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Preface
Over the last few decades the scope of biology has changed from categorizing experimental
observations to understanding the underlying mechanisms.This is at least in part due to
the increasing use of computers. Computers allow us to studybiological processes and
systems in silico. Computer simulations are already used tostudy single macromolecules,
the interaction between various biomolecules, or their regulation in the cell. For many
medical and pharmaceutical applications such as the understanding of disease pathways or
the working of drugs at the level of an individual cell one would like an integration of these
simulations — situated at a molecular level — into a functioning model of cells. This is
one of the big challenges in computational biology requiring both new hardware and new
techniques.

The many benefits of such an extension of computational biophysics into systems bi-
ology motivated the workshop that the research group ”Computational Biology and Bio-
physics” held June 6-9, 2006 at the John von Neumann Institute for Computing in Jülich,
Germany. Specifically, the workshop targeted the followinggeneral areas at the interface
between (computational) biophysics and systems biology:

• Protein folding (both structure prediction and mechanics)

• Mis-folding and aggregation

• Interaction between proteins and other molecules

• Assembly of nano-structures, multi-protein, protein-DNA/RNA complexes

• Cellular systems at the molecular level

In scientific presentations and numerous informal discussions the participants explored
a wide range of topics ”From Computational Biophysics to Systems Biology” therefore
justifying the name of the workshop. More than 70 researchers from Europe, Asia and
the USA discussed in lectures and posters recent developments in both hardware and al-
gorithms. Physicists, Chemists, Biologists and Computer Scientists described successful
applications of high-performance computing to biology andbiochemistry. This proceed-
ing volume collects selected presentations from the 4-day long workshop that may serve
as starting point for further discussions. It is divided into articles by invited speakers, con-
tributed speakers, and such originally presented as posters, as the interdisciplinary nature
of the articles often defies a simple classification according to subject areas.

Besides the editors Thomas Neuhaus, Jaroslav Skrivanek andLonghui Wang helped
organize the workshop. For their most valuable help with thelocal arrangements we are
greatly indebted to Helga Frank, Erika Wittig and Fabian Fredel. We also wish to thank
the Forschungszentrum Jülich for financial support and IBMfor the very special price in
our raffle.

Jülich, July 2006

U. H. E. Hansmann
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Cluster Distance Geometry and Protein Folding

G.M. Crippen

College of Pharmacy,
University of Michigan, Ann Arbor, MI 48109-1065, USA

E-mail: gcrippen@umich.edu

Cluster distance geometry is a recent generalization of distance geometry whereby protein struc-
tures can be described at even lower levels of detail than onepoint per residue. Protein con-
formations can be summarized in terms of alternative contact patterns between clusters, where
each cluster contains four sequentially adjacent residues. A very simple potential function in-
volving 210 adjustable parameters can be determined that favors the native contacts of 31 small
monomeric proteins over their respective sets of nonnativecontacts. This potential then favors
the native contacts for 698 small proteins, even though theyhave low sequence identity with
the training set.

1 Introduction

The ultimate aim of many research groups is to develop predictive models for the thermo-
dynamics and kinetics of protein folding. The standard general approach is to first devise
a Hamiltonian or at least a potential energy function that includes terms for all the signif-
icant physical effects, such as excluded volume, solvation, and electrostatics. The protein
molecule is usually described either in terms of atomic Cartesian coordinates or dihedral
angles, as in the rigid valence geometry approximation. Thesolvent may be treated either
as explicit water molecules having atomic coordinates, or by different implicit models,
such as Poisson-Boltzmann, generalized Born, or solvent accessible surface area. Only
then does the search begin for energetically important protein conformations, folding path-
ways, or statistical mechanical averages over an appropriate ensemble of states. Unfor-
tunately, the search/sampling problem is very difficult because there are many degrees of
freedom, and the energy function depends in a complicated way on the different confor-
mational parameters.
Recently we have been exploring a radically different approach to the problem where the
choice of conformational parameters and energy function guarantee that the search prob-
lem and the evaluation of the partition function are computationally feasible. Only then
does one adjust the energy function to give results in agreement with experiment. We call
this paradigm SMEUSE = Statistical Mechanics Enabled UsingSeparable Energies, where
the energy-like function consists of a sum of terms, each oneof which depends on a few
conformational parameters that are not used by any other term. Thus we have

Etot(x1, . . . , xn) =
∑

i

Ei(xi) (1)

and the potential energy part of the canonical partition function can be simplified from a
multidimensional integral to a product of simple integrals.

Z =

∫

· · ·
∫

exp(−Etot/kT )dx1 · · ·dxn =
∏

i

∫

exp(−Ei(xi)/kT )dxi (2)
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One version of SMEUSE for protein thermodynamics was to represent the polypeptide
chain as a sequence ofCα points and then use the Haar wavelet transform on thex, y,
andz coordinates as a function of sequence number, much as one might transform the
amplitude of a signal as a function of discrete time steps.4 So that the conformational
parameters would be invariant under rotation, the transformed coordinates were combined
into the corresponding distance transform.

d̂w,j = (x̂2
w,j + ŷ2

w,j + ẑ2
w,j)

1/2 (3)

The physical interpretation of the differentd̂w,js is the distance from the centroid of the
first half of the chain to the second half, the distance from the first quarter to the second
quarter, the distance from the third quarter to the fourth quarter, the distance from the first
eighth to the second eighth, etc. Forn residues, there aren distance transforms,̂dw,j, and
these are taken to be the conformational parameters. The energy was taken to be a simple
sum over all the wavelet distances

E =
∑

w,j

(d̂w,j − sw,j · aw)2 (4)

where the vectorsw,j encodes the amino acid composition of the part of the chain
corresponding to the wavelet, and the adjustable parameters are the components of the
vectoraw. Skipping over some details, for short polypeptide chains involving the standard
20 residue types, there were only 26 adjustable parameters,and these were adjusted so that
the free energy for a flexible region around the PDB structureshould be more favorable
than the free energy for all other conformations. Using onlyseven proteins of a variety of
SCOP fold types (α, β, α+β, andα/β), the 26 parameters could be adjusted to favor their
native states. Then among a set of 1822 PDB entries having single polypeptide chains
with lengths from 30 to 128 residues, we found 497 of them to have predicted stability of
their native states at some sufficiently low temperature, even though almost all of them
had negligible sequence similarity to the training set of proteins. The good news is that
such an incredibly simple model has any predictive power. The bad news is that with only
n conformational parameters for ann residue chain, the most favorable conformations are
not precisely specified. In any case, there was no conformational sampling problem by
construction.

An alternative set of conformational parameters that are translation and rotation in-
variant would be theCα-Cα interresidue distances,dij . These are particularly appealing
since they have a more direct connection to interresidue interactions and residue desolva-
tion than the Haar transform parameters, which only reflected the degree of extension of
different parts of the chain. However, forn residues there are(n − 1)(n − 2)/2 variable
dijs, taking the virtual bond lengthsdi,i+1 to be invariant. There are additional nonlinear
relations among thesedijs such that they represent conformations in three-dimensional
space, reducing the degrees of freedom to the2n− 5 permitted for a (more or less) freely
jointed chain.1 Another way to reduce the number of conformational parameters is cluster
distance geometry,1 where the chain is represented byn/b blocks ofb sequential residues
each. Then the parameters become the sum of the squared distances between the residues
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of blockI and blockJ .

DIJ =
∑

i∈I

∑

j∈J

d2
ij (5)

Many of the same relations hold among theDIJ as among thed2
ij , such as the triangle

inequality, but they are algebraically more complicated because theDII reflect the
(nonzero) radius of gyration of blockI, whereas alwaysdii = 0. The good news is that
there are bounds on theDII reflecting the limits of extension and compression of the
segment of polypeptide chain, and otherwise the value represents its secondary structure.
Similarly, theDIJ between different blocks corresponds to the squared distance between
the two centroids of the chain segments, thus indicating thedegree of contact between
them.

All protein chain conformations forn = 128 residues viewed at theb = 8 cluster level
can be represented as points in a 120 dimensional space.2 Shorter chains can be represented
in the same space by adding on128 − n imaginary non-interacting residues, much as one
zero-fills short signals in discrete fourier transforms. Due to chain connectivity, geometric
relations, and steric effects, not all points within the hyperrectangle between the upper and
lower bounds in all 120 dimensions correspond to real, three-dimensional structures. The
allowed regions can be better approximated by the union of 71smaller, non-overlapping
hyperrectangles (”ranges”) chosen so that extended conformations fall into broad ranges
while a training set of 32 globular proteins tended to fall into mostly different, smaller, bet-
ter defined ranges. The energy is taken to be a sum over all 120 variableDIJ of a simple
square well, where all residues of blockI are in contact with all residues of blockJ if a
chosen contact cutoffκ > DIJ . When two blocks are in contact, the energy contribution
is taken to be a simple linear combination of all residue typepairs,a · tIJ , wherea is
the vector of 210 adjustable energy parameters, and the corresponding vectortIJ shows
how many of each of the 210 (unordered) residue type pairs there are when blockI comes
in contact with blockJ . Fitting the model amounts to adjustingκ anda so that the free
energy calculated from evaluating the partition function Eq. 2 over the 71 ranges favors the
range that the PDB structure falls in (the native state) overthat of the 70 nonnative ranges.
Then there were 146 short proteins havingn ≤ 128 and negligible sequence similarity to
the training set that had favorable free energies of their respective native states compared
to the denatured state. The good news is that the model can fit many proteins and has some
predictive power. The bad news is that even though the rangescontaining the compact
native structures are relatively small, they are still large enough that a wide range of con-
formations are contained within one of them. In one test case, alternative conformations
within the native range differed by as much as 11.5Å from the PDB structure. Whatever
the crudities of the model are, at least all conformations were covered so that free energies
are more than wishful thinking.

2 Methods

Recently we have developed an alternative cluster distancegeometry approach that is
more knowledge based, but it has better predictive power.3 The key improvements were a
better treatment of contacts between blocks of residues as afunction ofDIJ and a better
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treatment of different chain lengthsn, especially when they are not a multiple of the block
sizeb.

Instead of having a simple square well interaction function, better results can be
achieved using a piecewise linear continuous contact function c(DIJ) defined relative
to a midpointCIJ and transition halfwidth0 < w < 1 so thatc(DIJ) = 1 when
DIJ < (1 − w)CIJ , c(DIJ) = 0 whenDIJ > (1 + w)CIJ , and otherwise linearly
interpolating in between so thatc(DIJ) = 1/2 whenDIJ = CIJ . A value ofw = 0.2
works well, and thenCIJ was chosen for a given choice ofb so that 1860 PDB chains
had relatively diverse matrices of interblock contacts/noncontacts. For diagonal elements,
CII was considerably smaller and was less than the value ofDII observed for helical
segments of chain.

A second key improvement was to consider allb possible segmentations of ofn
residues into blocks ofb residues, rather than appending imaginary noninteractingresidues.
For example, forb = 3 andn = 7, the chain 1234567 can be subdivided into 123—456
or 234—567 or 345, where leftover end pieces having fewer than b residues are simply
deleted. That way, each block has a full set ofb real residues, and all possible phase
shifts of grouping residues are considered. Then the energyis take to be a sum over all
segmentationss

E =

b
∑

s=1

∑

I≤J

(a · tsIJ )c(DsIJ ) (6)

using the sigmoidal contact function defined above.

The coverage of conformation space is essentially done in terms of Voronoi polyhedra
in the sense that the ranges of the previous study are replaced by the sets of all conforma-
tions closer to a given representative conformation than toany other representative. The
representative conformations are taken to be contiguous parts of PDB structures of the
appropriate chain length that differ adequately from each other in a measure that is harmo-
nious with the chosen energy function. Thus the distance between conformationsA andB
is

S(A,B) = 〈
∑

s

∑

I≤J

|c(DA,s,IJ) − c(DB,s,IJ)|〉 (7)

andS(A,B) < 0.1 means that conformationB belongs to the region of conformation
space associated with representative conformationA. For every chain lengthn in
the training and test sets, PDB was searched until 50 or 100 different representative
conformations were found. For short chains, there were often fewer than 50 different
representatives, corresponding to an exhaustive coverageof conformation space. For long
chains, sometimes fewer than 50 representatives could be found because of insufficient
variety available in PDB.

The 210 energy parameters corresponding to the interactionof all residue type pairs
were adjusted so that the representative conformation closest to the native (PDB) con-
formation of each protein in the training set has a lower energy than that of any other
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representative. Since the energy is a linear function of theparameters (Eq. 6), this amounts
to solving a linear program, much as other energy functions have been trained to favor the
native fold over a set of decoys. The main difference is that the region of conformation
space associated with one representative can be quite large, especially when there are few
contacts. Then this trained energy function discriminatesbetween whole regions, rather
than between narrowly defined single conformations, as is the case with most decoy stud-
ies using rapidly varying energy functions. For a training set, we selected 211 PDB entries
involving a single polypeptide chain withn ≤ 128, without disulfide groups or substantial
ligands, all apparently stable as monomers due to intrachain interactions. There are other
PDB entries matching these criteria for which we are unable to adjust the parameters sat-
isfactorily, for reasons that remain unclear. By the natureof linear programming, at the
solution that satisfies all inequalities generated by all 211 natives vs. all nonnative repre-
sentatives, not all inequalities are ”active” (i.e., satisfied with very small margins). Indeed,
often many of the training proteins could have been deleted,and the same solution would
have been found.

3 Results

Not surprisingly, large values ofb > 15 give no satisfactory energy function, nor do dis-
continuous (w = 0) or very broadly varying (w ≈ 1) contact functions. As can be seen
in Table 1, smaller values ofb require fewer active proteins in training and give more suc-
cessful predictions. Increasing the number of representative conformations makes it harder
to fit the training set and somewhat harder to make predictions. In any case, the predicted
proteins are sequentially dissimilar to the training set.

b Representatives Actives Predicted
8 50 69 407
4 50 31 698
4 100 56 556

Table 1. Training and prediction results.

While the number of predictions is certainly gratifying, there are nagging doubts about
the thoroughness of coverage of conformations. Since the set of representatives implicitly
includes realistic features of chain connectivity, excluded volume, three dimensions, pep-
tide flexibility, and secondary structure, these features need not be enforced by the energy
function. However, since the representatives are derived by surveys over PDB structures,
there is no guarantee that all possible folds are covered. Some representatives cover large
ranges of conformations, particularly with regard to partsof the chain that are not in con-
tact with the rest. On the other hand, sometimes the choice ofsufficient difference with
regard to contacts corresponds to 6.5Å rmsd for one example of a 76 residue protein.
In other words, two different representatives may represent only moderate conformational
differences. Beyond that, the current model does not weightthe volumes of conformation
space covered by the different representatives, so at present we do not attempt to calculate
the corresponding free energies of the native and denaturedstates.
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From Simulation to Therapy: A Systems Biology
Approach to Oncogene Detection

Avijit Ghosh 1, Dhruv Pant2, Aparna Kumar 3, Rui Zou4, and Dave Miller1

1 Department of Physics, Drexel University
3141 Chestnut St, Philadelphia, PA 19104

2 Watson School of Biological Sciences, Cold Spring Harbor Laboratory
One Bungtown Road, Cold Spring Harbor, NY 11724

3 Merrimack Pharmaceuticals
101 Binney St, Cambridge, MA 02142

4 Department of Biomedical Engineering, Drexel University
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In silico models of signal transduction pathways have been successful both qualitatively as well
as quantitatively in describing how complex protein networks control cell function. Moreover,
the study of networks has been used to elucidate not only how these pathways control the com-
plex regulation and response mechanism of cells, but also provide insight into how a breakdown
in the biological circuitry can lead to particular disease states.

We have recently examined the circuitry within the MAPK signal transduction pathway to un-
derstand how changes within this canonical network may leadto malfunction, notably the rise
of proto-oncogenic cells. In addition we have developed a new complementary technique that
provides insight into which key players within the pathway are most likely to be most conducive
to selective inhibition within this transformed line of cells. These tools have been made freely
available to the public, as part of a software suite developed by our group,Cellsim1. I will give
an overview on howCellsimmay be used to quantitate cell function and moreover malfunction.

1 Introduction

Computational Biophysics has always played a complementary role to the experimental
biological sciences. The role of a computational biophysicist, as such, is not to develop
tools that simply reassure the experimentalists that well-regarded experiments may, in fact,
be duplicatedin silico, but instead must also provide new predictive and quantitative tools
that provide new insight into biological mechanism or function. New tools from the devel-
opment of new experimentally designed united force fields such as UNRES2 to new special
purpose hardware techniques such as MDGRAPE3 have given rise to new predictive math-
ematical and computational methods that can probe behaviorof individual proteins on a
femtosecond scale. It is in this sense that new tools such as systems biology have been
developed to address the complementary issue of how these proteins can acten masseto
dictate not only form, but intra-cellular behavior4–8. The scale is perhaps different (from
angstrom to micrometer, from individual proteins to micromolar concentrations, from pi-
cosecond to millisecond and so forth), but the philosophy isthe same. The method of
systems biology is to take experimental data that is relatively simple to reproduce, and to
use it to provide insight into phenomena that can not be easily elucidated by an existing set
of experiments.
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Systems biology uses these experimentally derived, computational techniques to elu-
cidate both how cells have the ability to respond to externalstimuli and how intra-cellular
signaling circuitry that is essential for cell function is controlled. The mechanism by which
this occurs depends fundamentally on the way in which cells use protein networks as the
mechanism for translating extra-cellular signals into intra-cellular behavior. Hence, the
complexity of signal transduction networks is based on the interplay between different as-
pects of the signaling process, any of which may change with subtle external or internal
changes to the cell9. The focus of our group is on one particularly important signaling
cascade: the MAPK signal transduction pathway.

2 The Canonical MAPK Signal Transduction Pathway

The canonical MAPK signaling cascade (Figure 1) is perhaps one of the most well stud-
ied signal cascades, both experimentally and computationally 10. This central cascade is
critical for governing cell growth and proliferation as well as actin cytoskeleton rear-
rangement11–14. Stimulation of the cascade activates many downstream effectors including
PI3K15, Bcl-216, and PKC,17, 18 among others10. The central cascade is activated via the
following mechanism: The epidermal growth factor (EGF) signaling begins with the epi-
dermal growth factor receptor (EGFR) and traverses a seriesof signaling proteins to the Ras
protein. The Ras protein works in part by activating a seriesof kinases starting from Raf
(a Mitogen Activated Protein Kinase Kinase Kinase (MAPKKK)) which activates the Mi-
togen Activated Protein ERK Kinase (MEK), This in turn activates the extracellular-signal
regulation kinase (ERK), which subsequently translocatesto the nucleus and stimulates
a series of growth promoting transcription factors19. The pathways described represent a
simplified description of the full process of cell signaling, as this cascade is but a single
member of a complex set of parallel, interacting pathways9.

2.1 Oncogenic Transformation of the MAPK Pxathway

The central member of the MAPK pathway, Ras, illustrates theimportance of transforma-
tions within the MAPK signal transduction cascade. The Ras protein is a GTP-binding
signaling protein, activating downstream effectors by binding to GTP, while inactive in the
GDP bound form. The Ras oncogene was first found experimentally by its ability to in-
duce tumor-like growth in fibroblasts20–22. The major oncogenic transformation involves
specific mutations in Ras that prevent hydrolysis of GTP-bound Ras by GTPase Activating
Proteins (GAP), leaving Ras continuously activated (and thus persistently signaling down-
stream effectors). These particular mutations have been implicated in approximately 30%
of all human cancers, predominantly in lung, colon and pancreatic cancers23. This is likely
an under-estimation of oncogenic transformation of Ras related cascades as mutations in
other effectors downstream may cause a similar transformation in absence of mutations in
the Ras gene itself. The transformation to tumor cells does not occur by a mutational event
in Ras alone, but through a series of malignant transformations along or between several
distinct pathway species24.

8



SHC*.SOS.GRB2 

SHC* 

EGF 
EGFR

SHC 

EGF.EGFR 

SOS.GRB2 

MEK 

GTP.Ras.Raf* 

Raf* Raf 

GDP.Ras GTP.Ras

GEF* GEFDeph

Ca.PLCγ

EGF.EGFR 

Ca.PLCγ*

GAP* GAP 
Deph

PKC 

SOS GRB2 

SOS* 

ERK* 

Raf** 

ERK* 

EGF.EGFR
internal

 

EGF.EGFR 

GTP.Ras

Raf* 

GTP.Ras.Raf* 

MEK** 

ERK 

ERK
ty r

* 

MKP1

MEK** 

ERK* 

MKP1
MEK* 

GTP.Ras.Raf* 

Ca.PLA2

PLA-2
(cyt)

AA

APC

PIP2

DAG

IP3

Ca.PLA2

PLA2*

ERK* Ca.PLA2*

PKC-i 

DAG.Ca.PLA2

PLCγ

Ca.PLCγ

Ca.PLC
PLC

Ca.PLCγ*

PLCγ*

PLC.Gq

GPCR

Deph

PLC.Ca.Gq

PIP2.PLA2

PIP2.Ca.PLA2

DAG

PIP2*

PLA-2
(cyt)

PIP2*

PKC 

PP2-A

PP2-A PP2-A

PP2-A

PKC 

PKC 

IP3R IP3R*

IP3

Deph

Ca2+

Ca2+

Ca2+

Ca2+
external

Cap
channel

Ca2+
endosome

IP3R* Leak

Leak

Ca
pump

Ca2+

Ca2+

Ca2+

Ca2+

Ca2+

Ca2+

Ca2+

Ca2+

Figure 1. The canonical MAPK pathway

3 Methods

Systems biology methods developed by our group use either ordinary differential equations
(ODEs) or partial differential equations (PDEs) to describe the overall temporal or spatio-
temporal behavior of the protein network within (and between) compartments of a cell7, 8.
Enzymatic reactions and other chemical interactions are represented as simply a system of
ODEs which couple to active and passive transport. Passive transport includes processes
such as simple diffusive processes. Active transport includes explicit advective terms,
modeling for instance transport along actin filaments and other ATP driven processes.

Elementary chemical reactions describe the enzymatic and non-enzymatic reactions
within each compartment. These reactions may be written as:

∑

i

niRi

kf−⇀↽−
kb

∑

j

njPj (1)

where a set of reactant speciesRi with stoichiometric coefficientsni inter-converts into
a set of product speciesPj with stoichiometric coefficientsnj with rate constantskf and
kb. As collisions that are greater than bimolecular are rare, the order of an elementary
chemical reaction is not typically greater than 2. Characteristic of signaling pathways are
enzymatic reactions such as phosphorylation or dephosphorylation events. These reactions
may be expressed as a combination of a reversible and an irreversible chemical reaction as
follows:

E + S
k1−⇀↽−
k2

E.S
k3−→ E + S∗ (2)
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whereE represents an enzyme which catalyzes the substrateS. The intermediate species
E.S first forms reversibly with rate constantsk1 andk2 followed by an irreversible cat-
alytic step with rate constantk3 which releases the activated substrate S∗ and the enzyme
for further catalysis.

These reactions lead to a set of ordinary differential equations such that one may ex-
press the time rate of change in concentration of all speciesas a system of unimolecular
and bimolecular reactions such that:

d[Ci]

dt
=
∑

j

kij [Cj ] +
∑

l>m

kilm[Cl][Cm] +
∑

j

T (Ci, Cj) (3)

wherekij is the rate constant for a unimolecular reaction involving speciesCi andCj

at concentrations[Ci] and [Cj ] respectively. Ifkilm is positive thenkilm represents the
rate constant of formation of speciesCi from a bimolecular reaction between speciesCl

andCm with concentrations[Cl] and [Cm]. Conversely, ifkilm is negative thenkilm

represents the rate constant of disassociation of speciesCi into two speciesCl andCm.
T (Ci, Cj) represents a function governing the passive transport of a speciesCi into a
different compartment at which time it is labeled with a subscript j asCj via passive
channels.

3.1 Mutations

A mutation in a particular gene in a signaling pathway manifests itself in one of two ways.
In the first case, the mutation may directly affect theinteractionbetween two species. If
two speciesA andB reversibly associate/disassociate with rate constantskf/kb:

A+B
kf−⇀↽−
kb

A.B (4)

then a mutation of this type will perturbkf or kb by some amount. For instance, lowering
kf by some amount represents a mutation that hinders the ability of speciesA or B to
associate intoA.B. We define a mutation of this type as an “interaction” mutation. This
mutation may occur in either speciesA orB, as the effect is the same. A simple analysis
using Arrhenius theory may be used to connect the free energychange from a mutation
with the corresponding kinetic parameterskf andkb

6, 5.
The rate of interconversion from reactant to product may be given as:

kf = Ae−Ea/kBT (5)

whereA is a constant prefactor,Ea is the barrier energy of activation andkB is Boltz-
mann’s constant. Mutations in the enzyme may affect a transition rate by either increasing
the barrier height or changing the free energy of the initialstate of the system by some
amount∆E. The new mutated system may therefore be considered to be a perturbed sys-
tem with a new barrier of heightE′

a and a forward transition rate ofk′f (Figure 2). The
ratiok′f/kf is :

k′f/kf =
e−(Ea+∆E)/kbT

e−Ea/kbT
(6)

and simplifying

k′f/kf = e−∆E/kbT (7)
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Figure 2. Graphical representation of the energy barriers involved in a reaction. An increase in the barrier height
lowers the rate constant. The lower rate constantk′

f corresponds to the greater barrier heightE
′

a.

The right side of eq. (7) is a function of thechangein the barrier height and not of the
barrier heightEa itself.

Eq. 7 can be used to simulate theeffectof any single mutation on the normal MAPK
signal transduction pathway without having to explicitly dileanate the underlying cause.
The key effect governing the transformation of the normal MAPK signal transduction path-
way, is the ability to activate downstream ERKwithoutEGF stimulation. The results from
this analysis will be published in a forthcoming manuscript25.

Moreover, such mutations may be rank ordered in terms of∆E. The top 10 mutations
(those that need the smallest∆E increase to activate ERK ) are shown in table 1.

Rank kmod Reaction Dir
1 0.75 X* + PP2A ⇋ X*-PP2A f
2 0.75 X*-PP2A→ PP2A +X f
3 0.6 Raf* +GTP-Ras⇋ Raf-GTP-Ras* b
4 0.55 Raf* + PP2A⇋ Raf*-PP2A f
5 0.55 GTP-Ras + GAP⇋ GTP-Ras-GAP f
6 0.55 GTP-Ras-GAP→ GAP +GDP-Ras f
7 0.55 AA → APC f
8 0.55 Ca-Capump → Capump +Caext f
9 0.5 X + Raf-GTP-Ras*⇋ X-Raf-GTP-Ras* b
10 0.5 Ca + Capump ⇋ Ca-Capump f

Table 1. Ranking of the ‘interaction” mutations based on thehighest value ofkmod below which ERK activation
occurs. These reactions represent the “inhibiting” set of mutations. Reactions with X (or X*) or (g) represent
group reactions.

4 Drug Targeting

With drug development costs now reaching 500 million dollars and more, development
strategies represent a significant hurdle in bringing new therapeutics to the marketplace26.
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The experimental development cycle can be optimized in a manner that minimizes the
number of false positives during costly clinical trials using systems biology techniques
similar to those described previously in this manuscript todetect proto-oncogenes. Rather
than modeling the effect of a mutation, modeling of an inhibitor may be performed with
the addition of a single chemical reaction representing simple competitive binding between
the substrate and the target protein:

I + S
kb−⇀↽−
kf

I.S (8)

The binding free energy can be calculated from the equilibrium constantkeq of the
reversible binding reaction. A particular inhibitor may bind to any substrate within the
MAPK pathway. The efficacy of the inhibitor against a particular target is gauged by its
ability to stop auto-activation of the pathway of the entireset of transformed cells described
in the previous section. Furthermore, targets that successfully inhibit all transformed cell
lines are further ranked by the minimum binding affinity and concentration needed to de-
activate all cell lines.

5 Concluding Remarks

Computational biophysics has been successful in underscoring how quantitation and sim-
ulation can be used to address difficult problems of interestin biology, as evidenced by
the many articles within this book. Systems biology continues this tradition with an em-
phasis on themacroscopicrather than themicroscopic, focusing on not single molecules
or proteins but rather how entire systems interact. As illustrated, systems biology can be
used to not only quantitate how behavior is governed, but moreover how malfunctions in
the signaling process can give rise to aberrant signaling processes. Finally, an analysis of
these aberrant networks can be used to suggest novel treatment strategies.
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We discuss two Monte Carlo studies based on a simple all-atommodel for proteins. The first
study explores the early aggregation steps of Aβ16−22, an amyloid fibril-forming 7-residue
fragment of Alzheimer’s Aβ peptide. The other study deals with the mechanical and thermal
unfolding of ubiquitin, a 76-residue protein that was studied in recent single-molecule constant-
force experiments.

1 Introduction

Protein aggregation into amyloid fibrils is a recurrent theme in several human disorders,
including Alzheimer’s and Parkinson’s diseases,1 and there is evidence that amyloid struc-
tures can have a functional role, too.2 The mechanisms of amyloid formation are currently
being intensely investigated, both experimentally and by computer simulations. These
studies are not limited to fibrillar aggregates; small assemblies get more and more atten-
tion, because of findings that link soluble oligomers to pathology.3 A broad set of se-
quences is studied, from disease-associated proteins likethe Alzheimer’s Aβ peptide to
designed amyloid sequences like the hexapeptide STVIIE.4

Here we discuss a study of small assemblies of the Aβ fragment Aβ16−22,5 which was
performed using an all-atom model with a simplified energy function. In addition, we dis-
cuss a study of the mechanical and thermal unfolding of ubiquitin,6, 7 based on exactly the
same model. This model was developed through folding studies of a set of well charac-
terized peptides,8, 9 includingα-helical as well asβ-sheet peptides. For these peptides, the
model was found to give a good description of both structure and thermodynamics.9

Mechanical unfolding has been studied experimentally at the single-molecule level for
several proteins. These studies have provided valuable insights into the elastic properties
of, e.g., the muscle protein titin.10, 11 Typically, these experiments focus on the extension-
versus-force behavior. Computer simulations have the potential to provide information not
captured by the experiments, and thereby give a more complete picture of the unfolding
process.

2 Model and Methods

The model we use contains all atoms of the protein chains, including hydrogen atoms,
but no explicit water molecules. It assumes fixed bond lengths, bond angles and peptide
torsion angles (180◦), so that each amino acid only has the Ramachandran torsion angles
φ, ψ and a number of side-chain torsion angles as its degrees of freedom.
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The energy function

E = Eloc + Eev + Ehb + Ehp (1)

is composed of four terms. The termEloc is local in sequence and represents interactions
between adjacent backbone dipoles along the chain. The other three terms are non-local in
sequence. The excluded volume termEev is a1/r12 repulsion between pairs of atoms.Ehb

represents two kinds of hydrogen bonds: backbone-backbonebonds and bonds between
charged side chains and the backbone. The last termEhp represents an effective hydropho-
bic attraction between non-polar side chains. It is a simplepairwise additive potential
based on the degree of contact between two non-polar side chains. A detailed description
of all the different terms can be found elsewhere.8, 9

Despite its simplicity, this energy function is able to foldseveralα-helical andβ-sheet
peptides with about 20 amino acids.9 One type of interaction that the model neglects is the
Coulomb interaction between charged side chains. For a small peptide, these charges tend
to be exposed to, and therefore screened by the solvent. To beable to study larger proteins
and protein aggregates, we expect that it will be necessary to refine the energy function to
take into account, e.g., the interactions between side-chain charges.

All our studies were carried out using PROFASI,12 which is a Monte Carlo software
package for simulations of this model.

Let us stress that the amino acid sequence is the only input tothe model. All model
parameters were thus kept the same in our different studies.

3 Aβ16−22 Aggregation

A characteristic “cross-β” X-ray fiber diffraction pattern reveals that the core structure
of amyloid fibrils is composed ofβ-sheets whose strands run perpendicular to the fibril
axis.13 For Aβ16−22 fibrils, it has been found, by solid-state NMR, that theβ-strands have
an antiparallel organization.14, 15 The Aβ16−22 sequence (Ac-KLVFFAE-NH2) consists of
five inner residues that are hydrophobic, and two end residues that are oppositely charged.
Coulomb interactions between such charges provide a possible explanation for the antipar-
allel β-strand organization in Aβ16−22 fibrils.

Computer simulations of Aβ16−22 aggregation have been reported by several
groups16–19. In our calculations, we studied systems of one, three and six Aβ16−22 pep-
tides. The simulations were started from random configurations, and the energy function
was exactly the same as in our folding studies.9

The isolated Aβ16−22 peptide turned out to be disordered in our simulations. The
three- and six-chain systems, on the other hand, self-assembled into ordered,β-strand-rich
aggregates. There was no single dominating free-energy minimum, but rather a number of
more or less degenerate minima. Fig. 1 shows two snapshots ofsuch minima.

Theβ-strand organization in these structures is interesting since our model neglects the
interactions between charged side chains, which might be responsible for the antiparallel
organization seen in Aβ16−22 fibrils. A detailed analysis showed that mixed configurations
with both parallel and antiparallelβ-strand pairs were common in our simulations, but
nevertheless there was a clear statistical preference for the antiparallel organization over
the parallel one. Our model thus favors the antiparallel organization despite that these
Coulomb interactions are neglected. This, of course, does not mean that these interactions
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Figure 1. Two typical low-energy structures from our simulations of six Aβ16−22 peptides: a five-strandedβ-
sheet (left), and two three-strandedβ-sheets “sandwiching” several of their hydrophobic side chains between
them (right). Drawn with RasMol.20

are unimportant, but it suggests that other factors (e.g., hydrogen bond geometry) play
a significant role, too. We also did some simulations with attraction/repulsion between
unlike/like side-chain charges. Not unexpectedly, this led to an increased preference for
the antiparallel organization.

A configuration type that did not occur at all in these simulations was closed barrel-
like structures. For this sequence, it seems that six chainsare not enough to permit the
formation of such structures. By contrast, we have seen the formation of closed barrel-like
structures in simulations for nine Aβ16−22 peptides.

4 Mechanical and Thermal Unfolding of Ubiquitin

Ubiquitin is a 76-residueα/β protein, whose unfolding and refolding properties have been
extensively studied experimentally.21 Its native structure contains anα-helix and a five-
strandedβ-sheet (see Fig. 2).

The mechanical unfolding of ubiquitin was recently investigated by the Fernandez
group by single-molecule methods.23–25 One study examined the unfolding behavior under
a constant stretching force, using end-to-end linked polyubiquitin.25 Here, the time evolu-
tion of the end-to-end distancer was followed, and a total of about 800 unfolding traces
were collected. In most cases, unfolding occurred in one step, but several examples of
unfolding through intermediate states were also observed.The size of the unfolding step
to the typical intermediate state was consistent with what one would expect if theα-helix
and the N-terminalβ-hairpin (A and B in Fig. 2) remain folded in this state, whereas the
rest of the molecule is unfolded. Interestingly, these two structures have been found to be
the most stable ones in several different experiments at zero force.21

We studied the unfolding of ubiquitin under a constant stretching force using the same
strengths of the applied force as in the experiments (100 pN,140 pN and 200 pN).25 The
energy function wasEf = E − ~f · ~r, where the internal energyE is the same as before
(see Eq. 1),~f is the applied force, and~r is the end-to-end vector. Because of the existence
of multiple unfolding pathways, we performed a set of 500 runs for each force.

As in the experiments, we saw both one-step unfolding and unfolding through interme-
diate states in our simulations. Furthermore, properties such as the size of the unfolding
step, the frequency of occurrence of intermediate states, and the position of the typical
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A

Figure 2. The native structure of ubiquitin with our labels for secondary-structure elements, A–E. Left: A 3D
model (PDB code 1d3z, first model22) drawn with RasMol.20 Right: The organization of theβ-sheet.

intermediate state were all found to be in reasonable agreement with experimental data.
Having verified these properties, we performed more detailed measurements which, in
particular, aimed at characterizing the typical intermediate state.

For this purpose, we investigated the order of breaking of five secondary-structure ele-
ments, labeled A–E (see Fig. 2). The structure A is theα-helix, whereas B–E are the four
pairs of adjacent strands in the five-strandedβ-sheet. To determine the order of breaking,
the native hydrogen bonds in these structures were monitored as a function of the end-to-
end distancer (r increased essentially monotonically with time). Fig. 3 summarizes the
results of this analysis, at 100 pN. From this figure it is immediately clear that the structures
A–E do not break in a random order but instead in a statistically preferred order, namely
CBDEA. C and B tend to break below the typicalr for intermediate states,rint ≈ 12 nm,
whereas D, E and A tend to break aboverint. Our results thus suggest that the typical
intermediate is composed of D, E and A rather than A and B.

Fig. 3 shows averages over all events, and therefore does nottell how strong the sta-
tistical preference is for the unfolding order CBDEA. To investigate this, we also did an
event-by-event analysis, and found that 61 % of the events followed the unfolding pathway
CBDEA. Another 23 % of the events had the order of B and D apparently interchanged,
the path being CDBEA. In these events, B does unfold before D,but partially reforms after
D is gone. The partial refolding of B is not a step back toward the native state, because
when B reforms, D is gone, andr is larger. Hence, 84 % of the events followed the same
basic pathway.

Several aspects of this calculated unfolding order can be understood in terms of native
topology and pulling geometry. That C breaks first is inevitable; the other parts cannot
sense the force until C is broken. The native state is mechanically resistant because C is
pulled longitudinally, so that several hydrogen bonds mustbreak at the same time. Once
C is gone, nothing keeps B from unzipping, one bond at a time. Unzipping requires less
force than separation by longitudinal pulling. Therefore,it seems reasonable that B breaks
soon after C, as it did in our simulations.

That B breaks early implies that ubiquitin shows a differentbehavior in these sim-
ulations than in various experiments at zero force. In particular, there are experiments
suggesting that B along with A are the thermally most stable parts of ubiquitin.26, 27 There-
fore, one must ask whether one actually sees a difference between mechanical and thermal
unfolding in our model. To address this question, we performed a set of 800 thermal un-
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Figure 3. Frequency of occurrence of native hydrogen bonds in the structures A–E against end-to-end distance.
Each curve represents an average over all the native hydrogen bonds in a given structure and over all events.

folding simulations at a fixed temperature.7 In a majority of these events, A and B unfolded
after C and D (E was not analyzed due to noisy data), which indeed is in agreement with
the experiments. The agreement with experimental data in the thermal case strengthens
our proposed mechanical unfolding order, which remains to be verified experimentally.
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6. A. Irbäck, S. Mitternacht, and S. Mohanty,Dissecting the mechanical unfolding of
ubiquitin, Proc. Natl. Acad. Sci. USA102, 13427–13432 (2005).
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12. A. Irbäck and S. Mohanty,PROFASI: a Monte Carlo simulation package for protein
folding and aggregation, to appear in J. Comp. Chem.

13. M. Sunde and C. Blake,The structure of amyloid fibrils by electron microscopy and
X-ray diffraction, Adv. Protein Chem.50, 123-159 (1997).

14. J. J. Balbach, Y. Ishii, O. N. Antzutkin, R. D. Leapman, N.W. Rizzo, F. Dyda, J.
Reed, and R. Tycko,Amyloid fibril formation by Aβ16−22, a seven-residue fragment
of the Alzheimer’sβ-amyloid peptide, and structural characterization by solid state
NMR, Biochemistry39, 13748-13759 (2000).

15. D. J. Gordon, J. J. Balbach, R. Tycko, and S. C. Meredith,Increasing the amphiphilic-
ity of an amyloidogenic peptide changes theβ-sheet structure in the fibrils from an-
tiparallel to parallel, Biophys. J.86, 428-434 (2004).

16. B. Ma and R. Nussinov,Stabilities and conformations of Alzheimer’sβ-amyloid pep-
tide oligomers (Aβ16−22, Aβ16−35, and Aβ10−35): sequence effects, Proc. Natl. Acad.
Sci. USA99, 14126-14131 (2002).

17. D. K Klimov and D. Thirumalai,Dissecting the assembly of Aβ16−22 amyloid pep-
tides into antiparallelβ sheets, Structure11, 295-307 (2003).

18. S. Santini, N. Mousseau, and P. Derreumaux,In silico assembly of Alzheimer’s
Aβ16−22 peptide intoβ-sheets, J. Am. Chem. Soc126, 11509–11516 (2004).

19. S. Gnanakaran, R. Nussinov, and A.E. Garcı́a,Atomic-level description of amyloid
β-dimer formation, J. Am. Chem. Soc.128, 2158–2159 (2006).

20. R. A. Sayle and E. J. Milner-White, RasMol: biomoleculargraphics for all, Trends
Biochem. Sci.20, 374–376 (1995).

21. For a review, see S. E. Jackson,Ubiquitin: a small protein folding paradigm, Org.
Biomol. Chem.4, 1845–1853 (2006).

22. G. Cornilescu, J. L. Marquardt, M. Ottiger, and A. Bax,Validation of protein structure
from anisotropic carbonyl chemical shifts in a dilute crystalline phase, J. Am. Chem.
Soc.120, 6836–6837 (1998).

23. M. Carrion-Vazquez, H. Li H, H. Lu, P. E. Marszalek, A. F. Oberhauser, and J. M.
Fernandez,The mechanical stability of ubiquitin is linkage dependent, Nat. Struct.
Biol. 10, 738–743 (2003).

24. J. M. Fernandez and H. Li,Force-clamp spectroscopy monitors the folding trajectory
monitors the folding trajectory of a single protein, Science303, 1674–1678 (2004).

25. M. Schlierf, H. Li, and J. M. Fernandez,The unfolding kinetics of ubiquitin captured
with single-molecule force-clamp techniques, Proc. Natl. Acad. Sci. USA101,
7299–7304 (2004).

26. F. Cordier and S. Grzesiek,Temperature-dependence of protein hydrogen bond prop-
erties as studied by high-resolution NMR, J. Mol. Biol. 317, 739–752 (2002).

27. H. S. Chung, M. Khalil, A. W. Smith, Z. Ganim, and A. Tokmakoff, Conformational
changes during the nanosecond-to-millisecond unfolding of ubiquitin, Proc. Natl.
Acad. Sci. USA102, 612–617 (2005).

20



Modeling Protein Structure, Dynamics and
Thermodynamics with Reduced Representation of

Conformational Space

Andrzej Kolinski, Dominik Gront, Sebastian Kmiecik,
Mateusz Kurcinski, and Dorota Latek

Laboratory of Theory of Biopolymers, Faculty of Chemistry
Warsaw University, Pasteura 1, 02-093 Warsaw, Poland

E-mail: kolinski@chem.uw.edu.pl

In this contribution we describe a successful approach to protein modeling which is based on
reduced representation of protein conformational space, all-atom-refinement, evaluation and se-
lection of the best molecular models. During the sixth CASP (Critical Assessment of protein
Structure Prediction) community-wide experiment our methodology (referred further as CABS)
proven to be one of the best performing methods for protein structure prediction, applied both
for comparative modeling and tode novofolding. The newest applications of the CABS mod-
eling technology include: study of protein folding thermodynamic, dynamics in the denatured
state and folding pathways, structure prediction based on sparse and inaccurate experimental
data and prediction of protein-protein interactions or flexible ligand docking. The CABS re-
duced model could be easily integrated with the all-atom approaches providing solid starting
point for reliable multiscale simulations of large biomolecular systems.

1 Introduction

Due to the systematic sequencing of numerous genomes1 the number of recognizable
gene products, and therefore protein sequences, grows exponentially in the recent years.
The number of known protein sequences exceeds 30 millions. Understanding of protein
biological function, from enzymatic activity, through transport and signaling, to mecha-
nisms and thermodynamics of complex macromolecular assemblies, requires knowledge
of proteins’ three dimensional structures. For many purposes it is also important to know
protein folding mechanism and the dynamics near the native state, as well as the dynamics
at denatured state. Understanding protein dynamics may be even more challenging than
theoretical prediction of protein structure. Nevertheless, at the moment protein structure
prediction seems be the most urgent and the most advanced general goal of theoretical
structural biology. It has an increasing impact on rationaldrug design, development of
new biotechnologies, and on many other areas of biomedical sciences and technology.

Theoretical approaches are important regardless the greatprogress in experimental
methods of protein structure determination. In spite of this progress the X-ray2, 3 or NMR
based methods for structure determination remain very costly and time-consuming4.
As a result, the number of good-quality experimental structures, although impressive,
is still very small in comparison with the number of known sequences, and is now
range of 30 thousands. It is not quite clear if we know alreadythe majority of possible
protein folds, i.e. loosely defined distinct three-dimensional structures. This is an
important issue, since the most advanced and the most accurate methods of theoretical
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prediction of protein structures employ already determined structures as templates in
the framework of comparative modeling techniques. Reasonable comparative model-
ing can be now done for some 50-60% of newly identified proteins, depending on a
genome5. For the remaining proteins it is difficult, or even impossible, to find structural
templates and different approaches need to be applied. In such cases variousde novo
modeling techniques could be helpful. A number of distinct approaches to thede
novo structure prediction have been recently proposed and evaluated. In general, the
most advanced techniques are quite successful when appliedto relatively simple and
small proteins, although dependable structure predictionof larger proteins remains elusive.

In principle, the simplest and the most straightforward approach to thede novo
folding would be to use a detailed all-atom-representationof polypeptide chain immersed
in a proper number of water molecules with a proper number of ions around. Such
systems could be sampled using Molecular Dynamics or Monte Carlo techniques. This
is unfortunately still limited to very small proteins or peptides. The conformational space
of proteins is enormous, and in reality a typical folding time of globular proteins (in vivo
as well as in vitrio) is range of milliseconds to minutes. This time frame is few orders of
magnitude too large for the contemporary computers. Thus, the geometrical representation
of proteins, their interactions and sampling techniques need to be simplified in order to
make the task feasible. Up to the date the two distinct, reduced-space, approaches to
the de novofolding simulations of proteins seem to be the most successful. The first
one, adopted in the Rosetta model of Baker and collaborators6, 7 employs short structural
fragments excised from the known protein structures. Thesefragments are 3-9 residues
long and their representation in the algorithm is limited tothe main chain and single
united atoms for the side groups. During the sampling process the model chains undergoes
a long series of deletion/insertions of such building blocks. The acceptance criteria for
these modifications include short range geometrical restraints, a simplified model of side
chain interactions and a model of main chain hydrogen bonds.The final models are
subject to a clustering procedure, rebuilding of the atomicdetails and final selection of the
best models. A different class of models assumes even a more simplified representation
of the main chain backbone, where only the alpha carbons are treated in an explicit
fashion, although the sampling process allows for a broaderrange of conformations,
controlled by properly designed force fields. Good example of such model of protein
folding is UNRES, designed by Scheraga and coworkers8, 9. The UNRES force field is
carefully designed and optimized, and is derived from basicphysical principles. The
conformational space of UNRES is continuous. In order to further speed-up the sampling
process discretized space models have been developed. Below, we briefly describe the
CABS model10, which besides the grid-type representation employs knowledge-based
force field derived from statistical analysis of structuralregularities observed in known
proteins. Rosetta and CABS based methods proven to be among the most successful11, 12

during the last round of the CASP (Critical Assessment of Protein Structure Prediction)
community-vide experiment. The summary of the CASP resultscan be found in our
homepagehttp://biocomp.chem.uw.edu.pl or at the CASP homepage.

The reduced representation of the CABS model10 employs up to four interaction
centers per residue (alpha carbon, beta carbon, the center of mass of the side group
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and the center of peptide bond). Carefully designed, tuned and tested force field13 of
CABS consists of several potentials of mean-force derived from statistical analysis of
structural regularities seen in known protein structures.The sampling of conformational
space of the model proteins employs various variants of the Monte Carlo method,
including very efficient muticopy simulated tempering algorithms14–16. A number of
supplementary bioinformatics tools have been developed tohandle data processing and
analysis of the large scale simulations of protein systems using the CABS modeling
system. CABS methodology proven to be one of the best performing methods for protein
structure prediction, from comparative modeling to de novofolding. It has been clearly
demonstrated during the sixth CASP (Critical Assessment ofprotein Structure Prediction)
community-wide experiment. The groups employing the CABS-based methodology
scored among the best. The design of the CABS model has been recently described in
great detail10. In the next section, the most typical recent applications in protein structure
prediction, refinement of NMR data and study of protein dynamics and interactions are
presented.

2 Structure Prediction Based on Sparse NMR Data

NMR based protein structure determination is a time consuming and costly process. How-
ever, some sparse NMR data as Chemical Shifts (CS), ResidualDipolar Coupling (RDC)
and some sparse NOE’s are relatively easy to obtain at early stages of structure determi-
nation process. Such data are usually insufficient for molecular model building using the
standard computational procedures. The restraints derived from sparse experimental data
(NMR in this case) are easy to implement in the CABS modeling tool. The first appli-
cations focused on the CS and RDC data17. The CS data provide loose restrictions on a
fraction ofΦ,Ψ angles of the protein backbone. Due to the reduced Cα representation of
the main chain in the CABS algorithm it was necessary to develop a translating procedure,
where theΦ,Ψ angles are transformed intoθ, γ angles of the Cα -trace.θ is the planar an-
gle of the trace, whileγ is the dihedral angle defined by three consecutive Cα pseudobonds
(Figure 1a). The ranges of experimental inaccuracies need also to be properly translated.
Theθ, γ restraints are easy to implement in the CABS simulations controlled by the sim-
ulated tempering MC scheme. It has been shown that for not too-complex structures CS
experimental data are often sufficient for a moderate resolution structure prediction. It
has been also demonstrated that a proper combination of the CS data with the artificial
intelligence based secondary structure predictions significantly increases the accuracy of
the generated molecular models and increase the range of applicability of the method -
larger proteins could be modeled. Using simulated (extracted from known PDB structures)
CS data it was demonstrated that increase of the fraction of assigned phi-psi angles from
around 60% to some 80% improves qualitatively the accuracy of the obtained molecu-
lar models. It points onto a possible way of improving and speeding-up the NMR based
structure prediction procedures. Increasing the accuracyof the CS measurements or/and
supplementing the CS data with the local NOE’s (or other measurements of the short range
angular correlations) would be extremely beneficial for a fast computational model build-
ing with the CABS algorithm.

While the CS data are of the local nature the RDC data provide global, although very
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Figure 1. (a) Translation fromΦ, Ψ angles (obtained from NMR chemical shifts) to the CABS representation
(θ, γ angles).(b) De-novo assembly of ROP homodimer: theoretical model superimposed on NMR structure (pdb
code: 1RPR) with cRMSD equall to 2.97̊A . (c) Predicted model of vitamin D receptor bound with short peptide
co-activator fragment, superimposed on crystallographicstructure (pdb code: 1RJK). Accuracy of obtained model
is 0.61Å . (d) Example snapshots from folding simulation, illustrating the folding pathway of chymotrypsin
inhibitor 2. The portions of the protein that formβ-strands in the native state are highlited in magenta, theα helix
is colored in cyan.

inaccurate, restraints. The RDC data need to be also properly translated onto the CABS
geometry. Preliminary computational studies show that theRDC based restraints are very
useful in guiding the simulations for more complex structures - they provide a bias towards
the right fold topology. The local details are tuned by the CABS force field, eventually sup-
plemented by the CS-based restraints. Finally, even very small number of the long range
restraints from NOE’s (range of N/12, where N is the number residues in the chain) allows
for the proper fold assembly even for quite complex structures.
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In summary, CABS based modeling could be a powerful tool for structure determination
from sparse (and of low accuracy) experimental data. It could be also used as a part of the
full process of structure determination using the NMR techniques. Namely, the initial data
(CS, RDC, etc.) could be used for building an initial model, or a number of alternative
models. These models could be subsequently used as a guide inthe assignments of the
NOE signals.

3 Flexible Docking with CABS

At present, the CABS force field is applicable only to proteins and peptides. This allows
studies of protein complexes and docking of peptide ligands(co-factors, etc) to proteins.
The docking procedure can be performed in various regimes; from completely unrestrained
simulations of two or more polypeptide (peptide) chains to simulations with partially re-
strained internal coordinates of the interacting macromolecules. It has been shown that
unrestrained simulations of protein dimers (GCN4 leucine zippers, ROP-dimer, etc) lead
to a rapid assembly of the correct dimeric structures (Figure 1b). Weak restraints superim-
posed onto internal coordinates of the interacting molecules lead to a higher resolution of
the obtained assemblies.
A number of test docking experiments have been performed assuming a limited flexibil-
ity of a receptor and the full conformational mobility of theinteracting peptides21. No
knowledge of the binding sites was assumed. At the beginningof simulations peptides
were placed at random position at a large distance from the receptors. In all studied cases
the peptides attached correctly to various nuclear receptors (Figure 1c). In about half of
cases the accuracy was range of 1Å RMSD, as measured for the alpha carbons of the pep-
tide after the best superposition of the model receptor structure onto its crystallographic
structure. In other cases the resolution was range of 2-2.5Å . This implies, that always the
pattern of the side chain interactions was correctly predicted. Thus, it has been demon-
strated that the new modeling tool is already capable of producing correct high-resolution
structures of protein - peptide complexes and of proper assembly of protein mutimers (in
the last case the process is computationally expensive for larger structures). This should
be very important for better understanding of protein interactions, signaling pathways and
for computer aided design of new drugs.

4 Modeling of Protein Dynamics and Folding Pathways

The force field of CABS has been designed basing on statistical analysis of structural reg-
ularities observed in known protein structures10, 13. Thus, it may appear that the model is
applicable only to structure prediction, but not to study ofprotein dynamics in the dena-
tured state, or modeling the folding mechanisms. This is however not the case. Apparently,
the nature of the mean field interactions in the denatured state is very similar to these in the
compact native structures. For a number of small proteins a detailed data describing the
nature of the denatured state and the folding mechanism are available. Using the CABS
model isothermal simulations just above the folding temperature were performed and the
degree of exposure to the solvent for all residues computed from the resulting trajecto-
ries19. These correlated extremely well with the measurements of the protection factors for
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the burst intermediates. The unfolded model proteins exhibited the features of the molten
globule state20, believed to be a common folding intermediate for globular proteins. In-
terestingly, the most frequently observed long range contacts in the simulated denatured
conditions overlapped with the folding nuclei observed in experiments. Thus, it seems
to be safe to conclude, that the CABS model could be used not only in studies of pro-
tein folded structures, but also in semiquantitative modeling of protein dynamics, folding
pathways (Figure 1d) and mechanism of macromolecular assembly.

5 Conclusions

CABS is a high resolution, lattice based model of protein structure and protein stochastic
dynamics. The force field of the model consists of several statistical potentials of mean
force, derived from the regularities seen in the known protein structures. The solvent in
this force field is treated in an implicit fashion. Due to computational speed CABS can
be used in a large scale protein modeling (large scale in respect to the size of the modeled
system, as well as in respect to the number of proteins that could be structurally annotated
in a reasonable time). Recent applications include proteinstructure prediction (de novo, as
well as supported by sparse experimental data), modeling ofprotein interactions in macro-
molecular assemblies and study of protein dynamics and folding mechanisms. Finally, it
should be noted that CABS is compatible with the classical all-atom modeling tools. The
spatial accuracy of the CABS models is sufficient for a meaningful reconstruction of the
atomic details. Thus multiscale simulations at various levels of resolution become fea-
sible. Future extensions of the model will include interactions with non-peptide ligands,
membranes and nucleic acids.

Acknowledgments

This work was partially supported by the grant # PBZ-KBN-088/P04/2003

References

1. R. D. Fleischmann, M. D. Adams, O. White, R. A. Clayton, E. F. Kirkness, A. R.
Kerlavage, C. J. Bult, J. F. Tomb, B. A. Dougherty, and J. M. Merrick. Whole-
genome random sequencing and assembly of haemophilus influenzae rd. Science,
269(5223):496–512, July 1995.

2. W. A. Hendrickson. Synchrotron crystallography.Trends Biochem Sci, 25(12):637–
643, December 2000.

3. A. Schmidt and V. S. Lamzin. Veni, vidi, vici - atomic resolution unravelling the
mysteries of protein function. Curr Opin Struct Biol, 12(6):698–703, December
2002.

4. D. Vitkup, E. Melamud, J. Moult, and C. Sander. Completeness in structural ge-
nomics.Nat Struct Biol, 8(6):559–566, June 2001.

5. M. A. Marti-Renom, A. C. Stuart, A. Fiser, R. Sanchez, F. Melo, and A. Sali. Com-
parative protein structure modeling of genes and genomes.Annu Rev Biophys Biomol
Struct, 29:291–325, 2000.

26



6. C. Bystroff and D. Baker. Prediction of local structure inproteins using a library of
sequence-structure motifs.J Mol Biol, 281(3):565–577, August 1998.

7. C. A. Rohl, C. E. Strauss, K. M. Misura, and D. Baker. Protein structure prediction
using rosetta.Methods Enzymol, 383:66–93, 2004.

8. A. Liwo, S. Oldziej, M. R. Pincus, R. J. Wawak, S. Rackovsky, and H. A. Scheraga.
A united-residue force field for off-lattice protein-structure simulations. i. functional
forms and parameters of long-range side-chain interactionpotentials from protein
crystal data.Journal of Computational Chemistry, 18(7):849–873, 1997.

9. A. Liwo, C. Czaplewski, J. Pillardy, and H. A. Scheraga. Cumulant-based expressions
for the multibody terms for the correlation between local and electrostatic interactions
in the united-residue force field.The Journal of Chemical Physics, 115(5):2323–
2347, 2001.

10. A. Kolinski. Protein modeling and structure predictionwith a reduced representation.
Acta Biochim Pol, 51(2):349–371, 2004.

11. J. Moult. A decade of casp: progress, bottlenecks and prognosis in protein structure
prediction.Curr Opin Struct Biol, June 2005.

12. A. Kolinski and Janusz M. M. Bujnicki. Generalized protein structure prediction
based on combination of fold-recognition with de novo folding and evaluation of
models.Proteins, September 2005.

13. D. Gront and A. Kolinski. A new approach to prediction of short-range conforma-
tional propensities in proteins.Bioinformatics, 21(7):981–987, April 2005.

14. C. J. Geyer. Markov chain monte carlo maximum likelihood. In Computing Science
and Statistics: Proceedings of 23rd Symposium on the Interface Interface Foundation,
pages 156–163. Fairfax Station, 1991.

15. U. H. E. Hansmann. Parallel tempering algorithm for conformational studies of
biological molecules,Chem. Phys. Lett, 281:140 1997.

16. D. Gront, A. Kolinski, and J. Skolnick. Comparison of three monte carlo confor-
mational search strategies for a proteinlike homopolymer model: Folding thermody-
namics and identification of low-energy structures.The Journal of Chemical Physics,
113(12):5065–5071, 2000.

17. D. Plewczynska and A. Kolinski. Protein folding with a reduced model and inaccu-
rate short-range restraints.Macromolecular Theory and Simulations, 14(7):444–451,
2005.

18. H. M. Berman, J. Westbrook, Z. Feng, G. Gilliland, T. N. Bhat, H. Weissig, I. N.
Shindyalov, and P. E. Bourne. The protein data bank.Nucleic Acids Res, 28(1):235–
242, January 2000.

19. S. Kmiecik, M. Kurcinski, A. Rutkowska, D. Gront, and A. Kolinski. Denatured
proteins and early folding intermediates simulated in a reduced conformational space.
Acta Biochim Pol, December 2005.

20. D. Ekonomiuk, M. Kielbasinski, and A. Kolinski. Proteinmodeling with reduced
representation: statistical potentials and protein folding mechanism.Acta Biochim
Pol., 52(4):741–748, 2005.

21. M. Kurcinski and A. Kolinski. Steps towards flexible docking: Modeling of threed-
imensional structures of the nuclear receptors bound with peptide ligands mimicking
co-activators’ sequences.Journal of Steroid Biochemistry and Molecular Biology,
(submitted)

27





A High-Speed Special-Purpose Computer for Molecular
Dynamics Simulations: MDGRAPE-3

Tetsu Narumi, Yousuke Ohno, Noriyuki Futatsugi, Noriaki Okimoto,
Atsushi Suenaga, Ryoko Yanai, and Makoto Taiji

High Performance Molecular Simulation Team,
Computational and Experimental Systems Biology Group,

Genomic Sciences Center, RIKEN
61-1-1F, Ono-cho, Tsurumi, Yokohama, Kanagawa, 230-0046,JAPAN

E-mail: narumi@gsc.riken.jp

We developed a high-speed computer, MDGRAPE-3, which is dedicated to perform molecular
dynamics simulations. It is a special-purpose computer forforce calculation between particles
and has become the first Pflops machine. Coulomb and van der Waals force calculations are
accelerated by the MDGRAPE-3, and the other calculations are performed on a usual general-
purpose computer. By using this architecture, we can get higher performance and 10 times
lower cost, size, and power consumption per performance than those of general-purpose com-
puters. MDGRAPE enables us to perform precise molecular dynamics simulations, because
explicit water molecules and non-cutoff Coulomb interaction can be efficiently accelerated by
this hardware.

1 Introduction

One of the main target of the recent supercomputers is molecular dynamics (MD) sim-
ulations, which require huge computational power. To satisfy this demand, cluster of
computers is often used because its cost per performance is very low. Even the high-
end supercomputers are made of commodity based PCs. For example, 20-25% of the top
50 supercomputers are PC clusters1. However, PC clusters have many disadvantages; too
big and power consuming. One of the reasons why only one PC cluster is in the top 10
supercomputers is because of its size and power consumptionlevel.

One approach is to develop a computer which is specially packed in a small form
factor. IBM has developed the Blue Gene/L2, which is the fastest in the world for the
general-purpose computer with relatively small and low power consumption.

We took another approach to reach the highest performance: Special-purpose computer
for particle simulations. GRAPE3–5 is a series of special-purpose computers for astrophys-
icalN -body and MD simulations, etc. MDGRAPE-3 is the latest computer for MD sim-
ulations6. MDGRAPE-3 becomes the first Pflops machine, and its cost, size and power
consumption per performance is 10 times smaller than those of any other computers.

In this paper, hardware, software, and performance of MDGRAPE-3 system are pre-
sented as well as the short report of MD simulations with our hardware. Hardware and
software of MDGRAPE-3 system are shown in Secs. 2 and 3 respectively. Performance is
presented in Sec. 4. MD simulation results and conclusion are described in Secs. 5 and 6
respectively.
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2 Hardware of MDGRAPE-3 System

The GRAPE is a series of application specific processor designs, which is specially built
to accelerate the inter-particle force calculation. The GRAPE was originally developed
for accelerating the gravitational interactions, while MDsimulations are also supported
in the case of GRAPE-2A7, MD-GRAPE8, 9 and MDM (MDGRAPE-2)10–12. The main
difference in hardware which supports MD and which does not is that the arbitrary central
force can be calculated with MD-supported machines insteadof the gravitational force.

Machines other than GRAPE have been developed with similar idea: such as Delft
Molecular Dynamics Processor13, ATOMS14, FASTRUN15 and so on. However, these
machines were not so successful compared with GRAPE becausetheir hardwares were
complicated. MDGRAPE is simple because it only acceleratesthe long range interactions
(Coulomb and van der Waals). Other calculations are performed in the host computer
which is connected to MDGRAPE. In MD simulations, long rangeinteractions dominate
the total calculation. Therefore, the simple hardware can accelerate MD simulations more
effectively.

To reach high performance, we developed a processor, MDGRAPE-3 chip, which is
dedicated to MD simulations. It has 180 or 216 Gflops equivalent performance with the
clock frequency of 250MHz or 300MHz when the effective number of floating-point oper-
ations of a pairwise force calculation is assumed to be 36. Inthis assumption, we counted
division and square root operations as ten floating-point operations respectively. There are
two main reasons why the MDGRAPE-3 chip has high performance. One reason is that
MDGRAPE-3 chip has 20 special pipelines, each of which calculates pairwise interaction
between atoms. Many hundreds of arithmetic units and their data path in the pipelines
are hard wired. Therefore, all the arithmetic units work every clock cycle basically, and it
makes highly efficient calculation possible. On the other hand, conventional CPU, such as
Pentium, can perform only several operations per clock cycle. Another reason is that all the
pipelines can share one memory due to the parallelism of particle interaction. This lower
bandwidth of memory enables simpler hardware, which means it is easy to parallelize to
get higher performance.

Figure 1(left) shows the MDGRAPE-3 board which has 12 MDGRAPE-3 chips. The
memory which stores particle positions etc. is integrated in the MDGRAPE-3 chip, and
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Figure 1. Block diagram of the MDGRAPE-3 board, which has 12 MDGRAPE-3 chips connected in a daisy-
chain and an FPGA (left). Block diagram of the MDGRAPE-3 system, which is consisted of the PC cluster with
101 nodes and 402 MDGRAPE-3 boards (right).
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System Peak speed Cost/speed Power/speed Size/speed
(Gflops) ($/Gflops) (Watt/Gflops) (liter/Gflops)

MDGRAPE-3 1,000,000 9 0.2 0.03
Blue Gene/L 360,000 280 4 0.3
PC (Pentium D 3.0GHz) 12 80 25 3

Table 1. Advantages of MDGRAPE-3 against general-purpose computers. The MDGRAPE-3 is superior to
general-purpose computers in all of the three points which are cost/speed, power/speed, and size/speed as under-
lined.

the board is also simple. It is connected to the host computervia interface board. Figure
1(right) shows the total system. It is composed of a PC cluster with 101 nodes, each of
them has four MDGRAPE-3 boards. Total number of CPU cores is 330, because we used
64 nodes of dual Xeon 5150 and 37 nodes of dual Xeon 3.2D GHz CPUs.

MDGRAPE-3 has many advantages compared to a conventional computer. Table 1
compares special- and general-purpose computers in four points: Peak speed, cost per
speed, power consumption per speed, and size per speed. We chose Blue Gene/L and a PC
for general-purpose computers, because Blue Gene/L is the fastest supercomputer, one of
the lowest power, and smallest size computer per performance, and PC is one of the most
cost effective computer. MDGRAPE-3 is superior to general-purpose computers in all four
categories above. It has 10 times lower cost, size, and powerconsumption per performance
than those of general-purpose computers.

3 Software of MDGRAPE-3 System

To get the benefit of MDGRAPE-3, the application program mustbe modified to fit our
hardware. We have already ported AMBER16 and CHARMM17 programs, though some
limitations exist. Users just need to add keyword to use MDGRAPE-3 in input files.

Other application can be accelerated with our APIs (Application Programming Inter-
faces). Table 2 is one of the APIs to calculate the Coulomb force between atoms. Software
for the MDGRAPE-3 can be downloaded from the web site18. We support C and Fortran
APIs and Linux operating system.

void MR3calccoulomb(double x[], int n, double q[],double rscale, int tblno,
double size, int pflag, int flag, double force[])

x ------ Positions of atoms. n ----- Number of atoms.
q ------ Charges of atoms. tblno - Potential type between atoms.
xmax --- Simulation box size. flag -- Special flag to control calculation.
rscale - Alpha parameter for real-space of Coulomb of the Ewald method.
pflag -- Flag to specify periodic boundary condition or not.
force -- Calculated forces (output).

Table 2. Example of APIs in C to calculate the Coulomb force between atoms
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Number of atoms 3,339 4,953 13,101

Without MDGRAPE-3 card (sec) 346.73 844.52 9231.70
With MDGRAPE-3 card (sec) 6.38 7.33 34.31

Acceleration 54 115 269

Table 3. Performance of the MDGRAPE-3 card

4 Performance of MDGRAPE-3 System

Table 3 summaries the performance of MDGRAPE-3. We used 2-chip version of
MDGRAPE-3 card, which is commercially available from the venture company19. We
compared the calculation time of the 1,000 steps of ’sander’program in AMBER8 with
and without MDGRAPE-3 card. The calculated system has a Scytalone dehydratase (2,715
atoms) and water molecules. Coulomb and van der Waals interactions are calculated with-
out cutoff under free boundary condition. Pentium D 3.0 GHz (only single core is used) and
Pentium 3.2 GHz CPUs are used with and without MDGRAPE-3 calculation respectively.
We got more than 100 times acceleration.

For PME (Particle Mesh Ewald) method simulation, the acceleration is not so high
because the wavenumber-space part of the Coulomb calculation becomes the bottleneck.
FFT (Fast Fourier Transform ), which is used for wavenumber-space, cannot be accelerated
with MDGRAPE-3. With newer method such as IPS20 (Isotropic Periodic Sum), we will
be able to accelerate more efficiently under periodic boundary condition in the near future.

5 MD Simulation Results

In this section, we briefly present MD simulation results with previous MDGRAPE-2 hard-
ware. First example is RNA polymerase II22 which is the fundamental and important en-
zyme in the transcription process. As pre-translocation state has not yet been determined
by the X-ray crystallographic study, we first constructed a model structure of the Pol II
elongation complex with the 50 base pairs of DNA-24 bases of RNA, including the un-
wound bubble of DNA. Then we got its reliable structure by 2 nsof MD simulation [Fig.
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Figure 2. X-ray21, initial model, and average structures of the Pol II elongation complex are shown from left to
right (left). Correlation between calculated and experimental binding free energy between SH2 domain of growth
factor receptor binding protein 2 and ErbB receptor-derived phosphotyrosyl peptides (right).
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2(left)]. It was a big system with 450 k atoms in total, and MDGRAPE hardware enabled us
to perform accurate simulation with explicit water molecules and non-cutoff of Coulomb
and van der Waals interaction. We also performed a short simulation with a targeted MD
simulation approach23 and found that the conformational change of a loop in the Pol II,
fork loop 1, couples with the unidirectional movement of thePol II along DNA.

Second example is free energy calculation between the SH2 domain of growth factor
receptor binding protein 2, Grb2, and ErbB receptor-derived phosphotyrosyl peptides24.
Binding free energies for nine phosphotyrosyl peptides were calculated by using the
MM-PBSA (Molecular Mechanics Poisson-Boltzmann Surface Area) continuum solvent
method25, and we got a good correlation coefficient of 0.92 between simulated and exper-
imental data of surface plasmon resonance analysis [Fig. 2(right)]. Such precise binding
free energy calculation would be useful forin silico drug screening because conventional
docking programs tend to be inaccurate because they often treat proteins as rigid and water
molecules as implicit models. With full MDGRAPE-3 system, over 2,000 of simulations,
each of which is 2 ns long and has 13 k atoms, can be performed per day.

6 Concluding Remarks

We have described the MDGRAPE-3, special-purpose computerfor MD simulations. It is
the first Pflops computer, and has 10 times lower cost, size, and power consumption per
performance than those of general-purpose computers. Our architecture of special-purpose
computer would be promising approach in the near future because power consumption and
size are becoming more and more important in conventional processors. We can perform
precise MD simulations with our hardware because it efficiently accelerates the simulation
with explicit water molecules and non-cutoff interactions.
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A physics-based approach to the protein folding problem is presented. It is concerned with the
computation of folding pathways and final native structures, given the amino acid sequences,
an empirical all-atom potential energy function, and a procedure to identify the global mini-
mum of the potential energy. Whereas the all-atom approach has provided three-dimensional
structures of relatively small molecules and for helical proteins containing up to 46 residues,
it has been necessary to develop a hierarchical approach to treat larger proteins. In the hierar-
chical approach, global optimization was originally carried out with a simplified united residue
(UNRES) description of a polypeptide chain to locate theregion in which the global minimum
lies. Conversion of the UNRES structures in this region to all-atom structures is followed by
a local search in this region. The performance of this physics-based approach in successive
CASP blind tests for predicting protein structure is described. More recently, a molecular dy-
namics treatment with UNRES has been introduced to compute not only native structures but
also folding pathways.

1 Introduction

Ever since Anfinsen1 demonstrated that a polypeptide chain can fold spontaneously into
the three-dimensional structure of a native protein, experimental and theoretical chemists
have tried to determine the interactions that govern the folding process (the protein-folding
problem). Actually, there are two protein-folding problems: (a) determination of the fold-
ing pathways, and (b) identification of the folded native structure corresponding to the
global minimum of the potential energy according to Anfinsen’s thermodynamic hypothe-
sis1 that the native structure is the thermodynamically most stable one.

Early experimental efforts2 were devoted to identifying inter-residue interactions inthe
native structure, and subsequent experiments identified multiple folding pathways3, 4. Early
theoretical approaches were based on the use of empirical interatomic potential energy
functions5 together with a menu of procedures6 for global optimization of the potential
energy. Some of these early efforts are summarized in reference 7. This article is devoted
to recent theoretical work on the two protein-folding problems.

While the use of all-atom potential energy functions led to success for relatively small
proteins, containing up to 20 residues7, it was only after the development of large-scale
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Figure 1. Results of all-atom calculations on protein A9, starting from a randomly-generated structure. The native
structure and the lowest-energy structures obtained with two different hydration models12,13 area also illustrated.

parallel-processor computers8 that it has been possible to carry out computations with all-
atom potentials for larger proteins, the largest one treated thus far being the 46-residue
staphylococcal protein A9.

2 All-Atom Calculations on Protein A

Calculations on protein A9 were carried out with the empirical potential function
ECEPP/310 and the electrostatically-driven Monte Carlo (EDMC) procedure11, together
with two implicit hydration models, OONS12 and SRFOPT13, starting from four different
random conformations, one of which is illustrated schematically9 in Figure 1. Three of the
four runs converged to the same native-like fold illustrated in Figure 1 for each of the two
hydration models; the fourth converged to the mirror-imageconformation.

Protein A is larger than the 36-residueα-helical protein from the villin headpiece, for
which all-atom simulations, starting from an extended structure, were previously carried
out by other groups14, 15. Those simulations were carried out with explicit solvent,which
increases the computing time considerably compared to the time required for the implicit
solvent models used in our simulations9.

It is not yet clear what the largest size protein is that can betreated by our all-atom
EDMC procedure. Nevertheless, it is encouraging that an all-atom representation of the
chain, and global optimization of the corresponding potential energy, can identify the
native-like fold without resorting to knowledge-based information in the search procedure.

3 Hierarchical Procedure to Predict Protein Structure

Without waiting for further extensions of the EDMC procedure, we have developed a hi-
erarchical procedure to treat larger proteins containing both α andβ folded portions. In
this procedure, global optimization is carried out by usinga Conformational Space An-
nealing (CSA) method16, 17 with a united-residue (UNRES) representation of the protein
chain18–20. This is the key stage of the hierarchical algorithm. It is designed to locate
the region of the global minimum rapidly and efficiently. The lowest-energy structures
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obtained from the UNRES representation in this stage are then converted to the all-atom
representation21, 22, and a local search is carried out in the restricted region located with the
UNRES/CSA approach. This is accomplished with the EDMC method and the ECEPP/3
force field10, together with the SRFOPT hydration model13. Initially, the backbone of the
chain is constrained to the structures obtained by UNRES andCSA, but the constraints are
gradually reduced as the calculations proceed.

The UNRES model18–20consists of a virtual-bond chain, i.e., a sequence ofα-carbons,
united peptide groups, and united side chains represented by ellipsoids whose size depends
on the nature of the amino acid residue. Theα-carbons are not centers of interaction, but
merely serve to locate the backbone. The centers of interaction are the united peptide
groups and united side chains, with a united-residue potential given as the sum of inter-
actions involving side chain-side chain, side chain-peptide, peptide-peptide, virtual-bond
torsional, virtual-bond double torsional, virtual-bond-angle bending, internal side-chain
motional, and multi-body (correlation) energies. The variables to change conformation are
the angles between virtual bonds, the torsional angle for rotation about the virtual bonds,
and the position angle and rotational angle of the side chains.

The CSA method16, 17, used to search conformational space, starts with an initial set
of widely-spaced UNRES minima. CSA is based essentially on abuild-up and genetic
algorithm to force these minima to coalesce to theregion of the global minimum. All
UNRES minimum-energy conformations in the final coalesced clusters are converted to
the all-atom representation21, 22, and the global optimization search is continued from these
starting conformations with the EDMC procedure11.

Figure 2. Results of blind CASP6 predictions.

4 CASP Results with Hierarchical Procedure

After carrying out initial tests of the hierarchical procedure on proteins of known structure,
we participated in successive blind tests (CASP, Critical Assessment of Protein Structure
Prediction), beginning with CASP3 in 1998. Various improvements of the procedure and
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Figure 3. Right: Example of a fast-folding pathway of 1CLB obtained in Langevin dynamics simulations. The
N-terminus of the chain is marked for tracing purposes. Left: Examples of a folding pathway of 1E0G obtained
in Langevin dynamics simulations. The N-terminus of the chain is marked for tracing purposes.

its associated physics were implemented in successive tests. Some results from the most
recent test (CASP6 in 2004) are illustrate in Figure 2.

5 Calculations of Folding Pathways

As pointed out in the Introduction (section 1), a second typeof protein folding problem is
the computation of the structural pathways by which the completely unfolded polypeptide
chain proceeds to the folded native conformation, i.e., theprogression from a given un-
folded state (with no native contacts or native hydrogen bonds) to the final folded structure.
One approach assumes that both the initial and final structures are known, and computes the
folding pathways by used of the stochastic difference equation method of Elberet al23, and
has been applied with a full-atom treatment to protein A24. A second approach, applied
to protein A and larger proteins, makes use of the UNRES forcefield, in which the fast
degrees of freedom are averaged out, and carries out Langevin molecular dynamics25–28.
The structure of protein A was obtained within an RMSD of 3.0Å. The largest protein to
which th is second approach was applied is the 75-residue,α-helical protein 1CLB, and
the structure was obtained within an RMSD of 4.5Å (see Figure 3(left)).

The structure of a 48-residueα + β protein, 1E0G, was obtained within an RMSD of
3.9Å (see Figure 3(right)). This molecular dynamics techniqueprovides not only the final
folded structure, but also the intermediate structures along the folding pathways. Further,
by computing 400 trajectories to obtain good statistics, itwas possible to compute the fold-
ing kinetics of protein A. As illustrated in Figure 4, the kinetics is either two-state (single
exponential) or three-state, depending on the quantity that is computed (or measured exper-
imentally), i.e., two-state for helix content (without considering interhelical interactions),
or three-state (bi-exponential) if the RMSD is computed (which includes interhelical inter-
actions).
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Figure 4. (a) Plot of the helix content of protein A (̄Q ), averaged over 400 trajectories (continuous line) and the
exponential fit toQ̄ (broken line). (b) Plots of the helix content of segments corresponding to helices H1, H2, and
H3, from the N- to the C-terminus. (c) Plot of the fraction of native structure (secondary + tertiary) as a function
of time (continuous line), and the fit of a bi-exponential function to these data (broken line).

6 Conclusions

The evolution of computational methodology has led from an all-atom treatment illustrated
in Figure 1 to a hierarchical treatment of larger proteins (Figure 2) and to a longer-time
molecular dynamics (MD) approach to treat not only the final folded structures but also
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the intermediate structures and the folding kinetics illustrated in Figures 3, 4, respectively.
Current work is focused on use of the UNRES/MD approach with improvement of the
force field and inclusion of entropic effects.

Acknowledgements

This research was supported by grants from NIH (GM-14312, TW-7193, TW-6335) and
NSF (MCB00-03722), and was carried out with resources of (a)our 392-double processor
Beowulf cluster at the Baker Laboratory of Chemistry and Chemical Biology, Cornell Uni-
versity, (b) the National Science Foundation Terascale Computing System at the Pittsburgh
Supercomputer Center, (c) our 45-processor Beowulf cluster at the Faculty of Chemistry,
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We recently developed an all-atom free energy forcefield (PFF01) for protein structure pre-
diction with stochastic optimization methods. We demonstrated that PFF01 correctly predicts
the native conformation of several proteins as the global optimum of the free energy surface.
Here we review recent folding studies, which permitted the reproducible all-atom folding of
the 20 amino-acid trp-cage protein, the 40-amino acid three-helix HIV accessory protein and
the sixty amino acid bacterial ribosomal protein L20 with a variety of stochastic optimization
methods. These results demonstrate that all-atom protein folding can be achieved with present
day computational resources for proteins of moderate size.

1 Introduction

De novoprotein tertiary structure prediction (PSP) and the elucidation of the mechanism
of the folding process are among the most important outstanding problems of biophysi-
cal chemistry1, 2. The many complementary proposals for PSP span a wide range of rep-
resentations of the protein conformation, ranging from coarse grained models to atomic
resolution. The choice of representation often correlateswith the methodology employed
in structure prediction, ranging from empirical potentials for coarse grained models3, 4 to
complex atom-based potentials that directly approximate the physical interactions in the
system. The latter offer insights into the mechanism of protein structure formation and
promise better transferability, but their use incurs largecomputational costs that has con-
fined all-atom protein structure prediction to all but the smallest peptides5, 6.

It has been one of the central paradigms of protein folding that proteins in their native
conformation are in thermodynamic equilibrium with their environment7. Exploiting this
characteristic the structure of the protein can be predicted by locating the global minimum
of its free energy surface without recourse to the folding dynamics, a process which is
potentially much more efficient than the direct simulation of the folding process. PSP
based on global optimization of the free energy may offer a viable alternative approach,
provided that suitable parameterization of the free energyof the protein in its environment
exists and that global optimum of this free energy surface can be found with sufficient
accuracy8.
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We have recently demonstrated a feasible strategy for all-atom protein structure pre-
diction9–11 in a minimal thermodynamic approach. We developed an all-atom free-energy
forcefield for proteins (PFF01), which is primarily based onphysical interactions with im-
portant empirical, though sequence independent, corrections11. We already demonstrated
the reproducible and predictive folding of four proteins, the 20 amino acid trp-cage pro-
tein (1L2Y)9, 12, the structurally conserved headpiece of the 40 amino acid HIV accessory
protein (1F4I)10, 13 and the sixty amino acid bacterial ribosomal protein L2014. In addi-
tion we showed that PFF01 stabilizes the native conformations of other proteins, e.g. the
52 amino-acid protein A5, 15, and the engrailed homeodomain (1ENH) fromDrosophilia
melangaster16.

1.1 Forcefield

We have recently developed an all-atom (with the exception of apolar CHn groups) free-
energy protein forcefield (PFF01) that models the low-energy conformations of proteins
with minimal computational demand17, 10, 11. In the folding process at physiological condi-
tions the degrees of freedom of a peptide are confined to rotations about single bonds. The
forcefield is parameterized with the following non-bonded interactions:
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∑
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Hererij denotes the distance between atoms i and j and g(i) the type ofthe amino acid
i. The Lennard Jones parameters (Vij , Rij for potential depths and equilibrium distance)
depend on the type of the atom pair and were adjusted to satisfy constraints derived from as
a set of 138 proteins of the PDB database18, 17, 19. The non-trivial electrostatic interactions
in proteins are represented via group-specific dielectric constants (ǫg(i),g(j) depending on
the amino-acid to which atom i belongs). The partial chargesqi and the dielectric constants
were derived in a potential-of-mean-force approach20. Interactions with the solvent were
first fit in a minimal solvent accessible surface model21 parameterized by free energies per
unit areaσi to reproduce the enthalpies of solvation of the Gly-X-Gly family of peptides22.
Ai corresponds to the area of atom i that is in contact with a ficticious solvent. Hydrogen
bonds are described via dipole-dipole interactions included in the electrostatic terms and an
additional short range term for backbone-backbone hydrogen bonding (CO to NH) which
depends on the OH distance, the angle between N,H and O along the bond and the angle
between the CO and NH axis11.

1.2 Optimization Methods

The low-energy free energy landscape of proteins is extremely rugged due to the compar-
atively close packing of the atoms in the native structure. Suitable optimization methods
must therefore be able speed the simulation by avoiding highenergy transition states, adapt
large scale move or accept unphysical intermediates. Here we report on four different op-
timization methods, the stochastic tunneling method23, the basin hopping technique24, 25,
the parallel tempering method26, 27and a recently employed evolutionary technique.
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Figure 1. Overlay of the native(red) and folded (blue) structures of trp-cage protein28, the HIV accessory pro-
tein13 and the bacterial ribosomal protein L2014.

2 Results

2.1 The trp-Cage Protein

Using the PFF01 forcefield we simulated 20 independent replicas of the 20 amino acid
trp-cage protein29, 6 (pdb code 1L2Y) with a modified versions of the stochastic tunneling
method23, 9. Six of 25 simulations reached an energy within 1 kcal/mol ofthe best energy,
all of which correctly predicted the native experimental structure of the protein(see Fig
1 (left)). We find a strong correlation between energy and RMSD deviation to the native
structure for all simulations. The conformation with the lowest energy had a backbone root
mean square deviation of 2.83Å.

We also folded this protein with the parallel tempering method12. We found that the
standard approach, which preserves the thermodynamic equilibrium of the simulated pop-
ulations, did not reach very low energies even for the low-temperature replicas. and intro-
duced the adaptive temperature control. The best final structure associated with the lowest
temperature in the simulation with 30 replicas had a RMSB deviation of 2.01Å. We found
convergence of the method using eight to thirty replicas. However, a minimal number of at
least eight replicas appears to be required to fold the protein, for lower replica numbers it
appears that even the adaptive temperature scheme fails to generate rapid replica exchange
while spanning both high and low temperatures required for the speedy exploration of the
free energy surface and the refinement of local minima respectively.

Finally we have folded the trp-cage protein protein with thebasin hopping technique.
with a starting temperature ofTs = 800K and a final temperature ofTf = 3K the lowest
six of 20 simulations converged to the native structure. A total of 12 of these simulations
approached the native conformation as its estimate of the optimum. While all methods cor-
rectly identify the folding funnel, the basin hopping approach results in the lowest energies.
Note that the second best simulation has an RMSB of only 1.8Å to the native conformation
and loses in energy with less the 0.5 kcal/mol.

2.2 The HIV Accessory Protein

Encouraged by this result, we applied a the modified basin hopping or Monte-Carlo with
minimization (MCM) strategy8, 25 to fold the structurally conserved 40-amino acid head-
piece of the HIV accessory protein10. We performed twenty independent simulations and
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Name RMSB Energy Secondary Structure Content
N 0.00 ccHHHHHHHHHclcbHHHHHHHHHHclcccHHHHHHHHHc
D01 2.34 -119.54 cHHHHHHHHHHHlcbcHHHHHHHHHHHHbHHHHHHHHHHc
D02 2.41 -117.52 cHHHHHHHHHHHlcbHHHHHHHHHHHHHbHHHHHHHHHHc
D03 2.76 -116.25 cHHHHHHHHHHHlcbHHHHHHHHHHHHHbHHHHHHHHHHc
D04 2.40 -115.85 cHHHHHHHHHHHlbbHHHHHHHHHHHHHbHHHHHHHHHHc
D05 2.43 -114.67 cHHHHHHHHHHHlcbHHHHHHHHHHHcbHHHHHHHHHHHc
D06 6.48 -114.06 cHHHHHHHHHHHcccbHHHHHHHHHHHHbHHHHHHHHHHc
D07 2.57 -113.65 cHHHHHHHHHHHlbbcHHHHHHHHHHHHbHHHHHHHHHHc
D08 4.61 -107.72 cHHHHHHHHHcclccHHHHHHHHHHHHHlclHHHHHHHHc
D09 4.14 -106.29 cHHHHHHHHHHHcbcbHHHHHHHHHbblcHHHHHHHHHHc
D10 5.92 -103.88 cHHHHHHHHHHHlcHHHHHHHHHbcbcclbHHHHHHHHHc

Table 1. Energies (in kcal/mol) of the 10 lowest energy decoys obtained in the basin hopping simulations of
the HIV accessory protein. The table shows the backbone RMS deviation to the NMR structure and secondary
structure content. The first row designates the secondary structure content of the NMR structure.

found the lowest five to converge to the native structure (seeTable (1))14. The first non-
native decoy appears in position six, with an energy deviation of 5 kcal/mol and a sig-
nificant RMSB deviation. The table demonstrates that all low-energy structures have es-
sentially the same secondary structure, i.e. position and length of the helices are always
correctly predicted, even if the protein did not fold correctly.

The good agreement between the folded and the experimental structure is also evident
from Figure (1)(center), which shows the secondary structure alignment of the native and
the folded conformations. The good physical alignment of the helices illustrates the im-
portance of hydrophobic contacts to correctly fold this protein. An independent measure
to assess the quality of these contacts is to compare the Cβ-Cβ distances (which corre-
spond to the NOE constraints of the NMR experiments that determine tertiary structure)
in the folded structure to those of the native structure. We found that 66 % (80 %) of the
Cβ-Cβ distance distances agree to within one (1.5) standard deviations of the experimental
resolution.

We also performed a simulation of the HIV accessory protein using the adapted paral-
lel tempering method13. We used 20 processors of an INTEL XEON PC cluster and ran
the simulation for a total of30 × 106 energy evaluations for each configuration, which
corresponds to approximately 500 CPU hours on an 2.4 GHz INTEL XEON processor.
All simulations were started with random conformations at high temperatures to allow for
rapid, unbiased relaxation of the structures and the temperature distribution. The final con-
formation with the lowest energy/temperature had converged to within 1.23 / 2.46̊A back-
bone root mean square (RMSB) deviation to the best known decoy / NMR structure of the
HIV accessory protein. The overlay of the experimental and the converged structure (see
Figure (1)) demonstrates the good agreement between the conformations, the difference
in NOE constraints demonstrates that not only short range, but also long range distances
are correctly predicted. Considering the ensemble of final conformations, we find many
structures closely resembling the native conformation. The RMSB deviations of the next
four lowest conformations (all within 1.5 kcal/mol of the minimal energy) have RMSB
deviations of 3.14/2.23/3.78/3.00Å respectively to the native decoy.
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Energy RMSB 3-state secondary structure
0.01 ccHHHHHHHcccccccHHHHHHHHHHcccccccccHHHHHHcHHHHHHHHHHHHHHcccc

-167.87 4.64 cHHHHHHHHHHHcccHHHHHHHHHHHccccccccccHHHHHcHHHHHHHHHHHHHHHHcc

-166.15 8.25 ccHHHHHHHHHHcccHHHHHHHHHHHccccccccccHHHHHcHHHHHHHHHHHHHHHHcc

-165.91 4.41 cHHHHHHHHHHHcccHHHHHHHHHHHccccccccccccHHHcHHHHHHHHHHHHHHHHcc

-164.11 5.54 ccHHHHHHHHHHcccHHHHHHHHHHHccccccccccHHHHHcHHHHHHHHHHHHHHHHcc

-163.99 3.79 cHHHHHHHHHHHcccHHHHHHHHHHHccccccccccHHHHHcHHHHHHHHHHHHHHHHcc

-163.93 4.04 cHHHHHHHHHHHcccHHHHHHHHHHHccccccccccccccccHHHHHHHHHHHHHHHHcc

-163.45 8.52 ccccHHHHHHHHcccHHHHHHHHHHHccccccccccHHHHHcHHHHHHHHHHHHHHHHcc

-163.20 4.37 cHHHHHHHHHHHcccHHHHHHHHHHHccccccccccHHHHHcHHHHHHHHHHHHHHHHcc

-162.67 5.55 cHHHHHHHHHHHcccHHHHHHHHHHHccccccccccHHHHccHHHHHHHHHHHHHHHHcc

-162.52 3.78 cHHHHHHHHHHHcccHHHHHHHHHHHccccccccccccccccHHHHHHHHHHHHHHHccc

Table 2. Energies (in kcal/mol) of the 10 lowest energy decoys of the final population with backbone RMS
deviation to the NMR structure and secondary structure content. The first row designates the secondary structure
content of the NMR structure.. The letters H and c indicate amino acids in Helix and coil strcuture respectively.
Green letters indicate correct, red incorrect secondary strcuture.

2.3 The Bacterial Ribosomal Protein L20

In the course of the simulations on the HIV accessory proteinwe explored methods to
share information between the independent basin hopping simulations in order to improve
the overall convergence. For the 60 amino acid bacterial ribosomal protein L20 (pdb-code
1GYZ) we thus experimented with the evolutionary techniquedescribed in the methods
section. Starting from a seed population of random structures we performed the folding
simulation in three phases: (1) generation of starting structures of the population, (2) evo-
lutionary improvement of the population and (3) refinement of the best resulting structures
to ensure convergence.

The energies and structural details of the best ten resulting conformations are summa-
rized in Table (2). Again the best conformation had approached the native conformation
to about 4.6Å RMSB deviation. In total six of the lowest ten conformations approach the
native structure, while four others misfolded. Note that the selection criterion for the ac-
tive population (see methods section) precludes the occurrence of the same configuration
to within 3Å RMSB, this dominance of near native conformations of the total ensemble is
particularly encouraging.

In order to quantify the overall improvement of native content during the simulation,
we defined the native content of the simulated ensemble as a weighted average of the
deviations of the population and the native conformation: For a population of size N we
add 100(N-R+1)/N for each near-native decoy (RMSB less than4Å) ranked at position R
by energy to the total native score of this population. A score of 100 thus corresponds
to a native decoy placed at the top position, while a near native decoy at the very bottom
contributes just unity. Non-native conformations contribute nothing. Using this measure
the final population contains in excess of 20% of near native conformations, its native score
exceeds 800, increasing sixty-fold during the simulation phases (2) and (3).
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3 Conclusion

Since the native structure dominates the low-energy conformations arising in all of these
simulation, our results demonstrate the feasibility of all-atom protein tertiary structure pre-
diction for three different proteins ranging from 20-60 amino acids in length with a vari-
ety of different optimization methods. The free energy approach thus emerges as viable
trade-off between predictivity and computational feasibility. While sacrificing the folding
dynamics, a reliable prediction of its terminus, the nativeconformation — which is central
to most biological questions — can be achieved.

The computational advantage of the optimization approach stems from the possibility
to visit unphysical intermediate conformations with high energy during the search. This
goal is realized with different mechanism in all of the employed stochastic optimization
methods. In the stochastic tunneling method the nonlinear transformation of the PES per-
mits the dynamical process to traverse abritrarily high energy barriers at low termperatures,
in basin hopping and parallel tempering, simulation phasesat very high temperatures ac-
complish the same objective.
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We have performed molecular dynamics simulations of the collapse of graphite-like model
plates, fluorinated carbon monolayers, and protein melittin tetramer, to examine how water
molecules mediate hydrophobic collapse in nanoscale (size3-4nm) hydrophobic plates as well
as protein complexes (with similar sizes). We found that thenormal graphite plates do not dis-
play any dewetting (water drying) transition during the double plate collapse, while a reduction
in carbon-water van der Waals interaction will result in a dewetting transition, consistent with
previous findings from carbon nanotubes. On the other hand, the fluorinated carbon plates dis-
play a strong dewetting transition with a critical distanceup to 10Å and a very fast collapse
speed (∼100ps). In the melittin tetramer folding, we also observed an unexpected dewetting
transition inside a nanoscale channel formed by the tetramer, with a channel size of up to 2-
3 water diameters. These dewetting transitions, although occurring on a microscopic length
scale, are reminiscent of the first order phase transition from liquid to vapor, which provide an
enormous driving force towards the further collapse.

1 Introduction

Hydrophobic effects play a key role in many important physio-chemical processes, such
as protein folding, micelle formation, water permeation inmembrane channels (aquapor-
ins), capillary evaporation, and superhydrophobic surface coating. Many biomolecules are
characterized by surfaces containing extended nonpolar regions, and the aggregation and
subsequent removal of water molecules between these hydrophobic surfaces is believed to
be crucial. It is now widely known that small hydrophobic solutes hydrate differently than
large ones. Small solutes such as methane can fit into the water hydrogen bond network
without destroying much of the hydrogen bonds1, whereas larger hydrophobic solutes in-
duce reorganization of water molecules.2–4 More interestingly, there might exist a drying
layer as large as several water molecules around strongly hydrophobic surfaces, as first
suggested by Stillinger5 and then studied by many other groups6–8 (interested readers can
refer to the review by Pratt8 for more details). Most of these early studies focus on single
plates (solutes) using macroscopic theories or simplified computational models. One re-
cent study on double plates also adopted such a simplified model where the solute-water
interaction is purely repulsive.9 Water dramatically reorganizes between such plates as
they are brought together, so much so, that for inter-plate distances smaller than a certain
critical distanceDc, there is a spontaneous drying transition, which is reminiscent to the
first order liquid-vapor phase transition.9 When the solute-water interaction enhances, the
dewetting transition is expected to be weaker and weaker until completely disappears.9 In
this mini-review, we go over some of our recent studies on thedewetting transition in more
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realistic systems, from all-atom graphite-like plates, tofluorinated carbon monolayers, and
protein complexes. Some interesting and striking results have been found.

2 Results and Discussion

2.1 Graphite-like Plates

We first use graphite-like plates to study how sensitive the dewetting transition is to the
solute-solvent attractions and how water contact angle canbe a useful guide in estimating
the dewetting critical distance. Figure 1 shows the diagramof the double graphite-plate
system, with each graphite plate consisting of 170 carbon atoms and a diameter of∼28Å.
The graphite plates are then solvated in a 60× 60× 60Å3 SPC water box. A series of 1.0
ns NPT molecular dynamics (MD) simulations are then performed after the standard equi-
libration (see Method section for details). It is found thatthe graphite plates with normal
interaction (ǫCC=0.086 kcal/mol andǫCO= 0.1156 kcal/mol) do not show any dewetting
transition no matter how close we push the double plates (of course no water molecule
can stay in-between the plates once the separation is so small, ≤6.2Å, that the steric effect
takes control). This is consistent with previous studies with carbon nanotubes and graphite
plates.10, 11 More simulations are then followed with the reduced water-carbon interactions
to study the drying transition sensitivity. The inter-plate distance is fixed at 6.8̊A but
the strength of the water-plate interaction is decreased gradually. When the water-carbon
interactionǫCO is decreased to 0.0611 kcal/mol (ǫCC=0.024kcal/mol), the dewetting tran-
sition is observed.12 When the water-carbon interaction is further reduced, the dewetting
becomes more profound. It is also interesting to note that whenǫCO=0.0647kcal/mol, the
system oscillates between the “dry” and “wet” states, indicating thatD = 6.8Å is the
critical distance for the graphite-like system with aǫCC=0.027kcal/mol.

θc=130º

R

Figure 1. Schematic diagram for the two graphite-like plates system, and the dewetting critical distance versus
the radius of the plates with different water contact angle (predicted from Eq. (1) of the macroscopic theory).

It is known from the macroscopic theory that the critical distance for drying between
the plates will increase as the strength of the attractive interaction decreases9. In general,
it can be shown that when the water contact angle with the plate,θc, is obtuse, the critical
distance for dewettingDc ∝ cos θc.9 The critical distance also increases linearly with the
plate size when the plate is small.9 Since the contact angle increases as the strength of
the attraction between water and the plate decreases, the critical distanceDc should also
increase. Here is the equation for the critical distance between two plates derived from a
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simple model system9:

Dc =
−2γlvcos(θc)

(P − PV ) + bγlv

R

(1)

whereγlv is the liquid(water)-vapor surface tension,θc is the water contact angle on the
surface,P is the external pressure andPV vapor pressure,R is the radius of the plate, and
b is a constant representing the geometrical factor (for cylindrical disks, b=2). The water
contact angle for the graphite plate is only 86◦,13 so there is no dewetting transition for
normal graphite plates (see Fig. 1). The water contact anglewill increase when the carbon-
water attraction is decreased, which might result in a dewetting transition, as shown in the
above all-atom simulations. Similarly, the water contact angle for paraffin is estimated to
be about 115◦12, which gives a critical distance of 6-8Å according to Eq. (1) (see Fig. 1),
agreeing well with molecular dynamics simulations.12 For the following fluorinated plates,
a larger contact angle up to 130◦ was found14, thus a dewetting transition with larger critical
distance is expected. For even more hydrophobic model plates, such as those with a water
contact angle of 148◦, a critical distance up to 14̊A has been found.9

2.2 Superhydrophobic Fluorocarbon Plates

Recently, Genzer and Efimenko have discovered a new family ofmolecules which display
superhydrophobic surfaces in their mechanically assembled monolayers14. The common
characteristic shared by these molecules is that they are all chain-like molecules with semi-
fluorinated carbon groups. It has been previously found thatfluorinated chains might pos-
sess a higher hydrophobicity than their hydrogenated counterparts. Thus from the above
analysis based on the simple macroscopic theory (Eq. (1)), we might expect a stronger
dewetting transition for these superhydrophobic fluorinated carbon monolayers (plates).

0 ps 100 ps

150 ps 250 ps

Figure 2. The snapshots of the double superhydrophobic fluorocarbon plates with D = 8̊A. Only water molecules
within the inter-plate gap region are shown. It takes only about 100-150ps for the sharp dewetting transition to
finish once it initiates.

We devised a double plate system, with each plate consistingof 8 × 8 such molecules
(F(CF2)8(CH2)2SiH3) and their terminal -CF3 groups facing each other (see Fig. 2). We
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then solvate the double plate system in SPC water, with watermolecules at least 8̊A away
from the solute surfaces. Figure 2 displays a few snapshots of the double plate system with
separation distance D = 8Å. Only water molecules within the inter-plate gap region are
shown for clarity. Clearly, a sharp dewetting transition isobserved and the transition takes
place within∼100ps. More dewetting simulations reveal that a critical distance ofDc =
10Å exist for this system. These findings are also confirmed by rewetting simulations –
starting from initial dry conditions and waiting for water molecules to rewet the region,
indicating that the dry configurations are indeed thermodynamically more stable when the
inter-plate distanceD is less than 10̊A. Another interesting point to notice is that although
the time it takes to the initiation of the dewetting transition varies across different systems,
the actual transition time after the initial diffusive motion is almost the same for all cases –
about 100ps! This is also consistent with findings from the above graphite-like plates with
reduced carbon-water interactions.

2.3 Melittin Tetramer

It is of great current interest to see whether any protein complex also displays a similar
dewetting transition when the complex forms during the finalstages of folding. A recent
study by ten Wolde and Chandler on the collapse of a hydrophobic polymer using a coarse
grained model shows that the mechanism of collapse is much like that of a first-order
phase transition – the water drying and hydrophobic core formation happens roughly at
the same time. The authors15 thus speculate “Our findings would seem also pertinent to
the mechanism of biological assembly, such as protein folding, but to demonstrate so with
simulation will require an analogous simulation study of a protein-like chain.” In this part
of work, we study the water drying transition inside the a protein complex - the collapse of
the melittin tetramer.

Figure 3. The number of water molecules inside the channel versus MD time and two representative snapshots
of water molecules inside the channel of the melittin tetramer.

The two dimers of the melittin tetramer (initial crystal structure from PDB, 2mlt.pdb)
were separated by a distanceD to create a “nanoscale channel,” then solvated in a water
box with water molecules extending at least 8Å from the protein surface. Ten different
initial configurations are prepared (same protein conformation in slightly different water
boxes) for each distanceD. Figure 3 shows the number of water molecules inside the chan-
nel versus the MD time for all trajectories withD=6.0Å. All trajectories show that there
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is a sharp dewetting transition and essentially all water molecules are expelled from the
nanoscale channel after the transition. Figure 3 also showstwo representative snapshots,
one from before the transition, and one from after the transition. Again, the time it takes
to the initiation of the dewetting transition varies with different initial configurations, but
the actual transition time after the diffusive motion is almost the same for all trajectories –
about 100ps! These results clearly indicate that there is a strong water drying (dewetting)
transition inside this nanoscale melittin tetramer channel. Simulations with many other
separation distances show that the drying transition critical distance Dc for this melittin
tetramer system is approximately 5.5–7.0Å, which is equivalent to 2-3 water molecule di-
ameters. The reason why the melittin tetramer channel showsa drying transition while the
previous two-domain protein BphC does not16 appears to be two-fold. First, the melittin
channel is like a tube while the inter-domain region in the two domain protein is a slab.
It is less costly with respect to free energy to disrupt the hydrogen bonds in a tube-like
channel. Second, the unique surface topology springing from the isoleucine residues in
melittin disrupts the water hydrogen bonds in the channel thus destabilizes the wet state.

3 Conclusion

The nanoscale dewetting transitions provide a unique way tostudy the hydrophobic inter-
action in complex systems. In this mini-review, we have goneover some of our recent stud-
ies on the dewetting transition in the collapse of nanoscalegraphite-like plates, fluorinated
carbon monolayers, and protein melittin tetramer using molecular dynamics simulations.
It was found that the normal graphite plates do not display any dewetting transition during
the double plate collapse, while a reduction in carbon-water attraction can cause a dewet-
ting transition, consistent with previous findings from carbon nanotubes by Hummer and
coworkers.11 The fluorinated carbon plates, on the other hand, display a strong dewetting
transition with a critical distance up to 10Å and a very fast collapse speed (∼100ps). In
the melittin tetramer folding, we also observed an unexpected dewetting transition inside
a nanoscale channel formed by the tetramer, with a channel size of up to 2-3 water diam-
eters. These dewetting transitions, although occurring ona microscopic length scale, are
reminiscent of the first order phase transition from liquid to vapor. The drying induced
collapse provides an enormous driving force towards the further collapse. Finally, a sim-
ple macroscopic theory based on surface tensions can also provide useful guidelines for
estimate of the dewetting critical distances from the watercontact angle and plate size.

4 Simulation Methods

The GROMACS program is used for the molecular dynamics simulations of all the sys-
tems studied here. The OPLSAA force field is adopted for the fluorinated carbons and
protein melittin tetramer (the graphite plate system is simple and the parameters are listed
in the text above), and the SPC model for the explicit water solvent. The Particle Mesh
Ewald (PME) method is used for the long-range electrostaticinteractions, whereas a typ-
ical 10Å cutoff is applied to the van der Waals interactions. The timestep used for all
molecular dynamics simulations is 1.0fs. A standard equilibration protocol is used, with
a 1000 steps of conjugate gradient minimization, followed by a 100 ps position restrained

57



MD equilibration. The equilibrated systems are then used asthe starting points for data
collection (NPT, 1atm and 300K). In most of the “dewetting” simulations, the positions
of the solute atoms are restrained in space with a harmonic potential (k = 10 kJ/mol/̊A2),
unless otherwise explicitly stated.
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Simple coarse-grained hydrophobic-polar models for heteropolymers as the lattice HP and the
off-lattice AB model allow a general classification of characteristic behaviors for hydrophobic-
core based tertiary folding. The strongly reduced computational efforts enable one to reveal
systematically the thermodynamic properties of comparatively long sequences in a wide tem-
perature range of conformational activity. Based on a suitable cooperativity parameter, charac-
teristic folding channels and free-energy landscapes, which have strong similarities with realis-
tic folding paths, can be analysed.

1 Introduction

The understanding of the sequence-dependent stability of native protein structures, the in-
terplay of sequence and conformation, and the classification of conformational phases are
essential aspects in protein folding studies. By means of computer simulations of detailed
microscopic models with modern algorithms, great progresshas been achieved in the past
few years in predicting native structures for exemplified amino acid sequences. Also, the
relation between conformational cooperativity and thermodynamic activity in the folding
process has been subject of numerous selective studies. Nonetheless, a general framework,
which would allow the classification of characteristic global folding events on the basis of
an appropriate “order” or cooperativity parameter, is still lacking. Another difficult prob-
lem is the systematic analysis of the influence of the amino acid order in the sequence on
folding kinetics and native fold. Since these questions cannot or only partially be answered
with all-atom protein models, it is necessary to increase the level of abstraction in appropri-
ate modelling. It is known that most of these problems are related to the so-called tertiary
folding process which concerns almost all amino acid residues in a cooperative manner, in
contrast to the much more localised secondary structure segments. The main idea is that
tertiary folding is strongly related to the hydrophobic effect. Many proteins fold sponta-
neously in an aqueous solution and the hydrophobicity of thedistinguished side chains is
mainly responsible for the position of the side chains in thenative fold. Polar residues
favor contact with the polar environment and screen more hydrophobic monomers, which
typically form a compact core in the interior of the protein structure. In connection with
volume exclusion, it is the hydrophobic force that enters into minimalistic hydrophobic-
polar models.

2 The Hydrophobic-Polar (HP) Lattice Model

The simplest hydrophobic-core based approach is the HP lattice model1, where in the orig-
inal form only nearest-neighbor hydrophobic monomers, being nonadjacent along the self-
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avoiding chain, attract each other. A remarkable result obtained from exactly enumerating
the entire sequence and conformation space of HP lattice proteins in this parameteriza-
tion2–4 is that only a small fraction of possible sequences is nondegenerate, i.e., for these
only one conformation representing the “native” state exists. This is interpreted as in-
dication of stability in the funnel-like free-energy landscape: There is an energy gap to-
wards higher-energetic states. Such sequences are calleddesigning. On the other hand,
it is interesting that the number of designable conformations, i.e., structures being native
folds of designing sequences, is also very small, typicallyeven smaller than the num-
ber of designing sequences.4 This means that several designing sequences fold into the
same native conformation. In studies of thermodynamic activity accompanying the fold-
ing process, it turned out that, depending on the sequence, the folding trajectory can pass
highly compact intermediate globular states. Favoring hydrophobic contacts energetically,
however, hydrophobic-core folds are not necessarily maximally compact.4, 5 Identifying
low-lying energetic states and analyzing thermodynamic properties of HP lattice proteins
is not straightforward and requires sophisticated computational methods.5, 6 Although the
tendency of the HP model to favor folding paths with intermediary conformational phases
is seen as sign of too little cooperativity, its power lies inthe fact that sequences with far
more than 100 monomers can be analyzed. These sequences are much longer than what
can be studied by means of other models which are not knowledge-based, i.e., not biased
towards a certain target structure.

3 Getting Rid of the Lattice: A Minimal Continuum Model

A straightforward off-lattice generalization of the HP model is the AB model (A: hy-
drophobic,B: polar), which was originally proposed for heteropolymersin two dimen-
sions.7 Volume exclusion and effective inter-residue interactions are modeled by Lennard-
Jones potentials, and a “ferromagnetic” bending energy models effectively stiffness and
torsional barriers in the three-dimensional representation.8, 9 For studies of folding chan-
nels, we define an angular overlap parameter of torsional andbond angles. Comparing a
conformationX with the native conformationX0, this similarity parameter is defined by
Q(X) = 1 − d(X), whered(X) is a measure or the angular deviation ofX from X0.8, 9

Restricting the canonical partition function at temperature T to the ensemble of confor-
mations with overlapQ, Z(Q) =

∫

DX δ(Q − Q(X)) exp{−E(X)/kBT }, the overlap
free energy is given byF (Q) = −kBT lnZ(Q). Figure 1 shows the overlap free-energy
landscapes for the 20-merBA6BA4BA2BA2B2, which behaves like a typical two-state
folder. For permuted sequences, we also find characteristicfolding through intermediate
conformations and metastability.9

4 Concluding Remarks

Protein folding is a highly complex process where microscopic details are of essential im-
portance. Nonetheless, the effective hydrophobic force which is responsible for the tertiary
fold is of rather mesoscopic nature, since it is due to the interaction with the bath of sur-
rounding solvent molecules. For this reason, appropriate effective coarse-grained models
should allow a qualitative description of characteristic features accompanying conforma-
tional folding transitions. By means of minimalistic standard hydrophobic-polar models
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Figure 1. Free-energy landscapesF (Q) at different temperatures for the sequenceBA6BA4BA2BA2B2,
exhibiting typical two-state folding behavior.9

we have shown that even at this level of abstraction typical properties of native folds and
cooperative effects in the folding process can be describedqualitatively.
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The theoretical prediction of the three-dimensional structures of proteins purely from an amino-
acid sequence is a grand challenge of computational biophysics. Here, we present simulations
using an effective search algorithm combined with the united residue force-field. In the replica
exchange method, the kinetic trapping problem is overcome by exchanging noninteracting repli-
cas simulated at different temperatures. To enhance sampling, the replicas are multiplexed
with a number of independent molecular dynamics runs at eachtemperature. The simulated
free-energy landscape is presented for 1CLB protein. Application of the multiplexed-replica
exchange algorithm to large-scale parallel computing is discussed.

1 Introduction

Efficient conformational sampling algorithms are an essential component of methods for
studying protein structure and dynamics. Methods such as canonical Molecular Dynamics
(MD) or Metropolis Monte Carlo (MC) can be used for estimating thermodynamic proper-
ties as well as for a global search, but in practice they easily become trapped, and thus are
not effective methods for studying rough free-energy landscapes of proteins.

One of the most effective sampling methods, the Replica Exchange method (also
known as Exchange MC1, or Parallel Tempering2), was initially developed to improve sam-
pling in glassy systems in statistical physics. However, following Hansmann’s use of the
method in Monte Carlo simulations of a simple peptide, Met-enkephalin2 and Okamoto and
Sugita’s formulation of an MD version of the algorithm,3 the Replica Exchange method has
been applied extensively in protein-folding simulations.

2 Methods

In the united-residue physics-based UNRES model,4–6 a polypeptide chain is represented
by a sequence ofα-carbon (Cα) atoms linked by virtual bonds with attached united side
chains (SC) and united peptide groups (p) positioned in the middle between two consec-
utive Cα atoms. The UNRES force field has been derived as a Restricted Free Energy
(RFE) function decomposed into factors arising from interactions within and between a
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given number of united interaction sites5. The selected parameters of the UNRES force-
field were refined by hierarchical optimization6 of the potential-energy function.

The Replica Exchange MD (REMD) method combines the idea of simulated annealing
and Monte Carlo methods, and is one of the generalized-ensemble algorithms that performs
a random walk in energy space due to a free random walk in temperature space. In the
REMD method,n replica systems, each in the canonical ensemble, and each ata different
temperature, are simulated. At given intervals, swaps, or exchanges, of the configurational
variables between systems are accepted with the Metropoliscriteria. In this paper, we
are using multiplex REMD (MREMD) introduced by Pande7. In MREMD, to enhance
sampling, the replicas are multiplexed with a number of independent molecular dynamics
runs at each temperature. Exchanges of configurations only between random replicas with
neighboring temperatures are tried.

3 Results and Discussion

The free energy is the most important quantity for the description of equilibrium properties
of proteins. An example of the simulated free-energy landscape for the 1CLB protein is
shown in Figure 1.

Figure 1. Free energy landscape of 1CLB protein as a functionof rmsd and radius of gyration, and representative
structures from low free-energy regions.

To calculate free energy profiles, we used the densities of states obtained from the
multi-histogram analysis of MREMD trajectories.8 From the densities of states, we calcu-

lated the microcanonical entropy,S(Ei) = kBln
[

n(Ei)
]

, for all conformations collected

from the simulations, and used it to compute the microcanonical free energies with the
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following expression:F (Ei, T ) = Ei − TS(Ei). To plot the free energy as a function
of rmsd (r) and radius of gyration (ρ), we calculated the free energy by evaluating the
following expression for each grid point:

F (r, ρ, T ) = −kBT ln
∑

Ei∈N(r,ρ)

exp

(

−F (Ei, T )

kBT

)

(1)

where the indexi enumerates conformations within the histogram bins,N(r, ρ), for given
ranges of rmsd and radius of gyration.

Parallelization of the MREMD method has been enhanced by removing the synchro-
nization step. The exchanges of configurations between random replicas with neighboring
temperatures are tried, not at the same number of MD steps foreach replica but are forced
by the replica with the lowest temperature independent of the number of steps performed
by the other replicas. The improved algorithm scales almostlinearly up to 1,000 processors
with over 80% average performance.
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Enzyme-inhibitor interactions are crucial for normal functioning of many biological pathways.
Point mutations in either the enzyme or the inhibitor molecule often lead to a modulation of the
binding affinity (∆Go) with no major alterations in the 3D structure of the complex. The pos-
sibility to screenin silico the effects of point mutations on∆Go is of high interest, especially
for protein design purposes. We have recently developed a computational protocol based on
an existent rigid-body docking algorithm, which has shown agood capability to predict∆Go

changes upon mutations in protein-protein interactions. Here, we present the results obtained
for the bovine pancreatic trypsin inhibitor (BPTI) and beta-Trypsin (β-Tryp) interaction. In
this system, the BPTILys15 residue was replaced by eight different amino acids, hence varying
the physico-chemical nature of the interface. The X-ray structure of each variant is available,
as well as the effect of each substitution on the binding energetics. We compare our approach
with data arising from bothin vitro measurements and from another structure-based empirical
approach, based on changes in solvent accessible surface areas (∆ASA) upon binding. The
performance and the limitations of our approach are discussed.

1 Introduction

Enzymes are the unquestioned protagonists of catalysis forvirtually all the biochemical
reactions occuring within cells. Inhibitors are usually proteins or other molecules specif-
ically competing with enzyme substrates, hence exerting a regulatory mechanism of the
biochemical pathway they belong to. Understanding the physico-chemical features of
enzyme-inhibitor binding is fundamental, especially for designing specific molecules for
therapeutical and biomedical purposes. Moreover, enzyme-inhibitor represent an interest-
ing class of high-affinity protein-protein complexes.
Naturally occurring or artificially induced point mutations may significantly affect both
the structural and the kinetic/thermodynamic features of the association between an en-
zyme and its protein inhibitor. Here, we report a computational study concerning the high
affinity interaction between bovine pancreatic trypsin inhibitor (BPTI) and beta-Trypsin
(β-Tryp), see Fig. 1. In line within vitro experiments, we have used the X-ray structures
of eight mutants of the residue Lys 15 in BPTI to perform a rigid-body docking simulation
of BPTI/β-Tryp association. We have followed a computational protocol previously devel-
oped in our laboratory1,which is based on the recent fast Fourier-transform (FFT) protein-
protein docking algorithm ZDOCK2.33. Besides the present system, we investigated other
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Figure 1. Three-dimesional structure of the BPTI-β-Tryp complex (Protein Data Bank (PDB) entry: 3BTK4.
BPTI, i.e. the molecule used as a probe to sample the roto-translational space, is colored in green.β-Tryp, i.e.
the molecule used as a target and hence kept fixed, is colored in slate. Structural water molecules are represented
by red spheres, whereas BPTILys15, i.e. the residue target of in silico mutagenesis, is represented in sticks.

enzyme-inhibitor complexations, namely human ribonuclease inhibitor-angiogenin inter-
action and barnase-barstar interaction. Our results are satisfactory for every investigated
system, both in structural and in thermodynamic terms. Fairly accurate correlative pre-
dictions concerning the effects of point mutations on∆Go were achieved for each tested
enzyme-inhibitor complex2. Moreover, we could gain some insights into the interpretation
of kinetic data2.
In this brief paper, we focus on the important case of a singleamino acid replacement
at the binding interface of an enzyme-inhibitor complex, indeed BPTI/β-Tryp. We show
that accurate molecular modeling can be successfully employed in the absence of high
resolution structural data, such as X-ray diffraction maps, to estimate the thermodynamic
effects of specific amino acid substitutions. Finally, we compare our results with predic-
tions arising from another broadly used empirical approachfor thermodynamic analysis of
protein-protein interactions starting from high resolution structures.

2 Solvent-Accessible Surface Area (ASA)-Based Empirical
Approaches to Protein-Protein Interactions

The parameterization of the heat capacity, enthalpy, and entropy of protein-protein associ-
ation developed by Murphy5 and Freire6 has been widely used in the literature to empiri-
cally calculate the free energy change from structural information. The basic assumption
is that enthalpy and entropy changes, and hence∆Go itself, can be both linearly related
to changes in the solvent accessible surface area (∆ASA) of polar and nonpolar protein
atoms through empirical relationships. The well-known relationships:

∆Go = −RT lnKA (1)
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and:

∆Go(T ) = ∆Ho(T ) − T∆So(T ) (2)

are used to determine empiricallyKA. The first assumption is that at a constant
pressure,∆Ho can be expressed in terms of the heat capacity change upon association of
the protein-protein complex, by the relationship:

∆Ho(T ) = ∆Ho(T o) + ∆Cp(T − T o) (3)

where∆Ho(T o) is the standard reference enthalpy of association at some reference
temperatureT o5. On the other hand, the assumption concerning the entropic term is that
in ordinary conditions (e.g. no proton transfers, etc.) it may be dissected in a solvation
entropy term (∆Ssolv(T )), a conformational entropy term (∆Sconf ) and an overall
rotational/translational entropy term (∆Srt):

∆So(T ) = ∆Ssol(T ) + ∆Sconf + ∆Srt (4)

Starting form the known 3D structure of a protein-protein complex, equations 1-4 thus
allow for an estimate of∆Go, and hence, through equation 1, for a prediction of the
equilibrium constantKA.

2.1 Structure-Thermodynamics Correlations Analysis of BPTI- β-Tryp Interaction

We used the empirical method by Murphy and Freire5, 6 to predictKA’s for BPTI-β-Tryp
interaction. This was possible as the X-ray structure of eight variants of BPTILys15 are
available4. We will refer to this method as Structure-Thermodynamics Correlation (STC)
approach throughout the paper.
Results from the STC analysis are reported in Fig.2A. Although for some substitutions (i.e.
Gly, Thr, Glu, Met and Phe) the affinity change follows a roughly correct trend (Fig.2A),
the method apparently fails when considering the overall set of mutants. Indeed, the STC
method correctly predicts that the Gly substitution has themost detrimental effect on the
KA, whereas it clearly underestimates the effect of the Phe substitution. Moreover, the
overall range ofKA variation is predicted to be about one pK unit, whereas it experimen-
tally exceeds four pK units.

3 Docking Score-Based Approaches to Protein-Protein Interaction

We recently demonstrated that rigid-body docking simulations of protein-protein associ-
ation may lead to quantitative models based on tested correlative equations, which can
be used to predict thermodynamic and kinetic properties1. The method works best with
high-affinity (i.e. ∆Go ≤ -9 kcal/mol) protein-protein complexes that do not drastically
change their conformation upon binding1. The FFT-based algorithm ZDOCK2.33 per-
forms a search for optimization of intermolecular complementarity and provides a score
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Figure 2. Comparison between the STC (A) and the docking-based (B) predictions for the equilibrium constants
KA (M−1) in BPTI-β-Tryp interaction. Each individual amino acid substituting for BPTILys15 is represented
by one letter code.

(ZD) for each docking solution, which can be summarized as a linear combination of three
components:

ZD = Ssc + Sel + Sdes (5)

wheresc, el anddes indicate respectively the shape complementarity, electrostatics
and desolvation terms, each implicitely including a scaling factor for the relative energy
term proposed by the ZD developers3. In detail, we previously found a convincing
correlation between the ZD score and∆Go for a number of protein-protein complexes
that do not share structure similarity1. Our results, and particularly the correlative
models obtained, are consistent with the interpretation ofthe ZD score as an empirically
determined free energy function, which does not require thedecomposition in enthalpic
and entropic contributions. In other words, ZD can be considered as an index linearly
related to∆Go, if we assume that this latter can be dissected as follows:

∆Go = ∆Evdw + ∆Gdes + ∆Eel + ∆Gconst (6)

where∆Evdw represents the energy term due to van der Waals interactions, accounted
for by ZD through thesc component,∆Gdes represents the free energy of desolvation
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of atoms at the binding interface, accounted for by ZD through thedes component, and
∆Eel represents the electrostatic interaction energy, hence accounted for by ZD through
theel term. ∆Gconst is the only term, which is not accounted for by ZD due to the rigid-
body approximation. Indeed, this term includes translational, rotational and vibrational
free energy changes upon binding, i.e. the conformational and the cratic entropies. The
correlative context in which ZD is used, however, evidentlyallows such a neglection.

3.1 Docking-Based Correlative Analysis of Mutational Effects of BPTILys15

substitutions

Similarly to what we did in our previous work1, we run docking simulations of BPTI-β-
Tryp binding considering both the wild-type and mutated forms2. A 128x 128 x 128 point
grid with a 1.2Å spacing was used for digitalizing the interacting molecules. A rotational
sampling interval of 6o was employed and the best 4000 solutions from each run were
retained and ranked according to their ZD score. Three independent sets of docking runs
were performed for each complex, i.e. one starting from the X-ray coordinates and the
other two randomizing the initial positions. All computations were run on a Linux cluster
with 2.6 GHz Opteron CPUs.
Among the solutions generated by the algorithm, we selectedas native-like structures all
the docked complexes characterized by a Ca-RMSD lower than 1.0Å from the native
structure. For each docking simulation, the ZD score was averaged over all the native-
like complexes resulting from the three independent runs, and employed for the correla-
tion analysis with the thermodynamic data2. Figure 2B reports the predictedKA for each
BPTILys15 substitute.
The docking based-approach leads to a fair prediction of theeffects of amino acid re-
placements in the BPTI-β-Tryp interaction, in a correlative context. Indeed, we found an
acceptable correlation between ZD score andlogKA, with a coefficient R= 0.86 and a
probability p= 0.006, when the docking was done starting from the X-ray structure of each
mutant2. Moreover, when the mutants were modeled by introducing thesubstitutions in
the structure of the wild type, the correlation slightly worsened (R= 0.79, p= 0.019) but the
trend remained substantially the same,2, indicative of a good potential of the method even
in the absence of experimental 3D structure of each mutant.
Figure 2 reports a comparison of the results obtained in thisstudy with the two differnt
approaches presented above. A leave-one-out correlative analysis performed on ZD and
logKA lead to a good prediction of the effects of BPTILys15 substitutions on the equi-
librium constant (R= 0.80, slope= 1.2 for the least mean square fitting line, Fig.2B). Our
approach is thus able to provide a reasonable estimate ofKA, which is consistent with the
experimental values, independently of the physico-chemical nature of the substitutions.

4 Concluding Remarks

We have described a docking-based approach with an effective capability to predict the
contributions of single amino acids to the binding energetics in a high-affinity enzyme-
inhibitor interaction. The simplicity of the protocol, itstested capability1, 2 and the modest
computational cost makes it an interesting tool also for protein design purposes. The pro-
tocol is applicable in cases of high affinity enzyme-inhibitor interations, where there is
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evidence of no major conformational changes of the partnersupon binding. Moreover,
an assumption is made that the point mutations investigatedmay alter the affinity but not
drastically the conformation of either the proteins involved.
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We have examined the sub-type specific functions within theMH2 domain of theSMAD-family
of transcription factors and found that our novel algorithm, called “Sequence Harmony”, has
a high specificity for identification of sites important for the functional differences. For the
SMAD MH2 domain, 40 sub-type specific functional sites are predicted, which in the structure
form clusters of similar function,i.e. for receptor binding, co-repressor binding and binding
to transcription factors. From these clusters, putative functions were assigned to eleven out of
fourteen predicted functional sites with unknown function. We propose these fourteen sites of
unknown function as interesting candidates for further (experimental) investigation.

1 Introduction

Protein families and sub-families separated on the basis offunctional properties.1, 2 It is
therefore not surprising that a fair number of methods are inuse for the comparison of
amino-acid composition at different positions between groups of proteins from different
families and/or sub-types.3, 4 It is surprising, however, that apparently in the vast majority
of those studies, relatively little thought has been given to the underlying formalism of
sequence comparison. Starting from a multiple sequence alignment (MSA) of the proteins
of interest, the aim is to identify sites that are possibly conserved within a group, but
certainly different between the groups.

Current practice seems to focus on sites that are conserved in both groups, but still
different between them,3 thereby excluding sites that are not totally conserved but never-
theless different between groups. This may not seem a serious problem at first hand, but
let us consider an example of proteins that bind a certain receptor (the ‘binders’) and those
that don’t (the ‘non-binders’). Certainly, one can expect sites that are crucial for binding
to be conserved in the group of ‘binders’. To exclude binding, on the other hand, several
of many reasons may suffice and it seems imprudent to expect those sites to be conserved
as well in the group of ‘non-binders’. If the binders also interact with different, related,
receptors, also the restriction to sites conserved in the group of ’binders’ may not be a sen-
sible one. Relative entropy is a measure for the difference in information content between
both distributions of amino acid types.5 Unfortunately, for those sites that interest us the
relative entropy is degenerate. We will introduce an alternative similarity measure named
Sequence Harmonyfor comparison of groups of sequences.

We have applied our method to the interactions of theSMAD proteins with the cell-
membrane associated receptorsTBβRI andBMPRI. The SMAD-TBβRI andSMAD-BMPRI

interactions are relatively well-studied6 and provide a good background of experimental
data on which to validate our method.

* KAF and WP acknowledge financial support from Biorange/Netherlands Bioinformatics Centre.
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2 Theory

Commonly used methods for sequence comparison from multiple sequence alignments
share several drawbacks. As an alternative solution, we propose:

SHAB
i =

∑

x

pA
i,x log

pA
i,x

pA
i,x + pB

i,x

(1)

where the ‘relative entropy’ of group A is calculated relative to the sum of the probabilities
of both groups (pA + pB). This function operates opposite to the relative entropy;zero for
maximally different sites and one for sites with identical distributions. It is therefore that
we coin this measureSequence Harmony(SH) as it indicates the amount of correspondence
of amino acid composition between two groups of sequences.

3 Results

Protein sequences for theR-SMADs were collected using theNCBI query for sequence
retrieval (www.ncbi.nih.gov), yielding 32 sequences: 17BR-SMADs and 15AR-SMADs,
including that of theSMAD2-MH2 structure (PDB-ID: 1KHX 7), and aligned usingPSI-
Praline (www.ibivu.cs.vu.nl/programs/pralinewww).8 From the alignment obtained, the
MH2 domain was selected for further analysis, and divided according into two subgroups,
AR-SMADs (bindingTBβRI) andBR-SMADs (bindingBMPRI).

Sequence Harmony was calculated using Eq. 1 forAR-SMADs andBR-SMADs at all po-
sitions in the alignment, see Figure 1. Relatively few sitesare completely non-harmonious
(32 SH=0) whereas the vast majority are overall conserved (137SH=1), and the remain-
ing are intermediate (44 0<SH<1). Furthermore, the low harmony sites are not spread
completely randomly along the sequence, but clusters can beseen of up to about five low
harmony sites spread over a sequence stretch of up to about ten residues.

Out of the 40 low harmony sites, 26 have a known function (65%), and for the 32 non-
harmonious sites, 22 have a known function (69%). Of the 171 remaining high-harmony

Figure 1. Sequence harmony forAR vs.BR-SMADs plotted along the sequence of theMH2 domain ofSMADs.
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sites, on the other hand, to the best of our knowledge no otherspecific sites have been
identified as important for receptor binding specificity.

Figure 2 shows theSMAD2-MH2 domain colored by Sequence Harmony. The distri-
bution of non-harmonious sites (red) is far from random, andin addition, the low harmony
sites (orange) cluster along with them. In fact, we can identify a limited number of clus-
tered regions high in low harmony sites, which are summarized in Table 1. The sites of
known function in most clusters, allow us to assign putativefunctions to the remaining
sites of unknown function.

Three of these clusters (#4, 5 and 7) are associated with receptor binding. The second-
largest cluster (#2) is associated with c-Ski/SnoN interactions, and consists of a group of
six largely non-sequentially low harmony sites. In addition, all sidechains point in the
same general direction, forming a putative interaction surface. Three clusters (#1, 3 and
6) are associated withFAST1, Mixer and/orSARA binding. FAST1, Mixer share aSMAD

interaction motif which is similar to that ofSARA and have been shown to compete for
binding toAR-SMADs.10 Here as well, the sidechains form a putative interaction surface.
The surface-patch formed by the sidechains of the largest cluster, #1, is less regular. The
two smallest clusters (#8 and 9) are formed of sites of unknown function. In the structure
of the functional trimeric form of theSMAD2-MH2 domain residues of cluster #8 are close
to several sites of known functionacross the protein interface.

4 Discussion & Conclusion

Sites of low Sequence Harmony correspond very specifically to functionally relevant sites
in the SMAD-MH2 domain, with a very sharp separation between conserved positions

Figure 2. Sequence Harmony forAR-SMADs versusBR-SMADs colour-coded onto aSMAD2-MH2 structure
(1KHX), cf. the values in Figure 1. Non-harmonious (SHzero) is red and labeled with residue names and num-
bers, maximal harmony (SHone) is white, intermediate values are rainbow colours fromred to light blue.
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Cluster Sites Ref. Function

1 360, 364-366, 368, 392, 400, 407, 4107,11,10,12 FAST1, Mixer, SARA, ?
2 294, 295, 297-298, 308, 309, 334, 337 7,13 c-Ski/SnoN, ?
3 267, 269, 272, 273, 443 7 SARA, ?
4 284, 323-325, 327 6,14 TβRI/BMPRI/ALK 1/2
5 460-463 12 TβRI/BMPRI/ALK 1/2
6 341, 346, 381 7,10 SARA/Mixer
7 427,430 12 TβRI/BMPRI/ALK 1/2
8 354,378 - ?
9 440 - ?

Table 1. Structural clusters of low harmony sites (cf. Figure 2) and their respective known functions.

(which are the majority) and those that show a clear difference between theTGF-β and
the BMP-binding sub-types. The Sequence Harmony scale corresponds to an intuitive in-
terpretation of the differences in sequence composition and can be interpreted as sites that
are more or less likely to be of functional importance. From the available experimental ev-
idence in literature, it is difficult to identify false positive predictions, and almost no direct
evidence is present to discriminate true from false negatives.

We have identified 13 sites of low Sequence Harmony in theSMAD-MH2 domain of un-
verified function and hereby suggest these as promising candidates for further elucidation
of their function in determining the specificity of theTGF-β andBMP signalling pathways.
Specifically, it would be very interesting to confirm (or rebuke) the putative functional roles
we assigned to these sites of unknown function based on theirproximity to low harmony
sites of known function.
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Recently several successful methods for protein structureprediction have been proposed. Next
step towards modeling on a genomic scale is to combine existing tools into a single automated
protocol. Such methods are crucial to fill the gap between thenumber of currently known
protein sequences and structures. Here we utilize a latticebased coarse-grained modeling al-
gorithm together with several accompanying tools to build ageneralized pipeline for protein
structure prediction. Our strategy was successfully applied during the CASP6 experiment.

1 Introduction

Building accurate 3D structural models for protein sequences of unknown structure is a
challenging problem in contemporary computational biology. Large-scale genomic se-
quencing efforts provide increasing number of sequences. On the contrary the number
of experimentally determined structures remains relatively small. Several computational
methods that have been recently proposed can help to narrow this gap. The gap however is
still getting wider. Therefore, development of high throughput protocol that would be able
to predict protein structures with no human intervention becomes an urgent task.

2 Generalized Approach to Structure Prediction in a Reduced
Conformational Space

The CABS modeling tool has been designed in a way allowing easy implementation of var-
ious restraints. Such restraints could be derived theoretically using various bioinformatics
tools and databases of known structures, or experimentallyfrom sparse NMR data, site-
directed mutagenesis, etc. The approach is called ,,generalized”, since essentially the same
strategy was employed to all types of protein targets, from comparative modeling (CM),
through the fold recognition category (FR), to the most difficult new fold (NF) cases. This
strategy combines FRankenstein (FR - Fold Recognition) method of Bujnicki12 used for
derivation of structural restraints, CABS simulation employed in a consensus model build-
ing, clustering and evaluation of models. The ,,FRankenstein Monster” algorithm builds
models from large molecular fragments, properly extractedfrom the databases of known
protein structures. These models are often quite accurate in the regions of regular sec-
ondary structure, while the loop connections are usually poorly predicted. The general
idea was to generate a number of FRankenstein models, extract a large number of distance
restraints (often self-contradictory) from these models and to apply them as the set of soft
constraining potentials in the CABS simulations. Only the Cα -Cα distance restraints were
used. The entire prediction pipeline could be outlined as follows (see flowchart on Figure
1a):
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Figure 1. a) Flowchart representing main stages in protein structure prediction by the CABS modeling tool. b)
Two-step procedure for building an all-atom model from its reduced representation

• Using GeneSilico metaserver12 plausible templates (or their fragments) were identi-
fied, secondary structure of the target predicted, and FR alignments generated.

• Basing on the data from the metaserver the Frankenstein’s all-atom models were built.

• The obtained models were evaluated by VERIFY3D method2, and the high scoring
fragments of each model were used as a source of distance restraints. The poorly
scoring fragments of the initial models were left unrestrained. In the cases of the
apparent New Folds very weak restraints were derived from fragments of FR models
and from few alternative models generated by the Robetta server3.

• A number of copies of the target structure was generated using the CABS lattice
discretization and the initial FRankenstein’s models. These constituted the set of the
starting replicas for a long simulated tempering Monte Carlo simulations. To obtain a
sufficient number of replicas, not only different templates, but also different alignment
variants were used in this stage.

• Thousands models in reduced representation from CABS simulations were clustered
using HCPM (Hierarchical Clustering of Protein Models)4, 5 algorithm, leading to 5-
20 clusters, depending on the degree of convergence of the MCsimulations. For a
representative alpha-carbon backbone from each cluster a full-atom model was re-
built.

This procedure has proven to be very efficient. Good predictions were achieved in
all categories of the CASP targets and the group Kolinski-Bujnicki1 using the outlined
methodology has been classified as the second best, when averaging scores from all
categories. Interestingly, for a number of targets the predicted molecular models were
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closer to the true (released after the CASP meeting) structures of the targets than to any of
the templates employed in modeling. In some cases of the NF targets reasonable models
were obtained that were qualitatively different from all templates used. Apparently,
the self-contradictory restraints became ,,diffused” by the CABS force field, while a
small subset (for instance defining a plausible supersecondary element of the fold) of
qualitatively correct restraints restricted sufficientlythe conformational space during the
simulations.

In the high-throughput modeling, especially when many proteins are modeled in a sim-
ilar way, data processing in an automated fashion is especially important. As a result of our
experience gained during the long process of multistage modeling of all CASP targets, we
created a BioShell package6. BioShell is a way of performing and integrating computations
employing UNIX shell as an interface platform. The package itself is composed of sev-
eral programs, which extend functionality of shell or scripting languages, such as Python or
Perl. Most of the examples given in the BioShell website (http://biocomp.chem.uw.edu.pl/)
are related to the CABS modeling tool. Nevertheless, owing to standard file formats and
algorithms, BioShell programs can be applied to virtually any modeling protocol.

3 Reconstructing the Full-Atom Representation

Simulations of reduced lattice models are usually a couple of orders of magnitude faster
than simulations employing equivalent all-atom continuous models1. One of the major
drawbacks is the necessity to reconstruct all-atom representation from approximate
coordinates of Cα atoms. Here we describe a very efficient algorithm that can beapplied
on a genomic scale (Figure 1b)

For the non-Cα backbone atoms average relative positions were derived in alocal co-
ordinate system by statistical analysis of PDB structures.Our method follows previous ap-
proaches by Purisima and Scheraga7 and by Milik8. Assuming a constant length of all Cα
-Cα vectors, each backbone configuration for a tetrapeptide canbe described by three Cα
distances:R13 (between first and third Cα atoms in a tetrapeptide),R24 andR14 (defined
similarly toR13). The chirality of the backbone is taken into account by applying a sign
toR14. Negative values represent left-handed, and positive values represent right-handed
conformations. These three distances form a three-dimensional grid in which average po-
sitions of C, O, and N atoms are accumulated from the PDB structures according to the
local backbone configuration measured byR13,R24, andR14 after transformation into the
local coordinate system. To make our implementation more accurate the grid spacing was
chosen as 0.2̊A , rather than the 0.3̊A used by Milik et al.8. In order to reconstruct the
C, O, and N backbone atoms, for each tetrapeptide average positions for C, O, and N are
taken from the grid described above according toR13,R24, andR14 and transformed back
into the original coordinate system. In the final step of the modeling, side chain atoms are
reconstructed. For this purpose the SCWRL9 method can be used.
Our approach to backbone reconstruction turned out to be reliable, fast and very accurate.
In a test on a set of native structures taken from PDB we compared our algorithm with sev-
eral existing methods: bb10, MaxSprout11, Pulchra12 and Sybyl (Tripos) program which
implements an algorithm by Claessens et al13. MaxSprout and S ybyl are the methods that
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utilize fragment libraries derived from known structures.In many cases the two methods
were not able to find a suitable fragment: MaxSprout succeeded only in 46% and Sybyl
in 91% of the native Cα traces in a test set. Among the other three methods our approach
was found to be both the fastest and the most accurate. Average crmsd error for 70 chains
measured on the fully reconstructed backbone is 0.42Å .
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The hydration free energy of model ionic and hydrophobic solutes are studied. Based on
Metropolis Monte-Carlo simulations in the extended NpT ensemble, the Landau free energy
surfaces, dependent on solute parameters, were determined. In particular, the solute charge as
well as the diameter and well depth of the Lennard-Jones potential were chosen as the order
parameters.
Regarding the charge and the Lennard-Jones potential diameter, simulations confirmed and/or
completed other results obtained so far. The role of the third parameter, the potential well-depth,
was studied in a more detail. It modifies slightly the solvation radius of the solute, and therefore
influences the solvation free energy.

1 Introduction

Solvation/hydration phenomena take place in biomolecularsystems and play very impor-
tant role in technological processes. Therefore, theoretical description of these phenomena
are very important. First of all, one has to estimate the freeenergy of solvation in such
processes, which is a difficult problem by itself, and until now not solved sufficiently accu-
rately. Also theoretical description of ”subprocesses”, such as hydrophobicand hydrophilic
solvation, is still a challenging task.

In this work we study the solvation free energy of model ionicand hydrophobic so-
lutes. From the results of exhaustive series of Metropolis Monte-Carlo simulations we
determined the free energy functions, which are dependent on solute ”control parameters”.
Our main goal is interpretation of the simulation results based on implicit solvent mod-
els and description of the solvation processes and binding free energies of more complex
systems in the space of control parameters.

2 Methodology

Sampling of the cofiguration space was carried out using Metropolis Monte-Carlo method.
Each simulation was carried out in the extended isotermic-isobaric ensemble with addi-
tional degree of freedom, either the solute chargeq or one of the solute Lennard-Jones
interaction potential parameters,ε or σ. In each simulation only one solute parameter was
varied with the other two being fixed. The multi-window umbrella sampling approach was
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Figure 1. Simulation scheme. The axes represent 3 solute parameters under studies,ε, σ and q. Each line
corresponds to a set of simulations (in consecutive windows) with one parameter being a simulation degree
of freedom and the other two being fixed. For practical reasons, only one parameter was changed during one
simulation. The ranges of parameters covered in this work:ε ∈ [0.05; 12.8]kJ/mol, σ ∈ [2; 5]Å, q ∈ [−1; 1]e.

used to assure effective sampling of the parameter space. The results from consecutive
simulation windows were merged together based on the following formula:

∆G(ξ) = −kBT ln
ρ

bias
(ξj)

ρ
bias

(ξi)
− ∆V

bias,ij(ξ) (1)

whereξ is eitherq, ε or σ, ρ is the probability density in the extended ensemble and
Vbias is the biasing potential. The indicesi, j indicate that the∆Gij is obtained from two
consecutive and overalpping windows. Lynden-Bell et al.1 applied this method earlier in
the molecular dynamics simulations, sampling onlyq andσ.

3 Results

Results of our simulations with variable charge, are in goodagreement with earlier work1,
namely, we have observed similar asymmetry of the free energy of ionic solvation for
positive and negative charges. The dependence of the the solvation free energy onε has
not been studied before. The selected results are shown in Figure 2 (left plot).

One may notice the difference between curves correspondingto the neutral solute, in
comparison to the charged solutes. Also clear asymmetry between positive and negative
ions is visible. Using the results of one-dimensional simulations we were able to represent
the free energy of solvation as a function of single parameter, with two other parameters
fixed. We also were able to develop two-dimensional free energy functions. The example
of the free energy of solvation as a function of Lennard-Jones parameters -G(ε, σ) - is
shown in Figure 2 (right plot). We failed to merge theG(ε) andG(σ) results of simulations
with fixed negative solute charges.

The simulations yielded many structural data concerning the first solvation shell of
water molecules. This information is very helpful in understanding the solvation process
and also the shape of the free energy curves. These data are not presented here.
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Figure 2. The solvation free energy curves with fitted functions. Left plot:∆G(ε) for five fixed values of the
solute charge,q (curves were shifted for better view). In all presented cases σ was fixed at 3.5̊A. Right plot:
∆G(ε, σ), the solute charge was fixed atq = 0; vertical axis presents∆G[kJ/mol], left horizontal axis shows
the solute parameterε[kJ/mol], and right horizontal axis shows the solute parameterσ$,Å. The bivariate free
energy surface was calibrated with respect to experimentalsolvation free energies of methane2.

4 Concluding Remarks

The results from the series of Monte Carlo simulations allowed us to propose solvation free
energy functions dependent on solute parameters:G(q),G(ε),G(σ) and some ofG(ε, σ).
These solvation free energy functions may be further interpreted based on the mezoscopic
solvation models, such as the one recently developed by Gallicchio et al.3.

Theε andσ sampling results from simulations with the fixed negative charge (q = −1,
q = −0.5) did not merge, probably because the first solvation shell ofwater molecules
did not maintain the tetrahedral structure around the smallsolute (σ = 2Å) during theε
sampling. However, such structure is present during theσ sampling simulations (in the
region of smallσ and fixed smallε).
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Michigan Technological University,
Department of Physics,

1400 Townsend Drive, 49931 Houghton, MI, USA
E-mail: shoefing@mtu.edu

A continuum description of solvation for macromolecular structure is presented in the frame-
work of classical molecular mechanics. The essential kernel of the proposed solvation model
is similar in spirit to the popular PCM approach frequently used in Quantum Chemistry. How-
ever, electronic degrees of freedom are not considered explicitly here and a partial charge dis-
cretization is employed instead. The major advantage with such a description is the clear-cut
separation into individual physical terms that can all be parameterized independently. Three
contributions will constitute the model, a polarization term derived from Poisson Boltzmann
theory, a cavitation term obtained from free energy perturbation calculations and a dispersion
term using modified Caillet-Claverie coefficients that can be determined from first principle
calculations. The model description is very general and canbe easily adapted for any kind of
solvent considered.

1 Introduction

A proper theoretical description of the native behaviour ofBioMolecules will always have
to consider effects coming from the environment. Proteins,DNA, RNA, lipids, carbohy-
drates and all other classes of essential biochemical matter do usually exist and function
only in their native environment, i.e. in water, membranes or some other kind of cellular
matrix. If we therefore address complex biological behaviour with theoretical methods
then we also have to somehow think of appropriate means to account for the environment.

The majority of cases in structural biology usually deals with aqueous systems. Water
can be incorporated into theoretical models by either explicit solvation (addition of a shell
of molecular water in full atomic detail) or by implicit solvation models (consideration of
the environment as a structureless continuum having a specific dielectric constant, i.e.ε
= 80 in the case of water). In the following we want to focus on an example of implicit
solvation. It is the classical analogon to the very powerfulPolarizable Continuum Method
widely used in the Quantum Chemistry community1. Instead of quantum resolution of the
electronic degrees of freedom we restrict ourselves to the approximation of atom-centered
partial charges taken from the AMBER force field2. Because the present description aims
at covering non-electrostatic effects too, we would like toterm this approach anEnhanced
Implicit Solvation Model. It is according to the statement used by Dill et. al.3 a typi-
cal BIPSE model, which stands forBreak Into Pieces Sum-up the Energies. The formal
decomposition reads

∆Gsolv = ∆Gpol + ∆Gcav + ∆Gdisp (1)

and each of the individual terms together with their critical aspects shall be discussed next.

87



ε = 80 ε = 80

Vol

ε = 80
q−

q+
q+

q+
q+
q−
q−
q−
q−
q+

q−
q−
q+
q+
q+
q+

q−q+
q+

q−q+ q+
q+

q+
q−

q−

q−q−q−q−q−q−

q−
q−
q−

A
A

A
A
A
A
A
A
A
A

A
A
A
A
A
A

AA
A

A A A
A

A
A

A

A A A AA

A
A
A

ε = 80

A

Figure 1. Elements of an Enhanced Implicit Solvation Model.a) Leftmost panel: A protein (yellow) in complex
with some ligand (blue) resides in water considered as a dielectric continuum (light blue background). b) Second
panel to the left: Formation of the boundary (red line) delivers the molecular surface and the molecular volume
which in turn gives access to∆Gcav. c) Second last panel to the right: Solution of the Poisson Boltzmann equa-
tion delivers a set of induced surface charges that allow calculation of∆Gpol. d) Rightmost panel: Evaluation of
response vector functions on the dielectric interface withappropriate Caillet-Claverie dispersion coefficients give
access to an estimate of∆Gdis.

2 Methods

2.1 System Set Up

Consider a protein (with potentially complexed ligand) in aqueous solution (see leftmost
panel in Figure 1). The first thing to accomplish within our enhanced implicit solvation
model will be the definition of a dielectric interface where the dielectric constant will
abruptly switch fromε = 1 (protein interior) toε = 80 (solvent continuum). Due to the
intended advantageous description restricted to the solute-solvent boundary4 the first step
will comprise computation of the molecular surface and the molecular volume depicted
as white area enclosed by a red line in Figure 1, second panel to the left. At first glance
this might appear a trivial task, but in practice it turns outto represent a very crucial pro-
cess with significant influence on overall performance and accuracy. A systematic study
for a diverse set of structures using a variety of commonly employed molecular surface
programs is currently underway in our group. The essential ingredients computed here
are, boundary element location, size and corresponding normal vector, the net molecular
surface area and the net molecular volume. All this implies prior assignment of AMBER
charges and van der Waals radii.

2.2 Calculation of∆Gcav

Having access to the molecular volume, or more specifically to the solvent excluded molec-
ular volume (see second panel to the left in Figure 1), will enable us to derive an effective

radius,Beff =
(

3
4πV

slv.xcl
)

1
3 , that may be used in formulas of therevised Pierotti Ap-

proach5. Here a set of expansion coefficients,k0, k1, k2, was derived from Free Energy
Perturbation Calculations based on Molecular Dynamics Simulations of molecular liquids
(see Table 1 in reference5).
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2.3 Calculation of∆Gpol

The major computational effort will be devoted to calculation of the polarization term. This
is in fact the only one term considered in many other solvation models. The problem may
be efficiently solved within theBoundary Element Method6. Here a set of surface charges
is derived from the assumption that the change in the normal component of the electric
field at the dielectric boundary cannot become discontinuous. Taking into account these
additional surface charges to the original set of partial charges of the protein will allow an
estimation of the polarization term,∆Gpol (see second last panel to the right in Figure 1).
The problem may be efficiently solved from an iterative solution scheme using specialized
computer hardware7.

2.4 Calculation of∆Gdisp

Similar to the electrostatic solute-solvent interaction an attractive van der Waals contribu-
tion can be obtained. Within the surface integral description the approach of Floris et. al.
became well known8. Therefore we want to follow this strategy and calculate response vec-
tor functionsAi from re-parameterized Caillet Claverie parameters9 (see rightmost panel
in Figure 1). These critical dispersion coefficients may nowadays be determined from
ab-inito calculations as outlined by Amovilli et. al.10.

3 Concluding Remarks

Upon splitting the overall solvation free energy∆Gsolv into individual physical contribu-
tions and getting separate parameterizations for each of them independently, a rather solid
description of environmental effects should arise. Work towards all of the described terms
is currently in progress in our lab.
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High throughput experiments and computational methods allow the elucidation of networks of
protein-protein interactions (PPI) in several organisms.Since about 80% of all proteins con-
sist of multiple self-folding units called domains, it is desirable to determine which domains
are responsible for a given interaction. We use an integrative computational and experimental
approach to predict domain-domain interactions (DDI) fromthe known PPI for the metazoan
C. elegans.We use Maximum Likelihood Estimation and Maximum Specificity Set Cover al-
gorithms to predict the DDI. We validate the results using a small and accurate yeast 2 hybrid
(Y2H) screen on 8 protein-protein interactions involving 13 proteins inC. elegans. The com-
putational predictions are consistent with Y2H in 7 of the 13interaction domains, including
the prediction of domain fusions. These results illustratethe predictive power of a combined
computational and experimental approach to DDI determination.

1 Introduction

Macromolecular interactions among proteins, nucleic acids, and lipids, form the basis of
biological activity. High-throughput experiments have enabled the elucidation of a sub-
stantial number of protein-protein interactions (PPI) in several organisms. About 80% of
these proteins consist of multiple domains, which are self-folding polypeptide units. Many
of these domains are repeated across different proteins, and hence allow for a modulariza-
tion of the interaction networks. The domain architecture of many proteins is available in
Pfam1. We use a network of PPI and Pfam to infer a network of domain-domain interac-
tions (DDI). We validate this network on a set of 8 well-characterized protein interaction
pairs involving 13 proteins from the roundwormC. elegans. Validation is done using an
experimental yeast 2 hybrid (Y2H) approach. Our results show substantial agreement be-
tween the computational prediction methods and experiment(agreement for 7 out of 13
interaction domains). Several of the predicted interaction domains consist of domain fu-
sions. Several of the domain interactions are predicted by two different computational
methods, adding to the confidence level of the predictions. Failures of the computational
predictions can be partly explained by the ability of the experiments to discover novel in-
teraction domains, and in one case by the fusion of 3 domains,which was not considered in
the computational model. This integrative approach has thepotential to explain at a greater
level of detail observed PPI.
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Interaction Description
SQV-4 – SQV-4 UDP-glucose 6-dehydrogenase, required for cytokinesis.

EMB-27 – B0511.9 Anaphase promoting complex subunit and novel gene.
MEI-1 – MEI-2 Together forms the microtubule severing katanin complex.

DYRB-1 – DYCI-1* Homology to dynein subunits (light and intermediate chains).
Y65B4BR.5 – ICD-1 Predicted transcription factor andβNAC.
MEL-26 – MEI-1s Ubiquitin ligase substrate adaptor targeting MEI-1.
MEL-26 – MEL-26 Ubiquitin ligase substrate adaptor targeting MEI-1.
ATN-1* – ATN-1* α-actinin, actin bundling protein that homodimerizes.
GPR-1* – GOA-1 GPR-1 regulates the activity the G-protein subunit GOA-1.

* Interaction domain known

Table 1. Y2H protein interaction set of high confidence.

2 Methods

The network of PPI examined consists of a set of 9,044 interactions among 4,625 proteins,
collectively named WI72. From the 9,044 PPI, 4,736 are experimental, 3,359 based on
homology withDrosophila interactions, and 949 based on homology withS. cerevisiae
interactions. The domain architecture was obtained from Pfam-A and Pfam-B, yielding
a total of 8,558 interactions with known domain architecture. This was used as training
set for two different algorithms, which yield a network of DDI. The first is the maximum
likelihood estimation (MLE) procedure which has been applied successfully to the problem
of estimating the DDI from experimental PPI for yeast3. The other algorithm is a weighted
set cover algorithm that we developed, called Maximum Specificity Set Cover (MSSC),
which selects domain-domain interactions while minimizing the number of false positives
in the training set4. Domain fusions of 2 domains are included in the set of potential
interaction domains.

Previous work has validated the ability of using the networkof DDI found by MLE and
MSSC to predict PPI. In this work we attempt to directly evaluate the quality of a small
portion of these DDI. Suppose that an interaction domain pair di − dj is part of the DDI
produced by any of the above methods and can explain a proteininteractionpi − pj. Y2H
is capable of accurately identifying the interaction domain for a protein-protein interaction.
First the domaindi in pi, when interacting withpj, is identified; thendj in pj is identified
when interacting withpi. From the Worm Interactome5 version 5, we selected 8 interac-
tions involving 13 proteins (Table 1). These interactions were selected because they are
high-confidence Y2H interactions, and the proteins are involved in a diverse set of biolog-
ical processes. This set of interactions is used to compare experimental and computational
predictions.

3 Results

MLE and MSSC were run from the PPI server (http://ppi.cse.nd.edu). MLE
selected 5,170 domains and 36,489 DDI. MSSC explained the same network with 3,138
domains and 12,870 DDI. MSSC predicted 189 domain fusions involved in 1,872 DDI.
Predicted interaction domains for the small screen test areshown in Table 2. By inspection,
7 of the 13 interaction domains are consistent with Y2H. SQV4homodimerization could
not be predicted by only using fusion of 2 domains, since Y2H indicates that 3 domains are
needed. MEI-1 requires the entire protein in the experiment, and the predicted interaction92



Protein Interaction Domain Interaction Remarks
SQV-4 (3) – SQV-4 (3) UDPG MGDP dh – Y2H indicates 3 domains needed –

UDPG MGDP dh
EMB-27 (2) – B0511.9 (1) Pfam-B41051 – Pfam-B41051 not consistent with Y2H –

Pfam-B92146† Y2H consistent with Pfam-B92146
MEI-1 (1) – MEI-2 (1) AAA – Y2H consistent with AAA

Pfam-B62049 Pfam-B62049 not consistent with Y2H –
DYRB-1 (1) – DYCI-1* (4) Robl LC7 – DYRB-1 had no hit in Y2H –

Pfam-B4434 Y2H consistent with Pfam-B4434
Y65B4BR.5 (3) – ICD-1 (2) UBA NAC – Y2H consistent with fusion

NAC Y2H consistent with NAC
MEL-26 (3) – MEL-26 (3) BTB MATH – Y2H consistent with fusion

BTB MATH
ATN-1* (4) – ATN-1* (4) Pfam-B843 – Pfam-B843 not consistent with Y2H –

Pfam-B843†

GPR-1* (2) – GOA-1 (1) Pfam-B66388 – Pfam-B66388 not consistent with Y2H –
G-alpha† Y2H consistent with G-alpha

* Interaction domain known,† Predicted by both MLE and MSSC

Table 2. Set of DDI predicted by MLE and MSSC. The notation (#)besides the protein name represents the
number of domains that conform such protein. A – at the end of aremark indicates this was a negative result.

domain AAA is contained within this area. The interaction domain in MEI-2 is consistent
with experiment although Y2H used a smaller piece of the complete predicted interaction.
Predicted netwoks of DDI can serve both as a starting point indesigning Y2H screens,
as well as the basis for predicting further PPI. Another direction that we are pursuing is
to further validate the interaction domains through structure prediction and protein-protein
docking.
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The qualitative solvent- and temperature-dependent conformational behavior of a peptide in
the proximity of solid substrates with different adsorption properties is investigated by means
of a simple lattice model. The resulting pseudophase diagrams exhibit a complex structure,
which can be understood by analysing the minima of the free-energy landscape in dependence
of appropriate system parameters.

1 Introduction

The interest in understanding adsorption of polymers and peptides to inorganic material
has grown recently with the development of nanotechnological equipment that enables
present and future applications ranging from nanoelectronic devices [as, for example, the
celebrated organic light-emitting diodes (OLEDs)] to pattern-recognising nanosensors in
biomedicine. In recent experiments, evidence for substrate specificity of synthetic peptide
adsorption to semiconductor substrates has been found.1 The investigation of organic-
inorganic interfaces is connected with the substantial problem of setting up an effective
microscopic model for the adsorption of organic to inorganic matter in addition to the
intrinsic interactions governing the folding properties of the organic substance. Van der
Waals based interaction models2 were employed, e.g., in studies of gold-binding pep-
tides.3 Here, we study a minimalistic lattice model, where the folding part is governed
by the hydrophobic-polar (HP) model,4 and the interaction with the substrate is restricted
to monomer-type dependent surface-layer attraction.5, 6

2 Conformational Transitions in a Simple Hybrid Interface M odel

Based on the assumption that peptide folding is mainly due tothe hydrophobic effect, we
distinguish only hydrophobic (H) and polar residues (P ). According to the minimalistic
HP model4, the intramolecular energy of a conformation is related to the number of hy-
drophobic nearest-neighbor contactsnHH. For the study of specificity of surface–binding,
we investigate three attractive substrate models: (a) type-independent attractive, (b) hy-
drophobic, and (c) polar substrate. In case (a), the energy of the system is proportional to
the total number of monomer–surface contacts,nH+P

s , while in the cases (b) and (c) the re-
spective hydrophobic (nH

s ) and polar (nP
s ) surface contacts are energetically favored. The

generic model can be defined byE(ns, nHH) = −ns − snHH, where, depending on the
substrate model,ns = nH+P

s , nH
s , ornP

s . The parameters controls the solvent quality (the
larger the value ofs, the worse the solvent). The contact numbersns andnHH are natural
system parameters that allow the discrimination of conformational pseudophases. In our
investigations of this system, we employed the contact-density chain-growth method which
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Figure 1. Contact-number map of all free-energy minima for an exemplified peptide with 103 monomers5 and a
substrate which is equally attractive to all monomers. Circles correspond to minima of the contact free energy
FT,s(n

H+P
s , nHH) in the parameter spaceT ∈ [0, 10], s ∈ [−2, 10]. Lines illustrate how the contact free

energy changes with the temperature at constant values of the solvent parameters.

has successfully been applied in adsorption studies of polymers.8 This method, which is a
suitably generalized variant of the multicanonical chain-growth algorithm,7 allows us to es-
timate the contact densityg(ns, nHH), which simply counts the number of conformations
for a given pair of contact numbersns andnHH. For fixed temperatureT and solubility
s, we define the contact free energyFT,s(ns, nHH) ∼ −T ln g(ns, nHH) exp(−Es/T ).

Assuming that the minimum of the free-energy landscapeFT,s(n
(0)
s , n

(0)
HH) is related to the

class of macrostates withn(0)
s surface andn(0)

HH hydrophobic contacts, this class dominates
the pseudophase the system resides in. For this reason, it isinstructive to calculate all min-
ima of the contact free energy and to determine the associated contact numbers in a wide
range of values for the external parameters. This can easilybe done with the knowledge of
g(ns, nHH) by simple reweighting.

In Fig. 1, the map of all possible free-energy minima (circles) in the range of exter-
nal parametersT ∈ [0, 10] ands ∈ [−2, 10] is shown for a peptide with 103 monomers
(37 hydrophobic, 66 polar) in the vicinity of a substrate that is equally attractive for both
hydrophobic and polar monomers.5, 6 There are a few regions of circles which can be asso-
ciated with pseudophases. Clearly, where the number of surface contactsnH+P

s is zero, the
heteropolymer is desorbed and in the bulk regime two main pseudophases can be identified:
desorbed extended (DE) and desorbed collapsed (DC) hydrophobic-core conformations.
In case of adsorption, we distinguish also extended (AE) andcompact (AC1-3) conforma-
tions, and an intermediate globular pseudophase (AG), where conformations are globally
compact, but do not exhibit pronounced hydrophobic domains. The discrimination of the
three AC subphases is due to layering: In dependence of the solvent quality, hydrophobic
domains form layers: single-layer domains in AC1 (good solvent, substrate contact favored
prior formation of intrinsic hydrophobic contacts), and respective hydrophobic double- and
triple-layer cores in AC2 and AC3. Solid lines in Fig. 1 visualize “paths” through the
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free-energy landscape when changing temperature, but leaving the solvent parameter un-
changed (s = const). Recalling that largers values correspond to worse quality of the
solvent, it is obvious that thes = 6 path at low temperatures starts in the highly compact
AC3 subphase. Increasing the temperature, the monomers reorder and the system enters
for entropic reasons the globular pseudophase AG. Approaching T ≈ 2.3 a noticeable
first-order-like unbinding transition occurs towards pseudophase DC, before the compact
structure decays (DE). Under very good solvent conditions as, e.g., for the trajectory of
s = 1, the favored conformations at low temperatures are film-like. Increasing the temper-
ature slightly toT ≈ 0.2, the system crosses over to the AE pseudophase. This subphase is
very stable under these solvent conditions, but close toT ≈ 2.3 the heteropolymer desorbs
into the dissolved bulk phase DE.

For the other two substrates, the pseudophase diagrams lookquantitatively different
but most of the main pseudophases are also present in these cases.5

3 Concluding Remarks

Beside the expected adsorbed and desorbed phases, hybrid organic-inorganic systems ex-
hibit a rich subphase structure in the adsorbed phases with compact hydrophobic domains.
In this region, the binding behavior is strongly substrate-specific and depends in detail
on the quality of the solvent. Since current experimental equipment can reveal molecular
structures at the nanometer scale, it should be possible to investigate the grafted structures
in dependence of the solvent quality. Such experiments would be essential for studies of
binding forces that are strong enough to refold peptides or proteins.
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Proteins with positive charges strongly interact with DNA and, in the important cases of his-
tones and histone-like proteins, they pack and bend long segments of DNA into highly ordered
structures . In this contribution we report the results of combining numerical simulations in
generalized ensembles (modulated metastatistics) with polyelectrolyte theory. The example of
the interaction between the N-terminal tail of the H3 histone with segments of DNA will be
illustrated, to explain the role of histone charged tails inthe compaction of the genetic code in
eukaryotic cells.

1 Introduction

In the eukaryotic cells, DNA is localized in the nucleus. Thelocalization and length of the
DNA filaments, require a high degree of packing for the entiregenetic material. This high
degree of packing also allows silencing of DNA during the cell interphase and a limited
well-regulated expression of the genes1.

The storage of DNA, that carries 2 negative charges per bp at physiological pH, in the
nuclei is performed by aggregates of histone proteins, carrying a net postive charge and,
therefore, attempting to form a neutral complex with DNA. The resulting complex of DNA
and histone proteins is called chromatin. Each particle formed by 8 histone aggregated
proteins and a portion of DNA wrapped around it is the nucleosome core particle (NCP).
NCPs are linked by the non-wrapped portions of DNA called “linkers”.

Only recently, the structure of chromatin has been investigated at an atomic resolution
by X-ray diffraction2 and by other techniques. The structure of highly dense chromatin is
now hypothesized as a two-start helix, with the linker DNA significantly bent. The reasons
of such bending has never been explored and they are the object of this study. The best
candidates for the linker bending are the N-terminal tails of H3 histones: these tails are
disordered and long enough to touch the linker DNA.

2 The N-terminal tail of H3 histones

The behaviour of these tails both in the absence of DNA and in the vicinity of DNA can
be simulated using atomic models. First, a self-avoiding least-biased random walk3 for a
model of 25 residues moving aroung a DNA segment of 10 bp was performed. Ten different
initial orientations of DNA with respect to the protein wereused as ten indipendent replica.
The protein was anchored at its C-terminus (residue 26) to mimick the anchoring of the N-
terminal tail to the H3 rigid core.

Configurations were studied in terms of the most relevant configurational variable re-
lated to protein-DNA interactions,i.e. the number of electrostatic contacts,C. This quan-
tity is defined in terms of Cζ(Arg)/Nζ(Lys) - P(DNA) distances: when this distance is lower
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Z l (bp) R12 (nm)
0 0 23.5
5 4 15.2
10 8 10.2
15 13 6.8

Table 1. - Lengthl of bent DNA around a circle ofR = 1.5 nm with different chargeZ. R12 is the distance
between two coplanar NCPs linked by a 65 bp linker DNA. Therefore, the first row is for a straight linker DNA.

than 0.5 nm a contact is counted. From the entire basin of configurations obtained through
the random walk, 7 configurations with high (C = 8) and 7 with low (C = 2) numbers
of protein-DNA contacts were immersed in a bath of water molecules and sodium coun-
terions. These 14 systems were simulated via MD both in the presence and absence of
DNA.

The results of these simulations can be summarized as in the following6: on average
the protein increases its helical content when DNA is present in the nearby. and, conse-
quently, the radius of gyrationR is smaller (R ∼ 1 nm) than when proteins are completely
disordered or they are simulated in the absence of DNA (R > 1.5 nm). The MD
simulations carried the protein towards configurations with about 6 protein-DNA contacts
on average, irrespective of the initial number of contacts.The analysis of energetics shows
that a larger number of contacts produces an increase of hydrophobic energy that may
even balance the decrease of electrostatic energy. Finally, the 14 simulations of protein in
the nearby of DNA did not show a specific bound configuration, rather the configurations
are of different types: protein packed in the DNA major groove; protein stuck on the minor
groove; protein bridging two sides of the major groove. These different configurations
have similar energies.

3 The long-range bending of DNA

Once we know that the H3 N-terminal tail can be efficiently andnon specifically packed
by its nearby DNA, we ask if the resulting charge density (8 positive charges localized in
a sphere of about 1 nm radius) can be responsible of a significant linker DNA bending.

The free energy of the protein-DNA complex can be written as afunction of the lengthl
of DNA wrapped on the protein, assuming the protein be a circle of radiusR with positive
chargeZ. The free energy accounts fo counterion decondensation that occurs when the
protein comes in contact with DNA and replaces the shell of counterions condensed by the
high negative charge density of DNA4, 5. The length of wrapped (and therefore bent) DNA
is obtained by finding the minimum of the free energy. Resultsare summarized in Table 1,
assuming the bulk salt concentrationCs = 0.1 M.

From these results, the answer to the question at the beginning of the section is: a
charge of+10 confined in a region of 1.5 nm radius is able to bend 8 bp of DNA and to
bring two NCPs at distances even lower than their contact distance (R12 < 11 nm).
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4 Conclusions

The significant bending of linker DNA in chromatin can be performed by the N-terminal
tails of H3 histones that are projected in the internucleosomal space. The extent of bending
(∼ 8 DNA bp) can be derived by placing a positive charge ofZ ∼ 10 within a sphere of
radiusR ∼ 1.5 nm, that is similar in charge density with the collapsed H3 N-terminal
tail of 25 residues as it is modelled using atoms. By using these parameters, the distance
between two nucleosome core particles linked by about 65 bp of DNA (a value in the range
of experimental values) are brought at contact distance anda high degree of chromatin
packing is obtained only acting on the linker DNA bending. This confirms the possibility
for the H3 N-terminal tail for acting as switches for keepingthe chromatin dense when
tails are charged, and for relaxing the structure when tailsare neutralized. This latter event
is actually performed by lysine acetilation due to specific enzymes and is limited to the
N-terminal tails becaues of their larger accessibility compared to the histone cores.
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Two and ten antiparalel strandβ-sheets built from DLSFMKG (MK) and DLSFKKGE (KK)
peptides, were imersed in periodic water boxes and subjected to molecular dynamics simula-
tions (MD) at 30K, 170K/190K - for two and ten strandβ-sheets respectively, and to 300 K.
MD simulations showed that 2xMKβ-sheet is more stable than 2xKKβ-sheet, and 10xMK
β-sheet is more stable then 10xKKβ-sheet, suggesting that MK systems is fibril creating and
the KK systems is not.

1 Introduction

Amyloid formation and deposit is connected with Alzheimer’s disease, Parkinson’s dis-
ease, and Finnish familial amyloidosis. After protein misfolding short peptide sequences
act as ”hot spots” providing the driving force for protein aggregation in amyloid fibrils.

2 Results and Discussion

Previously we have characterized in detail one of these ”hotspots” in the diverging turn
of PI3-SH3 domain, one of the most extensively studied amyloidogenic proteins not re-
lated to a disease1, 2. Based on an homology search we have identified an aggregation
prone region in the same structural element of the related Abl-SH3 domain of Drosophila
(DLSFMKGE) whereas the human homologous region (DLSFKKGE)is predicted to be
less amyloidogenic. The possible reason for the differenceof amyloid formation propen-
sities of the two peptides was investigated by molecular dynamics (MD) ofβ-sheet struc-
tures. The antiparallel alanineβ-sheets consisting of two and ten strands were constructed,
minimized, and mutated to the sequences DLSFMKGE and DLSFKKGE. All four sys-
tems: 1) DLSFMKGE - two strands(2xMK) (fig 1 a-f), 2) DLSFKKGE- two strands
(2xKK) (fig 1 g-k), 3) DLSFMKGE - ten strands (10xMK) (fig2 a-d), 4) DLSFKKGE -
ten strands (10xKK) (fig 2 e-h), were surrounded by 10Ålayer of water molecules over
the solute and subjected to MD, Amber 8.0 force field, NTP protocol. The MD runs were
started at the temperature of 10 K and the temperature was elevated stepwise by 10 de-
grees till 300 K. Longer MD runs were done at 30 K (78 ns), 170 K (140 ns) and 300
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K for the two strand systems, and at 30 K (47 ns), 190 K (55 ns) and 300 K for the ten
strand systems. The results (fig 2) show considerably higherhydrogen bond percentage for
DLSFMKGE than that one for DLSFKKGE during the course of the simulation, thus sug-
gesting that DLSFMKGE is a potential fibril- maker, but DLSFKKGE is not. Two strand
β-sheet systems were stable until 170 K (fig 1). The ten strandβ-sheets appears to be
clearly more stable (fig 2). The fact that with the course of the simulation aβ-sheet partly
or completely melts at higher temperatures suggests, the need for a complex of several face
to face orientedβ-sheets to provide stability to the amyloid fibril.

Figure 1. MD snapshots of DLSFMKGE two strand system : a) at 30K, 23159 ps, b) at 170K, 42359 ps, c) at
170 K, 91467 ps, e) at 170 K, 99126 ps, f) at 300 K, 64231 ps; MD snapshots of DLSFKKGE two strand system:
g) at 30K, 19941 ps, h) at 170K, 42880 ps, i) at 170K, 92658 ps , j) at 170K, 98969 ps, k) at 300K, 94276 ps.

Figure 2. MD snapshots of DLSFMKGE ten strand system: a) at 30K, 15343 ps, b) at 190 K, 58023 ps, c) at
300K, 58489 ps, d) at 300 K, 64419 ps; MD snapshots of DLSFKKGEten strand system: e) at 30 K, 15950 ps,
f) at 190K, 58588 ps, g) at 300 K, 58466 ps, h) at 300 K, 64038 ps.
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Recently, with success, we applied the united-residue UNRES force field developed in our
laboratory to carry out molecular dynamics simulations. This communication is a preliminary
report of the development of a procedure for optimizing the UNRES force field for canonical
simulations.

1 Introduction

In the last decade we have been developing a united-residue physics-based force field
termed UNRES1–3 for energy-based prediction of protein structures from amino-acid se-
quences. Recently4, we extended the application of UNRES to mesoscopic molecular
dynamics simulations and found that, with this approach, wecan simulate protein fold-
ing pathways in real time. This new application requires reparameterization of the force
field, which is the subject of our current work. We describe preliminary results in this
communication.

2 Methods

In the UNRES model, a polypeptide chain is represented as a sequence ofα-carbon atoms
(Cα) with attached united side chains (SC) and united peptide groups (p), each of which is
positioned in the middle between two consecutive Cα atoms. The effective energy function
is a sum of different terms corresponding to interactions between the SC, SC and p, and p
sites, as well as local and correlation terms, each of which is multiplied by an appropriate
weight3, w. The expressions for these terms had been derived2 based on a Kubo cluster
cumulant5 expansion of a polypeptide chain in water, where the degreesof freedom not
present in the model had been integrated out. In the present work we introduced explicit
dependence of the cumulant-based terms on temperature.

The hierarchical method of force field optimization developed in our laboratory3 aims
at obtaining energy landscapes of selected training proteins such that the free energy of
each of the training proteins decreases with increasing native likeness. In the present study,
we computed the free energies below, at, and above the folding-transition temperatures and
extended the approach by the requirements that the free-energy relations be inverted above
the folding-transition temperature. We used the multiplexing replica-exchange molecu-
lar dynamics (MREMD)6 to generate decoy sets with given energy-function parameters
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and the weighted-histogram analysis method (WHAM)7 to process the results in order to
compute the free energies of the ensembles.

3 Results and Discussion

The structures of the three training proteins used in this work and the representatives of the
most probable conformations obtained with optimized forcefields (a separate optimization
was carried out for each protein) are shown in Figure 1.

a b c

d e f
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N N
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N

N

Figure 1. Experimental structures of 1E0L (a), 1GAB (b), and1E0G (c) and some of the most probable con-
formations at temperatures below the folding-transition temperature of these proteins (d–f). The experimental
structures are shown in the ribbon representation and the simulated structure are shown as Cα-traces. The N-
termini are marked for tracing purposes.

The results of testab initio prediction runs (using the multiplexing replica-exchange
molecular dynamics and the force fields parameterized using1GAB on a number ofα-
helical proteins are summarized in Table 1. It can be seen that the force field predicts the
structures of proteins both with simple three- or four-helix bundle folds (1BDD, 1CLB,
1LQ7, 1E68, 1P68) and those with more complex topology (1POU, 1KOY, 1PRU), al-
though its performance on the former is better. Therefore the force field parameterized
using 1GAB appears transferable. We are currently working on including proteins with
more complexα-helix topology as well as more complexα+ β-proteins in parameteriza-
tion.
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PDB No of lowest index(es) proba-
ID residues RMSD of native bility

cluster(s)
1BDD 46 2.2 1–4 0.84
1LQ7 67 1.6 5 0.10
1E68 70 3.9 4 0.08
1CLB 75 3.9 3 0.15
1P68 102 2.7 2 0.23
1POU 71 5.3 7 0.05
1PRU 56 5.3 –a –a

1KOY 62 4.4 9 0.003

Table 1. Results of tests onα-helical proteisn of the force field parameterized on 1GAB.

aNo clear cluster of native-like structures was located.
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Simple analytical functions consisting of electrostatic,polarization, Lennard-Jones, and cavity
terms were proposed to express the potential of mean force ofparticles interacting in water an-
alytically. A simple analytical approximation based on theintegral over the surface-hydration
energy density of the interacting sites was derived for the cavity term; the solvation energy den-
sity of each site is represented as a difference of two Gaussian terms. This expression can eas-
ily be generalized to interaction sites with non-sphericalsymmetry. The analytical expressions
were fitted to the potential of mean force of model systems determined by umbrella-sampling
molecular dynamics. The analytical formulas fitted the potentials of mean force very well, and
the resulting parameters of the expressions were physically reasonable.

1 Introduction

Effective potentials of amino-acid side chain interactions are a key part of united-residue
force fields, because they encode most of sequence specificity. In the UNRES force field
developed in our laboratory1, 2 the side chain–side chain interaction potentials are presently
assigned arbitrary Gay-Berne3 functional forms that take into account anisotropy of inter-
actions, and their parameters were determined based on fitting to the correlation functions
and side-chain-contact energies determined from the PDB1. These potentials have the sym-
metry of an ellipsoid of revolution1, which does not capture the amphiphilic feature of side
chains such as that of aspartic acid or asparagine, which arecomposed of a charged/polar
“head” and a non-polar “tail” and possess, therefore, a lower symmetry of interactions.

In this communication, we introduce a new model of charged and polar side chains
consisting of two centers: non-polar ones and charged/polar ones. The interaction po-
tential consists of three components: a Gay-Berne component to reproduce steric interac-
tions, a solvent-accessible-surface area component to reproduce hydrophobic association
and a Generalized Born4 component to reproduce electrostatic interactions between po-
lar/charged parts. We also introduce an analytical expression for the free energy of hy-
drophobic solvation, which is based on a Gaussian model of the solvent density around a
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solute molecule. We fitted the resulting analytical expressions to the potentials of mean
force of model systems determined by umbrella-sampling molecular dynamics simula-
tions.

2 Methods

Molecular dynamics simulations for the systems studied were performed with the AM-
BER 7.0 force filed5. The TIP3P6 model of water was used. The potentials of mean
force (PMFs) were determined by using the WHAM method7. The detailed computational
procedure was described previously8. Fitting of analytical formulas to the PMFs was ac-
complished by minimizing the sum of squares of the differences between the PMF values
computed from analytical formulas and determined from MD simulations by using the
Marquardt method9. We used two expressions for the cavity potential, one derived in this
work based on the Gaussian model of solvent energy density and one based on molecular
surface area.

3 Results and Discussion

An example of a PMF of the pair of two methane molecules together with curves computed
with fitted analytical expressions are shown in Figure 1.
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Figure 1. PMF curve of a pair of methane molecules in water determined by simulation (dashed line), the fitted
curve with the cavity term expressed by the Gaussian model (solid line) and the fitted curve with the cavity term
expressed as molecular surface area (dotted line).

It can be seen from Figure 1 that the Gaussian model of solventdensity is able to repro-
duce both the desolvation maximum and the solvent-separated minimum in the PMF, while
the molecular-surface area model can reproduce only the desolvation maximum. Unlike
the model based on molecular-surface area, the Gaussian model of hydrophobic solvation
can be easily generalized to non-spherical sites and does not produce discontinuities in the
energy gradient.
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Previous works on loop structure prediction treat the loop reconstruction problem, that is, the
geometry of the protein into which the loop must fit is assumedto be given. In ab initio pro-
tein structure prediction, however, this information is not available, but loop structure and the
anchoring stem region structure have to be predicted simultaneously. The resulting loop struc-
ture prediction problem with flexible stems treated here is considerably more difficult than the
reconstruction problem.

The proposed approach is based on (i) dihedral angle sampling, (ii) structure optimization by
energy minimization with a physically based energy function, and (iii) clustering. In contrast
to previous works, clustering is not only used to identify conformers that are likely to be close
to the native structure, but also to identify far-from-native decoys.

The method is tested on a large test set. Surprisingly, the average of the smallest rmsd found in
ensembles of 2000 conformers depends linearly on the lengthof the sequence. Since our test
set is large, different methods for selecting close-to-native conformers from ensembles can be
compared in a meaningful way.

1 Introduction

Without the great structural flexibility of loops, many proteins could not fold into compact
structures. Since loops posses great geometric flexibility, loop structure is difficult to pre-
dict. Recent approaches assume information on the locationof the anchoring residues is
available, that is, the loop reconstruction problem is treated1. While using information on
the geometry of the anchoring residues may be justified in homology modeling, approaches
of this type are ruled out inab initio prediction. In order to benchmark the prediction pre-
cision that can be achieved inab initio loop structure prediction, we apply a methodology
that predicts both, the geometry of the anchoring residues,and the loop structure itself, to
a large test set.

2 Methods

Conformers are generated with probability functions in a discretized(φ, ψ)-space similar
to those used by DePristo et al.2. We distinguish between three types of residues, (i)
α-helical amino acids as defined by DSSP code H, (ii)β-strand (DSSP code E), and (iii)
loop3. To qualify as a loop an amino acid sequence must not be of DSSPtype E or H, not be
at either terminal, and must be located between strands or helices. Probability distributions
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nr [-] 10 12 14 16 18 20
rmsd [Å] .9842 1.412 1.825 2.159 2.451 2.772

Table 1. Average of smallest rmsd in ensembles of given loop length. The symbolnr denotes the number of
residues in a loop including the stem residues. Rmsds dependlinearly on the loop length1. Results for odd loop
lengths are omitted for brevity.

are determined by investigating a reference set of known structures. This set comprises all
proteins with experimental resolution of2.2Åor better in the PdbSelect25 set3.

In order to take the influence of the anchor regions into account, we add three stem
residues at both ends and subject these additional six residues to the same prediction pro-
cedure as the loop residues. We optimize side chain angles using the Dunbrack rotamer
library4. Energies are calculated with the ECEPP/3 force field5. After the side chain opti-
mization the entire structure is subjected to an energy minimization with NPSOL6.

Clustering methods have been used before to identify groupsof conformers that are
likely to be similar to each other and, ultimately,likely to be similar the native structure1.
In contrast, our clustering approach identifies conformersthat are likelynot to be similar to
the unknown native structure, and discards those structures. As a result the overall quality
of the ensemble is improved, and any strategy for picking outthe best conformer in the
remaining ensemble is more likely to identify a conformer that is close to native. The
clustering method used here is based on the observation thatcluster size and rmsd to the
native structure are correlated1.

3 Results

We applied our method to3215 loops extracted from the PdbSelect25 set of proteins and
to a set of 65 loops from the CASP6 targets1. Due to space restrictions, we can only report
a fraction of our results1.

Table 1 assesses the quality of the conformers generated by dihedral angle sampling.
These results are obtained by determining the minimum rmsd to native for all conform-
ers generated by dihedral angle sampling, and subsequentlyaveraging over the minimum
rmsds of all ensembles of loops of a given length. From the data in table 1 we infer that
dihedral angle sampling does not restrict the prediction accuracy1.

Figure 1 summarizes some of our prediction results1. Results labeledaverage rmsds
by energyare determined by identifying the lowest energy conformer in each ensemble,
recording its rmsd to native, and subsequently averaging over the rmsds for all ensembles
of loops of a given length. The average rmsds by colony energyare determined corre-
spondingly, where the candidate conformer in each ensembleis picked by identifying the
lowest colony energy7. The remaining data shown in Figure 1 is obtained by applyingour
clustering algorithm1.

From Figure 1 it is evident that the conformer that generatesthe largest cluster after
any clustering stepk = 0, 1, 2 is on average a better prediction for the native structure than
the lowest energy or lowest colony energy conformer. Cluster size is therefore a better
criterion for the identification of good conformers than energy or colony energy. Moreover,
the largest cluster conformer found after stepk + 1 of the clustering algorithm is as good
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as, or better than, the largest cluster conformer found in stepk. In this sense, repeatedly
applying the clustering algorithm improves the largest cluster conformer on average.

For the large set of loops we investigated, the rmsd predicted by cluster size after
iterative clustering, averaged over the ensembles of all loops of the same length, is a linear
function of loop length. This indicates that the predictionquality is currently not limited
by the dihedral angle sampling, but by the strategy for selecting a conformer that is likely
to be close to native1. This holds also for the results for the CASP6 targets1.

4 Summary and Outlook

We briefly summarized results obtained with a new methodology that allows structure pre-
diction of loops with flexible stem residues. The proposed methodology was applied to a
large test set, allowing meaningful results of methods to select conformers from ensem-
bles that are close to the native structure. We compared several selection criteria, namely
ECEPP/35 energy, colony energy7, and cluster size before and after application of a new
clustering algorithm1. The comparison shows that that energy is approximately as good
as colony energy, cluster size before applying our clustering approach is on average better
than both energy and colony energy, and cluster size after applying our clustering approach
is the best criterion.

The loop prediction method developed here is ultimately going to be used in an existing
ab initio protein prediction approach8.In this context, the loop prediction method must not
assume information on the surrounding protein to be given, but loops and the remaining
parts of the structure must be predicted simultaneously.
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Considering the replica-exchange simulation of protein inexplicit water to be a two-
Hamiltonian system with one Hamiltonian for conformational sampling in molecular dynamics
simulation and another for controlling the exchanges between difference temperature replicas
in Monte Carlo jumps, we introduce an approximation on the latter Hamiltonian using a con-
tinuum solvent model, surface-generalized Born model. Such replica exchange simulation with
hybrid Hamiltonians method is applied to fold the C-terminus (residue 41-56) of protein G from
extended structures. Promising results show that not only the total number of replica needed is
largely reduced but also the folding efficiency is greatly enhanced. Combined with recently in-
vented dihedral principle component analysis a general framework forab initio folding a small
protein merely from sequence knowledge is emerging.

PACS numbers: 87.15.Cc, 87.15.Aa

Predicting protein structure solely from its amino acid sequence has long been a great
challenge in modern molecular biology1, 2. Although remarkable progress was made
recently by Baker and his collaborators3, 4, the problem remains unsolved. Recent studies
on peptides5, 6 by molecular dynamics simulation tools using explicit water model, aided
by advanced sampling strategies, such as replica exchange molecular dynamics (REMD)
method7, show a prospective way towards solving the folding puzzle.However when
REMD is applied to larger protein system a huge computation facility will be needed
because the number of replicas needed increases simultaneously with the increase of the
degrees of freedom of the system8. Endeavors to overcome the shortage of REMD have
been undertook by several groups8–12.

The Hamiltonian of a protein solvated in an aqueous environment can be written as
Hsys = Hp + Hpw + Hw, wherep, pw andw denote protein-protein, protein-water
and water-water interactions respectively. In standard REMD scheme, replicas are
propagating independently at certain temperatures with Monte Carlo (MC) exchange at
certain intervals. The MC exchange corresponds to the Metropolis criterion following the
detailed balance condition:pi↔j = min

(

1, e∆β∆E
)

, where∆β = βj − βi, β = 1
kBT ,

∆E = E (χj − χi) andχi, χi are the configurations of the neighboring replicas. The total
energy,E (χ), should be the same as the system Hamiltonian and can also be decomposed
into three terms:E (χ) = Ep + Epw + Ew as well. In explicit water REMD simulation
many water molecules are employed to solvate well the unfolded protein. This makes the
total energy,E, and its differenceds between neighbours,∆E, huge. In order to get a
reasonable high exchange probability between the neighboring temperature ladders,pi↔j ,
the temperature jumps,∆β, should be small. Therefore a large number of replicas are
needed to cover a broad temperature range, which from300K to 600K. Realizing that

119



the water-water interaction makes the largest contribution to the total energy a possible
workaround could be that decouple the water-water interaction from the thermal baths
and make the∆E small though the total energyE nearly unchanged. Recent works done
by Berne group9 and Simmerling group11 were pursued in this direction using different
strategies. However such decoupling not only causes unphysical Hamiltonian on most
replicas in MD simulation, the resulting hot protein and cold water effect would also
hinder the conformation sampling efficiency at high temperatures.

This letter presents an improved solution to this problem. The standard REMD method
can be thought as a hybrid method of MD and MC simulation. The Hamiltonians for
both MD and MC should be the same for the sake of consistency. However if one checks
the roles of both Hamiltonians in details, such consistencyis found to be not a necessity.
The full system Hamiltonian,Hsys, is necessary for MD simulations to correctly sample
conformational space. While for MC steps we find it is not necessary to use the same
Hamiltonian,Hsys. In Hsys the water-water interaction is dominant but is not directly
related to the protein folding. The key of the MC steps in REMDis to help protein jump
out of its local minima. Evidently the REMD could be more efficient in folding protein
if the Hamiltonian for MC steps represents the energies of the protein more directly. In
light of that we introduce an approximation to the Hamiltonian for MC steps. Instead
of using theHsysas in the MD steps a second Hamiltonian with the same energiesfor
protein-protein interaction but protein-water and water-water interactions approximated
by a continuum solvent model, surface-generalized Born model (GBSA)13 is used in MC
steps. In this way the dominate water-water interaction is averaged out and therefore a
small∆E is obtained. At current moment the implicit water model or continuum solvent
model, although very computationally efficient, was found not to be able to fold peptide
correctly14. Our method is a complement for such deficiency in the GBSA model.

We call this new version of REMD as REMD with hybrid Hamiltonians (REMDhH).
Hybrid Hamiltonians costs the violation of detailed balance of the whole system to some
degree. Considering the interested temperature range for REMD is from 300K to 600K
the water behaves well as a liquid (in constant volume REMD) and should be quickly
relaxed to its equilibrium state when the system jumps to a new temperature.

Here REMDhH is applied to fold the C terminus (residue 41-56)of protein G, a 16
amino acids peptide which was found to be able to fold into a beta-hairpin in vitro15.
The GROMACS program suite16 and the full atomic OPLS-AA force field17 are used.
The peptide is capped with the normal ACE and NME groups with 256 atoms in total.
It is solvated by 5469 water molecules plus three K+ ions to neutralize the charged
molecular system. The whole system consists of 16666 atoms in a cubic simulation box
of 5.3 nm length. Sixteen replicas are used whose temperatures are 300.0, 317.2, 335.4,
354.6, 374.9, 396.4, 419.1, 443.1, 468.5, 495.4, 523.8, 553.8, 585.5, 619.1, 654.5 and
692.1 Kelvin. While 64 replicas had been used for the same peptide with less water
molecules (1361) studied by standard REMD5. The GBSA energies are calculated using
Tinker program18. The interface between GROMACS and Tinker is built by modifying
GROMACS source code. A twin-range cutoff of 0.9/1.4 nm is used for the non-bonded
interactions and a reaction-field correction with permittivity is employed. The integration
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Figure 1. (a), (b) and (c) are the three folded replica trajectories of RMSD from NMR structure, (d), (e) and (f)
are the trajectories of temperature jumps of the related replicas, respectively.

step in all simulations is 0.002 ps. Non-bonded pair lists are updated every 10 integration
steps. The system is coupled to an external heat bath with a relaxation time of 0.1 ps.
All bonds including hydrogen atoms are constrained in length. Each replica is run for 98
ns with replica exchange attempted every 2 ps. The final acceptance ration for replica
exchanges is found to be 35%-43%.

To test the validity of the method the initial configurationsof peptide are extended
structures, which means only the information of amino acidssequence is supplied. Three
folding events are found during the simulation. Figure 1a, 1b and 1c show the trajectories
of root mean squared deviations (RMSD) from the NMR structure19 calculated with
all atoms. The fastest folding happens in replica 9 (Figure 1b) around simulation time
of 18 ns. The following folding events happen in replica 4 and15 (Figure 1a and 1c)
around simulation time of 60 ns. All the folded structures maintain stable until the end
of simulations. Here we denote a structure as folded when itsRMSD drops below 4A.
A more detailed analysis is given below. The folding processes revealed by REMD are a
process of annealing and relaxation. The temperature trajectories (Figure 1d, 1e and 1f) of
the three folded replicas indicate this view clearly. Accompanying with the decrease of
RMSDs the temperatures are cooling down.

In order to find the quantitative reasons why the employed REMDhH method is
superior to the standard REMD, the correlation between RMSDs and the total energy
of the system with explicit water molecules, and the correlation between RMSDs and
the GBSA energies are calculated and displayed in Figure 2a and 2b respectively. It is
clearly shown that the correlation between the RMSDs and thetotal energies used by
regular REMD is poor. Its correlation coefficient is 0.01. While the correlation between
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Figure 2. (a) Correlations of the total energies, includingprotein-protein, protein-water, and water-water inter-
actions, with RMSD from NMR structure. The correlation coefficient is 0.01. (b) Correlations of the GBSA
energies with RMSD. The correlation coefficient is 0.3. The white lines are the linear regression results.

the RMSDs and the energies from the GBSA model is much stronger whose correlation
coefficient is 0.3. As mentioned earlier the folding processin REMD method could
be regarged as an annealing process. To perform such annealing efficiently two factors
for the MC steps must be considered. First the lower energy conformations could be
identified in the high temperature conformational ensemble. Secondly these lower energy
conformations have to be quickly annealed to the lower temperature simulations. The first
factor requires that the energies for MC steps should interrogate the protein conformation
directly. Otherwise the lower energy conformations would not easily be identified.
The second factor claims that the fewer temperature laddersthe quicker the annealing
process which implies that the number of replicas in REMD should be minimized. The
implementation of the current REMDhH could make both requirements satisfactory. If the
REMD efficiency is approximated to be linearly correlated with the correlation coefficient
of RSMD/energy for MC steps the speedup of folding by REMDhH compared with that
of standard REMD is a factor of 30 for this system.

In protein structure prediction usually the folded structure is unknown. The RMSDs
from the native structure and the fraction of native contacts which are commonly used
as folding reaction coordinates are not available in such situations. In order to identify
the global minimum new suitable reaction coordinates are desirable. We find that the
recently invented dihedral principal component analysis (dPCA) method works20 fine
here. Figure 3 reveals the folding free energy curve for thisbeta-hairpin peptide obtained
by projecting conformational ensemble ofT = 300K onto the first eigenvector of dPCA
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Figure 3. Folding free energy curve of the GB1 hairpin peptide obtained by projection onto the eigenvector of
largest eigenvalue using dihedral PCA method. Inset (a) shows the first 10 largest eigenvalues of dPCA result.
Inset (b) shows the distribution of RMSD of ensemble atT = 300K (solid line) and the distribution of RMSD
of the ensemble within the global minimum using such criteria P1 > 0.7 (dashed line).

whose eigenvalue is shown to be much larger than other eigenvalues in inset (a). The free
energy curve is funnel-like and it is easy to identify the global minimum which is located
aroundP1 = 1.2. HereP1 is the projection value on the first eigenvector. To check
whether this global minimum is related to the native state the distribution of RMSDs
from this ensemble is plotted in Figure 3 inset (b) by the dashed line. For comparison
the distribution of RMSDs for all the structures obtained at300K is shown by the solid
line. Evidently the structures from the global minimum are native-like with average
RMSD = 3.5A. AndP1 is a better reaction coordinate than RMSD in the sense that the
former can distinguish folded states from unfolded ones more clearly.

In summary a new version of REMD method is suggested. By decomposing REMD
into two steps, one is MD step and the other is MC step, different Hamiltonians can be
applied to them. In MD step the full Hamiltonian with all protein-protein, water-water,
water-protein interactions included guarantees that the conformations of protein are
sampled correctly. In MC step, however, only the protein-protein interaction is explicitly
considered, the water-water and water-protein interactions are approximated by a contin-
uum GBSA model. Such a hybrid Hamiltonian scheme reduces thenumber of replica
greatly and meanwhile increases the folding efficiency by more than a factor of 10. On
the other hand, dPCA analysis makes the global minimum easily identified if protein is
folded in simulation. Combining REMDhH with dPCA a genenal framework for ab initio
protein structure prediction is emerging. Together with the available of accurate force
fields and powerful computational facility the era of solving protein folding by brute force
MD simulations will be coming soon21.
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Facilitated translocation of molecules through channels and pores is of fundamental importance
for transmembrane transport in biological systems. Several such systems have specific binding
sites inside the channel, but a clear understanding of how the interaction between channel and
molecules affects the flow is still missing. We present a generic analytical treatment of the
problem that relates molecular flow to the first passage time across and the number of particles
inside the channel. Both quantities depend in different ways on the channel properties. For
the idealized case of non-interacting molecules we find an increased flow whenever there is a
binding site in the channel, despite an increased first passage time. In the more realistic case
that molecules may block the channel, we find an increase of flow only up to a certain threshold
value of the binding strength and a dependence on the sign of the concentration gradient,i.e.
asymmetric transport. In all cases the reason for transportfacilitation is an increased occupation
probability of a particle inside the channel that overcomesany increase in the first passage time
due to binding.

1 Introduction

Diffusion of molecules through channels and pores of an otherwise impermeable mem-
brane is an important issue in biological transport at the cellular level1, 2. In recent years
it has been noted that there are several cases where the molecules transported interact
strongly with regions inside the channel3–7, apparently leading to an increase in transmem-
brane transport.

From an intuitive point of view, it is not clear at all why a strong interaction with the
channel should facilitate transport. Indeed, one would expect that a strong binding is as-
sociated with a longer residence time inside the channel which reduces flow. Furthermore,
molecules bound temporarily inside the channel may hamper transport of other molecules,
especially when they are large5, and block the channel. So, why do traps and/or reaction
sites within the channel facilitate molecular flow? These questions have to be addressed
in the generic biological setting of a macroscopic concentration gradient across the mem-
brane, see Fig. 1. An appropriate quantitative descriptionshould give the flow for a given
concentration difference depending on the potential and other parameters describing the
molecule-channel interaction. Physical insight can be gained if the flow can be related to
other global properties of the system in question.

2 Theory

The dynamics of the density of the molecules inside the channel,ρ(x, t), is determined by
the Smoluchowski equation8,

∂tρ(x, t) = D∂x [∂x − F (x)] ρ(x, t) , (1)
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Figure 1. (left) Basic biological situation: A membrane separates two baths with molecular concentrationsc1
andc2. The baths are connected by channels (hatched rectangles) allowing only access of a single molecule.
(right) Rectangular (box-like) shaped attractive potential of molecule-channel interaction.w is the relative width
of the potential well,|Φ0| is its depth. The relative shift of the well from its symmetric position is denoted byκ.

wherex is the channel coordinate andD is the diffusion coefficient.F (x) is the force
describing the molecule-channel interaction that can always be derived from a potential
function in one dimension,F (x) = −Φ′(x). At the ends of the channel we assume that
baths hold the molecular densities constant atρ(0, t) ≡ c1 andρ(L, t) ≡ c2, respectively,
as seen in Fig. 1.

Extending an old approach by Hardt9 we have shown recently10 that in this as well as in
more general situations the flowJ of non-interacting particles across some region is given
by a macroscopic version of Fick’s law

J =
n

τ
(c1 − c2) (2)

whereτ is the mean first passage time (MFPT) to cross the region8 andn is a measure of
the stationary state particle number in that region.

3 Results

The interplay between specific particle number and first passage time is illustrated by the
rectangular potential well of depthΦ0 sketched in Fig. 1 (right).

3.1 Non-Interacting Particles

Using the channel average〈.〉 = L−1
∫ L

0
dx we obtain the results11

τ =
L2

2D
〈eΦ〉〈e−Φ〉 , n =

L

2
〈e−Φ〉 (3)

for MFPT and specific particle number, respectively. These results have important conse-
quences for any form of the channel potential. Using the Cauchy-Schwarz inequality in
the form〈f〉〈g〉 ≥ 〈√fg〉2 on Eq. (3), we immediately see thatany form of in-channel
interaction that is non-constant leads to an increase in theMFPT,τ ≥ L2/2D, and by this
hampers particle flow. The physical reason is that potentialbarriers as well as potential
wells have walls, and the particles have to get over these walls irrespective of whether they
belong to wells or barriers. That is reflected also in the invariance ofτ upon changing
barriers to wells and vice versa by settingΦ(x) → −Φ(x). On the other hand, the specific
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particle number increases only for predominantly attractive potentials,i.e. if the potential
wells overcome the effects of barriers in Eq. (3). Both effects conspire to give the total
flow as

J =
D

L
〈eΦ〉−1 (c1 − c2) (4)

So, for fully attractive potentials,i.e. Φ(x) ≤ 0, we always find an increase of the flow
when compared toΦ(x) = 0.

3.2 Blocking the Channel

The approach presented above can be readily extended to describe the effect of molecules
that block the channel. As an extreme case we assume in the following that only a single
molecule can occupy the channel, which is realistic in many cases. Before, the quantity
ρ(x, t) was the density of molecules in the channel at positionx. We now interpretρ(x, t)
as theprobability densitythat a channel contains a particle atx. It is obvious that this
density follows the same dynamics as described above in Eq. (1). However, the state
variablex does not completely describe all states, but the empty channel has to be added
as an additional state. This additional empty channel stateleads to acyclic state model
described in more detail in Ref.11.

Figure 2 (left) shows the relative increase of the flow,J/J0, for a particular set of
parameters of a symmetric channel potential. Increase and subsequent decrease of the flow
with increasing binding strength (negativeΦ0) can be seen clearly.
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Φ0 > 0 denotes a barrier andΦ0 < 0 is an attractive potential,i.e. a potential well. Unidirectional flow is
considered,i.e. c2 is set to zero, and the concentrationc1 is varied. The limiting cases of vanishing and very
high concentration are also considered (dotted lines). Note that for the latter, flow is proportional the inverse first
passage timeτ . (right) Dependence of flowJasym on the position of the binding site,κ, see Fig. 1 (right). Jsym

is the flow for the symmetric potential (κ = 0). The parameters used areLc1 = 0.1, c2 = 0, andw = 1/2 ,
i.e. κ can vary from−1/4 to 1/4. The flow increases when the binding site moves from thecis to thetrans
position with respect to the larger concentration.

The typical behavior of asymmetric transport through the channel,i.e. κ 6= 0, is illus-
trated in Fig. 2 (right) for a particular set of parameters. We see that flow is decreased if
the binding site is close to the larger concentration, whilethe flow is increased otherwise.
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Intuitively, flow increase due to the binding site being in the transposition,i.e. away from
the higher concentration, can be viewed as the binding site ”pulling” the molecules across
the channel. Since in the blocking situation only one molecule is in the channel, exiting to
the lower concentration side is faster than diffusing all the way back.

Note that this behavior is a major difference from the idealized case of non-interacting
particles, where asymmetry did not matter for the transport. Interestingly, such a direc-
tional behavior has been observed most recently in the channel protein OmpF7.

4 Concluding Remarks

We presented an analytical approach to describe molecular transport through a membrane
channel in the biological setting of a macroscopic concentration gradient across the mem-
brane as depicted in Fig. 1. The goal was, in particular, to understand whether and how
binding sites in a channel can facilitate transport, to understand the effect of channel block-
ing, and to explore asymmetric transport.

Transport facilitation could be explained by the fact that increased occupation probabil-
ity inside a channel outweighs any slowing down of channel crossing. Previous approaches
to describe asymmetric transport used theflashing ratchetparadigm12. That approach,
however, depends on non-equlibrium fluctuations13, while the only non-equilibrium aspect
of the biological situation in Fig. 1 is the concentration gradient. What came as a sur-
prise to us is that already at this level we were able to also explain asymmetric transport
as a side effect of channel blocking. This is of particular importance in the light of recent
experimental findings7.
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The successful modelling of metabolic and signalling pathways in systems biology requires a
detailed and consistent set of enzymatic kinetic parameters. Sometimes, these parameters are
not available from the literature or were obtained under different experimental conditions. In
many cases, the enzymes’ activities are related to the molecular interaction field of the enzyme.
PIPSA (Protein Interaction Property Similarity Analysis)is a method that enables the compari-
son of molecular interaction fields (for example the electrostatic potential) to classify proteins.
Results obtained using the quantitative PIPSA (qPIPSA) method to derive estimates of missing
enzymatic data are presented for a number of proteins involved in glycolysis.

1 Introduction

In systems biology, one aims at an understanding of biochemical processes in the context
of a cell or organ. One approach to this goal is the mathematical modelling of protein
networks by a set of coupled differential equations describing the variations of metabolite
concentrations over time. Enzymatic kinetic parameters such as substrate binding affini-
ties, catalytic turnover and initial metabolite concentrations are required when setting up
a kinetic model for a signalling or metabolomic network. Despite recent achievements in
large scale proteomics, many of the enzyme kinetic data havenot been determined or are
available only for a different organism or under different environmental conditions, see for
example refernce1.

The derivation of quantitative structure-function relationships for the enzyme is one of
the challenges of modern enzymology. Structure-based systems biology provides insight
into complex enzymatic reactions at a molecular level. We here present quantitative Protein
Interaction Property Analysis (qPIPSA) which relates electrostatic potentials of enzymes
to their kinetic constants.

2 The Quantitative PIPSA Method

The PIPSA method has been described in detail in references2, 3. The molecular interaction
fields of two proteins are compared in a skin region around theprotein surface (see Figure
1).

PIPSA relies on protein structures and therefore a semi-automated procedure was set
up to derive protein structural models by homology modelling when the structures have not
been determined experimentally. For PIPSA, an experimentally well-characterized training
set of enzymes is required. The retrieval of amino acid sequences, experimental enzymatic
kinetic data from related organisms and the choice of an appropiate template structure is
followed by multiple sequence alignment and comparative protein structure modelling.
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Figure 1. Schematic description of the PIPSA method. The molecular interaction fields of two proteins on a
three-dimensional cubic grid are compared in a skin region.The similarity of the molecular interaction fields of
the two proteins is calculated using the Hodgkin similarityindex.

PIPSA can be applied to individual families of enzymes to generate kinetic parameters
that are required for systems biology simulations or to a larger number of enzymes to derive
a functional classification of enzymes.

3 Application to Glycolytic Enzymes

3.1 Glucokinases

Glucokinases catalyze the first step in glycolysis, namely the phosphorylation of glucose
at the 6 position to yield glucose-6-phosphate. The substrate binding affinity (as given by
Km values) between enzymes from mammals, likeHomo sapiensandRattus norvegicus,
and non-mammalian enzymes, from e.gSaccharomyces cerevisiae, differ by several orders
of magnitude although this is not mirrored in the variation of amino acid sequences. When
the electrostatic potentials of a set of 8 experimentally characterized glucokinases from
various organisms are compared, large variations can be detected. The analysis of the
open (apo) form of the enzyme gives the best correlation withexperimental Km values,
indicating that it is the open form of the enzyme not the closed form that is determining
the substrate binding kinetics.

3.2 Triose Phosphate Isomerases

The electrostatic potentials of a series of twelve experimentally characterized organisms
were analyzed4. This set was used to derive a correlation between the logarithm of kcat/Km
values and the differences in electrostatic potentials. This correlation can be used to predict
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the kinetic parameters of other enzymes. The correlation between predicted and experi-
mental kcat/Km values indicated experimental outliers from rabbit andGiardia lambdia.
In addition, patches of amino acid residues on the protein surface could be identified that
are functionally important for substrate binding and catalyis, respectively.

3.3 The Full Glycolytic Pathway

The classical glycolysis consists of a series of ten chemical reactions to physiologically
make use of the chemical energy stored in glucose molecules.The PIPSA method has
been applied to the series of ten enzymes of the Emden-Meyerhof pathway and compared
across a set of eleven organisms for which sequence information was available and for
which sufficient sequence and structural homology was present in all ten enzymes of the
pathway. This comparative metabolic pathway analysis shows that the interaction fields
around the active sites are rather conserved across these organisms despite some amino acid
sequence variation. The largest deviation from human enzymes is observed for glycolytic
enzymes from the plants rice andArabidopsis.

4 Concluding Remarks

Protein structure-based molecular systems biology provides insight into physiological pro-
cesses at a very detailed level. This insight is complementary to the more abstract math-
ematical modelling and allows the functional classification of individual enzymes or the
comparison of full pathways across various organisms. The generation of enzymatic pa-
rameters from protein structural modelling aids the construction and interpretation of ki-
netic models of networks of proteins for which not all of the critical parameters have been
determined experimentally.
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Compstatin is a cyclic, 13-residue peptide, which binds to the protein C3 and inhibits the activa-
tion of the complement system. To obtain a better understanding of the structural properties of
the free peptide and the relation between sequence, structure and activity, we conduct multi-ns
explicit-water simulations of three related systems. i) A native analogue of compstatin that is
acetylated at the N-terminal end (NAT), ii) the inactive single mutant Q5G (G5), and iii) the
more active double mutant V4W/H9A (W4A9). In the simulations the 5–8 region adopts aβ-
turn conformation with high probability, in agreement withearlier NMR studies. The propensity
of this turn is not correlated with the activity of the three analogues. The rest of the molecules
are mostly in a random-coil state, withβ-turns occasionally formed outside the region 5–8.

1 Introduction

The complement system constitutes the initial defense against foreign pathogens1. The
development of drugs controlling complement activation isof significant medical interest,
as it could treat a number of pathological conditions, including rheumatoid arthritis and
rejection of xenotransplantation2. A candidate against the unregulated activation of the
complement system is the cyclic peptide compstatin, which has the sequence Ile1-Cys2-
Val3-Val4-Gln5-Asp6-Trp7-Gly8 -His9-His10-Arg11-Cys12-Thr13-NH2 and contains the
disulfide bridge Cys2–Cys12 (see fig. 1, left panel). EarlierNMR studies of the free pep-
tide showed that the segment 5–8 adopts a predominantly type-I β-turn conformation in
solution, whereas the rest of the molecule is highly flexible3. Additional systematic muta-
tional studies determined that the two cysteines 2 and 12, Val3 and the residues 5–8 of the
β-turn are critical for activity, but the turn itself is not sufficient for activity. In contrast,
residues Val4, His9, His10 and Arg11 are not required for activity 4, 5.

Apart from the formation of the 5–8β-turn, the information from the NMR spectra
on intramolecular interactions is limited, due to extensive conformational averaging. To
gain insight on these interactions, we conduct multi-ns molecular dynamics simulations of
a native analogue (NAT) (acetylated at the N-terminal end and more active by a factor of
three), the single inactive mutant Q5G (G5)3, and the double mutant V4W/H9A (W4A9),
which has a 45-fold higher activity than the native compound4, 5.

2 Methods

The simulation methodology has been described in detail in ref.6. Briefly, the total system
consisted of one peptide and 7921 water molecules (23975 atoms in the case of NAT).
The interatomic interactions were taken from the CHARMM22 all-atom force field7 and
the water was represented by a modified TIP3P model8. All simulations employed cubic
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Figure 1. Left: Typical simulation structure of NAT.Right: Average residue secondary-structure population.
The continuous, dotted and long-dashed lines correspond, respectively, to G5, NAT and W4A9.

boundary conditions and were performed with the program CHARMM9, version c31b2.
For NAT, W4A9 and G5 we conducted, respectively, 22, 16 and 11independent 2-ns sim-
ulations, starting from several different NMR structures (entry 1A1P3).

3 Results

To determine the average secondary structure of the three systems, we analyzed snapshots
extracted at 5-ps intervals with the algorithm STRIDE10. The left panel of fig. 1 shows
a representative simulation structure of the NAT analogue.The most important observed
secondary structural elements correspond to random coil (C), β-turn (T),β-bridge (B) and
β-sheet (E). The right panel of fig. 1 shows the corresponding average populations.

In all three analogues the region 5–8 folds into aβ-turn with probability 85% (G5) to
70% (W4A9). The highest turn population corresponds to the inactive peptide (G5) and
the lowest to the more active double mutant W4A9. Thus, the 5–8 turn propensity is not
proportional to the peptide activity and its formation is not sufficient for activity, as shown
by G5. A similar observation has been made with the inactive mutant V3A, which also
has a high 5–8 turn propensity4. The probability of type I/III turns (familyαR-αR

12) is
36.6%–33.5% for NAT, in good agreement with the NMR estimate. In G5 and W4A9 the
probability is, respectively, higher and smaller than NAT6.

There is a small to moderate probability for the occurence ofturns elsewhere in the
sequence. The most important of these is formed by the segment 6–9 in analogue W4A9,
and is usually fused with the turn 5–8. Additionalβ-turns do occur in segments 1–4, 2–5,
8–11 and 9–12, but with significantly lower probability6. The N-terminal (1–4) and C-
terminal (9–13) regions are largely unstructured. This is in agreement with the observed
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conformational averaging in the NMR spectra, which has demonstrated that the region
outside 5–8 is highly flexible.

Earlier MD simulations with a generalized Born approximation for the solvent11 and
a polar hydrogen energy function9 suggested the frequent formation ofβ-hairpin andα-
helical motifs12. In the current simulations, the 3–9 region of NAT forms aβ-hairpin with
a ≈ 5% probability (fig. 1). In the other two analogues, the corresponding probability
is 1.7% (W4A9) and 1.5% (G5). The inactive (G5) analogue forms the two main chain
hydrogen bonds Val3(O)-His10(N) and Gln5(N)-Gly8(O), creating an isolated bridge be-
tween residues 4 and 9 (fig. 1). We conducted test simulationsof the NAT system with the
same GB energy function9, 11, 12, in which the peptide formedβ-hairpin andα-helical ele-
ments lasting for tens of ns (not shown). Such discrepanciesbetween explicit and implicit
solvent treatments have been observed with various GB implementations13, 14, possibly due
to overstimation of the intramolecular interactions by GB.At the same time, the current
explicit solvent simulations could underestimate somewhat the formation ofβ-hairpin and
α-helical elements (despite their success in reproducing the NMR 5-8β-turn population),
due to the finite length of the simulations and force-field inaccuracies.

In conclusion, our simulations suggest that the free peptides are flexible, with a
propensity for a 5–8β-turn which is not proportional to activity and is highest for the
inactive peptide (G5). The remainder of the molecule is predominantly in a random coil
state, with additionalβ-turns occasionally observed outside the region 5–8.
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Cell morphology in contact with external media is dictated by the cell’s interactions with the
external media. One component that influences morphology isthe thermodynamic aspect of
cell spreading, which can be seen as analogous to wetting in athree-phase equilibrium. Results
of classical density functional theory within the mean fieldapproximation for a binary fluid
are summarized to motivate simple changes to the model through the effective mass coefficient.
We find that by altering the effective interactions we can alter the stable morphology, increasing
contact by increasing component similarity. Thus we are able to propose a systematic approach
to modeling cell spreading from simple mean field results.

1 Background

The spreading of a cell on a surface, though complex, is driven primarily by two com-
ponents. One is a mechanical force from actin filament formation. The other is a more
thermodynamic driving force, associated with balancing surface interactions, that allows
analogy to simple wetting phenomena. This influence is visible in cell-cell contacts, such
as found in tissues, and is of particular importance in biomedical applications1, where pat-
terned substrates are often employed in the design of biomimetic materials2. The rate and
extent of adsorption depends on the surface film’s composition3, 4, which is exploited in
micro-patterning applications5.

To develop the thermodynamic basis for cellular spreading from a line of three-phase
contact, the cell-substrate-surround system can be envisioned as a constrained three-phase
equilibrium, where there are two true phases and a third (thecell) which mimics one.
Viewed in such a manner, there is readily conceivable an analog to the line tension which
behaves characteristically in the spreading process, as isthe case for a drop on a surface.

There are three general morphologies available to a drop in contact with an interface,
shown in Figure 1. These are determined by the balance of interactions between the phases
and characterized by a contact angle determined directly via Young’s Law6. The drop
can “bead” (Fig. 1(a)) or spread only minimally (non-wetting), as the system attempts
to minimize the unfavorable interactions between the phases. Alternatively, it can spread
unrestrictedly across the surface and wet it completely (Fig. 1(c)). Between these two
regimes there is an intermediate state, in which the drop only partially wets the surface (Fig.
1(b)). In these instances, there is a line of three-phase contact along the drop boundary.
Immediately before complete wetting, there is another possibility, that of pre-wetting (Fig.
1(d)), in which a layer of finite thickness first coats the interface before a discontinuous
transition to infinite thickness occurs. Because the extentof cellular spreading is bounded
by the cell membrane, it is to this final possibility that comparisons are most natural.

‡current address: Department of Chemistry, Northwestern University, Evanston, IL 60208
§The author also holds a visiting appointment at the James Franck Institute, University of Chicago, Chicago,
Illinois 60637, USA.
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Figure 1. Wetting states possible for a drop on a surface:(a) non-wetting;(b) partial wetting;(c) complete
wetting;(d) pre-wetting.

2 Simple Fluid wetting in a binary system

A binary three-phase system consists of two components (i = 1, 2) in three phases
(α, β, γ), all of which are in equilibrium with each other, as shown inFigure 2, and is
described by a free energy functional dependent upon the spatial component densities,
F [ρ1, ρ2]. At the intersection of the three two-phase boundaries (I = αβ, βγ, αγ), there is
a line where all three phases are in contact. About this boundary there is a two-dimensional
region of inhomogeneities which gives rise to an excess concentration along the line of
three-phase contact. This results in an excess contribution to the free energy, yielding the
line tension.

A commonly assumed model free energy density,Ψ, accounts for the variation of the
densities in the region of the phase interfaces to second order:

Ψ = F [ρ1, ρ2] +
1

2

∑

i,j

mij∇ρi · ∇ρj , (1)

wheremij is a constant mass interaction term. The surface tension,σI , is determined
by integrating this excess across the interface. The overall excess free energy is found
similarly, and the surface excesses subtracted to yield theline tension:

τ = min
ρ

[

∫

A

Ψ[ρ1, ρ2]da−
∑

I

(σIRI)

]

=

∫

A

(Ψ[ρ1, ρ2] − 2F [ρ1, ρ2]) da. (2)

The latter form of the line tension, due to Kerins and Boiteux7, converges to the preceding
variational form. Solving the Euler-Lagrange equations subject to the bulk conditions is
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Figure 2. Model system for a drop of phaseβ at the interface between phasesα andγ. (a): Top view of the drop
showing the three-phase contact (dashed line);(b): Side view of the drop on the interface;(c): Region normal to
the line of three-phase contact, showing the bulk componentdensities in each of the phases.
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Figure 3. Results of solving the model binary system. (a) Line tension approaching wetting; (b) Response of the
contact regions approaching the transition, relative to theb =

√
3 values. Used by permission from Ref.9.

equivalent to minimizing the the free energy per unit area and yields the equilibrium density
profiles without restricting them to a particular form.

The model system studied previously by Taylor and Widom8, 9 is shown in Figure 2(c).
It is described by a model free energy functional,F [ρ1, ρ2; b]

10, which depends upon the
relative component densities and a parameter (b, the bulk density of one of the components)
which can be varied to induce a wetting transition, andmij = δij .

The line tension and contact region in this model exhibit an interesting behavior ap-
proaching the wetting transition, both changing qualitatively at the same point. In the line
tension, shown in Figure 3(a), the slope changes near20◦. A shift between clearly different
structures occurs in the that region (b2 ∼ 0.3, θβ ∼ 20◦), resulting in an average behavior
which satisfies the mean field prediction. The spatial extentof the inhomogeneous region
of the phase contact (measured by the correlation lengthξ), Figure 3(b), supports this,
exhibiting a distinct plateau in the growth rate of the contact area at the same region.

Thus in even a so simple model there is non-uniformity, and itis this observation which
motivates our current work, as it facilitates extension to systems where such behavior is
involved. Such an approach allows the model to be applied to more complex systems by
incorporating simple modifications.

3 Extending the model

The simple picture above is modified by altering the balance of the components within
the square-gradient approximation, by scaling the off-diagonal values of the effective mass
interaction parameter,mij . The rest of the model is as in the work of Taylor and Widom9.

A first test employs a value ofm12 = 0.75 and maintains the self-interaction constant
at unity. In this manner, the components are made to appear more similar, and the static
contact angle (b =

√
3,m12 = 0.75) is 114◦, showing a greater extent of spreading (b =√

3,m12 = 0 gives120◦). This suggests that the variable morphology can be described by
such a change in the simple model, although whether a wettingtransition can be induced
by such an external parameter is still undetermined.

From the phenomenological first steps, the mass interactioncoefficient must be related
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to physically-relevant values. The obvious way to do so is toestablish a reference state

chosen based on the problem, and relatemij to it, mij = 1 − |ǫ◦i −ǫ◦j |

ǫ◦i +ǫ◦j
. In addition, an

alternative form of the free energy functional itself is being constructed, with additional
components that more closely mimic the real system11.

4 Concluding Remarks

The use of a simple wetting model is not uncommon as an initialextension in studies of
cell spreading, and it is promising that altering the effective component interactions does
alter the morphology. The benefit of this model is that it is relatively tractable, while
maintaining many of the characteristics of the unmanageably complex real system, and
is readily extensible to higher levels of complexity (i.e. made more physical). It is thus
fruitful to consider the system on as simple a level as possible, and incorporate higher
levels of complexity systematically.

Within this classical wetting framework, a cell spreading on a surface can be repre-
sented as a set of three two-phase interfaces and simulations of slabs containing these in-
terfaces used to determine the interfacial tensions (from the pressure tensor). From these,
the analogues to the contact angle and line tension can be calculated via the spreading co-
efficient. Thus we may also carry out simple simulations thattest the added complexity in
the model and guide its development.
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1 Support Vector Machines

Support vector machines (SVMs) are well-known data mining methods for classification
and regression problems1. Their popularity is mainly due to their applicability in various
fields of data mining, such as text mining2, biomedical research3, and many more. Their
accuracy is excellent and in many cases they outperform other machine learning methods
such as neural networks. SVMs have their roots in the field of statistical learning which
provides the reliable generalization theory4. Several properties that make this learning
method successful are well-known, e.g. the kernel trick5 for nonlinear classification and
the sparse structure of the final classification function. Inaddition, SVMs have an intuitive
geometrical interpretation, and a global minimum can be located during the SVM training
phase. In comparison to genetic algorithms or neural networks, less experience is required
for using them, which helps researchers to get started with SVM software quite fast.

1-1 ?

Figure 1. The problem of unbalanced and cost-sensitive classification.

2 Cost-Sensitive Support Vector Machine

Data sets with different class distributions lead to the effect that conventional machine
learning methods are biased towards the larger class6, 7. To overcome this problem and
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to obtain sensitive but also accurate classifiers we extended and improved the standard
SVM formulation. In addition we use techniques addressing the problem of unbalanced
classification, such as oversampling and threshold moving8. In Fig. 1 an unbalanced toy
problem is shown. Recent results for a CYP P450 drug classification problem are given in
ref 9.

Parallel Support Vector Machine

The main drawback of current SVM models is their high computational complexity for
large data sets10. This can in fact restrict the applicability of SVMs since the amount
of data for classification modeling increases dramatically. Therefore the development of
highly scalable parallel SVM algorithms is a new important topic of current SVM research.
Some algorithms for parallel SVM learning already do exist,but most of them are limited to
heuristics for distributed training on reduced data sets11, 12. These are not useful as stand-
alone systems for high quality learning on large data. We have implemented a parallel
support vector machine software well suited for multi-processor shared memory (SMP)
clusters that become more and more available. Our algorithmcan be used in serial and
parallel mode. The parallel implementation provides pure MPI and OpenMP modes as
well as a hybrid mode which combines fine and coarse grained parallelization aspects to a
well scalable SVM learning method13. The fine grained inner parallel scheme is shown in
Fig. 2.

create new
working set

update active 
kernel matrix
for QP problem

gradient
update 

and parameters
training data 

classi!er
!nal

check
convergence

OpenMP

OpenMP

Parallel SVM Training

subproblem
solve new QP

ESSLSMP

Figure 2. Parallel training algorithm based on a decomposition method for SVM training.

Summary and Future Work

We obtained a flexible cost-sensitive parallel SVM softwarethat can be used on high-end
machines with SMP architectures to process the large data sets that arise more and more
in bioinformatics and other fields of research. Future work will be on enhanced parameter
tuning.
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Investigations of conformational changes is a prerequisite to understand a protein’s biological
function. To explore these conformational changes a strategy is developed combining molec-
ular dynamics (MD) simulations and electron paramagnetic resonance (EPR) spectroscopy of
spin labeled proteins. The reaction center (RC) ofRhodobacter sphaeroides, a photosynthetic
protein, is chosen as a model system to study the structure and dynamics that determine electron
transport function. Only in combination EPR experiments and MD simulations positively iden-
tify the spin label linker position as Cys156 on subunit H. The distance between the primary
acceptor (QA) and the bound spin label determined by EPR experiments and MD simulations
deviate by about 7% indicating that the conformations of RC in the crystallized and in the
solubilized states are slightly different.

1 Introduction

Proteins execute and control essentially all functions in living organisms by changing into
different conformational sub-states1. Understanding the underlying mechanisms involved
in these conformational transitions is one of the main challenges of biophysical research.
EPR spectroscopy is one of the few techniques available to study the structure and dynam-
ics of a protein under physiological conditions. To overcome experimental limitations and
to improve the analysis of the experimental results molecular dynamics simulations are
applied. In the present report, the combination of MD simulations with EPR spectroscopy
serves as a powerful tool to explore the conformation and conformational dynamics of the
reaction center (RC) protein ofRhodobacter sphaeroides, a protein involved in photosyn-
thesis. A cysteine specific spin probe, a so called methanethiosulfonate spin label which
contains an unpaired electron on its nitroxide group, is attached to RC (for a detailed re-
view on site-directed spin labeling see2). The EPR spectrum, which is sensitive to the spin
label reorientational dynamics, reports on the interaction of the spin label side chain with
the protein backbone or neighboring side chains, the conformational dynamics of the pro-
tein, and the rotational diffusion of the protein. Inter-residue distances can be determined
by analysis of the dipolar interaction of two unpaired electrons, e.g., a spin label and a
native radical center. MD simulations of the spin labeled RC, on the other hand, provide
trajectories of the spin label side chain dynamics from which EPR spectra are calculated3.

2 Methods and Materials

The photosynthetic RC is an integral membrane protein complex, that is composed of
three polypeptide subunits (L, M and H) and ten non covalently bounded cofactors4. This
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complex (Fig.1)with particular spatial configuration plays a central role in the process of
energy conversion. EPR experiments were performed on spin labeled RC. MD simulations
were performed to identify which of the native cysteines thespin label binds preferen-
tially. Simulation of EPR spectra based on MD trajectories allows a direct comparison of
experimental spectra with the simulated one. For a detailedreview on the method, see3.

Figure 1. Reaction centre of Rb. Sphaeroides with 5 native cysteines at positions 92, 108, 247 on subunit L and
at 156, 234 on subunit H. The spin label can only bind to one of these 5 cysteines.

3 Results and Discussion

3.1 Identification of the spin label linker position

Biochemical analysis and EPR experiments on the isolated LMcomplex shows that the
spin label is bound to either of the two cysteines on subunit H. Further MD simulation
analysis was performed to identify the exact position of thespin label on subunit H.

Figure 2. Orientation distribution of the nitroxide ring(left) and calculated EPR spectra (middle) for spin labels
attached to position 234, C234R1, (top) and 156, C156R1, (bottom). The experimental spectrum is shown in
green (right). The population distributions projected onto the alpha-beta Euler angle plane reveals the different
restrictions of the reorientational dynamics of the nitroxides at, two sites. These different nitroxide dynamics lead
to distinguishable degrees of motional averaging of the g- and hyperfine tensor anisotropies and are reflected in
the EPR spectral shapes.

The conformational space occupied by the nitroxide of spin label C234R1 during a 6 ns
MD simulation run shows considerable restriction of the spin label motion. Consequently
the EPR spectrum calculated for an isotropic distribution of protein orientations and with
the potential determined from the shown orientation distribution(Fig.2) of the nitroxide
coincides with a powder spectrum. In contrast, the space covered by the nitroxide of the
spin label side chain at position C156 reveals considerabledynamics. The Euler angle
projection shows a broad distribution of the angle beta withdistinct population maxima.
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The apparent hyperfine splitting and the spectral shape of C156R1 are similar to that of the
experimental spectrum. Based on this result we conclude that cysteine 156 was labeled in
the present experiment5.

3.2 Distance Measurements

Changes in RC conformation related to electron-transfer events could, in principle, be
detected by measuring the distance between a native cofactor and a spin label. For that
purpose a two-frequency pulsed electron paramagnetic resonance method (double electron
electron spin resonance - DEER) was used6.

Figure 3. Distance between oxygen, O5 of QA and the centre of the N-O bond of the spin label for all frames
of the MD run represented as distance distribution and the histogram of results of energy minimization on 30
structures (shown in red). (b ) Distance distribution determined from analysis of experimental data (DEER).
To facilitate comparision the distance distribution determined by MD simulation shifted by + 0.28 nm is also
shown(bottom).

A distance of 3.05 nm is found in between the light generated semiquinone anion rad-
ical of the primary acceptor (QA) and the spin label at position H156 from DEER experi-
ments. MD simulations are performed to interpret the distance. A 6 ns MD run comprising
the entire RC protein yields a distance distribution that isclose to the experimental one.
However, the average distance value found by the MD simulation is smaller than that ob-
tained by DEER by approximately 0.2 nm. Energy minimizationon randomly selected
points of the MD trajectory confirms this result yielding a slightly broader distribution
width. The possible reasons for the difference in the distance values determined by two
methods could be(i) incomplete sampling of the nitroxide accessible space during the 6ns
MD or (ii) small differences of the conformations of RC in thefrozen samples used in
experiments and of the crystal structure used for MD simulations.

4 Conclusion and Outlook

Combining the molecular dynamics simulations and EPR spectroscopy we identify the spin
label binding site at position 156 of subunit H of RC protein.The average distance between
the native cofactor QA and the spin label bound to position 156 determined by EPR and
MD deviate by about 7% indicating that the conformations of RC in the crystallized and in
the solubilized states are slightly different.
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We propose a new evolutionary strategy for protein structure optimization in a free energy land-
scape. This strategy is an improved version of existing basin hoping technique where multiple
independent trajectories are used. In the new method, thesetrajectories depend on each other.
This technique is implemented as a simple master-client model for distributed computing. We
demonstrate advantage of purposed method in terms of computational effort and structure di-
versity.

1 Introduction

Protein structure prediction(PSP) is regarded as one of thegrand computational chal-
lenge. Ab initio protein structure prediction is one promising approach to obtain the
native protein conformation from first principles. We use a free energy forcefield1

with combination of several optimization methods2 to predict the native structure of
protein. We identify the native structure as the lowest energy conformation in our
forcefield. The basin hopping technique(BHT)3 has been our work horse for the structure
optimization. We have predicted native structures of several proteins including 20
amino acid trp-cage protein, 40-amino acid headgroup of theHIV accessory protein
using the BHT4. Though BHT proved to be a good optimization method, it has several
drawbacks. Typically the independent BHT trajectories findidentical structures cor-
responding to one local(global) minima of free energy landscape. There exists also a
problem of BHT simulations going astray. We had previously identified this problem
and proposed an evolutionary strategy5 which eliminates the problems associated with
BHT. In this current work we propose an improved version for protein structure prediction.

2 Method

We have generalized the BHT approach to a population of size Nwhich is iteratively im-
proved by P concurrent dynamical processes. The populationis evolved towards a optimum
of the free energy surface with a simple evolutionary strategy(ES). The strategy balances
the energy improvement as well as the population diversity.The conformations are drawn
from the population and subjected to an annealing cycle. At the end of each cycle the
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resulting conformation is either integrated into theactivepopulation or discarded. The al-
gorithm was implemented as a simple master-client model in which the idle clients request
a task from the master. The master maintains the active conformation of the population
and distributes the work to the clients. Each step in the algorithm has three phases.

• Selection A conformation is drawn randomly from theactivepopulation. We have
used a uniform probability distribution with active population of 20 conformers.

• Annealing cycle We used a geometric cooling schedule withTstart drawn from a
uniform or exponential distribution andTend fixed at 2K. The number of steps per
cycle is increased as105 ×

√

Ncycle.

• Population UpdateWe have adjusted the acceptance criterion for newly generated
conformations to balance the population diversity and energy enrichment. We define
the close structures as conformation which have bRMSD(backbone RMSD) of 3̊Ato
each other. The master performs one of the following operations.

– Add The new conformation is notcloseto any structure in the population, it is
added to the pool.

– Replace If the new conformation isclosestto some structure in the population,
it replaces that structure provided its re-weighted energy(see below) is less than
the closest one.

– Merge If the new conformation has severalclose structures, it replaces this
group of structures provided its re-weighted energy is lessthan the best one of
the group.

We have used an energy criterion for theReplaceandMerge operations during popu-
lation update. We re-weigh the energy of the new conformation(Erew) as

Erew = A× tanhD where D =
Ebest− Enew

A

Enew is the actual energy of the new conformation, Ebest is the current best low energy.
We have also optimized the number of concurrent processes with respect to the size of
active population. We have investigated the folding of a small betapeptide, tryptophan
zipper (PDBID:1LE0) for this purpose. We fixed the size of active population to 20 and
used 10,20,30,40,50,60 concurrent processes(Fig 1). We found an optimal number of
processes to be approximately equal to two times the active population. We confirmed this
for population size of 5 and 10.

3 Results

We have used the improved evolutionary strategy for predicting the native structure of a 12
amino acid tryptophan zipper(PDBID:1LE0). The table belowshows the top 10 structures,
their energies, secondary structure and bRMSD with respectto experimental structure.
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Figure 1. Left : The lowest Energy vs the ES cycle for different processes. Right : The predicted(red) and
experimental(green) structures.

Name Secondary structure Energy bRMSD
(kcal/mol) Å

EXP CEEECSSSEEEC
1 CEEECSSCEEEC -28.360 1.220
2 CCCEECSSCEEC -21.350 3.800
3 CEEETTEEECCC -19.470 3.790
4 CEESSSSSCEEC -19.130 3.270
5 CCCEECSSCEEC -19.040 3.630
6 CCCCCTTTTCCC -18.820 6.170
7 CCCTTTTCCCCC -18.450 4.510
8 CCCCBTTBCCCC -18.120 3.360
9 CCCHHHHHHHHC -17.850 6.880

10 CCCCCTTTTCCC -17.600 6.370

4 Conclusions

We have developed and applied an improved evolutionary strategy which evolves a set
of conformers to population of low energy diverse structures. We have optimized the al-
gorithm and used it for tertiary structure prediction of a small beta hairpin. The method
presented here is well suited for the distributed computational architecture.
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The prion protein (PrP) binds Cu2+ ions in the octarepeat domain of the N-terminal tail up to
full occupancy at pH=7.4. Recent experiments show that the HGGG octarepeat subdomain is
responsible for holding the metal bound in a square planar coordination. By using first principle
ab initio molecular dynamics simulations of the Car-Parrinello type, the Cu coordination mode
to the binding sites of the PrP octarepeat region is investigated. Simulations are carried out for a
number of structured binding sites. Results for the complexes Cu(HGGGW)+(wat), Cu(HGGG)
and the dimer [Cu(HGGG)]2 are presented. While the presence of a Trp residue and a H2O
molecule does not seem to affect the nature of the Cu coordination, high stability of the bond
between Cu and the amide Nitrogens of deprotonated Gly’s is confirmed in the case of the
Cu(HGGG) system. For the more interesting [Cu(HGGG)]2 dimer a dynamically entangled
arrangement of the two monomers, with intertwined N-Cu bonds, emerges. This observation is
consistent with the highly packed structure seen in experiments at full Cu occupancy.

1 Introduction

The Prion Protein (PrP) is a cell surface glycolipid protein, highly expressed in the central
nervous system of many mammals. Its physiological rôle is still unclear, but it has been
shown that it can selectively bind Cu2+. A number of Cu binding sites (no less than four)
have been identified along the whole protein.

Mature PrP (comprising a.a. 23-231) has a flexible, disordered, N-terminal (23-120)
and a globular C-terminal (121-231). The N-terminal domainof human PrP contains four
repeats of the eight peptides, PHGGGWGQ, from residue 60 to 91, calledoctarepeata. It
has been shown that each octarepeat is able to bind one Cu2+ ion b.

Cu-octarepeat interaction is cooperative, and could possibly have a rôle in disease re-
lated PrP aggregation. Several techniques have been used inthe study of the octarepeat
structural arrangements, including X-ray crystallography1 and EXAFS spectroscopy2. Ex-
periments have shown that only the oligopeptide HGGGW is directly involved in Cu2+

coordination. The crystallographic data shows that the Cu2+ ion is penta-coordinated, dis-
playing a square planar equatorial coordination with threeNitrogens and one Oxygen from
the HGGGW peptide, and an axial Oxygen from a water molecule.

The equatorial coordination of the N3O1 type is with theδ1 Nitrogen of the His, the
deprotonated amide Nitrogens of the two following Gly’s andone carbonyl Oxygen from

aIn other species this number may be different. For instance,Bos gaurus, has 5 octarepeats.
bOther possible binding sites have been found in the C-terminal region.
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the second Gly of the sequence. The axially bound water molecule is kept in position by a
hydrogen bond to the Hǫ1 of the Trp indole ring.

We have investigated the coordination mode of Cu to the octarepeat viaab initio molec-
ular dynamics simulations̀a la Car–Parrinello. In order to have a system of tractable size,
we have not considered the whole octarepeat, but only smaller portions of it, complexed
with Cu and water in various combinations. More precisely wehave investigated the fol-
lowing systems: the Cu(HGGGW)(H2O) complex, a box containing Cu(HGGG) and 41
water molecules and a system composed by two HGGG oligopeptides, both in the presence
and in the absence of an associated pair of Cu2+ ions.

The downsizing of the system here consistent with the experimental findings that only
the HGGGW portion is directly involved in Cu2+ coordination1, 3.

2 Methods

Car–Parrinello MD simulations have been carried out employing the Quantum-ESPRESSO
package4. We have used Vanderbilt’s ultrasoft pseudopotentials andthe PBE exchange-
correlation functional5. Periodic boundary conditions have been imposed on the super-cell,
with a minimum separation of 5 and 8̊A between replica, for neutral and charged systems,
respectively. The energy cutoff was of 25 Ry, while the hard cutoff for the augmented
charge density was of 250 Ry. All the simulations were spin-restricted. In some particu-
larly interesting cases, namely the monomer Cu(HGGG) and the dimer [Cu(HGGG)]2, we
have performed spin unrestricted simulations, with S=1/2 and S=1, respectively.

Every simulation consisted of the following steps.

1. Electronic energy minimization with fixed atomic positions.

2. Energy minimization with respect to atomic and electronic degrees of freedom to
attain the equilibrium geometry.

3. Two subsequent molecular dynamics simulations of 0.25 pseach atT = 100 and
200 K, respectivelyc.

4. Molecular dynamics simulations of about 2 ps atT = 300 K, using the same thermo-
stat as in 3.

Thermalization is necessary to slowly approach room temperature and avoid that tempera-
ture oscillations obscure the electronic properties of theground state. Equations of motion
have been integrated using the usual velocity-Verlet algorithm with a time step of 0.12 fs.
Simulations have been carried out on Linux-clusters using 8-16 processors, depending on
the size of the systemsd. The CPU time per step was, on average, of 9.6 s when running
on 16 nodes at 2.7 GHz.

3 Results

Simulations of Cu(HGGGW)(H2O) show that the water molecule in the axial coordination
site is not bonded to Cu, but rather it is hydrogen-bonded to the Trp side chain. Indeed we

cA Nosé-Hoover thermostat at the required temperature was coupled to ionic degrees of freedom.
dFor a reference, the monomer Cu(HGGG) comprises 49 atoms and157 valence electrons.

154



don’t see a propensity for a chemical Cu-O(water) bond. Crystallographic packing effects
can explain the presence of water seen in the crystal. We haveperformed simulations
in super-cells of increasing size, finding that the volatility of the water molecule actually
increases. We have thus decided to discard the Trp from further simulations.

Analysis of several trajectories of the complex Cu(HGGG) atT = 300 K show that
the N3O1 coordination is stable, with the bond between Cu andamide Nitrogens from
deprotonated Gly’s stronger than that between Cu and theδ1 Nitrogen of the His. The
Cu-O bond with the carbonyl group of the second Gly is weak, and affected by the greater
mobility of the peptide C-terminal.

Simulations of Cu(HGGG) immersed in a box with 41 water molecules confirm the
picture in which deprotonation of Gly’s is favored by the greater stability of the bond with
Cu, even if at physiological pH Gly’s are expected to be protonated.

Study of the system [Cu(HGGG)]2 in vacuum shows that, on the time scale of the ps,
formation of a dimer is possible when the tetrapeptides bindcopper. Exchange of ligands
(visible after 0.86 ps atT = 300 K) between the two Cu ions is seen to keep the two
tetra-peptides close to each other. Also for the dimer we observe a preference for an N
amidic binding, while the bond with the imidazole ring of theHis can be broken. In spin
restricted simulations we observe a rather small Cu-Cu average distance (from2.1 to 3 Å)
which, in spin unrestricted ones, becomes slightly larger (2.4 to 3.4Å), and thus nearer to
experimental observations. In the absence of Cu, long-range electrostatic and dispersive
interactions are unable to keep the two (HGGG) close together. We have not yet studied
the effects of hydrophobic interactions.
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The aim of this work1,2 is to study the behavior of three advanced Monte Carlo methods in
protein simulations employing a realistic ECEPP/3-based all-atom model3. The implementa-
tion is based on the open source package SMMP4. The techniques applied were Wang-Landau
sampling2, parallel tempering6,7 and random tempering. All three techniques show very good
agreement in the outcome, a cross-check of the simulation results is possible.

1 Introduction

We started from the question which present algorithm is the best. First we used parallel
tempering and Wang-Landau sampling. After our first simulations2 we found that both
algorithms had nearly the same strength. Therefore, we moved to the question if the results
correspond for all algorithms. This provides the opportunity to have a cross-check for your
simulation data.

2 Model

The SMMP4 package we applied uses the well-known ECEPP/3 Potential3

Etot = ELJ + Eel + Ehb + Etors .

3 Methods

3.1 Wang-Landau Sampling

This method is a combination of the Wang-Landau algorithm8 and the multicanonical al-
gorithm5. First we use the Wang-Landau algorithm to evaluate the multicanonical weights
WMuca(E) from the given estimator of the density of statesΩ(E). The second step was a
normal multicanonical simulation with fixed weights.

157



Figure 1. Backbone of the vacuum ground state of Met-enkephalin

3.2 Parallel Tempering

We also used the well known parallel tempering technique, which is a multi Markov chain
process that provides the local updates at fixed temperatureand global exchange updates
between different temperatures.

3.3 Random Tempering

The latest method we studied was a uncommon type of simulatedtempering9. We used
the Wang-Landau algorithm8 to estimate the temperature depending weights for the global
update which changes the temperature.

4 Object of study

We used the pentapeptide Met-enkephalin (see Fig. 1)

Tye-Gly-Gly-Phe-Met

with a ground state energy at−12.43 kcal/mol. Because of its simplicity this peptide
becomes a check point for every new algorithm.

5 Results

As Fig. 2 shows the mean value of the energy is sampled very good for all algorithms. The
normalized specific heat shows small variation (see Fig. 3).

6 Conclusion

All techniques, parallel tempering, Wang-Landau samplingand random tempering allow
to obtain information over a large temperature range from a single simulation. All are at
least two orders of magnitude faster than a canonical simulation at a low temperature of
T = 100 K.

Hence, choice between the algorithms will depend on the equipment available and the
personal preferences of the researcher. As all three techniques are numerically different a
cross-check of the simulation results in protein studies ispossible.
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Poisson Boltzmann is a widely used method to describe solvation effects in structural biology.
In the present study we want to focus on the Boundary Element Method within the various set
of different Poisson Boltzmann Techniques. Here a fundamental dependence arises from the
fact that initially the molecular surface must be computed and discretized in terms of small-
sized simple geometric elements, i.e. triangles, tesserae, curved triangles etc. The current study
investigates the influence of this critical aspect of molecular surface discretization on the final
results of PB/BEM-solvation free energy calculations. Different algorithms are compared to
each other as well as to high-level reference states obtained from Quantum Chemistry calcu-
lations. Surface resolutions are systematically increased until a sufficient level of convergence
is reached. The trends are analyzed with respect to different molecular surface algorithms and
varying size and shape of proteins. General conclusions aredrawn concerning key-requirements
for the molecular surface composition in order to achieve a maximum level of technical robust-
ness.

1 Introduction

Many important processes in biochemistry involve proteinsin solution. Theoretical ap-
proaches aimed at understanding the structural and mechanical basis of these processes
will therefore have to also consider the effect coming from the environment, i.e. from
water, membranes, ionic solutions etc. One way of describing solvation effects in the
context of biomolecular simulation is based on the Poisson Boltzmann treatment (PB) of
macromolecules1,2. Especially in the latter description — theBoundary Element Method
(BEM) — a particular sensitivity arises with respect to the underlying molecular surface
computation, which is used for defining the boundary betweenmolecular volume and the
environment. While in analogous models used in Quantum Chemistry3 the average area
of these boundary elements has been advised to be on the orderof 0.4 Å2, similar rules
of thumb seem to be missing for classical PB/BEM approaches of protein structures. We
therefore want to investigate in this present study how molecular surface decomposition
will affect the net result of PB/BEM. Particular emphasis will be placed on the question
if with increasing resolution into boundary elements stable converged PB/BEM results are
achievable and how commonly employed molecular surface programs compare to each
other in this regard.
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2 Methods

Molecular surfaces are computed with two independant programs, the Connolly program4

and the SIMS program5. PB/BEM energies are calculated with program POLCH6. Public
data bases7 are used for the download of protein structures in PDB format. A diverse set
of different proteins is selected reaching from small-sized peptides of 44 residues to up to
large-sized globular proteins of about 500 residues. PDB structures are visualized with pro-
gram MOLDEN, after having removed HETATM lines, CONNECT lines, ANISOU lines
and the footer section, and having deleted all but the ’A’ chain in multiple chain pdb files so
that column number five is exclusively left with ’A’ labels. MOLDEN-visualization of the
cleaned PDB files involves selecting force fieldTinker Amber and writing out a PDB file
from within MOLDEN with the option ’WriteWith Hydrogens’. Since MOLDEN always
uses the default HIP type in AMBER jargon, we need to convert the HIS residues to HIP
ones, as well as to change CYS residues engaged in disulfide bonds to CYX-type residues.
After that we make sure that the initial residue is not PRO, and delete initial PROs in case.
AMBER non-bonded parameters8, i.e. charges and van der Waals radii are assigned to all
the atoms in the protein structures. The vdW radii are increased by a factor of 1.12 and
the charges are scaled down by another factor of 0.9 which wasfound previously to lead
to better agreement with high level Quantum Chemistry reference calculations. Before we
execute Connolly’s MSROLL program, inner/outer dielectric constants at the molecular
boundary must be defined. In the case of water we use the standard values of 1.0 and 80.0.
We execute the MSROLL program with different values for the fargument, where f de-
fines the fineness, in other words, the resolution of the surface. When f is decreased, the
resolution of the surface becomes better but computationalcost will increase. For some
very small values of f the Connolly program fails. In such cases we change parameter l
which defines a minimal size of triangles to be considered distinct. The p parameter of
MSROLL, that is the value of the probe sphere radius remains constant 1.5 (in Angstrom)
in all the calculations. We record the analytically calculated surface area and volume and
the employed f value and transfer the result file tmp.vet intoa human readable format,
called COMBCONN.dt. Then we clean the COMBCONN.dt file from critical entries,
which are triangles that almost coincide and the like. In thenext step, we compile the
Poisson-Boltzmann program and record the number of boundary elements (triangles) and
the number of atoms we have employed. Then we actually run thePB calculation, record-
ing the PB energy and the number of iterations needed for the PB/BEM calculation. Now
we refine the -f parameter and repeat the whole procedure. This is continued until conver-
gence of the PB/BEM result is reached. The smaller the -f value becomes, the more BE
will be produced, hence the more complicated and long-lasting the PB calculation will be.

Using the SIMS program is similar except that the molecular surface and the solvent
excluded volume are computed numerically and that the proberadius, the smooth radius
and the dot-density are defined within a small argument file tothe program. Analogous
to modifying the -f parameter in MSROLL is changing the dot-density in SIMS. Higher
values of the dot-density will provoke higher surface resolutions. The remainder of the
procedure described above is identical when using SIMS. We record dot-density, number
of BE, PB energy, number of iterations, SASA and volume for comparison.
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Figure 1. Variation of PB/BEM results as a function of molecular surface composition. Left panel: pdb code
1OTF, 62 residues; Right panel: pdb code 1WN2, 121 residues;Connolly’s MSROLL program (red triangles) as
well as the SIMS program (blue spheres) lead to the same PB/BEM result upon convergence. The SIMS program,
however, does so with smaller numbers of BEs to consider.

3 Results and Conclusions

A diverse ensemble of different pdb structures is examined for sensitivity of PB/BEM cal-
culations with respect to molecular surface composition. As an example two typical cases
are shown in Figure 1 (pdb codes 1OTF and 1WN2 with 62 and 121 residues respectively).
The general trend is similar in either case. Connolly’s MSROLL program (red triangles)

reaches a plateau value in a continuous mode, while the SIMS program (blue spheres)
approaches converged PB/BEM results in an alternating fashion when the surface resolu-
tion is steadily increased. Both programs lead to the same net PB/BEM result, hence the
description should be of equal quality. Considerable dependence on this critical aspect is
demonstrated clearly (± 100 kcal/mol uncertainty when working off the convergence do-
main). The SIMS program appears to reach convergence much faster than the Connolly
program, which would have important implications on computational overall performance.
The required average size of boundary elements for achieving sufficient levels of numerical
accuracy lies in the range of 0.4̊A2 or below, hence is comparable to recommended values
from Quantum Chemistry.
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Studies of biomolecular systems at a mesoscopic level require knowledge of effective, mezo-
scopic interaction potentials. Such potentials are being developed, accounting for continuum
models of solvent. One of the approaches is a mean-field electrostatic Generalized Born (GB)
model. For review of mezoscopic models and theories, see1. The GB model and methods of
computing GB radii are briefly presented, together with an outline of an SCC-DFTB method
and CM3 SCC-DFTB charges2. These charges were specifically designed to provide high qual-
ity description of electrostatic properties on a basis of the approximate density functional theory
calculations. Differences between the experimental solvation energies and the GB electrostatic
energies to the solvation energies give nonpolar (hydrophobic) contributions. The hydrophobic
energies were fitted to solvent accessible surface area as well as to a polynomial series depend-
ing of the Born radii. Both approaches give satisfactory results, however, the latter is faster. Our
model was tested using a set of experimental hydration energies for simple molecules3. Ana-
lytical approximations of the nonpolar contribution to themezoscopic interaction potentials
(hydrophobic contribution to the free energy of solvation)are proposed.

1 Introduction

The purpose of our study is to design fast, mesoscopic molecular interaction potentials,
which are capable of reproducing solvation free energies. The electrostatic part of the
free energy of solvation is approximated with the Generalized Born (GB) model using the
CM3/SCC-DFTB atomic charges2 as the source of the original electrostatic field.

2 Class IV charges

In brief, CM3/SCC-DFTB charges are given by the formula:

qk = q0k +
∑

k′ 6=k

Tkk′(Bkk′ ) = q0k +
∑

k′ 6=k

DZkZk′
Bkk′ + CZkZk′

(Bkk′ )2 (1)

whereq0k are typical Mulliken charges, andTkk′ is a quadratic function of Mayer’s bond
ordersBkk′ . The method for calculating CM3/SCC-DFTB charges was described in detail
elsewhere2.

165



3 Free energy of solvation

The solvation free energyGsolv can be decomposed into an effective electrostatic energy
GB, a nonpolar (hydrophobic) partGnp and a cross termGcross, which typically is ne-
glected. We use the Generalized Born Model (GB)4 to represent the electrostatic part.

GB = −1

2

(

1

ǫin
− 1

ǫex

)

∑

k,l

qkql
√

r2kl +RkRle
−

r2
kl

4RkRl

(2)

whererkl is the distance between atoms,ǫin, ǫex are the dielectric constants of interior
and exterior of the molecule, respectively.qk, ql are the atomic charges.Rk is an effective
Born radius. The exact electrostatic energy,Uk

single, of a model molecule containing a
single charge on the atomk is:

Uk
single = −1

2

(

1

ǫin
− 1

ǫex

)

q2k
Rk

(3)

A nonpolar contribution to the solvation free energy,Gnp, is usually approximated us-
ing solvent accessible surface area (SASA). One of such methods, that bears similarity to
our approach, is a Surface Generalized Born – Nonpolar model5, in which the nonpolar
component (Gnp) is described as a polynomial ofAi, whereAi is the SASA of the atomi.

Gnp =
N
∑

i=1

(γ(ki)Ai + α(ki)) (4)

γ(ki) parameters are interpreted as a surface tension coefficients, andα(ki) are adjustable
parameters dependent on atom types(ki).

4 Numerical implementation and results

Born radius of an atom in a molecule contains a qualitative information of how deeply
the atom is buried inside the molecule. Taking advantage of this fact, in our approach we
use polynomials the inverse ofRk, instead of usingAi. Coefficients of these polynomials
depend on the atom typesZk.

Gnp =
∑

k

(

a1,Zk

1

Rk
+ a0,Zk

)

(5)

Since the cross term is neglected in our model,Gnp = Gsolv − GB = Gexp − GB ,
an estimate of the nonpolar contributions to the free energyof solvationGsolv can be
computed by subtracting the electrostatic contributions from the experimental values of
the free energy of solvation. These approximate values of the nonpolar terms were used
for parameterization of our model. It was carried out using aset of more than one hundred
molecules selected from3. For each molecule CM3/SCC-DFTB charges were computed
and used to estimate the GB energies. At the same time, electrostatic contribution was
calculated by solving the Poisson-Boltzmann equation, andremoving the Coulomb part
of the energy. Accuracy of the GB approximation was validated by comparison with the
PB results, see Figure 1. Coefficients in equation 5 were chosen to yield an optimal fit.
Resulting nonpolar energies against the experimental estimates are presented in Figure 2.

166



-10

-8

-6

-4

-2

 0

-10 -8 -6 -4 -2  0

G
e
n
e
ra

liz
e
d
 B

o
rn

Poisson Boltzmann

correlation coefficient = 0,98

[kcal/mol]

-7

-6

-5

-4

-3

-2

-1

 0

 1

 2

-7 -6 -5 -4 -3 -2 -1  0  1  2
E

x
p
e
ri
m

e
n
ta

l 
e
s
ti
m

a
te

s
 

o
f 
th

e
 n

o
n
p
o
la

r 
c
o
n
tr

ib
u
ti
o
n

Poynomial approximation to Gnp

[kcal/mol]

  GB; rms = 0.6
  PB; rms = 0.43

Figure 1. Electrostatic contribution to the free energy of solvation (left). Nonpolar contribution to the free energy
of solvation (right).

5 Concluding remarks

Fitting the nonpolar termGnp to reproduce the free energies of solvation was the main
goal of this work. We proposed a fast and simple model. Our results suggest it is sufficient
to account only for the first order polynomials.
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By integratingab initio energy surfaces of the model terminally-blocked amino-acid residues:
glycine, alanine, and proline, we calculated the potentials of mean force corresponding to the
bending of the Cα · · ·Cα · · ·Cα virtual-bond angles for the purpose of using them in our
united-residue UNRES force field. The potentials for the glycine and alanine residues were
found to be bimodal as are the corresponding statistical potentials determined from the Protein
Data Bank.

1 Introduction

Local interactions play a very significant role in determining protein structure, because
they determine the geometry of secondary-structure elements (e.g., theα-helices and the
β-sheets), as well as that of turns and loop regions. Therefore, accurate representation
of local-interaction terms in the empirical force fields forphysics-based protein-structure
prediction is of utmost importance. In this communication,we present the determina-
tion of the potentials of mean forces for the bending of the Cα · · ·Cα · · ·Cα virtual-bond
angles for the purpose of using them in our united-residue physics-based UNRES force
field field1–4 for protein-structure prediction fromab initio energy surfaces of terminally-
blocked amino-acid residues, which will replace the statistical potentials determined in our
earlier work2 from PDB statistics.

2 Methods

The model system used to calculate the potentials of mean force corresponding to the bend-
ing of virtual-bond anglesθ is shown in Figure 1. The neighboring amino-acid residues
are included because, from the PDB statistics, it follows2 that the distribution of virtual-
bond anglesθ depends on the values of the neighboring virtual-bond dihedral anglesγ and,
consequently, the bending potentials in UNRES are functions of these angles.

The potentials of mean force of virtual-bond angle bending,FXY Z(θ, γ1, γ2) (where
X, Y, and Z are the types of residue involved; see Figure 1), were computed in this work
from the energy maps of terminally-blocked X, Y, and Z residues based on the theory
presented in Ref. 5 extended by applying the harmonic approximation to each point of the
map of the central residue Y. We used the energy maps of terminally-blocked Gly, Ala,
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Figure 1. Illustration of a model system for the calculationof the potentials of mean force of the bending of the
virtual-bond anglesθ. The variables to integrate over are the torsional angles ofrotation,λ1 − λ4 of the peptide
groups about the Cα · · ·Cα virtual-bond axes, while the virtual-bond angleθ and the virtual-bond dihedral angles
γ1 andγ2 are the primary variables

and Pro calculated in Ref. 5 at theab initio MP2/6-31G** level with the grid of15◦; each
point of a map corresponds to a structure minimized in all degrees of freedom except the
anglesλ. In this work, we computed the Hessian matrices at each pointof a map and used
them together with minimum-energy values to computeFXY Z(θ, γ1, γ2). All potentials
of mean force were computed at T=298◦K.

3 Results and Discussion

The plots ofFY (θ) (Boltzmann-averaged over the anglesγ1 andγ2 for X=Gly, Ala, and
Pro are shown in Figure 2. In this Figure, the statistical potentialFAla(θ) determined in
Ref. 2 is also presented for comparison.

Figure 2. Potentials of mean force of virtual-bond-angle bending Boltzmann-averaged over the virtual-bond-
dihedral-anglesγ1 andγ2 compared with the statistical potential computed from the PDB statistics for Ala-type
virtual-bond angles.
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It can be seen from Figure 2 that theFGly(θ) andFAla(θ) potentials have two min-
ima, one forθ = 100◦ and the second one forθ = 140◦. Analysis of the complete
FXY Z(θ, γ1, γ2) potentials shows that the first minimum corresponds to theα-helical and
the second one to the extended region. This finding agrees with the analysis of the sta-
tistical potentials from the PDB2. However, the second minimum is not pronounced in
the statistical potentials which is caused by the fact that most of the data pertained toα-
helical structures. The present potentials are not biased to any organized structure and are,
therefore, expected to improve the performance of the UNRESforce field.
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Liquid water is believed to be of crucial biological importance when it comes to solvating hy-
drophobic molecules. The so-called hydrophobic effect is akey-determinant in the protein
folding problem and a deeper understanding of it would certainly be of great value to the bio-
physics community. The process of solvating hydrophobic molecules in water may be studied
with the help of computer simulations that establish an atomistic picture of the liquid state of
water. A study has already been carried out in the past using Molecular Dynamics simulations
and a polarizable force field description for the water molecules. The focus of that study was
on the temperature dependence of the free energy change observed for the onset and growth
of a repulsive sphere that represented the hydrophobic species. The obtained data was in good
agreement to predictions from the Lum Chandler Weeks theoryon the unit volume entropy.
However, only small-sized hydrophobic solutes could be studied and the critical domain where
LCW theory claims a change in underlying physics could not beexamined. Therefore an ex-
tension of this previous study is currently underway using again a high level polarizable force
field and a largely extended water box of dimension 60x60x60Å. The technical complexity of
such an approach is discussed and an outlook is given on the various implications of such an
investigation.

1 Introduction

About 50 years have passed by since Walter Kauzmann has published his extensive re-
view on thermodynamic principles of protein unfolding1. One of his conclusions has been
that the so-called “Hydrophobic Bonds” would constitute the major stabilizing factor for
protein assembly and protein stability. It is however till today that the actual kernel of
hydrophobicity must still be considered an unsolved problem. Among other theoretical
attempts Lum Chandler Weeks (LCW) theory of hydrophobicityhas become fashionable.
LCW theory divides small length scale hydrophobicity from large length scale hydropho-
bicity formally (volume dependence versus surface area dependence) as well as in terms
of underlying physics (entropy drop versus entropy gain). The switch between these two
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domains is said to occur at dimensions of r=10Å of spherical model solutes. Since an un-
biased experimental verification of such a picture of hydrophobicity is extremely difficult
it appears to be only natural to address the underlying physics behind LCW theory with
computational approaches.

2 Methods

Suitable computational techniques for this kind of problemare free energy calculations,
which have been introduced and methodically refined to directly study∆G trends for var-
ious physico-chemical processes2. The obvious physical process to study here was the
∆G corresponding to the introduction, onset and growth of an artificial repulsive sphere
located in the center of a simulation cell otherwise filled with water molecules. The spher-
ical repulsive cavity would then represent a model hydrophobic solute and the associated
free energy change was the energy necessary to embed this hydrophobic solute in water.
Exactly the same type of∆G has also become known as the cavitation free energy3.

A previous study has already been carried out employing the high level polarizable
AMOEBA force field4 for computer simulation of liquid water at seven individualtem-
peratures in the range of 277K to 370K for calculating the free energy cost of creation of
small-sized cavities (work currently under review). Ewaldsummation had been applied
within the Molecular Dynamics simulations (MD) that form the basis of the Free Energy
Perturbation (FEP) calculations in the framework of the Overlapping Spheres Technique
(OST)5. Our previous study could reconfirm the Chandler picture of the unit volume en-
tropy∆S for small-sized hydrophobic solutes (from the temperature profiles of∆G). The
computational demand of this study was on the order of three CPU years (Itanium 1.4
GHz). Volumes of up to r≈3 Å could be introduced, hence the small cavity regime could
be examined.

In extension to this previous study our present efforts focus on largely increased vol-
umes of up to r=10̊A to probe the critical domain where the switch in physical exem-
plification is thought to occur. We therefore need to increase our water box substantially
and start out with a trial system of dimension 60Å x60Å x60Å. The CPU requirements
of such an approach must be tremendous. In this current work we estimate the required
computational resource allocation of such a large scale attempt and try to find a suitable
compromise in case the resource allocation turns out to be simply un-feasible.

3 Results and Conclusions

The estimated computational resource allocation for the case of a MD/FEP study based
on AMOEBA water boxes of dimension 60Å x60Å x60Å is summarized in Table 1 (mid-
dle column). Compared to the previously required computingresources (see Table 1, left
column) this is however far beyond any acceptable limit. We therefore shrinked the size
of the water boxes layer by layer and estimated resulting overall resource allocations for
various constellations. A cubic arrangement of about 1331 water molecules (see Table1,
right column) was finally chosen for production runs becauseit represents a good compro-
mise between intended problem size and acceptable resourceallocation. Such large scale
computations can be conveniently carried out on large GRID systems in reasonable time
lines.
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Previously Estimate Estimate
(B <= 3 Å) (B ≈ 10 Å) (B ≈ 8 Å)

# Water
Molecules 216 8000 1331
Box Size (18.6Å)3 (60Å)3 (34.2Å)3

Ewald, Cut-
Off Radius 14 Å 14Å 14 Å
Time Step 1 fs 1 fs 1 fs
∆B in ± 25 x ± 25 x ± 25 x
OST 0.0032Å 0.0032Å 0.0032Å
# Intervals in
OST perÅ 12.5 12.5 12.5
Maximum
Allowed
Perturbation 2 RT 2 RT 2 RT
Annealing
Period 2 ps 2 ps 2 ps
# Temperatures
Considered 7 3 3
Intended
MD/FEP Period 100 ps 100 ps 100 ps
# Trajectories
per Temperature 29 120 90
Estimated CPU
Time per Trajectory
(Itanium 2, 1.4 Ghz) 5 days 5 years 2 months
# Trajectories Total 203 360 270
Estimated Total
CPU Time 2.78 years 1800 years 45 years

Table 1. Experienced and estimated resource allocation forlarge scale MD/FEP simulations on cavitation free
energy calculations in AMOEBA water. Previously consumed resources are shown in the column to the left, the
middle column gives an estimate for a huge water box aimed at studies of cavities of radii up to B≈ 10Å, and the
right column shows estimates for a largely increased water box for cavitation studies of radii up to B≈ 8 Å. This
final column to the right represents a good compromise between intended study size and feasible computational
throughput.
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We simulate3d flexible off-lattice ring polymers of lengthL up toL = 4000 for various values
of the global radius of curvatureRgrc = 0.25, 0.48, 1.0 andRgrc = 2.0. We utilize two
different ensembles: one with aδ-function constraint on the radius, and another one with aθ-
function. For both cases global radius of curvature provides a valid regularisation of polymers
with thicknessD = 2Rgrc. The Flory type critical exponentνSAW of self avoiding non-
interacting rings atD = 2 is determined to beνSAW = 0.5869(5) from the radii of gyration
chain lengthL-scaling, while otherD-values produce consistent results. We also study low
temperature configurations of marginally compact Lennard Jones homo-polymers on a ring and
identify some conformational simplices.

1 Introduction

The mechanism by that proteins fold into their biologicallyactive form is despite decades
of research still not resolved. Most of the ongoing work focuses on the sequence specifity
of the final structure, i.e. emphasizes the differences of proteins to polymers. For instance,
in the funnel picture1 it is assumed, that the energy landscape of a functional protein re-
sembles a funnel leading to the biologically active structure, while a random chain leads
to the rough energy landscape of spin glasses. Only recently, a different approach has
been considered. Banavar et. al.2–4 have claimed that ground state conformations ofshort
andthickhomo-polymers exhibit only a finite set of conformational simplices i.e., helices,
sheets and some others, which are independent from the actual form of the employed chain
interactions. In light of the claims by Banavar et. al. it seems to be useful to study in more
detail the physics of thick polymers.

2 Models

A natural starting point are homo-polymers i.e.,3d off-lattice chains with a constant finite
thicknessD: tubes. We will consider non-interacting flexible tubes - without stiffness -,
and in a more ambitious approach: thick homo-polymers with an attractive interaction on
the chain. Tubes are regularised with the help of a new quantity: theglobal radius of curva-
ture5. The partition function of thick polymers is denotedZ(D) orZ(R0) with D = 2R0

and is obtained upon inserting aθ-function constraint
∑

conf

1 →
∑

conf

θ(Rgrc −R0) (1)
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Figure 1. All Rg :=
q

R2
g data of eq.(4) in units ofRgrc at Rgrc = 0.25, 0.48, 1.0 andRgrc = 2.0 with

D = 2Rgrc as a function ofL. The scaling curves useνSAW = 0.5874 and are adjusted to match the data
points at largestL. AroundD ≈ 1 − 2 the polymer swelling just isconstD.

into the partition function. For the interacting Lennard Jones homo-polymers we have

ZLJ(R0) =
∑

rings

δ(Rgrc −R0)e
− 1

T

P

i<j+1
VLJ (rij) (2)

whereT is the temperature. The Lennard Jones potential has the form

VLJ(rij) = 4((
1.6

21/6rij
)12 − (

1.6

21/6rij
)6). (3)

It has a minimum value of−1. at rmin = 1.6.

3 Scaling of Thick Ring Polymers

In the Monte Carlo simulation we measure the mean radius of gyrationRg squared, which
is defined as

R2
g =

1

L
<
∑

i

(~xi − ~xcms)
2 > . (4)

We display in Fig.1 all of ourRg simulation data in units ofRgrc. The curves in the plot
correspond to the finite length scaling formsRg ∝ LνSAW with a fixed valueνSAW =
0.5874. None of the data sets at either value ofRgrc is consistent with a Gaussian behavior
atν = 0.5. A detailed analysis of effective exponents yields

νSAW = 0.5869(5), (5)

which puts non-interacting tubes into the universality class of self-avoiding walks.

4 Interacting LJ Homopolymers

We also explore the properties of near ground state conformations of interacting flexible
thick tubes at a valueRgrc = 1.4. Here we display in Fig.2 near ground state configurations
for interacting Lennard Jones ring homo-polymers at lengthL = 95.
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Figure 2. Near ground state conformations of a single Lennard Jones ring homo-polymer fromT = 0.1 simula-
tions atRgrc = 1.4 for L = 95. The left top corner (at position1) displays the complete ring, while as counted
from left to right , and from top to bottom, positions2, 3, 4 and5 display sub-structures of the same ring.

5 Concluding Remarks

There exists the conjecture, that ground state - or near ground state - chain configurations
of short thick tubes with attractive homo-polymer interactions would fold only into a finite
set of conformational simplices. The degree of universality in these structures is currently
under investigation.
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Sobieskiego Str. 18, 80-952 Gdańsk, Poland
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In order to describe the dynamics of a molecular system, governed by an effective Hamiltonian
based on a coarse-grain United-Residue (UNRES) potential energy model1, multiple time-step
(MTS) symplectic algorithms have been developed and implemented. The theoretical back-
ground of symplectic flows generated by the Hamiltonian equations of motions is outlined and
the principles of symplectic integrators are presented. Decomposition of the UNRES forces
was proposed, and an optimal MTS scheme for real molecular systems has been implemented.
This algorithmic approach appeares to be optimal for the UNRES model, which results in a
noticeable speed up of computations. Taking advantage of the reduced model and the MTS
algorithmic approach, one can carry out long-time MD simulations. The results are being pre-
pared for publication5.

1 Hamiltonian Systems

Among many ordinary differential equation (ODE) systems, Hamiltonian systems are of
particular importance in physics. The hamiltonian equations of motion are:

q̇i =
∂H

∂pi
, ṗi = −∂H

∂qi
(1)

The phase-flow given by such a system conserves the Hamiltonian function (energy). In
general, the Hamiltonian systems conserve the so-called symplectic structure (the sym-
plectic structure is defined as a quadratic differential form, providingdω2 = 02), therefore
a series of values expressed by Poincaré integrals, e.g.:

∮

C(0)

∑

i

pidqi =

∮

C(t)

∑

i

pidqi, (2)

whereC(t) is an arbitrary closed curve in the phase space evolving fromthe initial state
C(0) according to the flow.
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2 Integration of the Hamiltonian Systems.

An algorithm for integration of the Hamiltonian systems4 should conserve the symplectic
structure with the phase-flow. It also conserves a modified, approximate Hamiltonian:
HS = H + H̃ which is located near the original one. In order to derive thesymplectic
algorithms one can use the Liouville operator (Poisson bracket) acting on the state vector
to denote the Hamilton equations:

Γ̇ = L̂

(

q

p

)

, (3)

with the formal solution for a time interval∆t:

Γ(t+ ∆t) = e∆tL̂Γ(t). (4)

Application of the Trotter factorization scheme and time dicretisation give the recipe for
the Velocity Verlet algorithm:

Γ(t+ ∆t) ≈ e
∆t
2

L̂U e∆tL̂T e
∆t
2

L̂U Γ(t), (5)

where thêL = L̂T +L̂U is decomposed into parts related to the kinetic energy and potential
energy, respectively. The symplecticity of such an algorithm depends on the time-step∆t

3 Multiple Time-Step Algorithms.

In order to achieve the Multiple Time-Step (MTS) scheme for integrating the Hamilton
equations of motion it is necessary to decompose the potential part of Liouville operator,
into two parts: one generates the fast varying forces and theother one the slow varying
forces:

L̂V = L̂V f + L̂V s. (6)

Now we can construct the scheme which gives the family of MTS algorithms, each for
different splitting number N:

Γ(t + ∆t) ≈ e
∆t
2

L̂V s

(

e
∆t
2N L̂V f e

∆t
N L̂T e

∆t
2N L̂V f

)N

e
∆t
2

L̂V sΓ(t). (7)

Now the symplecticity of a given algorithm depends on the splitting number N and time-
step∆t.

4 Application of the MTS Algorithm to UNRES Model.

The United-Residue force field model describes a polypeptide chain in a reduced and
physics-based approach. Residues are represented byα-carbon atoms, which are linked
together by virtual bonds - this constitutes the backbone. The representation of the side
chains is united, and it is referred to theCα atoms. The interaction sites are located in the
midpoints between consecutiveCα (the backbone) and at given distances fromCα atoms
(the side chains).
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Figure 1. Energies obtained using the Velocity Verlet and MTS algorithms. The potential energy - lower line,
total energy - middle line and kinetic energy - upper line, oneach graph. The simulation was carried out for the
Ala10.

The UNRES potential function was decomposed into parts generating slow and fast
varying forces. Based on this, the MTS algorithm was implemented3, 5 and tested with
several integration schemes - different pairs(N,∆t), see Fig. 1, for example.

The Velocity Verlet algorithm and MTS algorithm gives the same stability of the MD
run. The computational cost of performing equivalent MD runs is much lower when using
the MTS algorithm, which is shown in Table 1:

Table 1. Values for the maximum amplitude of the energy fluctuation from theAla10 1 nano second MD run.
Time step units are in mtu.(1mtu = 48.9fs), and energy in kcal/mol.

Velocity Verlet MTS
∆t |δE| Exec. time ∆t N |δE| Exec. time
0.01 1.50 79.8 min 0.1 10 1.42 9.23 min
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1 Introduction

Long range interactions often play an important role in complex molecular systems. Due to
charged patterns or dipolar structures, molecules interact via Coulomb interactions, thereby
influencing dynamical processes or static structures. Modeling charged or polar systems on
a microscopic level is often limited by the number of system constituents, since calculation
of long range interactions are computationally very demanding, as they scale likeO(N2)
since all interactions between particle pairs have to be considered explicitely. However, ap-
proximating infinitely large systems by relatively small ones and imposing periodic bound-
ary conditions at the same time, results in evaluating lattice sums, which usually converge
conditionally. Splitting of lattice sums and applying certain controllable approximations
leads to handy expressions which, however, still scale likeO(N3/2).

Due to this computational burden, research was focused on developing methods,
which overcome the quadratic scaling and reduce it to an optimal O(N), or at least an
O(N logN) behavior. In general the proposed methods can be classified into mesh-free
and mesh-based algorithms, both existing for periodic and open system geometries. Mesh-
free algorithms, like the Fast Multipole Method (FMM)1, should in principle be more
promising, since the discretization error is avoided. The problem encountered here is how-
ever a very evolved and demanding work to implement the method properly. Alternatives
may be found in mesh-based methods, where fast methods like multigrid techniques2, 3

may be applied. All these methods, scaling likeO(N) have in common that they work in a
hierarchical way, i.e. collecting different contributions on different length scales or levels
of resolution.

In the present article a new mesh-based method is proposed, which makes use of a fast
Wavelet transform technique, thereby reducing the computational complexity toO(N).

2 Calculation of Potential Energies in Particle Systems

The potential at a charges’ position with indexi is given by

φ(ri) =

N
∑

i6=j

qj
|ri − rj |

(1)

†Present address: INFORM GmbH, Pascalstr.23, D-52076 Aachen, Germany
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whereN is the number of charges in the system,qj the charge of particlej andrj its
position. The interaction energy of particlei with all other particles is then simply given
by

Ui(ri) = qiφ(ri) (2)

Eq. 1 may also be expressed in short hand notation as matrix-vector product

ΦΦΦ({R}) = A({R})Q (3)

whereΦΦΦ = {φ1, . . . , φN}, Q = {q1, . . . , qN} and matrix elements are given byAij =
1/|ri − rj |. The interaction energy could then simply be written asU = diag(QΦΦΦT ).
The calculation of the potential via Eq. 3 uses a constant charge vector, but the matrix
elements change from step to step if the particles move alongtheir trajectories. Therefore
this approach would imply to recalculate matrix elements, which is anO(N2) operation.
Therefore it would be desirable to shift the time dependencefrom the matrix to the vec-
tor, which would imply only anO(N) operation. This may be achieved by introducing a
mesh, onto which the particle charges are distributed and which has a constant grid spac-
ing throughout the time evolution of the system (even this constraint may be relaxed by
rescaling of lengths). Therefore, the grid based summationwould be

Φ̂̂Φ̂Φ({R̂}) = Â({R̂})Q̂ (4)

where ’̂. ’ means mesh based quantities. Nevertheless, also with thismodification, the
complexity is stillO(N2) due to a dense matrix-vector product. To obtain an efficiency
gain, it will therefore be necessary to transform the matrixinto a sparse representation.

3 Principles of Wavelet Based Summations

In principle, wavelets are a tool to analyse data on different time and length scales4. In
contrast to Fourier analysis, signals are developed in a basis, which have local support.
Wavelet analysis is one class of multiscale analysis methods, which splits signals into fine
and coarse contributions in a hierarchical scheme. If the original signalf is within a
subspaceV−1 of L2(R), then high- and low-frequency parts may be projected out via

f = P0f + Q0f (5)

whereV−1 is now the sum of orthogonal subspaces, containing low- (V0) and high-
frequency (W0) parts

f ∈ V−1 = V0 ⊕W0 (6)

This procedure may be continued up to a certain levelM , where the subspacesWi are
subject to further splittings into high- and low-frequencycontributions, thereby leading to
the splitting scheme

f = PMf +

M
∑

k=0

Qkf (7)

Wavelet analysis works as a combined low- and high-pass filter, thereby generating coeffi-
cients, describing the strength of signal change on a given coarsening level. Small coeffi-
cients thus contain only little information to details on a given level. In image processing it
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Figure 1. Left: Structure of the inverse distance matrix in wavelet space after thresholding. Right: Com-
pression of original matrix as a function of threshold valuex for different levelsM of multiresolution
analysis (cmp. Eq. 7). In both cases a Daubechies-12 waveletbasis was used5.

has been observed that after wavelet transformation of pixel distributions of images, most
coefficients are very small. Introducing a threshold value,below of which the absolute
value of coefficients is set to zero, the wavelet representation of pictures become sparse. A
back-transform using the sparse matrix representation contains still the essential features
of the picture.

This principle may also be applied to other matrices, where the number of small co-
efficients may depend on the symmetry of the matrix. In the present case it is applied to
the inverse-distance matrixA. Since the diagonal of that matrix is on one hand formally
infinity, but on the other hand contains contributions to theself-energy of the particle, it is
not of interest and therefore is simply set to zero. If charges are distributed to the grid by
the nearest grid point method6, no further corrections to self-energies have to be applied.
It is, nevertheless, stressed that this approximation induces relatively large discritization
errors.

A wavelet transform may be represented by an orthogonal matrix W , which leads in
the present case to the representation

WΦΦΦ = WAWT WQ (8)

which can be written as

Φ̃̃Φ̃Φ = ÃQ̃ (9)

where ’̃. ’ means a wavelet transformed quantity. Applying a threshold operationTx to
Ã, wherex is the threshold size, transforms̃A into a sparse representation (cmp. Fig. 1).
Since the distance between grid points in the geometrical domain is kept constant during
time, the wavelet transform of̂A has only to be performed in the beginning of the simu-
lation. The time dependence is completely shifted to the vector Q̂, thereby reducing the
transformation to aN -dimensional quantity. Applying a fast wavelet transform the com-
putational complexity is reduced toO(N). Finally, to obtain the potential on every grid
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point, a fast backtransform ofO(N) complexity is applied in order to obtain̂Φ̂Φ̂Φ. The poten-
tial at the charges’ position is then obtained via interpolation from the grid points, which
may be performed via polynomial approximation of the potential surface. In numerical
tests, it was found that the sparse matrix-vector product may also be performed withO(N)
complexity while keeping the approximation error constant. The latter, of course, depends
on the size of the thresholdx, but it may be bound to relative errors of10−2 and below.

4 Conclusions

A fast method of orderO(N) for the calculation of electrostatic potentials has been de-
scribed. It is based on a wavelet transformation technique which, in combination with a
threshold operation, transforms the inverse distance matrix, A, into a sparse representation,
thereby dramatically reducing the computational time of matrix-vector multiplication. The
proposed method may be extended to calculate interaction energies and forces between
particles. To increase the accuracy, other schemes may be applied to smear charges to the
grid and to interpolate the potential back. Here it is necessary to treat self energies and
near-field contributions in a proper way. Work in this direction is in progress.
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1 Systems with Long-Ranged Interactions

Generally, interactions between particles may be classified into short- and long-range in-
teractions. Potentials, which are long-ranged exhibit a functional dependence with a decay
slower than1/rd, whered is the dimension of the physical space. Examples for this type
of potential are the electrostatic or the gravitational potentials.

Considering long range interactions in atomistic simulations without simplifying as-
sumptions, is a computationally very demanding task. Sinceall particle-particle interac-
tions are of importance, no cut-off radius can be introduced, beyond which interactions
are artificially set to zero. Therefore, a straight forward implementation of long range in-
teraction potentials results in a computational complexity of O(N2), if N is the number
of particles. More advanced algorithms have been developedfor periodic or open system
geometries, which scale likeO(N logN) (e.g. P3M3 for periodic systems), orO(N) (e.g.
FMM1 for open systems).

In the present article a fast and accurate procedure of complexity O(N) is described,
which is based on a multigrid technique.

2 Particle-Mesh Methods

In order to calculate the electrostatic energy of particlei, the sum

Ui =
1

4π

N
∑

j=1,j 6=i

qiqj
1

|xi − xj |

has to be evaluated, where| · | is the Euclidean distance andxk andqk denote the position
and the charge of particlek.

Instead of doing so, the potential due to all charges except for chargei may also be
calculated using Poisson’s equation

∆Φ(x) = f(x) =

N
∑

j=1,j 6=i

qjδ(x − xj). (1)

In this case, the electrostatic energy of particlei is readily calculated as

Ui = qiΦ(xi).
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To calculate the energies for all particles,N Poisson equations would have to be solved.
Therefore, in order to reduce the computational time, the right hand side of Eq. 1 is modi-
fied so that all particles in the system are included at the same time. Solving this equation
yields a potential energy surface to which all particles contribute. In order to calculate en-
ergies for single particles, the self-energy contributionhas to be corrected. Usually, equa-
tions of type Eq. 1 are solved using finite difference shemes,i.e. the PDE is discretized
on a uniform grid and the charges are assigned to the mesh using an appropriate scheme
like nearest-grid-point (NGP) or cloud-in-cell (CIC)3. The linear system can then be solved
using standard methods, e.g. Particle-Mesh (PM) method, asdescribed by Hockney and
Eastwood3.

PM works well for fine grids which separate the particles fromeach other. In order to
work with coarser grids which contain particles in neighboring or even the same boxes, a
splitting similar to the splitting used in the Ewald summation can be used. The potential is
splitted using the identity

1

r
=
f(r)

r
+

1 − f(r)

r

where a possible choice is1 − f(r) = erf(r), which corresponds to the potential of a
Gaussian charge distribution. The Particle-Particle-Particle-Mesh method developed by
Hockney and Eastwood3 uses charge assignments to the mesh (with e.g. CIC), splitting of
the potential into near- and far-field and the appropriate near-field correction to calculate
the forces and energies due to the slow-decaying Coulomb-potential. If working in periodic
systems, an efficient method to solve the linear system is based on a Fourier-transform
technique where the fast Fourier transform can be applied, which results in a computational
complexity ofO(N logN).

3 Multigrid Methods

Multigrid methods are known to be optimal solvers for linearsystems arising from the
discretization of elliptic PDEs. An introduction can be found for example in the books
of Hackbusch2 or Trottenberg et al.6. The idea of multgrid methods is quite simple: If a
linear system is solved using an iterative solver like Jacobi or Gauß-Seidel, the iteration
converges rather slowly, but the high frequency componentsof the error are smoothed very
fast. To speed up the solution process, the system is being solved on a hierarchy of grids,
so that each frequency component is treated on the appropriate grid.

In order to achieve an optimal scaling (i.e.O(N)), in the present work a multigrid
method is applied to solve Poisson’s equation. A Gauß-Seidel relaxation scheme is used
in combination with a forth order dicretization of the Laplace operator5. In case of sys-
tems with open boundaries, Dirichlet conditions are imposed on the surface of the (finite)
computational domain. For a fast evaluation of boundary potentials a multipole expansion
with computational complexityO(N) is used as described in the paper of Sutmann and
Steffen4.

4 B-Spline Densities

Since a multigrid method is used to solve the PDE, there is no need to work in Fourier
space. Therefore the use of an FFT can be avoided completely.As a splitting scheme to
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Figure 1. Left: radial shape of a charged centered, quadratic and normalized B-spline density. Right:
potential of a B-spline density. The potential of a point charge, exhibiting a divergence atr = 0, is shown
for comparison.

seperate near and far field contributions a density with finite support is used. Instead of
using the conventional choice1 − f(r) = erf(r) the present work makes use of a form for
1 − f(r) which corresponds to the potential of a uniformly charged B-spline density.

Considering the centered, quadratic and normalized B-spline with width2R given by

ρB(x) =



























−486|x|2 + 162R2

32πR5
: |x| < R

3

486|x|2 − 972|x|R+ 486R2

64πR5
: R

3 ≤ |x| ≤ R

0 : R < |x|

,

the corresponding potential is calculated via

ΦB(x) =
1

4π

∫

R3

ρB(x′)

|x − x′| dx
′

and can be given in analytical form as

ΦB(x) =



































3(81|x|4 − 90|x|2R2 + 65R4)

4π80R5
: |x| < R

3

−243|x|5 + 810|x|4R − 810|x|3R2 + 405|x|R4 − 2R5

4π|x|160R5
: R

3 ≤ |x| ≤ R

1

4π|x| : R < |x|

The B-spline densities are centered on the charges in the system and sampled onto the
mesh in order to compute the right hand side of the PDE. The influence of this charge
discretization to particles closer than distanceR is taken into account by direct summing
up the near-field contributions by explicit particle-particle calculations. Therefore, in this
step the charge assignment to the grid and the associated error is avoided.
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5 Conclusion

In the present work a mesh-based particle simulation methodwas presented which avoids
the Fourier-space and the FFT completely using a multigrid technique to solve the Poisson
equation. Overall the method results in an optimal computational complexity ofO(N).
First numerical experiments show very good accuracy. At themoment work is in progress
to reliably estimate errors and to parallelize the method.
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Pathogenesis-related proteins (PRs) are expressed by hostplants following infections by fungi,
bacteria or viruses, or after induction by abiotic stress factors. PRs enhance the host capabil-
ity to limit subsequent infections. They comprise a wide range of forms, such as hydrolases,
transcription factors, protease inhibitors, enzymes associated with various metabolic pathways,
and allergenic products. Their functional motifs are related to a number of eukaryotic proteins,
involved in very distinct functions. It is possible that their defensive functions evolved after
their emergence as gene families. We believe that natural selection is a fundamental factor in
the establishment of this resistance form in plants. Our analysis on the primary structure of rep-
resentatives of 14 PR families identified several target sites for adaptive evolution. Testing how
these changes structurally affect the protein molecules should help to relate adaptive mutations
with their biological functions.

1 Introduction

Plants are likely to be infected by a large number of pathogens, like bacteria, fungi and
viruses. Hence, plants have evolved a variety of mechanismsto prevent pathogen col-
onization and disease. Our study deals with a special class of defense proteins called
pathogenesis-related proteins (PRs). Until now, 17 PR families have been identified1. They
are induced after pathogenic infection or environmental stress, and exhibit antifungal, an-
tibacterial, insecticidal, nematicidal and antiviral effects. These provide the host plant
enhanced capability to limit subsequent infections inhibiting pathogen growth, multiplica-
tion or spread. Their toxicity is due to hydrolicity, proteinase-inhibitory and membrane-
permeabilizing ability2.

In 2000, Bishopet al.3 combined sequence evolution analysis and knowledge of the
structure of the chitinase type I gene family to understand the variable effectiveness of
specific chitinases against different pathogens. They found an excess of amino acid re-
placements in the active site and substrate binding cleft, which cannot be explained by a
relaxation of selection pressure alone and therefore indicates positive selection.

In this study, we first conduct a phylogenetic analysis of pathogenesis-related pro-
teins with protein-coding DNA sequences of 14 PR families4. We then apply a maximum
likelihood framework based on codon substitution models toidentify adaptive evolution.
Finally, the sites identified as positively selected are further investigated on the structure of
the protein.
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Figure 1. Values forω ratios for sites along the PR-4 sequence under model M2 (Positive Selection) in
CODEML8. Cysteine residues involved in disulphide bridges are indicated by the letter C

2 Methods

Not all mutations occurring in the DNA sequences lead to amino acid substitutions in the
protein sequence. Those mutations which do change the codedamino acid are called non-
synonymous. Synonymous mutations, in contrast, are silentand do not alter the amino
acid sequence. Thus, they are considered free from selection pressure. Positive selection
at the molecular level is normally tested by the comparison of non-synonymous (dN ) and
synonymous (dS) substitution rates in protein-coding genes. The ratioω = dN/dS is an
indicator for selective pressure. Positive selection is indicated byω > 1. On the other
hand,ω < 1 indicates purifying selection andω = 1 neutral evolution.

For each PR family, typical patterns and the reference sequences were used to search
for homologous sequences in the Swiss-Prot/TrEMBL (UniProt Knowledgebase5) protein
sequence database. We used ClustalX6 to align the sequences of each dataset. The protein
and DNA sequence alignments were compared and manually edited with respect to the
codon frame. Then, we reconstructed the phylogenetic treesof each PR family using
IQPNNI7. Based on these trees, we applied CODEML8 to obtain the values ofω for each
site under different models. Nested models like M1 (nearly neutral) and M2 (positive
selection) are compared in a likelihood ratio test (LRT). IfM1 is rejected in favor of M2
we assume that the sites withω > 1 are under positive selection. We applied SWISS-
MODEL9 to infer the protein structure of all our PR dataset, except for PR-7, for which no
appropriate template was available. Finally, we calculated the Euclidean distance from the
alpha-carbon of each amino acid to the position of its homologous site in the template.

3 Results

The maximum likelihood analysis of the 14 PR datasets indicates positive selection in
eight families of pathogenesis-related proteins. Here, wepresent the results for PR-4 (a
wound-induced chitin-binding protein) as an example. Figure 1 shows theω values for
each residue position obtained under model M2 in CODEML8. The positively selected
sites (37 Q, 51 R, 99 V) are labeled. Residues 37 Q and 99 V are placed in alpha-helices,
and 51 R belongs to a gamma-turn. The members of this family have six conserved cysteine
residues that form three disulphide bridges10. The six cysteine residues are among the sites
with ω ratios close to zero due to purifying selection.
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4 Discussion

The Euclidean distances calculated on the superimposed structures should provide a means
to examine the relationship between the positively selected sites and their function on the
protein. In the inferred structures of the PRs, the differences observed in the positively
selected sites are due to differences in residue size. The deviations resulting fromindels
are greater than those resulting from substitutions. Usingonly this approach we could
not see a correlation between these mutations and their effects in the protein structure. In
order to make inferences about the positively selected sites, it is necessary to include the
biochemical and biophysical variables in the analysis, andalso to treat theindelsseparately.
In the future, other modeling approaches should be used to overcome these difficulties.
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A consensus sequence for a given protein family is an averaged, representative sequence which
describes common features of the family. Once generated it can be used as a query to protein
databases. The quality measure of a constructed consensus sequence can be defined as a number
of newly found sequences, or as an average similarity to all family members. In this work we
made an attempt to compare these two ways of estimation of thequality measure of consensus
sequences, and/or find any correlation between them. Four kinase families were chosen, and for
each of them seven consensus sequences were constructed. Each of newly generated sequences
was designed based on different sets of threshold parameters. Each of the constructed sequences
was used as a database query, and also for each of them an average similarity to its family was
determined. The average level of similarity was computed byscoring all possible pairwise
alignments with the aid of a semihomology algorithm1, estimating statistical significance of the
number of identities and the identity distribution. Although we haven’t found any unique set of
the threshold parameters which could provide best results in both methods, we observed some
correlation between the chosen sets of the threshold parameters and the ’scores’ obtained for
the consensus sequences.

1 Introduction

A consensus sequence can be defined as a best, unique sequencerepresentation for the
given protein family. The construction process of the sequence depends on an arbitrarily
chosen set of control parameters describing the residue type at a specific position. Various
sets of the threshold parameters defining gaps, conservative or non specific residue types,
usually provide different consensus sequences2.

2 Estimation of the Quality of Consensus Sequence

In this study we estimate the quality measure of consensus sequences in two ways. Firstly
a consensus sequence was used as a query for protein databases and an average similarity
to its family was determined. Secondly we computed an average level of similarity to all
given protein family members. This procedure was applied for each of seven different
parameter sets describing different consensus sequences for four kinase families.

3 Consensus Sequence as a Database Query

Each consensus sequence was used in a BLAST3 query, and from the BLAST output sets
we selected only those hits for which e-values were higher then a preset threshold value.
In order to cutoff statistically insignificant hits, the obtained sets were then compared with
the results for the template sequences, for each of the protein families. Table 1 1 presents
the results.
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Family parameter no. of new − < log(e− value) >
set sequences

RKT 6 23 14,17
RKT 3 23 14
RKT 2 23 14
RKT 1 22 13,82
RKT 7 43 7,21
JAK 6 37 17,7
JAK 2 35 16,86
JAK 1 36 16,81
JAK 3 34 16,44
JAK 7 49 5,8

cAMP 6 15 29,7
cAMP 2 13 29,31
cAMP 1 13 29,31
cAMP 3 24 26,58
cAMP 7 34 12,56

Table 1. Results of using the consensus sequences for the database query. For the fourth chosen family, heksoki-
nases, we didn’t find any new hits.

4 Calculation of an Average Similarity Level of the Consensus
Sequences

An average similarity level of a consensus sequence for a given parameter set was com-
puted by carrying out all possible pairwise alignments within its protein family. Each par-
ticular alignment was then scored using a semihomology algorithm1 along with two other
methods, computing a statistical significance value of obtaining a given number of iden-
tities, and to analyze the identity distribution4. The semihomology algorithm is based on
a three dimensional diagram of all possible transitions andtransversions between residues
for all existing codons, and claims a single mutation as the main cause of evolutionary
changes. Statistical significance of the number of the identities allows to compare results of
the aligned sequences of different lengths. Estimation of the identity distribution, provides
information about importance of the quality measure (briefly speaking: more regularity -
more importance).
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Figure 1. An average semihomology Figure 2. An average of thenormalized
score for given parameters set. identity distribution score

for given parameter sets.

5 Concluding Remarks

Some correlations between the parameter sets and the ’scores’ were obtained for the con-
sensus sequences. A most optimal set of the parameters for the studied estimation pro-
cedures couldn’t be determined. Further studies using a larger group of protein families
should provide more convincing results.
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In this paper, we use SVM to construct classifiers to distinguish parallel and antiparallel beta
sheets. Sequences are encoded as psiblast profiles. With seven-cross-validation carried on a
2686 non-homologous protein dataset, we obtain MCC (Matthew Correlation Coefficient) of
0.539836. The result shows that this two categories are separable by sequence profile.

1 Introduction

Beta-sheets are important secondary structures in the three-dimensional structures of pep-
tides and proteins1. Analysis of their properties may therefore help us to understand the
general mechanism of folding in proteins. In this paper, we assume that we know which
part of the amino acid sequence is beta-sheet, and then use a SVM based classifier to
distinguish parallel and antiparallel beta sheets based onsequence profiles generated by
PSI-BLAST2.

2 Dataset

The original dataset includes 2686 non-homologous proteins with pairwise sequence iden-
tity less than 25%. The secondary structure is assigned fromthe experimentally deter-
mined tertiary structure by DSSP3. There are eight secondary structure classes: H (α-
helix), G (310-helix), I (π-helix), E(β-strand), B(isolatedβ-bridge), T(turn), S(bend)and
-(rest). There are 412,748 residues in the whole dataset. Inour experiments, we only use
E(β-strand), B(isolatedβ-bridge) are excluded. There are 89,500β-strand residues in the
dataset, 22.28% of them are parallel, 78.29% of them are antiparallel, and include mixed
samples. Residues from mixed samples are assigned as parallel.

3 Method

3.1 Coding Scheme

We use PSI-BLAST profiles (PSSM) to describe each amino acid.The PSSM has20 ×N
elements with N the length of protein sequence. Each elementof PSSM is an integer
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between -7 and 7, and is scaled to [0,1] range by the followingfunction:

f(x) =







0.0 if x ≥ 5;
0.5 + 0.1x if −5 < x < 5 ;
1.0 if x ≤ −5.

Herex is the value from the raw profile matrix4.

For each protein, we perform 3-iteration blast on non-redundant(nr) database to get
PSSM. The window length is 15 amino acid residues, and is fixedduring the whole process.
This value is commonly used from protein secondary structure prediction based on Support
Vector Machine and Neural Network.

3.2 Support Vector Machine

Support Vector Machine (SVM) is a machine learning method proposed by Vapnik and his
coworkers4. Some samples are inseparable in low dimensional space, SVMuse a kernel
function to map them into high dimensional space, and seek a hyper-plane to divide them.
It performs very well on a lot of pattern recognition problems. In our paper, we use C-
SVM. In this kind of SVM, we need to select a kernel function and the regularization
parameter C for the classifier. We use radial basis function (RBF):

K(Xi, Xj) = exp(−γ‖Xi −Xj‖2)

Different C andγ correspond to different classifiers, so we have to select best value for
them our problem. And we use libsvm toolbox to construct classifiers5, which can be
download from http://www.csie.ntu.edu.tw/ cjlin/libsvm/

4 Experiment and Results

To select the best C andγ for SVM, we randomly group the dataset (2686 proteins) into
56 subsets, and take seven of them to do seven-cross-validation. Each of the seven subsets
has similar parallel and antiparallel composition as the original one. Detailed information
about these seven subsets are omitted. All the results are evaluated by percentage and
Matthew Correlation Coefficient (MCC). Initial test shows C=512 andγ = 0.003175 as
the best parameters. With this values, we do seven-cross-validation on 2686 proteins.
Results are shown in Table 1.

From the results in Table 1, we can see that the total prediction accuracy on the whole
dataset for parallel and antiparallel beta sheets is 85.35%, with MCC of 0.539836, which
shows that sequence profiles are efficient to distinguish parallel and antiparallel beta sheets
using SVM classifiers.

5 Discussion

The presented results illustrate that parallel and antiparallel beta sheets residues can be
separated only using sequence information. Changing window length and adding penalty
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Test set Number of res Antiparallelβ-sheet% Total predict Accuracy MCC
Test1 11831 0.781844 0.860367 0.557849
Test2 13046 0.751265 0.84622 0.558996
Test3 11089 0.785824 0.847777 0.500422
Test4 13920 0.788578 0.863721 0.549801
Test5 12704 0.784635 0.854534 0.531594
Test6 14215 0.785227 0.858248 0.548517
Test7 12695 0.763056 0.840567 0.522223
Total 89500 0.7772 0.853552 0.539836

Table 1. Results on whole dataset

parameters in SVM may further improve the results. We shouldalso do the analysis about
which kind will the mixed samples be predicted to. An upcoming paper will discuss the
results in more details6.
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We report results from multicanonical simulations of Poly-Glutamic acid chains of length 10
residues. A decoupling of backbone and side chain ordering is observed in its folding process.
While the details of the two transitions vary between the peptide in gas phase and in an implicit
solvent, our results indicate that side chain ordering occurs only after the backbone topology is
completely formed, independent of the particular environment.

1 Introduction

The folding of proteins involves several structural transitions, such asα-helix or β-sheet
formation, and the ordering of side chains. The role of thesetransitions and their order are
still only poorly understood. Computer experiments offer one way to study these questions
but are often hampered by poor convergence of the simulations1. We used multicanoni-
cal sampling2 to study the role of side chain ordering. A homopolymer, Poly-Glutamic
acid, was used because its long side chains can interact through hydrogen bonds. In both
gas phase and solvent we observed a two-step process starting with a coordinated helix-
formation and collapse of the molecule. At much lower temperatures side chain ordering
takes place. The two-step process itself is independent on the specific environment, indicat-
ing the de-coupling of backbone and side-chain ordering could be a common characteristic
of protein folding. A more thorough discussion of the results presented here can be found
in Ref.3

2 Methods

Our investigations rely on simulations ofGlu10 with the ECEPP/3 force field5 as imple-
mented in the 2005 version of the program package SMMP4, 7. The interactions between
the atoms within the homopolymer chain are approximated by asum consisting of electro-
static energy, Lennard-Jones, hydrogen-bonding, and torsion energy terms.

In order to enhance sampling we rely on the multicanonical approach2 as described
in Ref4. Configurations are weighted with an iteratively determined termwMU (E) such
that the probability distribution is approximately constant. Multicanonical simulations of
5 × 106 sweeps were performed both in vacuum and in an implicit solvent8. The thermo-
dynamic averages of any quantity< O > are obtained by re-weighting9:

< O > (T ) =

∫

dx O(x)e−E(x)/kBT /wMU [E(x)]
∫

dx e−E(x)/kBT /wMU [E(x)]
(1)

wherex counts the configurations of the system.
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Figure 1. Specific heatC(T ) as a function of temperatureT for Glu10 in gas phase as obtained from a multi-
canonical simulation with5×106 sweeps. The inlay shows the average number of helical residues< nH > (T ).

3 Results and Discussions

In the vacuum simulation, two peaks are observed in the specific heat plot (Fig. 1) indicat-
ing two transitions. The first peak atT1 = 590 K corresponds to a helicity change (see the
inlay to Fig. 1) that separates a high temperature region where the backbone has no order-
ing from a region where temperatures are low enough to allow the formation of backbone
hydrogen bonds and subsequent growth of anα-helix.

In Fig. 2 we display the average numbernS
hb of side-chain andnB

hb of backbone hydro-
gen bonds as function of temperature. The change in the number of side-chain hydrogen
bonds and the fluctuations in this figure atT2 = 164 clearly show that the corresponding
peak in the specific heat indicates indeed a second transition. In the low temperature phase
the side chains nestle along the cylinder formed by the helixand are stabilized by the side
chain hydrogen bonds (not shown here). Such a structure was already described in Ref.10.

We have also extended our investigation to that of solvated Glu10. Again, we observe
two peaks in the specific heat (see Fig. 3). The peak at the higher temperature,T1 = 477 K,
marks again the collapse and subsequent formation of anα-helix (see the inlay of Fig. 3).
But the transition temperature is 113 K lower than in the gas phase. Also, the peak in the
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Figure 2. Average number of side chain hydrogen bonds< nS
hb > (T ) and backbone hydrogen bonds< nB

hb >
(T ) as functions of temperatureT for Glu10 in gas phase as obtained from a multicanonical simulation with
5 × 106 sweeps. The inlay shows the fluctuationχ(T ) in the number of side chain hydrogen bonds.
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Figure 3. Specific heatC(T ) as function of temperatureT for solvated Glu10 as obtained from a multicanonical
simulation with5 × 106 sweeps. The inlay shows the average number of helical residues< nH > (T )

specific heat is higher and narrower, indicating a sharper, more well-defined transition.
The second peak in the specific heat that is observed in Fig. 3 at the lower temperature

T2 = 111 K is more narrow and smaller than the corresponding one for the molecule in
gas phase. As with the coil-helix transition temperatureT1, this transition is also shifted to
lower temperatures in the solvent, albeit by the smaller amount of 53 K.

As in the case of of Glu10 in gas phase, the side chains are ordered at temperatures
belowT2. However, in contrast to the gas phase, the mechanism of sidechain ordering is
different in water. In Fig. 4, although no pronounced decrease in the solvation energy can
be seen aroundT2, thefluctuations of the solvation energy show a pronounced increase.
The increase of the solvent energy fluctuations continues tolower temperatures, while the
fluctuations of the internal energy show a plateau and decrease belowT2. The peak in the
specific heat aroundT2 is due to increasing anti-correlations belowT2. In the low tem-
perature phase the side chains order themselves by extending into the solvent (not shown
here), in contrast to the gas phase behavior.

Hence, while the structure of the solvated molecule also evolves in a two-step process,
the mechanism that leads to the side chain ordering is different from the gas phase. There
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Figure 4. Fluctuations of the solvation energy< δE2
solv > (T ) and intra-molecular energy< δE2

ECEPP/3
>

(T ) for solvated Glu10 as obtained from a multicanonical simulation with5 × 106 sweeps. In addition, the
cross-correlation< δEsolvδEECEPP/3 > (T ) is shown. Note thatδE = E− < E >.
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the ordering of side chains was due to formation of hydrogen bonds between the side chain.
In solvent, however, the polar side chains interact directly with the surrounding water that
screens them from forming hydrogen bonds among each other. Our results indicate that
the de-coupling of backbone and side-chain ordering does not depend on the details of the
environment. Hence, it is reasonable to assume that this could be a common characteristic
in protein folding.
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NIC Series Volume 32
ISBN 3-00-017351-X, February 2006, 384 pages

All volumes are available online at

www.fz-juelich.de/nic-series/.

214


