Computational Theory

Protein Structure and Function

The relationship between protein structure and function is central for understanding
how the molecular world works. However, determining both can be very difficult
and requires a combination of many different methods, as most methods are focused
on determining either one or the other. X-ray crystallography, EM, and to some
extent NMR spectroscopy are typical methods used to determine the structure of
proteins [1-3]. Function is often coupled to the dynamical properties of the protein,
which can be examined using e.g. Forster resonance energy transfer (FRET),
variants of NMR spectroscopy, and infrared spectroscopy [4]. Each method has a
timescale of which it can provide information ranging from vibrations of individual
atoms on a sub-femtosecond timescale, to protein translation by the ribosome on a
timescale of seconds [5]. Most of the available techniques provide ensemble
properties, and do not report on the dynamics of single proteins.

MD simulation is a computational technique able to provide very high resolution
in time and space which is unmatched by any experimental technique. It basically
provides a three-dimensional movie of how the atoms in a system move relative to
one another. MD is an important complementary technique to experiments, as it can
help explain the mechanisms of molecular processes. In principle, simulation of any
molecular system imaginable is possible, even if it would not be possible to set it up
in practice.

The aim of MD simulations is to determine the motions of atoms in a system.
The time-dependent Schrodinger equation describes the behavior of molecules;
however, solving this is practically infeasible for large molecular assemblies. The
motions of atoms and molecules heavier than the proton are essentially classical.
Therefore, classical mechanics is used in MD to propagate the system based on a
model, termed a FF, describing the energetics of the system [6].
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Force Fields

The relationship between atomic coordinates and energy is defined in a FF. A FF is
composed of a set of functions describing the energy of the interatomic interactions,
e.g. bond stretching or angle bending, as well as an associated set of parameters
determining the strength of these interactions. The parameters can be derived in
various ways, e.g. by fitting to experimental data or quantum mechanical
(QM) calculations. FFs rely on transferability, which means that parameters such as
bond angles and force constants are assumed to be similar for the same chemical
groups in different molecules. This allows fitting parameters to one set of mole-
cules, and applying the parameters to other molecules of similar chemical structure.
Transferability also leads to the concept of atom types. An atom type holds
information about the element, hybridization, and neighboring atoms of a particle,
and is used to define which parameters are used for a specific atom.

Most FFs use the same basic functional to describe the energy, which has not
changed considerably for the commonly used FFs since they were first released [7].
The FF energy (Err) is described as a sum of bonded and non-bonded terms. The
bonded contributions are from the stretch (or bond) energy (Eg,), the bend
(or angle) energy (Epenq), and the torsional energy (Eys). The non-bonded con-
tributions come from the van der Waals (E,4w) and electrostatic energies (E..), and
are usually included for atoms separated by more than two or three bonds. The vdW
energy is usually described by the Lennard-Jones (LJ) potential, and the electro-
static energy is described by the Coulomb potential. The stretch and bend energies
are both described by a harmonic function, whereas the torsional energy is
described by a sum of cosine functions to account for periodicity.
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More terms can be added to the FF for special cases, such as cross terms to
account for the coupling between different types of interactions.

The most commonly used FFs were originally fitted to QM calculations as well
as experimental data from X-ray structures [7]. Recent advances in both experi-
mental and computational ability have made it both feasible and necessary to
reparameterize the FFs to include dynamical experimental data, e.g. from NMR
experiments, in the fitting procedure [7]. Comparative studies have shown that the
older FFs tend to overestimate the stability of a-helical structures [8—10]. The most
recent FFs such as AMBER99SB*—-ILDN [11], CHARMM?22* [11], and

CHARMM36 [12] have refitted torsional parameters providing a better balance
between helix, sheet, and coil. A recent comparative study of multiple protein FFs
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(not including CHARMMS36) showed that the latest FFs are able to reproduce
several structural and dynamical properties of small proteins; however, the tem-
perature dependence of the FFs is still lacking, and the folding mechanisms varies
from FF to FF [10]. It is unclear whether FF improvements are possible using the
current functional, or if it will be necessary to include more sophisticated effects,
such as polarizability, to improve the accuracy of the FFs [7].

Molecular Dynamics Simulation

In conventional MD simulations, each atom in the system is described by one
particle. The energy of the system is described by the FF. It is possible to determine
the force acting on each atom by differentiating the energy with respect to the
atomic positions, and then using Newton’s second law of motion to obtain the
acceleration on the atoms. This allows propagation of the system in time using
classical mechanics. Numerical integration is used to determine the trajectory of the
system, requiring that the time-step of each integration step is very small. The
fastest motions in a system are the bond vibrations, which have frequencies on the
order of 10" s™'. It then follows that the time-step needs to be on the order of 1 fs
to avoid atoms moving too close, which would produce very large forces that would
eventually make the system explode and the simulation crash. This also means that
one billion steps are needed to simulate a single ps.

The starting position of all the atoms in the system must be defined before the
MD simulation can be initiated. For a protein, the coordinates are usually obtained
from an X-ray crystal or NMR structure available from the RCSB Protein Data
Bank (PDB) [13]. Starting velocities are usually assigned to each atom from a
Maxwell-Boltzmann distribution at the simulation temperature (T).

Performing MD simulations on a system of finite size, e.g. in a cubic box,
introduces boundaries to the system. The behavior of molecules close to the
boundary is different from the bulk behavior. Periodic boundary conditions can help
minimize boundary effects, and can be visualized as replicating the system an
infinite number of times in all directions. Imposing the minimum image convention
(i.e. no cutoff can be longer than half the length of the shortest box vector) ensures
that a particle only interacts with the closest image of another particle, and never
with itself. Periodic boundary conditions are also helpful in calculating the elec-
trostatic interactions, as is described below.

MD simulations do not scale well computationally, due to the intrinsic sequential
nature of the simulations, and the fact that all atoms in a simulation interact with
one another through the non-bonded interactions. In principle, the computational
time scales with N2, with N being the number of particles in the system; however,
algorithmic advances in performing Fourier transformations have reduced the
scaling with system size to N In(N), as the long-range electrostatic interactions can
be efficiently evaluated using the particle mesh Ewald method (PME) (see below)
[6, 14].
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The most computationally demanding part of an MD simulation is evaluation of
the forces, and particularly the non-bonded forces. To minimize the number of
evaluations, the vdW interactions can be truncated at a certain cutoff. This is a
reasonable approximation since the vdW energy depends on R~°, and therefore
rapidly becomes negligible as the distance between atoms is increased. Truncation
of the LJ potential can introduce discontinuities in the energy; therefore, a switching
function can be introduced, which reduces the energy smoothly to zero between the
switching distance and the cutoff distance. In itself, truncation does not save much
time, since the distance between all pairs of atoms still has to be calculated.
However, the introduction of a pair-list, which contains the pairs of atoms within a
pair-list radius, can reduce the computation of all interatomic distances to every
10-20 steps. During each step, the distances and non-bonded forces are only cal-
culated between the pairs of atoms included in the pair-list, which are within the
cutoff distance.

The electrostatic potential depends on the distance as Rfl, which means that the
distance where the energy becomes close to zero is large compared to the typical
system size. Therefore, rather than using a cutoff, other means of reducing the
computational time for evaluating the electrostatic forces have been developed, one
of which is the use of Ewald sums [15]. Ewald summation divides the electrostatic
contribution into two parts, the “near”-field and the “far’-field contributions [6].
The “near”-field contribution is the sum of the atomic partial charges and a
screening charge distribution of Gaussian potentials. This screening potential
exactly counters the atomic partial charges and is centered on the atomic positions.
The sum converges quickly because of the screening field, and can therefore be
truncated. The “far”-field contribution derives from a compensating Gaussian
charge distribution which is exactly opposite the screening charge distribution. The
compensating charge distribution converges rapidly in reciprocal space, and can be
evaluated efficiently with Fourier transformation methods. The electrostatic
potential at a point is the sum of the partial charges, the screening charge distri-
bution, and the compensating charge distribution. The success of this method
depends on efficient ways of evaluating the Fourier transformations; PME [14] uses
one such method called Fast Fourier Transformation, which evaluates the trans-
formation in a discrete number of grid points imposed on the system [6].

MD intrinsically samples the microcanonical (NVE) ensemble. Several methods
have been developed to maintain the T and/or pressure (P) (near) constant, allowing
sampling of other ensembles of interest. The isothermal-isobaric (NPT) ensemble is
the most relevant for biomolecular simulations, since this is the condition that most
experiments are performed under. Several algorithms exist for sampling constant T,
and include scaling of the velocities, including coupling to an external heat
bath (Berendsen thermostat); random reassignment of velocities from a Maxwell-
Boltzmann distribution (Anderson thermostat); addition of frictional and random
forces (Langevin dynamics); and extended system methods (Nosé-Hoover ther-
mostat). It should be noted that scaling of the velocities does not strictly sample the
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canonical (NVT) ensemble, as the fluctuations of T are not correct. The same
algorithms can be used for constant P simulations by changing the positions of
particles rather than the velocities.

Recent Advances in MD

Since all atoms in the system are interacting, the calculation cannot be accelerated
by distributing the system to an infinite number of processors; at some point the
communication between the different compute nodes will be slower than the actual
calculation [7]. However, recent advances in hardware, other than an increase in the
number of CPUs, have significantly accelerated the computation of MD trajectories.
Graphics processing units (GPUs) originally developed to accelerate rendering of
graphics for the gaming industry, have proven particularly useful in MD simula-
tions [16]. The most popular MD engines, NAMD, GROMACS, and AMBER,
have already implemented GPUs to calculate the time-consuming non-bonded
forces, providing considerable speed-up of the calculations [17-20]. However, this
approach is only viable up to a limited system size, as the communication between
the GPUs is even worse than between the traditional processors. A more drastic
approach has been taken at D.E. Shaw Research, where a special purpose computer
chip named Anton has been developed specifically for performing MD simulations
[21]. This has allowed simulations to extend into the ms timescale [22].

The current MD simulations being performed have come a long way from the
first MD simulation of a folded protein, bovine pancreatic trypsin inhibitor, in 1977
by McCammon et al., which had a simulation length of 8.8 ps [23]. However, the
amount of data being produced poses a great challenge in terms of handling,
storage, and analysis. Currently, the largest entry in the PDB is an assembly of the
HIV-1 capsid with more than 2 million atoms. It was modeled using all-atom MD
Flexible Fitting to cryo-EM data [24]. The fully solvated system consisted of 64
million atoms, and was simulated for 100 ns, which is the largest all-atom MD
simulation performed to date [25]. Development of new software was needed to
handle both the analysis and the visualization of the large scale system, which
illustrates that it is not just the desire to go bigger, but actual biological problems
that drive the development of new methodologies [26, 27].

Enhanced Sampling Methods

Not everyone has access to a brute force computer such as Anton. It is therefore
necessary to devise new methods to simulate rare events within the timescale that
most scientists can obtain. Enhanced sampling methods have been developed to
encourage the system to explore regions of phase space which are otherwise dif-
ficult to investigate. Some methods require knowledge of both the starting and
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end-point of the process of interest. For example targeted MD explores the con-
formational change of a protein going from one state to another by applying a force
to minimize the root mean square deviation (RMSD) of the initial structure com-
pared to the final structure [28]. Such methods are not helpful when the end-point
structure is not known, and may also move the system along a path, which is not a
physically relevant transition path. Steered MD is an enhanced sampling method
that does not require knowledge of the end-point structure [29]. A force is applied
to one or more atoms while keeping other atoms fixed. This allows e.g. for sim-
ulation of the unbinding of ligands or the unfolding of proteins. While the final
protein structure is not known before the simulation, a preconceived idea about the
direction of change is imposed on the system by the user. This might impose a force
on the system making it explore high energy regions of phase space along the path,
which are not physically relevant. This is partly avoided in metadynamics, where a
history-dependent bias potential is added to the system to discourage it from
revisiting already explored areas of phase space [30]. When a potential energy well
is filled by the history-dependent potential, the system is free to choose any path to
move to another low-energy region of the phase space, which means that the system
is not pushed or pulled towards high energy regions. Collective variables (CVs) are
used to guide the system, and it is therefore important to choose CVs that cover the
important regions of phase space. The advantage of metadynamics is that the phase
space is efficiently explored simultaneously with the evaluation of the free energy
surface. However, it is also more complicated to execute as the choice of CVs is
essential to the success of the simulations, and again, prior knowledge about the
system is often necessary. Accelerated MD (aMD) does not require prior knowl-
edge about the system to enhance the sampling of the system. In aMD the potential
of the low-energy regions of phase space is raised, which effectively lowers the
barriers of transition between minima on the potential energy surface [31]. The
amount that the potential energy surface should be raised needs to be optimized.
A too aggressive approach leaves the risk of obtaining a flat potential energy
surface, which would cause the system to spend a lot of time in regions of phase
space which are not of interest.

CG MD simulation is a separate category of enhanced sampling methods in
which the number of particles in the system is decreased by combining multiple
atoms into a single particle. The main speed-up of these methods does not actually
arise from the reduced number of particles, but from the possibility of longer
time-steps. The MARTINI CG FF is a popular method for simulating biomolecular
systems [32]. It was originally developed for simulating lipid systems, but has been
further developed to include models for proteins and carbohydrates [33, 34].
The MARTINI FF combines approximately four heavy atoms into one CG bead,
which allows the use of a time-step between 20 and 40 ns [35]. Conformational
changes of proteins have proven to be challenging to simulate with MARTINI since
hydrogen bonds are not included explicitly in the model, and the secondary
structure has to be defined in the bead-type [35]. G6 models use the native inter-
actions of the protein combined with a single particle for each residue to investigate
the folding mechanisms of proteins [36]. However, this can thus only be used to
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investigate folding into a conformation which is already known. The kinetics of
amyloid aggregation has been studied using a phenomenological CG model for
which the aggregation propensity can be tuned [37]. A short review and discussion
regarding the use of CG models to investigate amyloid aggregation is given in the
chapter “Coarse Grained Study of Amyloid Protofibril Aggregation”.

Protein-Ligand Binding

A large part of the study of proteins deals with the binding of ligands, e.g. sub-
strates, signaling molecules, or inhibitors, to the protein. Therefore, a large part of
the biomolecular modeling research is also devoted to the study of protein-ligand
complexes. Software devoted to determining the structure of protein-ligand com-
plexes is termed docking software, and usually contains a scoring function to
estimate the strength of the complex [38].

Docking can be used for a variety of applications, from screening of a virtual
library containing many thousands or millions of compounds to determining the
structure and energy of binding of a single molecule. Most docking software
includes flexibility of the ligand, either by generating multiple conformations of the
ligand and then docking each as a rigid molecule, or by introducing flexibility into
the ligand during the docking procedure. However, flexibility of the protein requires
much more computational power, and is not a routine feature. It can be introduced
e.g. by using several protein structures obtained from X-ray, NMR, or MD, or it can
be a feature of the docking software. Another type of protein flexibility can be
introduced using a rotamer library for the side chains in the binding pocket. It is
especially important to incorporate protein flexibility when the target ligand does
not resemble the ligand present in the binding pocket of the protein structure, or if
the protein structure is a model generated based on a structure of a homologous
protein [38].

Sometimes the binding site of a protein target is not known, or the goal is to
develop a novel drug, which does not have to bind in the substrate binding pocket.
Then it becomes necessary to use binding site prediction software, such as Sitemap
[39]. This can be used to determine the location of potential binding pockets, and
score them based on the likelihood of finding a good drug that will bind in the
pocket. Furthermore, Sitemap can also give an idea of which functional groups
should be placed in specific areas of the binding pocket to create a high-affinity
drug.

However, binding site prediction and docking software fails when the binding
site on the protein is not well-defined, such as in amyloid fibrils. First of all, the
structural models of amyloid fibrils are usually based on a combination of NMR
constraints and other biophysical methods, which do not necessarily give much
information on e.g. the side chains of the protein [40]. Secondly, there are no
well-defined binding pockets on the surface of the fibril, only shallow crevices
which are highly exposed to the solvent. It can, therefore, be necessary to use MD
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simulations to investigate possible binding sites of the ligand. A combination of
multiple trajectories and free energy calculations of the resulting protein-ligand
complexes can be highly effective in these cases [41-44].

Free Energy Calculations

Free energy calculations are of great importance in biomolecular modeling as it
allows direct comparison with experiments. The Gibbs free energy is the relevant
quantity when comparing simulations to experiments performed with a constant
number of particles (N), pressure (P), and temperature (T), i.e. in the NPT
ensemble. Unfortunately, the Gibbs free energy is difficult to calculate from MD
simulations, as the higher energy regions of phase-space, which make important
contributions to the free energy, are not sampled very much [45]. Often, the free
energy difference of a reaction, such as the binding energy of a ligand to a protein or
the relative energy of two conformational states, is the important property. The
energy difference is a thermodynamic property, and therefore only depends on the
difference between the two states [45]. This can be computed using rigorous and
accurate methods such as free energy perturbation and thermodynamic integration.
These methods sample a path between the two states, which make them compu-
tationally demanding, and consequently, they can only be performed for small
perturbations [45, 46]. End-point models are alternatives to the more demanding
methods, which only sample the two states of the reaction, and therefore can be
used for a more diverse set of reactions [46].

MM-PBSA

Molecular Mechanics Poisson-Boltzmann Surface Area (MM-PBSA) [47-49] is an
approximate method to determine free energies. Binding free energies (AGpinding)
for the ligand-protein association (L + P — LP) can be evaluated using a ther-
modynamic cycle [49].

AGpinding
Lwlv + Psolv—> soly
L P LP
l _AGmlv l _AGmlv T AG.mlv
AGgu\
Lga,r + P gas —— LP gas
L P LP
AGbinding = _AGsolv - AC;mlv + AGS’GS + AGmlv
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AGy,, is the gas-phase interaction energy and AGg, is the free energy of
moving a molecule or complex from the gas-phase to the solvated state. The
approximation in MM-PBSA lies in determining the energetic components. The
gas-phase interaction energy is divided into enthalpic and entropic contributions.

AGgas = AHgas —TAS ~ AEMM — TASMM

The enthalpy can be approximated as the Molecular Mechanics (MM) energy
(Emm), and the entropy can be approximated using quasi harmonic analysis or
normal-mode analysis [47, 49]. However, methods for calculating the entropy are
computationally expensive and require extensive sampling to reach convergence.
Enmm is extracted directly from the FF, and is therefore a sum of the bonded (stretch,
bend, and torsion) and the non-bonded (vdW and electrostatic) contributions. The
solvation energies are approximated using the PBSA method, which divides the
solvation energy into an electrostatic (Epg) and a non-polar contribution (E.,,) [47].
The electrostatic interaction between the solute and solvent is calculated using a
numerical solution to the Poisson-Boltzmann (PB) equation [47], which is a con-
tinuum solvation approach using a combination of the Poisson equation and a
Boltzmann distribution of ions [45]. The Poisson equation is a second-order dif-
ferential equation that relates the change in electrostatic potential to the dielectric
constant and the charge density. The Boltzmann equation accounts for the distri-
bution of mobile ionic charges in the solvent [45]. The non-polar contribution is
approximately proportional to the surface area (SA) of the solute and can be viewed
as arising from two terms: The vdW interactions between the solute and solvent,
and the cost of forming the solute cavity in the solvent [45].

The MM-PBSA method requires the determination of the MM and solvation
energies of all species of the reaction (L, P, and LP), and the resulting binding free
energy is the difference between the energies of the reactants and products.

AGpinging = Grr — Gp — Gt

Ensembles of structures for calculating the energy can be generated by
explicit-solvent MD simulations, with subsequent removal of the solvent for the
evaluation of the MM-PBSA energy [47]. The ideal situation uses different tra-
jectories to calculate ensemble averages for the complex, protein, and ligand,
respectively. However, using a single trajectory to evaluate all contributions can
minimize the noise from sampling inconsistencies and the error in the FF and
implicit solvation energies [46]. This procedure assumes that the change in structure
and conformational freedom upon association of the complex is negligible [46]. It
should be noted that using the single-trajectory approach eliminates the bonded
contributions to the MM energy. If only relative binding energies of similar ligands
are desired, it is common to neglect the entropic contribution, as it is assumed that
the change in entropy is comparable for all ligands [49, 50].
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