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Preface

In 2007 the John von Neumann Institute for Computing (NIGgloeates its 20th anniver-
sary. During its two decades of existence, computer sinangthave become an invalu-
able tool for researching biological systems. This was #@lsdopic of the second annual
workshop “From Computational Biophysics to Systems BiglogBSB07). About 110
researchers and students from all over the world met from Rfelyto May 4th, 2007 at
the Research Centre Julich and discussed physics-bapeshapes to systems biology.
They emphasized the increasing importance of computingdtoBy, Medicine and other
life sciences. Complex diseases such as cancer or Alzhsjriteename only two, can be
understood only if we obtain an insight in the working of selh the molecular level. The
analysis of the huge amount of experimental data, togetiitarthhe problem that some
processes or molecules cannot be detected in experimeqtsie the use of simulations.
However, the large number of components in a cell, the diffesiin understanding their
dynamics, and the complex interactions between them, matte Smulations extremely
challenging. Problems such as the all-atom simulation ofrclatin dynamics or of ribo-
somes and other supermolecular systems will require atzessnputers with hundreds of
Teraflops. In a "town hall” meeting the participants empheadithe role of supercomput-
ers in obtaining a detailed understanding of the workingetisc They agreed that further
progress will require the supercomputer centers to provath increased computing ca-
pacity and improved support and accessibility.

As in the previous year, the participants explored in sdiemiresentations and numer-
ous informal discussions a wide range of topics ranging feimgle macromolecules to
the working of entire cells. Topics included protein folgjmiss-folding and aggregation;
the interaction between proteins and other molecules; ¢semably of nano-structures,
multi-protein, protein-DNA/RNA complexes; and the modeliof cellular systems at a
molecular level. This proceeding volume collects selegebentations from the 3-day
long workshop that may serve as starting point for furtheca$sions. It is divided into
articles by invited speakers and such originally preseasgubsters or in contributed talks,
as the interdisciplinary nature of the articles often dedisgmple classification according
to subject areas.

Besides the editors, Thomas Neuhaus, Tatjana Eitrich dild@Arashiro, and Xiaolin
Xiao helped organizing the workshop. For their most valaddalp with the local arrange-
ments we are greatly indebted to Helga Frank, Erika Wittig startina Kamps. We also
wish to thank IBM for generous support.

Julich, July 2007

U. H. E. Hansmann, J. Meinke, S. Mohanty, O. Zimmermann
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The Slip-Length Effects in Molecular Dynamics of
Bead-Like Models of Proteins

Piotr Szymczak' and Marek Cieplak?

! Institute of Theoretical Physics
Warsaw University
00-681 Warsaw, ul. Hoza 69, Poland
E-mail: Piotr.Szymczak@fuw.edu.pl

2 Institute of Physics, Polish Academy of Sciences
02-668 Warsaw, Al. Lotnikow 32/46, Poland
E-mail: mc@ifpan.edu.pl

We explore the role of the slip- or no-slip boundary conditior beads representing hydropho-
bic and hydrophylic amino acids in coarse grained modelsatfems with an implicit solvent.
The nature of the boundary conditions affects both the hydramic friction forces and the
Langevin noise term. We find that various large conformatiarhanges in model proteins,
such as folding and streching, are overall fairly stableéreganaking the noise inhomogeneous
in this way. However, there are noticeable differences énsitenarios of the processes.

1 Introduction

Coarse-grained models of proteins appear to play an inagigémportant role in molecu-
lar dynamics studies of large conformational changes itepns, especially when it comes
to big proteins and their complexes. These models allow o@etess time scales which
are orders of magnitude longer than those available intaifissimulations. Among the
coarse-grained models, the Go-like implementafidimk the properties of a protein di-
rectly to its native geometry and are probably the easiessén In the simplest version
of a Go-like modet the protein is represented by it§' @toms and the effective'G-C*
contact potentials are used with minima at the experimigrgatablished distances in the
native state whereas non-native contacts are usuallysepted by hard core repulsion in
order to prevent entanglements. Another term in the Ham#totakes care of the local
stiffness of the backbone either by introducing biases énabnd and dihedral angfesr
by favoring native senses of local chiralifie$iere, we choose the latter.

This description has also to be augmented by interactiotis an implicit solvent
which acts as a thermostat and imposes fluctuational foncg¢keprotein. A common
choiceé s to take the Lennard-Jones potential for the interactiotise native contacts
and to account for thermal and hydrodynamic friction forasgg Langevin dynamics.
The equation of motion for the i'th amino acid reads then

whereF¥ is the net force due to the molecular potentiaisis the friction coefficient and
I'; is a white noise term with the variance obeyiffy (t)T'; (t')) = 2kpT;6(t — t')16;;
wherel is the identity matrix and g is the Boltzmann constant.

The folding and unfolding properties of such a system cjeddpend on the native
geometry. But how important are other parameters in thisef®o#olding is not affected



by the precise choice of the contact potential between amaids: and j and in this

12
respect the Lennard-Jones potentaial{(%‘j) — (‘:—j)G] is almost undistinguishable
from, say, the 10-12 potentidl As to the amplitudes, of the potential, assuming it to be
uniform appears to be optimal since other models correlétetive experimental results
on stretching worsgé.

We now consider other parameters in the model. Obvioustyy#thues of the masses,
m;, of the amino acids affect the equations of motion for theviddal beads. We have
found, however, that using a uniform mass = m (wherem is a typical amino acid mass
m ~ 2 x 107%2g) does not affect the folding times in any noticeable maHheFhis is
consistent with both the overall coarse-grained charadtidre Go model and the fact that
the motion is considered in the overdamped regime.

In this paper, we explore the effects of making the dampirrgipatry non-uniform.
In general, its value depends on the amino acid, especiall{ssize and position on the
hydrophobicity scale. According to the classical Stokesagign, the friction coefficient
is given byy = 67na , wherea is the hydrodynamic radius of the bead apd the
viscosity of the solvent. This formula actually applies wh®-slip boundary conditions
are in effect. However, the details of molecular interact& the microscale determine
the nature of boundary conditions used in a continuum detszni of the drag force. In
particular, hydrophobicity of the surface at the molecslzale results in an increased slip
lengtht® 17 In order to account for the slip effects, Stokes'’s law mayrdagritten as®
~ = cmna wherec is a constant determined by the choice of boundary conditadrits
surface. The limiting cases are 6 for no-slip and 4 for peke boundary conditions. To
study the possible impact of friction nonuniformity due e thydrophobicity we analyze
a model, in which all hydrophobic aminoacids are supposetidue under the perfect
slip conditions ¢=4) whereas for hydrophilic aminoacids, no-slip boundamyditions are
assumed to hold:€6). Thus in the simplest division of amino acids into twosslkes one
would have two possible values of To some extent, hydrophobicity effects are already
implicit in the native geometry and, therefore, in the cohtmtentials. Here, however, we
focus on the impact of the non-uniform frictional forces dmshgevin noise.

Unlike the masses, the values-pére relevant in the overdamped regime so one might
expect sensitivity to their choices. We demonstrate, hewetiat this sensitivity is weak.
We consider several conformational processes in a prdt#iting, stretching at a constant
velocity, stretching at a constant force, and stretching lwiform fluid flow. All details
of the molecular dynamics simulations are as describedfify iacluding the criteria for
selecting native contacts, and the time unjiis of order of a nanosecofit?®. We find that
a non-uniformry affects the folding times and folding scenarios. It affebis stretching
by fluid flow, but not the set of metastable conformations. alfn it essentially does
not influence stretching at constant speed, but delays miptua constant force. As an
illustration, we focus on ubiquitin (the Protein Data Bamkde 1ubq) and crambin (1crn).
Following ref1® the residues Ala, Val, Cys, lle, Leu, Met, Phe, Tyr, and Tgp@nsidered
hydrophobic and the remaining as hydrophylic. The avetdgetor in+y is 0.84 and 0.89
of the uniform no-slip value for crambin and ubiquitn respexy.



2 Folding

When studying folding, we monitor establishment of corgastarting from an unfolded
state with no contacts. A contact between aminoacidsd j is said to be established
when the corresponding value of the distance between thgmgerosses the threshold
value of1.50;; (which is close to the inflection point of the Lennard-Joneteptial) for

the first time. Folding is considered to be achieved whenaaitacts are established simul-
taneously. The folding time .4, Of the protein is then determined as a median value in a
set of many trajectories.

The kinetics of folding can be quantified with the use of thecalled scenario dia-
grams$ in which one plots an average time to establish a contachapthie contact order,
i.e., against the sequential distange— i|, between the amino acids that form a native
contact. Figures 1 and 2 compare the folding scenarios éoGthhmodel with uniformy to
the nonuniform case for ubiquitin and crambin respectivielgtking comparisons requires
introduction of time scaling factors to account for diffietaverage values ofin the mod-
els. It has been established that, in the overdamped refpidang times vary linearly with
+*%:2:%in the uniform model. By introducing a set of hydrophobic agzcids with lower
~ values we are effectively decreasing the mean frictionfuent, by 16% in crambin,
which results in a reduced folding time. This reduction isetved in Figure 1 (although,
instead of the 16%, the observed decrease in folding timeslysby ~ 11%). Moreover,
in addition to this overall shift, there are some finer difeces between the scenarios,
the most notable of which is the delay in formation of the lestganged contacts in the
non-uniform model¢f. the inset of Figure 1).
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Figure 1. The dependenceigf,;; onT" for uniform (open circles) and nonuniform (solid circleggfion along

the chain. The data points are based on at least 200 tragsctomd are gathered at the optimal temperature for
folding — 0.3¢/k 5. The inset shows the similarly denoted average time iniemveeded to establish contacts at
a sequential distandg — | for the first time. The uniform-case data points are redugeti@¥ to account for
the shiftin< v >.



Figure 2 shows the folding scenario diagram for ubiquitibislseen that the non-
uniformity in the noise affects essentially the whole seenaot only at largej — i| as in
crambin, even if one accounts for the shiftdny >. The optimal folding time decreases
from 781 to 693r in this case.

folding
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Figure 2. The folding scenario diagram for ubiquitin. Thendpls used are as in Figure 1. The uniform-case
data points are reduced by 12% to account for the shift in >. The inset correlates the nonuniform-case times,
tn, to establish a contact with the uniform, or homogeneousg,¢g. The timest;, are not scaled and are seen
to be generally larger tham, .

3 Stretching

Next, we consider mechanical stretching of proteins. Edrfor ubiquitin, shows that
stretching at constant speed results in a force of resistdncthat varies only in small
details between the uniform and non-uniform models. Thed&ads shown against the
displacement¢, of a spring that is attached to a terminus of the protein amenrd and
moves with a speed of 0.0057 at the other end. It should be noted that, even in the
uniform~ case, thé” — d curves depend onvery little'® and, therefore, we do not expect
to see any systematic shifts with a changing >.

When stretching protein at constant foteé? one applies the stretching force to the
protein terminus and monitors the end-to-end distarice,The kinetics of the process
may be quantified by determining statistics of the unfoldinges® 2! and by using the
scenario diagram& Here, we consider the latter. In the unfolding diagrams, simows
when, on average, a contact at the sequential distgneei| is broken for the last time
(i.e., it crossed the distance od Irj for good). Figure 4 shows the unfolding scenarios
for ubiquitin. It is seen that the order of rupturing event&sl not change significantly
when friction becomes nonuniform. However the specific iroéthe events get shifted
noticeably: lack of uniformity iny delays rupture because a local strengthening in the



constant speed stretching

lubq

Figure 3. Single-trajectory force-extension curves fa thbiquitin unfolding at a constant speed for uniform
(dotted line) and non-uniform (solid line) friction aloniget chain. The biggest differences are seen around the
third force peak.
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Figure 4. Unfolding scenarios at a constant large force lquitin. The open and solid symbols correspond
to the uniform and non-uniform friction respectively. Theiform system shown in this figure hasequal to

< ~ > of the non-uniform system. The data points are based on B@tories. The inset on the left shows
the histograms of the unfolding times2(t) is normalized to 50. The inset on the right shows the average

normalized end-to-end lengtih, = L7—f5‘ whereL ; and L,, stand for the folded and unfolded end-to-end
distances, respectively. In both insets, the dotted (shiid corresponds to the uniform (non-uniform) system.

Ly

damping force generates pinning centers. In order to detradast in a clean fashion,
we do not perform any rescaling of unfolding times, but indteompare the non-uniform



system to a uniform one in which is reduced by 21% . In this way; v > in both
systems match. The insets of Figure 4 demonstrate that icete of nonuniform friction
the distribution of unfolding times has fatter tail and ttra sigmoidal trajectory-averaged
end-to-end distance acquires larger values at longer tiBeth facts are consistent with
the emergence of the delays seen in the scenario diagram.

Finally, we consider stretching of a single protein in a amif flow through drag on
individual beads (amino acids). Although the process has/ebbeen realized experi-
mentally, the simulatiorf§=26 suggest that uniform flow unfolding leads to a richer set of
metastable conformations than the constant force pullimythus may offer potentially
wider diagnostic tools to investigate structure of praaedompared to experiments based
on the atomic force microscopy.

Note that in this case making nonuniform along the chain results in a change in a
net hydrodynamic force acting on a protein which is equalibgn one neglects hydro-
dynamic interactions}’ = Zf\;l%U whereU is the flow velocity. Thus a reduction in
values ofy reduces the overall pulling force due to drag and shouldtrgsdelay of un-
ravelling processes. This is indeed seen in Figure 5 whiolwstthe behavior ol as a
function of time for ubiquitin. Despite the delay, one oh&=srthe same metastable con-
formations in both model systems. It is worth to note thahis tase the nonuniformity in
individual v; values plays a less important role. In fact the uniform systath the fric-
tion coeffcientsy suitably rescaled (as described above) shows the unfotdijertories
almost indistinguishable from those of the nonuniform mode

uniform flow stretching

lubq

L/100A

t/T

Figure 5. The end-to-end distance for single trajectonefiow-stretching of ubiquitin. The dotted and solid
lines correspond to homogeneous and inhomogeneous ffrgiimg the sequence.
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Advances in De Novo Protein Design
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A new de novo protein design framework and its applicatianthé redesign of compstatin,
human beta defensin-2, and the C-terminal analogs of Caongrie3a is presented.

1 Introduction

De novo protein design searches for amino acid sequencesriaompatible with a
three-dimensional protein backbone template. Traditiptize backbone coordinates were
treated as fixed in order to reduce the search space and neatesign problem tractable.
However, this is a highly questionable assumption as prstaie known to exhibit back-
bone flexibility. In de novo design, backbone flexibility wiasorporated through either
the consideration of multiple backbones with sequencechgarformed on each of them
under the fixed template assumption, or the parametenrafidbackbon&. Recently
we have developed a novel framework which performs de nos@den a truly flexible
backbone template, which is defined by continuots@ distances and dihedral angles
between upper and lower bounds, through NMR structure rafimne.

2 Our De Novo Protein Design Framework

Our two-stage de novo protein design framework not onlyct¢eland ranks amino acid
sequences for a particular fold using a novel integer lipeagramming (ILP) model, but
also validates the specificity to the fold for these sequetased on the full-atomistic
forcefield AMBER.. The two stages are outlined as below:

2.1 Stage One: In Silico Sequence Selection

The ILP model we use for sequence selection into a singlelsmgtructure, which is the
most computationally efficient one amomg equivalent formulations we studigdakes
the form:



. ; il il
e Z?:l 2721 ZZ:M Z;ikl Egk (24, xk)wzj’k

TR
subject to Syl =1V
S who= gk Yok >l 1)
mhwly =yl Voik >,
yl b wl = 0—1 VY ijk>il
Seti = 1,...,n defines the number of residue positions along the templateeagh
position: there can be a set of mutations represente@{by = 1, ..., m;, where for the

general casen; = 20Vi. The equivalent sets = i and! = j are defined, and > i
is required to represent all unique pairwise interactioBmary variablesy! andy! are
introduced to indicate the possible mutations at a givertipas Specifically, variable
y! (yL) will be one if positioni(k) is occupied by amino acig(l), and zero otherwise.
The composition constraints require that there is exaaily type of amino acid at each
position. The pairwise energy interaction parameﬂéj,§ were empirically derived by
solving a linear programming parameter estimation problenich restricts the low energy
high resolution decoys for a large training set of protetmbé ranked energetically less
favorable than their native conformatiéns

Besides the basic model (1), we also developed a weightedgwenodel and a binary
distance bin modé! for de novo design based on a flexible template with multipystal
or solution structures.

2.2 Stage Two: Approximate Method for Fold Validation

Driven by the full atomistic forcefield AMBER simulated annealing calculations are per-
formed for an ensemble of several hundred random strucgemesrated for each sequence
from stage one using CYANA 231 within the upper and lower bounds o€ dis-
tances and dihedral angles input by the user. This featlon@sbur framework to observe
true backbone flexibility. The TINKER packagkis subsequently used for local energy
minimization of these conformers. A fold specificity factsrfinally computed for each
sequence using the following equation:

f i Picit — ZiEnew sequence conformerXp[fﬁEi] (2)
Spec7,f7,cz Y Zienative sequence conforme@(p[fﬁEi]

3 Case Studies

3.1 Compstatin

Compstatin (PDB code: 1A1P) is a synthetig-residue cyclic peptide that inhibits the
cleavage of C3 to C3a and C3b in the human complement systdrthas hinders com-
plement activation. It is a novel drug candidate for tregtimappropriate complement ac-
tivation that has shown highly promising results in numerpre-clinical trials conducted
recently. The de novo design on compstatin is aimed at doguhre sequences for the best
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Figure 1. Flexible template of compstatin for de novo protesign as illustrated by the overlapping oflts
NMR structures available from the Protein Data Bank.

inhibitors to C3. It was performed based on the flexible textgpbdf all21 NMR structures
available from the Protein Data Bank (Fig. 1).

As for the mutation set of the design, Cyand Cys? were kept invariant to main-
tain the disulfide bridge in order to aid the formation of thyglfophobic cluster and pro-
hibit the termini from drifting apart. The typea-turn, GlrP-Asp®-Trp”-Gly®, was also
fixed as it was not found to be a sufficient condition for atyivial®* and Trg were not
mutated either as they were found to interact directly wigh €or the varied positions,
positions 1, 4 and 13 were allowed to select only from the dgtobic amino acid set
(A,F1LLLLM,W,V,Y). In addition, this set included threare for position 13 to allow for the
selection of the wild type residue at this position. For poes 9, 10, and 11, all residues
were allowed, excluding cysteine and tryptophan. This tutsset leads to a problem
with complexity3.0 x 10°. Results for the design can be found‘in

3.2 Human Beta Defensin-2

Human Beta Defensin-2 ({D-2) is a cysteine-rich 41-residue cationic peptide foumd i
the human immune system. It belongs to the class of smalgrgetpeptides known as
defensins. BD-2 is crucial to innate immunify. It possesses antimicrobial property
derived from the electrostatic force between the positharge on the defensin molecule
and the negative charge of the anionic head group of the besanembrane lipids. This
electrostatic force disrupts the microbe’s cell membrartethus kills the celf.

Three different sets of flexible design templates were eyguldor the de novo design
of hgD-2. The first one corresponds to the X-ray crystal strucalueidated by (PDB
code: 1FD3) at a resolution df35A. The other two were generated using molecular
dynamics simulation with generalized Born implicit soleat (Fig. 2) and molecular dy-
namics simulation with explicit water molecules (not shypwn

In the design of BD-2, SASA patterning was applied to restrict the sequenaecke
space for the de novo design ofd-2. The41 positions of BD-2 are classified into
the core, surface, and intermediate categories whichrdaterthe mutation set for each
position. This corresponds to the full-squence design efahtimicrobial peptide with
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Figure 2. Overlay of tha0 structures of human beta-defensin-2 used for the flexibdggdegemplate from MD
simulations with the GB implicit solvation model. The sttuwres are snapshots withns increment.

problem complexity 06.40 x 1037,

It should be noted that in the sequence selection stagedial constraints, which
were obtained from a homology search using PSI-BLAST, wepoised to ensure certain
conserved properties among the sequence solutions. Tistraioms added cover charge
characteristics, hydrophobic content, and amino acid mwenge frequencies of the human
beta defensin-2 homologs. Results for the de novo desighefound it

3.3 Complement 3a

Complement 3a (C3a) is@-residue small cationic peptide derived from the cleavdge o
the amino-terminus of the-chain of complement component C3. It is a potent mediator
which controls the pro-inflammatory activities of the coepent systefs. Having small
molecular size and high potency, C3a proves to be a strordjdzte as a superior ther-
apeutic agent. Our de novo design aims at obtaining a pateeptide-drug candidate
based on the C-terminal sequence of the C3a fragment of C3.

Like the design of human beta defensin-2, three differastafdlexible templates were
employed. One corresponds to the single crystal structumidated by*, and the other
two were generated using molecular dynamics simulatiams yadth the generalized Born
implicit solvation model and the other with explicit wateohacules (Fig. 3). The basic
sequence selection model (1) was used for the single ciststadture template, whereas
both the weighted average formulation and the binary déstasin formulatio”® were
employed for the flexible templates from molecular dynarsiozulation.

Table 1 shows the mutation set of the de novo design.

Results of the de novo design are tabulatéd. iSeverall 5-residue peptides were se-
lected to be synthesized based on our predictions from tnewedesign framework. The
best sequence was experimentally validated to be closeriarpgance to the superpotent
peptide synthesized bYin Ca* mobilization assay.
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Figure 3. Overlay of tha0 structures of Complement 3a used for the flexible design lefrom MD simula-

tions with the GB implicit solvation model.

Table 1. Mutation set dh silico sequence selection of C3a.

Positions

Native residue

Allowed mutations

63
64
65
66
67
68
70
71
72

In>»>»ITOXDIOr

ALLM,FY,W,V

all except C and P
R,N,D,Q,E,G,H,K,S,T
R,N,D,Q,E,G,H,K,S,T
R,N,D,Q,E,G,H,K,S,T

all except C and P
R,N,D,Q,E,G,H,K,S,T
R,N,D,Q,E,G,H,K,S,T
R,N,D,Q,E,G,H,K,S, T

4 Conclusions

In this paper, we presented the advances in our de novo pragsign models, as well as

our predictions on compstatin, human beta defensin-2, &ad C
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Chromatin Dynamics in silicio
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The packing of the genomic DNA in the living cell is essentimalits biological function. While
individual aspects of the genome architecture, such as DiNAnaicleosome structure or the
arrangement of chromosome territories are well studiedhnmformation is missing for a uni-
fied description of cellular DNA at all its structural levelSomputer modeling can contribute
to such a description. We present here Monte-Carlo and Baowdlynamics simulations of
DNA and the chromatin fiber, using an elastic chain approtiongor the DNA and a simple
hard-core description for the histone proteins. The molifmlva for the prediction of possible
higher-order chromatin structures and their mechanicgpeies. As examples, we show the
unrolling of DNA from the histone core, the response of thenB0chromatin fiber to mechan-
ical stretching and possible regimes of stable and unspataking of chromatin.

Further, we show dynamics simulations of the nucleosoma®microsecond time scale, using
a new coarse-grained model. Finally, describing the chtionfdoer as an elastic chain, we
implement models for the transport of proteins in the cetlleus, reproducing the anomalous
subdiffusion found experimentally.

1 Introduction

One of the major challenges in modern molecular and strakhiology is the structural
and dynamical organization of the cell nucléussenomic information is encoded into
DNA, a long filamentous macromolecule which is compacted afiiromatin by its asso-
ciation with histone proteins. Chromatin also forms a lomgifile chain with a diameter
of about 30 nm and constitutes about 5 - 10% of the total volahtke nucleus. In every
human cell,6 x 10° base pairs of DNA — that is, a total length of about 2 meters stmu
be packed into a more or less spheroid nuclear volume abot2Q0m in diameter. This
compaction must occur in such a way that the DNA moleculéligssily accessible to en-
zymes acting on it, such as replication, transcription a&péir machineries, or regulatory
factors. In addition, more and more supramolecular estére being identified, including
nucleoli, PML bodies, Cajal bodies, spliceosomes etc.fthfilt important biological roles

in transcription, splicing, replication or repair mectsams, but whose structural associa-
tion with other parts of the nucleus is hardly understoodpdntant biological questions,
such as the gene distribution inside the interphase nucleesnory’ of chromosome po-
sitions during cell division or the flexibility, accessibjl of the folded chromatin chain,
interaction of distant parts of the genome or the transpfantiolear factors to their bind-
ing site can only be understood through a detailed desonif the higher order folding
of the DNA molecule in the cell nucleus.

DNA organization in the cell is a phenomenon that needs todseribed on many
length and time scales (Fig. 1). Such a multiscale modefinafplem must be approached
by some adequate approximation, in which we will have to @efirbunits of the molecule
that behave like rigid objects on the size and time scaleidered. These objects inter-
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Figure 1. Overview of time and length scales relevant foroges organization.

act through potentials that may in principle be derived fithve interatomic force fields;
however, in practice one mostly uses potentials that hage betermined experimentally.

2 Polymer Chain Models for DNA and Chromatin

The motif of the 'linear elastic filament’ in genome orgariaais repeated on many length
scales (Fig. 1): DNA, as well as the chromatin fiber and to sertent its higher order

structures may be approximated by a flexible wormlike ch&ih.C). Thus, we may de-

velop models of DNA and the chromatin fiber based on a coasi@ep description using

a linear segmented chain. Segments are assumed to belexigitikcylinders on the time

and length scale considered; they are connected by elasits,jwith bending, torsional

and stretching potentials approximated by Hookean sprinitsspring constants that are
known independenth?

2.1 Segmented Wormlike Chain

Fig. 2 schematizes a segmented chain geometry. A vectdefines the direction and
length of each segmentf; is a unit vector normal to the segment agds an auxiliary

a For DNA, the approximation of Hookean bending elasticitg hecently been challenged by the finding that
short DNA fragments have a cyclization probability muchhagthan expected for a homogeneously elastic
wormlike chairf, and atomic force microscopy observations that sharp becais more frequently than expected
for a Gaussian distribution of bending andles
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vector that is used to take into account permanent benditigeddNA. The details of this
chain geometry are givenin

Figure 2. Section of a segmented polymer chain as used iniiedhd chromatin models described here.

2.2 Intersegment Interactions

Adjacent segments &ndi + 1 in Fig. 2) interact with each other through bending, twigtin
and stretching potentials. Independent of the form of tleallmtersegment potential, the
WLC approximation always holds for sufficiently long chaias has recently been shown
by Wiggins and Nelsoh Thus, if one does not consider tight local bends, the piatisnt
between adjacent segments can be approximated by HookeagsspFurthermore, po-
tentials must be defined for long-range interactions batwea-neighboring segments: in
the case of 'naked’ DNA, this interaction is the electrdstegpulsion between the nega-
tively charged sugar-phosphate backbones and can beloebtry a screened Coulomb
potentiaf. If the DNA is associated with proteins as in the case of cltatimthe geom-
etry of these complexes and their specific interaction maggken into account. In the
chromatin chain model developed by Wedemann &t alicleosomes are approximated
by rigid ellipsoids and their interaction by a Gay-Bernegmtial (an anisotropic Lennard-
Jones potentid).

2.2.1 Bending Rigidity

In the WLC model the length of the segments should be chos#éh&lew thepersistence
lengthL,, which is a measure of the bending flexibility of the chain ewolle. Itis defined
as the correlation length of the direction of the chain mezgalong its contour:

(i (s)ii(s + ') = e */Er 1)
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Here (s) is a unit vector in the direction of the chaig; (in Fig. 2) ands resp. s’ is
the position along the chain contour, the angular brackeli€ating the average over all
positions and chain conformations. Molecules shorter thabehave approximately like
arigid rod, while longer chains show significant internaxitlity.

The bending elasticity A - the energy required to bend a pelysegment of unit length
through an angle of 1 radian - is related to the persistemgglieby L, = A/lkgT, kg being
Boltzmann’s constant and T the absolute temperature. Thesnergy required to bend
two segments of the chain of lendtby an angle with respect to one another is:

kpT L,
201
For DNA, L, has been determined in a number of experiments (for a cotiopilesee
[2]). While some uncertainties remain as regards the valuerg high or low salt concen-
trations, the existing data agree on a consensus valug ef45-50 nm (132-147 bp) at
intermediate ionic strengths (10-100 mM NaCl and/or 0.3:40Mg?*t). For high values
of #, the potential may deviate from the simple harmonic forne e®tnote a and re¥).

E, 02 ()

2.2.2 Torsional Rigidity

The torsional rigidity C, defined as the energy required tistta polymer segment of unit
length through an angle of 1 radian, may be related in an gnabway to aorsional
persistence lengthr, defined as the correlation of a vector normal to the chais and
with fixed orientation relative to the molecular structuféh@ polymer chain. The torsional
rigidity C has been measured by various techniques, inetpfluorescence polarization
anisotropy decdy'® and DNA cyclizatioA'™3 and the published values converge on a
value of Ly = 65 nm (191 bp).

2.2.3 Stretching Rigidity

The stretching elasticity of DNA has been measured by singikecule experiment$ 1°
and also calculated by molecular dynamics simulafi®h$ The stretching modulus of
DNA is about 1500 pN, where = F' - Ly/AL (AL being the extension of a chain of
length L, by the forceF). The stretching energy of a segment of lengthat is stretched
by Alis:

Lo,
EStT_2lAZ (3)

DNA stretching does not play a significant role in chromatiuctural transitions, since
much smaller forces are already causing large distortibtieed30 nm fiber (see below).

2.2.4 Intrachain Interactions

The average DNA helix diameter used in modeling applicatgrch as the ones described
here includes the diameter of the atomic-scale B-DNA stmgcind — approximately —
the thickness of the hydration shell and ion layer closegtéadouble helix. Both for the
calculation of the electrostatic potential and the hydraayic properties of DNA (i.e. the
friction coefficient of the helix for viscous drag) a helixadieter of 2.4 nm describes the
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chain best2%4 The choice of this parameter is supported by the resulthaihcknot-
ting?! or catenatiof?, as well as light scatterif§and neutron scatterifgjexperiments.

As pointed out ift?* DNA intrachain electrostatic repulsion can be adequately d
scribed by a Debye-Huickel electrostatic potential betws®e uniformly charged non-
adjacent segments {) in a 1-1 salt solution:

2 —RTij
B = y—//d)\id)\»e 4
0= o (4)

Here, the integration is done along the two segmektsind \; are the distances from
the segment beginnings,; is the distance between the current positions at the segment
to which the integration parametexs and \; correspondy is the inverse of the Debye
length, so thak? = 8we?l/kpTD, | is the ionic strengthe the proton chargeD the
dielectric constant of watew, the linear charge density which for DNA is equabioy 4 =
—2e/A whereA = 0.34 nm is the distance between base pairs. More details thet
normalization of the linear charge density etc. have beesrgin our earlier papér

-

Figure 3. Example of a Monte-Carlo equilibrated structure ochromatin fiber consisting of 100 nucleosomes
(red), linker segments (blue) of repeat length | = 205 nm.

3 Monte-Carlo Model of the Chromatin Chain

As an example of the application of a polymer chain model toogee structure, we de-
scribe here the simulation of nanomechanical propertigssoéhromatin fiber by a Monte-
Carlo model. The flexibility of the chromatin fiber has beeraswged in a set of exper-
iments, either by relating the spatial distance of markershe DNA to their genomic
distancé>2’ or by direct measurements of cyclization probabil®fe®. The persistence
obtained cover a large range from unrealistically low valagabout 30 nrff 2°to values
of up to 200 nri®. In our recent work, we show that depending on the local structure of
the DNA on the nucleosome, the nucleosome repeat and thenmesr absence of linker
histone H1, this wide range of persistence lengths may hedeped.

In the model the chromatin fiber is approximated as a flexiblgrper chain consisting
of rigid ellipsoidal disks, 11 nm in diameter and 5.5 nm ingigi These disks are con-
nected by linker DNA, represented by two cylindrical segteefncoming and outgoing
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linker DNA are set 3.1 nm apart of each other. This geometeyl is essentially the “two
angle” model developed earlier by Woodcock et'al.

40T 600 1 I
50 +
a0+ @
250 T '
200 +
150 T
100 4
50 +

persistence length [nm]
persistence length [nm]

191 195 200 205 210 215 220 195 196 197 198 199 200 201 202 203 204 205
repeat length [bp] repeat length [bp]

Figure 4. Persistence length of modelled 30 nm chromatimditvith different nucleosomal repeats in the pres-
ence and absence of linker histone H1. The twisting angledsat adjacent nucleosomes is adjusted to the
canonical value of 360 per 10.5 bp. The persistence lengths of fibers with linketohis (closed symbols,
dashed lines) are higher than for fibers without linker mist¢open symbols, solid lines). This effect is stronger
for short repeats and weakens with increasing repeat lenfle peaks show that the twisting angle strongly
influences the stiffness of the fiber, leading to a non-mammie variation of I, with nucleosome repeat.

A typical conformation of a 100 nucleosome chain after 8. M@ steps is shown in
Fig. 3. Simulations were done with either a condensed fiberstarting conformation or
an initial conformation where all segments are ordered itnaaght line.

The bending and stretching rigidities of the modelled chatmfiber are then com-
puted over the trajectory from the fluctuations in the begdingle or the fluctuation in
the overall fiber length. The results show that the bendirgtha stretching stiffness of
the chromatin fiber strongly depend on the local geometnhefriucleosome. Both the
persistence length,, characterizing the bending stiffness of the fiber, and thetch-
ing moduluse, which describes the stretching stiffness of the fiber, elese if either the
linker lengths or the opening angle are increased, or th&titwgi angle is reduced. This
behavior is independent of the presence of the linker héstdh. The latter decreases the
opening anglev between the entry and exit of the linker DNA and as a resutidea a
more condensed fiber structure for high salt concentratforhis is in agreement with
our simulations, since the presence of the linker histoweded stem motif yields higher
persistence lengths thus stiffer fibers (Fig. 4).

The other major result of the simulation comes from compgitie persistence length
of the modelled fibers to that of a hypothetical rod from arigpic elastic material having
the same stretching rigidity as the chromatin fiber. Suctdawould have a bending rigid-
ity 4-10 times higher than that actually measured, or sitedl&ere. Thus, the chromatin
fiber is less resistant to bending than to stretching. Thigp@rty of the chromatin fiber
is important for its ability to condense and decondensegkample to prevent or allow
transcriptional access. Chromatin fibers thus seem to bleedamore easily via dense
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loops than by a linear compression. The formation of suclselémops of hairpin struc-
tures of interdigitated chromatin arrays has been recentijgestetf, and some hairpin
conformations could also be seen in our simulations (datahmmwvn).
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The subject of this study is the application and tuning oftxg statistical analysis methods
for molecular dynamics (MD) data analysis. Special attents focused on detecting causal-
ity relationships (time precedence) between events in Mi3ell on time series derived from
trajectories. The problems of time-series preprocessingh as normalization and filtering,
and the choise of the most appropriate causality detectietihad is discussed. Features and
characteristics of two existing and widely applied methaddgected Transfer Functidnand
conventional Granger causality approachase described. We suggest an adaptation of the
conventional Granger method for MD analysis. The adaptezh@r method is tested using
the MD/SCC-DFTB simulation data of the proton transfer tieacin malonaldehydeand a
coarse-grained MD simulation of HIV-1 protedse

1 Introduction

Detecting causality relationships between conformatichanges in biomolecular sys-
tems simulated with molecular dynamics (MD) methods is ot@l importance for de-
scribing their mechanisms and understanding the logic af flanctioning. An attempt
to approach this problem was presented in our recent Studie followed the Granger
causality methodologyand applied a Multi-Variate Autoregressive Model (MVAR)thvi
Directed Transfer Function(DTF), which was used succdgsSfuEEG time-series anal-
yses. However, the method still requires some tuning, and in pnésentation we deal
mostly with a conventional Granger approactVe analyse also two following problems -
normalization of the data and the noise filtering.

2 The Causality Analysis Model

Classical correlation analysis detects linear couplirtgzben variables at the same time but
it cannot detect linear couplings with a time shift or noalin couplings. One of the more
advanced solutions is the MVAR model, which can detect tahifted linear couplings:

X(t) =Y A@)X(t — i)+ E(t) (1)

=1

where: X(t) = {X1(t),...,Xk(t)} - vector of analysed: variables at timef, called
also channelst — i = t — ¢ - dt - a notation for the time shift of steps backward;
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A(i), i = 1,...,p - fitted MVAR coefficients, matrices df x k dimension;p - model
order;E(t) - white noise vector ok dimension.

The A (i) are fitted to satisfy condition (1) and ke&dt) componentsE;(t), linearly
uncorrelated, with proper mean and standard deviation.stdreard deviations df; ()
correspond to the white noise levels in each variable aretiahéteA (i) estimation.

The raw MVAR coefficients are usually not representativesiarpurposes. Results of
the MVAR fit usually depend on the model order (real signalsdiosatisfy a strict MVAR
model), they can be also different for subsets of time sefi@e®ur purposes the MVAR
model plays a role of a searching engine, not the system pdriaation method.

Some time ago we testeé more comfortable representation of the MVAR analysis
namely, the Directed Transfer Methbdrhis method was designed for EEG analysis and
it is based on the frequency representation of signal tresssom, well optimized for linear
systems with a clear linear filter interpretation, and ndésel independent. However,
the method requires variables of the same units and a sigigaal type (such as electric
potentials recorded as EEG signals). Itis sensitive tarsgahriables and gives ambiguous
results for variables expressed in different units. Thabpem is very importantin MD data
analysis because MD simulation observables, such as degaangles, combinations of
differentdegrees of freedom, energies, etc., have diffengits. Normalization of variables
is connected with choosing the appropriate noise levelHerrescaled variables, which
determines the MVAR fit.

In this study we test an older, but equivalent to DTF, modwe: dconventional Granger
causality approach. This method is based on comparing of the MVAR fidrevith and
without selected variable information. To estimate causal infleepfcX; variable on
variableX;, we should select MVAR-model ordgrand perform the following MVAR fits.

From the fit for full variables seX (¢

~—

= {X1(8), ..., Xx(1)}

X(t) = A(D)X(t—1i)+ E(t), (2)

-

1=1

we compute the residual variance matvix= (E7 (t)E(t)).
From the fit for variables set witl(; excluded:

X (t) = {X1 (1) ey Xjo1 (8), X1 (8), ooy Xi(t)}

P
XD (t) = Z ADHXOD(t — i)+ ED(t), (3)
i=1
we compute the residual variance matixt!) = ((EU) (¢))TEV)(t)).
Note thatdimV = & x k anddim VU =k — 1 x k — 1.
The causality measure fof; — X; direction is defined as:
Vii
- — €01 (4)
‘/iij)
The J;; matrix is usually asymmetric and represents the strengthdglayed linear
coupling between pairs of variablé§; — X;, where0 corresponds to no coupling.- to
X; fully determined byX; with the linear relationship.

Jij =1
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The conventional Granger method results are not sensitirestaling and unit choice,
which results from the construction of this method. Thigdeais very important for our
applications. Optional renormalization can be applieddetter numerical MVAR fitting
convergence and accuracy.

3 The Conventional Granger Method - Examples of Applicatiors

3.1 Malonaldehyde Molecular Dynamics Trajectory

Malonaldehyde molecule is shown in Fig.1a. The analysgédi@y was derived from a
combined quantum/classical dynamics of the proton trarsfaveen O1 and O2 oxygen
atomg, and contains 1000000 observations probed every 10 fsy(@@esteps of dynam-
ics). Previous analyses show that the proton transfer isoperative reaction and the

a) b)

o1 /Hl 02 o1 N \OZ
Pay
c)

X1 X2 X3

e)
X1

X3

< E CX3(t-1)

Figure 1. Malonaldehyde example: a) the malonaldehyde culde b) relationships between values of
X1, X9, X3 variables in the same tintec) classical correlation matrix for th&;, X2, X3 variables defined in
Eqn.5; d) the Granger causality matdy; for the X1, X», X3; e) causality diagram corresponding.tg; with
the shown feedback(y — X3; f,g) relationships between values of thg , X3 variables with the time shift
+1.
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required condition for the proton hopping is the small O1 &#idistance. We selected
following variables for the causality search:

[HO:| — |HO,|
|HO: |+ [HO;|

The X, variable is called the ,,reaction coordinate” and in oumepi describes the rela-
tive proton position. TheX; variable is the projection of relative velocities of O1 andl O
atoms on the); O, direction. Simple correlation matrix (Fig.1c) does notwhamy inter-
esting correlation because the variables measured in the seoment are either indepen-
dent or couplings are nonlinear (Fig. 1b). The Granger ntetpplied to malonaldehyde
data shows strong bidirectional causality relationstepdback) between variabl&s and
X3. Itis an example of existing of non-instant correlationsi@en the spatial and velocity
degrees of freedom.For automatic detection ofXheand X, couplings, we need to apply
nonlinear and/or instant causality extensions of the cotiweal Granger approach.

X1 =010, X2 = , X3 = (V52 —v51) - 0102/]0105|  (5)

3.2 HIV-1 Protease Molecular Dynamics Trajectory

We have analysed the coarse-grained dynamics trajectdtj\ol protease (Fig.2a) per-
formed in the NVE ensemble The trajectory contained 10000 frames, delayed by 10 ps.
The conformation of the protein was represented by reduagdhies: 10 PCA projections
derived from the Essential Dynamics metholo instant linear correlations between the
variables were seen in this parametrization because tleegliaady included in the PCA
eigenvectors. The Granger method detected only weak e@slFig.2b) and for the anal-
ysis we have selected those witly > 0.1 (diagram in Fig.2c)./; is the largest element
in the first row, which indicates th&s — X coupling. This coupling is strongly non-
linear (Fig.2d) and difficult to detect by linear methodst the Granger method detected
it as a result of some linear correlation. The coupled PCAiongtare shown in Fig.2ef -
the eigenvector correspondingXa is the most significant movement which characterizes
the flap opening. The second one, correspondinggas also a component of flap move-
ment. Both components change distance between the 17 argid@es of two symmetric
chains. The movement i direction is preceding th&’; flap opening movements, but
the Granger method detects it as not very important stzisti A similar correlation was
described in the cited articl$.

4 The Influence of Smoothing

Smoothing algorithms (e.g. Savitzky-Golay fiffgrare usually based on linear filters. The
output signal at timé is a linear combination of input values over a window of times
X[(t) = Sp=5 e(k)X;(t + k). Linear filtering of the signal obviously interferes with
the MVAR model; the MVAR model will detect filter parameterk@n run on a too densely
probed data. In some cases, filtering can remove some noisgliie signal, and can help
in detecting of the expected couplings. Sampling of the fitatdhe MVAR analysis should
have lower density than the window size used for the pregestimothing operation.

We applied smoothing of the data by Savitzky-Golay polyradrfiiter®, with ky = 4
(then window was 9 frames long) and order of polynongiathen probed data every 10
steps. This operation doesn’t improve causal relatioribilrtyg.
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a) b)

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10

Figure 2. HIV-1 protease example: a) the ribbon model of HIFR homodimer; b) the Granger causality matrix
Jij forthe Xy, ..., X0 variables (reduced coordinates which result from the ptige of the MD coordinates
on ten most significant PCA components); c) causality diagcarresponding ta/;; which shows causality
relation for J;; > 0.1 ; d) the relationshipXs — X3 with the time shift of1 e,f) the PCA eigenvectors
(movement directions) corresponding to the and X projections, respectively. Motions occur from blue to
red, and back.
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5 Conclusions

We have been developing and applying two versions of theatiusanalyses: the
MVAR/DTF and the conventional Granger approaches. MVARFDVas presented n
This study deals mostly with the conventional Granger apgho We analysed MD simu-
lation data of malonaldehyde and HIV-1 protease.

The conventional Granger method based on the Multi-Vakat®regression Model
is a quite efficient tool for the molecular dynamic data asslybecause it is independent
on normalization and can be applied for signal channelsacitarized with different units.
We have been developing the generalization of this methodidtecting of non-linear
couplings. For the studied examples prefiltering of the bafare the MVAR analysis did
not improve the sensitivity of the method in detecting thpested couplings. It interferes
with the MVAR and should be use with some care.
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All-atom simulations of protein folding starting from affairy structures are currently possible
only for small proteins and, consequently, united-residhaelels of polypeptide chains are used
in the field. The UNRES model and the respective force fieleldped in our laboratory belong
to this class. As opposed to knowledge-based or heuristicseegrained force fields, UNRES
was carefully derived as a restricted free energy functiom molypeptide chain, in which fine
degrees of freedom not included in the model have been at@djout. This article summarizes
recent developments and applications of the force field.

1 Introduction

United-residue or mesoscopic models of proteins receinsiderable attention because,
in contrast to all-atom simulations, they enable us to sthdyfolding of large proteins at
micro- or millisecond time scale. Most of the existing aparioes are knowledge-based,
which makes explicit use of the information from proteirustural databases during the
process of conformational search. These approaches grsweressful in predicting the
structure of proteirisbut their application to study folding dynamics is limited.

During the last few years we have been developing a mesaspbgsics-based force
field termed UNRES (UNited RESidue)its initial applications were energy-based predic-
tions of protein structure defined as the lowest-energyaromdtiorf 3. Despite consider-
able success inthis field, we realized that such energydipaediction does not correspond
to the process of formation of the native structure, whiolpWing Anfinsen’s thermody-
namic hypothesfsis a collection of very similar conformations occupying thesin with
the lowest free energy and, consequently, we changed theagpto ensemble-based
global optimization. We also extended the application ofRES to study the thermody-
namics, dynamics, and kinetics of protein folding.
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2 The UNRES Force Field

In the UNRES model a polypeptide chain is represented aswuenseq ofx-carbon atoms
(C*) with attached united side chains (SC) and united peptidegs (p), each of which is
positioned in the middle between two consecutiVedfoms, as shown in Figure 1.

Figure 1. The UNRES model of the polypeptide chain. Darklesreepresent united peptide groups, ©pen
circles represent the Catoms, which serve as geometric points. Ellipsoids repteside chains, with their
centers of mass at the SC’s. The p’s are located half-wayesgtwwo consecutive €atoms. The virtual-bond
angles), the virtual-bond dihedral angles and the anglea s and3s¢ that define the location of a side chain
with respect to the backbone are also indicated.

The effective energy function is a sum of different termsresponding to interac-
tions between the SQfsc, sc;), SC and pUsc,y,;), and p Uy,,,) sites, as well as local
terms corresponding to bending of virtual-bond angl€§;), side-chain rotamer$i...;),
virtual-bond torsional {{;,,.) and double-torsionall{;,.;) terms, virtual-bond-stretching
(Upond) terms, correlation terms(]égﬁ)r) pertaining to coupling between backbone-local
and backbone-electrostatic interactid@herem denotes the order of correlation), and a
term accounting for the energetics of disulfide borldsy). Each of these terms is multi-
plied by an appropriate weighi;. The energy function is given by equation 1.

U =wsc Z Usc,sc; +wscp Z Uscip; + Wpp Z Upip,

i<j i) i<j—1

+Wior Z Utor (’71) + Wtord Z Utord(7i7 ’7i+1)

6
“+wyp Z Ub(ez) + Wrot Z Urot (O‘SCi ) Bsci) + Z wgzqz‘Uc(g}”)r
i i m=3

nbond

+FWhond Z Ubond(d;) + wss Z Uss;i (1)
=1 7

The prototype of equation 1 is the restricted free energyE)Rforresponding to a

given coarse-grained conformation of a polypeptide chaivater in which all secondary

32



degrees of freedom, such as the solvent coordinates, altertation angles of the side
chains, and the angles for the rotation of the peptide grabpsit the C - - - C* virtual
bonds have been integrated dutWe expressed the REEn terms of Kubo’s cluster cu-
mulant§ and the cluster cumulants into a generalized cumulantssefibe fact that the
UNRES energy function has the sense of a free energy impdiee pendence on tempera-
ture, which we introduced recentlipy multiplying the energy-term weights by appropriate
temperature factors.

3 Search of Conformational Space with UNRES

In our earlier implementations of UNRESwe were looking for the global minimum of
the energy. We developed a global-optimization tool tera&bnformational Space An-
nealing (CSA) methdll based on the framework of genetic algorithms. This approac
produces the lowest energy minima and can be identified wittirfg a “folded” structure
at the temperature of 0 K. This approach ignores the confoome entropy and, con-
sequently, some proteins whose native-like structuree i@rnd as lowest in energy in
CSA searches failed to fold to the native structures in cabaiMD simulations with the
UNRES force field.

To obtain a protocol closer to the real folding process, weeltgped mesoscopic
molecular dynamics, in which the UNRES energy function @iqun 1) plays the role of
the potential energy; we refer to this approach as UNRESAW®use either the equations
of motion with explicit stochastic and friction terms to acat for non-conservative forces
coming from the solvent (Langevin dynamics; appropriatettmy folding dynamics) or
couple the Newton-like equations of motion with the Beremdthermostat, which results
in faster search of the conformational space. Rec&hilye extended the UNRES/MD ap-
proach to study the folding of multichain proteins and alswedoped a procedure to handle
dynamic formation and breaking of disulfide bonds during UBSRVID rung!. For better
search of the conformational space we implemeftdte multiplexing replica-exchange
method® in UNRES/MD (this algorithm is referred to as UNRES/MREMDYe paral-
lelized UNRES/MREMD to run on sytems with 1,000 processensiore; an example of
scalability is shown in Figure 2.

4 Applications of UNRES

4.1 Folding Dynamics

UNRES/MD provides an about 4000- and 200-fold speed-up emetpwith all-atom MD
with explicit and implicit solvent, respectivélythus makingab initio folding simulations
possible. We studiédhe folding of a number ofi-helical proteins and an + 3-protein
(1LEOG). With the version of the UNRES available at that tilme $imulated folding of the
a-helical proteins followed the diffusion-collision modwihile the folding of 1E0G started
from the formation of alle-helical structures with subsequent approach, straigingeand
final packing of the ends into a two-strandedheet.
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Figure 2. (a) Speedup of the UNRES/REMD algorithm as a fonabif the number of processors (red solid line
and circles) compared with the theoretical line correspantb 100 % speedup (green dashed line). (b) Efficiency
(speedup/number of processors) vs. the number of prossfesdhe same system. The protein studied was 1SAP
proteins and the simulations were run on the Julich BlueeGeipercomputer.

4.2 Folding Kinetics

The advantage of parallel computing combined with the sppeaaffered by UNRES com-
pared to an all-atom approach enables us to run multiple ézndrajectories simultane-
ously from which information about the mechanism and kinetjuations can be extracted.
We carried out such a stutfyon the N-terminal fragment of the B-domain of staphylococ-
cal protein A (a 46-residue protein with a three-helix-bienstructure). We found two
folding routes: a fast one proceeding directly to the nativecture and a slow one passing
through an intermediate with mispackeéhelices. We also found that the variation of the
fraction of native structure obeys biexponential kinetighich is in full agreement with
the presence of two folding routes.

4.3 Folding Thermodynamics

UNRES/MREMD is a robust tool to compute the thermodynanacal structural charac-
teristics of proteins at various temperatures and, theteldetermine the thermodynamics
of protein folding. We implementédhe weighted histogram analysis method (WHAR1)
method to process the results of MREMD simulations. The agetbcurves of heat capac-
ity and ensemble-averaged native-likeness (e.g., RMSD fte experimental structure)
are good measures of the quality of the force fiefd

4.4 Prediction of Protein Structure

We define the native structure as the most probable confmnatensemble at a tem-
perature below that of the folding transition. We developgatotocol in which we run
UNRES/MREMD simulations, then determine the heat-caparitve and, finally, run a
cluster analysis and select the clusters with the greatebapility at a temperature below
the folding-transition temperature. Figure 3 shows thalte®f the implementation of this
protocol to predict the structure of target TO300 in the CABRnd-prediction test.
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Figure 3. Compaorison of the experimental (left) and predictructure of the 2—-65 fragment of the CASP7 target
T0300 (RMSD=6A).

5 Concluding Remarks

The UNRES model has two advantages: it is a coarse-graindélmath which to study
protein folding in real time and is based on clear physicaigiples. The present UN-
RES force field is still in the process of tuning but can alsebd used to carry out reli-
able prediction of protein structure, folding thermodynesnand folding kinetics. Further
applications include studying large-scale motions of girst and protein complexes and
membrane proteins.
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The computational study of a variety of important processesh as processes involving bond
breaking and forming and electron reorganization, reguie application of quantum mechan-
ical methods. In biological systems, this situation islertcomplicated because the influence
of the environment must be taken into account. In thesetging hybrid quantum mechan-
ics / molecular mechanics methods can be used. We describevie new QM/MM imple-
mentations based on the Amber Molecular Dynamics packagéstake it possible to use of a
variety of quantum mechanical methods with any of the teqpnes available in Amber. Results
are provided for the application of these implementatiansvb different systems.

1 Introduction

Due to the large system size, computational studies of gicddly relevant systems such
as proteins, nucleic acids and carbohydrates need to resagiproximated Molecular
Mechanics (MM) methods which apply parameterized forcel$ieb describe molecular
properties such as bond lengths, angles, dihedrals, @atic and van der Waals forces.
The use of such parameterized methods greatly reduces thputational complexity,
allowing the study of processes including ligand bindinggyame reaction mechanisms,
protein folding, refolding, and denaturation, providimyaluable help in the analysis of
complex experimental data and structures.

Despite continuous efforts to develop more reliable forekelé for use in MM calcula-
tions, including the use of QM calculations and genetic atjms in the parameterization
of the force field, classical mechanics methods lack théwhil treat fundamentally quan-
tum processes, such as bond breaking and forming and chacgigtions as a function of
geometry, or to describe parts of the potential energy sarfa from equilibrium. In some
cases, although computationally expensive, it is possibiieeat a model system purely by
QM methods, but the effect of the environment must be eitegiatted or simulated by
a continuum dielectric approximation. An alternative thbidws the explicit inclusion of
environment effects while treating the most relevant pathe system with full quantum
mechanics was first explored by Warshel and Levitt as early9d$} and is the use of
hybrid quantum mechanics / molecular mechanics (QM/MMgw@alions whereby a sub-
section of the system is treated by QM methods, the rema{edeironment) is treated by
standard molecular mechanics (MM) methods, and a coupbitgnpial is used to connect
the two regions.
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Recent work in our group has focused in the implementatiaregplication of hybrid
QM/MM techniques for the study of biologically relevant s®s. In particular, discussed
here are two recently developed interfaces: the new ngteeji-empirical) QM/MM sup-
port available in Amber §,and the integration of the Amber MD program with a QM
program through the PUPIL interface. These interfaces diffe advantage of blending
seamlessly with the Amber program, allowing the applicatbany of the advanced sam-
pling methods available in Amber to QM/MM problems.

2 QM/MM

In a hybrid QM/MM calculation, the system is partitionedarivo regions: A QM region,
typically consisting of a relatively small number of atonstevant for the specific process
being studied, and a MM region with all the remaining atomise Total Hamiltonian )
for such a system is written as:

= FOM 4 frMM ﬁQM/MM’ (1)

where HOM and HMM are the Hamiltonians for the QM and MM parts of the system,
and are calculated using either the QM method chosen or tha f@ce field equations,
respectively. The remaining ternif@/MM describes the interaction between the QM
and MM parts and typically contains terms for electrostaten der Waals and bonded
interactions across the region boundaries:

HO@M/MM _ Hﬁ%/l\lM + f[QM/MM _i_I;[QM/MM_ )

elect bonds

In the approach used for both Amber QM/MM interfaces presritere, the van
der Waals H%%/MM) is treated as usual by the MM program, using the standar@ 12-
Lennard-Jones parameters from the force field in use. It bas bhown that this choice
does not introduce significant errors in the calculafioAlso, both interfaces described
here use a link atom scheme if bonds are broken across the QiVbddindary. Finally,
the remaining term[{[QM/MM), describing the electrostatic interaction between the MM

elect

and QM zones, depends on the specific interface.

3 Semi-Empirical QM/MM in Amber

One of the most used programs for MD simulations is saaderprogram, part of the
Amber suite. Thesanderinterface for QM/MM has been recently rewritten, placingseg
emphasis on speed and accuracy, allowing the simulatiogystémms with a reasonably
sized quantum mechanical region (around 300 atoms) for(leeugoseconds) timescales. It
now natively includes a number of semi-empirical Hamiltord for QM/MM simulations
including MNDO#*5AM1,8 PM3,”8 PDDG/PM3 and SCC-DFTB? Our group has been
involved in the implementation of the SCC-DFTB method.

The Self-Consistent-Charge Density-Functional Tightdiug (SCC-DFTB) is an ap-
proximate method based on Density Functional Theory (DFdjfa second order expan-
sion of the DFT total energy in the charge density fluctuatj@mnd has been described in
detail elsewheré! 10 |t has been successfully applied to the study of a varietystesns,
and has been shown to yield results comparable in accurady-toitio MP2 calculations
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with large basis sef$. (For a recent review on applications of SCC-DFTB to bioladjic
systems, the reader is referred to Ref.[13].)
The integration of SCC-DFTB with Amber 9 has been descrimaedmtly’* In this

implementation, the electrostatic interaction energyveen the QM and MM regions
(Hgé\ft/MM in Equation 2) is calculated as a Coulomb interaction betwtbe atomic

Mulliken charges calculated from the SCC-DFTR, ) and the classical RESP charges on
the MM atoms @) 4), as in Equation 3.

QM MM

FAMPM NNy Qe @)
A

TaA
«a

Showing how the QM/MM implementation can directly tap irtte imethods in Amber,
the free energy surface (FES) for the capped alanine digmaCE-ALA-NME, AD)
in vacuum was generated using Replica Exchange Moleculaaiics!® with the AD
treated by SCC-DFTB. 6 replicas were used, at temperatfire$1o2K, 219.9K, 300.0K,
419.3K, 558.4K and 761.8K. Exchanges were attempted 1@i®@8, with 0.5ps between
attempts, and a time step of 1fs with SHAKE was used. The bhandkermostat with a

0 60 120 180

. 180
T=219.9K ' o
- 120 03

T
T=1612K

T=300.0 N

Figure 1. Free Energy Surfaces for alanine dipeptide obtsirom the SCC-DFTB/REMD calculation.
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collision frequency of 2.0ps' was used to regulate the temperatures.

Figure 1 shows the FES for four different temperatures, dsulded fromG =
—RT In(P), where G is the Gibbs free energy, R is the gas constant andhk item-
perature, and® is the (normalized) probability P of finding the AD in a confaation at
a particular region ind¢,)-space from the MD trajectories. The surfaces show a clear
minimum aroundy/¢ values of (83°,76°), which corresponds to the known g 7/mini-
mum for AD in vacuum, and other structures are populatedrapéeature increases. The
relative energies compare well with calculatdstinitio values calculated previousl.

4 Amber-Gaussian QM/MM Through the PUPIL Interface

The interface described in the previous session has thextfy@of being convenient and
easy to use, especially for users experienced with the Aiieprogram. At the current
stage of development, however, the QM region is fixed througthe calculation, and
limited to semi-empirical Hamiltonians.

The PUPIL (Program for User Program Interfacing and Linkisa free, open source
package created to facilitate the interfacingdfitrary MD and QM programd/-*8 Cur-
rently, interfaces with DLPOLY, MNDO97 and Siesta have béemeloped. We have
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Figure 2. Work of breaking the N-N bond in Angeli’s salt for #erent simulations, and the free enrgy obtained
by the Jarzynsky equation.
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recently included interfaces wiganderand Gaussian03 to the PUPIL system. In PUPIL,
the equations of motion are propagated as usually by the MBram and the forces over
the QM region are provided by the QM program, while the PURIlleliface manages exe-
cution of the two programs, as well as the required inforaratiow. The influence of the
MM atoms on the QM zone is taken into account by electroniceatding, where the MM
atoms are considered as point charges fixed at the positiding MM atoms, and with the
charge values from the force field parameters in use.

In the Gaussian03 interface, the force contribution froengbhantum atoms to the total
force acting upon the classical atom}squ) is obtained by dividing the electronic density
into a grid, and calculating the interaction of the MM chawgth each point in the grid:

cube

dq;
FiQM _ Z ry; qprc; 3613 : (4)
; |1
where
dgj = pjdrdydz. (5)

As an example, the free energy change associated to a sppeoifiess can be calculated
using the Jarzynski relationshtf:?!

—BAG(d) _ [ ,—BW(d)
e <e >d:do , (6)

where the brackets indicate an average taken over a largbarwhindependent realiza-
tions of the process (in this case, molecular dynamicsdrajies) all starting at different
points belonging to the same equilibrated ensemble.

Figure 2 shows work results five trajectories breaking thid Biend in the monoproto-
nated Angeli’s salt (@N-NHO™) in explicit water, together with the free energy calcuthte
using Equation 6. The Angeli's salt was treated quantum raichlly by Gaussian03 at
the UB3LYP/6-311+G(d) level, and put in a large box of TIP3Rt@r molecules. The
free energy barrier for breaking the N-N bond is calculatete 5.84 kcal/mol, which is
in good agreement with previous estimations using B3LYFlie same basis set and
implicit solvation??

5 Conclusions

This communication describes and exemplifies two new QM/Miglementations. Both
have the advantage of being based on the Amber moleculandgsg@ackage, allowing
their application in tandem with any of the advanced sangptiethods available in Amber.
Results of calculations using both implementations argigeal.
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Physical chemical studies of hydrogen bonding and hydrbighinteractions, and experimental
studies of the structure and folding pathways of bovine gaatc ribonuclease A motivated
the development of a theoretical approach to compute prateucture and protein-folding
pathways.

1 Introduction

This article traces the development of our experimental thedretical efforts to gain
an understanding of the underlying physics that contratspifogression from a newly-
synthesized polypeptide chain to the three-dimensionatitre of a native biologically-
active fibrous or globular protein. Our earliest involverneith this problem was con-
cerned with the influence of hydrogen bonds and hydrophat®cactions on protein struc-
ture and reactivity. This work led to our efforts to determprotein structure and folding
pathways, first by experimental methods, and subsequentlydoretical methods.

2 Internal Bonding in Proteins

Internal hydrogen bonds influence the observed pKs of itézgroup$ and even the
reactivity of covalent bonds e.g., peptide bonds. Figure 1 provides an example of a
hydrogen bond between a tyrosyl donor and a glutamate amcefte observed pKs of

4
—CHZ—CHZ—C\O e HO@CHZ—

Figure 1. Example of a tyrosyl - glutamate hydrogen bond.
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these groups are modified by the free energy to form (or breagh a hydrogen bond.
Therefore, in comparison with a non-hydrogen-bonded modgipound, the observed
pKs of such hydrogen-bonded tyrosyl and glutamate groufisbeiraised or lowered,

respectively. Consequently, such departures of the pKa fimse of model compounds
are diagnostic for the presence of such hydrogen bonds.

Hydrophobic interactions can provide a nonpolar envirominwghich will also influ-
ence the pKs of nearby ionizable groups. A thédoy the thermodynamics of hydropho-
bic interactions, based on the structures of liquid water @haqueous hydrocarbon so-
lutions was presented in 1962, and upgrdded2004. By themselves, hydrogen bonds
in proteins in water are not very strong because of the nitgésshed water in order to
form a hydrogen bond between the polar groups of a proteirweder, as illustrated in
Figure 2, the presence of nearby nonpolar groups can préwideophobic interactiorts
with the nonpolar parts of residues such as lysine and giatanid and also restrict the
internal rotational freedom of the ionizable side chaimsadldition, nonpolar groups can
restrict the access of water to the polar parts of ionizadkechains. Thus, the cooperativ-
ity of nonpolar groups and hydrogen bonding of ionizable silains can strengthen the
hydrogen bonds.

Figure 2. lllustration of various hydrophobic interacsoof a polar side chain with its surroundings. B refers to
the backbone, and P to the polar head.

3 Location of Hydrogen Bonds in Proteins

Before the advent of X-ray crystallography, NMR, and recaraht DNA methods to de-
termine protein structure, experimental studies to lobgt#rogen bonds between ioniz-
able groups, as indicated by the dotted lines in Figure 3sigeal distance constraints on
the folding of a protein backbone. Such studies, carriedoouthe 124-residue protein
bovine pancreatic ribonuclease A (RNase A), showed thatis @ tyrosyl residues had
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Figure 3. Schematic representation of a protein. Solid atted lines represent disulfide bonds and non-covalent
interactions, respectively.

abnormally-high pKs, and that 3 of its 11 carboxyl groups had abnormallyZl@ks.
Further, the UV absorption spectrum of tyrosine was peedyat low pH where carboxy!
groups ionize. This evidence suggested the existence e tigrosyl- - - carboxylate hy-
drogen bonds, and subsequent physical and biochemicalimques identified one pair-
ing, namely

Tyr25- .- Aspl4

Tyr92. .. Asp38

Tyr97--- Asp83

out of the 19,800 possible ways to pair 3 of 6 Tyr and 3 of 11 @aybgroups of RNase
A. The identification of these 3 interactions was subsedyeatified by the X-ray struc-
ture. These three non-covalentinteractions (dotted im&sgure 3) and the four disulfide
bonds (solid-line crosslinks in Figure 3) provide 7 diseronstraints on the folding of
the backbone. However, 7 distance constraints are not isuffito provide an accurate
description of the backbone of a 124-residue protein sudRN&se A. To determine the
backbone structure, as is now done by NMR, many more distemiestraints would be
required. In fact, it is possible to specify the number otafise constraints requirgh
order to determine the structure within any desired RMSnftbe native structure.

4 Initial Considerations of a Theoretical Approach to Structure
Simulation

On the other hand, even 7 known distances could serve asinéston a potential en-
ergy function to compute the native structure of a proteihisprovided the motivation
to develop® a theoretical approach to compute protein structure, fiysmhking use of
distance restraints and, subsequently, to rely on a phizsissed potential function without
the need to incorporate distance restraints. At about tine g¢mne, Anfinseft identified
spontaneous protein folding, and introduced the thermahyo hypothesis for a theoreti-
cal approach, and we expanded our interest from determatingture to also determining
folding pathways (first by experiment, and later by theory).
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5 Experimental Studies of Oxidative Folding of RNase A

Our experimental study of the oxidative folding of RNase A te the mechanism shown
in Figure 4. Figure 4(a) shows that a pre-equilibrium existsveen the unfolded forms

(a) R'U ISU 2SU 3SU 4SU} pre-folding stage
//\\ folding-coupled
des[40-95] ;  des[65-72] } regeneration steps
post-folding stage

wt

®) RU ISU 2SU 3SU } pre-folding stage

l folding-coupled
} regeneration step

N mutant

Figure 4. (a) Oxidative folding of wild-type RNase A. (b) @ziive folding of two three-disulfide mutants of
RNase A (C40A/C95A and C65S/C72S).

of reduced RNase A, R, and various ensembles of disulfideidmbintermediatéd. The
rate-determining stép is the reshuffling of the three-disulfide ensemble, 3S, bySSH/
interchange, to form two main intermediates, des [40y9&hd des [65-72} which each
contain three native disulfide bonds but lack the 40-95 an@d®disulfide bonds, respec-
tively. These two native intermediatés® rapidly form the native structure of the wild-
type protein. As shown in Figure 4(b), two very minor pathaayist® 17 in which the
2S ensemble undergoes oxidation to des [40Qv9id des [65-72} , which could be de-
tected only with the aid of mutants which lacked the 40-95 @Bé/2 disulfide bonds,
respectively.

The overall scheme for the oxidative folding of RNase A iswvghdn Figure 5. Of
the 28 possible 1S species, 40% have the native 65-72 distiéidd, and 10% have the
non-native 58-65 disulfide bond, and the remaining 26 speseumulate only to the ex-
tent of <10% each in folding of the whole protéfh The 65-72 disulfide bond persists
increasingly in the remainder of the pathwayo form des [40-95]. Interestingly, the
same 40:10 ratio that is found in the protein is also foundmadragment of reduced
RNase A from Cys 58 to Cys 72 is oxidiZ8%?L This result is attributed to preferential
native-forming interactiorf$ and not to entropic effects in the 65-72 loop, since both pos-
sible loops (58-65 and 65-72) have the same size; it is thid & physics that is revealed
by such experimental studies, and by our concomitantly ldpeel molecular mechanics
approach.

6 All-atom Determination of Protein Structure and Folding
Pathways

Progressing from our initial wofR in 1965, with a hard-sphere potential, we developed an
all-atom ECEPP (Emperical Conformational Energy ProgranPeptides) force fiefd,
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Figure 5. Overall scheme of oxidative folding of RNase A

and improved it in subsequent years, the latest version afh#thappeared in 2006. The
ECEPP force field and various procedures that we developeyidial optimization of the
potential energy were described in a recent retteWwhe largest protein whose structure
we have computed with the all-atom force field is the 46-nasithree-helix bundle, protein
A?5 and the 36-residue villin headpigée

Our initial attempt® to compute an all-atom folding pathway made use of the stiitha
difference equation method of El3&r The pathways were computed from each of a large
ensemble of unfolded states of protein A to the final foldedestand then averaged. It
was found that the C-terminal helix folded first, followed the N-terminal helix, and
then the middle helix. Various folding pathways have beappsed for protein A, and it
has been fount that environmental factors and different components irviireus force
fields used may account for the reported differences.

7 A Hierarchical Approach to Protein Structure and Folding
Pathway Prediction

In order to compute protein structures larger than thoseaiep A, we have developed a
hierarchical procedure which initially makes use of a uthitesidue (UNRES) model of a
polypeptide chaitt—3" together with a conformational space annealing (CSA) ptocs®
to search the UNRES conformational space to findegenin which the global minimum
might lie. Then the lowest-energy structures are convdrted the UNRES representation
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to an all-atom on& “°whose ECEPP energy (including hydration) can then be dipbal
optimized.

The UNRES model consists of virtual-bond chains for the bacle and side chains,
with the less-important degrees of freedom (rotation ofabjgtide groups around their vir-
tual C*—C* bonds, internal rotations about side-chain bonds, etejaged out. The force
centers are the positions of the averaged-out peptide grang the ends of the virtual
bonds at the center of gravity of the side chains. The UNRESgynconsists of interac-
tions between these force centers, the energies to varyosgiggns and rotational states
of side chains, the energies to vary the angle between sicedsmckbone virtual bonds,
the torsional angles around the backbone virtual bondsdantle torsions around two
neighboring virtual bonds, and multi-body interactionbeTCSA procedure is essentially
a genetic algorithm in which a finite set of widely- disper&dRES minima are forced
to coalesce to the region of the global minimum.

Performance in successive blind tests from CASP3 to CASBptwvided sufficient
confidence to encourage us to devélofs and apply>—*°a molecular dynamics treatment
based on UNRES. Our recent work with this molecular dynamap®oach is being dis-
cussed at this workshop by A. Lii®

8 Conclusions

The evolution of the development of our experimental andréiical approaches to gain
an understanding of the fundamental physics that contraitejm structure and folding
pathways has been traced. It is elaborated upon in the acomg article by Liwo et
al*®. Current work is focused on the use of the molecular dynaagpsoach with UNRES,
and the improvement of this methodology including intraitrtof entropic effect¥’.
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Summarizing our experience in launching and running theeERZoject over the past ten years,
I will discuss some of major challenges we believe we wilEfatthe next ten years of cell and
systems biological simulation, including the followingaw(1) Undeniably the last ten years of
computational systems biology has been (re)discoveryeobitygest bottleneck in biochemical
modeling; the lack of high-throughput and reliable mearnshtdining reaction rate coefficients.
Computational aids in determination of reaction rate coieffits will be one area in which
fruitful interactions between molecular biology, bioployg chemistry, and supercomputing
are highly expected. (2) Macromolecular crowding is ultigus and found in all types of
cellular organisms on the earth, which can, when coupleld le@alization and diffusion, alter
biochemical dynamics, change equilibrium points, slow damd change the manner how
big molecules diffuse, and amplify intrinsic noise. It is@la suspected physico-chemical
factor behind the emergence of eukaryotic organisms. DBpwebnt of formal treatment and
computational methods for crowded intracellular medid & some of the most important
tasks left for computational biologists.

1 Introduction

The E-Cell Projecf was started in 1996 with the aim of establishing technokidiases

that will make possible predictive modeling and simulatwicellular systems at the
molecular level. Although we are halfway towards the ultiengoal we defined 11 years
ago, | believe we are now at a good position where we can saegand, to some extent,
predict the next 10 years of cell simulation technology biyapolating our experience in
the last decade, with the hope that it will be of any help imking about challenges of
what nature we will encounter and what will have been donecifwould be overcoming
these. But before that, in the next section, let us think albdy we want to model bio-

chemical and cellular systems, and what we could do in thiediese. | will then briefly

look back the history of the E-Cell Project and our simulafatform E-Cell System, and
discuss some challenges | believe we will face in the proeksstablishing cell simulation

technology.

2 Simulation and Science

Why do we want to model and simulate biological systems? Whwe want to do it at
the molecular level, and what insight do we expect from it?

8http://e-cell.org
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. Mental models
Physical models (which, with intersubjective
verifiability provided, are
collectively called science.)

i

(Pathway map)

DLt

(boverning equations)

Level of abstraction

* : Prediction
| / simulation

. > Abstractiqn
/ modeling

System

Figure 1. Physical models, mental models, and how these Imadzobtained or related by means of predictive
and abstraction powers of modeling and simulation.

Science is a collection of mutually interconnected mentadlets that are intersubjec-
tively verifiable and shared by the community of scientigts.a first approximation, we
could define scientific research as forming of such mentaleisoéh Figure 1, on the right
hand side are two examples of such models, a metabolic patimap and a set of equa-
tions for fluid dynamics. Time-space reproduction of molesiconstituting the physical
systems, such as those shown on the left hand side of the figoneot by themselves
represent understanding of how the systems work. Such galysiodels must somehow
undergo a process of abstraction to construct models thattha power to predict and/or
to explain behaviors of systems in different states or dédéint variations of the same type.
Simulation allows us to leap forward exactly one step in #vel of abstraction, from lower
to higher. For example, equations about inter-atomic ®rmild be extrapolated to de-
pict how proteins fold through the medium of numerical siation. Or, atmospheric data
gathered at a geographically sparse set of observatiorspfmina certain period of time
may lead to a model of a larger area, longer time-scalespafidér resolutions. Let us
call this ability of simulation that enables us to intergelar extrapolate physical models
at certain levels of abstraction beyond our accessibiitthe real-world target systems a
predictive poweof numerical simulation.

E-Cell Project is interested in modeling and simulatindutat systems at the level of
the system-level output, or, physiology. If we want to buldysiological models of the
cell equipped with the predictive power, we have to modektfstem at one step lower in
the hierarchy of abstraction. How big or small this 'one s&ould be is subject to many
technological factors. In principle, modeling becomeserass we go lower in the abstrac-
tion level, since composite phenomena and complex compsirethe system tend to be
decomposed to more basic principles and simpler compotiettare easier to model, and
in many cases, less complicated to experimentally meagoessary parameters. This is
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a crucially important aspect of the picture because thedsandart of cellular modeling
and simulation lies in its ontological complexity, ratheah emerging complexities seen
in many other physical simulatiohsOn the other hand, how far we can go down given
a desired observation frame highly depends on computatiapacities and accuracy of
numerical methods.

3 The E-Cell Project

What we aimed at when we started the E-Cell Project was taylthis predictive ability
of numerical simulation into molecular biology. Our inlte@m was to show it is not im-
possible to computationally reconstruct inner workingselfular organisms at the whole
cell-scale, and by doing so, to open a pathway that leaddableshment of cell simulation
as a scientific method and as an inter-disciplinary techgyaiioat spans from measurement
methods to numerical analysis.

We started the E-Cell project stimulated by the determamatif the smallest known
580kb genome sequence Mf/coplasma genitaliumBy the summer of 1997, we devel-
oped an early version of our modeling and simulation platfathe E-Cell System, and a
model of a virtual cell of which 127 genes constitute its béshctions to sustain itself as a
living organism; enzymes in the energy metabolism and phalggd synthesis, and gene
transcription and translation systemsince then, the E-Cell Project has been expanding
areas of work to construct more detailed and precise modeksllalar functions, such as
the bacterial chemotaxis signaling pathwayestherichia coliand metabolic pathways of
human erythrocytes and mitochondria. Concomitant to tbébical modeling projects
was the development of the computational platform, the E-8gstem. We identified
seven desirable features of cell simulation platforms ttrblg useful, which constitute a
quite different set of requirements than that of convergigiysical simulators, such as
the need for an integrative multi-algorithm, multi-timekeframework, object-orientation,
dynamic model structure, and real-time user interactidbee to the length limitation,
interested readers are referred to other E-Cell Projediqations for more discussions.
Since the development of the first versipaur current version is E-Cell System versicn 3
which meets five of the seven requirements we defined. We haxted the development
of a new generation simulation kernel that will be the cor¢hef E-Cell System version
4 to address the two remaining features, multi-spatialeggmtations and dynamic model

structure, in addition to a vastly improved support for ﬂiaraomputationb.

4 Some Important Challenges in Computational Systems Biolgy

Numerical simulation, as well as experimental measurertemfitnologies, is placed at
the center of disciplines playing important roles in congpiohal systems biology, which
is inter-disciplinary by nature. Here | pick up two (amongnypamajor challenges in
computational systems biology that we believe we will fat¢hie course of pursuing cell
simulation technology development.

bht ¢ p://e-cell.org/devel opers/e-cell-4
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4.1 Methods for Determination of Reaction Rate Coefficients

The last ten years have been rediscovery of the lack of Highughput and reliable means
of obtaining reaction rate coefficients, and this lack fodrtige biggest bottleneck in the
biochemical modeling and simulation workflow. Many modgliprojects got stuck as
soon as they faced this lack of input parameters, and a corfeature of the limited num-
ber of successful modeling projects has been the accummlatia large body of kinetic
studies for decades, each determined parameter for aylartenzyme corresponding to
someone’s doctoral degree.

When we think about these systems, however, we notice thed th no such measur-
able physical quantities like 'net reaction rate constahtg there is only coupling of two
distinct physical occurrences; diffusive encounters attants and subsequent interactions
between them. Let us think about bimolecular reactiong,gr@most commonly seen in
cellular metabolic, signaling and gene expression patBw&ych reactions can formally
be written asA + B— > C'. Recall Arrhenius relation

knet = AeXp (_kil;—,) ) (1)
wherek,,,; is the net reaction rate] is the frequency factoiy, is the activation energy,
kp is the Boltzmann constant arid is temperature. It can be read that there are two
factors that determine the net rates of reactions, the énecyuof molecular collisions and
the activation energy which is related to interactions leetavmolecules. Let us then look
at this from another point of view;

1 1 1

knet 4rDo kintrinsic

: (@)

whereD is the diffusion coefficienty is the effective cross section, akg,;,insic 1S the
intrinsic reaction rate. When both of and B molecules diffuseD becomes a relative
diffusion coefficient. The first term in the right hand sidditates essentially the same as
A, the frequency of collision, and the intrinsic reactioreriat the second term corresponds
to the activation energy. Where did tHis Do come from? It came from the Smoluchowski
theory of diffusion-limited reactiorfs In the simplest case where we describe the system
in one dimensional space,

k(t) = 47702D%—S (3)

wheret is the time since one of the reactive species was injecteldetaniedia while the
other species was in a well-mixed statas the distance between reactants, éhib the
concentration of the reactant. At the equilibriutn-¢ oo), and in the low-density limit,

we get;lim; oo k(t) = limy_, oo dmo D (1 + :Dt) = 4mo D. While this result partially

applies to more complex systefnsvhen concentration gradients and noise caused by the
slow diffusion of macromolecules become relevant, or whemsity of molecules is high
(e.g. see next section), simulation is typically the onlyywa accurately investigate the
system. However, this decomposition of net reaction rati@stivo simpler, physically bet-

ter formulated components may be one possible approacleliaimulation to overcome
the bottleneck of reaction rates. An array of experimentthods that can be used to see
how big molecules in the cell diffuse, such as fluorescenceeladion spectroscopy and
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(@) (b)y

Figure 2. An extended lattice gas automata-like simulati@ihod. (a) diffusion of a molecule to one of its 12
neighboring spheres in cubic-close packing. (b) a MontdeQai-molecular reactiolA + B — C' within the
method with the time stef\¢. (c) A sample simulation snapshot of MinD polymerizationEscherichia coli
membrane. Reproduced with permission by Satya Arjinan

Figure 3. Basic idea used in the Green’s Function ReactiomaBycs. Particles are 'protected’ by protecting
domains (spheres in this figure) to limit interactions upwio bodies. In this figure, the particles 1, 2, and 4,

5 form pairs, and the particle 3 remains single. Particlespaopagated according to corresponding Green’s
functions for diffusion.

single particle tracking, are rapidly developing. At thensatime, dynamics of protein-
protein, protein-ligand, and protein-nucleic acid int#i@ns are some of the areas where
expected developments in high-performance scientific etimg would be found most
useful, ultimately leading to a high-throughput method etfiedmination of reaction rates,
possibly coupled with some form of high-sensitivity biosers.

4.2 Macromolecular Crowding

Another area where supercomputing may stimulate sciebtiiakthroughs may consist in
the striking nature of intracellular media. Extremely hdgnsities of macromolecules (50-
400 mg/ml, compare to 1-10 mg/ml typidalvitro conditions), called intracellular macro-
molecular crowding, is ubiquitous and found in all typeselfar organisms on the earth.
Such non-ideal properties of the space in the cell resulifiardnt equilibrium points, al-
tered reaction rates, slow and anomalous diffusion of nmaotecules, and thus modified
overall behaviors and dynamical characteristics of biathal systems. Recently it was
proposed that macromolecular crowding might be the physimmical culprit behind the
emergence of eukaryotic céells

Computational methods that could be used to study diffysamalization and crowd-
ing of proteins in signaling pathways are reviewed somewa/kés€. Here | mention two
approaches the E-Cell Project is currently interestediirst Bf such approach belongs to
a class of methods called cellular automata. Shown in Figusean extended lattice-gas
automata. This class of method discretize the intracelkpace with regular lattice, and
propagate molecules to neighboring sites using MonteeGaalculations. When lattice
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resolution is set adequately, the methods can give an ajppatx reproduction of molec-
ular crowding. Lattice-based methods have a great affinitgnbdern digital computer
architectures, and have promising scalability to supemganrs. Another class of method
we are working to implement on the E-Cell System makes useudfgies in continuum
space and tinfe This method called Green’s Function Reaction DynamicsRB)de-
composes the multi-body problem that constitutes the lgingbal system into a set of
one and two-body problems (Figure 3), and correspondingi@séunctions for diffusion-
reaction are used to propagate the particles. GFRD is aneagtmd form of Brownian
Dynamics (BD) simulation method that is capable of effesdtivepresent crowded space,
and is typically up to five orders of magnitude faster thaditr@nal approaches.

5 Conclusion

Understanding cellular systems as systems, not simply afiection of molecular com-
ponents, yet at the molecular level, is undoubtedly one efrtiost important scientific
challenges in the 21st century, where computation may bkayéo breakthroughs.
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1 Introduction

Optical tweezer experiments have used mechanical forcig et folding and unfolding of
RNA molecules at a single molecule le¥él Application of tension to a specific position
of the molecule, induces sequence and structure-deperdpanse. The measured force-
extension curve (FEC) is fit using the worm-like (WLC) motteIThe stability of RNAs is
inferred by integrating the FECs. For simple motifs, suchagins, it has been shown that
the stability of the native structures can be accuratelysmesl using mechanical unfolding
trajectories which exhibit multiple transitions betweée folded and the unfolded state
when the force is held constant

Mechanical force has also been used to probe unfolding doldireg kinetics of RNA.
The cooperative reversible folding of hairpins has beemvshioy monitoring the end-to-
end distanceRf), a variable conjugate to the mechanigalas a function of time. This
procedure works best when RNA folding is described usingdtede approximation. For
multidomain ribozymes the folding/unfolding kinetics israplex and new tools are re-
quired to interpret the kinetic data. In a pioneering studho@et. al? showed that the
rips in FECs for the L-21 derivative dietrahymena thermophildbozyme {T. ribozyme),
composed of multiple domains, are a result of unfolding dividual intact domains that
are stabilized in the native state by counterion-depertdeidry interactions.

In this note, we probe the forced-unfolding dynamics of RNAirpins using a
simple model. Because these simulations can be used tatlgiraonitor structures
in the transition from folded to the fully stretched statesfolding pathways can be
unambiguously resolved. We use Self-Organized Polymer (SOP) modelr RNA
that is based only on the self-avoiding nature of the RNA dmedrtative structure. We
apply the SOP model to probe forced-unfolding of a number BARstructures of
varying complexity. Many of the subtle features of the véwmias in the mechanical
unfolding as a function of andr; can be illustrated using PSGA, a simple RNA. Our
results show that the response of RNA to force is largely déeet on the architec-
ture of the native state. More importantly, we have esthbtisthat the characterization
of the the energy landscape requires using force valuesddirig rates) over a wide range.
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2 Methods

Model: The SOP model for RNA that retains chain connectivity andifalsle attractive
interactions between sites that stabilize the native fRlach interaction center represents
the center of mass of a nucleotide. In terms of the coordéfate: = 1,2,... N} of RNA
with NV nucleotide the total potential energy in the SOP representss

Vr = VrENE + V,§Z”) + V,fge”)

N—-1 o 2
k Tii+1 — Ty,
E— E §R310g(1——( s ’+1) )
1=1

N
P30 ST a0 - Ay). )
Ti,i+2 =1 j—its U
The first term is for the chain connectivity. The finite extblesnonlinear elastic (FENE)
potentia? is used withk = 2Okcal/(mol-,&2), Ry = 0.2 nm, andr; ;41 is the distance
between neighboring beads interaction centeasdi + 1, r¢,,, is the distance in the
native structure. The use of FENE potential is more advaaag than the standard
harmonic potential especially when considering forcedtshing because the fluctuations
of r; ;41 are strictly restricted arount{i 41 With variation of +Ry. The Lennard-Jones
potential is used to account for interactions that stabitize native topology. Native
contact is defined for the pair of interaction centers whaseudce is less thaRc = 1.4
nm in the native state fofi — j| > 2. If ¢ and sites are in contact in the native state,
A;; = 1, otherwiseA;; = 0. We useds;, = 0.7 kcal/mol for the native pairsg;, = 1
kcal/mol for non-native pairs. In the current version, we have negtboon-native
interactions which will not qualitatively affect the remibecause, under tension, such
interactions are greatly destabilized. To ensure the mossing of the chain, we set
o = 7A. Only for i,i + 2 pairs we set* = 3.5 A to prevent the flattening of the helical
structures when the overall repulsion is large. There aeegfarameters in the SOP force
field (k, Ro, en, €, andR.)8. Of these the results are sensitive to the precise values of
en /e andR.. We have discovered that the quantitative results are gitsento R, as long
as itis in the physical range that is determined by the RNAadmaps. In principle, the
ratio ¢;,/¢; can be adjusted to obtain realistic values of forces. Foplsity we choose
a uniform value of;, for all RNA constructs. Surprisingly, the SOP force fieldttwihe
same set of parameters, can be used to obtain near quaatitzgults for RNA molecules
of varying native topology.

Simulations:Using the SOP model, we simulated the mechanical unfoldialgefolding
of P5GA hairpin. In force-clamp simulations a constant éoig applied to one end of
the molecule while the other end is fixed. Finally, in foragegch computations the
force on the molecule is reduced to the final value to initratechanical refolding. In
both force-clamp and force-quench setup the dynamics oflitiker (usually hybrid
RNA/DNA handles) is not relevant whereas depending on tlaeattteristics of the linkers
the dynamics of linker may play an important role in the feramp experiments
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Time scales: Since a typical value for the mass of a nucleotide, ~ 300g/mol—
400g/mol, the average distance between the adjacent nucleotideshen SOP
representation of RNA iss ~ 5 A e = 07 kcal/mol, the natural time is
T, = (’2—;:2)1/2 = 3 ~ 5ps. We user; = 4.0ps to convert simulation times into
real times. To estimate the time scale for mechanical uifgldlynamics we use a
Brownian dynamics algorithf for which the natural time for the overdamped motion
is Ty = ,f;hThrL (r = 4ps). We used( = 1007-;1 in the overdamped limit, that
approximately corresponds to friction constant of a nuddieoin water. The equations of
motion in the overdamped limit are integrated using the Briaw dynamics algorithm.

Force-induced transitions in a simple hairpin (P5GA): Liphart et. al. showed that
the P5ab hairpin, the construct in which P5c stem-loop ardAthich bulge in P5a are
removed from the P5abc subdomainiin ribozyme, reversibly folds in an all-or-none
fashion upon application of constant force. The equilibribetween the native basin of
attraction N\BA) and the unfolded basin of attractiddBA) can be shifted by altering the
value of the constant forcég,. To probe the two-state behavior of hairpins under force we
used a smaller 22-nt hairpin, PSGA (Protein Data Bank (P@B)eor}® L For the P5GA
hairpin simulations over a wide range of forces can be peréarin reasonable times. The
topologically simple hairpin has a single tetra-loop antergonsecutive base pairs. In an
earlier study* we showed, using a minimal three interaction site (TIS) nhauevhich
each nucleotide is represented by three sites, that thexdgabbehavior of P5GA under
tension is qualitatively similar to P5ab. The much simpl@PSrepresentation of P5GA
allows us to probe exhaustively the folding and unfoldingekics of the hairpin that is
manipulated by force-ramp, force-quench, and force-clamp

The hallmark of P5aband P5GA?, when a constant force is applied to either the
3’ or the 5’ ends, is the observation of bistable kinetics. éWla constany. is applied
to the 3" end P5GA makes transitions (Fig. 1-B) betweenUBA (R ~ 8nm) to the
NBA (R =~ 2nm). At f. = 14.0, 15.4, 17.%N a large number of transitions occur over
45ms duration which suggests that the hairpin dynamics is effelgt ergodic. As in
our previous study the equilibrium constant between the folded and unfoldetphma
calculated using a long mechanical unfolding trajectorincides with an independent
ensemble average calculation i.e., time averages are Isowgjuivalent to ensemble
averages. Wherf. = 14 pN the residence time in thBIBA is much greater than in
the UBA while at f. = 16.8 pN the UBA is preferentially populated (Fig. 1-B). The
population of P5GA in th&N\BA changes whelrf, is varied can be seen in the histogram
(P(R)) of the end-to-end distande (Fig. 1). At f. = 15.4 pN, which is slightly above
the midpoint of theNBA < UBA transition, several jumps between tR8A and UBA
are observed. Th&(R) distribution reflects the bistable nature of the landscaplee
free energy profile with respect t8 is computed usingAF(R) = —kgT log P(R).
From P(R) at f. = 15.4 we can obtain the free energy of stability of the folded hairp
with respect to the unfolded state usings ~ f.ARyr where ARy is the distance
between the folded and unfolded states of P5GA. Uski§yr ~ 6nm we find that
AG =~ 13kcal /mol. The Vienna RNA packadé which uses an entirely different free
energy parameters for RNA, givés ~ 12.8kcal/mol. This comparison shows that the
SOP model can, for simple structures, give accurate refsulgtability. At f. = 15.4 pN,
the transition barrier is about 1.5k5T. The UBA is more populated at this value ¢f.
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Figure 1. A. The secondary structure of PSGA hairpin and its contact rBafhe time-dependent fluctuations
of P5GA hairpin between the folded?(= 1.5nm) and unfolded R ~ 8nm) states. The end-to-end distance
changes spontaneously between two values. The force-ethmygnamics of the PS5GA hairpin is probed for
~ 45 ms. The histogram$’(R) at f. = 14.0, 15.4, 16.8 pN are shown in red. The free energy profl&'(R)

as a function of for f. = 15.4 pN on the right shows two-state behavior.

The observed transition times are much shorter than théeese times in each basin of
attraction which is also a reflection of the underlying caapieity of the all-or-none of
nature of hopping betweddBA andNBA.

Force-ramp: We also performed force-ramp simulations by subjectingRBE&A hairpin

to a continuously changing force, i.e., varying the loadiatg (Methods). The simplicity
of the SOP model allows us to use values pthat are comparable to those used in LOT
experiments. Aty = 45 pN/s (~ 10rj§OT) the force-extension curves show a transition
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Figure 2. Force-ramp unfolding of P5GA hairpiA. An example of FEC at the loading ratg = 45 pN/s
(ks = 0.07 pN/nm, v = 0.64 um/s). The data points are recorded every/50(grey color), but for better
illustration the running average is displayed every %00(red color). B. The end-to-end distanceRj} as a
function of time.C. Time dependence of. The loading rate'y = df /dt is nearly a constanD. Distribution of
unbinding forces from 100 trajectories at four loading sate = r;, 1:—37";, %r;, anler; (r; =4.5x 103
pN/s (ks = 0.7 pN/nm, v = 6.4 um/s)). The red star is the rupture force valye' (= 12.5 pN) atry = 45
pN/s. E. Plot f*, the most probable unfolding force, as a function pf The position of transition statAleps
Alogry

A The inset shows the variation mxgs as a function of-y.

is computed using\z LS = kpT

to theUBA at aroundf ~ 13 pN (Fig. 2-A). As the force dynamically increases we
observe bistable fluctuations in the FEC betweerNBA and theUBA just as when force
is held constant (Fig. 2-A). The conformational fluctuatidretween the two states are
unambiguously seen in the time-dependence of the enddalistance R(¢)) (Fig. 2-B).
As time progresses the force is ramped up which results inaglonfolding R ~ 8 nm)
for ¢ > 400 ms (Fig. 2-B). During the time scale of simulation we find freqtiand sharp
transition between theBA and theNBA (Fig. 2-B).

The location of the unfolding transition stater% for proteins and RNA is often
estimated from force-ramp experiments using the variadiotme most probable rupture
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force withr ([f*,logry] plot). The loading rater; = df (t)/dt, and can be accurately
estimated from the slope of the time dependencg(of as a function of time. The slope
of f(t) as a function of (Fig. 2-C) is nearly the same ag ~ k; x v, wherev is the
pulling speed. Strictly speaking; = ke x v with k', = k' +k, 1 +kp; ). andk,,
kmot, andky;n ke are the spring constants of the optical trap, the RNA moke@rid linker,
respectively. Typicallyk, < kot Krinker, thuskers =~ k3. Throughout the paper we
obtain the loading rate using = k.

From the force distributions, computed at four differeradng rates (Fig. 2-D),
we observe that the most probable rupture forf® @does not increase logarithmically
over a wide range of loading rates (Fig. 2-E). Only if the mang r; is restricted
f* changes linearly withr;*4. The location of the transition staté\¢%?) is usually
calculated usingf* =~ (Akngs)bg r¢ which may be reasonable as longgsrange
is small. However, thef*,logr,] plot is highly nonlinear (Fig. 2-E). If we use linear
regression to analyze th¢*, log 7] plot thenAzLS ~ 0.8 nm for the distance between
the NBA and the transition state. The small value 5% is a consequence of the
large variation ofAzLS asr; is changed'° If the loading rate is varied over a broad
range, ther;-dependence oAxZ5 is manifested as a pronounced convex curvdtime
the [f*,1logr] plot (Fig. 2-E). Based on the equilibrium free energy profileR) as a
function of R we expect that for PSGAAxLS ~ 3 nm if r; is small. Indeed, from
the constant force simulation results in Fig. 1-B we find%> ~ Zu-fr Thus, the
slope of[f*,log ] should decreaseNzL® increases) as; decreases. To illustrate the
dramatic movement in the transition state we have calculatg® using f* values for
two consecutive values of;. For example, using™ ~ 12.5 pN atry = 450 pN/s and
[* ~14.9pN atry = 4.5 x 10° pN/s (a value that can be realized in AFM experiments)
we obtainAz%% ~ 4.0 nm. From the values of* at five values ofr; we find that
AxL5 can move dramatically (Fig. 2-E). In particular, we find tidetZ> changes by
nearly a factor of ten as the loading rate is decreased tesahat are accessible in
LOT experiments (see inset in Fig. 2-E). Because of the néaglarithmic variation of
AxTS onr; over a narrow range af; we do not expect\zX¥ to change appreciably
if r¢ is lowered from45pN/s to ~ 5pN/s. At high r¢ or f. the unfolded state is
greatly stabilized compared to the folded state. From Hantisopostulaté®, general-
ized to mechanical unfoldifgit follows that asf. increases\zL* should move closer

to the native state. The simulations are, therefore, inraloeidh the Hammond'’s postulate.

3 Conclusions

We have used the self-organized polymer representatioNéf IRairpins to predict their
mechanical unfolding trajectories. Constant force anddalamp simulations show that
dramatic changes in the force profiles take place as thergadites and the values of
the force are varied. If the force is varied over a wide rargstregions of the energy
landscape that cannot be accessed in conventional expesiicen be probed. However,
in order to realize the full utility of the single moleculeré® spectroscopy it becomes nec-
essary to use force in distinct modes (constant force, foan®, and other combinations)
along with reliable computations that can mimic the experital conditions as closely as
possible. We conclude the paper with the following adddaicemarks.
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Transition state movements show changes from plastic tideeblbehavior: The small size
and simple architecture of RNA hairpins has allowed us tdaegheir response to force
over a range of¢ that spans four orders of magnitude. The lowegsvalue is close to
those used in LOT experiments. A key prediction of our sirtiafe is that the location
of the transition state for PSGA moves dramatically fromuati®nm at low ¢ to about
0.5nm at highr; (see inset to Fig. 2-E). The large value&fL> at low r; suggests
that P5GA is plastic while the smallzZ* at highr is suggestive of brittle behavior.
The mechanical properties of RNA structures can be drdigtiatiered by varying the
loading rate which is reminiscent of the changes in the videstic behavior of polymeric
materials that changes with frequency. The transformditam plastic to brittle behavior
can be captured using the fragility indéxused to describe mechanical unfolding of
hairpins. Although we have discussed ilyedependent movement of the transition states
using P5GA as an example we predict that this result is geardsshould be observed in
other RNA structures as well.
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The dynamics and interactions between protein-proteinpaoigtin-DNA molecules appearing
on different time and length scales in the cell are of fundatalenterest. In chromatin, linker
histone binds to the highly charged nucleosome facilithigdlectrostatic attraction. However,
its position and orientation with respect to the nucleoscore are unknown. Using an implicit
representation of the solvent, rigid-body docking of adinkistone to the nucleosome has been
performed by BD simulations. This reveals how the proteirdbito DNA on the nucleosome.
Two distinct binding sites on the linker histone have beemidied by the docking simulation.

1 Introduction

In the cell nucleus, DNA wraps around histone proteins (fagmucleosome particles)
and packs to a highly negatively charged structure, caledratin fiber. The positioning
of the nucleosomes within the fiber depends on the presenleeloof a linker histone
proteint. However, the exact position and orientation of the linkistdne with respect
to the nucleosome particle is an unresolved problem, afth@ome recent studies have
proposed different binding modes

Experimentally, it is known that the linker histone bindste nucleosomal DNAand
to at least one of the linker DNAs. This, indicates the imanottrole of the linker DNA's
length in chromatin compactién Since the linker histone appears to be crucial for the
opening and closing of the chromatin fiber during transwipand many other biological
processes related to the linker histone and nucleosome inigfiner order structure of the
genome, we performed molecular docking simulations usiBgoavnian Dynamics (BD)
algorithn?. This study aims to reveal the binding position and orieotesf linker histone
to the nucleosome.

2 Method

Using the crystal structure of the nucleosome core paftitlCP, Protein Data Bank -
PDB code 1kx5) and of the globular domain of the linker histét®®> (GH5, PDB code
1lhst), we have performed molecular docking simulation$ whie Simulation of Diffu-
sional Association (SDA) software package

Chain B of the linker histone was used for the simulation.c8ithe histone tails and
residues 119-128 in chain C are much floppier than the othés pathe nucleosome they
were removed from it. In order to include linker DNAs, thergégtucleosome structuire
was used. The DNAs from both nucleosome structures, the @hewttails and one from
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the tetranucleosome, were aligned with Pythaind an additional 20 bp DNA was added
to the nucleosome without tails. We will refer to this sturetas tNCP. In addition, one
of the linker DNAs in the tNCP washiftedaway from the other linker DNA allowing
more space for the linker histone to penetrate close to tokeasomal DNA (see Fig. 1).
This structure will be designated as sNCP. Partial changdsomic radii were assigned
with the PDB2PQR progratfiusing the Amber force field. The electrostatic potential was
computed for the NCPs and GH5 by solving the nonlinear Poi&altzmann equation
on grids with257% and200® points, respectively. The programs used were APBSd
UHBD®. The temperature was set to 300 K, the solvent dielectristemto 78, the solute
to 2 and the ionic strength to 100 mM.

Figure 1. Difference between sNCP arktigure 2. The picture shows the BD method, in which eachdraje

tNCP structures. The linker DNA (ruby) iriory of GH5 is started randomly on an inner sphere surfaceoeth

sNCP is shifted away in comparison witbn the NCP and truncated on an outer sphere surface. The con-

the linker DNA (blue) in tNCP. The red linestraint region, where the docking solutions are recordedjvien

shows the dyad axis of the nucleosome. in the zoomed picture. The red dot is the dyad point at theeucl
somal DNA.

To reduce the number of partial charge sites on the biomtgscthe ECM’ program
was applied. It derives effective charges fitted to repredbe electrostatic potential in a
uniform dielectric medium. On DNA, the charges were asgigogheP atoms only. The
net formal charges are -237 e for the NCPs and 11 e for the GH5exalusion volume
grid with 0.5A spacing was assigned to avoid van der Waals overlaps. ThddgRing
simulations were carried out with the SDA package modifieslich a way that the docked
complexes are recorded only if they satisfy predefined caimss (Fig. 2). For our case, we
used two constraints: (i) a center-to-center between battictes € 73 ,&) and (ii) dyad
point-center distance between the dyad at the nucleosoMaldhd the center of the GH5
(<40 A). In the simulations, the molecules are modeled as rigididswith the short-
range attractive interactions neglected. The simulatiethiod has been described in detalil
in the referencés!® !l The trajectories start at a center-to-center distame200A and
finish atc= 600A (Fig. 2). The time step was set to 0.25 ps for center-toeradistances
up to 130A and it increased linearly for larger distances. The irdgoa energies as well
as the coordinates of the complexes satisfying the consiraiere recorded.

For both sSNCP and tNCP, five different runs with differentdam generators, i.e. dif-
ferent starting positions and orientations, were perfatnf®r each nucleosome structure
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25000 complexes were recorded and the 2500 lowest energgdoomplexes were clus-
tered with the prograral ust . After clustering the representatives of 5 and 6 clusters
were analyzed for the sSNCP and tNCP, respectively.

3 Results and Discussion

The docking solutions for the linker histone GH5 were extexlg investigated. Previous
theoretical and experimental studigsidentified the most important residues in binding,
but the controversial results obtained left the problermopkherefore, we aimed to find
out which residues contribute to binding, how they influetieposition and orientation
of the linker histone with respect to the nucleosome and mdrethe distance between
the linker DNAs, their mutual orientation and position affethe linker histone binding
mode. The results are shown in Table 1 and Table 2 for SNCP N@®,trespectively.
The proximity of every residue considered as important éorthcleosome is given in two
related ways as: (i) general - close to the nucleosomal DNDWN@), linker DNA (IDNA)

or neither to the nDNA nor to the IDNA (Nn/IDNA) and (ii) aveya RMSD appearance
d to the dyad point at the nucleosomal DNA (from all 5/6 repnéatives). The average
interaction energy for each cluster varies between [-168} kT and [-229;-128] kT for
sSNCP and tNCP, respectively.

[ Residue/ | nDNA (N®) [ IDNA (N®) [ Nn/IDNA (N®™) ][ d, A |
R42 3 (2357) 1(72) 1(68) 18.1
ROZ 3 (2357) 2 (140) 0 (0) 20.6
K97 3 (2357) 2 (140) 0(0) 243
K85 2 (1981) 3 (516) 0(0) 20.2
K20 1(1676) 0 (0) 74 (821) 26.3

1(72) 3(749) 1(1676) 26.1
1(72) 3(749) 1(1676) 283
1(72) 3 (749) 1(1676) 29.8
1(72) 2 (373) 2 (2052) 346
K52 2 (377) 2 (2052) 1(68) 295
K55 1(72) 2 (681) 2 (1744) 29.7
K59 0 (0) 1(1676) 4 (821) 20.2

Table 1. Number of representatives of the clusters accgrdieach residue located within £6 of the nucleo-
somal DNA (nDNA), linker DNAs (IDNA) and away (Nn/IDNA< 15 A) from either nDNA or nDNA. All 2500
docked solutions (in brackets) are presented by 5 repatierst. The distancé is the average RMSD from a
specified residue (atom/Nor K and G for R) to the dyad point on the nucleosomal DNA for all repreatives.

Itis clearly seen for SNCP and tNCP that the site with ressdArg42, Arg94 and Lys97
appears to be closer to the nucleosomal DNA than to any ofittkerl DNAs (Fig. 3).
Moreover, residue Arg42 takes the closest position to el NA or IDNA, i.e. less than
5Ain comparison with the other residd€s On the other hand, the site with residues
Arg47, Lys69, Arg73 and Arg74 shows a preference either far of the linker DNA or
for being away. This is in contrast to the theoretical modeBmwn et al?. The third
distinct site in GH5 consisting of residues Lys52, Lys55 agd59 is mostly directed
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[ Residue/ | nDNA (N®™) | IDNA (N°") [ Nn/IDNA (N || d,A |

R42 4 (1842) 2 (649) 0 (0) 24.6
ROZ 4 (1842) 2 (649) 0 (0) 245
K97 4 (1842) 1(74) 1(575) 243
K85 2 (480) 2 (1291) 2 (720) 275
K40 3 (554) 2 (1362) 1(575) 22.7
0 (0) 3 (1743) 3 (748) 31.46
0 (0) 3 (1101) 3 (1390) 324
0 (0) 3(1101) 3 (1390) 337
0 (0) 2 (526) 4 (1965) 337
K52 0(0) 4 (1965) 2 (526) 273
K55 0 (0) 3(1319) 3(1172) 28.8
K59 1(74) 7 (1965) 1 (452) 30.3

Table 2. The definition of the parameters is the same as ire Tighidut for the tNCP structure.

away from the NCP, although in the SNCP, Lys52 appears atogetnucleosome. Similar
behaviour is observed for Lys40 as well. According to thekilog data, it seems that the
strongest contribution to binding close to the dyad poimhes from residue Arg42 rather
than residue Lys85 as stated by Fan and Roberttowever, the general trend for the
residues participating in the binding sites in both pap@is conserved in our simulations.
It should be noted that there is a slight difference betwheninker histone molecule used
in the Brownet al?> model on one hand and in ours and in the Roberts niadethe other.
In the former model, molecule A of the X-ray structure of GldSolved by Ramakrishnan
et al®, has been used for homology modeling of’Hather than molecule B used here
and by Fan and Robefts The main difference is in the orientation of Lys85, which is
directed to the Arg42 site in molecule B, while in moleculetAppears close to the helix
3 site. In addition, the relative orientation of Arg42 andsi9 differs in both molecules
by approximately 99. Therefore, the binding sites identified in both studies dodiffer

Figure 3. Representative of the largest (1676 solurigure 4. Linker histone structure with the analysed
tions) and second lowest energy (-156 kT) cluster afsidues and binding sites according to Table 1 and
the docked structures to SNCP. Table 2. The orientation is the same as in Fig. 3
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much from each other, when taking into account the aboveideraions. In fact, this is
the reason why Fan and Robérntensider Lys85 as a separate binding site while Bretvn
al.2 assign Lys85 to the helix-3 binding site. Another differemtthe final results comes
from the assignment of Lys40 to a binding and nonbindingisitthe Fan and Robers
and the Browret al.? models, respectively. The latter is deduced from a FRAP raxygat
performed with the Hilinker histone and is in agreement with our study only fordNEP
structure (see Table 1). However, the interpretation ofréiseilts for the tNCP has to be
taken with care since this crystal structure does not irecthé linker histone. Apparently,
due to the closeness of both linker DNAs in the tNCP strugt@Gie5 cannot penetrate to
the nucleosomal DNA with the helix-3 site (see Table 2). Gndther hand, botfi sheets
and the loop between helix-1 and helix-2, which include Ag4rg94, Lys97, Lys85 and
Lys40 residues, need less space than helix-3 to fit in bettireelinker DNAs as indicated
in Table 2. Therefore, from this point of view our results CP seem more consistent
with the experimental data

4 Conclusion

The computational docking of a linker histone to the nuab@os has revealed two distinct
binding sites on GH5 consisting of: (1) Arg42, Arg94, LysOithwpartial contribution of
Lys85, which most probably bind to the nucleosomal DNA andX@y47, Lys69, Arg73
and Arg74, which seem to contact one of the linker DNAs (see #). The site including
Lys52, Lys55 and Lys59 appears to be a nonbinding site witheet to the NCP, although
some of the residues are located close to the SNCP in some gbthtions. In addition,
the docking results clearly indicate the importance of tiseatice and orientation between
both DNA arms, which might change the binding modes sigmfigaTherefore, including
the flexibility in future investigations is necessary.

To obtain more insights into the exact contribution and fpmsiof each residue to bind-
ing, we aim to investigate the effects of single and doubl¢atons in GH5 on binding.
Moreover, simulation of diffusional motion of both moleeslfor computation of the asso-
ciation rates and encounter complex formation is underystillithis would be important
for further development of models regarding the chromatuncsure and compaction.
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Conformational Study of Amyloid Beta (ABeta) Peptide
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ALZHEIMER'S DISEASE is the most common cause of senile detlmerPathological hall-
marks of the disease include senile plaques and neurdfifyrithngles. The plaques result from
the transformation of soluble @ protein monomer into insoluble aggregates. Determination
of the molecular structure of Afibrils by using molecular dynamic simulation softwares-pro
vide an insight into the precise arrangement of monometsitbald allow targeting the critical
steps in fibrilogenesis process. The optimized geometryhier(AG15—42 ) monomer is a
U-like structure.

1 Introduction

Alzheimer’s disease (AD) is a neurological disorder, dffeg approximately 12.5 and
47.2% of the population in the United States over the ages18B4, respectively. Defin-
ing features are formation and progressive deposition sfluble amyloid plaques and
presence of neurofibrillary tangles. ABeta-peptide is 3%#hino acids polypeptide with
heterogeneous termini that is generated from the cleavhgdanger amyloid precursor
protein (APP), which under appropriate cellular conditipaggregate as senile plagues,
which is a critical step in the neurodegenerative processssciated with AD.

A detailed understanding of the structural properties oflaid monomer could play a
crucial role in the understanding the molecular mechanistmeodisease. Despite the lim-
itations of conventional NMR or X-ray in the amyloid fibrilrgttural study, some struc-
tural information has emerged from various techniduesmass spectroscopy, and solid
state NMR spectroscopy. However, the structural charizetén of the Abeta monomer
still remains difficult due to its tendency to aggregate.

Complimentary to the experimental studies, computer satiaris can yield valuable
information on structure, and stability, of the monomeuttsg in the possible fibril for-
mation mechanism of the ABeta protein. We have undertakdacular dynamics (MD)
simulations study on monomer of different short length pept.e 1-16 (referred as N-
terminal region) and 15-42 residue fragments in aqueougisnlto complement, and to
add further extend the experimental solution studies ofoitta-peptides and to explore
the structural stability, hydration and dynamics of pegfiithrils. The N-terminal region
of ABeta has been shown to be flexible and accessible withil@dfibrils and the re-
maining 29-42 hydrophobic is shown to adopts a beta-shedbooation. N-terminal
constitutes an attractive therapeutic target for activeamsive immunization approaches,
as illustrated by the ability of monoclonal antibioticseadited towards this region to disso-
ciate amyloid fibrils.
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2 Material and Methods

The peptide & originally consists of 42 amino-acid residues: [Asp-Ala+®he-
Arg-His-Asp-Ser-Gly-Tyr-Glu-Val-His-His-GIn-Lys-Le¥al-Phe-Phe-Ala-Glu-Asp-Val-
Gly-Ser-Asn-Lys-Gly-Ala-lle-lle-Gly-Leu-Met-Val-GhiGly-Val-Val-Ala-Ala], which is
usually expressed as/A 4o . The conformational analysis of A_4» has been first
carried out using quantum mechanical methods (QM) PCILOgmamm (Pertubative
Configuration Interaction Using Localized Orbitals) on Sit%h Ultra 5-10; sparc was
used, for which the &; 4> peptides were fragmented into smaller overlapping fragenen
with both the N- & C- terminal protected by acetyl and dimé#myine group respectively.

The (¢,v) values obtained from the quantum mechanical calculatie@re used as the
starting geometry for molecular mechanics and moleculaadyics. Another structure
used as the starting geometry for molecular dynamics wareariextended starting struc-
ture, minimized structure obtained after running molecdimamics in vacuum for 50ns
at 300K using AMBERS8 molecular dynamics.

For Molecular dynamics simulations@ 4> was fragmented into N-terminal region
with 1-16 residues peptide and C-terminal fragment with425(where no 1,16,15,42
indicates the residue no) peptide utilizing the progranGROMACS 3.3.1.

Energy minimization was carried out using steepest de$okowved by conjugate gra-
dient method. All atoms of the system were considered eiXlgliand their interactions
were computed by using the 43al force field with periodic loiauy conditions. Peptide
was solvated in a box by using SPIC216water molecules. Alitsand solvent atoms
were treated explicitly. Water molecules were added arahadeptide to fill a octahe-
dron box with walls at least 9nm, from any peptide atom. Athgiations were performed
using periodic boundary conditions to eliminate surfadeat$. Long-range electrostatic
interactions were handled by using the particle mesh Ewathadology. The solvated
peptides were subsequently minimized. Position restrgidone using weak coupling to
a bath of constant temperature (To = 300 K, coupling time T 1=33), and the pressure
controlled using weak coupling to a bath of constant pres@o = 1 bar, coupling time
T = 0.5 ps). The production runs were done with the same pressud temperature
coupling constants as the restrained runs. From the togjestobtained we extracted the
potential energy, Root mean square deviation, radius datgyr and Surface area proper-
ties and number of hydrogen bonds formed during the sinarlatror visualization of the
structures and the interactions RASMOL, and VMD was used.

3 Results and Discussion

Molecular view suggests that optimized geometry for thg,(A 4o ) monomer has a U-like
structure (Fig A). Phi, psi values indicate thatA_ 4 peptide does not adopt any regular
secondary structure, instead a turn is present betweetusss26-32. As displayed in
figure, its amphipathic character is not lost i.e the longer has hydrophilic and charged
amino acid residues while the smaller arm has hydrophohbitdired residues exclusively.
Side chain of most of the hydrophobic residues are oriemediids with the exception of
Leu 34, Val 36, Val 40 and Ala 42 which project outwards, thairead to the association
of one A with another A through hydrophobic interactionsolwing the C-terminal stretch.
Analysis of the interactions stabilizing the U-like struiet of AG;5_ 42 , and identification
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Figure 1. A molecular view of optimized (& 5—42 ) and (A31—1¢ )peptide fragment in aqueous medium, Fig
A and Fig B respectively

of the possible interactive regions in Abeta peptides vélLitilized for construction of A
dimers and high-mers.

Molecular view suggests that optimized geometry for th A monomer is stabi-
lized by hydrogen bonds are formed primarily between thbarayl oxygen and the amino
group of the backbone as displayed in Figure B. At 300 K, thatide is seen to exist 25%
in a helical conformation. The phi, psi values of the varimsdues indicate the presence
of gamma turn around the residue Glutamine 7 and Glycine ®ugh residues with po-
lar side chains are present only a few of them (ARG5, GLu3, AFPR10 and Glul5)
participate in hydrogen bond formation. From the graphilisphlay of the molecule, it is
apparent that the carbonyl oxygen is of His 6 backbone is ttetltre OH group of the
aromatic ring of TYR 10 as the distance of the oxygen atomet#rbonyl group and OH
moiety is 1.8 A . This may be interpreted as though the carbmnjety is involved in pi-pi
interaction with the aromatic ring.
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The dynamical exponertl, that governs the behavior of the global persistence prétyalsi
obtained through short-time Monte Carlo simulations oftikéx-coil transition. Our simula-
tions are based on a detailed, all-atom representatioreahtilecules and an implicit solvation
model to approximate the interaction with the surroundilgent. Our results obtained for the
polyalanine and the 34-residue human parathyroid fragf&hi(1-34) are in good agreement
each other, and indicate universality of the helix-coihsiéion in proteinlike molecules.

1 Introduction

After the works by Janssen, Schaub, and Schmittrhama Husé much attention has
been devoted to study of phase transitions and critical inena of dynamical systems
at the early stage of its time evolution. By using renorn@lan group techniques and
numerical calculations, respectively, they showed thatareality and scaling behavior
are already present in this stage (henceforth named astsherstage) after quenching
from high temperatures to the critical one.

The values of the critical indices obtained through thihitégue® 4, have shown that
short-time Monte Carlo simulations are very efficient and ba used to estimate, with
good precision, the statical exponents and the dynamigairesntz.

Far from equilibrium, another dynamic critical exponensvmoposed by Majumdar
et al® studying the behavior of the global persistence probgh#itt) that the order pa-
rameter has not changed its sign up to the time t. The glolraigtence probability?(¢)

can be defined as
t

Pt)=1-> p(t), (1)

t'=1
wherep(t’) is the fraction of the samples that have changed their statié first time at
the instant’.
At criticality, P(t) is expected to decay algebraically as
P(t)"t Y% (2)

whered, is the global persistence exponent. Since then, the stuttyegbersistence be-
havior have attracted much interest, playing an importaletin the study of systems far
from equilibriunf—2 .
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Figure 1. Left: Log-log plot of the time series of the globatgistencyP(t) for Alaso and various initial order
parameter valua;%. Right: Persistence exponent as afunctj@p Open symbols are the values for polyalanine
and the filled symbols are the values for PTH(1-34).

In this work, we have studied the dynamic critical behavidralical proteins via short-
time Monte Carlo simulations. We evaluated the dynamigcaliexponent,, for (Ala)
chains (N=10, 20, 30 and 40) to verify the effects of finiteesi©ur investigation is later
extended toward the 34-residue human parathyroid fragRiEH{1-34).

2 Model

Our short-time MC simulations of the helix-coil transitiare based on a detailed, all-atom
representation of proteins. The interaction between tbmsiis described by a standard
force field, ECEPP/2 (Empirical Conformational Energy Rewg for Peptides) as imple-
mented in the program package SMMP (Simple Molecular Meicisdar Proteins). The
interactions between our polypeptides and surroundingmvae approximated by means
of an implicit water model, which assumes that the solvatfoee) energy is proportional
to the solvent accessible surface area and utilizes thengdea set of Ref. 10 that is often
used in conjunction with the ECEPP force field.

Crucial for our analysis is the definition of an order parametOur analog to the
magnetization in spin systems is the number of helical tesigh; = 2« (ny (T)) /(N —
2) — 1. Here we define a residue as helical if its backbone dihediglea (¢, v) , take
values in the range-70° +30°, —37° £ 30°) (their common values in am helix), and the
residue exhibits the hydrogen bonding pattern observedhielices. The normalization
factor N —2 (N the number of residues) is chosen because the flexible tafnesidues are
usually not part of amv helix. Our definition ensures thatl < gy < 1 andgy (7.) = 0.

3 Results

We start our investigation of dynamic critical exponéptin the helix-coil transition by
simulating polyalanine chains of lengths N=10, 20, 30, abithdyour respectively critical
temperatura T = 315, 415, 450 and 470 which were found in our earlier wbrk$ Our

results are averaged over 5000 independent runs . Erroestineated by dividing these
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Figure 2. The scaling obtained for the 5 smaJ;l%r. The persistence exponent foundjs= 0.729(6).

5000 runs in bins of 100 runs and calculating the fluctuatfadh® averages calculated for
each bin.

In order to estimate the exponefit one needs to prepare the initial states carefully
to obtain precise values of the initia; = qu(t = 0). The exponent?, is obtained
from Eq. 2. Figure 1 (Left) shows the corresponding log-lt@gof P(t) for Alay, and
various initial values o§?; . This value, and the ones corresponding to polyalaninenshai
of lenght N= 10, 20 and 30 are listed in Tab. 1.

4% Alaqg | 4% Alasg | % Alaszg | % Alayg
0.25 0.402(6) | 0.11 0.687(7) | 0.0714 0.708(7) | 0.0526 0.710(8
0.50 0.248(7) | 0.22 0.469(7) | 0.1429 0.626(6) | 0.1053 0.696(7
0.33  0.317(8) | 0.2143 0.488(7) | 0.1579 0.605(7
0.2857 0.374(7) | 0.2105 0.503(7

Table 1. Global persistence exponégtfor polyalanine chains of length N = 10, 20, 30 and 40.

0 PTH(1 — 34)
0.0625 0.705(6)
0.125  0.658(7)
0.1875  0.562(6)
025  0.395(7)

Table 2. Global persistence exponégtfor the 34-residue human parathyroid fragment PTH(1-34).

The general behavior of the global persistence for eachapaniyna indicate that when
q% decreases, the value for the persistence expaheinicreases. In Fig 1 (Right) we
show thed,, of all polyalanine as a function of thg;,. We can observe that the value of
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6, increase quickly, with the decrease of i, but tends to stabilize bg, = 0.7. We
also estimate the persistence exponent for the PTH(1-34F, 945 (Tab. 2). In Fig 2
we show that the values dg for PTH(1-34) (closed simbols) have the same behavior
those the polyalanine (open simbols). From the 5 smallethe persistence exponents
6, = 0.729(6) was estimated for this helical protein.

4 Conclusion

The behavior of exponertt, = 0.729(6) for polyalanine and the 34-residue human
parathyroid fragment PTH(1-34) are in good agreement e#teér,cand indicate univer-
sality of the helix-coil transition in proteinlike moleas.
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Equilibrium aspects of molecular recognition are investiigl using coarse-grained models for
the recognition process of two rigid biomolecules. To thid,e two-stage approach consisting
of a design and testing step is adopted. Particular atteigipaid to the influence of coopera-

tive effects accompanying the association of biomolecu&soperativity is found to enhance

selectivity. In addition it is discussed that a small numtifestrong bonds is favoured in flexible

complexes compared to a situation with many but weak bonds.

1 Introduction

An understanding of the basic principles of biomoleculaogmition, i. e. the ability of a
biomolecule to interact specifically with another molecinléhe presence of structurally
similar rival molecules, is not only important from a sciéintpoint of view but also opens
up a wide field of potential biotechnological applicatioffhe recognition process itself
is governed by a complex interplay of non-covalent intéoast of strengths comparable
with the thermal energy thus leading to a complex proBlénin this context the study of
idealised models with methods from statistical physicsrset® be particularly adequate.

2 Model and General Approach

In this work we consider protein-protein recognition fromaarse-grained point of view
on the level of both the structure of the biomolecules at theual interface and the in-
teractions stabilising the complex. The biomolecules aseimed to undergo no refolding
during the association process. This is a justified asswmgtr most protein-protein
recognition processes, although notable exceptions dd' elotivated by the observa-
tion that hydrophobicity is the major driving force in molgar recognitioh we describe
the type of the residue at the positioe: 1,. .., N of the interface by a binary varial3lé.
Denoting the structure of the target moleculedyye {+1} and that of the interaction
partner byd; € {+1} we model the energetics at the interface by

Y148
H(0,0;5) = —gz Tzalﬂi - JZsisj. 1)

i=1 (i)
The variableS; takes on the two discrete valuesl and describes the fit of the shape
of the molecules at position of the interface (on a microscopic level resulting from a
rearrangement of the amino acid side chains when the conpfexmed). Apart from
the direct contact energy with strengtithe model Hamiltonian contains an additional
cooperative interaction term where the quality of a resithsiddue contact couples onto
the structure in its neighbourhood. To study the recogmificocess between two rigid
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biomolecules we adopt a two-stage approach. For a fixedttamgeetures(*) we first
design an ensemble of probe moleculeat a design temperatufe/5p leading to the
distributionP(0]0")) = 2= "5 exp (—=foH (0?6 5)). Inasecond step the free energy
difference of association at temperatuye is calculated for the interaction of the probe
ensemble with the target molecut€”) and a structurally different rival molecuté?. In
this step the free energy of the interaction of the moleetifé with a particular probe
structured has to be averaged with respect to the distribuftgé|o(?)). This gives finally
the free energy differenc&F' = Fiaget— Frival @s a function of the similaritg) between
these two molecules, whefgis the number of residues at the interface minus twice the
number of point mutations that have to be carried out to cdrive target into the rival. A
negativeA F' then signals recognition of the target.

3 Results

It has been argued in the literature for the importance opeoativity for molecular recog-
nition*. In our coarse-grained Hamiltonian (1) cooperativity isetainto account by the
second interaction term. The cooperative term rewardstiaddl contacts in the neigh-
bourhood of an already established one. As a consequentiedhthe two biomolecules
at the interface is optimised and therefore one can expdotroved recognition ability.
An investigation of the influence of this second term usingtaw-stage approach indeed
reveals as shown in figure 1 that an increase of the coopetatiraction constant sig-
nificantly increases the recognition ability, i. e. the fezeergy difference. A value of
comparable to the value efalready leads to the maximum effect of cooperativity (up to
minor finite-size effects).

AF(QIN

Figure 1. Influence of the cooperativitiyon the free energy difference for the association of the@mblecules
with the target and the rival molecule as a function of theilaiity @@ between these two molecules. The upper
dashed line corresponds fo= 0, the lower one toJ — oo (in the limit N — o0).

Investigations of highly flexible antibody-antigen comyge showed that only approx-
imately one quarter of the residue contacts at the inteddanéribute (significantly) to the
binding energy suggesting that in flexible complexes interfaces with a ferang bonds
are favoured compared to a situation with many but weak hdnvdsaddress this question
of the role of varying bond strengths within our approach bgsidering a model which
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distinguishes only between active residues, i. e. resithaontribute to the binding en-
ergy, and inactive ones. On the coarse-grained level thisiats to attributing the values 1
(active) and 0 (inactive) to the structural variabdesandé; in the Hamiltonian (1). In the
following the uncooperative model with = 0 is considered. In order to ensure the stabil-
ity of the complex the interaction energy has to overcometieemal energy barrier. On
the other hand, however, the interaction energy has to ball’semough to ensure the re-
quired flexibility of the complex. This can be incorporatatbiour approach by including
the constraint that the interaction energy has to be fixednoes(suitable) value. Fixing
the number of active residuesby a Lagrange multiplier, the free energy differenké
can be calculated as a function of the fracti®V of active residues. Figure 2 demon-
strates that the free energy difference indeed has a miniatsmall fractionsd /N (fairly
insensitive to a variation of the interaction paramete@)r simple coarse-grained model
hence predicts that recognition processes which requiegtain amount of flexibility are
most efficient if only a small number of fairly strong bonds#ablished across the contact
interface as observed in antibody-antigen complexes.
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Figure 2. Averaged free energy per site as a function of tetitm A /N of active residues.
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We introduce two simple models with nearest neighbor ictéas on 3D hexagonal lattices.
Each model allows one to calculate the residual entropyeoff fordinary ice) by means of mul-
ticanonical simulations. This gives the correction to th&dual entropy derived by Linus Paul-
ing in 1935. Our estimate is found to be within less than 0.3%noanalytical approximation
by Nagle which improved on Pauling’s result. In biologicab#cations at room temperature
small, ice-like clusters are of importance. Their entropg be computed by the same method.

1 Introduction

In this talk | report on a novel calculatibof the residual entropy of ice |. The approach
can as well be used to calculate the entropy of arbitrarytetusf hydrogen bonds of
known geometry. This is of importance for the interactiomvater with proteins and other
biomolecules, because the liquid phase of water diffenmfsample fluids in that there is
a large qualitative remnant of ice structure in the form eflatetrahedral orderirfg The
next section reviews briefly the residual entropy of ice anddction 3 our calculation is
sketched.

2 Residual Entropy of Ice

In contrast to liquid water the properties of ice are rekltiwwell understood. Most of
them have been interpreted in terms of crystal structunedarces between its constituent
molecules, and the energy levels of the molecules themselvetwo-dimensional pro-
jection of the hexagonal crystal structure of ordinary ice () is depicted in Fig. 1 (other
forms of ice occur in particular at high pressures). Eachgexyatom is located at the
center of a tetrahedron and straight lines (bonds) throliglsites of the tetrahedron point
towards four nearest-neighbor oxygen atoms. Hydrogenssomdistributed according to
the ice rules: (A) There is one hydrogen atom on each bond ¢hked hydrogen bond).
(B) There are two hydrogen atoms near each oxygen atom (theseatoms constitute a
water molecule).

By experimental discovery it was found that ice has a residmropy* Sy =
k In(W) > 0 for temperaturd” — 0 and moderate relaxation times. Héféis the num-
ber of configurations folV molecules. Subsequently Linus Paufirtgrived estimates of
W = (W)Y by two approximate methods based on the ice rules, obtaining

Wfauling — 3/2 (1)
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Figure 1. Lattice structure of one layer of ice I. The up (t¢siare ak = 1/4/24 and the down (d) sites at
z = —1/4/24. The dimensions are explained in Ref. [1]. For each siteetlufeits four pointers to nearest
neighbor sites are shown.

in each case. Twenty five years later it was shown by Onsagebapuis thatl; = 1.5
is in fact only a lower bound. Onsager’s student Nagle usestiasexpansion method to
derive the estimafe

Wieele — 150685 (15) . 2)

The error bar is not statistical but reflects higher orderexiions of the expansion, which
are not entirely under control. The only independent thizakvalue appears to be one
for cubic ice, which is obtained by numerical integratioMiinte Carlo datdand in good
agreement with Nagle.

3 Multicanonical Calculation

Our calculations are based on two simple statistical modekch model is defined on
the hexagonal lattice of Fig. 1. In the first model, calledidies H,O molecule model,
ice rule (B) is always enforced and we allow for six distincteatations of each D
molecule. Its energy is defined by

E==> h(bs},s;). (3)
b
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Here, the sum is over all bondof the lattice and{] ands? indicate the dependence on
the states of the two $0 molecules, which are connected by the bond)

h(b, 5L, 52) = 1 for a hydrogen bond, @)
0 otherwise.

In the second model, called 2-state H-bond model, ice rujegalways enforced and we
allow for two positions of each hydrogen nucleus on a bonat ditrergy is defined by

E:_Zf(sab;7b§ab§abésl)a (5)

where the sum is over all sites (oxygen atoms) of the lattickfas given by

2 for two hydrogen nuclei close to s,
f(s,bL, 02,63, b%) = { 1 for one or three hydrogen nuclei close to s, (6)
0 for zero or four hydrogen nuclei close to s.

The groundstates of each model fulfill the ice rules,GAt 0 the number of configu-
rations is6 for the 6-state model arzf” for the 2-state model. Because the normaliza-
tions atg = 0 are known, multicanonical (MUCA) simulations allow us irtheir case to
estimate the number of groundstate configurafiotsing periodic boundary conditions
(BCs), our simulations are based on a lattice constructioites to that set up in Ref. [9]
for Potts model simulations, while the thermodynamic props found are entirely differ-
ent from those of Potts models.
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Figure 2. Fit and estimates &f;.
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The results from the 2-state model are more accurate thap tham the 6-state model.
Apparently, the reason is that tfye= 0 entropy of the 2-state model is smaller. In Fig. 2 a
fit for the data of the 2-state H-bond model to the form

Wi(z) =Wi(0)+ a2, z=1/N (7)

with § = 0.920 (25) is shown together with the estimates by Nagle and Paulingge Th
goodness of fit (chapter 2.8 of Ref. [9]) = 0.47 as given in the figure. That we have
0 #+ 1 reflects bond correlations in the groundstate ensemble.

Combining this fit with that from the 6-state model leads tofinal estimate

WMUCA — 1 50738 (16) . (8)

The difference with the estimate of Nagle is 0.035%iaf. However, the Gaussian differ-
ence testbetween the two estimates yiel@s= 0.016. As the error bar in (8) covers only
statistical and no systematic errors due to finite size ctimes from larger lattices, the
small discrepancy may be explained in this way. The pretisf@xperimental work has
remained insufficient to resolve the difference with Pagifiroriginal estimates and its the-
oretical improvement. Experimental verification of thdeliénce would be an outstanding
confirmation of structures imposed by the ice rules.
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Experimental studies show that the short peptide fragmfefi{g 22 form fibrils as it is known
from the full lengthg-amyloid peptide. This fibril growth is strongly temperatudependent.
We report here a simulation study of the temperature depentié;s_22 aggregation in ex-
plicit water. We simulated a system of terBfs —22 peptides with 5900 SPC/E water in a cubic
box and used 76 replicas (witt0 ns simulation time per replica) distributed over a tempera-
ture range from 285.0 606.3 K. Replica Exchange Molecular Dynamics (REMD) simulation
is an efficient way for equilibration and simulation of compimolecular systems at different
temperatures. The temperature dependence of radius diogyR; and the solvent accessible
surface area(SASA) of the aggregates, as well as strugitmpkrties like mutual orientation
and number of peptide-peptide hydrogen bonds can be unddrby the different temperature
dependence of hydrogen bond strength, electrostatic, yahdphobic interactions.

The AGi6_22 fragment is highly prone to aggregation, and a prototypeemdé for
the study of processes of amyloidosis. It contains a cehyrditophobic core, a positive
charge at the N-terminus (Lys16), and a negative charge&iterminus (Glu22). Solid-
state NMR showed that this segment of the full amylg@igeptide can form fibrils with
an antiparallel strand organizatiérExperimental studies of A fibril formation also re-
vealed a strong temperature dependeéritkis could also be obtained in constant pressure
MD simulations of AG_2o peptides aggregatioh.Here we present first results of an
extension of this study, where we apply Replica Exchangesbldar Dynamics (REMD)
simulations. This is an efficient way to simulate complexeys at different temperatures
and is the simplest and most general form of simulated teimpér It offers a much-
improved approach for determining oligomer distributioseevant to aggregatioh.The
basic idea of REMD is to simulate different copies (repljocasthe system at the same
time but at different temperatures. After a certain timeyfoomations are exchanged with
a Metropolis probability, therefore permitting random k&in the temperature space and
escape from local energy trapsRecently, Paschek et al.published such simulations,
providing the first unbiased folding of the Trp-cage in egplsolvent using 40 replicas
(100 ns per replicay.

Taking Paschek et al. work as a referenaee used REMD to study ABis_22 pep-
tides aggregation at atomic level in explicit aqueous smftt The GROMACS 3.2.3
simulation package was used in both simulation and dataepsitg. The OPLS-All Atom
force field was chosen to represent the peptide in GROMACS.skistem is coupled to
an external heat bath (Nose-Hoover-thermostat) with &agilan time of1.5 ps. The elec-
trostatic interactions are treated by the smooth parti@dsmEwald summation with a real
space cutoff 0.9 nm. A2.0fs timestep was used for all simulations. Solvent constsain
were solved using the SETTLE procedure, while the SHAKEatgm was used for the
polymer constraints.
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Figure 1. Properties of the peptide aggregates, averagedlifferent lengths of the simulation runs as a function
of temperature. Lowest/highest values are marked. (a)uRaxfigyration R; of the peptide back-bone atoms.
(b) SASA of hydrophobic residue atoms. (c) Average numbérydfogen bonds between the peptides. (d) Final
snapshot a398.8 K, hydrophobic residues in white, Lys(+) in cyan and Glug-yéd.

In the starting configuration of this study, as in the presiconstant pressure sim-
ulation serie§ six monomeric peptides (Cappeds3A_»» with the sequence of Ace-
KLVFFAE-NH,) were placed uniformly in a distance of abdui nm around the center of
an ordered tetramer which was considered to serve as nuolefisther growth. It was
obtained in an initial constant pressure simulation of fpeptides aB60 K after 20 ns3
These 10 peptides are immersed in 5900 SPC/E water molég@éss x 5.8 x 5.8(nm)3
cubic box and periodic boundary conditions were applied. FeMD we used 76 repli-
cas Q0 ns per replica) distributed over a temperature range frolm@® 606.3 K, where
multiple copies (or replicas) of identical systems are $atad in parallel at different tem-
peratures. The temperature spacing between each of theaeplas chosen such that the
energy distributions overlap sufficiently and state exgeaattempts are (on average) ac-
cepted with @20 % probability.

The results from our constant pressure simulations (ainseraperatures from 280 to
460 K) show that the /522 monomers first form anti-parallel hydrogen-bonded dimers
at the lower T range of 28340 K. These aggregate at middle T range from 34QG0K,
to large structures, which show two major features of thelamyibrils: twisted3-sheets
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formed from antiparallely oriented peptides and the ons&tronation of a second layer.
In the higher temperature range (from 40@60 K) the twist angle between the monomers
increased probably to protect hydrophobic residues frotesda

From the REMD simulations, properties of interest have leedracted at 76 tempera-
tures. Below391 K, the radius of gyration R of peptide cluster (calculated from peptide
backbone atoms) decreases with increasing temperatuarstaned to increase with T be-
low 391K [Figure 1(a)]. Consequently, also the SASA calculatedrfthe hydrophobic
residues, reached a lowest point at a tempera@gé [Figure 1(b)]. Figures 1(a and b)
show that the aggregated structures at intermediate tetypes extend and disintegrate at
high temperatures. The maximum number of peptide—pepyideolgen bonds is observed
at around~ 330K and decreases at higher temperatures [Figure 1(c)]. Tifteo$hihe
positions of the minima of R and SASA compared to the maximum of the number of
H-bonds can be explained by the fact, that with increasingpgrature the H-bonds are
weakened, whereas the hydrophobic interaction strengtie@ses. While the H-bonds
tend to build a planaf-sheet structure, the increasing hydrophobic interagtimauces
more compact structures [Figure 1(d)]. This may be obtametlvisting the-sheet or
by building up a second sheet, as observed in the constassyeesimulation studiyIn-
terestingly, Meinke and Hansmaliralso observe for a system of sixamyloid fragment
peptides (without explicit water) abov€0 K a strong increase of & but do not observe
a temperature minimum. This is probably due to the lack oewédnd the water medi-
ated hydrophobic interaction) in their simulations. To destrate the convergence of the
REMD simulations, in figures 1(a, b and c) averages overmiffelengths of the simula-
tion runs (5, 10, 15 an@0 ns) are shown and the minima and maxima are marked. From
15 to20 ns the positions of there extrema on the temperature ayisstanstant, revealing
that20 ns time for each replica is reasonable to study early agtoega

Our results are in good agreement with the previous work dogn®leinke et af®
and Gnanakaran et al.We find that at low temperatures the structure of the ag¢eega
is largely determined by hydrogen bonding and electrasiateractions. This leads to
the formation of well ordered antiparalléisheet structures. With increasing temperature,
hydrophobic interactions become more important, as inelichy the formation of stacked
(-sheets, as well as less regular ordered collapsed clusi¢isighest temperatures the
aggregates are found to disintegrate due to the strong éhenotions.
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The basic fibroblast growth factor is a 155 amino acid resigheptide that plays versatile func-
tions throughout the human life cycle. It binds to its tyreskinase-containing FGF receptor,
FGFRL1, and to heparan sulfate proteoglycans. The presémtiamol interferes on the bFGF
biologic activities resulting in numerous anomalies like fetal alcohol syndrome. Experimen-
tal studies suggest that the interaction sites between @#R@FGFRL1 are the target for ethanol
molecules. In order to better understand the interactidwden bFGF, FGFR1 and ethanol,
molecular dynamics simulations of the complex bFGF-FGRRfarin in water and in water-

ethanol solutions were carried. Hydrogen bond structui@st, mean square deviations and
specific radial distribution functions were employed toniify the role of each component on

the complex stability. Some residues (SER73, TYR112, THRTIY¥R115 and SER117) were

identified as extremely important for the perfect linkingveeen the bFGF and FGFR1. There
are exactly these residues that are the target of ethanelcoieb resulting in the impossibility

to occur the docking of bFGF on its receptor.

1 Introduction

The cell growth is a tightly regulated process controlledhighly specific proteins, namely
the growth factors The bFGF, a mammalian fibroblast growth factor, is a sequieht55
amino acid residues that plays versatile functions througthe human life cycle. Two
types of molecules bind bFGF to mediate its response: (b¥iye kinase-containing FGF
receptor, FGFR1, and (2) heparan sulfate proteoglycarma(ireand heparan sulfates,
HS). FGFR1 is an integral membrane protein composed by aacetiular ligand bind-
ing segment consisting of three immunoglobulin-like damsgiD1, D2 and D3), a single
transmembrane helix and a cytoplasmic portion that costlargely split tyrosine kinase
activity?. The ligand binding and the specificity residues of the FGBRidlocated in the
D2 and D3 domains and in the linker that connects these demaire bFGF:FGFR1 com-
plex contains a 2:2 dimeric bFGF-FGFR1-HS assemblage. BZD&nare sufficient for
the bFGF binding and to determine its specifititgxperimental studies on bFGF biologic
activities revealed that the presence of ethanol intesferés activity apparently because
the interaction sites between bFGF and FGFR are the tarféte @thanol moleculés
The objectives of the present study are (1) to describe thetate of bFGF-FGFRL1 inter-
actions and (2) to contribute to better understand the tstraicfactors that determine the
loss of bFGF activity in the presence of ethanol moleculeslelgular dynamics simula-
tions* conducted with the Gromos96 force field and the GROMACS 3ckage will be
used. The simulated systems consisted of one dimer bFGRE@Hitial guess: pdb code
1FQ9) immersed in water or in a mixed water-ethanol mediilra Solvent concentrations
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were adjusted to match, in the pure solvent regions of thalaiion systems, their exper-
imental densities. Naand CI~ ions were added to preserve the local electroneutrality.
After an initial phase, the 10.0 ns long simulations weredemted at 298 K and 1 atm in

a 13.5 x 13.5 x 13.5 nisimulation cell, implementing the PME method with a cut-off
applied at 1.4 nm.

2 Results and Discussion

The structure of the dimer bFGF2-FGFR1 consists of two bF®GFcoules (residues 16-
144), the dimerized receptor formed by two D2 domains (ressdL49-249) linked to two
D3 domains (residues 251-359) and two heparin molecules.sfrcture of the dimer in
aqueous medium undergoes only few changes if comparedheitstarting X-ray structure
(RMSD about 0.25nm) while, in ethanol solution, RMSDs wittmaan value of 0.60
nm are observed when the dimer structure undergoes signifibanges suggesting that
some regions are loosing their structure. The charactenzaby molecular dynamics
simulations, of the peptide structures was carried out leyptiflying, in a first step, the
intramolecular hydrogen bonds (iHB) and, a second stepjrfeemolecular hydrogen
bonds (HB). The dimeric bFGF-FGFR1 structure is stabilizg@0 HB between the dimer
and the solvent molecules, 20 between bFGF and FGFR1, 4 &etive FGFR1 units, 32
between heparin and the bFGF’s and 22 between heparin air@GiRR1's.

The hydration changes in the bFGF-FGFR1 complex compahieglata in aqueous
solution and in ethanolic medium reveal decreases of 20%F&F and 9% for FGFR1.
All the affected residues contain a hydroxyl group in theesithain and are located in the
neighborhood of other residues displaying a hydrophobératte?( the bFGF residues
solvated by ethanol are always the same in the presence of tiod receptor) suggest-
ing that an energetically favorable situation takes plabemthe ethanol molecules are
hydrogen bonded to hydroxyl groups while their methyl gmape accommodated into a
hydrophobic environment. In the case of bFGF, the ethand¢codes form intermolecu-
lar hydrogen bonds with TYR333(), SER73 (35), TYR82 (56), SER109, TYR112{9),
SER114(9), TYR115(39), and SER117{9) so that two important HB between bFGF and
FGFR1 D2 domain are lost: the links between SER109 of bFGFASRR09 of FGFR1
and between TYR11250) of bFGF and ALA179 located in the FGFR1 D2 domain.

The solvation by the ethanol molecules shows a more actigef@rence of the ethanol
molecules with the residues belonging to the bR@AE 55, 56, 49, 510, andF12 strands.
The most important interferenced(, the longer residence times) is observed onghe
(TYR33),6 (TYR82),39 (SER109, TYR112, TYR115 and SER117) residues. The con-
sequence is the lost of four bFGF-FGFR1 HB, three between@ae of the bFGF's and
the D2 domains and one HB between each bFGF and the D3 doriiai@$osses of local
structures are confirmed by the experimental results tsatslggest that the interaction
between bFGF and FGFR is the target for ethanol in its inbiiprocess. On the basis
of the detailed description of the interactions of bFGF-R&FEomplex with the ethanol
molecules, it can be establish that the residues belongitigets1, 56, ands9 strands,
especially TYR33, TYR82, SER109, and TYR112 are extremalyartant for the perfect
linking between the bFGF and FGFR1.
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3 Concluding Remarks

The studies by molecular dynamics of the bFGF-FGFR1 congihexcture conclude that
the ligand binding and specificity require both D2 and D3 dmmaf FGFR1, that the
heparin molecules are a fundamental binding element betie€F and the receptor, that
the interaction of bFGF with its membrane receptor must lserilged by a HB complex
network where all HB are essential for the perfect bFGF lnigdo FGFR1 (the perfect
binding that is an unavoidable step to bFGF exhibits all itddgical activities). The
simulation results confirm the experimental data concerttie importance of the TYR-
112 and ASN-113 in the bFGF activity but also are able to ifletiie SER73, TYR112,
THR114, TYR115 and SER117 residues as being probably impbtd understand the
activity of the bFGF growth factor.
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In our work we analyze large and high dimensional data frootgim folding simulations. The
main goals are to extract the underlying dimensionalityfind a small number of features
that describe the data with high accuracy and to find inteigstiusters in the data: in this
work we treat this as a problem of dimensionality reducti@imensionality reduction aims
to find a mapping of the original space into a space of a fewestiag dimensions, which the
user then can use for interpretation and analysis. We stumiem dimensionality reduction
techniques and combine them with promising distance meassuitable for the description of
dissimilarities between the data points generated by thkagge ProFASI - a Protein Folding
and Aggregation Simulator.

1 Introduction

Understanding the folding of proteins is one of the mostlengling problems in compu-
tational biology. We refer to protein folding as the prockbgswhich a protein assumes
its native state. Protein folding trajectory data is higmeinsional and thus hard to inter-
pret after the simulation. Dimensionality reduction metbahat map the data into a new
space of fewer dimensions while preserving as much relentormation as possible, can
be used to find meaningful low dimensional structures in thgireal high dimensional
datasets.
Several techniques do exist, which we may divide into

e linear methods, like principal component analysis (PCa#jd multi dimensional scal-
ing (MDSY, and

¢ nonlinear methods, like locally linear embedding (LEfRernel PCA and Isomaff.

We refer to this methods as unsupervised embedding algwsitiSupervised embedding
methods, which take additional properties into accouetdéscussed in ref 5.

2 Material and Methods

Our dataset for this work consists of a folding trajectoradd residue alpha-beta protein
with PDB id 2GJH, generated using the program package ProBA%otein Folding and
Aggregation Simulatdr Each data point represents the conformation of the madeatLea
certain Monte Carlo time. Each successive pair of data pairg separated Y00 Monte
Carlo sweeps. For this analysis, we have usg@D such points, which were selected to
span one particular folding event in the simulations.

We have used two dimensionality reduction methods, MDS sohap. The following
are the main steps in the Isomé&method.
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e Compute dissimilarities between all points.
e Construct a neighborhood graph according to the numberighbersk,,
e Based on the neighborhood information, compute shortélssetween all points.

e Embed the data into a nedvdimensional space using an eigenvalue method.

In the case of MDS, only the first and the last step need to be ¢om neighborhood
parametek:,,), because the dissimilarity measure is assumed to be omifgood for all
pairs of points.

The success of dimensionality reduction methods highlyeddp on a reasonable
choice of the dissimilarity measure, since these methodslistances between objects
instead of the objects themselves. Thus, any informatiowa# to preserve must be rep-
resented by the distance measure. In our study we have udebanmpared three different
measures, i.e.

e the minimized root mean square deviation (RMSD) betweem@tooordinates, as it
was used in ref 3,

e the RMSD of the dihedral angels, as introduced in ref 1, and

e atwo dimensional structural similarity measure based bedlial angle distributions
and a Fourier transformation process, described in ref 7.

3 Results and Discussion

In our tests we have applied different dimensionality reductechniques as well as vari-
ous distance measures for our folding trajectory datasetohgerved, that both, MDS and
Isomap (using small neighborhood sizes) lead to interggimbedding dimensions. We
observed, that all three distance measures give resulehvihto some of the characteris-
tics of the simulation, like energy or RMSD to the native stat

In Fig. 1, we show results using Isomap with neighbors and the atomic RMSD
distance measure. Plotted is the RMSD to the native statesighe first embedding
dimension - a descriptor for how well the protein has foldethe simulation. Please note,
that the colors in all pictures express the time steps. InZEigesults using MDS with the
dihedral RMSD distance measure are given. Plotted is tla¢ ¢oergy value against the
first embedding dimension. In Fig. 3, MDS together with theer measure was applied.
Given is the helix content against the first embedding dinoens

So far we could not observe huge differences between tharlMBS and the nonlinear
Isomap, which leads us to the conclusion, that for the cageatéin folding trajectories,
we have examined, the choice of a reasonable distance reealsorleads to adequate
results for linear embedding methods.

4 Summary and Future Work

In our work we studied linear and nonlinear dimensional@guction techniques. Our
application field is protein folding, for which we try to finchd analyze new embedding
coordinates. Future work will concentrate on the analybmnabedding data. Especially,
we will use supervised methods to cluster and classify eniedata.
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Figure 1. First embedding coordinate is correlated withRIMSD to native value.

color: time
220

200
180

160

energy

120 o

100

80

60

40 L L )

1. dimension

Figure 2. First embedding coordinate is correlated withethergy.

Acknowledgments

Part of this work are supported by research grants of theoNaltiScience Foundation,
USA (CHE-0313618) and the National Institutes of HealthAU&M 62838).

101



color: time

0.6

0.5

helix content
o
=
T

o
w

0.2

011

1. dimension

Figure 3. First embedding coordinate is correlated withhtslex content.

References

10.

A. Collins, R.I. Cooper, and D.J. WatkBtructure matching: measures of similarity
and pseudosymmetry. J. Appl. Cry39, 842—-849, 2006.

. T.F. Cox and M.A.A. Cox.Multidimensional scaling. Chapman & Hall, London,

1994.

. P. Das, M. Moll, H. Stamati, L.E. Kavraki, and C. Clemdmiv-dimensional free-

energy landscapes of protein-folding reactions by noaligémensionality reduction.
PNAS 103(26), 9885-9890, 2006.

. A. Irback and S. MohantiProFASi: a Monte Carlo simulation package for protein

folding and aggregation. J. Comput. Che®¥, 1548-1555, 2006.

. T.lwata, K. Saito, N. Ueda, S. Stromsten, T.L. Griffithsl, &B. Tenenbaufaramet-

ric embedding for class visualization. Advances in Neunébimation Processing
Systemsl7 (NIPS2004), 617-624, 2005.

. L.T. Jolliffe Discarding variables in a principal component analysisattificial data.

Applied Statistic®1, 160-173, 1972.

. N. Kandiraju, S. Dua, and S. Conr&hedral angle based dimensionality reduction

for protein structural comparison. Proc. Conf. ITCC200%;19, 2005.

. S.T. Roweis and L.K. SaulNonlinear dimensionality reduction by locally linear

embedding. Scien@90(5500), 2323-2326, 2000.

. B. Sclilkopf, A.J. Smola, and K.-R.iMer. Kernel principal component analysis. In

Advances in kernel methods: support vector learning, Mi@sBr327-352, 1999.
J.B. Tenenbaum, V. deSilva, and J.C. Langfokdglobal geometric framework for
nonlinear dimensionality reduction. Scierz@d(5500), 2319-2323, 2000.

102



Chemical Space of Auxins, their Multi-Phenomenology
and Multiple Protein Interaction

Noel Ferro!-2, Patrick Bultinck 3, Thomas Bredow, and Thomas Reinard

! Institute for Physical and Theoretical Chemistry,
University of Bonn, Wegelerstr. 12, D-53115 Bonn, Germany
E-mail: Noel.ferro@genetik.uni-hannover.de

2 Institute of Plant Genetic,
University of Hannover, Herrenhauser Str.2, D-30419, Gawyn

3 Department of Physical Chemistry,
University of Ghent, Krijgslaan 281(S3) B-9000 Gent, Balygi

The irregular net of physiological processes in plants le&ntthe medium for intuitive theories
(hypotheses) of structure-activity relationships of auxiolecules, but even now their chemical
definition is unclear. Molecular Quantum Similarity Meassi(MQSM) scored a conceptual
framework to uncover such phenomenon. The quantum objaatsns) were classified by
cluster analysis methods based on a feed-back with a baalbgonsensus variable. Next,
standardized multi-screening bioassays of differentreamiere carried out and the data analysis
was implemented at multidimensional level. In these s¢esaon the one side, a new active
auxin-like substance without COOH in the side chain (2, &ratno-phenol) was found, and
hardnesssf) was shown to be a common variable to predict the auxins diicdb activities. On
the other side, two sets of molecular properties are pdstiita explain different physiological
processes such as growth and morphogenesis. These dueltg®pf auxins are structurally
consistent with the two different binding-pocket systenssldsed until now in ABP1 and TIR1,
respectively.

1 Introduction

The underlying concept of the structure-activity rule,Xms act as a kind of co-enzyme or
ergon at the growth center, which is a protein or enzyme sardé highly specific shapé”

is not consistent with experimental facts anymore.

Due to their pleiotropic effects (e.g. organogenesis, elelhgation, cell division) auxin
activity depends on more than one “receptor” and on a newhieimical mechanism of in-
teraction of protein — small molecule — prot&iThese statistical regularities have not been
taken into account previously for the analysis of the dethiholecular causal properties of
their biological activities. The physiological role of theixin-Binding-Protein 1 (ABP1)
is still debated. But definitively, it is not involved in alé different physiological auxin
effects. Furthermore, the speculations about specialized recémations for specific
transporters like PIN (PIN-FORMED) proteins should be ideied as wefl,>. Recently

a new complex of three proteins SEF out of which the transport inhibitor response 1
(TIR1) has been described as an auxin recépt®he objective of the present article is
to summarise some of our recent results and search for atiena between some meth-
ods of molecular biology and computational chemistry ineorth analyse the complex
physiological processes related to the auxin phenomena.
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2 Structure-activity

Different approaches have been postulatftemicaf , physico-chemical binding site
model$,°. They can not overcome the structure-activity impasse ginsu The uncon-
nected comprehensions of the chemical and biological yieimts have failed to describe
the auxin phenomena: first, suppressing ideas of statisgcmlarities and evaluating
the assumption, “structure generates properties”, as ardignregularity of the hormone-
receptor interaction exported from the animal model. Sdcdistinctiveness of the molec-
ular biology and biochemical outcomes in the last twentyryéa plants has not been
incorporated into the analysis.

3  Problem Solution

Our chemical computational-biostatistical approach geclion the auxin chemical space
in the biological context. The analysis of the structurénefauxin-like molecules is treated
as the invariant part, to which the the biological tests afative, but not vice vers& That
does not mean, that the phytohormone phenomenon depenldsiesly on the ligand
structure, but the ligand structure analysis is the poimulefine the degrees of freedom of
the phenomenon. The analysis presented focus on:

1. searching Molecular Quantum Similarities associateH thie biological activities;

2. classifying auxin molecules based on the connectionsseo@MSM and the Biologi-
cal Activity;

3. developing standardized bioassay for the screeningleftsel molecules to confirm
the hypothesis of relation quantum similarity — biologiaativity;

4. identifying quantum molecular regions responsible fier biological activity.

The statistical treatment of similarity matrices of botlgu®mb and Overlap opera-
tors, was preceded by a Principal Component Analysis, niiiiig repetitive information.
Next, cluster methods analysis were applied. Relationséiween clusters and biological
activity was confirmed by statistic methods with probapitt posteriori The resulting
cluster allowed to recognize different quantum similadlgsses related to the biological
activity'®. Following, the biological activity of 2,6-Br-Phe (withbGOOH group), active
as auxin by QMSM prediction was experimentally confirmét

Functionally, the multi-scaling analysis of the experitamata allowed us to dis-
criminate two sets of chemical predictor variables (chamiegions), which distinguish
two different kind of auxin biological activities: growtlivhere ABP1-binding activities
inferred a physiological relation statistically; and mioogenesis events where TIR1 is in-
volved (Fig. 1). Structurally, the two sets of accessorydivig areas proposed M and G
(Fig. 1 A) are closely related to the differences of the hiigdsite requirements of TIR1
and ABP1 respectively (the two proposals of auxin recept{éig. 1, B). In TIR1 — crystal
is well represented the binding by the N-indole, while a ctaxpinding system appear
in the complex with Zn in ABP1. The results of both crystalggest a duality of auxin
properties: able to bind in two totally different systemsn e one side (ABP1), the
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Figure 1. Accessory binding areas. (M) morphogenesis, (@yth, (H-C-H) region buffer important for growth
regulation.

molecule-protein interaction via auxin side chain evokaltg different chemical binding
conditions, to which the existence of the?smarbon, statistically inferred, could be im-
portant. On the other side (TIR1), the interaction via thetlele in TIR1 was predicted
before as an important point for morphogenetic evéntkikewise, both crystal auxin —
protein do not show any rearrangement of the atoms of theipratue to the binding. The
structural information rather suggests electron arrarggemike predicted by our calcu-
lations with a common variable influences the biologicaivitgtof auxins at every level:
the chemical hardne¥s This is also able to classify the 240 auxins together wighttio
principal components obtained by QMSM (Fig. 2). Soft molestare more active than
hard molecules if electron transfer or rearrangement isssary for the reactidf This
concept is exactly confirmed by our results. Functional ddpace with hardness having
natural auxins as outliers suggests a relation with the limits of reactivity in bioioal
systems; it means toxicity. Contrary to the natural auxgysithetic auxins like 2,4-D
are potent herbicides and their hardness is very high. Cuoiesely, other sites and/or in-
especific interactions in the cellular systems (proteims)expected, it dependent on the
molecular structures. These results, the broad quantiacitfe molecules as auxins and
many of them being almost as active as the standard auxin idicate controversy be-
tween a typical specificity of a hormonal mechanism and thxénatoncept in plants. The
strategies described above are the key of chemical desigichwvill result in the next
generation of new synthetic auxins and/or comprehensisesaf the action mechanism.
This may be also extended to the phytohormone context.
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Figure 2. Influence of hardness in the classification of 2&lralike molecules with QMSM components.

4 Conclusion

It was demonstrated that a combination of both electromicgire and intermolecular in-
teraction descriptors was able to describe this multi-disi@anal biological phenomena.
The Coulomb matrix, as an electrostatic potential desariptas the most important dif-
ferentiating auxin activity measure as evidenced by disicrant analysis. A phenol deriva-
tive, predicted as active substance, was confirmed to beedntdifferent auxin tests. The
molecular descriptors and regions analyzed function@lyn phenomenological point of
view, are structurally related with the differences of bbihding sites reported for ABP1
and TIR1. The electronic rearrangement in the interactiotina- receptor predicted by
hardnessif) is confirmed by non atoms rearrangements in the both auiR4fand auxin-
TIR1 interactions. The existence of?sparbon in the side chain turns the induction of
activity of such substances at very low concentrations.
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In this report, we briefly present our recent study which stigates the influence of solvation
energies and of crystal water molecules on the ligand bgndirentation and affinity. Recently,
we integrated fully movable water molecules into our dogkprogramFlexScreen These
water molecules have translational and rotational degréé®edom and if their presence is
very unfavorable at a protein-ligand conformation, they ot considered at all. Additionally,
we present our progress in improving our scoring functiorirfzprporating into the function
the solvation energies of the protein-ligand complex. Tdlesgion energies are also calculated
during the docking simulation itself.

1 Methods

A high-throughput in-silico screening method likéexScreerconsists of three major ele-
ments: (1) asuitable virtual representatioof existing protein-ligand systems, (2%eoring
functionthat approximates the binding energy (ideally the affindf/}he protein-ligand
complex as a function of the conformation of this compi&and (3) an efficienbpti-
mization methodhat is able to locate the best protein-ligand conformatiothe potential
energy surface®. In this report, we present our progress in points (1) and$2)far, we
have already developed a simulation approach that alloegptbtein structure to adapt
to the docking ligand by conformational changes in the siigires. This approach has
proved to be successful and results in more accurate artblelilatabase screens than an
approach using only one rigid protein structure for the $ations’.

1.1 Crystal Water Molecules

An additional important aspect is the influence of water rogles on the ligand binding
affinity and on the ligand binding orientation. Firstly, wactis on the influence of crystal
water molecules. These water molecules are strongly &ediin the hydrogen bond net-
work of the protein and therefore are well preserved in tlystaf structures obtained by
X-ray diffraction patterns. Secondly, solvation effeats eonsidered in sec. 1.2.

When a ligand binds to a protein, it pushes aside water mi@ds@uthe protein cavity. As

a consequence, a part of the water molecules are removethataulk solvent whereas
others are involved in the stabilization of the ligand biglorientation. The spatial dis-
tribution of crystal water molecules in the protein cavitffets for bound ligands. Using

one of those distributions as a fixed element in docking sitiwris, prevents many other
high-affinity ligands from binding. Because of this and thready large conformational
protein-ligand space, changeable water molecules ardlyiseglected for simulations.

In the following, we report our progress and our methodolémydocking simulations
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Figure 1. lllustration of two docking simulations with tler@dditional flexible water molecules. Left picture:
binding conformation of the ligand idu with the protein thigine kinase (TK). Right picture: binding conforma-
tion of the ligand gcv with TK.

with flexible and movable water molecules in the protein gaBefore docking, we select
flexible water water molecules which have the degrees otlftreeof translation, rotation
and of moving into the solvent, if unfavorable. We perforngedking simulations with

the ligand gcv and idu to the protein thymidine kinase (TK@ure 1 illustrates both re-
sulting binding conformations with our new methodology.tte left picture of figure 1,

the ligand idu is stabilized by two water molecules, wheirdke right picture the ligand
gev is bound to only one crystal water molecule. Our new matkagy has the advan-
tage that water molecules may actively stabilize a ligandawnation with their updated
orientation. At the same time ligands are not hindered framdibg.

1.2 Solvation Effects

The hydrophilic and hydrophobic properties of a ligand dbardy influence the binding
affinity, but also the binding orientation in protein pockatcessible to the bulk solvent. In
theFlexScreerscoring-function we approximate the solvation energiesugh an implicit
solvation model by calculating the solvent accessibleasarfireas of each atom (SASA)

ESol'uation - Z 'YiAiSASA; (1)

ASASA peing the solvent accessible surface area of atom harlde proportional factor
of the atom type of atom i that relates the surface area t@solvenergies. Consider-
ing these contributions during a simulation enables usgo edliably predict the binding
orientations in open protein pockets. Figure 2 illustratesconsequences of neglecting
and of considering the solvation effects, described with &g Docking conformations
close to the native conformations can only be stabilizedaling solvation energies into
account. As a consequence, methods like the thermodynauie approachcan not be
applied here. This method is only applicable, if the finaltpio-ligand conformation is
independent of simulations being in vacuum or in solution.
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Figure 2. ComparingrlexScreerdocking results with the experimental binding mode of thetgin-ligand com-
plex 3cla (pdb-code). The native ligand conformation isooed grey. Left picture: solvation effects are not
considered and the simulation fails to predict the nativedinig mode. Right picture: solvation effects are in-
cluded and the experimental binding conformation can beotkged.

2 Conclusion

Crystal water molecules and water molecules from the buikesh sometimes have to be
considered during docking simulations itself. With our eggzh we have started to study
the effects these water molecules have. Larger quangtativdies are still missing and
further work has also to be done to refine the parameterséd8&5A-solvation energies.
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We outline a semi-automatic procedure for structure ptediof proteins. A first analysis of
the performance of this procedure in the CASP 2006 competisi presented.

1 Introduction

In order to test combinations of physics-based simulageshniques and sequence-based
prediction methods, our group participated in the "Critisasessment of Techniques for
Protein Structure Prediction” (CASP) competition in thensoer of 2006. As a first-time
participant our goal was to establish a semi-automatic flmxk We combined existing
methods for fold recognition with our refinement algorithiasting heuristics for the se-
lection at each step. In this article, we give an overviewhef workflow and the results
of an in-depth statistical analysis of our results. In gaittir, we assess the significance of
measured performance differences between the predictdinads. Analyzing our work-
flow, we try to find the critical points where alternative dgcns lead to a significant
change in the results. Our aim is to obtain rules that guigedicision process in the
workflow to optimize our predictions.

2  Workflow

The first step in our workflow is the manual selection of tertgsdrom 3D-Jury predic-
tions. Preference is given to high 3D-Jury-scores and aggatebetween the secondary
structure of the template and the predicted secondarytsteuof the target sequence. For
targets that were obviously not comparative modeling targ&D-Jury predictions from
fold recognition servers are preferred.

We search the fold spatasing CABS. This parallel tempering Monte Carlo program
uses constraints from the respective 3D-Jury templatesermhdary structure prediction
by PSlpred 2.5 We use 32 replicas for sequences with less than 200 resatuk§4
replicas for proteins with longer sequences. The statist@s between 15,000 sweeps for
long sequences and 100,000 sweeps for short sequences.
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Clustering is performed using hierarchical clusteringmaP CMP using a fixed RMSD
of 2.5A as clustering radius. Structure clusters are selecteedbas cluster averages of
CABS energy and structure similarity (TM-sc8y¢o the PDB structure on which the 3D-
Jury template was based.

Averaged structures from the selected clusters are subjesgularization by SMMP
Regularized structures are ranked according to the tothpartial energies of the struc-
tures in SMMP. In ambiguous cases, the consistency of thigmg with a similar ranking
based on energy terms of PROFA® checked.

The 5 to 10 structures ranked best are selected for refinenfr@mtmost structures,
refinement involves a set of constrained simulated anrgealins with SMMP, starting
from very high temperatures. Most structures dissolve anfthmm into local minima of
the potential that are close to the input structures of tfiaement procedure. The final
structures from different annealing trajectories are cag&in ranked following a similar
procedure as for the initial selection for the refinemensriinal selection and ranking is
based on several energy terms, secondary structure camertsual inspection.

Figure 1. Grey is the experimental structure (2HE9). Calaseour best structure for T0346.

3 Comparing Prediction Methods

Not all of our predictions are as good as the one in figure 1rdieioto assess the signifi-
cance of measured performance differences between us l@dpediction methods we
use a nonparametric statistical test, the FriedmaP. tistas a simple two-way layout for
k treatments (groups) andblocks (target).

GROuUP
k
TARGET A Ay As ... A R, = Z Tij
j=1
#1 11 T12 T13 ... Tik Rl
#2 21 T22 T23 ... Tk R2
#3 31 T32 T33 ... T3k R3
#n Tnl Tn2 Tn3 - Tnk R,
n k n
RJ = Z Tij Rl R2 R3 Rn Z Rj = Z Rl
i=1 J=1 i=1
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For each of then experiments thek results are ranked from for the best to
k for the worst result. The ranked results are based on TMesemid RMSD for
the predictions to the experimental structure. The Nupdthesis of the test is:
Ho @ g1 = p2 = -+ = p (no treatment differs). The rank of groypat ex-
periment is given byr;;. R; is the sum of the: ranks of groupj. R; is the mean of the
n ranks of groug andR.. = ££1,
Compute

S is an approximation for thg? distribution.

The Nullhypothesis is rejected in all test cases. Acrosdigié we find significant
differences between all servers. The best serverZbamg-ServerMetaTasserPmod-
eller 6 andBayesHHoutperforming our procedure and demonstrating the neefliftirer
improvement of our workflow.

4 Workflow Analysis

For this reason, we have decided to search the workflow fiic&rpoints where alternative
decisions lead to significant changes and improvementsriresults. We asked ourselves
the following questions:

e Do we select the best template?

e Do we trust PSlpred for the secondary structure prediction?
e Which structures should be used for clustering?

e Which clusters are the best?

e Is the final ranking of energy terms ideal to find the best $tme®

As an example, we show the analysis of the workflow for tar@&58 (130 residues):

best templatg our template
best template selected ? RMSD 3.98 3.89
TM-score 0.515 0.395

do we trust PSlpred ? good secondary structure prediction by PSlpred
which structures for clustering [? good predictions often at the lower replica numbers
best clusters are? average of CABS energy not always the best
ranking of energy terms ideal 7 structure ranked 1st TM-score 0.3323

best structure ranked 12th  TM-score 0.5085
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5 Conclusion

We have described a method for structure prediction of pret&Vhile currently not com-
petitive with other approaches, we have shown a way to aaatgzperformance and to
explore possible improvements.
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1 Introduction

DNA-coated carbon nanotubes represent a hybrid systemhwimites the biological
regime and the nanomaterials world. They possess featuriet\yimake them attractive
for a broad range of applications, e.g., as an efficient ntethseparate carbon nanotubes
(CNTSs) according to their electronic properiigsas highly specific nanosensors, or as an
in vivo optical detector for ions. It has also been experitabyrdemonstrated that SSDNA
can be inserted into a CNTfurther enhancing the potential applications of this raiw
system. Our specific interest is to assess the subtle diffesein the adsorption strength
of these nucleobases on graphene, which in turn will allodowdraw conclusions for the
interaction of DNA and RNA with CNTs as well.

2 Computational Method

Calculations were performed using the plane-wave pseudopal approach within the
local density approximation (LDA)of density functional theory (DFT) as implemented
in the Vienna Ab-initio Simulation Packageasr)®.

A 5 x 5 array of the graphene unit cell in they plane and a separation of i3
between adjacent graphene sheets inztldérection was found to be a suitable choice to
represent the supercell. The base molecules were terrdinatee cut bond to the sugar
ring with a methyl group in order to generate an electronigrenment in the nucleobase
more closely resembling the situation in DNA and RNA ratlmert that of just individual
isolated bases by themselves.

For each of the five nucleobases,iaitial force relaxatiorcalculation step determined
the preferred orientation and optimum height of the plargebmolecule relative to the
graphene sheet. The potential energy surface was thenregpdy translating the relaxed
base molecules parallel to the graphene plane in steps48 8.along the lattice vectors of
graphene, covering its entire unit cell by a mesh o100 scan points. The determination
of the minimum total energy configuration was then followgdab360 rotation of the
base molecules in steps of ® probe the dependence of the energy on the orientation of
the base molecules with respect to the underlying 2-D gmra@kbeet. The configuration
yielding the minimum total energy was used in the final optaion step in which all
atoms in the system were free to relax.
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3 Results and Discussion

From the optimization steps involving the translational tre rotational scan of the energy
surface, it is apparent that the energy barriers to latecabment and to rotation of a given
base can range from 0.04 to 0.10 eV (Fig. 1(a)), thus cordidlenffecting the mobility
of the adsorbed nucleobases on the graphene sheet at rogeréture, and constricting
their movement to certain directions.

In their equilibrium configuration, all five bases tend to iioa themselves on
graphene in a configuration reminiscent of the Bernal's A&clsing of two adjacent
graphene layers in graphite (Fig. 2). Virtually no changeshie interatomic structure
of the nucleobases were found in their equilibrium configares with respect to the cor-
responding gas-phase geometries, as it could be expectadveakly interacting system
such as the one studied here. A notable exception is the,Rn guanine which shows a
10% contraction upon physisorption of the molecule on geagh
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Figure 1. Potential energy surface (PES) plot (in eV) forrgne on graphene. Qualitatively similar PES plots
were obtained for the other four nucleobases.

The binding energy of the system consisting of the nuclembad the graphene sheetis
taken as the energy of the equilibrium configuration witlerefce to the asymptotic limit
obtained by varying the distance between the base and theeya sheet in the-direction
(Table 1). This table also includes the polarizabilitieshef nucleobases calculated at the
MP2 level of theory. The polarizability of the nucleob3sehich represents the deforma-
bility of the electronic charge distribution, is known tasar from the regions associated
with the aromatic rings, lone pairs of nitrogen and oxygemet. Accordingly, the purine
base guanine appears to have the largest value, whereagitnéme base uracil has the
smallest value among the five nucleobases. Our calculatmmiegm this behavior.
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Figure 2. Equilibrium geometry of nucleobases on top of gesge: (a) guanine, (b) adenine, (c) thymine, (d)
cytosine, and (e) uracil.

Base FE,(LDA)[eV] E,(MP2)[eV] «a[e?aiE, ']

G 0.61 1.07 131.2
A 0.49 0.94 123.7
T 0.49 0.83 111.4
C 0.49 0.80 108.5
U 0.44 0.74 97.6

Table 1. Binding energy;, of the DNA/RNA nucleobases with graphene as calculatednvitbA are compared
with binding energy and polarizability from MP2 calculations.

4 Conclusions

Our first-principles results clearly demonstrate that theleobases exhibit significantly
different interaction strengths when physisorbed on geaph This finding represents
an important step towards a better understanding of expately observed sequence-
dependent interaction of DNA with CN¥4. The calculated trend in the binding energies
strongly suggests that the polarizability of the base mdéscdetermines the interaction
strength of the nucleobases with graphene. Further stirdiek/ing the investigation of
nucleobases interacting with small-diameter CNTs areettly underway.
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Cryo electron microscopy (cryo EM) has proven to be an effedechnique to gather low
resolution information of macromolecular structures. hels like X-ray crystallography and
NMR spectroscopy on the other hand supply atomic detaitstres but tend to fail in the inves-
tigation of large specimen. We present a method for eluicigahacromolecular structures by
combining atomic detail structures of subunits with ovesbhpe information gathered by cryo
EM — a problem for which only few computational methods haserbpublished so far. In our
approach atomic detail structures are reduced to a set efepby computational methods like
gift-wrapping and Delaunay triangulation. These desogtspheres are then matched to a hard
sphere-filtered cryo EM map employing pose clustering, hrtieue adapted from computer
vision. Tests were performed using experimental and sitedileryo EM maps. Calculations
yield results within 3.8 rmsd accuracy or better in a runtime of less than 5 minutes.

1 Introduction

Cryo electron microscopy is as a powerful imaging techniguéhe elucidation of macro-
molecular structures. The resolution of the resulting dgmeaps, however, does not
allow for atomic detail interpretation. For this task medkdike X-ray crystallography
and NMR spectroscopy are more suited, while they also tefalltm the investigation of
large specimen. Combining atomic detail structures of sitbwvith cryo EM is a viable
method for determining macromolecular structures. We log@es a fast and accurate tool
incorporating information from different sources for thengputational reconstruction of
macromolecular assemblies (CRoMA).

All published methods for this problem except one rely on gusatial scan of the
six dimensional degrees of freedom given by rotation anastedion of the two objects
relative to each other. Only one published approach usiltepology representing neural
networks. Three approaches for a scoring function can beddu literature. One is to
calculate a synthetic cryo EM map of the atomic structurénatdesired resolution and
to determine the cross correlation of the two maps. Anotper@ach utilizes laplacian
filtered maps yielding a score reflecting the overlap of bard@ third scoring function
uses trilinear interpolation for each atdm.

2 Method

The atomic detail structure as well as the map are prepredssslding descriptors con-
sisting of spheres of different radii. These descriptoesidilized to determine favourable
placements by a technique adapted from computer vision.
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Figure 1. Atomic detail structure and ribbon model of a morowf the thermosome from T. Acidophilium
(PDB accesion code 1A6D) together with the implemented reptiescriptor

The goal of the descriptor for structures given with atonsisalution is to determine
few large spheres describing the shape of the structuredendeletail. Therefore all
surface atoms of the structure are determined using a gé#pping algorithm. For the set
of surface atoms the three-dimensional Delaunay triatignlés computed. An essential
property of this triangulation is that each tetrahedroirswensphere does not contain any
other surface atom, i. e. also the largest spheres insidgriingture are contained in this set
of spheres. All circumspheres outside the structure aadisd while a subselection of
spheres describing the interior of the structure is chosgui@ying a set cover algorithm.
An example of a descriptor can be found in Figure 1. The cryo ia&p descriptor is
constructed by filtering with isodense spheres of differadti. The radii for filtering are
chosen according to the size of the spheres found as steudscriptor.

For calculating the placement of the high resolution streetin the low resolution
density map, pose clusterihg a powerful method from pattern recognition — is used.
Triangles between centers of characteristic spheres inttheture-descriptor are used to
query a database of triangles build up by selected voxeleefiltered map. The pose
clustering algorithm then proposes positions in whichkinee structure spheres generating
the triangle coincide with map spheres of similar radius.

All proposed placements are subject to a quick scoring fanawhich utilizes the
sphere representation of structure and map. A certain antdymoposed placements is
then retained and scored according to a fine-grained schnrggion based on trilinear in-
terpolation. The resulting placements can be clusterezhgiwser defined rmsd threshold.

3 Results

Afirst test was performed by docking monomers taken from thkeoular complex GroEL
deposited in the PDB with accession code 10EL to map 108htfken the EM-Search
databasté The rmsd between the calculated and the correct positimmﬁ\ and the
computing time was less than four minutes.

Further tests were conducted on simulated maps using eastouctures. The result of
docking structures to urate oxidase (2FUB) is shown in FEgurWithin ten minutes run-
time placements with 34 rmsd to the original placement were found. Another example
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Human c-reactive protein (1B09) Urate oxidase (2FUB)

Figure 2. Solution structures

is docking monomers to a map generated from human c-regutdiein (1B09). Here a
rmsd of 2.3A was achieved in a runtime below one minute. The resultiagghents for
the latter two examples can be found in Figure 2.

4 Perspectives

Besides the success in several cases, the algorithm fail$ew docking scenarios. This
is the case, if the molecular mass of the structure to be dbokakes up only a very
small fraction of the overall mass. Further improvementi&oscoring function will help

tackling these cases. Although not yet fully developedt épplications of this approach
suggest that the algorithm is going to be highly efficient affdctive.
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For the understanding of large macromolecular complexek as ribosomes the analysis of
protein-protein interactions is essential. These intéemdar interactions are strongly depen-
dent on the three-dimensional structures of the correspgndolecules. In case that the struc-
tures are known they can be directly used while in many othses homology modeling tech-
nigues can be applied. We have developed a novel algorithrihifo purpose that allows the
combination with additional experimental data to furthprove the structural models. Cur-
rently we are developing tools based on a data driven dockipgoach and the 3D structures
of the individual molecules to investigate whether propioisgéermolecular interactions can be
verified or falsified. In this contribution we will show firsesults to demonstrate the principal
applicability of our approach.

1 Introduction

Most of the various functions in a cell are mediated by largetgin-protein interaction
networks. For a detailed understanding of these intenastoowledge of the correspond-
ing three-dimensional complex structures is required. &l@x, a significant amount of
these complex structures will be extremely difficult to sty conventional experimen-
tal structure determination methods. One avenue to ciremtrihis problem is to use the
structures of the individual molecules in combination wéttmputational docking tech-
nigues. It has been shown that reliable results can be @utawmen data driven docking
techniques are appliédnd only moderate structural changes occur during complex f
mation. As mentioned above three-dimensional structurésedandividual molecules are
required for the application of docking techniques. If #neguctures are already available
they can be directly used. In many other cases the use of logymaitodels is applicable.
We have developed for this purpose the homology modelingrara PERMOR that is
based on restrained molecular dynamics in torsion angleesgp@r the case that sufficient
experimental data is available to obtain low resolutionctires of the single molecules we
developed the ISI€algorithm to improve the structural quality by combininddrmation
from different sources. The key question here is how to combiie available information
ensuring that no wrong structural bias is introduced.

Next the 3D-structures of the single molecules are usethfsilico complex forma-
tion. In this contribution we focus on the question if datizein docking techniques provide
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Figure 1. Example on the use of docking to query proposednmatecular interactions. Molecules B, C and D
are forced to interact with the target molecule A for which ihterface (shown in yellow) is known.

Interaction A-B Interaction A-C Interaction A-D
Einter -2512,2 kJ/mol| E;ier -1991,4 kI/mol| E;,,ierr -1695,6 kd/mol

Table 1. Average interactions energies for three diffetgéak molecules (B, C, and D) docked to the cytoplas-
matic A domain (IIA(MTL)) of the mannitol transporter Il (AYB) histidine containing phospocarrier protein
(HPr), (C) human cyclin dependent kinase subunit type | (BE&$), and (D) apo form of HMA domain of
copper chaperone for superoxide dismutase.

additional information to query proposed binary proteiotpin interactions. More specif-
ically we assume that the binding-interface of one moletik@mown and it is investigated
which of several proposed partner molecules is the coméetaction partner.

2 Motivation

Over the last few years several high-throughput proteaigin interaction detection
methods have been developed. However, as shown in the pgpembMering et &
the proposed interactions of these methods usually comtaimy false positives. And
although substantially improvements can be obtained bybawognseveral methods it
is clear that additional work is required to reduce the anaifirfalse positives. Since
intermolecular interactions are strongly dependent orthiree-dimensional structures of
the corresponding molecules, docking techniques showdighe additional information
in this regard.

3 Materials and Methods

To query proposed protein-protein interactions diffeteiat molecules are forced to bind
to the known interface of one target molecule. For this psepthe data-driven docking
algorithm HADDOCK that is based on the use of ambiguous interaction restiainged.
The known interface information of the target protein isyided as restraint information
to the docking algorithm. This information can be obtained éxample from NMR
chemical shift perturbation data, mutagenesis data etc.theoproposed trial molecules
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we assume that nothing is known about their interface anddhgplete surface of these
molecules is defined as potential binding interface. Sépalacking runs are performed
for each of the trial molecules. Results are ordered basethe@mbtained interaction
energies. Interaction energies are calculated based antdrenolecular van der Waals
and electrostatic interface energies.

4 Results and Discussion

For testing, two molecules A and B that are known to interaetszlected in the exam-
ple shown in Fig. 1. Then in addition two molecules C and Ddaanly selected from
the PDB database are used, to perform docking runs with mielee For the target the
binding interface shown in yellow in Fig. 1 is assumed to bevim while for molecules
B, C, and D the whole molecule is defined as possible intenaddite. Results for this
example demonstrate that the lowest interaction energmsrsin Tab. 1 are obtained for
the correctly interacting pair A-B while considerably higgtenergies are obtained for the
non-interacting pairs A-C and A-D allowing to correctly clisninate between interacting
and non-interacting proteins. These tests were repeatest¥eral different test cases to
investigate the general applicability of the method, wheeeso far obtained data show
similar results (data not shown).

Therefore, in summary one can say that docking techniquepieavide useful addi-
tional information to interrogate proposed protein-piteteractions.
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This work describes a new Boundary Element Method (BEM) énmntation for biomolecu-

lar solvation with parametric surfaces. First, multi-ecablumetric synthetic electron density
maps are constructed from parsed atomic location data nfdlecules using Gaussian isotropic
kernels. Next, three different methods are used to extratgular meshes for the molecular
surface. They are: marching cubes, marching tetrahedraranching tetrahedra with dual
contouring. Then generated meshes are used in BEM elattoosalculations. In this work

we study: 1) calculation time and accuracy for multipole air@ct electrostatic solvers; 2)
energy convergence and calculation time with the densiboahdary points different meshing
algorithms; 3) energy convergence for different iterativear solvers.

1 Introduction

Electrostatic interactions are known to play a key role itedwining the structure and
activity of biomolecules. Interactions with solvent areywémportant for biomolecular

functioning. Here we present a new method for the impligtesentation of solvent along
with algorithms for calculation of electrostatic interacis.

2 Molecular Surface Representation

For our model we have chosen an implicit surface representathe 3-dimensional scalar
function D(7) (Eq. 1), which is a sum of Gaussians centered at atomic nigkgimilar to
the electron density function. Then the isosurfate- 0 represents a molecular solvent-
accessible surface witR; parameters equal to WdV radii of corresponding atomsand
parameters responsible for surface smoothfng

olr=rl
D=3 exp T (1)

The Gauss maf of such a function is given in Eq. 2 and Gaussigrand meanHd
curvature® can be calculated as shown in Eq. 3.

dm(dg +d?) —dydyd,, —d.d.d,.

d
1
IVDIP \ —dodpdye  —dodydyy,  dee(d? + d2)
K = det(S) 3)
H=1/2Tr(S)
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Figure 1. (a) Molecular surface of the BPTI protein. Marchoubes algorithm for the surface extraction has
been used. (b) Error in solvation energy versus density sl point for the marching cubes algorithm.

Marching algorithms have been chosen to extract the isevaluface. We have used
marching cubes and marching tetrahedra methods in our mDdfdrence between them
will be discussed below. BPTI protein molecular surfacel@ated with marching cubes,
is shown in Fig. 1(a).

3 Boundary Element Method

A well-known result for the induced chargeson a surface between two dielectric media,
which is a solution of Poisson’s Equation, is given by:

€in — €out Qi(r - I'i) -n €in — €out
o = 3 + o
A€ - €in |t — Ti] 2€in

€in — €out (I‘ — I's) ‘n
od 4
+ < Ame, )jé v — rg|? 7548 “)

This equation can be solved in a matrix fotw = b using direct or iterative meth-
ods'. As the matrix size grows the iterative methods become mmtemble. We have
solved this equation with a number of modern iterative atgors CGS, BiCGSTAB, GM-
RES, BiCG, QMR and Chebyshev iteration. All the algorithmeskarylov-subspace meth-
ods and provide well convergence. GMRES, unlike the othahaus, needs only one
matrix-vector multiplication per cycle and is a method obide in many applications.
QMR requires one matrix-vector and one transpose matrixevenultiplications per cy-
cle, but these two operations can be performed in a singletitimcall in our modified
DPMTA schemé. So our implementation of QMR iteration is almost as fast &4-G
RES, but does not require a restart and uses less memory.th&lt algorithms, except
Chebyshev, need two matrix-vector multiplications, whstbw down their performance.
Chebyshev iteration, although being very simple, needesaditional information about
the spectrum of the matriA and has been used here only for test purposes.
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Since BiCG and QMR methods require a matrix transpose, we &gended DPMTA
algorithn? to calculate the transpose of matex The multipole expansio]f\/I:f_’n[1 has a
vector form and contains three new components:

k
M? (7)) =Y isifiiF, ,, () (5)
=1
Forces then calculated as:
VO (M) =Tr |¢ > > ML, VG m(7) (6)

n=0m=—n

Once the polarization chargesare calculated, the solvation energy is evaluated as:

1 qi Ok
U=— — = 4+ _r 7
emg:|r—ri| ;|r—rk| ()
Finally the surface charges can be normalized accordingtesSs law:
(Ein - 6out)
zk: e z; q (8)

4 Code

The presented algorithm was written as a C/C++ extensiorMid Kimolecular modelling
toolkit®.

5 Numerical Tests

As a first example we have calculated solvation energies fph&rical cavity and com-
pared them with analytical results given by Born equatioesis for this comparison are
given in Fig. 1(b). Starting at point densitypoints/nm the normalized energy error is
below 1%.

Comparison for different iterative algorithms for the BR3rbtein with 2500 surface
elementsis givenin Tab. 1. GMRES and QMR methods perforrhélsg while Chebyshev
did not converge due to a poor matex eigenvalue estimation.

CGS | BICGSTAB | GMRES | BiCG | QMR | Cheby
steps 24 23 30 36 37 -

Table 1. Convergence of iterative methods for the BPTI jimatéth point density 5 points/nm. Tolerance = 1e-6,
2500 surface elements, no preconditioner was used.

Numerical results for marching cubes, marching tetrahadchmarching tetrahedra
dual contouring are given in Fig.2(a). All the methods shamwilar energy errors. March-
ing cubes provide a better mesh spacing and triangulartguatiile marching tetrahedra
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Figure 2. (a) Three different marching schemes for a sphleravity are compared. (b) Solvation energy for the
BPTI protein at different grid point densities.

algorithm is simpler to implement. Convergence of the magltubes scheme for the
BPTI solvation energy is shown in Fig. 2(b).

6 Concluding Remarks

In the current work we have shown how to use a parametric solvenodel together with
BEM Poisson’s solver. Three different marching scheme® lmen implemented and
tested. We have also extended the DPMTA multipole algodttordeal with transpose
matrices, which allowed us to use new iterative schéma&se method has been coded
as an extension to the MMTK molecular modeling todlkihd will be soon available for
download.
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We present a fast and precise generator of the potentiadyeserface (PES) for the double
proton transfer occuring in free-base porphyrin. We prepusvel analytical formulae of the
PES along with their parameterizations to describe cde@lmotions of the protons.

1 Introduction

Double proton transfer processes (DPTPs) are commonlynagsefrom small systems
to large ones, including proteins. For a better understendi DPTPs and coupled, cor-
related atomic motions, we plan to use quantum-classicé¢cntar dynamics (QCMD)
simulations. The main problem in the QCMD simulations is Ik of reliable and fast
PES generators for the atomic motions. Based on effectis@tgm-classical modeétg
and their numerical implementations, we decided to cons®&ES for model molecular
systems with DPTPs. Drawing experience from our previossarch on DPTP in formic
acid dimer (a system with two hydrogen bonds), we focusedresgarch on larger and
experimentally well-studied molecules with the intranwallar proton transfer: porphyrin
and porphycene. Free-base porphyrin and porphycene dr@biaur pyrrole rings con-
nected by carbon bridges and have two hydrogen atoms (®oitothe inner part of the
skeleton. The two inner protons migrate in the moleculaffsichcontaining four nitro-
gen atoms. The double proton transfer could - in principleocped either along a syn-
chronous pathway oria a two-step mechanism involving a metastatileintermediate.
All the stationary states presented in Fig. 1. were optithizging GAUSSIAN 03 with

SS Q TS Q
D S O &
U -

Figure 1. The stationary structural states of the porphyratecule obtained with the DFT/B3LYP method.

the spin-restricted B3LYP density functional method (DERY the 6-31G(d,p) basis set.
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The obtained energy values are presented in Tab. 1, they g@od agreement with the
B3LYP/TZ2P values given by Baket al*.

structure | energy %) | energy | structure| energy %) | energy
trans (D2y) 0.0 0.0 cis (Cay) 34.3 34.8
TS (C.) 64.0 67.8 | SS Da) 94.2 102.2

Table 1. Relative energies for the stationary states ofthehyrin PES (energies are given in [kJ/mol], thens
porphyrin is taken as the reference state).

2 Potential Energy Functions

Our aim is to construct a PES generator for the motions of#ériner protons and vibra-
tions of the molecular skeleton, occurring in the groundrBOppenheimer state. Such a
generator can be parametrized based orathmitio or DFT calculations for the energies
and the geometries of the stationary states (including tinénma and the saddle points of
the PES), and the corresponding Hessians, as well as on thedzias for proton motions
inside the molecular scaffold. Several models are consitjén one of them, the PES for
the protons and for the skeleton is obtained with the Appnaxé Valence Bond (AVB)
method as the lowest eigenstate of the AVB Hamiltonian; in two othgproaches, the
PES for the molecular skeleton is described by a classicakfbield or by an average
harmonic potential, and a more rigorous analytical repreg®n of the PES for the pro-
ton motions is used, allowing for better approximation & #nergy scans obtained with
GAUSSIAN 03

3 Mechanical PES Model

The following analytical formulae are used to describe tB& For the inner protons:

Vie =Y (Y Ve +> Ven+ >, Vanc+ > Vvun)
H N c

pairsNC pairsN

+ VHH + Z VHNH + ‘/const(Rskeleton)v
N

where the first sum runs over the two protons and includesdl@nfing terms for each
proton:

e two-body interactions with C and N atoms described by thedddunction for the
bond length, CH and NH,

Ver = Pri(exp(—Pnircnr) + P2 exp(—2Pnircw)),

Vna = Pro(exp(—Pnsrnu) + Pyaexp(—2Pnsrvm)),
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e three-body interactions with N and C atoms, ensuring prapgies between the NC
and NH bonds,

'NC "TNH

2
Vunc = Pr3 eXp(—PN5T?\/H)( + PN6) ;

IPnellive|
e three-body interactions with pairs of N atoms (computeceeh pair),
VNHN = Praexp(—Pn7rn, m) exp(—Pn7rn,m)-
The other terms are:

e arepulsive HH interaction,

Vi Pprs + Prgexp(—Pysriy)
HH -— ’
THH

e athree-body interaction between the two protons and ag@tr@atom (computed for
each nitrogen),

Vunwa = Prrexp(—Pnornm, ) exp(—PNoTNH,)-

3.1 Fitting the Parameters

The mechanical PES model contains a set of paramet&s}?_, ,{ Pn;}_,, which have
to be optimized in order to fit the model to the DFT results. dp&mization is based on
minimization of the root mean square deviation (RMSD) fiorct

Z{geom} (Z{map} I(VG)(V]W - VG)Q)

RMSD =

ZMWM(ZWWﬁﬂVQ)
where
1 if v <vs
exp(=VE/VS) ifvE >V

and{map} represents the set of positions of the protons, used to beaRES at a fixed
geometry of the skeleto{geom} represents the set of all the geometries of the skele-
ton (minima and transition states) for which the scans haenkperformed})© is an
energy cutoff (e.gV°=100 kJ/mol for porphyrin). It should be emphasized thairojaia-

tion is carried out simultaneously for all geometries tlegdresent stationary states of the
molecule.

4 Results

The mechanical PES model was fitted to the DFT calculatiotisavatisfactory accuracy.
In the most important, low energy regions, up to 100 kJ/ni@,discrepancy between the
model and the DFT results does not exceed 8 kJ/mol. In ordestmlize the results of
the parameterization, the protonic scans for the porphgdtecule in theransminimum
state are presented in Fig 2. From the left to the right arevehdhe reference PES
scans obtained witlBAUSSIAN 03 by moving the right inner proton in the plane of the
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Figure 2. Anab initio scan of the PES (left), and the differential energy mapsdiaieind right) - for details, see
the text.

molecule(z, y) in the region(z,y) € (—1.8;1.8), while all other atoms were fixed in
space; the differences between the protonic scans obtaiitledSAUSSIAN 03 and with
the analytical model in the region limited to € (—0.7;1.7),y € (—1.2;1.2); and the
right one tox € (0.9;1.3),y € (—0.4;0.4). Note that the (x,y) coordinates of the nitrogen
atoms are: (0.00;2.03), (0.00;-2.03), (2.12;0.00), @2010). The NH bond lengths in
the local minima, the transition state and the saddle pdi®AUSSIAN 03as well as the
parametrized PES/,) are summarized in Tab. 2. In the case of the transitionstéte
distances between the proton and the two closest nitrogemsadre given.

structure Ry RY Ry RS
trans O2) 1.0074 1.0145 1.0074 1.0145
cis (Cav) 1.0204 1.0277 1.0204 1.0277
TS (Cs) 1.0225 1.0273 1.9020,1.2982 1.8772,1.2833
SS D2r) 1.2927,1.2927 1.2943,1.2943 1.2927 ,1.2927 1.2943,1.2943
Table 2. NH bond lengths (given ﬁu) of the stationary states in porphyrin.
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In the current study, we implement an algorithm to analjlioderive a novel propensity scale
for the Transmembrane Beta barrel (TMB) residues to be edasthe lipid bilayer. Since
it is very difficult to experimentally determine their 3D wttures and given the fact that they
perform several important functions in the cell proteoméath gram-negative bacteria and
eukaryotes, it is imperative to develapsilico methods for the modeling of their 3D structure.
The algorithm previously described by us for Transmemb#rpba helical proteins takes into
account the evolutionary conservation and frequency prédilderive a positional score for a
given Transmembrane residue. The scale, based on ridgessén, is derived such that the
positional score for a given residue is maximally correlatgth its relative solvent-accessible
surface area (rSASA) value. A leave-one-out test with knetvoctures demonstrates the
correlation coefficient between the observed and predic3&®EA values to be around 0.52.
Analysis of scales derived for both the interface and therdpladobic core of the TMBs
provides interesting insights into structural aspectsMBTresidues.

Keywords: ridge regression, TM Beta Barrel proteins, feauy profile, propensity scale

1 Introduction

TMBs, composed of antiparallel Transmembrane beta strandsconnected by soluble
loop regions are inserted into the outer membrane (OM) afhgmagative bacteria, mi-
tochondria and chloroplasts, where they perform a variefymctions, including passive
transport of ions and small hydrophilic molecules, membramchoring and a role in bac-
terial pathogenicity®. The lipid-facing surfaces of the barrels are composed dfdyho-
bic residues and the residues facing the interior of theshare mostly polar residugo
facilitate transfer of small solute molecules. Accuratedure prediction of TMBs still
remains a challenge, as Transmembrane protein structareatébe easily studied using
X-ray crystallographic and NMR methods. As of now, no pragignscale exists that can
account for the propensities of TMB residues to be exposedeadipid bilayer. In this
study, we implement an algorithm previously establishedi#yfor deriving a propensity
scale for Transmembrane Alpha helical residues to forrauvad propensity scales for the
Beta barrel residues to be exposed to the lipid bilayer ahytigophobic core and at the
interface region, respectively. Briefly, the algorithnesito maximize the correlation co-
efficient between the observed and the predicted rSASA sdhrea given residue. The
rSASA value of a residue describes the extent to which thaicpéar residue is exposed
to the lipid bilayer. Previously, it has been observed tlidapresidues tend to be buried
inside and hence are less exposed to the bilayer in the higdbipcore regioh The same
is not true for residues at the interfaces, where the disbndetween the exposure pat-
terns is influenced by the changing nature of the lipid emritent. It is also known that
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the more conserved a residue is, the more it is structurallyca functionally important
for the protein. Consequently, the frequency profile of tBendturally occurring amino
acids and their positional conservation Index is used amtheé vector.

2 Materials and Methods

A non redundant data set of known TMB structures was comypitadarily based on the
list provided by Tusnadgt al®. The final dataset comprises of 25 protein chains with 2305
and 1195 TM residues in the hydrophobic core and interfagiemerespectively. The hy-
drophobic region was derived from the OPM databsEhe classification of each residue
as being buried or exposed to the lipid bilayer was basedsorSASA value. As previ-
ously described by dsthe SASA values were calculated with the VOLBL programesuit
employing a probe radius of 28 To prevent the residues lining the internal cavity of the
protein from being classified as exposed, capping with dumesiglues was performed for
both the interfaces and the hydrophobic core. SASA valugs wermalized to generate
rSASA values by considering the SASA values for each amingd ¥dn the context of
the tri-peptide G-X-G. The positional frequency for a givesidue was calculated using
AL2CO program suite. The complexity parameter for ridgeesgion was found by em-
ploying 10 fold cross validation. Calculations performetihg R yielded 0.691 and 0.301
as complexity parameters for hydrophobic and interfacemnesg respectively.

3 Results and Discussion

3.1 Implementation of an Optimum Propensity Scale for TMBs

PHE MET TRP ILE VAL LEU ALA PRO ASP GLU
HMOB | 0.086 | -0.086 | 0.030 | 0.023 | 0.077 | 0.246 | 0.056 | 0.068 | -0.062 | -0.055
IMOB 0.096 | -0.040 | 0.094 | 0.044 | 0.019 | 0.100 | -0.017 | 0.030 | -0.057 | -0.059
MO -0.010 | -0.230 | -0.030 | 0.050 | 0.020 | 0.020 | -0.090 | -0.100 | -0.270 | -0.200
CYSs ASN GLN THR TYR SER GLY HIS ARG LYS
HMOB | 0.047 | -0.061 | -0.060 | -0.035 | -0.020 | -0.075 | -0.026 | -0.026 | -0.062 | -0.063
IMOB | -0.050 | -0.043 | -0.031 | -0.006 | 0.078 | -0.063 | -0.038 | 0.020 | -0.038 | -0.041
MO -0.160 | -0.230 | -0.220 | -0.180 | -0.150 | -0.190 | -0.180 | -0.240 | -0.210 | -0.100

Table 1. The propensity scales for transmembrane BeteBawoteins. HMOB = Hydrophobic MO Beta, IMOB
= Interface MO Beta, MO = MO scale for transmembrane alph&dleproteins. The standard deviation of
individual propensity values with leave-one-out test wasfl to be less than 0.008 in all cases.

As can be seen in Table 1, the propensity values for TMB residoibe exposed to the
bilayer are smaller in magnitude than their counterpari@@msmembrane Alpha helices.
This could be due to the less hydrophobic exterior of TMBsicWlis necessary for their
translocation via the inner membré&n&he affinity for hydrophobic residues to be exposed
to the hydrophobic environment of the lipid bilayer is in cent with the experimental
results.
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0.00° (0.44F | 0.01(0.37)] 0.02(0.35)] 0.03(0.34)| 0.04 (0.33)] 0.05 (0.33)
HMOB CC(0.51) 67.2 73.1 75.0 75.8 76.0 774
+CI CC(0.52) 69.9 76.3 78.3 78.7 79.1 79.7
0.00° (0.40F | 0.01(0.45)| 0.02(0.44) | 0.03 (0.42)| 0.04 (0.41)| 0.05 (0.39)
IMOB CC(0.48) 76.6 76.6 76.0 76.6 77.0 771
+CI CC(0.49) 77.2 78.3 77.7 78.0 78.8 78.7

Table 2. Performance comparison of the derived scalesfatefit rSASA values in the hydrophobic core region.
Entries reflect the accuracy of prediction, which improveththe inclusion of conservation index as an input
parameter. a = Threshold rSASA, b = fraction of exposed vesidCC =Absolute magnitude of Correlation co-
efficient between the observed rSASA and the computed ppaltscore, ACC = Accuracy of correct prediction
in percentage, Cl = Conservation index.

3.2 Performance Comparison of Propensity Scales

A leave one out test was conducted to measure the perfornoditice propensity scales.
The performance of the particular scale was assessed hyzarathe correlation between
positional score and the observed rSASA values and by thresmonding prediction ac-
curacy. A support vector machine in R was used to implementdhkt. As depicted in
Table 2, the choice of the cutoff value for the rSASA value isgor factor when it comes
to predicting the burial status. In the current study, thisoff was objectively chosen
based on the SVM. The table also shows that inclusion of ¢gaten indices as an input
parameter enhances the performance of the derived scaiesovErall weak correlation
between the observed rSASA and the computed positionat seargests that the lipid
protein interaction might not be the only factor involvedpirotein insertion and folding
mechanisrh

3.3 Comparative Analysis and Correlation with Other Scales

Scale (Reference) HMOB | IMOB
Hydrophobicity KD (Kyte et al., 1982) 0.68 0.46
EIS (Eisenbergt al.,, 1984) 0.63 0.61
GES (Engelmaret al,, 1986) 0.54 0.51

WW (Wimbley et al., 1996) 0.56 -
Hessa (Hessat al., 2005) -0.58 -0.52
Size Bulkiness (Zimmermaset al., 1968) 0.53 0.74
Packing Partial specific volume (Cohet al.,, 1943) 0.60 0.59
Others KPROT (Pilpelet al., 1999) 0.61 0.30

Table 3. Correlational analysis with other scales. The@nsjty scales derived here shows weak correlation with
other scales.

As shown in Table 3, one method to discover the other factm@ved in TMB fold-
ing could be to find other scales that strongly correlate withscales derived here. As
expected, the hydrophobicity scales show a weak correlatith the propensity scales
derived here, which can be atributed to the less hydropletiarior of TMBs.
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4 Conclusion

The current study successfully implements the MO algoriftbmTransmembrane Beta
barrel proteins. The propensity scales for both the hydsbhcore and the interface
region are presented. The derived scales confirm the lessjiyobic exterior of the TMBs
and are weakly correlated with hydrophobicity scales. AHer analysis of the scale in
terms of principal components, distance of the residue ftoenlipid bilayer core and
more advanced statistical methods need to be employedlyoufudierstand the insertion
and the folding mechanism of the TMBs in an analytical wayvé&epment of a reliable
predictor for the burial status of TMBs can be used to impaigt@mnal constraints on
starting template models while performiaf initio structure predictioh Further analysis
of TMB residue propensities might provide important ingggmto the evolution of the
mitochondrial OM and the development of its protein biogimeysterf.
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We applied our recently suggested modification of the Waagedau algorithm to study the
folding thermodynamics of3-residue peptide P1 from C-terminathelix part of the human
Prion Protein (PrP). Temperature dependencies of the gveaergy, the specific heat, the
relative free energy and entropy have been evaluated faitigée peptide in gas phase as well
as in the implicit water environment. Simulations of singlelecule show that this peptide is a
good folder and folds into a fully helical conformation. $l& consistent with the conformation
of this part in the native structure of the mother protein.wideer, CD spectrum of the water
solution of P1 peptide shows only very small amountehelix. This may indicate that in
water solution the peptide forms aggregates. We used thelated annealing algorithm to
determine the ground state of the system of two peptidesr&shdts show that the ground state
conformation indeed contains a small amounasielix.

1 Introduction

The Monte Carlo method has been an effective tool in profeinlations for a long time.
Due to the very complicated energy landscape of the proteithshigh potential barriers,
the conventional Metropolis algorithm does not allow to pthe energy space more or
less uniformly, especially in simulations with all-atomteotials. The situation has im-
proved dramatically when several non-conventional (stedajeneralized-ensemble) al-
gorithms have been introduceti However, even the improved algorithms do not meet all
challenges in protein simulations, and there is a constaggtgor new, more sophisticated
and efficient algorithms. Recently we have suggested a ngwoaph which is based on
the combination of the Wang-Landau and Transition MatrixntéoCarlo methods It is
well known that the Wang-Landau algorithm allows to easilyp over the energy barriers
at the initial stage of simulation and to sample all energgle uniformly. Nonetheless,
at the later stages the statistical errors do not decreakeinireasing samples. This is
considered as a drawback of the algorithm. At the same timegransition matrix method
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gives a good estimate of the density of states with smalkstatl errors but it requires a
proper initial guess for the density of states which is uguabt available. In our algo-
rithm we use the advantages of the two methods within a comdtapproach whereby the
algorithm behaves like the Wang-Landau method in initiajes and uses the transition
matrix method to reduce the statistical errors at the latages Here we apply our algo-
rithm to simulate a small peptide P1 from the C-terminus ahbua prion protein (PrP).
The biological importance of this peptide is that it has besed as an antigen to produce a
monoclonal antibody which recognizes an epitope speciffmtbological isoform of PrP
from brain samples of Creutzfeld-Jakob disease patierss gart of the mother protein in
the native state this peptide has a fullshelical structure whereas the CD spectrum of the
water solution shows only a tiny amount@fhelix. We use the standard geometry model
with ECEPP/3 forcefield as implemented in protein simutapackage SMMP

2 Calculation of the Thermodynamical Quantities

The advantage of knowing the density of states is that onealanlate directly the parti-
tion function and all related quantities

Z =Y n(E)e P, 1)
E

whereZ is the partition function and.(F) are the density of states. We performed our
algorithm to calculate the partition function of P1 peptimteth in gas phase and with im-
plicit water environment treated by solvent accessibla anethod. After calculating the
partition function we obtained the temperature dependsnei the potential energy and
the specific heat:

E(T) = (E)y = 27> En(E)e"/*»T
E

(B*) = (B);

— T T

CT) = — ()
These quantities are plotted on Fig. (1). One can see thatpbefic heat has a well
defined maximum indicating cooperative transition.

3 Modification of the SMMP Code

Since the experiment shows a little amount of thé&elix the suggestion was made that
the molecules of P1 in solution don’t behave similar to thegke molecule. The most
straightforward explanation may be that they aggregatedandot allow each other to
undergo helix-coil transition. We have addressed this leratby finding the ground state
conformation of the system of two peptides. For this purgoegnor modification of the
code was necessary because normally it is impossible tdatienmore than one molecule
in SMMP. We introduced a “fake” residue which consists onfyttee backbone bonds
and contains atoms which do not interact neither with eablkrabor with other atoms.
Thus they don't contribute into the energy function. Theatioins around all bonds of
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Figure 1. The temperature dependence of the potential gred the specific heat (inlet) of the peptide P1 in
implicit water environment.

virtual residues are completely free. Connecting two pigstiwith sufficiently long chain

of virtual residues allows the two molecules to accept arsitipms with respect to each
other. We have performed a large number of simulated ame#dr such a system and
obtained that in more th@0% cases the ground state of the system contains only very
small amount ofx-helix. In all ground states the two peptides are positiopadllel or
antiparallel, creating intermolecular hydrogen bondsiag of itramolecular ones.
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The "effective” dynamics of a biomolecular system can oftendescribed by means of a
Markov chain describing "flipping dynamics” between medhast (geometrical large scale)
molecule conformations on "long” time scales. In this work present our methods for the
identification of metastable conformations by a study of UBIENAC - a key substrate in sialic

acid synthesis. We investigate the system in differentrenments of increasing complexity
(vacuum, water, peptide) by performing force field basedemudbr dynamic simulations. By

applying our analysis techniques to the obtained data wéngigthts into the conformational

dynamics of the system. A comparison of the results revagdsasting environment-dependent
properties of UDP-GIcNAc.

1 Introduction

Sialic acids play an important role in various biologicabgesses, e.g., immune response,
tumor metastasis or inflammatory reactions. In mammalidis tee key reaction of the
sialic acid synthesis pathway is carried out by the bifiorainal enzyme UDP-GIcNAc-2-
Epimerase/ManNAc-Kinadeln cooperation with researchers at the Cléanie investigate
UDP-N-Acetylglucosamine (UDP-GIcNAC) (see Fig. 1), thgalind of this key reaction by
means of molecular dynamic simulations. Thereby, we exjoegdin a better understand-
ing of the actual reaction and, in the long term, insights éisaist in the design of potential
inhibitors.

2 Simulation

By a systematic conformational search in dihedral spaceamemgted 20 initial conformers
of UDP-GIcNAc. For each conformer we run molecular dynarnmasationsin vacuoand
in explicit water using AMBER 8. Additionally, we simulatedset of possible binding
conformations of UDP-GIcNAc. To derive these, crystalbygic data of UDP-GICNAc-2-
Epimerase in complex with UDP was utilized. To compensatéhife missing information
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Figure 1. UDP-N-acetylglucosamine

of the GIcNAc orientation, we generated conformers of UDENAC by systematically
turning the three dihedrals that qualify the orientatiornief GIcCNAc moiety . The force
field parameters needed for this non-standard residue eéamed from the literaturé 14

Atoms  Sim. Time Step Size  Temperature Pressure
In Vacuo 64 100 ns (2s) 1fs 300 K -
Water 3964 10 ns (200 ns) 2fs 300 K 1 atm
Protein 46646 100 ps 2fs 300 K 1 atm

Table 1. Simulation Parameters

3 Analysis Methods

Our aim is to identify so-callethetastableconformations of UDP-GICNACc, i.e., geome-
tries which are persistent for long periods of time, fromdleaerated trajectory data. Such
identification corresponds to the set up of a coarse-graimaak| for the dynamics, as on
long time scales the typical dynamics of biomolecular systean often be described as
a (Markovian) flipping process between such conformafidri€ The challenge of iden-
tification lies in the rich temporal multiscale structuretbé data, induced by flexibility
within the metastable conformations.

The groups of P. Deuflhard and C. Schiitte developed thelkm @rron Cluster Clus-
ter AnalysisPCCA) for the identification of metastable conformatih8 The approach
is based on assuming a Markov dynamics of the observed systentertain time scale.
Discretization of the state space, e.g., the dihedral asyggee of some molecule, allows
to set up a stochastic matrix, w.r.t. the chosen time scalephnting transitions between
discrete states in the trajectory. The information cordiim the spectrum of this matrix
allows to aggregate parts of the state space to metastatss,sis the number of metastable
states corresponds to the number of eigenvalues closetio while information about an
appropriate clustering is encoded in the eigenvectors.

In addition a variety of methods based on Hidden Markov MedEIMMSs) were re-
cently developed in the group of C. Schiltfe' An intriguing feature of HMM analy-
sis is that the chosen set of observables need not to enalelenaetric separation of the
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metastable conformations. Instead, tdiservedime series is used to fit a model for an
unobservedviarkov chain, by extracting geometric as well as dynamicapprties out of
the given observation sequences, and thus allowing foratpa of overlapping confor-
mations.

For our analysis we used a combination of these approachsse&ch chosen torsion
angle is analyzed separately by using an HMM with gaussiapubdlistributions, result-
ing in a discrete time series corresponding to the hiddeesfar each angle. Then the
obtained information is aggregated by superposition offieerete one dimensional time
series. The (combined) discrete time series is then fugthalyzed by means of PCCA.
For more details refer to, .4,

4 Results

Based on then vacuosimulation data we identified 5 metastable conformatioasari
analysis on the dihedral space. All found conformationsséabilized by intramolecu-
lar hydrogen bonds, where the most compact structure g@unels to the metastable set
with the highest weight (66.6%). In the water trajectoryadat found 6 metastable sets.
Here, the related structures appear to be less stiff, adfiwt ef inner hydrogen bonds is
weakened, due to the shielding effect of the present watézcules.

C3 (11.9%)
93.0%

C2 (17.5%)
92.0%

C6 (1.0%)
90.4%

C5 (1.5%)

C4 (9.9%)
85.6%

92.5%

Figure 2. Transition network of UDP-GIcNACc in explicit wateith density plots showing the flexibility within
each metastable set. (in brackets — relative weightingwbbtackets — persistence probability, next to pictures —
exit probability) — Visualizations using Amita

Screening the water simulation data for the generated paltgmotein binding con-
formations of UDP-GIcNAc did not result in any match. Thiadis to the conjecture that
the binding of the ligand must be accompanied by an indudexfféict. The protein has
to alter the conformation of the ligand in order to bind it.dontrast to a conformational
selection scenario, where an available conformation wbaltselected” to bind.
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1 Introduction

The systems biology approach to understand basic questiaied to health, food and the
environment can be applied using different levels of mdkecdetail. Often it is claimed
that systems-biologal descriptions are based on ‘firscjpias’. Actually it will still take
several decades before such an approach may become fe#silis if ‘first principles’
is assumed to have its regular meaning in chemistry). Ctiyrext best, the most detailed
elements of system descriptions are in terms of enzymeikiciearacteristics (i.e. £ and
Vmax)- This approach, useful as it may be, is poorly suited forinse synthetic biology
approach. The latter would ideally integrate molecularatgits modeling and molecular
engineering in a systems description. Inclusion of thielex detail is important for
applications in molecular medicine, e.g. when new enzyribitors are to be designed.
When it comes to analyzing functional sub-states during/eaic activity, photo-
sensory proteins are the “star actors of modern tihe&or important classes of pho-
toreceptors both experimental measurements and molatyrtamics simulations of both
the receptor state and the functional signaling state aagadle and mutually reinforc-
ing. ‘Proof of principle’ for this approach has been obtainégth e.g. Photoactive Yellow
Proteirf'3. The predicted structure of the signaling state of thisgimptcalculated with
molecular dynamics simulations, including the paralleipering approach, turned out to
correlate well with the results obtained with NMR measuretsef the solution structure
of this (sub) state. In ongoing work, transition-path sanmpis used to analyze the key
factors that govern the transitions between the relevanssates of this photoreceptor.
Light is a very convenient substrate, not only in photorécesgtudies, but also in ex-
perimental work on cellular biological systems. It is ttfere surprising that not more
systems biology modeling work has been done on biologicaksys containing photosen-
sory proteins. As a result very little progress has been nradeethod development to
incorporate light in a systems biology approach. Here welieweloped a method based
on the Lambert-Beer law. To test this method we used lightleged gene expression via
the BLUF-domain of the AppA protein froiRhodobacter sphaeroideshe AppA protein
is involved in the blue-light repression of photosynthegiae4 = . In vitro experimenta-
tion has shown the photocycle of AppA can be summarized imalsi photocycle scheme
with only 2 main components$, the receptor state R and the signaling state S (see Fig. 1a).
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Figure 1. Panel a: Representation of the AppA photocycleehatth R the receptor state, FAD* the excited
state upon light absorption, and S the signaling state.|Paifate of excited state formation as function of the R
state concentration. This plot was generated using equatiwhereV = 1 cn®; | = 1 cm;lg = 1 mmolcn2.s7L;

cis the concentration of R in M. Note that [R] is plotted in mMdahatk; ranges from 210° to 2.10? s for [R]

is 0.01 to 5 mM.

The signaling state is formed on a nanosecond timescaleeafi¢he recovery from S to
R takes place on a timescale of minutes.

2 Methods

2.1 Kinetic Model of the AppA Photocycle

The model depicted in Fig. 1a was used to test the incorporatf light in the AppA
model. Herekpe is the photocycle entry rate or the rate with which the simgastate

is formed from the excited state.,@ the photocycle quantum yield or the fraction of
excited states that go on to form the signaling stddg.is the recovery rate or the rate
with which the receptor state is formed from the signaliradesk; is the illumination rate
constant. This rate constant is dependent on both the ligdrisity and the concentration
of the sample. Derivation of this rate equation is shownwekor the other reactions first-
order rates were assumed, in accordance with the resutie tifite-resolved spectroscopy
experiments. Calculations with the differential equagitimat describe the model depicted
in Fig. 1a, were performed in MatLab 7.1.

2.2 Derivation of lllumination Rate Constant (kj)

For the derivation of the illumination rate constant we assd that for each photon that

is absorbed, a receptor state protein is converted to theedxstate. By subtracting the
intensity of light used to illuminate the sampli)( by the intensity of light after it has
passed through the sampl@ e can determine the amount of light that was absorbed. By
choosing the unit of light intensity as mmai2.s™ (= 107 ypmol-m2-s1) dividing it by

the illuminated sample volume (V) and subsequently mufiiyg it with the aread) of the
sample that is illuminated, the velocity)(is obtained with which the excited state of the
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photoactive protein is formed. From this velocity an illurafion rate constankj) can be
determined.

A:Iog?:s-l-c Q)
(IO—I)ZIO—%ZIO'O—ﬁ) 2)
v—c-kil—%-f(y(l—ﬁ) 3)
= 2o =) @

Equations 1-4 depict the different steps of the derivatishereA is absorption;lo
and! are light intensities before and after absorption by sartrpl@olcni?s™); cis the
sample concentration (My;is the Molar extinction coefficient of the sample thvent™);
| is the path length of the light through the sample (cai} the area of the sample that is
illuminated;V is the volume of sample illuminate®/ (= a:I; cm®); v is the velocity with
the excited state of the sample is formed $M); k; is the illumination rate constant{3.

3 Results and Discussion

The k; is linearly dependant on light intensity, however the dejfggite on the sample
concentration is a little more complex as is illustratediop Eb, where rate of excited state
formationv (c-k;) is plotted as a function of sample concentration. Note ¥hadries in
the concentration range of 0 to 2 mM which is equivalent toragga OD of 0 to 17 of the
flavin absorption peak at 446 nm. This falls not only withie thiologically relevant range
but also within the range in whiadh vitro measurements are generally performed.

The model depicted in Fig. 1a was tested on data where thenNral 5-125 AppA
fragment was placed in a spectrophotometer and bleachitigeofample by the spec-
trophotometers probe light was followed in time. The modakwable to accurately de-
scribe the data. The values fige andl o were fitted to the data and, within the error of the
measurements, resulted in the same values as those thahwaserred (Data not shown).

Having established that the model can accurately desdrdphotocycle of AppA, it
was used to simulate the effect lgf on the light sensitivity of the protein. In Fig. 2 a
simulated light titration of the N-terminal 5-125 AppA fragnt and the W104A mutant
of the same protein fragment is depicted. The major diffeedmere is the value fdge
which is almost 200 times faster for the W104A mufarithe graph clearly shows that
in the case of the W104A mutant much more light is needed ierot@ obtain similar
amounts of the signaling state. This has implications fadisis on the biological function
of such a mutant, as one might mistakenly come to the comeliuibkat the mutant has lost
its function (e.g. by analyzing its function only at 1pfhol-m2-s™), whereas in reality
the used light intensity was insufficient to activate the antit

The essential part of this photocycle model has been incatpdin an overall descrip-
tion of light-mediated regulation of gene expression vigpAfsee Fig. 3). In ongoing
experiments we are analyzing the light intensity depend@afipuf expression in intact
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Figure 2. Simulation of the light sensitivity of AppA. Framts of the R and S state of AppA at equilibrium are
plotted as function of the used light intensity. This plotsngenerated with the photocycle model depicted in
Fig. la, witha=1cn?; | = 1 cm; Q = 0.24;kpe = 10° 574 £400-700nm= 884 Mt.cnmL; [AppA] = 60 uM. Ig
was varied from 16 to 1 pmol-m=2.s7L. To simulate the N-terminal 5-125 AppA Wild type fragmerkqof
0.0013 st was used. For the W104A mutanka of 0.24 st was used.
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Figure 3. Model for light-mediated regulation of gene esgien via AppA.

cells ofRhodobacter sphaeroidek this approach we will compare the wild type protein
with several of its site-directed mutants (including theG¥E mutant).

We are also setting up a similar model for the YtvA mediatageHIght induced acti-
vation of thesB-dependent stress respons@atillus subtilis®. This system makes use of
very large & 10 MDa) signaling complexes (so-called ‘stressosomedijcivgenerates
very interesting questions regarding sensitivity, coapeity, etc., in this signal transfer
pathway. Furthermore, the light-sensitivity of YtvA prdes an ideal handle to analyze
the linkage of the signal transduction network that actisaf, with other (late growth)
signal transduction networks in this organism.
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The program LocalSCF is used to consider an antifungal ipratehe semi-empirical QM level
of theory. Model Hamiltonians include AM1, MNDO, PM3 and PMEhe biomolecule is also
studied with classic charge assignment using the AMBEReféiedd. An important aspect of
classic biomolecular simulation can thus be addressedelyamwhat extent the usual concept
of a single set of static atomic partial charges per type dharacid will hold in general for
the entire global protein structure. Semi-empirical ckarwill vary with different chemical
neighborhood inside the protein and the question remainsgeverely these alterations will
affect global electrostatic properties of the protein. tdes to probe this effect we use grid
maps of electrostatic potentials obtained from solutianshe Poisson-Boltzmann equation.
Source charges are either the classic AMBER ones, or soroésani-empirical charges from
the list of models mentioned above. In comparing differesteptial maps we aim to recognize
systematic trends as well as to identify a recommended wayrager charge assignment in
proteins.

1 Introduction

Electrostatics plays an integral part in the study of streetand function of proteins at
physiological condition's Theoretical considerations of the electrostatics inginst are
usually based on solutions to the Poisson-Boltzmann (P&tex? . All these theoretical
descriptions will involve a certain type of charge assigntite the atoms of the protein.
Since the result of the PB calculation will inevitably dedem the particular choice made
for the charges, it might be of interest to study the influemce variation resulting from
different charge assignments. Of particular interestlélthe comparison between a set of
classic charges, ie from force fields commonly employedérstmulation of biomolecules,
and charges derived from ab-inito calculations perfornteal eertain level of Quantum
Mechanical (QM) theory.

A convenient method to compare different charge assigrsergach other is to study
the shape and appearance of electrostatic potential (E&Fy.mMhese ESP maps describe
the way the protein will represent itself to its environmienglectrostatic terms. Since the
solution to the PB equation is included, ESP maps rendersonably complete picture
of the protein in its native environment, ie at physiologicanditions. Moreover, ESP
maps are a useful tool with many direct applications in $tnad biology. For example,
from ESP maps we can learn whether a protein, (i) is likely igrate to the membrafg
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(i) will potentially bind RNA or DNA> 8, (iii) belongs to a certain famify®, (iv) offers a
chemically attractive binding site to ligands and othertgirts.

In this present study we therefore compare ESP maps basddssicacharge assign-
ments using AMBER parametéfsvith ESP maps resulting from semi-empirical charges
computed with program LocalS&Fat several levels of semi-empirical theory, ie AM1,
MNDO, PM3 and PM5. The PB program POL&HSs used throughout.

2 Methods

After download of the protein with pdb code EAFP2 from the pidita bank, a PB cal-
culation is performed using program POL&nd classic AMBER partial charg€s In-
ner/outer dielectric constants are set to 1 and 80 resjgdctirhe net charge is +4 due
to the four Arg residues. ESP maps are computed on the malesuiface and on a cu-
bic grid superimposing the protein. Only ESP maps directipped onto the molecular
surface are used for further analysis. Semi-empiricalutations are then carried out on
the protein EAFP2 using LocalS&Fand finally computed partial charges are extracted
from the output. The net charge is +2 due to different treatro&lone-pairs in the semi-
empirical models. AM1, MNDO, PM3 and PM5 methods are appli€thssic AMBER
partial charges are then replaced with either charge seeddrom the semi-empirical cal-
culations and PB calculations are repeated with the chaclygde assignment. Resulting
ESP maps are compared in the form of difference ESP maps.

3 Results and Conclusions

A structural sketch of the antifungal protein EAFP2 is shawiTable 1 (a) with corre-
sponding representation of the molecular surface (b). HerdN-terminal end is colored
in red while the C-terminus is given in blue. The ESP map basadassic AMBER charge
assignment after PB calculation is represented in Tablg.1H8P levels are color-coded
as +5 kT/e (blue), 0 kT/e (green) and -5 kT/e (red). It becoohear that the major ap-
pearance of EAFP2 in agueous solution is that of a macrosgaypiicle of largely positive
ESP, hence the tendency to migrate to the membrane can aresgbtraightforwardfy
(which also implies the antifungal mode of action). An ialttest regarding the sensi-
tivity to counter ions is shown in Table 1 (d). Here explicitCcounter ions have been
included in the PB calculation and corresponding ESP mamyzed. The change in ma-
jor ESP patterns introduced by counter ions is only margthalks the rest of the analysis
is performed without consideration of counter ions. A difetial ESP map representing
ESP(AM1) - ESP(AMBER) is shown in Table 1 (e). ldentical cetoding is used as
mentioned above. It becomes clear that the AM1-based ESHswamparable in sign,
but significantly differentin magnitude (individual ESPwes have become less positive).
Extended red patches mark off regions of most severe diféereContrary to the change
seen in the AM1-AMBER differential map, when comparing AMtmMNDO we obtain
essentially only green patches (see Table 1 (f)). Thus AML MNDO deliver essen-
tially the same ESP properties. Comparison of PM3 with AMBERepresented in the
differential ESP map shown in Table 1 (g).

The trend is similar to the one seen with AM1, but the diffeeis less severely pro-
nounced (ie certain extended red regions turn yellow orrgregwitching further to PM5
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Table 1. Electrostatic Potential (ESP) maps for the argifliprotein EAFP2 (pdb code). Major structural el-
ements are shown in (a) and a corresponding representdtithe anolecular surface is shown in (b), where
the N-terminal helix is given in red and the C-terminus isvehan blue. The ESP mapped onto the molecular
surface after solution of the PB equation based on AMBERgghassignment is shown in (c). Blue patches
correspond to the +5 kT/e level, green regions representaié&SP and red domains indicate negative ESP of -5
kT/e. The marginal change when including 4 explicit Glounter ions is shown in (d). A differential ESP map
representing the difference between ESP(AM1) and ESP(ARI)BE shown in (e) with the same color-coding
scheme used in (c). Further differential maps are ESP(AEBR{MNDO) (f), ESP(PM3)-ESP(AMBER) (g)
and ESP(PM5)-ESP(AMBER) (h).
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description is continuing the trend, ie lessening the d@rndrom the AMBER-based map
again (see Table 1 (h)). Closer examination of the residuieg beneath the red-colored
patches (indicating most severe deviation) reveals a pegie of Arg residues and the
charges assigned to the N-atoms of Asn and GIn. In summamyi-esmpirical charge
assignments deliver a consistent picture of significarfedihces seen for the charged
residues. However, individual semi-empirical modelsatifftonsiderably amongst each
other. With increasing sophistication of the semi-empirimodel the deviation from the
classic AMBER results becomes less severe.

Acknowledgments
This work was supported in part by the National Institutesle&lth Grant GM62838.
References

1. B. Honig, A. NichollsClassical electrostatics in biology and chemistBgience268,
1144-1149, 1995.

2. J. Warwicker, H. C. WatsorCalculation of the electric potential in the active site
cleft due to alpha-helix dipoles. Mol. Biol. 157, 671-679, 1982.

3. R.J. Zauhar, R. S. Morgaf,new method for computing the macromolecular electric
potential J. Mol. Biol. 186, 815-820, 1985.

4. Y. Xiang, R. H. Huang, X. Z. Liu, Y. Zhang, D. C. Wan@rystal structure of a novel
antifungal protein distinct with five disulfide bridges fr&tacommia ulmoides Oliver
at an atomic resolutionJ. Struct. Biol.148 8697, 2004.

5. S. S. Kim, R. g. Zhang, S. E. Braunstein, A. Joachimiak, »ekl, R. S. Hegde,
Structure of the Retinal Determination Protein Dachshumdddls a DNA Binding
Motif, Structurel0, 787—-795, 2002.

6. Q.Ye, R. M. Krug, Y. J. TadThe mechanism by which influenza A virus nucleoprotein
forms oligomers and binds R\NNature444, 1078-1082, 2006.

7. J. W. Yu, J. M. Mendrola, A. Audhya, S. Singh, D. Keleti, D. @&Wald, D. Mur-
ray, S. D. Emr, M. A. LemonGenome-Wide Analysis of Membrane Targeting by S.
cerevisiae Pleckstrin Homology Domajmdol. Cell 13, 677-688, 2004.

8. D. Morikis, J. D. LambrishPhysical methods for structure, dynamics and binding in
immunological researchTrends Immunol25, 700-707, 2004.

9. K. Schleinkofer, U. Wiedemann, L. Otte, T. Wang, G. KraudeOschkinat, R. C.
Wade,Comparative Structural and Energetic Analysis of WW DorRepiide Inter-
actions J. Mol. Biol. 344, 865-881, 2004.

10. W. D. Cornell, P. Cieplak, C. I. Bayly, I. R. Gould, K. M. vi& D. M. Ferguson,
D. Spellmeyer, T. Fox, J. W. Caldwell, P. A. KollmaA,Second Generation Force
Field for the Simulation of Proteins, Nucleic Acids, and @mg MoleculesJ. Am.
Chem. Soc117,5179-5197, 1995.

11. N. A. Anikin, V. M. Anisimov, V. L. Bugaenko, V. V. Bobrikg A. M. Andreyeyv,
LocalSCF Method for Semi-empirical Quantum-Chemical Glalton of Ultra-large
Bio-moleculesJ. Chem. Physl21, 1266-1270, 2004.

12. S. HofingerSolving the Poisson-Boltzmann Equation with the Speeidiomputer
Chip MD-GRAPE-2J. Comp. Chem26, 1148-1154, 2005.

158



Role of Filopodia in Adhesion Formation During
Migration of Epithelial Cells

Bodo Borm, Simone Born, Rudolf Merkel, and Bernd Hoffmann*

Institute of Bio- and Nanosystems 4: Biomechanics,
Research Centre Jiilich, 52425 Jilich, Germany
*E-mail: b.hoffmann@fz-juelich.de

Filopodia are a characteristic feature of many motile cslieh as keratinocytes and other ep-
ithelial cells. Filopodia are believed to act as guidingsct® direct cell migration, but how
their specific functionality is implemented still remainsisgive. Using live cell imaging and
immunolabeling we show that filopodia are sites of adhestsméation during cell migration.
Cell-substrate adhesions formed by migrating epithel@lscstrongly depend on filopodia,
showing a spatial and temporal correlation between filagpalyinamics and adhesion forma-
tion. We observed that: 1) the formation of adhesions dependhe persistence of filopodia.
2) Adhesion sites within a certain filopodium contain eadh@sion markers such as vinculin or
vasp. 3) Adhesions formed within filopodia are additionalgfined by markers for mature ad-
hesions such as tensin or zyxin. 4) In the nascent lamellipodhe filopodial adhesions grow
in size whereas no obvious change in composition takes.plageresults implicate an essen-
tial role for filopodia in guiding cell migration by directinthe formation of new cell-substrate
adhesions.

1 Introduction

Cell adhesion is one of the most essential processes foepeefl function and movement
of cells. For example, formation of multicellular organswor the locomotion of cells of
the immune system is impossible without cell adhesion andement. The adhesion it-
self depends on protein complexes called focal adhesied siThese micrometer-sized
adhesion sites form a connection between the extracethdix surrounding the cell and
the actin cytoskeleton. Focal adhesions are charactdmizadspecific set of proteins such
as integrins, spanning the plasma membrane, regulatoag&sor proteins like vinculin,
zyxin or VASP, bridging the integrins to actin fibers. Lataghesion site formation models
imply for moving cells a formation of focal adhesion sitessgly behind the leading edge
of the cell's lamellipodia (Fig. £)3. Over time the cell moves over the freshly formed adhe-
sion sites transducing them to the rear site of the cell wiedease takes place. Formation
and release times are highly dynamic in the range of seconasnutes. In these models
filopodia, i.e. finger like protrusion emanating from the &lipodium, are mostly ignored
although they are present in almost any motile cell. Inste@&lassumed that filopodia
mainly sense the environmental conditions without affegtidhesion site formatién

Our experiments show for the first time an essential role gpfitlia in the life cycle of
adhesion sites. Filopodia determine the location of alraltbfbcal adhesion sites upon cell
movement and are the first place of complete adhesion siteation. Such site becomes
only increased in size when reach by the lamellipodium apdefiore visible by classical
microscopic techniques.
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Figure 1. Keratinocyte motility was induced by EGF and ceise analyzed by phase contrast (left) and RICM
(right). Note that focal adhesion sites appear as black im&ICM and describe prolongations of filopodia. 1 =
filopodium, 2 = lamellipodium, 3 = leading edge. Scale bar i@

2 Experimental

Cell analyses were performed using primary human foresikiatinocytes. Cell biological
procedures were performed according to standard protoCelts were either analyzed di-
rectly by phase contrast microscopy or reflection interfeescontrast microscopy (RICM)
or transfected with GFP-fusion proteins and analyzed bydlsmence microscopy. RICM
allows the determination of distances between surface dhdrad cell. The darker the
signal is, the smaller the distance. Alternatively, cellsefixed and proteins were stained
by immunolabelling.

3 Results and Discussion

In order to analyze filopodia function in focal adhesion &itenation, keratinocytes were
incubated for one day and subsequently activated by addifi@pidermal growth factor
(EGF). EGF stimulates cell motility of keratinocytes. idual moving cells were ana-
lyzed by phase contrast and simultaneously by RICM. Theteiddicated a formation
of focal adhesion sites right behind adhered filopodia (E)g.Additionally, the shape of
these adhesion sites resembled the one of filopodia.

The given data indicate a role of filopodia in focal adhesite f®rmation. Such hy-
pothesis was analyzed in more detail. As filopodia are cantisly formed "spikes” sens-
ing the substrate conditions in the direction of movemeey ttan either attach to the sub-
strate to form temporarily stable connections or beconracetd if no connection could
be formed. By analyzing the leading edge over time we couldrdene that focal adhe-
sion sites were formed only at positions of stable adhereddiia. Areas of the leading
edge characterized by filopodia unable to attach to the mibstould not respond with the
formation of focal adhesion sites (Fig. 2).

The formation of focal adhesion sites always behind statt@ched filopodia could be
explained by two adhesion models. First, filopodia couldseghe substrate. Their stable
adhesion could then function as signal in order to form fecHiesion sites right behind
the filopodia. The alternative would be the formation of dradhesion sites already in
the filopodia. In this case the lamellipodium would just ftioe as enlargement factor as
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Figure 2. Motile keratinocytes were analyzed by RICM in arefstable (top) and unstable (bottom) filopodia
formation over time. Focal adhesion sites were only deteatgositions of stable filopodia. Scale bar giH.

soon as it has reached the filopodia adhesion site. Thesdsweie tested by analyzing
the protein localization of focal adhesion site proteinsl@tail as the latter model fully
depends on a localization of these proteins already in tbpddia. Therefore various
adhesion site specific proteins were analyzed in fixed sarpleimmunofluorescence
experiments (Fig. 3).

The data pointed out that every focal adhesion site speciiteim analyzed (in total 8)
could be detected in stably adhered filopodia. Even protmitieved to be markers for old
focal adhesions, as zyxin, were present.

When these proteins were analyzed in living cells using @Fiens over time, local-
izations of all proteins in filopodia could be confirmed. Ird#in, upon cell movement
filopodia signals became overgrown by the lamellipodiaileg@dge. At that moment
filopodia adhesion sites grew in size and became classical &alhesion sites within a
few seconds (Fig. 4). Adhesion site formation at other ghas filopodia adhesions were
barely detected.

As given results identified filopodia as origin for focal adioa site formation, we
were interested how adhesion behaviour would change ugohition of filopodia for-
mation. Such formation depends on the second messengeb)PiZ4finally triggering
filopodia outgrowth via Cdc42 and WASP. Sequestering PJRRHy neomycin sulphate
we were able to fully block filopodia formation. Such blockther affected actin filament
organization nor cell polarization but induced formatidrsmall dot like adhesion struc-
tures (Fig. 5). Additionally, these adhesion structuresenwaustered and displaced into
the lamella compared to untreated cells. Therefore the geimnexperiments argue for a
direct influence of filopodia in early adhesion site formatight at the leading edge. As
soon as filopodia are blocked in their formation, localimatand form of adhesion struc-
tures resemble those known from cells naturally charaztdriby the absence of filopodia.
If such morphological switch affects migration efficienaeuls to be shown.

In summary, the given data strongly argue for a new adhesmateifor motile cells.
Sites of first contact to newly explored substrates are filigadhesions. Whenever these
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Figure 3. Motile keratinocytes were fixed and immunofluoeesly labelled using antibodies against focal ad-
hesion site specific proteins 1 integrin or vasp. Note th#t pooteins can be found in the filopodia extensions.
Scale bar = 1Qum.

Figure 4. GFP-VASP transfected keratinocytes were simediasly analyzed in fluorescence (upper row) and
phase contrast (lower row). Note that the filopodia staiiegomes a focal adhesion site over time. Image
intervals = 10 s.

adhesions can not be built up under regular conditions anestable, no subsequent focal
adhesion site will be formed and movement in that directidnlocked. In contrast, when-
ever a filopodia stably contacts the substrate, such a darisembles a fully developed,
yet very small adhesion site. When reached by the lamellipogdsuch site is just built up
in size. Therefore, filopodia are the key factors for movetyide direction of movement
and finally for the formation and localization of focal adimassites in motile cells.
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Figure 5. Keratinocytes were stimulated with eGF and aralyar adhesion site formation in the absence (con-
trol) or presence of 10 mM Neomycin. Subsequently, celleviied and analyzed for vinculin ( red) and actin
(green). Cell morphology was additionally determined iaghcontrast. Scale bar = L.
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We have investigated structural descriptors for struttinailarity and classification of 77 pro-
teins extracted from SCOP. A Support Vector Machine waségito predict structural sim-
ilarity based on paired protein profiles, composed of stnattdescriptors derived from the
geometric properties of secondary structure elements. fdldncross-validation, against the
standard similarity measure from DALI gave a cross-vatidatorrelation coefficienty?, of
0.91. A coefficient of dissimilarity was derived as the Edetn distance among different de-
scriptor types of two proteins. This coefficient was evaddator the classification of protein
pairs to different levels in SCOP hierarchy.

1 Introduction

Protein structure comparison can provide useful inforamatin the biological function of
a proteirt and can imply evolutionary relationships between proteiits low sequence
similarity. This information is crucial in the identificath of new protein folds and un-
derstanding the organisation of the known universe of pratuctures. The aim of this
work is to perform protein structure analysis and compartsoough the use of structural
descriptors. These are numerical values that charactBgssecondary structure elements
of a protein. For example, they may represent the physieorital properties or geomet-
ric properties of the secondary structure elements defioed the 3D coordinates. In our
study we make use of SCOP, DALI and USM. SCOP is a curated asgabhich aims to
provide a comprehensive description of the structural amdugonary relationships be-
tween all protein structurés The principal levels in the SCOP hierarchy are class, fold,
superfamily and family. DALI is a common and popular struat@lignment and compar-
ison method. It represents a protein as a matrix of contact patternsdmtvsuccessive
hexapeptide fragments and makes comparisons with sucicesadf other proteins. USM
is based on the comparison of compressed protein contact ospg the principle of
Kolmogorov complexity.

2 Structural Descriptors

A protein was defined in terms of structural descriptorsvéetfrom its secondary structure
elements. A set of 77 proteins containing exactly and onlgeh helices from the all-
« class of SCOP database was used. The descriptors, such pairtise separatiop
between the centre of mag&O M of any two secondary structure elementand j of
lengthsn andm in a protein along Cartesian coordinatésthe relative orientation cés
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Figure 1. A pictorial representation of structural deserip and their mathematical definitions.

the individual surface accessibilityand the lengthy for each of them were derived from
the DSSP assignmefitsFigure 1 illustrates these descriptors in a protein stmecand
give their mathematical definitions.

3 The Protein Profile

The geometric profiles made up of above defined descriptosased to pair up any two
proteins. Such paired protein profiles included along whih 12 descriptors for each of
the proteins, the RMS difference between respective dqasctiypes for that pair. For the
77 proteins, 2,926 paired protein profiles containing 2&elets each were generated.

3.1 Profile Based Structural Similarity

Using Support Vector Machines (SVMs) the paired proteirfi®were subjected to the
non-linear (multivariate) regression against the proséimilarity values assigned by DALI
and USM. The model was trained by the Sequential Minimal ®isttion algorithm

for regression analysis (SMOrégiyom Waikato Environment for Knowledge Analysis
(WEKA) software packade Parameter tuning was performed to choose the best values fo
complexity parameter and kernel function. Finally, the elaassessment was performed
using 10-fold cross-validation.

3.2 Profile Based Structural Classification

For a pair of proteing andy, a coefficient of dissimilarity2,,, that gives the Euclidean
distance between them was derived from the RMS differenciffefent descriptor types
as below:

me = \/p;ZLsd + ggznsd + n;;}nsd + 5;;}1511
The higher2 more dissimilar are the proteins.
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4 Results

The outcome of multivariate regression of paired proteofifgs against the similarity
values assigned by USM and DALI was significant with crod&daeged correlation coeffi-
cients ¢?) of 0.74 and 0.91, respectively.

The structural classification of protein pairs was basedhencbefficient of dissim-
ilarity ©2. The protein pairs belonging to the same family congregtie@rds a lower
dissimilarity threshold, whilst those sharing the samel fakre associated with higher
values.

5 Concluding Remarks

The results from multivariate regression of protein prafdeggest their potential as a rep-
resentation of protein structures and there further uslkedrptotein structure comparison.
Ideally, the profile based structural classification of pias to different levels in SCOP hi-
erarchy should be distinctive. Our results show some biaarts this. Efforts to improve
this are ongoing. Analysis continues on larger datasetspasing proteins containing
three or four secondary structure elements.
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We have performed multicanonical computer simulations sfrall system of short protein-
like heteropolymers and found that their aggregation ttamspossesses similarities to first-
order phase separation processes. Not being a phaseitransihe thermodynamic sense, the
observed folding-binding behavior exhibits fascinatiegtfires leading to the conclusion that
the temperature is no suitable control parameter in thesitian region. More formally, for
such small systems the microcanonical interpretation ierfavorable than the typically used
canonical picture.

1 Introduction

Folding-binding and docking processes between proteasignificant for catalysis, trans-
port, and cell stabilization in biological systems. Alseng replication and expression are
impossible without defined binding mechanisms of molecutesvever, the mutual influ-
ence of proteins on each other can also result in refoldimgateins (which often leads to
the loss of their functionality and thus biological actyior cluster formation. In the latter
case, proteins self-assemble and form aggregates. Ttotsaffieplaque can be disastrous
and cause heavy diseases: First, the assembled protegrthéisindividual functionality
and second, in the passive case, the aggregates hindgrdraasd signal exchange pro-
cesses which are significant for the life of cells. In an &cpivocess, specific aggregates
might be able to bind to cell membranes and to change the naralonorphology, e.g., by
forming pores. In the amyloid hypothesis for the onset ofheimer’s disease, for exam-
ple, aggregates of Aproteins are believed to form pores in membranes of neuris) ce
thus opening ion channels for neurotoxic calcitim.

We focus here on thermodynamic properties of the aggragatasition of small pep-
tides. For this purpose, a simple hydrophobic-polar agagfieg model is introduced and
employed in a multicanonical study of a few short heteropwlys? 2

2 Aggregation Model

For the aggregation study, we extend the AB mbbglan additional interchain interaction
between thé/ heteropolymers. As in the single-chain model, which hasgmado be quite
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useful in qualitative studies of tertiary folding behaviamly two types of amino acids are
considered: hydrophobic residues (A) which avoid contattt the polar environment and
polar residues (B) being favorably attracted by the solv€he single-chain energy of the

uth heteropolymer( = 1, ..., M) composed ofV,, monomers is given Hy
1
EX‘EZ = ZZ(l —COSﬁiM)'f‘ Z (I)(riuju;aiwaju)’ (1)
ipn Ju>in+1

where0 < ¥;, < m denotes the virtual bending angle between the monomeig + 1,
andi, + 2. Not discriminating nonbonded interactions between maegrsrof the same or
different polymers, our aggregation model réads

E= ZEXQ +3°>O(ri 5 0i,,05,), (2)
W

B<V iy, gy

where u, v label the M polymers interacting with each other, ang, j, index the
monomers of the respectiveh andvth polymer. The nonbonded interresidue pair po-
tential d(ri, j,; 0i,, 05,) = 4[r; ;> — C(oy,,05,)r; ] depends on distance, ;, and
residue typer;, = A, B. The long-range behavior is attractive for like pairs ofidess
[C(A, A) =1, C(B, B) = 0.5] and repulsive otherwise(A, B) = C(B, A) = —0.5].

The length of all virtual peptide bonds is unity. In this shoote, we focus on a sys-
tem of two identical chains with the Fibonacci sequeAd® A B, ABABs; AB, where the
single-chain properties are knowrOur primary interest is devoted to the phase behavior
of the system and for this purpose, the density of staf&y is a suitable quantity that we

obtained by means of multicanonical computer simulatfons.

3 Microcanonical vs. Canonical View

The Hertz definition of the microcanonical entropy is giver§ £') = kg In T'(E), where
kg is the Boltzmann constant g = 1 in our simulations) an@'(E) = f]fmin dE'" g(E")
(where Eyi, is the ground-state energy) is the phase-space volume.gInlFS(E) is
shown for our two-peptide system. Interestingly, in thergpeegion betweelt,,, and
Eag the entropy exhibits a convex behavior, which is a strongatibn for surface effects
within this small systenfi.Also shown in Fig. 1 is the corresponding concave Mgl E),
i.e., the Gibbs construction. The surface entropy, defisef&(F) = Hs(E) — S(E)
is maximal at the energ¥s.,. The reason for the nonvanishing surface entropy is that
the transition between the fragmented, i.e., separateds;iend the formation of a joint
aggregate is a process with phase separation which is ‘el#flalye to steric surface effects
reducing the entropy of the total system. Since entropy ctalu is only achieved by
additional energy consumption, the surprising side efteittat in the transition regime the
aggregate becomes colder with increasing system energy.istherified by considering
the caloric temperature which is defined ¥ia'(E) = 0S(E)/9E, also shown in Fig. 1.
Actually, in the transition regiori, ~(E) bends back with increasing energy.
Consequently, there is no unigue mapping between temperand energy in the tran-
sition region (or more precisely, within the bouriis* and7 ! indicated in Fig. 1). Thus
the temperature should not be considered as a suitablenakt@mtrol parameter. From
a statistical point of view this means that for transitionghwhase separation in small
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Figure 1. Microcanonical Hertz entrop§(E), concave Gibbs hul{s(E), and inverse caloric temperature
T—1(E) as functions of energy. The phase separation regime is lBoubgl E... and Efrqg: the tem-
perature region, where temperature is no suitable exteortol parameter and the canonical interpretation
breaks down, ranges fror‘ifg1 to T;l. The slope of the Gibbs hull defines the aggregation temyesat

T';gé = 0Hs(E)/OFE = const.

systems a microcanonical interpretation is preferred thetypically used canonical for-

malism. Since the backbending effect in the peptide aggimgprocess is a real physical
effect, it should also be accessible to experimental vetibo, as it has indeed already
been observed, for example, in experiments of sodium clémstmation processes.
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In a series of recent publications we have introduced a venegl description of solvation
for biomolecular structure. It was shown that the enhanegdimuum electrostatics approach
can be decomposed into a series of individual terms, eadfeaf tepresenting its own portion
of distinct physical interaction. Care has been taken toaipethe model at conditions that
guaranteed a maximum level of numerical accuracy. Howeveumber of internal parameters
still need to be optimized further in order to speed up thegdare. Among these factors are
i) the exact value of the exit criterion used to terminatedaleulation, ii) the array dimension
regulating the allowed number of consecutive DIIS stepsthie switch criterion used to move
from the pre-DIIS stage to the DIIS stage, iv) the depend@mceystem size of the number
of necessary iterations to achieve convergence, v) thendepee on renormalization factors
applied to the net sum of polarization charges, vi) the imibgeof very small-sized boundary
elements, or the introduced change when merging these wesjl-sized elements to larger
ones from the neighborhood, and vii) the surface resolutiecessary to calculate the disper-
sion term. Therefore in this present study we want to addtessse points and examine their
consequences on run-time performance. A series of tenipsai&increasing size will be used
as a testbed.

1 Introduction

Biological molecules typically reside in aqueous enviremts. Reliable consideration of
the effect of water on structure and dynamics of biomolexideamong the key factors
governing accurate descriptions of biological mattddere we focus on an implicit sol-
vation model. Among other methods, e.g. SASA, GB, FDPB, thisg®n - Boltzmann
(PB) approachwithin the Boundary Element Method (BE®is frequently chosen due to
its intermediate position regarding computational cossus achievable accuracy. In our
recent series of publicatioh8 we have outlined a generalization of the Polarizable Con-
tinuum Model (PCM$§ applied to biomolecular structure. Each of the consideeeghs
represents a separate portion of distinct physical intierac

AGsol _ AGpol + AGdisp,rep + AGEY (1)

which are polarization, dispersion and cavitation. Theltgtlays an important role in hy-
drophobicity related phenomehaCare has been taken to operate the model at conditions
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that guaranteed a maximum level of numerical accuracy. Mewea number of internal
parameters could still profit from further optimization.

2 Methods

2.1 Aims

In this present study, we address the following factors aaaéne their consequences on
run-time performance with regard to a series of test pretefincreasing size that we have
studied earlie¥, (i) the exact value of the exit criterion used to termin&e ¢alculation of
the polarization termA GP°!, (i) the array dimension regulating the allowed number of
consecutive DII8 steps, (iii) the switch criterion used to move from the priéSxtage to
the DIIS stage, (iv) the dependence on system size of the euafinecessary iterations to
achieve convergence, (v) the dependence on renormatiZatitors applied to the net sum
of polarization charges, (vi) the influence of very smatlesi boundary elements (BESs), or
the introduced change when merging these very small-sieedemts to larger ones from
the neighborhood, (vii) the necessary degree of surfacdutasn for accurate calculation
of the dispersion term G%»,

2.2 Procedure

We select 10 proteins of different size ( number of resideaghing from 41 to 430 ).
Initially we run the PB/BEM program POLCHat default conditions. The run time for
all the 10 cases is recorded and forms a reference set. Atiiesadjust the parameter
MAXNIT which defines the maximum number of successive DIkpst hence determines
the size of the DIIS matrix, and compute the run time deviatiom the reference set for
all the 10 proteins. Once parameter MAXNIT is optimized, wrun the entire test set and
extract net solvation free energi@sG*°!, which serve as a new reference. ACCURA is the
second parameter to be optimized. It defines the threshitédion used for termination
of the iterative process when computing the polarizatiomte\ GP°!. For optimizing
ACCURA we require the deviation from the reference set n@xceedt 0.05 kcal/mol
for any of the proteins. Once ACCURA is optimized we redo tl®le set of test proteins
at optimized conditions for either parameter, ACCURA ashasIMAXNIT. We extract
the number of iterations needed for completion and use thesenew reference. In our
next step we optimize the parameter DSNTRC. This parametesrte switch criterion
used to move from a pre-DIIS stage to the DIIS stage. It remtssthe mean square
deviation of two successive sets of polarization chargeg Kéép changing DSNTRC
and optimize for a minimum number of necessary iteratiortge fiext point is concerned
with renormalization of the polarization charges accogdim Gauss’ Law. We study the
effect this has on net solvation free energies. The solndtiee energies obtained after
renormalization form another reference set for our nex¢stigation. Here, we study the
influence of very small-sized BEs. We will merge these verglsisized elements to larger
ones from the neighborhood. We change the parameter REQ8Zdtuired minium
size of a BE) and compute the deviation of solvation free giesrfrom the reference set.
We again do not allow the energy to change more thantbd.05 kcal/mol in all test
runs. Finally, we use all previously optimized parametersaf final test focusing on the
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Protein No. Molecular No. A Gt A G A Gt
PDB of Charge of Without Including Deviation
Code Res. (a.u.) Iter. Normalization Normalization (unsid)

(kcal/mol) (kcal/mol) (kcal/mol)

1P9GA 41 +3 9 -319.73 -321.54 1.81
2B97 70 +2 8 -40.22 -39.26 0.96
1LNI 96 -5 10 -534.64 -536.39 1.75
INKI 134 +5 10 -456.20 -454.94 1.26
1EB6 177 -11 10 -1224.17 -122.75 1.42
1G66 207 -2 9 -118.26 -119.01 0.75
1P1X 250 +3 11 -636.41 -636.41 0.00
1IRTQ 297 -16 11 -1998.72 -2011.23 12.51
1YQS 345 +2 11 -217.22 -217.22 0.04
1GPlI 430 -12 12 -1259.54 -1271.59 12.05

0.08 1=1EB6

2=1Gé66

o

AAG a8, Pt
7=1P9GA

Kcal/mol o 5= ivas
10=2B97

x10°

Threshold ~ ** '

A PDB CODE
ccuracy

Figure 1. Numerical sensitivity of the employed enhanceid$dm-Boltzmann approach to the threshold criterion
used for termination of the iterative sequence to calcufatepolarization termAGP°!. A series of 10 proteins
is tested and the threshold criterion is varied between1D:0% and 8.0x10° 6. When requiring the results to be
numerically accurate at least up to the first digit behinddbemal point, ie allowing fluctuations 4-0.05 (light
blue patches on the surface) then the optimal value for ¢nimihation criterion is identified as 4.0x16.

dispersion term. We change the resolution of the boundany fes calculation ofA G#s»

which need not be maintained at such rigorous levels asifabehfor the polarization
ternt.
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3 Results and Conclusions

Sensitivity to total system size, total charge and renozatibn attempts is represented in
Table 3. Variation of the termination criterion is graphigaepresented in Figure 1. In
summary we find that the following parameters lead to a restslerdegree of numerical
accuracy. (1) Best performance is achieved when the DIISixriatdimensioned 7x7, (2)
Using a threshold criterion of 4.0x18 for termination of the iterative sequence occurring
in AGP°! computation leads to stable numerical results. (3) The ®e#th criterion
to move from the pre-DIIS stage to the DIIS stage is given wienroot mean square
deviation between two successive sets of polarizatiorgasafalls below 0.05 a.u. (4) The
number of iterations necessary to achieve convergencerddetepend on system size.
(5) A renormalization process will affect the net solvatioee energiesAG*°, on the
order of+ 1-2 % of their total values. Systems with large net chargesrare sensitive to
renormalization. (6) If we merge small sized BEs to largeztinen no significant changes
will occur when this procedure is limited to elements snraten 8 % of the mean size
(0.31,&2). A reduction in number of BEs will lower the computationaist and foster
numerical stability. (7) For calculation of the disperstenrm, AG%*?, we can reduce the
discretization of the boundary into BEs of average size 8 4&ithout loss of accuracy.
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The free-energy approach has delivered promising resarigrétein folding and structure pre-
diction in recent years. The native state is found as theafjlotinimum of an all-atom free-
energy forcefield. Now, we used this approach to simulateaigregation of & fragment
16-22. This aggregation is believed to be associated wigtAthheimer’s disease. The model
system contained 2 polypeptide chains. The obtained stesbf the aggregates consisted of
either parallel or anti-paralle$-sheets, the latter were preferable.

1 Introduction

The Alzheimer’s disease is associated with misfolding efamyloid protein. In the func-

tional native form, this small protein, of 42 amino acidss tggobular structure with two

a-helices. However, under certain conditions, it can forrgragates of3-sheets that, on

a larger scale, are arranged as long insoluble fibrilhe resulting fibrils have toxic ef-

fects in the extracellular space of the brain of patientwhie Alzheimer’s disease. The
amyloid protein in this form is known as@peptide.

This protein has been extensively studied by both expeiahemd computational
method& ’. The experimental techniques such as solid-state NMRfiXadtion and elec-
tron microscopy were used for characterizing the structfiraggregates Most of the
computational studies were focused on short polypeptignfients of this protein, such
asLY Sis — LEU — VAL — PHE — PHE — ALA — G LUx*. This fragmentis believed
to play a key role in the formation of the aggregates. In thesent work, we study the
systems of one and two chains oB4_, peptidé.

2 Methods and Results

The free-energy approach has delivered promising resulfgrbtein folding and structure
prediction in recent years. Following Anfisen’s hypothétiie native state is postulated to
be the global minimum of a all-atom free-energy functionisThinimum can be found by
optimization methodsincluding the Monte Carlo procedure. This approach wasesssc
fully used to folda-, 3- and mixed proteins of moderate lenttf2:>

This approach requires an accurate, transferable praegnenergy forcefield. In this
study we used Protein Force Field (PFF0Z) In our model, all the atoms are explicitly
represented (the apolar groupgi; is considered as a single atom). The bond angles and
the bond lengths are fixed. The degrees of freedom considegdte backbone/( ¢) and
the sidechainy;) dihedral angles.
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Figure 1. Left: The lowest energy structure is an anti-paralietheet. The polar contacts between side-chain
atoms N of LY S16 and O of GLU22 are shown explicitly. Right: The energy of the best parallgtsheet
structure is higher by 10 kcal/mol.

The energy function contains the following terms: (1) trenslard Lennard-Jones po-
tential, (2) the Coulomb energy of electrotatic interactivith group specific dielectric
constants, (3) a term for the hydrogen bonding, (4) a SASget@olvation term that im-
plicitly takes into account the influence of the solvent. \Wediseveral optimization meth-
ods used to find the global minimum of the energy function:b@gin hopping technique
(BHT), (2) parallel tempering, and (3) evolutionary straes.

Recently, our protein simulation package, POEM, has beadtfifiad to treat multiple
polypeptide chains. In the present study, we simulatedytbss of one and two chains
of AfB16_22 using a modified version of BH¥. In the simulations of a single chain, no
specific unique structure was formed, in agreement with #nkee studie$. In contrast,
the system of two chains formed an anti-paralledheet in most of the cases. The lowest
energy structure is shown in Fig. 1. The main reason for thipamallel orientation has
been much debated in the literature, the two options beimgaltt bridgesand the efficient
sidechain packirfy

Analysis of the simulations shows the overwhelming prefeecfor the anti-parallel
orientation. The free energy surface of the two-chain sysgepresented in Fig. 2. The
lowest energy structures are the anti-paralledheets. However, in the simulations the
parallel orientation was also observed. The pardglistructure with the lowest energy is
shown in Fig. 1. The anti-parallel orientation is stabitiz®y the efficient sidechain packing
as well as by the polar interactions between the sidech&ind'®' s andG LU 55.
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Screening performance of the all-atom Flex-Screen doc&pmyoach including receptor flexi-
bility is investigated by using of a "directory of useful dgs”, DUD. DUD is a bias-corrected
benchmarking database based on 40 different target psotehere each receptor is associated
with a native ligand, a set of annotated ligands, and a setadydmolecules that are unlikely to
be binders. The docking performance is evaluated using titeria: 1) geometrical fidelity of
the docked poses compared to those of the experimentatstar2) enrichment of annotated
ligands among their decoys, which shows the ability of thekd@ calculations to distinct be-
tween true positives and nonbinder molecules with the sdipsigal properties. Based on these
results the scoring function and the receptor side-cha@rraagement procedure are optimized.

1 Method

FlexScreehis an all-atom docking approach based on the stochastielimgnmethod
of the energy minimization and a simple atomistic scoringcfion that contains a sum
of the Van-der-Waals, electrostatic, hydrogen-bond ahésan energies. The VdW and
hydrogen-bond parameters are taken from OPL3AAd AutoDocR, respectively, the
partial charges of the receptors are computed with MOE, lamétomic salvation param-
eters are optimized as described below. The method enadtig®on up to 15 side-chain
bonds of the receptor.

Scoring performance of the Flex-Screen approach is bendemdy using of the DUD
databastbased on 40 target proteins of different classes with availigand-bound X-
ray crystal structures. For each protein the databasedeslul) crystal structures of the
receptor and its native ligand; 2) a set of the annotateddigghat should in principle dock
well (15-450 molecules); 3) a set of the decoys (about 36 cutds for each annotated lig-
and) that resemble the particular ligand in physical progerbut differ from the ligand
topologically, so that they are likely to be nonbinders.

2 Results

2.1 Optimization of the Salvation Energy Parameters

Salvation energy is described as a sum of energies for thedudl atoms that are assumed
to be proportional to the solvent accessible surface ardatomic salvation parameter,
ASP. All atoms are divided into two groups: those responsiblelfohydrophobic and
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Figure 1. RMS deviation of the docked poses from the crystasdor optimized ASPs versus the same values
computed without salvation energy. 40 protein-ligandcttiees are included.
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Figure 2. Distributions of annotated ligands in perceni@géd lines) and decoys (dashed lines) of the androgen
receptor plotted as a function on their binding energie$:réaeptor is rigid; (b) 10 receptor side chains are
flexible; (c) 15 receptor residues are shifted by 0.5 nm away fthe cavity centre.

2) hydrophilic effects, so that only two ASPs have to be oféd. As an optimization
criterion we use the sum of the RMS deviations of the dockedlaranations of the native
ligands from the experimental ones.

Inclusion of the salvation energy in the scoring functiogé@meral improves docking poses
for most of the ligands (see Fig.1), although some of therfg)1fail to find correct con-
formation regardless salvation effects and, therefored melditional analysis.

2.2 Receptor Side Chain Rearrangement

Docking screen of the annotated ligand sets has shown tisainie cases binding mode
cannot be found because of high-energy clashes betweegirpaotd ligand atoms arising
from the VdW term. To improve docking efficiency we enableeor rearrangement
by using of two approaches:1) rotation of up to 15 receptte-shain bonds, 2) shift (by
about 0.25-0.5 nm) of the receptor residues that are indoiwveclashes away from the
binding pocket centre. Fig.2 demonstrates how both metimfldence docking efficiency
of annotated ligands and their decoys.

It is important to note, that receptor flexibility either ingpes or at least does not change
scoring performance of the docking method. Although botpraaches help to reduce
a number of nondocking ligands and increase absolute vdltieedinding energy, the
second method has been found to be usually more effectiva@ably less expensive.
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Figure 3. EF—1 for 28 receptors plotted as a function of the average enefdwdrogen bonds formed by
docked ligands.

2.3 Enrichment of Annotated Ligands Among their Own Decoys

Efficiency of the docking method selectivity is estimateddoynputing of the inverse en-
richment factorEF~1, for each receptor, described as a relation of the top+sgai@écoys
to the top-scoring annotated ligands (expressed as a pageeof the total number of the
decoys and ligands, respectively). "top-scoring” molegukans that the absolute value of
its binding energy is larger than at least 80% of that for theasponding native ligand. A
small value ofEF~! shows that annotated ligands dock notably better than tegioys
for the particular receptor, whereadd"—! > 1 indicates that the docking approach cannot
distinguish between molecules with similar physical béfiedent chemical properties.
Docking results of the preliminary calculations withoulvséion effects, summarized in
Fig.3, indicate that: 1) the screening performance of thénotkis quite effective for about
70% of the targets, and 2) the docking efficiency dependaglyamn the hydrogen-bond
energy, e.g. essentially all molecules can find appropbigiging mode by unspecific in-
teraction. Since most of the receptors with large valug6f ! have open binding pock-
ets, we expect that inclusion of the salvation energy in togisg function will improve
docking performance in these cases. These calculatiornis pregress.
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A computational study of the proteins 1KVG and 1WQE containdisulfide bridges is pre-
sented. The simulation method bases on the protein foraeRiEF02 and the basin hopping
technique. Both proteins were folded correctly from exehdonformations with inclusion of
a constraining potential.

1 Introduction

Computational prediction of tertiary structure of proteimith high accuracy on the basis
of the primary structure requires development of tran$fierarotein force fields as well
as powerful optimization methods. Particularly, proteivith disulfide bridges connect-
ing cysteine residues represent a major challenge for ctatipoal biophysics. Recently,
plenty of proteins have been folded to their native confdioms within experimental reso-
lution using all-atom protein force fields and stochastitrojzation methods3. However,
there are only few works that study the folding behavior afteins with disulfide bonds,
e.g., by means of molecular dynanfi®s conformational space annealing with a united-
residue force fiel®] lattice model$, topology-based approatuistance geometPyneural
networks® and the island mod#l. In this paper, we report results of protein folding sim-
ulations for proteins containing disulfide bridges: théairpin 1KVG and the potassium
channel blocker IWQE. In particular, we will focus on an agmh with inclusion of ad-
ditional binding potential to the free energy of the protein

2 Methods

All-atom force fields PFF0412 and PFFO® have been developed recently to describe the
internal free energy of proteins. Besideshelical proteins, the PFF02 enables correct
description of3-sheet regions and allows unbiased comparison of resuligrédeins of
the two types. To search for the free energy minimum, comedimg to the protein native
conformation, the basin hopping technique is employed #ied in previous work

To promote formation of disulfide bridges a constraining B&&orpotential
Vss(r) = —Eq [(1 — e #(r=r0))2 — 1] was considered, where, is the equilibrium dis-
tance between the sulfur atoms of cysteine residues formigigulfide bridgeF is the
energy corresponding t@,, and 5 is the spacial extent of the potential. The choice of

Morse potential is motivated by the fact that disulfide besgl@re covalent bonds. In what

follows, 7o = 2 Aandg =1A""
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Figure 1. Cartoons of the folded proteins 1KVG (left) and 1®/@ght), shown in green, superimposed on the
corresponding native structures shown in cyan. Sulfur atofitysteine residues forming disulfide bridges are
depicted as spheres in golden color.

3 Results and Discussion

Simulations of thirty independent runs were performed ftiecent values forFE, starting
from the extended structure, i.e. all backbone dihedraksngere set to 180 Prediction
accuracy of the results was assessed by comparing the saahgauctures with natural
structures determined by NMR. This comparison can be \igedloverlaying the simu-
lated structure on the reference, as shown in Fig. 1. In imddithe root mean square
deviation of the backbone (RMSDDb), the disulfide bond leagthd secondary structure
contents are summarized in Table 1.

The a-helical IWQE could be folded correctly to near-native @onfations with and
without constraining potential. However, the use of caaists increases the efficiency
of the stochastic search for the global minimum signifiggitiThe other protein, 1KVG,
could be folded to native conformation only in presence efdbnstraining potential. Turn-
ing off the constraints, the simulation of 1KVG ends up inralhs with an unstructured
coil conformation. As can be seen in Table 1 the inclusionaofstraining potential sta-
bilizes the natives-sheet structure. For both proteins, the larger value&fotighten the
disulfide bonds while smaller values yield better overailicture.

4 Concluding Remarks

A constraining Morse potential was adopted to take into antdisulfide bonds in pro-
teins. For all proteins studied, inclusion of the consirairpotential resulted in improved
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Ey [kcal/mol] | RMSDb | Res. Nr/rss[A] |

Sequence / secondary structure

1KVG 2-11 SCHFGPLGW/CK
natural — 2.1 CEEEETTEEEEC
0 2.1 3.3 CBCBTTTBSCBC
2t 2.1 2.9 CEEEETTEEEEC
5 2.3 2.7 CEEESSSSEEEC
1WQE 4-22 8-18 | NDPCEEVCI QHTGDVKACEEACQ
natural — 2.0 2.0 | CCHHHHHHHHHT CCHHHHHHHHC
0 2.1 3.3 5.5 | CHHHHHHHHHHT CCHHHHHHHHC
2t 1.9 2.8 2.9 | CHHHHHHHHHHT CCHHHHHHHHC
5 4.4 2.7 2.7 | CHHHHHHSCSSTTTCHHHHHHHC

Table 1. Characteristics of the folded conformations in parison with the natural conformations. In columns
3 and 4 the distances;s between the sulfur atoms of specified cysteine residuesiagn.gCases denoted by
are shown in Fig. 1.

RMSDb values and distances between cysteine sulfur atompa@d to constraint-free
simulations. It was demonstrated that the constrainingmi@l can be decisive for correct
folding and prediction of the three-dimensional structure
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In cell nucleus, all DNA exists as a highly packed nucleogirotomplex called chromatin.
DNA is highly negatively charged polyelectrolyte and asssmuence DNA-DNA repulsion
must be overcome to form chromatin. The first level of DNA kg is the nucleosome core
particle (NCP), composed of 150 bp of DNA wrapped around @h&octamer core and flexi-
ble positively N-terminal domains (histone tails) protinglout from the NCP. Linear arrays of
the NCP are further folded into higher level chromatin strues with the histone tails playing
important roles in their formation. Theoretical modelsnfr@oisson Boltzmann (PB) approxi-
mation to all-atom molecular dynamics simulations are usetescribe chromatin/nucleosome
statics and dynamics. Applying the PB theory we show that éeergy of NCP formation is
extremely favorable that challenges established opirtimutmarginal stability of the NCP. To
describe the influence of the histone tails on aggregatidrdgnamics of the NCPs, we carried
out molecular dynamics simulations with coarse-grainggt@pmation of the NCP. Our results
are in good agreement with experimental neutron scattenX-ray diffraction data. To re-
veal molecular details of the histone tail-DNA binding anhamics, all-atom MD simulations
were undertaken in a system comprising several DNA oligsmaed fragments of the histone
tails. Correlation between DNA-DNA distance and binding tistone tails to DNA is clearly
observed. At the same time, binding of the tails does naticesiternal dynamics of the DNA.

In eukaryotic cell, long DNA (roughly 2 m in humans) is packaabut 400,000 times
inside a cell nucleus of 10-20m in diameter. DNA packaging is performed by nuclear
proteins and this specific nucleoprotein complex calle@wetatin performs contradictory
functions keeping DNA compact and protected while remajsielectively accessible and
dynamic. About 85% of DNA in chromatin is represented by amif units, the nucleo-
somes, which are the complex of 160-230 base pairs (bp) of Ddlisble helix with five
histone proteins (H2A, H2B, H3, H4, and H1). The most regadantral part of the nucle-
osome is called the nucleosome core particle (NCP) andstsrefi147 bp DNA wrapped
as a 1.75 turn superhelix around the histone octamer fornoed dne (H3/H4) tetramer
and two H2A/H2B dimers:2 Variable length (10-80 bp) of the DNA (called linker DNA)
connects the NCPs to each other and binds to the linker leidtdn Linear arrays of the
NCP are further folded into higher level chromatin struesuawith the histone tails playing
important roles in their formation. The histones are resjiga for the first step of DNA
compaction in chromatin and pose a major obstacle for daecess to the DNA of pro-
teins responsible for DNA replication, transcription, agpand recombination. Variable
length double stranded linker DNA connects the NCPs witlh esdlser to form nucleoso-
mal arrays which condense into the 30-nm chromatin fibérgach of the core histones
has unstructured N-terminal domain called “histone taiBtpuding through the DNA su-
perhelix. The tails are able to interact with DNA of the NCiRkér DNA and variety
of nuclear proteins. The structure of the histone tailsdbrg@scapes detection by X ray
crystallography and by other experimental methods, inmgiyhat they are highly flexible
and dynamic. The histone tails are essential for maintemahthe higher order compact
folded structures of chromatin and for regulation of traipgimn and replicatiorf:® These
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functions of the histone tails are regulated by covalentiffeadions of the amino acids,
which may change the net charge and distribution of the @ubggoups in the tails.

DNA is highly negatively charged polyelectrolyte and tHere huge repulsive force
between the DNA molecules must be overcome to form chroma&isitively charged
amino acids Lys and Arg" of the “histone-fold” domains form a distinct charged suga
which direct DNA wrapping in the NCP. The histone tails arghty basic. One might
imagine that huge forces of electrostatic origin are inedlin all transitions of chromatin.
However, the role of electrostatic interactions contiifigito chromatin/nucleosome struc-
ture and dynamics, has received less attention comparkd titier phenomena (e.g. DNA
bending properties, topological problems related to th&mDRwinding and twisting). Our
work analyses and models contribution of electrostaticdsito formation of the nucleo-
some and ability of the nucleosomes to aggregate and maediattithe charged groups of
the histone tails in close DNA-DNA contacts.

1 Estimation of the NCP Stability Using Poisson Boltzmann
Polyelectrolyte Model

In the process of unwrapping DNA from histones two strondigirged polyelectrolyte en-
tities are formed: the negatively charged DNA and posiyivdlarged histone core. Elec-
trostatic interactions arising in such a case must have faynd influence on the course
of whole process and on equilibrium between the two phases dingle-molecule ex-
periments; the electrostatic forces resist the detachment of the DN#fthe histones
during the single-chromatin fiber stretching under the @flee of a mechanical pulling
force. The degree of this resistance is dependent not onthi@strength of the individ-
ual histone core — DNA contacts but also on the ionic conadgim the solution as well
as on the balance between the positively and negativelygedagroups in the chromatin.
Other important contributions to the detachment procédss niechanical bending force
and specific short-range DNA-histone interactions, aredependent on the ionic condi-
tions. Despite the fact that the electrostatic interactimust have a significant influence
on DNA unwrapping, their role is rarely discussed in theréitare. Recently, we ana-
lyze the electrostatic component of the DNA-histone intioas within the NCE:° Using
the mean theory (Poisson Boltzmann) approximation, théribation of the electrostatic
forces to a formation of the elementary structural unit afochatin, the nucleosome was
estimated. Results of the modeling were discussed inoel&tithe recent DNA stretching
experiments$:”

Figure 1 shows contribution of the electrostatic force®ined in gradual removal of
the DNA from the histone proteins in chromafii.Results from the PB theory challenge
an established opinion that the free energy of the NCP foomét small and that the forces
related to the bending of the DNA double helix plays make tlagomcontribution to the
NCP energetics. Instead, calculations within the PB moelaal that of the electrostatic
free energy of the NCP formation is extremely favorable @ige 1). Remarkably, sim-
ple polyelectrolyte model is in a semi-quantitative agreatwith recent optical tweezers
stretching experiments measuring the force necessarywoapnDNA from the histone
core®’ Our analysis shows that the electrostatic interactionsést the highly nega-
tively charged polymeric DNA and the positively chargeddrigs play a determining role
in stabilizing the nucleosomes at physiological cond#ion
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Figure 1. (A) Estimation of electrostatic free energy of @P dissociation. Degree of the nucleosome unwind-
ing (abscissa) is measured as change of the total charge BGR (histone octamer + bound DNA). Dash-dotted
line shows the free energy contribution from DNA, releasexnfthe octamer; dotted line is the electrostatic
free energy of the NCP, approximated as a sphere d Eius; solid line is a sum of the two terms. Vertical
bar shows the position when one full turn of DNA is wrappeduarbthe histone core. PB cell model has been
applied with conditions modeling chromatin stretchingerxments. Vertical bars 1-3 are estimations of the DNA
bending energy given in the literature and are drawn to klybhthe importance of the electrostatic interactions
relative to the DNA bending. (B). Change of the energy of tl@&Nn the process of the chromatin fiber unwind-
ing. The thin line displays a hypothetical equilibrium DNAwrapping from the histone core; solid and dashed
curves are estimations of energy passes in single-fibéing@xperiments from refs. and, respectively. Cartoons
illustrate the NCP state at different stages of the DNA filbatshing. See ref. 8 for details.

2 Coarse-Grained Molecular Dynamics for Salt-Dependent
NCP-NCP Interaction

Molecular dynamics (MD) computer simulations of chargegidme tail-DNA interactions
in systems mimicking nucleosome core particles (NCP) haealzonducted using coarse-
grained model of the NCP. The nucleosome is approximated as a negatively charged
spherical particle with flexible polycationic histone adlttached to it in a dielectric con-
tinuum with explicit mobile counterions and added salt. $tee, charge and distribution
of the tails relative to the core were built mimicking real RQn this way, attractive ion-
ion correlation effects due to fluctuations in the ion clond ¢he attractive entropic and
energetic tail bridging effects were incorporated. MD diations in a dielectric continuum
model containing explicit mobile counterions and varioosant of added salt describe
the effect of changing experimental conditions were cdraiet!® In agreement with ex-
perimental datdl ' increase of monovalent salt content from salt-free to phygical
concentration leads to formation of NCP aggregates; apa/lge in the presence of Mgl
the NCPs form condensed systems via histone tail bridginigaaocumulation of counte-
rions (Fig. 2). The simulations give insight into the tail adieted bridging between core
particles and are also of relevance for the mechanism ohskecy and tertiary condensa-
tion of nucleosomal arrays. To our knowledge this is the firebretical demonstration of

191



Salt-free LowéCI Normal KCI Low MqCl,

e [
Q“QQ @ a0

S G0 O

NCP-NCP

L | 20
Salt free —=—HS . [}
Low KCI
HighKCl
Low MgCi2

~ 8383
—

RDF maximum
S

RDF

RDF

L s . .
0 50 100 150 200
25 Time, ns

\.

0 | ! 0 L n .
100 150 200 60 80 100 120 140 160

NCP-NCP distance, A Distance from center, A

Figure 2. Top: Snapshots showing distribution of the NCRiglas at the end of the four 200 ns coarse-grained
MD simulations with increasing concentration of k3 cartoones to the left) and in the presence ofMgight).
Bottom: RDFs calculated from the last 25% of the four coapsened MD simulations. Left: NCP-NCP cor-
relation function. Maxima between 100-12&0indicate NCP-NCP aggregation. Right: Intermoleculak-K&P
RDF. Appearance of maximum below Baeveals crosslinking of the histone tails in the aggred&€Ps. Insert
displays the dependence of the maximum of the RDF on siroulditine. See ref. 11 for details.

nucleosome-nucleosome tail bridging attraction withirtagistical mechanical treatment
which (within the model) gives the equilibrium descriptiVT ensemble simulations)

for a system whose parameters model the NCP and which ekpliatludes all charged

mobile particles taking into account salt dependent ianeimrrelation and flexible charged
tails.

3 All Atom MD Simulation of DNA-DNA Attraction Mediated by
the Histone Tails

To investigate atomic details of the histone-tail medi@@®&@#-DNA interaction, two series

of all-atom MD simulations were performed during 30-50 nsdcsystem of 3-4 identi-
cal DNA 22-mers, 14-20 short fragments of the charged Héhestail peptide fragments
(amino acids 5-12, [KGGKGLGHKY,*? and 13-19, [GGAKRHRK]* (unpublished work))

with K* counterions and explicit water. The simulation setup marie crowded con-
ditions of DNA in eukaryotic chromatin. To assess the infheewnf tail fragments on
DNA structure and dynamics, ‘control’ MD simulations weaaged for systems with the
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Figure 3. Distribution of the average DNA-DNA distance in Mnulations with 3 (left) and 4 (right) DNA
22-mers in the simuation cell. Short-dashed lines show A distance in the absence of the H4 histone tail
fragments. Thin dotted lines (Taill, Tail2) in the left gnagisplay DNA-DNA distance in the presence of the
5-12 a.a. [KGGKGLGK}* fragment. Solid line in the left graph (“3DNA”) and Run1-Rnurves in the right
graph show DNA-DNA distance in the presence of the 13-19 [E&AKRHRK]** fragments. In the absence
of the tail fragments DNA-DNA distance is determined by timaehsion of the simulation cell; presence of the
histone tail fragments makes DNA-DNA distance 846horter.

same DNA and water content but in the absence of oligopeptidBlA structure and dy-
namics, DNA-DNA interaction and its interplay with the et tail fragments binding
are described®*® MD simulations allow capturing typical features of the bis tail-
counterion-DNA structure, interaction and dynamics.

Binding of the tail fragments to the DNA is dynamic. The cledgide chains of
the lysines and arginines play a major role in mediating DDINA attraction by forming
bridges and coordinating to phosphate groups and elegiabine sites in the minor groove.
Correlation of the DNA-DNA distance with the presence ansbamtion of the histone
tail between the DNA molecules is observed. Figure 3 congpdistance between DNA
molecules in the absence (dashed lines with maximum at %}md in the presence of
the tails (all other data). In the systems without tails DNAletules tend to distribute as
far as possible from each other. In the systems with the réstail fragments, the most
populated DNA-DNA distances are in the range 24A3fig. 3).

Detailed investigation of the histone tail-DNA interactishows that tail bridging is
performed through numerous contacts of Lysid Arg" with the phosphate groups com-
bined with penetration of the charged lysine side chairgstimt minor groove of the DNA.
Experimental and computational work is in progress whislegtigates interplay between
covalent madification of the histone tails and compactiorclmomatin, NCP-NCP and
DNA-DNA interaction.
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We report on the simulation studies of the percolation ftems of water at the surface of
the DNA double helix. At low hydrations, only small water stars are attached to the DNA
surface, whereas it is homogeneously covered by a spanratey metwork at high hydrations.
Formation of a spanning water network occurs via a peraplatiansition at the hydration
level close to the midpoint of polymorphic transition betémeA- and B-forms of DNA. This
percolation transition results in sigmoid like accelemtof long-range ion transport in good
agreement with experiment.

The presence of water at the surface of biomolecules is sagefor their conforma-
tional stability and functions. Dynamics and functions adrbolecules are often com-
pletely restored, when they are covered by about a monotdyeyrdration water 2. For-
mation of such monolayer occurs via quasi-2D percolatiangition between two es-
sentially different states of hydration water: ensembldimte clusters and spanning
hydrogen-bonded (HB) network of hydration water, which logeneously envelopes a
biomoleculé 4 The microscopic origin of the relationship between thepkation of hy-
dration water and biological functions is unclear. One mapeet that the appearance
of a spanning network of hydration water strongly affects dynamic properties of the
hydrated biomolecule and the charge transport along tHedical surfaces.

Water is crucial for the biological functions of the doubldibal DNA®. Experiments
show that there is a strict relationship between the staf2NA and a hydration number
T", measured as the number of water molecules per nucleotidéogBally relevant B-
DNA becomes unstable at hydratiofis< 20 and midpoint of the transition between A-
and B-forms of DNA is aboul' = 15.% In the same hydration range, conductivity DNA
shows sigmoid like dependence Bf To clarify the possible role of water percolation in
the polymorphic transitions of DNA, we performed computardations of a rigid, dode-
camer fragment of double helical DNA (CGCGAATTCGCG), fixadspace in canonical
B-form, in the range of hydrations2 < I < 30.”8 The Cornellet. al. force field
was used for DNA and water was modeled by TIP3P potetftidlhe molecular dynam-
ics (MD) simulations were carried out with the internal aioate MD method adopted
for DNA! with a time step of 0.01 ps. The standard duration of prodaatins was 10
ns with the coordinates saved every 1 ps. The clustering arcbfation of water were
analyzed by methods earlier developed in our grotp?=4

The probability distributiorP(S,,...) of the sizeS,,,.. of the largest water cluster on
the B-DNA surface under different hydration levels is shawRigure 1.A. The two peaks
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Figure 1. A: Probability distributionP (S)ma« Of the sizeSy.q. Of the largest water cluster on DNA surface
with hydration levelsl® from 10 to 24. B: Distribution ng of the size of water clusters at the surface of DNA
molecule for representative hydration levélsrom 14 (top) to 17 (bottom). The universal power law expécte
for 2D percolation transition is shown by solid line§: Upper panel Relative mobiIityLlN“ of ions, in time
interval 200 ps< t < 500 ps (open circles, left axis), and percolation probgbi® of hydration water (dashed
line, right axis) as function of the hydration leviél Lower panel Dependence of the relative mobility)® of
ions, in time interval 50 ps< t < 100 ps, on the hydration leveél.

at small and larg&,, ... corresponds to non-spanning and spanning HB networksgcesp
tively. The most symmetric distributioR(S,....) is observed at a hydration level where
spanning and non-spanning states of the largest clusteqaly populated, and this hy-
dration corresponds to the midpoint of the percolationdition. The spanning probability
R(I') estimated from these distributions shown by dashed line in Figure 1.C (upper
panel, right axes). The midpoint of the percolation traositthat is the position of the
inflection point of R(I") being fitted to sigmoid function, is close 6 ~ 14.3. The true
percolation threshold can be located by using the cluster distributionng, which is a
probability to find a cluster, containing molecules. At the true percolation threshold,
ns ~ S~20% in the widest range 08 HB water clusters at DNA surface follows this
universal power law in the widest range $fat hydration leveld® ~ 15 and 16 (closed
symbols in Figure 1.B) and the true percolation thresholdiatier occurs at’ = 15.5+
0.5. At the threshold hydration, the minor groove of B-DNAaiseady filled with water,
and the percolation transition results in formation of anspag water network in the major
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groove. The threshold hydration is strikingly close to thipoint of the low hydration
transition of DNA from the B-form to other fornts.This observation suggests that wa-
ter percolation may be responsible for the low hydratiorypmrphism of DNA. So, DNA
exists in biologically relevant B-form only when it is coeerby a spanning water network.
To explore effect of water percolation on the mobility of Nans in the DNA hy-
dration shell, we have analyzed time dependence of theimnsgaare displacements
(Ar?) (t). Due to confinement effect and due to heterogeneity of the BiWace, such
dependence is non-linear. We characterized ions diffusjamdimensionless relative mo-
bility L(I") obtained as the slope of the linear fit 6Ar?) (¢) in a given time interval
normalized by the corresponding slope foe= 12. Mobility LY*(T") of Na* ions approx-
imately linearly grows with hydration for short-time trdasons,t < 100ps (Figure 1.C,
lower panel), but the relative mobility¥, evaluated in the time period 200 gst < 500
ps (Figure 1.C, upper panel), corresponding to the ion dégrhent up to 6.8, behaves
radically different. From hydratiof = 12 up toI’ = 18, LV exhibits a sigmoid like de-
pendence closely following the spanning probabi(y'). The overall increase &f¥* on
passing the percolation threshold is about 100%. The dtepricrease of ion mobility at
I =18 may be attributed to the escape of ions from the DNA sarfiwo step increase of
the LN with hydration in our simulations remarkably agrees wita éxperimentally ob-
served dependence of the radiation-induced conductifitydrated DNA fibers. Ability
of the spanning network of hydration water to provide iomgort along bio-surfaces may
explain its crucial role in biological function.
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Molecular dynamics (MD) simulations on two coupled elegicosurfaces are employed to
investigate the geminate recombination of nitric oxide hotpactive biotechnological enzyme
nitrile hydratase (NHase). NHase enzymatic activity iggered by photodissociation of NO
moleculé-2. The crossing between the ground and the excited statesari@treated using the
Landau-Zener modér. The NO geminate recombination curve and recombinatice wetre
calculated. Results suggest that the NO recombination iiso@gcond time-scale process.

1 Introduction

The microbial enzyme nitrile hydratase (NHase, EC. 4.2, 1CAS registration no. 82391-
37-5) is widely used in biotechnological production of ags® from nitriles. Out of two
types of NHases (Fe and Co-type) only the Fe-type NHase itopaositive. This en-
zyme loses activity in the dark conditions when the endogemndric oxide molecule (NO)
blocks the active centre. This process is totally reveesibld the enzyme recovers catalytic
ability upon light irradiatiof 2. The electronic mechanism of NO controlled photoactivity
remains unknown, despite several model systems of NHaselean investigatéd and
theoretical models have been calculdtétl In the earlier study of the photosensitivity
phenomenon Nowakt al, described structural changes upon NO ligand binding to the
iron center ("inverted doming®) The MD calculations of NHase gave an insight into the
channel dynamids, however the kinetics of recombination is still mysterious

In this paper the NO recombination kinetics rate is theoadii calculated for the pro-
tonated enzyme model. Similarly to et al'® classical Landau-Zener (LZ) MD model of
recombination is employed.

2 Computational Methods

In the LZ method the system may evolve on two alternativepgdoand excited state
crossing hypersurfaces. At the crossing point, the LZ poditya P is calculated (1) and
the decision whether to switch the energy surface is fhade

2
4meq

P =¢ ®oli-sal, 1)

whereV is a velocity,?, is energy difference between two energy states|ane- s»| is
a difference in the energy curves slopes.
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All computations were performed for Fe-type NHase (2AHJ)the MOIL pack-
ageé®l’. The parametrization of the NHase active site is descrilieglvaerd®. Only
crystallographic water molecules were present. Initialipimized system (the enzyme
with NO molecule bounded via Morse potential, 3000 steps) eated up to 300 K (50
ps) and equilibrated for 50 ps. From short 100 ps run 6 randamtsres were chosen as
starts for production simulations of the NO recombinatieor. each start a 10 ps trajectory
at 250, 275, 300, 325 and 350 K was generated. In each of Z&toajes NO molecule
was photodissociated (by excitation) at the very beginnifige SHAKEB protocol was
used, data were collected in each 1 fs step. The temperatgd@eld constant by veloc-
ity scaling, cutoffs for electrostatic and van der Waaleiattions were 12 and 94,
respectively. The nonbonding interactions were recatedlan each step.

The excited state curv€ (r) was modeled by (2) and the binding potenti#l-) was
approximated by the Morse function (3) (see Fig. 1):

U(”’) = ArepeiﬁT - Brepa (2)
and
B(r) = Dypore™200r—7e0) _ 3¢0r=rc0) @

Parameter., is the equilibrium Fe—N(NO) bond length of 1.65 parameters,,, o,
a, Arep, f andB,., were 30 kcal/mol, 21!, 80 kcal/mol, 1A~! and 4 kcal/mol, respec-
tively. Other parameters required for excited state MD veerepted fron'e.

3 Results and Discussion

15 2 23 3 35 4 45 5 335 6
Fe = (HC) [m] xto

20 - Mono-exponential decay
Ee oy 332

6204511
0.00+0.00

39 65+4.63
4771 18

4 of unbounded MO
1 1

-
L]
Ll
1 =~ =

Time [ps]

Figure 1. Kinetics of NO recombination to NHase active sReints indicate a percent of recombined ligands.

A mono-exponential decay = yo + A1 exp (— z;—f“) is fitted. Inset: Potential curves used in simulations of
NO recombination.

For each of 10 ps non-equilibrium trajectories on excitediesenergy surface the Fe—
N(NO) distance, the repulsion energy vallig,), the switching moment from repulsion
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to Morse potential and a value of the Morse potential,{,s.) were monitored. If the
distance Fe—N(NO) was smaller than Abrifthe Enorse Was smaller than-10 kcal/mol,
we assumed that the recombination happened. A percentarhi@nated ligands vs time
gave data for estimation of recombination rate (see Fig. 1).

We assume that these data points are the best described hycaaxponential decay
since that assumption gives the smallest value ofithéy? = 3.3). Two and three expo-
nential decays fitted to our MD data gayé of 4.7 and 8.7, respectively and timgsand
t3 were extremely long (data not shown). Fitted parameters (Biindicate that the aver-
age lifetime of the free NO is 4.8 ps (the decay rate conssabitdl ps'). NO collisions
with BArg56 or (less frequently) withGIn90 induced the recombination. Other collisions
with the active site-solvent channel walls didn’t resulthie rebinding.

4 Conclusions

For the first time a geminate recombination of the NO moletulee-type NHase active
site was studied using the Landau-Zener approach and MCxiteebstate. We found that
there is perhaps one energy barrier (4 kcal/mol) and thembowation rate is characterized
by 4.8 ps lifetime of free NO. Residu¢\rg56 andaGIn90 are critical for NO recombi-
nation. Better statistics is required for more quantimégtimates of NHase photophysics.
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To assess the reliability of MD derived structural modelshef dynamic multifunctional RNA

hairpin, a comparison between back calculated from MD ¢tajees and experimentally ob-
served proton chemical shifts has been carried out. Oultsesenfirmed coexistence of alter-
native conformations of the apical loop of HIV-1 TAR RNA hgaiin in a solution. The com-

parison between the calculated and observed proton chieshifts proved to be a good tool
for validation and refinement of MD derived structures of afyncally inter-converting RNA

conformational sub states.

1 Introduction

Insight into dynamical behavior of RNA molecules by experittal techniques is limited.
Elucidating high-resolution RNA structure of dynamicafiyer-converting conformational
sub states poses significant challenges to NMR spectrosuugK-ray crystallography,
which remain limited in applicability to static averageustiure determination of well
folded conformations. Functionally active RNA confornoais may not always be most
populated in a solution. Transiently populated confororal sub states may be captured
during protein recognition and stabilized by binding daralions or other biomolecular
complex components. To elucidate structure-functiorticeiahips in RNA, it is necessary
to go beyond the static structure and understand the dysaofi®@NA in a solution.
Molecular modeling and molecular dynamics simulation (MiDgthods complement
limitations of experimental techniques. However, the deieation of RNA conforma-
tional space by simulations is related to limited time andfoomation range, which
may be probed by MD in comparison to real RNA dynamics. Roeghrof the folding
energy surface, kinetic traps and stable misfolds are tt®r& which require attention
not only during in vitro RNA folding procedures, but also ohgr computer simulations.
Adequately, special consideration of infrequent eventstinctural transitions is needed
for MD experiments due to relatively low statistics readeab current status of software
and hardware available for these calculations. In our expjoof the conformational
space accessible to the dynamic RNA hairpin by molecularetiogl and extensive MD
simulations, we adopted several alternative approacheshwevealed the coexistence of
two stable conformers. Then we investigated whether our Mivdd structural models
agree with the experimental NMR parameters.
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Figure 1. The distribution of CCS back-calculated from MBjectories for H8 and H2 protons of adenosine
A35. Experimentally measured values are 8.33 and 8.16ectsply.

2 Alternative Conformations of the Apical Loop of HIV-1 TAR R NA
Hairpin

TAR RNA hairpin located in the extremely conserved domaithef5’ untranslated leader
region (5° UTR) of the HIV-1 genome is involved in many stegstee virus replication
cycle. Its functional diversity as viral regulatory elemhéndetermined by structural ver-
satility. The structure of the TAR apical loop has been asid by several experimental
and computational methods. NMR studies revealed a compajgtdtructure with consid-
erable conformational flexibility resulting in ensembleNi¥IR structural modefs Struc-
tural studies by biochemical methods (UV melting and thetymamics, chemical struc-
ture probing, lead induced cleavage) of TAR RNA hairpinshvdtselectively mutated or
2-aminopurine substituted apical loops demonstratecdthigaapical loop of TAR is struc-
tured and we postulated that it is stabilized by the C30 - G84s:loop base p&ir Our
recent molecular modeling and MD simulation studies rexe@#he coexistence of alter-
native conformations of the TAR apical loop: one stabilibgdhe C30 - G34 cross-loop
base pair and the other stabilized by the interactions cheniatic for U-turn motif.

3 \Validation of MD Derived Structural Models by Comparing th e
Calculated and Experimentally Observed NMR Data

Initial models built by fitting TAR sequence to selected RNAtifs were adjusted by
imposing constrains for the specific intra-loop interacsioluring short MD runs. All con-
straints were then removed and several full MD trajectoniese collected running simu-
lations for up to 8 ns each, depending on the convergenceeddithulated structures, at
different temperatures: 300K, 320K, 340K and 350K. Theteluanalysis of trajectories
yielded a range of conformational motifs characterized iffigi@nt internal interactions
and exhibiting diverse stability and convergence withie MD trajectories in a total of
over 100 ns of simulation time. The reliability of the stnu@l ensembles obtained during
extensive MD simulations was assessed by NMR chemicabql@ffS) calculations. CCS
were back-calculated from the structures with the progrddCNEMICS, considering
ring-current effects, magnetic-anisotropy terms, anaigmy charge contributich Each
proton shift, calculated for structures within MD trajec#s, contributed to the ensemble
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of all calculated structures and was subsequently anaiyz®RIGIN in terms of statisti-
cal distribution. The structural analysis and interpiietabf the TAR RNA 1H chemical
shifts were carried out by comparing the calculated to erpental valued Fig. 1 gives
an example of the distribution of CCS back-calculated from ajectories for H8 and
H2 protons of adenosine A35 base. Experimentally measwakes are 8.33 and 8.16,
respectively.

4 Conclusions

RNA hairpins exhibit remarkable versatility with regarditow conformational changes
are utilized to modulate diverse cellular processes. RN#awnational switching is usu-
ally induced by cofactors such as proteins, small mole¢udligalent ions or other RNAs.
The study of the range of conformations accessible to RNécsiral motifs is impor-
tant for understanding the mechanisms of recognition mse® and regulation by RNA.
We observed good agreement between the back-calculatekpadmental CCS for both
MD derived structural models of the apical loop of TAR. Ousults validate coexistence
of both conformers of TAR RNA hairpin in a solution. Alterihet structures are consistent
with the range of previously obtained diverse experimenesllts. Both conformers can be
functionally important: the conformer stabilized by créssp base pair can be responsible
for TAR-proteins recognition, whereas the conformer dizda by the interactions char-
acteristic for U-turn motif can mediate RNA-RNA and RNA-DN@op-loop interactions.
The comparison between the calculated and observed CC&dtowe a good tool for
validation and refinement of MD derived structures of dyr@atly inter-converting RNA
conformational sub states.
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The structures of chromatin at the high density charatiers the silent phase are strongly
influenced by the packing of nucleosome core particles (NGRs anisotropic attractive inter-
actions between two of them and constraints, such as the @N4ibg, imposed to the wrapped
and linker DNA segments. In this work, coarse—grained nmedethromatin are studied. For
a pair of NCPs, a simple single—site anisotropic potenti@rgy function is designed on the
basis of the experimental data reported for the orderedeshaflsNCPs. This potential energy
function is employed in random—walks of chromatin modelerehthe NCP DNA wrapping

is modulated in length, while the linker segments are mdddlan both length and curvature.
These models support the two-start helical organizatioetoomatin in the absence of linker
histones. The geometry of two-start helical configuratisnsharacterized by poorly bent link-
ers and by a moderate reduction of wrapped DNA in the NCP.

1 Introduction

The investigation of the supramolecular structure and dyosiof chromatin is of extreme
importance to understand gene regulation and cell devedaprithe genetic information in
eukaryotic chromosomes is organized in chromatin, a cliasupramolecular assembly
formed by a long filament of DNA wrapped around globular oaamaggregates of eight
histone protein's The repeat unit of this chain includes a nucleosome cotileafi.e. the
complex of a protein histone octamer with DNA wrapped aroitnNCP hereafter) and
a DNA linker, which connects two NCPs. Other histone pratémthe linker region are
present in the natural chromatin and absent in several nsgdtdms studied in vitro.

Two classes of organizations have been proposed for the axtrsfate of chromatin,
i.e. the so—called 30 nm fib&f: the one-start solenoidal helix mofethe two—start
helix mode?. Recent crystallographic results for the tetra—nucle@samlecule in the
absence of linker histongsprovide strong evidence for the two—start helix orgamirat
the structure of the tetra—nucleosome is consistent withealized model where two left—
handed twisted ribbons follows a straight fiber axis. Thesayxdata are also consistent
with the high propensity of NCPs of forming coluninsTheoretical and computational
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models of the chromatin fiber have been proposed, but twad-ketices with the geometry
of the x-ray data were never identified among the proposeditsires.

In this work, a single—site anisotropic Lennard—Jonegaatiton potential, calibrated
on the experimental phase transition for NCPs, is used téomerrandom walks of
chromatin models with a variable amounts of wrapped anahENA segments and with
linker DNA with variable curvature.

2 Method

The geometrical construction of regular chains of many NiSBammarized in the follow-
ing. The pathway of DNA is built starting by wrapping, bp around the disc representing
the histone octamer (radius of 4.5 nm and height of 6 nm). WiheDNA finishes to wrap,
a straight linker ofn,; bp follows. At a certain point, DNA starts to bend,(bp) around
an originO chosen at random within a cubic portion of space. Two cureathave been
tested, with no significant differences in results. The DN ho kinks. A second straight
linker segment ofz, bp follows. Before the next NCP particle is generated, ahtert
rotation of A® modifies the orientation, otherwise imposed by the equiliartwisting of
DNA.

Monte Carlo trajectories have been collected using a teatyper randomly chosen
within 0 and 10000 K and using the NCP-NCP interactions oAljmong the collected
configurations, the linker—linker interactions have beemputed by using a Lennard—
Jones site for each DNA bp, withaparameter of 1 nm. Only those configurations with
negative linker—linker potential energy and with low NCRERlinteraction and high com-
pactness have been selected and analyzed.

3 Results

The distribution of the supplemental bending angh and of the torsional angled|

of the selected chains has been analyzed. This distribatiways displays a maximum
aroundo® ~ 57/6 and® ~ 7 /2. Structures representative of this region display the two—
start organization, with linker DNA almost perpendicularthe fiber axis. One of these
structures is compared with the experimental x-ray datanatida previous simulation in
Fig. 1.

The structures obtained by previous MC simulations usimijar parameters (panel a)
could display only a partial two—start organization, bessaof the low regularity. The
representative structure obtained in this work (c) is véoge to the construction based on
x-ray data (b). The NCP planes are only slightly tilted awayr the fiber axis compared
to the tetra—nucleosome. The linker DNA segments are $irdigt a local bending can be
suggested by linker—-NCP interactions that have been ignaydar. The wrapped length
of the most representative configurations is about 130 Ig,ishin close agreement with
the value of 129 bp found in the tetra—nucleosome.

Therefore, this simple chromatin model accounts for moshh@fimportant features of
the available structural information for chromatin in thesance of linker histones. The
role of the interactions included in this model can be suniwedr NCP—NCP interactions
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(b)

Figure 1. Comparison between the most representativetsteum this model (c), MC simulations (a) and the
x-ray data (b): one snapshot of the simulation in R¢&); the construction obtained from the tetra—nucleosome
x-ray daté (b); one of the structures representative of the maximunalatipn in the two—angles map (this work,
c). In (c) the large spheres represent the histone octach@nisgray the even numbers, light gray the odd numbers
to emphasize the two-start organization). The small sghemesent DNA bp. The radii of these latter spheres
is 1/2 of the used value for graphical purposes.

favour columns (like those experimentally observed); yeapand linker DNA favour the
coiling of columns; these columns can not be coiled enougbbtain a dense one—start
organization (solenoid); on the other hand, two less caiddmns intercalated allow the
two—start organization; crossed linkers allow a moderd&ENCP overlap; the unfolding
of the two—start organization is not intricate.
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Using all-atom simulations with the GROMOS96 force field #3a explicit water we have
studied the kinetics of fibril formation of Bys_22 peptides. These short peptides are the
hydrophobic core of longer amyloid peptides which are belieto play the key role in the
Alzheimer’s disease. It is found that the incorporation afeavly added peptide to the pre-
formed template obeys the two-stage dock-lock mechanisns.iin the qualitative agreement
with the recent experiments.

1 Introduction

Understanding the mechanism of oligomerization of prat@ind peptides remains one of
the most exciting problems in structural biology becausege body of evidence suggests
that amyloid fibrils and associated oligomeric intermeziiare related to a number of dis-
eases, including Alzheimer’s, Parkinson’s, Huntingtpaisd prion diseasés The recent
experiments of different groups (see, e.g. Ref. 2 and ret@®therein) suggest that the
addition of soluble & and Sup35 amyloid monomers to preformed fibril structures is
two-stage dock-lock process. First the added peptide diotghe template and at this
stage its structure gets elongated. In the slow lock phageigntation fluctuates a lot be-
fore reaching the fibril state. Motivated by these intergsgxperiments we have studied
the process of incorporation of adfs_22 peptide into the preformed template using the
all-atom simulations by GROMACS softwareNamely, we have considertthe reaction
(ABr6—22),,_1 +AB16—22 = (ABi6—22),, Wheren = 4,5 and 6. In this contribution we
presents the results for the= 5 case (pentamer) where a monomer adds to the preformed
fibril state of 4 peptides. Our results support the two-stzgeire in which the lock phase
is much slower than the initial dock phase.

2 Method and Results
The procedure of generating the template of 4 preformedgep{see Fig. 1a) may be

foundin Ref. 4. The conformation of monomerig#_-> was extracted from the structure
of AB1p_35 peptide available in the Protein Data Bank (ID: 1hz3). Thernhave added it
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(b)

Figure 1. (a) A initial conformation of the pentamer, wheree @eptide is randomly added to the template of
four ordered monomers. (b) The free energy landscape astadnrof Vi andVaz. The typical conformations of
main local minima are shown.

randomly to the template (1a) and generated four trajetai 329, 360, 540 and 737 ns
using the GROMOS96 force field 43al in explicit water. A tyimitial configuration is
shown in Fig. 1a. The volume of the simulation box is 128 namich corresponds to the
peptide concentration of 65 mM.

In order to monitor the fibril formation process we use theguild crystal” order param-
eterP,. If P > 0.9 then the system is considered to be in the fibril-like $tatée used the
dihedral principal component analyste compute the free energy landscapes (FEL) using
the first two eigenvectorg; andV:. To show that the added peptide incorporates into the
preformed monomers by the dock-lock mechanism we monitotithe dependence of the
(-content,3(t), which has been computed using the definition, given in Ref. 4

Fig. 1b shows the free energy as a functioripfand V. The fibril-like arrangement
is found in the basin of the most prominent minimum 1 which &a&7% of population.
Since three local minima are separated by low barriers gf@aféwk 5T the system is not
stable under thermal fluctuations. The stability gets eobdras the number of peptides
increase$

The time dependence of the order paramg&eior the entire system and the preformed
4 peptides is shown in Fig. 2. Remarkably the template fldetua lot to accommodate
the added monomer. This is probably because the number afmmens is lower than the
size of the critical nucleus which remains largely unknoarthe A3;6_22 System but our
recent analysis has shown that this size should be at legst fdhan six. If we define the
time for adding a new monomef, .4 as the time needed to g&% = 0.9 for the entire
system then, 4 ~ 110 ns for the pentamer (the result is averaged over four tr@jies).

From the time dependence of the content of the beta cortént(Fig. 3a), it follows
that the nascent peptide docks into the the preformed stdmsysst. Namely, initiallys(¢)
of the disordered monomer is lower than that of the preforsudgdystem and they become
compatible at the end of the dock phase. In order to get irgdfititil state the added
peptide spends a lot of time on its reorientation while thefgmmed template fluctuates
to accommodate it. As evident from Fig. 3b the accumulatédeva(t) of the nascent
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Figure 2. (a) Time dependence Bf for the whole system of 5 peptides. The arrow refer®te 2 ~ 0.9 which
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Figure 3. (a) The time dependence of the beta content of terpmed four peptides (black) and the added
monomer (red). (b) The same as in (a) butfgt) = % f(f B(z)dx.

monomer approaches the value of the template very slowdyséicond lock phase should
have much longer time scale compared to the dock stage.

In conclusion, we have shown that the fibril formation of shpaptides obeys the two-
stage dock-lock mechanism. This may be also valid for lopgetides and proteins.
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Six parallely placed ten stranded antiparaffetheets of DLSFMKGE (10x6xMK), and DLS-
FKKGE (10x6xKK) peptides, immersed in periodic water bgxesre subjected to molecular
dynamics simulations (MD) for 90 ns and 40 ns respectivelgttidy the amyloid fibril forma-
tion tendencies of the two peptides. MD simulation showed the 10x6xMKj3-sheet sheet
stack is stable, but 10x6xKI-sheet stack is not. 10x6xMK-sheet is stable because of hy-
drophobic interactions of metionine-phenilalanine andiee of the neighbouring sheets. Met,
Phe, Leu make a hydrophobic core for the stack-sheets. During MD run the Met, Phe, Leu
of neighbouring sheets act as conformational switch mogrgheets by two amino acid step
towards each other.

1 Introduction

Short protein sequence stretches drive the protein agipada amyloid fibrils 3, Based
on a homology search we have identified an aggregation-pegien in the Abl-SH3 do-
main of Drosophila with sequence DLSFMKGE (MK), and less &igpgenic human ho-
mologous region with sequence DLSFKKGE (KK). The antipatdlat 5-sheets consist-
ing of ten strands of MK and KK were constructed. We createdl iwulti-sheet systems:
(1) six parallely placed 10-strangtsheets of MK (10x6xMK) (Fig.1a), (2) six parallely
placed 10-stran@-sheets of KK (10x6xKK) (Fig.2a). Each of theSesheet systems was
surrounded by a 18 layer of water molecules over the solute and subjected tiecntar
dynamics (MD) simulations with the Amber 8.0 force field ietNPT (constant number
of molecules, pressure, and temperature) scheme. The Milations were started from
the temperature of 10 K and the temperature was gradualigadiy the step of the ten
degreestill 300 K, then the simulations were run at the @risemperature of 300 K. The
10x6xMK system was simulated by 90 ns of MD, the 10x6xKK systeas simulated by
40 ns of MD.

2 Results
The 10x6xMK system maintains-sheets, and thg-sheets remained together in a stack

during all the time of MD simulation (Fig.1) and showed sgdrydrogen bonding (Fig.3).
During the simulation thg-sheets of the 10x6xMK system shifted towards each other by
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two amino acids (Fig.1b, Fig.1c). The 10x6xKK system mairg@-sheets, but-sheets
do not remain together, they are hanging by a thread (Figa2io)moving away each from
other (Fig.2c).

Figure 1. Multisheet system of DLSFMKGE peptides (10x6xMd€eps together all the time of MD simulation.
The 10x6xMK system at a) 351 ps, b) 21705 ps, c) 74499 ps of MD.

b)

Figure 2. Multisheet system of DLSFKKGE peptides (10x6xKd€es not remain together during MD simula-
tion. The 10x6xKK system at a) 382 ps, b)11408 ps, c) 36771 pio
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3 Conclusions

The MD simulation of multisheet systems revealed that: & TOx6xMK 3-sheet stack is
stable, but the 10x6xKK3-sheet stack is not. 2.The 10x6xMksheet is stable because
of hydrophobic interactions of metionine and phenylalarside chains and the leucine
side chain of the neighbouring sheets. Met, Phe, Leu makedeopfiobic core for the
stack ofg-sheets. 3.During the MD run, the Met, Phe, and Leu residéiasighbouring
sheets act as a conformational switch movingiksheets by two amino acid step towards
each other. 4.Replacement of Met by Lys destroys the hyatoiptcore, which is the
stability factor of theG-sheets stack. The 10x6xKK system maintainsheets, but loses
interactions betweef-sheets. 5.The calculations of sixsheets confirm the conclusion
drawn for single sheet systems: parallelly plagesheets stabilize each other.

Figure 3. DLSFMKGE peptides (10x6xMK) show strong hydrodgemding during the all MD run: a) 351 ps,
b) 21705 ps, c) 74499 ps.
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The power consumption of modern processors makes it diffiouihcrease their clock speed
further. Even in the PC market CPU manufacturers now inchadéiple compute cores on a
single chip to improve performance and keep up with Moor@/g la trend likely to continue.

This is even more important in high performance computingene cooling and electricity bills

are becoming a large issue. The compactness and low powasroption of an IBM BlueGene,

e.g, is only possible because of CPUs with moderate cloelsrat

Protein folding is computationally hard. To take advantafghe increasing number of compute
cores and reduce the time to solution, we need to parallelizecodes, especially the time
intensive calculation of the energy function, and mininmtzeserial portions of the code. We are
presenting the parallelization implemented in SMMP for B@EPP/3 force and the resulting
scaling behavior on various platforms including BlueGen&ombining the parallel energy

function with parallel tempering, simulations scale uptousands of processors.

1 Introduction

Moore predicted that the number of transistors on the cletageps doubles every 24
months! This prediction has held for over 40 years. Combined withiéasing clock
speeds, this development let to ever faster CPUs, fasteifrg serial codes, and larger
power consumption. One way to decrease the power consumptio run the proces-
sor at a lower clockspeed. Using the same chip, doubling ldek speed results in an
approximately 8 times higher power consumption. In the n88as, an Intel Pentium |
running at 133 MHz used about 11 W. Modern processors can aeetiman 100 W. With
the introduction of multi-core processor to the consumemi¥ket in 2005, Intel moved
away from providing processors that run serial code fastdrfarced many application
developers to think about parallel programming. In highfgmenance computing, where
the number of processors can go into the thousands, powsuegrtion and cooling are
important factors. With the development of BlueGene/L, IBlgcided to use compara-
tively slow processors — with a correspondingly low powensamption — combined
with fast networking, to build a very compact system thales#o more than a 100000
processors and a peak performance of more than 350 TFLORShifih performance
comes at a price. Comparing the single processor perforenafing BG/L with an AMD
Opteron at 2.4 GHz, we find that our application runs more thaimes faster on the
Opteron than BG/L. To make up for this loss in performance takeé advantage of our
BlueGene/L JUBL and the increasing size of our smaller PGtehs, we parallelized the
calculation of the energy in our protein simulation pack&y&VIP2 3 In combination with
parallel tempering, we now regularly run our simulation @9@ processors. Here, we
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present the application scaling on 4 different platfornd gime some pointers for efficient
parallelization on BlueGene/L.

2 Distributing the Work

For these measurements we used the ECEPP/3 forcé fléld.energy function that needs
to be calculated is

332q1qj Aij Bij Cz Dij
Bropppss = =+ |\~ o |+ | s o
(g Y (i.g) N\ ¥ " (i4) \' ¥ K

—i—ZUl(l =+ cos(ni&)) (1)
1

wherei andj are indices of atoms;; is the distance between atanand atomy, and!
is the index of a dihedral angle in the protein chain. All othariables §;, A;;, Bij, Cij,
andD;;) are parameters of the force field.

In SMMP, every atom is associated with a dihedral angle. V&l ukis relation to
distribute the interactions as evenly across processq@essble without regard to spatial
proximity.

3 Setup and Scaling

We ran our benchmark on 4 different platforms: JUMP, an IBM®&luster with 32
processors and 112 GB of shared memory per node; JUBL, an IRB&Gne/L with 8
racks and a total of 16384 Power4 processor at 700 MHz; JULT &IBster using dual-
core PowerPC 970MP processors at 2.5 GHz with an InfiniPatlhiank and NICOLE,
an Opteron based PC cluster with a clock speed of 2.4 GHz uisfimipand networking.
Except for the setup of the communicators used for the eneatpulation on BG/L, we
used the same source code for all measurements. We perf@@ngedeeps of a Monte
Carlo simulation of the designed protein TORTarting from a stretched chain. Data was
written to disk every 10 sweeps. On JUBL, we used multipldicap in parallel with the
indicated number of processors per replica to fill a half plgsil2 processors).

Figure 1 shows walltime and scaling for the various machiii&ég execution time on
a single processor ranges from about 18 min on JULI to aboubi2 JIUBL. The lowest
execution time ranges from 81 s on JUMP to 269 s on JUBL withr64gssors per replica.
The maximum speedup is 25 on JUBL with 64 processors.

For JUMP, JULI, and NICOLE we used MPI's default processaigisment. On
JUBL, however, this approach leads to a sub-optimal digtioh of the processors. BG/L
has a cubic geometry. By default, the rank of a processorsases first along x, than y,
and finally z. This leads to a planar distribution of procesgof. left picture in figure
2). Instead of the default, one should make communicatocsilais as possible (see right
picture in figure 2) unless the problem geometry suggestexelit approach.

4 Conclusions

For protein simulations, distributing the calculationtuod interactions evenly across a num-
ber of processors can be done efficiently without worryingulthe spatial distribution of
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Figure 1. Strong scaling behavior. This figure shows thetinal and corresponding parallel scaling vs. number
of processors on JULI, JUMP, and JUBL. For the benchmark, evieopmed 50 sweeps of a Monte Carlo simu-
lation of Top7® a 92 residue protein with 1477 atoms. Data and configuratiare written to disk after every
10 sweeps. On JUBL, we used multiple replicas in parallehwie indicated number of processors per replica
to fill a half plane.

Figure 2. Two processor arrangements on BG/L. To combiredlpatempering with a parallel calculation of the
energy for each replica, we define our own communicatorshi@energy calculation. On the left-hand side, we
show the default arrangement for a consecutive number eEpsors on @ x 4 x 4 partition with four replicas.
Each replica is assigned to a plane of the partition. On tjte,rive show the most cubic arrangement possible.
The cubic arrangement scales significantly better (Wbte) than the planar one (up 8 x).

the atoms involved. The low cost per processor makes BlueGam attractive platform
for protein simulations. Using a cubic arrangement of 6&pssors, we achieve a speedup
of up to 25x on BG/L. With the large number of processors available onlJUie can
run simulations with 64 replicas at a quarter of the cost dnldeasame speed as on JUMP.
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Recent X-ray Absorption Spectroscopy experiments dedigmetudy the metal coordination
mode in Cu-AG and Zn-A3 complexes have been able to detect visible differencesdagtw
Zn and Cu samples that are suggestive of dissimilar straictotes of the two ions. These
findings indicate that metals can bind#a-peptides in an intra- as well as in an inter-peptide
coordination mode, hinting at a different aggregation pragity. First principle investigations
of Cu—A3 and Zn-AG complexes, based ab initio molecular dynamics simulations of the
Car—Parrinello type are set up to elucidate the moleculsisifar this difference.

1 Introduction

Amyloidosis is a family of pathologies caused by the traosibf certain endogenous pro-
teins and peptides from their physiological soluble configion to a pathological fibrillar
state. The term describes a heterogeneous group of digeasesthan 20) characterized
by extra-cellular deposition of fibril matertaf. Among them the Alzheimer disease (AD),
a progressive and devastating neuro-degenerative paiifplharacterized by misfolding
of well identified peptides called Apeptides. In AD, like in many other amyloidosis, an
important, but not yet fully elucidated, role seems to bg@tbby transition metals (mainly
Cut? and Zn?) present in fairly large amount in neurological plaquesefghexist in the
literature conflicting statements about the ability of'€wand Zn"? in providing protec-
tion against or acting as promoters of plaques formatiore ifterest in elucidating the
role of metals strongly increased after noticing that-€and Zn2? chelators are capa-
ble of solubilizing A3-aggregates. It is clear enough that the nature of the metdiry
mechanism has significant consequences on the proteinddlgifolding and aggregation
processes However, the experimental techniques used until veryrycevere not able
to unambiguously reconstruct the local atomic structuoeiad the metal.

The availability of third generation synchrotron radiat&ources has significantly en-
larged the range of application of X-ray Absorption Spestapy (XAS) in investigating
structural properties of biological systems. XAS can bdifaoly used to study the envi-
ronment of metal ions complexed with proteins and peptidgshiysiological conditions,
owing to its chemical selectivity and sensitivity to the dbatomic structure around the
absorber. Furthermore an accurate analysis of the extefidag absorption fine structure
(EXAFS) region of the spectrum in terms of single plus mugtigcattering contributions
has been proved to allow a clear-cut identification of thenanaicid (a.a.) residues primar-
ily bound to the metal

At the more fundamental level, describing the peculiartetedic properties of peptide-
metal complexes in terms of quantum chemistry is necessagatly clarify the structural
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role of metal ions in misfolding and aggregation.

Density functional theory is the natural framework whereuargum mechanical de-
scription of the electronic structure of such compoundsoissible. Special adjustments
and refinements of the theory for application to bio-molesidre requested. The use of
the plane-wave basis is particularly well suited for delizea systems, like the organo-
metallic molecules we are interested in, especially if dedpvith the use of ultra-soft
pseudo-potentials for the description of the electromeratore. In this way the number
of necessary plane waves can be kept at a tolerable level@nrdP&rinello (CPab-initio
molecular dynamics (MD) can be efficiently carried ©0t For reviews on the CPMD
method see for instan®é.

2 XAS experiments and simulations

I) Extensive XAS experiments were performed at the DESY-biarg EMBL facility on
one of the two most frequently naturally producéémyloids, the A%, _4, peptidé®.
They show evidence that according to whether the peptidersptexed with Cc? or
Zn*t? a different metal binding site structure is formed. In faghile the geometry
around Cu is stably consistent with an intra-peptide bigdiuith three metal-coordinated
Histidine residues, the Zn coordination mode depends ocifgpeolution conditions. In
particular, different sample preparations lead to difféigeometries around the absorber
compatible with either an intra- or an inter-peptide copation mode. This result
reinforces the hypothesis that assigns different phygiod roles to the two metals, with
Zn favoring peptide aggregation and, hence, possibly gdqumation. Further XAS
measurements on selected, shorter portions of the wholg,A ,-amyloid, in complex
with Cu*™? and Zn"2, have allowed to identify the specific a.a.’s primarily bduo the
metal. Analysis of spectral data suggests the followingcstiral geometries.

i) Cut? is penta-coordinated with 3 Histidines, and 2 oxygen atoms.

ii) Zn*2 is penta-coordinated with 4 Histidines and 1 oxygen atom.
Since only three Histidine residues are present in egétfpéptide the peculiar structure
of the Zn environment indicates that Zn acts as a bridge letvieo peptides in an
inter-molecular coordination arrangement.

II) Ab initio CPMD simulations represent an invaluable tool to validdte tetailed

structural model suggested by experiments. We then catsttian atomistic model
system for the Cti>—AgB-peptide complex. In order not to have an impossibly large
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system, of the first six a.a.’s the lateral chains of only thst f{Aspartic acid), third
(Glutamic acid) and sixth (Histidine) a.a., as well as of 18& and 14" Histidine residue
(Hisy3 and Hisg,4) are simulated in full atomic details. For the rest of thed.-#&’s only the
backbone is retained. Furthermore none of the remainingsairacluded. The C-terminal
is capped with an NHCE group, while the N-terminal of the 1-6 fragment is left open
(with an ending NH group) to allow possible Cu binding witls$oof the amide hydrogen.
Structural information from XA® 1t and NMR? data were exploited in setting up the
geometry around Cu which is schematically shown in Fig. hébaA). The whole system,
solvated with 125 water molecules, is contained in a box aitolume V=15x20x2@3.

In this way density is set equal to 1 g/2mAll in all (i.e. including water) the simulated
system comprises 494 atoms and 1369 electrons. A simil&gmywith Zn replacing Cu
is under test.

1) Simulations are performed using the CPMD Espresso todie the Table we show
the performances of the code, all taken in tilfenodes configuration, on two PC-clusters
(Fermil in Rome and BEN in Trento) and the SGI Altix 4700 maeh(iin Munich). Fig. 1

machine | nodes | tcpu (S)
Fermil 16 5880
BEN 16 4560
Altix 16 1080

(panel B) shows the scaling with the number of nodes of the @RIds on the Altix
machine. The performances are for a not fully optimized cdide interesting outcome
of this feasibility study is that with a moderately large riaemn of nodes (say 64) on the
SGI machine a fairly long CP trajectory (3-4 ps) of the largstsm described before can
be collected in less that two months. Simulations of thigtkrwill allow to clarify the
possible involvement of the N-terminal region of thg-feptide in binding the metal, as
suggested by XAS data!L
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An implicit water all-atom model is used to study foldinggaggation of small proteins. Phys-
ically reasonable results obtained for a variety of apfibice indicate healthy global properties
of the interaction potential.

1 Introduction

The prevailing picture of the process of protein foldinghattproteins fold into their native
3D structures because those states have the minimum freggyemaong all conformations
the protein chain can take, and hence are thermodynamivalst probable. However,
it has proven to be a considerably greater challenge to @ttplformulate an effective
interaction potential, such that for every given protelirg ininimum free energy structure
calculated from the force field corresponds to the corregéesrmental structure. Different
potentials give very different relative weights to thehelix and-strand regions of the
protein conformation space. A potential that successfiallgts «-helical peptides often
has problems with3-sheet peptides, andce versa Also, proteins fold and unfold at
physiologically relevant temperatures, and most potestieed further callibration in order
to give more realistic temperature dependence of observplantities.

In this article, folding-? and aggregatiotstudies with one particular model for protein
folding will be summarized. The protein molecules are repneed in full atomistic detail,
whereas the solvent molecules are left out to reduce the eunfbdegrees of freedom
of the system. The potential used was developed througlategpéolding simulations of
small peptides. It does not use any information about thevknexperimental structures
of the peptides, and spontaneous folding from random irdbaformations, and not the
description of properties of the folded state through satiahs of small perturbations
around it, has been the chief objective.

2 Model and Methods

The model discussed here includes all atoms of the polygeepliains, including all hydro-
gen atoms. It assumes fixed bond lengths, bond angles andgéapsion anglesi80°),
so that each amino acid only has the Ramachandran torsidesang) and a number of
side-chain torsion angles as its degrees of freedom.
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surface may show many competing minima. The overlap of tbbajlfree-energy minimum with the PDB
structure, as well as the 3D shape of some other minima aveshtsvn

E (kcal/mol)

n
o

oo

The force field consists of four terms, representing Art? excluded volume repulsion
between every pair of atoms, a weak local electrostatios sdong the protein backbone,
an orientation dependent hydrogen bond term, and an efédayidrophobic attraction be-
tween non-polar side chains. For a detailed descriptioh®ftodel and the force field,
the reader is referred o The rugged energy landscape of proteins was sampled using
simulated tempering and parallel tempering Monte Carlchaos. Both single angle and
a semi-local multiple-angle updates were employed on pretnformations. In aggrega-
tion studies, rigid body translations and rotations of raoles were used additionally. All
simulations start with random initial conditions of the mallles. The simulations were
done using the program package PROFASIC++ implementation of the model.

3 Results

We studied the folding behaviour of several small proteirisadical (Trp-cage, Fs, 1RI1J),
(-sheet (GB1p, GB1m2, GB1m3, betanova, LLM, beta3s) and adréeeondary structure
elements (BBA5). Unbiased simulations in the model, stgrfrom random initial con-
formations are able to identify the native states of eaclhe$e proteins with one and the
same choice of parameters for the energy function. Thedneggy surfaces obtained in the
model are found to be of different characters, dependindpereventual native fold of the
proteirf. Small proteins like Trp-cage and 1RIJ, with simple heleatondary structures
have simple free-energy landscapes with one dominatingmmim corresponding to the
native state, as for example, in Fig. 1 (@)sheet proteins as well as proteins with mixed
secondary structures show much more complex landscapesevieral minima with sig-
nificant free-energy barriers between them. One exampledf a surface is shown in
Fig. 1 (b). Estimates of the folding populations at expentattemperatures as well as the
change of stability of peptides due to mutations agreeswitil experiments.

We have also studied multiple chain systems of th&sA22 peptide, a segment of
the Alzheimer’sG-amyloid peptide, that is experimentally known to form aaiglfibrils
with an in-register anti-parallel crogserganization of the strands. In simulated tempering
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Figure 2. Oligomers of A16—_22 from 9 chain simulations. Many stable oligomeric forms ayvarfd, even a
9 chain barrel form (bottom right). In simulations, smaligoimers show a weak preference towards ordered,
anti-parallel3-strand organization. But such preference is seen to grothélarger oligomeric species.

simulations of systems of 1, 3, 6 and 9 chains gf A o2 peptides, the Bi6_22 peptides
self-assemble intg—sheet rich oligomefs The isolated &,s_-- peptide is found to
be unstructured, while multi-chain systems develop intawety of different oligomeric
species with a marked increasednsheet content, cf. Fig. 2. Of particular interest is the
spontaneous formation of a 9 strandetharrel as one of the oligomeric species. A study
of the population of parallel vs anti-parallel pairs of sila shows that larger oligomers
tend to contain less defects.

4 Concluding Remarks

The simple and physically well motivated form of the inteiae potential given ik ap-
pears to result in good global properties of the proteingnkemdscape. If simulations are
interpreted carefully, keeping in mind the known weaknssde¢he model, they could be
used to extract meaningful physical predictions about théeoules in a wide variety of
applications.
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Brownian rotors are a large and important class of moleaulators in biological systems.
Usually the function of these molecular machines is desdrifis being a Brownian ratchet.
However, Brownian ratchets need non-equilibrium fluctuwati of an asymmetric potential for
its function. We demonstrate that the Brownian ratchetgigra does not apply to Brownian
rotors. Rather, recent analytical results on facilitatecigport through biological channels (W.
R. Bauer & W. Nadler, PNAS 103, (2006) 11446) can be emplogednderstand also these
purely concentration gradient-driven systems.

1 Introduction

Rotary molecular motors play a central role in biologicdlcehere they transduce elec-
trochemical or chemical energy into mechanical force. Athatype is the FO portion of
the F-ATP synthase which converts the electrochemicalggneifference of protons or
sodium cations across the inner membrane of mitochondwasimechanical torqde It
consists of a rotary ring, which works as a proton or sodium&eacross the membrahe

Surprisingly, such rotary molecular motors are usuallycdbsd as Brownian ratch-
ets:3. However, Brownian ratchets need non-equilibrium fludaret of a force field to
functiort®. But the only non-equilibrium aspect of biological moleamutotary motors is
a concentration gradient across the membrane.

This situation is reminiscent of the problem of facilitatedd asymmetric transport
in biological channefs’. There also non-equilibrium fluctuations of a force field aver
discussed to describe that phenoméndtowever we were able to show that a thorough
analysis of the diffusive transport is sufficientWe will sketch that theory and discuss
how it can be applied to the situation of Brownian rotors. dmpare the basic biological
situations, see also Fig. 1.

2 Theory
The dynamics of the density of the molecules inside a chaplielt), is determined by
the Smoluchowski equatid®

wherez is the channel coordinate ard is the diffusion coefficient.F'(z) is the force
that describes the molecule-channel interaction that lveaya be derived from a potential
function in one dimensionf'(z) = —®’(x). At the ends of the channel we assume that
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Figure 1. Basic biological situationsieft) A membrane separates two baths with molecular conceogati
c1 andce. The baths are connected by channels (hatched rectanfiteging only access of a single molecule.
(right) Brownian rotor driven by &+ gradient. The relevant component of the motor is a ring @agridentical
hairpin-like protomers in which the amino acid Asparaginerks as proton carrier. In order to emphasize the
analogy to the channel situation, the rotor is drawn lingamd periodic boundary conditions are assumed.

baths hold the molecular densities constant(@tt) = ¢; andp(L,t) = ¢, respectively,
as seen e.g. in Fig. la.

Extending an old approach by Hattitve have shown receni§that in very general
situations described by a Smoluchowski equation (1) the fl@fmon-interacting particles
across some region is given by a macroscopic version of§iak*3

J = g (c1—c2) )

wherer is the mean first passage tiffi¢o cross the region andis a measure of the steady
state particle number in that region.

In reality transported molecules are interacting, in jgatér they cannot pass each
other. In order to allow for that fact the above approach balset extended. We now
interpretp(z, t) as the probability density that a channel contains a pariol. The empty
channel has to be added as an additional state, the prdapatbilvhich we will denote as
po- This additional empty channel state leads to a cyclic staidel, see Fig. 2, since a
molecule can enter the empty channel from either side. Thegponding transition rates
between the empty channel state and the states in which aulis attached to either
endp; = p(0,t), po = p(L,t) are proportional to the concentration of molecules of the
adjacent baths which we denote agairaandc,. In the steady state the equation system

JO—»I =C kg»l) pO—k(,l) P15, (3)
n

Ji2 = = (p1—p2), (4)

J2~>0:k(—2) p2 — C2 k-(f) Po (5)

holds, where Eq. (4) derives from Eq. (2@@, i = 1,2, are the reaction rate constants
describing attachment of molecules to and dissociatiom fe¢her end of the channel. In
the steady state all flows of Egs. (3-5) are identical. In talii we have to consider that
the total probability is conserved. Including such a noinaion conditio we obtain an
expression for the flow similar to Eq. (2) whetes replaced by a nonlinear function of
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Figure 2. Cyclic state model of molecular transport throtigl channel that allows for interacting particles.
Three states of the channel are depicted: O refers to theyathphnel, 1 and 2 are channel states with a single
molecule attached either of at one or the other end. The ctepaunidirectional flows between the states are
shown above the corresponding arrows.

(and other parameters),

J:@ (01—62) . (6)

This function shows a nonlinear dependence on the condemisa,; andc, that exhibits
analogies to a Michaelis-Menten-tygéehavior:
ﬂ - (1N

f(n) =
Consequences from this expression on transport fadiitatptimality of parameters, and
asymmetric transport are analyzed in detail in Ref. 9.

n

+ %

1—|—n(cl+62)—|—An(cl—02)+§ L]—i-%—i—Zn(cf 7

R £

3 Discussion

In Brownian rotors the transport éf + bound to the protomers, see Fig. 1b, is coupled di-
rectly to the movement of the rotor. Therefore, applyingaheve theory for determining
the HT-current also gives expressions for the rotation. Note,dvaw that in the above
considerations no potential difference between the battssagsumed. But Brownian ro-
tors under workload are best described by an additional @saopic potential gradieht
Our model can be readily adapted to such a situation vih@n = ®; # ®(L) = .

In particular, flow vanishes if the chemical potentials of thathsu; = ®; + In(c;) are
equal. Using potential corrected specific particle numltieasd first passage times),
Fick’s diffusion law in Eq. (2) can be generalized to

J = Q (el —et?) . (8)
T
Also all other results Ref. 9, e.g. Eq. (7), can be generdliaehis situation by replacing
concentrationg; by the activitiese*: and introducing the corresponding potential cor-
rected parameters. In this way a straightforward analysBrownian rotors is readily

possiblé®.
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A peptide with 42 amino acid residues §AX1-42)) plays a key role in the pathogenesis of
the Alzheimer’s disease. Aggregation of this peptide leadfie formation of assemblies of
different sizes and shapes, among which the amyloid fibtiiésmost prominent member. We
used sedimentation velocity centrifugation to analyz(A—42) peptide solutions at different
time points during aggregation regarding their hydrodyicamnoperties. New data evaluation
software allowed us to determine not only sedimentatiorfficgents, but also at the same time
the related frictional ratios of species present in a maittiponent system. Shortly after sample
preparation, a sharp peak dominated the measuredie distribution. Two-dimensional spec-
trum analysis assigned this speciessaralue 0f28 - 10~ 13 s, a molecular weight of.23 - 106
and a frictional ratio ofL.44. Under the assumption of a rigid rod model this structurfdrin
mation is in good agreement with a fibril of 50 nm length build of two neighboring3-sheets
with about 110 monomers each, arranged in a parallel irstexgfashion. Incubation for 1, 2
and 5 days causes further aggregation, which results iredsitig frictional ratios, implying a
growth to more spherical-like particles.

1 Introduction

A peptide with 42 amino acid residues fX1-42)) plays a key role in the pathogenesis
of the Alzheimer’s disease. It is highly prone to self aggttem, leading to the formation
of fibrils which are deposited in amyloid plaques in the brafimffected individuals In
previous years increasing evidence arose that probablifesnoéigomeric assembliés’
play a more decisive role as neurotoxic agents than the méhril. Information about
size and shape of Apeptide assemblies formed during aggregation is therefohégh
relevance.

Analytical ultracentrifugation is a method for retrievisguctural information about
macromolecules by direct observation of their hydrodymrapnoperties in a centrifugal
field. Advanced data analysis permits the determinatiost\aflue, molecular weight and
shape distributions for multicomponent systems.

Our objective is to evaluate the applicability of analytickiracentrifugation in com-
bination with the newly developed data evaluation softwWaregenerating size and shape
distributions of solutions of the A peptide. The method shall be used to monitor the
effects of peptide concentration, solvent and added cteolypon aggregation.
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Figure 1. Van-Holde-Weischet Analysis. Left: Raw data (tapd corresponding vHW-analysis plot (bottom)
for AB aggregation mixture 2 h after sample preparation. Samplenmwas 30Qul. Right: Upper graph: G(s)
distribution of sample after 0 d (red), 1 d (blue), 2 d (greemy 5 d (yellow) incubation at 2@&. Lower graph:
s-value distribution of sample after 0 d (red), 1 d (green),(Blde), and 5 d (yellow) incubation at 2Q'.

2 Methods

The aggregation mixture contained @M unlabeled and 14M FITC-labeled A5 (1-42)
in 10 mM sodium phosphate buffer, pH 7.4 with 6 % final DMSO camtcation. Sedi-
mentation velocity experiments were performed with an X-&ralytical ultracentrifuge
(Beckman-Coulter), equipped with absorption optics. Sasmwere measured in standard
double-sector aluminum cells at 20,000 rpm;@0Radial step size was set to 0.001 cm.
Raw data from the analytical ultracentrifuge were procgssel evaluated using the
UltraScan software packayeunning on a 44 node AMD Opteron cluster under Linux.
After determination of suitable start parameters by a vaitdetWeischet analysisghe
2-dimensional spectrum analy$i€2DSA), implemented in the software package, was
started. 2DSA solves the inverse problem of fitting sedimtgon velocity data to a linear
combination of finite element solutions of the Lamm equati@ach term of the linear
combination reflects a solute in the 2-dimensional spaceosedf/ f,. Finally Monte-
Carlo simulations were used to identify statistically sfigant solutes.

3 Results

Data analysis of sedimentation velocity runs performed®@@0 rpm, 20C at 4 time
points during aggregation of (A(1-42) according to van-Holde-Weischet as depicted in
Fig. 1 showed an increase of the meamalue over the incubation time of 57 %. Ag-
gregation of the amyloig peptide starts with a narrow distribution with agg-value of

30 S. The distribution is dominated by a species of 28 S, acntde weight of1.22 - 10°
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Figure 2. 3D-Plots ofs-value vs f/fo distributions. Left: A3(1-42) after 2 h incubation at 20.
Right: A3(1-42) after 5 d incubation at 20°.

and a frictional ratio of 1.44, which comprises about 40 %hef $edimentation boundary
(Fig. 2, left). This aggregate species is reproducibly ctetkin repeated experiments. It
can be modeled by a rod-like particle with an axial ratio @&.8Jnder the assumption of
a rigid rod model and molecule dimensions fistrands this structural information is in
very good agreement with a fibril of 50 nm length build out obtmeighboring3-sheets
with about 110 monomers each, arranged in a parallel irstegiashion, as proposedby

Upon incubation, the measured distribution is asymmadlyit@oadening to highes-
values with a still distinguishable maximum at about 28 Sibyithe 5 d incubation of the
sample, thef / fo-value of detected solutes decreases from 1.6 to aroundhlswidlues
increasing from 28 S to 150 S. Particles are becoming mormrgghduring the incubation
time within the observed growth range (Fig. 2, right). Thetmod is a tool to study the
action of drugs on the aggregation ofA1-42) peptide.
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Virtual Screening (VS) has become an essential elemeneidriing discovery. Based on the 3D
structure of the receptor, molecular docking studies caappdied to screen large libraries of
compounds for candidate molecules specific for the paaticialrget. Molecular docking sim-
ulation methods describe protein-ligand interactionst@iné level within a force field-based
approach. However, due to their high computational costéecnlar docking simulation meth-
ods have rarely been applied to VS. We present PSO@Autodockyel molecular docking
molecular tool for virtual screening. It is based on PagtiSlwarm Optimization (PSO) and
has been implemented in AutoDock3 (AD3), a widely used dagkirogram. In comparison
to standard AD3, PSOAutodock requires less than 20% of ctingptime for predicting the
correct protein-ligand complex. Thus, simulating the dogkof 2000 compounds with full
flexible treatment of the ligands employing PSO@Autodoakmmaw be finished over night on
a standard personal computer.

1 Introduction

Virtual Screening (VS) techniques applying computatiomalecular docking methods
have proven to be a viable alternative to experimental Higiotighput Screening (HTS).
Given the 3-D structure of the protein target, molecularkilog methods allow screening
large libraries of compounds and provide detailed inforamabn the protein-ligand inter-
actions.

Currently, most VS strategies employ geometric matchinthods that dock an ensemble
of ligands and rank them based on empirical scoring funstiddn contrary, simulation
methods apply force fields to describe the molecular dogiingess in more detail. How-
ever, this is computational demanding. Simulation methetison the assumption that
the protein-inhibitor complex with the lowest calculatedding energy A E'g;.q) is the
closest to the native one. Thus, predicting the proteirbitdr complex can be considered
as multidimensional optimization problem. Various optation algorithms have been
proposed to solve this flexible docking problem. AutoDock8D3) is one of the widely
used docking programs of this type and utilizes a Lamarciianetic Algorithm (LGA)
solve this optimization problem. It allows flexible dockinfjthe ligand while treating the
receptor as rigid. In AD3 the binding energy of the ligandriedicted based on Eq. 1

AEjBind - AEﬂvdVV + AEﬂelec + AEﬂhbond + AEﬂdesolv + AEji&m“s (1)

2 PSO@Autodock

PSO@Autodock, our fast flexible docking tool for virtual&ening is based on Particle
Swarm Optimizatiof (PSO) and has been implemented in AD3. It emplegeCPSO-Is
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(velocity adaptive andegenerativeConstrictionParticle Swarm Optimization withlocal
search) algorithm. PSO is a form of swarm intelligence anddees developed to describe
the social behavior of flocking birds. If one member of theswéparticle) sees a desirable
path to go (i.e. the global minimum &FEp;,,4) the rest of the particles will follow quickly
even if they are on the opposite side to the particle in theidiodensional hyperspace. In
varCPSO-Is, each particle is initialized at random positiothmreal valued search space.
The position of the particleis represented by the vectey = (z;1, x42, . .., x;x5) WhereN

is the dimension of the problem. The velocity of each pagtislgiven by the vector; =
(vi1, vio, ...,v;n). Furthermore, each particle has two kinds of memory tiatémce the
movement in the search space. The cognitive mempry (p;1, pi2, - .., pin) Stores the
best previous position visited by each individual particlée social memory, = (p,1 ,
Dg2, - - -, DgN) CONtains the position of the best point in search spactedisly all particles
in the swarm. In each swarm move, the particle velocity isatgd according to Eq. 2

vi(t +1) = x - {vi(t) + rand(0,1) - c1 - (pi — xi(t)) + rand(0,1) - c2 - (pg — xz(t))(}za)

with the constriction factog = ¢ is computed with cognitive and social param-

2
2—/¢2—4"
etersc; andey, accordingtap = ¢; + ca, ¢ > 4.0.

After the velocity has been calculated, the positions ofpicles are updated according

to Eq. 3

In varCPSO-Is, the constriction factar controls the magnitude of the particle velocity
leading to a fast convergencearCPSO-Is is characterized by three important features,
which help to reduce the computational cost while maintejrihe diversity of the swarm
and preventing from premature convergence in local minifjavelocity adaptive The
velocity of the particle is updated only if the current fitaed the particle is lower than its
fitness at previous iteration. (ifegenerative If a particle moves out of the search space,
the particle is removed from the swarm and regenerated wigwarandom position. (iii)
local search At each swarm move, the best particle of the swafm,; undergoes local
search according to Solis and Wets.

3 Performance of PSO@Autodock

We accessed the performancerafCPSO-Is implemented in PSO@Autodock employing
a suite of seven different protein-ligand complexes andpamed it to the default LGA of
AD3 (Table 1). The optimization process was performed withrhillion evaluations for
LGA and 50,000 evaluations for PSO@Autodock. Fig.( 1) iaths thavarCPSO-Is of
PSO@Autodock clearly outperforms the default LGA of AD3. didler to compare the
performance on VS we selected the complex of HIV proteaseti K263 (1hvr.pdb)
for screening the NCI diversity data 3€1.990 compounds with unique scaffolds). Since
PSO@Autodock uses the same objective function (Eq. 1), dhrelation coefficient be-
tween the predicted F'g;,,4 of LGA and that ofvarCPSO-Is is 0.94.

The performance speed of PSO@Autodock is comparable tartppkograms tailored for
VS, like Glide (version4.0, Schrodinger Inc, San Diego, €2122) or GOLD (version3.0,
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LGA varCPSO-Is Top Hits in VS farCPSO-Is)

AEBmd RMSD AEBmd RMSD | NCI Number AEBmd

PDB ID | kcal/mol A kcal/mol A kcal/mol
3ptb -8.15 0.32 -8.15 0.29 | NCI371876 -11.34
2cpp -7.40 1.76 -7.32 1.09 | NCI101825 -10.57
2mcep -5.45 1.09 -5.02 0.95 | NCl12181 -10.99
1stp -10.93 0.46 -10.85 0.39 | NCI3354 -11.96
1lhvr -21.31 0.69 -21.34 0.29 | NCI343227 -14.62
4hmg -8.39 0.78 -8.30 0.80 | NCI179187 -10.18
Adfr -13.03 1.10 -12.64 0.96 | NCI371884 -13.24

Table 1. Binding energies and rmsd values predicted by LGAvanCPSO-Is. Shown are also the top hit of the
NCI diversity data sétscreening employing PSO@Autodock.

o

—m—varCPSO-Is

T

516.46

llJ 10000 20000 30000 40000 50000 1000000 1500000 0

number of evaluations

100 200 300 400 500
Time taken (in hours) on AMD Opteron 2 GHz

600

Figure 1. (a) Performance oarCPSO-Is and genetic algorithms(GA and LGA) on lhvr.pdb. Gbmputing
times for screening the NCI diversity data set on 1hvr.pdb.

CCDC, Cambridge UK). Thus, PSO@Autodock employing the heaeCPSO-Is algo-
rithm is well suited for virtual screening of large librasigvithin an accurate force field

approach.
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We present some aspects of multiple Gaussian modified efessmtulations (MGME) for the
efficient Monte Carlo studies of temperature driven firseonochase transitions.

It is a matter of fact, that most of nature’s phase transdtiare of discontinuous i.e.,
first order nature. In first order phase transitions one finbdediphases, which fdinite
sizedsystems have finite and possibly small probability to be ébimrexperiments as well
as in computer simulations. Also frequent experimentatidh nano-devices, as well as
with soft matter like proteins, highlights the need for ursiending the thermodynamics of
finite sized systents These systems often are made from mixed phases, inhonmggene
in nature, one example being the aggregation of protein &dikle molecules in a box, or
the simple nucleation of droplets.

In this short note we turn to one of the simplésgtspin models with a mixed phase,
namely the2d Potts model at a number of spin statgs= 20 and@Q = 256, which both
display strong first order behaviour. The Potts model is a perfect testing ground for
algorithmic developments as due to Baxter’s and others wiatky observables at the first
order phase transition are exactly known. MGME Monte Carwsations are designed
to calculate the density of statge&r), that is the number of configurations at energy values
E, for all values of the energ¥.

The idea of MGME simulations consists in writing the pastitifunction as a product

Niep
z=1] z 1)
i=1
of i = 1,..., N,¢p partition functionsZ; in such a way, that the normalised probability
distribution functions? DF;(E) in the energyE of the replicas fulfil

0.63 ~ Y _min[PDF;(E), PDF;;1(E)]. 2)
E

Of course this overlap criterium is taken in-between algbeuring factors and: + 1
of the product formZ, which then ensures a broad sampling of all energy values on
the interval -2V, ..., 0, where the Potts energy 8 = — 3 4, 4, andV is the vol-
ume. Quite naturally also, one will distribute the variowstjtion functionsZ; on the
nodes of a parallel computer, and, utilising local spin upslaas well as parallel temper-
ing swap$ in-between neighbouring partition functio&s and Z_, ;, one will record the
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multi-histogramMHIST (E), for the probability of energy’ occurring inZ. The multi-
histogramMHIST(E) is then used to determine a stochastic estimatg(&f). Modi-
fications using Bennett’s methbavill be included into a forthcoming publication. The
peculiar choice of the constafit3 in eq.(2) yields swap acceptance raigs. ~ 0.5 for
unimodular, that is almost Gaussian PDF'’s.

In detail we factoriseZ into Z = Ziowt X ZmaME X Znight, Where the first and
third factors take care of broad histogram sampling in low high temperature phases.
ZyaMEe covers the mixed phase @t for energy values,V < E < ¢;V. For@ = 20
we have the energy density values = —0.62652917 ande, = —1.82068443, while
Br = In[1 + 1/Q)] generally. All of these three partition functions are itgebducts ofZ;
functions and withs = 1/7T we write

Ny
— oo - BB gCot Cd _
ZlowT - H ZlowT,l ) ZlowT,l - Z € 9( 2 6) (3)
i conf.
N3
i 2
ZMGME = HZMGME.,i ; ZMGME,i = Z e~ ArI-I(F=F)/ Al 4)
i conf.
L eo+e
. _ —GiE o d
Zhight = H ZnighT,i ; ZhighT,i = Z CRCIC T) (%)

K2

conf.

with N,., = N1 + N2 + N3 and® denotes the Heaviside step function.

One important measure of computational efficiency in brasbgram sampling meth-
ods is the ergodicity time scate, % ’, sometimes also called tunnelling autocorrelation
time, for the completion - in the mean - of one single “tunimgllevent” from the low to

Ergodicity Times at Q=20 and Q=256 in Sweeps
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1le+007

1e+006
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o

L

10 20 30 40 50 60 70 80 90

Figure 1. Parallel tempering ergodicity times., for @ = 256 (stars) andl = 20 (squares) Potts models
without MGME improvement. With MGME simulation we obtain the two aatets with small slopes fa@p =
256 (large crosses) an@ = 20 (somewhat smaller crosses). All straight lines have sltipetscan be calculated
from the free energy of a classical lens shaped droplet atriby@et/strip transition on lattices with p.Bc.
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high - or high to low - temperature regions in phase space. ¥fday our finalr,,, re-
sults from high statistics simulations, at about 1 Giga-&vegfor each data point - and in
a logarithmic scale, in th@ = 20 and@ = 256 Potts models in Fig.1. The figure contains
four data sets. Two of these, the ones with the largest sliopthe figure, correspond to
parallel tempering simulations & = 256 and@ = 20 without MGME improvement.
They exhibit an asymptotic, that is large system dizesupercritical slowing down with
Terg diverging as

Terg O(€+1'13462LU. (6)

The quantitys hereby denotes the known planar interface tension in-lmtwedered and
disordered phases & in the Potts model. It is clear from these data, why standard p
allel tempering at first order phase transitions does nad yiseful information. However
with MGME improvement, see the two data sets with small slopelsarfigure, one finds
residual supercritical slowing with.,., diverging as

1.1346—1) 2 L
Terg < €T ( )2Lo (7

and thus:

e MGME simulations for first order phase transition studiegdsimilar level of com-
putational efficiency as Wang Landband multicanonical ensemble simulatidns

In conclusion, we think that MGME simulations are useful fbe study of mixed
phases of finite sized thermodynamics systems.
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Molecular dynamics simulation generates large quantitiefata that must be interpreted using
physically meaningful analysis. A common approach is tccdes the system dynamics in
terms of transitions between coarse partitions of conftional space. In contrast to previous
work that partitions the space according to geometric jpnityj we examine here clustering
based on kinetics, merging configurational microstatestteg so as to identify long-lived,
i.e. dynamically metastable, states. The method is applied ¢tcosecond molecular dynamics
simulations of Alas. The system clearly exhibit metastability, with some kicedty distinct
metastable states being geometrically very similar.

1 Introduction

Given the large amount of molecular dynamics (MD) simulatiata available for macro-
molecules, models are needed to analyze the data that eapriessential dynamical
features and can be physically interpreted. Here we ussiti@mnetworks which encode
the transitions of the system between a set of discretesstditea transition network, a
vertex corresponds to a discrete conformational state aaretige corresponds to a tran-
sition between two states. Each edge may be weighted by sloeiated transition rate or
probability.

A central question when generating discrete state modaisisbest to partition state
space into discrete states. It is often desirable that thitipa reflects the dynamical
behavior of the system. In particular, biomolecular fuoietbften depends on the ability to
undergo transitions between long-lived, or “metastahigfes. These inter-state transitions
are rare events in which a molecular system stays for longgeof time within one state,
before rapidly switching to another.

Geometric clustering approaches do generally not fulfdsthclaims. Therefore, here
we use the Perron Cluster Cluster Analysis (PCtA)a dynamical data-based kinetic
clustering method to partition the state space. The methapplied to a 4-microsecond
molecular dynamics simulation of a 12-mer polyalanine. ndsdifferent numbers of
metastable states, a hierarchical picture for the kinetipsovided.

2 Kinetic Clustering Method

The state space of the system is first partitioned into finerelis sets, called “micro-states”
(typically on the order ofl03 to 10%). This may be done by characterizing the torsion
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rotamer state or by using a geometric clustering methodavitiige number of clusters on
the Cartesian coordinates of the molecule with rotationteartslation removed. See Ref.
for detalls.

A metastable state is a set of micro-states in which the systays for a long time
before leaving it. Following this idea, a straightforwarefidition for a partition into
metastable states would be the following: Given a discrejedtory[i(0), i(7), i(27), ...]
in space of micro-statefd, ..., m}, find a partition of micro-states int6 metastable sets,
such that the number of transitions within sets is maximiZéts formulation of the prob-
lem is known in graph theory as@-min-cut problem but is, unfortunately, NP hard. A
similar partition, however, can be obtained very efficigntith the Perron cluster clus-
ter analysis (PCCA) method which was first introduceld ilis basic idea is the follow-
ing: The Markov time evolution of the probability distrithom of statesp(¢), is given by
p(t+7) = p(¢t)T (). This equation can also be expressed in terms of an expandifh
eigenvectors of, q;, and corresponding eigenvalugs, and for longer time increments,
nr:

p(t+n7)= > cX'a (1)
i=1..m

For systems fulfilling detailed balance there is only a srejgenvalue\; = 1, while
A < 1foralli > 1. Thus, forn — oo (after infinity time), all terms but the first one
vanish and Eg. (1) converges tp(co) = c1q1, wherec; is simply a normalization fac-
tor. Thus, the left eigenvector with the largest eigenvalyes= 1, specifies the stationary
distribution (and has therefore only nonnegative entriéf)other eigenvectorsys...q,,,
are associated with decaying processes, their speed of deay determined by the mag-
nitudes of the associated eigenvalues. As apparent fronflHgeigenvectors associated
with eigenvalues close tbcorrespond to processes which decay very slowly and thys are
by definition, related to transitions between metastalalest

The improved PCCA methdd used here identifieS representative micro-states with
maximum pairwise distances in the coordinates of thedlirsigenvectors. Each microstate
can then be expressed as a convex combination of these eatatdge micro-states and
thus be assigned a degree of similarity with each representaicro-state according to
the convex coordinates. Therefore, clustering is made &igrisig each microstate to the
cluster containing the representant with which it has thangfest similarity.

3 Results

A complex network of metastable states is identified. Usendf a few metastable states
(e.g.2, 3, ...) leads to the distinction between the “main statas basin with the globally-
minimal energy and several “kinetic traps” which are thdtynaccessible and have half-
life times similar to, or greater than, that of the main stag increasing the number of
metastable states the main state is further decomposedadnformational subsets. An
interesting feature of the networks is that some stateshwdiie structurally very similar
are not kinetically contiguous, but rather intercham@estructurally very different inter-
mediates. This clearly demonstrates the usefulness ofittetik clustering method in
biomolecular simulation studies.
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Figure 1. Hierarchical Transition Network analysis for thia;2 peptide for 4, 6 and 8 metastable sets. Each
bullet and the structure next to it corresponds to one nadilesset. The bullets contain the state name (a letter),
the free energy in kcal/mol (upper number) and the mearritein picoseconds (lower number). Each structure
is shown by a few representative tubes and an overlay of 18tgbes randomly drawn from the ensemble of

structures of each state, shown as line representatioriee dfadckbone. A pair of states is connected if at least
one transition between these states was observed in thettnaj. The hierarchical relationship between the three
networks is indicated by the dotted arrows. Each arrowsstdrthe metastable state in the higher-order network
which contains the majority of micro-states in the statedifiew points to. For example, the micro-states of state
aintheC' = 4 network are split into three sub-states ande, in theC' = 6 network.
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Two examples of non-standard applications of computer fira@f protein dynamics are
discussed. External harmonic force attached to seleatedsatlosely simulates a force exerted
by a tip in atomic force microscope in single molecule shigtg experiments. Preliminary
results of forced unfolding of oncogenic protein gankyrivddorced ligand undocking from
photoactive industrial enzyme nitrile hydratase are priese

1 Introduction

Computer modeling based on simple laws of classical mechkare successfully used
in interpretation of single molecule atomic force micrgsg@xperiments®. The steered
molecular dynamics (SMD)or its variants are more and more popular. However, the
methodology of doing effective computer experiments i fstf from being well estab-
lished. In this paper preliminary results of applicatiohthe steered molecular dynamics
method (SMD) to stretching single proteins are presenteahnkéin (GAN) is recently
discovered oncogenic protein which is highly expressed amyrtumor§. Its modular
structure is close to ankyrins studied eafljdut the molecule has only 7 structurally sim-
ilar subunits. A small size makes GAN a perfect model systnteflsting SMD computer
models. No experimental AFM data or MD simulations have hméslished so far.

In nitrile hydratase (NHase), biotechnological enzymeduie production of acry-
lamide, there are two subunits separted by wide channahlgad the unusual active site
containing Fe or Co metal iohsThe details how the substrate reaches deeply buried cat-
alytic center nor how the product leaves this cavity are mawkn. The rational modeling
new industrial enzymes, for example, having a better sgadeotivity, requires knowledge
on steric determinants of NHase activity. We propose thatefd unfolding of ligands,
both substrates and products, using virtual AFM is prongisitnategy for further studies
of enzymatic mechanisms.

2 Methods

For gankyrin (GAN) simulations the 1TR4 pdb structure wasdj$or Co-Nhase a 1IRE
structure was adopted. NAMD coftiwith CHARM27 force field running on a local linux
cluster was used in SMD simulations. To perform Co-Nhaseetiogl an extensive set of
new parameters for non-corrine active site has been deselopwo limiting models of

GAN simulations were tested: (a) GAN in a large TIP3 water boa periodic boundary
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conditions, 1.45 ns simulation time = 0.14/ps, spring constank” = 7kcal /mol /Ang?

(b) initial GAN structure surrounded by a droplet of watet5Ins simulation timey =
0.001A4/ps , K = 14kcal /mol/Ang?. A Langevin coupling to the thermal bath at 300 K
was assumed. External forces were attached to CA atom of LEW@Gile GLY G214 CA
atom was held fixed. The pulling speedeems to be the most critical parameter affecting
SMD simulations. We estimated this parameter that the d&arof GAN approximately
doubled after a period of time planned for the experimenttaDeere analyzed using
computer graphics and the VMD cdtle

3 Results and Discussion

3.1 Forced Unfolding of Gankyrin

Gankyrin (PDB:1TR4) Constant Velocity Steered MD
K=14

900

aoo
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Figure 1. Dependence of force-elogation spectra on SMDngwlelocity in gankiryn.

AFM experiments performed for 24 unit ankyfrhave shown that for the initial unfolding
of this nanospring a force of the 250 pN is sufficient. Consieelsubunits unfold under
even smaller stress of 20-50 pN. Results of our two GAN sitrara are shown in Fig. 1.
One canimmediately see thatin 1.45 ns simulation (a) thermam observed force of 800
pN is far too high. When small pulling speed is applied, in b4Simulation a factor of
two lower forces are observed. They are still slightly higthen in the related experiment,
but this seems to be acceptable. The problem with long sifonkis a proper treatment
of water, insets in Fig. 1 show that the in long simulationrarsg lag in water position
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is observed. The water shell becomes quite thin in certgjions of the highly stretched
GAN, and this may also result in artifacts lowering unfolgliforces. Our experiments
show that some algorithms weakly bounding water with theginoundergoing constant
elongation (or other large conformational change) havectddveloped for effective use
of SMD approach. PBC with huge water boxes seem to be too ekgeand unpractical.

3.2 Forced Undocking of Nitrile Hydrates Ligands

It is interesting to check what minimal forces are expectedki pull out the well known
ligand from the protein interior. This limiting value is peps affected not only of the
pulling speed, but also by the nature of ligand-proteinreddons and an assumed tra-
jectory of the extracted ligand. In Fig. 2 force-travel diste curves are presented for
undocking of a substrate (nicotinonitrile, NCN) and a pretdnicotinoamide, NCA) from
the best docked position within the NHase intettioh rather slow pulling out is a differ-
ent process for both molecules, despite their similar si¥és attribute these differences
to H-bonds of NCA with appropriate residues of the NHase obkanCritical positions
in space determined in these two computer experiment sheuggbod starting points for
systematic mutagenesis studies of Co-NHase.

NCN NCA

Force [pN]
(] aauegy

Force [ph]

)

T T T T T T
0 500 1000 1500 2000 0 500 1000 1500 2000

Time [ps] g Time [ps] J
A A s A g
D D

A BC 2@B /C

phase time Y i phase time Y i
A 0-280 76 423 A 0-230 27 605
B 290-340 263 237 B 230-330 50 459
(0 365-410 -4 98 G 330-730 124 301
D 450-2000 211 188(302) D 730-2000 236 192

Figure 2. Dependence of SMD force on simulation time ancadis traveled by substrate (NCN) and product
(NCA) in Co-NHase. Four phases of motion A-D are recognized.
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4 Conclusions

The model protein GAN unfolding process studied by the SMOhwoé on two time-
scales (different by a factor of 100) shows quantitativédyidct features in force-extention
curves. Forced undocking of NHase ligand gives useful Hmtdetermining the best
opportunities for tailored enzyme construction. New mdtiiogy of keeping droplet of a
water close to the protein is required before a virtual AFMyrba used as a common tool
for studying mechanical properties of single biomolecules
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Protein S14 (TthS14) of the 30S ribosomal subunit fréhermus thermophilusontains a
CXXC-X12-CXXC motif that coordinates a zinc ion. Here we oephe results of experiments
and molecular dynamics simulations (MDS) on the structara functional importance of the
Zn-finger and the commonly conserved cysteine 24 residuleedtirst position of the motif.
We replaced C24 with serine and incorporated the mutarEsaherichia coliribosomes. The
modified ribosomes showed: a) a capability in binding tRNAhl& P-and A-sites equal to
that obtained with ribosomes incorporating wild-type TtA§20% lower compared to native
E.coli ribosomes), b) reduced capability of the 30S subunit fooeaton with 50S subunits
after replacement of the natie.coli S14 by wild-type, and particularly by mutant TthS14,
c) a peptidyl transferase activity in the chimeric ribosenbearing mutant TthS14 which is
unexpectedly much lower than that in ribosomes incorpogatiild-type TthS14. Since the
catalytic center of the ribosome is located within the 508usit, it seems that the perturbing
effect of the S14 mutation on the catalytic center propaghyeadjacent inter-subunit bridges
or the P-site tRNA. This hypothesis was verified by MDS, whielealed subtle as well as large
structural differences between tRecoli 30S-subunit head with wild type TthS14 and that with
C24S mutant TthS14.

1 Introduction

Proteins in all organisms are synthesized by ribosomedeBaktribosomes are assembled
from two subunits (30S and 50S) with more than 50 differetgins in complex with
large RNA molecules. The head of the 30S subunit containglibeomal protein S14 in
direct contact with proteins S3 and S10 and 16S rRNBlochemical and crystallographic
studie$ ® indicated that S14 iT.thermophilugibosomes binds a zinc ion coordinated
by four cysteine residues (24, 27, 40, 43) in a CXXC-X12-CXKtif. Zinc-fingers
have been implicated in nucleic acid recognition and bigdifThere are, however, other
bacteria, for examplE.coli, which lack a Zn-finger motif but demonstrate rRNA binding.
Clearly, a more detailed study is needed on the significahtteeaZn-motif in relation
to other structural features. Here we investigated thetfonal importance of the S14 Zn-
finger motif and its role in the assembly of the 30S subunisubunit association, tRNA
binding and PTase activity. We performidvivo experiments using.coli ribosomes in-
corporating wild-type S14 frori.thermophilugwtTthS14). We also employed targeted
mutagenesis of C24 in the ThS14 Zn-finger motif to probe the abthis element in cell
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growth and ribosome structure and function. Finally, wedug®elecular Dynamics Simu-
lations (MDS) to analyze the experimental results and weirtée underlying processes.

2 Materials and Methods

The biochemical methodology of this work was describedmesee® Here we discuss the
MDS details. The TthS14 structure was taken from PDB:1FJ&duotked in theE.coli
30S-subunit head (PDB:2AVY). After solvation in a spher¢hwd9475 water molecules
and neutralization with 343 Na ions, the structure was exleand equilibrated for 500 ps
at 300 K (NVT). We used NAMD2and the CHARMM27 force field. Only atoms of the
head of the 30S subunit (A929 to U1390 segment of 16S rRNAepr® S3, S7, S9, S10,
S13, TthS14 and S19, Mg and Zn ions) have been included inrthéation. A Cys patch
with deprotonated -SH groups was applied, adopting a naniéd model for Zn-ligand
interactions. The same procedure was followed for the cephent of EcoS14 by TthS14-
C24S. At the end of each equilibration, an average over tae€5ps was taken to obtain a
more representative structure, which was then used fdrduetnalysis. Th@“*g}:“t — i

gc
distances of the geometrical centers for all residues wadoeilated for the final structures.

3 Results and Discussion

Table 1 summarizes the results of TthS14 incorporatioB.goli ribosomes and 70S re-
construction experiments. The results suggest an S1l4rrdteeiassociation of ribosomal
subunits. Disturbances in the S14 structure apparentlyced¢hanges in other compo-
nents of the 30S subunit head, for example residues of thep&it8in and 16S rRNA,
which are directly implicated in subunit associatfo@ur MDS results showed significant
shifts (Fig. 1) for several 16S rRNA groups in inter-subumitiges. We found that the Zn
ion moves towards two oxygen residues (O2 and 02’) of U120@ aavay from C24. This
behavior can be expected only for TthS14-C24S. In the wtTdh&se, it is rather strik-
ing and it may be attributed to the non-bonded model forZmé*-ligand interactions,
adopted in this study. For both species, the Zn ion staye¢w€27, C40, and C43.

Assembled proteir] Degree of incorporation (%) 70S ribosomes (%
EcoS14 100.0 81.6+5.1
wtTthS14 88.5 75.0+ 3.2
TthS14-C24S 57.4 66.0+ 4.5

Table 1. Degree of incorporation of TthS14 and TthS14-C24fems intoE.coli ribosomes and ability of the
resulting ribosomes to form 70S complexes.

The tRNA affinity was not affected by the C24S mutation, a<ficored by the MDS.
All 16S rRNA residues implicated previousl§ in tRNA binding to the P-site, except
m2G966, relaxed to almost identical geometries. Regardirag@aActivity our experiments
show an eight times smaller value for ribosomes with S14 CP4&ided that there are not
direct contacts of S14 to the catalytic center, it is tengptmspeculate, that the observed
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Figure 1. Displacements of 16S rRNA groups after mutatioftbiS14 C24 into S24. Regions implicated in
subunit association and tRNA binding are in grey.

by MDS conformational changes initiated by the C24S munadice transmitted through
adjacently located intersubunit bridges (bridge Bla or)Bdtthrough the P-site bound
tRNA and cause a less reactive reorientation in the catadgtnter.
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Nitrile Hydratese (NHase) is a metaloenzyme with non-saagh@ctive site containing noncorin
Co**. Inindustry it is used for a large scale conversion of toxidlas into useful amides. In
this research NHase frofseudonocardia ThermophilBCM 3095 (1IRE) is investigated. In
order to understand its excellent catalytic activity thegible transport routes of substrates and
products have to be determiredransient states are not easily elucidated using expatihe
techniques, so computer modeling of molecular dynamics ) Ndps a lot. The main goals of
finding cavities inside the protein and entry/exit pathwiysa substrate (acrylonitrile) and the
product (acrylamide) have been achieved. In our opinionrg @envenient tool for that type
of study is MD with the Locally Enhanced Sampling (LES) Haomiar?. The LES method,
by multiplying non-interacting ligand copies, allows foetter probing of the conformational
space than the standard MD method, despite known problethgivei energy equipartitin

1 Introduction

Nitrile hydratase (NHase) is microbial metaloenzyme cimirtg non-corrin Cé* or non-
heme Fét metal ion in the nonstandard active site. NHases are widgdy in biotechnol-
ogy for catalysis of the conversion of toxic nitriles to aegtl Products of this enzyme are
used in pharmacy (nicotinamide is known as vitamin B3), dssaditioners, components
of diapers, paints and in paper industry

Several crystallographic articles reported high sequeamckstructure similarity be-
tween NHases®. All native structures solved with high resolution confihtlat the pro-
tein is composed of two subunits{23 kDa) and3(26 kDa). It have nonstandard active
cite composed of four residueaCys109,a4Cys112,aSer113,aCysl14. ThexCysl112
andaCys114 residues were found to be post-translationallyineaito cysteine-sulfinic
acid CysSO2H (CSD) and cysteine-sulfenic acid CysSOH (CESpectively. Metal ion
is coordinated by three sulfur atoms franCys109, CEA and CSD, and the two amide
nitrogen atoms fronaSer113 and CEAS.

Although there are 14 structures of NHase known none of th@ameins a substrate or
a product of the catalysis. Only two theoretical reportskan@vn about substrate/product
interaction inside protein matriX and only one paper presents a comparison of the whole
series of substrates and corresponding produ&sbstrate and products entry/exit paths
are not known either. In the x-ray structure of NHase a widenclel is visibl&. Proper un-
derstanding of NHase activity requires new data on strattieterminants of large ligands
transport within this complex molecular system.

In this paper, for the first time, we describe newtonian makacdynamics of substrate
(acrylonitrile, ACN) and product (acryloamid&CA) inside nitrile hydratase protein on
50 ns timescale.
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2 Methods

Molecular dynamics simulations on a complexPsieudonocardia ThermophillCM 3095
Co-NHase (pdb code 1IRExnd a dockedCA andACN ligand$ were performed using
NAMD 2.6° with Locally Enhanced Sampling (LES) metifodrhus, starting structures
have ligands located in the active site pocket. CHARMM2¢éaiield was applied and
three 6 ns long simulations with LES factor 18GN Les10) or 10 and 154CA Les10,
ACA Les15). Periodic boundary conditions and a TIP3 water bk atileast A distance
from protein atoms to the border were employed. The cutoffeliectrostatics and van der
Waals interactions have been set oM1Zhe main simulations were preceded by 100 ps
of water equilibration at 300K with a frozen protein, 1008 of minimization and 50
ps of heating from OK to 300K. During the 6 ns production phtagel angevin dynamics
protocol with temperature held at 300K has been used.

The idea of the LES method seems to be quite sifaflbe molecular system is divided
into two subsystems a big one for example a protein with sundong water and a small
one in our cas@&CN (7 atoms) otACA (10 atoms). The small subsystem may be cloned
giving several non-interacting copies of ligands. Thegge®are subject to nonbonding
potential from the protein. The big subsystem feels an aespatential from a swarm of
ligands. Since ligands don't interact they may occupy tmesplace in the space. Due to
its large number, a better sampling of the conformationatsfhan the standard one-copy
MD is achieved. Thus our 10 copies LES 6ns simulation is exjeit to normal 60 ns MD.
In visualization and analysis the VMD 1.8.6 pack&gand home made TCL scripts have
been used.

3 Results and Discussion

In both systems studied only one major ligand diffusion ecalbng the NHase channel
was observed. However, the detailed paths for the nitridethe amide are different. Close
to the exitACN uses for its motion the upper part of channel, wii@A occupies mainly
the lower part (see Fig. 1, the lower part is closer lying te thetal ion). Interactions
of substrates and ligands with the NHase interior are differ ACN came out to the
solvent after 1.5 ns bltACA remained buried in both 6 ns Les10 and Les15 simulations.
Differences in ligand-protein interactions are also seestatistics of collisions (atom-
atom distance closer than ABoccurring during simulations. Data are presented in Eig.
ACN very often interacts witleLeu88, 5Phe41 and quite often witGPhel18. It seems
that these three residues stabilize nitrile on the NHasaseiin the neighborhood of the
channel entrance.

In ACA simulationsaGIn89, SLeu48, f/Phe51 andvTrp52 most often collide with
catalytic product. These residues compose the lower pantoy to the channekxGIn89
is particularly important because this residue stabilireetvork of hydrogen bonds near
active sité?. Our calculation also shows that this residue very oftemfoH-bonds with
the ACA amide group. In our opinion this is the reason WAGA did not leave the channel
during the simulation despite the presence of thavide passage.

The space exploited by LES copies inside the NHase may baedivihto two subcav-
ities. The deeper one corresponds to the active site ponkidigands stay there for about
1 ns. In the so callecez-de-chaugsemore shallow cavityACN remains only for 0.5 ns,
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Figure 1. Diffusion paths of aliphatic ligands: (a) sub&®CN Les10, (b) producACA Les10, (c)ACA Lesl5.

then it goes on the proteins surface and stays there by 4rieraéting withaLeu88 and
£Phe4l. In both cavities this small aliphatic substrate hasrg large conformational
freedom and 180 deg. rotations are sometimes observedwtrif to note that ilACN
simulations we observe only weak interactions with CSD aB@& ®ut no collisions with
the other parts of the active are noticed. This may suggasthi substrate interacts with
the active center via water molecules.
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Figure 2. Statistics of the collisions for te&N Les10 (a) and\CA Les10 (b).

In ACA Les10 simulation the product stays only in the deeper slityca®ince more
copies in the LES method lead to lowering of energy barriarkes15 trajectoriedCA
visits alsorez-de-chaugsesubcavity, but instantly goes back to deeper one (compare Fi
1b and 1c).

4 Conclusions
LES simulations of the NHase froPseudonocardia ThermophilBlCM 3095 and its nat-

ural ligand reveals differences in the substrate and thdymtanteractions with enzyme.
Our calculations show that tHR&CN substrate prefers the upper part of the entrance and is
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strongly stabilized by surface residueseu88, 5Phe4l andsPhel18. The amide prod-
uct stays at the other region of the entrance. Strong H-botedactiona ofACA with
aGIn89 are clearly observed. Mutational studies show as tivatl this residue is critical
for enzymatic activity of the NHasé The LES method is a useful computational tool in
gualitative studies of enzyme function.

Acknowledgments

This research was supported by Polish Ministry of EducatimhScience, grant no. 2P04A
07229 and grant supported by Marszalek Wojewodztwa Kujavw&kmorskiego Krok w
przyszlosc stypendia dla doktorantow. We thank Slawomlowiski, Msc for writing the
TCL script for collision counting.

References

1. L. Peplowski, K. Kubiak, S. Zelek, W. Nowaly comparative DFT study of sub-
strates and products of industrial enzyme Nitrile Hydratdat. J. Quantum Chem.,
DOI:10.1002/qua.21357, 2007.

2. R. Elber, M. KarplusEnhanced sampling in molecular dynamics: use of the time-
dependent Hartree approximation for a simulation of carbraonoxide diffusion
through myoglobind. Am. Chem. Socl12 9161, 1990.

3. S. Orlowski, W. NowakDxygen Diffusion in Minihemoglobin from Cerebratus Lac-
teus a Locally Enhanced Sampling Stu@lgeoret. Chem. Accl17, 253, 2007.

4. S. Ngashimaet al, Novel non-heme iron center of nitrile hydratase with a claw
setting of oxygen atomslat. Struc. Biol.5, 347, 1998.

5. H. Yamada, S. Shimizu, M. Kobayasitydratases involved in nitrile conversion:
screening, characterization and applicati@mem. Recl, 152, 2001.

6. A. Miyanaga, S. Fushinobu, K. Ito, T. Waka@irystal structure of cobalt-containing
nitrile hydrataseBiochem Biophys Res Commu#88 1169, 2001.

7. L. V. Desai, M. ZimmerSubstrate selectivity and conformational space available
bromoxynil and acrylonitrile in iron nitrile hydratasbalton Trans6, 872, 2004.

8. L. Peplowski K. Kubiak, W. Nowakinsights into Catalytic Activity of Industrial
Enzyme Co-Nitrile Hydratase. Docking Studies of Nitrilag &mides). Mol. Model.
13, 725, 2007.

9. T. Arakawaegt al., Structure of thiocyanate hydrolase: a new nitrile hydratésmily
protein with a novel five-coordinate cobalt(l1l) centdr.Mol. Biol. 366, 1497, 2007.

10. J. C. Phillipsgt al., Scalable molecular dynamics with NAMD Comp. Chem?26,
1781, 2005.

11. W. Humphrey, A. Dalke, K. SchulteWMD - Visual Molecular Dynamic3. Molec.
Graphics.14, 33, 1996.

12. H. Takaradeagt al., Mutational study on alphaGIn90 of Fe-type nitrile hydragdsm
Rhodococcus sp. N7Biosci. Biotechnol. Biocheniz0, 881, 2006.

262



Receptor Specific Forcefield: Improving Classical
Forcefields with Quantum Mechanical Calculations

Horacio Emilio Perez Sanchez, Bernhard Fischer!,
Holger Merlitz 2, Kaori Fukuzawa?, and Wolfgang Wenzel

! Forschungszentrum Karlsruhe,
Institut fir Nanotechnologie, Forschungszentrum Kafis; Germany
E-mail: horacio.sanchez@int.fzk.de

2 Department of Physics, Xiamen University, China

3 CREST, Japan Science and Technology Agency, Saitama, Japan

We report results for the in-silico screening of a databds€®600 flexible compounds against
various crystal structures of the thymidine kinase reaepmplexed with 10 known substrates.
The ligands were docked using FlexScreen, a recently deseldocking tool based on the
stochastic tunneling method. We used a first-principle dasering function. For rigid recep-
tor conformations we find large deviations in the rank of thewn inhibitors depending on
the choice of receptor conformation. These data demoastrat the failure to dock originates
from the neglect of receptor degrees of freedom and is nobuttible to deficiencies in the
scoring function or the docking algorithm. We then perfodn@escreen in which critical re-
ceptor sidechains were permitted to change their confaemaind found improved scores for
those inhibitors that did not dock well in any of the previmsseens. So, the consideration of
receptor sidechain flexibility in FlexScreen improves thalidy of the screening approach. We
also demonstrate how the inclusion of QM-calculations oépgor-ligand complexes with the
Fragment Molecular Orbital Method (FM&)can be used to improve a classical forcefield. In
comparing this QM-forcefield for protein and ligand with argard ab-initio forcefield (ESFF)
we can demonstrate a performance gain.

1 Methods

Docking Method: Stochastic optimization with STUNNon-linear transformation to the
potential energy surface using

Bsrun(z) = In (:v +/22 1) : 1)

with z = ~ (F — Ep), v = 0.05 Mol/kJ andEj is the lowest energy encountered during
the simulation.

Scoring Function:

Ry Ay | 4igj Ry Ay
S= Z Z <T.15_T63+ j)"' Z COS@ij(ﬁé‘ﬂé) ()

Protein  Lig.,fl.SC. LY J K h—bonds LY tJ

Partial charges; are usually evaluated with Insightll and ESFF forcefieldhh&rd-Jones
parameters?;;, A;; from OPLSAA or from AutoDock and Hydrogen bond parameters

R;j, A;; from AutoDock.
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2 Results

We investigate the accuracy of the predicted ligand-rezepinformation for 83 com-
plexes of the high resolution ASTEX/CCDC dataset for whicpstal structures with
an experimental accuracy of better thamd2are available. For each receptor-ligand
complex we perform 10 independent simulations. The resuttonformations are ordered
by energy according to the scoring function. The median RM@alion between the
predicted and the experimental structure is 0ﬁ830n|y ten ligands fail to reach the
binding mode within the experimental resolution.

2.1 Astex Data Set Results

With these results and the docking restlts three other programs (Glide, Gold and
FlexX) we compare: 1) RMSD as a sign of the docking accuraegl, 2) The docking
reliability as the percentage of having a RMS better thar®2.0

| FlexScreen Glide Gold  FlexX:
FlexScreen wins/total 26/56 18/25 44/56
Results< 2.0 A in % 80 71 76 57

FlexScreen performed (almost) equally good or better imigay and reliability in com-
parison with all other automated docking methods for whiatads available.

Between the remaining difficulties for our approach we findtthl) Steric clashes
in the experimental X-ray structure between ligand and ¢oeptor, 2) Water molecules
which have a direct contact to the ligand are sometimes sapet find the experimental
binding mode, 3) Deficiency of the scoring function for stlva energies, 4) Ligands
binding to metal complexes: Metal complexes have their ifpegroup geometry and
should be considered FlexScreen

2.2 Docking Study to Human Estrogenx

The ERvy (pdb code 1ERE) was previously characterized at the HF/SGevel using
the fragment molecular orbital (FMO) method
As QM calculations are computationally very expensive newith the FMO-technique,
the binding energies for the ligands were calculated wipeet to the most important
fifty amino acid residues of the receptor and is therefore ased for our docking runs.

In this study we investigated the influence on QM-based bpaeaimeters for the lig-
ands and the receptor on the binding energy accuracy.
We distinguished three cases; 1) QM partial charges foeprand ligands, 2) ESFF par-
tial charges for protein and ligands, 3) QM partial chargespirotein and ESFF partial
charges for the ligands.

With only one receptor structuidexScreercould well reproduce the binding modes
of the quantum mechanical calculations. This is possibéeabsd-lexScreersupports
side-chain flexibility: the side-chains can accommodattifferent ligands.
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Comparison with FMO Binding Energies:With a correlation coefficienR = 0.94 the
correlation is highest the more parameters are from the denletions.

Comparison with Experimental Binding Energie$\e also compare the calculated bind-
ing energies ofFlexScreenwith experimental relative binding affinities (relative tioe
binding affinity of 174-Estradiol (RBA)). Also in comparison to the experiment&R
the correlation is highest the more parameters are fromrthelwracterization of the pro-
tein and the ligands. Case 1 and Case 3 have a higher canetatefficient than Case 2,
for which solely the ESFF-forcefield is used. In overall we tipe following correlation

coefficients:
| Casel Case2 Case3

QM Energies| 0.94 0.71 0.79
RBA 0.68 0.37 0.52

3 Discussion

A mixed setup as in Case 3 is especially interesting for tighughput screening, because
a significant part of the improvement is retained, when ohé/receptor is treated with
QM-based parameters, while the ligands are parameterigbdavpurely classical model.
The protein preparation may take days of calculations, cuééch ligand the calculation
time is reduced to a minimum. As an additional improvemergtasas in Case 3 seems
also to improve the docking accuracy for the binding mode.
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Studying the folding dynamics of a protein using MoleculamBmics might require an extra
criterium when selecting the studied protein. We presetidyof the free energy landscape a
two-helix protein using the free-energy protein forcefieldF01.The free energy landscape of
this protein is very simple, suggesting it as candidate llemtam molecular dynamics simula-
tions. In independent simulations we find the formation ef ¢brrect secondary structure and
several folding events into the tertiary structure.

1 Introduction

The investigation of protein folding mechanism is one of ti@st important problems of
biophysical chemistry Mang-hairpin systems have been investigated both experintgntal
and theoretically of small two-helix peptides that are knaw fold experimentally into
well-defined tertiary structure. Since two-helix protegmnstitute a minimal model, in
which to investigate the interplay of hydrophobic collapsecondary structure formation
and the formation of native contacts, the identificationwftssystems may be helpful to
elucidate the protein folding mechanism.

In this work we investigate the folding of IWQE, which exhgba parallel two-helix
bundle. It folds reproducibly with free-energy forcefietda a stable tertiary structure,
with very simple free-energy funnel. We demonstrate thhoogplecular dynamics sim-
ulation that the lack of competing metastable conformatioiakes these protein an ideal
candidate for folding studies to elucidate the interplage@fondary and tertiary structure
formation.

2 Method

An all-atom (except apolar CH groups) free-energy protein forcefiélti (PFFO1)
parametrizes the internal free energy of the protein (elotmbackbone entropy).

The elimination of high energy barriers in the free energyase is the basis of the
basin hopping technigdgalso known as Monte Carlo with minimization.

Starting from the same unfolded conformation as above, wiopeed all-atom im-
plicit water molecular dynamics simulation using AMBERS®defield. We generated
five trajectories with 50 ns total simulation time each, ¢ha¢ 300 K and two at 325 K,
after independent minimization and equilibration.
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Figure 1. Plot of the energy vs the RMSB in all accepted conédions in the free-energy simulations, the
triangles show the best conformations of the 20 simulatidritere are only two structural clusters in the free-
energy landscape with characteristic RMSB deviations @diad 3 and 6 to the experimental model.

3 Results

Figure 1 shows energy versus RMSB for all accepted configunaat the end of basin
hopping cycles (from all simulations). The triangles iradecthe final configurations of the
individual simulations. We clearly see two broad funnelsafformations, which termi-
nate into low-energy structures with 3¥and about 7.8 RMSB deviation to the native
conformation, respectively. The configuration correspogdo the non-native funnel is
inconsistent with the formation of the correct number ofiveadisulfide bridges of this
peptide.

There is only one, very broad folding funnel consistent \lith native disulfide bridge
topology. For this reason, the protein studied here may bal idxample to follow the
kinetics of protein folding with molecular dynamics or rigal exchange methods.

The internal free-energy estimate does not contain baakkatropy; stabilization of
one particular conformation with respect to all others do@snean that this conformation
is stable with respect to the unfolded ensemble. To setegtirestion kinetic or thermo-
dynamic simulations must be performed.

We have therefore performed all-atom implicit water molacdynamics simulations
for this protein as described in the methods section. Thatsefor the deviation of the
actual conformation from the native structure and the twiwésg are shown in Figure 2A.
The simulations equilibrate quickly into a rapidly flucturgt ensemble with an average
overall rmsd deviation between 5 andd8 When we analyze the rmsd deviation of the
helical segments however (Helix1: 1-11, Helix 2: 15-21) fimd that the entire simulation
is dominated with conformations that are within JA2f the respective fragment of the
protein.

We have also analyzed the helix propensity as a functioma# for each amino acid
as a function of time, as measured by DSSP. Figure 2B denatesta very strong helical
content for both segments, but the propensity of helix fdimmamay be forcefield depen-
dent. We also analyze the sulfur-sulfur distance betweeSB&¥YS18 and CYS4-22 as
a function of time (lower panel in Figure 2A). These distanftectuate strongly, but on
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Figure 2. A: Analysis of the molecular dynamics trajectories as a fomctf simulation time. The top panel
shows the rmsd of the actual conformation to the native comdition (black) and for the helical fragments only
(red: helix 1-11, blue: helix 15-21). The lower panel alway®ws the deviation of the sulfur-sulfur distance
for a potential disulfide bridge (at 2 A distance) for the amnacids forming the first (green, CYS8-CYS18)
and the second disulfide bridge (brown, CYS4-CYSZ)Time average over a 100-ps moving window of the
helix propensity of each amino acid in the molecular dynansioulations. Blue: maximal propensity, yellow:
no helical contentln the native conformation the first hejpans amino acids 1-11, and the second helix spans
amino acids 14-21,respectively.

occasion, however, some of the sulfur atoms approach een tat within 3-44, i.e.,
close enough for a disulfide bridge to form. On isolated imsts, folding events occur in
which both pairs of sulfur atoms approach one another, wigté helices are preformed.
In those occurrences (which last several ps), the simulgitttain all-atom RMSDs to na-
tive smaller than 3.4\ The intrahelix rmsd vary between 2.1 and A5or helix 1 and
between 0.8 and 1A for helix 2 in this time frame.

4 Concluding Remarks

According to our MD simulations, secondary structure fatioraprecedes hydrophobic
collapse. The next step would be to substitue the cystesi@ues by hydrophobic residues
leading to hydrophobic collapse of the already formed aékasemble into a well-defined
tertiary structure without need of disulfide bridges for geptide to be stable and help to
guide the design of stable hydrophobic cores for such smatejms, which would have
implications for important challenges in protein desigg, gfor zinc-finger design.
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Most proteins in the cell are active in complexes with twoewgesal hundreds of components.
As only very small assemblies can be studied in an all-at@méwork, coarse-grained ap-
proaches are required to model the association and disisocidynamics of larger protein as-
semblies. We approach this problem by using Langevin egpstiwhich allow us to simulate

the cluster dynamics in a very efficient way. In order to madetact to specific systems of
interest, we use the concept of an encounter complex anacéexkre relevant association and
dissociation rates from biomolecular simulations.

Today proteomics provides us with almost complete listsrofgins in different bio-
logical systems of interest. In order to further advancequantitative understanding of
these biological systems, we now have to address the ititanaof their proteins in space
and time. Indeed most proteins are biologically active imptexes and thus it is crucial
to understand their association and dissociation dynamics

Although very complex if investigated in detail, conceplyithe dynamics of protein
association can be viewed as a sequence of different steps$-{g. 1). Initially the bind-
ing partners undergo pure diffusion. After reaching a ¢enteoximity, the proteins are
steered towards each other, usually by electrostatic $ordénis leads to the formation
of the encounter complex, which can be viewed as a local miniron an effective free
energy landscape. This minimum results often from the edstidtic and hydrophobic at-
traction on the one hand and from the final barrier of desmuain the other hand. This
view immediately suggests two important measures to sppedeusimulation of protein
association: first the diffusion step can be described bynplsi Langevin simulation of
a particle with the respective shape. Second, overcommgrhal energy barrier can be
described by an effective rate of association which in ppleccan be extracted from an
effective free energy landscape with the help of transisitate theory. In order to scale
the system to larger complexes, one then has to simulate oyatss of association and
dissociation using appropriate Langevin equations.

Although the notion of an encounter complex has been suftdlysased before to
describe association reactions in chemistry and physicsgecific biological systems it
has to be validated by biomolecular simulation. Moreovemmwlecular simulations are
required to provide detailed values for the associationdissociation rates for specific
systems of interest. In the following we review some of thekwegarding the encounter
complex, with an eye towards the question how it can be usptbiade a bridge between
Langevin and biomolecular simulations.
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Figure 1. Schematic effective free energy landscape okpraissociation. 1) free diffusion, 2) electrostatic
steering region, 3) encounter complex, 4) barrier due toldason and other effects, 5) final complex.

Analytical considerations with respect to the encountenglex have a long tradi-
tion. Early works attempted to find mathematical descripgitor the encounter step, i.e.
for the transport part of the reaction. One prominent reisulhe rate of encounter be-
tween a colloid of finite size and an ensemble of small cofiaidrived by Smoluchowski
(Z. Phys. Chem. 1916). Later, Debye (Trans. Electrochem. $842) calculated reaction
rates in ionic solutions. Eigen did the first step towardscihesideration of the encounter
complex in a biological context, particularly enzyme plegsiQuant. Stat. Mech. 1974).
He discussed the classic work by Debye and the two limits of plectrostatics (Langevin
1903, Onsager 1924) and pure geometry (Smoluchowski). @etdPurcell introduced the
standard model for this field: ligands diffuse to a sphergembaith receptor patches (in
this case disc like) and are immediately captured upon erteaunterestingly, for typical
values from cell receptor applications, already a very loviexe coverage~ 10~3) leads
to nearly optimal outcome. Later, Zwanzig discussed caatper effects between the re-
ceptor patches (PNAS 1990) and derived a correction to ting &w®d Purcell result, which
perfectly matched simulations by Northrup (JPC 1988).

Bell first connected considerations about the formatiorheféncounter and the final
complex with the additional possibility of dissociationamrmodel for cell adhesion clus-
ters (Science 1978). Describing both by using stochastiand off-rates, he derived basic
expressions for the rate of the total reaction, which wesewdised both in the diffusion-
limited and the reaction-limited case. DeLisi and Wiegstdissed the Berg-Purcell model
with a finite reaction rate as introduced by Bell and inclgd@lectrostatic interactions
(PNAS 1981). They claim that, although the particular kiteedf association and dissoci-
ation can be affected, the equilibrium properties remagnsime. Shoup and Szabo used
the concept of a radiation boundary condition to model tmm&dion of the final complex
from the encounter state in a mathematically rigorous waJ(B982). Their treatment
implied electrostatic interactions and was not restri¢tethe diffusion-limited case. For
the latter, however, they were able to reproduce the restilBerg and Purcell. In the
following years, Goldstein and Thompson worked out moraitiet

In many cases, experimental rates were found to be largemtteadicted by the theo-
retical work. As a consequence, more specific propertiestlie particular geometry of
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the receptor patches were considered in the modelling welhlkup and Szabo discussed
the influence of rotational diffusion and orientation coastts and found that these effects
can strongly shorten the mean first passage times for a sedatitween a ligand and a
receptor patch like in the Berg-Purcell model (BPJ 1981)uBiyg computer simulations,
Northrup (PNAS 1992) showed that the rate enhancement seebgscaused by an en-
trapment of the encounter complex by surrounding watercivhiakes it possible for the
two reacting molecules to test a large number of alignmeittewt leaving the encounter
state. Barzykin and Sushin claimed that disk like patches urs the Berg-Purcell model
lead to substantially lower reaction rates than the usewisgherical patches (BPJ 2001).
In another paper by the same authors, they suggest thatrapiscdiffusion can enhance
the reaction rate (BPJ 2001). Recently Korn and Schivased the purely geometrical
interpretation of the encounter complex to study the efficyeof cell adhesion in hydro-
dynamic flow, where convection competes with diffusion.rBathn and Schwafaised the
concept of a position-dependent rebinding rate to studydteeof cell-substrate distance
in cell adhesion.

Schlosshauer and Baker extended the work of Shoup and deheedinding rate for
two spherical molecules which both can only bind with hereésjcal reactive patches at
a finite reaction rate (JPC B 2002). In a recent study, Algalad Zhou (BPJ 2007) again
extended this 'hemisphere’ model by introducing a 'crateodel consisting of a spherical
protein with a crater to which another spherical proteinditagly. There the formation of
a stereospecific complex was disfavored by the loss of ##ioehl and rotational freedom,
and small translations and rotations between the protéwrsts destroyed the interactions,
leading to a sharp transition between the bound and the umtxiate. The energy lanscape
was described as funnel-like, with the deep well of the bastate surrounded by a broad
shallow basin.

Miyashita et al. (PNAS 2004) investigated the effect of &lestatic interactions on the
binding reaction between cytochrome c2 and a bacteriaticeacenter. The mechanism
involved an encounter complex stabilized by electrosiat&ractions, followed by a tran-
sition state similar to those found by Zhou, leading to therltbcomplex active in electron
transfer. The study involved determination of a set of fiteors state structures by fitting
experimental kinetic data over a wide range of proteingirotonfigurations. The transi-
tion state ensemble, obtained from structures having thiedst correlation coefficients in
comparison with the experimental data, had the cytochrdspdated by about 18 from
its position in the x-ray crystal structure. The observexlilgirity between the structures
of the encounter state, transition state, and bound conggiesunted for the rapid rate of
association responsible for fast diffusion-controllesbéion transfer.

Subsequently, Spaar and Hefmssed Brownian Dynamics simulations in order to
study the association of barnase and barstar. The indivjzhsitions and orientations
of one protein relative to the other were interpreted as aatiity distribution allowing
the calculation of the entropy landscape. The free energsleape was obtained by sum-
ming the electrostatic, desolvation, and entropy contidims. A characteristic minimum at
about 10A distance between the two binding patches denoted theéqusitthe encounter
complex.

In summary, biomolecular simulations have identified twstsgns (cytochrome c : re-
action center and barnase : barstar) in which the electioatéraction in combination with
the desolvation barrier leads to a well-pronounced furshelped free energy surface with a
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final transition state barrier between encounter and finaiptexes. Other protein-protein
pairs may have less pronounced features of this kind. Ttgsgpthe challenge to biomolec-
ular simulations to identify which effective model may apf particular protein:protein
pairs. Yet if a system of this kind has been identified, thethods from stochastic dy-
namics (like transition state theory and Langevin simata) can be employed to scale up
the system. Only if biomolecular and stochastic simulatiare combined, we will be able
to model the association and dissociation kinetics of langeromolecular complexes.

Acknowledgments

This project is financed by the Volkswagen Foundation (1/80 tb V.H. and 1/80 470 to
u.s.).

References
1. C. Kornand U. S. Schwarz., Phys. Rev. L&f, 138103-1-4, 2006.

2. T. Erdmann and U. S. Schwarz, Eur. Phys. 22F123-137, 2007.
3. A. Spaar and V. Helms, J. Chem. Theory Comfu#23-736, 2005.

274



Aggregation of Fragments of the Islet Amyloid
Polypeptide as a Phase Transition: A Cluster Analysis

Gurpreet Singh, lvan Brovchenko, Alla Oleinikova, and Roland Winter

Department of Chemistry, Biophysical Chemistry
University of Dortmund, D-44227 Dortmund, Germany
E-mail: roland.winter@uni-dortmund.de

Aqueous solutions of amyloidogenic polypeptides undergbase separation into a water-rich
and peptide-rich (fibrillar) phase already at very smalltjglgpconcentrations. Studies of the
fibrillar phase (stable phase or its metastable intermes)iatan be performed by simulations of
solution with peptide concentrations deeply inside the-pliase region. In such states, clus-
tering (aggregation) of molecules is extremely sensitivthe system size. We performed MD
simulations of 12 amyloidogenic fragments of IAPP (resglt6-19) in liquid water, starting
from different random configurations. Analysis of peptifiestering and aggregation evidences
features typical for a phase separation. In some simulatios, the formation of a stable ag-
gregate is hampered by the small system size. We propose talgstering analysis to select
the configurations relevant for macroscopic systems.

Formation of amyloid fibrils may be the cause of various diesa Understanding of
the driving forces and molecular mechanisms of the fibritfation should elucidate the
possibilities to inhibit formation of toxic amyloid fibrilsAggregation of polypeptides is a
cooperative process, which occurs when their concentratioater exceeds some critical
value! The critical concentration depends on the characteristitse considered polypep-
tide, temperature, ionic strength, pH, etc. The kineticaggregation speeds up with in-
creasing peptide concentration and can be facilitated byngdseeds of the peptide-rich
phase. All these features are typical for a first-order ph@sesition in binary mixtures.
In the two-phase region the system is separated into a watephase with the critical
peptide concentration mentioned above and a peptide-hakgy which appears as well-
ordered solid-like fibrillar structure.

Currently, simulation studies of the fibrillar phase (abkahase or its metastable in-
termediates) can be performed by simulations of an aquedutis with constant peptide
concentrations deeply inside the two-phase region. Iretksges, clustering of molecules
may be drastically distorted by the finite size of the simalasysteny, however, and may
even hamper formation of stable peptide aggregates. Tmexfihe importance of this
effect in simulation studies of peptide aggregation, weetsisnulated an aqueous solution
of amyloidogenic fragments of IAPP (residues 15-19) at330 K andP = 1 atm pressure.
The concentration of peptides in the system was about 12thh{t2 peptides and about
3070 to 3087 water molecules), i.e, deeply inside the eggdatmiscibility region. Sim-
ulations were carried out with the GROMACS-3.2.1 softwaaekage and TIP3P water
model. Several starting configurations were generatedigora insertion of the peptides
in a cubic box of 125 nrhsuch that each peptide is at Ieasii?away from its nearest
neighbor. The duration of production runs taken were froniob060 ns.

Two peptides were considered as belonging to the same Glugten the number of
the contacts between the atoms of the side chain hydrophedidues (hydrophobic con-
tacts) exceeds 20. Such contact exists, when a distancedretwo heavy atoms involved
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Figure 1. Left panel: probability distributions of the si®g,.. of the largest peptide cluster, averaged over
various time intervals of the simulation run. Right panelm& dependencies of the number of hydrophobic
contacts, number of backbone H-bonds and SASA. The eatililor period (up to about 25 ns, indicated by the
vertical line) is shown in an enlarged time scale in the upjggt panel.

does not exceed the sum of their VdW radii plus 2. @\dditionally, we have analyzed H-
bonded peptide clusters, with at least 2 inter-peptide lback H-bonds being a connectiv-
ity criterion. Clustering of the peptides was charactetizg calculation of the distribution
of sizesS of the clusters, measured as a number of peptides in a clUstir distribution
gives, in particular, the average cluster size and allova$yars of the largest peptide clus-
ter. The secondary structure to each residue is assigned 88 GNO? Each peptide is
assigned to a particular secondary structure using thevierthat at least three consecutive
residues should have the same secondary structure, andh@oocansecutive secondary
structure is present. Two peptides are considered to barigrfisheets if both peptides
are assigned as-strands and if they are connected by at least two backbolperids.

Upon equilibration, the number of inter-peptide hydroplawmntacts achieve satura-
tion already at < 10 ns (see right panel in Fig. 1). During this time interviag tistribu-
tion of the sizeS,,,.. of the largest cluster evolves, but in the time interval 16rts< 150
ns, it remains almost intact (see left panel in Fig. 1). Theber of inter-peptide H-bonds
and, accordingly, the solvent accessible surface areaApAeuire a longer simulation
time to achieve their equilibrium values (about 25 ns). la $imulation run considered,
the peptides form a rather stable aggregate, which cordaiagerage 8.6, i.e, the majority,
of the totally 12 peptides. This aggregate should be corsitigs an analogue to the stable
peptide-rich fibrillar phase, which appears due to the phaparation in the macroscopic
aqueous solution of peptides. Therefore, simulation sgidf such peptide aggregates
may give useful information concerning the formation of enetl fibrils in experimental
situations.
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Figure 2. Time dependencies of the size of the largest ¢|usftéhe size of the largest H-bonded cluster, of the
average cluster size and of tBesheet content in two simulation runs: A and B.

However, the large peptide aggregates do not necessapgaajn all simulation runs
performed for the same system starting from differentahitonfigurations. Moreover, in
some simulation runs, a large peptide aggregate may desaftler a long simulation time.
In Fig. 2, we show two simulation runs, which yield quite di#nt clustering of peptides
after an initial equilibration period of about 15 ns. In Run there is a large peptide
cluster which contains on an average the majority of all idegt In Run B, the largest
cluster contains on an average, less then half of all peptaiel they should be considered
as dissolved in water. Such behavior is typical for simolastudies of a small system,
whose density (concentration) is kept deeply inside thehvase regiod.Namely, the
peptide-rich phase may be in a condensed state or in a dissshate, but both these
states arestablein simulations and should substitute each other in the eoafs very
long simulation run. Obviously, the structural charactics of these two states are quite
different. In particular5-sheet content is essentially higher in the condensed &ate
Fig. 2). Clearly, only the condensed state is relevant tootitkered peptide-rich phase
seen in experiments, whereas the dissolved state of pejidelevant for extremely small
systems only. Our results show a strong effect of a smallcfilee simulation system on
the aggregation behavior of peptides. We propose to usé¢ @dstering analysis to select
the proper condensed state of peptides, which is relevatdrge (macroscopic) systems
and, therefore, for comparison with experiments.
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1 Introduction

Classical molecular dynamics simulations are often cameid as thenethod par excel-
lenceto be ported to parallel computers, promising a good scddgttavior. On the one
hand parallel algorithms exist which enable good scali@n the other hand the complex-
ity of the problem at hand, often scales li& N), enabling a linear increase of problem
size with memory. However, this point of view applies onlyatbmited class of problems
which can be tackled by molecular dynamics. E.g. in the cdé®mogeneous periodic
systems, where particles interact via short range interagtthe most efficient algorithm
is a domain decomposition scheme, guaranteeing local cancation between proces-
sors and therefore allowing good parallel scaling. In caration with linked-cell lists, the
problem scales lik€ (V) both in computational complexity and memory demand, so that
an ideal behavior in both strong and weak scaling might beebegl.

On the other hand, this ideal behavior breaks down if difiemoblem classes are
considered, e.g. the case of long range interactions, wiarenly local communica-
tions between processors are required. Another class aofteoaxamples is the case of
inhomogenous systems, which occur e.g. in open systemsgewihe particle density is
considerably larger in the center of the system than in tffesdi halo or e.g. in sys-
tems consisting of different thermodynamic phases as igalse for the coexistence of
liquid/gas or solid/gas phases. In this case, domain deaositign algorithms often fail.
Due to a more or less regular geometric decompoition of sgaoeessors are responsible
for different numbers of particles, often introducing asty load-imbalance, which leads
to inefficient CPU usage on some processors and thereforkdd parallel scaling.

For these classes, other parallel decomposition scheraesftan applied, like atom-
or force-decomposition schemledVhile the former one distributes equally particles onto
processors, the latter one decomposes the interactioixmaatong processors. It is the
latter case which is considered in the present paper. Thisadealso allows a geometric
approach which consists of equally partitioning of the &matrixF € R3V>*3N onto
processors. Taking into account Newton'’s law of action aneheeraction either the upper
triangular part off may be decomposed into equal afea@s the whole matrix is decom-
posed 4, while assigning only a subset of interactions onto eachifP&rder to fulfil the
skew symmetry of the interactions.
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Figure 1. Communication patterns between processors ficlora distribution of particles (left) and sorted par-
ticles according to a space-filling Hilbert curve (right).otd the different magnitudes of data volume. Shown
is the case fol? = 64. Left part of each figure shows the upper triangular part effdrce matrix. Each row
corresponds to data stored on individual PEs.

In general there are two points in force decomposition nathehere communication
is required:

1. after propagating the particle position in the integnatep, the position of particles
must be transferred to remote processors in order to cécuatual interactions.

2. after calculating interactions, the partial forcescuakdted on different processors act-
ing on a tagged particle must be collected onto the host psocef that particle, in
order to propagate its positions and momenta.

2 Method

2.1 Communication

Traditionally, coordinates and forces are transferred Ibyoaall communication steps.
Positions are usually distributed by ampi _al | gat her v.command while forces are
summed up simply by anpi _al | r educe procedure. This is certainly the most sim-
ple way to proceed. Since most MPI implementations intéymabke use of a tree-wise
communication protocol, the global communication will Ischke O(log,(P)), if P is
the number of processors. However, for a big system and a taugber of processors,
there will be a lot of redundant data transferred to proassdae. global communication
operations do not take into account whether transferreal @& really needed on remote
processors. Therefore two alternative methods are carsidere.

The first approach still gathers all position coordinatesfiremote PEs, in order to
calculate interactions with local particles. However, tbces are selected according to
whether they have been calculated or not. This avoids sgradiot of redundant infor-
mation across the network, although the communicationopoit gets a little bit more
involved. In the case of the upper triangular force matrigateposition, forces must be
sent from local PEs to the ones with larger rank. In this dase i, — 1 communication
steps have to be performedjjfis the rank of the local PE. In this case twpi _gat her v
operations have to be performed: (i) to transfer the noon-partial forces, (i) to transfer
the particle indices, onto which forces act.
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Figure 2. Parallel speedup for the force-domain decomipasihethod for the case o¥ = 10° particles and
two different cutoff radii for interparticle interactions

The second approach is more involved. The basic principle ®mbine a domain
decomposition with a force decomposition scheme. Domadgomposition is achieved
by sorting the particles according to their positions alangpace filling Hilbert curve.
This ensures that most particles which are local in spacalacelocal in memory. For
short range interactions this implies that most interaqpiartners are stored already on the
same PE. According to this organisation, the force matroobges dominant around the
diagonal and off-diagonal areas are sparse. The next stepcadculate interaction lists,
which are distributed onto all PEs. Indices of interactiantpers are stored in Verlet lists,
which are valid for a number of time steps. Therefore, thieste bnly have to be created
and distributed from time to time (e.g. every 20 time stgpéccording to these lists it
is known which particles from remote PEs are needed on Idgal Fhe same is true for
calculated partial forces. Since the amount of data is vargllswith respect to global
communications of positions and forces, the communicati@rhead of this method is
strongly reduced, enabling a very much better parallelirsgal Since randomisation of
particle positions occur on a diffusive time scale, the sddling curve has to be updated
only one or two orders of magnitude less than the interadits) thus introducing only a
small overhead.

2.2 Load-Balancing

Another contribution of the present paper is to combine tioppsed methods with an effi-
cient load-balancing strategy. This is developed for thiedestripped row method, which
partitiones equal areas in the interaction matrix to déffeprocessors. For inhomogenous
systems, this approach becomes quite inefficient, sincauh#er of interactions within
such areas may vary considerably. Therefore, two diffempptoaches are discussed and
implemented here. The first consists in distributing the benof interactions equally
onto the pocessors. This may give good results for the caserenparticles are located
randomly in memory. However, if a subset is random and amathigset is ordered (as it
might occur for the case of a solid/liquid system) in memoaghe effects will destroy the
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equal load on PEs. Therefore, a second approach consissdributing the work, propor-
tional to the time which is spent on every PE. This strategygwut to be most efficient,
leading to a very fast distribution of equal load betweengtueessors.

3 Results

The above methods are tested for a simple system consistihgrmard-Jones parti-
cles. Molecular dynamics simulations were carried out f@mtems withN = 10° par-
ticles. Fig. 1 shows the amount of data which has to be comrated between proces-
sors for the cases of traditional force-decomposition (Figjhods and the force-domain-
decomposition (FDD) technique, which uses the space fililigert curve. In FD inter-
acting particles are randomly distributed in memory (asidar long simulations particles
get uncorrelated). Therefore, coordinates have to be semtd processop; to all other
processorg; < p;, while forces have to be redistributet in the opposite dioecfrom

p; to all other processons, > p;. Sorting reduces significantly the amount of data to be
sent. First of all the size of the data buffers become smaltrond the matrix becomes
sparse, i.e. a given procesggrdoes not send coordinates to all other processpes p;,
but only to those where these coordinates are really needszhtpute interactions. Since
sorting concentrates interaction partners close to thgodial, only small amounts of data
have to be sent to remote processors. Calculations weredaut for the FDD method,
considering a system d¥ = 10° particles with different size of the interaction radius
R.. For decreasing., the amount of data to be sent to remote PEs gets smaller. éOn th
other hand also the work performed on a single PE decreasem,be of a smaller number
of interaction evaluations. Therefore, for smA|l communication becomes a bottleneck
for a large number of processors, because of the accunlattiatency. Therefore, the
speedup curve saturates for 128 processors. In the caseagfea tutoff . = 4.6 o)
the computation dominates communication and the prografescip to 128 processors.
Note, that for a global communication, like in tradition&@ Fcommunication would have
a significant larger contribution and the program would mate as well as in the present
case.
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We have recently extended our helical protein forcefield ®Fe a more generalized protein
forcefield PFFO2 in our efforts towards a universal free gpdorcefield for all atom protein
folding and prediction. Here we selectivity of various mios PFF02 with a Rosetta decoy
set consisting of 32 proteins. The results conclude gooetctéty of PFFO2 for structure
prediction with an average z-score of -3.46 and an averagenean square deviation of 2.44

1 Introduction

All atom protein folding and structure prediction have be&e of the central problems
in biophysical chemistry. Transferable potentials aredeeeto address these questions
for a wide range of proteiis We have recently extended our helical protein forcefield
PFFO?® to a more generalized protein forcefield PFE@a@llowing the thermodynamic
hypothesié, that most proteins are in thermodynamic equilibrium wite environment.
With PFF02, we could demonstrate folding of small hairpitypeptides into their native-
like conformation%?®.

The accuracy and predictivity of free energy protein foeddf can be investigated
using decoy setsa method that works even for proteins that are too largemctmplex
to be folded from random initial conformations. For the stlaty of PFF02, we study a
decoy set generated using Ros&ttansisting of 32 proteins.

2 Method

A decoy set is a large library of protein conformations gatet to approximately span
all relevant low energy regions of the free energy landscdpaneasure the predictivity
and selectivity of a forcefield, the conformations in thedily (decoy set) must be ranked
according to their energy. If near native conformations rgméowest in the free-energy
function, the force field differentiates between native aedr-native conformations. In the
limit of completeness of the decoy set, which is rarely realim practice, this test alone
is sufficient to show that the force field stabilizes the ratenformation of the protein
against all competing metastable conformations and qoorets to the global optimum of
the free-energy force field.

For decoy sets generated with unbiased methods, the cotiopuvéthe Z-score (the
difference between energies of near-native decoys to tlamraeergy of the decoy set in
units of its standard deviation) gives a quantitative measfithe selectivity of the force
field. The Z-score is defined as

_ Eref - <E>

g

Z ()
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whereFE is the reference energye., the energy of the native conformatidi) is the av-
erage energy of the decoy set antb the standard deviation of the decoy set. The Z-score
simply measures the mean energy distance from the natiteedstprotein in terms of the
standard deviations of the decoy set. The lower the Z-stinedyetter is the discrimination
between native and non-native conformations in the decby™ee histograms showing
the distribution of decoys over energy range are shown iar€id (inset).

3 Results

For this study we investigated, which of the proteins of the farge all atom Rosetta
decoy setscould be stabilized by PFF02. The proteins in this decoy aege between
32-85 amino acids in size and span all secondary structiasgdes.

oo
T

o

Backbone RMS (A)

AE

T T T T T T

1pgx
lcsp

Spti

Z-score

Figure 1. RMSD of the lowest energy conformation (Green) Zisdores (Blue) of proteins in the Rosetta decoy
set. Inset shows a sample distribution of decoys for a prot@he bars in cyan represent the distribution of
near-native decoys generated from native structure andaedrepresent all the decoys from the decoy set.

For the calculation of Z-scores we generated near-natinfocmations for 32 proteins
of the latest Rosetta decoy library. We excluded only pnstéhat are stabilized by tran-
sition metal clusters or other ligands as such interactwaget to be implemented in the
present force field. The resulting near-native confornmatideviate 1-4A from the ex-
perimental conformation, except for lam3 and 1lutg, whewatiens of 4.05 and 5.4
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respectively are observed (top panel of Figure 1, Table alfatata). Since both of these
proteins are dimeric, this difference arises because tHeaules are relaxed here in isola-
tion. The average deviation between experiment and ndaertanformation in the force
field for the set of 32 proteins was 2.24 the figure also indicates that there is little cor-
relation between the size of the protein and the accuradywhich the local minimum of
the force field agrees with the experimental conformation.

In order to arrive at a meaningful comparison of the energieselaxed the approxi-
mately 2000 decoys for each of the proteins in the decoyrlirePFF02. This procedure
maps each decoy to a local minimum of the force field of sinslancture, the average
change in RMSD between the starting and relaxed conformatas less than 0.0.
This means that the decoys are not changed in the relaxatice$s.

PDBID Z-Score RMSDA) PDBID Z-Score RMSDA)

1a32 -3.72 1.57 lnre -4.19 2.69
laa3 -3.08 1.71 lorc -3.49 3.82
lafi -2.41 1.13 1pgx -3.26 0.98
lail -5.73 1.49 lpou -4.72 1.58
lam3 -5.32 4.05 1r69 -5.57 1.48
1bw6 -2.98 3.32 lres -3.47 2.25
lcei -4.19 1.17 1sro -0.43 151
lcsp -4.01 1.00 luba -3.19 3.96
lctf -4.93 1.10 lutg -4.47 5.41
1dol -3.54 2.04 luxd -3.00 1.35
lgab -3.16 1.81 Lvif -2.00 1.01
lhyp -4.49 3.59 2ezh -3.56 3.70
1kjs -2.02 3.32 2fow -1.43 1.94
1lfb -3.69 2.80 2fxb -3.09 1.37
Imzm -3.75 2.75 2pdd -3.69 2.74
1nkl -4.77 2.28 5pti 0.58 1.68

Table 1. Zscores and RMSD(lowest energy) for the 32 protfif®osetta decoy set in PFF02.

The Z-scores for 29 out of the 32 proteins in the decoy setesethan -2.0 (top panel
of Figure 1). This indicates a good selectivity of the foreddifor these proteins. The
average the score of -3.46 is lower than that of any prewoweglorted alternate scoring
function for the same decoy set. The average Z-score fortine set of proteins in PFFO1
was -3.08°. This indicates the improvement of the force field for thisafgoroteins which
spans all kinds of secondary structural elements, with tilg exception of 5PTI. Since
the Rosetta decoy sets were specifically generated to spateaange of near-native and
non-native conformations for each protein. These data&aidithat PFF02 stabilizes near-
native conformations of a large family of small and mediuge groteins of all secondary
structure classes as its global optimum.
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4 Concluding Remarks

In this work, a 32 protein Rosetta decoy set was used to testdlectivity and predictiv-

ity of a recently modified protein forcefield PFF02. The résihdicate that PFF02 has
good selectivity with an average z score of -3.46. Also therage RMSD for the lowest
energy conformation for all these proteins is only 2&dhowing good predictability for

a wide range of proteins. PFF02 thus emerges as a positivecstards a universal and
transferable forcefield for all atom protein folding andieey structure prediction.
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The following survey of computational and experimentakegsh activities on knots in syn-
thetic and biological macromolecules outlines previousoawlishments and current chal-
lenges in the field.

1 Introduction

Knots are one of mankind’s oldest and most practical devidepreciated by fisherman,
seafarers, surgeons and rescue professionals around thk kets have long captured
the imagination of natural scientists, too. In 1867, Lordvtesuggested that atoms may
consist of knots formed by the ethlewhich inspired physicists like Maxwell and Tait to
lay the foundations of knot theory.

In mathematics, knots are only well-defined in closed cuarekusually categorized
according to the minimal number of crossings in a projectato a plane. The search
for an algorithm which can distinguish between all knotsngaing and still one of the
grand challenges in mathematical knot theory. From a malgboint of view, however,
several algorithms, like the Alexander polynomial or theMiELY polynomial, are able
to distinguish between simple knots and suffice for most psep. In this spirit, open
chains can also be analyzed by simply connecting end pairgsliefined way.

After descending into mathematical obscurity for some tiimierest in the subject was
revived in the 1960s, when Frisch, Wassernfaamd Delbriick conjectured that all suffi-
ciently long polymers have to contain knots - experimergabth scales were, however,
not known at this time. From a theoretical point of view, thiatement is intriguing be-
cause knots are not included in the standard theory foraseliding polymers, but affect
equilibrium properties and dynamics.

2 Computer Simulations of Knots in Polymers

Simulations are particularly well-suited to address thgsestions because the statistics
of knots can be unveiled by analyzing independent polymafigorations generated by
the computer. Starting with the ground-breaking work ofogudskii et al3 a variety of
coarse-grained polymer models were tested.

With little or no excluded volume (random walk) and no inh#rstiffness, a single
three-dimensional polymer displays a large number of vemalsand localized knots.
Each monomer can be positioned anywhere around its prestgosbich promotes en-
tanglements on the local scale. If excluded volume is camsil however, the chain be-
comes unknottedl. A single bead—spring polymer with 1000 monomers in goodesulv
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conditions, e.g, only contains knots in about 1% of all camfigions® The fraction of the
polymer which is occupied by the knot in one of these rare &visnconsiderably larger
than in random walks, but still small with respect to the ltotain—length. If a polymer
collapses into a globular state and has enough time ecatdipor if it is confined into a
capsid, knots become frequent agaand spread out all over the globflén such a dense
phase, the same bead-spring model contains knots in 80%aafrdigurations - most of
which are already quite complex. In this case, the free gnefrthe polymer is dominated
by energetic contributions which do not distinguish betweaentangled and entangled
states which are otherwise favored by conformational @gtrim the swollen phase, on the
other hand, the polymer would like to have access to as maigssas possible, and the
free energy is dominated by entropic contributions whidfalior entanglements.

Analogies between microscopically knotted polymers androscopically knotted
strings and robes are far reaching. Not only do single potgrard robes become knotted
in crowded conditions, they also share similar materiapprties. A knotted robe, e.g.,
withstands only a fraction of the traction which it can witined if the robe remains un-
knotted - a well-known fact among mountaineers and anglénstted polymers are also
far less stable under tension and tend to break at the esttarice knof.

3 Knots in DNA, Proteins and Synthetic Polymers

Knowledge gained from computer simulations is particylaglevant for biological sys-
tems whose fundamental constituents are long biopolyniémsts were first discovered
in bacterial DNA in 1976. Since then, many knots were also created artificially, &y.,
the action of topoisomerase | on circular DNA. In good sotvamnditions, DNA behaves
like a model polymer and contains almost no knots (0.5-4%<knoa 10000 base pair
strand depending on salt concentratibrijom the simulation of knotted homopolymers,
one might expect that DNA also becomes highly knotted in c@nfient. This condition is,
however, problematic for DNA in crowded environments like tell, and indeed, nature
has developed successful strategies to circumvent theéstefHuman DNA, e.g., wraps
around histone proteins. In ds-DNA viruses, the rathedrigiNA forms a spool whenitis
fed into the capsid (with one end remaining attached to thdifg channel.)

Topology is even more relevant in proteins because the-tiraensional structure of
a protein directly determines its functionality. Once ag&nots are rafe'? although the
reason is not well understood. It has been hypothesized#tiudted structures are difficult
to fold' and would essentially preserve their unknotted state #feeinitial collapse'?
However, experiments suggest that certain knotted pretaay fold and unfold reversibly
under a change of solvent conditiolisSecondary structure and inherent stiffness of the
protein backbone may also simply shift the length scale ahvnots occur in comparison
to globular polymers? Overall, the problem remains essentially unsolved. Istargly,
knots in proteins are usually preserved in structural hogthroughout evolution which
indicates that they are relevant for the functionality af girotein and have existed since
the beginning of life. In our recent comprehensive analgbitie Protein Data Bankwe
were also able to identify one counter-example and dematedtow the presence of a knot
may alter the enzymatic activity of the protein.

The synthesis of man—made molecules with knots has alsodregnportant topic in
the chemical literaturé These so-called “knotanes” consist of small knotted mdéecu
obtained by supramolecular-template techniques.
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4 Challenges

In the near future, | would expect that closed knotted nartayh@s based on knotted poly-
mer globules will be synthesizéd.These particles should be highly knotted, in the order
of 10 nm in size and offer a reactive surface which may turmtlo interesting can-
didates for the delivery of drugs. Similarly, it should bemfeasible to genetically alter
proteins such that they become knotted. From a theoretidad pf view, it would certainly

be interesting to quantify why there are so few knots in pnstand how knotted proteins
actually fold. 140 years after Kelvin, knotty problems p&trs
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MD simulations of many body quantum-classical systems ibigfimportance for the de-
scription of functioning of many (bio)molecular and nanstgyns. Porphycene containing two
strongly coupled quantum protons in a classical molecuaffald is a model system which is
used by us to develop novel methodological QCMD approachies. system is also of prac-
tical importance for molecular nanotechnologies. Enempfiles for the proton motions in
porhycene have already been studied by us using an SCC-Dpfi®ach, however, classi-
cal MD simulations were not sufficiently precise to deteren@ffective barriers for the proton
transfer. Since the quantum dynamical motions of the pstmave considerable impact on
the motions of the classical atoms and vice versa, in theotiapproach the whole system is
simulated using a steered Path Integral Molecular Dynait§ID) method with an on the
fly Car-Parrinello DFT propagation scheme for all nucleid avith the adiabatic QD of the
electrond. Such approach together with thermodynamic sampling oétinéormational space
provides realistic energy profiles along the reaction pagmsafor the protons motions. The
method requires massively parallel computer systems ty oat simulations for real systems.

1 Introduction

In previous studies proton transfer reaction pathways ipipgcene were determingdlhe
pathwaydrans— ts-A— cis-Aandtrans— ss-A— transare low energy pathways. They
contain barriers of 5 kcal/mol and 7.5 kcal/mol, respetyivEhe former participates in the
stepwise mechanism of the double proton transfer readtianrequires two consecutive
transitions of this type. The latter describes the condeaction mechanism. They are
both accessible for the system in 300 K. The high energy patbw-trans — ts-B —
cis-Bandtrans — ss-B— cis-Bcontain barriers of 43 and 64 kcal/mol, respectively, and
are statistically irrelevant at 300 K. The aim of the comfiates carried out at NIC was
to get mean-field energy profiles for selected proton-temgéthways and to compare
results of the standard Car-Parrinello Molecular Dynar@MD) method with the Path
Integral Molecular Dynamics (PIMD) approach. This comgani can reveal the influence
of nuclear quantum effects, such as tunneling, on the @aetiergy barriers.
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Table 1. Relative energies between stationary points opdhghycene potential energy surface (PES) computed
with different DFT functionals. Plane wave expansion dufdf...;) is in Ry, energy in kcal/mol. Calculations
with 120 and 70 Ry cutoffs where carried out using the TretiMartins normconserving pseudopotentials, while
those with 40 and 25 Ry cutoffs with the Vanderbilt ultrasmfes. Structure names follow r&fscheme 2 and 3.

Functional Eeut - Structure -
cu trans cis-A ts-A ss-A cis-B  ts-B  ss-B

B3LYP/TZ2P - 0.0 2.4 4.9 7.6 288 43.0 644
PZB 70 0.0 2.5 4.9 7.5 269 409 295
120 0.0 2.1 3.9 59 285 40.7 30.7
BLYP 40 0.0 2.0 3.7 54 28.2 40.3 30.6
25 0.0 2.4 3.5 51 279 399 304
120 0.0 1.5 2.4 3.5 30.3 395 322
PBE 40 0.0 1.6 2.3 3.1 30.3 393 322
25 0.0 1.5 1.9 25 30.2 39.0 322
120 0.0 1.6 2.5 3.6 304 39.7 323
BP 40 0.0 1.6 2.4 3.3 30.2 39.6 321
25 0.0 1.8 2.2 2.3 297 39.0 31.6

2 Values cited from ref. for comparison.

2 Selection of the Exchange-Correlation Potential

Locations of known stationary points on the potential epstgface (PES) of porphycene
were optimized using a number of Density Functional The®@¥T) approximations.
Since Perdew, Zunger, Beckegradient corrected exchange-correlation functional (PZB
was already successfully applied for the proton transtetien in malonaldehyde by other
groug it was treated as the most trustworthy one. Other widely fisectionals (BLYP,
PBE and BP) were also tested. All results were compared wigtrence values of Ko-
zlowsk? et al. Plane wave expansion of valence orbitals and atomic pseteloials for
the core electrons were used with different cutoff values.rEsults see Table 1.

In most cases lowering the expansion cutoff results in lavgethe relative energies
of the transition states and local minima of the energy leaps. The energy values with
higher cutoff are closer to the reference values. The PZBtiomal with 70 Ry cutoff
gives nearly the same results as B3LYP with TZ2P basis sdtarldw energy region,
i.e. for the "A” pathways. In high energy region (the "B” pathys) the differences of
2 kcal/mol occur forcis-B andts-B states, which is acceptable, however $s¢Ba large
difference of 35 kcal/mol appears. Although the discregdadarge, the "B” pathway
is not accessible for the system at room temperature, anceepathe PZB results with
70 Ry. The BLYP values with 120 Ry cutoff are also acceptaislessthe deviation from
the reference energy is only 1.5 kcal/mol. It should be ntted reduction of the cutoff
value causes significant gain in terms of the computing tiivéh this in mind one may
consider the BLYP functional with 25 Ry cutoff as a promisaigice for faster, although
less accurate computations. The PBE and BP functional#iseymtly underestimate the
energy barrier values for the "A” pathways (more than 50%g are quite accurate in high
energy region, which is however less interesting for oudists!

The PZB functional appeared to be the most accurate in dé@sgrihe characteristic
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points on the potential energy surface in comparison toipusab initio studies. There-
fore it was chosen for further calculations.

3 Free Energy Profiles

The calculation of the free energy profiles was carriedviuthermodynamic integration

in the “blue moon ensembl&”In this approach the reaction pathway is divided into steps
covering relevant values of the reaction coordinate. Tlerefich reaction step a con-
strained molecular dynamics run is carried out with the tieacoordinate being fixed at
certain value by molecular constraints. Free energy diresmare averaged over each run
and integrated to give a free energy profile. This procedwae applied twice: with all
atomic nuclei treated classically with CPMD, and with atiraic nuclei treated quantum-
dynamically with PIMD. In the latter case the nuclei were ifized using 16 imaginary
time-slices (see Figure 1 for visualization). The NVT coasted dynamics simulations
were carried out in a 1& cubic box.

Two low energy reaction pathways in por
phycene were studied. Calculations toans —
ts-A— cis-Aandtrans — ss-A— trans pathways
were carried out using the CPMD and PIMD ap
proaches. The former pathway was divided into
and 9 reaction steps, applying CPMD and PIMD "‘\./
respectively. For the latter case, 10 reaction ste
were used for only one half of the pathway, becauj
thetrans— ss-Atransition is symmetrical to thes-
A — transone. The total of number of 4000 step{
of the constrained dynamics simulation was carri
out for each reaction step, in each case. The tim
step was 3 a.u. Fictitious electron mass was set10
350 a.u. for CPMD, and 300 a.u. for PIMD. TeM-+gre 1. path integral configurationéns
perature of the Nose-Hoover thermostat was set orphycene. Each nucleus is represented by
300 K. cyclic polymer of 16beads

Figure 2 shows free energy profiles for the two
pathways in porphycene computed from the averaged conisfoaces. Averaging was
carried out over the converged parts of the trajectoriesdleroto avoid nonequilibrium
regions.

The static calculations of the barrier height for the doyibt#on transfer in porphycene
on thetrans — ts-A — cis-Apathway is 4.9 kcal/mol (see Table 1). Inclusion of cladsica
thermal vibrations at 300 K increases the barrier by 1.4/kuallto 6.3 kcal/mol. This is
rather unexpected since the thermal vibrations shouletrattduce the barrier. This may
be the evidence of larger error of the method originatingnfimoor equilibration of the
system on one hand and small data set for the statisticagweyon the other. Taking this
into account one would assume the error bar to be around Ink@lalTaking into account
the quantum nature of the nuclei within the PIMD model reduttes barrier height to
1.8 kcal/mol (Fig. 2(a)). This can be treated as an expeetsalt

Interestingly thecis-A configuration turns out to be much more stable in the PIMD
model than in the CPMD one. The free energy difference is &Bdwal/mol, which is
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(a) trans — ts-A— cis-A (b) trans — ss-A— trans

Figure 2. CPMD and PIMD free energy profiles for two reactiathgvays in porphycene.

a significant effect even assumed a 1 kcal/mol error. Thigltees equal barrier heights
for the transitions in both directions: thens — cis-A barrier is approximately equal
to thecis-A — trans barrier which yields 1.8 kcal/mol. This makes ttians and cis-A
states practically indistinguishable, which is not theects the CPMD model where the
'forward’ barrier is 6.3 kcal/mol while the reverse’ onegfiils 3.0 kcal/mol.

Thetrans— ss-A— transpathway leads through the classical barrier of 7.5 kcal/mol
Applying the CPMD integration the barrier heightis slightigher and equals 7.9 kcal/mol
which is consistent with the tendency observed previodsgig PIMD computations show
the low barrier of 4.4 kcal/mol.

4 Conclusions

The obtained so far results show that inclusion of nucleantum effects reduces the free
energy barrier for the proton transfer reaction in porpmgceThetrans — ts-A — cis-A
pathway showed a 4.5 kcal/mol reduction of the barrier heiQalitatively, it is expected,
however, exact values of the free energy barriers requitbdurefinement, carrying out
longer simulations. Some difficulties in averaging the feeergy derivatives in the pro-
cess of thermodynamic integration result mostly from ndlyfaquilibrated constrained
dynamics trajectories.

The goal of comparing the free energy profiles of the two loergy proton-transfer
reactions in porphycene, i.e. concerted vs stepwise oveckattwo symmetricairans
isomers, could not be completed yet, since we were not aldarty out the PIMD calcu-
lations of thetrans— ss-A— transpathway based on the NIC granted resources. Compu-
tations are being carried out.

The presented results may also suggest that a more preciseptien of the double
proton transfer mechanism would require even a more sagdtistl approach. This could
account for a two-particle quantum state, which is the twatgn wave function defined
on a spatial grid. The dynamics of such system should be geddyy the time-dependent
Schrodinger equation. The Hamiltonian should then cartiims describing the interac-
tions between the two-particle, proton wave function areddlassical ionic environment
forming the molecular skeleton.
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In order to study the relation between backbone and sidie-aidering in proteins, we have
performed multicanonical simulations of five amino acid legolymers. Glul0, GIn10, Asp10,
Asn10, and Lys10 were selected to cover a wide variety ofiplesiteractions between the
side chains. All polymers undergo helix-coil transitiolige found that peptides with long side
chains that are capable of hydrogen bonding, i.e. Glu10 dn#i0iGexhibit a second transition
at lower temperatures connected with side-chain ordefiihgs occurs in gas phase as well as in
solvent. However, in polymers with short side chains capabhydrogen bonding, i.e. Asp10
and Asn10, side-chain ordering takes place over a wide terpe range and exhibits no phase
transition-like character. Again, these results are tatalely independent of the environment.
Side chain ordering in Lys10, whose side groups are long afat,palso takes place over a
wide temperature range and exhibits no phase transitienelaracter in both environments.

1 Introduction

In the last two decades, energy landscape and folding fyrareldigms have led to an
emerging understanding of the protein folding process. ¢l@r, these concepts describe
only the general characteristics of folding. Many detaii emain poorly understood.
One aspect is the role of side-chain ordering in the foldiragess. Since amino acids are
distinguished by the side chains, the study of side-chalerimg can help us understand
the protein folding problem. Using the multicanonical Mer@arlo metho#i®, we have
studied the side-chain ordering of five homopolymers;@l&In;g, Aspig, Ashyg, and
Lys1o* 5. Itis found that, besides the helix-coil transition, a sahein ordering transition is
taking place for particular polypeptides only. The de-dmgpof side-chain and backbone
ordering transitions is independent of the environment.

2 Methods

We used the ECEPP/3 force fiélds implemented in the program package SMM#ere
the intramolecular interactions are approximated by a sonsisting of electrostatic en-
ergy, a Lennard-Jones term, a hydrogen-bonding term ancsinal energy term. The
protein-solvent interactions are approximated by a sdlaeoessible surface tefm

The above defined energy function leads to a landscape tblagiacterized by a mul-
titude of minima separated by high barriers. In order to eskasampling we rely on
the multicanonical approaéi. Here, configurations are weighted with a temny (E)
determined iteratively such that the resulting histogrdrays

Py (F) x n(E)wyu (E) ~ const 1)
wheren(E) is the spectral density of the system.
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3 Results and Discussions
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Figure 1. Specific heal'(T") as function of temperatur® for the five homopolymers in gas phase. This figure
is taken from Ref. 5.

We first studied the molecules in gas phase. Fig. 1 displagsspiecific heat per
molecule for the five polymers as a function of temperatureedch case one observes
a peak at a temperatufg in the ranget50 K to 600 K. The individual peak temperatures
Ty and other properties are listed in Table 1. These peaksspmmnel to the helix-coil phase
transitions which separate a high temperature region wtherbackbone has no ordering
from a region where temperatures are low enough to allowdtradtion of am-helix*°.

The transition temperatures are largest@u;, andGlnyo, and lowest forAsn, and
Aspio, with the individual values being very close to each otheaoh block. The ordering
of the transition temperature can be understood from thiicpéar energetic and entropic
contributions of the various side chains

Interestingly, a second peak in the specific heat is obsdore@lu;, andGln,o. The
peak temperaturek, are around 70 K (see table 1). This second peak is related to the
side-chain ordering in the form of hydrogen bonding betwsida group$®.

Asng and Aspy, whose side chains are only one &hroup shorter than those of
Gluy¢ andGlny(, show no second peak in the specific heat. The reason foethiarkably
different behavior is the apparent existence of a threshkaoidth for the side chains. If
these chains are not long enough, the number of degreeseafoineis simply too small
to allow for the fluctuations observed f@&lu;y andGlIn;y. Consequently, the ordering of
the side chains i\sn, andAspy does not have a transition-like character but is spread
out over a wide range of temperatures. Side-chain ordeghg\ior forLys; is similar to
Asng andAspg. Since its side groups can participate only in weak hydrdgerds, they
act neutrally at the helix-coil transition and finally ordeemselves by wrapping around
the helical cylindet.

The structural features in the low-temperature phase fdwand correspond to early
results from theoretical investigations on the groundessatucture of such homopolymers
in vacuum, performed by H. Scheraga’s group, see e.g. Ref. 9.
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Table 1. Properties of the helix-coil transitions obserfi@dhe five homopolymers: Transition temperatuigs
andT?, half width AT, and the specific heat per molecule at the transition terypesaC' (71 ) andC'(T3). The

number in parenthesis is the uncertainty in the last didie @ata are taken from Ref. 5.

vacuum solvent

TKl  ATAK] ()P | Tkl AT3K] ()P
Gluy, | 587(14) 161  0.193(2) 477(7) 88 0.296(3)
Glnyy, | 584(14) 163  0.181(1) 484(8) 97 0.268(3)
Lys,o | 538(8) 151  0.216(2)| 447(10) 98 0.266(3)
Asno | 485(19) 193  0.169(2)| 424(9) 105  0.249(4)
Aspo | 471(19) 170  0.182(2)| 415(6) 82 0.300(3)

LK ATOK] C(T)P || TKl  ATOK]  C(T2)P
Gluy, | 166(16) 203  0.176(4) 111(10) 166  0.152(2)
Glnyy | 181(23) 187  0.161(6) 120(17) 146  0.133(3)

aDetermined atC = [C(T1) + C(Timin)] /2, With Ty, from eitherC’ (Thin) = 0 0r C"'(Tmin) = 0.
bUnit is Kcal/mol.
CDetermined aCC' = [C(T2) + C(Tmin)] /2, With Thin, from C' (T ) = 0.

So far, we have focused on the molecules in gas phase. Haweveature proteins
are usually solvated, and their function often depends esdfvent environment. For this
reason we have extended our investigation to that of salvaenopolymers.

As in the case of gas phase simulations we observed for alifolecules a helix-coil
transition indicated by peaks in the specific heat, see Fithér properties also being
listed in Table 1. As can be seen clearly, the width of thesk®é much narrower, and
their height is larger than in gas phase, indicating a shidraesition.
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Figure 2. Specific heat’(T") as function of temperatur€ for the five solvated homopolymers. The figure is
taken from Ref. 5.

All transition temperatures are shifted to lower valuese Téason is the competition
between the formation of backbone hydrogen bonds thatig@tfiea-helix, and interac-
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tion between the peptide and the solvent in the coil phaseleWwhvacuum the transition
to the coil phase is driven solely by entropy, here also titipe-solvent interaction favors
the coil phase. These effects collaborate so that the timmsikes place at a lower temper-
ature and becomes sharper. However, the relative ordefitigedransition temperatures
among the polymers remains practically the same as in thplese.

Interestingly, again a second peak in the specific heat isrebd forGlu,, andGln,,
the exact properties also being listed in Table 1. Howewe the reason for such a behav-
ior is not the formation of hydrogen bonds among the sidenshdiecause the total number
of hydrogen bonds is limited to those that stabilize thexiadickbone. A closer inspection
shows that this second peak in the specific heat of (3kimainly due to fluctuations in
the solvent enerdy For Glnyg, it is the interplay of fluctuations in solvent energy witle th
fluctuations in ECEPP/3 energy that causes the second.peak

No such second peaks in the specific heat can be observAgdrigrandAsp. Their
fluctuations in solvent energy are cancelled by the strotigcanrelations between solvent
energy fluctuations and ECEPP/3 energy fluctuations foethes peptides. For similar
reasondys, also does not exhibit particular features with respectde-sihain ordering.
As before in gas phase, its side-chain ordering does notdtremsition-like character but
is spread out over a wide range of temperatures.

Detailed reports of this work are available in Refs. 4 and 5.
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We report first results on a Decision Tree classifier for sagmifying 3-turn types from se-
quence. It is based on previous work where we developed waeftDHPRED that predicts
dihedral angle regions for each residue in a polypeptidanctr@r 5 out of 83-turn (sub)classes
we obtain good prediction results with Matthew’s corr@atcoefficients between 0.3 and 0.6,
thus providing additional geometric constraints in thos#cal regions which determine the
fold topology of a protein. Threg-turn classes however can not be classified with sufficient
accuracy. We discuss possible sources of misclassificatind outline further research direc-
tions.

1 Introduction

Many structure prediction strategies involve the use oédial angle constraints from sec-
ondary structure prediction. From the usual 3-class ptiedis useful dihedral bounds can
however only be derived fati-helices and3-sheets. We recently developed a program
(DHPRED) to predict dihedral angle ranges for all residuesluding those in coil re-
giong'. The most abundant structural motifs within the coil regioh proteins argj-turns
which are defined as tetrapeptide motifs with a maximum distance of 7A. They have
been originally described by Venkatachafaamd Lewis and classified by the dihedral
angle regions of their central two residues-turns are of prime importance for the ter-
tiary structure of proteins as most of them characterizéipos where the peptide chain
reverses its direction. Several algorithms have been ibestto predict the location of
G-turns from sequence, however to our knowledge there is adigtion program avail-
able which can distinguish between the different typeg-tfirns. In this study we use
the dihedral angle regions predicted by DHPRED to develdpssification algorithm for
individual 5-turn classes.

2 Methods

As reference for the training of the classification algoritive use a nonredundant set
of protein structures from the Protein Data Bank (PDB) widlirwise sequence identities
< 25% and x-ray resolutions. 2.0 A. The assignment of the different turn types described
by Lewis is performed by the PROMOTIF softwAreThe Decision Tree algorithtras
implemented if is employed for multi-class classification. For this ifitgudy we use
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only minimal information. For the central two residues weaite (a) the amino acid
type as either Glycine, Proline or all other, (b) the 3-clessondary structure prediction
from PSIPRED and (c) the dihedral angle regions predicted by DHPRED. \ethe
definitions in Table 1 for prediction outcome types:

Prediction Observation

+1 -1
+1 TP (True Positive) FP (False Positive)
-1 FN (False Negative) TN (True Negative)

Table 1. Definition of prediction outcome types.

and employ as performance measures the accutacy= (TP + TN)/(TP + TN +
FP + FN), specificitySpec = TN/(T' N + FP), sensitivitySens = TP/(TP + FN)

and Matthew's correlation coefficient MCE (TPTN)_(FP-FN) .
\/(TP+FP)(TP+FN)(TN+FP)(TN+FN)

3 Results and Discussion

For the ca. 1,000 proteins of the nonredundant PDB-set, PAOMassigns about 9,000
(B-turns. We devide the turns randomly into two sets of sanwaim use one set for train-
ing of the Decision Tree classifier and the other for testifgpble 2 shows the confusion
matrix of the test set and the distribution of the differgrturn classes.

predicted
(B-turn class I I’ i IV Vla Vib VIl sum
I 1099 65 17 5 449 2 1 34 1672
Il 72 305 26 O 77 0 0 3 483
? 21 55 89 1 26 0 0 4 193
% I 26 1 8 12 74 1 0 1 123
8 v 744 104 35 16 697 4 16 50 1666
© Via 4 0 0 O 5 10 15 o 34
Vib 0 0 0 O 5 2 34 0 41
VI 107 3 2 2 195 0 0 43 352
sum 2073 533 177 36 1528 19 66 324564

Table 2. Confusion matrix fa8-turn classifier.

Table 3 shows the performance of the Decision Tree classifigrg different mea-
sures. While the Matthew’s correlation coefficients for thasses show reasonable (I,
Vla) or good (I', I, VIb) classification performance, theaskes II', IV and VIII can not
be identified correctly. The confusion matrix shows thatgheudo-class IV, which is just
defined as alb-turns which do not belong to any other class, is respongibleost of the
misclassifications.
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B-turnclass| Acc Spec Sens MCC
I 65.7% 0.66 0.66 0.31
I 63.1% 0.94 0.63 0.55
Il 46.1% 0.98 046 0.46
I 98% 099 0.10 0.17

\% 41.8% 0.71 042 0.13
Via 29.4% 1.00 0.29 0.39
Vib 82.9% 099 0.83 0.65
VIII 12.2% 098 0.12 0.16

Table 3. Performance measures foturn classifier: accuracy (Acc.), specificity (Spec.),strity (Sens.), and
Mathew’s correlation coefficient (MCC).

Our initial results show the general feasibility to predieturn types from the amino
acid sequence. This study does not address the separatietunfs from other secondary
structure elements but such algorithms are already avefilalm the future we will direct
our research to assemble a comprehensive library for thiigbian of local structure fea-
tures. For thes-turn classification we will e.g. use a derivate of the DHPR&Iftware
which is targeted to different dihedral regions as used wwitedefinition of 5-turns and
employ Support Vector Machine algorithms for the classiitra
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