectively).
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Figure 19: Results for chosen observables for an AA simulation of UBQLN2:UBA (black), the chosen initial
simulation (red) and iteration 3, 4, 6, 7, 8 (blue, purple, green, pink, respectively).
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Umbrella sampling

The following equations demonstrate the calculation of the angular integral that repre-
sents the contribution of the orientational restraints in the bulk:

e−βGbulk
o =

1
8π2

∫ π

0
sin(Θ) dΘ

∫ 2π

0
dΦ

∫ 2π

0
dΨe−βuo(Θ,Φ,Ψ (26a)

=
1

8π2

∫ π

0
sin(Θ) dΘe−β(0.5∗418.4)∗(Θ−93.55211∗π/180)2

(26b)

×
1

8π2

∫ 2π

0
sin(Φ) dΦe−β(0.5∗418.4)∗(Φ−91.88719∗π/180)2

(26c)

×
1

8π2

∫ 2π

0
sin(Ψ) dΨe−β(0.5∗418.4)∗(Ψ−4.490039∗π/180)2

(26d)

=
1

8π2 × 0.192594 × 0.19354 × 0.163529 = 0.00752 (26e)

→ Gbulk
o = 12.1978 kJ/mol (26f)

The positional restraints ua(θ, φ) were not applied to the studied system. Therefore,
the force constant k for this restraint was set to 0 for the calculation of S∗.

S∗ = (r∗)2
∫ 2π

0
sin(θ) dθ

∫
dφ e−β ua(θ,φ) (27a)

= (r∗)2
∫ 2π

0
sin(θ) dθe−β 0.5∗k(θ−θ0)2

(27b)

×

∫
dφ e−β 0.5∗k(φ−φ0)2

(27c)

= (r∗)2
∫ 2π

0
sin(θ) dθ

∫
dφ (27d)

= (r∗)2
∗ 4π (27e)

S∗I∗ was calculated using three different reference points at large distance (r∗1 = 32.48
Å, r∗2 = 34.71 Å, r∗3 = 36.56 Å). This allowed to estimate to which extent the calculated
binding affinity depends on the chosen r∗.

S∗1 = (r∗1)2
∗ 4π = (32.48Å)2

× 4π = 1.5136 × 104 Å2 (28a)

S∗1 = (r∗2)2
∗ 4π = (34.71Å)2

× 4π = 1.3260 × 104 Å2 (28b)

S∗1 = (r∗3)2
∗ 4π = (36.56Å)2

× 4π = 1.6794 × 104 Å2 (28c)
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I∗1 =

∫
site

dr e−β[W(r)−W(r∗1] =

∫
site

dr e−β[W(r)−W(32.48)] =

∫
site

dr e−β[W(r)−81.9821] = 4.5932×1014 Å

(29a)

I∗2 =

∫
site

dr e−β[W(r)−W(r∗2)] =

∫
site

dr e−β[(r)−W(34.71)] =

∫
site

dr e−β[W(r)−81.8985] = 4.4419×1014 Å

(29b)

I∗3 =

∫
site

dr e−β[W(r)−W(r∗3)] =

∫
site

dr eβ[W(r)−W(36.56)] =

∫
site

dr e−β[W(r)−81.8844] = 4.4417×1014 Å

(29c)

Figure 20: This figure shows the Euler angles over time in the bound state without any restraints.
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Window Average COM distance [nm] Autocorrel. WHAM [ps] Autocorrel. MBAR [ps]

1 2.064648 ± 0.024970 12542.1 1240.909415
2 2.081044 ± 0.027179 10349.7 1738.92418
3 2.109755 ± 0.028723 5413.79 2961.88233
4 2.144389 ± 0.028562 4561.47 1567.4221
5 2.201687 ± 0.031048 3621.23 1878.278815
6 2.246470 ± 0.030592 36.5211 1951.438370
7 2.295131 ± 0.029837 512.365 2031.699410
8 2.335651 ± 0.029661 744.982 1635.983905
9 2.382731 ± 0.031890 4966.67 1929.834835
10 2.430102 ± 0.034641 9135.88 29157.775965
11 2.499737 ± 0.036830 421.301 12344.838315
12 2.559072 ± 0.034248 9404.83 9451.734000
13 2.620265 ± 0.029406 8233.17 1046.009265
14 2.661709 ± 0.029624 3227.53 919.074140
15 2.709436 ± 0.029894 6519.61 634.131300
16 2.776913 ± 0.030555 7213.61 903.503780
17 2.811083 ± 0.031838 6022.42 2139.451640
18 2.867627 ± 0.032738 8538.29 2529.152440
19 2.932772 ± 0.032635 12157.8 1935.316330
20 2.973402 ± 0.033888 5205.36 2902.467210
21 3.036323 ± 0.032860 7946.13 1215.971010
22 3.095407 ± 0.032410 13666.4 912.491915
23 3.141835 ± 0.031848 11599.2 627.428580
24 3.192327 ± 0.032272 12368.6 506.308560
25 3.242855 ± 0.032085 22.964 523.585045
26 3.289494 ± 0.031472 12588.7 789.518485
27 3.346963 ± 0.031023 12576.9 586.507705
28 3.394042 ± 0.031068 14393.0 556.408110
29 3.438397 ± 0.030957 12840.8 558.255685
30 3.499614 ± 0.030875 19.8221 526.234000
31 3.550995 ± 0.030918 11445.8 551.539500
32 3.596527 ± 0.030544 15175.3 510.345690
33 3.649396 ± 0.030742 14941.3 527.721335
34 3.701554 ± 0.030748 15977.2 536.103095

Table 4: This table shows the average COM distance with its standard deviation for each
window and the autocorrelation times for WHAM and MBAR.
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Figure 21: In A the PMF was calculated using MBAR for 400 000, 300 000, 200 000 and 100 000 τ. In B the
WHAM calculations for 400 000 and 300 000 τ including the histograms of the windows that were re-run can
be seen. C shows the resulting PMF when the first 50 000 τ of each part is removed as equilibration.
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Figure 22: RMSD over time for the first (orange, left side) and the second (red, right side) run. The umbrella
sampling was re-run for window 12 with an average COM distance of 2.56 nm (A + B), window 24 with an
average COM distance of 3.19 nm (C + D) and window 25 with an average COM distance of 3.24 nm (E + F).
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