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Riassunto

Nunc age, quo motu genitalia material

corpora res varias gignant genitasque résolvant

et qua vi facere id cogantur quaeque sit ollis

reddita mobilitas magnum per inane meandi,

expeditam: ti te dictis praebere memento.

Nam certe non inter se stipata cohaertet

materies, quoniam minui rem quamque videmus

et quasi longinquo fluere omnia cernimus aevo

ex oculisque vetustatem subducere nostris,
cum tarnen incolumnis videatur summa manere

propterea quia, quae decedunt corpora cuique,
unde abeunt minuunt, quo venere augmine donant,
ilia senescere at haec contra florescere cogunt,

nee remorantur ibi. Sic rerum summa novantur

semper, et inter se mortales mutua vivunt.

Augescunt aliae gentes, aliae minuuntur,

inque brevi spatio mutantur saecla animantum

et quasi cursores vitai lampada tradunt.

Ora, proseguendo, spiegherd con quale moto i

corpuscoli / generatori della materia producano le

varie cose, e create le dissolvano, / quale forza li

costringa a operare cid / e quale mobilità sia loro

data nello spostarsi per il grande vuoto: /tu ricorda

di prestare ascolto aile mie parole. / Infatti
certamente la materia non si stringe in un unico

blocco, / poichè tutti vediamo che ogni corpo si

estenua, / e quasi scorgiamo il suo lento disfarsi nel

tempo, / e la lunga durata sottrarlo alia nostra

visione, / mentre la somma dell'universo rimane

invariata, / perché le particelle elementari, infatti,
che sfuggono a ciascuno dei corpi, / riducono quello
che lasciano, o crescono quello cui approdano,

quellofanno invecchiare, questo al contrariofiorire,
né indugiano ivi: cosi l'universo si rinnova senza

posa, / e le creature mortali vivono scambievoli vite.

Certe specie si accrescono, altre a vicenda

declinano, / in breve tempo mutano le stirpi animali,

e come staffette sipassano lafiaccola della vita.

(Tito Lucrezio Caro, in De rerum natura)
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Le simulazioni di dinamica molecolare con campi di forza empirici sono un insostituibile

strumento computazionale per lo studio, a risoluzione atomica, delle propriété dei sistemi

(bio)molecolari. Queste simulazioni, e i modelli di meccanica classica su cui si basano, sono

di fondamentale importanza per la comprensione del comportamento di macromolecole

complesse e aiutano a mettere in relazione la loro struttura, dinamica e funzione. Uno dei

benefici primari di tali simulazioni è la loro complementarietà ai risultati sperimentali,

fornendo non soltanto valori medi, ma distribuzioni e série temporali di qualsivoglia quantité

definibile in termini matematici. Inoltre, la possibilité pratica di entrare in possesso di una

visione maccanico-statistica dei sistemi studiati offre una chiave interpretativa che è, nella

maggior parte dei casi, preclusa agli esperimenti. Il Capitolo 1 présenta, nella prima parte, una

concisa introduzione sulla filosofia della simulazione (bio)molecolare. In seguito, sono

descritte, con riferimenti ai capitoli seguenti, tre sfide per cui queste simulazioni sono di

straordinaria importanza.

Una questione di interesse fondamentale in chimica e biologia è la comprensione del modo in

cui le (bio)molecole si avvolgono in strutture tridimensionali relativamente stabili in

condizioni fisiologiche. Il Capitolo 2 è uno studio dello stato denaturato di due peptidi

costituiti da identiche catene peptidiche, ma da diverse catene laterali. Sperimentalmente è

stato proposto che propendano verso un avvolgimento, nel primo caso, a struttura compatta di

elica, nel secondo a foglietto/?. Le simulazioni chiariscono la questione relativa all'ipotesi che

questi due peptidi, caratterizzati da strutture secondarie differenti, possano condividere

regioni comuni di parti popolate dei loro spazi configurazionali.

Il confronto tra risultati di simulazione e dati sperimentali è la chiave per giudicare

l'attendibilità di simulazioni di dinamica molecolare. In seguito ad un controllo meticoloso,

queste simulazioni possono essere impiegate per guidare gli esperimenti o per fornire

informazioni preziose con risoluzioni spazio-temporali che agli esperimenti sono precluse.

Nel Capitolo 3, questi concetti sono descritti nel caso di una famiglia di carbopeptoidi (peptidi

costituiti da aminoacidi a base carboidrata) confrontando le traiettorie di simulazione con dati

da esperimenti di risonanza magnetica nucleare. L'applicazione della dinamica molecolare

mira alla comprensione del modo in cui differenti proprietà stereochimiche, estensioni delle

catene carbopeptidiche e ambienti solvatanti possano influenzare il modo di avvolgersi di

queste molécole.
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Alio scopo di permettere calcoli più rapidi e di aumentare la capacité di campionamento delle

simulazioni di dinamica molecolare, una parte dei gradi di liberté del sistema puo essere

eliminata dal modello, semplificandone il corrispondente campo di forze. L'importanza di tale

rappresentazione, semplificata a grana grossa, è sinteticamente descritta nel Capitolo 1 e le

applicazioni corrispondenti sono presentate nei capitoli 4, 5 e 6. In particolare, uno studio

comparativo tra differenti risoluzioni del modello è il tema del Capitolo 4, che ha come

soggetto molecole di idrocarburi liquidi. Il paragone si basa prevalentemente sulla stima di

entropie configurazionali, che sono direttamente legate alio spazio configurazionale visitato

da queste molecole. Questo permette, tra l'altro, di stimare la perdita di entropia

configurazionale conseguente alia semplificazione del modello di simulazione. Nel Capitolo

5, questi concetti sono applicati al caso di membrane lipidiche in soluzione e i risultati sono

confrontati con quelli ottenuti per catene alifatiche di idrocarburi liquidi. Queste analisi

permettono di investigare la natura della fluidité delle membrane e del miscelamento di lipidi

in bistrati lipidici, modelli di membrane cellulari. Inoltre, le entropie configurazionali sono

calculate alio scopo di completare i dati sperimentali relativi al grado di ordine delle catene

aciliche in membrane di différente composizione.

I campi di forza a grana grossa sono tipicamente basati su una calibrazione ad hoc che

permette di preservarne al meglio la semplicité intrinseca. Al contrario, il calcolo di quantité

termodinamiche è utilizzato come procedura accurata per la parametrizzazione di campi di

forza a livello atomico. Un'analisi dettagliata della termodinamica di evaporazione,

solvatazione e separazione di fase è descritta nel Capitolo 6, con modelli a différente

risoluzione. In questo caso, sono impiegati calcoli di energia libera per valutare la

corrispondenza tra un campo di forze semplificato e dati sperimentali o simulazioni a

risoluzione più alta. Nello stesso capitolo, sono proposti alcuni miglioramenti del campo di

forze a grana grossa.

L'entropia è una propriété chiave nella comprensione di una enorme variété di fenomeni

fisici, chimici e biochimici. Alcuni esempi sono gli effetti entropici riguradanti (i)

ravvolgimento e la stabilité dei sistemi proteici, (ii) i fenomeni di associazione molecolare e

(iii) la catalisi enzimatica. Da un punto di vista pratico, nel corso degli ultimi decenni il

calcolo di differenze di energia libera è diventato possibile utilizzando simulazioni

molecolari. Una stima attendibile dell'entropia assoluta e le sue differenze da queste

simulazioni é, invece, notoriamente un problema irrisolto. II Capitolo 7 analizza criticamente
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il metodo per la stima di entropie configurazionali da simulazioni di dinamica molecolare, che

si basa sulla approssimazione quasi-armonica. Sono presentate la teoria, le assunzioni e le

approssimazioni coinvolte. Inoltre, viene proposto un metodo per quantificare l'errore

commesso nella stima dell'entropia. Nel complesso, il metodo presentato âpre la possibilité di

calcolare sia entropie assolute, sia differenze di entropia dovute a transizioni conformazionali

di sistemi (macro)molecolari.

Infine, il Capitolo 8 abbozza le conclusioni principali tratte dagli studi presentati in questa tesi

e suggerisce alcune prospettive per il futuro della simulazione di sistemi (bio)molecolari.
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Summary

Molecular dynamics simulations with empirical force fields are an important computational

tool to study the properties of (bio)molecular systems at atomic resolution. These simulations

and their underlying models based on classical mechanics give fundamental insight into the

behaviour of complex macromolecules and help to understand the relationship among their

structure, dynamics, and function. One of the major benefits of such simulations is their

complementarity to experimental results by providing not only averages, but also distributions

and time series of any mathematically definable quantity. Additionally, the practical

possibility to access a statistical-mechanical picture of the studied systems offers an

interpretative key which is, in most of the cases, precluded to experiments. Chapter 1 presents

a short introduction to the philosophy of (bio)molecular simulation. Three key challenging

problems for which these simulations are of fundamental importance are also described with

reference to the following chapters.

A question of great interest in chemistry and biology is the understanding of how

(bio)molecules fold into relatively stable three-dimensional structures under physiological

conditions. Chapter 2 is a study of the unfolded state of two small peptides with the same

backbone, but different side chains. Experimentally they have been observed to fold into

different secondary structures, one into a compact helix, the second into a /?-hairpin fold. The

simulations elucidate the question whether these two peptides of different secondary

preferences share any common region in the populated parts of their configurational spaces.

The comparison of simulation results to experimental data is the key for the validation of

molecular dynamics simulations. After careful validation, such simulations can be used to

guide experiments or gain insight at time and space resolutions unaccessible for experiment.

In Chapter 3 these concepts are presented for a set of carbopeptoids (i.e. sugar-amino-acid

based peptides) through the comparison of simulation trajectories to data from nuclear

magnetic resonance experiments. The application of molecular dynamics is focused on the

understanding of how different stereochemical properties, carbopeptoid length and solvent

environment may influence the folding behaviour of this class of molecules.
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In order to allow for faster computations and to increase the sampling possibilities of

molecular dynamics simulations, some of the system degrees of freedom may be removed

from the model, and the corresponding underlying force field simplified. The importance of

such a coarse-grained representation is briefly described in Chapter 1 and corresponding

applications are detailed in Chapters 4, 5, and 6. In particular, a comparison of different

model resolutions for liquid hydrocarbons is given in Chapter 4 by estimating configurational

entropies which directly relate to the configurational space accessed by these molecules. This

allows to estimate the loss of configurational entropy upon coarse-graining the simulation

model. In Chapter 5 these concepts are applied to fully hydrated lipid bilayers, and the results

are compared to those for aliphatic hydrocarbon chains. This analysis gives insights into the

nature of membrane fluidity and lipid mixing in bilayers. Configurational entropy calculations

are also performed to complement experimental data on the ordering of lipid tails in lipid

bilayers of different composition.

In order to keep coarse-grained force fields as simple as possible, they are typically based on

ad hoc parametrizations. In contrast, the calculation of thermodynamic quantities is employed

as an accurate procedure for parametrizing atomic-level force fields. A detailed picture of

vaporization, solvation, and phase-partitioning thermodynamics at different model resolutions

is presented in Chapter 6. There, free energy calculations are used to evaluate the

correspondence between a simplified force field and experimental data and/or higher

resolution simulations. Additionally, improvements of the coarse-grained force field are

proposed.

Entropy is a key property to the understanding of a wide variety of physical, chemical and

biochemical phenomena. For example, entropie effects play a fundamental role in protein

folding and stability, molecular association, ligand binding, and enzyme catalysis. During the

past decades, the calculation of accurate free-energy differences from molecular simulations

has become feasible and is now almost a routine task. In contrast, reliable absolute entropies

and entropy differences from these simulations are still notoriously difficult to obtain. Chapter

7 investigates critically the method to estimate configurational entropies from molecular

dynamics simulations based on the quasi-harmonic approximation. The theory, assumptions,

and approximations underlying this method are presented. Additionally, a method is proposed

to characterize the magnitude of the error on the estimated entropy. This method opens the
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possibility for an improved calculation of absolute entropies as well as of entropy differences

for (macro)molecular systems which undergo conformational transitions.

Finally, Chapter 8 summarises the main conclusions drawn from the studies presented in this

thesis and sketches some future perspectives for molecular dynamics simulation of

(bio)molecular systems.
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Chapter 1

Introduction

1.1 Models and contemporary science

L'oeuvre stable, unique, définitive, irremplaçable va

à rencontre de l'évolution de notre époque.

The stable, unique, definitive, irreplaceable opera

clashes with the evolution of our era.

(Julio Le Pare, 1961)

The concept of dynamics has been playing a role of increasing importance in many diverse

areas of human activity. Correspondingly, the idea that interactions are more important than

the objects interacting themselves has deserved the attention in several fields of intellectual

research. Three examples are: i) in theoretical linguistics the dynamic concept of language

game [1] became of fundamental importance often substituting the more intuitive static

representation of a transmitting - receiver scheme based on the firm belief that language is an

arbitrary convention; ii) the importance of autopoiesis in neurobiology [2] which defines the

concept of individual based on the relationship and interactions that this experiences; iii)

forms of art based on moving images and living sculptures [3].

Science (as we intend it [4,5]) is first of all a human activity, which bases its power on

alternatively creating or breaking down models. Computer simulations are becoming an

important technological tool because of economic reasons (they might be cheaper than

corresponding series of experiments), and certainly because they are opening the possibility of

studying processes on time and size scales which experiments cannot easily access. On a

different perspective they are determinants of scientific knowledge because they intrinsically

deal with modeling. In fact, modeling is the core of scientific development, which likely relies

on the interpretation of a phenomenon, rather than on the mechanic accumulation of data, the
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latter largely being a problematic issue rather than the progressive development of knowledge

[6,7]. Differently from scientific experiments, a simulation always returns an answer. The

question whether this is a critical interpretation of a natural phenomenon depends on the

models and assumptions underlying the simulation itself, and therefore brings directly the

scientific problem on focus: are the theory and the underlying model themselves correct?

This introduction will be divided in two main parts. First, a historical overview and a general

description of the fundamental physics and models for molecular dynamics simulations will

be presented. Second, three examples will be described to point the reader to three challenging

problems for molecular dynamics simulations, for which successful results have in part

already been obtained or which will need more imagination to be solved in the future.

1.2 Molecular dynamics simulation

Or consider the atoms. Beautiful. Kilometers and

kilometers of little balls side by side to repeat one

always equal pattern in some crystal. Objects that

seem firm and silent, like a water bottle that has

been staying there on a table for days, are a ferment

of activity. Inside the enlarged image, a never ending

coming and going of atoms, that jump outside the

surface and return back to you, bouncing

everywhere. What to our short-sighted eye seems

immovable is a wild dance.

Oppure prendiamo gli atomi. Bellissimi. Chilometri

e chilometri di palline una di fianco all'altra a

ripetere uno schema sempre uguale in qualche
cristallo. Oggetti che sembrano fermi e silenziosi,

come una bottiglia d'acqua che è II su un tavolo da

giorni, sono un fermento di attivitâ, e all'interno

Timmagine ingrandita mostra un incessante

andirivieni di atomi, che saltano fuori dalla

superficie e vi ritornano, rimbalzando per ogni dove.

Quello che al nostro occhio miope sembra immobile,

è una danza selvaggia.

(Richard P. Feynman, in The Meaning of It AU, Ed.

Adelphi, Milano, 1999)
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1.2.1 Brief history of (bio)molecular dynamics simulation

The word simulation derives from the Latin word simulare, which means similar. It is difficult

to precisely define when the first simulation was carried out in the history of science.

Simulations were already well known to Leonardo da Vinci who used them in order to explain

the transformation of a type of motion into a different one (e.g. a rotational movement into a

translational one), and applied them in graphical format to study the laws of mechanics, with

no need to put into practical experiments most of his idealized projects [8,9]. Documented

examples of simulation experiments applied to living organisms can be found in the

independent works of Marey and Muybridge at the end of the 19th century, based on the

development of silver-bromide gel photography. In 1881, about fifteen years before the

invention of the cinema (likely the most popular form of simulation nowadays), Muybridge

used a trajectory of photographic snapshots to verify Marey's theory of horse movement when

galloping or trotting [10]. These studies, later extended to other dynamic studies of animal

motion, were pioneering solutions to fill the gap between static representations and

experiments (see Figure 1.1). For example, Muybridge's analysis of photografic trajectories

made possible to confirm that a horse galopping spends some time with no contact between

his hoofs and the ground (see Figure 1.1, 9th panel). This is not the case for a trotting horse

(see Figure 1.1, 6th panel).
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Figure 1.1: Trotting and galopping horses, Edgington. From "Attitudes of animals in

motion", by EJ Muybridge, 188L Courtesy with permission of the Department of Special
Collections and University Archives, Stanford University Libraries, California.

Restricting the definition to computer simulation, it is generally accepted that the first

documented example is the work by Metropolis et al. [11] in the early 1950s at the Los

Alamos National Laboratories (USA), which brought to the foundations of modern Monte

Carlo simulation. The original models taken into account were highly idealized

representations of molecular systems, such as collections of hard-spheres or disks, and of their

interactions, such as constant potentials. Within a few years MC simulations were carried out

using more physically based non-bonded interaction functions, which made possible the

comparison of simulation results with experimental data for simple systems (for example

thermodynamic properties of liquid Argon studied in 1957 by Wood and Parker using

Lennard-Jones potential energy terms [12]). Nevertheless, an alternative technique was

required to access dynamical properties of many-particle systems. Molecular dynamics is

defined as the computer-aided solution of the classical equations of motions for a collection of
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atoms with the aim of simulating the average and dynamic physical properties of a system [13-

19]. This was first accomplished by Alder and Wainwright in 1957 at the University of

California Radiation Laboratory in Livermore (USA) treating a system of hard spheres

[20,21]. In this first case, the particles move at constant velocity between perfect elastic

collisions. Such a simplification allowed the solution of the dynamic problem without any

additional approximation within the limits imposed by machine accuracy. The largest of the

systems studied was composed of 32 particles, and simulated on an IBM-704, required about

one hour to provide statistics on 7000 collisions. It was only in 1964 that the first trial was

made to solve the equations of motion for a set of 864 Lennard-Jones particles by the Indian

scientist Rahman at the Argonne National Laboratory (USA) [22]. In this case an approximate

step-by-step procedure was employed in order to calculate the forces as the particles move.

After this fundamental work, molecular-dynamics techniques developed rapidly. Pioneering

work on the properties of liquids by Stillinger and Rahman in the 1970s gave the first proofs

of the ability of molecular dynamics simulation to describe several properties of the

condensed phase, particularly in the case of water [23]. In 1977 the first simulation of a

protein by McCammon et al. [24] opened the way to biomolecular dynamics simulations. In

this study the bovine pancreatic trypsin inhibitor (BPTI) was simulated in vacuum for 9.2 ps

showing that internal fluctuations may play an important functional role, and replacing the

view of proteins as rigid structures. The important role of solvent in stabilizing protein

structure was underlined and a first molecular dynamics simulation of a protein in solution

was performed using a simple spherical solvent model, interacting with the protein via van der

Waals interactions only [25]. After the single point charge (SPC) water model was developed

by the Berendsen group in 1981 [26], the first simulation of BPTI in explicit water was

performed by van Gunsteren et al. [27,28]. The first nucleic-acid simulation in vacuum was

reported in 1982 and revealed problems due to the lack of solvent contribution [29]. In 1985

simulations of DNA fragments were successfully performed with explicit water models [30].

In the following the field has lived a broad and rapid development in terms of methodology

(algorithms, parameters, and techniques to derive thermodynamic quantities) and application

(system complexity, size and time simulation scales) [31-34].
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1.2.2 Models and force fields

The choice of degrees of freedom of the model largely determines the resolution that can be

achieved, the type of phenomena that can or cannot be described by the model, the

Hamiltonian (or interaction function) describing the inter-particle interactions, and the

intrinsic computational cost. On the other side the computational cost is determined by the

intrinsic evaluation of the interaction among particles for a certain configuration, the required

system size to represent the properties of interest, and the number of configurations (i.e.

sampling) to evaluate the property of interest.

Atomic level molecular dynamics simulation treats the atoms of a molecular system as

classical spherical particles and describes their dynamics based on classical mechanics,

through the integration of Newton's equations of motion. The function which defines the

classical potential energy of the system at a given atomic configuration is namedforce field. It

consists of terms defined based on the different physico-chemical properties of atomic

interactions: the bonded interactions are represented by bonds, bond angles, improper dihedral

angles (defining subset of atoms in specific geometries, as out-of-plane or out-of-tetrahedral

configurations), and torsional dihedral angles. The non-bonded interactions are described as

pairwise van-der-Waals (i.e. a Lennard-Jones type of potential energy term) and electrostatic

(i.e. a Coulomb type of potential energy term) interaction energies. A typical atomic level

force field can be defined as

V{r;s) = VbonXr;s) + Vangllr;s) + VmpropeXr;s) + Vdlh^ (1.1)

where r is a set of atomic coordinates and s is a set of empirical force-field parameters.

Each bonded term is then defined in order to represent physico-chemical properties, such as

the covalent bond stretching around an ideal bond length b0 with a force constant Kb
;

%ond(r;s) = VboAr;Kb\) = Y.-KK{K -bl) , (1.2)
71=1 ^

the bond-angle bending around an ideal bond angle û0 with a force constant K9,

N" 1 / x2

KnJr;s)=VanJr;Kff,d0) = ^-Kffn(cosdn-cosd0n) , (1.3)
n=\ ^
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the improper dihedral-angle bending around the ideal dihedral angle ^0 with a force constant

Nt 1 2

Vimproper(r;s) = Vimproper(r;K4,Ç0) = ^-^(4 -&J > (L4)
n=l

"^

and the trigonometric dihedral-angle torsion <j> with a phase shift £, a multiplicity m, and a

force constant ^,

VdlkedJr;s)=Vdlhedml(r;KrS,m) = YJKt [l + cos(Sn)cos{mjn)] . (1.5)
n=\

The two non-bonded terms describe, for a pair of particles (i, j) at a distance r
,
their van der

Waals interactions using the Lennard-Jones repulsion and dispersion coefficients C12 and C6,

Vu(r;S)=VLJ(r;Cu,C6)= £
pairs (>,;)

rC12(i,j) C6(i,j)^
v

r12 r6
,

(1.6)

and their electrostatic interaction using the Coulomb potential of their partial charges qt

and q]

<!>>;*) = <J>>;<7)= Z tv^1. (1-7)
pairs (i,]) 47l£0£r ^;

where e0 is the vacuum permittivity and er is the relative permittivity (or dielectric constant)

of the medium.

The form of the potential energy function 1/(r;s) together with the parameters s defines a

force field. The force field used in this thesis in the case of atomic-level simulations is the

standard GROMOS force field [35,36], which has been steadily refined over the last decades

for biomolecular simulations. This force field is based on the pairwise potential energy

function of Eqs (1.1-1.7), with the bond parameters derived from crystallographic and

spectroscopic experiments for small molecules and the non-bonded parameters fitted to

reproduce thermodynamic properties of small molecules in the condensed phase at typical
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physiological standard conditions. Particularly, density, heat of vaporization, and solvation

free energies are the physical quantities generally employed to this end (see also Chapter 6).

Like most of the currently available force fields, the GROMOS force field accounts for

polarizability only in an implicit way (i.e. by increased partial charges) and neglects many-

body interactions and part of their induced effects. Strictly linked to the GROMOS force field

are the GROMOS96 and GROMOS05 packages of programs for biomolecular simulations,

developed in the van Gunsteren group [35,37,38].

In order to allow for faster computations and to increase the sampling possibilities of

molecular dynamics simulations, some of the degrees of freedom of Eq (1.1) might be

removed from the force field, and the corresponding underlying model simplified. The

importance of such a coarse-grained representation is briefly described in Section 1.3.3 and

corresponding applications are detailed in Chapters 4, 5, and 6.

1.2.3 The movie projector: equations of motion

Once the simulation model and its underlying force field have been defined it is possible to

build up the machinery which will propagate the system in time. As a simplified example,

imagine a system containing jV particles explicitly described, in which no constraints are

present. These might be spherical interaction sites with masses representing single atoms or

groups of atoms. Depending on this first choice different model resolutions can be adopted.

Molecular dynamics simulations can therefore be defined as atomic level (based on atomic

particles or united atoms) or coarse-grained (based on coarser representations; see Chapters 4,

5, and 6) ones. Independent of the model resolution, in classical simulations such a system is

fully defined by the positions (r) and the conjugate momenta (p) of the individual particles.

For simplicity we will consider here the specific description of the positions in terms of

Cartesian coordinates, where r and p are two 3jV-dimensional vectors containing the

coordinates and the momenta of the jV system particles, respectively. A more detailed

derivation can be found in Chapter 7.3, in the case of generalized coordinates and in the

presence of constraints, the most standard situation in molecular dynamics. Assuming the

absence of forces depending on the velocities and a constant particle mass, the Hamiltonian of

the system can be defined as the sum of the potential energy 1/(r;s) and the kinetic energy

X{r,p),
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tt(r,p) = <P(r;s) + <K{r,p) . (1.8)

The potential energy 1/(r;s) is the force field previously described in Eq (1.1). Thus,

assuming that the force field has been properly defined and the set of parameters s reasonably

calibrated, one can calculate the force ft on particle i as the negative of the first order

derivative of the potential energy with respect to its position,

ft=~V{r;s) . (1.9)

The position of a single particle i of known mass and the force acting on can be defined in

terms of Newton's equation of motion,

df_ ___L

dt2
'

m
2r,= /, • (1.10)

Integrating the equation of motion for all particles during the time one can follow the

evolution of the system. A widely used approach to this end is the leap frog algorithm [39],

for which the numerical propagation of positions and velocities is based on the time step At,

ri(t + At)=ri(t) + v(t + -At)-At , (1.11)

v^+Utyvjt-Utyj-f^-At , (i.i2)

where /, = f(t) because of its step-by-step evolution.

The kinetic energy %{r,p) can be calculated as

K(r,p) = ty^ =t\^
. (1-13)

tt 2m, tl2

where the momentum pt = mivi of the z'-particle of mass m( can be derived from the first

order derivative of the position of the particle with respect to the time, i.e. vt =drjdt. The

integration of Eqs (1.11) and (1.12), while maintaining the kinetic energy of Eq (1.13) coupled
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to a reference temperature, leads to a trajectory of all particle positions of the systems in the

time. The simulation time step should be small enough to correctly integrate the highest-

frequency motions too, but sufficiently large to capture the evolution of the system along the

time. Typically, the highest frequency motions in classical atomic-level (bio)molecular

systems are bond vibrations, requiring time steps of the order of 0.5 fs. For these reasons

molecular bonds are generally not treated as flexible degrees of freedom, but are rather

constrained to their ideal equilibrium values [40]. This allows an increased time step of 2 fs,

with no significant loss in resolution of the system dynamics [41]. In Chapters 2 and 3

examples are given for atomic-level molecular dynamics and their comparison to experiment

is also analyzed. In chapter 4, 5, and 6 a comparison between atomic-level and coarse-grained

molecular dynamics is presented. In this second case, the use of larger time steps (up to 40 fs)

is taken into consideration, due to the omission of additional degrees of freedom from the

simulation model.

1.3 Three challenging problems

Il calcolatore amplifica le possibilité umane, ne

amplifica l'intelligenza, ma naturalmente anche

l'imbecillità.

Computers amplify human possibilities, they amplify

intelligence but ofcourse imbecility too.

(Primo Levi, in Dialogo, Ed. Comunità, Milano,

1984)

Computation based on molecular models is playing an increasingly important role in biology,

biological chemistry and biophysics [33,34]. Since only a very limited number of properties of

a biomolecular system are actually accessible to measurements by experimental means,

computer simulation can complement experiment by providing not only averages, but also

distributions and time series of any definable quantity. We briefly present here three key

questions that (bio)molecular simulations will be facing in the near future, which are further

discussed in the following specific chapters.
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1.3.1 The folding problem

Macromolecular folding is a general observation, which involves the areas of structural

biology and material sciences. Compact macromolecules can fold into relatively well defined

three-dimensional structures on microseconds to seconds timescales through physico-chemical

processes involving electrostatic, van der Waals, hydrophobic interactions, and formation of

hydrogen bonds (Figure 1.2). From one side, this is a problem in that its thermodynamic and

kinetic description cannot yet be merged into a unique and general picture. From the other

side, restricted to the case of protein folding, this is a long-standing problem which is studied

under different points of view and is reserved a first place into modern structural biology. The

definition of this problem in the case of proteins relies on two key questions: i) what is the

three-dimensional, native structure of a protein given its amino acid sequence? ii) how can an

unfolded protein fold into its native structure in a relatively short time compared to the time

required to sample all its configurational space? The first question is strictly related to the area

of protein structure prediction, and much attention is given to an accurate prediction of the

final native fold. The second question, known as the Levinthal's paradox [42], concerns

mainly how the folding process occurs, focuses directly on the sampling process, and it is

strictly related to the problem of defining preferential folding mechanisms and to the study of

the unfolded state of polypeptides [43].

Folding Complexation

folded / native unfolded / denatured bound unbound

Figure 1.2: Sample biomolecular processes governed by thermodynamic equilibria.
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It is easy to imagine that many macromolecules (e.g. polysaccharides, DNA, RNA,

polymers...) may have common folding processes. In general, we can define the problem of

macromolecules folding into their well-defined three-dimensional structure merely

considering that this structure is only well defined (i) under specific thermodynamic

conditions and (ii) in a certain particular environment. Therefore, as many other (bio)chemical

problems, the answer to the previous question is in first instance a question concerning (i) the

thermodynamics of the process (i.e. how favourable are the starting and the final stages of the

process) and (ii) the kinetic of the process (i.e. which mechanism will drive the

macromolecule to evolve in the time). The two previous points being quantitatively described,

it will help clearing also the generalization of the folding problem which does not strictly

involves biological systems, and does not necessarily only applies to folds containing tertiary

or quaternary structural elements.

Folding studies focused on proteins have revealed many general properties prompted by the

cooperative effect of theoretical and experimental studies [44-48]. Molecular dynamics has

been now widely applied to study folding pathways, kinetics, and thermodynamics [49]. Yet,

fully atomistic simulation of proteins reversibly folding and unfolding with a realistic

description of solvent is not feasible. Strategies have been successfully employed to perform

folding simulations on distributed computing facilities, in order to predict rate constants of

folding out of a vast statistics of early-folding events [50-52]. Alternatively, an accurate

description of the folding process can be achieved by simulating small peptides as test cases.

With increasing computing power it is possible to capture the reversible folding/unfolding of

small polypeptides using unbiased starting structures [44,53]. The effects of the folding

process can be analyzed in terms of temperature effects, solvent properties, and system

characteristics.

Historically, the major attention to the folding problem of proteins has been directed towards a

description of the native-folded state of biological macromolecules [49]. On the other side,

when a polypeptide samples its configurational space during a folding process, it spends a

significant time by sampling its unfolded state. Therefore an accurate description of the

unfolded configurations is as important as that of the configurations populating the folded

ensemble [43,54]. A comparison of unfolded states of two /^-peptides in methanol having the

same backbone chains but different side chains is given in Chapter 2. The dependence of their

properties on the temperature is also investigated. A generalized description of the folding
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problem is necessarily a description of its thermodynamics and kinetics. Therefore, the

problem sketched in this Section, is strictly connected to the possibility of deriving

thermodynamic quantities from molecular dynamics simulations. A method to estimate

configurational entropies from molecular dynamics simulations is described in Chapter 7,

together with its application to the change of configurational entropy upon folding for two ß-

peptides in methanol. Certainly, this general problem will keep busy molecular dynamics

simulation in the next years.

1.3.2 The enthalpy-entropy compensation problem

The free energy is the thermodynamic quantity representing the likelihood of a certain system

configuration, and therefore can be interpreted as the driving force of any chemical process, in

that it statistically defines how favourable a process is. For a system of iV particles in a volume

V, at a temperature T, the free energy F can be described as a 6Af-dimensional integral over all

particle coordinates r and momenta/? of the Boltzmann factor of the system Hamiltonian (Eq

1.8),

F^ = (N!hy1p-*'-')/k'T)dpdr , (1.14)

where the factor N! must be omitted when dealing with distinguishable particles, and h is

Planck's constant. Since the integrand, the Boltzmann factor, is always positive in the phase-

space, omission of configurations in the integral leads to (non-cancelling) errors. As a

consequence, not only the global minimum energy structure or configuration will determine

the free energy, but also other configurations of less low energy but greater abundance will be

significantly contributing. In other words, both the energy U (i.e. the enthalpy if the (N,p,T)

ensemble is considered) and the entropy S do contribute to the free energy,

F=U-TS
. (1.15)

In a typical case, it is of interest to evaluate the changes of the terms of equation (1.15) given a

certain process. For example, the binding of a ligand to a protein, the association of

(bio)molecules into complexes, the solvation of a compound, the separation of water/oil

phases, and the already mentioned processes of macromolecular folding, summarized in
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Figure 1.2. Thus, there are enormous possibilities offered by molecular dynamics simulation

for calculating the change of free energy in all these cases,

AF=AU-TAS
. (1.16)

Virtually all (bio)chemical processes could be predicted and controlled, all the terms of Eq

(1.16) being known and in the limit of validity of the second law of thermodynamics [55-58].

Although theoretically all quantities are well known [55,56,59,60], and several approaches

have been considered for the calculation of free energies from molecular dynamics techniques

[60-70], experimental and computational limitations make this a future challenge in terms of

methodology development and applications [34]. In particular it is clear from Eq (1.16) that a

given process, even assuming a corresponding small change of free energy AF ,
can involve a

large redistribution of the enthalpy and entropy components, therefore being favourable or

unfavourable due to very different effects [71,72]. Additionally, it is clear that even a small

change of the entropie term will typically (e.g. under physiological conditions at 298 K) result

into a large change of free energy.

While the determination of free-energy changes AF by computer simulation has become a

standard procedure for which a variety of techniques have been developed [60-70], entropies

and their differences are still rarely computed [73-76]. The reason is twofold: first, entropy

requires in principle a sampling of the complete phase space, and therefore is intrinsically

computationally expensive. Second, when considering an entropy change term AS in Eq

(1.16) it is clear that even a small error on this value will produce (multiplied times T) a large

error on the corresponding free energy, and therefore accuracy and numerical issues are also

restricting the possibility of extending currently available techniques from free-energy to

entropy calculation [74,75].

A first type of method relies on the possibility of extending the currently available free-energy

methods to the calculation of entropy and its differences [73-76]. Despite theoretical

formulations being very similar, this is in practice a difficult task [74,75]. In order to obtain

free-energy differences between two states of a system, the evaluation of the complete

partition function is not strictly needed, but extensive sampling of the relevant parts of phase

or configurational space where the two states or systems differ is sufficient. In contrast, the

corresponding techniques to obtain entropy differences suffer from the fact that they require

an accurate estimate of an ensemble average that includes the complete Hamiltonian of the
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system, not only the part of the Hamiltonian that differs between the two states or systems.

The most accurate methods currently available to this end are described in Chapter 6 in the

case of simulation of the process of solvation of liquid hydrocarbons in water performed at

different resolution of the force field, by means of atomic-level and coarse-grained

simulations.

A second type of method focuses on conformational entropies, where only internal non-

diffusive degrees of freedom are considered [77-83]. Therefore, despite successful

applications having already been described [84-92], the main limitation of this approach is the

difficulty to compare the calculated entropies with experimental ones, which includes

contribution of all system degrees of freedom and their correlations. This issue is described in

Chapter 4. A detailed overview of currently available methods for configurational entropy

estimation is given in Chapter 7. There, the underlying theory and a computational method to

estimate the configurational entropy and its differences for systems which undergo changes of

thermodynamic states is presented. Its application in the context of long (hundreds of

nanoseconds (ns)) molecular dynamics simulations involving the reversible folding of ß-

peptides in methanol is also described. The specific properties of the subensembles

corresponding to folded and unfolded configurations are also considered. One of the most

serious limitations of this class of methods is that they are currently not capable of estimating

absolute entropies of diffusive systems. This precludes the evaluation of e.g. the entropy of

pure liquids or the solvent-solvent entropy contribution to hydrophobic interactions and to the

folding and binding of biomolecules. This limitation concerns methodology and

implementation strategies, but has no fundamental theoretical nature, as described shortly in

Chapter 7 (Eq. (7.37)). Therefore, a challenge for the future will be the methodological

development of entropy methods in this direction, and their application to biomolecular

systems.

1.3.3 The simplification of the force field

Dynamics and flexibility play a key role in the functioning of many biological systems. Both

structural and dynamical information is therefore necessary to the understanding of biological

phenomena on the molecular scale. Although living cells are fairly packed environments,

unstructured and nevertheless functional proteins under physiological conditions are

surprisingly abundant in eukaryotes [93-96]. Cell membranes are remarkably flexible and
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lasting structures enclosing and protecting the cell constituents, simultaneously working as a

fundamental architecture [97-99] where signalling [100], recognition [101] and transport

[102,103] take place, indispensable processes for cell growth and maintenance. Even the

simplest bacterial cell generally used to study the basis of functioning of living organism (e.g.

a cell of E. Coli) is, at the chemical molecular level, a complicated system, typically reaching

sizes of 104-10 nm in diameter, and containing more than six thousands different molecule

types. At least a thousand of these components are molecules of "small" size (nm scale), the

remaining are macromolecules, in large majority lipids, nucleic acids, proteins, and their

assemblies. Membrane proteins are of enormous biological and medical interest [104]. The

highly dynamical properties of cell membranes depend on their diversified physico-chemical

phases and constituting fluctuating structures, which allow proteins to function under non-

equilibrium conditions.

In order to capture at molecular level the functioning of these complex biological assemblies a

static "photographic" representation provides limited insight, and "cinematographic"

dynamical information over large scales in time and space are fundamental prerequisites.

From the atomic and molecular level where small-scale processes (e.g. ion transport through a

membrane channel) to the mesoscopic level where large-scale phenomena (e.g. membrane

fusion and phase separation) occur, our knowledge is more and more dependent on a close

exchange between experimental and theoretical observations. The classical average

crystallographic picture of static biology is made richer by a more realistic dynamical

representation, which takes into account property distributions, fluctuations and time scales.

At the atomic level (AL) molecular dynamics simulation has been shown to be a reliable

instrument to study the properties of lipid solutions and to provide valuable insight not

directly accessible through experimental techniques [105-110]. For example, the impact of

relatively small molecules on the mechanical and thermodynamic characteristics of cell

membranes can be successfully studied combining knowledge from experiments [111,112]

with computer simulations of model systems [113-117]. The computational cost of such a

detailed and accurate description of a molecular system can be a drawback when studying

large-scale systems, for which most of the biologically relevant events occur on (nowadays)

prohibitive system size or simulation time scales. In the case of membrane simulations the

standard size for a system is of the order of 102 lipid molecules, corresponding to a bilayer

plane of the order of tens of nm2. Usual simulations are tens of nanoseconds long. Few
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simulations of larger bilayer systems have been reported [106,109,113], and it is reasonable to

think that in the next years studies of biological membranes will be extended to number of

lipids of the order of 103 or more. Indeed, many interesting properties of biological

membranes (e.g. domain formation, bilayer fusion, cooperative motions associated with phase

change) are still largely unexplored due to limitations either in size or time scales. Chapter 5

presents the investigation of configurational sampling for model systems of fully hydrated

lipid bilayers. This study relies on configurational entropy calculations. The comparison

between the behavior of lipid tails in a bilayer (Chapter 5) and aliphatic hydrocarbons

(Chapter 4) provides useful insight on the nature of membrane fluidity.

A promising strategy to alleviate time and size sampling problems is the use of coarse¬

grained (CG) models and their corresponding simplified force fields. For example, a force

filed based on a 4:1 mapping scheme, with particles of equal mass, and excluding the force

field terms of Eqs (1.4) and (1.5) is considered as example (see Figure 1.3.a). At the cost of

spatial and dynamic resolution, these models should be able to reproduce average structures,

flexibility, and thermodynamics in a similar way as current united atom or explicit atom force

fields do. Different strategies have been followed up to date to this end, in the case of

polymers [118-120], lipids [121-125], and proteins [126]. Yet, these models are typically

based on empirical force field parameters which are defined ad hoc for a specific type of

molecular system. Generally, this characteristic keeps the models simple and easy to use but

unfortunately reduces dramatically the possibility to reproduce thermodynamic quantities and

mixing behavior. It is still a challenging problem in force field simplification to parametrize

highly and robustly transferable models (see Chapter 6).
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Figure 1.3: a) example of model coarse-graining, b) fundamental thermodynamic quantities
to be used to parametrize physically-based simplified force fields for molecular dynamics

simulations, making use ofboth experimental and high-accuracy simulation results.

The key problem related with the simplification of molecular dynamics force fields is the

definition of parameterization procedures which, based on general physical quantities, are

comparable both with experimental and AL simulation results. The simplification of the force

field is strictly related to the enthalpy-entropy compensation problem described above, in that

only an accurate description of thermodynamics may lead to a generalization of CG force

fields. A schematic of the fundamental thermodynamic quantities which play the most

important role is given in Figure 1.3.b. It is therefore possible to describe a thermodynamic

cycle which takes into account two major aspect: i) the change of a specific quantity from the

liquid to the gas phase, and ii) the change of this quantity upon coarse-graining the model.

Specific physical quantities of the condensed phase of pure liquids as, for example, the

enthalpy of vaporization AHvap and the excess free energy AFexc, should correspond to

experimental values independently of the model resolution. On the other side, enthalpy-

entropy compensation (see 1.16) is expected to be different depending on which AL or CG

model is used. A correct and equal change upon liquid-to-gas phase change is expected from
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both models, and therefore a thermodynamic cycle can be used to parametrize in a rigorously

physical way a simplified CG model, taking advantage of both experimental and high-

resolution (widely tested) simulation results.

The flexibility of a CG model has been compared to AL simulations for hydrocarbon liquids.

The configurational entropy loss upon coarse graining of the model has been estimated. These

results are presented in Chapter 4. A comparative study of the same CG model for lipids with

respect to standard AL simulations, based on configurational entropy estimates is presented in

Chapter 5. The investigation of solvation thermodynamics and phase partitioning based on a

CG force field, and their correspondence with a widely used AL force field are the subject of

Chapter 6.
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Chapter 2

Comparing the unfolded states of small peptides

with different secondary-structure preferences

Ravvisare o creare una simmetria, "mettere qualcosa
al posta giusto", è un'avventura comune al poeta e

alio scienziato.

To recognize or create a symmetry, "to put

something at the right place", is an adventure

common to both the poet and the scientist.

(Primo Levi, in Dialogo, Ed. Comunità, Milano,

1984)

2.1 Summary

The conformational spaces accessible to two /?-hexapeptides in methanol solution at 298 K

and 340 K are investigated by molecular dynamics simulation with an atomistic model of both

solute and solvent. The structural properties of these peptides have been previously studied by

NMR in methanol solution at room temperature. The experimental data could be fitted to a

model P-12/10 helix for one of the peptides and a model hairpin with a 10-membered

hydrogen-bonded turn for the other. The goal of the present work is to determine whether the

conformational spaces accessible to these two peptides of seemingly different conformational

properties contain any common regions. In other words, to what extent the evident differences

found at the macroscopic level are also present at the microscopic structural level. It is found,

that for the two peptides studied the conformational spaces sampled in the respective

simulations show significant overlap.
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2.2 Introduction

The conformational space accessible to a peptide is defined by those regions of the 3jV-

dimensional configurational space - jV being the number of atoms - that have a significant

probability of being populated. The size and characteristics of this subspace are determined by

the length and amino acid sequence of the peptide, as well as by the environment. For an

adequate understanding of the macroscopic properties of a peptide, a characterization of its

accessible conformational space - rather than just of its most stable conformation - is

required, since these properties can only be interpreted as weighted averages over the entire

ensemble of accessible conformers. Such a characterization is nowadays only possible by

computer simulation, and has been already used to complement experimental data for a

number of peptides [1-6].

A question of interest that remains unexplored is whether the accessible conformational

spaces of peptides that have the same number of residues but differ in their most stable fold

may overlap. This is investigated here for two /?-hexapeptides in methanol solution, /^-peptides

have been a subject of intense research since the first structures were elucidated by the groups

of Seebach and Gellman (see reviews [7-10]). Small /^-peptides of as few as six amino-acid

residues fold into turns [11-16], helices [11,13,17-23], and sheet-like structures [12,15-17],

analogous to the secondary structures of proteins. In addition, these compounds are resistant to

degradation by most common peptidases and proteases [24,25], which makes them potentially

suitable for various biomedical applications [26-31].
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The structural formulae and NMR model structures of the two /?-hexapeptides studied are

shown in Figures 2.1 and 2.2, respectively. In methanol solution, peptide 1 adopts

predominantly a P-12/10 helical structure [2,11,13], while peptide 2 adopts a hairpin structure

with a 10-membered hydrogen-bonded turn [16,32]. To sample a relevant part of the

accessible conformational space of the two peptides in methanol at two temperatures, 298 K

and 340 K, four 100 ns molecular dynamics simulations were performed using an atomistic

model for both solute and solvent. The structures sampled in the simulations were grouped

into clusters representing the different backbone conformations adopted by the peptides. On

the basis of these clusters, the conformational spaces sampled in the four simulations are

compared. First, the degree of overlap between the conformational spaces sampled at 298 K

and 340 K by the same peptide is analysed. Second, the question whether there exists overlap

between the conformational spaces sampled by the two peptides at the same temperature is

addressed.

2.3 Results and Discussion

The evolution of the structure of peptides 1 and 2 along the 100 ns molecular dynamics

simulations is given in Figures 2.3 and 2.4 in terms of atom-positional root-mean-square

deviations (RMSD) from the model structures shown in Figures 2.1 and 2.2, respectively. An

RMSD cut-off of 0.08 nm (see Section 2.5) has been chosen to distinguish between structures

that are representative of the experimentally determined conformer - for convenience referred

to as the folded conformer - and other structures - referred to as unfolded conformers. Figures

2.3 and 2.4 serve to illustrate that at any of the two temperatures peptides 1 and 2 exist in a

conformational equilibrium between the folded conformer - 12/10 helix and hairpin,

respectively - and a number of unfolded conformers.
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Figure 2.3: Backbone (residues 2 to 5) atom-positional root-mean-square deviation (RMSD)

ofpeptide 1 from its NMR model structure as a function of simulation time, a) Simulation at

298 K; b) Simulation at 340 K. The dashed line at 0.08 nm serves to distinguish folded (12/10

helix) from unfolded (non-12/10 helix) structures.
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Figure 2.4: Backbone (residues 2 to 5) atom-positional root-mean-square deviation (RMSD)

ofpeptide 2 from its NMR model structure as a function of simulation time, a) Simulation at

298 K; b) Simulation at 340 K. The dashed line at 0.08 nm serves to distinguish folded

(hairpin) from unfolded (non-hairpin) structures.

In order to map the structures sampled during the simulations onto a set of generic

conformations, a clustering analysis was performed on the individual molecular dynamics

trajectories (see Section 2.5). The results from this analysis can be summarised as follows. In

the simulation of peptide 1 at 298 K a total of 125 conformers (clusters) were visited within

100 ns. The first cluster including the P-12/10 helical pattern - clusters are ordered from

largest (cluster 1) to smallest (cluster 125) number of elements - is cluster 2, which contains

21% of the ensemble of structures analysed (104). At 340 K the same peptide adopted a total

of 212 different conformations. The first cluster including the P-12/10 helical pattern is at this

temperature cluster 1, which, nevertheless, is also representative for 21% of the ensemble of

structures analysed. In the simulation of peptide 2 at 298 K a total of 196 conformers were

visited within 100 ns. The first cluster including the 10-membered hydrogen-bonded turn
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corresponding to the hairpin is cluster 1, which contains 20% of the ensemble of structures

analysed. At 340 K this peptide sampled 294 different conformers. The first cluster including

the 10-membered hydrogen-bonded turn is also cluster 1, and is as well representative for 20%

of the ensemble. For each individual peptide, not only the weight of the folded conformer is

the same at 298 K and 340 K, but the central member structures of the corresponding clusters

are also very similar. This is illustrated in Figures 2.5 and 2.6, where the central member

structures of cluster 2 at 298 K and cluster 1 at 340 K of peptide 1, and the central member

structures of cluster 1 at 298 K and cluster 1 at 340 K of peptide 2, respectively, are

superimposed. In addition, in spite of the consistently larger number of clusters sampled at

340 K, for either peptide the distribution of clusters with relatively high populations (e.g. >

1%) is similar at the two temperatures.

Figure 2.5: Central member structures of cluster 2 at 298 K and cluster 1 at 340 Kfrom the

corresponding simulations of peptide 1. The two structures have been fitted using the

backbone atoms of residues 2 to 5.
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Figure 2.6: Central member structures of cluster 1 at 298 K and cluster 1 at 340 Kfrom the

corresponding simulations of peptide 2. The two structures have been fitted using the

backbone atoms of residues 2 to 5.

On the basis of this result, it is expected that for a merged trajectory including the simulations

at the two temperatures of any one of the two peptides (see Section 2.5) the most populated

cluster will also have an approximate weight of 20% and about equal contributions from the

two trajectories/temperatures. This is confirmed in Figures 2.7 and 2.8, which give the

percentile populations of clusters 1 to 20 from such merged trajectories and the contributions

of the individual trajectories to each cluster. For peptide 1 (Figure 2.7), the clustering analysis

of the merged trajectory gives 249 clusters, with the first 20 clusters being representative for

85% of the total ensemble of 2xl04 structures. For peptide 2 (Figure 2.8), 365 clusters are

counted, and the first 20 clusters account for 68% of the ensemble. Overall, for each of the

peptides the conformational spaces sampled at 298 K and 340 K significantly overlap.
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Figure 2.7: Percentile populations of clusters 1 to 20from a merged trajectory including the

two simulations ofpeptide 1: 104 structures (at 10 ps intervals) from the simulation at 298 K

(black, solid) plus 104 structures from the simulation at 340 K (black, dotted).
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Figure 2.8: Percentile populations of clusters 1 to 20from a merged trajectory including the

two simulations ofpeptide 2: 104 structures (at 10 ps intervals) from the simulation at 298 K

(black, solid) plus 104 structures from the simulation at 340 K (black, dotted).
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More interestingly, there is also conformational space overlap in the simulations of peptides 1

and 2 at equal temperature (see Section 2.5). This can be observed in Figures 2.9 and 2.10,

which provide the percentile populations of clusters 1 to 20 from the merged trajectories at

298 K and 340 K, respectively, as well as the contributions of each peptide to each cluster.

The analysis of the merged trajectory with peptides 1 and 2 at 298 K gives rise to 277 clusters,

with the first 20 clusters involving 74% of the total ensemble of 2xl04 structures. At 340 K the

total number of clusters is 407, and the first 20 clusters contain 69% of the ensemble. From

the first 20 clusters, only clusters 10, 13, 14, 15, and 17 at 298 K and cluster 20 at 340 K are

contributed exclusively by one of the peptides. The latter corresponds to a completely folded

P-12/10 helix - which at 298 K does not appear within the first 20 clusters. The other five

clusters correspond to unstructured conformations with a rather large radius of gyration. A

common trait of many of the clusters that appear in Figures 2.9 and 2.10 is that their members

feature a central 10-membered hydrogen-bonded turn. This is so for clusters 1, 2, 3, 5, 6, 7,

11, and 16 at 298 K, and clusters 1, 2, 3, 4, 5, 7, 8, 11, 14, 15, 16, 18, 19, and 20 at 340 K. The

10-membered turn closed by the hydrogen bond NH(3)-CO(4) - residue number in parenthesis

- is actually present in both the 12/10 helix and the hairpin. That this turn is the only element

of secondary structure present in a high percentage of the structures sampled by peptide 1

suggests that the hydrogen bond NH(3)-CO(4) is the centre of initiation of not only of the

hairpin structure of peptide 2 but also of the P-12/10 helical structure of peptide 1. In addition,

cluster 2 corresponds, at any of the two temperatures, to a partially folded P-12/10 helix in

which the first two residues fall out of the helical pattern. In other words, there is a small

population of peptide 2 adopting the helical fold. Figures 2.11 and 2.12 show the central

member structures of cluster 1 at 298 K and 340 K, and the central member structures of

cluster 2 at 298 K and 340 K, respectively.
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Figure 2.9: Percentile populations of clusters 1 to 20from a merged trajectory including the

simulations of the two peptides at 298 K: 104 structures (at 10 ps intervals) from the

simulation of peptide 1 (black, solid) plus 104 structures from the simulation of peptide 2

(black, dotted).
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Figure 2.10: Percentile populations of clusters 1 to 20 from a merged trajectory including
the simulations of the two peptides at 340 K: 104 structures (at 10 ps intervals) from the

simulation of peptide 1 (black, solid) plus 104 structures from the simulation of peptide 2

(black, dotted).
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Figure 2.11: Central member structures of cluster 1 at 298 K and cluster 1 at 340 Kfrom the

merged trajectories analysed in Figures 2.9 and 2.10. The two structures have been fitted

using the backbone atoms of residues 2 to 5. Only the backbone atoms are shown.

Figure 2.12: Central member structures of cluster 2 at 298 K and cluster 2 at 340 Kfrom the

merged trajectories analysed in Figures 2.9 and 2.10. The two structures have been fitted

using the backbone atoms of residues 2 to 5. Only the backbone atoms are shown.
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2.4 Conclusions

The structures sampled by two /?-hexapeptides in methanol at 298 K and 340 K, in a total of

four 100 ns molecular dynamics simulations, have been mapped to a set of generic backbone

conformations that have been used to compare the conformational spaces accessible to the two

peptides at the two temperatures. The most stable structure of peptide 1 is a P-12/10 helix,

while that of peptide 2 is a hairpin with a 10-membered hydrogen-bonded turn. For either

peptide, the conformational spaces sampled at 298 K and 340 K are very similar.

Nevertheless, the relative populations of the different conformers are, in general, temperature

dependent. More strikingly, a significant part of the conformational spaces sampled by

peptides 1 and 2 at a given temperature do also overlap. In particular, the 10-membered turn

formed by the hydrogen bond NH(3)-CO(4) is present in many of the conformers sampled by

the two peptides and seems to be the structural feature of initiation of both the P-12/10 helical

structure and the hairpin structure. Furthermore, the secondary structure motif adopted

preferentially by peptide 1 is also accessible to peptide 2 and vice versa. The differences in the

relative weights of these shared conformers in the respective ensembles make, nevertheless,

the macroscopic structural properties of these two peptides markedly different. Before these

conclusions can be generalised, the accessible conformational spaces of more peptides should

be studied, especially of peptides that do not share any element of secondary structure in their

experimentally observed model structures.

2.5 Methods

The simulations and analysis were carried out using the GROMOS96 package of programs

[33,34].

2.5.1 /?-hexapeptide 1

The molecular models for peptide and solvent (methanol) have been defined previously

[2,34]. The initial coordinates of the peptide were taken from an extended structure (all

backbone torsional dihedral angles in trans). The two ionizable groups (amino-terminus and
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carboxy-terminus) were modelled in their protonated state. The peptide was placed at the

centre of a periodic truncated-octahedron box, with dimensions such that the minimum

distance from any peptide atom to any of the walls was 1.4 nm. The solvent was introduced

into the box by replicating a cubic configuration of 216 equilibrated methanol molecules. All

methanol molecules with the oxygen atom lying within 0.3 nm of a non-hydrogen peptide

atom were removed. Thus, the final system consisted of 56 peptide atoms and 4305 solvent

atoms (1435 methanol molecules). Truncated-octahedron periodic boundary conditions were

applied from this point onwards. A steepest-descent energy minimization of the system was

performed in order to relax the solvent configuration, while the peptide atoms were

positionally restrained using a harmonic interaction with a force constant of 250 kJ mol"1 nm"2.

Next, a steepest-descent energy minimization of the system without restraints was performed

to eliminate any residual strain. The energy minimizations were terminated when the energy

change per step became smaller than 0.1 kJ mol"1.

Two 100 ns molecular dynamics simulations at 298 K and 340 K, respectively, and 1 atm

were performed. The initial velocities of the atoms were taken from a Maxwell-Boltzmann

distribution at 100 K. The temperature was brought and maintained at the desired value by

means of weak coupling to an external temperature bath [35]. The temperature of the solute

and the solvent were independently coupled to the bath with a relaxation time of 0.1 ps. The

pressure of the system (calculated via a molecular virial) was maintained at the desired value

by weak coupling to an external pressure bath [35], with isotropic scaling and a relaxation

time of 0.5 ps. A value of 4.574 10"4 [kJ mol"1 nm"3]"1 was chosen for the isothermal

compressibility of the system at the two temperatures. Bond lengths were constrained to ideal

values [34] using the SHAKE algorithm [36] with a geometric tolerance of 10"4. In the leap¬

frog integration scheme a time step of 2 fs was used. The non-bonded interactions were

evaluated with a twin-range cut-off of 0.8/1.4 nm and a charge-group pair-list that was

updated every 5 time steps [34]. The cut-off radii were applied to the centres of geometry of

the solute charge groups and to the oxygen atoms of the solvent molecules.

2.5.2 /?-hexapeptide 2

The molecular models for peptide and solvent (methanol) have also been defined in previous

reports [32,34]. The initial coordinates of the peptide were taken from an extended structure.

The three ionizable groups (amino-terminus, homo-lysine-amino group, and carboxy-
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terminus) were modelled in their protonated state. The protocol to initialise the simulation

described for peptide 1 applies also to peptide 2, and has been described in detail in [32]. The

system consisted of 64 peptide atoms and 4359 solvent atoms (1453 methanol molecules) in a

truncated-octahedron periodic box.

2.5.3 Analysis

Trajectory coordinates were stored at 0.5 ps intervals and used for analysis. Least-squares

translational and rotational fitting of atomic coordinates for the calculation of atom-positional

root-mean-square differences (RMSD) was based on the backbone atoms (N, C% Ca, C) of all

but the N- and C-terminal residues of the ß-hexapeptides. A conformational clustering

analysis was performed on sets of peptide structures taken at 10 ps intervals from the

simulations, using the backbone atom-positional RMSD as similarity criterion. The clustering

algorithm has been described in previous studies of /^-peptide dynamics [37]. A similarity cut¬

off or maximum cluster radius of 0.08 nm was chosen, which corresponds approximately to

the maximum atom-positional RMSD between structures of the set of structures given as

model structures satisfying the NMR data. The clustering was performed for four sets of 104

structures belonging to the individual 100 ns trajectories as well as for four sets of 2-104

structures belonging to the following merged trajectories: i) 100 ns trajectory of peptide 1 at

298 K and 100 ns trajectory of peptide 1 at 340 K (Figure 2.7), ii) 100 ns trajectory of peptide

2 at 298 K and 100 ns trajectory of peptide 2 at 340 K (Figure 2.8), iii) 100 ns trajectory of

peptide 1 at 298 K and 100 ns trajectory of peptide 2 at 298 K (Figure 2.9), and iv) 100 ns

trajectory of peptide 1 at 340 K and 100 ns trajectory of peptide 2 at 340 K (Figure 2.10).
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Chapter 3

Carbopeptoid folding: effects of stereochemistry,

chain length, and solvent

Prima dell'effetto si crede a cause diverse da quelle
cui si crede dopo 1'effetto.

Before the effect you believe in diffèrent causes from
the ones you believe in after the effect.

(Friedrich Nietzsche, Die fröhliche Wissenschaft,
Ed. Adelphi, Milano, 1977)

3.1 Summary

The conformational spaces of five oligomers of tetrahydrofuran-based carbopeptoids in

chloroform and dimethyl sulfoxide were investigated through nine molecular dynamics

simulations. Prompted by nuclear magnetic resonance experiments which indicate various

stable folds for some but not all of these carbopeptoids, we have investigated their folding

behaviour as function of stereochemistry, chain length, and solvent. The conformational

distributions of these molecules are analysed in terms of occurrence of hydrogen bonds,

backbone torsional-angle distributions, conformational clustering and solute configurational

entropy. While a ds-linkage across the tetrahydrofuran ring favours right-handed helical

structures, a trans-linkage results in a larger conformational variability. Intra-solute hydrogen

bonding is reduced with increasing chain length and with increasing solvent polarity. Solute

configurational entropies confirm the picture obtained: they are smaller for eis- than for trans-

linked peptides, for chloroform than for dimethyl sulfoxide as solvent and for shorter peptide

chains. The simulations provide an atomic picture of molecular conformational variability that

is consistent with the available experimental data.
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3.2 Introduction

Explaining how proteins and peptides in solution fold to relatively stable structures is one of

the most challenging problems in computational biochemistry. Whenever an atomic picture

can be obtained from measurement, it appears that proteins adopt 3-dimensional structures,

which enable them to function in specific ways e.g. as biologically active enzymes. Shorter

polypeptides generally adopt less compact and less stable structures in solution, making the

experimental characterization of their preferred folds a non-trivial task. However, in the recent

past, significant progress has been made theoretically and experimentally in predicting and

measuring the formation of secondary structure of polypeptides of various types.

Molecular dynamics (MD) simulations have been shown to be a reliable instrument to

investigate the process of reversible folding of various a- and /^-peptides, using an atomistic

model for both solute and solvent [1-9]. Implicit solvation models have also been applied with

some success [10,11]. The dynamics of reversible folding can nowadays be simulated on the

ns to (is timescale for peptides and small proteins [12-16]. Encouraging agreement with

experiment has been obtained showing that state-of-the-art biomolecular force fields mimic

these microscopic processes very well. Experimentally measurable quantities can be obtained

from MD simulations by averaging over the generated ensemble of structures. Once

agreement with experimental data has been observed, MD simulations can be used to estimate

physical properties of the system not accessible to direct experimental observation.
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Figure 3.1: (a) Chemical formulae and atom names of the five carbopeptoids studied: cis-

tetramer 1, cis-hexamer 2, cis-octamer 3, trans-hexamer 4, and trans-octamer 5. Residue

numbers are indicated by i. (b) Atom naming convention for the force-field parameters. The

dashed lines indicate the charge groups.

On the experimental side, much progress has been achieved in the design and synthesis of

molecules that mimic secondary structure elements of naturally occurring proteins [17-19].

For example, carbopeptoids of various chain lengths have been synthesized from furanose-
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based amino acid residues [20,21]. These ^-peptides may formally be constructed from a-

peptides by replacement of every second C(=0)-N-Car fragment with a substituted

tetrahydrofuran (THF) ring. Folding preferences for this class of carbopeptoids have been

studied in nuclear magnetic resonance experiments [20-22]. Oligomers with a 2,5-cis

stereochemistry across the THF ring tend to form a right-handed helix composed of repeating

ß-turns and are characterized by NH(j) - 0(i - 2) hydrogen bonds. This hydrogen bond pattern

was observed for the ds-tetramer 1 (Figure 3.1.a) in both chloroform and dimethyl sulfoxide

(DMSO) and seems present also for the ds-hexamer 2 and the ds-octamer 3. A mms-tetramer

with a 2,5-trans stereochemistry on the THF ring was reported to have no preferred stable

structure [23].

Systems simulated

peptide

THF linkage

number of sugar rings

solvent

helix derived from exp.

CIS CIS CIS CIS

3 3 4 5 5

eis eis trans trans trans

446688688

CHC13 DMSO CHCI3 DMSO CHCI3 DMSO CHC13 CHCI3 CHCI3

RRRRRR LL

Simulation parameters

number of peptide atoms 74

number of solvent molecules 1567

number of atoms m the system 7909

initial box volume [nm3] 209

simulation length [ns] 100

initial structure ext.

74 110 110 146 146 110 146 146

1745 2579 2918 5479 6148 2807 6203 6206

7054 13005 11782 27541 24738 14145 31161 31176

209 347 347 732 732 377 829 829

100 100 100 100 50 100 100 100

ext. ext. ext. ext. ext. ext. ext. random

Table 3.1: Systems simulated. Each peptide is numbered as in Figure 3.1. The structures

suggested by experiment are a right-handed helix (R) composed of repeating ß-turns and a

left-handed helix (L). Initial structures are either extended (ext.) or built from random

torsional-angle values (random).
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Increasing the chain length to six and eight residues (molecules 4 and 5) changes the folding

properties of trans-linked carbopeptoids. The formation of a rare type of left-handed helix

stabilized by inter-residue NH(j) - 0(i - 3) hydrogen bonds has been reported for the octamer

with ketal protecting groups [24]. The apparent dependence of structural motifs on chain

length and stereochemistry makes these small systems an interesting target for MD

simulations to study the microscopic mechanism of peptide folding. Here we investigate how

different properties of flexible peptide chains are correlated with differences in their folding

behaviour. The carbopeptoids considered are shown in Figure 3.1.a and simulation details are

summarised in Table 3.1.

The apparent dependence of structural motifs on chain length and stereochemistry has

prompted us to carry out molecular dynamics (MD) simulations to supplement the indirect

experimental observations with a more detailed atomistic picture. Figure 3.1.a shows the

peptides considered in the present work: the tetramer 1, the hexamer 2, and the octamer 3, all

based upon a ds-linked ß-D-arabino-furanose scaffold. The hexamer 4 and octamer 5 are the

corresponding trans-linked stereo isomers. All molecules were simulated in chloroform as

solvent.

The solvent effect on fold stability was investigated through two additional 100 ns simulations

of the tetramer 1 and ds-hexamer 2, and 50 ns of the ds-octamer 3 with DMSO as solvent

instead of chloroform. To assess the convergence over 100 ns of simulation for the fairly long

trans-octamer 5, another 100 ns run was carried out starting from a different initial structure

with all torsional angles set to random values. Conformational analyses of the extended set of

nine simulations at 298 K are presented. Solute entropies are calculated and related to the

folding properties of this family of carbopeptoids. Finally we propose an explanation for the

differences in folding observed between the trans-linked hexamer 4 and octamer 5.

3.3 Methods

The molecular dynamics simulations were performed with the GROMOS96 package of

programs [25,26] using the 45A3 force field [27], augmented by ester group parameters

originally derived for lipids [28]. The chloroform and DMSO models were taken from Tironi
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et al. [29] and Liu et al. [30], respectively. Aliphatic CHn groups were generally treated as

united atoms, except for chloroform. A summary of the force field parameters for the solutes

is given in Table 3.2.a-c.

a) Force field non-bonded parameters

atom description GROMOS partial charge

non-bonded [e]

interaction

code

C carbonyl C 11 0 38

O carbonyl O 1 -0 38

N amide N 5 -0 28

H amide H 18 0 28

Ol, 031,041, OP sugar or ester oxygen 3 -0 36

C2, C3.C4 sugar CH 12 0 16

C5, CP1 sugar CH, aliphatic carbon 12 0 20

C6 aliphatic CH2 13 0 00

C32
,
C42 carbonyl C (ester) 11 0 58

033
,
043 carbonyl O (ester) 1 -0 38

C34
,
C44, CP21.CP22 methyl (ester or aliphatic) 14 0 00

Table 3.2: a) Force-field non-bonded parameters usedfor the tetrahydrofuran carbopeptoids.
The force field is based on the standard GROMOS functional form (see Section 1.2.2) and

parameters are taken from Refs [26-28]. See Figure 3.Lb for the atom naming convention.

The GROMOS non-bonded interaction code defines the van der Waals parameters used.

b) Force field bond parameters

bond

[atom names]

bo

[nm]

Kb

[lO^Jmo^nm4]

N-H

C=0, C32=033, C42=043

N - C, 031 - C32
,
041 - C42, OP - C

01-C2, 01-C5

N - C6, 031 - C3, 041 - C4, OP - CP1

C32 - C34, C42 - C44

C2 - C3, C3 - C4, C4 - C5, C5 - C6

C2 - C, CP1 - CP21, CP1 - CP22

0 100 187

0 123 16 6

0 133 11 8

0 1435 6 10

0 147 8 71

0 148 7 64

0 152 5 43

0 153 7 15
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bond angle

[atom names] [degree] [kJ mol *]

O-O-C* (furanose)

C* - C* - O* (furanose)

C2 - Ol - C5

C - C2 - Ol, C - C2 - C3, C5 - C6 - N

OP - CP1 - CP2*, CP21 - CP1 - CP22

031 - C32 - C34, 041 - C42 - C44, OP - C - C2

H-N-C6

N - C - C2

C3 - 031 - C32, C4 - 041 - C42, C - OP - CP1

C2 - C - O

031 - C32 - 033, 041 - C42 - 043, C - N - C6, OP - C - O

C-N-H

N-C-O

033 - C32 - C34, 043 - C42 - C44, C2 - C - O (C-termmus)

109 5 285

109 5 320

109 5 380

109 5 520

111 0 530

113 0 545

115 0 460

115 0 610

117 0 635

121 0 685

122 0 700

123 0 415

124 0 730

125 0 750

Table 3.2: b) Force-field bond parameters used for the tetrahydrofuran carbopeptoids. The

force field is based on the standard GROMOS functional form (see Section 1.2.2) and

parameters are taken from Refs [26-28]. See Figure 3. Lb for the atom naming convention.

c) Force field dihedrals parameters

improper (harmonic) dihedral angle

[atom names]

5o

[degree] [kJ mol1 degree 2]

N-C-C6-H

C-C2-N-O.C-C2-OP-0

C2 - C3 - C - Ol (eis), C2 - C3 - Ol - C (trans)

C5 - C6 - C4 - Ol

C3 - C4 - 031 - C2, C4 - C3 - 041 - C5

C32 - C34 - 031 - 033, C42 - C44 - 041 - 043

CP1 - OP - CP22 - CP21

00 0 051

00 0 051

35 26439 0 102

35 26439 0 102

35 26439 0 102

00 0 051

35 26439 0 102

proper (trigonometric) torsional angle

[atom names]

cos(S)

[kJ mol *]

C3-C2-C-N.C3-C2-C- OP +1 6 1 0

C2-C-N-C6 -1 2 33 5

C2 - C - OP - CP1 -1 2 16 7

C-N-C6-C5 -1 6 1 0

N-C6-C5-C4 +1 3 5 86

N-C6-C5-01 +1 2 0 418

Ol - C2 - C3 - C4, C6 - C5 --C4 -C3 +1 3 5 86
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Ol - C2 - C3 - C4, Ol - C5 - C4 - C3

C - C2 - C3 - 031, C6 - C5 - C4 - 041

Ol - C2 - C3 - 031, Ol - C5 - C4 - 041

C2 - C3 - C4 - C5

C2 - C3 - C4 - 041

031-C3-C4-C5

031-C3-C4-041

C5 - Ol - C2 - C3, C2 - Ol - C5 - C4

C2 - C3 - 031 - C32, C5 - C4 - 041 - C42

C3 - 031 - C32 - C34, C4 - 041 - C42 - C44

C - OP - CP1 - CP21

-1 2 0 418

-1 2 0 418

-1 2 2 09

-1 3 5 86

-1 2 0 418

-1 2 0 418

-1 2 2 09

-1 3 3 77

-1 3 3 77

1 2 16 7

-1 3 3 77

Table 3.2: c) Force-field dihedral parameters used for the tetrahydrofuran carbopeptoids.
The force field is based on the standard GROMOS functional form (see Section 1.2.2) and

parameters are taken from Refs [26-28]. See Figure 3. Lb for the atom naming convention.

Two minor modifications were made to the peptide substitution pattern reported

experimentally [20-24]. First, the N-terminal azide group was replaced by a methyl group for

which force field parameters are readily available. Second, acetate groups were consistently

used for all C3 and C4 substituents of all peptides (Figure 3.1.a), whereas experimental work

[20,21,23,24] considers various ketal protecting groups for different peptides. The type of

protecting group, however, appears to have little influence on the folding properties of the

peptide [24], and consistent substitution patterns simplify the comparison of peptides with

different chain length and stereochemistry. The initial structure for each peptide was chosen

extended (all backbone torsional angles in trans configuration). For the trans-ociamev 5 an

additional simulation was performed starting from a structure with random torsional-angle

values.

Periodic boundary conditions were applied with truncated octahedra as unit cells. Non-

bonded interactions were truncated at R = 1.4 nm, they were updated every step for R < 0.8

nm and every five steps for 0.8 < R < 1.4 nm. A reaction field correction was applied beyond

the cutoff to account for the dielectric response of chloroform and DMSO (srf of 5 and 30

respectively). The peptide molecules were immersed in boxes of solvent large enough to avoid

any interactions between mirror images of the solute. Solvent molecules in close contact with

the solute were deleted if the minimum distance between non-hydrogen atoms fell below 0.23

nm. Table 3.1 details the resulting initial box volumes and numbers of solvent molecules for

all simulations. The initial solute-solvent configurations were subjected to two subsequent
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energy minimization runs, each using the steepest descent algorithm with an energy

convergence criterion of 0.1 kJ mol"1. The first was run to relax the solvent and had a solute

positional restraint imposed with a force constant of 250 kJ mol"1 nm"2. The second was run

without restraints to remove any residual strain.

The MD simulations were initialized with atomic velocities taken from a Maxwell-Boltzmann

distribution at 298 K. Newton's equations of motion were integrated using the leapfrog

algorithm with a time step of 2 fs, while keeping constrained the bond lengths and the

geometry of the solvent molecules using the SHAKE algorithm [31] with a relative geometric

tolerance of 10"4. The weak coupling algorithm [32] was used with relaxation times of 0.1 ps

and 0.5 ps, respectively, to maintain the reference temperature (298 K) and pressure (1 atm).

A value of 4.574 10"4 [kJ mol"1 nm"3]"1 was used for the isothermal compressibility of the

system.

Trajectory snapshots of the solute were taken every 0.01 ns and clustered into batches of

similar configurations, using backbone atom-positional root-mean-square difference (RMSD)

values as similarity criterion and the clustering algorithm described previously [33] with a

cutoff of 0.13 nm (tetramer), 0.17 nm (hexamers), 0.28 nm (octamers). All backbone atoms

(N, C6, C5, O, C2, C) were used for the RMSD calculations except for C6, C5, and O of the

first residue and C of the last. Cluster analyses were also performed on combined trajectories,

i.e. on sets of solute configurations originating from two different MD simulations. This

allows us to assess the overlap of conformational spaces visited in the various trajectories

[34].

Model structures for the ds-linked carbopeptoids were generated through 1 ns MD

simulations in which proton-proton distances were (instantaneously) restrained to distance

bounds inferred from nuclear Overhauser effect (NOE) NMR experiments, using a force

constant of 1000 kJ mol"1 nm"2 (see Table 3.4 for the NOEs used). Clustering analysis was

then performed to select single representative model structures from the 1 ns trajectories. All

ds-linked model structures have right-handed helical character. The 16-membered left-handed

helix for the trans-ociamex 5 was modelled based on the qualitative information reported in

NMR work [20], as no detailed NOE information was available to us. Clustering analysis was

performed to select single representative model structures out of the 1 ns trajectories for each
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of the four peptides. The resulting structures were refined by steepest descent energy

minimization in chloroform to eliminate any residual strain.

Configurational entropies were calculated following the procedure of Schlitter [35] as

implemented by Schäfer et al. [36,37]. A translational and rotational least-squares fit on all

solute atom positions was carried out to eliminate overall translation and rotation. All fits

were performed with reference to the first configuration of the analysed trajectory. Side-chain,

backbone, and correlation contributions were calculated by applying the same procedure to

subsets of solute atoms, including either all acetate side-chain atoms or all other atoms [37].

Complete trajectories were used for the entropy calculations, including the initial equilibration

phase. Solute snapshots were taken at 5 ps intervals, and entropies were recalculated after

every nanosecond.

3.4 Results

3.4.1 Interpretation of experiments and comparison to simulations

Structural preferences have been investigated for this family of (5-peptides in NMR

experiments [20-24]. Various oligomers with ds-configuration at the C2 and C5 carbons of

the THF ring (see Figure 3.1.a) tend to form conformations reminiscent of a conventional ß-

turn [38]. The characteristic NH(j) - 0(i - 2) hydrogen bond pattern has been observed for the

tetramer 1 (see Figure 3.2) in both chloroform and DMSO [22]. Chain extension to six or

eight residues does not alter the preferred secondary structure. Apparently, the hexamer 2 and

the octamer 3 show the same hydrogen bonding pattern as the tetramer 1, which now extends

to six and eight residues, respectively. The trans-linked tetramers appear to have no

conformational preferences or adopt other types of structure, depending on the substituents at

C3 and C4 [20]. The trans-octamer 5 with ketal protecting groups at C3 and C4 is reported to

form a rare type of left-handed helix, stabilized by inter-residue NH(j) - 0(i - 3) hydrogen

bonds [20,23].
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Figure 3.2: Panels A-E show backbone atom-positional root-mean-square-deviations

(RMSD) of trajectory structures from model structures as function of time. The cis-linked

tetramer 1 in chloroform and in DMSO (A, B), the cis-hexamer 2 (C), the trans-hexamer 4

(D), and the cis-octamer 3 (E) are compared to hypothetical model structures derived from

qualitative NOE data for the cis-tetramer 1. The trans-octamer 5 (F) is compared to a model

structure inferred from Ref [20]. Dashed lines indicate the backbone RMSD similarity
criterion chosen to define the folded structures. For the cis-octamer 3 (E), the formation of

NH(3) - 0(1) (red), NH(4) - 0(2) (green), NH(5) - 0(3) (blue), NH(6) - 0(4) (black), NH(7)
- 0(5) (orange) and NH(8) - 0(6) (cyan) hydrogen bonds is shown as function of time. For

the trans-octamer 5 (F) we show the hydrogen bonds NH(4) - 0(6) (red) and NH(7) - 0(3)

(green) characterizing, respectively, a 20- and 22-membered hydrogen bonded ring.
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Intramolecular hydrogen bond occurrences from

molecule hydrogen bond occurrence (%) molecule hydrogen bond occurrence (%)

solvent initial structure

chloroform DMSO extended random

cis-tetramer 1 NH(3; -O(l) 11 1 10 frans-octamer 5 NH(2) -0(4) 1 1 08

NH(4; -0(2) 60 33 NH(2) -0(5) 07 01

cis-hexamer 2 NH(3; -O(l) 117 01 NH(2) -0(6) 1 1 1 1

NH(4; -0(2) 14 0 10 NH(2) -0(7) 78 08

NH(5 -0(3) 76 13 NH(3) -0(5) 06 1 2

NH(6 -0(4) 97 32 NH(3) -0(6) 83 06

cis-octamer 3 NH(3 -O(l) 12 0 (0 7) NH(3) -0(7) 29 03

NH(4 -0(2) 76 (0 6) NH(4) -0(6) 39 00

NH(5 -0(3) 13 8 (2 3) NH(4) -0(7) 03 41

NH(6 -0(4) 14 9 (18) NH(4) -0(8) 57 03

NH(7 -0(5) 92 (0 6) NH(5) -0(7) 12 1 2

NH(8 -0(6) 62 (15) NH(5) -0(8) 08 08

irans-hexamer 4 NH(2 -0(4) 16 NH(6) -0(8) 01 27

NH(2 -0(5) 18 NH(7) -O(l) 05 1 0

NH(2 -0(6) 05 NH(7) -0(2) 29 25

NH(3 -0(5) 05 NH(7) -0(3) 36 00

NH(3 -0(6) 24 NH(7) -0(4) 03 01

NH(4 -0(6) 1 1 NH(8) -O(l) 05 05

NH(6 -O(l) 04 NH(8) -0(2) 12 03

NH(6 -0(2) 14 NH(8) -0(3) 37 27

Table 3.3: Intramolecular backbone NH - CO hydrogen-bond occurrences from 100 ns

simulations. The hydrogen bonds are specified in the second columns with residue numbers

given in parentheses. Percentage values in parentheses refer to a 50 ns simulation. Hydrogen
bonds are defined to have a maximum hydrogen-acceptor distance of 0.25 nm and a minimum

donor-hydrogen-acceptor angle of 135°.
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NOE proton distance analysis for peptide 1

proton pair NOE model < trajectory > < 1st cluster > < 2nd cluster > < 3rd cluster >

intensity structure

N(4) - C6(3)-pro-R w

N(4) - C5(4) m

N(4) - C2(3) w

N(4) - C4(4) w

N(4) - C3(2) w

N(3) - C6(3)-pro-S s

N(3) - C6(3)-pro-R m

N(3) - C6(2)-pro-R m

N(3) - C5(3) m

N(3) - C2(2) w

N(3) - C4(3) w

N(3)-C3(l) w

N(2) - C6(2)-pro-S s

N(2)-C5(l) w

N(2)-C2(l) w

N(2)-C4(2) w

C4(3) - C6(3)-pro-R m

C4(3) - C6(3)-pro-S s

C6(3)-pro-S - C3(l) w

C6(3)-pro-S - C5(3) s

Table 3.4: NOEproton pair distance [nm] analysis for the cis-tetramer 1 in CHC13. The first
column shows the pairs ofprotons for which experimentally determined NOEs are available.

Residue sequence numbers are given in parentheses (see Figure 3.La for reference). The

NOE intensities in the second column are only classified as weak (w), medium (m), or strong

(s) (Tim Claridge, private communication). The distances in the third column refer to a

structure modelled to satisfy all experimental NOE bounds. The fourth column reports the

distances averaged < r~3 >~1/3 over the whole ensemble of structures generated in the 100 ns

simulation. The following three columns show distances, calculated in analogy from
structures in the first, second, and third most populated conformational clusters.

0.325 0.422 0.432 0.423 0.361

0.196 0.285 0.292 0.276 0.271

0.352 0.320 0.316 0.325 0.336

0.418 0.393 0.363 0.422 0.391

0.441 0.743 0.732 0.888 0.498

0.227 0.262 0.280 0.248 0.241

0.285 0.267 0.252 0.281 0.284

0.280 0.400 0.355 0.408 0.407

0.271 0.285 0.287 0.287 0.263

0.340 0.325 0.332 0.327 0.332

0.428 0.372 0.430 0.257 0.437

0.427 0.654 0.507 0.687 0.715

0.230 0.253 0.240 0.265 0.257

0.435 0.430 0.432 0.430 0.428

0.328 0.321 0.328 0.317 0.319

0.417 0.395 0.433 0.406 0.370

0.250 0.283 0.249 0.349 0.256

0.232 0.257 0.261 0.246 0.244

0.407 0.830 0.703 0.854 0.868

0.245 0.253 0.236 0.285 0.241
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The accuracy of MD simulations may be assessed by comparison to results from NOE

experiments. Qualitative NOE intensities have been reported for the tetramer 1 in chloroform

[22]. Table 3.4 lists these data and compares them with < r~3 >~1/3 averages of proton-proton

distances computed from the MD trajectory and with the corresponding distances of a

structure modelled to satisfy all NOE distance bounds. Generally, proton pairs showing an

NOE signal are expected to have an average distance of 0.5 nm or less, and strong signals

indicate shorter distances. Inspection of Table 3.4 shows that the MD simulation satisfies all

experimentally derived distance bounds, except for N(4) - C3(2), N(3) - C3(l) and C6(3)-pro-

S - C3(l). However, all of these three proton pairs show weak signals experimentally. The

distance analysis has also been performed separately for the three most populated clusters of

structures, subsets of the MD trajectory which only contain structures that are highly similar to

each other. Clusters 1 and 3 show N(3) - C3(l) and N(4) - C3(2) proton pair distances,

respectively, which are within experimental bounds. Likewise, the average distance of the

proton pair C6(3)-pro-S - C3(l) is remarkably smaller for cluster 1 than for the entire

trajectory. These observations indicate that all experimentally derived proton-proton contacts

are reproduced by the MD simulation, although the distribution of distances for three proton-

proton pairs may be inaccurate. It is interesting to note, moreover, that the remaining distance

bounds are not only satisfied by the ensemble of all trajectory structures, but also by each of

the subsets of structures discussed above. This may appear surprising because structures

representative of these three sets look quite different from each other (see Figure 3.3.a). In

fact, this observation points at the general problem of interpreting experimentally measured

NOE intensities in terms of a single 3-dimensional structure, as they reflect an averaging over

geometries biased (< r"3 >"1/3) towards short proton-proton distances [39-41]. Obviously this

problem is more severe for peptides which show a high degree of conformational flexibility.
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model

structure

1 cluster

(29 %)

2nd cluster

(18 %)

3rd cluster

(15%)

model

structure

1st cluster

(10%)

2nd cluster

(8 %) (6 %)

model

structure

1st cluster

(15%)

2nd cluster

(6 %)

3rd cluster

(6 %)

Figure 3.3: Dominant conformations found for the cis-tetramer 1 (a), the cis-octamer 3 (b)
and the trans-octamer 5 (c) in chloroform. Reference model structures are presented to the

left, and central member structures of the three most populated clusters are shown on the

right. Central member structures are displayed in orientations similar to those chosen for the

model structures (superposition of backbone atoms). Populations are given in parentheses.
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3.4.2 Effects of stereochemistry, chain length, and solvent

Figure 3.2 shows, as a function of time, the atom-positional root-mean-square deviation

(RMSD) of trajectory structures from idealized model structures (see Section 3.3). We have

used all backbone atoms (N, C6, C5, O, C2, C) for this analysis, but excluded C6, C5 and O

of the first residue and C of the last residue (cf. Figure 3.1.a). Single trajectory structures are

considered folded if their RMSD from the reference model structure is less than 0.13 nm

(tetramer), 0.17 nm (hexamers), 0.28 nm (octamers).

The ds-tetramer 1 experiences several folding and unfolding events during 100 ns of

simulation. With chloroform as solvent, the molecule frequently adopts conformations close

to the repeating /?-turn right-handed helical model structure (Figure 3.3.a). This conformation

is less often visited when the solvent is DMSO (see Figure 3.2.b). The stronger hydrogen

bonding character of DMSO obviously disfavours intramolecular hydrogen bonds in the

peptide. While the hydrogen bonds NH(3) - 0(1) and NH(4) - 0(2) are, respectively, formed

for 11 % and 6 % of the simulation with chloroform, they occur for only 1 % and 3 % in the

case of DMSO (see Table 3.3). Analysis of temperature coefficients and chemical shifts

arrives at similar conclusions [22].

The folded ds-hexamer 2 forms four hydrogen bonds of type NH(j) - 0(i - 2) with (i = 3, 4, 5,

6). Figure 3.2.c shows the RMSD time series calculated for our MD simulation with

chloroform as solvent. Several folding and unfolding events are observed after about 35 ns.

We have not attempted to build a model structure for the trans-hexamer 4, as no experimental

data has been reported. Figure 3.2.d shows that it assumes a conformation similar (RMSD <

0.17 nm) to the model of the ds-isomer only once during the 100 ns of simulation. The trans-

substitution at the THF ring obviously disfavours the formation of the yß-turn found for the

series of ds-linked carbopeptoids. Clustering trajectory snapshots into batches of highly

similar configurations (see Section 3.3) generally shows the dominant configurations sampled

in an MD simulation. In the case of the ds-hexamer 3 we find 11 % of all snapshots in the

first cluster, and a total of 20 significantly (> 1 % each) populated clusters, summing up to 76

% of all configurations. These results indicate that the ensemble of ds-hexamer configurations

is dominated by a fairly small number of different types of structure. The trajectory generated

for the trans-hexamer, however, clusters into significantly more batches. Only 5 % of all

snapshots are found in the first cluster and a total of 30 significantly populated clusters cover
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only 62 % of all configurations. We conclude that the trans-hexamer shows a much lower

tendency to form any preferred type of secondary structure than the ds-hexamer. This

observation is in line with the experimentally claimed [23] absence of stable secondary

structures for short trans-linked peptides of the type studied here.

The ds-octamer 3 folds to a stable structure which shows the same hydrogen bond pattern

NH(i) - 0(i - 2) as the smaller ds-oligomers. These hydrogen bonds are observed in our 100

ns long simulation with chloroform as solvent (Figure 3.2.e and Table 3.3). Again, the trans-

octamer 5 shows very different behaviour. NH(j) - 0(i - 2) hydrogen bonds are not formed at

all, pointing at the steric constraints imposed by the different stereochemistry. However, other

hydrogen bonds NH(j) - 0(i + k) occur with significant frequency (see Figure 3.2.f and Table

3.3), forming rings of size 20 (k = 2), 22 (k = -4), 26 (k = 3), 28 (k = -5), 32 (k = 4), and

38 (k = 5). Due to their size these rings are rather flexible, giving rise to fairly large RMSD

variations (Figure 3.2.f). A left-handed helix composed of 16-membered rings (k = -3) was

suggested in experimental NMR work for a similar trans-octamer [24], but is observed only

once in our simulation (at 69 ns, Figure 3.2.f ). Unfortunately, the experimental paper provides

only vague information about actually measured NOEs, precluding a direct comparison

between NOE and MD data. We note, however, that our analysis of the MD trajectory does

not give any indication of the long-range contacts of type NH(z') - H5(i - 2), NH(z') - H3(z' - 3),

H2(0 - H4(j - 2), H2(0 - H3(i - 2) mentioned in Ref [24], as the calculated values of

< r"3 >~1/3 range from 0.7 to 1.2 nm (data not shown).

Figure 3.3 shows the dominant conformations of the ds-tetramer 1 and of both the octamers 3

and 5, together with the corresponding model structures. For the ds-tetramer, there are 11

clusters populated by at least 1 %, totalling 94 % of the entire ensemble. The helical model

structure falls into the third cluster, whose central member structure shows a similar backbone

configuration. For the eis- and trans-octamers, we find a larger number of significantly (> 1

%) populated clusters (27 and 28 respectively), totalling 82 % and 87 % of the entire

ensemble, respectively. The larger diversity of structures reflects the increased conformational

flexibility of longer peptide chains. In the case of the ds-octamer 3, the central member

structure of the third cluster displays three examples of the characteristic NH(z') - 0(i - 2)

hydrogen bonds (i = 3, 4, 6) discussed above. One hydrogen bond of this type is also present

in the central member structures of the first and second clusters (i = 6 and 3, respectively).
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3.4.3 Secondary structures

Figure 3.4 shows as a time series the atom-positional RMSD of trajectory structures from the

model structure of the ds-hexamer 2 in DMSO (upper panel), the ds-octamer 3 in DMSO

(middle panel) and the trans-octamer 5 in chloroform which has been simulated starting from

a structure with random torsional-angle values (lower panel). These plots complement the

analysis for the other six simulations presented in Figure 3.2.

0.8

0.6 -

time [ns]

Figure 3.4: Backbone atom-positional root-mean-square deviation (RMSD) of trajectory

structures from right-handed helical model structures as function of time: cis-hexamer 2 in

DMSO (upper panel) and cis-octamer 3 in DMSO (middle panel). RMSD from left-handed
helical model structure for the trans-octamer 5 in chloroform starting from a configuration
with random torsional angles (lower panel). The dashed lines indicate the backbone RMSD

similarity criterion chosen to define the folded structures. The construction of the model

structures is described in Section 3.3. All structures were superimposed using the backbone

atoms (N, C6, C5, O, C2, C), excluding C6, C5 and O of the first residue and C of the last

one.
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During 100 ns of simulation in DMSO, the ds-hexamer 2 samples configurations

characteristic of its stable fold in chloroform just two times, after 4 and 70 ns (Figure 3.4,

upper panel). The strong hydrogen-bonding character of DMSO disfavours the intramolecular

hydrogen bonding typical of the solution structure in chloroform (Table 3.3). In DMSO the

ds-linked furanose amino acid oligomers do not lose completely the typical intramolecular

backbone NH(z') - 0(i - 2) hydrogen bond pattern observed in chloroform, but the dominant

helical fold consisting of a sequence of linked yß-turns becomes less stable. This was also

suggested experimentally based on an analysis of temperature coefficients and chemical shifts

[22]. In the case of the ds-octamer 3, neither the simulation with chloroform nor the one with

DMSO (Figure 3.4, middle panel) as solvent fully approaches the model structure derived

from experimental information. The analysis of hydrogen bonds, however, still confirms that

the more polar solvent DMSO disfavours the formation of the typical hydrogen-bond pattern

found for ds-linked carbopeptoids (see Table 3.3). Finally, the two trajectories for the trans-

linked octamer 5, starting from either an extended or a randomized conformation (Figure 3.4,

lower panel) show only one single folding event each, casting some doubt on the vague

experimental information available to build the reference model structure.

Clustering trajectory structures into batches of highly similar configurations (see Section 3.3)

generally shows the dominant configurations sampled in an MD simulation. For the cis-

hexamer in DMSO we find 7 % of all trajectory structures in the most populated cluster, and a

total of 29 significantly (> 1 % each) populated clusters, summing up to 73 % of all

configurations. For the same molecule in chloroform we found 11 % of all structures in the

first cluster and only 20 significantly populated clusters summing up to 76 % of the ensemble.

In agreement with the RMSD and hydrogen-bond analysis presented above, these numbers

demonstrate a larger flexibility of the peptide in the more polar solvent DMSO. The values

found for the trans-hexamer 4 in chloroform (5 %, 30, 62 %) indicate that the change to a 2,5-

trans stereochemistry on the THF ring has a similar effect on folding as the change in solvent

polarity.

The trans-octamer 5 shows considerable conformational variability in chloroform as solvent

(Figure 3.4 and Table 3.3). This poses the question of the degree of sampling reached within

100 ns for this fairly large carbopeptoid whose length equals that of 16 a-amino acids.

Comparison of the two 100 ns trajectories starting from different initial configurations may

help to answer this question [42]. The first simulation shows larger conformational diversity:
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27 vs. 15 clusters are populated significantly, totalling 82 % vs. 87 % of the entire ensemble.

This may be explained with the extended starting structure from which the trajectory must

pass through different high free energy conformers to reach its more compact equilibrium

ensemble of structures. The intramolecular hydrogen bonding differs between the two

simulations, although differences may be not too significant in view of the small percentages

(Table 3.3). Yet, the variety of structures sampled in the two simulations of the trans-octamer

5 indicates that the 16-membered left-handed helix NH(z') - 0(i - 3) suggested experimentally

[24] is not the only possible stable configuration. Other hydrogen bonds NH(z') - 0(i + k) do

occur in the two simulations of the trans-octamer 5 which are characteristic for hydrogen-

bonded rings of size 20 (k = 2), 22 (k = -A), 26 (k = 3), 28 (k = -5), 32 (k = A), 34

(k = -6), and 38(fc = 5).

In view of the differences observed between the two trajectories, some caution must be

exercised when calculating thermodynamic properties from statistical averages. Hence for the

calculation of entropies, we shall consider both trajectories and compare the results obtained

(see Section 3.4.6).

3.4.4 Characterization of conformational spaces

Figure 3.5 shows the backbone torsional-angle distributions of the dihedral angles 03 (C2 - C -

N - C6), (f> (C - N - C6 - C5) and \|/ (N - C6 - C5 - O) for ds-linked carbopeptoids 1, 2 and 3

(from left to right) from MD simulations with chloroform as solvent. No large variations

emerge between different residues in the same molecule and between corresponding residues

in different molecules. We only note some bias in the (]) distribution towards gauche (+)

conformations for N-terminal residues.
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Figure 3.5: Torsional-angle distributions: co(C2-C-N- C6), <f)(C - N- C6 - C5) and iff

(N - C6 - C5 - O) in residues 2 (black), 3 (red), 4 (green), 5 (orange), 6 (light green), 7

(cyan) and 8 (violet) of cis-tetramer 1 (left panels), cis-hexamer 2 (middle panels) and cis-

octamer 3 (right panels) in chloroform.
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Figure 3.6: Populations of the first 20 clusters obtained from cluster analysis for combined

trajectories from two simulations, a) and d) show the results for a combination of the

trajectory ofpeptide 1 (black fill) with trajectories for residues 1-4 and 3-6 ofpeptide 2 (grey

fill). Analogously, peptide 1 (black fill) is compared to residues 1-4, 3-6 and 5-8 ofpeptide 3

(grey fill) in b), e), and h). The comparisons between peptide 2 (blackfill) and residues 1-6, 2-

7 and 3-8 ofpeptide 3 (grey fill) are given in c), f), and i). g) compares trajectoriesfor peptide
1 in chloroform (blackfill) and DMSO (grey fill).

In Figure 3.6 we compare pairs of simulation trajectories for the ds-linked carbopeptoids.

The conformational spaces accessible to the segments constituted by residues 1 to 4 and 3 to 6

of the eis-hexamer 2 and ds-octamer 3 show sizeable overlap with the conformational space

explored by the ds-tetramer 1 (Figure 3.6.a, b and d, e). None of the first ten most populated

clusters from the combined trajectories is populated exclusively by one of the two peptide

chains. The dominant secondary structure motifs displayed by the ds-tetramer 1 in chloroform

are also preferred by the four-residue segments of the longer carbopeptoids, the only exception
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being the C-terminal segment of the octamer 3 (residues 5-8, Figure 3.6.h). A common feature

of many of the clusters appearing in Figure 3.6.a, b, d, e is that their members share at least

one of the two NH(z') - 0(i - 2) hydrogen bonds characteristic of the stable fold of the cis-

tetramer 1. These results agree with the experimental observation of a characteristic periodic

architecture of repeating ß-turns secondary structures for all ds-linked carbopeptoids 1, 2, and

3 [20,21]. Less conformational overlap is observed between the larger six-residue segments of

the ds-octamer 3 and the peptide chain of the ds-hexamer 2 (Figure 3.6.c, f, and i). The most

populated cluster is again shared by all pairs of trajectories, but the overlap is much smaller

for the less populated clusters.

Finally the cluster analysis for the combined trajectories of the ds-tetramer 1 in chloroform

and DMSO shows considerable overlap (Figure 3.6.g). Structures from both trajectories

contribute to each of the 20 most populated clusters. Apparently, changes in solvent polarity

affect structural details such as certain hydrogen-bond frequencies (see above), but they do not

have a marked impact on the overall folding behaviour.
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Figure 3.7: Torsional-angle distributions: (û, (j) and iff of trans-hexamer 4 (left panels) and

trans-octamer 5 (middle panels). For colour coding of the residues see caption of Figure 3.5.

The right-hand panels show populations of the first 20 clusters of combined trajectories from
the simulations of hexamer 4 (black fill) and octamer 5 (grey fill). Residues 1-6 (upper panel),
2-7 (middle panel) and 3-8 (lower panel) of the octamer 5 are consideredfor this analysis.

Analogous analysis for the trans-linked carbopeptoids is presented in Figure 3.7. The hexamer

4 and octamer 5 show rather similar torsional-angle distributions (Fig 3.7, left and middle

panels), but slightly more variation between residues is discernible for the longer

carbopeptoid. In contrast to their ds-linked counterparts, peptides 4 and 5 contain several

residues with § angle distributions biased towards gauche (-) conformations. Clustering

analysis shows little conformational overlap between trans-hexamer 4 and any six-residue

segment of the trans-octamer 5 (Figure 3.7, right panels). Almost all of the most populated

clusters refer to conformations only adopted by the octamer. This result contrasts the

observations made for the set of ds-isomers and shows that the trans-octamer has a stronger
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tendency to adopt particular conformations than the trans-hexamer. Carbopeptoids with a

trans-linkage apparently require longer chains to generate stable folds than the ds-linked

isomers do. This conclusion is in line with experimental observations reported previously

[20,21]. Finally, we note that the conformational overlap is smallest for the C-terminal

segment 3 to 8, the part of the chain mainly involved in the formation of left-handed hydrogen

bonded rings.

3.4.5 Configurational entropies

An alternative way to characterize the extent of configurational space accessible to a molecule

is to calculate its configurational entropy. We have used the approximation proposed by

Schlitter [35] to this end, and implemented it as described earlier in an application to a ß-

peptide [37] and to a protein [43]. Estimates of the solute configurational entropies are

reported in Figure 3.8 and Table 3.5. The calculated entropy converges within 50 ns for the

ds-tetramer 1 and within 100 ns for the larger molecules. Starting from rather different initial

configurations of the longest molecule, the trans-octamer 5, we calculate entropies that differ

by only 0.2 %, per residue [37] they differ by less than 3 % (not shown).
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Figure 3.8: Solute configurational entropies Sall per atom, excluding overall translation and

rotation, for the cis-tetramer 1, eis- and trans-hexamers 2 and 4, cis-and trans-octamers 3 and

5, in CHC13 and DMSO (see legend box and Table 3.5).
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Solute configurational entropies

solvent S S S AS"" ASC0"ls S (%) S (%)
a// 66 je sc/bb sc/bb I ail bb^ ' se

V '

molecule

cis-tetramer 1 CHC13 2975(40) 1637(39)

DMSO 3074 (41) 1716 (41)

cw-hexamer2 CHC13 4592(42) 2543(41)

DMSO 4711(43) 2634(42)

cw-octamer3 CHC13 6166(42) 3444(42)

fraKS-hexamer 4 CHC13 4681(42) 2694(43)

fraKS-octamer 5 CHC13 6365(44) 3681(45)

CHC13 6350 (43) 3681 (45)

1761 (55) 423 (5) 14(12) 41 44

1805 (56) 447 (6) 14(15) 42 44

2762 (57) 713 (6) 15(14) 40 44

2807 (58) 730 (7) 15(16) 41 43

3750 (59) 1028 (7) 17(17) 40 43

2753 (57) 766 (7) 16(17) 41 42

3780 (59) 1096 (7) 17(16) 41 42

3774 (59) 1105(7) 17(16) 41 42

Table 3.5: Solute configurational entropies calculated for all five peptides. Rotational and

translational degrees of freedom have been projected out by superposition of trajectory

structures. For each system, we report the entropies of the entire peptide ( Sall ), its backbone

( Sbb ), its side chains ( Ssc ), and contributions due to the correlation between backbone and

side chains (ASc°Jbb) as defined in Ref [37]. Entropies per atom are given in parentheses. The

two results for peptide 5 in CHCh refer to simulations starting from either an extended

configuration or a configuration with random torsional-angle values (last row). All entropies
are given in [J K mot ].

The picture emerging from the results shown in Figure 3.8 and Table 3.5 is consistent with the

trends observed before in the hydrogen-bond and conformational clustering analyses: the

solute entropy of a given peptide is smaller in chloroform than in DMSO. It is also smaller for

a ds-linked carbopeptoid than for the corresponding trans-linked molecule. This confirms the

reduced tendency of the trans-linked carbopeptoids to form stable folds (see above). The

hexamer 4 lacks any stable secondary structure and the octamer 5 prefers folds containing

fairly large hydrogen-bonded rings which allow for a much higher backbone flexibility than

the shorter turns of the ds-linked isomers. Splitting the total solute entropy Sall into three

terms, the backbone entropy Sbb, the side-chain entropy S
,
and the contribution from
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correlation between backbone and side-chain motion ASco^,, we see that the latter amounts to
sc/bb '

about 15 % and that backbone and side-chain contributions are about equal. The side-chains

are still more flexible than the backbone, and this is reflected in their higher entropy value per

atom.

3.5 Discussion and conclusions

Carbopeptoids containing THF moieties in their backbone show distinct folding behaviour

depending on chain length and absolute configuration at the THF-peptide link. The

simulations presented in this work show good agreement with the, admittedly limited,

experimental data available. Sets of NOE data were published only for the tetramer, and they

are well reproduced by the simulation. More qualitative conclusions drawn in experimental

work are confirmed in the simulations as well. It is important to note that we have not

undertaken any attempt to calibrate the force-field parameters specifically for carbopeptoid

simulations. Instead we have used a well calibrated general biomolecular force field which

apparently captures the folding behaviour of carbopeptoids. Once the agreement with

experiment is established, MD simulations of peptides can be used with some confidence to

interpret experimental results in terms of conformational distributions and explore the various

types of secondary structure involved.

MD simulations have been used to characterize in atomic detail the folding behaviour of

several carbopeptoids. We found good agreement between simulation and experimental

(NMR) data for this class of molecules, showing that the biomolecular force field used was

accurate enough to describe their conformational distributions reliably.

Two major conclusions are apparent from our study: first, it seems misleading to interpret

experimentally obtained NOE distance bounds in terms of a single dominant structure. In fact,

a variety of stable conformations (clusters of structures) is found. Second, the total number of

conformations prevailing in the ensemble is still fairly small. This supports a conclusion

previously drawn for /^-peptides [6,44], namely that the accessible portion of the unfolded

state consists of significantly fewer conformations than expected from simple combinatorial

counts of low-energy conformers.
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We have analysed the conformational distributions in terms of structural properties (hydrogen

bonds, backbone torsional angles), conformational similarity (cluster analysis), and

conformational flexibility (configurational entropy). Encouragingly, the three types of

analyses provide a very consistent picture of the folding characteristics of this class of

carbopeptoids. Molecules with 2,5-cis stereochemistry tend to form fairly rigid 16 membered

hydrogen-bonded rings connecting residues (i) and (i - 2). This structural motif is repeated

throughout the peptide chain, forming right-handed helices composed of successive /?-turns.

As seen in the cluster analyses, the tetramer, the hexamer, and the octamer all show the same

repeating hydrogen-bonding pattern, they all prefer the same helical motif and only differ in

length.

Carbopeptoids with 2,5-trans stereochemistry appear to be unable to form similarly small

hydrogen-bonded rings. The formation of stable secondary structures thus requires longer

chains, and in turn involves larger and thus less rigid and stable hydrogen-bonded rings. The

hexamer is rather structureless, and even the octamer shows only weak conformational

preferences, forming various hydrogen-bonded rings of size 20 to 38. Consequently, the trans

isomers are characterized by higher solute configurational entropies than their cis-

counterparts. The lack of a repeating structural motif for the trans-isomers is reflected both in

the hydrogen-bonding and in the cluster analyses.

Finally, all three types of analyses show that the conformational variability increases and the

tendency to form intra-solute hydrogen bonds decreases i) upon increasing the chain length, ii)

upon inverting the stereochemistry from 2,5-ds to 2,5-trans, and iii) upon increasing solvent

polarity.

We note that most of these conclusions are perfectly in line with conclusions drawn from

experimental work. In contrast to experimental (NMR, NOE) data, however, MD simulations

provide not only average structural information, but also distributions of conformations.

Experimental data are often interpreted in terms of single structures, while MD simulations

typically show several conformations to be relevant. Often - but not always - there is one

particularly dominant conformation which can then be associated with the structure derived

from experimental work. If no such dominant conformation is found, the MD simulations may

still be in good agreement with the raw experimental data, but the structural analysis may be at

variance with a single structure derived from experimental work. In particular, our work
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suggests that the octamer 5 with 2,5-trans stereochemistry is structurally much less well-

defined than suggested experimentally.

Solute configurational entropies are an excellent and direct measure of solute flexibility.

While entropies in general used to be notoriously difficult to obtain from MD simulation, the

current work shows again that Schlitter's formula provides a fairly easy and robust access

(note, however, approximations described in Chapter 7). The excellent agreement between

solute entropies calculated for two quite different trajectories of the octamer 5 may be

somewhat fortuitous. However, we have observed very good convergence of entropies for all

trajectories analysed in this work. These MD simulations provide enough sampling for reliable

entropy estimates of small to medium-sized peptides.
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Chapter 4

A comparison of atomic-level and coarse-grained

models for liquid hydrocarbons from molecular

dynamics configurational entropy estimates

Die normale Wissenschaft strebt nicht nach neuen

Tatsachen und Theorien und findet auch keine, wenn

sie erfolgreich ist.

La scienza normale non ha per scopo quello di

trovare novitâ di fatto o teoriche e, quando ha

successo, non ne trova nessuna.

(Thomas S. Kuhn, in The Structure of Scientific

Revolutions, Eds. The University of Chicago, 1962)

4.1 Summary

Molecular liquids can be modelled at different levels of spatial resolution. In atomic-level

(AL) models, all (heavy) atoms can be explicitly simulated. In coarse-grained (CG) models,

particles (beads) that represent groups of covalently bound atoms are used as elementary units.

Ideally, a CG model should reproduce the thermodynamic and structural properties of the

corresponding AL model after mapping to the lower-resolution scale. In the present work, two

such models are investigated: (i) the classical GROMOS atomic-level model, (ii) a CG model

recently proposed by Marrink et al., which maps approximately four non-hydrogen atoms to

one bead [1]. The study is restricted to n-alkanes whose aliphatic fragments are abundantly

found in lipids of biological interest. Additionally ds-9-octadecene is included, template chain

of the lipid dioleoylphosphatidylcholine (DOPC). The two representations of molecules in the

liquid phase are compared in terms of average molecular structures, extent of configurational

space sampled, and single-molecule entropies. An approximate method is used to estimate the

rotational contributions to the absolute configurational entropy. Good correspondence
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between the AL and CG representations is found. The loss in configurational entropy due to

the reduction in degrees of freedom upon coarse-graining of the model is estimated.

4.2 Introduction

In recent years, there has been a steadily growing interest in the development of coarse¬

grained (CG) models for a variety of polymers (for reviews see Refs [2-4]) and for systems

consisting of lipids and surfactants (for reviews see Refs [5,6]). Different from the classical

atomic-level (AL) representations, these models consist of beads (also called superatoms or

interaction sites with mass) representing groups of atoms, monomers, or even several

monomeric units. These beads interact through an effective potential energy function (force

field) that takes into account the effect of the omitted degrees of freedom in a mean-field

manner. Models of this type have originally been proposed by Smit et al. to study a water-oil

interface in the presence of micelles [7] as well as surfactant self-assembly [8]. The

possibilities of extending this approach to polypeptide and nucleic-acid systems are more

limited, because many different types of CG beads would be required in this context to

account for the specific physico-chemical properties of individual groups (e.g. side chains in

proteins, bases in nucleic acids). Therefore, only a reduced number of studies have been

reported for these types of biomolecules (for a comprehensive review on coarse-grained

models for proteins, see Ref [9]). On the contrary, several approaches have been followed

with success to arrive at semi-quantitative CG descriptions of the properties of lipids [1,10-

12], DPPC-cholesterol bilayers [13], amphiphilic di-block copolymers [14], and solvated

malto-oligosaccharides [15].

The use of CG models is complementary to a more accurate AL description. With a CG

model, the size-scale and time-scale dependence of the system properties can be explored [16-

20], while the investigation can be followed by a focused atomistic study of important details

using an AL model. This is an appealing procedure, for instance when a long AL molecular

dynamics simulation would be excessively expensive and/or to obtain equilibrated atomistic

structures for slowly relaxing systems. In the latter case, the system can be constructed and

equilibrated using the CG model, and subsequently mapped to an AL model. Simulations

using the latter model then need to be equilibrated only for a comparatively short simulation
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time, and can be used to compute thermodynamic, dynamic and structural properties that

require atomistic detail. To achieve consistency, however, the CG model should reproduce the

most relevant features of the AL model, and cannot be considered as an independent

substitutive tool. In practice, the quality of a CG model mainly depends on the chosen coarse-

graining procedure, including (i) the model resolution (how many AL particles per CG bead),

(ii) the mapping procedure (how the bead positions are defined as a function of the AL

particle coordinates), (iii) the potential energy function entering into the CG Hamiltonian, (iv)

the experimental and AL simulation properties against which the CG model parameters are

optimized.

Irrespective of the chosen coarse-graining procedure, the average molecular structure and

flexibility are among the properties which should be considered when validating a CG model

by comparison with corresponding AL simulations. Average molecular structures at the CG

and AL levels can easily be compared [15,17]. Flexibility at the two levels can be compared

by examining the configurational spaces sampled by the two models. In addition, the

thermodynamic properties of both types of models should be comparable. Here, we investigate

more specifically the corresponding configurational entropies.

The configurational entropy is a thermodynamic quantity directly related to the accessible

configurational space of a molecular system (i.e. for a single-molecule, to its flexibility). The

reliable estimation of entropies and entropy differences from molecular dynamics (MD)

simulations is a notoriously difficult problem, and currently constitutes one of the key

challenges in computational chemistry [21-30]. This is because the absolute entropy is a

measure of the overall extent of phase space accessible to a system, and can thus in principle

only be determined on the basis of an infinitely long simulation. A method to estimate

configurational entropies from MD trajectories was first introduced by Karplus and Kushick

[21], by postulating a multivariate Gaussian probability distribution associated to the non-

diffusive degrees of freedom of a molecular system (quasi-harmonic assumption).

Implications for free energy determination as well as the effects of constraints, coordinate

transformations and quantum corrections were later provided, together with a critical analysis

of the approximations involved in the quasi-harmonic approach and of the resulting errors

[22,23,30]. Two variants of the quasi-harmonic analysis in Cartesian coordinates have been

suggested. In the most recent version of Andricioaei and Karplus [26], the quasi-harmonic

entropy is estimated by diagonalizing the covariance matrix and applying the exact quantum-
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mechanical equation for the entropy of a one-dimensional harmonic oscillator to the

corresponding eigenvalues. In the original approach of Schlitter [24], the diagonalization

process is substituted by a determinant calculation and the correct quantum-mechanical

formula for the entropy is replaced by an approximate heuristic expression. In practice, the

two alternative formulations result in very similar (2% different) entropy estimates [29,30].

In this chapter, the configurational entropy of pure hydrocarbons in the liquid state is

estimated. The entropy estimation based on the covariance matrix of (mass-weighted) atomic

Cartesian coordinates allows not only for the calculation of the (approximate) single-molecule

configurational entropy of an entire alkane chain, but also for the evaluation of the

(approximate) single-fragment configurational entropy for different fragments (i.e. subsets of

atoms in the chain). It should be kept in mind, however, that these contributions are not

additive. For example, the overall entropy of a chain is not the sum of the single-fragment

entropies calculated for all constituting fragments, due to the presence of inter-fragment

correlations. Similarly, the overall entropy of the liquid sample is not the sum of the single-

molecule entropies of the constituting molecules, due to the presence of intermolecular

correlations. These restrictions are implicitly underlined by the use of the terms "single-

molecule" and "single-fragment", and summarized in Table 4.1.

Two models are investigated. In the GROMOS AL model [31-33], each atom in a molecule is

represented by one interaction site, except aliphatic groups, for which the carbon atom and

bound hydrogen atoms (united atom) are treated as one interaction site. This united-atom force

field reproduces the properties of n-alkanes as accurately as all-atom (i.e. explicitly including

all hydrogen atoms) force fields [34]. The second model is the coarse-grained (CG) model

recently proposed by Marrink et al. [1], which approximately maps four non-hydrogen atoms

to one interaction site (bead), and has been optimized to model lipid aggregates in water.
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Configurational entropies of liquids as probed by experiment and simulation.

molecular entropy single-molecule entropy

experiment 1 mol of pure liquid,

standard pressure 1 bar,

specified temperature

NOT accessible

simulation NOT accessible single liquid molecule surrounded

by bulk liquid,"

specified temperature

entropy

contributions

single-molecule internal*

single-molecule rotational*

single-molecule translationaf

intermolecular correlations''

single-molecule internal*e

single-molecule rotational*1^

[single-molecule translationale]

a. Due to the mean effect of interactions with the surrounding molecules, the single-

molecule entropy in the liquid state is not identical to the entropy of a single molecule

in vacuum.

b. The separation of internal and rotational contributions cannot be done

unambiguously because of their coupling through the inertia tensor of the molecule.

c. Ideal-gas contribution, which can be evaluated analytically through the Sackur-

Tetrode equation based on the molar volume of the liquid at the standard pressure of 1

bar and the given temperature; not evaluated m the present study.

d. Involve the three types of single-molecule degrees of freedom (internai, rotational,

and translational); currently not accessible from simulations.

e. Approximately accessible (upper bound) from simulations through quasi-harmonic

analysis using coordinates translationally and rotationally fitted to a reference

structure; neglects mode anharmonicity and mode correlations (beyond pairwise linear

ones) within the single molecule.

/. Approximately accessible (upper bound) from simulations through quasi-harmonic

analyses with and without rotational fitting; neglects the highly correlated nature of

rotational motion; could also be estimated from the quantum-mechanical entropy of a

rigid rotor based on the average inertia tensor from the simulation.

Table 4.1: Comparison of the concepts ofmolecular and single-molecule entropies.
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The set of hydrocarbons considered here has been chosen with an eye to the occurrence of

aliphatic chains in lipids of biological interest. The molecule sizes have been limited to n-

alkanes up to hexadecane (Figure 4.1) and octadecane, which allows for comparison with

available experimental data. Additionally, ds-9-octadecene (Figure 4.1) was included in the

set in order to investigate the effect of the central double bond in both the AL and CG models,

and for its relevance as a template for dioleoylphosphatidylcholine (DOPC), a lipid occurring

in biological membranes.

A / /

B
/ (

C )
;

)

d ; [ •/

E
^

fc C16 C18:c9

Figure 4.1: Definition of the fragments (fc = A, B, C, D or E) of hydrocarbon chains for

hexadecane (CI 6) and cis-9-octadecene (C18:c9). Dotted lines indicate fragment boundaries.

Fragments are used to map the atomic-level (AL) model onto the coarse-grained (CG) model.

By estimating configurational entropies the present work addresses several aspects concerning

the simplification of a force field for MD simulations. First, what is the simulation length

required for a single hydrocarbon molecule to sample its accessible configurational space? Is

it possible to measure the extent of the configurational space sampled and to estimate the
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entropy contribution associated with single-molecule overall rotation? Second, to what extent

does the CG model reproduce the properties of the AL model in terms of entropy, dynamics,

and structure? Vice versa, how does the AL description map to the CG picture?

4.3 Methods

4.3.1 Molecular dynamics simulations

Trajectories for liquid hydrocarbons were generated using the MD package GROMACS

(version 3.O.; Ref [35]) based on either the AL (GROMOS 45A3; Ref [32]) or the CG (Ref

[1]) force fields. All systems were simulated under rectangular periodic boundary conditions.

The weak-coupling algorithm [36] was used to maintain a constant average temperature (at a

specified reference value) and pressure (at 1 atm), with relaxation times of 0.1 ps and 0.5 ps,

respectively and an isothermal compressibility of 4.6-10~4 kJ"1 • mol • nm3. All MD

simulations were initialized with atomic (AL) or bead (CG) velocities taken from a Maxwell-

Boltzmann distribution at the desired temperature. Newton's equations of motion were

integrated using the leapfrog algorithm [37] with time steps of 5 (AL) or 40 (CG) fs. Overall

system center of mass translation and rotation was removed at every step. In the AL model,

the bond lengths were constrained using the LINCS algorithm [38] with a relative geometric

tolerance of 10"4, and the non-bonded (exclusively Lennard-Jones) interactions were truncated

at a distance of 1.2 nm. The CG model differs from the AL model in that (i) no constraining

procedure is applied to (pseudo) bond lengths (which are described by harmonic springs), (ii)

Lennard-Jones interactions between second (pseudo) neighbours are not excluded, and (iii) for

the Lennard-Jones potential energy term the standard GROMACS shifting function [35] is

used between 0.9 nm and the cutoff distance of 1.2 nm. Simulations of five different

hydrocarbons were performed using the AL model, consisting of 128 molecules of dodecane

(n-Ci2H26, C12), tetradecane (C14H30, C14), hexadecane (C16H34, C16), octadecane (Ci8H38,

C18), and ds-9-octadecene (C18H36, C18:c9). Corresponding simulations using the CG model

were only performed for pure hexadecane and ds-9-octadecene. In this case, larger systems of

256 or 512 molecules were simulated.
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Initial configurations for both type of models were generated at the experimental density

(liquid phase at the specified temperature), by randomly attributing particle positions while

avoiding particle overlaps and crossing of the hydrocarbon chains. An initial equilibration

phase of 1 (AL) or 10 (CG) ns was followed by sampling simulations over up to 200 ns (AL)

or 1 [is (CG). The entire sampling periods were used for analysis. Unless otherwise specified,

analysis results are averaged over all hydrocarbon chains in the simulated liquid sample.

4.3.2 Entropy calculations

Configurational entropy calculations were performed following the formulation of Schlitter

[24]. This analysis provides an approximate value (upper bound) S to the true configurational

entropy StrUe of the simulated system,

Strm<S =^-lndet lÄl> (4.1)

where kB is Boltzmann's constant, T the absolute temperature, e Euler's number, and h

Planck's constant divided by 2%. Here, D is the covariance matrix of mass-weighted atomic

Cartesian coordinates, defined as

D M2(r-(r)) ® M2(r-(r)) (4.2)

where r is the 3jV-dimensional Cartesian coordinate vector of the jV particles (atoms or beads)

considered for the entropy calculation after least-squares fitting onto a reference structure, M

is the 3jV-dimensional diagonal matrix containing the masses of these particles, (...) denotes

ensemble averaging, and the notation a ®b stands for the matrix with elements fi, v equal to

aß-bv. For all systems considered, the initial system configurations (after equilibration) were

used as reference to perform the structural least-squares fitting of trajectory configurations

(i.e. each alkane has a different reference conformation).

To define the notation unambiguously, the symbol S^ficov) will be used to denote the

entropy estimated from the covariance matrix for the set of jV particles defined by the cov

reference code, using a least-squares fit of trajectory configurations based on the set of
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particles defined by the fit reference code, while the type reference code indicates how the

fitting procedure is performed. Atoms in the fit set may be the same as those in the cov set, but

may also differ. In the present work, the cov set is always identical to or a subset of the fit set.

In practice, two alternative sets of particles were used to define cov and fit as summarized in

Table 4.2, namely (i) the entire alkane or alkene chain of a particular hydrocarbon molecule

(reference code ch), or (ii) a fragment of the hydrocarbon chain (reference code fc; see e.g.

Figure 4.1). In order to investigate the separate contributions of internal and rotational degrees

of freedom to the entropy, two alternative fitting procedures were used in the superposition of

successive trajectory structures onto the reference one, as summarized in Table 4.2 (type

reference code).

Reference code definitions

type description

ir

r

ip

irp

internal configurational entropy (overall translation and rotation removed)

internal plus rotational configurational entropy (overall translation removed)

rotational entropy contribution (Eq (4.3))

internal configurational entropy per particle

internal plus rotational configurational entropy per particle

fit and

cov

description

ch

fc

complete alkane or alkene chain

fragment of the chain

Table 4.2: Reference code definitions for the particle sets used in estimating the (single-
molecule or single-fragment; internal or internal plus rotational) configurational entropy

S'Jf (cov). A reference code is given for the type of estimate (type) and the sets of atoms used

for the fitting (fit) andfor the mass-weighted covariance matrix calculation (cov).
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In the first one, the molecular configurations were superposed via a translational superposition

of centers of mass followed by rotational least-squares fit [39], thus excluding the rotational

motion from the calculated (single-molecule or single-fragment) configurational entropies

[25]. This yields an internal (type: i) or internal per-particle (type: ip) entropy (the latter

quantity being the entropy divided by the number jV of particles in the cov set). In the second

one, a translational superposition was performed without applying any rotational

transformation, thus including the rotational motion in the calculated (single-molecule or

single-fragment) configurational entropies. This yields an internal plus rotational (type: ir) or

internal plus rotational per-particle (type: irp) entropy. The relative contribution of overall

rotation srfit(cov) to the total entropy (expressed in percent) may be estimated from the

difference between the entropies calculated using the two fitting procedures, i.e. as

S;t{cov)-S'fit{cov)

s;t(cov)
srfit(cov)=

M
; ß[y ^xlOO

. (4.3)

The reported configurational entropy estimates are the average values of the (single-molecule

or single-fragment, see Table 4.1) configurational entropies over the set of molecules

simulated, unless otherwise specified. Corresponding error bars are evaluated as twice the

standard deviation around the average.

4.4 Results and discussion

4.4.1 Single-molecule entropies in atomic-level and coarse-grained models

Cumulative estimates of the single-molecule internal configurational entropy (S'ch(ch); see

Table 4.2 for reference codes) for hexadecane (CI6) treated with either the atomic-level (AL)

or coarse-grained (CG) model, are displayed in Figure 4.2 as a function of the number n of

(time-equidistant) configurations used in the estimate, and based on two different simulation

periods. In Figure 4.2.a,b the build-up curves are displayed for a set of 16 chains taken from a

system consisting of 128 AL CI6 molecules simulated for 25 or 2.5 ns at 323 K. The build-up

curve averaged over all simulated hydrocarbon chains is also drawn. The curves are found to
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be very similar for all chains, although the spread of configurational entropies among the 128

simulated molecules (insets in Figure 4.2.a,b) is significantly larger when the estimate is based

on the shorter simulation period of 2.5 ns (compared to 25 ns). However, in both cases, the

spread is small relative to the final average entropy value, and decreases upon increasing the

number of configurations considered in the entropy evaluation. Convergence of the average

build-up curve to 99% of its final estimate (for 500 configurations) is reached with 264 and

314 configurations for the simulation periods of 25 and 2.5 ns, respectively.

£ 600
T-

^

400

«ct
o

Xii« 200

Figure 4.2: Single-molecule internal configurational entropies S'ch(ch) as a function of the

number n of configurations included in the estimate, for hexadecane (CI6). The estimated

entropies are displayedfor a randomly chosen set of 16 out of 128 molecules (colour lines) as

calculated based on n = 0...500 time-equidistant configurations collected from a 25 ns (a,c)

or a 2.5 ns (b,d) simulation period with the atomic-level (AL; a,b) model or coarse-grained

(CG; b,d) models. The curves averaged over the 128 molecules are also displayed (thick black

lines). The curves for all 128 simulated chains are shown in scaled insets over the range

n = 300...500. Error bars are smaller than 0.5 J K1 -mol1 (not displayed). See Table 4.2

and Section 4.3.2 for definitions ofentropy codes.
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The corresponding build-up curves are displayed in Figures 4.2.c,d for comparable

simulations performed with the CG model of C16 (128 chains simulated at 323 K). The

entropy estimates based on the CG model require much fewer configurations to reach

convergence, namely 59 or 63 configurations to account for 99% of the final estimate for the

simulation periods of 25 and 2.5 ns, respectively. This indicates that the accessible

conformational space of the CG Cl6 chains is sampled much faster compared to that of AL

C16 chains, which is not surprising considering that one CG bead represents four AL atoms.

The spread of entropy values among the 128 molecules (insets in Figures 4.2.a-d) is smaller in

the CG model compared to the AL model, i.e. the distribution of entropy values over the CI6

chains is wider in the AL representation. A very similar behaviour is found for cis-9-

octadecene (C18:c9) chains in both the AL and CG models (data not shown).

A more detailed analysis of the configurational entropy is given in Table 4.3, which reports

internal S'ch(ch) as well as internal plus rotational Sirch(ch) single-molecule configurational

entropies for liquid C16 in the AL and CG models for different simulation periods, different

number of configurations used in the entropy estimate, and different reference temperatures.

For practical purposes entropy differences smaller than 2% are considered to be negligible,

because of the limited intrinsic accuracy of the method. Expectedly, both S'ch(ch) and S'c[(ch)

noticeably increase upon raising the simulation temperature, for all systems and in both

representations, the sensitivity to the temperature being larger in the AL model compared to

the CG one. Comparatively smaller increases are observed upon increasing the time period

used for estimating the entropy. The relative contribution srch(ch) of overall rotation to the

configurational entropy of C16 chains does not significantly vary with temperature, and

represents about 19% and 47% of the total single-molecule (internal plus rotational) entropy

for the AL and CG models, respectively.
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Experimental molecular entropies and calculated single-molecule configurational entropies.'

expd calculated

molecule
liquid s'M) s:(ch) Sich) S'l(ch) -

atoms

s[h(ch)

[%]

time

period

[ns]

nr

configurations

T

[K]

[j K1 mol
in fit

AL model

Dodecane 491e 519 699 + 1 43 58 12 26 25 1000 303

Tetradecane 555e 630 813 45 58 14 22 25 1000 303

Hexadecane6 606^ 830 1032 51 63 16 18 25 500 323

838 1041 52 65 16 19 25 500 323

824 1028 51 64 16 20 200 1000 303

842 1045 53 65 16 19 200 1000 323

859 1061 54 66 16 19 200 1000 343

Octadecane 697« 970 1178 54 65 18 18 25 1000 323

cis-9-octadecenec - 935 1143 52 63 18 18 25 1000 303

CG model

Hexadecane6 606^ 176 335 44 84 4 47 25 1000 303

176 338 44 84 4 48 25 1000 303

179 339 45 85 4 47 25 1000 323

179 341 45 85 4 47 25 1000 323

cis-9-octadecenec - 275 452 55 90 5 39 1000 2500 303

280 456 56 91 5 38 1000 2500 323

a Values of the standard deviation around the average (over all molecules) are only reported when larger than 0 5 J K mol

b Results are averaged over the 128 alkane chains simulated

c Results are averaged over 128 chains among 512 alkene chains simulated

d Experimental data at 298 K from heat capacity measurements

e Ref 40

/ Averaged from Refs 40 and 41

g Ref 41

Table 4.3: Experimental molecular entropies and calculated single-molecule configurational

entropies from MD simulations of liquid hydrocarbons. Entropies are calculated using

different numbers of configurations collected over simulation periods of different lengths.
The number of atoms used for the fitting procedure, the relative contribution of overall

rotation to the absolute entropy, and the simulation temperature are also reported. See Table

4.2 and Section 4.3.2 for configurational entropy nomenclature.
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In order to assess the convergence of the entropy with respect to different molecules, single-

molecule configurational entropies of C16 in the AL model at 323 K were estimated from the

concatenated trajectories (each of 200 ns length) of 16 randomly chosen chains. Figure 4.3

shows the corresponding build-up curves of both the internal S'ch(ch) and internal plus

rotational Sirch{ch) entropies. It appears that the concatenated trajectories of three distinct

molecules are already sufficient to generate an ensemble of configurations accounting for

more than 99% of the total internal configurational entropy S'ch(ch) .
A slightly larger number

of four trajectories is necessary to also adequately sample the accessible rotational space and

account for 99% of the internal plus rotational entropy Sirch{ch). Both configurational

entropies calculated from the ensembles of 16 concatenated trajectories are very well

converged, which is not surprising considering that these estimates are based on a total

simulation time of 3.2 us. The configurational entropy estimates are completely independent

of the chronological order in which the different trajectories are concatenated (Figure 4.3),

which is a direct consequence of the ergodic assumption. In the case of AL CI6 at 323 K,

S'ch(ch) and S'c[(ch) are estimated to be 845 and 1050 J-K^-mol-1, respectively. These

values agree very well with those obtained by averaging over all 128 alkane chains simulated

for a period of 200 ns (Table 4.3), namely 842 and 1045 J-K^-mol-1, confirming that the

latter values are also well converged.
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Figure 4.3: Single-molecule internal and internal plus rotational configurational entropies

for AL hexadecane (CI6) at 323 K from concatenated 200 ns trajectories of m = 1...16

individual chains (500 configurations per trajectory). Internal S'ch(ch) (continuous line) and

internal plus rotational S"ch(ch) (dashed line) entropies were calculated for 16 randomly

chosen chains (out of 128 in the simulated system). Vertical dotted lines separate the 16

individual trajectories. Error bars are smaller than 0.5 J K1 -mol1 (not displayed). See

Table 4.2 and Section 4.3.2 for definitions of entropy codes.

4A.2 Single-molecule configurational entropies vs. experimental molecular

entropies

Experimental molecular entropies derived from temperature integration of the measured heat

capacity [40,41] are reported in Table 4.3. Direct comparison between experimental molecular

entropies and calculated single-molecule configurational entropies is of limited value for a

number of reasons (Table 4.1): (i) single-molecule translational entropy contributions (based

on the liquid density at a standard pressure of 1 bar) are encompassed in the experimental

values but are absent in the calculated ones; (ii) single-molecule rotational entropy

contributions are encompassed in the experimental values but are absent in (S' (ch)) or
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overestimated (S'c[(ch)) in the calculated ones; (iii) the calculated (quasi-harmonic) single-

molecule entropies neglect contributions from mode anharmonicity, (supralinear) pairwise

mode correlations and all higher-order correlations [30]; (iv) intermolecular correlations

among hydrocarbon chains (involving translational, rotational and internal degrees of freedom

of the individual chains) contribute to the experimental molecular entropies, but not to the

calculated single-molecule entropies; (v) experimental and theoretical values correspond to

slightly different temperatures. If the calculated values for S'ch(ch) could be corrected for

these effects (so as to reach an estimate comparable with experimental molecular entropies),

the correction terms for effects (i) and (ii), would be positive and those for effects (iii) and (iv)

negative, while approximation (v) is of minor relevance in view of the limited temperature

dependence of the calculated entropies (Table 4.3). Based on S'c[(ch), the correction term for

effect (ii) would be negative instead. The observation that theoretical single-molecule values

(either S'ch(ch) or Sirch(ch)) are found to be systematically higher than the experimental

molecular values suggest that the neglect of anharmonicity, mode correlation and

intermolecular correlations is the main cause for the observed differences.

Despite these limitations, trends in the experimental and calculated entropies may be

compared. For example, both sets of values for pure liquid hydrocarbons expectedly increase

with increasing chain length. This dependence agrees with the experimentally observed

increase in the molar heat capacity Cpm upon increasing the hydrocarbon chain length [42].

The same trend is displayed by the calculated per-particle values. It is also interesting to note

that there exists a linear relationship between the molecular radius of gyration (averaged over

the 128 simulated hydrocarbon molecules) and the inverse of the relative contribution of

rotational entropy to the total entropy (Figure 4.4, linear correlation coefficient is 0.99,

calculated considering all n-alkanes).
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Figure 4.4: Correlation between the inverse of the relative contribution srch(ch) (Eq (4.3)) of

rotational entropy to the total entropy for hydrocarbon chains and the average radius of

gyration Rgyr, based on simulations with the AL model at temperatures specified in Table 4.3.

To analyze in more detail the relationship between experimental measurements and

calculations, the heat capacity was estimated from three simulations (1000 configurations

collected over a simulation period of 200 ns) of 128 AL or CG C16 at 303, 323 and 343 K

(Table 4.3). From these simulations, the constant-pressure molar heat capacity can be

calculated in two ways based on standard thermodynamic relationships [43]. First, it can be

evaluated as

ch =H{TB)-H{TA)
T -T

(4.4)

where H =(U) + P{V) is the molar enthalpy of the system at the given temperature and

pressure. Second, it can be evaluated as
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cs
_S(TB)-S(TA)

p,m

where S is the molar entropy, this equation following from integrating Cpm =t\ — with

the assumption of a constant heat capacity in the given temperature range. These values can be

compared to the experimental molar heat capacity C^pm (323.15K, 1 bar) = 516 J• K"1 • mol-1

for hexadecane [42]. Using Eq (4.4) one finds the values C"m (323K,lbar) = 273 and 103

J • K"1 • mol-1 for the AL and CG models, respectively. The value for the AL model is

expected to be comparable with experiment (neglecting the possible contribution of the CH

bonds, absent in the united-atom representation), because the enthalpy accounts for

intermolecular correlations. The P(v) term was found to be of negligible magnitude; errors

are not reported for this qualitative comparison. Using Eq (4.5) together with the single-

molecule configurational entropies S'ch(ch) reported in Table 4.3, one finds

Cspm (323 K, 1 bar) = 282 and Cspm (313 K, 1 bar) = 282 J • K"1 • mol"1 for the AL model, and

Cs (313 K, lbar) = 47 J-K^-mol-1 for the corresponding CG model (the corresponding

experimental value extrapolated [42] for 313 K being Cepxpm(313.15K,lbar) =509

J • K"1 • mol-1 ). However, because the value for Cp m

is based on approximate (quasi-

harmonic) entropies that neglect the contribution of molecular translation and rotation as well

as intermolecular correlations, it is not directly comparable with those for C"m and Cpxpm.

The large decrease in the heat capacity between the AL and CG models is due to the reduced

number of degrees of freedom in the CG model.

Eqs (4.4) and (4.5) can also be combined to provide an estimate of the entropy change upon

increasing the temperature

^-S{TB)-S(Tt)SH^-H^^T^
. (4.6)

This equation was applied to estimate the change in molecular entropy (including the effect of

molecular translation and rotation, as well as intermolecular correlations) for a system of 128

AL C16 chains using the total energies from simulations at 303, 323 and 343 K. The resulting
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estimated changes in molecular entropy are AS (303 K —» 323 K) = 8 ± 4,

AS (323 K -> 343 K) = 7 ± 4, and AS (303 K -> 343 K) = 15 ± 4 J • K"1 • mol"1. These values

can be compared with the corresponding changes in single-molecule configurational entropies

derived from the data in Table 4.3. These changes are A5"(303 K—>323 K) =18,

AS'(323K^343K) = 17, AS" (303 K^343 K) =35, AS'r(303 K^323 K) = 17,

A1T(323K^343K) = 16, and ASir (303 K -> 343 K) = 33 J-K^-mol"1, in terms of

single-molecule internal and internal plus rotational entropies. The correspondence between

these and the above estimates for the molecular entropy change suggests that the leading

contribution to these changes (in the temperature range considered) is due to single-molecule

contributions, while the corresponding changes in the translational, rotational and

intermolecular contributions are comparatively small.

In order to investigate the effect of the solvent environment, the single-molecule S'ch(ch) and

S'c[(ch) of a single CI6 chain in vacuum were estimated from a 200 ns simulation at 323 K

with solute degrees of freedom weakly coupled to an external thermal bath [36] (relaxation

time 0.1 ps) based on 1000 trajectory structures. The results (directly comparable to the MD

results for the liquid phase reported in Table 4.3), S'ch(ch) = 858 and S'c[(ch) = 1057

J-K-1 -mol-1 are only 2 and 1 % larger than the corresponding ones for MD of CI6 in the

liquid phase (Table 4.3). The small difference can be explained considering that the

configurational entropy of a single solute molecule is affected by the surrounding

environment. The decrease of single-molecule configurational entropy upon going from the

gas to the liquid phase is due to the restriction of the chain flexibility due to interaction with

neighbouring chains in the liquid phase.

4.4.3 Flexibility of liquid hydrocarbon chains

The distribution of configurational entropy along the hydrocarbon chains was also determined

for the set of hydrocarbons considered. The calculations were based on a subdivision of the

aliphatic chain into fragments (fc), as illustrated in Figure 4.1 for C16 and C18:c9. Fragments

of 4 methylene groups were chosen because the CG model maps the same subgroups of atoms

of the AL model to a single bead. Figure 4.5 shows the single-fragment internal and internal
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plus rotational configurational entropies per particle, S'cPh(fc) and S'crp(fc), for the set of

hydrocarbons investigated. Expectedly, the latter values are always larger than the former

ones, because they (approximately) encompass the rotational entropy contribution for the

fragment. However, similar distributions are observed for the two quantities S'cPh(fc) and

S'ch(fc) (with the only exception of CI8x9, see below). The entropy is larger for the

fragments in the terminal parts of the chains compared to the corresponding central fragments,

indicating that the former are comparatively more flexible than the latter. The curves are also

symmetrical with respect to the middle of the chain, as expected for a sufficient sampling of

the accessible configurational space (i.e. adequate convergence of the entropy calculations).

For CI8x9 the internal configurational entropy of the central fragment is significantly lower

compared to CI8 due to the presence of the central double bond in this fragment. This bond

confers a higher degree of rigidity to the two neighbouring fragments (cf. Cl8 and Cl8x9

fragments with central atom sequence numbers 6 and 12 in Figure 4.5). In contrast, the

internal entropy estimates for the two terminal fragments are similar for CI8 and CI8x9. The

distribution of internal plus rotational S'crp(fc) configurational entropy for C18x9 follows the

same trend as that of the internal configurational entropy, except for the central fragment.

This more rigid fragment is found to provide a large contribution to the rotational entropy,

even if its internal contribution is reduced. This observation suggests that the central part of

the chain experiences rotational motions which are not strictly depending on its flexibility.

Estimates of S'ch(fc) and Sirch(fc) for the other hydrocarbons considered in the present study

are given in Appendix 4.7.
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on the AL model at temperatures specified in Table 4.3. Fragment entropies are displayed as

a function of the atom sequence number along the alkane chain. Error bars are smaller than

0.5 J K1 -mol1 (not displayed). The lines are meant to guide the eye. See Table 4.2 and

Section 4.3.2 for definitions of entropy codes.

AAA Comparison of atomic-level and coarse-grained models

Configurational internal plus rotational entropies based on the AL and CG models are

compared in Table 4.4 on a fragment (AL) or bead (CG) basis. A third set of entropies

corresponds to a CG representation derived from the trajectory simulated using the AL model,
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in which the center of mass of each fragment is mapped to a bead (MAP). Note that the AL

entropies involve (translational) superposition of trajectory configurations based on the

individual fragment, while the superposition is based on the whole chain for the CG and MAP

cases.

Configurational entropies of hydrocarbon chain fragments in the

AL model and of the corresponding beads in the CG model.a

s;(fc) s:(fC) s:(fC)

fj K
*
-mol 1_|

system fc AL MAP CG

Hexadecane* A 211 133 131

B 209 111 110

C 209 111 110

D 211 133 131

c;.s>9-octadecenee A 211 135 136

B 209 117 121

C 66 101 108

D 209 117 121

E 211 135 136

a. Standard deviations around the average are smaller than 0.5 J K"1 mol
i

b. AL and MAP: from 25 ns MD simulation at 323 K (500

configurations used). CG: from l/is MD simulation at 323 K (2500

configurations used).

c. AL and MAP: from 25 ns MD simulation at 303 K (500

configurations used). CG: from 2.5 /is at 303 K (2500 configurations

used). Note: fragment C only includes 2 united atoms, which map onto

one specific bead in the CG model.

Table 4.4: Comparison between the atomic-level (AL) and coarse-grained (CG) models for

hydrocarbon chains in terms of single-fragment (or bead) configurational entropies. For a

direct comparison, the configurational entropy is also calculated based on the centers ofmass

of single-fragments in the AL model, which map onto corresponding coarse-grained beads

(MAP). Fragments (fc) nomenclature refers to Figure 4.1. See Table 4.2 and Section 4.3.2 for

definitions of entropy codes.
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Results for CG C16 and CG C18x9 are directly comparable (although they were calculated

from simulations of different time lengths and using different numbers of configurations),

because complete convergence was reached in both cases for the corresponding SJc(fc)

entropies (not shown). The MAP and CG results are directly comparable (i.e. they can be used

to assess the compatibility between the AL and CG models, in terms of sampling of

configurational space and flexibility). The CG model clearly provides a reasonable description

of the overall hydrocarbon chain flexibility with reference to the AL model (in its mapped

form) for both C16 and C18x9. The agreement is slightly better for C16 compared to C18x9

chains, the latter being more flexible around the central part in the CG model compared to the

AL model (in its mapped form). This small discrepancy between AL and CG models could

probably be reduced by using a slightly stiffer bond-angle potential around the central bead of

CG Cl8x9. The comparison of the AL and MAP results provides an indication of the loss in

configurational entropy upon coarse-graining the AL model. This entropy loss depends on the

fragment position along the chain. This may be a consequence of the fact that back-folding of

the chain ends occurs to a larger extent in the AL model than in the CG model, because (i) the

CG beads are larger than the corresponding AL united-atom particles, and (ii) back-folding

requires large deviations from the equilibrium angles in the CG model, but can be achieved

through a number of comparatively smaller deviations of bond angles and torsional angles in

the AL model. It can also be noticed that the entropy loss is comparatively larger for CI6 than

for CI8x9. This is because, in the former molecule, the coarse-graining reduces the original

16 united atoms to 4 beads while in the second, the reduction is from 18 to 5, so that the ratio

between the number of degrees of freedom in the CG and AL models is larger in this latter

case.

Vaporization enthalpies (AH) were also calculated from (N,p,T) ensembles as previously

described [32,34], and used for comparison of the two models. From simulations of C16 (AL:

2 ns; CG: 30 ns) at 303 K we find AH^„ = 80 and AH = 66 kJ • mol"1.
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Figure 4.6: Normalized probability distributions ofpseudo-bond and pseudo-torsional angles

from simulations (AL: 25 ns; CG: 1 jus) of liquid hexadecane (CI 6) at 323 K and liquid cis-9-

octadecene (C18:c9) at 303 K, defined based on mapped beads (MAP; gray lines) or beads

(CG model; black lines). Mapped beads refer to the centers of mass of the AL fragments. All

simulated 128 hexadecane chains were used to calculate the averaged normalized

distributions displayed. Fragment and bead nomenclature refers to Figure 4.1.

Conformational analysis was performed for C16 and C18x9 in terms of pseudo-bond angles

and pseudo-torsional angles between mapped beads (AL model) or beads (CG model). The

corresponding normalized distributions averaged over all the 128 simulated molecules are

displayed in Figure 4.6. For CI6 a good correspondence is found between AL and CG pseudo-

bond angle distributions (A-B-C and B-C-D). The agreement is not as good for the pseudo-

torsional angle (A-B-C-D), where the normalized distribution for the CG model shows a

uniform sampling, while the corresponding AL model (in its mapped form) shows a bias
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towards low angles. This observation can be explained considering that in the CG model no

dihedral-angle potential is applied, in contrast to the AL model. For CI8x9 a good

correspondence is observed between the two sets of normalized distributions (except for a

slight shift in the peak position for the B-C-D pseudo-bond angle). For both C16 and C18x9,

the CG model displays only slightly narrower pseudo-bond angle distributions compared to

the AL model (in its mapped form), despite the reduced number of degrees of freedom.

1.0 1.5

head-to-tail distance Jnm]

2.0

Figure 4.7: Normalized probability distributions of head-to-tail distance from simulations

(AL: 25 ns; CG: 1 jus) of liquid hexadecane (CI 6) at 323 K defined based on the two terminal

united atoms (AL model; dashed black line) or the two terminal mapped beads A and D

(MAP; grey line) or beads A and D (CG model; solid black line). Mapped beads refer to the

centers of mass of the AL fragments. All simulated 128 hexadecane chains were used to

calculate the averaged normalized distributions. Fragment and bead nomenclature refers to

Figure 4.1.

Differences between the AL and CG models were further analyzed for CI6 by calculating

distributions of the head-to-tail distance. The results are displayed in Figure 4.7. Similar

distributions are found for the AL (in its mapped form) and CG trajectories, with peaks
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centered at about 1.2 nm. The distribution of the fragment centers of mass in the AL model

(MAP) is slightly shifted towards shorter distances compared to the distribution of CG beads,

which is due to the internal flexibility of the four-atom fragments in the AL model. The

distribution for the AL model is broader and shifted by 0.3 nm toward larger distances. This is

not unexpected since the distance between the center of mass of a fragment and one of its

outer atoms is about 0.19 nm.
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Figure 4.8: Radial distribution functions g (r) and their integrals from (AL: 25 ns; CG: 1 jus)

simulations of liquid hexadecane (CI6) at 323 K defined based on the two terminal united

atoms (AL model; dashed black line) or the two terminal mapped beads A and D (MAP; grey

line) or beads A and D (CG model; solid black line). The functions (rdf thin lines) were

calculated taking into account all united atoms, mapped beads or beads excluding

intramolecular pairs. The corresponding running integrals £, of 4it r2 p g (r) are also shown

(thick lines). Mapped beads refer to the centers of mass of the fragments. Fragment (bead)

definition refers to Figure 4.1.

Finally, the general structural properties of the liquid in the AL and CG models were

compared by calculating three different radial distribution functions for CI6: (i) for the

carbon-atom coordinates (AL model), (ii) for the coordinates of the centers of mass of the AL
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fragments (MAP), and (iii) for the CG beads (CG). Radial distribution functions for the atoms

(AL) or beads (CG) from one randomly chosen molecule were calculated based on 1000

trajectory structures of hexadecane at 323 K, excluding the neighbouring carbon atoms (AL)

or beads (CG) of the same molecule. The results are shown in Figure 4.8. The CG model

evidences stronger ordering (higher peak) than the AL and MAP models, especially in the first

coordination shell. However, the number of particles in this first shell (about 6) is almost the

same in the three cases as is observed from the integrals over the radial distribution function.

Additionally, a slightly larger number of particles coordinated at 2.0 nm for the CG liquid

with respect to the MAP one is observed, corresponding to a higher liquid density (which

observation agrees with previously reported liquid densities for the AL [32] and CG [1]

models). Differences between the CG and MAP models that may affect the radial distribution

function directly are the following: (i) the size of one CG bead (0.47 nm diameter) is constant

during the simulation, while fragments of four AL methylene groups have a variable size, (ii)

the CG model does not involve constraints for the distances, but rather harmonic springs

between consecutive beads, and (iii) the AL force field excludes Lennard-Jones interactions

up to second nearest neighbours while the CG force field restricts the exclusion to first

neighbours.

4.5 Conclusions

In the present work, the properties of liquid hydrocarbons have been investigated using

models at two different resolution scales, namely atomic-level (AL) and coarse-grained (CG)

models. The following main conclusions can be drawn from this study:

A - The values of single-molecule configurational entropies based on molecular dynamics

(MD) simulations using the quasi-harmonic approach may depend significantly on the

simulation period considered, and on the number of structures used to estimate the

configurational entropy. For the set of hydrocarbons considered, the sampling of internal

motion is reached on a time period of tens of nanoseconds (based on 500 structures or more)

for both AL and CG models. In the latter case, the reduced number of degrees of freedom

allows to reach convergence from even shorter simulations. On the contrary, the rotational
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contributions, (qualitatively) captured in the internal plus rotational single-molecule entropy,

require comparatively longer simulations to reach complete convergence.

B - A comparison between single-molecule configurational entropies and (experimentally

accessible) molecular entropies is difficult. While the first quantity can be estimated by MD

simulations within the limits of the quasi-harmonic approximation, the second (including the

diffusive degrees of freedom and the effect of intermolecular correlations) is currently difficult

to access by simulation. However, the temperature dependences of the two quantities, related

the corresponding molar heat capacities, appear to be comparable (AL model vs. experiment)

in the limited temperature range considered. This temperature dependence is found to be

weaker in the case of the CG model.

C - The loss of configurational entropy upon coarse-graining the simulation model AL to CG

can be estimated by comparing AL atomic trajectories to corresponding bead trajectories

(MAP) obtained by mapping fragment centers of mass to one bead based on the same

trajectories. For hexadecane and ds-9-octadecene, the entropy loss upon coarse-graining

(which depends on the fragment position along the chain) is found to be of the order of 40-100

J • K"1 • mol-1 per bead, and to be systematically higher for hexadecane than ds-9-octadecene.

D - The CG model provides a good description of the overall hydrocarbon chain flexibility

with reference to the AL model (in its mapped form) for the hydrocarbons considered. In the

case of ds-9-octadecene, the CG model could be further improved by using a slightly stiffer

pseudo-bond angle potential for the central bead corresponding to the AL double bond. A

reasonable agreement between the two levels of resolution (MAP vs. CG) was met for all

structural properties investigated (i.e. pseudo-bond angle and pseudo-torsional angle

distributions, head-to-tail distance distributions, and distribution functions in the liquid

phase). The different nature of the two force fields considered affects to larger extent short-

range local properties, than long-range averaged ones. Indeed, the latter are those properties of

interest for large-size system and/or long-timescale simulations the CG model has been

designed for.

The present work represents a first step in the comparison of the AL and CG models in the

context of lipids (the main target of the CG force field by Marrink et al. [1]), the tails of which

correspond to the hydrocarbon templates studied here. Although the present study supports a
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good correspondence between AL and CG force fields, a comparison of other thermodynamic

properties (e.g. thermodynamic quantities related to vaporization and solvation) would be

useful. Such investigation is of primary importance to define a non-arbitrary procedure for the

parametrization of CG force fields and their extension to other chemical groups of biological

relevance (e.g. amino acid residues, DNA base pairs), by using the match to experimental

thermodynamic quantities as a general criterion.

4.6 References

1. Marrink SJ, de Vries AH, Mark AE. Coarse grained model for semi quantitative lipid
simulations. /. Phys. Chem. B 2004; 108: 750-760.

2. Baschnagel J, Binder K, Doruker P, Gusev AA, Hahn O, Kremer K, Mattice WL, Müller-

Plathe F, Murat M, Paul W, Santos S, Suter UW, Tries V. Bridging the gap between

atomistic and coarse-grained models of polymers: status and perspectives. In Advances in

Polymer Sciences, Springer-Verlag: Heidelberg, 2000, Vol 152, p 41-156.

3. Müller-Plathe F. Coarse-graining in polymer simulations: from the atomistic to the

mesoscopic scale and back. ChemPhysChem 2002; 3: 754-769.

4. Kremer K. Computer simulations for macromolecular science. Macromol. Chem. Phys.

2003; 204:257-264.

5. Shelley JC, Shelley MY. Computer simulation of surfactant solutions. Curr. Opin. Colloid.

Interface Sc. 2000; 5: 101-110.

6. Müller M, Katsov K, Schick M. Coarse-grained models and collective phenomena in

membranes: computer simualtions of membrane fusion. /. Polym. Sei. B 2003; 41: 1441-

1450.

7. Smit B, Hilbers PAJ, Esselink K, Rupert LAM., van Os NM, Schlijper AG. Computer
simulations of a water/oil interface in the presence of micelles. Nature 1990; 348: 624-625.

8. Smit B, Esselink K, Hilbers PAJ, van Os NM, Rupert LAM, Szleifer I. Computer-
simulations of surfactant self-assembly. Langmuir 1993; 9: 9-11.



114

9. Tozzini V. Coarse-grained models for proteins. Curr. Opin. Struct. Biol. 2005; 15: 144-

150.

10. Goetz R, Lipowsky R. Computer simulations of bilayer membranes: Self-assembly and

interfacial tension. /. Chem. Phys. 1998; 108: 7397-7409.

11. Groot RD, Madden TJ, Tildesley DJ. On the role of hydrodynamic interactions in block

copolymer microphase separation. /. Chem. Phys. 1999; 110: 9739-9749.

12. Shelley JC, Shelley MY, Reeder RC, Bandyopadhyay S, Klein ML. A coarse-grain model

for phospholipid simulations. /. Phys. Chem. B 2001; 105: 4464-4470.

13. Murtola T, Falck E, Patra M, Karttunen M, Vattulainen I. Coarse-grained model for

phospholipid/cholesterol bilayer. /. Chem. Phys. 2004; 121: 9156-9165.

14. Srinivas G, Shelley JC, Nielsen SO, Discher DE, Klein ML. Simulation of diblock

copolymer self-assembly, using a coarse-grain model. /. Phys. Chem. B 2004; 108: 8153-

8160.

15. Molinero V, Goddard HJ WA. A coarse-grain force field for molecular simulations of

malto-oligosaccharides and their water mixtures. /. Phys. Chem. B 2004; 108: 1414-1427.

16. Groot RD, Rabone KL. Mesoscopic simulation of cell membrane damage, morphology

change and rupture by nonionic surfactants. Biophys. J. 2001; 81: 725-736.

17. Shelley JC, Shelley MY, Reeder RC. Simulations of phospholipids using a coarse-grain
model. /. Phys. Chem. B 2001; 105: 9785-9792.

18. Marrink SJ, Mark AE. Molecular dynamics simulation of the formation, structure, and

dynamics of small phospholipid vesicles. /. Am. Chem. Soc. 2003; 125: 11144-11145.

19. Marrink SJ, Mark AE. The mechanism of vescicle fusion as revealed by molecular

dynamics simulations. /. Am. Chem. Soc. 2003; 125: 15233-15242.

20. Faller R, Marrink SJ. Simulation of domain formation in DLPC-DSPC mixed bilayers.

Langmuir 2004; 20: 7686-7693.

21. Karplus M, Kushick J. Method for estimating the configurational entropy of

macromolecules. Macromolecules 1981; 17; 325-332.



115

22. Di Nola A, Berendsen HJC, Edholm O. Free energy determination of polypeptide
conformations generated by molecular dynamics. Macromolecules 1984; 17: 2044-2050.

23. Edholm O, Berendsen HJC. Entropy estimation from simulations of non-diffusive systems.

Mol. Phys. 1984; 51: 1011-1028.

24. Schlitter J. Estimation of absolute and relative entropies of macromolecules using the

covariance-matrix. Chem. Phys. Lett. 1993; 215: 617-621.

25. Schäfer H, Mark AE, van Gunsteren WF. Absolute entropies from molecular dynamics
simulation trajectories. /. Chem. Phys. 2000; 113: 7809-7817.

26. Andricioaei I, Karplus M. On the calculation of entropy from covariance matrices of the

atomic fluctuations. /. Chem. Phys. 2001; 115: 6289-6292.

27. Reinhardt WP, Miller MA, Amon LM. Why is it so difficult to simulate entropies, free

energies, and their differences? Ace. Chem. Res. 2001; 34: 607-614.

28. Peter C, Oostenbrink C, van Dorp A, van Gunsteren WF. Estimating entropies from

molecular dynamics simulations. /. Chem. Phys. 2004; 120: 2652-2661.

29. Carlsson J, Aqvist J. Absolute and relative entropies from computer simulation with

applications to ligand binding. /. Phys. Chem. B 2005; 109: 6448-6456.

30. Baron R, van Gunsteren WF, Hünenberger PH. Estimating the configurational entropy

from molecular dynamics simulations: anharmonicity and correlation corrections to the

quasi-harmonic approximation. Trends Phys. Chem., in press.

31. van Gunsteren WF, Billeter SR, Eising AA, Hünenberger PH, Krüger P, Mark AE, Scott

WRP, Tironi IG. The GROMOS96 Manual and User Guide, Vdf Hochschulverlag AG,

Zürich, 1996.

32. Schuler LD, Daura X, van Gunsteren WF. An improved GROMOS96 force field for

aliphatic hydrocarbons in the condensed phase. /. Comput. Chem. 2001; 22: 1205-1218.

33. Oostenbrink C, Villa A, Mark AE, van Gunsteren WF. A biomolecular force field based on

the free enthalpy of hydration and solvation: the GROMOS force-field parameters set 53A5

and 53A6. /. Comput. Chem. 2004; 25: 1656-1676.

34. Schuler LD, van Gunsteren WF. On the choice of dihedral angle potential for n-alkanes.

Mol. Simul. 2000; 25: 301-319.



116

35. van der Spoel D, van Buuren AR, Apol MEF, Meulenhoff PJ, Tieleman DP, Sijbers
ALTM, Hess B, Feenstra KA, Lindahl E, van Drunen R, Berendsen HJC. GROMACS User

Manual version 3.1.1, Nijenborgh 4, 9747 AG Groningen 2002, The Netherlands. Internet:

http://www.gromacs.org/

36. Berendsen HJC, Postma JPM, van Gunsteren WF, Di Nola A, Haak JR. Molecular

dynamics with coupling to an external bath. /. Chem. Phys. 1984; 81: 3684-3698.

37. Hockney RW. The potential calculation and some applications. Methods Comput. Phys.

1970;9:136-211.

38. Hess B, Bekker H, Berendsen HJC, Fraaije JGEM. LINCS: A linear constraint solver for

molecular simulations./. Comput. Chem. 1997; 18: 1463-1472.

39. McLachlan AD. Gene duplications in the structural evolution of chymotrypsin. /. Mol.

Biol. 1979; 128: 49-79.

40. Finke HL. Low-temperature thermal data for nine paraffin hydrocarbons from octane to

hexadecane. /. Am. Chem. Soc. 1954; 76: 333-341.

41. Parks GS, Moore GE, Renquist ML, Naylor BF, McClaine LA, Fujii PS, Hatten JA.

Thermal data on organic compounds. XXV. Some heat capacity, entropy and free energy

data for nine hydrocarbons of high molecular weight. /. Am. Chem. Soc. 1949; 71: 3386-

3389.

42. Banipal TS, Garg SK, Ahluwalia JC. Heat capacities and densities of liquid «-octane, n-

nonane, n-decane, n-hexadecane at temperatures from 318.15 to 373.15 K and at pressures

up to 10 MPa. /. Chem. Thermodyn. 1991; 23: 923-931.

43. Reif F. Macroscopic parameters and their measurements. In Fundamentals of statistical

and thermal physics, edited by McGraw-Hill: Singapore, 1965; Int. Ed. 1985, p 139-151.



117

4.7 Appendix

Single-fragment configurational entropies (AL model) for chain fragments of liquid hydrocarbons.'

system fc SIM sKfc) s:(fc) Sl(fc) nr. arc) time T

[j K"1 mol

atoms

fit
[%]

period

[ns]

[K]

Dodecane A 229 57 310 77 12 26 2.5 303

B 217 54 286 71 12 24 2.5 303

C 229 57 310 77 12 26 2.5 303

Tetradecane* A 240 60 314 78 14 23 2.5 303

B 175 58 229 76 14 23 2.5 303

C 175 58 229 76 14 23 2.5 303

D 240 60 314 78 14 23 2.5 303

Hexadecane A 264 66 330 82 16 20 25 323

B 247 62 309 77 16 20 25 323

C 246 61 309 77 16 20 25 323

D 262 65 329 82 16 20 25 323

Octadecanec A 273 68 334 83 18 18 25 323

B 254 63 316 79 18 20 25 323

C 131 65 163 81 18 20 25 323

D 253 63 316 79 18 20 25 323

E 272 68 334 83 18 18 25 323

cw-9-octadecenec A 272 68 332 83 18 18 25 303

B 248 62 311 78 18 20 25 303

C 119 59 165 82 18 28 25 303

D 248 62 311 78 18 20 25 303

E 272 68 333 83 18 18 25 303

a. Results are averaged over 128 alkane chains simulated. Standard deviations around the average (over all molecules)

are not reported (smaller than 0.5 J K"1 mol"1 m all cases).

b. Note: fragments B and C only include 3 united atoms.

c. Note: fragment C only includes 2 united atoms.
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Table 4.5: Single-fragment configurational entropies (AL model) of the alkane chains from
MD simulations of liquid hydrocarbons. Entropies are calculated using 800 configurations
collected over simulation periods of different lengths. The number ofatoms usedfor the fitting

procedure, the relative contribution of overall rotation to absolute entropy, and the

simulation temperature are also reported. All entropies are given in J K1 mol'1.

Fragments (fc) nomenclature refers to Figure 4.1. See Table 4.2 and Section 4.3.2 for

definitions of entropy codes.
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Chapter 5

Configurational entropies of lipids in pure and

mixed bilayers from atomic-level and coarse-grained

molecular dynamics simulations

You have to kiss a thousand frogs before you find a

prince.

Dovrai baciare migliaia di rospi prima di trovare un

principe.

(Will Happer, in The Role of accidental discovery in

the advance of science and technology, by Robert C

Richardson, Milano 1998)

5.1 Summary

Single-chain and single-fragment configurational entropies of lipid tails in hydrated lipid

bilayers are evaluated from molecular dynamics simulations using the quasi-harmonic

approximation. The entropy distribution along individual acyl tails is obtained and compared

to that of corresponding hydrocarbon chains in the liquid phase. We consider pure

dipalmitoylphosphatidylcholine (DPPC) and mixed dioleoylphosphatidylcholine/

dioleoylphosphatidylethanolamine (DOPC/DOPE) bilayers. The systems are modeled at

different levels of spatial resolution: in an atomic-level (AL) model all (heavy) atoms are

explicitly simulated; in a coarse-grained (CG) model particles (beads) representing groups of

covalently bound atoms are used, which map approximately four non-hydrogen atoms to one

interaction site. Single-chain and single-fragment entropies and correlations between the

motions of (single-chain) acyl chains are compared. A good correspondence is found between

the flexibility of the AL and CG models. The loss in configurational entropy due to the

reduction in the number of degrees of freedom upon coarse-graining of the model is estimated.

The CG model shows about four times faster convergence of the chain entropies than the

more detailed AL model. Corrections to the quasi-harmonic entropy estimates were found to
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be small for the CG model. For the AL model, the correction due to mode anharmonicities is

small, but the correction due to pairwise (supralinear) mode correlations is sizeable.

5.2 Introduction

Dynamics and flexibility play a key role in the function of many biological systems. For

example, proteins that are functional, yet unstructured under physiological conditions, are

surprisingly abundant in eukaryotes [1-4]. Similarly, cell membranes are remarkably flexible

architectures [5-8] capable of enclosing and protecting the cell constituents, while adapting to

allow for processes such as signaling [9], recognition [10] and transport [11,12]. Typical

bacterial cells are very complicated molecular systems, reaching sizes of 104-10 nm in

diameter and containing several thousands different sorts of molecules. At least a thousand of

these components are molecules of "small" size (nm scale). The remaining ones are

macromolecules, in large majority lipids, nucleic acids, and proteins. The impact of relatively

small molecules on the mechanical and dynamical characteristics of cell membranes can be

successfully studied by combining knowledge from experiments [13,14] with computer

simulations of model systems in atomic level (AL) detail [15-19]. However, the investigation

of large-scale phenomena (e.g. membrane fusion and phase separation) currently requires a

more coarse-grained (CG), mesoscopic level of detail [20-29].

The flexibility and fluidity of biological membranes is reflected in the hydrocarbon chain

order parameters, which can be measured by nuclear magnetic resonance (NMR; see Refs [13,

30-35] and electron spin resonance (ESR; see Refs [36] and [37]) experiments using spin-

labelled lipids as spectroscopic probes. Both methods estimate the average orientation of the

CH2-segments along the chain relative to the bilayer normal, which can be related to the

extent of (local) ordering of the lipid tails. Yet, the exact meaning of these measurements is

still subject of debate [38,39] and the interpretation of order parameters in terms of membrane

thermodynamics and microstructure is a long-standing problem [40]. From a theoretical point

of view, order parameters can be calculated from molecular dynamics (MD) simulation

trajectories [41] and agreement with experimental data has been observed in many cases [42-

44].

The dynamical characteristics of lipid motions within a bilayer are expected to vary with the

depth along the bilayer normal, depending on the local extent of ordering of the lipid segments
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at a given depth and on their specific relative motions [8,45,46]. The charged phosphate

headgroups interact with the (intracellular or extra cellular) polar aqueous environment. The

restricted motions of the headgroups take place in an ordered environment, where lateral

diffusion occurs on a long time scale [47]. The motions of the lipid tails occur in a highly fluid

environment [7,48-51] that enables thermally enhanced undulatory and peristaltic motions

[52-54]. The order parameters associated with different segments of the lipid tails provide

information about the anisotropy in the interior of the bilayer. Due to the complexity (i.e. high

number of degrees of freedom) of the disordered fluid states of lipid systems, only highly

simplified models have been considered to correlate experimental quantities to structural and

dynamical parameters (e.g. the diamond lattice model, see Refs [30] and [55]). Insight into the

underlying microscopic behavior of the lipid tails in a bilayer might be obtained from the

knowledge of the configurational space accessible to segments of the lipids at given physico-

chemical conditions. The configurational entropy is the physical quantity measuring the

configurational space available to a molecular system or to a subset of its atoms. A number of

relevant structural parameters are known from experiment for different lipids [51], but

unfortunately no direct estimate of the configurational entropy is accessible, because

calorimetric studies only measure the total change in entropy associated with a given process

[56]. Although changes in NMR-derived order parameters can be related to changes of

configurational entropy for proteins [57-60], corresponding studies have not been reported to

date for lipid systems. A notable exception is an electron paramagnetic resonance (EPR) study

of a dipalmitoyl-lecithin model membrane which relates ethanol-induced perturbations of the

signal to changes in configurational entropy of the system [61], suggesting that the

configurational entropy is the driving force for the influence of ethanol on the gel/ripple and

ripple/fluid structural equilibria in the bilayer.

Computer simulations based on AL models provide a detailed microscopic picture of the

properties of pure lipid bilayers [15,42,54,62-69] and of mixed (binary) bilayers [44,70,71],

and valuable structural and dynamical insight not accessible through experimental techniques.

The high computational cost of such simulations can be a drawback, because most

biologically relevant events occur on (nowadays) prohibitive system size or/and simulation

time scales. In the case of membrane AL simulations, typical system sizes are of the order of

102 lipid molecules, corresponding to a bilayer surface of the order of tens of nm2. For such

systems, simulations are commonly carried out for tens of ns [54,66,72]. Although few
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simulations of larger bilayer systems have been reported to date [15,65,67] computational

studies of biological membranes should cover size scales of 103 or more lipids in the coming

years. However, many interesting features of biological membranes (e.g. domain formation,

bilayer fusion, cooperative motions associated with phase changes) are still largely unexplored

through AL models due to limitations in either size or time scales.

For this reason, in recent years, there has been a steadily growing effort in the development of

CG models for surfactants [73,74], polymers [75-77], and biomolecular aggregates [78].

Several approaches have been followed to provide a semi-quantitative description of the

properties of lipids [20,23-27,79-82] and multi-component systems (e.g. mixed

phospholipid/cholesterol bilayers [28]). These models consist of beads (also called superatoms

or interaction sites with mass) representing groups of atoms, monomers, or even several

monomeric units. These beads interact through an effective potential energy function (force

field) that takes into account the effects of the omitted degrees of freedom in a mean-field

manner. With CG models the size-scale and time-scale dependence of the system properties

can be explored [20-29,80-82]. Subsequently, a focused AL study permits to investigate the

corresponding molecular details. This is an appealing procedure, for instance (i) in cases

where an AL simulation would be excessively expensive or/and (ii) to obtain equilibrated

atomistic structures of slowly relaxing systems. In the latter case, the system is constructed

and equilibrated using the CG model and the final CG coordinates are subsequently mapped to

the AL model. The latter model can then be simulated for a comparatively short simulation

time so as to compute structural, thermodynamic and dynamical properties that require

atomistic detail. The performance of a CG model in practical applications depends mainly on

the chosen coarse-graining procedure, including: (i) the model resolution (how many AL

particles are mapped to one CG bead), (ii) the mapping procedure (how the bead positions are

defined as a function of the coordinates of the constituting AL particles), (iii) the potential

energy function entering into the CG Hamiltonian, (iv) the experimental and/or AL simulation

properties against which the CG model was optimized. For any possible coarse-graining

procedure, the average molecular structure and the corresponding structural fluctuations

(flexibility) should be considered when validating a CG model.

The configurational spaces sampled by two molecular models based on different resolution

scales can also be compared by calculating the associated configurational entropies. A method

to estimate configurational entropies from MD simulations under a quasi-harmonic
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approximation (using internal coordinates) was first introduced by Karplus and Kushick [83]

and further extended by others [84-86]. As suggested by Schlitter [87], the method can be

applied on the basis of Cartesian coordinates. Two variants of the quasi-harmonic analysis in

Cartesian coordinates have been suggested. In the most recent version of Andricioaei and

Karplus [88], the quasi-harmonic entropy is estimated by diagonalizing the covariance matrix

and applying the exact quantum-mechanical equation for the entropy of a one-dimensional

harmonic oscillator to the corresponding eigenvalues. In the original approach of Schlitter

[87], the diagonalization process is substituted by a determinant calculation and the correct

quantum-mechanical formula for the entropy is replaced by an approximate heuristic

expression (which slightly overestimates the exact result). In practice, the two alternative

formulations result in very similar entropy estimates [86]. Although the Schlitter formula is

slightly less accurate and does not provide the quasi-harmonic modes of the system, it is

computationally less expensive, for which reason it is used in the present work. An exception

is made for DPPC lipids for which a quasi-harmonic analysis is also reported, and

anharmonicity and correlation corrections are additionally estimated, from simulations both at

the AL and CG levels of resolution. A detailed description of the quasi-harmonic assumption

and of the corresponding corrections for anharmonicity and correlation effects has been

recently reported [86]. A summary about previous applications of the Schlitter and quasi-

harmonic approaches to estimate configurational entropies from (bio)molecular simulations

can also be found therein.

In the present study, the configurational entropy is calculated for acyl chains in lipid bilayers

of different compositions. A dipalmitoylphosphatidylcholine (DPPC) bilayer is investigated as

a reference case, because bilayers of this lipid have been most widely studied both

experimentally and theoretically. Additionally, prompted by a recent study of the properties of

dioleoylphosphatidylcholine/dioleoylphosphatidylethanolamine (DOPC/DOPE) bilayers as a

function of phosphatidylcholine/phosphatidylethanolamine (PC/PE) headgroup composition

[44], the configurational entropies of acyl chains in these mixed bilayers are also estimated.

Two types of models are used for these investigations. The first model is the classical

GROMOS AL model [89], where each atom in a molecule is represented by one interaction

site except aliphatic groups, for which aliphatic CHn groups are treated as one single

interaction site (united atom). The second model is the CG model proposed by Marrink et al.

[27], which maps approximately four non-hydrogen atoms to one interaction site and has been
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optimized to model lipid aggregates in water. In order to keep this model as simple as

possible, the CG force field was based on only five types of pair-interaction parameters and

equal bead masses (72 u) [27]. The same two models have been the subject of a recent

comparative study of hydrocarbon liquids, which showed that the CG model consistently

maps to the corresponding AL model, and provided an estimate of the configurational entropy

loss associated with the coarse-graining procedure [90]. The same study also pointed out

possible deviations between the AL and CG representations of the local structure of

hydrocarbons in the liquid phase.

sn1 Y

XT

J
~7 sn2

One leaflet of a lipid bilayer

fc C16 DPPC

Figure 5.1: Definition of the fragments (fc = A, B, C, D) of acyl and hydrocarbon chains

for hexadecane (CI 6) chains and dipalmitoylphosphatidylcholine (DPPC) tails. Dotted lines

indicate fragment boundaries. Single fragments are used to map the atomic-level (AL) model

onto the coarse-grained (CG) model.
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The present work addresses several aspects concerning simulations of lipid bilayers at

different levels of resolution and the corresponding calculations of configurational entropies.

(1) Methodological: what is the minimal simulation time required for the acyl chains of a

single lipid to sample their accessible configurational space? (2) Biophysical: what is the

nature of the lamellar state of lipid bilayers? How homogeneous is the distribution of the

configurational entropy among the lipid chains in mixtures of different compositions? (3)

Simplification of the model: to what extent does the CG model represent the AL model?

The entropy estimates are based on the (mass-weighted) covariance matrix of atomic

Cartesian coordinates, because this allows not only for the calculation of the (approximate)

single-chain configurational entropy of an entire acyl chain, but also for the evaluation of the

(approximate) single-fragment configurational entropy for different subsets of atoms

(fragments; see Figure 5.1). Thus, the distribution of configurational entropy along the chains

and the correlation of the motions among subsets of solute atoms may be estimated. It should

be kept in mind, however, that these contributions are not additive, i.e. the overall entropy of a

lipid tail is not the sum of the single-fragment entropies calculated for all constituting

fragments, due to the presence of inter-fragment correlations. Similarly, the entropy of a

bilayer is not the sum of the single-chain entropies of the constituting lipids, due to the

presence of intermolecular correlations. These restrictions will be implicitly underlined by the

use of the terms "single-chain" and "single-fragment" entropies (see Section 5.3.2). In order to

evaluate the rotational contribution to the configurational entropies, we make use of different

procedures to superimpose successive molecular configurations along the simulated

trajectories, as described previously [86,90]. Finally, based on a method recently proposed

[86], we quantify mode-anharmonicity and pairwise (supralinear) mode-correlation

corrections to the quasi-harmonic entropy estimate in the specific case of DPPC lipid tails, in

order to (i) investigate the validity of the assumptions underlying both the Schlitter [87] and

quasi-harmonic [83,86] approaches and (ii) compare the magnitudes of these effects between

the AL and CG models.
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5.3 Methods

5.3.1 Molecular dynamics simulations

Trajectories for the lipid bilayer systems were generated using the MD package GROMACS

(version 3.0.; Ref [91]), the AL force field by Berger et al. [62], the compatible SPC water

model [92], and have been described in detail in ref. 66 for pure DPPC (system F) and in Ref

[44] for DOPC/DOPE mixtures. The corresponding trajectories for the CG model were

generated based on the CG force field by Marrink et al. [27]. All (AL and CG) systems were

simulated in a rectangular periodic box under isothermal-isobaric conditions, by separately

coupling the temperature of solute and solvent degrees of freedom to a heat bath (coupling

time 0.1 ps) and by coupling the pressure to a bath at 1 atm via isotropic coordinate scaling

[93] (coupling time 0.5 ps, isothermal compressibility 0.46-10"3 (kJ-moi1 -nm3) ). All MD

simulations were initialized with atomic (AL) or bead (CG) velocities taken from a Maxwell-

Boltzmann distribution at the desired temperature. Newton's equations of motion were

integrated using the leapfrog algorithm [94] with a time step of 5 (AL) or 40 (CG) fs,

respectively. Overall system translation and rotation were removed at every step. In the AL

model, bond lengths were constrained using the LINCS algorithm [95], and the non-bonded

interactions were truncated at a distance of 1.4 nm, updated every time step in the range 0.0-

0.9 nm and every five steps in the range 0.9-1.4 nm, using a twin-range cutoff scheme [96]. A

reaction-field correction was applied to account for the neglected electrostatic interactions

beyond 1.4 nm, using a dielectric permittivity of 66 for the SPC water model [97]. The CG

model differs from the AL one in that: (i) no constraining procedure is applied to pseudo bond

lengths (which are described by harmonic springs), (ii) Lennard-Jones interactions between

second nearest neighbors are not excluded, (iii) no dihedral-angle potential energy term is

applied for 1-4 interactions, (iv) the standard GROMACS shift function [91] is applied to the

Lennard-Jones potential energy term, and (v) a non-bonded interaction cutoff of 1.2 nm radius

was used (AL: 1.4 nm). Simulation trajectories analyzed in this study come from different

sources, as summarized in Appendix 5.7.1. For AL DPPC, a 25 ns trajectory initiated from an

equilibrated system (1 ns) was analysed (system F in Ref [66], consisting of a total of 2x64

lipids). For AL DOPC and DOPC/DOPE mixtures, 40 ns trajectories initiated from

equilibrated systems (1 ns) were analysed (Ref [44], consisting of a total of 2x64 lipids). For
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both types of bilayers, the systems contained approximately 30 water molecules per lipid,

corresponding to the full hydration limit [44]. Analogously, a 30 ns trajectory for AL DOPE

was analyzed. The corresponding CG systems for pure DPPC and DOPC have compositions

and sizes (up to 2x256 lipids) specified in Section 5.4. Simulations of n-hexadecane (C16)

and ds-9-octadecene (C18:c9) in the isotropic liquid state with AL as well as CG models

served as a reference to assess the changes in the configurational space available to lipid tails

in bilayers. For these simulations an initial equilibration phase of 10 ns was followed by

sampling periods of lengths (specified in section 5.4) up to 200 ns (AL simulations) or 1 [is

(CG simulations). The entire sampling periods were used for analysis.

5.3.2 Entropy calculations

Configurational entropy calculations were performed following the formulation of Schlitter

[87], unless otherwise specified. As discussed elsewhere [86] this analysis provides an

approximate value (upper bound) S to the true configurational entropy StrUe of the simulated

system,

Stme<S =^lndet l + k-^D (5.1)

where kB is Boltzmann's constant, T the absolute temperature, e Euler's number, and h

Plank's constant divided by 2%. Here, D is the covariance matrix of mass-weighted atomic

Cartesian coordinates, defined as

D M2(r-{r)) ® M2(r-(r}) (5.2)

where r is the 3jV-dimensional Cartesian coordinate vector of the jV particles (atoms or beads)

considered for the entropy calculation after least-squares fitting onto a reference structure, M

is the 3jV-dimensional diagonal matrix containing the masses of these particles, (...) denotes

ensemble averaging, and the notation a ®b stands for the matrix with elements fi, v equal to

aß-bv. For all systems considered, the initial system configuration (after equilibration) was

used as reference structure to perform the least-squares fitting of trajectory configurations.
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type description

i internal configurational entropy (overall translation and rotation removed, Eq (5.1))

ir internal plus rotational configurational entropy (overall translation removed)

r rotational entropy (Eq (5.3))

ip internal configurational entropy per particle

irp internal plus rotational configurational entropy per particle

fit and cov description

snl snl lipid tail

sn2 sn2 lipid tail

snl +2 snl lipid tail + sn2 lipid tail

ch alkane or alkene or acyl chain

fc fragment of the chain/tail (subsets of the previous fit and cov sets)

definition quasi-harmonic entropy and its corrections0

àqm quasi-harmonic entropy based on the formula for a quantum-mechanical harmonic

oscillator

Aàcl corresponding (additive) correction for anharmonicity m the quasi-harmonic
modes, evaluated at the classical level

Aaci corresponding (additive) correction for pairwise (supralinear) correlation among

the quasi-harmonic modes, evaluated at the classical level

Sct corrected value (Sa = Sqmo+ ASad + AS^ )

a. As defined in Chapter 7.

Table 5.1: Reference code definitions for the atom sets used in estimating the (single-chain or

single fragment; internal or internal plus rotational) configurational entropy and

nomenclature used for the quasi-harmonic entropy and its corrections. A reference code is

given for the type of estimate (type) and for the sets of atoms used for the configurational

fitting (fit) and the mass-weighted covariance matrix calculation (cov). See Section 5.3.2 for

definitions.

To define the notation unambiguously, the symbol SßPe(cov) will be used to denote an

entropy estimated from the covariance matrix for the atoms defined by the cov reference code,
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using a least-squares fit of trajectory configurations onto the reference structure based on the

atoms defined by the fit reference code, while the type reference code indicates how the fitting

procedure is performed. Atoms in the fit set may be the same as those in the cov set, but may

also differ. In the present work, the cov set is always identical to or a subset of the fit set. In

practice, five alternative sets of particles were used for cov and fit, as summarized in Table

5.1, namely (i) the snl tail of a lipid molecule, including all the simulation particles from the

carbonyl carbon to the last atom in the tail (reference code snl), (ii) the corresponding sn2 tail

of a lipid molecule (reference code sn2), (iii) the particles of both snl and sn2 tails of a lipid

molecule (reference code snl +2), (iv) the alkane or alkene chain of a particular hydrocarbon

molecule (based on results from a previous study of liquid hydrocarbons (Chapter 4) or a

given acyl chain of a lipid molecule (reference code ch), and (v) a fragment of the chain for

any of the sets described above (reference codefc; e.g. see Figure 5.1).

In order to investigate the separate contributions of internal and rotational degrees of freedom

to the entropy, two alternative fitting procedures were used in the superposition of successive

trajectory structures onto the reference one, as summarized in Table 5.1 (type reference code).

In the first one, the molecular configurations were superimposed via a translational and

rotational least-squares fit [98], thus excluding the rotational motion from the calculated

(single-chain or single-fragment) configurational entropies [99]. This yields an internal (type:

i) or internal per-particle (type: ip) entropy (the entropy divided by the number of particles in

the cov set). In the second one, a translational superposition of fragments or chains was

performed without applying any rotational transformation, thus including the rotational

motion in the calculated (single-chain or single-fragment) configurational entropies. This

yields an internal plus rotational (type: ir) or internal plus rotational per-particle (type: irp)

entropy. The relative contribution of overall rotation srfit(cov) to the total entropy (expressed

in percent) may be estimated from the difference between the entropies calculated using the

two fitting procedures, i.e. as

S'rfit(cov)-S'fit(cov)

S;t(cov)

As pointed out earlier, the latter estimates are approximate (probably representing upper

bounds), due to intrinsic limitations of the quasi-harmonic approach to capture rotational
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contributions to the absolute entropy (interpreted as superposition of uncorrelated harmonic

motions along the individual Cartesian coordinates; see Refs [86,90]).

The decrease in entropy due to correlation in the motions of two subsets (i) and (j) of atoms

can be calculated as [100]

S%'{Uj) = S%'{i + j)-S%'{i)-S%'{j) , (5.4)

where the entropy Sßpe(i + j) includes all the correlations between the atoms in the subset

(i + j), the type and fit sets are the same for the calculation of the three terms, and the subsets

(i) and (j) are not diffusing relatively to each other. The correlation entropies reported in

this study were calculated for individual pairs of acyl chains and then averaged over the entire

ensemble of lipids considered. The reported configurational entropy estimates are the average

values of the (single-chain or single-fragment) entropies for the set of molecules simulated,

unless otherwise specified. Corresponding error bars are evaluated as twice the standard

deviation around the average.

5.3.3 Anharmonicity and pairwise (supralinear) correlation corrections

In order to quantify anharmonicity and pairwise (supralinear) correlation corrections to the

estimated entropies in the case of AL and CG DPPC systems, configurational entropies were

also estimated based on a quasi-harmonic analysis [86,88]. This analysis was performed by

calculating the solute mass-weighted covariance matrix (based on all particles in the single

molecule considered) in Cartesian coordinates after least-squares fit superposition [98] of all

single-molecule configurations of a (AL or CG) trajectory onto the reference structure (the

initial configuration of the sampling trajectory) in order to eliminate overall translation and

rotation [99]. The quasi-harmonic entropy estimate (Sh ; see Table 5.1) was obtained from

the entropy of a multidimensional harmonic oscillator with the same mass-weighted

covariance matrix (using the appropriate quantum-mechanical formula instead of the heuristic

expression of Eq (5.1)). The six (nearly zero) eigenvalues corresponding to the suppressed

rigid-body motion were omitted from the analysis. Entropy corrections for anharmonicities in

the quasi-harmonic modes (ASf; see Table 5.1) and for pairwise (supralinear) correlation

among the modes (AS^ ; see Table 5.1) were evaluated at the classical level as in Section
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7.3.4. The anharmonicity corrections were calculated by summing the corresponding per-

mode values up to eigenvector 50 (ASfAL ; out of 144 or 90 non-vanishing eigenmodes, for all

DPPC lipid atoms or DPPC snl + sn2 tails, respectively) or 24 (ASfCG; out of 30 non-

vanishing eigenmodes, for all DPPC lipid beads), i.e. in the domain where the classical

approximation is valid and where the anharmonicity effects are significant (see Eq (7.47) and

Figure 7.10). The pairwise (supralinear) correlation corrections were calculated using all pairs

of non-vanishing eigenmodes (see Eq (7.49)). Additional information on the underlying

theory, nomenclature, assumptions, approximations and practical implementation can be

found in Chapter 7.

5.4 Results and discussion

5.4.1 Convergence of single-chain configurational entropies in the AL

model

The single-chain internal plus rotational entropies Sir as a function of the number of

configurations included in the calculation are displayed in Figure 5.2 for a selection of the

systems considered (AL model). In Figure 5.2.a, the build-up curves are based on values of the

internal plus rotational configurational entropies S'crh(ch) of each chain in a system consisting

of 128 hexadecane (CI6) molecules in the liquid phase at 323 K [90]. The results are obtained

from 500 configurations collected over 25 ns. The single-chain entropies are seen to build up

similarly for all chains, i.e. the spread between the curves for the different molecules is small

and decreases upon increasing the number of configurations included in the calculation. Based

on the average build-up curve for all molecules, the estimated entropy is found to be well

converged within a simulation time of 25 ns (243 configurations are sufficient to account for

99% of the final entropy value).
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Figure 5.2: Single-chain configurational entropies as a function of the number n of

configurations included in the calculation (AL model). For each of the 128 CI6 molecules, the

internal plus rotational entropies S'c[(ch) (colored lines) and their mean value (thick black

line) are shown as calculated from n = 0...500 trajectory configurations collected over 25ns

(a) and 2.5 ns (b) of a simulation of liquid CI6 at 323 K (see also Chapter 4). The

corresponding Sirml(snl) and S's[2(sn2) entropies for each of the 128 lipid tails ofDPPC are

reported for 64 DPPC molecules (colored lines), collected over 25 ns (c) and 2.5 ns (d) of
simulation of a hydrated DPPC bilayer at 323 K. The average values (over all lipid

molecules) for the snl (thick black line) and sn2 (thick dashed black line) tails are also

shown. See Table 5.1 for definition of entropy codes and Section 5.3.2 for configurational

entropy nomenclature.

The curves for the same system calculated from 500 configurations collected over a shorter

time interval of 2.5 ns are displayed in Figure 5.2.b. Here also, adequate convergence is

reached within the simulation period (310 configurations are sufficient to account for 99% of

the final entropy estimate). The corresponding curves for S'srn](snl) and S'srn2(sn2)

corresponding to the snl and sn2 tails of lipid molecules in a DPPC bilayer, are shown in

Figures 5.2.c,d. These curves level off more slowly compared to liquid CI6. For an interval of

25 ns, they are moderately converged (341 configurations are required to account for 99% of

the final entropy estimate). They are not well converged when the 500 frames are collected

over a period of only 2.5 ns (403 configurations are required to account for 99% of the final
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entropy estimate). This is an indication that the conformational space of the aliphatic chains is

sampled more slowly within a lipid bilayer than in a pure liquid alkane at the same

temperature. A similar behavior is found when comparing single-chain entropies of cis-9-

octadecene (C18:c9) chains in the liquid phase and in DOPC lipid tails (not shown).

acyl chain s'M) Sich) s:(ch) Sl(ch) nr. ^ck (Ch) time nr. procedure

[l K1 mol

atoms

m fit

[%] period

[ns]

configurations

DPPC snl 790 936 49 58 16 15 2.5 500 ave

803 974 50 68 16 17 25 500 ave

816 994 51 62 16 18 400 8000 conl

821 994 51 62 16 17 400 8000 con2

DPPC sn2 791 929 49 67 16 15 2.5 500 ave

810 980 51 68 16 17 25 500 ave

822 1002 51 63 16 18 400 8000 conl

823 1002 51 63 16 18 400 8000 con2

Table 5.2: Single-chain configurational entropies from MD simulations (AL model) of lipids
in a DPPC bilayer at 323 K. Entropies are calculated using different superpositional fitting

procedures and different numbers of configurations collected over different simulation time

periods. The number of atoms usedfor the fitting, and the relative contribution srch of overall

rotation to the absolute entropy are also reported. Two types of entropy estimates are given:

(i) averages (ave) over the entropies of the 64 lipids in the first leaflet, and (ii) entropies for
the concatenated trajectories of 16 chains from the first (conl) or the second (con2) DPPC

leaflet. Standard deviations around the average are smaller than 0.5 J K~ -mol' in all

cases. See Table 5.1 for definition of entropy reference codes and Section 5.3.2 for

configurational entropy nomenclature.

A more detailed analysis of the convergence properties of the configurational entropy is given

in Table 5.2, which reports the single-chain internal S' as well as internal plus rotational S'r

entropies for the snl and sn2 lipid tails of a DPPC bilayer at 323 K in the AL model, averaged
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over all the 64 lipids of one leaflet (procedure ave). For both S' and S" small increases in

magnitude can be noticed upon increasing the time period used for the entropy calculation.

Based on an empirical evaluation of the intrinsic accuracy of the quasi-harmonic method for

systems of the type considered here [86], we consider as insignificant changes in entropy

smaller than 2% of the calculated value. S' entropies are lower for snl and sn2 tails than for

the corresponding hydrocarbon chains in the liquid phase (compare to Table 4.3). The values

are systematically slightly larger for sn2 tails than for snl tails, an indication of the

comparatively higher mobility of the sn2 chain. This observation is at odds with a previous

suggestion made on the basis of experimental order parameters for DMPC and DSPC (after

numerical deconvolution of the solid state 2H NMR doublets [101], assignments are made to

the methylene groups of the sn2 tails based on selective deuteration experiments; the

remaining signal is then associated to specific methylene groups of the snl tails, see Ref [35]).

However, this difference in the single-chain configurational entropies S' of the two acyl tails

is consistent with the order parameters calculated from the same MD simulations [44]. This

apparent discrepancy between experimental order parameters and single-chain configurational

entropies may be explained considering that (i) the systematic differences in entropy estimates

are generally close to the limit of accuracy of the method employed, so that the data should

not be overinterpreted, (ii) the lipid systems studied are not identical (DPPC and DOPC vs.

DMPC and DSPC), (iii) experimental results rely on peak assignments based on singly

deuterated lipid chains (after assigning an NMR peak to the sn2 tails, the remaining signal is

assumed to belong to the snl tails; see Ref [35]), but not all carbon atoms of the acyl chains

are equally well resolved. Point (ii) is likely to be of minor relevance because all lipids

considered share a common head group (PC). The same trends are observed for both S' and

S'r values. The values are larger for sn2 tails compared to snl tails, indicating comparatively

higher rotational contributions. In the AL bilayer system, rotational motions account for about

17% of the single-chain entropies for both snl and sn2 tails, which is smaller than the

corresponding relative contribution previously found for liquid C16 chains (19%, Table 4.3).

The lower percentage of 15% obtained from 2.5 ns simulations is probably due to the fact that

rotational motions are not fully sampled during this shorter simulation time. As a

consequence, the difference between results from 500 configurations over 2.5 and 25 ns is

larger for S'r than for the corresponding S' entropies (Table 5.2).
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In order to obtain more accurate results, configurational entropies were also calculated from

the concatenated trajectories of 16 randomly chosen lipids from one DPPC leaflet (procedure

conl and con2, corresponding to lipids from the first or second leaflet, respectively). Table 5.2

shows the obtained values from ensembles of 8000 structures equivalent to 400 ns of MD

simulation. Only a small (1.5%) increase in S' values is found, indicating that internal

contributions to the configurational entropy are already well sampled after 25 ns of simulation

for the lipid tails. A slightly larger (2%) increase is found for S'r values. The relative

differences in configurational entropy between snl and sn2 tails are maintained.

5.4.2 Single-fragment configurational entropies of AL acyl chains in pure

bilayers

Single-fragment configurational entropies S' and S'r for acyl chains in lipid bilayers can be

compared with the corresponding values previously described (Chapter 4) for hydrocarbons

(i.e. DPPC vs. C16 and DOPC vs. C18:c9). Figure 5.3 shows the configurational entropies S'

and S'r for DPPC tails in pure DPPC bilayers, as well as the corresponding values for liquid

C16 chains, averaged over the 128 acyl (DPPC) or hydrocarbon (CI6) chains simulated. The

internal configurational entropy S' of DPPC snl and sn2 tails is similar to that of pure CI6

chains at the free end of the chains (fragment D). However, the corresponding averages

become smaller in proximity of the lipid headgroups (fragment A). The corresponding internal

plus rotational configurational entropies S'r are, as expected, larger. The distributions of

single-fragment S' and S'r values along the CI6 chains are similar. Average entropy

estimates for the terminal fragments of C16 chains are larger than those of its central moiety,

and their values are distributed symmetrically with respect to the center of the chain. In the

case of DPPC tails the picture is different, especially when including the rotational

contributions into the entropy calculation. The rotational motion of the lipid tails is

significantly reduced towards the headgroup region of DPPC tails compared to the terminal

fragments of liquid C16. Single-fragment entropies for the snl and sn2 tails are similar. Only

for fragment A, higher internal entropy S' is found for the sn2 tails. This shows that the

systematically larger single-chain configurational entropies found for sn2 vs. snl tails in Table

5.2 are due to the specific differences in covalent connectivity in the region connecting the
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fragment A to the headgroup (per-fragment entropies are reported for all lipid systems

investigated in Appendix 5.7.2).

270

„ 260

o

It)

250

240

340

'- 320
o

"in

300

280

Hexadecane

DPPC snl

-A DPPC sn2

• - -# Hexadecane

DPPC snl

Jk mk \Jlr¥*\r SÏ1Z

A B C D

chain fragment

Figure 5.3: Comparison between single-fragment configurational entropies of DPPC lipid
tails in a bilayer (La-phase) with corresponding hexadecane chains (liquid phase) obtained

from MD simulations at 323 K with the AL model. Internal S'ch(fc) (upper panel) and

internal plus rotational Sirch(fc) (lower panel) configurational entropies are shown as a

function of chain fragment (see Figure 5.1). Results for snl (T ) and sn2 (k.) chains are given

separately. Standard deviations around the average (over all molecules) are smaller than

0.5 J K~ mol' in all cases. The lines are meant to guide the eye.

Analogous results are found for the comparison between fragments of chains in pure C18:c9

and in DOPC bilayers, although the distribution for the latter is dominated by the stiffness of

the central ethylene moiety (not shown).
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5.4.3 Single-chain and single-fragment configurational entropies of AL acyl
chains in DOPC:DOPE mixtures

900

1

o

E

880

*k 860

—i

840

820

800

270

"5
E

*k

260

250

S
240

—
*

230

220

0.00 0.25 0.50 0.75 1.00

fraction of DOPE in DOPC

Figure 5.4: Configurational entropies of the snl and sn2 acyl chains of individual DOPC

(dotted lines) and DOPE (continuous lines) in DOPCDOPE mixtures as function of mixture

composition, (a) S'snl(snl) and S'sn2(sn2) values account for entropies of the entire snl and

sn2 tails, respectively (Table 3). (b) S'sn](A) and S'sii2(a) values account for entropies of the

fragments A of snl and sn2 tails, respectively (Appendix 5.7.3; see also Figure 5.1 for

fragment definition). Results for snl (T ) and sn2 (A) chains are given separately. Standard

deviations from the mean (over all molecules) are displayed as vertical bars. The lines are

meant to guide the eye.
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Table 5.3 reports single-chain configurational entropies of snl and sn2 lipid tails in mixed

DOPC:DOPE and pure DOPC, DOPE and DPPC bilayers, as calculated from MD simulations

with the AL model. The configurational entropies of the snl and the sn2 tails in a particular

system are similar for the different components of the mixture, regardless of the composition.

As for pure DPPC, the internal entropy S'm2(sn2) of the sn2 lipid tail is somewhat larger than

S'ml(snl) for the corresponding snl tail. This finding agrees with the ranking of order

parameters calculated from MD simulations (Figure 3 in Ref [44]).

Figure 5.4 shows the configurational entropies of snl and sn2 DOPC or DOPE tails as a

function of DOPC:DOPE mixing. The S'ml(snl) and S'm2(sn2) configurational entropies for

each of the two components decrease upon increasing DOPE content. This is in agreement

with a corresponding reduction in the volume and area per lipid (Table 1 in ref. 44). The

resulting S'ch(ch) and S'c[(ch) entropies for lipid tails in mixed bilayers are systematically

smaller than the corresponding values for C18:c9 liquid hydrocarbons (i.e. 935 and 1143

J K"1 mol"1, respectively; see Ref [90]).

Single-chain (Table 5.3) and single-fragment (Appendix 5.7.3) configurational entropies

support the general picture of homogeneous lipid mixtures, in agreement with an earlier

nearest-neighbor analysis [44]. The largest differences (up to 5%) among the different

mixtures are found for both S' and S'r entropies of the A fragments. These fragments are

closest to the headgroups. Thus, differences between the solute entropies of DOPC and DOPE

components appear to be linked to the specific properties of the headgroups. The influence of

the A fragments is evident from similar trends observed for values of chain S'ch(ch) entropies

vs. fragment A S'ch(A) values as a function of mixture composition (cf. Figure 5.4.a and

5.4.b).
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5.4.4 Correlation between snl and sn2 tail motions in pure and mixed

bilayers (AL and CG models)

system" S'm,t,(,snl + 2) S^Jsiil) 51„.(.»2) S' 2( vh /, snl ) S'/tn (snl+ 2) S'L (sn/) S"u (stü) S" \snl,sn2) time

period

[ns]

T

[K]

AL model
[j.k-1 ' mol [j K4 mol

DPPC'' (pure)

DOPC (pure)

1871 + 1

2040+1

1036

1122

103 S

1126

-202

-208

2125+ 1

2277 + 1

1094

1170

1090

I Job

-59

-61

25

40

323

303

3:1 mixture

DOPC

DOPE'

1991 + 1

1984 + 2

1092+ 1

1090+2

1Ü99 + 1

1095 + 2

-201

-201

2222 + 1

2205+4

1141 + 1

1136 + 2

1141 + 1

1133 + 2

-60

-54

40

40

303

303

1:1 mixture

DOPC

DOPEr

1935 ± 1

1958+ 1

1083 ± 1

1087+ 1

1095 ± I

1097+ 1

-193

-196

2229 ± 1

2228 + 1

1137± 1

1138+1

114-2 ± 1

1142+1

-50

-51

40

40

303

303

1:3 mixture

DOPC

DOPE'

1917 + 2

1921 ±1

1040+2

1054± 1

1058 + 2

1066 ±2

-193

-192

2138 + 2

2140+1

1097 + 2

1098 + 1

1097 + 2

1098+ 1

-55

-56

40

40

303

303

DOPE'' (pure) 1829+ 1 1014 1023 -208 1979+ 1 1070 1078 -169 30 303

CG model

DPPC

DOPCf

628

8-17

404

524

404

524

-181

-201

899

1012

462

573

455

577

-19

-138

1000

1000

323

303

a. Each system is composed by a total number of 128 (AL model) or 512 (CG model) lipids.

b. From 25 ns MD simulation of DPPC at 323 K. 500 trajectory configurations are used for the entropy calculations.

c. From 40 ns MD simulation of DOPC at 303 K. 800 trajectory configurations are used for the entropy calculations.

d. From 30 ns MD simulation of DOPE at 303 K. 600 trajectory configurations are used for the entropy calculations.

e. From l,us MD simulation at 323 K of DPPC (CG model) of a bilayer system constituted by 128 lipids.

f. From l,us MD simulation at 323 K of DOPC (CG model). Results are averages over entropies of 128 lipids out of the 512 simulated.

Table 5.4: Average intramolecular correlation between the motions of the snl and sn2 lipid
tails of individual lipids in bilayers of different composition from MD simulations with the AL

and CG models. The composition of each lipid mixture is given together with the number of

lipids of each component. See Table 5.1 for definition of entropy reference codes and Section

5.3.2 for configurational entropy nomenclature. The correlation entropy is defined by Eq

(5.4). Results are averaged over all lipids of a particular component. Standard deviation from

the averages (over all molecules) are also reported unless smaller than 0.5 J K' mol'
.
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To estimate the correlation between the motions of the snl and sn2 chains of DPPC and

DOPC lipids using Eq (5.4), S' and S'r were also calculated using the atoms of both the snl

and sn2 tails when superimposing trajectory structures, yielding S'sn]+2(snl + 2) and

Sirsnl+2(snl + 2) values (Table 5.4). These values, even when including the overall rotation of a

lipid around its main axis ( Sirsnl+2(snl + 2) ), were found to be well converged when calculated

from 500 structures collected over a simulation time of 25 ns (Appendix 5.7.4).

Table 5.4 gives the single-chain configurational entropies of the snl and sn2 tails of lipids in

bilayers (averages over all lipids simulated). The overall single-chain entropies of both tails

are calculated using an identical set of atoms for the superposition of configurations. The

resulting correlation entropies S'ml+2(snl,sn2) between snl and sn2 tails of individual lipids

obtained from Eq (5.4) are not very different among pure DPPC, DOPC, and DOPE (-202, -

208, and -208 JK^moi"1, respectively). Still, when including the rotational contribution, a

larger correlation entropy Sirml+2(snl,sn2) is found for pure DOPE compared to pure DPPC

and DOPC (-169 vs. -59 and -61 J K4 mol"1, respectively). In all cases the correlation entropy

is negative, which shows that the interaction between the chains reduces the extent of

configurational spaces they individually access. This reduction is considerably larger for S'

than for S'r, which implies a more significant correlation between the motions of the chains

when the rotational contribution is excluded from the calculation. This can be due to the

limited rotation of the lipid chains with respect to each other. We note that the correlation

between snl and sn2 chains decreases for both components upon increasing the DOPE

content.
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5.4.5 Comparison of the AL and CG models

tit

ti)
IP

/

Figure 5.5: Average structures of a DPPC lipid from concatenated trajectories with the AL

(left) and CG (right) models corresponding to a total simulation time of 25.6 and 1 ps,

respectively. The molecular models are displayed after superposition of the planes containing
the average positions of the acyl atom particles. Color coding for the AL and CG models

show the mapping correspondence (see also Figure 5.1).

The properties of DPPC and DOPC lipid bilayers were also studied at lower spatial resolution

using a coarse-grained (CG) model for lipid simulations [27]. Figure 5.5 illustrates the

correspondence between the AL and CG models in terms of average structures for DPPC

lipids. To enhance the sampling in the case of the AL model, the average structure was

obtained from concatenated trajectories of the 64 lipids constituting one leaflet of the bilayer,

from a simulation 400 ns long at 323 K, which corresponds to a concatenated trajectory of

25.6 us (5.12 • 105 structures). In the case of the CG model a single lipid trajectory (out of the

512 in the simulated bilayer) of 1 us (2 • 104 structures) at 323 K was used. Although these



143

average structures may never be sampled during the corresponding MD simulations, they

contain useful information when comparing the AL and CG structural resolutions. Both the

average (pseudo)-bond angle between the acyl chains and the tilt angle of the headgroups with

respect to the lipid main axis are similar in the two models.

190

0.4 0.6

time [us]

0.4 0.6

time [us]

330

Figure 5.6: Single-chain configurational entropies as a function ofsimulation time for DPPC

lipids in a bilayer (CG model). Configurational entropies S'ch(ch) (a) and Sirch(ch) (b) are

displayed (colored lines) for individual snl and sn2 acyl chains from a sample of32 lipids (16

randomly chosen from each of the two leaflets) among the 512 DPPC lipids simulated at 323

K. See Table 4.1 for definition of entropy codes and Section 5.3.2 for configurational entropy

nomenclature.

Figure 5.6 reports single-chain configurational entropies S'ch(ch) and S'c[(ch) as a function of

simulation time for individual snl and sn2 acyl chains from 1 [is long MD simulations of 512

DPPC lipids in a bilayer at 323 K using the CG model. For graphical purposes only results

from a sample selection of 32 lipids (16 randomly chosen from each bilayer leaflet) are

displayed. The spread of the final estimate for the different lipid molecules considered is

enhanced by the different initial configurations used in the fitting procedure to superimpose

trajectory structures of the individual chains (Eq (5.2)). It amounts in the present case up to

5% ( S'ch(ch) ) or 2% ( S"h(ch) ) of the final values.
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acyl chairr1 s'M) Sich) Sl(ch) Sl(ch) nr.

atoms

slh(ch)

l%]

T

[j K"1 mol [K]

m fit

DPPC snl 178 324 44 81 4 45 323

DPPC sn2 178 322 44 80 4 45 323

DOPC snl 278 432 56 86 5 36 303

DOPC sn2 278 415 56 83 5 33 303

a. Results are averages over entropies for 64 lipids from one leaflet of the 128 (DPPC) or 512

(DOPC) lipids simulated. Standard deviations around the averages (over all molecules) are

smaller than 0.5 J K" • mol"
.

Table 5.5: Single-chain configurational entropies S^e(ch) of acyl chains in lipid bilayers

from MD simulations with the CG model. Entropies are calculated using 2500 configurations
collected over 1 ps of simulation. The number of atoms used for the superposition of chain

structures (fit), the relative contribution of chain rotation to the absolute entropy srch, and the

simulation temperature are also reported. See Table 5.1 for definition of entropy reference
codes and Section 5.3.2 for configurational entropy nomenclature.

This effect is similar in magnitude to what reported for other flexible molecules [86]. Both

S'ch(ch) and S'c[(ch) show good convergence behavior and their variation over time is small

compared to the corresponding lipid systems simulated using the AL model (compare Figure

5.6 vs. Figure 5.2.c and 5.2.d). This result is expected in view of the reduced number of

degrees of freedom present in the CG model and the longer time period of simulation

considered (1 [is vs. 25 ns). Values for of S'c[(ch) are always larger than the corresponding

S'ch(ch) values, as previously observed in the case of the AL model (Table 5.2).

Table 5.5 reports the single-chain configurational entropies for the lipid tails in DPPC and

DOPC lipid bilayers (CG model). Both S'ch(ch) and S'c[(ch) entropy values are expected and
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found to be smaller than those of the corresponding CG hydrocarbons (i.e. C16: 179 and 341

J K"1 mol"1 ; C18:c9: 275 and 452 J K"1 mol"1, respectively; see Ref [90]). For the entropies per

particle S'cPh(ch) similar values are found for the CG and AL models (i.e. DPPC snl: 44 and

50 JK"1 mol"1 ; DPPC sn2: 44 and 51 JK"1 mol"1 ; DOPC snl: 56 and 49 JK"1 mol"1 ; DOPC

sn2: 56 and 49 JK^moi"1, respectively; cf. Table 5.3 and Table 5.5). A lower number of

degrees of freedom also modifies the influence of the rotational motions included in the

S'crp(ch) values.

A comparative analysis was also performed on a fragment/bead basis to gain insight into the

matching of the results using the low resolution CG model to those using the higher resolution

AL one. To this end we analyzed three distinct types of trajectories: i) generated using an

atomic-level (AL) model, ii) derived from an AL simulation, mapping the center of mass of

each AL fragment (see also Figure 5.1) to the corresponding CG bead (MAP), and iii)

generated using a coarse-grained (CG) model.

Table 5.6 summarizes the internal plus configurational entropies S'rch(fc) for DPPC and

DOPC lipid tails from one-component bilayer simulations and the corresponding CI6 and

C18:c9 liquid hydrocarbon chains [90]. Note that the AL entropies involve (translational)

least-squares fitting of trajectory configurations based on the individual fragment, while the

fitting is based on the whole chain for the CG and MAP cases. Results for the different

systems are directly comparable (although they were calculated from simulations of different

time lengths and using different numbers of configurations), because complete convergence

was reached in both cases for the corresponding S'rh(fc) entropies (not shown).
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Table 5.6: Comparison of fragment entropies S'rfit(fc) between the atomic-level (AL) and

coarse-grained (CG) models for acyl chains. Corresponding values from their hydrocarbon

template chains (Ref [90]) are also shown. The configurational entropy is also calculated

based on the centers of mass of single fragments in the AL model (MAP), which allows for a

direct comparison with the corresponding CG beads. For each fragment, the loss in entropy

due to coarse-graining of the acyl and hydrocarbon chains can be estimated by comparing the

AL and CG values. Forfragments (fc) nomenclature we refer to Figure 5.1. See Table 5.1 for

definition ofentropy codes and Section 5.3.2 for configurational entropy nomenclature.
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The comparison of AL vs. MAP results provides an indication of the loss in configurational

entropy upon coarse-graining the AL model [90]. The entropy loss per bead amounts to about

40-100 J K"1 mol"1, and it is comparable in the lipid tails and in the hydrocarbon liquids. This

may be a consequence of the fact that back-folding of the chain ends occurs to a larger extent

in the AL model than in the CG model, because (i) the CG beads are larger than the

corresponding AL united-atom particles and (ii) back-folding requires large deviations from

the equilibrium angles in the CG model, but can be achieved by a number of comparatively

smaller deviations of bonds, bond angles, and torsional angles in the AL model. Note that the

loss in entropy depends on the fragment/bead position in the chain, partially due to the fitting

procedure employed.

160 -

o

120 -

100 -

•• Hexadecane CG

T T DPPC CG sn1

* DPPC CG sn2

—-V DPPC MAP snl

A—A DPPC MAP sn2

Br*

chain fragment

Figure 5.7: Comparison offragment entropies Sirch(fc) for DPPC lipid tails in a bilayer with

corresponding values for liquid hexadecane chains in the CG model. Internal plus rotational

configurational entropies are shown for consecutive fragments along the chain. Single-

fragment estimates after mapping (MAP) the AL model onto the CG model are also shown.

Results for snl ( and V) and sn2 (A and A) chains are given separately. Standard

deviations around the average (over all molecules) are smaller than 0.5 J K~ mol' in all

cases. The lines are meant to guide the eye.
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The MAP and CG results are directly comparable (i.e. they can be used to assess the

compatibility between the AL and CG models, in terms of configurational-space sampling and

flexibility). The CG model clearly provides a reasonable description of the overall

hydrocarbon chain flexibility with reference to the AL model (in its mapped form) for both

DPPC and DOPC lipid tails. The fragment/bead entropies of terminal regions of lipid tails or

hydrocarbon chains are not too different when comparing the two models (Figure 5.7).

Expectedly, their entropy distributions along the acyl chains differ due to different inter-bead

(CG) and inter-fragment (AL) positional correlation. The central CG bead mapping the AL

double bond is found to be more flexible compared to the AL model. The specific differences

of snl and sn2 tails vanish upon coarse-graining of the model. In the case of DOPC and

C18:c9 a good correspondence is found between the two models in terms of (pseudo)-bond

angle distributions around the central double bond moiety (this can be inferred for example

from the corresponding angle distributions reported in Appendix 5.7.5). Larger average

(pseudo)-bond angles for the central double bond moiety characterizes DOPC lipid tails

compared to C18:c9 aliphatic chains in both AL and CG models.

When coarse-graining a simulation model, the number of degrees of freedom is reduced and

the potential energy function generally becomes smoother. This permits the use of larger

simulation time steps (40 fs vs. 5 fs in the present study), the production of longer trajectories,

and the investigation of larger systems. On the other hand, the definition of the proper time

scale for a CG model is not straightforward, as well as its correspondence to the AL model.

Thus, it is of interest to investigate the mapping of the CG simulation time onto the

corresponding AL simulation time. This can be assessed qualitatively by a comparison

between the convergence properties of the configurational entropy in the two models

considered. Figure 5.8 displays the build-up curves of the per-particle single-chain

configurational entropies S'cPh(ch) based on the first 24.8 ns of simulations with the AL and

CG models for DPPC (Note: "bare" MD timescales are reported). For this analysis, entropy

estimates were re-calculated using the same number of 62 trajectory structures in both models

to allow for a fair comparison (i.e. time intervals of 400 ps between two consecutive

structures). After about 6 ns (i.e. 15 trajectory structures) the acyl DPPC snl and sn2 tails in

the CG model already sampled their accessible configurational space. In contrast, no plateau
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can be observed for the AL values. Assuming full correspondence between per-particle values

in the two models, a mapping of simulation times of about 4:1 can be estimated for the

CG:AL comparison. The scaling of time in the CG model was estimated as about 4:1 from the

self diffusion of water and about 3:1 from the lateral diffusion of lipids [27]. We note that

such a time-scale mapping depends on the system considered and, consequently, on the

number of and the atom-positional correlation between the degrees of freedom removed when

coarse-graining the simulation model. Whereas in general, coarse-graining is expected to

smoothening of the energy surface and lower barriers, the scaling may not depend linearly on

the ratio of number of particles in AL and CG models.
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Figure 5.8: Single-chain internal configurational entropies per particle S'cPh(ch) for the two

acyl chains snl and sn2 of the AL and CG models as a function of time from MD simulations

of DPPC bilayers. The average (over 128 simulated molecules) values of the configurational

internal entropies S'Pnl(snl) and S'Pn2(sn2) of the lipid tails are reported.
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5.4.6 Anharmonicity and correlation effects for DPPC lipid tails at AL and

CG resolutions

In order to evaluate anharmonicity and pairwise supralinear correlation effects, which are

absent from both Schlitter and quasi-harmonic estimates of the entropy, all individual quasi-

harmonic modes for the system considered must be calculated [86]. The quasi-harmonic

entropies Sh
, together with the associated additive corrections ASf for anharmonicity in the

individual modes and AS^C for pairwise (supralinear) correlations (both evaluated at the

classical level) are reported in Table 5.7, from the concatenated trajectories of 64 AL or CG

DPPC lipids at 323 K corresponding to total simulation times of 25.6 and 1 us, respectively.

molecule Snm AS". ASFJ

[j K1 -mol1]

AL DPPC 2853 -1 (0.03) -264 (9) 2588 50 25.6 256000

CG DPPC* 1066 -1(0.09) -12(1) 1053 12 1.6 80000

AL DPPC snl+sn2a 1924 -1(0.05) -72(4) 1851 32 25.6 128000

a. From 64 concatenated trajectory of all DPPC lipids composing a bilayer simulated for 400 ns.

b. From 64 concatenated trajectories of DPPC lipids (out of 512 simulated) from 25 ns trajectories.

Table 5.7: Mode anharmonicity and pairwise (supralinear) correlation corrections to the

quasi-harmonic entropy estimates for DPPC lipids calculated as in Chapter 7 for both

simulations with the AL and CG models at 323 K. The quantum-mechanical quasi-harmonic

configurational entropy Shqm, its (classically-derived) corrections for mode anharmonicities

( ASf ) and (supralinear) pairwise mode correlations ( AS^ ), together with the corrected

value S" =S + ASad + AS^ are reported. For the AL model entropies are also reported

for lipid tails only, in order to allow for a comparison with the values of Table 5.4. Relative

values (%) of the entropy corrections (with respect to Shqm ) are given between parentheses.

See Table 5.1 for the entropy nomenclature.

cictd
j nr. time nr.

. period configurations
solute

[us]
atoms
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As previously reported [86,90] the quasi-harmonic and Schlitter estimates of the entropy are

within 1% (and within 2% for all entropies reported in the present work; data not shown) from

each other. A quasi-harmonic entropy [86] was also estimated for AL DPPC restricting the

calculation to its snl and sn2 acyl tails, and amounts to 1924 JK^mol"1. A corresponding

S'ml+2(snl + 2) value of 1926 JK"1 mol"1 was obtained using the Schlitter approach (Eq (5.1)

and (5.2)) and the same concatenated trajectory, i.e. only 3% larger than the 1871 JK"1 mol"1

obtained from only 25 ns of simulation (see Table 5.4), which confirms the good convergence

of the entropy calculations previously discussed.

In all cases, including both the AL and CG models, the anharmonicity corrections ASf are

negative (as expected, see Ref [86]) and small (at most 0.09% of Sqm ), which agrees with

previous results in the context of small-sized solute molecules [86,102]. The corresponding

overall corrections AS^C for pairwise (supralinear) correlation effects, to be applied to

anharmonicity-corrected entropy estimates Sqm+ ASf, are (as expected) also negative. This

correction leads to a decrease in the estimated configurational entropies (1-9 % of Sqm

depending on AL or CG model resolution and on the atoms considered; see Table 5.7) which

also agrees with previous results in the context of two reversibly folding /^-peptides in

methanol [86] and disaccharides in water [102]. Note, however, that this term only accounts

for pairwise-mode correlations. Higher order correlations will further lower the entropy, but

are increasingly difficult to estimate due to the need for more extensive sampling and

increasingly expensive computations. Higher order correlations are expected to be more

relevant for highly branched molecules than for linear chains. The total correction is smaller

(1% of Shqm ) for CG DPPC lipid tails than for corresponding AL ones (<9% of Sqm ), which is

expected considering the smoother potential energy surface of the CG model.
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5.5 Conclusions

In the present work, the properties of lipid tails have been studied for fully hydrated lipid

bilayer systems (pure lipids and binary mixtures), on either fine-grained atomic-level (AL) and

coarse-grained (CG) resolution scales. The AL model provides an atomistic picture of the

nature of the lipid lamellar state and permits to quantify properties (e.g. single-chain and

single-fragment configurational entropies, correlation in the motion of acyl chains) otherwise

not accessible to experimental measurements. The comparison between the AL and CG

models offers the possibility to investigate the effect of omitting degrees of freedom and the

behavior of the underlying simplified force field. For the AL model, full sampling of the

internal motions of the lipid tails in DPPC and DOPC can be reached within a simulation time

of several tens of nanoseconds. For the CG model, convergence is reached for shorter

simulations, at the cost of spatial resolution. If rotational contributions to the chain entropies

are to be calculated, longer simulations are necessary. Still, by comparing entropies including

or excluding full rotational motions, a qualitative picture of rotational contributions arises

from the approximate method employed.

Configurational entropies for fragments along the lipid tails were also calculated for DPPC

and DOPC bilayer systems. A comparison with corresponding single-fragment entropy values

from simulations of the hydrocarbon molecules CI6 and C18:c9 in the liquid phase showed

differences between the liquid phase and the La lipid phase. The acyl-chain fragment in

proximity of the headgroup region is characterized by a significantly lower entropy, whereas

the other chain fragments have entropy values comparable to corresponding values for

hydrocarbon chains in the liquid phase. In agreement with previously calculated order

parameters, sn2 chains show slightly more flexibility than snl chains. The same observation

does not hold for comparison with NMR-derived order parameters of DMPC and DSPC.

Single-chain and single-fragment configurational entropies for DOPC:DOPE are similar for

the two components suggesting homogeneous mixing behavior over the entire composition

range. Changes in the configurational entropies with changes in composition are most strongly

seen in the part of the lipid chain closest to the headgroup, suggesting the chemical differences

in the headgroups lead to different configurational spaces available to the lipid chains.
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Anharmonicity and pairwise (supralinear) correlation corrections to the quasi-harmonic

entropy were estimated for a few systems at different model resolution. While the

anharmonicity correction is found to be small at both levels of description (at most 1 % of the

quasi-harmonic entropy), correlation effects are larger in the AL model (up to 9% of the quasi-

harmonic entropy). Both effects are of similar relative magnitude compared to previous

studies.

The loss of configurational entropy upon coarse-graining the simulation model has been

estimated by comparison between AL and CG entropies. It amounts to about 40-100

JK^mol"1 per bead for DPPC and DOPC. This effect is of comparable magnitude to that

previously reported for the corresponding liquid hydrocarbons and depends on the fragment

position along the chain. The CG model yields a generally good approximation of the

distribution of entropy along the chains of the AL model (in its mapped form) for both DPPC

and DOPC.

Deviations between the AL and CG models have been observed, limited to short-range local

properties. For example, the difference in entropy between the snl and sn2 chains is lost upon

coarse-graining, and a reduced correlation in the bead motion is found in comparison to the

correlation of the united atoms, also revealed by the smaller correction for quasi-harmonic

pairwise (supralinear) mode correlation effects. In general, a good correspondence is found

between the AL and CG models.

The present study showed the differences in flexibility and configurational entropy of lipid

tails in fully hydrated bilayer systems and hydrocarbon liquids, and demonstrated that CG

models can capture the major structural and dynamical features of AL ones. This is a

promising step for the use of such models in MD simulations of larger systems over longer

time periods.
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5.7 Appendices

5.7.1 Summary of MD trajectories considered in this Chapter

run model system source time T

period [K]

[ns]

1 AL 2x64 DPPC lipids Ref [68] 25 323

2 AL 2x64 DOPC lipids Ref [44] 40 303

3 AL 2x64 DOPE lipids Ref [44] 30 303

4 AL 2x(48/16) DOPC/DOPE 3:1 Ref [44] 40 303

5 AL 2x(32/32) DOPC/DOPE 1:1 Ref [44] 40 303

6 AL 2x(16/48) DOPC/DOPE 1:3 Ref [44] 40 303

7 CG 2x64 DPPC lipids this work 1000 323

8 CG 2x256 DOPC lipids this work 1000 323

9 AL 128 CI6 molecules Ref [90] 200 323

10 AL 128 C 18x9 molecules Ref [90] 200 303

11 CG 256 CI6 molecules Ref [90] 1000 323

12 CG 512 C 18x9 molecules Ref [90] 1000 303

Table 5.8: Summary of the simulation trajectories considered in the present work. For each

case the resolution of the model, the system, the source, the simulation length, and the

reference temperature are specified.
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5.7.3 Single-fragment configurational entropies of mixed AL DOPCrDOPE

bilayers
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5.7.4 Convergence of solute internal plus rotational configurational

entropies for pure DPPC and DOPC bilayers

0» i i i i i i i i i I i i i i i i

i S 10 « 20 10 20 30 40

time [ns] time [ns]

Figure 5.9: Solute configurational internal plus rotational entropies Sirsnl+2(snl + 2) as a

function of simulation time. The average values for (thick line) and the corresponding error

bars (dashed lines) are shown as calculated from (a) 25 ns of simulation for 128 lipids in a

DPPC bilayer and (b) 40 ns of simulation for 128 lipids in a DOPC bilayer. The final values

are reported in Table 5.3. See Table 4.1 for definition of entropy reference codes and Section

5.3.2 for configurational entropy nomenclature.
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5.7.5 Probability distributions of the (pseudo-)bond angle around the

double bond moiety in AL and CG DOPC lipids

0.04
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<D
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Figure 5.10: Normalized probability distributions ofpseudo-bond angles around the double

bond moiety from simulations (AL: 40 ns; CG: 1 ps) ofDOPC lipids (averaged over snl and

sn2 tails), based on mapped beads (MAP; gray lines) or beads (CG; black lines). Mapped
beads refer to the centers of mass of the AL fragments. Alternative mapping procedures (424

or 343; the codes refer to the numbers ofAL particles being mapped to each fragment/bead)
are employed to describe the central double-bond moiety. The distributions for liquid C18:c9

given in Chapter 4 were obtained using the 424 mapping scheme.
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Chapter 6

Vaporization, solvation and phase-partitioning

thermodynamics of aliphatic hydrocarbons: a

molecular dynamics study comparing coarse-grained

and atomic-level simulation models

Chi non ha avuto giorni tristi o notti insonni per

timoré di dire o di aver detto uno sproposito non sa

che cosa sia la scienza o, di certo, non l'ama.

Who never had sad days or insomnia for being

afraid of talking or ofhaving told nonsense, doesn 't

know what science is and, for sure, doesn't love it.

(Antonio Stoppani, in I trovanti, 1881)

6.1 Summary

Thermodynamic data are often used to calibrate or test atomic-level (AL) force fields for

molecular dynamics (MD) simulations. In contrast, available coarse-grained (CG) force fields

do not rely on thermodynamic quantities. Recently, a CG force field for lipids, hydrocarbons,

ions, and water [1], in which approximately four non-hydrogen atoms are mapped onto one

interaction site, has been proposed and applied to study various aspects of lipid systems. Yet,

no extensive investigation of its capability to describe solvation thermodynamics has been

undertaken. In the present study, a detailed picture of vaporization, solvation, and phase-

partitioning thermodynamics for liquid hydrocarbons and water is obtained at CG and AL

resolutions, in order to compare the two types of models and evaluate their ability to describe

thermodynamic properties in the temperature range between 263 and 343 K. Both CG and AL

models capture the experimental dependence of the thermodynamic properties on the

temperature. However, deviations are found for solvation thermodynamics and for the

corresponding enthalpy-entropy compensation for the CG model. Particularly, water-oil

repulsion seems to be overestimated. However, the results suggest that the thermodynamic
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properties considered should be reproducible by a CG model provided it is reparametrized

based on these liquid-phase properties.

6.2 Introduction

In recent years there has been a constantly growing interest in the development of simple

coarse-grained (CG) models for a variety of polymers [2-4], lipids and surfactants [1,5,6], and

proteins [7], which aim at computer simulations of larger time and size scales at the expense

of a lower resolution representation of structural and dynamical properties. Different from the

classical atomic-level (AL) representations (e.g. the GROMOS force field [8-12]), these

models and their correspondingly simplified force fields consist of beads (also called

superatoms or interaction sites with mass) representing groups of atoms, monomers, or even

several monomer units. The beads interact through effective interaction functions that take

into account the response of the omitted degrees of freedom in a mean-field approach.

Different strategies have been followed with success to arrive at a semi-quantitative

description of the properties of lipids [1,5,6,13-17], mixed phospholipid/cholesterol bilayers

[18], and ionic liquids [19]. Artifacts occurring in such CG molecular dynamics (MD)

simulations have been investigated in comparison with dissipative particle dynamics

simulations [20]. How effectively a CG model performs mainly depends on the chosen coarse-

graining procedure: (i) model resolution (how many AL particles per CG bead), (ii) mapping

procedure (how the bead positions are defined as a function of the AL particle coordinates),

(iii) potential energy function entering the CG Hamiltonian, (iv) the experimental and/or AL

simulation properties against which the CG model is calibrated.

The available CG force fields have not been parametrized using thermodynamic quantities

measured for the particular compounds. Yet, hydration free energies (AFhyf), vaporization

enthalpies (AHvap) and liquid-phase densities (p) of small organic compounds can be

employed to calibrate AL biomolecular force fields [9-12]. Solvation thermodynamics of

small compounds gives insight into physico-chemical equilibria [21-24]. The extent to which

a compound partitions between two separate environments (e.g. an aqueous phase and an

organic phase) is a fundamental quantity for a variety of chemical and biochemical

phenomena (e.g. formation and disruption of lipid vesicles and surfactant micelles).

Considerable effort has been focused in the past decades toward the tabulation of

experimentally determined partition coefficients and the development of theoretical models to
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predict partition coefficients [25-27]. These data are generally based on empirically derived

contributions defined per atom-group basis in a coarse-grained fashion. They have been

shown to supply accurate thermodynamic descriptions of partitioning in the special case of

homogeneous systems. However, they generally fail in those cases where the environment

cannot be approximated as a continuum, which is often the case of interest in biological

systems.

The subject of the present chapter is the vaporization, solvation and water/oil partitioning

thermodynamics of aliphatic hydrocarbons studied from MD simulations with the recently

developed CG force field by Marrink et al. [1], an off-lattice model developed on the idea of

the first model proposed by Smit et al. [13] applied to study a water-oil interface in the

presence of micelles [13] and surfactant self-assembly [14]. This simple model maps

approximately four non-hydrogen atoms to one interaction site and has been designed to

simulate lipid aggregates in water. The corresponding water beads obey the same mapping

scheme, each representing a water tetramer. In order to keep this model as simple as possible,

the CG force field was based on only five types of pair-interaction parameters and equal bead

masses (72 u) [1]. This same CG force field has been applied to study several properties of

lipid systems [1,28-31], but it has not yet been validated considering the reproduction of

experimental and/or theoretical thermodynamic quantities, except for qualitative free energies

of partitioning of water beads in hexadecane [1]. Recently, two comparative studies based on

configurational entropy estimates for liquid hydrocarbons [32] and pure and mixed lipid

bilayers [31] reported a good correspondence between this CG model and the AL GROMOS

model in terms of sampled configurational space and average structures. The loss in

configurational entropy due to the coarse-graining was also estimated [31,32]. In the present

work, we focus on a validation of the thermodynamic properties of the CG model for physico-

chemical equilibria (i.e. water/oil phase partition) of importance in biological processes.

Partition coefficients are directly related to the differences in free energy and entropy of the

compound in the two different environments [33-35]. Therefore, this study relies on the

estimation of free energies and entropies from MD simulations.

Free energy differences may be estimated via thermodynamic integration (TI) [36-45],

particle insertion [46,47], or finite-temperature differences [48]. In practice, such free energy

calculations for small compounds are highly accurate within the force field and simulation

methodology employed. In principle, the estimation of entropy differences using these types
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of approach is also possible. However, it requires appropriate sampling of the regions of

phase space where the Hamiltonians corresponding to the two states of the system differ

significantly, and can thus be a difficult task in practice [43,49].

Four thermodynamic quantities are calculated for water and the set of alkanes considered: (i)

their vaporization enthalpies (AHvap), (ii) their excess Helmholtz free energies (AF^f), (iii)

their hydration free energies (AFhyf), and (iv) the free energy (AFsoiv) of solvating water into

the corresponding liquid hydrocarbons. From the difference of these quantities it is possible to

derive the corresponding free energies of partitioning (AAFw/0 and AAF0/W) which provide a

thermodynamic description of the water/oil phase separation. More than two thousand

simulations (corresponding to a total simulation time of more than 50 us) were performed to

this end. In order to estimate the change of entropy upon solvation we made use of a finite-

difference approach using simulations performed at different temperatures, assuming a

constant heat capacity over the temperature range considered. The set of hydrocarbons has

been chosen with an eye to the occurrence of aliphatic fragments in lipids of biological

interest. It has been limited to «-alkanes of chain length up to hexadecane (four corresponding

CG beads). A discussion on the shifting and switching potential energy functions used in

combination with the GROMACS [50] and GROMOS05 [51] simulation programs are

presented.
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Table 6.1 displays the physical properties for water (wt) and for the aliphatic hydrocarbons «-

butane (C4), «-octane (C8), «-dodecane (C12), and «-hexadecane (C16). Experimental and

calculated values from MD simulations at 303 K based on different model resolutions are

reported for the average liquid density (p), the self-diffusion coefficients (D), and the

enthalpies of vaporization (AHvap).

2 5

2,0

1.5

0.5

0.0

CO I r =12 nm, switch for r > 0 9 mil

. idf 2 CG ' r = 1 4 nm, switch tot r> I) 0 nm

idl'3 AL

——— idf4 MAP

'-' I

Ç2

250

r [nm

Figure 6.1: Radial distributionfunctions g(r) and their integralsfrom (CG: 15 ns; AL: 6 ns)
simulations of liquid CI6 at 323 K. Based on the CG model they are from calculations as in

Ref [1] (solid black line; 20 fs, rj =0.9 nm; rc =1.2 nm) or as described in this work (dot-
dashed black line; 20 fs timestep, rj =0.0 nm and rc =1.4 nm). Based on the AL model they
are calculated using united atoms (dashed black line) or the corresponding mapped beads

(MAP; gray line). The functions centered on the terminal particles (rdf, thin lines) were

calculated taking into account all united atoms, mapped beads or beads excluding
intramolecular pairs. The corresponding running integrals E, of 4nr2 p g (r) are also

shown (corresponding thick lines).
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A comparison of average liquid densities shows a good correspondence between AL (p ) and

experimental (pexp) values. For water both CG models yield good agreement with experiment.

For the alkanes, using the real masses of the beads (56-58 u) instead of the model one (72 u),

larger deviations (up to 19%) are found between both CG (pCG) results and pexp values. The

difference in density due to the different treatments of non-bonded interactions in the two CG

models at most 3%; see also Figure 6.1). Details on the different implementation of the non-

bonded potential energy terms in GROMACS and GROMOS05 are discussed in Appendix

6.7.1.

Figure 6.1 shows structural properties of liquid C16 for the AL and CG models at 323 K

using particle-particle radial distribution functions: (i) for the original CG model [1] using the

GROMACS non-bonded interaction term [50] (code: rdf 1), (ii) for the same CG model [1]

treating the non-bonded interactions as in the GROMOS05 non-bonded interaction term [51]

(code: rdf 2), (iii) for the AL model (code: rdf 3), (iv) for the centers of mass of the CG

fragments (MAP) in the AL model with a 4:1 mapping scheme (code: rdf 4). The CG models

evidence stronger ordering than the AL model, especially in the first coordination shell.

However, the number of particles in this first shell (about 6) is similar in the four cases as

inferred from the integral £, over the radial distribution function. In general the structure of

CG C16 liquids is similar for the non-bonded interaction treatments. A slightly larger number

of 24 vs. 23 neighbour particles within 1.5 nm for the CG liquid is found for the GROMACS

vs. GROMOS05 set up (see £, of rdf 1 and vs. £, of rdf 2 in Figure 6.1). This is consistent

with a corresponding slightly higher density (0.84 vs. 0.83 g cm"3; Table 6.1).

Table 6.1 reports also the self-diffusion coefficients from the same simulations, from previous

work [1] and (whenever available) from experiment [52,53]. A direct comparison between

absolute CG (DCG) and AL (D41) coefficients is not possible, because the diffusion of

simplified beads representing a water tetramer or groups of aliphatic CH„ carbons is of

CC

intrinsically different nature. As previously suggested [1], D values are effective values in

the case of CG water diffusion (i.e. scaled to the diffusion of 4 SPC water molecules). We

find a self-diffusion coefficient for a SPC water tetramer in SPC water of 4.0 10"9 m2 s"1, a

value only slightly smaller than the SPC one of 4.2 10"9 m2 s"1. Interestingly, for the self-

diffusion coefficient of the same SPC tetramer in a solution of SPC tetramers a value of 2.7

Q 9 1 CC Q 9 1

10" m s" is found. This value is closer to the D one of 2.0 10" m s"
.
The different
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CC

treatment of the non-bonded interactions result in similar D coefficients. The trend in the

results for different alkane chain lengths agrees with that for the AL model.

Vaporization enthalpies were calculated from CG (AH ) and AL (AH ) simulations at

303 K. In this case, corresponding CG values are not available from Marrink et al. [1], with

the only exception of C16 for which a value of 66 kJ mol"1 was estimated [32]. As expected,

AH values at 303 K are in good agreement with experiment and with previous

calculations [11] at 298 K. For the CG water model, in which a CG bead represents a water

tetramer, the energy needed to separate the tetramer into four water molecules is to be added

to AH when comparing with AH^f. This tetramer energy is estimated to be of 16 kJ

mol"1 using the AL model. For the alkanes a large deviation from experiment (up to 36% for

C4) is observed. AH values deviate within 31% from the corresponding AH results.

The CG model systematically underestimates the heat of vaporization. The two different non-

bonded interaction treatments show differences of 1-4 kJ mol"1.

6.3.2 Solvation free energies of alkanes at CG and AL resolutions

Table 6.2 summarizes the Helmholtz excess free energies for the alkanes at different model

resolutions ( AF, and AF^ ) and from experiment (AFfff). The AL model underestimates

AFexc increasingly for larger chains (up till 15%). The CG model shows larger deviations

from experiment, up till 32%. This is in line with the observed trends in the heat of

vaporization. The intermolecular interaction, i.e. interaction level III in the CG model [1],

underestimates the intermolecular attraction among oil particles. In the case of CG C16 the

deviation from the AL results might be partially due to the fact that no (pseudo)dihedral-angle

potential energy term is currently employed in the CG model.

Excess free energies of aliphatic hydrocarbons
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C4 C8 C12 C16

AFCG
exe

-10.6(0.5) 18.3(1.1) 24.0(1.4) 30.9(1.4)

AF^
exe

-7.4(0.1) 21.7(0.1) 26.8(0.1) 38.5(0.1)

jpexp
exe

-8.7° 22.3° 32.3° 45.5°

a. Values at 298 K from Ben-Nairn and Marcus 1987.

Table 6.2: Excess free energies (AFexc and AFexc) of hydrocarbon liquids (and

corresponding errors) estimated via thermodynamic integration from CG (rj = 0.0 nm; rc =

1.4 nm) andAL simulations at 303 K, and experimental values (AF^P) at 298 K. All values

are in kJ mol1. See section 6.4for details.

Figure 6.2 reports the free energies of solvating hydrocarbons in water from experiments

( AF^pd ) and from MD simulation at different model resolution ( AF,d and AF,d ) and at

different temperatures in the ranges between 263 and 343 K. The corresponding values are

reported in Appendix 6.7.2. For C4 and C8 at 303 K the AL force field provides values in

agreement with experiment and with values previously reported [11] at 298 K. The values of

CC

AF,d are too large, which means that the water/oil repulsion (i.e. interaction level V in the

CG model [1]) is overestimated in the CG model. The AFGG from the GROMACS and

GROMOS05 non-bonded interaction treatments differ by less than 2%. The variation of the

hydration free energy with temperature shows a linear trend for both, AL and CG, models (the

lowest linear regression coefficient is 0.96 observed for AL C4). The CG model shows a

stronger dependence on temperature than the AL model. This indicates that the CG model

displays less enthalpy-entropy compensation than the AL model. This may be due to the

elimination of degrees of freedom upon coarse-graining.
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Figure 6.2: Hydration free energy (AFhyci) as a function of the simulation reference

temperature from CG (empty circles) and AL (filled circles) simulations of C4, C8, CI2 and

C16 using the GROMOS05 treatment of non-bonded interactions. The corresponding linear

regression curves are also displayed (CG: dashed lines; AL: thick lines) together with their

linear correlation coefficients (and slopes in kJ mot1 K1). Error bars are shown as vertical

lines. Experimental values at 298 K are denoted by the symbol x. See also Appendix 6.7.2.

To elucidate these results, we calculated the change of solute-solvent interaction energy

(AUuv) upon hydration as function of the simulation reference temperature from CG and AL

simulations of C4, C8, C12 and C16 in water (Figure 6.3). As expected from the previous

CC CC A T

AFhd values, AUuv values are not sufficiently negative compared to the AUuv ones.

Both AU and AU values increase with the hydrocarbon chain length. As previously

noticed from configurational entropy calculations [31,32] the dependence of solute
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thermodynamic properties on changes of temperature is weaker for the CG model compared

to the AL model (i.e. CG models possess a smaller heat capacity compared to AL ones, as a

consequence of the reduced number of degrees of freedom).
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-- AL 0.99 (4.78)

263 283 303 323

r [K]
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T [K]

Figure 6.3: Solute-solvent interaction energy change upon hydration (AUUV) as afunction of
the simulation reference temperature from CG (empty circles; dashed lines) and AL (filled
circles; thick lines) simulations of the solute C4, C8, CI2 and CI6 in water using the

GROMOS05 treatment of non-bonded interactions. The corresponding linear regression
curves are also displayed (CG: dashed lines; AL: thick lines) together with their linear

correlation coefficients (and slopes in kJ mol1 K1). Error bars are shown as vertical lines.

See also Appendix 6.7.3.
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Figure 6.4 shows the solute-solvent entropy change (ASUV) upon hydration as function of the

simulation reference temperature. The ASUV values are not sufficiently negative compared to

ASuv values. Combining the AUUV and the -TASuv values for both, AL and CG, models the

AT CC

weaker dependence of AFh d
on T compared to AFh d

ones is due to the stronger enthalpy-hyd

entropy compensation in the AL model.

0

-r-1 -loo

E -200

LZ,
-300

53s -400

-500

-600

0

j—. -100

T~l 1 1~"

«-butane

jq—_ _ ^i - - - ~f^ — - LJ1 "*fey

CG 0.99 (1.8)

AL 1.00(10.7)

J I L

n i i r

n-octane

CG 0.99 (2.4)

AL 1.00 (17.8)

_L _L _L

o

G -200

y

2_ -300

3
= -400

-500

-600

n i r

w-dodecane

CG 0.96 (1.8)

e—e—e-

AL 1.00(23.8)

J I I L _L

±

n i i r

w-hexadecane

CG 0.92 (2.5)

AL 0.99 (33.5)

©—e- -&—-Ô-

263 283 303 323

T [K]

343 263 283 303 323

T [K]

343

Figure 6.4: Solute-solvent entropy change upon hydration (ASUV) as a function of the

simulation reference temperature from CG (empty circles; dashed lines) and AL (filled
circles; thick lines) simulations of the solutes C4, C8, CI2 and C16 in water using the

GROMOS05 treatment of non-bonded interactions. The corresponding linear regression
curves are also displayed (CG: dashed lines; AL: thick lines) together with their linear

correlation coefficients (and slopes in JK2 mol1). Error bars are shown as vertical lines. See

also Appendix 6.7.4.
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We estimated, as well, the solvent-solvent entropy change ASvv and ASm upon hydrating

C4, C8, C12, and C16 hydrocarbons (i.e. the solvent reorganization entropy; see section 6.4).

As previously reported these quantities are difficult to converge [22,56,57]. We find large

error bars on these quantities at both resolutions (see Appendix 6.7.5). Still, these results seem

to suggest (expectedly) larger ASVV and ASm values for increasingly longer hydrocarbon

chains.

6.3.3 Solvation free energies of water at CG and AL resolutions

The solvation properties of the CG water model were studied in terms of its excess free

energy (AFexc ) as calculated from TI in the range between 263 and 343 K. This is equivalent

to the solvation of a CG water bead in its own liquid, but with opposite sign. An experimental

value AF2 of 24.0 kJ mol"1 at 298 K has been reported [58]. A AF^ value of 23.3 ± 0.6 kJ

mol"1 was calculated for the SPC (AL) water model [59]. At 303 K we obtain a value AFexc

of 17.9 ± 0.4 kJ mol"1 (a similar value of 16.9 ± 1.0 kJ mol"1 was estimated using the

GROMACS treatment of the non-bonded interactions). We note, however, that AFexc values

should be compared to the corresponding excess free energy of a water tetramer. We find an

excess free energy of 22.0 ± 0.6 kJ mol"1 for the insertion of an SPC water tetramer in SPC

water, and of 19.2 ± 0.7 kJ mol"1 for the insertion of an SPC water tetramer in a liquid of SPC

tetramers. The AFexc value compares well to this value, which indicates that the insertion of

a CG water bead in its liquid is reasonably represented by the CG water model. Values of

AF in the temperature range between 263 and 343 K are shown in Figure 6.5. They

decrease upon increasing the simulation temperature. We note that the experimental

temperature dependence has a similar slope (Figure 2.18 in Ref [21]). Additionally, Figure 6.5

displays the solute-solvent interaction energy change upon hydration of CG water (AUUV) and

the corresponding solute-solvent entropy change upon hydration (ASUV). Both quantities

decrease upon increasing the temperature.
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Figure 6.5: Helmholtz excess free energies of CG water (AFexc ; filled circles), and

corresponding solvent-solute interaction energy change (A Uuv ; filled squares), and solute-

solvent entropy change (ASuv ); empty circles) as a function of the simulation reference

temperature. Error bars are shown as vertical lines. The experimental AF^P value at 298 K

is denoted by the symbol x.

6.3.4 Water/oil partitioning in the CG model

,CG

Partitioning thermodynamics was also investigated. AFsolv values were calculated at 303 K

for the insertion of a CG water bead into liquids of aliphatic hydrocarbons of increasing chain

length. We find AFGG values of C4: 4.1 ± 0.4, C8: 6.6 ± 0.5, C12: 8.0 ± 0.6, and C16: 8.8 ±

0.8 kJ mol"1 using the GROMOS05 treatment of non-bonded interactions (values within 1%

are found using the GROMACS treatment of non-bonded interactions). This yields AAFw/0

values at 303 K of C4: 22.0, C8: 24.5, C12: 25.9, and C16: 26.7 kJ mol"1 (Eq (9)). The latter

value agrees well with the experimental value [60] of 25 kJ mol"1. Corresponding free

energies for oil/water partitioning, AAF0/W were also calculated (Eq (10)): at 303 K C4: 3.1,

C8: 38.1, C12: 53.4, and C16: 67.8 kJ mol"1. Experimentally the AAF^P value for C16 is

larger than 50 kJ mol"1 [1,60,61,63].
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6.4 Computational methods

Molecular dynamics simulations

Trajectories for (CG or AL) hydrocarbon molecules («-butane: C4; «-octane: C8; «-dodecane:

C12; «-hexadecane: C16) and CG [1] or SPC [65] water (wt) were generated using the

GROMOS05 package of programs [51]. The CG force field is the one proposed by Marrink et

al. [1] with a slight modification (see Appendix) and the AL model is the GROMOS96 45A3

one [8,11]. CG alkanes were solvated into approximately 400 CG wt beads (i.e. C4:399,

C8:398, C12:397, C16:396) and were simulated in rectangular boxes using periodic boundary

conditions. AL alkanes were solvated into boxes of large volumes (i.e. containing C4:l 151,

C8:2051, C12:2077, C16:2720 wt molecules). Simulations of the corresponding pure liquids

were performed at both CG (wt:400, C4:400, C8:200, C12:100, C16:100 molecules) and AL

(wt:1600, C4:1600, C8:2059, C12:2080, C16:2721) model resolutions in order to study

vaporization thermodynamics, diffusion and properties of their liquid structures.

The temperature (values reported in the section 6.3) and pressure (1 atm) were kept constant

by using a weak-coupling algorithm [66] (relaxation times of 0.1 ps and 0.5 ps, respectively).

Identical experimental values for CG and AL simulations have been set for the isothermal

compressibility kt when using pressure coupling (wt: 0.75, C4: 5.0, C8: 1.6, C12: 1.6, C16:

1.6-10"2 (kJ mol"1 nm"3)"1). When calculating the (Helmholtz) free energies, the volume instead

of the pressure was kept constant. All MD simulations were initialized with (i) particle

positions reproducing experimental liquid densities and (ii) velocities taken from a Maxwell-

Boltzmann distribution at the corresponding temperature. Newton's equations of motion were

integrated using the leapfrog algorithm [67] with a timestep of (CG) 20 fs or (AL) 2 fs. The

simulation protocol for CG simulation was different. Bond-length constraining was not

employed. Non-bonded interactions between second-nearest neighbors were not excluded.

Non-bonded interactions were updated every timestep and truncated at a distance of 1.4 nm, if

not specified differently. The van der Waals potential energy term was smoothly shifted to

zero between a distance r\
= 0.0 nm and its cutoff distance rc= 1.4 nm. The original CG model

[1] made use of a different switching function implemented in the GROMACS program [50].

The differences between the GROMOS05 and GROMACS non-bonded energy terms are

discussed in the Appendix.
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Enthalpy of vaporization

The enthalpy of vaporization AHvap was estimated from two simulations, one for the liquid

phase and a second for the gas phase, as previously described [10,11]. The (N,V,T)

simulations of the hydrocarbon systems were equilibrated for 1.5 ns up to 6 ns, until the

average pressure converged. The final configurations and velocities of these liquid

hydrocarbon systems were used to generate initial positions and velocities for the gas phase

simulations. Each individual molecule was then simulated without intermolecular interactions

in the gas phase at 303 K. Vaporization enthalpies were calculated as the difference between

the (per molecule) potential energy in the gas phase and in the liquid phase plus an RT term.

Corresponding errors were determined from the two standard deviations from the average.

Excess free energy calculation

The excess Helmholtz free energy AF^c of the liquid hydrocarbons and of liquid water at 303

K, at both CG and AL resolutions were calculated using standard thermodynamic integration

techniques [68]. The system was perturbed from the liquid state (A, X = 1) to the gas state (B,

X = 0) by progressively removing, as a function of X, the intermolecular interactions in

(N,V,T) simulations which were performed for 50 (CG) or 25 (AL) intermediate lvalues. For

each individual Â value at least 3 ns (CG) or 0.2 ns (AL) for equilibration and at least 6 ns

(CG) or 0.2 ns (AL) were used for analysis. Additional sampling (up to 15 ns (CG) or 6 ns

(AL)) was required for particular A values. The integration procedure and the calculation of

the corresponding errors were as described in Ref [69]. A value aLJ
= 0.7 for the soft-core

parameter [70] was chosen for both simulations.

Solvation free energy calculations

The free energy change between two states A and B of a molecular system was estimated

using the thermodynamic integration (TI) procedure as [36,45]

^=^=/>(M^, (6,)

where UuvQf denotes the potential energy function describing the total solute-solvent

interaction and the average (•••) is taken over the MD trajectory. A is a coupling parameter

that regulates the strength of Uuv and varies linearly from full (X = 0) to zero (X = 1)
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interaction. It is assumed that only the solute-solvent interaction Uuv in the Hamiltonian H

depends on A. Simulations were performed for 50 (CG) or 25 (AL) intermediate lvalues until

a smooth curve for the free energy derivative was obtained, which was then integrated

numerically (i.e. using trapezoidal integration). The free energy of the compounds in vacuum

were estimated from analogous runs as previously described [71]. For each individual lvalue

at least 3 ns (CG) or 0.2 ns (AL) for equilibration and at least 6 ns (CG) or 0.2 ns (AL) were

used for analysis. Additional sampling (up to 15 ns (CG) or 12 ns (AL)) was required for

particular A values, especially at 263 K. In the following sections free energies of solvation

are reported for (i) hydrocarbons in water (i.e. the hydration free energies AFhyd and

AFh d ), (ii) CG water in CG hydrocarbon liquids (i.e. the solvation free energy AFsolv ). The

length of each simulation varied in order to obtain converged averages. Soft-core solute-

solvent interactions were used with a soft-core parameter [7,8] aLJ
= 0.7 (CG) or 0.5 (AL) to

avoid singularities of the free energy when annihilating (1-^0) interaction sites [70].

Entropy of solvation calculation

The change in entropy upon solvation was also analyzed [56,57]. This quantity is the sum of

two contributions: one coming from the solute-solvent interaction and another coming from

the solvent-solvent interaction (often referred as the solvent reorganization term), i.e.

ASS=ASUV+AS„ with (6.2)

AS -±-VdX (u (a)) l-?-u (4 -lu (xfi-u (4
kT2 Jo \ »V /Ix\qx uvKJ/ä \ "vV JdA "vV

7
and (6.3)

AS„
1 ri

krJo
f dA
Jo «MhPv^iuM^-fcMhPV&JQl (6.4)

and

AU = AU +AU ,with
uv w

A£/av = (^Lo-RLand

(6.5)

(6.6)

AU =TAS (6.7)
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In principle, several approaches may be employed to obtain total entropy differences (Eq

(6.2)), but their practical application is not straightforward [71]. Although the solute-solvent

contribution (Eq (6.3)) converges quite rapidly, the solvent reorganization term (Eq (6.4)) is

quite difficult to calculate since the averages are taken over all solvent-solvent interactions.

However, the second term does not contribute directly to the free energy (it is cancelled by

another term coming from the solvation energy, (Eq (6.7)) [22,56,57]. Thus, it needs only be

calculated when solvation entropies are to be compared with experimental values. Similarly,

the solute-solvent energy (Eq (6.6)) converges reasonably quickly, but the total energy (Eq

(6.5)) is difficult to obtain due to the solvent reorganization (Eq (6.7)).

An alternative method to obtain the total entropy change upon hydration (or solvation, in

general) is by calculating finite-differences [48] of the free energy at different temperatures.

In this approach, it is assumed that the heat capacity Cp is constant in the considered 2AT

temperature range, so that

^ _

gG^., AGM(r+Ar)-AGM(r-Ar)
s

ÔT
~

2AT

The assumption of constant Cp holds for the system considered in the present study, as can be

inferred from results displayed in Figure 6.2.

Partitioning free energy calculations

The free energy of partitioning between the aqueous and the oil phases can be calculated as

AAF
.

= AF
,
(water in oil) + AF (water) (6.9)

w/o solv v / exc v / v /

and the free energy of partitioning of oil between the aqueous and oil phases is

AAF, = AF,, (oil in water) + AF (oil)
.

o/w hya v ' exc v '

(6.10)

We note that for a CG model (i) the excess free energy of a pure liquid constituted by a single

bead (wt and C4) is identical to the negative of its solvation free energy and (ii) for water its

excess free energy is identical to the negative of its hydration free energy (the free energy in

the gas phase is zero).
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Analysis of liquids

Radial distribution functions involving intermolecular particle distances were, after

equilibration, calculated for C16 from 104 structures taken from 15 ns (CG) or 6 ns (AL)

trajectories at 323 K. Self-diffusion coefficients (D) for both the CG and AL models were

calculated from a least-squares fit to a straight line of the mean square displacements of all

particles in the system as function of time. In the text we refer to simulations of SPC

tetramers. These were carried out as described above for AL MD simulations, but additionally

using a half-harmonic attractive restraining potential energy term among the SPC oxygen

atoms of quadrupoles of water molecules. The restraining distance was set to 1.2 nm and a

force constant of 500 kJ mol"1 nm"2 was employed. This keeps the 4 SPC water molecules

within a sphere of 0.47 nm diameter, the average CG water - CG water bead distance, but

simultaneously leaves rotational freedom to the SPC water molecules.

Treatment of non-boned interactions in the CG model combined with soft-core

potentials

Figure 6.6 shows the soft-core Lennard-Jones potential energy term for the interaction of two

CG water beads, as obtained from (i) the GROMOS05 non-bonded potential energy term [51],

with force and energy smoothing at a cutoff distance of 1.2 nm, (ii) the GROMOS05 soft-core

potential energy term [51] which simultaneously reproduces the soft-core potential and the

force and energy smoothing at a cutoff distance of 1.2 nm, and (iii) the standard GROMOS96

soft-core potential energy term [8]. Only the GROMOS05 potential energy functions (i) and

(ii) are smoothly shifted to zero at a cutoff distance of 1.2 nm with corresponding vanishing

forces (see inset of Figure 6.6). Here we use the GROMOS05 soft-core form, i.e. the force

vanishes at the cutoff distance rc using a shift function from r\ = 0.0 nm. As discussed in

Appendix 6.7.1, the shape of the potential energy function is close to the one originally used

for the parametrization of the CG force field [1].
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Figure 6.6: Comparison ofLennard-Jones potential energy termsfor the interaction between

two CG water beads [If as a function of their distance for the GROMOS05 [51] form (thin
line; with switch), the GROMOS05 [51] form (dot-dashed line; with soft core and switch),
both used in this study, and the soft-core GROMOS96 [8] form (thick line). The soft core

parameter [7,8] is aLJ
= 0.7. Switching is done over the range r\ =0.0 nm to rc = 1.2 nm.

6.5 Conclusions

An analysis of vaporization, solvation, and water/oil partitioning thermodynamics was

presented at two different levels of model resolution. These properties for a coarse-grained

model were investigated by comparison with calculated atomic-level model properties and

experimental data. The results at different model resolution suggest that the coarse-grained

force field investigated largely captures the physical properties of pure liquids and of

solvation. However, there is ample room for improvement. A reparametrization based on the

liquid-phase properties considered is likely to enhance the accuracy of the CG force field. In

particular, oil/oil interactions are too weak, and the water/oil repulsion is overestimated. The
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CG model displays less enthalpy-entropy compensation solvation of alkanes in water then the

AL model.

The present study suggests that accurate solvation thermodynamics could be employed as a

solid physical basis for parametrizing and validating coarse-grained force fields, as has been

done for well established biomolecular atomic-level force fields.
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6.7 Appendices

6.7.1 GROMACS and GROMOS05 CG Lennard-Jones potentials

Here we discuss the Lennard-Jones (LJ) potential energy terms implemented as the

GROMACS shift [72] and GROMOS05 switching [51] functions, respectively. The

GROMACS shift function used in the parametrization of the coarse-grained (CG) model due

to Marrink et al. [1] and the GROMOS05 switching function were used in this work to assess

the thermodynamic properties of this model.

The GROMACS manuals (see http://www.gromacs.org) do not correctly describe the general

shift functions for arbitrary powers of llr, which leads to incorrect expressions for the LJ

energy terms. However, at least in GROMACS versions 2.0 till 3.2 the LJ force terms were

correctly implemented, but the potential energy beyond r = r\ was erroneously applied for r <

r\. This means that the corresponding forces are correct, but the energy is not for r < r\. In this
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Appendix we wish to resolve any ambiguity and to clearly describe the potential energy terms

used to parameterize the original coarse-grained (CG) model and the differences with respect

to the GROMOS05 form used in this work.

The GROMACS User Manuals [50] (e.g. version 3.0, pp. 51-53) derive the general form of

the shift force Sa(r) to be added to forces of the form r~{a + l) in order to let the force decay

smoothly to zero at the cut-off distance rc. The smooth decay may be initiated from a

switching point r\, with 0 < rx < rc .
Under the conditions that the forces and the first

derivatives of the forces are (i) continuous at r\ and at rc, and (ii) zero at rc, the simplest added

force Sa(r), to be applied between r\ and rc, is a third-order polynomial given as:

Sa(r) = A(r-r1f+B(r-r1)3

A=
(a + 4)rc-(a + l)ri

(a+2) t Y

(Al)

B =

(a + 3)rc -(ar + l)/i
(a+2'

(rc-rx )

It is here that the GROMACS manual is in error in that the definition of the shift force (Eq

(Al)) is not general, but valid only for the modified Coulomb potential (a = 1) which is not

explicitly stated in the manual. Such a wrongly documented potential energy term would lead

to a jump at the shift cutoff (Appendix 6.7.6). The mistake is triggered by the sentence "For

pure Coulomb or Lennard-Jones interactions F(r) = Fa(r) = r~{a +1\"

In general, Fa(r) = a r~{a + l). The modified LJ forces are sums of two forces with a = 6 and

a= 12, respectively.

Integration of the force gives the potential. Note that a third boundary condition is introduced

in the GROMACS manuals without stating it explicitly, i.e. that (iii) the potential be 0 at rc.

The expression given in the GROMACS manuals for the general potentials is:

«MO^-jM ) -^-i ) -c ; c = ^-^ -i ) -^ -i ) • (A2)

The correct general expression is:

^ / \
1 ocA t \3 ccB t \4 1 aA t \s ccB t \4

^N

®aM=^r-1-('-'i ) -^-('-'i ) ~c ; c=^—f(r< -r> ) —j-(r° -r> ) • (A3)
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Christen et al. [51] derived the general shift function for use in GROMOS05, naming it a

switching function. They start from the general form of the potential, rather than of the force,

denoting the potential switching function by Sa(r), the same notation as used for the force

shift function in the GROMACS manuals. The resulting general potential is exactly the same

as the correct general form given above. By differentiating the correct general form, the force

switching function Sa(r) contains a factor a compared to the force shift function (A.2) given

in the GROMACS manual (cf. Eq (Al)),

S'a(r) = -A(r-r,)2-B(r-r^

a{(a + iy\ -{a + A)rc}

r^+2)(rc-riJ
a{(a + l)rj -(a+ 3)rc j

(A4)

B-

r(«+2) (;->î)3

The GROMACS [50] shift functions ((A.2) and (A.3)) are therefore identical to the

GROMOS05 [51] switching function for the Coulomb forces, but the GROMACS shift

function (A.2) is different for the LJ forces.

Although the shift functions for force and potential given in the GROMACS manuals are not

correct (see Appendix 6.7.6) for the LJ terms, they have been implemented correctly in the

code [73] for the case r\ = 0. In the case r\ > 0, the force was correctly implemented, but the

potential energy term was not. The potential energy term for r\ < r < rc was erroneously also

used for r\ <r < r\. This did not affect the MD trajectories, but did affect the corresponding

potential energies, which were not the integral of the negative of the forces for r < r\. The

GROMACS shift potentials as implemented give no discontinuities in either the force or the

potential energy term. For the force this is obvious. There is no discontinuity in the energy

because the constant shift term C is applied over the entire range of the potential, i.e. also

when r < rx . Again, this is not stated anywhere in the description of the shift function [72],

but is implemented in the code [73].

As example, the combined LJ terms for interaction between two CG water beads [1] (type P,

interaction level I, CA =4scr6 = 4 x 5.0 x0.476 =0.21558 kJ mol"1 .6.
nm

C12 = Asa12 =2.3238 x 10
3

kJ mol"1 nm12) are shown in Figure 6.7, based on either the

shifting function (switching the force from r\ = 0.9 nm, with rc= 1.2 nm) as was used in the

parameterization of the CG force field [1], or the shifting function (smoothing of the force
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from r\ = 0.0 nm, with rc= 1.2 nm) as was used in the GROMOS05 implementation used in

this work. The LJ potential energy using the shifting function switching the force smoothing

at r\ = 0.0 nm, with rc= 1.4 nm, which was one of the potentials used to assess the sensitivity

of some properties to the range of the potentials is shown in Figure 6.7 as well. It is seen that

the (GROMOS05) potential energy function with r\ = 0.0 nm; rc= 1.4 nm is closer to the

(GROMACS) potential energy function with r\ = 0.9 nm; rc = 1.2 nm than to the

(GROMOS05) potential energy function with r\ = 0.0 nm; rc = 1.2 nm. This is why the

GROMOS05 function with r\ = 0.0 nm; rc= 1.4 nm was chosen in this study in combination

with the CG model.

T T T T T T

o

2 0

r -i

o

m

CJ

C
O

"5
3

-S

shift / cutoff ! .4 ran; switch for r *> 0.0 nm

- shift / cutoff 1.2 nm, switch for r > 0,9 ran

——— shift ' cutoff 1.2 nm; switch for r > 0.0 nm

J_ _L

0.4 0.5 0.6 0,7 0,8

r [ran]

0.9 1 1 12

Figure 6.7: Lennard-Jones potential energy functions with different switching ranges. The

interaction between two CG water beads [If is shown as example: force shifted ftom

switchingpoint r\ = 0.0 nm, cutoff rc =1.4 nm (black line); force shiftedftom switchingpoint

r\ = 0.9 nm, cutoff rc = 1.2 nm (dashed black line) as used in the parameterization of the CG

force field [If; force shiftedfrom switching-point r\ = 0.0 nm; cutoffrc =1.2 nm (gray drawn

line). The latter potential was not used in the present work.
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6.7.5 Solvent-solvent (reorganization) entropy change upon hydration

600

Ô 400 -

-, 200 \- -r-

600

'"3 400 -

IL 200

<]

~I 1

«-dodecane

_L _L _L

—\ 1 r

«-hexadecane

„.-a <^

_L _L _L _L

273 293 313 333 273 293 313 333

T [K] T [K]

Figure 6.8: Solvent-solvent (reorganization) entropy change upon hydration (ASUV; Eq (6.8))
as afunction of the simulation reference temperature from CG (empty circles) and AL (filled

circles) simulations of(a) C4, (b) C8, (c) CI2 and (d) CI 6.
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6.7.6 Lennard-Jones potential energy functions as defined in the

GROMACS and GROMOS05 manuals
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Figure 6.9: Lennard-dones potential energy functions as defined and implemented in

GROMOS05 [51] (black line) and as defined (but not implemented) in the GROMACS

manuals [50] (dashed line). The energy is displayed in the sample case of the interaction

between two CG water beads as afunction oftheir distance.
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Chapter 7

Estimating the configurational entropy from

molecular dynamics simulations: anharmonicity and

correlation corrections to the quasi-harmonic

approximation

The laws of physics, as we know them, are statistical

laws. They have a lot to do with the natural tendency
of things to go over into disorder.

Le leggi della fisica, cost come noi le conosciamo,

sono leggi statistiche. Hanno molto a che fare con la

tendenza naturale delle cose a mutare in disordine.

(Erwin Schrödinger, in What is life?, Cambridge

University Press, 1944)

7.1 Summary

During the past decades, the calculation of accurate free-energy differences from molecular

simulations has become feasible in practice. In contrast, the reliable estimation of absolute

entropies and entropy differences from these simulations is a notoriously difficult problem.

This Chapter investigates critically the method to estimate configurational entropies from

molecular dynamics simulations based on the quasi-harmonic approximation. The theory,

assumptions, and approximations underlying the method are presented, as well as its

connection with essential-mode and normal-mode analyses. In particular, the following points

are considered: (i) the relationship between quasi-harmonic and essential modes; (ii) the

requirement of mass-weighting (or metric-tensor-weighting) in quasi-harmonic analysis; (iii)

the effect of anharmonicities in the individual modes on the estimated entropy; (iv) the effect

of pairwise (supralinear) correlations among the different modes on the estimated entropy.

The analyses are carried out in the context of long (hundreds of nanoseconds) molecular
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dynamics simulations involving the reversible folding of /?-peptides, considering individually

the specific properties of the folded and unfolded ensembles. The anharmonicity correction to

the quasi-harmonic entropy is small. In contrast, the pairwise (supralinear) correlation

correction is large and affects to a larger extent the entropy of the folded state than that of the

unfolded state. The proposed procedure to evaluate corrections for anharmonicity and

correlation effects allows for an improved calculation of absolute entropies, as well as of

entropy differences for molecular systems which undergo conformational transitions.

7.2 Introduction

Entropy is a key property to the understanding of a wide variety of physical, chemical and

biochemical phenomena [1-8]. In particular, entropie effects play a fundamental role in protein

folding [9-15] and stability [16-19], molecular association [20-22], ligand binding [18,23-29],

and enzyme catalysis [30]. Often, chemical and biochemical processes are characterized by a

delicate balance between a large change in enthalpy and a large opposite change in entropy

(enthalpy-entropy compensation), resulting in comparatively small free energy differences [4-

10,12,16,20,24,29,31,32].

During the past decades, the calculation of accurate free-energy differences from molecular

simulations has become feasible in practice [33-43]. In contrast, the reliable estimation of

absolute entropies and entropy differences from these simulations is a notoriously difficult

problem [41,44-53] and one of the key current challenges in computational chemistry.

In principle, the calculation of exact (within the force field and simulation methodology

employed) absolute entropies from molecular simulations is an impossible task, because this

quantity measures the overall extent of accessible phase space (i.e. would require infinitely

long simulations to converge) [41,52]. There are two ways of circumventing this problem. The

first approach is to restrict the task to the calculation of the entropy difference between two

states of the system. In this case, appropriate generalizations of the coupling-parameter

approach commonly used to evaluate free-energy differences can be used to estimate entropy

differences via e.g. free-energy perturbation [52,54-56], thermodynamic integration

[38,52,55], particle insertion [57,58], umbrella sampling [59], or finite-temperature
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differences [60]. In this case, appropriate sampling is only required for the regions of phase

space where the Hamiltonians corresponding to the two states differ significantly.

Unfortunately, this sampling still generally requires (series of) prohibitively long simulations

and the method only provides converged results in favorable cases [41,52]. The second

approach is to estimate the absolute entropy based on an analytical approximation to the

configurational probability distribution of the system, expressed in a specified set of

generalized coordinates. This analytical function involves parameters (e.g. moments of the

distribution) that can in principle be estimated from a single (sufficiently long) simulation of

the system.

This second approach was introduced by Karplus and Kushick [44], who applied it to bound

(non-diffusive) systems (e.g. a single covalently linked macromolecule) on the basis of

internal coordinates (subset of the distances, angles and torsional angles defining a

configuration of the molecule, excluding overall translation and rotation) and with a

multivariate Gaussian approximation for the configurational probability distribution (the

parameters of which are the averages and covariances of the selected internal coordinates

during the simulation). Because the normalized Gaussian is the probability distribution

associated with a classical one-dimensional harmonic oscillator, this method was called quasi-

harmonic analysis. In practice, however, the quasi-harmonic entropy is evaluated by

application of the quantum-mechanical equation for the entropy of a harmonic oscillator,

rather than the classical one. This point is essential in the presence of stiff degrees of freedom

(e.g. bond-stretching or bond-angle bending vibrations, geometric constraints), because the

quantum-mechanical entropy converges to zero in the limit of high oscillation frequencies,

while the corresponding classical entropy incorrectly diverges to minus infinity. The quasi-

harmonic approach was applied to biomolecular systems [16,44,45,61,62], and further

extended by critical analyses of the approximations involved and of the resulting errors [45-

47,53,61]. The application of this method has a number of drawbacks: (i) the use of internal

coordinates complicates the computational implementation of the method; (ii) an

approximation must be made for the configurational dependence of the Jacobian associated

with the internal-to-Cartesian coordinate transformation (metric-tensor effects); (iii) the

choice of a non-redundant set of internal coordinates is not unique, and effects the resulting

entropy estimate; (iv) some internal coordinates (e.g. torsional angles) are periodic, (i.e. their
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representation by a single-well harmonic oscillator is questionable and the associated averages

and covariances cannot be unambiguously defined).

About ten years after the introduction of the quasi-harmonic approach, Schlitter suggested that

the above problems could be alleviated by performing the analysis (still restricted to bound

systems) in terms of Cartesian coordinates instead of internal ones [48]. He also realized that

the method was capable of estimating absolute (rather than relative) entropies and suggested

that, in the limit of infinite sampling, the estimated absolute entropy (i.e. that of a multi¬

dimensional system harmonic in a specified set of generalized coordinates and with metric-

tensor-weighted coordinate averages and covariances identical to those monitored during the

simulation) always provides an upper-bound to the true entropy of the simulated system. As

shown in Appendix 7.8.1, this latter statement is only rigorously exact at the classical level for

a generalized coordinate system involving a configuration-independent Jacobian for the

generalized-to-Cartesian coordinate transformation (e.g. for a Cartesian coordinate system).

For such coordinate systems, the statement possibly remains valid at the quantum-mechanical

level, although the proof given by Schlitter [48] is incomplete [63]. In other cases, this

principle may be violated. However, the maximum entropy distribution will generally remain

very close to that associated with a corresponding harmonic system and violations are only

likely to be encountered for systems that are inherently very close to harmonicity, which is not

the case of complex (macro)molecular systems. In the present Chapter, the upper-bound

property of the quasi-harmonic entropy estimate will be considered as being of general

validity. Since the actual quasi-harmonic entropy estimate depends on the choice of a

coordinate system (i.e. on the nature of the underlying harmonic model), the "optimal"

coordinate system will be the one leading to the lowest estimate [46]. Unfortunately, there is

currently no systematic procedure for determining this optimal coordinate system.

In view of the previously mentioned drawbacks of internal coordinates (and of the difficulty in

applying metric-tensor-weighting to these coordinates, see below), the use of Cartesian

coordinates probably represents a good compromise. Yet, this choice also has three main

drawbacks: (i) ambiguity may arise when removing the overall translational and rotational

motions from the configurations sampled during the simulation of a (macro)molecule; (ii) the

average molecular structure (equilibrium configuration in the harmonic model) may be less

realistic when defined in terms of Cartesian coordinates (after removal of overall translational

and rotational motions) compared to internal ones; (iii) the different potential energy terms of
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a force field are generally associated with specific internal coordinates, so that these

coordinates appear to be a more "natural" choice for the quasi-harmonic analysis. Indeed,

calculation on model systems have shown that internal coordinates tend to result in lower (i.e.

better) entropy estimates [53].

Irrespective of the chosen coordinate system, the difference between the true entropy of the

simulated system and its quasi-harmonic estimate arises from: (i) anharmonicities (i.e. non-

Gaussian behavior) in the probability distributions along individual coordinates; (ii)

correlations among the probability distributions associated with different coordinates (beyond

the pairwise linear correlations accounted for in the harmonic model). These effects are

neglected in the quasi-harmonic analysis and (nearly; see Appendix 7.8.1) always correspond

to a negative entropy contribution. From a different perspective, the (positive) error associated

with a quasi-harmonic entropy estimate may be viewed as arising from the approximation of

the typically frustrated (many local minima and barriers) potential energy landscape

characteristic of most molecular systems by a single (effective) harmonic basin.
3

In

favourable cases, better entropy estimates can be obtained through methods that explicitly take

into account the multiple-minima structure of this landscape (e.g. mining-minima approach

[53,64]). However, in the context of biomolecular systems with explicit solvation, the

enumeration of all minima (or even of only the most relevant ones) is not possible. In these

cases, the quasi-harmonic approach (possibly including corrections such as the ones described

in the present Chapter) is probably the only option currently available.

The application of quasi-harmonic analysis in terms of Cartesian coordinates requires the

removal of the overall (center of mass) translational motion from the sampled configurations

(because the analysis assumes a bound system). If required, the translational entropy

contribution can be later reintroduced using the appropriate quantum-mechanical expression

(Sackur-Tetrode equation; based on a specified standard state for the system volume or

pressure). Although the removal of the overall rotational motion is in principle not required, it

is recommended in practice [49], because: (i) overall rotation is a highly correlated motion

(associated with a relatively small entropy contribution), while the quasi-harmonic analysis

interprets it as a superposition of uncorrelated harmonic motions along the individual

Cartesian coordinates (associated with a much larger entropy contribution); (ii) the tumbling

time of macromolecules is generally long [65], so that rotational motions cannot be sampled

accurately on the timescales reachable nowadays in explicit-solvent simulations of these
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Systems. However, the overall rotation of a flexible molecule cannot be separated from

internal motions in a unique fashion [66-68], and this separation is always somewhat arbitrary

[28,69,70]. In practice, the removal of overall translation and rotation from the sampled

configurations is commonly performed by atom-positional least-squares fitting of successive

structures along a trajectory onto a common reference structure [49,71,72]. Alternatively,

simulations can be performed with constrained roto-translational motion [73]. If necessary, the

resulting quasi-harmonic entropy estimate can be (approximately) corrected using the

quantum-mechanical expression for the entropy of a rigid rotor (based on the average inertia

tensor of the molecule).

The procedure outlined by Schlitter to evaluate quasi-harmonic entropies based on Cartesian

coordinates [48] was implemented [49] and tested on simulations of reversible peptide folding

in methanol at different temperatures [74]. The results showed that the solute quasi-harmonic

entropy does not give sufficient information on the thermodynamics of the folding process,

because: (i) the quasi-harmonic entropy estimate is an upper bound to the true entropy of the

simulated peptide, both in the folded and unfolded states, but the magnitude of the associated

error is unknown and may differ between the two states; (ii) solute-solvent and solvent-

solvent correlations provide an unknown (but probably large) contribution to the entropy,

which may also significantly differ between the folded and unfolded states. The same

procedure was applied to investigate the influence of different solvents, folds and peptide

chain lengths on the configurational entropy of carbopeptoids [75]. The results evidenced

significant dependence of the estimated solute entropy on the properties of the solvent (in

contrast to an earlier suggestion [16]) and on the characteristics of the folded configuration. In

another study, the configurational entropy was calculated for trialanine in water and compared

with vibrational spectroscopy experiments to interpret the stability of different peptide

conformations [76]. The application of the Schlitter approach to fairly rigid organic

compounds was also undertaken in order to estimate the translational and rotational

contributions to the absolute entropy [28]. Its application to liquid hydrocarbons was

undertaken to compare the configurational spaces accessible using simulation models of

different spatial resolutions [77]. Applications to larger biomolecules involved the estimation

of side-chain entropies in a model for a protein molten-globule state [78], as well as of the

entropy changes upon binding a fatty acid to a fatty-acid binding protein [79], upon

complexation of a protein with its receptor [80], upon binding of the CAP and À-repressor to
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cognate DNA sequences [81], and upon binding of netropsin and distamycin ligands to the

minor groove of a model DNA duplex [82].

The practical implementation of quasi-harmonic analysis using a specific set of generalized

coordinates requires the diagonalization of the corresponding metric-tensor-weighted

covariance matrix as evaluated from the simulation (in a Cartesian coordinate system, metric-

tensor-weighting is equivalent to mass-weighting). The resulting eigenvectors represent

motional modes (quasi-harmonic modes) around the average system configuration, associated

with probability distributions that have zero averages and are pairwise linearly uncorrected.

Furthermore, if the configurational probability distribution of the system is approximated by a

multivariate Gaussian with the same (metric-tensor-weighted) covariance matrix as the real

distribution, the probability distributions associated with the quasi-harmonic modes are

Gaussian (of widths determined by the corresponding eigenvalues) and fully uncorrelated. In

this case, the approximate system entropy (quasi-harmonic estimate) is a sum of harmonic

entropy contributions associated with each of the quasi-harmonic modes. These contributions

can be calculated analytically based on the corresponding eigenvalues, using the appropriate

classical or (preferably) quantum-mechanical expression for the entropy of a one-dimensional

harmonic oscillator. As suggested by Schlitter [48], the diagonalization process can be

substituted by a determinant calculation if the correct quantum-mechanical formula is replaced

by an approximate heuristic expression (that slightly overestimates the quasi-harmonic

entropy). However, since the computational gain is only moderate and the quasi-harmonic

modes can no longer be determined, the use of this approximate formula is probably not

recommended in practice [50].

As mentioned above (and more explicitly formulated in Section H) the diagonalization

process in a quasi-harmonic analysis must be applied to the metric-tensor-weighted covariance

matrix. However, previous applications of this approach in terms of internal coordinates

[16,44-47,61,62] incorrectly omitted this weighting, leading to an error in the estimated

entropy (the nature and magnitude of which is difficult to characterize) and to an

inconsistency in the dimensionality of the estimated entropy (dependence on the arbitrary

choice for the unit of mass).

The above procedure for quasi-harmonic analysis bears strong analogies with the essential-

mode analysis developed by the Berendsen group [83-86]. The aim of this approach is to
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decompose the atom-positional fluctuations of a (bound) molecular system as obtained from a

simulation into pairwise linearly uncorrected motional modes (essential modes), associated

with additive contributions to the total mean-square atom-positional fluctuations. In fact,

essential-mode analysis is equivalent to a quasi-harmonic analysis applied in Cartesian

coordinates, but without mass-weighting of the covariance matrix prior to diagonalization.

However, to our knowledge, the relationship between quasi-harmonic and essential modes

(and between the probability distributions along these modes) has never been investigated so

far.

Finally, both quasi-harmonic and essential-mode analyses should be distinguished from

normal-mode analysis [87-97]. This analysis, typically performed in terms of Cartesian

coordinates (see, however, Section 7.3.1), relies on evaluating and diagonalizing the mass-

weighted Hessian matrix (second derivative of the potential energy with respect to the atomic

coordinates) associated with a single structure (usually corresponding to a stationary point on

the potential-energy surface). Normal-mode analysis probes the vibrational modes associated

with this single structure, i.e. a very local region of the configurational space, while quasi-

harmonic and essential-mode analyses aim at characterizing the global extent of the

configurational space accessible to the system at a given temperature (Figure 7.1). Therefore,

an entropy estimate based on normal-mode analysis is only meaningful for systems that are

intrinsically highly harmonic (e.g. stiff molecules in the gas phase), but certainly not for

solvated (macro)molecules.
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V[q) normal-mode analysis 1/(q)

kBT"

quasi-harmonic analysis

Figure 7.1: Schematic comparison of the principles underlying normal-mode (left) and quasi-
harmonic (right) analyses. Normal-mode analysis probes the local space (q) around a single

(usually stationary) point (q0), based on the local curvature of the potential energy surface

(V(q)) at this point. Quasi-harmonic analysis probes the global extent of configurational

space (q ) accessible to a molecular system at a given temperature ( kBT ).

The estimation of absolute entropies through quasi-harmonic analysis is very appealing for

five main reasons: (i) absolute entropies rather than entropy differences can be estimated; (ii)

the entropy estimate is based on a single simulation of the molecular system; (iii) the entropy

of a bound system of jV atoms (exempt of overall translation and rotation) can be decomposed

into an ideal gas contribution plus a sum of 3jV - 6 configurational contributions arising from

independent internal motional modes, thereby providing insight into its nature; (iv) the

estimated entropy (nearly; see Appendix 7.8.1) always represents an upper bound to the true

entropy of the simulated system; (v) the entropy estimate, even if originally based on a

classical simulation, can be performed using an exact quantum-mechanical formula rather

than a classical approximation. However, this approach also has two major shortcomings: (i) it

is currently restricted to bound (non-diffusive) systems, excluding the determination of

entropy contributions associated with intermolecular (e.g. solute-solvent or solvent-solvent)

correlations; (ii) it provides upper-bound entropies with an error that depends on the

(arbitrary) choice of a generalized coordinate system and is rather difficult to quantify. The
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second point is particularly problematic when trying to estimate entropy differences between

two states of a molecular system (e.g. B and Z forms of DNA [62] or folded and unfolded

states of peptides [74]), because error cancellation is by no means guaranteed.

The present Chapter addresses a number of issues related to the quasi-harmonic approach. In

particular, it aims at: (i) analyzing the relationship between quasi-harmonic and essential

modes; (ii) evaluating critically the requirement of mass-weighting (or metric-tensor-

weighting) in quasi-harmonic analysis; (iii) quantifying the effect of anharmonicities in the

individual modes on the estimated entropy; (iv) quantifying the effect of pairwise supralinear

correlations among the different modes on the estimated entropy. This analysis is carried out

in the context of long (hundreds of nanoseconds) molecular dynamics simulations involving

the reversible folding of /^-peptides in methanol [98-103], and considers individually the

specific properties of the ensembles corresponding to folded and unfolded configurations.

7.3 Theory

7.3.1 Normal-mode analysis

Consider a classical bound (non-diffusive) system involving M' degrees of freedom, of which

M are unconstrained and specified by a M - dimensional generalized-coordinate vector

q ={qm\m = l..M]. The M'xM -dimensional Jacobian matrix Jq relating infinitesimal

generalized-coordinate displacements dq to the corresponding Cartesian displacements dr is

defined as

}{q)=±s±M (71)
dq

where the q subscript indicates a dependence on the specific choice of generalized coordinate

system.
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If the potential energy solely depends on the system configuration, the M-dimensional

conjugate-momentum vector pq associated with q (derivative of the Lagrangian with respect

to q ) is given by

pq=âq{i)<i a.2)

with the MxM -dimensional (symmetric) mass-metric tensor A (further simply referred to

as the metric tensor) defined as

A?W=J^)MJ?(g) , (7.3)

where M is the diagonal M'xM'- dimensional matrix containing the masses associated with

the Cartesian degrees of freedom and the T superscript indicates the transpose of a vector or

matrix.

The corresponding kinetic energy is given by

4<I>P9)=\PÎK(<1)P9 (7-4)

Normal-mode analysis assumes that the neighborhood of the potential-energy surface around a

stationary point qo can be approximated by the multivariate harmonic function ( h subscript)

where H? is the MxM -dimensional (symmetric) Hessian matrix containing the second

derivatives of the potential energy with respect to any pair of generalized coordinates at qo.

From Eqs (7.4) and (7.5), the Hamiltonian of the system in the neighbourhood of qo is

therefore approximated as

Xh(q,Pq) = ^{q-qS Uq{q-qo) +^ A-^qjp,, . (7.6)

The corresponding (normalized) configurational probability distribution in the canonical

ensemble is given by (see Appendix 7.8.2; Eq (B8))
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Mî'

J**, ^•'"•l HA,(?)fV>-'J'B-,>
'

where ß = (kBT) , fcB being the Boltzmann's constant and T the absolute temperature. This

distribution is generally complicated by the presence of the configuration-dependent quantity

I I1/2

A I related to metric-tensor effects. This difficulty can be overcome by assuming that, in

the close neighborhood of the potential energy surface surrounding qo, the matrix A is

nearly configuration-independent, i.e.

âq{q)~âq{qo) = âq , (7.8)

which is reasonable for small oscillations around an equilibrium configuration. In this case,

the Hamiltonian lHh of Eq (7.6) may be approximated by a Hamiltonian 9io defined as

X0(q,pq)=\(q-qJnq(q-qo)+ ±pl A-1 pq . (7.9)

The corresponding configurational probability distribution in the canonical ensemble (see Eq

(7.7)) can be written

-!/»(,-,, fa, (,-,„)

Po(Q)=
i„ fHf ,

• (7-10)
r --ß{q-q„) H,(«-«»)

Now, consider the coordinate transformation

aq=\fqAf{q-q0) , (7.11)

where U is the MxM-dimensional (orthogonal, i.e. with Ur =U_1) matrix diagonalizing

the (symmetric) metric-tensor-weighted inverse Hessian matrix, i.e.

%^2WqA^Vq=ßKq , (7.12)
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E being the corresponding MxM -dimensional (diagonal) eigenvalue matrix amplified by

ß~l. To make the definitions of U and E unique (except for a possible degeneracy in the

eigenvalues), it is further specified that: (i) the entry of largest absolute value in any column of

U is a positive number; (ii) the eigenvalues occur along the diagonal of E in decreasing

order. This convention will be applied for all subsequent diagonalization processes in the

present Chapter (see Eqs (7.25) and (7.32)).

The generalized momenta associated with the new coordinates (derivative of the Lagrangian

with respect to aq ) are given by

Pa=aq=\JTqAq1Apq , (7.13)

where the notation pa has been simplified to pa. Thus, the Hamiltonian of Eq (7.9) can be

rewritten in terms of the transformed coordinate system as

<(aq,Pa) = \ß-l<*-qaq+\plPa (7.14)

By writing the corresponding Hamiltonian equations of motion it is easily seen that this

system corresponds to a collection of independent harmonic oscillators with angular

frequencies

(Om={ßEqm)Y\ m = l,2,...,M . (7.15)

The associated configurational probability distribution in the canonical ensemble can be

written as (see Eq (7.10))

e
2

PoM= _TJ7T7
= n^»K».) (7-16)

\daq 9 1 -1 1 m=l

with

P:m(aqm) = (27TEqm)^e^-- , (7.17)
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i.e. it factorizes into a product of normalized origin-centered Gaussians along each of the

coordinates.

The eigenvectors contained in the columns of U can be referred to as the generalized normal

modes associated with the selected generalized coordinate system q and the corresponding

model Hamiltonian 9io. The corresponding transformed coordinates aq will be referred to as

generalized normal coordinates, and satisfy the properties

(aq) = \daqaqp0(aq)=Q (7.18)

and

(a, ®aq) = \daq (aq®aq) p'0(aq)=Eq , (7.19)

where the angular brackets indicate canonical ensemble averaging and the notation a®b is

used for the matrix with components ju,v equal to a bv. Because E is diagonal, the second

equation implies in particular that the motions along distinct generalized normal modes are

pairwise linearly uncorrelated. These results can be rewritten in terms of the original

coordinate system as

q={q)=q0+±~/2Vt("t)=Qo (7-20)

and

Ç,=((*-*0)®(*-*0)> = ((A^Ufaf)®(A^Ufa,)^
= A^ U, («,®«,)UJ A~/* =A~/* U, E, Uj A~/* (7.21)

=ß-xw; ,

where q and Ç are the average and the covariance matrix associated with the original

coordinate system, respectively, the third equality following from

(Aa)®(Bb) = A(a®b)BT. The above results (Eqs (7.9)-(7.21)) hold within the harmonic

approximation of Eq (7.5) and are limited by the validity of Eq (7.8).
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Although the above formulation is quite general, normal-mode analysis is typically only

performed in terms of the Cartesian displacements r relative to a reference (stationary) point

at r = 0 (as a particular case of the generalized coordinates q ). In this specific case,

£.(#) = Jr =1 in Eq (7.1) and A,(r) = A, =M in Eq (7.3), so that Eq (7.8) is exactly

satisfied and the Hamiltonians lHh and 9i0 (Eqs (7.6) and (7.9)) become indistinguishable.

The corresponding generalized normal modes and generalized normal coordinates (the latter

with units of mass x length) are then simply referred to as normal modes and normal

coordinates, respectively.

7.3.2 Quasi-harmonic analysis

Although the mathematical formalism employed in quasi-harmonic analysis is very similar to

that employed in normal-mode analysis, the underlying principle is different (Figure 7.1).

While normal-mode analysis attempts to describe the local area of the potential energy surface

in the neighborhood of a stationary point, quasi-harmonic analysis tries to account for motions

in the overall extent of configurational space accessible to a molecular system (on the

simulation timescale and at a given temperature). For a given choice of generalized coordinate

system q, the input quantity of a normal-mode analysis is the Hessian matrix H?

characterizing the curvature of the potential energy surface at a stationary point qo, as

evaluated from the force field employed. In contrast, the input quantity of a quasi-harmonic

analysis is the covariance matrix Ç characterizing the coordinate fluctuations around an

average configuration q ,
as obtained from a simulation of the molecular system (of a given

duration and at a given constant temperature). Note that a meaningful determination of q and

C requires that the simulated trajectory contains at least M +1 configurations (which will be

assumed from here on).

The covariance matrix describes the motions within a (macro)molecule in the form of atom-

positional fluctuations and their correlations [74,83,88,93,104]. Assuming that these

fluctuations result from an underlying harmonic potential of the form

K(q)=\(q-q0f%(q-q0) (7.22)
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where H? is an effective Hessian matrix and qo an effective equilibrium configuration, Eqs

(7.20) and (7.21) show immediately that

qo=q and % =ß~l^q • (7.23)

Note that the corresponding harmonic model only strictly produces the correct average

configuration q and covariance matrix Ç when Eq (7.8) is satisfied, i.e. for generalized

coordinate systems where the metric tensor A is configuration-independent. This is the case

when employing Cartesian coordinates, but in general not for internal ones. Furthermore, in

the latter case, the configurational dependence of the metric tensor is likely to be more

pronounced in quasi-harmonic analysis compared to normal-mode analysis due to the larger

extent of configurational space covered by the model.

In practice, quasi-harmonic analysis involves the following steps.

First, a generalized coordinate system q is selected. Second, the average configuration q and

the covariance matrix C in this coordinate system are evaluated from a (sufficiently long)

molecular simulation, as

q=(q) and Qq =((q-q)®(q-q)). (7.24)

The equilibrium configuration qo and Hessian matrix H? of the effective underlying

harmonic model are then defined according to Eq (7.23), assuming the (exact or approximate)

validity of Eq (7.8). Third, the (symmetric) metric-tensor-weighted covariance matrix is

diagonalized, i.e. (compare with Eq (7.12))

Y;A^C?A^V?=F; , (7.25)

where V is a MxM -dimensional (orthogonal) matrix the columns of which represent the

M components of the eigenvectors {v?m|m = l..MJ (called quasi-harmonic modes) of the

metric-tensor-weighted covariance matrix in the original coordinate system, and F^ is a

diagonal matrix containing the corresponding eigenvalues. These eigenvalues are related to
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the associated angular frequencies in the effective underlying harmonic model as (see Eqs

(7.12), (7.15), (7.23) and (7.25))

(0... \ßFJ m = l,2,...,M (7.26)

Fourth, the simulated trajectory is projected onto the quasi-harmonic modes, i.e. one considers

the transformed coordinates bq defined as (compare with Eq (7.11))

bt=\lA^(q-q) . (121)

These transformed coordinates will be referred to as quasi-harmonic coordinates, and satisfy

the properties (compare with Eqs (7.18) and (7.19))

*•>= ?*,(«-«) =° (7.28)

and

bq®bq YÏAf (q-q) ® XA?{q-q)
T

V V
tT a /?. r< a 72
X1 A/2C A/2 V -F'

U ^q ^, A? \q
-

^
(7.29)

Because F^ is diagonal, the second equation implies that the projected coordinates bq are

pairwise linearly uncorrelated which, however, does not imply the absence of higher-order

(i.e. pairwise supralinear or beyond pairwise) correlations. The sum of the eigenvalues in F^

is equal to the total mean-square metric-tensor-weighted fluctuation of the system, i.e.

tv[f;] = 7v
1/ 1/

\/2 c A/2
^q ^q^q

ANq-q) Af(q-q) (7.30)

so that the eigenvalues can be interpreted as contributions of the individual quasi-harmonic

modes to this quantity.

In the particular case where the analysis is performed in a Cartesian coordinate system r

(after removal of the overall translational and rotational motion from the sampled trajectory),

one has Ar(r) = Ar = M in Eq (7.3). Thus, Eq (7.8) and, consequently, Eq (7.23) are exactly
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satisfied. In this case, the analysis relies on the diagonalization of the mass-weighted Cartesian

covariance matrix (see Eq (7.25))

Dr=M^CrM^ . (7.31)

In the absence of geometric constraints, the corresponding eigenvalue matrix F, contains

3N -6 non-zero and 6 vanishing (or quasi-vanishing) elements. If geometrical constraints are

present in the system (e.g. bond-length constraints), these will map to a corresponding number

of zero eigenvalues (see Appendix A in Ref [83]). Note that in this case, the quasi-harmonic

110
coordinates have units of mass x length.

Previous applications of the quasi-harmonic analysis in terms of internal coordinates [16,44-

47,61,62] omitted the metric-tensor weighting in Eqs (7.25) and (7.27). This modification

(which essentially leads to an essential-mode rather than a quasi-harmonic analysis, see

Section 7.3.3) is incorrect, and leads in particular to results that are inconsistent in their

dimensionality. This is easily seen e.g. from Eqs (7.25) and (7.26). If the units of q are noted

"coord", C has units of coord
,
A has units of mass x length x coord (Eqs (7.1) and

(7.3)), ß has units of mass-1 x length-2 x time2 and Yq is unitless. In this case, (O cannot

represent an angular frequency with units of time-1 if the metric-tensor weighting is omitted in

Eq (7.25). However, even if metric-tensor-weighting was properly applied (which may be

cumbersome to implement in practice), the validity of the analysis would still be restricted by

the approximate nature of Eq (7.8). On the other hand, when internal coordinates are used,

center of mass (translational and rotational) motion as well as possible geometrical constraints

are automatically mapped out of the analysis.

As discussed in Section 7.3.4, the main interest of quasi-harmonic analysis resides in its

connection with the estimation of the absolute entropy of the simulated system.

7.3.3 Essential-mode analysis

The quasi-harmonic analysis as described above (Section 7.3.2) bears strong similarities with

essential-mode (or principal-component) analysis [83-87,105-109]. However, while the

former method aims at analyzing a simulated trajectory in terms of an underlying effective

harmonic model, the latter method attempts to decompose the system fluctuations into
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independent (pairwise linearly uncorrelated) motional modes with additive contributions to

the system total mean-square fluctuations. To this purpose, it is the covariance matrix rather

than the metric-tensor-weighted covariance matrix that is diagonalized. In the context of

biomolecules, the result of this analysis is usually interpreted under the assumptions that: (i)

the modes with the largest contributions to the total system fluctuations are also the most

functionally relevant; (ii) the modes associated with comparatively lower eigenvalues (i.e.

providing a negligible contribution to the overall motion) are characterized by simple

unimodal probability distributions (Gaussian-like) and largely uncorrelated among each other

and with the more relevant modes. Under these assumptions, the outcome of an essential-

mode analysis can be used to perform more efficient simulations in a reduced space where the

least relevant modes are treated as constraints, thereby eliminating high-frequency motions

and enabling the use of a longer time step (e.g. essential dynamics [83]; it is debatable

whether quasi-harmonic analysis would not be also better suited for this purpose, see e.g. Ref

[109]). However, the application of this approach is limited in practice by two problems: (i)

the questionable validity of the above assumptions (in particular, some low amplitude motions

in biomolecules may be functionally very relevant); (ii) the introduction of constraints, leading

to thermodynamical (metric-tensor-related) as well as dynamical (enhanced barriers) artifacts

[111-113]. For details about the latter point, the reader is referred to Appendix A in Ref [83].

In analogy with Eq (7.25), essential-mode analysis relies on diagonalizing the (symmetric)

covariance matrix Cq as

W;C?W?=G?, (7.32)

where Wq is a MxM -dimensional (orthogonal) matrix the columns of which represent the

M components of the eigenvectors [wq m | m = 1..MJ (referred to here as essential modes) of

the covariance matrix in the original coordinate system, and Gq is a diagonal matrix

containing the corresponding eigenvalues. These eigenvalues are related to the associated

contributions to the total mean-square fluctuation (see below). A set of transformed

coordinates cq is then defined as the projection of the original coordinate deviations in the

basis of the essential modes [83], i.e. as

cq=WT(q-q) (7.33)
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These projected coordinates will be referred to as essential coordinates, and satisfy the

properties (compare with Eqs (7.28) and (7.29))

(c,)=(w,r(*-*)) = 0 (7.34)

and

(c, ®c,)=([w;(î-î)]®[w; («-«)])=w;ç,w,=g,. (7.35)

Because Gq is diagonal, the second equation implies that the projected coordinates cq are

pairwise linearly uncorrelated. Finally, the sum of the eigenvalues in Gq is equal to the total

mean-square fluctuation (MSF) of the system, i.e. (compare with Eq (7.30))

Tr[Gq] = Tr[Çq] = ((q-q)2) = (q2)-q2 , (7.36)

so that the eigenvalues themselves can be interpreted as contributions of the individual

essential modes to the total mean-square fluctuation. In the literature (e.g. Refs [83-87,105-

109]), essential-mode analysis has always been applied in terms of Cartesian coordinates

(after removal of overall translation and rotation). In this specific case, the elements of Gq

represent contributions to the total Cartesian mean-square atom-positional fluctuation, and the

essential coordinates have units of length.

In spite of the striking similarities in the definitions of quasi-harmonic and essential modes,

the two sets of eigenvectors are not related in any simple way. Although Eqs (7.25) and (7.32)

/ 1/o 1/0 1 /o

suggest that the matrix V = A- ' W diagonalizes A ' Ç A '

,
this matrix is generally not

orthogonal. However, even if there is no simple relation between V and W
,
the projections

of the trajectory onto either quasi-harmonic (b ) or essential (c ) modes appear to be heavily

correlated (see Section 7.5.1).

7.3.4 Estimation of the entropy

Entropy estimates may be performed based on either the normal-mode or the quasi-harmonic

mode analyses described above (Sections 8.3.1 and 8.3.2). The application to normal-mode
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analysis is detailed below as an example. The adaptation of the formalism to quasi-harmonic

analysis is then briefly described.

Based on an arbitrary generalized coordinate system q (and the associated conjugate momenta

p ), the classical entropy of a (bound) system of M'/3 particles with M unconstrained

degrees of freedom may be evaluated as [45,46]

sd = ~kB j d(l dPq P(q, Pq )ln [ÇhM P(q, Pq ) (7.37)

where h is Planck's constant, p the (normalized) phase-space probability distribution, and £,

a factor related to the indistinguishability of the particles. If the particles are distinguishable

(e.g. individual atoms in a covalently bound molecule) one has £, = 1. If they are

indistinguishable (e.g. atoms in a monoatomic fluid) one has ^ = (M'/3)!. The M'-M

constrained degrees of freedom (e.g. fixed center of mass position, molecular orientation, and

geometrical constraints) are excluded from Eq (7.37) because they would cause the divergence

of the calculated entropy to minus infinity.

In the canonical ensemble, the integration of Eq (7.37) over the momenta can be carried out

analytically (Appendix 7.8.2), leading to

Sci — kß
M f

1-ln
ßh

In

i\

~^Ç + -\dqp(q) ln\Aq(q)\-^dqp(q)lnp(q) (7.38)

where p is the (normalized) configurational probability distribution and Aq(q) the metric

tensor introduced in Eq (7.3).

Within the harmonic approximation (Eq (7.5)) and assuming that the metric tensor is

configuration-independent (Eq (7.8)), the latter expression can be applied to the generalized

normal modes aq (Eq (7.11)) as a particular case of q (Appendix 7.8.2), leading to

1V1

Scko=kB\M{l-lnßh)-lnl;-Y}n (ßEj)
m=\

(7.39)
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where h = (2;r) h and E is the diagonal eigenvalue matrix (amplified by ß 1) introduced in

Eq (7.12). This equation can be rewritten as

ScKo=-kBlnC + Y.s4{ßEq,m)
m=\

(7.40)

where sdo(co) is the classical entropy of a single harmonic degree of freedom oscillating at an

angular frequency CO, i.e.

scM = kB {I-Inßhco) . (7.41)

To this classical expression, one may substitute the corresponding (more accurate) quantum-

mechanical expression

sqm,oM = kE
ßhm
ßhco --ln(l-e-ßha) (7.42)

leading to a total quantum-mechanical entropy

M f

m=\ V

(7.43)

The procedure described above is easily adapted to obtain an entropy estimate from a quasi-

harmonic analysis. In this case, the angular frequencies com are obtained from ¥q (Eq (7.25))

according to Eq (7.26). As suggested by Schlitter [48], the diagonalization process (Eq (7.25))

can be substituted by a determinant calculation if the correct quantum-mechanical formula is

replaced by the approximate heuristic expression

S'=-*-\ndet
qm,o /-*

f

1 + -

v ßh
25, (7.44)

where 1 is the unit matrix and e Euler's number. In practice S' is always larger than Sqmo,

and usually very close. However, the computational gain achieved by the latter substitution is

typically moderate [50] and the diagonalization is still required if one wishes to obtain the

quasi-harmonic modes (necessary to correct for anharmonicity and mode correlation, see
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following). Therefore, unless otherwise specified, Eq (7.44) will not be further considered in

this Chapter.

As mentioned in Section 7.3.2, previous applications of the quasi-harmonic analysis in

terms of internal coordinates incorrectly omitted the metric-tensor-weighting in Eq (7.25). The

consequences of this "approximation", which effectively amounts to setting A =1 (in

unspecified units of mass), in terms of the estimated entropy are, however, difficult to

quantify.

In practice, a quasi-harmonic entropy estimate is affected by three types of errors: (i) neglect

of anharmonicities in the individual modes, (ii) neglect of correlations (beyond pairwise-linear

ones) among the modes, and (iii) neglect of metric-tensor effects. If the estimate could be

corrected for these effects, the calculated entropies would converge to a common value (the

entropy of the simulated system) irrespective of the original coordinate system and

methodology employed. At the classical level, it is possible to investigate errors due to

anharmonicities and pairwise supralinear correlations.

The effect of anharmonicities in the individual modes can be assessed in the following way.

Qualitatively, one may evaluate how close the actual distributions p'm[aqmj associated with

the individual quasi-harmonic coordinates, as obtained from a simulation, are to the model

Gaussians pom in Eq (7.17). To this purpose, a linear regression is performed, the correlation

coefficient of which may serve as a measure of the degree of harmonicity of the mode

considered. More precisely, the function

y
2

(7.45)

should be a straight line of unit slope going through the origin if the mode is perfectly

harmonic.

Quantitatively, given the actual distribution p'm[aqm) from the simulations, it is possible to

calculate the exact (anharmonic) contribution of a single eigenmode to the classical entropy as

(compare with Eqs (7.39), (7.40) and (7.41))

f{aq.m) ~Fq.m ln
P.m\®q,m )

~pZW
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cl,m
"in— -j'K, Pm(aq.m)XnPm(aq.m) (7.46)

The overall entropy correction for the non-harmonic behavior of the actual probability

distributions along the individual modes then reads

AS
ah nah o

I „ah -scJ(ßEq,m) (7.47)

The quantity AS", is always negative or zero (see Appendix 7.8.1).

The effect of pairwise mode correlations can be assessed quantitatively in the following

way. As indicated by Eq (7.29) distinct quasi-harmonic modes are (by construction) linearly

independent from each other. However, the absence of linear correlation between pairs of

modes does not rule out the possibility of higher-order correlations. Given the actual two-

dimensional distribution p'mn{aqm,aqn), it is possible to calculate the exact (correlated)

contribution of the two modes to the classical entropy as (compare with Eqs (7.39) and (7.46))

<;pc -k ~in— ~jda9im daqn p'mJ[a9im,aqn)In p'min(a9im,aqn) (7.48)

The overall entropy correction for the pairwise (supralinear) correlation between modes in the

actual probability distribution then reads

AS* y y Asp,c ZV I „PC
_

„ah
_

ah \

/_j \Ad,mn Acl,m Ad,n) (7.49)

This correction is relative to an entropy already including the effect of mode anharmonicities,

i.e. the corrections AS and ASpf (Eqs (7.47) and (7.49)) are cumulative. Note that although

the quantity ASf +ASplc is always negative or zero (see Appendix 7.8.1), it cannot be

guaranteed that the same result holds for AS^C taken alone. In principle, the same approach

could be used to quantify the effect of higher-order correlations (i.e. involving more than two

modes). However, extending the numerical integration in Eq (7.48) to more than two

dimensions is currently not feasible (except possibly for very small systems) due

computational and memory costs, as well as to significantly poorer statistics based on
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simulations over a limited timescale. Again, although the total correction (including

anharmonicities and correlations up to an arbitrary order) must be negative, it cannot be

guaranteed that M successive corrections are individually negative. One may assume that

pairwise correlation represent the dominating term. Yet, higher-order correlations, even if

intrinsically smaller, may still be significant because they are more numerous (e.g. O \ N31 for

three-mode corrections compared to öTtY2] for pairwise ones).

In practice, the entire analysis relies on the representation of the probability distributions

p'm(aqm) and p'mn{aqm,aqn) through one and two-dimensional histograms evaluated based on

the simulation trajectory. The choice of the corresponding histogram bin width is of

importance, as discussed in Appendix 7.8.3. This approach is conceptually similar to a

previously reported analysis of the effect of anharmonicity on the estimated entropy [45], but

considers the anharmonicity in the linearly uncorrelated motional modes, rather than in the

original set of coordinates.

An alternative route to derive anharmonicity and mode-coupling corrections to the estimated

entropies is to make use of higher-order moments (i.e. beyond pairwise covariances) of the

configurational probability distributions as evaluated from the simulated trajectory [47].

However, the present method should in principle be more accurate because it relies on full

one-dimensional and two-dimensional projections of this probability distribution, rather than

on a limited set of moments.

7.4 Methods

The molecular dynamics (MD) trajectories of two different peptides, the /?-hexapeptide H-ß -

HVal-y93-HAla-y92-HLeu-y93-HVal-y92-HAla-y93-HLeu-OH and the ytf-heptapeptide H-/-HVal-

y93-HAla-y93-HLeu-(S,S)-y93-HAla(aMe)-y93-HVal-y93-HAla-y93-HLeu-OH, both simulated for

100 ns in explicit-solvent methanol at 298 K or 340 K were used for the analyses. The initial

configurations were chosen as extended (i.e. all backbone torsional dihedral angles in trans

conformation) for the /?-hexapeptide and folded (based on a NMR model structure) for the ß-

heptapeptide, respectively. All simulations were carried out using the GROMOS96 program
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[114,115], the 43A1 united-atom force field [116,117], and a GROMOS-compatible methanol

three-site model [118]. The simulation setup and trajectory analyses for the two /^-peptides are

described in details elsewhere [98-101,103]. All simulations were characterized by multiple

folding-unfolding events on the timescale considered.

Ensembles of folded and unfolded configurations were defined using backbone atom-

positional root-mean-square deviations (RMSD) from ideal folded structures matching a (P)-

12/10-helix (yÇ-hexapeptide, Ref [101]) and a (M)-3i-helix (yÇ-heptapeptide, Ref [98]) as

similarity criterion, with cutoffs of 0.08 nm and 0.10 nm, respectively. All backbone atoms

(N, Ca, Cp, and Cco) were used in the RMSD calculations. A summary of the ensembles used

for the present analyses is given in Table 7.1. The distinction between folded and unfolded

ensembles was only made for the simulations at 340 K, due to the limited number of unfolded

structures present in the ensembles generated at 298 K.

The quasi-harmonic and essential-mode analyses were performed by calculating the solute all-

atom covariance matrix (Eq (7.24)) in Cartesian coordinates after least-squares fit

superposition of all configurations onto a reference structure so as to eliminate overall

translation and rotation [49], and diagonalization of the mass-weighted form of this matrix

(Eqs (7.25) and (7.31)) or of the matrix itself (Eq (7.32)). The reference structure for least-

squares fitting was taken to be the corresponding experimental model helical (folded)

structure, unless otherwise specified. The six eigenvalues of lowest magnitude (corresponding

to the suppressed overall translation and rotation) are typically very close to zero, and were

left out from all subsequent analyses. After determination of the quasi-harmonic modes

(columns of the matrix V in Eq (7.25); to simplify the notation, the r subscript indicating the

use of Cartesian coordinates will be omitted here and in Section 7.5) and essential-modes

(columns of the matrix W in Eq (7.32)), the trajectory was projected in this basis to obtain

the time series of the corresponding quasi-harmonic coordinates b (Eq (7.27)) and essential

coordinates c (Eq (7.33)). The eigenvectors (and the corresponding projected coordinate

components) were sorted in order of decreasing eigenvalues (i.e. decreasing variance or

increasing frequency). The relationship between the coordinates b and c, as well as between

the eigenvectors contained in the columns of V and W, was first analyzed in detail. The

quasi-harmonic configurational entropy for increasingly long segments of the simulations

(differing in length by 1 ns) was then calculated as described in Section 7.3.4 (Eq (7.43); the
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factor Ç was set to 1). Corrections for mode anharmonicity (Eq (7.47)) and pairwise

supralinear mode correlation (Eq (7.49)) were also calculated based on ensembles of 2-105

structures. Corrections for pairwise supralinear mode correlation calculated using only 2-104

structures of each of the ensembles considered differ by less than 1% (6 J-K-1-moi-1)

suggesting that the reported values are well converged.

MD simulations and reference codes for the corresponding ensembles of configurations.

code system solvent T nr. solute ensemble nr. config.

[K] atoms

X_340_F

X_340_U

X_340_A

X_298_A

P_340_F

P_340_U

P_340_A

P 298 A

/?-hexapeptide CH3OH 340 56

/?-hexapeptide CH3OH 298 56

/?-heptapepeptide CH3OH 340 64

/?-heptapepeptide CH3OH 298 64

F 18197

U 181803

A 200000

A 200000

F 33895

U 166105

A 200000

A 200000

Table 7.1: Molecular dynamics simulations and reference codes for the corresponding
ensembles of configurations. For each system, the number of configurations belonging to the

folded (F), unfolded (U), and overall (A) ensembles is given. All ensembles were generated
based on 100 ns simulations with a samplingfrequency of0.5ps.



7.5 Results and discussion

7.5.1 Quasi-harmonic and essential modes

232
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time [ns]
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Figure 7.2: Time series of the backbone atom-positional root-mean-square deviation (RMSD)

with respect to the helical (folded) structure and of selected components of the quasi-
harmonic coordinates b and essential coordinates c for the ß-hexapeptide simulation

X_340_A (Table 7.1). (a) RMSD as function of time (the dashed line indicates the RMSD

similarity criterion chosen to define the folded ensemble), (b) First component of c, i.e.

projection of the simulated trajectory onto the first eigenvector of the solute all-atom

covariance matrix, (c) first, (d) second, (e) tenth, and (f) fiftieth components of b, i.e.

projection of the simulated trajectory onto the corresponding eigenvectors of the solute all-

atom mass-weighted covariance matrix. The least-square fitting was performed with the

experimental model helical (folded) configuration as a reference structure. The letter "u"

standsfor atomic mass unit.

The time series of selected components of the quasi-harmonic coordinates b and essential

coordinates c are shown in Figure 7.2, together with the corresponding time series of the
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backbone atom-positional root-mean-square deviation (RMSD) with respect to the helical

(folded) structure, for the X_340_A simulation. The fluctuations of the coordinates associated

with low-frequency modes (eigenvectors with low index) are clearly correlated with

fluctuations in the RMSD of the system (Figure 7.2.b-d vs. 7.2.a). The fluctuations of the first

components of b and c are also highly correlated among each other. For the components of

b, the amplitude of the fluctuations becomes smaller for higher eigenvector indices,

corresponding to higher frequency modes (Figure 7.2.c-f)). A similar feature holds for the

components of c (data not shown).

The probability distributions along selected components of the transformed coordinates b and

c are shown in Figures 7.3 and 7.4, respectively, for the same ensemble X_340_A. The

corresponding model Gaussian functions with the same variances and vanishing averages (Eq

(7.17) for the quasi-harmonic coordinates) are also represented. For both types of coordinates,

the actual distributions become narrower and increasingly similar to the model Gaussians for

higher mode indices, i.e. the quasi-harmonic modes become increasingly stiff and harmonic.

Similarly, the essential mode distributions become less structured and provide contributions of

decreasing magnitudes to the total system fluctuation. However, the distributions along the

lowest-frequency modes (Figures 7.3 and 7.4, upper six panels) are far from Gaussian, and

evidently result from the superposition of two distributions. This feature was previously

observed for Cartesian displacements of a single atom in a a-helical peptide (Figure 4 in Ref

[92]). The contributions to the probability distributions provided by the subset of folded

configurations during the simulations are also displayed in the figures. Clearly, the folded

configurations provide the characteristic narrow peak (overlayed by a broader distribution for

the unfolded state) in the overall distributions for low-frequency modes. Similar features are

found for the/?-heptapeptide simulation at 340 K (data not shown). The comparison of Figures

7.3 and 7.4 also reveals a striking correspondence between the distributions along individual

components of the quasi-harmonic and essential coordinates with identical indices.
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0.5

b [u nm]
m

Figure 7.3: Probability distributions along selected components of the quasi-harmonic
coordinate b for the ß-hexapeptide simulation X_340_A (Table 7.1). The actual distributions

from the whole simulation (gray line) are displayed together with the corresponding

approximate Gaussians (dashed line, Eq (7.17)) for increasing component indices m. The

contribution to the distributions provided by the folded configurations only are also displayed
(solid line). All probability distributions are normalized and shown after scaling by a factor y

for graphical purposes. The letter "u" stands for atomic mass unit.



235

2.0

1.5

1.0

0.5

2.0

1.5

1.0

0.5

2.0

1.5

1.0

0.5

2.0

M=2

s 7=0.37

l

__l i i i Ca

I

m = 4

Y = 0.58

I L

m = 5

T=0.76

A".

K% 1 \\

È

m = 6

y=0.85

'wS^OÊmÊÊÊÊÊÊéÊÊÊÊÊÊÊÊÊmÊm J I I
A. \

fciAijlpi.iii.iiiiiilijmiiiii I

1.5

1.0

0.5 h

2.0

/s

m = 7

4 y=0.91

J_ »~J I L

m = 8

7 = 0.97

m-J I L

1.5

1.0

0.5

II
fa
f \

m = 10

7=1.18

A

J I I L£iA ^y J L J I L
il

m = 50

7=6.00

J I I I L

-2 -2

c [nm]

Figure 7.4: Probability distributions along selected components of the quasi-harmonic
coordinate c for the ß-hexapeptide simulation X_340_A (Table 7.1). The actual distributions

from the whole simulation (gray line) are displayed together with the corresponding

approximate Gaussians with the same variance and a vanishing average (dashed line) for

increasing component indices m. The contribution to the distributions provided by the folded

configurations only are also displayed (solid line). All probability distributions are

normalized and shown after scaling by a factor y for graphical purposes.
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The results of separate quasi-harmonic analyses carried out for the folded and unfolded

ensembles of configurations of the /?-hexapeptide simulation at 340 K are displayed in Figure

7.5. The probability distributions along the three lowest-frequency components of the quasi-

harmonic coordinates b differ significantly between the X_340_F and X_340_U ensembles.

The compact helical fold is characterized by motions of relatively small amplitude, whose

distributions are nearly Gaussian even for the first components. In contrast, for the unfolded

ensemble, the first components are characterized by broad distributions, which deviate

significantly from the ideal Gaussian shape. Thus, the folded ensemble appear to be

intrinsically more harmonic in its low-frequency modes compared to the unfolded one. The

corresponding distributions for the overall ensemble X_340_A (Figure 7.3) are very close to a

superposition of the probability distributions associated with the folded and unfolded

ensembles (weighted by the relative populations of the two states and with the folded

distribution shifted to a non-zero average value). Analogous observations are made for the

folded, unfolded and overall ensembles in the /?-heptapeptide simulation at 340 K (data not

shown).
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Figure 7.5: Probability distributions along the first three components of the quasi-harmonic
coordinates b for the folded ensemble X_340_F (left panels) and the unfolded ensemble

X_340_U (right panels) of the ß-hexapeptide simulation at 340 K (Table 7.1). The actual

distributions (gray line) are displayed together with the corresponding approximate
Gaussians (dashed line, Eq (7.17)) for increasing component indices m. All probability
distributions are normalized and shown after scaling by a factor y for graphical purposes.

The letter "u" standsfor atomic mass unit.

The correlation between the time-evolutions of the individual components bm of the quasi-

harmonic coordinates b and cn of the essential coordinates c are displayed in the form of

correlation matrices in Figures 7.6.a and 7.6.b, for either the folded ensemble X_340_F or the

whole ensemble X_340_A corresponding to the /?-hexapeptide simulation at 340 K. A high

correlation is found for pairs of components with close indices (i.e. along the diagonal), as

previously pointed out for the first components of the two vectors (Figure 7.2.b vs. Figure

7.2.c). However, the correlations are typically negligible for all other combinations of indices

(i.e. away from the diagonal), with only a few exceptions. The scalar products (absolute
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values) between eigenvectors vm of the mass-weighted covariance matrix and corresponding

eigenvectors wn of the covariance matrix are displayed in the form of matrices in Figures

7.6.C and 7.6.d for the same ensembles. These scalar products are fairly low (maximum

observed magnitude of 0.36 over the two ensembles) and show no clear trends in terms of

combination of indices. These observations are valid for both the folded and overall

ensembles of both peptides (data for the heptapeptide at 340 K not shown). Thus, although the

motions along the quasi-harmonic and essential coordinate components with similar indices

are highly correlated, the corresponding eigenvectors do not seem to be connected by any

simple mathematical relationship. This absence of simple connection is illustrated for the first

eigenvectors v} and wt of the X_340_A ensemble in Figure 7.7.a, which displays the

components vn and wn of the two vectors along the 1=1...M (M = 3N, jV being the number

of solute atoms) Cartesian coordinates, where jV is the number of solute atoms. The

correlation between the corresponding time series of b} and c, (Figure 7.6.b) is 0.997, while

the scalar product between the two eigenvectors is as low as 0.002 (Figure 7.6.d). Indeed, the

distributions of the eigenvector components along atomic Cartesian coordinates depend

largely on whether mass-weighting is applied or not prior to diagonalization, and the two

types of modes involve significantly different parts of the peptide. Furthermore, these

differences affect both hydrogen and heavy atoms, and are not correlated with the atomic

masses in any obvious way. The convergence of these eigenvector components as a function

of the sampling time is slow, as shown in Figures 7.7.a-d. The component distribution is

significantly different when comparing the results from the first 40, 60 or 80 ns of the

simulation to the results obtained from the entire 100 ns simulation. The corresponding scalar

products (absolute values) between the first eigenvector of the covariance (or mass-weighted

covariance) matrix calculated using different sampling times are reported in Table 7.2. The

values are generally higher for the first eigenvector of the mass-weighted covariance matrix

(0.07-0.47) compared to the first eigenvector of the covariance matrix (0.05-0.27), suggesting

a better convergence of the eigenvector components in the former case. The data indicate that

proper convergence of the eigenvector components may require sampling times beyond 100

ns.
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Figure 7.6: Correlation between the time evolutions of individual components bm of the

quasi-harmonic coordinate b and cn of the essential coordinate c for the folded ensemble

X_340_F (a) and the whole ensemble X_340_A (b) of the ß-hexapeptide simulation at 340 K

(Table 7.1), the correlation being calculated as (bm) (cn) {bmcn), and corresponding

scalar products (absolute values) between the eigenvectors vm of the mass-weighted

covariance matrix and the eigenvectors wn of the covariance matrixfor the X_340_F (c) and

X_340_A (d) ensembles. The last six eigenvectors with (nearly) vanishing eigenvalues are

omittedfrom the analysis.
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Figure 7.7: Components I = l..M (M = 3N, where N is the number of solute atoms) of the

first eigenvector v} of the mass-weighted covariance matrix (red) and the first eigenvector wt

of the covariance matrix (black) for the ß-hexapeptide simulation at 340 K (Table 7.1). The

different graphs correspond to (a) the whole ensemble X_340_A (100 ns). (b) first 80 ns. (c)

first 60 ns. (d) first 40 ns.
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Scalar products

time

[ns]
20 40 60 80 100

20 1 0.07 0.22 0.26 0.37

40 0.07 1 0.11 0.22 0.10

60 0.06 0.07 1 0.25 0.40

80 0.05 0.16 0.07 1 0.47

100 0.24 0.05 0.08 0.27 1

Table 7.2: Scalar products (absolute values) of the first eigenvectors v} of the mass-weighted

covariance matrix evaluated based on different simulation times (upper triangle) and scalar

products of the first eigenvectors wt of the covariance matrix evaluated based on different

simulation times (lower triangle) for the ß-hexapeptide simulation at 340 K. The

corresponding components of v} and wt (for 40 ns, 60 ns, 80 ns and 100 ns sampling

periods) are reported in Figure 7.6.

The eigenvalues Fm and Gm of the mass-weighted covariance matrix (Eq (7.25)) and of the

covariance matrix (Eq (7.32)), respectively, are shown in Figure 7.8 as a function of

eigenvector index m for the /?-hexapeptide simulation at 340 K. The corresponding

cumulative estimates of the quasi-harmonic entropy Sqn%0 (Eq (7.43)) and of the total system

mean-square fluctuation (MSF; Eq (7.36)) are also displayed. In both cases, the eigenvalues

decrease similarly rapidly in relative magnitude with increasing eigenvector index. However,

although 90 % (99 %) of the overall MSF is already captured by the first 14 (53) lowest-index

essential modes, the entropy is significantly influenced by higher-frequency modes. In the

latter case, accounting for 90 % (99 %) of the total entropy requires the inclusion of the first

96 (138) lowest-frequency quasi-harmonic modes. The reason for this difference resides

mainly in the different functional dependences for the contribution of an essential mode m to

the MSF (i.e. the eigenvalue Gm itself) and that of a quasi-harmonic mode to the entropy (i.e.
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-1/2.

sqmo in Eq (7.42) with 0)m = [ßFm J ). Therefore, the estimation of quasi-harmonic entropies

from a reduced number of low-frequency modes, considered to be "conformational" as

opposed to "vibrational" modes [16,21,45,62], is questionable.
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Figure 7.8: Eigenvalues Fm of the mass-weighted covariance matrix (top panel, solid line)

and Gm of the covariance matrix (bottom panel, solid line) as a function of the eigenvector

index m for the ß-hexapeptide simulation at 340 K (Table 7.1). The corresponding

cumulative estimates for the entropy Sqmo (Eq (7.43)) and total system mean-square

fluctuations (MSF; Eq (7.36)) are also shown (dashed lines). The last six eigenvectors with

(nearly) vanishing eigenvalues are omittedfrom the analysis. The letter "u" stands for atomic

mass unit.
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7.5.2 Convergence of the entropy estimate

The convergence properties of the quasi-harmonic entropy as a function of the sampling time

are illustrated in Figure 7.9 for the /?-heptapeptide simulations at 298 and 340 K, along with

the corresponding time series of the backbone atom-positional RMSD with respect to the

(helical) folded structure. Quasi-harmonic entropy estimates based on Cartesian coordinates

depend on the reference structure chosen to perform the least-squares fitting procedure aimed

at removing the overall solute translation and rotation. Entropies calculated with fitting to

either the folded structure or the extended structure are displayed. In addition, the results

obtained by application of the exact quantum-mechanical formula (S ; Eq (7.43)) are

compared to those obtained by application of the alternative (approximate) entropy formula

proposed by Schlitter {S' ; Eq (7.44)). At 298 K, all entropy curves show a stepwise build¬

up with time [74]. Relatively long plateaus are interrupted by steep increases when the system

visits a new set of unfolded configurations. This suggests that the unfolded state is not

appropriately sampled at this temperature on the 100 ns time scale, so that the final entropy

estimate for the peptide is probably not well converged. At 340 K, the sampling of the

unfolded state is much more effective and the entropy estimate appears to converge after about

50 ns. The fitting based on a folded reference structure systematically leads to lower entropies

compared to the fitting based on an extended reference structure (the difference being larger in

the simulation at 298 K). This probably results from a more effective removal of the overall

peptide rotation in the former case. The corresponding relative differences in the final entropy

estimates are 10 and 2 % (based on either entropy formula) at 298 and 340 K, respectively. As

expected, the values provided by the approximate expression of Schlitter are systematically

larger than the exact quasi-harmonic ones. The relative differences in the final entropy

estimates are 2 and 3 % at 298 and 340 K, respectively.
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Figure 7.9: Time series of the backbone root-mean-square backbone atom-positional
deviation (RMSD) with respect to the helical (folded) structure (top panels) and build-up
curves of the quasi-harmonic entropy (bottom panels) for the ß-heptapeptide simulations at

298 K (left panels) and 340 K (right panels). The horizontal dashed line (top panels) indicates

the RMSD similarity criterion used to define the folded ensemble. Different entropy estimates

are reported (lower panels) with fitting to extended (solid and dashed lines) and folded

(dotted and dot-dashed lines) reference structures, and based on the exact quantum-

mechanicalformulafor the entropy (Sqmo, Eq (7.43); dashed and dot-dashed lines) and on the

approximate (upper bound) formula proposed by Schlitter (S' , Eq (7.44); solid and dotted

lines).
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7.5.3 Correction for mode anharmonicities
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Figure 7.10: Correlation coefficient Rfor the fitting of the probability distribution associated

with a quasi-harmonic coordinate to a Gaussian (top panel) and per-mode entropy

contribution (bottom panel) for the ß-heptapeptide simulation at 340 K (Table 7.1) displayed
as a function of the eigenvector index m. The coefficient R is the linear-regression coefficient

corresponding to the fit of Eq (7.45) to a straight line. The per-mode contributions to the

quasi-harmonic entropy are evaluated using either the quantum-mechanical harmonic

expression sqmo (Eq (7.42); thick solid line), the classical harmonic expression sclo (Eq

(7.41); dotted line) or the classical anharmonic expression sflm (Eq (7.46); thin solid line).

The last six eigenvectors with (nearly) vanishing eigenvalues are omittedfrom the analysis.

The influence of anharmonicity in the individual quasi-harmonic modes is illustrated in Figure

7.10 for the /?-hexapeptide simulation at 340 K. The correlation coefficient R involved in the

fit of Eq (7.45) to a straight line is shown as a function of the eigenvector index. Deviations

from unity indicate that the probability distribution associated with the corresponding quasi-
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harmonie coordinate component deviates from an ideal Gaussian. The corresponding

contribution of the mode to the estimated entropy is also displayed, as calculated using three

different expressions: the quantum-mechanical harmonic expression sqmo (Eq (7.42)), the

classical harmonic expression sclo (Eq (7.41)) and the classical anharmonic expression sflm

(Eq (7.46)). Agreement between sclo and s is expected (and found) for low-frequency

modes, where quantum effects become negligible [45,48]. In contrast, for the high-frequency

modes, the quantum-mechanical entropy contributions correctly converge to zero, while the

corresponding classical estimates become negative (and ultimately diverge to minus infinity in

the limit of very high frequencies). Agreement between sclo and sqmo is expected (and found)

for high-frequency modes, where anharmonicity becomes unimportant (see coefficient R).

However, even for the distributions associated with low-frequency modes, which differ

significantly from ideal Gaussians (Figure 7.3), the effect of mode anharmonicity on the

calculated entropy contributions remains surprisingly small.

The overall corrections ASf for anharmonicity effects (Eq (7.47)), to be applied to the quasi-

harmonic entropy estimates S (Eq (7.43)), are reported in Table 7.3 for all ensembles

considered. In all cases, these corrections are negative and rather small (at most 1.4 % of the

quasi-harmonic estimate). The small magnitude of anharmonicity effects was previously

suggested by comparison of molecular dynamics simulations and harmonic dynamics for the

motions of an a-helical polypeptide [92] and of a small compact protein [119]. This

observation need not necessarily apply to more complex biomolecules (e.g. larger proteins).
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Configurational entropy and its corrections

Code
qm o

Asah as: çcrd

qm o

[' K1 mol '] [' K1 mol '] [' K1 mol1] [' K1 mol1]

X_340_F 1530 -9 (0.6) -830 (54) 691

X_340_U 2499 -8 (0.3) -376 (15) 2115

X_340_A 2477 -9 (0.4) -380(15) 2088

X_298_A 2273 -10 (0.4) -377 (16) 1886

P_340_F 1793 -8 (0.4) -959 (53) 826

P_340_U 2766 -10 (0.4) -533 (19) 2223

P_340_A 2716 -15 (0.5) -546 (20) 2155

P_298_A 1945 -27(1.4) -688 (35) 1230

Table 7.3: Quantum-mechanical quasi-harmonic configurational entropy Sqmo, its

(classically derived) corrections for mode anharmonicities (ASf ) and (supralinear) pairwise

mode correlations ( AS^ ), together with the corrected value Sad = Sqmo +AS^ +ASplc for the

different ensembles considered (Table 7.1). The anharmonicity correction AS"? was

calculated as in Eq (7.47) summing the per-mode values up to eigenvector 50 (i.e. in the

domain of validity of the classical approximation, and where the anharmonicity effects are

significant). The pairwise (supralinear) correlation correction AS^ was calculated as in Eq

(7.49), excluding the last six eigenvectors with (nearly) vanishing eigenvalues. Relative values

of the entropy corrections (with respect to Sqmo) are given between parentheses.
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7.5.4 Correction for pairwise (supralinear) mode correlations

As'f
ci mn

[J k
1 mol1]

1 21 41 61 81 101 121 141 161 1 21 41 61 81 101 121 141 161

m m

Figure 7.12: Pairwise (supralinear) correlation correction AspJmn (Eq (7.49)) associated with

all unique pairs of quasi-harmonic modes m and n for the folded ensemble X_340_F (left

panel) and the whole ensemble X_340_A (right panel) of the ß-hexapeptide simulation (Table

7.1). The last six eigenvectors with (nearly) vanishing eigenvalues are omitted from the

analysis.

The pairwise (supralinear) correlation entropy contributions Aspclcmn (Eq (7.49)) associated

with all unique combinations of quasi-harmonic modes m and n are displayed in Figure 7.11

for the folded and complete ensembles of the /?-hexapeptide simulation at 340 K. Pairwise

correlation corrections for the whole ensemble tend to be small (between -0.07 and -0.02

J • K"1 • mol-1 ) with larger contributions (< -0.07) predominating for combinations of low-

frequency modes. In contrast, for the folded ensemble, the corrections are in general more

significant (between -0.09 and -0.05 J • K"1 • mol-1 ) with larger contributions (< -0.09) for

combinations of high-frequency modes. Similar results are obtained for the /?-heptapeptide

simulation (data not shown). These observations are intuitively reasonable. For the whole

ensemble, the leading type of correlations are expected to occur between large-scale backbone

motions accompanying the folding-unfolding process i.e. between low-frequency modes. In
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contrast, for the folded ensemble, correlations probably dominate in the vibrations associated

with the hydrogen-bonding network, i.e. between the high-frequency modes.

The overall corrections AS^ for pairwise (supralinear) correlation effects (Eq (7.49)), to be

applied to the anharmonicity-corrected entropy estimates S + ASf (Eqs (7.43) and (7.47)),

are reported in Table 7.3 for all ensembles considered. In all cases, these corrections are

negative and represent a significant fraction of the (uncorrected) quasi-harmonic entropies,

namely about 15-35 % for both /^-peptides (overall and unfolded ensembles), the effect being

comparatively larger (53-54 %) for the ensembles of folded structures. Because pairwise

correlation effects are more important in the folded state than in the unfolded state of

reversibly folding peptides, neglecting these correlations leads to underestimating the

magnitude of the configurational entropy decrease upon folding [74].

7.6 Conclusion

In the present Chapter, the method to estimate configurational entropies from molecular

dynamics simulations based on the quasi-harmonic approximation was investigated critically.

The following aspects were considered: (i) the relationship between quasi-harmonic and

essential modes; (ii) the requirement of mass-weighting (or metric-tensor-weighting) in quasi-

harmonic analysis; (iii) the effect of anharmonicities in the individual modes on the estimated

entropy; (iv) the effect of pairwise (supralinear) correlations among the different modes on the

estimated entropy. The analysis was carried out using long (hundred nanoseconds) molecular

dynamics simulations involving the reversible folding of /^-peptides in methanol and

considering individually the specific properties of the ensembles corresponding to folded and

unfolded configurations. The following observations could be made.

The probability distributions associated with components of the quasi-harmonic coordinates b

and of the essential coordinates c only deviate significantly from Gaussians for the first few

components. For these components, the probability distributions result from a superposition of

clearly distinguishable contributions from the folded and unfolded ensembles. The time series

of the components of b and c with close indices are highly correlated. However, the
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corresponding eigenvectors vm (from the mass-weighted covariance matrix) and wn (from the

covariance matrix) are not related by a simple mathematical relationship. In addition, the

components of these eigenvectors converge slowly with the simulation time (i.e. their

convergence probably requires more than 100 ns for the systems considered).

It was shown explicitly that mass-weighting of the covariance matrix prior to diagonalization

is necessary if entropies are to be estimated from a quasi-harmonic analysis. The cumulative

quasi-harmonic entropy estimate converges significantly more slowly upon summation of

contributions over successive quasi-harmonic modes compared to the total mean-square

fluctuation (MSF) upon summation over successive essential modes. Therefore, the

calculation of a configurational entropy based on a reduced number of quasi-harmonic modes

should be avoided.

For simulations of reversibly folding /^-peptides in methanol, the convergence of the quasi-

harmonic entropy estimate with simulation time requires more than 100 ns at 298 K, while it

is reached within about 50 ns at 340 K. The influence of the reference structure used to

perform the translational and rotational superposition of successive trajectory structures may

be sizeable (up to 10 % of the calculated entropy at 298 K and 2 % at 340 K). The heuristic

formula of Schlitter for the configurational entropy slightly overestimates the correct

quantum-mechanical quasi-harmonic entropy (by 2-3 % for the systems considered here). The

contribution of anharmonicity to the entropy estimate is generally small (less than 1.4 % of the

quasi-harmonic entropy estimate) for /^-peptides in methanol. However, this observation need

not be valid in the case of more complex biomolecules (e.g. larger proteins). Finally, the

(supralinear) pairwise correlation correction to the entropy is large and affects more

significantly the entropy of the folded state (53-54 %) than the unfolded state (15-19 %).

Because pairwise correlation effects are more important in the folded state than in the

unfolded one, neglecting these correlations would lead to underestimate the magnitude of the

configurational entropy decrease upon folding [74]. This underestimation is likely to be even

more severe when considering larger proteins composed of tertiary and quaternary structure

elements, where motional correlations in the folded state will play a comparatively larger role

[9,120-122].

The method presented here permits the estimation of absolute configurational entropies of

bound (non-diffusive) systems that take into account the effect of mode anharmonicity and
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pairwise mode correlations. The inclusion of such corrections is expected to be necessary for

estimating entropy changes for conformational transitions between states characterized by

very different extents of correlations in the atomic motions. This is the case, for example,

when estimating changes in configurational entropies of macromolecules upon folding,

binding or complex formation.
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7.8 Appendices

7.8.1 A. Maximum entropy property of the harmonic oscillator

Here, we discuss the postulated maximum-entropy property of the multi-dimensional

harmonic oscillator in an arbitrary generalized coordinate system, both at the classical and

quantum-mechanical levels.

At the classical level and for a bound (non-diffusive) system involving M (unconstrained)

degrees of freedom, the entropy in an arbitrary generalized coordinate system q may be

written (Eq (7.38))

Sd=-kB\dq p(q) lnp(q)--ln\Aq(q)\ + C (Al)

where C is a configuration-independent constant, p(q) the configurational probability

distribution, and Aq(q) the metric tensor introduced in Eq (7.3). We wish to determine the

probability distribution p[q) that extremizes the entropy with the constraints

n = jdqp(q) = l, (A2)
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q=\dqqp{q) , (A3)

and

Çq=\dq(q®q)p(q)-q®q , (A4)

enforcing the normalization of p(q) together with a specified average q and covariance

matrix C
.
This can be done by extremizing the functional

L[p] = -kB\Sd-C) + yn + ATq+s{(vv)TÇq(vv)} (A5)

where the square brackets indicate a functional dependence, the symbol S denotes the sum of

all elements of a matrix, and y (scalar), Â (M - dimensional vector), \i (diagonal

MxM-matrix) and v (orthogonal MxM-matrix) contain the Lagrange multipliers

enforcing the constraints of Eqs (A2), (A3) and (A4). That the last term in Eq (A5) is a valid

formulation for the Lagrange multipliers associated with Eq (A4) is seen by observing that: (i)

both the scaling by a diagonal matrix and the transformation by an orthogonal matrix preserve

the linear independence in a set of equations; (ii) the matrices \i and v involve

(1/2)M(M+1) free coefficients, which is exactly the number of independent equations

involved in Eq (A4) due to the symmetry of Ç .

For any (unconstrained) infinitesimal variation dp of p ,
one must have

lnp{q)--ln\Aq{q)\ÖL[p,öp] = jdqdp(q)

+ \dq op(q) + y\dq Sp{q) + Af \dqq Sp{q)

+ ${{w)T[\dq{q®q)Sp{q) . (A6)

-q®\dqqdp{q)-\dqqdp{q)®q^(^i) }

This leads to the requirement



263

Inp(q) = -l-y+ S^vf (q®q) (\iv)]
+

2
^ln|A^)|-^-s{(^v)r[(ç-ç)®(ç-ç)](yv)}

(A7)

Introducing the symmetric matrix

a = (\LC)®(\±C) (A8)

with

M

Cm=HVmn > (A9)
n=\

one easily verifies that

s{(yyf(x®j)(^iv)} = xraj. (A10)

Using this result and introducing the derived multiplier

y=e-l-n?*q (A11)

leads to

P{q) = f\àq{q)f2 e-ÀTq-{q-«fs(«"?)
. (A12)

Note that Eqs (A8) and (A9) with \i diagonal and V orthogonal impose some constraints on

acceptable a matrices (in particular, this matrix must be symmetric). It is easily verified that

Eq (A12) corresponds to a maximum in the entropy by calculating the second derivative of

this quantity. In the general case where the metric tensor is configuration dependent, the

maximum entropy is reached by a function of the form of Eq (A12) with y, Â and a

determined by the constraints of Eqs (A2), (A3) and (A4). However, in the special case where

the metric tensor is configuration independent (Eq (7.8)) the maximal entropy distribution

satisfying the constraints is the normalized multivariate Gaussian

/ x / s-Jtf/1 i-K --(q-qjeJtq-q)

po{q) = {27u) /2\Cq\/2e
2l >-q(

(A13)
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with the associated classical entropy (see Eqs (7.12), (7.21) and (7.39))

(A14)^ci.o - kß
1, „.2Ï

, ,
1, I. I 1

M 1—Inßh2 -ln# + -ln AJ+-ln C„

I 2 J 2 l_?l 2 l_*

That p0(<?) has the correct normalization, average and covariance is easily verified using Eqs

(B6) and (B7) as well as the standard result

r \M/

\dx{x®x)e-axTYx=— - 2|Y|"^Y. (A15)
2a \ a_

Therefore, one may state that at the classical level and based on a generalized coordinate

system with a configuration-independent metric tensor, the multivariate Gaussian, i.e. the

canonical distribution generated by an underlying harmonic model with a Hessian

H? =(ßCq) ,
is the maximal entropy distribution compatible with a given average

configuration and covariance matrix.

At the quantum-mechanical level, the situation is more complex and we will immediately

assume the use of a coordinate system with configuration-independent metric tensor (Eq

(7.8)). We initially focus on the case of a system with one single degree of freedom. This case

has already been considered by Schlitter [48]. However, we believe that the maximal-entropy

proof provided there is incomplete. For a single quantum-mechanical Cartesian degree of

freedom q, associated with a potential energy function 'P'(q) assumed symmetric with respect

to q = 0 (i.e. setting the average q to zero and observing that the variance imposes a

symmetric constraint, the maximum entropy can only correspond to a function V of even

symmetry), solving the Schrödinger equation leads to a discrete set of energy levels {t}

associated with variances {ct}. The corresponding populations {pt} in the canonical

ensemble are

Pi[<V] = Q-le-ß{£'-£'] with ß[^] = £e_/,(^) . (A16)

The corresponding entropy may be written
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sqmM = -kBZpM^PM- (AH)
>=0

Here, we wish to determine the form of the potential energy function V that extremizes this

entropy with the constraints

» = SäM=1 (A18)

and

C = I>>L^kM (A19)
>=0

enforcing the normalization of the population distribution together with a specified variance

C (the average q is zero because V is assumed of even symmetry).

Extremizing the quantity -kg1s , using Lagrange multipliers fl and A to enforce the

constraints of Eqs (A18) and (A19), one has to solve

2(lnA[^] + ^I[^] + /i + l)*I[^,^] + A|;A[^]&I[^^] = 0 (A20)
>=0 >=0

for any (unconstrained) infinitesimal change &]/.

At this point, the derivation of Schlitter (Eq (7.5) in Ref [48]) implicitly sets the second term

in Eq (A20) to zero. In this case, the latter equation only involves derivatives with respect to

the populations of the different energy levels, and may be recast into a series of independent

equations, as (using Eq (A16))

-lnQ-ßi+Äci+Ju + l = 0 (A21)

This equation is satisfied for a quantum-mechanical harmonic oscillator, namely (with the

constraints of Eqs (A18) and (A19)) for

l\q)=-mü?q2 (A22)
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where m is the particle mass and the angular frequency 0) is the solution of the equation

mC = Q-yY4Cle-ß(£'-£°)
>=0

/ \-l

Ze-.«-,)| Y\i+X-\hœ-e
=ov 2

(A23)

h(Ol{l-e-ßhm) -(l-e-^Y+e-^
2

= hm
l
- + (l-e-^)_1

ßhco\ -ßhco

Here, one has used the equations 6", = i + — Yhco and mCt = i + — \hcd~1 for the harmonic

oscillator, together with the standard result for the geometric series.

The associated quantum-mechanical entropy is given by Eq (7.42). Note, however, that the

corresponding probability distribution is not a Gaussian, but a sum of the solutions to the

Schrödinger equation for the quantum-mechanical harmonic oscillator (i.e. products of

Gaussians and Hermite polynomials) weighted by the corresponding populations. However,

due to the neglect of the second term in Eq (A20), the proof of Schlitter is either incomplete or

incorrect.

It is possible that similar problems arise upon increasing the dimensionality of the system.

For example, for a two-dimensional quantum-mechanical system with coordinates

characterized by a vanishing average covariance, the underlying potential maximizing the

entropy for given average variances along the two coordinates may possibly not be of the form

<P{ql,q2)='Pl{ql) + 'P2{q2) (A24)

as assumed by Schlitter in his analysis of the problem [48].

If the maximal entropy property of the (one- or multi-dimensional) harmonic oscillator is

possibly not satisfied exactly at the quantum-mechanical level, it probably remains valid for

most practical applications (excluding systems already very close to harmonicity).
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7.8.2 B. Classical entropy in generalized normal modes

Here, we provide the derivation of Eqs (7.38) and (7.39) from Eq (7.37). For a classical

conservative system in the canonical ensemble, the phase-space probability distribution may

be written

e-ß»(q.Pq)
P('-'') =

\ä,ä,,e->
(B1)

The configurational probability distribution is then defined as

\dp e~Mq'Pq
p{q) = \dpq~p(q,pq)= J'

. (B2)

)dqdpq-qe

Using Eq (7.4), the Hamiltonian may be written

X{q,pq) = <V(q) +^A-q\q)pq. (B3)

From Eqs (Bl) and (B2), one easily shows that the quantity

A=\dqdpq p(q,pq)ln[ÇhM ~p(q,pq)Y\dq p{q)lnp{q) (B4)

is given by

jdqdpq{ßlX(q,pq) + ln^dp
A=ln£ + lnÄil

\dqdp

Using the standard results

-ß«{q.pq
q

e e-flx(i.pq

-ß«[q.pq)
q
e

-axTYx I ft

(B5)

M/

\dxe~ax'lx =\-\ 2|Y|"^ (B6)
a J

and
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dx xTY x e
-ax Yx M_fft^

2a {a,
(B7)

for integrals over a M - variate Gaussian, one easily shows using (B3) that

\dpq e
-ßx{q.pq)

yß) \-"KH,\ (B8)

and

\dpqlH{q,pq)e ßx[q,pq
(27l\/l\ i1/

'*'
A / \\/2

T Ml V{q) +
M_
2ß_

-M«)
(B9)

Inserting these results into Eq (B5), one gets

\dq
A = In £ + In h

M

ß V{q) + M^
2ß_

+ ln

.M/

^Y \At{qf e-"^ Uqf2e
2 -ßf(q)

\dq\Aq(q)\ 2 -ßV(q)

,
_

, lM
M M 2k 1 J^lnr|A(g)|l|A(g)| V

= lnç + ln/z In -

J L u

M<?)

M
1-ln

2 2 /? 2 Jdg|A,(«)|-
72 e-M«)

2;r
+ ln#--j^/7(g) ln|A,(g)|

.(BIO)

Inserting this result into Eq (7.37) leads to Eq (7.38).

Within the harmonic approximation (Eq (7.5)) and assuming that the metric tensor is nearly

configuration-independent (Eq (7.8); i.e. based on the approximate Hamiltonian tt0 of Eq

(7.9)), Eq (7.38) applied to the generalized normal modes aq as a particular case of q

becomes
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^ci,o — kB
M

= K

(Bll)

2

M

~2

M

1-ln

1-ln

1-ln

ßh

2n

l\

ßh

2n

ßh

2n

j

2^

1 M

- In £ + -In |Aa | -YSdaq, K»K« ) ln K» K« )
2

y

2A

y

-ln^-^daqm(27rEqJ/2e
/^

^ ^çm ^çm
In

m=\

M

(2*Eqj e
2

ln^-Z
m=\

-ln(27iEom)--

where p'om is the probability distribution along mode m (Eq (7.17)) and one has used Afl=l

(which follows from Eqs (7.1), (7.3) and (7.11). Eq (Bll) simplifies to Eq (7.39).

7.8.3 C. Numerical integration of ID and 2D probability distributions

Here, we investigate how the numerical integration of one and two-dimensional probability

distributions (occurring in Eq (7.46) and Eq (7.48)) depends on the width of the histogram

bins selected to discretize these distributions, and provide a criterion to choose a reasonable

value for this parameter.

For a distribution in M dimensions involving variables \am\ m = 1..mJ that is close to a

multivariate Gaussian, it seems reasonable to choose the bin width along each dimension m

proportional to the standard deviation a^2 of the corresponding coordinate distribution, i.e. as

Aam = K. erf2 with am = \dam a2 p(a)-\ \dam amv{am)
m am m J mm±\m/\\ m mr \ m}

(Cl)

where Kd is a parameter that may be optimized for a given dimensionality d of the integral to

be evaluated numerically (in present case one for Eq (7.46) or two for Eq (7.48)).

For a one-dimensional histogram ( d = 1 ) defined by a set of bins k of widths Aa centered at

kAa
,
the integral involved in Eq (7.46) is approximated as

/ = \da p(a)lnp(a) ~ Aa^p(kAa)lnp(kAa) . (C2)
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If Aa is chosen too small, each bin is occupied by at most one frame of the simulated

trajectory. In this case, the probability evaluates to (nf Aa) for all occupied bins and zero

otherwise, nf being the total number of frames in the trajectory, and one has

/ = - In nf
- In Aa (too small Aa ) (C3)

If Aa is chosen too large, all frames are in the same bin. In this case, the probability evaluates

to (Aa) for this single bin and zero otherwise, and one has

/ = In Aa (too large Aa ) (C4)

Both limiting equations correspond to incorrect results, showing a dependence of the

evaluated integral on the bin size Aa (and, possibly, on the number of frames nf ), but no

dependence on the actual distribution of the data. The two equations are easily generalized to

the case of a two-dimensional histogram ( d = 2 ), in which case Aa should be replaced by the

product of the bin widths Aa and Aa' along the two modes.

To estimate a reasonable value tq° for the parameter fq in Eq (CI) with d=l, corresponding

to the one-dimensional histogram involved in Eq (7.46), the following procedure may be used:

(i) consider the approximate value 1° of the integral in Eq (C2) corresponding to a Gaussian

distribution of variance a, i.e. 1° = -(1/2) (1 + ln 2;rar) ; (ii) set tq° as the mid-point between

the intersections of the horizontal line at 1° and the limiting lines of Eqs (C3) and (C4) in the

graph of / as a function of In fq, leading to

«f =(1/2) 1 + ln
^

\nf J

(C5)

The procedure is easily extended to estimate a reasonable value fq\ for the parameter fc2 in

Eq (CI) with d = 2, corresponding to the two-dimensional histogram involved in Eq (7.48).

In this case 1° = -(1/2) (2 + In An:2aa') and one finds

K =(1/2) 1 + ln (C6)
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Figure 7.12.a shows the values of the one-dimensional integrals involving the probability

distributions p'm(am) in Eq (7.46) for a sample set of eigenvectors (m = l, 50, and 100),

evaluated numerically (Eq (C2)) using different values of tcx (Eq (CI)). Both limiting lines of

Eqs (C3) and (C4) are shown, together with the value fq° determined by Eq (C5). For each

curve, a clear plateau defines the range of fq values for which the integration result is

essentially independent of the bin size. Finite-sampling artifacts affect the integration with

smaller values of fq while coarse-binning artifacts affect the integration with larger values.

Figure 7.12.b shows the values of the two-dimensional integrals involving the probability

distributions p'mn(am,an) in Eq (7.48) for a sample group of eigenvector pairs (m,n = l,2;

1,50; 1,100), evaluated numerically with different values of fc2 (Eq (CI), together with the

corresponding limiting lines and the value fq\ determined by Eq (C6). Here, the plateau region

is much narrower and the value of fc2 has to be chosen more carefully. Intuitively, the reason

is that the sampling of a two-dimensional histogram requires more points than that of a one-

dimensional histogram.
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Figure 7.12: Dependence of the numerical integration of probability distributions on the

width of histogram bins (see Appendix 7.8.3) for the ß-hexapeptide simulation X_340_A

(Table 7.1). (a) Integrals over the one-dimensional distributions involved in Eq (46) are

shown for eigenvectors 1 (circles), 50 (squares) and 100 (triangles), (b) Integrals over the

two-dimensional distributions involved in Eq (7.48) are shown for eigenvector pairs 1,2

(circles), 1,50 (squares) and 1,100 (triangles). The results are displayed as a function of In fq

(a) or lnr2 (b), where fc is the ratio of the bin width along each dimension to the

corresponding distribution width (Eq (CI)). Unfilled symbols correspond to tq° (Eq (C5)) and

fq\ (Eq (C6)) values. The limiting lines for too fine (left side) and too coarse (right side)

numerical integrations (see e.g. Eqs (C3) and (C4) for one dimension) are also displayed
(dashed lines).
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Chapter 8

Outlook

Omot arc ccpxn 7iavra 0eot 6vr|TOtG DraSaÇav,
akXa xpovoo Çr|TOW£ ecpeuptaxouGtv ajietvov.

Gli dei non hanno certo svelato ogni cosa ai mortali

fin da principio, / ma, ricercando, gli uomini

trovano a poco a poco il meglio.

Gods have obviously not revealed everything to

mortals from the very beginning, / but, researching
themselves, menfind the best step by step.

(Senofane, 565-470 ca. a.C, Frammenti, 18)

Molecular dynamics simulation with empirical force fields is becoming an important

theoretical tool to study the properties of (bio)molecular systems at atomic resolution. These

simulations and their underlying models based on classical mechanics give fundamental

insight into the behaviour of complex macromolecules and help to understand the relationship

among their structure, dynamics and function. One of the major benefits of such simulations is

their complementarity to experimental results by providing not only averages, but also

distributions and time series of any definable quantity. Additionally, the practical possibility to

access a statistical-mechanical picture of the systems studied offers an interpretative key

which is generally precluded to experiments on the time scales of interest. The steadily

growing computing power will allow more and more accurate simulations. Simulations of

increasing time length and system sizes will offer new possibilities for studying problems in

many areas of natural and physical sciences. On the other side, this technological advances

will also require new scientific solutions and will help in improving the predictive power of

simulation techniques even more. An important example is the continuing refinement of force

fields for (bio)molecular simulation. The increase in sampling and size scales will be an

exciting consequence of the increasing computational power. Most of the current force fields

will need continuing refinements in order to reproduce natural phenomena on these scales.

This might involve current techniques for calculating free energy and entropy quantities, but it
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will likely also require the formulation of polarizable force fields. In this context, the work

presented in this thesis suggests three main directions for future development of molecular

dynamics simulation of biomolecules.

First, the method described and applied in Chapter 7 shows great potential for determining

reliable configurational entropies. The increase in sampling of molecular dynamics

simulations will play a key role. The method presented can be extended in terms of accuracy

and regarding its application to systems of increasing size. Biologically relevant problems like

biomolecular complexation and ligand binding will gain, as this method provides a useful

statistical-mechanical description. Additionally, through the analysis of mode anharmonicity

and correlation, the method provides insight into the nature of the motion in the system of

interest, and, more importantly, into changes of these quantities as conformational transitions

occur. One of the most serious limitations of this method is that it is currently not able to

estimate absolute entropies of diffusive systems, as pointed out in Chapter 4. This precludes

the evaluation of e.g. the entropy of pure liquids or the solvent-solvent entropy contribution to

hydrophobic interactions or to the folding and binding of biomolecules. This limitation

concerns methodology and implementation strategies, but is not of fundamental theoretical

nature. Therefore, a challenge for the future will be the methodological development of

entropy methods in this direction and their application to biomolecular systems. Such a

development of new methodologies to calculate entropies of diffusive systems will fill the

current holes in our computational description of basic thermodynamical concepts, as the

enthalpy-entropy compensation in classical thermodynamics. We believe this is also a perfect

example to show that computational power itself will not answer many relevant questions.

Second, a promising strategy to alleviate time and size sampling problems is the use of coarse¬

grained models and the corresponding simplified force fields. At the cost of spatial and

dynamic resolution, these models should be able to reproduce average structures, flexibility,

and thermodynamics in a similar way as current united atom or all-atom force fields do. This

was described in Chapters 4 and 5. Still, these simplified models are generally based on

empirical force field parameters which are defined ad hoc for a specific type of molecular

system. This characteristic keeps the models simple and easy to use but unfortunately reduces

dramatically the ability to reproduce thermodynamic quantities and mixing behavior. It is still

a challenging problem in force field simplification to parametrize highly and robustly

transferable models. A possible approach was described in Chapter 6. A future challenge will
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be the use of free energy and entropy calculations in order to accurately parametrize coarse¬

grained force fields. Additionally, the possibility to design coarse-grained models and

parametrize their force fields based on general physical laws for proteins, nucleic acids,

polysaccharides, and other biomolecules will be of great interest and a definitely enjoyable

intellectual game. How far we can proceed simplifying a description while keeping its

physical foundations solid is a problem dealing with the core of modeling and, therefore,

worth a lot of effort.

Third, due to the importance of molecular dynamics simulation in biochemistry and molecular

biology, future work will focus on a more accurate description of the unfolded and folded

states of proteins. Higher numbers of folding/unfolding events will provide, in combination

with well-parametrized force fields and solvation models, more accurate kinetics and

thermodynamics of macromolecular folding. Chapters 2, 3, and 7 presented examples in this

direction. It is clear that extending simulations to a larger group of systems and to longer time

scales will provide a more reliable basis for the general interpretation of this fundamental

process. Focusing on protein aggregates and biological assemblies in their physiological

environment (i.e. their native states in the cellular environment) molecular dynamics

simulation will help to reach a long term goal of biological sciences: the description of living

systems in terms of chemical and physical laws, and the more general question of what is alive

or dead matter.
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