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Chapter 1

Protein World

1.1 The Biology of Proteins

Proteins are the nanomachinesof living organisms,carrying out an overwhelming number of

menial tasks which are the elementary stepsof the complex cellular processes.Thesetasks

include such di�eren t categoriesas: (i) transport and storage of chemicals; (ii) becoming

building material for musclesand cell membranes;(iii) defendthe organismagainsexternal

agents; and (iv) catalize the vast array of chemical reactions that regulate the life of the

cell.

Despite their ubiquitous nature, proteins are cunning in their simplicit y at the atomic

level. All proteins are built with only �v e di�eren t types of atoms (N,O,H,C,S)! It is the

di�eren t arrangements of theseatoms which make the proteins so versatile. Through some

unresolved evolution process,we �nd ourselvesat present that theseatoms organizein only

twenty stable chemical compounds, termed amino acids (seeFig. 1.1). All amino acids can

be divided into two parts: (i) the backbone, which is identical for all the twenty types;and

(i) the residue, which is di�eren t and identi�es each type.

The amino acidsform and e�ectiv ealphabet, and their di�eren t combinations in a linked

chain of amino acids, one after the other, produce the di�eren t proteins. However, just in

the same way as a random combination of letters does not produce a word, a random

combination of amino acids doesnot produce a protein. A word is de�ned by its meaning,

1
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Figure 1.1: Wireframe representation of the twenty natural amino acids. Atoms are col-

ored as follows: Nitrogen{Cy an, Oxygen{Red, Carbon{Grey, Sulfur{Y ellow. Hidrogensnot

shown for simplicit y.



3

and a protein is de�ned by its function. The genes,embeddedin the DNA sequence,store

the preciseorder in which the amino acids must be linked to produce the desired protein.

This particular order is called the primary structure of the protein. The cell machinery,

i.e the proteins, are in charge of producing other proteins from the DNA sequencestarting

point. The complexity of primary structure production makes the arti�cial assembly of

proteins unfeasible with current technologies. Standar methods[1] resort to \slave cells"

which receive an input geneand then produce the corresponding protein.

Ca
C'N

H

R

H

H O

O

H

R

C' NH
Ca

R

H
Ca

N C'
L-form D-form

(a) (b)

Figure 1.2: (a)Atomic arrangement of the amino acid backbone. Key atoms are the central

C� and the covalently linked N and C0. We represent all atoms making up the residuepart

by R. The curved arrows indicate axis of free rotation. (b) The two chiralities of amino

acids, looking down the H-C� bond from the hydrogen atom.

1.2 The Structure of Proteins

It is critical to understand the atomic structure of proteins, prior to any attempt to produce

any type of protein model. We have discussedalready that any amino acid can be divided

into the backbone and the residue parts. When the amino acid is not linked to other

amino acids, its backbone is composedof a central carbon atom (C� ) covalently linked to

a carboxilic group (COOH � ), an amino group (NH2) and one hydrogen (H). In addition,

C� is covalently linked to the beginning of the residue part (see Fig. 1.2a). The four

groups attached to the C� atom are chemically di�eren t for all amino acids types except

for Glycine, which has only one hydrogen atom as the residue. Thus, amino acids are

chiral moleculesthat can exist with two di�eren t \hands", L- or D-form (see Fig. 1.2b).
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However, all natural amino acids produced in the cell have the L-form. Currently there is

no satisfactory explanation on the origin of this symmetry breaking.

Amino acids link together to form the protein chain via the so called \p eptide" bond.

After the linking process,six atoms (C � -C'-O-N-H-C � ) form a rigid plane termed peptide-

plane (seeFig. 1.3a). The peptide-plane is connectedto the rest of the chain via its two

C� atoms. We can view the protein chain as a connection of rigid peptide-planes. Peptide-

planes can rotate around themselves through two axis of rotation with nexus at the C�

atoms (seeFig. 1.3b). The angle of rotation around the N{C � axis is denoted by the \�"

angle, and the angle of rotation around the C� {C' axis is denoted by the \	" angle. Thus,

we can fully specify the conformation of the backboneto the atomic detail if we provide the

seriesof � and 	 anglesf (� 1,	 1),...,(� N ,	 N )g.

Ca
C'N

H

R

H

H O

O

H
OH2+ = +

Ca
C'N

H
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H
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O
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Figure 1.3: (a) Formation of a protein chain with a peptide bond. The six atoms in bold face

form a rigid peptide plane, shown in red. (b) Backbonechain asa linkageof peptide-planes

with speci�c � (blue) and 	 (green) angles.

Not all � and 	 valuesareallowedbecauseof the excludedvolumeof neighboring atoms.

The plot of all allowed � and 	 valuesis usually termed the Rachandran plot (seeFig. 1.4a).

There is a subset of � and 	 values within the Rachandran plot which correspond to the

valuesfound with high probabilit y in proteins. Important valuesare (� ' � 139, 	 ' 135)

corresponding to a � -sheet conformation (depicted by arrows), and (� ' � 57, 	 ' � 47)
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corresponding to the � -helix conformation (seeFig. 1.4b). Theseconformationsare referred

to as the secondary structure of proteins.

Y

F

-sheetb

-alphaa

(a) (b)

Figure 1.4: (a) Allowed 	 and � within the yellow regions. Red regions characterize the

values tipically found in proteins. (b) A tipical � -sheet and � -helix, with peptide-planes

shown in black and green.

Small chains of amino acids,of about 20 amino acidsor less,adopt either a random-coil

conformation or an � -helix or a � -sheet. However, proteins are longer chains, with more

than a hundred amino acids. At phisiological conditions, long helixes and sheetsare not

stable. Thus, proteins must arrange their amino acids in alternativ e ways. It has been

observed that the protein chain arranges into a seriesof short and medium helixes and

sheets,which then accomodate themselves to form a globular structure, called the tertiary

structure or fold of the protein (seeFig. 1.5). The tertiary structure is stable at phisiological

conditions and de�nes the funtion of the protein.

1.3 The Scienti�c Question

The advent of the genomeprojects [2], aiming to identify every single genein the human

DNA as well as in the DNA of some other organisms, has brought a wealth of protein
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Figure 1.5: Schematic drawing of a number of commonprotein folds. Top left: a/b domain

with Rossmannfold (3a, 20b-hydroxysteroid dehydrogenase),top right: immunoglobulin

constant domain, bottom left: TIM barrel (triose phosphatedehydrogenase),bottom right:

jelly roll (satellite tobacco necrosisvirus coat protein)

primary structures. Current genedatabasesstore more than ten billion entries, and the

expected publication of new sequencedgenomewill sustain the growth rate in the number

of entries over the next years. This meansthat for many proteins, we know the particular

order in which amino acids are linked together. However useful, this information is not

enough to predict with our current knowledge the particular function that a protein will

perform in the organism. Rather, we can today univocally identify the function if and

only if we are given the spatial arrangement of the atoms that make up the protein [3].
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At physiological conditions1, a protein has a preferred, stable atomic arrangement termed

tertiary structure, native state or folded state. Tertiary structure determines function and

vice-versa.

Ample experimental evidence[4,5] supports the central hypothesis that for relatively

small proteins (of the order of 100 amino acids) the primary structure encodes all the

necessaryinformation to predict the tertiary structure, and consequently , the protein func-

tion. The protein folding question is formulated in the following terms: given the primary

structure, what is the tertiary structure?

1.4 A Physicist Viewp oin t

From the physicist's point of view, the protein folding problem translates into understanding

the basicprinciples by which amino acidsarrange themselvesvia their physical interactions

into the tertiary structure, or folded conformation. However, one beginsto understand the

di�cult y of the problem when confronted with the multidimensionalit y of the protein phase-

space.For instance,assumingthat each amino acid hasonly two conformations, folded and

random, and that the protein has 100 amino acids, the number of total conformations is

2100. The sortest time for an amino acid to make a conformational changeis of the order of

the pico-second,thus taking a total of 2100�10� 12s ' 40 billion yearsto complety explore the

phase-spaceof this over-simpli�ed system and �nd the folded conformation. On the other

hand, proteins needto fold in the order of the millisecond in order to avoid aggregationin

the cell. This problem hasbeenknown asthe Levinthal paradox, after Levinthal formulated

it for the �rst time in the seventies [6]. Thus, it is critical to develop models as simple as

possible,yet able to reproduce the main characteristics of protein folding. In addition, we

need to develop computational tools that are e�cien t and capable of achieving the time

scalesneccessaryto study the folding of the protein.

1T = 298� K; P = 1at; pH = 7



Chapter 2

Computer Simulations

2.1 In tro duction

There is a current enormousattempt in the experimental arena to explore the role of each

amino acid in the folding processand �nal stabilization of the protein in its native con-

formation. Experiments basedon site-directed mutagenesis[7{11] identify the free energy

that individual amino acids contribute to the energygap betweenfolded and misfolded (or

unfolded) states. However, the complexity and sophistication of such experiments make it

merely impossibleto massively usethem to study the energeticsof individual amino acids.

There are several complications with the experiments at various stagesdue to the individu-

alit y of proteins | e. g. puri�c ation of the protein from the bacterial cell wherethe mutated

protein is producedand crystallization of the puri�ed proteins for the crystallographic stud-

ies, to mention a few. Such complications make it, in somecases,very di�cult to study

the proteins in vitro. In addition, the environment of the experiments usually drastically

di�ers from the natural cell environment | the concentration of proteins in vitro is much

lower than that in cells, raising a question of the experiments' reliabilit y.

Computer simulations arean attractiv ealternativ e to thesecomplexexperiments. There

have beenmany theoretically inspired computer experiments [12{16] attempting to predict

the thermodynamics and kinetic role of amino acids in proteins. On the other hand, the

complexity and vast dimensionality of the protein conformational space[6] makesthe folding

8
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time too long to be reachable by computational studiesat the atomistic detail [17{19]. The

shortest vibrational mode, corresponding to a perturbation of the atomic covalent bonds,

has a femptosecondperiod while the fastest proteins are known to fold in the milisecond

time scale. Current computing power allows one to approach the 10� 7s time scalewith full

atomistic detail.

Simpli�ed models [12,17,20{27] becamepopular due to their abilit y to reach reasonable

time scalesand to reproduce the basic thermodynamic and kinetic properties of proteins

[5,18,28], such as: (i) unique nativestate (NS), i. e. there shouldexist a singleconformation

with the lowest potential energy; (ii) cooperative folding transition (resembling �rst order

transition); (iii) thermodynamical stabilit y of the NS; (iv) kinetic accessibility, i.e. the NS

should be reachable in a biologically reasonabletime [25,29].

2.2 Mon te Carlo on-lattice

The simplicit y of the Monte Carlo algorithm, and a signi�cantly smaller conformational

spaceof the protein models due to the lattice constraints, make Monte Carlo on-lattice

simulations a powerful tool to study the thermodynamic properties of proteins [19,20,30,

31].

The Monte Carlo algorithm is basedon a set of rules for the transition from oneconfor-

mation C to another C0. Thesetransitions are weighted by sometransition matrix WC! C0

which re
ects the phenomenaunder study. In the classicalMonte Carlo schemewe have

WC! C0 = min [
e� � EC 0

e� � EC
; 1]; (2.1)

whereEC is the energyof the systemwhen in conformation C, and � = 1=kB T is the inverse

temperature (when the Boltzmann constant is taken as unit y). A random walk through

energy spacewill generatethe canonical distribution of energiesH (E) = g(E)e� � E , where

g(E) being the density of states (DOS).

We allow the following con�gurational changesin the protein chain:

� translation of the whole protein-chain as a rigid body.
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� pivoting around a randomly selectedamino acid

� re
exion around a randomly selectedamino acid and perpendicular to a selectedaxis

(either the X-axis or Y-axis).

� kinkjump around a randomly selectedamino acid.

All these changesmust preserve protein-chain continuit y. In addition, we avoid the over-

lapping of two particles on the samelattice site by interchanging their positions. We allow

the following con�guration changesin the aqueoussolvent:

� selecta water particle at random and changethe value of its internal variable.

� select two neighboring water particles and interchangetheir positions.

2.2.1 Multicanonical Mon te Carlo

Despitewe �nd on-lattice modelsa big step down the degreeof re�nement of atomistic mod-

els, the resulting energylandscapeof a protein plus solvent is characterizedby a multitude of

local minima. At low temperatures and with the classicalMonte Carlo scheme,the protein

spendsall the simulation time in onetheselocal minima after it is found. Thus, the classical

Monte Carlo scheme makes unfeasiblean e�cien t sampling of the protein conformational

space.

Fortunately, the Multicanonical Monte Carlo (MMC) technique [32{34] is specially

suited to avoid transient trapping in local energy minima at low temperatures. Speci�-

cally, we use the multiple-range random walk algorithm [35] to calculate the DOS. Unlike

conventional Monte Carlo which generatesa canonical destribution H (E) = g(E)e� � E ,

the MMC rules for acceptanceof a new system conformation generatea 
at distribution

H (E) = constant.

We can generatea constant H (E), beginning with H (E) � 0, by performing a random

walk in energyspacewith transition matrix

WC! C0 = min [
1=g(E 0)
1=g(E)

; 1]; (2.2)
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the ultimate goal of MMC being the computation of the DOS. Since we do not know a

priori the DOS, we initialize g(E) = 1 and perform the following algorithm:

1. at step i , generatenew conformation C0
i from old conformation Ci .

2. if the fraction F � 1=g(E 0)
1=g(E ) � 1, accept the move and Ci +1 � C0

i . Otherwise, compare

the fraction F to a random number r . If F � r , accept the move and Ci +1 � C0
i ,

otherwise reject the move and Ci +1 � Ci .

3. Multiply the DOS by a constant factor f > 1: g(ECi +1 ) ! f � g(ECi +1 ).

4. Increasethe energydistribution: H (ECi +1 ) ! H (ECi +1 ) + 1

5. If the ratio hH 2 (E )i�h H (E )i 2

hH (E )i 2 ' (log f )2 stop the simulation, otherwise repeat �rst step.

Once the simulation is �nished, we obtain an energy distribution H (E) which is con-

stant with accuracy proportional to log f . If we desirehigher accuracy, we perform a new

simulation with a new factor f 0, 1 < f 0 < f and initialize the DOS with the output g(E)

from the old simulation.

We can calculate equilibrium averages,or higher moments, for quantities that are func-

tions of the system-energyand at any temperature,

hAi =
1

Z (� )

Z
dEg(E)A(E)e� � E ; (2.3)

Z (� ) =
Z

dEg(E)e� � E : (2.4)

If we are interested in a quantit y A(x1; ::; xN ) that is are not a function of the system-

energy, then we calculate the extendeddensity of states (EDOS) g(x1; ::; xN ; E ). The algo-

rithm to calculate the EDOS is the sameas for the DOS.

Once we obtain a constant H (x1; ::; xN ; E ) up to accuracy logf , we calculate the ther-

modynamics averages,

hAi =
1

Z (� )

Z
dx1::

Z
dxN

Z
dEg(x1; ::; xN ; E )A(x1; ::; xN )e� � E : (2.5)
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2.3 Discrete Molecular Dynamics

Monte Carlo simulations may not be a reliable tool to study the protein kinetics. The time

in Monte Carlo algorithms is estimated as the averagenumber of moves. It was pointed

out [36] that Monte Carlo simulations are equivalent to the solution of the master equation

for the dynamics and, hence,there is a relation betweenphysical time and computer time,

which is counted asthe number of Monte Carlo steps. However, a number of delicate issues,

such as the dependenceof the dynamics on Monte Carlo move set, remain outstanding and

hencean independent test of the dynamics using the molecular dynamics (MD) approach

is preferred.

To addressthe questionssensitive to protein kinetics, it would be useful to study MD

models of proteins. Thus far, several MD simulations have beenperformed [37{39], which

demonstrate the abilit y of the simpli�ed models to study the thermodynamics and kinetics

properties of proteins. More detailed models have proven to be useful only in the shortest

time scales,well below the required time for the protein fold.

We propose to implement the discrete molecular dynamics (DMD) algorithm [40,41]

to study proteins. The earliest molecular dynamics simulations were performed with the

discretealgorithm, beforethe advent of the nowadays conventional, or contiunous molecular

dynamics(CMD). DMD hasa higher speedperformancethan CMD, in exchangefor a higher

demand on computer memory. With current computer memory, a typical PC platform

exceedsby far the DMD requirements, making DMD a choice tool to simulate the folding

of proteins.

2.3.1 Temp oral Evolution

The DMD central point is the use of discontinous potentials that model interactions be-

tween pair of particles. We depict two typical potentials in Fig. 2.1. The �rst potential

correspond to a non-bonded interaction: the two particles may overcomea �nite potential

barrier located at the interaction range r � and becomefree particles. The secondpoten-

tial correspond to a bonded pair: particles move freely only whithin a certain range of
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distances,bonded by two in�nite potential barriers. In addition, we can approximate the

dynamics of DMD and CMD in the short time scaleby including additional potential barri-

ers (seeFig. 2.1) so that the discretepotential matchesmore closelythe continous potential

function. However, we looseall the speedadvantagesof DMD in doing so.

r

V(r)

r

V(r)
(b)(a)

r*

Figure 2.1:

Figure 2.2: (a) Typical non-bondedand (b) bondeddiscontinous potentials for two interact-

ing particles (bold lines). We can approximate a discretepotential to a continuouspotential

function by including additional steps(dashedlines ).

With discontinous potentials, a particle is not subject to any force unlessits distance to

other particle happens to be exactly one of the distancesfor which there exits a potential

barrier. Otherwise, the particle movesfreely and we can easilypredict its position for future

times. Becausewe can predict the future positions of all particles, we can also compute

for any pair of particles the time when their mutual distance will correspond to one of

those distancesfor which there exist a potential barrier. Thus, for each pair of particles we

calculate a collision time, tcoll . Once we know all possibletcoll in the system, we sort the

minimal one, tmin , and evolve the position of the particles from t0 to t0 + tmin . After the

algorithm has performed this step, all particles have changedtheir positions and there will
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be only one particular pair of particles (pi ; pj ) for which their mutual distance will exactly

be one of the distances for which there exits a potential barrier. Thus, we have to solve

collision equations for this particle-pair (pi ; pj ), which consist of conservation of energy,

momemtum and angular momentum equations. The solution of these equations are new

velocities for the two particles. After calculating the new velocities, we repeat the whole

processby computing new tcoll 's.

This algorithm can be greatly improved, provided we notice three observations: (i)

leaving aside the particular colliding-pair (pi ; pj ), all other particles have not yet collided

and therefore are still moving freely. Thus, there is no necessity of updating their positions

since we can still calculate their positions for future times; (ii) We only need to calculate

new tcoll 's only for all particle-pairs for which either one of the two particles is pi or pj .

This is so becausepi and pj have changed their velocities as the result of their previous

collision; (iii) We do not need to calculate tcoll 's for any two particles far away from each

other, becauseit is very likely that before this collision happens, one of the two particles

will collide with a closer particle. Thus, we divide the system volume into cells, and for

any given particle we compute tcoll 's only with particles that are in the samecell and in

neighboring cells.

2.3.2 Temp erature Con trol

Our systemsof interes, namely proteins and proteins in aqueoussolution, undergo changes

resembling a �rst order transition closeto ambient temperature. Upon transition, the sytem

either releasesor absorbslarge quantities of energy. It is therefore critical to implement an

auxiliary methodology that controls the system temperature in a way that mimics natural

temperature control.

Rare Gas Thermostat

The simplest temperature control to implement in the DMD algorithm consistsof the inclu-

sion of extra particles. Theseparticles interact with the amino acids via ellastic collisions,
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drawing or adding energy to the protein. Extra particles also undergo ellactic collisions

among themselves, in order to maintain the Maxwellian velocity distribution through time.

We de�ne the protein temperature Tpr ot and the system temperature T with the kinetic

energy:

3
2

kB Tpr ot =
1

Naa

NaaX

i =1

mv2
i

2
(2.6)

3
2

kB T =
3
2

kB Tpr ot +
1

Nxp

N xpX

i =1

mv2
i

2
; (2.7)

where Naa is the number of amino acids and Nxp is the number of extra particles. At

equilibrium conditions, Tpr ot � T .

Upon a folding transition, the potential energyof the protein decreasesabruptly and its

kinetic energy increasesin the samemeasure,thus increasing Tpr ot . We need Nxp � Naa

so that the extra particles will absorb the excessive kinetic energy of the amino acids,

thus decresaingTpr ot , while at the same time the system temperature T will not change

appreciably. In addition, Nxp must be big enough so that the rate at which the extra

particles absorb the heat will be bigger than the typical folding transition rate.

While most easy to implement, the drawback of this temperature control method is

the overhead of computational cost due to collisions between the extra particles. These

collisions have no bearing in the properties of the protein. Thus, one desiresto make N xp

as small as possible. After several try-outs, we �nd a value of Nxp ' 40Naa to be a good

compromisebetweencomputational overheadand temperature control e�ectiv eness.These

number of extra particles whithin the system volumes simulated correspond to densities

typical of the rare gas.

The Andersen Thermostat

We can eliminate most of computational overhead incurred by the rare gas method by

removing the collisions between the extra particles. To achieve this goal, we implement

the Andersen themostat (AT) [42]. In AT, each amino acid is immersed in a constant

temperature bath of imaginary (ghost) particles. Ellastic collisions between amino acids
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and the particles of this imaginary bath maintain the temperature of the amino acids.

Thus, we scheduleoneghost collision for each amino acid at a future time t0 + � t extracted

from a Poissondistribution of times

P(t) = � E � � � t ; (2.8)

where � is the ghost collision rate. When a ghost collision needsto be computed, we simply

assigna new velocity for the amino acid. The new velocity is extracted from a Maxwellian

distribution at system temperature T,

P(~v) =
m

(2� kB T)3=2
e� m~v2=2kB T : (2.9)

The ghost collision rate � must be bigger than the folding transition rate in order to rapidly

absorb the releasedenergy upon folding. While in the folding transition, many amino

acids that are separatedalong the protein chain becomeinto contact in space. Thus, an

acceptablevalue for � is the typical long-rangecollision rate, i.e the typical rate at which

two amino acids that are separatedalong the protein chain collide.

While this method resolves the computational overhead of the rare gas, it imposes

somewhat unrealistic collisions for someamino acids. In particular, we should implement

a smaller number of ghost collisions for amino acids in the core of the protein. In the rare

gas method, these amino acids are shielded from the extra particles by the surrounding

amino acids. In AT, amino acids are assignedghost collisions with no regard to the local

environment.

The Berendsend Thermostat

If computational speed is a critical requirement of the simulations, the Berendsend[43]

thermostast allows one to remove all collisions, real or ghost type, between protein and

surrounding solvent. This is done by coupling the systemto a heat bath via a heating rate

coe�cien t � . We re-scalethe system temperature T at regular time intervals � t,

T(t + � t) � T(t)
� T

= � � (T(t) � TH B ); (2.10)
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where TH B is the heat bath temperature. Since we de�ne the system temperature via

equation 2.3.2, we have to rescalethe particle speedsby factor
p

T(t + � t)=T(t).

For instance, Let our system be composedof one particle moving freely with velocity

~v0 at t = 0. The initial temperature T0 is de�ned as 3=2kB T0 = 1=2m~v2
0. If we changethis

systemtemperature to TH B by a seriesof in�nitesimal steps, the temperature and velocity

time-evolution will be

T(t) = TH B + (T0 � TH B )e� �t (2.11)

~v(t) = ~v0 � �( t) = ~v0

s
3kB T(t)

mv2
0

(2.12)

Unfortunately, if we rescalethe particle velocities in a more complicated systemwe have

to recompute all collision times between pair of particles, thus imposing a high computa-

tional cost. To avoid this cost, we take an alternativ e strategy. Returning to our previous

system of one particle, let's imposea transformation in the time coordinate via

dz = �( t)dt: (2.13)

After the trasformation, the new velocity is constant

~v(z) �
d~r
dz

=
d~r

�( t)dt
=

1
�( t)

~v(t) = ~v0 (2.14)

and the equationsof motion are invariant in form, thus giving the sametra jectory,

0 = m
d~r
dt2 ! 0 = m

d~r
dz2 : (2.15)

The equations of motion are not invariant in form for more complicated systems whith

interactions,

r U = m
d~r
dt2 ! r U =

1
�( t)2 m

d~r
dz2 : (2.16)

Thus, we gerenarilizethe transformation by changing the potential via

U(z) =
1

�( t(z))2 � U ! r U(z) = m
d~r
dz2 : (2.17)
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Our strategy consistsin simulating the systemin the z-time coordinate for a seriesof small

time steps� zi . After every time step, we calculate quantitites pertaining to the Berendsend

thermostat

�( t + � t i ) = �( t)

s
T(t + � t i )

T(t)
' �( t)

s

1 � �
� zi

�( t)
T(t) � TH B

T(t)
(2.18)

� t i =
� zi

�( t + � t i )
(2.19)

T(t + � t i ) = �( t + � t i )2T(t): (2.20)

In addition, we rescalethe potential energyof the systemso that we can simulate the next

� z-time step,

U(z + � zi ) =
U(z)

�( t + � t i ))2 : (2.21)

The Berendsendthermostat gains computational speedbut imposesunrealistic updates in

the velocities of the particles, becauseall particles have their velocities updatesat the same

time. This method underestimatesthe role of the big 
uctuations that arise due to sudden

transfer of energy to a particular particle.



Chapter 3

Protein Mo delling

3.1 In tro duction

3.2 On-Lattice Mo del

We implement a protein plus aqueoussolvent system on the square lattice with periodic

boundary conditions. Every amino acid occuppies only one lattice-site, and every water

moleculeoccuppiesone lattice-site. No two water moleculescan occuppy the samelattice-

site. The same rule applies for two amino acids, and for one amino acid and one water

molecule. We model the hydrogen-bond interactions between water moleculesonly to the

next-neighbor range. A water molecule can have up to four next-neighbors if no amino

acids occupy a neighboring lattice-site (Fig. 3.2). We model the possibleorientations of a

water moleculeby the allowed valuesof a q-state Potts variable � i . Only when two neighbor

moleculeshi; j i are in the correct orientation (� i = � j ) does a hydrogen bond (HB) that

increasesthe volume of the system by � V form. This interaction mimics the increment

on volume due to the incipient formation of a tetrahedral structure in the real hydrogen

bond network. If the two neighbor moleculeshi; j i are not in the correct orientation, the

interaction of the particles doesnot imply any increment in volume. The Hamiltonian for

our model of water-water interaction may be written as [44]

H H B = � J
X

hi;j i

� � i ;� j ; (3.1)

19
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Figure 3.1: Bidimensional water-protein model. The protein amino acids (red) occupy

contigous lattice sites and are surrounded by water molecules(black).

were J > 0 is the interaction strenght between water moleculesupon tetrahedral network

formation. The total volume of the system is given by V = V0 + NH B � V , where NH B =
P

hi;j i � � i ;� j is the total number of hydrogen bonds with � V > 0 in the system. The sum
P

hi;j i extendsonly to nearestneighbors. The enthalpy of the system(H H B + PV) is given

by

H H B + PV = � (J � P� V )
X

hi;j i

� � i ;� j ; (3.2)

where P is the pressure applied to the system. Our model solvent features a pressure

Pc = J=� V , above which formation of a hydrogen bond with � V > 0 is not favorable from

the energeticpoint of view.

We model the protein as a self-avoiding random walk embeddedin the water bath. For

simplicit y, we considera non-polar homopolymer that interacts with water via the partial

ordering of water moleculesforming hydrogen bondedstructures around the homopolymer.

We mimic the interaction using the Hamiltonian,

H p = Jr nH B (nmax �
X

hi;j i

ni nj ) ; (3.3)

where the parameter Jr > 0 is the strength of the repulsive interaction and nH B =

NH B =Nwater is the number density of hydrogen bonds with � V > 0 (Nwater is the number
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of water molecules). The water{p olymer repulsion increasesas the water moleculestend

to form the tetrahedral, low{density, hydrogen bonded network, where an unfolded apolar

macromoleculeis unlikely to be embedded. nmax is the maximum number of monomer{

monomer contacts and
P

hi;j i ni nj is the number of monomer{monomer contacts, where

ni = 1 if the lattice position i is occupied with a monomer, and zero otherwise. Therefore,

nmax �
P

hi;j i ni nj is a measureof polymer compactness,and equals zero when the poly-

mer is maximally compact. Thus, Eq. (3.3) states that the hydrophobic repulsion driving

the polymer to a compact state is equal to zero when the polymer is maximally compact

(
P

hi;j i ni nj � nmax ) or when the water forms the high{density bond network (nH B � 0).

We hypothesize that the inabilit y of water molecules to arrange in the low density

ice{lik e structures is the principal mechanism responsible for the experimentally observed

protein unfolding at very low temperatures [45{47]. At low pressures(P < Pc) and low

temperatures,water moleculesform a low density hydrogenbondednetwork, sothe polymer

is forced to adopt a compact state. At high pressures(P > Pc), the water is not able to

form the low density network and arrangesin a more densestate. In this casethe e�ectiv e

repulsion between the apolar monomers and the solvent decreases,and water molecules

penetrate into the homopolymer core, unfolding the compact state. Our hypothesis is

supported by the experimental observation that unfolding at low temperaturesexistsmainly

at high pressures(of the order of kbar), where water only freezesin the denseice I I phase.

3.3 O�-Lattice Mo dels

Lattice modelscan not assessthe role of each particular amino acid in the thermodynamics

and kinetic properties of the protein becauseof the unrealistic constraints that the lattice

model imposeson the real conformational degreesof freedom. Theseconstraints translate

into a poor capability of the lattice modelsto discernthe topological properties of a protein,

which are central for determining its function in the organism.

In addition, it is crucial to model correctly the protein-backbone 
exibilit y. The reason

is that the folding transition of someproteins can be represented as a two-stageprocess:
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�rst, the unfolded protein approaches its transition state, where a few, well-de�ned amino

acids form contacts [19] and drastically reducethe entropy. Second,the protein goesto the

folded state, where energy is reduceddrastically with lesschange in entropy. Flexibilit y is

the main factor in calculation of the entropy of the model proteins, and thus it is crucially

important to �nd an appropriate set of constraints among amino acids to mimic the real


exibilit y of the protein. A simple \b eads-on-a-string"model of a protein will not reproduce

the experimentally observed folding transition. There are many constraints in real proteins,

such asthe excludedvolumeof side-chainsand the rigidit y and orientation of covalent bonds.

All thesefactors strongly reducethe conformational spaceof real proteins and signi�cantly

separatethe \b eads-on-a-string" protein model from real proteins.

We proposeto tackle the problem of protein modelling through a seriesof increasingly

complex models, each one suited for a di�eren t question. We begin with the one-bead

model whereeach amino acid is modeledby a singlebead. This model is useful to study the

generalproperties of the folding transition kinetics. The next step di�erenciate betweenthe

backbone and side-chain components of each amino acid. Thus, we assign two beadsper

amino acid in the two-bead model. We study the details of the transition state ensemble

with this model. Finally, we increase the complexity of the description of the protein

backboneby modelling three-beadsper amino acid backbone. We study the conformational

changesof the protein backbone with this model.

3.3.1 One-b ead Mo del

A simple beads-on-a-stringmodel cannot reproduce the experimentally observed folding

process,whereby the protein undergoesa folding transition without accumulation of inter-

mediate conformations. The beads-on-a-stringmodel features an excessof 
exibilit y when

compared to the 
exibilit y of real proteins. Thus, we intro duce a set of additional con-

straints among amino acids in order to mimic the 
exibilit y of proteins. We obtain the set

of constrains from structure of the native state of the protein that we study. Let's assume

that in the native state, two amino acids with positions i and j along the protein sequence
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are separatedby a distance dij bigger than a prede�ned value D. Then we imposea re-

pulsive interaction of the hard-core type between these two amino acids. This interaction

is e�ectiv e at all times, and not only when the protein adopts the native structure. Thus,

we make useof a particular conformation, the native state, to de�ne interactions that will

be valid regardlessof the particular conformation that the protein will adopt. We set D as

the hard-core diameter for the two particular amino acids i and j .

We coarsegrain all atoms belonging to oneamino acid into a single bead. We place the

center of the beadin the C� carbon of the amino acid (seeFig. 3.2). If the particular amino

acid is Glycine, which has no C� carbon, then we place the center of the bead in the C�

carbon.

Cb

Figure 3.2: Coarse-grainprocessfrom all-atom to one-bead. We substitute all atoms of the

amino acid by a single spherecentered in the C� carbon

We connect consecutive beadsi and i + 1 into a single polymer chain with the help of

auxiliary \p eptide" bonds (seeFig. 3.3). We allow i and i + 1 to wiggle around a distance

di;i +1 whithin certain limits. We choose the distance di;i +1 to be precisely the distance

between i and i + 1 when the protein adopts the native state conformation. All these

speci�cations we gather in the following potential energybetweenbeadsi and i + 1,
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U(j ~r i � ~r i +1 j) =

8
>>><

>>>:

1 if j ~r i � ~r i +1 j� di;i +1 (1 � � =2)

0 if di;i +1 (1 � � =2) < j ~r i � ~r i +1 j< di;i +1 (1 + � =2)

1 if j ~r i � ~r i +1 j� di;i +1 (1 + � =2) ;

(3.4)

where � controls the 
exibilit y of the bond.

Cb

Figure 3.3: Auxiliary peptide bonds between consecutive C� carbons make up the the

polymeric chain.

The simplicit y one-bead model allows one to simulate the time evolution of the protein

long enough to attain statistical signi�cance in thermodynamical averages,as well as to

reproduce many folding transitions to study the kinetics of folding.

3.3.2 Tw o-b ead Mo del

The next step above the one-bead model is the explicit segregationof the two parts of the

amino acid, the backbone and the residue, into two beads(seeFig. 3.4). This segregations

allows one to separate the backbone dynamics from the tipical scalescorresponding to

interactions among residues. In addition, it allows one to mimic the protein 
exibilit y with

higher �delit y.

We model a set of constrains to mimic the 
exibilit y of proteins (see Fig. 3.5). The

�rsts group of contrains bonds consecutive C� 's to model the \p eptide" bond. The second
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Ca

bC

Figure 3.4: Coarse-grainprocessfrom all-atom to two-bead. We substitute all atoms of the

amino acid by a two spherescentered in the C� and C� carbons

group bonds next to consecutive C� 's to model preferred angles between peptide bonds.

The third group of constrains bonds the C� of each amino acid to its C� . Finally, a fourth

group of constrains bonds each C� to the the C� 's of the previous and next amino acids.

Cb

Ca

Figure 3.5: Auxiliary peptide bonds betweenconsecutive C� and C� carbons make up the

the polymeric chain.

A word about the distances. They are retrieved from the protein database.
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3.3.3 Four-b ead Mo del

The four bead model targets the backbone conformational changes,allowing to investigate

rearrangements of the backbone to the atomic detail. The protein model employs three

beadsto represent the backbone and one bead to represent the residue [48,49]. Molecular

dynamicsstudies in such a polypeptide systemhave shown a sharp helix-coil transition [49],

which suggeststhat it is possibleto study other coformational changesof the protein back-

bone such as the � -helix to � -sheet transition.

(seeFig. 3.6).

Ca

bC

C

N

Figure 3.6: Coarse-grainprocessfrom all-atom to two-bead. We substitute all atoms of the

amino acid by a two spherescentered in the C� and C� carbons

(seeFig. 3.7).

A word about the distances. They are retrieved from the protein database.
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Cb

Ca

C
N

Figure 3.7:



Chapter 4

Protein Stabilit y Studies

4.1 In tro duction

Some proteins becomethermodynamically unstable at low temperatures, a phenomenon

called cold denaturation [45{47,50]. This phenomenonhas been mainly observed at high

pressures,ranging from approximately 200 MPa up to 700 MPa [51,52]. An explanation of

the P � T phasediagram of a protein with cold denaturation has been proposed[53,54],

but a microscopicunderstanding of the mechanismsleading to cold denaturation hasyet to

be developed, due in part to the complexity of protein-solvent interactions.

Existing theories of folding and unfolding of diluted proteins consider hydrophobicity

as the driving force of protein stabilit y [22,55{64]. In the caseof apolar macromolecules,

hydrophobicity hasbeenidenti�ed with the assembly and segregationof the macromolecule

to minimize the disruption of hydrogen bonds among water molecules[55,61{65]. Water

tends to be removed from the surface of apolar molecules, forming a cage composed of

highly organized water moleculesaround the molecule, where the disruption of hydrogen

bonds is minimized [66]. The simplest hydrophobic model features an e�ectiv e attraction

betweenhydrophobic molecules[67], but doesnot reproducecold denaturation. In order to

obtain cold denaturation with this model, new studies [56,68] had to insert a temperature-

dependent attraction derived from experimental observations at ambient pressure[69]. An

explicit account of water around the hydrophobic moleculeshas also been consideredin

28
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order to understand the cold denaturation processwith temperature-independent interac-

tions. Theoretical attempts modeled the e�ectiv e water-protein interactions with the free

energy cost of excluding the solvent around the nonpolar molecule [65,70,71]. Numerical

simulations basedon theseattempts have beenapplied to study the pressuredenaturation

found in proteins [60].

Not until recently hascold denaturation beenstudied at the microscopiclevel. Simpli�ed

models[72{75], basedon a bimodal description of the energyof water in the shell around the

hydrophobic molecule [76{78], predicted cold denaturation. Similar results were obtained

using a lattice model of a random hydrophobic-hydrophilic heteropolymer interacting with

the solvent [79]. Several models mimicking the interaction between water moleculesand

non-polar monomers have also been applied to the study of cold denaturation. [80{85].

One possiblereasonfor the inabilit y of the previous models to capture both the molecular

details of cold denaturation and the e�ect of pressureis the neglectof (i) correlations among

water moleculesnear the freezingpoint, and (ii) the density anomaly due to the tetrahedral

structure of the hydrogen bonded network.

4.2 Metho ds

We implement the two-dimensionalwater lattice model discussedin Sec.3.2. In addition,

we also treat the protein according to the model presented in the samesection. Thus, we

write the enthalpy of protei plus water system as

W = H p + H H B + PV (4.1)

Sincethe energy landscape of the protein interacting with the water network is charac-

terized by a multitude of local minima, we perform multicanonical Monte Carlo simulations

to avoid transient trapping of our water-protein systemin local energyminima at low tem-

peratures (Sec.2.2.1). We adopt the algorithm in order to embed the self-avoiding protein

into the lattice, and to calculate the two-parameter density of states g(NH B ; Nc), where
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Nc �
P

hi;j i ni nj is the number of residue-residuecontacts. From the density of states we

calculate the temperature and pressuredependenceof the averagenumber of residue-residue

contacts

N c =
X

NH B

X

N c

Ncg(NH B ; Nc)
e�W (N H B ;N c )=T

Z
; (4.2)

where Z is the partition function. We perform Monte Carlo simulations of a system

of 383 water molecules and a protein consisting of 17 non-polar residues with periodic

boundary conditions.

4.3 Results

4.3.1 Water Mo del

Above Pc, we �nd that NH B decreasesas we decreasethe temperature, and the water

model undergoesa transition to a state whereall hydrogen bondswith � V > 0 are broken.

Below Pc, we �nd that NH B increasesaswe decreasethe temperature, and the water model

undergoesa sharp transition, at T = Tc = (J � P� V )=(ln(1+
p

q)) [44], to a state whereall

hydrogen bonds with � V > 0 are formed. Thus, our water model reproducesthe freezing

of water to low and high density ice, since for P < Pc (Pc � 200MPa in real water) water

freezesto the low density ice Ih, and for P > Pc, water freezesto the high density ice I I [86].

A relation betweenthese two phasesof ice and protein folding has already beensuggested

from a thermodynamic point of view [87,88].

4.3.2 Cold Denaturation

We ploy in Fig. 4.1 the dependenceof N c=nmax on temperature for di�eren t valuesof the

pressureboth above and below Pc. The calculated density of states g(NH B ; Nc) converges

to the true value with an accuracyof the order of 10� 5. The value of N c=nmax rangesfrom

one (maximally compact protein) to approximately 0:71 (which is the averagenumber of

residue{residuecontacts found at high temperatures). Only when P > Pc do we observe the
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cold denaturation of the protein. Above Pc, nH B decreasesmonotonically with decreasing

temperature, thus the repulsion term Jr NH B also decreasesmonotonically. We �nd then

that a re-entrant transition as the one found in cold denaturation does not require a non-

monotonic function of the temperature for the polymer{water repulsion.
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Figure 4.1: Normalized number of residue-residuecontacts vs. temperature for pressure

values PV0=J = 0; 0:25; 0:5; 0:75; 1; 1:1; 1:125; 1:15; 1:175; 1:2; 1:25; 1:4; 1:5; 2. A magni�ed

region where the cold denaturation takes place is shown in the inset. The dotted line

corresponds to N c=nmax > 0:96. We represent the curve corresponding to P = Pc = J=� V

by a bold line. The valuesof the parametersusedare: J = 1; J r = 10; � V = 1 and q = 10.

We also reconstruct the phasediagram of the water-protein system in the P � T plane

(Fig. 4.2). We consider the protein to be in the collapsed state if 96% of all possible

contacts are formed, i.e., if N c=nmax > 0:96. For each pressurevalue, the freezing lines of

water shown in Fig. 4.2 are given by the temperature at which we observe a maximum in the

speci�c heat of the water bath. We compareour �ndings to experimental observations [89]
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for bovine pancreatic rib onucleaseA studied by 1H NMR spectroscopy. We �nd remarkable

qualitativ e agreement between the experimental and numerical P � T phasediagrams. In

both experimental and numerical P � T phasediagrams,we observe that cold denaturation

occursat high pressuresand, aswe lower the temperature, closeto the water{ice I I freezing

line and in the region wherewater moleculesare not capableof forming low density ice{lik e

structures. In addition to the study of rib onucleaseA [89], cold denaturation at very high

pressuresin the kbar rangehasalsobeenobserved in chymotrypsinogen [53,54], myoglobin

[53,54], staphylococcal nuclease[90] and has beenproposedas the principal mechanism for

the observed pressure-inactivation of bacteria, such as Escherichia coli.
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Figure 4.2: P-T phasediagram for the protein derived from Fig. 4.1. Dashedlines indicate

the freezing lines for model water. Water freezesin low density ice Ih for PV0=J < 1 and

in denseice I I for PV0=J > 1. In the inset we present the experimental results obtained by

Zhang et al. [89] for the bovine pancreatic rib onucleaseA. Two typical con�gurations of

the protein are shown, one in the compact state and the other in the denaturated state.

Not all proteins behave equally as we decreasetemperature at high pressure. In par-
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ticular, there are someproteins that do not exhibit cold denaturation. We reproduce the

variabilit y of protein dynamics at high pressureand low temperature by varying the hy-

drophobic parameter Jr to lower values, e�ectiv ely impeding a stable compact state for

pressuresabove the P = Pc line. In Fig. 4.3 we present the phasediagrams obtained for

di�eren t valuesof Jr , ranging from two to 20. The shape of the phasediagram changesas

we increasethe value of the repulsive interaction J r , allowing stabilization of the compact

state and cold denaturation above the P = Pc line.
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0.5

1

1.5
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Jr=10

Jr=20
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ICE II

Figure 4.3: P-T Phasediagram for proteins with J r = 2; 5; 10; 20. Dashedlines indicate the

computed freezing lines for water. Dotted line indicates the P = Pc = J=� V line.

4.4 Discussion

Within the framework of our model, we reproduce the experimentally-observed thermody-

namics of cold denaturation. However, we cannot addressthe kinetics of this process. It

could be also feasibleto investigate in future work the dynamics with a more sophisticated
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model, where we consider not just the averagenumber of hydrogen bonds with � V > 0,

but the actual numbers for each water moleculethat is a neighbor to a residue.

Recent computer simulations studies [91] with all-atom models have studied the e�ect

of pressureand averagedensity on the hydrophobic e�ect. The authors performed simu-

lations of two Lennard-Jones(LJ) particles in the TIP4P water model [92]. At constant

temperature, they found that the aggregationof the two particles is favoredwith a moderate

increaseof pressure,or analogously, with a moderate increaseof water density. However,

this e�ect is reversedfor pressuresin the kbar range, so that aggregationbecomesunstable

with increasingwater density. Thesestudiessupport our results of a critical pressureabove

which an increaseof pressureleads both to an increaseof water density (becauseof the

reduction of the number of hydrogen bonds with � V > 0) and to destabilization of the

model protein. Following theseresults and basedon previous studies [61{64], Shimizu et al.

[68] have shown that three-body interactions have a destabilization e�ect on the aggregation

of three LJ particles. However, the inclusion of these interactions into a model of a more

complex protein did not lead to signi�cant changes. Finally, all-atom simulations recently

addressedthe pressuredenaturation of proteins [93], but they have not provided conclusive

evidence.

We conclude that the e�ect of pressureon water density is key for understanding cold

denaturation of proteins. The density anomaly of water arisesfrom the low density hydrogen

bonded structures responsible for the hydrophobic e�ect, driving the protein to a compact

state [22,46,50,59,61{64,66]. At extreme pressuresabove Pc, lowering the temperature

implies an increasing free energy cost to form a hydrogen bond with � V > 0, so the

density anomaly disappears. In this scenario, the hydrophobic e�ect decreasesand cold

denaturation occurs. Our model supports this mechanism. Also, a speci�c arrangement

of amino acids in the protein structure, determined by amino acid interactions, dictates

the dynamics of proteins at low temperature and high pressure,thus making someproteins

more stable than others at theseP � T conditions.



Chapter 5

Protein Kinetics Studies

To be writtein after Stabilit y Chapter is completed.
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