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PROTEIN FOLDING IN SILICO:

AN OVERVIEW

By Ulrich H.E. Hansmann

ROTEINS ARE ONE OF THE MOST COMMON YET IMPORTANT

CLASSES OF MOLECULES IN LIVING SYSTEMS—COMMON BE-

CAUSE THE HUMAN BODY MAKES AT LEAST 50,000 DIFFERENT PRO-

TEINS, AND VITAL BECAUSE MUSCLES AND CONNECTIVE TISSUES

are built from them. As enzymes, pro-
teins catalyze and regulate a cell’s bio-
chemical reactions; as antibodies, they
are an important part of the immune
system. Proteins differ substantially in
size and structure,! but chemically, all
are long, linear chain molecules, with
the 20 naturally occurring amino acids
acting as monomers. Locally, the chain
of amino acids forms regular structures
such as helices, sheets, and turns—a
protein’s so-called secondary structures.
A major class of proteins, globular pro-
teins, folds into compact configura-
tions (the rertiary structure) in which
they are biologically active. Consider-
able evidence suggests that proteins
fold spontaneously into this structure,
which is unique and determined solely
by the protein’s amino acid sequence
(the primary structure).

A specific protein’s sequence of
amino acids is specified as DNA code
in the human genome. With the hu-
man genome project’s successful com-
pletion, we now know in principle the
chemical composition of all the pro-
teins in our bodies, but that informa-
tion does not tell us what these pro-
teins do or how they work. Because
proteins are functional only if they fold
into their tertiary structure’s specific
shape, and misfolded proteins can

cause a variety of diseases, understand-
ing how the structure and function of
proteins emerge from the amino acid
sequence takes on increased impor-
tance. For instance, detailed knowl-
edge of this relationship could help us
understand the function of enzymes
and how the immune system works.
Design of new enzymes, hormones,
antibodies, and biosensors are just a
few of the possible applications.

The attempt to understand the
mechanism that drives a protein into
its unique, biologically active structure,
and to predict this structure and the
protein’s corresponding function from
knowledge about its amino acid se-
quence, is called the protein-folding
problem. The inherent difficulties in
solving experimentally a protein’s ter-
tiary structure only amplify the prob-
lem. Whereas it takes only hours to
days to determine an amino acid se-
quence, for example, it would take
months to years to discover its corre-
sponding 3D shape by X-ray crystal-
lography or nuclear magnetic reso-
nance experiments. Equally challen-
ging are experiments that explore the
folding process’s kinetics and dynam-
ics. In short, efficient computational
methods could help us tackle the pro-
tein-folding problem.

Computer
Simulations of Proteins

Given its importance, it’s not surpris-
ing that the protein-folding problem
has raised considerable interest over
the past 20 years. Although no one
has found a complete solution yet,
several promising research avenues
have emerged over the years. One
possible approach is to analyze the
data sets of known sequences and
structures for correlations and then
use neural networks and other pat-
tern-recognition techniques to find
further relations.? Taxonomic lists ex-
ist for single, pairs, and triplets of
amino acids that appear in helices,
sheets, or turns, and they can help
predict new structures. Such methods
successfully predict the 3D structure
of sequences with strong homology to
proteins for which the structure is
known, but they aren’t suited for ex-
ploring directly the mechanisms un-
derlying the folding.

In principle, it is possible both to
investigate the thermodynamics and
kinetics of folding and to predict the
folded conformation through com-
puter simulations.” When successful,
such an approach helps us understand
a protein’s folding solely from the un-
derlying physical laws. Given a suit-
able description of the relevant forces,
for instance, we can solve numerically
the equations of motion for each atom
in a protein and follow the trajectory
in time via a molecular dynamics
(MD) simulation, integrating the fun-
damental equation F = m(a) (force =
mass X acceleration). This lets us
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study explicitly the folding process,
identify the folded state, and calculate
equilibrium properties by computing
averages over the sampled set of con-
formations.

MD is the method of choice for in-
vestigating the kinetics of folding, but
for calculating proteins’ equilibrium
properties, a Monte Carlo (MC) sim-
ulation at relevant temperatures is an
alternative approach. Here, trial moves
are generated randomly and accepted
or rejected according to the Boltz-
mann weight (canonical thermal prob-
ability o< exp(-E/kgT)). In the Metrop-
olis algorithm, for instance, a trial
configuration with energy E" re-
places the current configuration (that
has energy E*¥) if

new old
min(L, e F )/kBT)ZR, (1)

where R is a random number and
takes values between 0 and 1, and e is
the Euler number. The Metropolis al-
gorithm satisfies detailed balance.
Thus, if each configuration can be
reached in a finite number of steps
(ergodicity), the resulting Markov
process will converge to the canonical
distribution, which will thus contain
the protein’s folded conformation. We
again calculate thermodynamic quan-
tities by computing averages over the
sampled conformations.

Minimal Protein Models

"The basic ingredient in computer sim-
ulations of proteins is a model that de-
scribes the protein’s relevant physics. It
is tempting for physicists to use mini-
mal models that capture only a few,
presumably important, interactions in
real proteins.* These include chain
connectivity, excluded volume, hy-
drophobicity as the driving force, and

sequence heterogeneity.

In one often-used minimal model, a
protein is regarded as a self-avoiding
walk of monomers on a simple cubic
lattice. The model considers only two
kinds of amino acids: H(ydrophobic)
and P(olar), which is hydrophilic. The
analog to the amino acid sequence in a
protein is thus the set {o;} of monomers
along the chain. For this so-called HP-
model, we now define a Hamiltonian as

H= ZE%GJ_AZ»]- , Q)

i<j

where Eyy , Ey p, and Ep p are the en-
ergies of H- H, H- P, and P - P con-
tacts, and whose values define the
model’s specifics. The contact matrix
Ajjis given by A;; = 1, if the residues i
and j are not adjacent along the chain
and simultaneously occupy nearest-
neighboring sites on the lattice. In all
other cases, A; ;= 0.

The advantage of using such mini-
mal protein models lies in their sim-
plicity and the resulting ease in com-
puter simulation. These characteristics
let us explore fully the system’s proper-
ties as a function of the system’s para-
meters. Consequently, minimal protein
model simulations have led to signifi-
cant new insight over the past few years
into the dynamics of folding. The re-
sulting new view of folding assumes
that the energy landscape of proteins
resembles a funnel, with a free-energy
gradient toward the biologically active
structure; such a funnel does not exist
for random heteropolymers. The fun-
nel itself is partially rough and riddled
with traps in which the protein can
transiently reside. There is no unique
pathway, but a multiplicity of folding
routes point toward the native state
(that s, the structure in which the pro-
tein is biologically active).

Competition between the tendency
toward the folded state and trapping
due to the landscape’s ruggedness thus
characterizes the folding process. A
protein folds faster the smoother its
landscape is. Although computer sim-
ulations of minimalist models suggest
a diversity of possible scenarios, a com-
mon one might be that the polypeptide
chain first collapses from a random coil
to a compact state. In the second stage,
the protein explores a set of compact
structures. The final stage involves a
transition from one of the many local
minima in the set of compact structures
to the native conformation.

Detailed Protein Models
Although minimal protein models
prove successful in exploring the gen-
eral characteristics of possible folding
mechanisms, they have their limita-
tions. Researchers commonly assume
that a protein’s native structure corre-
sponds to the free energy’s global min-
imum. However, calorimetric meas-
urements show that the protein in its
native state is only marginally more
stable (approximately 10 to 20
kcal/mol, compared to a total energy
of roughly 107 kcal/mol) than the en-
semble of the denatured conforma-
tions. Because idealized and simplified
models lack the necessary precision to
describe such small differences, they
do not allow further probing for the
details of structural transitions and
folding in specific proteins. For this
purpose, detailed representations of
proteins that take into account the in-
teractions among all atoms are more
appropriate.

We can divide such interactions into
two groups:” the interactions between
all atoms within the protein (leading to
an energy F,,.;,) and a term E,,;, de-
scribing the protein’s interaction with
the surrounding solvent,
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Eiy = Epmtein + Egopp- 3)

The latter term is an especially serious
hurdle because explicit inclusions of
solvent molecules are computationally
demanding. Hence, we often must rely
on implicit solvent models that ap-
proximate the protein—solvent interac-
tion—for instance, a solvent-accessible
surface term that accounts in an em-
pirical way for the hydrophobic forces
on the protein:

Exolv = Zo-izqi . 4

Here, A; is the ith atom’s solvent-acces-
sible surface area and depends on the
configuration, and o;is atom #’s empir-
ically determined solvation parameter.

On the other hand, E,,.;, is the sum
of all intramolecular interactions and
modeled by various atomic force fields.
One example is the ECEPP energy
function,’ which is given by the sum of
the electrostatic term E,, the van der
Waals energy E,, and the hydrogen-
bond term Ej, for all pairs of atoms in
the peptide together with the torsion
term E,,,, for all torsion angles:

Ercepp = Eoe + Eyaw + Epp + Epgsy - (5)
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E,,. = 2 U, (1 + cos(n,al) . )
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Here, 7;; is the distance between the

atoms 7 and /, and o4 is the torsion angle
for the chemical bond /. The parame-
ters q;, Ay, By, Cjj, Dy, U, and m; are cal-
culated from crystal structures of amino
acids using a semiempirical molecular
orbital method. Note that the ECEPP
energies are in kcal/mol, which leads to

the factor 332 in Equation 6.

The Need
for Sophisticated Techniques
Unfortunately, computer simulations of
folding are notoriously difficult for such
detailed protein models. The complex
form of the intramolecular forces and
of the interaction with the solvent,
which contains both repulsive and at-
tractive terms, leads to a rough energy
landscape with a huge number of local
minima. Hence, a typical thermal en-
ergy of the order k37 is much less than
the energy barriers that the protein has
to overcome in the low-temperature re-
gion. Simple canonical MC or MD
simulations will get trapped in a local
minimum and often won’t thermalize
within a finite amount of available CPU
time. This makes accurately calculating
physical quantities quite difficult.

With the development and avail-
ability of ever-faster computers, new
attempts to solve the protein-folding
problem with brute force have
emerged—for example, by performing
long-time MD simulations of all-atom
models of protein-water systems at
suitable temperatures. Probably the
best-known example is the 1u s MD
trajectory of the 36-residue villin
headpiece subdomain (called HP-36;
discussed in more detail later in this
article). Yong Duan and Peter Koll-
man found configurations with a root-
mean-square deviation of only 5.7 A
to the experimentally determined
structure.”

Another interesting approach in this
direction is folding@home, a project in

which interested participants can
download a screensaver or daemon
and, after installation, donate unused
CPU cycles for protein-folding simu-
lations.® In this way, folding@bome acts
as a distributed, inhomogenous but
massively parallel computer that can
speed up folding simulations.

Although such computer-intensive
calculations (when they are possible)
set a gold standard for simulations,
they also corroborate the need for
more sophisticated techniques that al-
low a faster sampling of the relevant
protein configurations.” The choice of
method depends in part on the prob-
lem under investigation. For many
years, the emphasis in protein studies
was on protein-structure prediction.
Assuming that the native structure is
thermodynamically stable, we can
identify the global-minimum confor-
mation in the free energy at =300 K
(with the lowest potential energy con-
formation) and search for this confor-
mation with powerful optimization
techniques such as genetic algorithms
and simulated annealing. Only re-
cently, with the recognition of energy
landscape theory and funnel concepts,
has interest increased in the thermo-
dynamics of folding. Investigating
such questions requires going beyond
global optimization techniques; we
must sample a set of configurations
from a canonical ensemble and take an
average of the chosen quantity over
this ensemble.

New Simulation Techniques

Researchers have developed several
novel simulation techniques over the
past few years that promise improved
sampling. One of the more successful
methods is the so-called generalized en-
semble approach,'® which is character-
ized by the condition that an MC-MD
simulation leads to a uniform distribu-
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tion of a prechosen physical quantity.
In multicanonical sampling, for exam-
ple, the weights w(E) are chosen such
that the distribution of energies P(E) is
given by

P(E) o< n(E)w(E) = const, (10)
where n(E) is the spectral density—
that is, the number of configurations
with a given energy E. The simulation
performs a random walk in energy
space that allows it to escape from any
local minimum. The large range of
energies sampled lets us can calculate
the thermodynamic average of any
physical quantity A via the reweight-
ing technique:

| deAyw (x)e PP
| e (@) PE)
11)

<:J4:>T=

Here, x stands for configurations, f§ =
1/kgT, and kg is the Boltzmann con-
stant. Unlike the canonical ensemble,
however, the weights are not a priori
known for simulations in generalized
ensembles. Instead, an iterative proce-
dure (which can require up to 50 per-
cent of the available computer time)
must determine estimators.

Another effective method for protein
simulations is parallel tempering, also
known as replica exchange or the mul-
tiple Markov chain method.'"!? In its
most common form, parallel temper-
ing assumes an artificial system of N
noninteracting copies of the molecule,
each at a different temperature 7;. Let
C;be the configuration of the molecule
in the ith copy, and C = {C}}. Now, in
addition to standard MC or MD moves
that affect only one copy, parallel tem-
pering introduces a new global update:
the exchange of conformations be-
tween two copies 7 and j = i + 1 with
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Figure 1. The thermodynamics of folding for the artificial peptide Ala;(-Glys-Ala;o. This

illustration shows the (a) average number <n;;> of helical residues, (b) end-to-end-

distance <d,._>, and (c) specific heat C(T) as function of temperature T. The data are

calculated from a multicanonical simulation of Ala,-Glys-Ala,,.

probability

w(C™ - C"%) = min (1, exp(-BE(C)
- BE(C) + BE(C) + BE(C)). 12)

The exchange of conformations will
lead—especially at low temperatures—
to a faster convergence of the Markov
chain toward the stationary distribu-
tion than we observe in regular canon-
ical simulations with only local moves.

These sophisticated, newer, simula-
tion techniques let us obtain accurate
estimates for physical quantities in sim-
ulations of a specific protein, but all-
atom simulations that rely on these
techniques are still very expensive in
computer time. Hence, the emphasis is
less on predicting protein structures
than on exploring the folding mecha-
nism and on determining the limita-
tions of the protein models employed.

Exploring

the Folding Mechanism

As an example for the first line of re-
search, I present here results from sim-
ulations'? of a simple artificial protein,
Alay-Glys-Alayg, that was obtained in
collaboration with Nelson Alves at the
University of Sao Paulo, Brazil. The
molecule is built up from two chains,
each of which has 10 alanine residues

connected by five glycine residues.
Three quantities are measured in mul-
ticanonical simulations (see Figure 1).
The first quantity (Figure 1a) is the av-
erage number <z2;;> of residues that are
part of an o~helix drawn as a function
of temperature. At high temperatures,
few residues are part of a helix, so this
number is small. However, at low tem-
peratures, helices form, and almost all
the alanine residues are part of an -
helix.

"The transition between the two tem-
perature regions at 7 =483 = 8 K is
sharp and corresponds to a pronounced
peak in the specific heat C(7). However,
Figure 1c shows a second, smaller peak
at the lower temperature Ty = 265 + 7
K, indicating yet another transition. To
understand this second peak, look at
Figure 1b: it shows the average end-to-
end distance <d,_>(7) as a function of
temperature. This quantity is a measure
for a protein conformation’s compact-
ness. Observe that <d,_,>(T) decreases
when the temperature is lowered. Be-
low the helix-coil transition T}, the
curve becomes almost flat at a value of
<d, > ~10 A, with little further change
in the molecule’s compactness. At the
temperature Tj; however, the end-to-
end distance decreases again sharply to-
ward a new value <d, > = 6.1 A. Hence,
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temperature re-
gion between T
and T}, does not
allow coalescing
of the helix frag-
ments, which
thus form and
decay. Some sta-

Figure 2. The global minimum conformation of Ala,,-Glys-Ala,.

Ty marks the folding of the molecule
into a defined compact structure with
the two terminal ends of the peptide
close together.

Figure 2 supports this scenario, dis-
playing the lowest-energy configura-
tion. It consists of two helices (made up
of the alanine residues) connected by a
turn (built out of flexible glycine
residues) to a hairpin-like structure that
is consistent with the small value of the
end-to-end distance <d,_,> at tempera-
tures below Tin Figure 1b.

The analysis of our peptide’s ther-
modynamics suggests that in the gas
phase, Ala;(-Glys-Ala; folds in a two-
step process. The first step is the for-
mation of o-helices and can be charac-
terized by a helix-coil transition
temperature 7, = 483 = 8 K. The for-
mation of a-helices then restricts the
possible configuration space. Energet-
ically most favorable is the folding of
two a-helices (made out of the alanine
residues) into a hairpin. This second
step can be characterized by a lower
folding temperature T;=265 + 7 K.

This scenario is reminiscent of
the well-known framework and col-
lision-diffusion model of folding,
which proposes that local elements
of native local secondary structure
form independently of tertiary
structure. These elements diffuse
until they collide and coalesce to
give such a structure. In our case,
the molecule’s thermal energy in the

bilization hap-
pens when these
fragments form
a U-turn-like bundle of two (an-
tiparallel) a-helices connected by a
turn of glycine residues. This is the
most stable structure, and below T}
thermal energies can no longer
overcome the energy gap that sepa-
rates this configuration from its
competitors.

Determining the Protein
Model'’s Limitations
To explore the limitations of current
energy functions in protein simulations,
Luc Wille (at Florida Atlantic Univer-
sity) and I have simulated the villin
headpiece subdomain, which is a 36-
residue peptide (HP-36)."* HP-36 is
one of the smallest peptides that can
fold autonomously; Duan and Kollman
chose it recently for a 1-microsecond
MD simulation of protein folding.”
Figure 3 shows the structure of HP-36
(PDB code 1vii) as obtained from the
Protein Data Bank (www.rcsb.org/
pdb). It consists of three helices be-
tween residues 4 to 8, 15 to 18, and 23
to 32, respectively, which are connected
by a loop and a turn. We obtain as en-
ergy (ECEPP/2 + solvation term) of the
native structure E,,, = -276 kcal/mol.
In our simulations, we find for the
lowest-energy conformation that E,,,;,
=-277 kcal/mol. Its radius of gyration
is R,=10.1 A, indicating that the nu-
merically obtained structure is slightly
less compact than the regularized ex-
perimental structure (R, = 9.6 A). Sl

our structure looks very similar to the
PDB structure. It consists of three he-
lices, with the first stretching from
residue 2 to residue 11 and looking
more elongated than the correspond-
ing helix in the native structure
(residues 4 to 8). The second helix con-
sists of residues 13 to 17 (compared to
residue 15 to 18 in the native struc-
ture), and the third helix stretches from
residue 23 to 33 (residues 23 to 32 in
the PDB structure). Our numerically
obtained structure has 95 percent of
the native helical content and 65 per-
cent of the native contacts formed. The
root-mean-square deviation to the na-
tive structure is 5.8 A. All three values
are comparable with Duan and Koll-
man’s results of the 1-microsecond
MBD simulation (which required orders
of magnitude less computer time). In
their simulation, the optimal structure
showed 80 percent of native helical
content and 62 percent of native con-
tacts and had a root-mean-square devi-
ation of 5.7 A to the native structure.

However, if solvation effects are ne-
glected and we explore the ECEPP/2
conformations of HP-36, we find that
the lowest-energy structure has an en-
ergy of Egp=-192 kcal/mol and dif-
fers significantly from the regularized
PDB-structure, which now has a
higher energy (E,,; = 176 kcal/mol).
Only by adding the solvation term can
we obtain an essentially correct struc-
ture as a global minimum. Our results
point out the need to include solvent
effects in protein simulations.

Even in the case where we have in-
cluded a solvent term in our simula-
tion, the quality of our structure pre-
dictions for this molecule are still
limited to an RMSD of ~ 6 A. This
demonstrates that our folding simula-
tions are limited by the energy func-
tion’s accuracy. An important part of
all-atom protein simulations is thus to
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explore the limitations of these energy
functions, which can lead to the devel-
opment of better protein models.

R ecent years have seen an increase
in interest and activity in the pro-
tein-folding problem. Although re-
searchers have made remarkable pro-
gress over the past decade, there is still
a need for new ideas and better algo-
rithms. New techniques together with
a refinement of the force fields (includ-
ing improved approximations of the
solvent effects) will lead eventually to
an increased understanding of the pro-
tein-folding problem. As of today,
computer simulations of small proteins
(with approximately 50 amino acids)
seem to be feasible and are started now
by an increasing number of groups, in-
cluding ones I'm affiliated with. For (a
partial) listing of research groups see
www.fcce.edu/research/labs/roder/
folding_groups.html. 5t
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