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Introduction
The subject of this thesis is a computational investigation of the conformational properties of the N-terminal segment of the human aquaporin-4
(hAQP4), a protein which is responsible for the passage of water in the astrocytes of the central nervous system. In particular, this N-terminal portion is
considered to be responsible for the aggregation of several tetrameric AQP4
structures into Orthogonal Arrays of Particles ( OAPs ). The presence of
the N-terminal is required for the aggregation of AQP4 in Orthogonal Arrays of Particles ( OAP ). The antibody recognition of OAP leads to the
development of Neuromyelitis Optica (NMO), an autoimmune disease which
presents many similarities with multiple sclerosis.
This thesis work is based on Molecular Dynamics ( MD ) simulations.
In particular my original contribution is the implementation of a simulation
algorithm allowing the exploration of the conformational space of the protein
segment by means of the Replica Exchange technique. The latter is characterized by the simulation of different temperatures for an effective solute
(REST). In my case, I have used a variant of REST namely REST2 characterized by an exchange of Hamiltonian ( and not temperatures ) only for the
solute.
The goal of this approach is the construction of a realistic model for the
complete tetramer of AQP4, still missing due to the fact that the structure
of the N-terminus has not yet been determined. This work is subdivided into
7

three main chapters :
1. The first chapter focuses on the biological background and describes
the main features of protein structures, the application of X-ray crystallography to determine such structures and the category of intrisically
disorderer proteins ( IDPs ). This last point is particularly important
to understand why classical MD simulations cannot be used to explore
the conformational properties of the N-terminal segment of AQP4 and
hence why the REST2 approach is in this case necessary.
2. The second chapter contains a review of the main features of Molecular
Dynamics and the enhanced sampling techniques used to overcome the
traps in the free-energy landscape of IDPs.
3. The third chapter describes the details of the computational procedure I
have developed in order to implement REST2 on the Gromacs software
package. In addition, this chapter contains also the clustering method
employed within this work in order to obtain the most representative
conformations of the N-terminal portion of hAQP4.
The appendices contain technical details describing the whole protocol I have
developed within my thesis work.
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Chapter 1
Biophysical background
1.1

What are proteins ?

Proteins are large molecules consisting of amino acids. Our body structures, and functions, as well as the regulation of the body cells, tissues and
organs cannot exist without proteins. The human body’s muscles, skin, bones
and many other parts contain significant amounts of protein. In fact, protein
accounts for 20% of total body weight. Enzymes, hormones and antibodies
are proteins. Proteins also work as neurotransmitters and carriers of oxygen
in the blood (hemoglobin). We can imagine proteins as machines making all
living things, ( viruses, bacteria, butterflies, jellyfish, plants and human functions ). The human body is made up of approximately 100 trillion cells, each
one having a specific function. Each cell has thousands of different proteins,
which together make the cell do its job.
The enormous variety of protein functions is based on their high specificity for the molecules with which they interact. However, this specific relationship demands a fairly rigid spatial structure of the protein. This is the
reason why the biological functions of proteins are closely connected with the
rigidity of their three-dimensional (3D) structures. A little damage to these
structures is often the reason for the loss of or dramatic changes in protein
9
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activities. A knowledge of the 3D structure of a protein is thus necessary to
understand how it functions. Proteins are polymers: they are built up by
amino acids that are linked into a peptide chain, as discovered by E. Fischer
at the beginning of the 20th century.
In the early 1950s Sanger [1] showed that the sequence of amino acid
residues (a residue is the portion of the amino acid that remains free after
polymerization) is unique for each protein. The chain consists of a chemically
regular backbone (main chain) from which various side chains ( R1 , R2 , . . .
, RN ) project, as shown in fig. 1.1.

Fig. 1.1: aminoacid chain. [ Adapted from Ref. [2] ].
The number M of residues in a protein chain ranges from a few dozen
to many thousands. There are twenty main species of amino acid residues.
In particular, the amino acids ( fig. 1.2) are biologically important organic
compounds containing an amine (-NH2 ) and a carboxylic acid (-COOH)
functional groups, along with a side-chain that is specific to each amino acid.
Fig. 1.3 displays the names and the structures of the naturally occourring
amino acids.
To be able to perform their biological function, proteins fold into one
or more specific spatial conformations driven by a number of non-covalent
interactions such as hydrogen bonding, ionic interactions, Van der Waals
forces, and hydrophobic packing. To understand the functions of proteins at
a molecular level, it is often necessary to determine their three-dimensional
structure. This is the topic of the scientific field of structural biology, which

10

1.1 What are proteins ?

Fig. 1.2: The structure of an aminoacid in its un-ionized form.

Fig. 1.3: The naturally occurring 20 amino acids with complete name, abbreviations and chemical structures.
employs techniques such as X- ray crystallography ( that will be described in
this chapter ), or NMR spectroscopy. In the late 1950s, Perutz and Kendrew

11
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[3] solved the first protein spatial structures and demonstrated their highly
intricate and unique nature. Proteins perform their functions under various
environmental conditions, which leave an obvious mark on their structures.
The less water there is around, the more valuable the hydrogen bonds are,
and the more regular the stable protein structure ought to be. According to
their environmental conditions and general structure, proteins can be roughly
divided into three classes:
1. Fibrous proteins form vast, usually water-deficient aggregates; their
structure is usually highly hydrogen-bonded, highly regular and maintained mainly by interactions between various chains;
2. Membrane proteins reside in a water-deficient membrane environment (although they partly project into water). Their intramembrane
portions are highly regular (like fibrous proteins) and highly hydrogenbonded, but restricted in size by the membrane thickness.
3. Water-soluble (residing in water) globular proteins are less regular
(especially small ones). Their structure is maintained by interactions
of the chain with itself (where an important role is played by hydrophobic interactions between hydrocarbon groups that are far apart in the
sequence but adjacent in space) and sometimes by chain interactions
with co-factors.
The above classification is certainly extremely rough. Some proteins may
comprise a fibrous tail and a globular head (like myosin, for example), and
so on.

12
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1.2

Protein structures

The structure of a protein is usually described in terms of primary,
secondary, tertiary and quaternary structures ( fig. 1.4)

Fig. 1.4: The different levels of protein organization : primary, secondary,
tertiary and quaternary structures [ Adapted from [4]].

The primary structure of a protein refers to the linear sequence of amino
acids in the polypeptide chain. It is held together by covalent ( peptide )
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bonds, which are formed during the process of protein biosynthesis or translation. The two ends of the polypeptide chain are referred to as the carboxyl
terminus (C-terminus) and the amino terminus (N-terminus) based on the
nature of the free group on each extremity.
Secondary structures refers to highly regular local sub-structures in the
actual polypeptide backbone chain. Two main types of secondary structure,
the α − helix and the β − strand or β − sheets, were suggested in 1951 by
Linus Pauling and coworkers [5]. These secondary structures are defined by
patterns of hydrogen bonds between the main-chain peptide groups. α-helices
are often represented by helical ribbons, and extended β-structural regions
(which by sticking together form sheets) by arrows (see fig. 1.5). Secondary
structures are characterized by a regular periodic shape (conformation) of
the main chain with side chains assuming a variety of conformations.

Fig. 1.5: (A) β − sheet secondary structures; (B) α − helix; (C) Tertiary
structure comprising an α − helix and a β − sheet.

14
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The packing of the secondary structures of one polypeptide chain into a
globule is called tertiary structure. In practice the α-helixes and β pleatedsheets are folded into a compact globular structure. The folding is driven by
non-specific hydrophobic interactions, but the structure is stable only when
the parts of a protein domain are locked into place by specific tertiary interactions, such as salt bridges, hydrogen bonds, and disulfide bonds (Fig. 1.6).
When several protein chains integrate into a super-globule, they form the

Fig. 1.6: Tertiary structure of a protein. Disulphide bonds are highlighted
by red lines.

quaternary structure of a protein ( fig. 1.7 ).
The quaternary structure is stabilized by the same non-covalent interactions and disulfide bonds as the tertiary one. Complexes of two or more
polypeptides (i.e. multiple subunits) are called multimers. Specifically it
would be called a dimer if it contains two subunits, a trimer if it contains
three subunits, a tetramer if it contains four subunits, and a pentamer if it
contains five subunits. Multimers made up of identical subunits are referred

15

1.3 Structure determination : X-ray crystallography
to with a prefix of “homo-” (e.g. a homotetramer) and those made up of
different subunits are referred to with a prefix of “hetero-”.

Fig. 1.7: Quaternary structures of potassium ion channel protein. This structure is a tetramer.

1.3

Structure determination : X-ray crystallography

X-ray crystallography is essentially a form of very high resolution microscopy. It enables us to visualize protein structures at the atomic level and
enhances our understanding of protein function. Specifically we can study
how proteins interact with other molecules, how they undergo conformational
changes, and how they perform catalysis in the case of enzymes. Why do we
use X-Rays ? In all forms of microscopy, the level of detail or the resolution
is limited by the wavelength of the electro-magnetic radiation used. With
light microscopy, where the shortest wavelength is about 300 nm, one can

16
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see individual cells and sub-cellular organelles.
With electron microscopy, where the wavelength may be below 10 nm,
one can see detailed cellular architecture and the shapes of large protein
molecules. The atomistic details in a protein can be resolved by working with
electro-magnetic radiation with a wavelenght of around 0.1 nm or 1 Å, i.e. Xrays. When interacting with the protein molecule, these e.m. radiations will
cause the oscillation of electrons which, in sum, will emit radiation consisting
in a very weak signal. Using a crystal, signal of a single molecule will be
repeated coherently for all crystal molecules. More specifically, the ordered
three dimensional array of molecules ( the crystal ) is able to magnify tiny
signals of a single molecule.
Even a small protein crystal might contain a billion molecules. If the
internal order of the crystal is poor, then the X-rays will not be diffracted to
high angles or high resolution and the data will not yield a detailed structure.
If the crystal is well ordered, then diffraction will be measurable at high
angles or high resolution and a detailed structure will result. The X-rays
are diffracted by the electrons in the structure and consequently the result
of an X-ray experiment is a 3-dimensional map showing the distribution of
electrons in the structure. Thus, the starting point for the structural study
by means of X-ray diffraction is to obtain a crystal which contains proteins.
This is not simple in general, and in particular it is very complicated, for
instance, for membrane proteins. We know that a crystal is formed by equal
volumes named unit cells, which contain one or more molecules that are
repeated in space. Moreover the same molecule may give rise to different
crystallographic forms.
X-ray diffraction by protein is the best technique to resolve the protein
three-dimensional structure. When a X-ray beam is directed toward a sample
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of pure protein, a good part of beam passes directly through it, but a little
fraction is scattered by the atoms of sample. Evidently if the sample is well
ordered, dispersed waves reinforcing in certain points and appear as spots of
diffreaction when the X-rays are registered by a suitable detector (Fig. 1.8).

Fig. 1.8: Left, diffraction apparatus. Right, diffraction pattern.

From the analysis of diffraction spots, the electronic density that is strickly
related to the molecular structure is fully reconstructed. In the absence of
electron density, there may be missing or not accurate parts. After refining,
it is possible to obtain a molecular model which has an average error on coordinates usually ranging from 0.3 to 0.5 Å. The whole process following the
realization of a protein crystal can be summarized as follows:
1. An X-ray beam that strikes a crystal is diffracted in various directions
and the diffracted rays can be detected by means of a radiographic film.
2. The X-rays are deflected by the electrons present in the sample, and
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then the diffractive power of an atom is proportional to its number of
electrons ( for example, a C atom causes a diffraction that is 6 times
that of an H atom ).
3. Now the diffracted waves combine among themselves depend only on
the arrangement of the atoms.
4. Starting from the diffraction pattern it is possible to build three dimensional maps of electron density which indicate the arrangement of
atoms in the macromolecule.
In conclusion, X-ray crystallography can reveal the precise three dimensional position of most atoms in a protein molecule because X-ray and covalent bonds have similar wavelenght, and hence it provides a great visualization of protein structure. Fig. 1.9 displays the number of three-dimensional
protein structures available in the database Protein Data Bank1 . Until the
1980s, the three dimensional structures of only dozen of proteins were known.
This number became a hundred in the late ‘80s. Since the ‘90s the number
of three dimensional structures available began to grow exponentially: today
the PDB contains more then 100,000 structures.
Another technique to investigate three dimensional structure of a protein
is NMR ( Nuclear Magnetic Resonance ). It presents several advantages and
disadvantages with respect to X-ray crystallography. However, both these
techniques provide only a static view of protein structure without information about protein dynamics which can play a crucial role. Indeed, many
key molecular features of proteins cannot be understood by studying static
structures alone. Fig. 1.10 shows the number of protein structures solved by
NMR available as a function of time.
1

www.rcsb.org/pdb
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Fig. 1.9: Number of 3D structures determined by X-ray crystallography and
available in the Protein Data Bank ( PDB ) as a function of time.

1.4

Intrinsically disordered proteins ( IDPs )

The statement that a protein, in order to exercise a given function, requires a well defined structural organization does not necessarily mean that
all the proteins present within the cell possess a defined structure for all
the time. By means of different experimental techniques, a large number of
proteins have, partially or completely, displayed a variety of unstructured
conformations, chacarterized by the absence of globularity and of elements
of secondary structure under physiological conditions ( Fig. 1.11 ). In X-ray
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Fig. 1.10: Number of 3D structures determined by Nuclear Magnetic Resonance ( NMR ) and available in the Protein Data Bank ( PDB ) as a function
of time.
crystallography, it often happens that some regions of the molecule are not
visible in the electron density maps and this anomaly could be due to regions
not firmly structured, but flexible and disordered .

1.4.1

IDPs : unusual biophysics

Intrinsically disordered proteins (IDPs) and proteins with intrinsically
disordered protein regions (IDPRs) are highly abundant in nature and play
a number of crucial roles in a living cell. Their functions, which are typically
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Fig. 1.11: Generic representation of an unstructurated protein characterized
by the almost total absence of elements

associated with a wide range of intermolecular interactions where IDPs possess remarkable binding promiscuity, complement the functional repertoire of
ordered proteins. All this requires a close attention to the peculiarities of the
biophysics of these proteins. Recently, IDPs and IDPRs gained significant
attention primarily due to the fact that the existence of such biologically
active molecules without unique 3D-structure clearly contradicts the traditional one protein-one structure-one function paradigm [6] [7] . Nowadays
it is clear that biologically active but non-folded proteins are different from
“normal ” globular, trans-membrane, and fibrous proteins. Although none of
the terms proposed for defining biologically active proteins without unique
structure is perfect, the term “intrinsically disordered protein” is currently
used more often than other terms. Systematic bioinformatics analyses clearly
indicated that IDPs are highly abundant in any given proteome. Because
of their unique functionality, dysfunctions of IDPs are known to be associated with various human diseases, such as cancer, cardiovascular disease,
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amyloidosis and neurodegenerative diseases. IDPs/IDPRs are different from
ordered proteins and domains already at the level of their amino acid sequences. The absence of a rigid structure in IDPs may be somehow encoded
in the specific features of their amino acid sequences [6] [8] [9] [7] [10] [11].
In agreement with this hypothesis, the unusual amino acid sequence compositions were observed for some IDPs, which in extreme cases were unfolded
under physiological conditions due to the presence of numerous uncompensated charged groups (often negative) that defined a high net charge of these
proteins at physiological pH, and a low content of hydrophobic amino acid
residues. However the important message is already obvious from the observations listed above, namely, sequences encoding IDPs/IDPRs are very different from sequences encoding ordered proteins and domains. In fact, these
two types of sequences are so different that they can be discriminated reasonably well by numerous computational tools, where comparing and combining
several predictors can provide additional insight regarding the predicted disorder [12] [13]. This clearly indicates that IDPs are new and specific entities
in the protein kingdom.

1.4.2

Structural heterogenity of IDPs and spectroscopy
of intrinsical disorder

Fig. 1.13 represents the stages in understanding the structural heterogeneity of IDPs. First, IDPs were ignored and all (or almost all) biologically active proteins were assumed to have rigid and unique 3D structures
(Fig. 1.13-A). Obviously, the analogy of an ordered protein with a rock is
an oversimplification and over-exaggeration of the reality. In fact, although
the importance of large-scale protein flexibility has been underestimated in
the past, it would be definitely wrong to assume that the dynamic nature of
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proteins was not known before IDPs. However, the concept of functional disorder was introduced quick recently. Even today many researchers consider
an IDP as completely structureless entity, a kind of cooked noodles (Fig. 1.13B). However, it was recognized almost immediately that IDPs/IDPRs could
be roughly grouped into two major structural classes, namely proteins with a
compact ( yellow structure in fig. 1.13-C ) or extended disorder ( multi-color
structure in fig. 1.13-C ) [6] [8] [9] [7] [10] [11]. According to this classification, IDPs can be less or more compact and possess smaller or larger amount
of flexible secondary/tertiary structure. Therefore, functional proteins can
be in any of three major conformations: ordered, molten globular, and coillike, the so called protein trinity model [9](Fig. 1.13-C). Next, based on
the comprehensive analysis of available structural data it was shown that
the extended IDPs do not represent a uniform entity but should be grouped
into two broad classes, native coils and native pre-molten globules. Hence,
the protein trinity model should be extended to a protein quartet [10]
(Fig. 1.13-D). Currently available data suggest that intrinsic disorder can
have multiple faces, can affect different levels of protein structural organization, and whole proteins, or various protein regions, can be disordered to a
different degree (Fig. 1.13-E). All these observations can be visualized in a
form of protein intrinsic disorder emission spectra (Fig. 1.12), where there is
a gradual transformation from the monochromic view of functional proteins
as well-structured polypeptides (Fig. 1.12-A), to a bi-colored picture with ordered (folded, blue) and disordered (completely structureless, red) proteins
(Fig. 1.12-B), to a more complex picture where differently disordered proteins can be grouped into a few discrete classes (e.g., molten globule, premolten globule, coil-like; an analogy to the line emission spectrum with a few
spectral lines, Fig. 1.12-C), to a very complex line spectrum with a great va-
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riety of potential structural classes and subclasses (Fig. 1.12-D), and finally
to a continuous spectrum of differently disordered conformations extending
from fully ordered to completely structureless proteins, with everything in
between (Fig. 1.12-E). Once again, the fact that Fig. 1.12-A represents the
ordered proteins monochromatically does not mean that they were assumed
to be completely non-flexible. On the contrary, the importance of conformational flexibility and the need of dynamics for the successful functionality of
globular proteins (even enzymes) was emphasized in many studies over the
past 55 years [14] [15].

Fig. 1.12: Structural spectroscopy of functional proteins where structural
diversity is represented in a form of protein intrinsic disorder emission spectra. (A), the monochromic view of functional proteins as well-structured
polypeptides. (B), bi-colored picture with ordered (folded, blue) and disordered (completely structure-less, red) proteins. (C), simple line emission
spectrum with a few spectral lines corresponding to several discrete classes
of IDPs (e.g., molten globule, pre-molten globule, coil-like). (D), complex
line emission spectrum reflecting a variety of potential structural classes and
subclasses. (E), A continuous emission spectrum representing the fact that
functional disordered proteins can extend from fully ordered to completely
structure-less proteins, with everything in between. [ Adapted from [16] ].
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Fig. 1.13: Understanding the structural heterogeneity of IDPs/IDPRs. (A),
IDPs are ignored; all biologically active proteins have a unique 3D rocklike structures. (B), Concept of protein intrinsicdisorder is introduced; IDPs
are considered as completely structure-less entities, a kind of cooked noodles.
(C), Protein Trinity concept - functional proteins can be in any of three major
conformations: ordered, molten globular, and coil-like. (D), Protein Quartet
model - extended IDPs are further subdivided into two broad classes, native
coils and native pre-molten globules. (E), Current view on the IDP/IDPR
structure - intrinsic disorder can have multiple faces, can affect different levels
of protein structural organization, and whole proteins, or various protein
regions can be disordered to some degree. [ Adapted from [16] ].
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1.4.3

Spatiotemporal heterogenity of IDPs

Spatiotemporal heterogeneity of IDPs is an obvious consequence of their
lack of fixed 3D-structure. Here, different parts of a molecule are ordered (or
disordered) to a different degree and this distribution is changing in time.
As a result, at any given time, the structure of an IDP molecule will be different from the one observed in a different moment. In other words, a given
segment of a protein molecule will have different structures at different time
points. Therefore, IDPs can be considered as 4D-proteins [17], whose structural description requires time as a crucial component, since their structures
are not fixed, as is generally the case for 3D proteins.

1.4.4

IDPs energy landscape

During their biological lifetime, proteins are forced to sample a variety of
conformations due to the thermal fluctuations, and the probability of each
conformation is determined by the topography of the underlying energy landscape [18]. This landscape describes the dependence of the free energy on all
the coordinates determining the protein conformation. In this view, ordered,
well-folded proteins are characterized by funnel-like energy landscapes that
have a well-defined global energy minimum [19] [20], since the number of
conformational states accessible by a polypeptide chain is reduced while approaching the native state (Fig. 1.14-A). However, even for ordered proteins,
the bottom of the funnel-like energy landscape does not represent the unique
structure, but is rugged, and this ruggedness of the bottom of the folding
funnel defines the mentioned flexibility of an ordered protein, where more
rigid structural units move with respect to each other on their flexible joints
[21].
The free energy of an extended IDP represents a large ‘hilly plateau’ de-
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scribing the dynamic ensemble of a large number of conformations (Fig. 1.14B), with hills on the plateau corresponding to the forbidden conformations
[22] [18] [23]. Therefore, the energy landscape of a well-folded ordered protein exhibits a well-defined minimum energy state corresponding to the folded
conformation, whereas the energy landscape of an IDP is relatively flat and
lacks such a deep energy minimum. The free-energy landscape of an IDPs is
characterized by numerous local energy minima, which force the protein to
behave as a highly frustrated system without any stable well- folded conformation. This type of energy landscape is exceptionally sensitive to the local
environment and determines the conformational plasticity of an IDP. In fact,
any changes in the IDP surroundings might have very strong effects on the
IDP structure. Different environmental factors might have different effects
on the energy landscape making some energy minima deeper and some energy barriers higher (see Fig. 1.14-C). This determines the ability of an IDP
to fold differently depending on the environmental conditions. This also provides some clues on how an IDP can specifically interact with many ligands
of different nature and fold differently as a result of these interactions. In
the latter case, the interaction with a particular binding partner affects the
IDP folding landscape in a unique way, promoting the formation of a specific
structure.
It is also necessary to keep in mind that Fig. 1.14-C represents an oversimplified view of an IDP energy landscape, where changes are assumed to
affect the entire molecule. In fact, IDPs are highly heterogeneous systems,
with heterogeneity being applicable to their sequences, structural properties
and spatiotemporal behavior. In terms of the energy landscape, this heterogeneity means that the different parts of an IDP might be described by
individual energy landscapes, each responding to the environmental changes
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in its own way. Within the entire molecule, the behaviour of different regions
can be independent, semi-dependent or dependent on each other. Furthermore, different parts of an IDP can respond differently to the different environmental stimuli. This heterogeneity of the energy landscape defines the
ability of IDPs to form fuzzy complexes, where significant parts of a protein
preserve their intrinsically disordered state even in the bound conformation
[24] [25] [26] [27].

Fig. 1.14: Energy landscape of ordered proteins and IDPs. A diagram showing the folding energy landscapes of a typical globular protein (A) and of a
typical natively unfolded protein in the absence (B) or presence of different
binding partners (C). These landscapes are depicted schematically as onedimensional cross-sections. Illustrative examples of corresponding structures
are also shown. [ Adapted from [16] ].

The operational complexity and the enormous demand for resources for
the experimental analysis, have led to the development of bio-informatics
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algorithm and computational procedures specifically directed to the characterization of this particular class of proteins. It is thus evident that ‘ad hoc’
computational methods are required to predict the disordered states of an
IDPs. Further details will be explained better in the next chapter.

1.5

Human Aquaporin-4

In 1992, Agre and co-workers [28] discovered that red blood cells contain
a membrane protein that confers high water permeability. This protein, later
called aquaporin-1 (AQP1), turned out to be a member of a large family of
water channel proteins that allow bidirectional transport of water across the
phospholipid bilayer of the plasma membrane [29]. The discovery of aquaporins marked the end of a long-standing debate in biology and paved the
way for a molecular understanding of secretion and absorption processes in
animals and plants alike. With the subsequent identification of aquaporin-2
(AQP2), it soon became possible to describe in molecular terms how the
kidney regulates urine production and thus helps maintain systemic fluid
balance [30]. In 1994, Agre’s and Verkman’s groups independently reported
that the brain expresses a specific aquaporin in rather high amounts [31]
[32]. This aquaporin, was first named Mercury-Insensitive Water Channel
(MIWC) by Verkman’s group and later renamed AQP4.

1.5.1

Structure, isoforms, selectivity

AQP4 belongs to the aquaporin subfamily that is characterized by six
transmembrane helices forming a water selective pore [29]. Thus AQP4
stands out from the aquaglyceroporins, which transport glycerol and other
molecules in addition to water. The high selectivity for water is determined
by three specializations along the channel of the AQP4 monomer [33] [34] [35]
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[36] (Fig. 1.15). First, the pore in each monomer narrows to 2.8 Å, effectively
excluding molecules larger than water [37]. Second, the pore region contains
an arginine residue (ar/R region) that serves to block the entrance of protonated water and other cations [36]. Third, positively charged dipoles near
the midpoint of the channel (NPA region) prevent proton flow and cause the
water molecules to reorient [36]. Molecular dynamics simulations indicate
that these features of the AQP4 pore allow for highly efficient and selective water transport [38] [39]. Depending on different translation-initiating
methionines, two different human isoforms of AQP4 have been identified,
namely M1 (32 kDa) and M23 (30 kDa). They have identical extracellular
domain residues but M1 contains 22 more amino acids at the cytoplasmatic
N-terminal. Such isoforms are organized as heterotetramers when assembled
in plasma membranes [40] [41] (Fig. 1.16). Each tetramer contains a central
pore. Molecular dynamics simulations suggest that gas transport must occur
through the central pore rather than the monomer channels [39]. The properties of this pore are particularly interesting, given the abundance of AQP4
tetramers at the blood-brain interface. Transport of ions, gases, or signaling
molecules through these pores may affect local blood flow and directly or
indirectly influence exchange of substrates between blood and brain. AQP4
tetramers form higher order structures called orthogonal arrays of particles
(OAPs) or square arrays (Fig. 1.17). OAPs are formed primarily by the M23
isoform of AQP4 [42] [43].The specific function of OAPs is still a matter of
conjecture. As AQP4 channels are assumed to be constitutively open, their
concentration into OAPs should secure a very capacity for water transport
across the membranes. However, the aggregration of AQP4 into OAP is important for the onset of a serious autoimmune disease, Neuromyeltis Optica
( NMO ).
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Fig. 1.15: Monomer of AQP4 with the representation on NPA and ar/R
regions. Water molecules inside the pore are shown as spheres [Adapted
from ref. [44] ].
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Fig. 1.16: Tetrameric organization of AQP4.

Fig. 1.17: Representation of a cluster of AQP4 in the plasma membrane as
a square array, also termed orthogonal array of particles (OAPs) [Adapted
from ref. [45]. ]
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1.5.2

OAPs and neuromyelitis optica (NMO)

The presence of serum autoantibodies (NMO-IgG) against AQP4 is at
present considered a striking feature of NMO, being detected in about 80%
of patients presenting such a neurological disorder [46] [47]. Indeed, NMOIgG binding to AQP4 induces a breakdown of the blood-brain barrier and
enhances the perivascular inflammation characteristic of NMO [48]. Several experimental efforts, mainly based on deletions of AQP4 amino acid
sequences, gave important insights into the role of protein regions involved
in the NMO epitope formation [49] [50]. In particular, two major AQP4 antigenic determinants have been recently identified at the extracellular loops A
and C pointing out that conformational changes in these sites may impact
on the formation of the structure of the epitope [49]. Albeit crucial to give
insights into the NMO pathogenesis, these experimental evidences are still
far from being useful to develop diagnostic and therapeutic tools. The absence of a molecular rationale for the events that regulate and characterize
the conformational rearrangement of NMO epitopes represents the main obstacle in the search for molecules able to interfere with the molecular steps
of the pathology [51]. It has been recently shown that NMO-IgG recognizes AQP4 only when organized in the plasma membranes in OAPs, thus
suggesting that the process of AQP4 aggregation is required for the proper
conformational rearrangement of the NMO-IgG epitopes [49] [52] [53]. Since
a different propensity to aggregate has been detected in different tissues, such
evidence has provided, for the first time, a rationale for the tissue-specificity
of the NMO-IgG opening a new research frontier where the investigation of
the OAP aggregation process is crucial. The extended N-terminal of AQP4
is crucial for its aggregation into OAPs (Crane 2009) that, in turn, seem not
to form in solution, but rather depend strongly on the presence of the mem-
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brane (Rossi 2012b). This fact suggests that the membrane might play an
important physical role in reducing the conformational space available for the
N-term, thus favoring its interaction with N-terms of different chains. The
aim of the present thesis is exactly the computational search for the most
representative conformations of this small, but crucial, N-terminal portion of
human AQP4.
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Chapter 2
Molecular dynamics
Molecular modeling and in particular Molecular dynamics ( MD ) has
brought a great progress in a wide range of biological applications in recent
years due to the advancement of novel algorithms and high-performance computing. The gap between the timescales achievable by experiments and by
computer simulations has been significantly reduced due to the concurrent
advances in both experimental and theoretical techniques. Scientists can
nowadays access microsecond-to-millisecond timescales with atomic detail,
which is sufficient to characterize many important biological processes, such
as the folding dynamics proteins.
In particular, a deep understanding at molecular level of the functional
behaviour of proteins, requires an adeguate sampling of their conformational
space. In this contest, MD simulations are a powerful tool to properly explore the conformational space, but when applied to complex systems such
as proteins, they are often trapped in local minima of the rugged free energy
landscape ( trapping problem ). Unfortunately, such drawback is the reason why a sadisfactory sampling of a protein conformational space is still a
difficult task for conventional MD simulations. Generalized ensemble (GE)
sampling algorithms such as the Replica Exchange method (REM) (or par-
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allel tempering) [54] [55] and Simulated Tempering (ST) [56] [57] were developed to overcome the sampling problem by inducing a random walk in terms
of temperature space thus allowing an in the expanded ensemble. In these
methods, conformations sampled at high temperatures may be exchanged
with those at lower ones and thus help the system to escape the local energy
minima, because energetic barriers can be easily crossed with larger thermal
fluctuations at high temperatures. These temperature-based GE algorithms
have been widely applied in simulating proteins and other biological macromolecules [58] [59].
In the present chapter, I will first review the basic theory of MD simulations. Then I will introduce the Replica Exchange method ( REMD )
( known also as parallel tempering ). Next, I will discuss the Hamiltonian
Replica Exchange ( H-REMD ) and, finally Replica Exchange with Solute
( REST ) and its variation known as REST2 which is the method herein
employed to sample the conformational space of the N-terminal domain of
AQP4.

2.1

Molecular dynamics: introduction

Molecular simulation techniques have a fairly recent history. The first attempts to transfer on computers the complex calculations required to build
the atomic bomb date back to World War II. However, the greatest progress
in this field was achieved in the ‘50s, starting with the first simulations with
Monte Carlo techniques for simple lattice systems. The method was, in fact,
published in 1953 and became known as the Metropolis algorithm, the name
of the first author. Molecular dynamics was developed simultaneously, considering as a first approach in this direction the famous work of Fermi, Pasta
and Ulam [60]. The following years were dedicated to the development of
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methods to calculate long-range interactions ( Ewald sum ), and to a potential applications. This growing interest was favoured by the technological
developments that brought computers to become more powerful, smaller and
cheaper.
In the ‘70s the field of simulations was already so vast to encompass chemistry and molecular biology, thus building the basis of the research field of
“soft matter ”. The first works that addressed the issue of system out of equilibrium, were also published in the ‘70s. Meanwhile, molecular simulations
were becoming increasingly related to the discipline of statistical mechanics,
for two major reasons. The first is the need to calculate averages of different
physical observables: these averages can be calculated along the trajectory
of the system or as a result of a proper sampling. In this sense, statistical
mechanics can be essentially seen as a tool to analyze the data produced
by a computer. On the other hand, the increased performarce of computers
allowed simulating the behaviour of system composed by a large number of
particles. Hence, these systems can be considered as ideal benchmarks for
theories and approximations that properly pertain statistical mechanics.
The development of molecular simulations at the quantum level of detail is more recent and can be traced back to 1985 with the first so called
ab initio calculations ( that is attributable to first principles, such as the
Schrödinger equation ). Of particular importance in this context is the CarParrinello molecular dynamics method. Finally, in more recent years, the
field of molecular simulation has seen the greatest progress in the development of free energy calculation and enhanced sampling techniques. The latter
are particularly important for the investigation of the system of interest in
this thesis.
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2.1.1

Basic ideas

Molecular Dynamics (MD) [61] is a technique allowing the calculation
at thermodynamic and dynamic properties of a large number of systems in
different conditions. It is based on the applicability of the laws of classical mechanics to microscopic systems composed of molecules and atoms described
as point particles . In general, many atoms are sufficiently massive to allow
the description of their motion quite accurately by the laws of Newtonian
mechanics. The setup of a classical MD simulation has several analogies
with the setup of an experiment. A MD simulation essentially requires three
basic ingredients:
• A model for the interaction between system constituents. Often,
it is assumed that particles interact only pair wise. This assumption
reduces the computational effort.
• An integrator, which propagates particles positions and velocities
from time t to t + ∆t. It is a finite difference scheme that yields trajectories defined at discrete values of time.
• A statistical ensemble, where thermodynamic quantities like temperature, pressure and number of particles are controlled. The natural
choice for the ensemble is the microcanonical one “NVE ” ( i.e. number of particles, volume and energy constants respectively ), since the
Hamiltonian of the system is a conserved quantity if external potentials
are not present. Nevertheless, there are extensions to the equations of
motion that also allow the simulation of different statistical ensembles.
In classical MD simulations the time evolution of a set of interacting particles
is usually calculated by numerically solving the Newton’s equations of motion
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of the particle belonging to the system. For a system of N point particles of
masses mi (i = 1, . . . , N ) at position ri (t) = (xi (t), yi (t), zi (t)) and velocity
vi (t) the force acting upon the i − th particle at time t can be computed as
follows:

Fi = mi

d2 ri (t)
dt2

(2.1)

where Fi is obtained from the potential energy of the system U (r1 , r2 , . . . , rN )
via the equation 2.2


Fi = −∇ri U (r) = −

∂U ∂U ∂U
,
,
∂xi ∂yi ∂zi



(2.2)

Given the initial condition ri (to ) and vi (to ) at a certain time t0 , the
solution of Eq. 2.1 provides the complete information on the motion of the
system.
Alternatively, Hamilton’s equations of motion for the (generalized) momenta pi and position ri can be used to calculated the time evolution of the
system:

r˙i = ∇pi H

ṗi = ∇ri H

(2.3)

where H is the hamiltonian of the system:
N
X
p2i
H=
+ U (r)
2mi
i=1

(2.4)
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In Cartesian coordinates Hamilton’s equations become

r˙i =

pi
mi

ṗi = −∇ri U (r) = Fi

(2.5)

(2.6)

Due to the complexity of the many-body problem, the only feasible way
to solve Eq. 2.1 when N > 2 is by discretizing the time and solving it numerically through a computer. This means that the positions and velocities
are propagated with a finite time interval using numerical integrators, such
as the Verlet algorithm (it will be described later). The position of each particle in space is defined by ri (t), whereas the velocities vi (t) or the momenta
pi (t) are used to get kinetic energy and temperature in the system. As the
particles ’move’, their trajectories may be displayed and analyzed, providing
averaged properties. The dynamic events that may influence the functional
properties of the system can be directly traced at the atomic level, making
MD especially valuable in molecular biology.

2.1.2

Force Field

In MD simulations, the force is derived from the potential energies ( U )
that are computed through a force field ( FF ) . A force field is a model that
describe the interactions between atoms belonging to the same molecule, or to
different molecules. The parameters used in the functional forms of the model
are casually obtained by experimental data or high level quantum mechanics
theoretical calculations. There are many FF each one best suited to the
description of a particular category of systems. For instance, the CHARMM,
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GROMACS and AMBER force fields describe proteins and biological systems
while OPLS-AA describe systems in the liquid state.
The functional forms of the different FF are very similar. Here, I will
describe the model CHARMM36 used in the present work. The potential is
a function of the positions of all the atoms of the system and, is given by the
sum of two terms:
(2.7)

U = Ubonded + Unon−bonded

• Ubonded takes into account the interactions between the atoms chemically bonded by a covalent bond. Such interactions depend on the bond
lengths, angles and rotations of the bonds in a molecule;
• Unon−bonded takes into account the interactions between the atoms which
are not chemically bonded or between atoms separated by three or more
covalent bonds.
We can even separate the contribution to each of the two terms as follows:

Ubonded = Ubond + Ubend + Utors + Uimpr

(2.8)

Unon−bonded = UV an−der−W aals + UCoulomb .

(2.9)

The functional form for the CHARMM36 force field is thus:

V =

X

kb (b − b0 )2 +

bonds

+

X
impropers

X

kθ (θ − θ0 )2 +

angles

kω (ω − ω0 )2 +

X

kθ [1 + cos (nφ − δ)] +

dihedrals

X
ij

"
4ij

σij
rij

12


−

σij
rij

6 #
+

X qi qj e 2
ij

rij
(2.10)
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The first term is the energy function accounting for the bond stretches
for a given bond where kb is the bond force constant, b is the bond lenght
and b0 is the equilibrium bond distance.
The second term in the equation accounting for the bond angles, where
kθ is the force constant, θ is the bond angle and θ0 is the equilibrium angle
formed by three bonded atoms. The third term describes dihedrals: kφ is the
dihedral force constant, n is the multiplicity of the function, φ is the dihedral
angle and δ is the phase shift. The fourth term accounts for the impropers,
that is out of plane bending: kω is the force constant and ω − ω0 is the out
of plane angle ( Fig. 2.1 )

Fig. 2.1: Representation of terms: (A), Ubond . (B), Utors . (C), Ubend (D),
Uimpr .

Non-bonded interaction are given by the sum of the last two energy terms
in Eqs. 2.10. In particular, the Lennard-Jones potential ( fifth term ) is used
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to model the van der Waals ( vdW ) interactions:
• σ is a measure of how close two atoms can get, thus it corresponds to
the van Der Waals radious of a given atom. The parameters σij are
obtained as aritmetic mean:

σi +σj
.
2

•  determines the magnitude of the attractive energy between atoms i
√
and j. The parameters ij are obtained as geometic mean: i j.
With the 6th and 12th powers, the Lennard-Jones potential decays very
fast with the distance. Thus it is often treated by using the cutoff method,
where the potential is truncated or smoothly switched to zero at a distance
larger than a certain cutoff distance. The sixth term of Eq. 2.10 is the
Coulomb potential which is used to model the electrostatic interactions such
as dipole–dipole, ion–dipole, and ion–ion interactions. In Eq. 2.10 qi denotes
the fixed partial charge associated to the i-th atom. The total charge of a
molecule will be given by the sum of partial charges on its constituent atoms.
In comparison with the Lennard-Jones potential, the Coulomb potential is
long ranged and decays very slowly. Therefore, the cutoff method cannot
be applied to compute the Coulomb interactions, thus increasing the computational cost of this contribution to the total potential energy. A popular
method to compute the long-range electrostatic interactions is the Ewald
summation. In the Ewald summation, the slow-decaying Coulomb interaction is decomposed into a pair of fast converging terms: one can be directly
computed in the Cartesian space, while the other one is computed in the reciprocal space upon Fourier transformation. The reciprocal sum is made over
an infinite number of periodic images: in fact the Ewald summations were
originally designed to compute the long-range interactions of crystals. Due to
the periodic boundary conditions, the Ewald summations can now be widely
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applied in MD simulations. The Ewald summation is still computationally
expensive because the cost of the reciprocal sum increases with O(N 2 ), where
N is the number of particles in the system. Therefore, the application of the
Ewald summation is limited to small systems. The performance of the reciprocal sum was improved by the development of the Particle-Mesh-Ewald
(PME) method, in which the charges are assigned to grid-points by means
of the interpolating functions. The computational cost of the PME method
scales as N · log(N ), and thus it has been widely used in simulating complex
systems such as proteins.

2.1.3

Integrators

As previously discussed, solving Newton’s equations of motion analytically is impossible due to the complex form of the potential energy function
U (r1 , . . . , rn ) that depends on the positions of all the particles (r1 , r2 , . . . , rn )
in the system. Therefore, a number of numerical integration algorithms have
been developed to solve Newton’s equations of motion. All these algorithms
are based on the Taylor expansions of positions.
Verlet integrator
This integrator was developed by Verlet in 1967 [62]. In order to derive
it, we first write down the Taylor expansion of r (t + ∆t) for small ∆t:

ri (t + ∆t) = ri (t) + vi (t)∆t +


1 Fi (t) 2 1 ...
∆t + r i (t)∆t3 + O ∆t4 . (2.11)
2 mi
3!

where:
vi (t) is the velocity of the particle i and Fi is the force acting on the
particle i at time i. The taylor expansion of r (t − ∆t) is:
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ri (t − ∆t) = ri (t) − vi (t)∆t +
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1 Fi (t) 2 1 ...
∆t − r i (t)∆t3 + O ∆t4 . (2.12)
2 mi
3!

Summing up both sides of Eqs. 2.11 and 2.12, we obtain:

ri (t + ∆t) = 2ri (t) − ri (t − ∆t) +


Fi (t) 2
∆t + O ∆t4 .
mi

(2.13)

The velocities do not appear in equation 2.13 but can be obtained by
subtracting Eq. 2.12 from Eq. 2.11:

vi (t) =

ri (t + ∆t) − ri (t − ∆t)
2∆t

(2.14)

Leap-frog algorithm
The verlet algorithm requires knowledge of position at times t and t − ∆t
to obtain the coordinates at time t + ∆t. A fully equivalent alternative is
provided by the leap-frog algorithm. This algorithm defines the speed at half
time steps:



∆t
ri (t) − ri (t − ∆t)
vi t −
=
2
∆t

(2.15)



∆t
ri (t + ∆t) − ri (t)
vi t +
=
2
∆t

(2.16)

From these definitions we find immediately, ri (t + ∆t) by solving:


∆t
ri (t + ∆t) = ri (t) + ∆t · vi t +
(2.17)
2
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Velocity Verlet algorithm
Although fully equivalent to Verlet algorithm, the leap-frog algorithm yields
coordinates and velocities at different instants of time. This implies that it
is not possible to calculate the total energy of a system at any time, since
the kinetic and potential energies will be defined at semi-integer and integer
multiples of ∆t, respectively. An improvement of the leap-frog algorithm
was later proposed by Swope et al. [63]. Consider the expansion of the
coordinates up to the second order, we have:

ri (t + ∆t) = ri (t) + vi (t) · ∆t +

∆t2
Fi (t)
2mi

(2.18)

We can also start from ri (t + ∆t) and vi (t + ∆t) and then integrate back in
time to ri (t) obtaining:

ri (t) = ri (t + ∆t) ∆t +

∆t2
Fi (t + ∆t)
2mi

(2.19)

Substituting 2.18 and 2.19 and solving for vi (t + ∆t) we get:

vi (t + ∆t) = vi (t) +

∆t2
[Fi (t) + Fi (t + ∆t)]
2mi

(2.20)

The two equations 2.18 and 2.20 allow to calculate the time evolution
of positions and velocities simultaneously. It can be easily shown that the
Velocity Verlet algorithm is fully equivalent to the Verlet algorithm.
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2.1.4

Periodic Boundary Condition ( PBC )

In most situations, we need to simulate bulk systems such as a solid crystal or a protein in solution. Periodic boundary conditions are then used to
minimize boundary effects in a finite simulation box for bulk systems. With
the periodic boundary conditions, particles are placed in a simulation box,
which is surrounded by translated copies of itself. The simulation box and
its replicas or images will occupy the whole space and thus mimic the bulk
systems. In this way, there are no boundaries of the system, and the boundaries of the isolated simulation box are replaced by the periodic conditions.
The periodic boundary conditions are ideal to simulate a crystal, where the
simulation box may precisely represent each unit cell. However, for liquids
or solutions, the periodic boundary conditions will introduce errors. For example, in protein simulations, errors may arise due to interactions between
the protein and its images; thus, the box size has to be sufficiently large to
avoid significant interactions with the periodic images of the protein itself.
As discussed before, the Ewald summation or PME methods can be used in
conjunction with the periodic boundary conditions to compute the long-range
electrostatic interactions in the system. The simulation box can be designed
in various different shapes. The cubic box is the most widely used; however,
it may not be ideal for simulating globular molecules such as proteins. Other
box shapes such as the rhombic dodecahedron and truncated octahedron
may be more suitable for the simulations of spherical macromolecules, since
these two shapes are closer to a sphere and thus require a smaller number of
solvent molecules.
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Temperature and pressure control: ensemble NPT

The direct application of the integrators introduced in section 2.1.3 will
produce simulations in the microcanonical ensemble. However, in many
cases, we wish to simulate the system at constant temperature or in the
canonical ensemble. Several methods have been proposed to achieve temperature control in MD simulations.
These methods mimic the effect of a large reservoir coupled to the system
and they are therefore generally called thermostat algorithms. The temperature in an MD simulation is obtained through the equipartition theorem
using the instantaneous value of the total kinetic energy:

N

1 X
kb T =
mi v2i
D i=1
∗

(2.21)

where D is the number of degrees of freedom of the system and kb is the
Boltzmann constant. A first intuitive approach would be to rescale all velocities at each time step so as to keep T constant. This approach is wrong for
two reasons : in fact it introduces sudden jumps of the kinetic energy of each
particle trajectories at certain points in time. Thus discontinuity fits badly
with the approach of molecular dynamics. Moreover this algorithm cancels
the whole ( or in part if the correction is applied only when the temperature
exceeds a certain degree ) the fluctuations of the kinetic energy which are
instead typical of a canonical ensemble. To overcome the first problem, the
Berendsen thermostat ( 1984 ) introduces an additional differential equation
for the kinetic energy :
K̇ =

2K − 3N kb T ∗
τ

(2.22)
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where τ is a time constant. The Berendsen thermostat cannot produce a
proper canonical ensemble since it suppresses the fluctuations of the kinetic
energy. However, it has the advantage of easy tuning of the coupling strength.
The Berendsen thermostat is thus recommended in the equilibration phase
of a simulation. A later study fixed some of the issues in the Berendsen
thermostat by introducing an additional stochastic term that ensures the
correct fluctuations of the kinetic energy. This improved Berendsen scheme
is also called the velocity-rescaling thermostat.
Nosé - Hoover thermostat
In this section, we describe the Nosè-Hoover thermostat that was employed
in our simulations. A complete discussion on this subject can be found in
the book by Mark Tuckerman [64]. This algorithm can rigorously produce
the canonical ensemble distributions by introducing an additional degree of
freedom s for the heat bath. The Hamiltonian can then be extended as
follows:

H = U (r1 , r2 , . . . , rN ) +

X p2
p2s
i
+
(3N
+
1)
kT
ln
s
+
2ms2
2Q
i

(2.23)

where:
• ps is the momentum for the additional variable s
• Q is a mass-like parameter for s
In this way, the system (with N particles) is coupled to a heat bath that
is described by the variable s and its associated momentum ps . Nosé [65]
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proved that the extended Hamiltonian in Equation 2.23 can generate canonical ensemble distributions independent of the values selected for s and Q. It
is worth noting that it normally takes a bit longer for the system to relax to
the targeted temperature using the Nosè-Hoover thermostat compared to the
Berendsen thermostat. Therefore, the Nosé-Hoover thermostat is normally
used for the production phase of the MD simulations.
In many cases, MD simulations need to be performed at constant pressure
in the so-called isothermal-isobaric ensemble (NPT). The internal pressure,
measured through the virial, is kept constant by varying the volume of the
simulation cell. An isobaric system can thus be seen as coupled to a piston
that compresses or expands the system in response to fluctuations of the
instantaneous internal pressure, so that the internal pressure average is equal
to the external pressure applied. Various algorithms have also been developed
to couple the system with a pressure bath such as the Berendsen algorithm
[66] and the Parrinello-Rahman approach [67] that will be briefly described
below.
Parrinello - Rahman Barostat
Parrinello and Rahman introduced the volume as an additional dynamical
variable for the anisotropic pressure coupling [68]. Let h be the matrix
constructed by taking simulation box vectors {a, b, c} as columns.The volume
V = det(h) = a · b × c. The equations of motion for the system with this
barostat are:
Fi
dri
d2 ri
=
−M
2
dt
mi
dt

M=h

−1




dh’ dh 0 0−1
h
+
h h
dt
dt

(2.24)

(2.25)
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In this scheme, h represent a new degree of freedom that obeys to the matrix
equation of motion:

dh2
= V W−1 h0−1 (P − Pref )
dt2

(2.26)

where W is a matrix parameter that determines the strength of the coupling and how the box can be deformed. The matrices P and Pref are the
current and reference pressure tensors, respectively.

2.2

Replica Exchange Molecular Dynamics (REMD)

One of the most challenging computational problems met by researchers
in statistical mechanics is the development of methods capable of sampling a
canonical distribution when the potential energy U (r1 , r2 , . . . , rN ) is characterized by a large number of local minima separated by high barriers. Such
potential energy functions describe many physical systems including proteins, glasses, polymer membranes, and polymer blends, to name just a few.
An illustration of a surface is shown in Fig. 2.2. Potential energy surfaces
that resemble Fig. 2.2 (in 3N dimensions) are referred to as rough energy
landscapes. The ongoing development of general and robust techniques capable of adequately sampling statistically relevant configurations on such a
surface continues to impact computational biology and materials science in
important ways as newer and more sophisticated methods become available.
Clearly, a straightforward molecular dynamics or Monte Carlo calculation
carried out on a rough potential energy surface exhibits hopelessly slow con-
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vergence of equilibrium properties because the probability of crossing a barrier of height U ‡ is proportional to exp(−βU ‡ ). Thus, the system tends to
become trapped in a single local minimum and requires an enormously long
time to escape the minimum. As an illustration, the Boltzmann factor for a
barrier of height 15 kJ/mol at a temperature of 300 K is roughly 3 · 10−3 , and
for a barrier height of 30 kJ/mol, it is roughly 6 · 10−6 . As a result, barrier
crossing becomes a “rare event”.The term “Replica Exchange” refers to a class
of Monte Carlo methods in which simultaneous calculations are performed
on a set of M independent copies or replicas of a physical system. To each
replica is assigned a different value of a some physical control parameter, and
Monte Carlo moves in the form of exchanges of the coordinates between different attempted replicas. In this section, we will describe a replica-exchange
approach called parallel tempering (Marinari and Parisi, 1992; Tesi et al.,
1996), in which temperature is used as the control variable, and different
temperatures are assigned to the replicas. In the parallel tempering scheme,
a set of temperatures T1 , . . . , TM , with TM > TM −1 > . . . > T1 is selected
and assigned to the M replicas. The lowest temperature T1 is taken to be
the temperature T of the canonical distribution to be sampled. The motivation for this scheme is that the high-temperature replicas can easily cross
barriers on the potential energy surface if the temperatures are high enough.
The attempted exchanges between the replicas cause the coordinates of the
high-temperature copies to ‘percolate’ down to the low-temperature copies,
allowing the latter to sample larger portions of the configuration space at the
correct temperature. The idea is illustrated in Fig. 2.3. On the rough onedimensional surface shown in the figure, the low-temperature copies sample
the lowest energy minima on the surface, while the high-temperature copies
are able to ‘scan’ the entire surface.
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Fig. 2.2: A two dimensional rough potential energy surface. [ Adapted from
ref.[64] ].

Xi and Ti are the conformation and the temperature of the i − th replica,
respectively. At a certain interval, an exchange of conformations at two
replicas is proposed:

(Xi , Ti ) → (Xj , Ti )

(Xj , Tj ) → (Xi , Tj )

(2.27)

The exchanges are normally attempted at two closest neighbors in the temperature space, and the transition probabilities are defined as follows to satisfy the detailed balance condition:
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Fig. 2.3: Schematic of the parallel-tempering replica exchange Monte Carlo.
[ Adapted from ref.[64] ].


Pi (Xi , pi ) Pj (Xj , pj ) P (i → j) = Pj (Xi , p0i ) Pi Xj , p0j P (j → i) (2.28)

where:
• P (i → j) is the transition probability for the exchange i → j.
• Pi (Xi , pi ) is the probability of the conformation Xj with momenta pj
in the canonical ensemble at temperature Ti .

Pi (Xi , pi ) =

where:

1
exp (−βi E (Xi , pi ))
Qi

(2.29)
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• βi =
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1
.
kb Ti

• Xi and pi represent the coordinates and momenta for replica i, for the
system at temperature Ti .
• Qi is the partition function.
The transition probabilities can then be written as:

P (i → j)
= exp (−∆ij )
P (j → i)

(2.30)

∆ij = (βj − βi ) (U (Xj ) − U (Xi ))

(2.31)

where:

Applying the Metropolis algorithm, the transition probabilities can be obtained as:


P (i → j) = min 1, e−∆
ij

2.3


P (j → i) = min 1, e∆
ij

(2.32)

Application of REMD in protein folding

In 1993 Hansmann [69] applied REMD to a simple pentapeptide, Metenkephalin [70]. In this work, REMD was shown to greatly enhance the
conformational sampling compared to conventional MD simulations. Sugita
and Okamoto [71] simulated the same pentapeptide using the REMD algorithm. In this study, they calculated thermodynamic properties such as
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distributions of dihedral angles over a wide range of temperatures. In a
later REMD work, Garcia and Sanbonmatsu [72] identified four metastable
states for Met-enkephalin separated by low free energy barriers and with
comparable populations. They further suggested that this structural flexibility allows Met-enkephalin to bind to several different receptors. In the early
2000s, Zhou, Berne, and coworkers published a series of seminal works [73]
[74] [75] on applying REMD simulations to simulate the folding of various
peptides, which provided great insight into the mechanisms of protein folding.
In particular, Zhou et al. [73] investigated the folding free energy landscape
of the C-terminal beta hairpin of protein G using REMD simulations in explicit solvent. These REMD simulations predicted a β-hairpin component
that is in reasonable agreement with the experiments at physiological temperatures, though the predicted melting temperature is substantially higher
than the experimental value. REMD simulations have also been applied to
predict the folded structure of proteins. Mohanty and Hansmann [76] compared the folding thermodynamics of three small proteins with distinct folded
structures: helical proteins (1RIJ), all-sheet (beta3s), and mixed helix-sheet
(BBA5) ones. They successfully identified the native structures of these
proteins as the global minima of the free energy landscapes computed from
REMD simulations. Finally, Im and Brooks III [77] performed de novo folding simulations using REMD for the major pVIII coat protein. They further
suggested that REMD simulations may serve as an emerging technique for
structural characterizations of the membrane proteins as a complementary
approach to experimental techniques.
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2.4

Limitation of temperature-based REMD

GE algorithms show great improvement compared to conventional MD
to achieve a rapid equilibration of a small systems in implicit solvent, but
less improvement for more complex peptides or proteins in explicit solvent
[78] [79]. For example, Zhang et al. [80] studied the Fs-peptide (a 21-residue
helical peptide that folds in a few hundred ns) in implicit solvent. They concluded from their study that REMD simulations are 14-72 times more efficient than conventional MD simulations depending on the used temperatures.
However, a number of other studies have demonstrated that implicit solvent
may not be sufficient for generating accurate folding free energy landscapes
[81], so despite the huge efficiency increase, the degree to which one can draw
physical insight from such results is unclear. On the other hand, the more
accurate free energy landscapes gained with explicit solvent do come with a
cost: much less efficient sampling. This loss in efficiency results from the fact
that the energy is no longer directly related to the solute configuration as
solvent-solvent interactions dominate the potential energy. In their study of
a pentapeptide in explicit solvent, Garcia and Sanbonmatsu [72] found that
REMD is only about five times more efficient than MD. In another study of a
β-heptapeptide in explicit solvent, Periole and Mark [82] found that REMD
simulations are more than four times efficient than multiple independent MD
simulations at 300 K. Huang et al. [78] recently investigated the folding of
the same Fs-peptide as Zhang et al. [80], but in explicit solvent. It was found
that REMD is around three times more efficient than conventional MD for
this system. Efficiency of the temperature-based GE algorithms is limited in
protein folding, that is, while high temperatures may facilitate the crossing of
energetic barriers, entropic barriers will be more difficult to cross. Zuckerman
and Lyman [83] investigated the maximum gain in efficiency of REMD rela-
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tive to conventional MD. They suggested that REMD yield approximately an
order of magnitude greater efficiency to sample at physiological temperatures
when only moderate energetic barriers are presented (a few kcal/mol). Subsequent works lead to the conclusion that energetic barriers may be crossed
more easily at high temperatures in GE simulations: however the entropic
barriers will become even more significant.

2.5

Hamiltonian Replica Exchange algorithms

The applications of the temperature-based REMD are restricted to relatively small peptides and proteins since the required number of replicas
increases dramatically with the number of degrees of freedom (f ) of the system, roughly as O(f 1/2 ) [84]. To alleviate the problem of the poor scaling of
REMD with the system size, Hamiltonian replica exchange algorithms have
been introduced. In these algorithms, all the replicas are typically run at the
same temperature, but one or multiple parts of the Hamiltonian are modified
for each replica. The effective energies that determine the acceptance ratio
of the exchange will thus only depend on this subset of the Hamiltonian.
Therefore, the number of replicas required in Hamiltonian replica exchange
1/2

algorithms is scaled as O(fP ) , where fP is the number of degrees of freedom corresponding to this subset of the Hamiltonian and fP  f . Therefore,
Hamiltonian replica exchange algorithms hold great potential to gain speedup
against REMD in terms of obtaining the converged thermodynamic properties. However, it is not easy to determine which parts of Hamiltonian need
to be modified and the selections are often system dependent. In this section, we will review a few Hamiltonian replica exchange algorithms namely
Replica Exchange with Solute Tempering ( REST ) and its variation REST2.
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Replica Exchange with Solute Tempering

The physical motivation of the replica exchange with solute tempering
(REST) algorithm is that in REST, only the protein ( i.e. the solute ) is
simulated at different effective temperatures by applying an appropriate potential energy function to each replica. This algorithm is particularly useful
for explicit solvent simulations because the number of replicas required in
REST scales with the protein’s degrees of freedom and not with the number
of water molecules. In REST, the deformation of the Hamilton is smartly
designed so that the acceptance probability for the exchange does not depend on water self-interactions. In particular, the potential energy of protein
simulations can be partitioned into three terms:

E(X) = Epp (X) + Epw (X) + Eww (X)

(2.33)

where Epp (X), Epw (X), Eww (X) are protein-protein, protein-water, and waterwater interactions, respectively. In REST, the potential energy surface, E(X)
is then modified according to



 
β0 + βi
β0
Ei (X) = Epp (X) +
Epw (X) +
Eww (X)
2βi
βi
where βi =

1
kb Ti

and β0 =

1
.
kb T0

(2.34)

T0 is the lowest temperature replica, while

Ti is the temperature of the i-th replica. When Ti = T0 , E0 (X) = Epp (X) +
Epw (X) + Eww (X) and the original potential energy surface is recovered.
In this scheme, the protein is defined as the central group. After applying
the detailed balanced condition for the exchange, the ratio of the transition
probabilities is

2.5 Hamiltonian Replica Exchange algorithms

P (i → j)
= exp (−∆ij )
P (j → i)
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(2.35)

where:


 

1
1
∆ij = (βi − βj ) Epp (Xi ) + Epw (Xi ) − Epp (Xj ) + Epw (Xj ) (2.36)
2
2

obtained by inserting Eq. 2.34 in Eq. 2.31. It is evident that the water-water
interaction energy term (Eww ) has disappeared and will not contribute to the
calculations required to obtain the acceptance probability. It is obvious that
with the same temperature spacing, the acceptance probability of REST will
be much higher than that of REMD, because the effective energy in REST
is much smaller than REMD:

1
Epp (X) + Epw (X)  |Epp (X) + Epw (X) + Eww (X)|
2

(2.37)

Berne and coworkers [85] have compared REST with REMD for an alanine
dipeptide molecule in explicit solvent. The comparisons show that REST is
around eight times more efficient than REMD in terms of abilityto compute
the thermodynamic properties for the alanine dipeptide system. In their article [85] they write : “Physically, our scheme is similar to REMD but not the
same as changing the temperature of the central group while the temperature
of surrounding group is kept at the same target temperature. For this reason
we named our scheme ‘Replica exchange with solute tempering( REST )’ ”.
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In a follow-up study, the researchers from the same group [86] have applied
REST to an α-helical, a β-hairpin, and the Trp-cage peptide in explicit solvent. To their surprise, they found that REST is sometimes less efficient than
REMD. Further investigations show that in REST, exchanges between folded
and unfolded protein conformations become extremely difficult because the

difference of the effective energy is large, ∆ Epp (X) + 21 Epw (X)  0. On
the other hand, the REMD method does not suffer from this problem since
the water self-interaction energy dominates the potential energy, and its fluctuations are sufficient to overshadow the energy difference caused by the protein conformational change. Based on this observation, they suggested that
REST should only be applied to proteins where energy gaps between the
folded and unfolded states is not large. In the same paper, they have also
proposed a new scheme by including a number of random water molecules
into the central group and showed that this scheme can greatly alleviate the
problem that caused the poor performance of REST. More recently, Berne
and coworkers [87] have developed a new version of the REST algorithm,
which they call REST2. Compared to REST, only a small change is made
in the potential energy surface in REST2:

Em (X)REST 2

s

βm
βm
Epp (X) +
Epw (X) + Eww (X).
=
β0
β0


(2.38)

where βH and β0 are the inverse of the highest and lowest effective replica
protein temperature, respectively. The scaling factor for Epw independently
obtained by Moors et. al. and Terakawa et. al. [88] include only part
of the protein in the “hot region”, keeping the rest of it “cold”. In REST1,
enhanced sampling of the protein conformations is achieved by increasing
the temperature of the protein. In REST2, enhanced sampling is achieved
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through scaling the intramolecular potential energy of the protein by βm /β0 , a
number smaller than 1, so that the barriers separating different conformations
are lowered. They called REST with this new scaling ‘Replica Exchange with
Solute Scaling’ ( REST2 ). The acceptance criteria for replica exchanges
are different in REST1 and REST2, but the Hamiltonians for the molecular
dynamics (MD) trajectories are also different in such a way that the longtime sampling at T0 should converge to the same ensemble for REST1 and
REST2, albeit with different rates of convergence for the two methods.
Note that the scaling factor used in REST2 for the interaction energy
between the solute and water for replica m is (βm /β0 )1/2 , which is different from (β0 + βm ) /2β0 used in REST1 (eq. 2.34). The interaction energy
in eq. 2.38 can be easily achieved by scaling the bonded interaction energy
terms, the Lennard-Jones (LJ)  parameters, and the charges of the solute
atoms by βm /β0 , βm /β0 , and (β0 + βm ) /2β0 , respectively, and the scaling
factor for the Epw term, (βm /β0 )1/2 , follows naturally from standard combination rules for LJ interactions. This minor change of the scaling factor for
the Epw term, suggested in the original REST paper but not appreciated at
that time, proves to be important for the better performance of the REST2
with respect to REST.
The energy potentials for the intermediate replicas m are defined as the
linear combination of the two-end potentials defined above in eq. 2.38:

REST 2
Em (X)REST 2 = (1 − λm ) E + λm EH
s
"
#


βm
βm
= (1 − λm ) +
λm Epp + (1 − λm ) +
λm Epw + Eww
β0
β0
(2.39)

where λm is releated to the effective inverse temperature βm of replica m
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through the formula

λm =

βm − β0
.
βH − β0

(2.40)

Another consequence of the different scaling factor used for the Epw term in
REST and REST2 is the different acceptance ratio :
"
∆mn (REST 2) = (βm − βn ) (Epp (Xn ) − Epp (Xm )) +
√

#
β0
√ (Epw (Xn ) − Epw (Xm ))
+ √
βm + βn

(2.41)

The number of replicas and the values of the effective temperature can be
estimated using the approach described in ref. [89], in which only the number of atoms of the protein is taken into account. Thus in conclusion, in
REST2, all the replicas are run at the sample temperature T0 . The proteinprotein interaction energy is scaled by βi /β0 . Since T0 is selected as the lowest
temperature, βi /β0 < 1. Therefore, the energy barriers separating different
protein conformations are lower. In this way, REST2 can greatly alleviate
the problem encountered by REST due to the large energy difference between folded and unfolded protein conformations. At the same time, water
self-interaction energy, Eww , still vanishes in the effective energy; therefore,
REST2 can also bypass the poor scaling with system size of REMD and
largely reduce the number of replicas.

2.5.2

Implementation of REST2 in Gromacs

The method was implemented through Gromacs 4.6.5 code by exploiting
the λ-dynamics feature [88]. λ-dynamics algorithm allows one to run simula-
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tions in different conditions spanning between two different states of the same
system (called A and B, corresponding to λ = 0 and 1, respectively). In the
considered case, the state A is the whole system, which has been equilibrated
at T = TL . To define the state B, a portion of the force field parameters of
the state A (i.e. those belonging to the solute ) were scaled according to the
equations 2.42 and 2.43 reported below, while the solvent parameters were
left unchanged:

γ=


qH,i





H,i
kijb


a

kH,ijm



k t
H,ijmn

βH
TL
=
βL
TH
√
=q γ
= i γ
= kijb γ
b
γ
= kijm
b
= kijmn γ

TH > TL

i, j, m, n ∈ solute

(2.42)

(2.43)

where TH is the effective temperature of the highest temperature replica, qi
is the partial charge of the i-th atom, i is the depth of the van der Waals
well of the i-th atom, and ka , kb , and kt are the bond, angle, and torsional
force constants for the bonds defined for the i − th, j − th, l − th , and m − th
atoms, respectively. Replicas at different intermediate effective temperature
Tλ spanning from TL and TH .

Tλ =

TL
1 − λ + λγ

TL < Tλ < TH

(2.44)

can then be specified by simply providing the value of λ :

λ=

TL − Tλ
Tλ (γ − 1)

(2.45)

2.6 Comparison between REMD, REST1 and REST2

and all the corresponding force field parameters listed in equation 2.43 (for
the highest temperature replica) were calculated accordingly. We chose to
work with 24 replicas of the system of interest, with a Thigh = 605.12K
and Tlow = 310K, corresponding to the temperature of interest, namely the
temperature of the human body. When Tλ equals to the lowest temperature,
λ equals to 0. Conversely when λ equals to the highest temperature, then λ
is 1. All the other values of λ correspond to intermediate temperatures, each
one requiring a separate configuration file, as described in Appendices C and
D.

2.6

Comparison between REMD, REST1 and
REST2

In the previous paragraphs we have seen that in usually GE algorithms
improve the extent of the conformational sampling. We have also discussed
two particular examples of Hamiltonian replica exchange namely REST1 and
REST2 . At first, we might to think that Replica Exchange with Solute Tempering is more effective than Replica Exchange but, as seen above, REMD
may indeed perform better than REST1 in some cases, e.g. when the energy
gap between folding and unfolding states is large. This problem does not
arise in the case of REST2. REST2 is more efficient than REMD for two
main reasons : firstly, REMD uses far more replicas than REST2. Second,
the higher temperature trajectories in REMD are much slower in terms of
CPU time than REST2. Although REMD and REST2 are rigorous sampling
methods, REMD will converge much more slowly in CPU time than REST2.
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Chapter 3
Application of REST2 to the
hAQP4 N-terminal domain
This chapter will describe how the N-terminal domain of hAQP4 was
constructed and simulated by the application of REST2 in the GROMACS
software. The first part contains a description of the simulation protocol
built up within this thesis work. Technical details are fully described in
the appendices. In addition, I will also present the Quality Threshold (QT)
clustering algorithm, that was employed to obtain the most representative
conformations of the N-terminal domain of hAQP4.

3.1

System preparation

The starting point is the coordinate file where the initial coordinates of
the 12-aminoacids-long N-terminal peptide are stored in PDB format. As
explained in the first chapter, this segment is either intrinsically disordered
or, at least, not resolved in the X-ray structure of hAQP4. Hence, the initial coordinates were reconstructed by pyMOL, a graphical software used
for the representation of a biomolecules. The pdb2gmx tool in GROMACS
was applied to obtain the topology file, namely the file containing all the
parameters defining the force field and, hence, the potential energy describ67
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ing the full system under investigation. We employed the TIP3P model for
water molecules and the CHARMM36 force field for the protein atoms. The
final system consisted of 23915 atoms, including Na+ and Cl− ions at the
physiological concentration of 150 mM.
The temperatures for the REST2 simulations were chosen so as to maximize the acceptance ratio of the replica exchange algorithm, as described in
ref. [90] 1 . We chose to work with 24 replicas of the system. The highest
temperature was set to 610 K and the lowest to 310 K, which is also the
temperature of interest for our system. This temperature range ensures that
the conformational sampling will take into account also fully unfolded conformations. We remark that these temperatures affect only the protein and
not the solvent, for which we do not expect phase transitions resulting in
macroscopic volume changes. I developed several scripts to build automatically the necessary corrections for the topology files, in order to ensure that
each replica would follow the dynamics imposed by its appropriate modified
Hamiltonian. Some of the technical details are reported in the appendix A.
The most important modification to an usual MD simulation consists in
the creation of two topology files: the first one (file A) contains the unperturbed charges and parameters, exactly the ones that would be employed in
a classical MD simulation; the second one (file B) contains rescaled parameters (in particular rescaled charges) as suggested by Terawaka et al. [88].
In this way, the Hamiltonian REM routine in GROMACS can be used to
implement REST2 with a linear combination of the two potentials whose parameters are stored in the topology files A and B, according to the formula:
Vi = (1 − λi )VL + λi VH . The λ values were calculated from the temperature
Tλ of each replica as follows:
1

http://folding.bmc.uu.se/remd
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λ=

Tlow − Tλ
,
Tλ (γ − 1)

(3.1)

where γ = Tlow /Thigh .

3.2

Simulation protocol

Our MD simulations consisted in the following stages:
• Minimization. The conjugate gradient energy minimization was carried out in order to avoid steric clashes between protein atoms and
water molecules. Each replica underwent an independent energy minimization. The configuration file for this minimization step is reported
in Appendix B.
• Equilibration. After minimization, 24 first equilibration independent
runs (one for each replica) were carried out: all heavy protein atoms
were restrained to their starting positions, while water molecules settled
without distorting the protein structure. Subsequently, the restraints
were removed and the 24 replicas were subject to independent equilibration runs at the same temperature and pressure (310 K, 1 atm).
Configuration files relative to these stages are reported in Appendix C.
• Production Run. The 24 replicas were run in parallel with exchange
attempts every 100 fs ( 50 steps ). The average acceptance rate was
27.7%. A total sampling of 20 ns was achieved within this thesis work.
10102 frames were extracted from the obtained trajectory of the first
replica (corresponding to λ = 0 ). These frames were subject to our
clustering analysis, that will be the subject of the next section. Configuration files relative to these stages are reported in Appendix D.

3.3 Clustering Analysis

3.3

Clustering Analysis

The clustering analysis performed on the obtained frames from REST2
simulations is based on the Threshold Quality (QT) [91] algorithm implemented in the software package VMD2 [92]. Clustering, by itself, is a very
active field of research, since data clustering has become an important and
widely used technique in data analysis and data mining. The goal of clustering is to subdivide a set of elements into subsets where elements of the same
group are more similar to each other than elements from different groups.
The clustering process usually includes the following steps:
• select an appropriate representation form for the objects of the clustering procedure;
• define an appropriate similarity function, namely a function that
quantifies the similarity between two objects in the data set;
• determine the appropriate clustering algorithm and parameters;
• execute the algorithm and interpret the obtained results.
Since clustering can be classified as a form of unsupervised learning algorithm, many parameters need to be decided beforehand by the user. Many
standard clustering methods are present in literature: the most widely used
standard methods are hierarchical clustering [93], partitioning clustering [94],
the hybrid method [95], incremental or batch methods, monothetic vs. polythetic methods [96], crisp and fuzzy clustering [97].
Although the literature on clustering is very rich, there is an aspect that
has not attracted much interest in recent years. The aspect in question is
2

http://www.ks.uiuc.edu/Research/vmd/

70

3.3 Clustering Analysis
the similarity threshold within a cluster. Based on the informal definition
of clustering, the elements within a cluster should be more similar to each
other than the elements of different clusters. Two dominant variants provide
a high value for intra-cluster similarity: the Quality Threshold (QT) and
the BIRCH method. The first variant yields higher levels of quality at the
expense of a higher execution cost. The second one is a good and robust
solution in the case of huge data sets.
The next section will describe the QT method, that is implemented on the
software package VMD to define clusters of molecular conformations; further
details on the BIRCH method can be found in [98].

3.3.1

QT clustering - background

The Quality Threshold clustering algorithm was developed by Heyer,
Kruglyak and Yooseph in 1999 [92] to investigate gene expression data. The
QT algorithm was able to locate the largest clusters of open reading frames
(ORFs), which are the parts of a gene encoding for a protein. Given N points
and a maximum allowable cluster diameter, or threshold D, the QT algorithm
iteratively forms clusters of similar maximum size, until all points are within
one cluster or another. In their original formulation, the authors suggested
that a “termination criterion” could be added to stop the algorithm when the
largest remaining cluster had less than a predefined number of data points.
Visual inspection of the clusters at various thresholds in general preceded
the choice of the threshold value. They concluded that the QT algorithm, as
compared with other clustering methods, such as k-means, was better suited
for the analysis of the data for two main reasons:
• As pointed out in a later work by Olson et al. [99], varying the threshold
of the QT algorithm might result in differences in the size and number
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of clusters, but each cluster will have no unrelated patterns forced into
it. This is known as the quality guarantee.
• Algorithms that employ a predetermined number of clusters, such as kmeans [100], share the following drawback: a small number of clusters
will cause unrelated patterns to be grouped together, while a large
number of clusters will cause similar patterns to be split into separate
groups.

3.3.2

The QT clustering algorithm

The QT clustering algorithm ensures that the distance between any two
elements within a cluster is below a given threshold value D. The algorithm requires two input parameters: the maximum distance diameter (or
threshold) and the minimum cluster size. The diameter is defined as:

D = max
i,j

q


(xi − xj

)2

,

(3.2)

where i and j are two members of the same cluster. The distance between a
point and a set of points is calculated by the complete linkage rule, namely
it is defined as the maximum distance from the point of each group member.
The size of the cluster denotes here the number of elements within the
cluster. The main steps of the QT algorithm can thus be summarized as
follows:
1 Generate candidate clusters for each element in the data set. The
candidate clusters are built with a greedy algorithm, meaning that for
each element y, its cluster will contain all the elements whose distance
from y is below the threshold distance d.
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2 The candidate cluster with the maximum size is selected as a true
cluster. If its size is lower than the minimum limit, the algorithm is
terminated. Otherwise the elements of this cluster are removed from
the pool and the membership values of the remaining candidate clusters
are reset.
3 Go back to Step 1 with the remaining set of elements.
The QT algorithm generates non-overlapping clusters where some elements remain outside of clusters as outliers. The output of clustering is thus
a set of clusters of limited diameter. The computational cost of the algorithm depends crucially on its three embedded loops: the outer loop runs
on the selection of clusters, the middle loop runs over the candidate clusters
to select the one with the maximum size and the inner one runs over the
elements to generate the candidate clusters. The computational cost can
thus be assumed to be proportional to N 2 ∗ D/L, where N is the number of
elements in the data set, D is the threshold diameter and L is the average
size of a cluster.
It is not difficult to identify the advantages and disadvantages associated
to this clustering algorithm:
Advantages
• Quality guaranteed: only clusters that pass a user-defined quality threshold will be returned.
• The number of clusters is not specified a priori.
• All possible clusters are considered: the candidate clusters are generated with respect to every data point and tested in order of size against
the quality criterion.
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Disadvantages
• Computationally intensive and time consuming: increasing the minimum cluster size or increasing the number of data points can greatly
increase the computational time.
• The threshold distance and the minimum number of elements in the
cluster must be specified a priori by the user and are not defined automatically.
Improved versions of the QT algorithm can be easily found in literature
[101], although the main features remain those explained here.

3.3.3

QT clustering on VMD

The QT clustering algorithm is already implemented in the software package VMD. Therefore, it is relatively easy to build clusters out of the frames
extracted from an MD trajectory. In our case, since we are interested only
in the trajectory obtained for the reference temperature of 310 K, we considered only the frames extracted from the replica at the lowest simulated
temperature. In order to perform clustering, it is first necessary to define
what we mean by distance between two frames u and w, corresponding to
two different protein structures.
A usual measure is given by the Root Mean Squared Deviation or RMSD.
The two frames are first aligned via a Kabsch rotation [102]. Subsequently,
the RMSD is calculated as:
v
u
N
u1 X
RM SD = t
|~ui − ~vi |2 ,
N i=1

(3.3)

where ~ui − ~vi is the vector distance between two equivalent atoms in frames
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u and v and N is the total number of atoms. The RMSD is usually defined
on a subset of the protein coordinates. In this work, we have tried several
definitions and concluded that the best clustering procedure was obtained
when the RMSD was defined on the backbone of the protein chain as traced
by the coordinates of its Cα atoms.
The QT algorithm was applied on the 10102 frames extracted from the
trajectory of the replica at temperature 310 K. The clustering tool in VMD
yielded several groupings, crucially depending on the chosen threshold distance. However, visual inspection of the obtained clusters confirmed the
tendency to observe three main clusters, although the number of elements
and the size of the clusters may vary. Hence, we decided to explore a range of
values for the threshold distance [2.0 − 4.0] Å and quantify the quality of the
obtained clusters by the Silhouette coefficient that will be briefly described
below.

3.3.4

The Silhouette coefficient

Silhouette refers to a method of interpretation and validation of consistency within clusters of data. The technique provides a succinct graphical
representation of how well each object lies within its cluster. It was first
described by P. J. Rousseeuw in 1986 [103]. Let’s assume the data have been
clustered via any technique, including the QT algorithm, into k clusters. For
each element i, let a(i) be the average dissimilarity of i with all other data
within the same cluster. This can be easily defined as the average distance (in
terms of RMSD in our specific case) between the frame i and any other frame
belonging to the same cluster. Thus, a(i) can be interpreted as a measure of
how well the element i is assigned to its cluster (the smaller, the better). We
then define the average dissimilarity of point i to another cluster C as the
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average distance from i to all points belonging to the cluster C. Let b(i) be
the lowest average dissimilarity of i to any other cluster, of which i is not a
member. The cluster with this lowest average dissimilarity is defined as the
“neighboring cluster” of i. The silhouette coefficient is defined as:

s(i) =

b(i) − a(i)
,
max{a(i), b(i)}

(3.4)

which can also be written as:


1 − a(i)/b(i) if a(i) < b(i)
s(i) = 0
if a(i) = b(i)


b(i)/a(i) − 1 if a(i) > b(i)

(3.5)

From the above definition, it is clear that s(i) ∈ [−1, 1] and s(i) is close to 1
when a(i)  b(i). Since a(i) is a measure of how dissimilar i is with respect
to its own cluster, a small value of a(i) means that i is well matched with
its own cluster. Furthermore, a large b(i) implies that i is badly matched to
its neighboring cluster. Thus, a high value of s(i) means that the element
i is appropriately clustered. On the other hand, a negative value of s(i)
would imply that the element i would be more appropriate if clustered in
its neighboring cluster. Finally, an s(i) value close to zero would mean that
the element is on the boundary between two clusters. The average of all
s(i) values over all the elements in a cluster can be assumed as a measure of
how tight the data in that cluster are, while the average of all s(i) values for
elements grouped in clusters with size greater than one can be assumed as a
measure of the entire clustering algorithm.

3.3 Clustering Analysis

3.3.5

Optimal choice of the threshold distance

I have explored several choices for the threshold distance D. Fig. 3.1
shows the obtained distributions of the Silhouette coefficients for D = 2.0,
2.5, 3.0, 3.2, 3.4 and 4 Å. Indeed, distributions are more informative than
the simple mean Silhouette coefficient. In this way, it is possible to judge the
quality of the obtained clusters. The distributions for D = 2.0, 3.2, 3.3, 3.6
and 4 Å are reported in Fig. 3.2 for a qualitative comparison. Based on this
analysis, we decided that the best value for the threshold distance is given
by D = 3.2 Å for the following reasons:
• It corresponds to the maximum average value of the silhouette coefficient < S >= 0.196.
• The silhouette coefficients distribution is characterized by the presence
of two rather well defined and populated peaks centered around the
value of 0.7 and 0.5.
• There is some separation between rather good Silhouette values and
poor ones, but the presence of negative silhouette values is very limited.
With this optimal choice of the threshold distance, we obtain three most
populated clusters, corresponding to the structures shown in Fig. 3.3, where
each representative structure is labeled by the number of elements in its corresponding clusters. These three clusters account for almost 73% of the entire
dataset and thus are the most probable conformations for the N-terminal
domain of the human AQP4.
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Fig. 3.1: Histograms of Silhouette Coefficient distribution at various cutoff.
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Fig. 3.2: Comparison of Silhouette Coefficient distribution corresponding to
the most significant cutoff.

3.4

Significance of the result

The three most representative structures confirm that the N-terminal
segment is an intrinsically disordered protein segment. In particular the two
most populated clusters resemble typical secondary structural elements of
proteins, with small β−turn (blue cluster in Fig. 3.3-A) and a β−strand (red
cluster in Fig. 3.3-B). β− strands are actually considered as precursors of
aggregation, as is the case, for instance, of the β−amyloid fibrils, implied
in several neurodegenerative diseases. It is not so difficult to speculate that
the observed structures will eventually undergo aggregation and thus be responsible of the aggregation of hAQP4 into OAPs. In particular, since the
N-terminal domain of hAQP4 is only a small portion of the entire biolog-
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Fig. 3.3: Three most populated cluster with a cutoff of 3.2 Å. (A), the
most populated cluster ( blue cluster ) with a population of 3947 frames;
(B), the second most populated cluster ( red cluster ) with a population of
2369 frames; (C), the third most populated cluster ( grey cluster ) with a
population of 1047 frames;

ical system, the relative populations of the clusters might be substantially
changed by the presence of the membrane and the rest of the protein, given
the importance of the electrostatic interactions. In other words, the environmental conditions might be responsible for a shift in the free energy difference
between the three main structures found within this analysis in water. However, our result is certainly important since it offers three possible starting
conformations for a classical “brute force” MD simulation comprising the
whole reconstructed hAQP4 tetramer.
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Conclusions
This thesis work has described a computational approach (REST2) to enhance sampling of physical systems characterized by a frustrated free energy
landscape and a huge entropic contribution due to unimportant degrees of
freedom. In this respect, the example of the N-terminal domain of the human protein Aquaporin 4 is paradigmatic for several reasons: first, it would
be completely hopeless to explore the whole conformational space of this
segment by means of plain MD simulations. The required computational
time would definitely exceed the reasonable duration of a research project
and might not even ensure that the conformational space would be correctly
sampled. Second, our simulations have confirmed that this segment can be
most probably assigned to the family of Intrinsically Disordered Proteins
and, as in many other cases, this does not imply that it is completely unfolded, but rather that it has a finite “menu” of possible structures from which
the environmental conditions (mostly electrostatic interactions) will choose
the most favorable ones. The computational protocol developed within this
thesis has proven valuable in the determination of this restricted group of
favorable structures. Third, among the possibilities for this segment, there
should be the one that results in protein aggregation: we would hypothesize
that the second most populated cluster is responsible for this, but this point
deserves further investigations. The REST2 computational technique and,
in particular, the simulation protocol developed here is perfectly suitable to
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test this hypothesis: the next step in this work is, in fact, the study of two
N-terminal segments to explore the possibility of their aggregation in what
we might think is the prototype of a β−amyloid aggregation. Last, but not
least, the simulation of the whole tetrameric structure of hAQP4 has lacked,
so far, this important segment, mostly because it was impossible to draw any
hypothesis on its structure and the correct sampling of its conformational
space would have required certainly more than 500 ns of MD simulations
with a total number of atoms in the order of 150, 000. The computational
cost for this study was definitely daunting. The study presented within this
thesis has limited the choice of the initial condition to three most populated
(and most probable) structures. Since hAQP4 is a tetramer, composed by
4 independent monomers and hence 4 independent N-terminal domains, a
natural choice would be to assign the states of the 4 independent N-terminal
domains according to the probability of their occurrences in our REST2 calculations. A plain MD simulation would be then sufficient to explore the
conformational space of these segments and assess whether the environmental conditions (the vicinity of the membrane and the electric fields generated
by amino acid residues on the exposed hydrophilic surface of the protein)
would favor one state or another.
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Appendix A
How to create topology files with
state A and state B in Gromacs
The program ffnonbonded.f90 ( available upon request ) is run first and
creates a file called output.itp that describes different atom types and water
model. The file ffnonbonded.itp in the directory Charmm36 of Gromacs
4.6.5 is needed as unput file.
In practice, the program computes first γ = Tlow /Thigh = 310K/605.12K '
0.51 and then, according to Terawaka et al. article [88], we scale the value
of  for all atoms that are not solvent by a γ factor. while water parameters
are not scaled.
Now we must create the correct topology which is described by state A
and state B. State A corresponds to the case of the lower temperature (310K)
( λ = 0 ): in practice this is original potential where no modifcations must
be done. State B, instead, correspond to the case of higher temperature
(605.12K) ( λ = 0 ): we have to modify various parameters according the
the γ factor defined above. At the end of this procedure, we must create the
following files:
• ions_r.itp which is the modified version of ions.itp for the state A
and B.
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• output.itp which descibes different atom types and water models and
is a modified version of ffnonbonded.itp with epsilon scaled by a γ factor,
and further modifications, like adding ‘h’ after each atom type.
• posre_r.itp which is a modified version of posre.itp adding state B.
• topol_r.top that is the new correct topology file with state A and B.

Appendix B
Minimization: configuration file
This is the configuration file “em.mdp” necessary for minimization.
; PREPROCESSING OPTIONS
title

= minimization

include

=

define

= -DPOSRES

; RUN CONTROL PARAMETERS
integrator

= steep

nsteps

= 20000

; CENTER OF MASS MOTION REMOVAL
nstcomm

= 100

comm_mode

= linear

comm_grps

= protein non-protein

; OUTPUT CONTROL
nstxout

= 100

nstvout

= 100
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nstfout

= 100

nstlog

= 100

nstenergy

= 100

nstxtcout

= 100

xtcprecision

= 1000

xtc-grps

= system

energygrps

= protein non-protein

; NEIGHBOR SEARCHING PARAMETERS
nstlist

= 2.

ns_type

= grid

pbc

= xyz

rlist

= 1.2

domain-decomposition = no

; OPTIONS FOR ELECTROSTATICS AND VDW
coulombtype

= PME

rcoulomb_switch

= 0.

rcoulomb

= 1.2

epsilon_r

=1

vdwtype

= cut-off

rvdw-switch

=0

rvdw

= 1.2

DispCorr

= no

Now I can explain the most important parameters used in this configuration
file : PREPROCESSING OPTIONS:
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• define = -DSPOSRE : Will tell grompp to include posre.itp into your
topology, used for position restraints.
RUN CONTROL PARAMETERS
• integrator=steep: algorithm used that is steepest descent minimization.
• nsteep = 20000 : maximum number of (minimization) steps to perform.
CENTER OF MASS MOTION REMOVAL
• nstcomm = 100 : frequency for center of mass motion removal.
• comm_mode = linear : Remove center of mass translation.
• comm_gprs = protein non-protein : group(s) for center of mass motion
removal and in this case protein and non-protein.
OUTPUT CONTROL
• nstxvout = 100 : write coordinate to disk every 100 steps.
• nstvout = 100 : write velocity to disk every 100 steps.
• nstfout = 100 : write forces to disk every 100 steps.
• nstlog = 100 : write energies to log file every 100 steps.
• nstenergy = 100 : write energy to disk every 100 steps.
• energygprs = protein non-protein : which energy group(s) to write to
disk.
NEIGHBOR SEARCHING PARAMETERS
• nstlist = 2.0 : frequency to update the neighbor list.
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• ns_type = grid : method to determine neighbor list (simple or grid in
this case).
• pbc = xyz : periodic boundary conditions.
• rlist = 1.2 : cut-off for making neighbor list ( short range forces ).
OPTION FOR ELECTROSTATICS AND VDW
• coulombtype = PME : treatment of long range electrostatic interaction
• rcoulomb = 1.2 : long range electrostatic cut-off.
• rvdw = 1.2 : long range Van der Waals cut-off.
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Appendix C
Equilibration: configuration file
This is the configuration file for the equilibration: in particular this is
the fifth file of equilibration. In total we have 24 equilibration files, each one
corresponding to a certain value of λ.
; PREPROCESSING OPTIONS
title

= equil5

include

=

define

= -DPOSRES

; RUN CONTROL PARAMETERS
integrator

= md

tinit

= 1000

dt

= 0.001

;1fs

nsteps

= 200000

;200ps

; CENTER OF MASS MOTION REMOVAL
nstcomm

=1

comm_mode

= linear

comm_grps

= protein non-protein
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; OUTPUT CONTROL
nstxout

= 1000

nstvout

= 1000

nstfout

=0

nstlog

= 100

nstenergy

= 100

nstxtcout

= 100

nstcalenergy

= -1

xtcprecision

= 1000

xtc-grps

= system

energygrps

= protein non-protein

; NEIGHBOR SEARCHING PARAMETERS
nstlist

= 2.

ns_type

= grid

pbc

= xyz

rlist

= 1.0

; OPTIONS FOR ELECTROSTATICS AND VDW
coulombtype

= PME

rcoulomb_switch

= 0.

rcoulomb

= 1.0

epsilon_r

=1

vdwtype

= cut-off

rvdw-switch

=0

rvdw

= 1.0
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DispCorr

= no

fourierspacing

= 0.12

fourier_nx

=0

fourier_ny

=0

fourier_nz

=0

pme_order

=4

ewald_rtol

= 1e-05

epsilon_surface

=0

optimize_fft

= no

; TEMPERATURE COUPLING
tcoupl

= berendsen

tc_grps

= system

tau_t

= 0.1

ref_t

= 310.00

; PRESSURE COUPLING
pcoupl

= berendsen

pcoupltype

= isotropic

tau_p

= 1.0

compressibility

= 4.5e-05

ref_p

= 1.0

refcoord-scaling

= all

constraints

= all-bonds

; VELOCITY GENERATION
gen_vel

= yes
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; LAMBDA DYNAMICS
free_energy

= yes

init-lambda-state

=4

delta_lambda

= 0.000

fep-lambdas

= 0.0000 0.05584 0.11051 0.16394 0.21609 0.26709

0.31756 0.36623 0.41380 0.46019 0.50542 0.54962 0.59275 0.63476 0.67575
0.71565 0.75454 0.79247 0.82939 0.86754 0.90039 0.93451 0.96774 1.0000

Several parameters are very similar to the minimization configuration file,
but some parameters must be explained for instance:
dt is the time step in picosecond, while nsteps is the number of steps:
therefore the time of equilibration is given by the product of dt and nsteps
that is in this case equals to 200 psec.
Other important parameters are the thermostat and barostat used, that
in this case are in both case Berendsen. At the end we can find the section LAMBDA DYNAMICS in which “free_energy = yes” means that
we interpolate the force field energy between the topology A ( λ = 0 ) and
the topology B ( λ = 1 ); fep-lambda, instead, corresponds to a vector
with all 24 values of λ. This flag is strictly related to init-lambda-state
corresponding to the initial value of λ.
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Run: configuration file
This is the configuration file for the run: in particular this is the sixth
file of run. In total we have 24 equilibration files, each one corresponding to
a certain value of λ.
; PREPROCESSING OPTIONS
title

= run6_500psec

include

=

define

= -DPOSRES

; RUN CONTROL PARAMETERS
integrator

= md

tinit

= 1000

dt

= 0.002

;2fs

nsteps

= 250000

;500ps

; CENTER OF MASS MOTION REMOVAL
nstcomm

=1

comm_mode

= linear

comm_grps

= protein non-protein
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; OUTPUT CONTROL
nstxout

= 1000

nstvout

= 1000

nstfout

=0

nstlog

= 100

nstenergy

= 100

nstxtcout

= 100

nstcalenergy

= -1

xtcprecision

= 1000

xtc-grps

= system

energygrps

= protein Water

; NEIGHBOR SEARCHING PARAMETERS
nstlist

= 2.

ns_type

= grid

pbc

= xyz

rlist

= 1.0

; OPTIONS FOR ELECTROSTATICS AND VDW
coulombtype

= PME

rcoulomb_switch

= 0.

rcoulomb

= 1.0

epsilon_r

=1

vdwtype

= cut-off

rvdw-switch

=0

rvdw

= 1.0
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DispCorr

= no

fourierspacing

= 0.12

fourier_nx

=0

fourier_ny

=0

fourier_nz

=0

pme_order

=4

ewald_rtol

= 1e-05

epsilon_surface

=0

optimize_fft

= no

; TEMPERATURE COUPLING
tcoupl

= nosè-Hoover

tc_grps

= system

tau_t

= 0.1

ref_t

= 310.00

; PRESSURE COUPLING
pcoupl

= parrinello-rahman

pcoupltype

= isotropic

tau_p

= 1.0

compressibility

= 4.5e-05

ref_p

= 1.0

refcoord-scaling

= all

constraints

= all-bonds

; VELOCITY GENERATION
gen_vel

= no
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; LAMBDA DYNAMICS
free_energy

= yes

dhdl_derivatives

= no

init-lambda-state

=5

delta_lambda

= 0.000

fep-lambdas

= 0.0000 0.05584 0.11051 0.16394 0.21609 0.26709

0.31756 0.36623 0.41380 0.46019 0.50542 0.54962 0.59275 0.63476 0.67575
0.71565 0.75454 0.79247 0.82939 0.86754 0.90039 0.93451 0.96774 1.0000

The run configuartion file is almost identical to the equilibration one with
the substantial difference that we have the Nosè-Hoover thermostat in place
of Berendsen, and Parrinello-Rahman barostat in place of Berendsen.
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