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Introduction
The protein folding has been an outstanding problem in molecular biology for a long
period of time. Stated simply, the question of protein folding is that of how the primary amino
acid sequence of a polypeptide determines its final, three-dimensional structure. The ultimate
goal of this endeavor is to be able to predict the folding pathway as well as the final structure
based upon sequence information as input.1 At face value, this problem seems rather simple
given that the chemical principles that govern protein folding are thought to be well established.
Forces driven by ionic, Van der Waals, hydrophobic and hydrogen bonding interactions are
thought to be the primary energetic sources that direct protein folding. The constraints on these
forces are the rotational limitations around back-bone bonds and the entropic cost of folding a
free, unstructured polymer into a relatively organized structure.1 Given clear understanding of
these forces, it is theoretically possible to make good predictions as to the energy landscape that
determines folding paths and stable conformations.
This physics-based approach was regarded as the optimal method for structural
predictions for some time; however it ran up against several obstacles that led to alternative
approaches. Chief among these challenges were sufficient computing power. Until recent
advances in computing, running folding models over even short periods of time (on the order of
nanoseconds to 1 microsecond, much less than the folding time of most proteins) was
extraordinarily difficult due to the magnitude of allowed conformations in initially unstructured

proteins.2 This led to the rise of a different methodology for performing structural predictions.
By ignoring the explicit folding pathway and exploiting the rapidly increasing number of
structures, homology-based structural prediction was developed. Chief among these systems is
ROSETTA, developed by the Baker group. This algorithm proceeds by mapping homology
between 3-9 residue fragments the query and known structures in the protein database (PDB).
These probable substructures are assembled and coarsely shaped by Monte Carlo methods and
then the resultant structure is atomistically modeled to minimize energy.3 To date, this (and
similar methods) is the most consistently accurate algorithm to predict protein structure.
Despite the success of this method, it has several shortcomings – some, due to data
limitation but others due to intrinsic properties of the method. The former can continue to be
addressed with careful experimental probing of the shape of molecular force fields and the
accumulation of more structures. The two key shortcomings associated with the methodology,
however, require the consideration of alternative approaches. One of these issues is that it relies
on homology to generate the initial structural predictions which necessarily limits the search
space to known conformations associated with these primary amino acid sequences. This limits
the ability to predict novel folds without experimentation. The second key limitation to the
homology-based approach is that it discards much of the information concerning the folding
pathway. Knowledge of this pathway is interesting not only for its intrinsic information, but also
informs cases where native structure is constrained kinetically in addition to thermodynamically.
These shortcomings even appear in more recent CASP competitions, wherein some structures
were unable to be accurately predicted (Rhiju Das, presentation).
These shortcomings of homology-based approaches argue that ways of incorporating
molecular dynamics (MD) into these systems or developing more comprehensive MD

simulations that can be utilized with modern computing systems. Here, we will discuss the basic
methodologies associated with MD simulation, including the choice of force fields, methods of
solvent simulation and techniques that may improve future MD models. We conclude by briefly
discussing novel ways these methods might be utilized to improve upon structure prediction.

Building a Molecular Dynamics Model
Molecular dynamics is a method of building protein folding models based primarily on
Newtonian mechanics. The forces, based on the spatial organization of the atoms, are allowed to
guide the relative position of the atoms over time in a stepwise fashion according to a series of
time and space dependent differential equations.4

In order to make this type of approach

feasible, general assumptions are made about the time scales on which molecular movements
occur. MD traditionally ignores quantum effects on electron movement (with respect to the
nucleus) and therefore treats atoms as rigid spheres (known as the Born-Oppenheimer
approximation). Additionally, this assumes that vibrational motions occur on much more rapid
timescales than the displacements required for molecular folding and therefore can be dismissed
from primary consideration. These initial assumptions limit the number of terms needed to
describe the motion of the atoms.2
With these assumptions in place, what other factors need to be considered when
generating the model? Several key considerations must be addressed in order to properly model
the protein folding system. The first of these is the consideration of force field that is appropriate
for the system in question, that is, what are the systems of equations that describe the energetic
landscape that governs protein folding. The most widely used force fields for protein folding

algorithms are the classic AMBER, CHARMM, OPLS and GROMOS force fields.4
Furthermore, each of these fields can utilize explicit or implicit solvent descriptions.4,5

Force Fields
These force fields were initially developed in the 1980s and originally tested on gas phase
systems. Subsequent modifications have adapted them for use in condensed phases, thereby
improving their utility for predicting protein structure. All of these systems employ a basic
energetic equation that sums over terms that describe the critical classical forces thought to
govern protein folding (see equation 1). The first term in the series represents the potential
associated with along axis vibrations. Usually the spring constant associated with these (kd) is
very high and therefore keeps the overall contribution of vibrations to atomic positioning very
small.

The second term incorporates bond angle bending – that is, deformation causing angles

between bonds to change. The third term is a constraint on rotation around a bond. The fourth
term (‘impropers’) is an energetic term to conserve the planar nature of certain groups such as
aromatics and amides and exacts an energetic cost for bending outside the plane. The last two
terms deal with electronic contributions to potential.4,6 The first non-bonded pairs term is the
Lennard-Jones potential that accounts for van der Waal’s forces: electrons are not usually
distributed evenly over
space,
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attractions. The last is the Colombic potential between atoms with discrete charge. These
potentials are then parameterized with respect to the molecule of interest and the result is used to
run the simulation.4,6
Each of the different force fields uses this general equation incorporate empiricallyderived data such that the potential can then be applied to simulation. This data is derived from
quantum mechanics experiments performed on small molecule compounds such as alanine diand tetra-peptides.7

As more experimental data is accumulated, these models are continually

updated. One of the experimentally derived parameters of key importance is the potentials
associated with Ramachandran angles φ and ψ as these strongly influence final protein structure.6
In addition, critical terms have elaborated the original potential model.

Among these are

attempts to include polarizability, a term that is thought to make a significant contribution proper
protein folding.1,4,6
Of these force fields only AMBER, CHARMM and OPLS are directly comparable, as
they are all atom models – meaning they incorporate all atoms, including hydrogen atoms
explicitly.6 In contrast, GROMOS treats hydrogen atoms bound to carbons (i.e. methyl groups)
as rigid bodies as part of what is called a unified atom force field.8 The trade-off between these
two types of models is computation time. By treating some of the hydrogen atoms as part of a
larger group, this means that fewer bodies are being examined and consequently, fewer bodies
need to be modeled.6 This increase in speed for computation also corresponds to a coarsergrained structural model. Depending on the goal of the simulation – overall protein shape or
specific atomic localization – will determine which algorithm is best suited. There has been
some comparison between the three all-atom force fields and, in general, they perform
approximately comparably although one study suggests that OPLS may perform slightly better.9

Solvation Models
In addition to the force field contributions associated with the protein, additional
consideration must be given to the environment in which the protein folds, namely models to
consider the contribution of water to the process. These models come in two types: implicit and
explicit.4,6 Explicit models of water treat all atoms individually and track each interaction with
the solute as well as each other. This is by far the most accurate model, however it comes at a
high cost in terms of computational demand.10 Implicit water models disregard some of the
individual atomic and molecular nature of water and treat it as more of a polarized continuous
structure which requires significantly less computational power, but again at a loss of
resolution.11
One of the most popular implicit methods of calculating solvation is known as the
generalized Born (GB) method. This method works by assuming that each molecule of water
acts as a sphere of radius r, which represents the interaction distance for repulsive forces. The
interaction is also governed by Colombic forces generated by its molecular dipole. This dipole is
eventually reduced to a field according to the sum across the individual molecules, resulting in a
macromolecular, net dipole.11 This approach has been compared with the explicit model SPC in
the context of peptide folding and the results indicate that these approximations cause
considerable deviations in the overall free energy landscape of the protein. This appeared to be
irrespective of whether AMBER or OPSL force fields were used to describe the protein. This
had the consequence of leading to poorly modeled final structures compared to experimental data
whereas the explicit model fared much better. Of the implicit models, the combination with
AMBER96 was the best, however it still deviated much more than the explicit model.5

Although implicit models can be used, they have not yet arrived at a point where they provide
the same structure guiding power as explicit models.
Explicit models used in biomolecular simulation are thought to yield final structures
much more consistent with experimental observations. Of these, however, which is best? Some
commonly used solvation models for protein folding include TIP3P, TIP4P, SPC and SPC/E. As
models of pure water, the TIP3P is the worst in terms of correlation with predictions of water
properties while TIP4P, SPC and SPC/E fare better. That being said, there are somewhat
different recommendations based on relative comparisons in the context of protein folding where
TIP4P and SPC are thought to be optimal.12 This is believed to be dependent on the differences
in Lennard-Jones potentials and the spatial organization of the molecules. Another factor to bear
in mind is a recommendation from Mackerell in 2004 that because each of the protein force
fields is developed in conjunction with a corresponding explicit solvation model, that it may be
most appropriate to use these in conjunction as the corresponding systems may be optimal.6

Running Simulations
Once the appropriate models for molecular dynamics are in place, it is necessary to
generate the final structure. This is a computationally challenging process for the primary reason
that in atomistic models (AMBER, OPSL and CHARMM), the sum of all interactions in the
potential must be computed for every atom in the protein. One can imagine that this scales very
rapidly with length of the protein.
In addition, Newtonian physics applies in this case under the assumption of constant
energy (E) which is inconsistent with the fact that most experiments are performed under
isothermal and isobaric conditions.

In order to make results comparable to experimental

observations, adjustments must be made to either allow an inflow of energy or permit volume to
change to keep consistency with observation conditions.6 Included in these algorithms are
methods such as the Nose-Hoover which is based on a local energy reservoir and Langevin
thermostat that dissipates energy my molecular friction.4,13,14 The former is an example of a
global correction, acting on all molecules simultaneously whereas the latter is a local thermostat,
acting at the smallest level.
Additionally, there are some aspects of protein folding that may not be sampled due to
the coarseness of the simulation. One such aspect is bond length vibrations which occur on time
intervals less than nanoseconds which can therefore be treated essentially as a constrained or
rigid system.4,15 In order to accommodate this behavior, algorithms such as SHAKE or RATTLE
are utilized, allowing local rigidity to be accommodated in the context of other molecular motion
(such as angle bending and rotation which still need to be permitted for proper folding).16
All of these additional layers of computation mean that novel ways of performing
computing are required to successfully perform these models – especially in atomistic
simulations. Advances in both algorithms as well as parallel computing have made it possible to
run these simulations in much shorter time periods.9 One algorithmic method is the molecular
dynamics utilization of replica exchange, an algorithm originally utilized for Monte Carlo
protein simulations. By running two folding regimes at different temperatures and periodically
exchanging pieces of the model across temperatures, it allows a coarser sampling of the overall
energetic landscape by escaping local minima.

This allows for faster total computation.17

Another novel computing technique that has been employed to allow for greater sampling in less
time is to use a series of parallel processors to probe short-term local folding patterns rather than
attempting to model the entire long-folding pathway at once. This process has been used to

model the villin fold by assembling the local MD simulations a constructing what is known as a
Markovian state model (MSM). This is not a purely molecular dynamics based approach but still
allows the entire folding pathway to be reconstructed as well as the final structure from similar
physics-based landscape probing.18 Novel approaches such as MSMs as well as exploitation of
new computing resources such as cloud computing will allow molecular dynamics models to
continue to improve the capacity for protein prediction.

Conclusions
An enormous amount of information must be included in order to use non-homologybased methods to arrive at protein predictions however modern computing methods and creative
algorithms may pave the way toward future discoveries based on molecular dynamics
simulations. One recent paper identified specific conformational changes associated with histone
H4 acetylation using a molecular dynamics approach. In this instance, an intrinsically disordered
domain (the histone tail) was included as part of the model which revealed alterations in
propensity towards certain conformations upon addition of the acetyl group.19

This is an

instance where homology-based methods could not be predictive as the process at hand is
fundamentally dynamic and cannot be measured using traditional crystallography (although it
can be seen by NMR). Although these types of discoveries are exciting, molecular dynamics
will face significant difficulties. For instance, there are some force field biases that may still
need to be addressed as some may have slight biases towards certain structures such as alpha
helices.20 This, however, has been a diminishing problem with each new iteration of model.
Additionally, challenges remain in the process of scaling up. Most proteins used in molecular
dynamics models are relatively small in size and a combination of MD and homology-based

approaches may have to be utilized to begin the assembly and structure of larger proteins and
protein complexes.1,2

Despite these challenges, continued improvements in algorithms and

computer processing may make these goals possible.
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